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Abstract

Abstract

Understanding the mechanisms underlying speciation is a central aim of evolutionary biology.
A persistent challenge in the field is to identify loci that contribute to reproductive isolation,
while disentangling signals of selection from demography, linkage and intrinsic genomic
features. Traditional population genomic approaches that rely on site-based statistics in
arbitrary fixed windows face inherent limitations, as they conflate historical and
contemporary processes of divergence and overlook haplotype structure. Recent advances in
whole-genome sequencing and methods to infer ancestral recombination graphs (ARGs) now
offer the opportunity to study genealogical relationships explicitly, revealing how lineages
coalesce and recombine through time. By directly analysing haplotype clustering by species
or phenotype and their patterns of coalescence, ARG-based methods show promise for
diagnosing sweeps, identifying barrier loci maintained under divergent selection amid gene
flow, and tracing their evolutionary history.

In this thesis, | explore the utility of genealogical approaches for studying species
divergence. In chapter 2, | propose a conceptual framework for defining haplotype blocks
through the structure of the ARG, using simulations and empirical data to highlight how
genealogical processes generate rich and often overlooked haplotypic patterns.

In chapter 3, | examine the genomic basis of a key evolutionary innovation in marine
snails Littorina. These snails offer a unique opportunity to study an innovation because they
include a very recent transition from egg-laying to live bearing, yet snails with the different
reproductive modes are not reciprocally monophyletic. | exploited this by using topology
clustering in ARG-derived local genealogical trees to pinpoint narrow genomic regions or
haplotype blocks that carry swept alleles, thus revealing that the transition from egg-laying
to live-bearing involves multiple, live-bearer-specific sweeps.

Chapter 4 establishes a population-scale, phased genomic resource for Antirrhinum
majus, using cost-effective haplotagging, then optimizes imputation from low-coverage data
against high-accuracy KASP sequencing to maximize sequence completeness with modest
accuracy trade-offs against a traditional short-read sequence pipeline. A hybrid phasing
strategy combines molecular phasing with statistical phasing to generate phased whole
genome sequences of 1084 Antirrhinum individuals at a fraction of long-read sequencing
costs.

In chapter 5, I analyse hybridising populations from two replicate hybrid zones to find
a parallel genetic basis of flower colour, amidst the noise in genomic differentiation landscape
driven by variation in demographic history. While outlier genome scans of Fsr failed to dissect
the causes of differentiation, ARG-based topology clustering revealed a reuse of colour
associated haplotypes across hybrid zones. In addition to the biological insight, this chapter
also presents a comparison of the latest ARG inference tools, showing that signals of
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topological clustering qualitatively agree between methods, despite differences in the tree
sequences.

Next, in chapter 6, by leveraging ~1000 individuals in one of the hybrid zones, |
integrated genome-wide association studies of floral pigmentation with genealogical
inference, to test for additional colour loci, and confirm the effect of previously described loci.
This work demonstrates that flower colour variation is driven by a small number of large effect
loci, while also hinting at the presence of a new candidate regulatory factor.

Finally in chapter 7, in a preliminary analysis, | begin to dissect the genomic island of
speciation around Rosea/Eluta to understand its evolutionary origins. My results show that it
consists of 5 highly divergent loci, each of which is associated with flower colour. Using
patterns of coalescence in genealogical trees, | find evidence of staggered selective sweeps
and a persistent localized barrier to gene flow within an otherwise permeable genome.

Together, these chapters add to the increasing pool of studies using genealogical
approaches to complement and extend site-based statistics to use haplotype structures in
speciation research. By tracking haplotypes directly and connecting genealogical clustering to
population processes, ARG-based inference promises to provide new insights into how local
selective pressures, demographic history, and long-term barriers interact to shape the
genomic architecture of divergence. By underscoring the value of ARGs in revealing the fine-
scale origins and maintenance of biodiversity, this thesis presents cautious optimism about
the benefits of using genealogical inference to learn more than what site-based statistics
could tell us.
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Chapter 1

Introduction

1.1 | Understanding the genomic landscape of speciation—
Aims and challenges

A central goal in evolutionary biology is to understand the genetic mechanisms underlying
speciation (Coyne and Orr, 1998). Speciation is a continuous process where reproductive
barriers accrue over time, restricting gene flow between populations (Feder et al., 2012;
Seehausen et al., 2014; Stankowski and Ravinet, 2021; Wu, 2001). Key to this goal is the
guestion: how do barriers to gene flow shape genomic variation during speciation, and what
does this reveal about the number, distribution, and effect sizes of loci that underpin
reproductive isolation? The resulting patchwork of genomic divergence defines a landscape
that is the product of multiple, sometimes competing, evolutionary forces as well as intrinsic
features of the genome (Ravinet et al., 2017; Wolf and Ellegren, 2017).

Over the past two decades, advances in sequencing technologies have ushered an era
of evolutionary genetics devoted to identifying candidate genes and genomic regions involved
in speciation—examining not only the build-up of reproductive isolation, but also the role of
adaptation, population structure and gene flow among other processes in shaping species
divergence. To this end, the field has employed a diverse toolkit: hybrid zone analyses that
directly measure gene flow and selection in nature (Sobel and Streisfeld, 2015; Surendranadh
et al., 2025), manipulative experiments that link genotype to phenotype (Bradshaw and
Schemske, 2003), genome-wide association studies and admixture mapping to identify causal
variants of traits that affect fitness (Buerkle and Lexer, 2008; Hooper et al., 2024; Lindtke et
al., 2013; Todesco et al., 2020) as well as genome-wide scans of differentiation that identify
loci contributing to reproductive isolation and adaptive divergence (Burri et al., 2015; Ellegren
et al., 2012; Le Moan et al., 2024; Nadeau et al., 2012). These approaches reveal a dynamic
interplay between selection, gene flow, and genomic structure, underscoring the varied routes
by which populations can evolve into distinct species.

Despite rapid progress, interpreting the genomic landscape of speciation remains a
formidable challenge (Rockman, 2012). Genetic differentiation between species—often
quantified by summary statistics such as Fsr—can arise from numerous processes beyond
those directly related to reproductive isolation (Bierne, 2010; Charlesworth, 1998;
Cruickshank and Hahn, 2014; Ravinet et al., 2017; Wolf and Ellegren, 2017). Local adaptation,
demographic history (including bottlenecks and founder events), variation in mutation and
recombination rates, and genetic drift can all generate patterns of divergence that mimic the
genomic signatures of real barriers to gene flow. As a result, identifying barrier loci from
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genomic data alone is fraught with ambiguity, particularly when evolutionary history is
complex or when populations have experienced fluctuating gene flow over time. The
persistence of these ambiguities highlights a broader issue: while genomic scans can
efficiently flag candidate barrier loci, they often fail to distinguish causal relationships from
correlations, or to disentangle the effects of selection from those of demography and genome
structure (Schluter and Rieseberg, 2022). The fundamental difficulty is that genomic
approaches cannot determine the causes of divergence. This suggests that much of the
landscape is shaped by more than is immediately visible; as we will see, understanding where
approaches meet their limitations is key.

1.2 | Limitations to traditional approaches

While traditional population-genomic approaches have yielded major insights into genomic
landscapes, they come with several limitations. First, they rely heavily on site-level summaries
that dilute information about linkage and haplotypes. It has long been known that evolution
works on linked segments of the genome, with allele frequencies shifting in blocks rather than
at isolated sites (Fisher, 1954; Slatkin, 1972). Yet much empirical analysis and theory reduce
genomes to one or, at best, a few loci treated independently. In practice, most
population-genomic workflows rely on site-wise summary statistics (e.g., Fsr, T, SFS) or, at
best, on arbitrarily defined fixed windows that are effectively assumed not to recombine
(Beeravolu et al., 2018; Nielsen, 2005; Pavlidis and Alachiotis, 2017; Ragsdale and Gutenkunst,
2017; Weir and Cockerham, 1984). Treating SNPs individually can therefore mask key signals
and blur causal interpretation. A peak of differentiation at a single site, for example, could
result from direct selection on that site, selection on a nearby linked variant, or demographic
forces acting on the broader region; standard summaries offer little leverage to discriminate
among these explanations. Although population-genetic theory can, in principle, model
interactions among many loci, computations become rapidly intractable beyond a small
number, and truly multilocus results typically rely on strong simplifying assumptions (Barton,
1986; Hudson and Kaplan, 1995; Roze, 2021). These tools have been invaluable, but their
independence assumptions and arbitrary windowing constrain inference about the genomic
basis of speciation.

The second limitation is that traditional genome scans conflate signals from processes
operating at different timescales, obscuring patterns relevant to contemporary gene flow.
Consider secondary contact after a phase of allopatry: drift and selection during isolation
create heterogeneous divergence across the genome even in the absence of current barriers.
Upon contact, introgression erodes differentiation in permeable regions, potentially leaving
peaks where barrier loci reside, but this erosion proceeds gradually and may remain
incomplete. As a consequence, genome-wide summaries confound historical divergence with
doepresent-day exchange, complicating efforts to pinpoint regions that currently restrict gene
flow. Relatedly, most statistics provide poor temporal resolution by offering a cross-sectional
view of present-day genetic variation, limiting the ability to reconstruct when barriers arose
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or in what order they accumulated—information crucial for distinguishing among speciation
modes. Even sophisticated methods for estimating population density, structure, and gene
flow face fundamental difficulties distinguishing among a multitude of plausible population
structures (Richardson et al., 2016; Sousa et al., 2011), because DNA sequences are highly
correlated and each dataset reflects a single historical realization of a stochastic process,
which imposes hard limits on inference. Until analytical frameworks harness the full
information embedded in linked sequence blocks—rather than relying primarily on site-level
summaries—the ability to separate the footprints of selection from the confounding effects
of demography and genome architecture, and to define what is truly inferable, will remain
constrained. Together, these limitations blur inference about the number, location, timing, and
effects of loci that restrict gene flow. These limitations highlight the need for unified analytical
workflows capable of scaling across genomes.

1.3 | The promise of haplotype-based approaches and
ancestral recombination graphs

The limitations of traditional site-based approaches have motivated the development of
haplotype-based methods that can capture the correlated inheritance of linked variants
(Garud et al., 2015; Hejase et al., 2020a; Leitwein et al., 2020; Messer and Petrov, 2013; Sabeti
et al., 2002). Haplotypes—the specific combinations of alleles inherited together on the same
chromosome—carry richer information about evolutionary history than individual SNPs. They
encode the joint imprint of mutation, recombination, selection, and demography on shared
genomic segments over time. Beyond increased power, recombination also provides an
additional “clock”: the size and decay of shared blocks and ancestry tracts carry timing
information about recent events that mutation alone can miss, improving resolution for
contemporary gene flow, selection, and demographic change (Harris and Nielsen, 2013).

The idea to track a continuous genome dates back to Fisher’s work on junctions that
delineate genomic blocks of different ancestry (Fisher, 1954). Theoretical development of the
standard coalescent model (Kingman, 1982; Wakeley, 2009) led to the introduction of the
ancestral recombination graph (ARG) (Hudson, 1990). ARGs capture both the genealogical
relationships among sampled individuals and changes to those relationships along the
genome due to recombination (Hudson, 1990; Wakeley, 2009). It is therefore the most
comprehensive description of the coalescence and recombination events that occurred in the
history of a population. Although long understood, it has been limited to only theoretical
studies.

Recent advances in computational methods have made it feasible to infer ARGs from
genome-wide sequence data, opening new opportunities for studying speciation processes.
Recently, efficient methods have been devised for simulating genealogies and follow
populations, both forwards (Haller et al., 2025) and backwards in time (Baumdicker et al.,
2022). Moreover, several approaches are now available for reconstructing genealogies along
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the genome, including ARGweaver (Rasmussen et al., 2014), tsinfer+tsdate (Kelleher et al.,
2019; Wohns et al., 2022), Relate (Speidel et al., 2019), and SINGER (Deng et al., 2024). While
these methods differ in their assumptions and computational approaches, they all aim to
reconstruct the sequence of genealogical trees that describes relationships among sampled
chromosomes across recombining genomic regions.

The availability of genome-wide genealogies enables new approaches to studying
speciation that were previously impossible (Campagna et al., 2017; Hejase et al., 2022, 2020b;
Hooper et al., 2024; Meyer et al., 2024; Rueda-M et al., 2024; Wang and Coop, 2022). For
example, genealogical methods can identify regions where samples cluster by species or
phenotype rather than by geographic proximity, providing direct evidence for barriers to gene
flow (see Chapters 3, 5). They can also estimate coalescence times between diverging
lineages, and help reconstruct the timing of evolutionary events and distinguish between
recent gene flow and ancestral shared variation (Hejase et al., 2020b; Wang and Coop, 2022).
Furthermore, genealogical approaches can identify signatures of selective sweeps by
detecting regions with unusually shallow coalescence times within species and elevated
coalescence times between species (Barton, 1998). In principle, all the properties of statistics
calculated from SNP can be calculated from the structure of the genealogy on which they
occur, assuming neutrality (Ralph et al., 2020); it would be most efficient to make inferences
directly from the ARG. However, in practice, genealogies are not known with certainty. It is
then unclear whether it is best to make inferences from the estimated genealogies, allowing
for their uncertainty, or whether we should instead rely on summary statistics calculated
directly from the SNP.

1.4 | Integrating top-down and bottom-up approaches to
understand speciation

Integrating bottom-up genome scans with top-down association mapping offers a way to
address the limitations described in Section 1.2, particularly the dependence on site-level
summaries and the blurring of historical and contemporary signals. By uniting these
approaches, researchers can test causal mechanisms and directly evaluate how multiple
barriers combine to limit gene flow. Studies that directly link candidate loci to phenotypes and
fitness variation in nature provide the most robust evidence that loci are under divergent
selection and generate barriers to gene flow (Bomblies and Peichel, 2022). A compelling
motivation is the coupling hypothesis: strong reproductive isolation can emerge when
multiple, initially independent barriers become coincident, creating spatially localized
differentiation peaks or islands, that genome scans alone may misattribute to local adaptation
or fail to link to the causal loci (Bierne et al., 2011). Framing studies around whether, where,
and when barrier effects couple makes it necessary—not optional—to combine genomic
scans, trait mapping, and explicit demographic context (Barrett and Hoekstra, 2011;
Stinchcombe and Hoekstra, 2008).
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However, integrating these approaches is challenging because they operate at
different genomic and temporal scales and rely on different assumptions. QTL intervals are
often broad, sometimes spanning large chromosomal segments due to limited recombination
in lab-based crosses, whereas narrow Fst outliers reflect finer-scale linkage breakdown over
longer timescales and heterogeneous recombination, so apparent mismatches are expected
even when causes are shared. Hybrid zones serve as powerful natural laboratories because
they allow direct observation of ongoing gene flow, recombination, and introgression;
recombination breaks down linkage disequilibrium to generate a fine-grained mosaic of
haplotypes, thereby enhancing resolution for GWAS and admixture mapping, while restricted
but persistent gene flow enables genome-wide scans to pinpoint loci that act as barriers to
gene exchange (Barton and Hewitt, 1985; Gompert et al., 2017). However, this would still be
a problem in hybrid zones with very strong reproductive isolation, since long ancestry tracts
and persistent long-range linkage disequilibrium will still limit power of trait association by
GWAS.

1.5 | Leveraging technological advances—Linked-read
sequencing and haplotype reconstruction

Accurate inference of genealogies, haplotype-based inference from diploid data, and more
generally, application of an integrative population genomic approach requires high-quality
haplotype information across a large number of individuals (Browning and Browning, 2011;
Pei et al., 2020). Traditional short-read sequencing excels at coverage and variant discovery
but provides limited phase beyond short ranges (50-300bp), constraining haplotype-based
inference across genomic distances (Browning and Browning, 2020). While long read
sequencing (PacBio, Oxford Nanopore) offer greater read lengths (10—-100Kb) that could
significantly improve imputation, phasing, and structural variant detection, etc, it remains
prohibitively expensive and lower throughput for large populations (Logsdon et al., 2020).
Moreover, long read sequencing also typically requires high-quality, high molecular weight
DNA, that can be challenging for non-model organisms. This has motivated linked-read
sequencing strategies that preserve long-range linkage while retaining the throughput and
cost profile of short-read platforms (Wang et al., 2019).

Haplotagging, a linked-read sequencing approach, provides a particularly promising
solution for population-scale haplotype reconstruction (Meier et al., 2021). This method uses
transposase-based barcoding to uniquely tag long DNA fragments (~10Kb) before sequencing,
allowing short reads to be associated back to their originating molecules. Moreover, since long
haplotypes can be observed directly, one can reliably use statistical methods to assemble
these over much longer ranges, up to chromosomal scales (see Chapter 4). Thus, effectively
long-read data can be obtained for essentially the same cost as with current short-read
methods. This combination of long-range linkage information with high-throughput
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sequencing makes haplotagging particularly suitable for studies requiring large sample sizes
across diverse organisms.

1.6 | Study systems—Natural laboratories for speciation
genomics

To address the challenges outlined above, this thesis leverages two well-established natural
systems that provide complementary insights into different aspects of speciation: the marine
snail Littorina, and the common snapdragon Antirrhinum. These systems represent different
stages of the speciation continuum and offer distinct advantages for applying genomic
approaches to study species formation.

First, the Littorina system provides an opportunity to study a recent evolutionary
innovation—the transition from egg-laying to live-bearing—that has occurred within the past
100,000 years. This recent origin makes it possible to identify the specific genomic changes
underlying a major phenotypic transition that has evolved repeatedly across the animal
kingdom (Whittington et al., 2022). The system is particularly valuable because live-bearing is
the only consistent difference between egg-laying and live-bearing populations, eliminating
confounding effects of other phenotypic differences (Reid et al., 2012; Seshappa, 1947).
Furthermore, the low genome-wide differentiation between reproductive modes provides a
clean system to leverage genealogies for identifying specific genomic blocks that contain loci
that contribute to this key innovation (Stankowski et al., 2020).

Second, the common snapdragon, Antirrhinum majus subspecies majus, offers a well-
characterized hybrid-zone in which two varieties—pseudomajus and striatum—with strikingly
different flower colour meet, hybridize, and maintain sharp phenotypic and genotypic clines
despite overlapping ecological niches and shared pollinators (Khimoun et al.,, 2013;
Surendranadh et al., 2025; Tavares et al., 2018; Whibley et al., 2006). The genetic basis of
flower colour is resolved at key loci: magenta pigmentation is controlled by Rosea, Eluta and
Rubia, while yellow pigmentation is controlled by Sulfurea, Flavia, Cremosa and Aurina
(Bradley et al., 2025, 2017; Ono et al., 2006; Richardson et al., 2025; Schwinn et al., 2006;
Tavares et al., 2018; Whibley et al., 2006). Prior analyses reveal elevated Fsr and steep clines
at each of the colour loci (Surendranadh et al., 2025) while the rest of the genome is
homogenised by gene flow (Ringbauer et al., 2018; Surendranadh et al., 2025).

The presence of replicate hybrid zones in different geographic locations makes it
possible to apply genealogical approaches to distinguish between general patterns of
divergence and location-specific demographic effects. Moreover, the tractable genetics of
flower colour provides an ideal system for integrating top-down and bottom-up approaches
to understand how known trait loci function as barriers to gene flow.
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1.7 | Thesis overview

This thesis addresses the challenges and opportunities outlined above by developing and
applying genealogical as well as integrative genomic approaches to study speciation in natural
populations. The work is organized into seven main chapters that collectively advance our
understanding of speciation processes by using whole genome sequence data.

Chapter 2 provides a theoretical foundation by developing a formal definition of
haplotype blocks based on the structure of the ancestral recombination graph. This work
addresses a fundamental conceptual issue in haplotype-based analyses by providing a
rigorous framework for defining and interpreting haplotype structure. Using simulated
examples, we demonstrate how different evolutionary processes—including neutrality and
selective sweeps—generate distinct patterns of haplotype structure that can be detected
using ARG-based methods. This chapter establishes the theoretical groundwork for the
empirical applications in subsequent chapters.

Chapter 3 applies the genealogical framework developed in Chapter 2 to study the
genetic basis of live-bearing in Littorina snails. Using whole-genome sequencing data from
multiple populations, we identify genomic regions associated with reproductive mode
through topology weighting of genealogical trees. The analysis reveals that live-bearing is
associated with selection at multiple loci scattered throughout the genome, with evidence for
selective sweeps. This chapter demonstrates how genealogical methods can provide insights
into the genetic architecture and evolutionary history of key innovations that are difficult to
obtain using traditional approaches.

Chapter 4 describes the development of a comprehensive methodological pipeline for
processing linked-read sequencing data to generate high-quality, population-scale haplotype
datasets. This chapter addresses the practical challenges of applying haplotagging to non-
model organisms by optimizing approaches for genotype calling, imputation, and phasing. We
benchmark the accuracy of different methods and provide guidelines for future studies
seeking to apply linked-read sequencing to population genomic questions. The dataset
generated through this pipeline provides the foundation for the analyses in Chapters 5-7.

Chapter 5 uses the Antirrhinum system to compare genealogical methods for studying
speciation across replicate hybrid zones. We apply multiple approaches for inferring
genealogical trees from genomic data and use topology weighting to identify loci associated
with flower colour differences. The analysis reveals striking differences in demographic history
between hybrid zones, highlighting the importance of demographic context for interpreting
genomic patterns. We also provide a systematic comparison of different genealogical
inference methods, offering practical guidance for researchers choosing among available
approaches.

Chapter 6 integrates top-down and bottom-up approaches to study the genetic
architecture of flower colour in the Antirrhinum hybrid zone. We conduct the first genome-
wide association study for flower colour in this system and compare the results with
population genomic scans and genealogical analyses. The integration of multiple approaches
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reveals the challenges of applying GWAS in natural populations while confirming the role of
known colour loci as barriers to gene flow. This chapter demonstrates both the potential and
the limitations of combining different genomic approaches to study speciation.

Chapter 7 provides a preliminary exploration of the evolutionary history of flower
colour loci using coalescence time estimates from ancestral recombination graphs. By
comparing coalescence times around colour loci with background genomic regions, we
explore the underlying evolutionary processes, and try to date the approximate time of the
selective sweeps. This analysis illustrates how genealogical methods can provide temporal
resolution that is difficult to achieve with traditional approaches, offering insights into the
dynamics of barrier loci establishment during speciation.

Together, these chapters make several key contributions to speciation genomics. First,
they discuss a possible framework for defining and analysing haplotype blocks based on
genealogical relationships. Second, they demonstrate the practical application of genealogical
methods to study speciation in two different natural systems, revealing insights that would be
difficult to obtain using traditional approaches. Third, they develop and validate
methodological approaches for generating high-quality haplotype data at population scale
using linked-read sequencing. Finally, they illustrate both the potential and the limitations of
integrating different genomic approaches to study the complex process of species formation.
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Chapter 2

On the origin and structure of
haplotype blocksf

Abstract

The term “haplotype block” is commonly used in the developing field of haplotype-based
inference methods. We argue that the term should be defined based on the structure of the
ancestral recombination graph (ARG), which contains complete information on the ancestry
of a sample. We use simulated examples to demonstrate key features of the relation between
haplotype blocks and ancestral structure, emphasizing the stochasticity of the processes that
generate them. Even the simplest cases of neutrality or of a “hard” selective sweep produce
a rich structure, often missed by commonly used statistics. We highlight a number of novel
methods for inferring haplotype structure, based on the full ARG, or on a sequence of trees,
and illustrate how they can be used to define haplotype blocks using an empirical dataset.
While the advent of new, computational efficient methods makes it possible to apply these
concepts broadly, they (and additional new methods) could benefit from adding features to
explore haplotype blocks, as we define them. Understanding and applying the concept of the
haplotype block will be essential to fully exploit long and linked-read sequencing
technologies.

T This chapter is published and can be found online at: https://doi.org/10.1111/mec.16793
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2.1 | Introduction

One of the breakthroughs of long and linked-read sequencing technologies is the emergence
of new methods for obtaining reliable haplotype information for large data sets (Meier et al.,
2021). Although most studies of genome-wide variation still focus on SNP data, we are
approaching the stage where population-scale haplotype information will be widely available
for organisms across the tree of life. In light of this shift from site-based to haplotype-based
inference, this article considers one of the fundamental concepts for haplotype-based
inference—the definition of the haplotype block.

“Haplotype” and “haplotype block” are widely used terms in evolutionary genetics,
and have increased in importance across many disciplines (Delaneau et al., 2019; Leitwein et
al., 2020; The International HapMap Consortium, 2007). An important, but often overlooked
fact, is that populations evolve through changing frequencies of blocks of the genome, and
not individual sites. Therefore, we should be most interested in understanding the
trajectories of the underlying haplotypes, yet these are often obscured at the level of SNPs
(Castro et al., 2019; Clark, 2004). Thus, disentangling the evolutionary history underlying
genomic patterns can be challenging using solely site-based statistics. For example, while
whole-genome scans for signatures of selection can reveal individual SNPs associated with
fitness differences (Poelstra et al.,, 2014; Tavares et al., 2018), the actual causal
loci/haplotypes can remain difficult to pinpoint (Burri, 2017; Grossman et al., 2010; Ravinet
et al., 2017; Rockman, 2012; Stankowski et al., 2019; Tavares et al., 2018; Wolf and Ellegren,
2017). As another example, shifts in polygenic scores from genome-wide association studies
(GWAS) can be misinterpreted as signals of selection, as opposed to artefacts of population
structure (Berg et al., 2019; Novembre and Barton, 2018; Sella and Barton, 2019), which often
leave clearer signatures in shared haplotype structure. Similarly, methods for estimating
population density and gene flow struggle to distinguish among a virtually infinite number of
possible population structures, made worse by assuming independence between SNPs, rather
than haplotypes (Richardson et al., 2016; Sousa et al., 2011; Whitlock and McCauley, 1999).

By accounting for haplotype structure, it should be possible to make inferences more
accurate and more efficient. Haplotypes carry information not only from mutation but also
from recombination, which provides an additional ‘clock’ that can help to reveal past events
(Ralph and Coop, 2013). Primarily for these reasons, there has been a steady increase in
analytic methods that aim to infer haplotype structure from sequence data, or that exploit
haplotype structure to make inferences about selection, gene flow, and population structure.

Although there has been significant progress toward the broader use of haplotype
information in empirical studies (see overview in the Box 3), much of this lacks a unifying
concept across fields spanning evolutionary and conservation genetics (Leitwein et al., 2020),
human and medical genetics (Crawford and Nickerson, 2005), and animal and plant breeding
(Bhat et al.,, 2021; Mészaros et al.,, 2021). There is thus often little consensus on how
haplotype blocks are defined, which complicates comparison of results. Worse, it may
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preclude insights that may otherwise arise from spotting commonalities that emerge under
vastly different population parameters.

Motivated by the arrival of powerful new data sets and analysis methods, the main
goal of this paper is to examine the fundamental definition of the haplotype block. We
propose a definition of haplotype block based on the full genealogy, represented by the
Ancestral Recombination Graph (ARG). Using simulations of simple but general scenarios, we
explore how the characteristics of haplotype blocks relate to the origin of the samples and
segregating SNP variation. We then discuss how the proposed definition relates to practical
inference methods and their applications in large- scale population studies. We consider how
different methods make use of haplotype information and infer haplotype blocks, their
underlying assumptions and respective limitations.

2.2 | Defining haplotype blocks

A haplotype has a clear definition: it is simply a haploid genotype (for example, the genotype
of the sperm or egg). In contrast, the term “haplotype block" is used widely, but in many
different ways (Al Bkhetan et al., 2019; Clark, 2004; Schwartz et al., 2003; Taliun et al., 2014;
Zhang et al., 2002). Since haplotype structure arises through segregation and recombination,
our understanding of “haplotype blocks” must depend on the processes of coalescence and
recombination that generate it in the first place. With this in mind, we contrast alternative
definitions, and settle on one, which is based on branches in the underlying genealogy.

In sequence data, we usually observe the diploid genotypes; resolving them into the
two haploid genotypes is termed "phasing". With n heterozygous sites, there are 2" possible
pairs of haplotypes—more than a million with just n = 20. However, in real populations there
are usually far fewer haplotypes, due to linkage disequilibrium (LD) across polymorphic sites,
which produces strong haplotype structure. This allows “statistical phasing”, through which
one reconciles diploid genotypes into the underlying haplotype pair (Browning & Browning,
2011). Looking across individuals in larger genotype panels, the more frequent haplotypes
often appear as stretches of shared, “banded” blocks of SNPs (Fig. 1A). This can be especially
striking when different haplotypes become fixed across populations, which can produce
block-like patterns in data even when individual haplotypes cannot be observed (Fig. 1B); in
some cases, they have been referred to as ‘haploblocks’ (Todesco et al., 2020).

Whilst a blocklike structure may be apparent within empirical genetic data, we argue
here that there should be a more fundamental definition of haplotype block, based on the
true ancestry of the sequences, independent of the mutations that generated observable
SNPs. Thus, we separate the definition of haplotype blocks from the estimation of these blocks
from actual data.

There have been previous attempts at defining haplotype blocks via the classical
concept of identity by descent (Carmi et al., 2013; Hartl and Clark, 1997; Thompson, 2013).
Imagine an initial population, where each founder genome is labelled by a different colour.
At some later time, each region of the genome must derive from one or other founder, and
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so will appear as a mosaic of blocks of different colours, each corresponding to their
ancestors. This naturally defines blocks that descend from a given set of founders (Fig. 2).
Fisher showed that the junctions between IBD blocks segregate like Mendelian variants, and
used this idea to understand the distribution of runs of homozygosity (Fisher, 1954).

In artificial populations, we can now sequence the founders, and thus directly observe
blocks defined in this way (Lundberg et al., 2017; Otte and Schlétterer, 2021; Wallberg et al.,
2017). Moreover, if we disregard new mutations, the evolutionary processes subsequent to
the founding of the population are entirely described by the block structure. Identity-by-
descent is usually defined with respect to a specific ancestral reference population (but note
that coalescent definitions of IBD also exist (Wakeley, 2009). However, for natural
populations, there is no obvious reference population, so the block structure will vary
depending on our arbitrary choice of founders at an arbitrary time point (Fig. 2).

A | Phased sequence data

Phased genomes
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B | Scan of chromomsome-wide variation
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Figure 1. Block-like patterns in empirical data. (A) Block-like patterns in phased DNA sequences from
Mimulus auranticus within the gene MaMyb2 (Stankowski et al., 2015). Rows show 24 individual
haplotypes. Each column is a site with yellow and blue squares representing ancestral and derived sites,
respectively. (B) A Fsr scan across Heliconius chromosome 2 reveals a large plateau of differentiation on

chromosome 2 between races of H. erato (Meier et al., 2021). This large block-like pattern coincides with
a chromosomal inversion, the boundaries of which are illustrated by the dashed line.

To eliminate this subjectivity, we will base our definition of ‘haplotype block’ on the
full ancestry of the sampled genomes, namely, on the ancestral recombination graph (ARG)
(Hudson, 1983). The ARG consists of the segments of past genomes that are ancestral to our
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sample; looking back in time, it is generated by a series of coalescence events that join
lineages and of recombination events that split lineages (Box 1). We emphasise that these are
real events: coalescence occurs when an actual individual leaves two or more offspring that
are each ancestral to our sample, and recombination occurs between the two haploid parent
genomes during meiosis in an ancestral individual. Together, these processes are embedded
in the ARG (Fig. B1).
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Figure 2. Haplotype blocks defined through identity by descent (IBD). Panels A and B show the same 11
hypothetical DNA sequences depicted as horizontal lines. The trees on the left and right sides show the
genealogy for the set of sequences on either side of a recombination event (indicated by the vertical black
line); the light grey branch in both trees shows how the effect of recombination changes the structure of
thein the genealogy on either side. Mutations are shown as symbols that correspond to the branches upon
which they arose. Under the IBD definition, haplotype blocks can be defined based on DNA segments that
derive from a given set of ancestors, shown here by the coloured sections of branch and DNA sequence.
The only difference between panels A and B is that these ancestors are defined at two different arbitrary
time points, T, and Ty, yielding different haplotype structure.

In large populations, and over long timescales, the ARG is approximated by the
coalescent with recombination; in the simplest case, the rate of coalescence is the inverse of
the effective (haploid) population size, and the rate of recombination is just the rate of
crossover (Griffiths and Marjoram, 1997; Hudson, 1983). Importantly, the coalescent does not
describe the entire genealogical relationship of the whole population, sampled or otherwise.
Rather, it only summarises how the subset of sampled individuals are related to each other.
Spatial and genetic structure can also be included: ancestral lineages carry a particular set of
selected alleles (i.e., a particular genetic background), and are at a particular spatial location.
Tracing back in time, lineages move between backgrounds by recombination, and between
locations by migration.

Informed by the ARG, we could define a haplotype block as a contiguous region of the
genome in which all sites share the same genealogy, i.e., a local gene tree. However, adjacent
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genealogies differ by a single recombination event, and so blocks defined in this way will be
vanishingly small (especially with large samples) and will usually differ trivially (see A in Fig. 3
and Fig. B1A). Moreover, as samples get larger, blocks defined this way will become so small
as to be impractical.

Instead, we define a haplotype block as the set of genomic regions that descend from
a particular edge in the ARG which is defined by a unique coalescence event, and by the set
of descendant samples. Before elaborating on this definition, we clarify our terminology (see
Table 1: Glossary). Consistent with the literature, we continue to use “haplotype block” to
refer to a region of the genome with a shared pattern of ancestry, without forcing a precise
definition. By “branch,” we refer to a lineage on a genealogical tree that connects two
coalescence events, or a sampled gene with a coalescence. By “edge,” we refer to the
extension of a branch along the genome. Thus, a branch is one- dimensional, with length
measured in generations, whilst an edge is two- dimensional, with dimensions measured in
generations as we trace back through time, and in Morgans as we trace along the genome.
An edge is associated with a specific coalescence event, and also with a specific set of
descendant samples.

This definition means that haplotype blocks exist completely independent of SNPs that
may happen to arise on a given edge. However, if mutations have occurred, haplotype blocks
will be associated with the set of derived SNP alleles that arise on the focal edge that just
precedes the coalescence event. In other words, the set of haplotypes descending from this
edge are distinct from all other sampled haplotypes in that they— and only they— share the
set of SNPs occurring in the common stem lineage. If enough SNPs happen to arise on an
edge, the haplotype block is revealed directly by these shared SNPs.

2.3 | Implications of the definition

We next elaborate on the definition and illustrate the relationships between genealogies,
SNPs and haplotype blocks using example simulations (a neutral scenario and a selective
sweep; Appendix S1 and accompanying GitHub repository: https://github.com/DaSh-
bash/Suppl_Materials_On_the_origin_2022). The simulation uses the standard coalescent
(Wakeley, 2009) to generate the ARG, thereby tracking the ancestors of a sample of genomes
back through time, until all ancestral genomes are ancestors to the whole sample. It assumes
a Wright— Fisher model with a constant population size 2N haploid genomes. A region of the
genome of map length R is followed, with the selected locus at the leftmost point (i.e., at 0).
For simplicity, we allow at most one crossover per generation, with probability R; we simulate
R << 1, so this is close to the case with no interference between crossovers. The simulation
can be conditioned on a selective sweep, which is defined by the numbers of copies of the
favourable allele in the population. Once the ARG is constructed, genealogies along the
genome can be followed, and edges can be identified. Neutral SNPs can be added, assuming
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infinite- sites mutation; each SNP is associated with an edge in the ARG (more details on
simulations in Appendix S1).
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Figure 3. The relationship between (a) trees, (b) SNPs, and (c) haplotype blocks in the neutral simulation
(see Main Text for simulation details). The ARG has been decomposed into marginal trees (a—o) to show all
of the unique topologies that coincide with the genomic spans shown in the central panel (also labelled a—
0). The branches for each tree are coloured according to the eight edges in the ARG that we chose to focus
on (also labelled i—vii). A: two neighbouring topologies that differ only slightly due to recombination. B: an
example of two trees (k1 and k2) that have the same topologies but different lengths. The central panel
shows 10 haploid genomes (labelled 1- 10, top to bottom, coinciding with the tips of the trees). The SNPs
that arose on the eight focal edges are indicated by the coloured circles. The lower panel (c) shows the
haplotype blocks for each edge. The coloured block in each panel is the focal edge, with the other seven
blocks shown in grey. The mutations shown in the central panel are projected onto each block (black circles)
at the genomic location and time that they arose. Similarly, the numbers at the bottom right corner indicate
which DNA sequences the mutations are associated with. C and D: Examples of regions of blocks that, by
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chance, are not revealed by mutations arising on the corresponding edge. E and F: Examples of nested
haplotype blocks, where the ancestral block is highlighted with a coloured outline

Figure 3 shows the relationship between trees, SNPs and haplotype blocks arising from
the first simulation— a neutral example capturing the ancestry of 10 genomes, sampled from
a population of 100 haploid individuals, across 10 centimorgans (cM) of the genetic map
(Appendix S1). SNPs were generated by infinite- sites mutation with mutation at twice the
rate of recombination. Despite the relatively short map and few individuals, this simulation is
general because time and map distance both scale with population size (Hudson, 1990). Thus,
the 268 generations taken for every part of the simulated genome to coalesce in a single
common ancestor scales to 2.68 N, and the simulated map length scales to 10/N, where N is
the effective size. Thus rescaled, this simulation shows a generic pattern, independent of
population size.

The central panel of Figure 3 (middle panel, “SNPs”) shows the distribution of SNPs on
the 10 sampled genomes, coloured according to the edge on which they arose (we illustrate
eight edges with four or more SNPs each, out of 55 unique edges). Recombination events (24
in total) have divided the genome into 34 intervals due to nested recombination events
(which split longer genealogies into nesting, inner intervals; Figure 3a). This illustrates how
recombination modifies the coalescent (also see Figure Al for a schematic representation of
the process). The ARG can be decomposed into 24 unique marginal trees, some of which show
an identical topology and differ only in timing (branch length); thus, 15 distinct topologies are
shown in the Figure 3a (trees and corresponding regions on the genome labelled a—o;
compare k1 and k2 for an example of genealogies that share topology but differ in depth, B
in Figure 3).

The coloured blocks shown in the lower panel of Fig. 3 (‘Blocks’) illustrate the extent
of each edge along the genome, and through time. The mutations arising on each branch are
projected onto the block at the time and genomic position that they arise. The number of
SNPs arising on each branch is Poisson distributed, with the expected number proportional to
the area of the block; this area is the sum of the genomic lengths that each ancestor carries,
and that is ancestral to the coalescence event that defines the branch. We emphasise that
the visualised colour blocks represent true genealogies—and are independent from
mutations. Because mutation, or SNP occurrence, is a random process, some regions may not
carry any informative SNPs. For example, though branch i (light blue) is relatively well covered
by 9 SNPs, none of them fall in the shallow region to the left (C in Fig. 3). Similarly, branch ii
has only 6 SNPs, none of which happen to fall in the rightmost region (D). Ultimately, the
distribution of SNPs sets a limit on what can be inferred from sequence data; branches
without mutations will be invisible to us, and our ability to infer the length of a block depends
entirely on where mutations happen to fall.

Each edge coincides with a specific coalescence event that brings together a specific
set of lineages: in other words, edges/branches are defined by both the coalescence event
and the set of lineages. A single coalescence, i.e., a single ancestor, may generate multiple
edges: the two genomes that come together in that event may carry a mosaic of ancestral
material, in several combinations. A single coalescence event may even generate an edge that
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carries disjunct segments of the genome. This did not occur for any of the focal edges in the
example of Fig. 3, but is not unlikely, especially in a selective sweep. Conversely, two different
coalescence events may happen to bring together the same sets of lineages; their edges could
only be distinguished through the different times of coalescence.

Because each edge is generated by a single coalescence, it begins at the same time
across its whole extent (so, edges are bounded by a horizontal line at their base in the lower
panel of Fig. 3). Recombination events split distal segments, thus limiting the span of the block
along the map. Tracing back in time, edges must end in coalescence events that combine
them with yet more descendants. These may occur at different times if there have been
recombination events, so that the upper boundary is typically ragged.

Haplotype blocks overlap in their genomic extent, since multiple lineages exist at any
time after the MRCA; this is shown by the overlapping 3-D blocks in Fig. 3 (‘Blocks’). Haplotype
blocks will also overlap in the genome when edges are nested in the genealogy, giving rise to
nested haplotype blocks. For example, branch ii (orange), which is ancestral to genomes 4
and 8 descends in the middle part of the genome from branch i (blue), which is ancestral to
genomes 4, 7, 8 and 10. Thus, haplotype block i is nested above block ii in Fig. 3 (see also F for
another example of nested haplotype blocks).

If we start at a particular site on the chromosome, and work along the genome, at
some point an edge will be split by a recombination event. If the recombination occurs on the
edge itself, the edge will persist, but probably with a different depth. If the recombination
event occurs out with the lineages that descend from the focal coalescence, but coalesces
into those lineages, then the set of descendants will be augmented, and the edge will end.
Conversely, if the recombination event occurs among the descendant lineages, then some
descendants will be lost, and the edge will again end.

As we work out from a given locus, the incidence of recombination is proportional to
the branch length, and so we expect that if a branch traces back deep into time, it will extend
over a short region of the genome. Conversely, shallow branches will extend over a longer
genomic span. This pattern is seen clearly in Figure 3c, where edges consist of segments that
are either deep and narrow, or shallow and wide. However, this relationship is not precisely
inverse; if it were, edges would tend to have the same area, whether they were deep or
shallow, and hence would carry similar numbers of SNPs. In fact, the distribution of areas of
blocks is highly skewed, and so most SNPs are on a few deep branches (see discussion on
branch depth in Appendix S1).

Note that under the coalescent process, large numbers of sampled lineages rapidly
coalesce down to a few, which are then likely to trace back deep into the genealogy. Thus, in
a given region of the genome a substantial fraction of SNPs will fall on long, deep, branches,
whereas the tips of the genealogy will be hard to resolve. Moreover, in a large sample, it is
unlikely that different coalescence events will bring together exactly the same set of lineages
by chance, so that we can usually identify unique coalescence events as corresponding to
unique sets of lineages. This is one reason why haplotype-based analyses can be particularly
useful in disentangling genetic structure.
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Figure 4. The effects of a recent selective sweep on linked genealogies. (A) A mutation with advantage
10% arose in a population of 400 haploid individuals, and swept to fixation in 110 generations, at which
time 20 genomes were sampled; 20cM of the genome is followed back in time, with the selected locus at
the left.; dashed lines (T1 - T4) show times when the favoured allele was in 1 copy, at 10%, at 50%, and at
90% (110, 53, 38, 22 generations back). (B) shows genealogies at positions 0, 1.3cM, 5.3cM, and 20 cM,
branches are coloured in red when on the fitter background, and black when on the ancestral background.
Thus, changes in colour show recombination events that change the genomic background. Note that such
events are unlikely when the allele is near fixation (i.e., at the base of the tree, below the lower dashed
line), and conversely, become common whilst the allele is rare, simply because it will almost always meet
with the opposite background. Before the mutation occurs (i.e., above the upper dashed line) lineages
must either trace back to that mutation (top left) or recombine out into the ancestral background; thus, all
lineages must appear black above the upper dashed line (110 generations back). Note that the disjunct
branches in trees 2 - 4 all coalesce further back in time, but only 200 generations are shown for visibility.
(C) shows SNPs along the 20 sampled genomes. The 9 of the most substantial branches are shown. (These
have more than 8 descendants, formed by coalescence more recently than the sweeping mutation, and
have areas >0.5). The red block at the left shows the region linked to the selected locus, which coalesces in
a single common ancestor 69 generations back, just after the sweeping mutation arose. Grey dots show
those SNPs that are not on these 9 highlighted branches. (D) shows the time back to the most recent
common ancestry (TMRCA) along the genome, on a log scale. The bold line shows the example simulated
above, whilst the three grey lines show replicates, generated conditional on the same sweep; the break in
the line shows an area where the TMRCA extends further back than the extent of the y-axis. The dashed
line across the plot corresponds to T; in panel A.

Figure 3 illustrates the simplest case of the standard coalescent with recombination.
In reality, population structure and selection complicate genealogies. For example, in the
island model, lineages either coalesce quickly within a deme, or escape to coalesce much
further back in time. This exaggerates the tendency for genealogies to be dominated by a few
long branches (Wakeley, 2009). Selective sweeps have a somewhat similar effect (Maynard
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Smith and Haigh, 1974). In the classic case, all lineages at the selected locus coalesce in the
individual that carries the favoured mutation. Moving out from this locus, recombination
frees lineages to coalesce much further back.

Figure 4 illustrates such a selective sweep (Supplement 2). The sweep greatly reduces
diversity around the selected locus, because all lineages must trace back to the successful
mutation (Fig. 4B). This region of complete coalescence is shown in red, but note that it
contains some diversity, due to mutation subsequent to the sweep. As we move away from
the selected locus, lineages recombine out onto the ancestral background, and coalesce with
the rest of the genealogy much further back (Fig. 4B). This process can be seen in the time to
the MRCA (Fig. 4D), which jumps from a low value at the selected locus, through successive
recombination events, back to a time that fluctuates around 4N.=800 generations, under the
standard coalescent. However, the replicates in the lower panel show that there is
considerable variation in this process, which sets a fundamental limit on our power to detect
a sweep and estimate its properties.

At the selected locus, all lineages coalesce in the favoured mutation. Successive
recombination events each free one or a few lineages from the new background, so that the
exceptionally large and recent cluster gradually diminishes in size, until the genealogies follow
a close to neutral distribution. Thus, edges with large numbers of descendants are associated
with the sweep, and can be distinguished by the characteristic sets of SNPs that they carry;
nine such edges are illustrated in Figure 4c.

We close this section by commenting on possible connections between our
description of the ARG and practical inference. Stern et al. (2019) proposed a method that
infers the allele frequency trajectory from the genealogy at the selected locus, which is
assumed to be known. The extent of the focal edge along the genetic map gives additional
information, with a predicted constant rate of recombination out into the ancestral
background, at a rate equal to the frequency of the ancestral allele. Additional edges give
more information: in particular, several lineages may coalescence early in the sweep, but then
recombine out (e.g., the second genealogy in Figure 4b). This generates multiple long
branches, whose distribution depends on 4N, value (Barton and Charlesworth, 1998). There
is considerable scope for using the extent of edges along the genome, as well as the genealogy
at specific loci.

Nevertheless, we make two cautionary comments. First, there is considerable
variability between different realisations, given the same trajectory (e.g., Fig. 4D) (i.e., the
selective sweep itself is a stochastic process). Moreover, if the locus is identified from a
genome-wide scan, ascertainment bias will distort the ARG: indeed, sequence variation
around a neutral locus that experiences a sweep by chance may be indistinguishable from a
genuinely selected locus. This poses fundamental limits to our ability to estimate selection at
a particular locus. Second, sophisticated methods based on simple scenarios will be
confounded by deviations from the model. For example, the extent of reduced diversity along
the genome is the inverse of the time taken to reach high frequency - but that may be greatly
increased by population structure. The visualisations that we develop here may have the
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greatest value in allowing us to check whether the fine structure of a candidate region is
actually consistent with some simple model. It remains to be seen how far the rich
information contained in the structure of such branches will help us improve our inferences.

2.4 | The definition in practice

Having defined haplotype blocks conceptually, we next consider the problem of inferring
haplotype blocks from empirical datasets. Current sequencing and genotyping technologies
make it straight-forward to identify SNPs or small insertions/deletions, but it remains non-
trivial to connect these to the haplotypes in which they are embedded. For that reason,
sophisticated algorithms have been developed for phasing, imputing genotypes and inferring
genealogies (Browning and Browning, 2013, 2009; Davies et al., 2021, 2016; Howie et al.,
2011; Marchini et al., 2007). These tasks all engage different facets of the same problem, and
rely to various extent on the haplotype structure. However, these methods tend to focus on
phasing and stop short of inferring underlying haplotype structure and in particular the ARG,
and haplotype blocks as we define them. In this section, we wish to focus on how haplotype
blocks can be defined and visualised in practice. Given our ARG-based definition, we used
ARGweaver (Rasmussen et al., 2014) to analyse an empirical dataset. We discuss other
methods that use the ARG or approximations to it. We discuss the underlying assumptions of
these methods and highlight where they could be extended to capture further information in
light of our proposed definition of haplotype blocks as edges. Separately, in Box 2, we outline
classes of simpler methods that use fixed genomic windows or genomic segments as a proxy
for the haplotype block.

The full ARG contains all the information needed to apply the haplotype block
definition to empirical datasets. Therefore, one could start by inferring the ARG (or even a set
of genealogies along the genome) from a sample of sequences, identifying important edges
on that ARG, and consequently the haplotype blocks that descend from those edges.
ARGweaver (Rasmussen et al., 2014) and its extension ARGweaver-D (Hubisz et al., 2020) are
among the most powerful tools for direct inference of ARG. One practical speed-up employed
by ARGweaver is to discretize time, effectively making the ARG space finite by limiting
recombination and coalescence events to discrete time points. Further, ARGweaver uses an
approximate model, sequential markovian coalescent (SMC) (McVean and Cardin, 2005),
extended by Marjoram and Wall (2006) to sample from a distribution of ARG. While making
inference more tractable, the SMC precludes the inference of disjunct blocks, because only
one immediately prior state is considered as one moves along the genome. However, even
with these key innovations, inference of the “full” ARG remains computationally expensive,
making ARGweaver feasible for up to approximately 50 samples.

To illustrate our concept, we applied ARGweaver to infer the ARG from an empirical,
phased data set from Heliconius erato butterflies. The data set was generated by
haplotagging, a technique for producing linked-read sequence data (Meier et al., 2021). We
focus on the genomic region containing the gene optix, where a selective sweep was
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previously inferred using site-based statistics (Figure S3, Appendix S2). For comparison, we
also sampled ARGs from a neutral background locus (Figure S3: Appendix S2). Figure 5 shows
a focal region (~3 Mb long) located ~100 kbp upstream from optix that may correspond to a
distal regulatory hub controlling the distinctive wing rays— “Ray” and “Dennis” elements
(Wallbank et al., 2016), possibly corresponding to obs132, LR1/2 and obs214 (Lewis et al.,
2019)—at which all lowland H. e. lativitta butterflies (red labels in Fig. 5a) share a haplotype
(Meier et al., 2021). To run ARGweaver, we used u = r = 2.9 x 10° and N. = 1.94 x 10°
(calculated by estimating i from the neutral region) and 30 discrete exponentially distributed
time points (Fig S1). The key step for visualising haplotype blocks is identifying unique edges
based on the sampled ARGs. We identified edges using custom scripts to parse marginal trees
along the genome in order to identify branches that originate at a particular coalescent time-
point (say, t1), and that are ancestral to a fixed set of individuals (say, x1, x2, x3) (see Table S1,
S2). This set of branches represents an edge that is defined by {ti},{x1, X2, X3} and the trees
that contain the above branches (see branches in Fig 5A coloured according to haplotype
blocks as edges in Fig. 5C). Here, we chose to focus on the 6 edges that are supported by 3 or
more SNPs (Fig 5B: SNPs; 5C: haplotype blocks as edges) (see Table S3 for a list of all edges
supported by SNPs). We then visualised haplotype blocks based on these edges, including
both their genomic span (i.e., the tree-spans along the genome containing the edge) and
temporal span (length of each tree branch that constitutes the edge) (Fig. 5C).

We find a rich structure of haplotype blocks in the focal region. First, in regions of
shallow coalescence, we see structured uninterrupted haplotype blocks that carry SNPs fixed
in all H.e.lativitta samples (Fig. 5). For example, the shallowest coalescence region constitutes
the uninterrupted haplotype block defined by edge iv, and is supported by 9 SNPs. Adjacent
to edge iv, we find the largest haplotype block defined by edge iii and supported by 22 SNPs,
which coincides with a putative selective sweep that was previously identified using the
omega statistic (Wallbank et al., 2016). Unlike edge iv (green), edge iii (red) exists as disjunct
blocks separated primarily by recombination events that shifts the total coalescence within
H.e.lativitta samples to occur slightly further back in time (see Trees 3,4,5,6 for reference).
Moving along in both directions from the central shallow TMRCA region, we observe other
haplotype blocks, exhibiting different histories (originating deeper in the past) spanning as
disjunct blocks along the entire genomic region and supported by fixed SNPs (edge i and ii).
Although the SMC precludes ARGweaver from inferring disjunct coalescence events, disjunct
blocks (especially, edge i) may be an artefact of the way we identify unique edges from the
ARGweaver output, together with discretization of time points (in principle, they could be
distinct coalescence events but are forced to coalesce at the same time). Moreover, these
blocks can also stem from including the H.e.notabilis population in our analysis (Trees 1,2,5,6
has one or more H.e.notabilis individual clustering together within the H.e.lativitta
population), and hence are present as nested blocks within edge iii and iv in the central
regions of the shallowest coalescence. In future, it would be interesting to examine if
additional evidence can suggest older, historical sweep events to explain the disjunction of
these blocks, or whether they are simply remnant structures/signatures from other stochastic
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events. It is important to note that 4 out of the 6 substantial edges drawn here are supported
by SNPs fixed within the H.e.lativitta samples, and spans in disjunction (except edge iv)
throughout the region. This is in agreement to theoretical expectations in a swept genomic
region where uninterrupted edges are expected to exist with multiple SNPs supporting them
(edge iv - 9 SNPs, iii - 22, ii - 16, i - 14). In addition to these 4 blocks, we also see more recent
blocks with greater spans, explained by singletons (see Fig S7) and doubletons (edge v and vi
in Fig 5). Edge vi specifically spans the furthest along the genome, since it is formed by a
coalescent event between only two samples, suggesting that there has not been sufficient
time for recombination to break it down.

Our ARGweaver analysis shows the complex relationships between SNPs, edges and
haplotype blocks inferred from real data, but also demonstrates the possibility of visualising
haplotype blocks as edges, and utilising statistics from these blocks as a signal to make further
evolutionary inference. This could potentially produce alternative hypotheses, such as
multiple selective sweeps, or differentiate between sweeps and random shallow coalescence
events. However, we should point out several limitations to such analyses. First, since there
is an infinite number of possible genealogical histories, inference of the full ARG comes with
a degree of uncertainty. Specifically, ARGweaver estimates a coalescent model from the data
(set of SNPs) and produces a distribution of trees that is consistent with the data, but only
supported strongly at and around the SNPs. In other genomic regions, the model produces a
random distribution of trees given the parameters that are still consistent with the data but
not necessarily supported by any SNPs (see Fig S9 for comparison between haplotype block
structures between MCMC iteration). This suggests that inferences should only be made only
from edges robustly supported by the SNP configuration, rather than the full ARG. Due to its
computational tradeoffs, ARGweaver inference can also be prone to differences in user
choices such as discrete time-points, recombination/mutation rates, estimation of effective
population size, MCMC parameters. Despite these limitations, features of haplotype block
structures from our analysis can carry potentially important features in non-neutral regions
of the genome. Here, we simply demonstrate with a small example one way to identify
significant edges and haplotype blocks from empirical data. Although beyond the reach of this
paper, we hope that the rich haplotype structure revealed here can spur development of new
methods that take advantage of different layers of information.

The computational requirement and feasibility of ARGweaver were addressed by two
other methods - tsinfer (Kelleher et al., 2019) and Relate (Speidel et al., 2019) that attempt to
approximate the ARG in much larger populations with thousands of samples by focusing on
topology (or ‘succinct tree sequences’), rather than a full inference of the ARG. They do so by
representing genomes as a series of tree topologies: Relate as distinct trees; tsinfer as ‘tree
sequences’ connected via ancestral haplotypes. Both achieve this remarkable speed-up by
relying on the Li and Stephens’ hidden Markov model (Li and Stephens, 2003) see Box 2 for
further details) to infer local pairwise distances (Relate) or ancestral haplotypes (tsinfer). As
an added advantage, tsinfer doubles as an efficient, lossless compression algorithm by
indexing population genomic variation as SNPs-on-trees as opposed to the traditional (and
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highly redundant) SNP-by-individual matrix (implemented as a tskit library; Kelleher et al.,
2019). Put another way, the tree sequence encoding can fully capture the variation data in
entire populations, for a fraction of the storage space. Such a representation also effectively
encapsulates a number of population genetics summary statistics (Kelleher et al., 2019; Ralph
et al.,, 2020). These developments may prove essential, as sequencing of entire national
populations increasingly becomes routine.
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Figure 5. Visualisation of haplotype blocks based on application of ARGweaver to the optix region of
Helconius erato butterflies (2n = 20). A: Genealogical trees at each genomic point, marked by arrows and
corresponding numbers. Red labels - H.e.lativitta samples; Yellow labels: H.e.notabilis samples. Branches
on trees are coloured according to the corresponding edges in C. Both highland H. e. notabilis population
(2n = 20) and lowland H.e.lativitta (2n = 20) are included in the analysis so that we can estimate the length
of branches that are ancestral to all H.e.lativitta samples (2n = 20), however B,C,D only exhibits features
related to H. e. lativitta population. B: Genomic location of SNPs for all 20 H.e.lativitta haploid samples.
Out of a total of 137 SNPs, only those that explain the 6 substantial edges are coloured accordingly. Edges
are defined as substantial if 3 or more SNPs occur on them. 2 out of 6 edges (v and vi) are explained by
doubleton SNPs, whereas the rest are fixed within the H.e.lativitta samples. SNPs that do not appear on
any significant edge are coloured grey if they have higher allele frequency within the samples, white
otherwise. C: Visualisation of haplotype blocks as edges similar to Figure 3 - plotting blocks along the
genomic (x-axis) and temporal span (y-axis). Since edges always originate at a fixed coalescent time point,
the bottom line of the block is always smooth. The ragged tops of the blocks denote the length of the edges
interrupted by recombination events. Note that edges can also be disjunct due to one or more samples
and recombining out and back into the same lineage. D: 50-percentile TMRCA estimates along the genome:
black: total TMRCA to the all 40 samples, red: TMRCA to only H.e.lativitta samples.
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Among practical methods, tsinfer and Relate are the state-of-the-art in representing
large populations. All three approaches, including ARGweaver, approximate some aspects of
the ARG well, and give an accurate distribution of coalescence time under simulation of the
standard coalescent (Brandt et al., 2022). For our purposes, they are also useful
approximations to the ARG that highlight some of the key advantages we wish to emphasise
in our haplotype block definition. For example, Relate presents a suite of statistics that goes
beyond SNP information. One advantage of Relate is that branches are dated, as opposed to
a strict encoding of topology alone in tsinfer. Having dated branches allows, among other
things, the possibility of estimating temporal changes in mutation rates. Another useful
feature, in our view, is tsinfer’s placement of SNPs onto branches, which is the essential
feature that distinguishes haplotype blocks from each other under our definition, even
though our definition is independent of the SNPs themselves.

We note that efforts are already underway to bridge across methods and address their
limitations. For instance, tsdate now adds coalescence times estimates and branch lengths
from tsinfer’s output (Wohns et al., 2022). In the context of our exploration of haplotype
blocks and their overlapping structure (Fig. 3C, D), we have noted that they may not be
accurately captured under the Li—Stephens models in tsinfer and Relate, in a way that may
bias the inferred ARG. However, this is an open question, so more work is needed to
understand how different methods perform across a range of parameters relevant to non-
model organisms.

In summary, there has been a recent spurt in innovation in genealogy/ARG-based
methods. Among these, ARGweaver arguably comes closest to inferring the full ARG, but at
considerable computational cost. Both tsinfer and Relate are robust and scalable to
thousands of samples with minimal, reasonable tradeoffs, but infer haplotype blocks only as
an incidental output. Ultimately, we hope our discussion here will encourage development of
new methods to infer haplotype blocks as we define them, and to use these for further
explanation and inference.

Assuming that a method becomes available for inferring blocks as we have defined
them, there are still practical considerations that we will need to face. For example, we see
from Figs. 3 & 4 that haplotype blocks, defined via branches in the genealogy, have a complex
structure, tracing back in time for a number of generations that varies along their span (e.g.,
blocks ii and iii). This makes it (for example) hard to define the extent of haplotype blocks in
any simple way, especially since they may be disjunct. Should this be their maximum length,
or should it rather be weighted by the depth? It is not clear which description would be better
forinference and this may even depend upon the specific process that we wish to infer. These
kinds of issues could be investigated by estimating parameters under a variety of specific
models in which case we can evaluate the strength and weaknesses of different descriptions
of haplotype structure in characterizing different processes.
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2.5 | Conclusions and future directions

In this article, we have outlined a definition of the haplotype block, explored the implications
of the definition with simple simulations, and considered how current methods can infer such
blocks from empirical data. In our view, haplotypes and haplotype blocks should be the core
concepts through which we understand population genetic processes. Under this view, it
follows that ideally, genomic datasets should come directly as resolved haplotypes, rather
than diploid genotypes that require phasing and further processing. We therefore welcome
new developments in linked- and long-read sequencing techniques, analysis software, and
visualization tools that are designed with sequencing and population datasets in mind (Davies
et al., 2016; Meier et al., 2021).

Our simulations and empirical example show that haplotype blocks contain rich
information about the demographic and selective history of the locus. Making the most of
this information will require a fundamental rethink of our linear, reference-based genome
assemblies, and a move towards a graph, or tree-based assembly standard to take advantage
of their capability to natively encode variation (Eggertsson et al., 2017; Hickey et al., 2020).
We will also need new concepts and vocabulary to describe features in these graphs (e.g.,
super-graphs and “bubbles”; (Cheng et al., 2021; Turner et al., 2018; Weisenfeld et al., 2017))
informed by a robust understanding of the generative process discussed above, and we need
to align our mental models with inference schemes and their encoding (as in, e.g., tsinfer).
For that reason, we hope our discussion here can focus our effort towards this new standard,
as haplotype-resolved sequencing becomes routine.

2.6 | Supplementary Information

Appendix S1 contains summary of the simulations, and can be found online with the original
publication at: https://doi.org/10.1111/mec.16793. Appendix S2 describes the empirical
implementation of haplotype blocks with ARGweaver and is included in the thesis in

Appendix A.
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Box 1. Ancestral Recombination Graph (ARG)

The ARG describes the complete ancestry of a sample of genomes through a series of real
coalescence and recombination events (Griffiths and Marjoram, 1997; Hudson, 1983). At
any given site on the genome, the relationship can be described through a genealogy
(Kingman, 1982); all contemporary samples coalesce and eventually trace back to one
single ancestor. Moving along the genome, the relationship inevitably changes due to
recombination. This leads to a series of observable genealogies along the genome (Fig B1A),
which are embedded in a single structure—the ARG (Fig B1B).

The full ARG (Fig B1B) is a graph structure that depicts individuals (both ancestral and
extant), lineage relationships in time. Each node in the ARG represents a real coalescence
or recombination event, whilst edges represent the ancestry of a particular genomic
segment, along a genetic lineage (depicted by coloured/grey segment for inherited/non-
inherited genetic material in Fig B1B). Altogether, an ARG describes the entire ancestral
history - each recombination and each coalescence event, which imply the genealogy for
each non-recombined genomic block. Crucially, the ARG describes ancestry but not allelic
state, so is independent of all the mutations that lead to the observed polymorphism in the
present sample.

It is important to note that the full ARG (Fig B1B) contains more information than the
series of tree sequences along the genome (Fig B1A). First, a series of tree sequences lack
information on the timing of recombination events, unless these are separately stored.
Second, while some recombination events lead to observable changes in genealogical trees,
others might not. Figure B1A depicts such cases - some recombination events might not
change the tree topologies at all (trees ii and iv are exactly the same), whereas others might
only lead to temporal changes in coalescence nodes (tree i differs from trees ii and iv by 1
node position, but all have the same topology). Therefore, while there are 4 non-
recombining genomic regions, there are only 2 unique tree topologies (trees i, ii and iv have
the same topology) and 3 distinct trees (trees ii and iv are exactly the same). Some
coalescence events can also be entirely invisible and not be represented in any of the
individual trees — coalescence at t; in Fig B1B is not represented in the series of trees in Fig
B1A. Furthermore, two disjunct blocks of the genome can be inherited from the same
ancestor, so that a unique coalescence event (e.g., marked by * in Fig B1A) can generate
disjunct blocks of ancestry. It should also be noted that although Fig B1 shows the inevitable
coalescence of the whole genome into a single common ancestor, this typically takes an
astronomically long time: each non-recombining region of the genome coalesces at various
time points, and the single lineages ancestral to each region then take an extremely long
time to coalesce in one common ancestor, in a process which is in principle unobservable.

Since the ARG contains full information about the genealogy of the sample, it is in

theory sufficient to infer any evolutionary process: the ARG necessarily gives more
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information than commonly used statistics like SFS, Fst, EHH, which are low-dimensional
summaries of the ARG (Ralph et al.,, 2020). Therefore, the ARG should serve as the
foundation for developing new methodologies. However, we note that whilst the ARG is a
sufficient statistic, it remains an open question how much the extra information it gives can
improve inference: the intrinsic variability of the evolutionary process sets a bound on the
accuracy of our inferences.
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Figure B1. Relationship between Genealogies and the ARG. (A) Genealogical trees along the genome,
corresponding to the ARG - each tree describes the ancestral relationship for each of the 4 non-
recombined regions. ¢, ¢y, ..., s denote time points for each coalescence event. Trees can either change,
have the same topology, or marginally differ by only temporal positions of coalescence nodes. Asterisk
(*) denotes a unique coalescence event that is ancestral to disjunct genomic regions. (B) Full
representation of Ancestral Recombination Graph (ARG) - Tracing back ancestry of four genomes, there
is either recombination splitting lineages or coalescence merging lineages. Inherited ancestral genomic
regions are coloured corresponding to the contemporary genomes. Recombination is represented by
splitting the genome into two; where grey denotes non-ancestral genomic region. Coalescence is
represented by two genomes merging, with inherited genomic regions denoted by mixed colours. There
are 3 recombination and 6 coalescence events in the full ancestral history of the four genomes. c¢3, ¢, ...,
Cs denotes time points for each coalescence event. ry, s, r3 denotes time points for each recombination
event.
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Box 2. Population genetic methods that make use of
haplotype information

Many methods for inferring evolutionary processes make use of haplotype structure. These
can be roughly grouped into three types based on their underlying paradigm: window-
based methods, segment-based methods and tree-based methods. These methods vary in
complexity from simple heuristics to full statistical treatments. Here we discuss window-
based and segment-based methods, but we reserve our discussion of tree-based methods
to the main text.

Of the three classes, window-based methods tend to be the simplest, and primarily
operate across sets of individuals. In the simplest form, haplotypes are operationally
defined as the set of alleles observed at the segregating sites within a predefined window
of an arbitrary length, say, 50 SNPs or 100 kilobase. Ideally, window sizes should be short
enough to minimize spanning recombination breakpoints. One example is Hiz, which
detects selective sweeps (Garud et al., 2015). In this test, for any given window, haplotypes
are rank-ordered by their frequencies; in the case of a selective sweep at a given locus, we
expect the two most common haplotypes (H1 and H) to dominate the population. The Hi»
test features enhanced power to detect selection, especially under competing sweeps
between recurring mutations. However, the test does not attempt to capture the real
haplotype block length and is rather heuristic. Other fixed window-based applications
include ones exploiting local genomic structures, especially ones showing geographical
structure or associated with local adaptation (data-driven clustering/DDC in (Jones et al.,
2012), see also (Li and Ralph, 2019; Todesco et al., 2020). While window-based methods do
not explicitly infer or use information of haplotype block length, they sometimes do take
the genealogical structure into account, e.g., Twisst (Lohse et al., 2016; Martin and Van
Belleghem, 2017). Often, the simplicity of window-based methods is also their main appeal
in the era of SNP genotyping.

Segment-based methods are more sophisticated. They operate primarily on
individual sequences, with the aim to represent haplotypes as a mosaic of segments from
a haplotype panel, often under some version of Li and Stephens algorithm (Box 2). These
segments offer a more realistic model of recombination breakpoints and confer superior
power to capture signatures due to linkage. Extended haplotypes homozygosity (EHH)
(Sabeti et al., 2002) is an excellent example of such segment-based statistics for inferring
selection. Along with its derivatives, such as integrated haplotype score (iHS) (Szpiech and
Hernandez, 2014) and cross-population EHH (XP-EHH) (The International HapMap
Consortium et al., 2007), they have been widely used to detect selection in many systems
(Cao et al., 2011; The International HapMap Consortium, 2007). These methods typically
seek to capture the decay of a signal, say, in the extent of haplotype sharing, from an a
priori defined core SNP. More sophisticated methods based on hidden Markov models to
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infer the haplotype structure are especially helpful in uncovering admixture and
introgression (e.g., fineSTRUCTURE, Lawson et al., 2012). This allows for the visualization of
the haplotype-specific ancestry and improved fine-scale analysis of population structure
that is not obvious from unlinked markers.

Box 3. Applications and limits of the Li and Stephens model

Li and Stephens (2003) (LS) proposed a hidden Markov model (HMM) framework that
underpins a large number of existing inference methods. Originally developed to model
patterns of linkage disequilibrium, it has since been widely applied to develop analytical
tools and address empirical problems, such as, phasing and imputation of genomic data
(Browning and Browning, 2011; Howie et al., 2011; Li et al., 2010; Marchini et al., 2007;
Stephens and Scheet, 2005), inference of population structure and demographic history
(Hellenthal et al.,, 2014; Lawson et al., 2012; Steinrlicken et al.,, 2019, 2018),
characterisation of local admixture (Price et al., 2009; Sundquist et al., 2008), inference of
local genealogies (Kelleher et al., 2019; Rasmussen et al., 2014; Speidel et al., 2019), and
many more. The LS HMM framework is highly tractable and efficient. However, underlying
assumptions make it incompatible with the haplotype definition we propose.
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The LS algorithm requires a reference sample of haplotypes, or if presented in a
sequence, previously observed haplotypes. It gives a framework to decide whether some
focal haplotype represents a) an entirely new haplotype or b) a mosaic of previously
encountered haplotypes, and determines the breakpoints and transitions in this mosaic.
Whilst the LS model captures genetic relatedness among chromosomes through
recombination, it assumes that the reference haplotypes are known. This would be valid in
a selection experiment, if we know the founder genomes; in this case, blocks are defined
by IBD to this reference population. However, if we only have contemporary genomes, the
reference panel is an approximation. Secondly, the model assumes that genomic states
depend solely on the immediately preceding site. This is also an approximation, since in the
true ARG, recombinant lineages can coalesce back to any lineage that existed in the
preceding genome, which yields disjunct haplotype blocks.
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Table 1. A glossary of key terms

Term

Definition

Ancestral
recombination Graph

A graphical representation of the complete ancestry of a sample of
genomes through a series of coalescence and recombination events.
The ARG can be decomposed into a series of marginal trees that give
the relationships between samples within each nonrecombining
region

Branch

A part of a genealogical tree at a single locus, which connects two
coalescence events

Coalescence

The merging of lineages in a common ancestor, as one traces lineages
backward in time

Edge

A set of genomic regions that are the immediate ancestors of a specific
coalescence event, and that are ancestral to a specific set of sampled
genomes. An edge has two dimensions (generations x map length).
Any SNP that falls on an edge will be shared by the set of descendant
genomes, and only by those genomes

Haplotype

A haploid genotype. A diploid genotype consists of a pair of haplotypes

Haplotype block

The set of genomic regions that descend from a particular edge in the
ARG, which is defined by a unique coalescence event, and by the set
of descendant samples

Identity by descent Segments of the genome are identical by descent if they descend from
(IBD) the same common ancestor
Lineage A chain of genes that descends from parent to offspring, or (tracing

backwards) from offspring to parent

Linkage disequilibrium

Non-random association of alleles at different loci

Phasing

The process of assigning alleles to the maternal and paternal
chromosomes in a diploid individual

Time to the most
recent common
ancestor (TMRCA)

The time of the most recent coalescence event from which a focal set of
samples descends
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Chapter 3

The genetic basis of a recent
transition to live-bearing in marine
snailst

Abstract

Key innovations are fundamental to biological diversification, but their genetic basis is poorly
understood. A recent transition from egg-laying to live-bearing in marine snails (Littorina)
provides the opportunity to study the genetic architecture of an innovation that has evolved
repeatedly across animals. Individuals do not cluster by reproductive mode in a genome-wide
phylogeny, but local genealogical analysis revealed numerous small genomic regions where
all live-bearers carry the same core haplotype. Candidate regions show evidence for live-
bearer-specific positive selection and are enriched for genes that are differentially expressed
between egg-laying and live-bearing reproductive systems. Ages of selective sweeps suggest
live-bearer-specific alleles accumulated over ~200k generations. Our results suggest that
novel functions evolve through the recruitment of many alleles, rather than in a single
evolutionary step.

T This chapter is published and can be found online at: https://doi.org/10.1126/science.adi2982
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3.1 | Introduction

Evolutionis a gradual process, but occasionally results in sudden changes in form and function
that allow organisms to exploit new ecological opportunities (Miller et al., 2023; Wagner,
2011). These game-changing traits—including flight, vision, and the bearing of live offspring—
are known as ‘key innovations’ (Baum and Larson, 1991; De Queiroz, 2002; Miller et al., 2023).
Key innovations are all around us, and have catalyzed the diversification of many groups
(Wagner, 2011). Despite their significance, we know surprisingly little about the origins and
genetic basis of innovations (Wagner, 2011). This is because most of them originated deep in
the past, making it difficult to disentangle causal loci from the countless other genetic changes
that accumulated up to the present.

A recent transition in female reproductive mode offers a rare opportunity to study the
genetic basis of an innovation that has evolved many times across the animal kingdom
(Whittington et al., 2022). We focus on a clade of intertidal gastropods (genus Littorina) where
the ancestral state is to lay a large egg-mass, but one species gives birth to live young (Fig. 1A,
fig. S1) (Reid, 1996; Reid et al., 2012). Egg-layers have a gland that embeds fertilized eggs into
a protective jelly. In the live-bearer, L. saxatilis, this structure has evolved into a brood pouch
where embryos develop inside the mother. Live-bearing is the only taxonomic character that
is diagnostic of L. saxatilis, as no other known trait differs consistently between the live-
bearing and egg-laying individuals (Reid, 1996; Reid et al., 2012). In fact, sympatric
populations are so similar that the difference in mode was long thought to reflect within-
species polymorphism (Reid, 1996; Seshappa, 1947) and molecular markers are needed to
identify males and juveniles where live-bearing and egg-laying species coexist (Stankowski et
al., 2020).

Live-bearing is thought to be an adaptation allowing snails to reproduce in areas where
eggs would be exposed to harsh conditions (Reid, 1996). This is reflected in the much broader
ecological and geographic distribution of L. saxatilis compared with the two closely-related
egg-laying species, L. arcana and L. compressa (Reid, 1996) (Fig. 1B and 1C, fig. S2). Egg-laying
and live-bearing species have adapted in parallel to contrasting environments across the
intertidal zone (Johannesson, 2003; Reid, 1996), largely decoupling reproductive mode from
other axes of phenotypic divergence (Fig. 1B). There is also evidence for rare gene flow
between egg-layers and live-bearers (Stankowski et al., 2020). These features provide an
opportunity to identify and study the genetic changes underlying the live-bearing innovation.

3.2 | Results and Discussion

3.2.1 [ Live-bearing snails do not form a monophyletic group

We used whole-genome sequences from 108 individuals to test the existing
hypothesis of a single origin of live-bearing, inferred by parsimony analysis in earlier
phylogenetic studies (Fig. 1D, figs. S3 & S4, tables S1 & S2) (Reid, 1996; Reid et al., 2012).
Rather than forming a single clade, live-bearers formed two separate, well supported clades
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in a genome-wide phylogenetic tree (Fig. 1E): one containing all L. saxatilis from lberia
(hereafter ‘Iberian saxatilis’), and another including all other L. saxatilis (‘Northern saxatilis’)
that was sister to egg-laying L. arcana (same pattern observed in an ML tree, phylogenetic

network and PCAs; figs. S5 & S6).
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Figure 1. Variation in reproductive mode in Littorina. (A) Anatomical differences between modes. (B) Egg-
layers reproduce during a limited breeding season, while live-bearers release offspring year-round. The
two egg-layers share their habitats with ecotypes of the live-bearer, L. saxatilis. (C) Approximate
distributions of the modes, highlighting the broader distribution of live-bearing. (D) Existing hypothesis for
the origin of live-bearing inferred by past phylogenetic studies (Reid, 1996). (E) Neighbour-joining
phylogenetic tree based on whole-genome sequences (108 individuals and 18.5 million variable sites). All
nodes have 100% bootstrap support.

The discordance between evolutionary relationships and reproductive mode has
several possible explanations. One interpretation of the genome-wide tree is that there has
been more than one transition between egg-laying and live-bearing. However, because the
tree represents the aggregate signal from all loci in the genome, it does not necessarily reflect
the evolutionary history of these groups, or of any single locus or trait (Hahn and Nakhleh,
2016). This means it is also possible that live-bearing may have evolved once, and that causal
alleles became associated with two different lineages via the interaction of gene flow and
selection (Hahn and Nakhleh, 2016). If this were the case, we would expect genealogies for
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loci that cause live-bearing to be strongly discordant from the genome-wide tree, with
samples grouping by reproductive mode.

3.2.2 | Topology weighting reveals rampant genealogical discordance and
loci associated with reproductive mode

With this expectation in mind, we used topology weighting (Fig. 2A) to identify
genomic regions associated with reproductive mode. For each genomic window, topology
weighting calculates the degree of monophyly toward three possible taxon subtrees (Fig. 2B
& 2C, fig. S7): (i) the background topology, Tb, observed in our genome-wide analysis, (ii) the
reproduction topology, Tr, where samples cluster by reproductive mode, and (iii) the control
topology, Tc, which is of no specific interest but provides a control for distinguishing
incomplete lineage sorting from other processes that cause genealogical discordance (e.g.,
gene flow). We used non-overlapping 100-SNP windows (mean size 5.8 kb, fig. S8), and
calculated topology weights (Martin and Van Belleghem, 2017) for each window by sampling
10,000 subtrees (Fig. 2A).

We analysed the joint distribution of topology weights in a ternary framework. This

approach exploits the geometric properties of the ternary plot, allowing us to visualize and
quantify various properties of the genome-wide distribution of discordance (Fig. 2A). We used
simulations to illustrate how different factors, including the timing of population splits and
gene flow between non-sister lineages, shape the ternary distribution of topology weights for
large numbers of loci (Fig. 2B; Supplementary text, figs. S9—S19; tables S3 & S4).
We expected the empirical distribution of weights to be biased toward Tb, because this was
the topology observed in the genome-wide analysis. However, the observed bias was only
slight (Tb = 0.380, Tc = 0.310, Tr = 0.308), with just 62 of ~155,000 genomic regions perfectly
fitting Tb (i.e., Tb = 1) (Fig. 2C). Instead, the bulk of the distribution fell close to the center of
the triangle. This indicates that sequence variation is broadly shared between groups,
resulting from extensive incomplete lineage sorting due to rapid diversification relative to the
effective population size, or widespread gene flow during divergence, or both (Hudson, 1990;
Maddison, 1997). Thus, although well-supported statistically, the genome-wide tree is a very
poor predictor of evolutionary relationships at any given genomic region.

We found substantial left-right asymmetry in the distribution of topology weights (Fig.
2D). Such a bias is not expected to arise from incomplete lineage sorting, because there is an
equal chance that a given gene tree will more-closely resemble either alternative topology
(Fig. 2B, Supplementary Materials) (Maddison, 1997). We detected asymmetry using a new
statistic, Dir (Fig. 2D, fig. S19). A genome-wide test, performed by calculating D;r between the
two halves of the triangle, revealed a 3.4% excess of windows shifted toward the control
topology (Dir = 0.034, permutation test p = 1e-5). D;r calculated between analogous left- and
right-side sub-triangles, revealed that this asymmetry was driven by an excess of trees with a
small bias toward Tc (Fig. 2D, table S5). Further exploration showed that this bias is due to 10
previously-identified chromosomal inversions (Reeve et al., 2024), none of which is associated
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with reproductive mode (figs. S20—S23, table S6, Supplementary Materials). For each
inversion, one arrangement is more common in Spanish L. saxatilis and L. arcana, and the
other is more common in L. compressa and Northern L. saxatilis. When the chromosomal
inversions are removed, we find no significant left-right asymmetry at the genome-wide level
(Dyr for regions outside inversions = -0.007, p = 0.074, fig. S20).

A ‘TwisstNTern' analysis of tree discordance C Empirical distribution D Tests reveal assymetrical discordance
. Topology b Topology C Topology r
Step 1| Build a full trse Tor 4| Fiot weights in temary plot . . " Full dataset
far each genomic window A Window a [0.10, 0.20, 0.70] backgmund (es conirol ke repradiction ime P=1x10"
o9 b2 B .
2| Sample & b [1.00, 0.0C
classify 10 k subtresi| TP ,0.3 5 | . obs.
subtrees wsing LY S nu l
Twisst (5 Ty ' CIAN CNIA CAIN =
(Martin & Van P3 r T T
Bellegham 2017) P 79649 [74438 0 015030
%p2 (10P2HP3P1Y) n windows
3| Determine proportion Numnber of windows o Tb
of each topology using Twisst -] Dy= N - 0.5(n,+n:)
T I o 7 0.5{n+n)
Th Mo2 ® & 4§

—

i [ e v v =
-3 -3 -3 @ o S I & ™ &
™ o o o LS
B Summary of simulation results
P <005
* P 20,001

Exampfs

Ju
“larger N, | v m:-aoo Loci) * P=1x10%
= shorter internodes I iii
2 0 P12
£p E Extreme Tr trees are over-represented
iv-vi
§ E 107 Te 1004 Tr
e
&g o o
PIPZP1
% £ ‘e 50 50
ss& r POl VP | T T
07 0& 080 10 07 08 08 10
v 1009 Th
« smaller Ny
longer internodes €
S 50
Standard four- With factors that 8
i cause i o
model discordance — T
(Gene flow as 0T 08 08 1.0
an example) %o A Topalogy weight
T 00
C o N
o o

Figure 2. Topology weighting reveals genomic regions associated with reproductive mode. (A) For each
genomic window, we inferred a tree for all haplotypes, and then classified 10k ‘subtrees’ by randomly
picking one haplotype per group. Topology weights are the proportions of each topology among all
subtrees. Windows were plotted in a ternary plot based on the weights. (B) Simulated distributions of
weights. A greater opportunity for lineage sorting (i - iii) biases the distribution toward the topology that
matches the demographic history. Incomplete lineage sorting yields genealogies that are a better fit to one
of the discordant trees, but the distribution is always symmetrical between the left and right half triangles.
Additional factors, including gene flow, create a bias toward one discordant genealogy (panels iv - vi). (C)
Possible topologies and the empirical distribution of weights for the 154,971, 100-SNP windows; C:
compressa, A: arcana, |: Iberian saxatilis, N: Northern saxatilis. Hexagonal bins are coloured by window
count. (D) Counts of windows in the left and right half-triangles, with asymmetry quantified using Dixz.
Further division into sub-triangles reveals left-right asymmetry throughout the distribution. Asterisks
indicate significant asymmetry between corresponding left- and right-sided sub-triangles. (E) Distributions
of weights > 0.7.

Much stronger asymmetry was observed between the far left and right sub-triangles,
corresponding to windows that more strongly fit one of the alternative topologies (Fig. 2D,
fig. S24). However, the asymmetry was in the opposite direction to the genome-wide pattern,
with a large excess of windows strongly biased toward the reproduction tree compared with
the control tree (Tr > 0.7 = 1151 windows vs. 461 for Tc; Dig = -0.43, p = 1e-5). A total of 88
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windows perfectly fit the reproduction topology (i.e., Tr = 1, table. S7), compared with no
windows that perfectly fit the control topology (D:r = 1.00, p = 1e-5; Fig. 2E, fig. S25).

3.2.3 [ Evidence for live-bearer specific positive selection

Although neutral gene flow can generate strong asymmetry under some
circumstances, we are unable to explain the observed Tr bias without invoking natural
selection (Supplementary Materials, table S8). We found strong additional evidence for live-
bearer-specific positive selection in regions associated with reproductive mode. First,
window-based estimates of nucleotide diversity (m) in live-bearers decreased substantially
with increasing Tr weight (Fig. 3A), but we found no such relationship in egg-layers. Eighty-
four (95%) of the 88 perfectly associated regions showed reduced m in live-bearers (mean Tuive-
bearer = 0.0029 VS Ttegg-layer = 0.0065; paired Wilcoxon test, p = 1.313e-15, Fig. 3A, fig. S26). These
results are consistent with selection having purged diversity from haplotypes associated with
live-bearing (Maynard Smith and Haigh, 1974). Although this result could in principle result
from a live-bearer-specific demographic bottleneck, we can rule this out because live-bearers
and egg-layers have similar levels of genome-wide diversity (mean Tive-bearer = 0.0065 Vs. Tlege-
layer = 0.0062; Fig. 3A, fig. S27). Further, relationships between 1 and the other weights (Tb
and Tc) were weak, and similar for both groups, confirming that reduced m in live-bearers is
specific to Tr rather than being a general feature of windows with extreme weights (fig. S28).
The site-frequency spectra (SFS) and sample-size-corrected estimates of private alleles for
perfectly associated regions provide further evidence for selection (Fig. 3B—3D; figs. S29—
S31; tables S9—S11): the live-bearer SFS was strongly skewed toward rare variants (Tajima’s
D =-1.89, 95% Cls -1.77 — -2.01; fig. S29), the majority of which (80%) were private to live-
bearers. Both results are expected during the phase when diversity is recovered by mutation
after a selective sweep (Braverman et al., 1995). In contrast, the SFS for egg-layers was much
closer to the neutral expectation (Tajima’s D = -0.24, 95% Cls -0.037 — -0.437), with
polymorphic sites being 2.14 times more abundant in egg-layers after accounting for the
difference in sample size.

We next characterized footprints of selection within contigs to estimate the number
and size of candidate regions more accurately (Fig. 3E). The 88 perfectly associated windows
mapped to 50 contigs in our genome assembly (mean 1.7 + sd 1.5 windows per contig; table
S9). Associated regions were narrow, mostly spanning less than 20 kb (mean 12 kb + sd 14.4).
Sliding-window analysis of each contig generally revealed clear peaks of allele frequency
differentiation (Fsr) and sequence divergence (dy) between the egg-layers and live-bearers,
as well as valleys of nucleotide diversity (m) in live-bearers (Fig. 3E). We also inferred ancestral
recombination graphs (ARGs) for selected contigs to refine candidate regions (Fig. 3E). Unlike
trees inferred from genomic windows with arbitrary start and end positions, each tree in an
ARG corresponds to an inferred non-recombining segment of the genome (Shipilina et al.,
2023). Thus, by applying topology weighting to the sequence of marginal trees, we were able
to identify more precisely the segment of genome retained by all live-bearing samples
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following the selective sweep. In both cases, the core live-bearing haplotype spanned less
than 2 kb. Live-bearers showed much shallower coalescence in these regions than egg-layers,
as expected following a sweep (Fig. 3E).
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Figure 3. Evidence for positive selection on haplotypes associated with live birth. (A) Relationship
between m and Tr for both reproductive modes. Triangles on right: genome-wide 1. (C: compressa, A:
arcana, |: Iberian saxatilis, N: Northern saxatilis). Violin plots: distributions of it for windows where Tr = 1.
(B) Folded SFS for each mode in perfectly associated regions, projected at the same sample size for
comparison. (C) Estimates of Tajima’s D with 95% Cls for perfectly associated regions. (D) Examples of trees
for windows where Tr = 1. (E) Variation across two example contigs that contain a window where Tr = 1
(span of the orange box). The tree associated with each region is shown. Top panel: Fst between egg-layers
and live-bearers in 3kb sliding windows (30 bp step). Tr shows the results of topology weighting applied to
marginal trees obtained from inferred ancestral recombination graphs (ARGs). Purple arrows show fixed
differences between modes. Middle panel: i and dy, in sliding windows. Bottom panel: traces of time to
the most recent common ancestor (TMRCA) obtained from ARGs. Bold lines: median estimates; Envelopes:
95% Cls. The red box shows the inferred length of the core haplotype block associated with live birth.
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Approximate estimates of the timing of each selective sweep at the mode-associated
loci, estimated from the accumulation of private mutations (T = Tprivate/2u), Span a broad
range from ~20 k to 200 k generations before present, with a median of 70 k generations
before present (fig. S32). Assuming 2 generations per year, this equates to 100 k to 10 k years
before present, with a median time of 35 k years.
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Figure 4. Candidate regions are widespread across the genome and enriched for genes that are
differentially expressed (DEGs) between reproductive systems. (A) The number of high Tr windows (Tr >
0.7) assigned to each of the 17 L. saxatilis linkage groups (LGs). Dots show the expected number of windows
given the total assigned to each LG. (B) Distribution of high Tr windows across LGs. (C) Clustering of tissues
by expression and the number of differentially expressed genes (DEGs) in each expression class. (D)
Clustering of reproductive tissues based on patterns of expression. (E) The proportion of genes in each
differential expression class after binning genes according to the Tr weight.
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3.2.4 | Mode-associated regions are widespread and enriched for genes that
are differentially expressed between reproductive systems

The assignment of contigs to a genetic map revealed that reproductive-mode-
associated windows are widespread across the genome, rather than co-localizing to one or a
few genomic regions (Fig. 4A). As expected for a polygenic trait, the number of mode-
associated windows on each linkage group (LG) was strongly predicted by LG size (Tr > 0.7, r
=0.79, p < 0.0001; Tr > 0.9, r = 0.71, p < 0.005). Associated regions were also widespread
within linkage groups, in some cases with strong associations near opposite ends of the same
LG (Fig. 4B).

Candidate regions also showed strong enrichment of genes that are differentially
expressed between female live-bearing and egg-laying reproductive tissues. To identify
differentially expressed genes (DEGs), we collected reproductively mature female L. arcana
and Northern L. saxatilis at peak breeding season from a single location (to control for
environmental effects) where sympatric egg-layers and live-bearers are morphologically
cryptic aside from their reproductive anatomies. We first compared transcriptomes from
pools of reproductive systems (brood pouch vs. jelly gland) and foot tissue paired from the
same individuals. Clustering analysis based on patterns of gene expression (13,492 genes)
revealed that pools of reproductive tissue grouped by system type, but egg-laying and live-
bearing species did not group based on expression in foot tissue. Differential expression
analysis revealed 1,044 DEGs, and showed much higher rates of tissue-specific differential
expression between reproductive systems (Fig. 4C, fig. S33). To increase power to detect DEGs
between the reproductive systems, we sequenced additional pools of reproductive tissue
(Fig. 4D, fig. S34). This analysis detected 1450 DEGs, 66.1% (858) of which showed higher
expression in the brood pouch of live-bearers. To test for the enrichment of DEGs in regions
associated with reproductive mode, we binned each DEG according to the Tr score of its
associated genomic region (Fig. 4E, fig. S35, table S12). We found that the proportion of
reproductive mode DEGs strongly increased with increasing Tr weight (Spearman’s rho =
0.903, p = 9e-04) (table S13). No correlation was observed between Tr weight and foot-tissue
only DEGs (Spearman’s rho =-0.410, p = 0.217) (table S13).

Gene ontology (GO) analysis and functional annotation suggest that the transition to
live-birth involved genes with diverse functions. Separate GO analyses conducted on a
sequence-based gene set (574 genes in regions where Tr > 0.7) and expression-based gene
set (1,450 reproductive mode DEGs) yielded 37 enriched GO terms, including transmembrane
transport, calcium-ion binding, and ion channel activity (Fig. S36). We examined the putative
functions of the 27 genes found in both sets in more detail (table S14). These included genes
putatively associated with antibacterial activity (lectin L6-like protein; higher expression in
brood pouch), the synthesis of mucin-type oligosaccharides (GALNT10-like; higher expression
in brood pouch), the formation of structural tissue (IFB-like and CMP-like, both higher
expression in brood pouch), and two secretory genes involved in egg-mass production in
another marine snail (both with lower expression in brood pouch).
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3.3 | Conclusions

Our analyses show that live-bearing in Littorina is associated with selection on many loci, as
in the only comparable analysis in Zootoca lizards (Recknagel et al., 2021). Although our
genome-wide analysis suggested two independent origins of live-bearing, the high sequence
similarity of live-bearer-specific alleles indicates that they had a single origin. Given the
number of associated loci, the history of their origin and spread may be highly complex,
potentially varying among loci. One possible scenario is that all live-bearer-specific alleles
originated in one location (e.g., in the ancestor to the Iberian clade), after which the range of
live-bearers expanded until they encountered egg-layers. Hybridization may have then
allowed beneficial live-bearing alleles to introgress onto the local egg-laying genetic
background, or may have eroded genome-wide differentiation between egg-layers and live-
bearers while selection maintained alternative sets of alleles at mode-associated loci. It is also
possible that alleles arose in numerous locations, and that associations built up between them
at different times, perhaps as live-bearing spread. Regardless of the precise history, which we
cannot resolve at present, the interaction between gene flow and selection has allowed us to
identify loci associated with reproductive mode.

Live-bearing is the only known trait that consistently distinguishes L. saxatilis from the
egg-laying species, making associated loci good candidates for causing the difference in
reproductive mode. We found supporting evidence in our expression analysis, as associated
regions are strongly enriched for differentially expressed genes between the reproductive
systems. This suggests that selection has acted on differences in gene expression, driving the
evolution of live-bearing, including development of the brood pouch. Because reproductive
mode is a complex trait, associated loci may also underpin a diverse range of biological
functions, including the difference in the synchronization of egg-production (Reid, 1996)
differences in embryo retention time (Shine, 1983), and variation in immune function and
metabolism (Shine, 1983). It is, however, important to emphasize that some loci may not be
causally associated with reproductive mode, and may instead underlie other less conspicuous
traits that are functionally linked or associated with the live-bearing or egg-laying lifestyle.

Polymorphic inversions often underpin local adaptions (Jones et al., 2012; Lowry and
Willis, 2010), and are thought to maintain beneficial sets of alleles by suppressing
recombination (Wellenreuther and Bernatchez, 2018). This makes a role in the evolution of a
key innovation seem likely but we found that known chromosomal inversions in Littorina are
not associated with the difference in reproductive mode. Many large inversions are shared
among these Littorina species (Reeve et al., 2024), with evidence that they play a key role in
ecotype formation and reproductive isolation (Faria et al., 2019; Koch et al., 2021; Morales et
al., 2019). For example, in L. saxatilis, repeated adaptation to contrasting crab-infested and
wave-swept environments usually involves 8 to 12 major inversions, where the alternative
arrangements contribute to differences in morphology and behavior (Koch et al., 2021;
Morales et al., 2019). However, egg-laying species coexist with L. saxatilis, and likely use the
same inversions to adapt to local selection pressures (Reeve et al., 2024). Thus, the
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independence of genetic architectures for ecotype formation and reproductive mode may be
a major factor permitting the local coexistence of egg-laying and live-bearing species.

Our estimates of the timing or sweeps suggest that alleles associated with live-bearing
were recruited gradually over the last 200k generations (~100k years). This finding is relevant
to long-standing debate about the genetic basis of evolutionary novelty. Because key
innovations are not visible to selection before they arise, models of saltational evolution
invoke large-effect macromutations to explain their evolution (TheiBen, 2009). We do not
know which mutation caused the threshold from egg-laying to live-bearing to be crossed:
some potentiating mutations may have preceded live-bearing but been critical to its origin,
and others may have refined live-bearing after it arose. Nevertheless, our results suggest that
novel functions evolve gradually through the recruitment of alleles at many loci, rather than
arising in a single evolutionary step (Blount et al., 2012; Meyer et al., 2012; Recknagel et al.,
2021).

3.4 | Methods Summary

Detailed methods are available at: https://doi.org/10.1126/science.adi2982
Along with the core theme of this thesis, methodological description of TwisstNTern and
genealogical analysis (contributed by AP) is detailed here.

3.4.1 | Local tree building and topology weighting

We used local tree building and topology weighting to characterize patterns of
genealogical variation across the genome, following a custom pipeline established by Martin
and Van Belleghem. The following pipeline was run twice independently from the phasing all
the way through to the topology weighting, and produced highly similar results.

We first phased our genotype data using Beagle 5.3 (Browning and Browning, 2013),
with the settings recommended in the manual for a large outbred population. Each assembly
contig was then divided into non-overlapping genomic windows that each contained 100
SNPs. This yielded 154,971 genomic windows, with a mean physical length of 5.8 kb £ s.d. 5.3
kb (fig. S8). A neighbor joining tree was then constructed for each genomic region using the
program Phyml (Guindon et al., 2010). We assumed a GTR model and inferred trees using the
settings suggested by Martin and Van Belleghem (2017). Selected trees were illustrated using
the R package ggtree (Yu et al., 2017) using the unrooted layout.

Topology weighting was then performed on each of the 154,971 trees using the
program Twisst (Martin and Van Belleghem, 2017).. Topology weights are values that describe
the degree of monophyly in a large genealogy in light of the possible monophyletic taxon-level
relationships that could be observed. Consider a large genealogy for a single non-recombining
locus with 100 sampled individuals, but only four taxa: 1, 2, 3, 4 (Fig. 2A, fig. S7). Although
there is an inordinate number of possible unrooted subtrees that one can observe given the
large number of tips, there are only 3 possible unrooted topologies that can be observed if we
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randomly sample a subtree from the full tree that includes only one tip of each taxon:
((1,2)(3,4)), ((1,3)(2,4)), ((1,4)(2,3)). If the topology of many random four-taxon subtrees (say
10,000) is determined by iterative sampling of the full tree, then the fraction of each subtree
gives a quantitative description of the degree of monophylly toward each of the three possible
taxon subtrees.

Topology weighting was performed using the Newick tree files as the input, with the
following taxon-level topologies specified for calculating the weights (Fig. 2C). Given that we
have four taxa in our genome-wide phylogeny (L. compressa = C; |berian L. saxatilis = S, L.
arcana = A, and Northern L. saxatilis = N), the three possible unrooted taxon topologies are:
Tb = ((C,I)(A,N)), Tr = ((C,A)(I,N)) and Tc = ((C,N)(I,A)) (Fig. 2A). Tb—the background topology—
is consistent with the taxon-level relationships that we observed in our genome-wide tree (but
note that the full topology will not necessarily be exactly the same as the background tree
because relationships may differ within each of the four groups). whereas Tr and Tc represent
possible alternative relationships. In Tr—the reproduction tree—the taxa group according to
their reproductive mode, whereas in Tc—the ‘control’ tree—the taxa do not cluster as
expected based on their geographic relationships or any known aspect of their biology. We
refer to Tc as the control topology, sensu Martin et al. (Martin et al., 2013), because it provides
a useful control for distinguishing incomplete lineage sorting from other processes that can
generate discordant gene trees.

Because each of the 154,971 trees is large, consisting of 2n = 216 tips, we calculated
the weights based on a fixed number of subtrees rather than performing an exhaustive search
of all possible quartets. We sampled 10,000 subtrees, which has been shown to give very
narrow limits on the true topology weights (Martin and Van Belleghem, 2017).

3.4.2 | Plotting of topology weights in a ternary plot

Rather than plotting the topology weights across the genome (Martin and Van
Belleghem, 2017), we took the novel approach of analyzing the joint distribution of topology
weights within a ternary plot (Fig. 2A). The ternary plot has been used to study concordance
in phylogenetic studies (Allman et al., 2022), and is also a natural framework for analyzing
the distribution of weights in a tree with four taxa, as it makes possible a graphical
representation of each genomic window as a single point in an equilateral triangle based on
the three topology weights.

The three corners of the ternary plot—[1,0,0], [0,1,0], [0,0,1]—correspond with
genomic windows that show taxon-level relationships that are consistent with one of the
three possible subtrees; that is, 100% of the sampled subtrees (in our case 10,000) perfectly
match one of the three alternative trees, implying that samples from each of the four groups
are monophyletic (Fig. 2A). In contrast, the very center of the ternary plot—[0.33,0.33,0,33]—
corresponds with a genomic window where all three of the possible subtrees were sampled
at equal frequency. Any other location in the ternary plot indicates a bias toward one of the
subtrees, but with some resemblance to at least one of the other alternative topologies.
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3.4.3 | Exploring the ternary framework with simulation

To understand how different evolutionary processes shape the distribution of
topology weights in the ternary framework, we simulated genealogies for non-recombining
haplotypes in a four-taxon framework using MSprime 1.2.0 (Baumdicker et al., 2022). We
specified a demography where four descendent populations—O, P3, P2, P1—are produced
by population splits at three points going backwards in time (table S3): T1, which splits
population P12 to give rise to descendent populations P1 and P2; T2, which gives rise to the
populations P12 and P3; and T3, where the common ancestor of all the descendent
population splits, giving rise to lineages O and P123. The size of each population (X) is set to
NeX haploid sequences, and uni- or bi-directional migration can occur between a single pair
of ingroup taxa (i.e., between P2 and P3). Simulated genealogies were visualized in
demesdraw 0.3.2 (Gower et al., 2022).

We varied these 12 parameters to produce 101 unique models that fall into the 9
scenarios outlined below (a — h, fig. S9; table S4). For each model, we simulated 10,000
coalescent trees, which were then output in Newick format using tskit 0.5.4 (Kelleher et al.,
2018), and passed to the Twisst algorithm for topology weighting as described above. The
topology weights were plotted in a ternary plot using the R library Ternary. The results of the
simulations are shown in figs. S10-S18, and described in detail in the supplementary text.

a. Uniform N. and even time between splits: We conducted 12 simulations where
we varied the number of generations between the three splits, while keeping populations
identical in size. These simulations range from very short durations between splits, mimicking
a scenario with almost no demographic separation (T1 =1, T2 = 2, T3 = 3), through to very
long durations between splits relative to the N, (T: = 7290, T> = 14580, T3 = 21870). N, was set
to 500 for all populations and no migration was allowed between them

b. Varying but equal time between T2 and T3, with T1 set to 5k generations: We
conducted 8 simulations where we varied the durations between splits T2 and T3, but fixed
T1 at 5000 generations to allow populations to diverge after all 3 splits had occurred. N. was
set to 500 for all populations across all simulations. No migration was allowed between
populations.

c. Uneven time between splits: We conducted 10 simulations where the number
of generations between population splits varied in evenness. This was done by fixing the
values of T1 and T3, and varying the time of T2. We used 2 combinations of T1 and T3 (90 and
270 and 405 and 1215) to see how the unevenness of splits interacted with variation in the
duration of divergence. N. was set to 500 for all populations across all simulations with no
migration between populations.

d. Uniform variation in Ne: We performed 10 simulations using a model with equal
time between splits times but with different values of N.. The split times used for all
populations were T1 = 90, T, = 180, Tz = 270. We varied the Ne from 5 to 5000, keeping it
uniform for all populations. No migration was allowed between populations.

e. Varying Nein one population: We performed 16 simulations using a model with
equal time between splits, but with the N. of one population (always P3) set to a value that
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was larger or smaller than all other populations where N. was always 500. This was done for
4 different sets of split times, ranging from short durations between splits (T1 = 10, T, = 20, T3
= 30), to very long durations (T: = 7290, T, = 14580, T; = 21870). Four different values of Ne
were tested for each scenario. No migration was allowed between populations.

f. Unidirectional migration between P2 and P3: We conducted 16 simulations
with varying rates of migration between populations P2 and P3. We defined four histories with
the same N, for all populations (N = 500) and equal time between splits, but with the duration
between splits varying from very short (T1 = 10, T, = 20 Tz = 30) to very long (T1 = 7290, T, =
14580, T3 = 21870). For each of the four histories, we modelled four different rates of
migration: m =0, 0.001, 0.010 or 0.100.

g. Bidirectional migration between P2 and P3: We conducted 16 simulations as
described above for the unidirectional migration scenario, but with migration in both
directions (P3 to P2 and P2 to P3).

h. Unidirectional migration for 10% of the genome: We conducted 12 simulations
where migration only occurs for a fraction of the genome. We defined two scenarios with an
Ne of 500 for all populations and equal time between splits, but with the duration between
splits varying between the two scenarios (T1 = 100, T, = 200 T3 = 300; T1 = 405, T, =945, T3 =
1215). For each scenario, we modelled heterogenous migration by combining two simulations
together. 90% of genealogies were simulated under a ‘background’ demography without gene
flow, and the remaining 10% were simulated under the same model, but one of six rates of
migration from P3 to P2: m =0, 0.001, 0.005, 0.010, 0.05, 0.01, or 0.05.

i. Ancestral structure: We modeled ancestral structure by combining simulations
of two scenarios together, following Martin et al (2015). Ninety percent of the genome was
simulated under the ‘background’ demography (O(P3(P2,P1))), and the remaining 10% under
the ‘alternate’ demography (O(P2(P3,P1))). Split T2 was set to be more ancient in the
background to mimic a region of the genome that is polymorphic at particular loci. N. was set
to 500 for all populations for all simulations. No migration was allowed between populations.

3.4.4 | Quantifying asymmetry with the D, statistic

The results of simulations outlined above show that divergence under an idealized
four-population model without migration produces a symmetrical distribution of topology
weights between the left and right halves of the ternary plot (figs. S10 & 14; Supplementary
text). This is because there is an equal chance that a given gene tree will more closely
resemble either alternative topology under incomplete lineage sorting (ILS) (Guerrero and
Hahn, 2018; Maddison, 1997). However, deviations from a simple four population model
(e.g., gene flow) can lead to a bias in the probability toward one alternative topology, leading
to an asymmetrical distribution of topology weights (figs. S15 & S19; Supplementary text).

To measure genealogical bias, we developed a statistic that can be used to detect and
quantify asymmetry in the ternary framework. D.g, which is similar to Patterson’s D statistic
(Green et al., 2006), can range from negative 1 to positive 1, gives and an indication of the

48



Chapter 3: The genetic basis of reproductive mode

strength of the bias toward one alternative topology relative to the expectation of equality
(Dir=0). A genome-wide estimate of Dz can be calculated directly from the topology weights
as:

(nTy>TB)_(0'5((nTB>Ty)+(nTB<Ty)))

0.5((nrg>1y)+(n1p < 1v))

Dir = (eq. 1)

Where T3 and Ty are the two alternative topologies (see the notation for topologies
in Fig. 2A and Guerrero and Hahn (2018)), ntg > nr, is the number of windows where T is
greater than Ty, and nrg < nr, is the number of windows where Ty is greater than Tf.
Because these quantities indicate the number of windows in the left and right halves of the

triangle, equation 1 can be expressed more intuitively as:

_ ng=(0.5nT)
Dig = —(O.SnT) (eq. 2)

Where nr is the number of trees on the right side of the plot and nr is the sum of the
windows on the left and right sides. Under ILS the expected number of windows in each half
of the plot is simply half of the total number of windows (i.e., 0.5n7). Note that nt can be a
slightly lower number than the total number of windows analyzed because some may fall
precisely on the line that bisects the base of the ternary plot, such that they are neither left-
nor right-sided (i.e., when T = Ty).

In addition to a genome-wide estimate (i.e., comparing the full left- and right-half
triangles), symmetry can also be quantified for any arbitrary area of the of the distribution,
provided that analogous sections from both sides of the ternary plot are compared. Detailed
examples of genome-wide and partial estimates of D;zare shown in fig. S19.

3.4.5 | Advantages over existing site-based statistics

Why use topology-based estimates of genealogical asymmetry when site-based
methods already exist? The framework presented here has many advantages over existing
methods.

i.No need for a defined outgroup—Site-based statistics like Patterson’s D require one or
more appropriate outgroup taxa that are used to define alleles at each SNP as ancestral or
derived. This is challenging (usually requires multiple outgroups for high confidence
assignment), and assumes that there is no allele sharing due to gene flow or ancestral
structure between the ingroup and outgroup taxa. This is not required in the framework
presented here, as estimates of symmetry are inferred from how samples cluster in a tree
topology.
ii.Site-based statistics are low dimensional summaries of topologies—Given that the
underlying genealogies are what we care about, it makes more sense to study them directly,
rather than variation at individual sites.
iii. There is a movement away from site-based analyses to those based on genealogies—
Inference tools like Tsinfer (Kelleher et al., 2019), Relate (Speidel et al., 2019), and ARGweaver
(Rasmussen et al., 2014) are making it possible to infer full genomic sequences of genealogical
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trees from genome-wide data. Unlike the arbitrary windows that are used in most genomic
studies, the genomic spans of the trees inferred with these methods have biological meaning,
as their boundaries are defined by recombination events that occurred in the past (i.e., the
windows are not arbitrary). Topology weighting can be performed directly on these marginal
trees (as described in the section ‘Inference of ancestral recombination graphs’, pp. 26-27,
and as show in Fig. 3E), and the D statistic can be calculated directly form the distribution of
topology weights.

3.4.6 | Plotting and symmetry analysis of the empirical ternary distribution

Because of the large number of genomic windows analysed, we plotted the empirical
distribution of weights using a ternary histogram, where the triangle is divided up into equal-
sized hexagons that are coloured to indicate the number of windows that fall into that area
of the ternary distribution. This was constructed in the R package ggtern (Hamilton and Ferry,
2018) using the geom_hex_tern function.

We tested for asymmetry of the distribution between the left and right side of the
diagrams by computing Dz as described above (eq. 1). We used a permutation test (99,999
permutations) to calculate the probability of obtaining the empirical estimate of Dz by
chance, assuming that there is an equal probability of a window falling on either side. (Main
text, Fig. 2D). To understand how symmetry varies more locally across the ternary
distribution, we subdivided each side of the ternary plot into 45 sub-triangles (fig. S24),
calculated D;g separately for each one, and used permutation tests to determine the
significance of each estimate. Permutation tests were conducted in R using custom scripts.

3.4.7 | Inference of ancestral recombination graphs

The genomic windows used in analysis up to this point (both in this paper and in
evolutionary genomic studies in general) are essentially arbitrary, chosen to contain the same
number of positions. Ideally, we would partition the genome in a way that coincides with the
historical coalescence and recombination events that generated our observed set of
genomes.

Here we do this by inferring Ancestral Recombination Graphs (ARGs) from our
genomic dataset. The ARG is a graph structure that depicts the entire ancestral history of a
set of genomes—including each recombination and coalescence event—that contains the
genealogies for each non-recombined genomic block. Thus, by inferring the ARG, we can
obtain tree topologies for each inferred non-recombining region, and more precisely infer the
genomic span of haplotypes that are perfectly associated with live-birth.

We inferred ARGs using the program ARGweaver (Rasmussen et al., 2014). We focused
on two 30kb genomic regions (Contig1808:1-30000 and Contig3201:45000-75000) that
spanned areas perfectly associated with reproductive mode. We focused only on these
regions because the method is computationally expensive, and these regions are very well
sequenced and assembled which is necessary for meaningful ARG inference. Due to
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computational limitations, we also restricted the analysis to a subset of 50 individuals (25 egg-
layers and 25 live-bearers; i.e., 100 haploid samples), as suggested by the authors of
ARGweaver. These individuals were chosen to give equal and broad representation across the
four clades.

For both contigs, we converted the SNP information from the VCF format to sites
format, which is compatible with ARGweaver. The sites format only includes information on
genomic positions that vary within the 100 samples. Positions that were absent in the original
VCF were masked from being incorrectly treated as invariant sites while inferring ARGs.

ARGweaver was executed on both contigs using the following parameters: Ne =
20,000, 1 = r = 1.5 x 1078, ARGweaver simplifies ARG inference by forcing coalescence
and recombination events to occur at discrete timepoints. Here we used the 30 specified time
points, with the maximum possible TMRCA set to 20Ne. ARGweaver was run for 10,000
iterations, out of which the first 5000 iterations were considered as burn-in after visual
examination of the MCMC traces and therefore, excluded from subsequent inference. From
each of the 5000 remaining iterations, we estimated TMRCA for all the samples, as well as
within live-bearers and within egg-layers. These estimates were used to determine the
median and confidence limits for the TMRCA shown in main text Fig. 3E.

We also performed topology weighting on the marginal trees from the ARG. This
allowed a more precise identification of regions of the genome that were perfectly associated
with live-birth (i.e., trees where Tr = 1). To do this, we extracted all marginal trees from the
last MCMC iteration (i.e., iteration 10,000) and performed topology weighting as described in
an earlier section. We used the combined information from the topology weights and TMRCA
to identify core haplotype blocks associated with live-birth, as described in Shipilina et al.
(2021). Specifically, we used the topology weights and estimates of TMRCA to identify unique
edges in the ARG that were both ancestral only to all live-bearing samples (Tr = 1), and that
were defined by a single coalescence time. Block inference was performed with a custom R
script (36).

3.4.8 | Estimates of the ages of live-bearing alleles

We used theory outlined in Tavares et al. (2018) to roughly estimate the age of sweeps
at live bearing alleles. During a sweep, diversity is eliminated close to the selected site. In the
case of a hard sweep, all ancestral diversity is eliminated from the swept region, but new
mutations in the swept segment at rate u will generate mw = 2uT at T generations after the
sweep. Thus, the time of the onset of the sweep can be estimated as T = m,/2u. Diversity
arising in other ways complicates the estimation, causing T to be overestimated. For example,
some ancestral variation may be retained if the beneficial allele was segregating on multiple
haplotypes before the sweep (soft sweep). This means that n, would reflect mutations that
arose both before and after the sweep. Similarly, gene flow and recombination between
populations may introduce additional variation into a swept region that did not arise though
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new mutation. Finally, it is difficult to define precise sweep boundaries, and error in doing so
would tend to inflate my.

To correct for these confounding sources of diversity, we estimated the age of each
sweep (i.e., the time in generations that each sweep began) by calculating mtw from private
alleles. This assumes that alleles private to live-bearers arose in the swept segment after the
sweep, and that alleles shared between egg-layers and live-bearers reflect some confounding
factor. However, this approach would over-estimate the age of a soft sweep if the private
alleles were already private to haplotypes carrying the beneficial allele when the sweep
began.

For each of the 50 regions associated with reproductive mode (table S9), we identified
and then removed SNPs that were polymorphic in both egg-layers and live-bearers (see
section ‘Analysis of private alleles’, p. 23). We then calculated ny, for live-bearers as described
above (see section ‘Estimating diversity, divergence and differentiation in 100 SNP windows’,
p. 21). We corrected the denominator in the m, calculation for the removal of the shared
sites.

For calculating T, we assumed a mutation rate of u = 1.5x10%. We converted time in
generations into years using two estimates of generation time for Littorina saxatilis: 2
generations per year and 1 generation per year (Westram et al., 2018). Estimates of time in
generations varied roughly ten-fold, ranging from 23,266 to 227,094 generations before
present, with a median of 69,790 generations before present (Fig. S32). In years, this equates
to a minimum of 11,633 — 23,266 years before present, and maximum of 113,547 — 227,094
years before present, with a median of 34,895 — 69,790 years before present. The distribution
of ages is strongly negatively skewed, with the majority of sweeps being initiated in the last
100,000 generations.

3.5 | Supplementary Information

Detailed supplementary information is available at: https://doi.org/10.1126/science.adi2982
Along with the core theme of this thesis, supplementary information related to TwisstNTern
and genealogical analysis (contributed by AP) is in Appendix B.
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Chapter 4

Haplotagging pipeline for 1,084
whole-genome sequences in an
Antirrhinum hybrid zone

Abstract

Recent advances in linked-read sequencing, particularly haplotagging, have made it feasible
to generate population-scale, phased whole-genome datasets in non-model organisms. Here,
we present a comprehensive pipeline for sequencing 1,084 individuals from an Antirrhinum
majus hybrid zone. By benchmarking imputation against highly accurate KASP genotypes, we
have found >92% genotype calls at ~20 million variable sites. Molecular phasing of high-
coverage samples (25x) provided a robust reference panel for statistical phasing of all
individuals, achieving switch error rates in order of ~5%. Allele polarity was determined using
the closely related A. molle, with robust classification of ~86% of variant sites into ancestral
or derived. The resulting genomic resource—the largest of its kind in this system—offers a
valuable dataset to study the process of speciation in a hybrid zone and a transferrable
methodological framework to other non-model species.
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4.1 | Introduction

Recent advances in sequencing and computational methods have revolutionized evolutionary
genomics, enabling detailed investigations of the genetic basis of adaptation, speciation, and
population history (Lou et al., 2021; Meier et al., 2021; Nielsen et al., 2024; Pokrovac and
Pezer, 2022). This progress allows genome-wide scans for selection, demographic
reconstruction, trait mapping, and fine-scale population structure analysis and more,
including in non-model species (Cheng and Steinrucken, 2024; Liu et al., 2014; Salojarvi et al.,
2024; Suda et al., 2025; Zhang et al., 2024). Consequently, the field has transitioned decisively
into the genomic era, focusing on adaptive architecture and genomic consequences of gene
flow, selection, and recombination (Whiting et al., 2024; Todesco et al., 2020; Shi et al., 2023).

Despite this progress, most population genomic studies still rely on short read
technologies like Illumina due to their cost-effectiveness and high throughput, enabling
genotyping of thousands of individuals at relatively low cost. Since genetic material is passed
through generations in sets of linked variants rather than single sites, access to long haplotype
information (i.e., specific allelic combinations inherited on the same chromosome) is critical
for inferring evolutionary processes, including recombination, gene flow, and adaptation,
that are otherwise difficult to study without accurately phased data (Garud et al., 2015;
Leitwein et al., 2020; Sedghifar et al., 2016; Shipilina et al., 2023; Tewhey et al., 2011; Todesco
et al., 2020). Short reads inherently limit haplotype reconstruction because their lengths (50-
300bp) rarely span multiple variants, complicating phasing of distant alleles and assembly
through repetitive or structurally complex genomic regions (Ebert et al., 2021). In contrast,
long-read sequencing platforms (PacBio, Oxford Nanopore) offer greater read lengths that
could significantly improve imputation, phasing, and structural variant detection, etc, but
remain prohibitively expensive and lower throughput for large populations (Jain et al., 2018;
Logsdon et al., 2020). Long read sequencing also typically requires high-quality, high
molecular weight DNA, that can be challenging for non-model organisms. Therefore, although
short reads dominate due to affordability and scalability, their limitations motivate
integrating long-read data where feasible to capture more complete genetic variation and
haplotype information.

To overcome the limitations of short-read sequencing in resolving long-range
haplotypes, a number of linked-read technologies have been developed. Linked-read
sequencing techniques tag long DNA molecules before fragmenting and sequencing them,
thus preserving long-range haplotype information while still using standard short-read
sequencing platforms. Notably, haplotagging, a linked read method introduced by Meier et
al. (2021), provides a cost-effective, scalable solution by utilizing a transposase-based
protocol to uniquely barcode long DNA fragments before sequencing. This tagging enables
the association of short reads back to their original long molecules, thus allowing molecular
haplotypes to be reconstructed across 10-100Kb. Unlike some commercial linked-read
options such as 10x Genomics, haplotagging does not require specialized instruments or
proprietary reagents and is readily compatible with standard lllumina platforms, greatly
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lowering barriers to widespread adoption. This makes haplotagging particularly suitable for
studies demanding large sample sizes, diverse species, and population-level resequencing at
variable coverage—challenges often encountered in ecological and evolutionary genomics,
especially for non-model organisms. Beyond phasing distant variants, barcoded molecules
can improve alignment accuracy and reduce mapping bias in repetitive or highly polymorphic
regions as well as help identify structural variants, further enhancing the utility of the data.
By combining the affordability, accuracy, and throughput of short-read sequencing with long-
range linkage information, haplotagging offers a pragmatic path forward for generating
comprehensive haplotype data at population scale, especially in non-model organisms that
often lack extensive genomic resources.

The snapdragon study system where two varieties of Antirrhinum majus subspecies
majus—var. pseudomajus and var. striatum—hybridise to form a narrow hybrid zone in the
Spanish Pyrenees, presents a great opportunity to use haplotagging to sequence an entire
population from a hybrid zone transect (~1000 individuals). This hybrid zone has been studied
since 2008, with ~50,000 individuals sampled over a decade, but has only been sequenced at
~100 SNP markers or with PoolSeq to answer a range of questions from understanding the
dynamics of how the hybrid zone is maintained to analysing cline patterns at divergent SNP
markers to estimate strengths of selection (Ringbauer et al., 2018; Surendranadh et al., 2025,
2022; Tavares et al., 2018; Whibley et al., 2006). Haplotagging, now makes it possible to
transition into whole genome sequencing along the hybrid zone, to study the genomic
landscape of speciation divergence with bottom-up approaches like Fsr, genetic basis of traits
under selection with top-down methods like GWAS, and reconstruct a genealogical history of
the regions that act as barriers to gene flow.

Since haplotagging is a rather new method, there is no best-practice downstream
pipeline available for processing the raw sequences. In this chapter, | describe the analytical
pipeline we devised to generate a high-quality haplotype-resolved dataset using haplotagging
in Antirrhinum. In addition to testing the accuracy of this method in our system, we aim to
provide a methodological framework for others seeking to apply haplotagging to their system.
Our approach not only benchmarks key tools and parameters such as imputation from low-
coverage sequencing, but also illustrates the trade-offs between accuracy, coverage, and
missingness that are inherent to population-scale sequencing projects. The lessons from this
study are broadly applicable to other non-model systems. More generally, we show that
haplotagging, when coupled with careful data processing and imputation, can yield high-
resolution haplotypes across hundreds of individuals, opening new avenues for evolutionary
genomic analyses in non-model organisms.

4.2 | Study system and sampling

We collected and sequenced 1084 individuals of Antirrhinum majus (Supplementary Data 1).
Most of the samples were collected near Planoles in the Spanish Pyrenees. The previously
studied area includes a hybrid zone between two varieties—Antirrhinum majus pseudomajus
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and A. m. striatum (Field et al., 2025; Ringbauer et al., 2018; Surendranadh et al., 2025, 2022;
Tavares et al., 2018; Whibley et al., 2006). These varieties are distinct in their flower colour,
with A. m. pseudomajus to the east having magenta flowers and A. m. striatum to the west
having yellow flowers. The difference in flower colour is largely due to three major-effect loci
Rosea (ROS), Eluta (EL) and Sulfurea (SULF) (Bradley et al., 2017; Schwinn et al., 2006; Tavares
et al., 2018). ROS and EL are physically linked on chr 6 (Schwinn et al., 2006; Tavares et al.,
2018), while SULF is located on chr 4 (Bradley et al., 2017). Within the narrow hybrid zone
(~1Km), hybridization between the subspecies has caused alternative alleles at these loci to
segregate and recombine, resulting in diverse phenotypes.

The majority of sampled plants (n = 1015) were distributed along a ~3 km stretches of
road (GIV-4015, colloquially hereafter referred to as Lower Road) that traverses this
Antirrhinum hybrid zone (Fig 1). Most plants (960) were sampled between May and August of
2021, while the rest were sampled in either 2017 or 2019. This road has been previously
divided into three areas largely according to the difference in flower colour: the core of the
hybrid zone (the central 1 km segment) and the yellow and magenta flanks on the western
and eastern sides of the core. In the core area, we sampled every individual that we could
safely access (n = 763). In addition, we also collected samples from three discrete sites in each
flank (22—29 samples per site), positioned at varying distances from the core area (magenta
flanks 1, 2, 3 and yellow flanks 1, 2, 3).
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Figure 1. All samples (n = 1015) along the Planoles hybrid zone. Red dots indicate samples sequenced at
>5x coverage (n = 180). The rest of the samples are from Avellanet hybrid zone (Pal et al., 2025).

We also included samples from nearby locations and species as outgroups. This
included 19 samples of each A. majus subspecies (n = 38) from a second hybrid zone located
near the town of Avellanet, located roughly 80 km west of Planoles. Informed by a
phylogenetic study on the Antirrhinum genus we also included several other species to serve
as outgroups (Durdn-Castillo et al., 2022). This included 4 individuals of A. molle, a sister
species to A. majus; and 1 individual from other more distantly related species—A.
sempervirens, A. latifgolium, A. siculum, Misopates orontium and Lantana salzmannii.

We also sequenced 9 parent-offspring trios and 4 full-sibs without parents in order to
evaluate the performance of imputation and phasing. Four of the trios sequenced are made
up of 12 plants from our field site at Planoles and were identified through the construction of
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a large, multi-generation pedigree (Surendranadh et al., 2022). The remaining 6 trios and full
sib offspring were generated in the greenhouse at the Institute of Science and Technology
Austria (ISTA). The trios were produced by raising 3 plants from field collected seed and
crossing them in all possible combinations to produce 6 full and half-sib offspring (Table S1).

4.3 | DNA extraction

For all samples of A. majus and A. molle, several leaves were collected from each individual
in the field or greenhouse and refrigerated at 42C overnight before processing. DNA was
preserved by placing leaf tissue in a paper envelope, and then placing envelopes into an air-
tight plastic bag with silica gel. Leaf samples of the other five outgroup species were frozen in
liguid nitrogen and kept at -802C prior to DNA extraction.

DNA was extracted from a 1 cm by 0.5 cm piece of dry leaf using a custom protocol
optimised for isolating high molecular weight DNA. (i) Tissue was first crushed to a fine
powder in a 1.5 ml Eppendorf tube using a micropestle. (ii) 0.5 ml of lysis buffer was added,
containing 400 pl Purelink Genomic Digestion Buffer (Thermofisher: K182301), 40 pl
Proteinase K (20mg/ml), 60 ul of 18% Polyvinylpyrrolidone (40 kdaG), and 2% Beta-
mercaptoethanol. (iii) Samples were incubated for 15-20 mins at 602C with mixing at 950 rpm
with occasional inverting of the tube, followed by 30 secs onice. (iv) 10 pl of 5 mg/ml RNaseA
was added and mixed by inverting the tube several times, and incubated for 5 mins at room
temperature. (v) 155 pl 5M of potassium acetate was added and immediately mixed by
inverting 10-15 times, followed by incubation for 2 mins on ice. (vi) The samples were
centrifuged at 13k g for 10 mins at 142C and 400 pl of lysate was transferred to a new tube
using a wide-orifice tip. (vii) 200 pl magnetic beads were added and immediately mixed by
inverting 10-15 times and incubated for 10 mins at room temperature. (viii) Samples were
pulse-spun for 2 seconds, and put on a magnet stand for 5 mins and the lysate was discarded.
(ix) The beads were washed twice for 1 min with 80% EtOH; All EtOH was carefully removed
after the second wash and the sample left open to evaporate for 2-4 mins at room
temperature. (x) Samples were removed from the magnet and 100 pl of 10 mM Tris pH=8,
0.2mM EDTA was added to the tube and incubated for 10 mins at 429C to elute the DNA. (xi)
Samples were mixed gently by inverting to re-suspend the beads and allowed to incubate for
10 mins at 429C. Eluted DNA was stored with beads at 4¢C.

The concentration of each DNA sample was determined using a Qubit fluorometer or
an M200 Pro Tecan plate reader. A rough estimate of size and quality was determined using
agarose gel electrophoresis. Samples were diluted to 5 ng/ul using Tris, pH=8, 0.2mM EDTA
and stored at 49C for future use.

4.4 | Library preparation and sequencing

We used haplotagging to sequence the 1074 samples. Unlike standard Illlumina short read
sequencing, haplotagging enables the molecular barcoding of each DNA molecule so that
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sequencing reads can be associated with their parent DNA strand. Sequencing libraries were
constructed by mixing genomic DNA with a pool of haplotagging beads and incubating for 10
mins at 55°C followed by Tn5 stripping (0.3% sodium dodecyl sulphate, 10 min at 55°C) and
PCR amplification essentially as described in Meier et al. (2021). Amplified libraries were
cleaned up and size-selected using Ampure magnetic beads (Beckman Coulter), Qubit
quantified, and adjusted with 10 mM Tris, pH 8, 0.1 mM EDTA to 2.5 nM concentration for
sequencing.

Libraries were sequenced with lllumina paired-end sequencing (2x 150 bp) across 5
lanes of Novaseq 6000 S4 by Azenta Life Sciences (Leipzig, Germany), yielding a total of 16.3
billion reads. For one lane, the BX tag (i.e., the molecular barcode used to identify each
molecule) was not sequenced correctly, effectively making 83.79% of all reads in that
sequencing lane equivalent to standard Illlumina short-read data. Thus, the data for most
individuals includes a mix of BX-tagged and non-BX tagged reads. The specific details for the
construction and sequencing of each library can be found in Table S2.

We used a tiered approach, sequencing sets of individuals to three different levels of
coverage. This design allows for improved haplotype reconstruction in high coverage
individuals without compromising population level coverage. About 15% of samples (n=173)
were sequenced to an expected depth greater than 10x coverage. These were mainly from
the 6 discrete sample sites in the flanking regions of the hybrid zone, with a small number
(n=12) from the core area. Samples from the parent offspring trios were sequenced to roughly
5x coverage. The remaining samples from Planoles and Avellanet were sequenced to a mean
depth of 2x coverage. Specific details of sequencing depth of each sample is provided in
Supplementary Data 1.

4.5 | Processing of raw haplotag reads, variant discovery
and filtering

We mapped raw reads to the Antirrhinum majus reference genome v. 3.5 (Li et al., 2019) using
EMA vO0.7.0 (Shajii et al., 2018a), a BX-tag-aware variant of BWA (Li, 2013), thus favouring
alignments that are consistent with having come from a single molecule. Prior to mapping,
we translated haplotag barcodes with BX tags into 16-bp barcodes using the 16BaseBCGen
tool (https://tinyurl.com/16baseBCgen). In a pre-processing step, EMA first counts the

number of barcodes, distinguishes between correct and faulty BX-tags, and places the correct
barcodes in 500 bins to facilitate parallel mapping. Reads with faulty BX-tags, which made up
less than 5% of the reads from each correctly sequenced lane are grouped separately (Table
S2). The reads in each barcode bin were then aligned to the reference genome; the reads with
faulty BX-tags were aligned to the genome using BWA v0.7.17. More than 96% of reads
successfully mapped for all 5 lanes (Table S2).

After alignment, BAM files from all bins were merged and indexed with sambamba
v0.8.2 (Tarasov et al., 2015) to produce a single BAM file for each individual. 16bp barcodes
were then reverted to haplotag BX-tags using samtools v1.18 (Danecek et al., 2021) and a
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custom awk script. For some individuals, raw sequence data were obtained from more than
one sequencing run. If this was the case, read mapping was performed as above for the output
of each sequencing run separately, and the resulting BAMs were then merged together and
indexed with sambamba to create a single indexed BAM for each individual. Each merged
BAM file was then checked for quality using the multi-bamqc command in qualimap v2.2.1
(Okonechnikov et al., 2016). We also used the program to compute a number of summary
statistics for each sample BAM (e.g., coverage, mean mapping quality, and median insert size;
Supplementary Data 1). Prior to variant calling, we marked and removed PCR and optical
duplicates from subsequent analyses using the markdup tool in sambamba.

Table 1. Summary of filtering steps and the change in sites at each filtering step in bcftools. Total sites
includes all sites that are invariant and variant including SNPs, INDELs, and other complex variants. Total
variant sites include true variant sites and invariant sites that are homozygous for the alternative (ALT)
allele (following standard naming conventions of bcftools). The final count after all filtering steps consists
of only bi-allelic variant sites.

Total Total T_o tal .
. \ \ multi-allelic
invariant variant .
. . variant
sites sites .
sites
Full unfiltered dataset 429,764,911 383,131,005 52,439,232 3,369,036
After removing homozygous
REF/REF sites 54,976,284 0 52,439,232 3,369,036
After removing INDELSs, variant
sites within 5bps of INDELSs 48,089,635 0 48,089,635 3,073,072
After removing homozygous
ALT/ALT sites 46,774,818 0 46,774,818 3,073,072
After remoying multi—allelic 43,701,746 0 43,701,746 0
variant sites
After dropping sites based on
DEPTH, QUAL and MQ 28,956,743 0 28,956,743 0

We next used the mpileup and call commands in bcftools (Danecek et al., 2021) to
identify a set of candidate SNPs that were subsequently used for final genotype calling and
imputation using the program STITCH (Davies et al., 2016). This was performed with the multi-
allelic calling program, -m and --annotate AD,ADF,ADR,DP,QS,SP. This initial variant calling
discovered 43,791,746 candidate SNPs across the 1074 samples.

We next filtered these variants to remove sites that are likely to be errors. To inform
this filtering, we used bcftools stats to produce distributions of per-site depth, mapping
quality and genotype quality across all samples using the following options: --af-bins <(seq 0
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0.1 1) --depth 0,25000,25. After visual inspection of these results, we filtering the variants
using bcftools as follows: we removed all monomorphic REF sites (bcftools view -m 2) (NB:
REF refers to the alleles present in the reference genome, not ancestral allele), all insertions
and deletions (bcftools view -V indels), all SNPs within 5 base pairs of indels (bcftools filter —
SnpGap 5), all monomorphic ALT sites (bcftools view -e "AC==AN || AC==0") (NB: ALT refers
to alleles alternate to the reference genome, not derived allele), and all sites with more than
2 alleles (bcftools view -M2). We then filtered the remaining biallelic SNPs, removing all sites
with a total depth of <500 or greater than >7732 reads (i.e., 22.5 times the mean coverage).
We also dropped sites with a genotype quality score of <20 and a mapping quality score of
<30, as defined in bcftools (bcftools filter -e “INFO/DP<500 | INFO/DP>7732 | QUAL<20 |
MQ<30”). The number of sites removed by each filtering step can be found in Table 1. After
these steps, we retained 28,956,743 putative variant positions that were used to inform
subsequent calling in STITCH (Table 1).

4.6 | Optimisation of SNP calling and imputation

4.6.1 | Generation strategy for optimisation

We used the program STITCH (Davies et al., 2016) to call variants at the putative
variant positions identified using our bcftools pipeline. STITCH, models each chromosome in
the population as a mosaic of K unknown founders or ancestral haplotypes using both the
underlying sequence reads and the linked-read information encoded in the BX-tag. Unlike
traditional callers, STITCH calls (imputes) genotypes in the presence of missing data based
information available from haplotype information across all sequenced individuals.

STITCH can be optimised by varying a number of model parameters — including the
number of founding haplotypes (--K), the estimated number of generations since founding (-
-nGen), recombination rate (--expRate) and tuning parameters, such as the number of MCMC
iterations (--niterations) and read coverage downsampling (--downsampleToCov). The quality
of STITCH calls is usually evaluated using the INFO_SCORE for each site. The INFO_SCORE
represents the amount of information gained by imputing the missing genotype and indicates
its confidence (expected imputation accuracy). In short, it is derived from the posterior
genotype probability distribution and is calculated as the ratio of the difference between the
probability of imputed genotype and the most likely observed genotype to the maximum
possible difference between the two probabilities. In addition to the INFO_SCORE, we also
evaluated and optimised the accuracy of calling by comparing the STITCH genotypes against
high-accuracy genotypes at 30 SNP markers obtained through KASP genotyping (He et al.,
2014). These markers were previously developed for A. majus (Ringbauer et al., 2018) and
have a near-zero error rate, determined as the number of mismatches in the repeat
genotyping of ~3,000 individuals. Thus, genotypes obtained by KASP genotyping our new
individuals are assumed hereafter as true genotypes when subsequently evaluating the
accuracy of STITCH calls.
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Figure 2. The scheme and metrics used to optimise STITCH calling. (A) Example cross tables for one
marker showing the agreement between the STITCH calls and KASP genotypes. The top table shows
the cross table for high-confidence STITCH calls while the bottom cross table is for all calls. (B) images
showing the locations of the correct and incorrect STITCH calls in the cross tables. The letters in each
box are used in the formula in Cand D. (C) Statistics used to optimise STITCH calling, including the total
accuracy (i.e., total proportion of correct calls), HET and HOM accuracy (i.e., the proportion of correct
heterozygous and homozygous calls, respectively), and the proportion of high-confidence calls. (D)
Estimates of the rates for the 6 possible types of genotyping error.

We focused our STITCH optimization on 100Kb genomic spans centred around the 30
KASP markers. We only included samples of A. majus in STITCH calling, with the 1074 BAM
files and the list of putative variant positions and identity of REF and ALT alleles (identified
based on the reference genome) provided as input. To evaluate each run, we used the
following metrics (Fig 2) — (i) the mean INFO score across all variant sites within the 100Kb
region, (ii) the accuracy, calculated as the fraction of perfect matches between STITCH
genotypes and the KASP genotypes, (iii) the proportion of correctly called heterozygotes (i.e.,
the fraction of heterozygous STITCH genotypes where the KASP genotype is also
heterozygous), and (iv) the fraction of correctly called homozygotes (i.e., the fraction of
homozygous STITCH genotypes where the KASP genotype is also homozygous).

By default, STITCH outputs only genotypes that were imputed at high-confidence (i.e.,
sites with a posterior genotype probability >0.9 for the most probable genotype), hereafter,
called high-confidence calls. However, we also obtained the genotype with the highest-
probability for all positions including those that did not meet the cut-off for high confidence
(hereafter, called all calls). We computed the above statistics separately for high-confidence
calls and for all calls. Moreover, initial STITCH runs indicated that the accuracy of calls
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improved drastically at a threshold of around 5x coverage, so we also assessed accuracy
separately for samples greater than 5x coverage. (>5x coverage, n=180).

4.6.2 | Effect of parameters on imputation accuracy

We started our exploration of the STITCH parameter space by varying the number of
founding haplotypes, K, since preliminary runs showed that K had the largest effect on quality.
We performed runs with 22 different values of K, ranging from 5 to 160, while keeping the
values of other parameters constant based on values that performed well in preliminary runs
(--nGen=100, --niterations=40, --downsampleToCov=20, --expRate=5).

For all calls, we found that accuracy tended to be highest and fairly similar between
K=40 and K=80, with poorer performance at lower and higher values. Accuracy for the high-
confidence calls showed a different pattern, with the best performance observed at lower
values of K (5 to 45) and gradually decreasing with increasing K. Accuracy tended to be higher
for samples with more than 5x coverage compared with those with less than 5x coverage for
both high-confidence calls and all-calls, though the effect of coverage was much greater for
all-calls (Table 2).

Although the accuracy was generally higher for high-confidence calls, runs were
always associated with a large amount of missing data when only high-confidence calls were
considered (mean of 38% to 57% across the range of K values). We therefore chose a value of
K=75, which maximised the accuracy for all calls while also showing good performance for
high-confidence calls (i.e., total accuracy > 95%). For individuals with greater than 5x
coverage, the total accuracy was 94.2% with 93.6% of heterozygotes called correctly and
94.4% of homozygotes called correctly. For all samples, the average accuracy was 89.2%, with
88.2% of heterozygotes and 89.8% of homozygotes called correctly. After optimising K, we
tested the effect of the other model and tuning parameters including the number of
generations since the population was founded (--nGen), the number of MCMC iterations (--
niterations), the recombination rate (--expRate) and the maximum coverage included for each
individual (--downsampleToCov). For these runs we kept K=75 constant and tested a range of
values (Table 3). Only the maximum per-sample coverage had a discernible effect on accuracy,
probably owing to the large variance in coverage across all samples. The final set of
parameters chosen for genome-wide STITCH imputation were: --K=75 —ngen=100 --niter=40
--downsampleToCov=20 --expRate=0.5cM.

Focusing only on the the results for this set of parameters, we characterised error
rates in more detail by focusing on the six possible errors that could occur at the genotype
level. We found that majority of the errors (11.2% for all samples, 5.9% for samples with >5x
coverage) involved only one incorrectly imputed allele, i.e., inferring a heterozygous genotype
as homozygous, or vice-versa, with both error types being roughly equally common. In
contrast, we observed very few positions where both alleles were incorrectly inferred,
resulting in switches between alternative homozygotes (similar rates in both directions). The
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average rate for this error class was less than 0.19% for all samples, and less than 0.07% for
the samples with >5x coverage (Table 4).

4.6.3 | Comparison of accuracy between SNP-calling by STITCH and hard
calling by bcftools

To put the observed error rates into perspective, we compared the accuracy of
imputed genotypes to those obtained via a widely used variant calling and filtering pipeline.
Specifically, we extracted the calls from our bcftools pipeline after quality filtering (described
above) and obtained accuracy estimates using the 30 KASP markers as described above. Since
the accuracy of hard-calling is highly dependent on individual coverage (i.e., at least 2 reads
are needed to infer a heterozygous genotype, while many reads needed to be statistically
confident), we estimated the error for the hard-called genotypes using three different per-
genotype coverage cutoffs (i.e., the minimum number of reads needed to include a genotype
in the error estimation): (/) no cutoff, where genotypes supported by any number of reads
were included, (ii) only genotypes supported by at least 6 reads (-e ‘FMT/DP<6’) and, (iii)
genotypes supported by at least 15 reads (-e ‘FMT/DP<15’). These three accuracy estimates
were calculated for three sets of samples grouped by their mean per-site coverage: (i) all
samples, (ii) samples with >5x mean coverage, and (iii) samples with >15x mean coverage.
This provided a total of 9 accuracy estimates that could be compared to the STITCH accuracy
estimates. We also estimated the fraction of missing data for each of the 9 categories to
compare to the post-imputation missing fraction, which is always 0.

The results of this comparison are clear, and nicely highlight the strengths and
weaknesses of imputation and hard-calling as the per-genotype and mean sample coverage
vary. In general, the accuracy of the hard-calling decreases as the per-genotype coverage
increases (Table 5). The mean accuracy across the 30 KASP markers, lowest at 74% with 63%
missing data across all samples (n=1070) when no per-genotype coverage cutoff was applied.
The accuracy of STITCH was 15% higher, at 89% with no missing data. STITCH also out-
performed hard-calling when samples with >5x coverage (n=180) were analysed with no
genotype-depth cutoff, with an accuracy of 94%, compared to 88% accuracy and 3% missing
data. When genotypes were supported by at least 6 reads, the hard-call accuracy increased
to 95.6%, but with 64% missing data. The highest hard-call accuracy of 97% was observed for
the set of samples with >15x coverage (n=15) when genotypes supported by at least 10 reads,
but still 37% of the data were missing because of this strict filtering (Table 5).

By comparing the hard calls and STITCH calls, we are able to conclude that, although
the error rates for STITCH are appreciable, STITCH calling results in considerably more data
per sample at the cost of a relatively modest increase in mean error compared with the hard-
calling of genotypes from relatively high coverage data. For example, the stitch accuracy for
our 180 samples with >5x coverage (94%) is only about 3% lower than the accuracy that we
would expect if all samples were sequenced at 15x at every variable site. Overall, STITCH
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Accuracy of all samples
(n=1070)

Accuracy of samples with
>5x coverage (n=180)

Total

K INFO
10 82.96%
15 83.85%
20 0.465 86.06%
25 0.494 86.88%
30 0.517 87.53%
35 0.535 87.94%
40 0.551 88.21%
45 0.566 88.57%
50 0.577 88.85%
55 0.589 88.86%
60 0.599 88.88%
65 0.607 88.84%
70 0.615 88.58%

75 0.622

80 0.629
85 0.637 88.22%
90 0.642 88.31%
95 0.648 88.08%
100 0.653 87.77%
120 87.50%
86.21%

% calls

Het

86.68%
| 86.68%

85.00%
86.71%
87.12%
87.29%
87.63%
87.40%

87.56%
87.60%

87.04%
86.56%
86.73%
86.15%
86.36%
85.35%

Hom

81.01%
82.50%
85.20%
86.39%
87.45%
87.89%
88.52%
88.73%
89.21%
89.23%
89.24%
89.66%
89.24%

89.30%
89.41%
89.41%
88.66%
88.98%
88.14%

Total

all STITCH calls

90.99%
91.28%
92.84%
92.88%
92.88%
93.03%
93.61%
93.57%
93.88%
93.79%
93.71%

93.41%
93.41%
93.36%
92.93%

Het

90.77%
| 9077%

91.20%
91.11%
92.36%
91.62%
92.22%
92.59%
93.31%
93.22%

93.20%

91.67%
91.96%
92.89%
91.94%
92.42%
91.72%
90.77%

high-confidence STITCH calls

98.43%
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10 98.87% 97.88%  98.93%
15 97.56%  96.65% 97.90% | 98.17% 97.12%  98.73%
20 | 4823% | 97.64% O7.48% 97.65% | 98.47% 97.71%  98.68%
25 | 4821% | 97.69% 96.74%  98.10% | 99.33% 98.87% | 99.45% |
30 | 49.01% | 97.16% 96.03% 97.58% | 98.44% 98.42% 98.71%
35 | 5143% | 97.30% 96.50% O7.63% | 98.42% 97.31%  98.85%
40 | 4748% | 96.75%  95.14% 97.36% | 97.85% 96.98%  98.37%
45 | 50.50% | 96.87% 95.67% 97.30% | 98.37% 97.75% 98.57%
50 | 5067% | 96.78% 95.95% 97.20% | 98.09% 98.21%  98.06%
55 | 51.17% | 96.24% 94.68% 96.95% | 97.39% 96.97%  97.99%
60 | 48.40% | 9551% 93.94% 96.17% | 97.76% 96.63%  98.08%
65 | 5270% | 96.28% 95.11% 96.89% | 97.77% 97.87%  97.69%
70 | 51.23% | 9522% 93.11% 96.26% | 97.56% 96.94%  97.79%
75 | 53.18% | 95.45% 94.42% 96.01% | 97.13% 97.13% -
80 | 5331% | 9552% 93.48% 96.59% | 97.51%  95.76%  98.05%
85 | 5364% | 94.49% O1.76% 96.04% | 97.11% 95.75%  98.06%
9 | 53.70% | 94.50% 92.02% 95.97% | 96.71% 95.40%  97.36%
95 | 55.11% | 93.98% 91.37% 95.49% | 96.47% 95.28%  97.07%
100 | 56.58% | 94.16% 91.85% 95.39% | 96.77% 95.63% 97.53%
120 |  56.96% 97.07% 95.80% 97.51%
160

Hom

90.63%
91.32%
93.10%
93.55%
93.34%
93.21%
93.73%
93.77%
94.00%
93.98%
94.11%

94.74%

94.40%
94.01%
94.21%
94.64%

97.48%

Table 2. Effect of the
number of ancestral
haplotypes (K) on STITCH
accuracy. Each row shows
the results for a run with a
different value of K. The
INFO score and accuracy of
STITCH calls (defined as the
percentage of matching
STITCH and KASP genotypes)
is provided for each run.
Bluer values have a higher
accuracy, redder values a
lower accuracy. Accuracy
was calculated separately all
genotypes,

and heterozygous and
homozygous genotypes and
for all samples and for
samples with >5x coverage.
Calls are further divided
between high-confidence
calls (posterior probability of
most likely calls > 0.9), and
all calls. The highlighted box
shows the chosen K=75 for
final genome-wide STITCH
calling.
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Table 3. Effect of the number of generations since founding (ngen), number of MCMC iterations (niter),
number of down-sampled reads for STITCH calling (cov), and expected recombination rate (r) on STITCH
accuracy. Each row shows the results for a run with a different value of the above parameters. The INFO
score and accuracy of STITCH calls (defined as the percentage of matching STITCH calls and KASP genotypes)
is provided for each run. Bluer values have a higher accuracy, redder values a lower accuracy. Accuracy was
calculated separately for all genotypes, and heterozygous and homozygous genotypes and for all samples
and for samples with >5x coverage. Highlighted boxes for each parameter (ngen=100, niter=40,
coverage=20, r=0.5) shows the chosen values for final genome-wide STITCH calling.

Accuracy of all samples Accuracy of samples with
(n=1070) >5x coverage (n=180)

Total Het Hom Total Het Hom

ngen (no. of generations since founding)

89.79%

89.85%

94.38%

200 0.614 88.84% 87.33%

94.32%

89.35%
89.41%

80 87.18%

93.33%
93.19%

92.52%
91.94%

88.55%

89.21% 88.22% 89.79% | 95.45% 94.42%
15 0.574 88.76% 87.71% 89.41% | 95.66% 93.62%
20 0.567 96.85% 94.41%
25 0.562 89.28% 88.26% 89.92% | 96.88% | 96.01% 97.38%
30 89.19% 88.11% 89.84%

87.97%
88.03%

89.99%
90.21%

97.05%
97.27%

95.74%
95.91%

97.62%
97.77%

89.22%
89.38%

(expected recombination rate; cM/MB)

88.76% 87.80% 89.36% | 93.75%

1 87.18% 94.27%
5 0.623 89.27% 94.22%
10 0.623 88.97% 87.80% 94.00% 93.33%
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Table 4. Estimates of STITCH error rates for the 30 sites with corresponding KASP genotypes. The error
rate for each site was calculated for all samples, and for samples with greater >5x coverage. Estimates are
given for the 6 possible classes of error between homozygous and heterozygous genotypes. REF and ALT
are homozygous genotypes for the reference and alternative alleles, respectively. The linkage group,

physical position in bp, total error for each site, and mean error across all sites are also provided.

Linkage (n=1070) (%) >5x coverage (n=180) (%)
Group
& REF ALT |HET HET REF ALT | HET HET REF
Position ! ! ! | | Total
ALT REF |REF ALT ALT REF | REF ALT HET

1955185 0
1|45535107 0.58
147381180 364 121 061 182 | 7.27
1|51252783 058 | 0 058 058 173
1|60537705 291 058 291 | 1047
171126303 2.92
2| 55473945 1.18 1.78
2|58751341 296 828 | 26.04
3| 1055959 289 751 694 6.36 | 2543
3| 3488331 3.55 7.69
3| 44197469 1.18
4|7115521 0.6
4 | 44460308 1.76
450972302 147 058 | 2.92
6| 15125731 059 | 0.59
6|53090212 409 058 117 409 | 1053
6| 53094790 058 10 OO 058
6|53104387 241 | 1.05 12 | 06 241 06 | 482
6|53195127 06 422 422 482 | 13.86
6|53944185 0
6| 32503688 1.18 1.18
6|52922047 175 234 526 1.7 | 10.53
6| 52966811 24 -ﬁ 4.79 | 9.58
652999112 0.58 0.58 0.58 | 1.74
6|53016551 118 059 294 118 | 588
653061080 058 117 175 147 | 4.68
6|53083229 122 244 366 | 7.93
7| 49828363 2.38 119 119 | 4.76
8 | 27807304 116 | 1.74
8| 38142268 4.62

Mean

SD

Error rate for all samples

Error rate for samples with

0.1 0.09]|3.11

0.21 0.14|2.93

1141 (0.04 0.03| 1.73

8.05 | 0.21 0.14| 2.83
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Table 5. Comparison of STITCH performance compared with hard-calling with bcftools. Accuracy, defined
at the percentage of matching genotypes, was assessed for both methods by comparing genotype calls to
corresponding KASP genotypes. We calculated accuracy for datasets that differ in their level of sequencing
coverage, including all samples, those with >5x coverage, and those with greater than 5x coverage. We also
estimated the error for the hard-called genotypes using three different per-genotype coverage cutoffs (i.e.,
the minimum number of reads needed to include a genotype in the error estimation): (i) no cutoff, where
genotypes supported by any number of reads were included, (ii) only genotypes supported by at least 6
reads, and (iii) genotypes supported by at least 15 reads. The amount of missing data associated with each
dataset is also provided; note that for the STITCH calls, there is no missing data.

All samples Samples with >5x coverage Samples with >15x coverage

(n=1070) (n=180) (n=15)

STITCH bcftools STITCH bcftools STITCH bcftools

per-genotype all
Depth

mean Accuracy

(%) 88.59

mean missing
(%)

2.74 63.63 4.08 11.33 36.67
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Figure 3. Consistency of site-level statistics between independent STITCH runs. (A) Joint distribution of
the INFO_SCORE between runs 1 and 2. (B) Joint distribution of the minor allele frequency (MAF) between
runs 1 and 2. Each point is coloured according to the density of sites (counts) that are present in that area
of the plot.

calling has an accuracy 15% greater than hard-calling across all samples, and while providing
more than twice as much data.
4.6.4 | Consistency of site-level statistics between independent STITCH runs

Satisfied that STITCH provides results that are reasonably accurate for our dataset, we
conducted a second independent run of STITCH with the same set of parameters to quantify
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the consistency between independent STITCH runs. Specifically, we repeated STITCH runs for
the 30, 100Kb regions, allowing us to not only compare the accuracy for the 30 sites with
corresponding KASP genotypes, but also compare the other metrics for the other 142,836
variable sites within these regions.

We first examined the consistency of site-level statistics returned by STITCH. We found
a moderate relationship between the INFO obtained between the two runs (Spearman’s rho
= 0.54) indicating that INFO_SCORE is similar, but that the expected imputation accuracy
differs somewhat between independent runs (Fig 3A). We found a much stronger relationship
for the minor allele frequency (MAF) (Spearman’s rho = 0.99), with the inferred MAF being
highly consistent between the two STITCH runs (Fig 3B).

4.6.5 | Consistency of STITCH accuracy and genotype calls between
independent STITCH runs

We next compared the consistency of the STITCH calls, by both comparing them to the
imputed genotypes for the KASP markers, but also by comparing the genotypes from first
STITCH run (Run 1) to the second STITCH run (Run 2). Focusing first on the comparisons with
the KASP genotypes, we found that the estimates of accuracy were highly similar between
the runs (Spearman’s rho = 0.81 for all samples and 0.82 for samples with >5x coverage), such
that a site with higher error in runl also tended to have a higher error in run 2 (Fig 4A).

A | Accuracy between STITCH runs

B | INFO vs matches between STITCH runs C | Accuracy vs matches between STITCH runs
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Figure 4. Consistency of genotype calls between independent STITCH runs. (A) The relationship between
the accuracy calculated for the two STITCH runs. (B) The relationship between the percentage of genotype
matches between the two runs and the mean INFO_SCORE. (C) The relationship between the mean
accuracy across STITCH runs 1 and 2 and the percentage of matches between the two STITCH runs
(subsequently referred to as ‘pseudo-accuracy’). The dashed line in plots A and Cis the 1:1 line.

Although the accuracy of the two runs was highly similar, the comparison of the
genotypes from the two runs shows that the errors made by STITCH are not consistent
between the independent runs. Specifically, we found that the percentage of genotype
matches varied widely across the markers, from 63% to 97% (mean 11.4%) for all samples and
74% to 100% (mean 6.3%) for samples with >5x coverage. We found that the percentage of
matches between the runs tended to increase as the mean INFO score between runs 1 and 2
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increased (Spearman’s rho=0.63 for all samples, 0.60 for samples with >5x coverage) (Fig 4B).
This suggests that while the error rate for each marker is fairly consistent between
independent runs, the actual errors made by STITCH are somewhat stochastic and can be
predicted partly based on the INFO_SCORE.

We next wanted to understand whether the percentage of matches between the
STITCH runs could be used to predict our measure of accuracy, defined as the percentage of
matches between the STITCH and KASP genotypes. Indeed, we found a very strong positive
relationship between accuracy and the percentage of genotype matches for the 30 markers
(Spearman’s rho calculated between the % STITCH matches and mean accuracy between
STITCH runs 1 and 2: 0.94 for all samples, 0.88 for samples with >5x coverage) (Fig 4C). This
suggests that the percentage of matches between independent STITCH runs is a better
predictor of accuracy than the INFO_SCORE.

4.6.6 | Estimating genome-wide distributions of accuracy

We next used the percentage of matches between the independent STITCH runs—
hereafter referred to as pseudo-accuracy—to contain a more general picture of how accuracy
varies across the genome. Unlike our measure of accuracy, which could only be calculated for
the 30 markers with high-accuracy KASP genotypes, pseudo-accuracy can be estimated for all
of the variable sites that were included in both STITCH runs.

Figure 5 shows the relationships between pseudo-accuracy, the INFO_SCORE, and the
minor allele frequency for the 142,836 variable sites. This clearly shows that sites with the
lowest pseudo-accuracy tend to be those with a higher minor allele frequency and an
intermediate INFO_SCORE. There are two fairly distinct areas of high accuracy within the 3-D
space. First, sites with a lower MAF tend to have a higher accuracy regardless of the
INFO_SCORE. This makes intuitive sense, because accuracy is a site-level measure of the
percentage of non-matching genotypes at a site. Thus, we expect the lower limit of the
accuracy to be a function of the frequency of the minor allele (i.e, the maximum error
attainable under a given MAF should be 2n where n is the number of copies of the minor
allele). More specifically, if the minor allele is very rare, the error rate will be very low for a
site, even if all genotypes that include the minor allele have been miscalled. The other area
of high accuracy is associated with a high MAF and a high INFO score. Indeed, there is a clear
positive relationship between the INFO score and accuracy when the minor allele frequency
is large.

In summary, we find that the genome-wide accuracy of the STITCH calls is likely quite
high. For example, the mean site pseudo-accuracy is 95% for all samples (95.9% for samples
with >5x coverage), with more than 83.9% of sites having an accuracy greater than 90%.
However, our analysis shows that the factors driving site-level accuracy vary across loci. For
sites where the minor allele is very rare, we expect the accuracy to be high, because most
individuals will be correctly called as homozygous for the common allele even if all genotypes
involving the minor allele are miss-called. When the minor allele is common, there is more
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potential for genotypes to be miscalled, in which case, the INFO_SCORE predicts accuracy at
the site level.
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Figure 5. The relationships between the minor allele frequency, mean INFO_SCORE and pseudo-accuracy
142,836 variable sites. The three plots show the joint distributions for each pair of variables. The grey
curves on each axis show the 1-D density for individual variables. Points are coloured by accuracy. Bluer
sites have a higher pseudo-accuracy and redder sites have a lower pseud-accuracy.

4.6.7 | Final STITCH run

To obtain calls for the whole genome, we used the final set of parameter values (--
K=75, —-ngen=100, --niter=40, --downsampleToCov=20, --expRate=0.5cM) to perform STITCH
imputation across all 28,956,743 putative variant positions. For parallelisation, STITCH was
performed on 1Mb genomic regions with an overlap of 100kb on each end. Out of all
preliminary putative variant positions, 6,861,000 (23.69%) were inferred to be invariant (i.e.,
the initial calls by bcftools and STITCH calls disagree) and were, therefore, removed from
further analysis (Table 6). Furthermore, we removed sites with INFO_SCORE < 0.2 and
retained a final 20,043,334 bi-alleleic SNPs.

4.7 | Estimation of recombination rates

We next used LDhat v2.2 (Auton and McVean, 2007) to estimate the population-scaled
recombination rate (p) between each SNP. For each discrete site on the magenta (MF1/2/3)
and yellow flank (YF1/2/3) (Fig 1), we first used the /kgen function in LDhat to to generate a
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log-likelihood lookup table, tailored to the number of haplotypes in each deme and with
19=0.009 (calculated from the average genome-wide nucleotide diversity in 10Kb windows,
based on Field et al., 2025). Variable recombination rates were then inferred using the interval
function with the parameters: --its 10000000 --samp 5000 --bpen 5 (i.e., 10 million MCMC
iterations sampled every 5000 iterations and a block penalty parameter of 5 as recommended
by the authors of LDhat in case of no obvious/known recombination hotspots). Results from
the MCMC iterations were summarised with the stat function, discarding a burn-in of the first
1000 iterations, to estimate the mean p between each SNP pair. To ensure computation
efficiency, LDhat analyses were performed on sliding windows of 2000 SNPs with an 100 SNPs
at each window boundary, subsequently combined to produce continuous recombination
rate estimates for each chromosome.

Table 6: Number and characteristics of variants after final STITCH calling. We provided STITCH with a list
of ~29 million putative variant sites, which determined that 6.8M were most likely to be invariant. Thus,
our final dataset consisted of 22M variant positions that were used in subsequent analyses. The number
and percentage of variants associated with different INFO score classes are shown.

Dataset ‘ %

Putative Variant Sites 28,956,743 -
Invariant Sites after imputation 6,861,000 23.69
All Linkage Groups | 22,095,743 =
info =1 930,718 4.21
Final Variant info 2 0.8 3,110,828 14.08
Sites info =2 0.6 8,440,477 38.20
info 2 0.4 14,647,305 66.29
info =2 0.2 20,043,334 90.71

Population Recombination Rate

Chromosomes

Figure 6. Population-scaled recombination rate (4N.r) inferred by LDhat along the genome. The
recombination landscape is qualitatively similar to other estimates derived in Pal et al., 2025.
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Population recombination rate (p) estimates for each deme were highly correlated
(Spearman’s rho = 0.8 — 0.83), and therefore averaged to produce a single estimate between
each SNP, used in all downstream analyses. We converted p as p = 4N.r, where N. = 406694
(calculated as m = 4Neu where p = 5.7x10-9 which is the estimated mutation rate for
Antirrhinum hispanicum, Zhu et al., 2023; and = 0.009 ,Field et al., 2025), and r is the number
of crossovers per basepair per generation, that was subsequently used to represent the
position of each SNP in centimorgans (cM) to produce the final recombination map. The final
map length of the whole genome was estimated to be 299 cM (Fig 6).

4.8 | Hybrid strategy to phase variants using molecular and
statistical phasing

4.8.1 | Molecular Phasing

We performed molecular phasing on the 20 million imputed SNPs with HAPCUT2 (Edge
et al., 2017). In contrast to statistical phasing, which infers haplotype phase from population-
level genotype data, molecular phasing directly determines phase at each heterozygous site
by leveraging sequencing reads that originate from the same DNA molecule, as identified by
shared molecular barcodes.

For each sample, we first extracted all reads covering heterozygous sites from the BAM
files using the extractHAIRS script provided by HAPCUTZ2. Subsequently, we grouped reads
sharing the same BX-tag barcode, allowing a maximum gap of 50Kb between reads, using the
LinkFragments.py script. Phasing was then performed in the 10X/linked-read aware mode of
HAPCUT2, with a phase-block PHRED-scaled threshold of 10, and the call-homozygous option
enabled to improve confidence in heterozygous variant calls. The resulting linked-read
fragments defined phase blocks, each containing a set of heterozygous sites. Only a subset of
these sites were phase-informative (i.e., covered by one or more reads) and thus could be
phased by HAPCUT2 (Fig. 7A).

Sequencing coverage had a pronounced effect on the number and length of phase
blocks, as well as the fraction of SNPs that could be phased. Samples with higher coverage
had fewer phaseblocks, but a higher fraction of SNPs that were phased (Fig 7A). In samples
with >5x coverage (hereafter, high-coverage), we observed an average of 4,110 phase blocks
per sample, with 91.2% of SNPs phased. In contrast, samples with <5x coverage (hereafter,
low-coverage) exhibited an average of 19,316 phase blocks per sample, with only 48.2% of
SNPs phased. More importantly, in high-coverage samples, 68.9% of phased SNPs were, on
average, located within the 10 largest phase blocks (largest by number of phase-informative
SNPs), whereas in low-coverage samples, it was only 4.3% (Fig 7A). For example, the sample
with the highest coverage (111.4x) had 98.4% of SNPs phased, distributed across 2,268 phase
blocks, with the 10 largest blocks spanning 50.5 Mb of chromosome 6 and containing 93.8%
of phased SNPs (Sample A, Fig 7B). In contrast, a sample with 2.5x coverage had 18,923 phase
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blocks, with only 57.4% of SNPs phased; the 10 largest blocks spanned just 2.7 Mb and
contained a meagre 7.8% of phased SNPs (Sample B, Fig 7B).

While SNPs associated with 1 phaseblock are, in theory, expected to have the most
accurate phase information informed directly by the molecular barcodes, the higher order
phase between two phase blocks is often unknown and cannot be deduced directly from
reads or molecules. Our findings indicate that most phase-informative SNPs in high-coverage
samples are concentrated in a small number of long phase blocks, providing more contiguous
and accurate phase information over long distances. In contrast, low-coverage samples yield
shorter, more fragmented phase blocks, increasing the potential for phase switch errors. For
example, 93.8% of phased SNPs in the sample with 111.4x coverage, are distributed within 10
phase blocks (Sample A, Fig 7), with only 9 possible phase switch errors between the phase
blocks. In contrast, for the sample with 2.5x coverage, the same fraction of phased SNPs is
distributed over 12k phaseblocks with an average span of only 4.7kb, thus vastly increasing
the phase switch error rates (Sample B, Fig 7). Based on these findings, we retained molecular
phasing results only for high-coverage samples and applied statistical phasing to the rest of
the samples.

4.8.2 | Comparison between statistical phasing, molecular phasing and the
use of reference panels

Due to the absence of an independent haplotype reference panel for Antirrhinum
majus, direct external validation of phase accuracy was not possible. To benchmark statistical
phasing, we compared it to molecular phasing in a 1Mb region of chromosome 6 (52.5-53.5
Mb) containing 66K SNPs. Statistical phasing was performed using SHAPEIT5 (Hofmeister et
al., 2023), both with and without a reference panel.

To ensure the most accurate phase information, we constructed a reference panel
from 123 samples with >5x coverage, each having a single phase block spanning the entire
target 1Mb region (chr6:52.5-53.5Mb). Since HAPCUT2 does not allow for missing genotypes
in its reference panel, we identified 22K phased SNPs associated with the phase block and
common to all 123 samples that finally served as the reference panel. Statistical phasing of
the full set of 66,000 SNPs was conducted using the phase_common_static function in
SHAPEIT5, with and without the --scaffold option (reference panel), using the recombination
map from LDhat and an effective population size (Ne) of 406,694 (calculated as m=4N.u, with
1 =5.7x107% and it from PoolSeq data; Field et al., 2025).

Switch error rates (SER) were assessed by comparing statistical phase calls to
molecular phase calls at the 22K SNPs in the reference panel, treating molecular phase as
ground truth. We found a slight decrease in SER for each of the 123 samples when the
reference panel was used for statistical phasing; with a reduction from an average SER of
6.62% of 5.52% (Fig 8A). SER also decreased with increasing minor allele frequency (MAF) (Fig
8B), consistent with expectations that statistical phasing is more accurate for common
haplotypes. Although rare haplotypes absent from the reference panel can still lead to switch
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errors, overall SER was reduced in all individuals
reference panel was included.
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Figure 7. Performance of molecular phasing. (A) Fraction of SNPs that were phased by molecular phasing.
Higher coverage contained more phase-informative SNPs associated by lesser number of phase blocks.

Proportion of phased SNPs in the 10 largest phaseblocks also increased with mean sequence coverage. Two
samples, A (marked in red) and B (marked in blue) are chosen to show the qualitative differences of phasing
between higher and lower coverage samples. (B) Distribution of phaseblocks for samples A and B are
shown. Each horizontal line is a phaseblock, showing their span along the chromosome 6. The 10 largest
phaseblocks are marked in green. Phaseblocks of Sample A span much longer than those of Sample B, and
contains 93.8% of the phased SNPs within the 10 largest phaseblocks compared to 7.8% in Sample B.

76



Chapter 4: Haplotagging pipeline for 1084 snapdragons

A | Effect of reference panel on
Statistical phasing

120

B | Effect of minor allele frequency on statistical phasing

100 ©

80 :\o‘ 2
~ [¢)
Q
9 M o —
9 E © R o
Q. 60 o ® ° o o o
£ oo B o @ oo Q
3 0T BB & & $°%Bo 0§ g0
& = ST o P
S @ T8 9% 00 &5 o
= 4 (o) le) OO o
40 4 = 00
w o
N — %o
%)O
[]
20 o o
I I I I I I
0.0 0.1 0.2 0.3 0.4 0.5

. T T T 1 Minor Allele Frequency

Switch Error Rate (%)

Figure 8. Performance of statistical phasing. (A) Switch Error Rate (SER) improved when using molecular
phase blocks as reference panel (blue crosses) compared to without (red dots). Molecular phase was used
as the ground truth for comparison to statistical phase. (B) SER depended on the minor allele frequency of
the allele just after the switch error, and performed worse for rarer alleles.

To further assess the impact of phasing accuracy on downstream analyses, we inferred
genealogies (tree sequences) using tsinfer (Kelleher et al., 2019) for a subset of 56 high-
coverage samples with 38K phased SNPs common to all and within a single phaseblock (see
Chapters 5 for details on tree inference). The intuition is that — if statistical phasing produces
a large number of short phase blocks where the higher order of phase is not known, we might
expect to see more marginal trees in a statistically phased region over a molecular phased
region. So, we used a subset of 56 samples of the highest coverage that had an intersection
of 38K SNPs all associated with 1 phase block. We compared genealogies inferred on the
phased genotype called from (/) molecular phasing, (ii) statistical phasing without a reference
panel, and (jii) statistical phasing with a reference panel. Although the number of marginal
trees differed between methods, 86% of marginal tree boundaries overlapped between
statistical and molecular phasing, indicating high concordance between approaches. Based
on these findings, we took a hybrid approach of leveraging the advantages of molecular and
statistical phasing to phase our full dataset with 20 million SNPs.
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4.8.3 | Final statistical phasing with molecular phased SNPs as reference
panel

Finally, all 1,074 samples were statistically phased using SHAPEIT5 with the
phase_common_static function, the --scaffold option (reference panel), the recombination
map from LDhat, and N.=406,694. The reference panel comprised 180 samples with >5x
coverage and the intersection of 8,998,583 SNPs molecular-phased with HAPCUT2.

4.9 | Polarising alleles as ancestral or derived

We polarised alleles of the 20 million phased SNPs in A. majus as ancestral or derived using
high-coverage PoolSeq sequence data (mean coverage = 89.97x) from a closely related
outgroup species Antirrhinum molle. For each bi-allellic site in A. majus, we determined which
alleles were present within A. molle. For 86.1% of sites, we observed 3 site-patterns that
allowed us to identify which allele is derived in A. majus (Table 7).

Pattern A: 14,177,182 sites (64.16%) resolved

Sites where one of the A. majus alleles is fixed in A. molle. Out of these 14.2 million
sites that constituted 64.2% of all the bi-allelic A. majus sites, 12.9 million (58.6%) sites had
the A. majus major allele fixed in A. molle, whereas the remaining 1.2 million (5.6%) sites had
the A. majus minor allele fixed in A. molle. For all such sites, the fixed A. molle allele was
assigned ancestral, while the other A. majus allele derived.

Pattern B: 3,921,661 sites (17.75%) resolved

Sites where both A. majus alleles are present in A. molle, and both species share the
same major allele, i.e., allele frequency > 0.5. For such sites, the major allele was assigned
ancestral, since the minor allele in either taxa would most likely be derived due to new
mutations being relatively rare.

Pattern C: 921,886 (4.17%) resolved
Sites where both species are polymorphic, but only share 1 allele. In this case, the
shared allele is considered ancestral, while the unique allele is considered derived.

The remaining 13.9% of bi-allelic sites in A. majus had no logical basis for assigning
ancestral or derived alleles based on the information from A. molle (Patterns D—F in Table 7).
The most unresolvable site-pattern (Pattern D: 1,631,993 or 7.38% of all bi-alleleic sites),
involved both species sharing the same 2 alleles, but the minor allele in one species was the
major allele in the other. For 1,391,039 sites (6.3%), there was simply no sequence
information available for A. molle (Pattern E in Table 7). Finally for the remaining 52,338 sites
(0.237%), neither of the A. majus alleles was present in A. molle (Pattern F in Table 7),
suggesting both alleles being derived in an unknown order in the ancestor to A. majus. For all
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the 3,075,714 unresolved bi-alleleic sites (13.9%), we assumed the minor allele (< 0.5 allele
frequency) in A. majus to be the most likely derived allele. In addition, latest genealogical
inference (where allele polarisation is of utmost importance) tools such as Relate, can alter
the polarisation of alleles based on incompatibilities of mutations on genealogical tree
branches.

Table 7. Overview of number of sites where A. majus alleles could be polarised into ancestral or derived,
based on alleles present in Antirrhinum molle. For unresolved sites, major allele in A.majus was considered
ancestral.

% | Type ! # i %

: : One of the A. majus
A 14,177,182 | 64.16 | alleles is FIXED in A.
: : molle

Fixed
allele

Both A. majus alleles
| | | present in A. molle.
19,020,029 86.08 B 3,921,661 17.75 | Both species have the
: ' ' same major allele
(frequency = 0.5)

Sites
resolved

Major
allele

; ; Both A. majus and A.
C 921,186 : 4.17 | molle are polymorphic,
i i but only share 1 allele.

Shared
allele

Both A. majus alleles
! ! present in A. molle.

D : 1,632,337 : 7.39 | Both species do not have -
: : the same major allele

(frequency = 0.5)

Sites ;
NOT 3,075,714 13.92
resolved :

E 1391039 630 | Nogenotype information _
| | for A. molle

5 5 No shared allele between
F E 52,338 ! 0.24 A.majus and A.molle B

4.10 | Conclusions

Producing a genomic resource at scale with today’s state-of-the-art methods can be
somewhat inexpensive, but never error-free. Specifically, most errors arise from genotype
imputation and haplotype phasing, that depends on several factors markedly different
between model and non-model organisms—mainly, presence of a reference-panel or
pedigree information and its size, genome complexity, diversity along the genome, and finally,
sequence quality. This chapter set out to provide the first population-scale, phased whole
genome dataset for the Antirrhinum majus hybrid zone and, in doing so, explore a possible
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methodological pipeline for future datasets at such scale even beyond our study system. We
achieved this, by cost-effectively linked-read-sequencing 1084 plants to low- and high-
coverage, hoping to identify variants segregating in the population rather than an individual,
that can then inform imputation and phasing of sites missing in the lower coverage samples.

The raw data yielded 429 million putative variant sites. A series of depth, quality,
multiallelic, and indel-proximity filters reduced this set to 29 million high-confidence biallelic
SNPs that were then used for genotype calling and imputation with STITCH. By benchmarking
STITCH imputed genotype calls at 30 variant sites against “gold-standard” KASP genotypes,
we identified a configuration of imputation parameters that maximises the joint objectives of
completeness as well as accuracy in our dataset dominated by low coverage samples (~80%).
This delivered a mean accuracy of 89 across all samples, and 94% for the samples with >5x
coverage. While imputation accuracy of <1% is routinely reported in model organisms
(humans, cattle, Arabidopsis) (Arouisse et al., 2020; Lee et al., 2021; Stahl et al., 2021), such
accurate genotype imputation is almost unheard of in non-model systems, mainly because of
the lack of external genomic resources, such as a reference panel or pedigree, and long-range
information in sequencing reads. Our estimates match those of other non-model systems
(~3-12%) (Money et al., 2015; Watowich et al., 2025). It is worth mentioning here that most
studies do not report or estimate the individualized genotype-imputation accuracy due to the
lack of any external validation. Generally, it is more common to check for correlations
between expected and observed minor allele frequency bins. We could benchmark the
accuracy of individualised imputation calls, owing to our concerted long-term sampling of the
hybrid zone and available KASP sequences for every individual sampled. While we find very
high correlation between the expected and observed MAF bins (Spearman’s rho = ~0.99), our
individualised accuracy estimates suggest mismatch between genotype calls although the
over frequency is preserved. Therefore, we hope these values would provide guidelines for
future studies in other systems that lack external genotype information to compare with, and
inform their sampling and sequencing design.

The second accuracy bottleneck was phasing. Owing to the unique barcode
information, we devised a hybrid scheme where we molecular-phased 180 samples with >5x
coverage to be then used as a reference panel for statistically phasing all samples. Since we
do not have independent sequence information for the haplotagged samples, we could not
compute an absolute switch error rate. But comparing the molecular phase to statistical
phase with the reference panel, we found switch errors to occur at a rate of 5.5%, which is
expectedly far higher than model systems (~¥1%) (Hofmeister et al., 2023), but match non-
model study systems (~3-15%) (Majidian and Sedlazeck, 2020).

Overall, a point of caution merits explicit acknowledgement. The deliberate inclusion
of very low-coverage individuals enhances population representation but depresses
imputation and phasing accuracy for samples with <5x coverage. This dictates caution in
analyses that rely on long-range phase information, such as ARG inference, estimation of
allele ages, etc. Therefore, analyses requiring per-site precision should either weigh
genotypes by their imputation confidence (INFO_SCORE), restrict to the >5x coverage subset
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or use the most accurate phase information from only molecular phaseblocks. Moreover,
future method developments should also ideally incorporate locus-specific uncertainty into
their models. On the other hand, analyses such as GWAS are less likely to be affected by a
handful of genotype errors, given our large sample size.

Despite these limitations, the resulting catalogue of 20 million phased SNPs
constitutes an unprecedented resource for the Antirrhinum system. When applied to
phenotypically structured systems, these workflows clarify transitions across hybrid zones. The
next chapters leverage this dataset to first study the molecular parallelism between two
hybrid zones, then combines mixed-model GWAS with classic population-genetic outlier
statistics to dissect the genetic architecture of flower colour and divergence, and finally,
reports a preliminary analysis of genealogical history of a selected allele that controls flower
colour variation. Together, this dataset enables us to study the Antirrhinum hybrid zone and
understand how selection and gene flow shapes genomic landscapes during early stages of
speciation.

4.11 | Supplementary Information

Supplementary information related to this chapter is in Appendix C.
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Chapter 5

Genealogical analysis of replicate
flower colour hybrid zones in
Antirrhinumf

Abstract

A major goal of speciation research is identifying loci that underpin barriers to gene flow.
Population genomics takes a ‘bottom-up’ approach, scanning the genome for molecular
signatures of processes that drive or maintain divergence. However, interpreting the
‘genomic landscape’ of speciation is complicated, because genome scans conflate multiple
processes, most of which are not informative about gene flow. However, studying replicated
population contrasts, including multiple incidences of secondary contact, can strengthen
inferences. In this paper, we use linked-read sequencing (haplotagging), Fsr scans, and
genealogical methods to characterise the genomic landscape associated with replicate hybrid
zone formation. We studied two flower colour varieties of the common snapdragon,
Antirrhinum majus subspecies majus, that form secondary hybrid zones in multiple
independent valleys in the Pyrenees. Consistent with past work, we found very low
differentiation at one well-studied zone (Planoles). However, at a second zone (Avallenet), we
found stronger differentiation and greater heterogeneity, which we argue is due to
differences in the amount of introgression following secondary contact. Topology weighting
of genealogical trees identified loci where haplotype diversity was associated with the two
snapdragon varieties. Two of the strongest associations were at previously identified flower
colour loci: Flavia, that affects yellow pigmentation, and Rosea/Eluta, two linked loci that
affect magenta pigmentation. Preliminary analysis of coalescence times provides additional
evidence for selective sweeps at these loci and barriers to gene flow. Our study highlights the
impact of demographic history on the differentiation landscape, emphasizing the need to
distinguish between historical divergence and recent introgression.

T This chapter is published and can be found online at: https://doi.org/10.1111/mec.70067
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5.1 | Introduction

A major goal of speciation research is to identify loci underlying barriers to gene flow.
Population genomic studies usually take a ‘bottom-up’ approach by scanning the genome for
patterns of within- and between-population variation that indicate selection driving or
maintaining divergence (Ravinet et al., 2017; Wolf and Ellegren, 2017). For example, during
speciation with gene flow, genomic regions associated with local adaptation or genetic
incompatibilities are expected to show elevated genetic differentiation (usually measured by
Fst), with the rest of the genome homogenised through genetic exchange (Feder et al., 2012;
Wu, 2001). Indeed, numerous studies of the ‘genomic landscape’ have found highly
heterogenous patterns of genetic differentiation and, in some cases, have shown that regions
with high Fst house genes underpinning adaptive traits that also act as reproductive barriers
(Hooper et al., 2024; Martin et al., 2013; Poelstra et al., 2014; Todesco et al., 2020). However,
we now know that interpreting the differentiation landscape is more challenging than some
researchers once hoped (Ravinet et al., 2017; Wolf and Ellegren, 2017).

The main challenge is that genome scans can conflate multiple processes, some of
which are not due to current heterogenous gene flow (Ravinet et al., 2017). Consider a simple
model of secondary contact, where divergence builds up over a long period (which may
involve intermittent isolation), and erodes following recent contact. Genome-wide
divergence builds up relatively slowly, due to both drift and selection. Divergence will
inevitably be heterogenous along the genome both by chance and due to intrinsic properties
of the genome, such as the local density of functional elements and local recombination rate
(Burri, 2017). After contact, introgression will erode divergence where the populations meet,
potentially revealing the location of barrier loci (Duranton et al., 2018). While relatively fast
compared to build-up of divergence, this erosion takes some time, and will be delayed if
interbreeding is geographically localised (Barton and Gale, 1993). Thus, genome scans reflect
both initial divergence and post-contact introgression, and these may be hard to disentangle.

Inclusion of replicate hybrid zones aids the interpretation of genome scans, allowing
comparison of divergence across multiple contacts (Nadeau et al., 2014; Rancilhac et al.,
2024; Vijay et al., 2016; Wilding et al., 2001). Overall divergence may reflect differences in the
timing of contact or rates of gene flow. Nevertheless, parallel contacts should ultimately lead
to similar differentiation landscapes if large-effect outlier loci reflect barriers to gene flow
that have resisted introgression in each location. In contrast, outliers found in a single zone
might reflect local demographic processes (e.g., bottlenecks), evolutionary noise, sampling
effects, or population specific barriers (Westram et al., 2021). Several studies have used this
logic to identify loci that underpin local adaptation and speciation. The most compelling
studies combine traditional site-based genome scans with tree-based methods, which make
it possible to analyse more than two populations within a single framework that
acknowledges their recent shared history (Poelstra et al., 2014; Rancilhac et al., 2024).

In this paper, we study genome-wide variation associated with replicate hybrid zones
in the common snapdragon, Antirrhinum majus, a classic model for understanding phenotypic
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variation both in the laboratory and in nature (Hudson et al., 2008). We focus on two varieties
of A. majus subspecies majus—A.m.m var. pseudomajus and A.m.m var. striatum (hereafter,
var. pseudomajus and var. striatum for brevity) —that are native to France and Spain (Whibley
et al., 2006). These varieties have largely non-overlapping geographic distributions, occupy
similar habitats and are pollinated by the same bee species (Tavares et al., 2018). The major
difference between them is their contrasting flower colour: var. pseudomajus has magenta
flowers with a small patch of yellow pigment on the face of the flower below the bee entry
point, while var. striatum has yellow with restricted veins of magenta colouration above the
bee entry point (Fig. 1A). These differences in colour, which are thought to be alternative
adaptations to attract the same bee pollinators, are caused by a small number of loci that
control the production of two flavonoid pigments in floral tissue, anthocyanin (magenta) and
aurone (yellow). Rosea, Eluta (Tavares et al., 2018), and Rubia (Field et al., 2025) affect
anthocyanin production, while Sulfurea (Bradley et al., 2017), Flavia (Bradley et al., 2025),
Cremosa and Aurina (Richardson et al., 2025) affect aurone production.

During the last ice age, var. pseudomajus and var. striatum are thought to have been
restricted to areas of low elevation, but subsequently expanded into the Spanish Pyrenees
(Vargas et al., 2004; Whibley et al., 2006). As a result, at least three separate hybrid zones
have formed in separate valleys below the altitudinal limit of A. majus (Fig. 1A). In one such
zone near the town of Planoles, a transition from yellow to magenta flowers occurs over a
few kilometres (Whibley et al., 2006). Scans of genome-wide sequence variation have
revealed strong allele frequency differentiation and sharp geographic clines around
previously identified colour loci (Field et al., 2025; Tavares et al., 2018). In contrast, most of
the surrounding genome shows low genetic differentiation, probably owing to the
homogenising effects of dispersal and recombination (Ringbauer et al., 2018; Tavares et al.,
2018).

Here, we expand our analysis to include individuals from the Planoles hybrid zone and
a second zone near the town of Avellanet, located over 50 km to the west (Fig. 1A). By
comparing their respective genomic landscapes and jointly analysing two independent hybrid
zones, we hoped to disentangle ancestral divergence from the effects of recent introgression.
We were especially interested in whether known flower colour loci act similarly in both
localities and stand out from their genomic background. To address this, we used both
traditional Fst scans, and genealogical methods for studying the genome-wide distributions
of tree topologies and coalescence times across the genome. As a secondary aim, we use this
study as an opportunity to compare different methods for inferring genealogical trees along
the genome. Several approaches are now available for inferring genealogies from phased SNP
datasets (Nielsen et al., 2024). However, these methods have not yet been widely used to
study adaptation and speciation. It is also unclear how they perform when applied to real
datasets, and there has been limited discussion about when more sophisticated methods
might be warranted over simpler ones. We hope that this study helps other researchers
decide which method might be most appropriate for their data and specific goals.
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Figure 1. Evolutionary relationship between A. majus subspecies majus populations from two hybrid
zones. (A) Geographic distributions of magenta flowered A.m.m. var. pseudomajus and yellow-flowered
A.m.m. var. striatum. The map is based on sample locations in Whibley et al. (2006) and does not show the
full distribution of either variant. Circles are coloured according to the population. Samples were collected
from two hybrids zones: Avellanet (19 magenta & 19 yellow samples) and Planoles (18 magenta & 18 yellow
samples). Points on the map represent the average location of each population. (B) Genetic structure,
shown as admixture coefficient (Q) for K=3 clusters inferred by Admixture from 1.7 million LD-thinned SNPs.
Each vertical bar is one individual. (C) The first two principal components of the same dataset. (D)
Phylogenetic network (neightbourNet) on the same dataset. (E) Estimates of per-site Weir & Cockerham’s
Fst, averaged over all 11.5 million SNPs. Fst was calculated between varieties from the same hybrid zone
(PlaP™ vs PlasY, AveP™ vs AveSY), and between the hybrid zones (PlaP™ vs AveP™, PlaS¥ vs AveS’, PlaS’ vs
AveP™, PlaP™ vs AveSY). Pla: Planoles, Ave: Avellanet, P™: magenta-coloured var. pseudomajus, S': yellow-
coloured var. striatum.
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5.2 | Results and Discussion

5.2.1 | Genome-wide analysis reveals different histories of post-contact gene
flow across the two hybrid zones

We sampled 18 individuals of magenta-coloured var. pseudomajus and 18 yellow-
coloured var. striatum from Planoles (hereafter, PlaP™ and PlaS$Y), as well as 19 of each variety
from Avellanet (hereafter, AveP™ and Ave$S’) (Table S1). We sequenced them using
haplotagging, a method of linked-read sequencing (Meier et al.,, 2021). An advantage of
haplotagging over standard short-read sequencing is the ability to track source haplotypes by
means of molecular barcoding. After mapping sequence reads to the A. majus reference
genome v. 3.5 (Li et al.,, 2019), we followed the variant calling and imputation pipeline
outlined in Meier et al. (2021) that leverages linked-read information to identify 11,533,030
bi-allelic SNPs (22 SNPs/kbp) across all of the samples. We then phased the SNPs using
SHAPEIT5 (Hofmeister et al., 2023) and used information from a closely related outgroup (A.
molle; Duran-Castillo et al., 2022) to polarise variants as ancestral or derived.

Based on previous work that showed low genome-wide differentiation between the
varieties in Planoles (Tavares et al., 2018), we expected to see similarly low differentiation at
the previously unstudied hybrid zone at Avellanet. To test this hypothesis, we generated a LD-
thinned dataset containing 1.71 million SNPs and performed Admixture (Fig 1B; S1), principal
component (Fig. 1C) and phylogenetic (Fig. 1D, S2) analysis to characterise genetic structure.
In contrast to our expectations, we found different genetic structure at each hybrid zone.
Specifically, PlaP™ and PlaSY always formed a single group, rather than clustering by flower
colour. In contrast, the AveP™ and AveS’ always formed two distinct groups. This result was
also supported by the average genome-wide Fst estimated from all 11.5 million SNPs, which
showed that genetic differentiation was much lower at Planoles (PlaP™ vs. PlaSY: Fst = 0.003)
than it was at Avellanet (AveP™ vs. AveS’: Fst = 0.048) (Fig. 1E). In fact, Fst between AveP™ and
AveSY was higher than between AveP™ and PlaP™ (Fst = 0.027), which are separated by more
than 50 km, whilst AveSY and PlaSY showed the highest pairwise Fsr (= 0.066) of all.

The above results suggest a more substantial history of hybridization and gene flow at
the Planoles hybrid zone than at Avellanet. To assess this more formally, we used the program
6adi (Gutenkunst et al., 2010) to fit a series of demographic models to the joint site frequency
spectrum separately at each hybrid zone. We first compared the fit of a model of strict
isolation (SI, where two populations diverge with no gene flow) to a model of secondary
contact (SC, where populations diverge in allopatry followed by gene exchange after coming
back into contact). For both hybrid zones, the SC model was a far better fit to the data than
the SI model (AAIC > 2000 for both zones), providing evidence of gene flow between the
magenta and yellow populations at each zone (Fig. S3, Table S2). It also suggested a more
substantial history of gene flow at Planoles characterised by a much longer period since
secondary contact than at Avallenet.

Together, these results suggest strikingly different histories of gene flow at each of the
hybrid zones, which is largely consistent with observations made at these hybrid zones over
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more than a decade. At Planoles, plants are abundant every year, and hybrid individuals can
be found over broad areas spanning more than 1 km (Whibley et al., 2006). In contrast, we
do not always find a large number of plants at Avellanet (Stankowski, Barton & Field; personal
observations). In some years, the plants are abundant, and in others, their distribution is
patchy and hybrids are uncommon. Thus, the difference in genetic structure between the
zones may reflect the demographic stability of the populations which is what ultimately
provides opportunities for hybridization and subsequent gene flow across the zone.

5.2.2 | Genome scans reveal highly heterogenous differentiation landscapes
with varying degrees of parallelism

Although we observed a strong difference in the magnitude of Fsr at each hybrid zone,
it is possible that finer-scale pattern of differentiation along the genome is highly similar.
Indeed, highly correlated Fsr landscapes have been observed in studies where multiple
populations with varying levels of differentiation have been compared (Burri et al., 2015;
Stankowski et al., 2019). The general explanation for observing correlated differentiation
landscapes is that common evolutionary processes and intrinsic genomic properties have
shaped variation across multiple incidences of divergence in isolation (Burri et al., 2015), local
adaptation (Jones et al., 2012), or secondary contact (Nouhaud et al., 2022).

To test for correlated differentiation landscapes, we first calculated Hudson’s Fsrin 10-
kbp non-overlapping genomic windows for each pair of populations. This revealed highly
variable patterns of differentiation among the comparisons, both in the level of Fsr and
pattern of heterogeneity. First, comparing the genome scans between var. pseudomajus and
var. striatum at each of the hybrid zones, we found little heterogeneity in the pattern of
differentiation at Planoles. Fst was consistently low across most of the genome (median =
0.008, sd = 0.011) (Fig. 2), with the exception of a small number of localised peaks of
differentiation rising above the background. In contrast, the Fsr landscape was highly
heterogeneous at Avellanet (median = 0.028, sd = 0.064), with far greater variability across
chromosomes and many areas with pronounced differentiation (Fig. 2). The windowed Fsr
estimates exhibited strong dissimilarity between the hybrid zones (Spearman’s rho = 0.04;
hereafter, p) (Fig. S4A, Table S6).

The remaining comparisons showed that differentiation patterns depended heavily on
the populations included. Most notably, AveS¥ showing highly parallel patterns (p ranging
from 0.63 to 0.86) between comparisons that included it (Fig S4B, Table S6). This shows that
the highly heterogeneous differentiation landscape at the Avellanet hybrid zone is driven
more by the history of AveSY population than by gene flow between AveP™ and AveS'.

At both hybrid zones, elevated Fsr windows tended to coincide with reduced genetic
diversity (rmw) in one of the two populations, and/or elevated between-population sequence
divergence (dyy) (Fig. S5). At Planoles, the diversity landscapes were highly similar (o = 0.89),
with outlier regions tending to show lower my in PlaS¥ (Fig S6A, Table S6). The diversity
landscapes were less similar at Avellanet (p = 0.47), with the population that showed lower
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1w varying among the genomic regions (Table S6). For example, in the most pronounced Fst
island on Chr 2, AveSY had lower mtyw, whereas AveP™ had lower my in the outlier regions on
Chr 1 (Fig. S6B, S7). At Avellanet, we found a clear negative relationship between the local
recombination rate and Fsr (p = —0.30), indicating that highly differentiated regions at
Avellanet tended to show lower recombination rates (Fig. S5, Table S6). Coupled with the low
diversity and strongly elevated dy, in highly differentiated regions (Fig. S5), this suggests that
Fst has been shaped primarily by widespread linked selection acting independently in the two
populations. At Planoles, the relationship between recombination rate and Fst is less
pronounced (p = 0.08), with outlier regions showing variable rates of recombination and
modest reductions in Tty (Fig. S5).

We next examined patterns of differentiation at known colour loci to determine
whether they would be detected in outlier scans, since flower colour is expected to have
evolved before the do hybrid zone formed (Tavares et al., 2018). At Planoles, two of the
known colour regions were identified as Fst outliers using both 95™ and 99" percentile
thresholds (Fig. 2, S4A). This included regions containing the Flavia locus (hereafter, FLA) on
Chr 2 that controls the intensity of yellow pigmentation, and the two tightly linked loci Rosea
and Eluta on Chr 6 (hereafter, ROS/EL) that have large effects on magenta colouration. At
Avellanet, the FLA locus was identified at the 99" percentile threshold, while ROS/EL was only
detected at the 95" percentile threshold (Fig. 2, S4A).

5.2.3 | Different genealogical inference methods provide vastly different
numbers of trees yet similar genealogical landscapes

Given the challenges of interpreting multiple pairwise Fst scans, we next shifted to
genealogical tools that allowed us to jointly analyse relationships among all four populations.
Among the variety of tools available, we selected and compared four that were broadly
representative of the main approaches in methodological implementation: (i) Neighbour-
joining trees in arbitrary windows (Martin and Van Belleghem, 2017), (ii) tsinfer (Kelleher et
al., 2019), (iii) Relate (Speidel et al., 2019), and (iv) Singer (Deng et al., 2024). We restricted
our comparison to a 2 Mbp region (45-65 Mbp in Chr 2) with 461,864 SNPs, that showed
highly heterogenous patterns of Fst (Fig. 2) and contains the FLA locus (Bradley et al., 2025).

The first method divides the genome into non-overlapping windows containing the
same number of SNPs (50 SNPs in our analysis) and infers a phylogenetic tree for each region
separately. We inferred neighbour-joining trees, though other methods such as maximum-
likelihood have also been applied (Fontaine et al., 2015). While simple and widely used, this
approach has a significant limitation. Arbitrarily defined genomic segments often span
historical recombination events, where relationships between haplotypes cannot (and ideally
should not) be accurately represented by a single bifurcating tree (Shipilina et al., 2023). As a
result, important genealogical signals may be dampened by the clumping of unique trees into
one.
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Figure 2. Genome scans show heterogenous Fst landscapes with varying degrees of parallelism. Fsr is
estimated in 10 kbp non-overlapping windows (n = 50,881) for each chromosome. Dotted blue and red
lines show the 95" and 99" percentile of genome-wide Fsr estimates. Top panel (Within zones and
between varieties): Comparison between varieties at each hybrid zone (PlaP™ vs PlaSY, AveP™ vs AveSY).
Middle panel (Between zones and within varieties): Comparison between hybrid zones for magenta and
yellow population (PlaP™ vs AveP™ , PlaS’ vs AveSY). Bottom panel (Between zones and varieties):
Comparison between varieties from different hybrid zones (PlaS’ vs AveP™, PlaP™ vs AveSY). Grey shading
delimits chromosomal boundaries. Pla: Planoles, Ave: Avellanet, P™: magenta-coloured var. pseudomajus,
SY: yellow-coloured var. striatum.

Although tsinfer and Relate accommodate the effects of past recombination, they do
not explicitly model recombination. In other words, incompatible SNP patterns only imply
that historical recombination occurred somewhere between the boundary of neighbouring
trees. Singer goes further and takes a Bayesian approach, attempting to infer the full ARG by
fitting a model of coalescence and recombination to the SNP data. So, unlike the deterministic
topology inference of tsinfer and Relate (i.e., multiple runs will always produce the same tree
topologies, though inferred branch lengths may differ between runs), each MCMC iteration
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of Singer estimates a tree sequence that is drawn from the posterior distribution of possible
trees. Thus, a region with no SNP may contain multiple inferred trees, that are not supported
by any data within that region, but are a plausible outcome of the estimated model.

Examination of the resulting tree sequences shows that methods produce vastly
different results (Table 1). First, we found that the number of trees varied substantially across
methods. The neighbour-joining method contained the lowest number of trees at 9,237 (i.e,
1 tree for each 50 SNPs window). Relate and tsinfer inferred substantially more trees, with
198,375 and 406,135, respectively. Singer inferred the most trees by far, with 1,950,778. The
average span of an NJ tree was 2.1 kbp (sd = 2.3 kbp), compared with 100 bp (sd = 322 bp) for
Relate, 50 bp (sd = 222 bp) for tsinfer, and 9 bp (sd = 24 bp) for Singer. Finally, we asked how
many SNPs fell within the span of each marginal tree. Marginal trees in Relate contained an
average of 2.3 SNP (sd = 1.7) compared with 1.14 (sd = 0.47) for tsinfer. On average, trees for
Singer contain less than 1 SNP (0.24, sd = 0.54), with 1950778 (80.73%) trees containing no
SNP.

Table 1. Results of tree inference for four genealogical inference methods. The methods were applied to
the same 2 Mbp region (45-65 Mbp in Chr 2) that contained 461,864 SNPs. The total number of trees
inferred by each method, the mean span of trees in bp, and mean number of SNPs associated with each
tree are provided.

Inference method Number of trees Mean tree span (bp) Mean no. SNPs per tree

Neighbour-joining trees 9,237 2126.44 50
in 50 SNP windows

Relate 198,375 99.81 2.33
Tsinfer 406,135 49.24 1.14
Singer 1,950,778 9.25 0.24

Overall, the characteristics of each tree sequence align with their respective
methodological approaches. The number of SNPs associated with each NJ tree is defined by
the user and will ultimately reflect a trade-off between information content (i.e., number of
SNPs) and tree span. In an ideal world, window size would be minimised such that trees span
as few recombination events as possible. However, if we assume that the transitions between
trees by tsinfer reflect real recombination events, this would imply that the average 50 SNP
window spans 43 observable recombination events. Although Relate and tsinfer define
margins between trees based on incompatible SNP patterns, Relate produces half the number
of trees. This may reflect different levels of tolerance for incompatibilities, and the number
of trees may vary depending upon the parameters chosen by the user. Finally, because Singer
models recombination explicitly, it inevitably produces far more trees than the other
methods. Although many trees in the sequence are not supported by SNP data, allowing
recombination to shape the sequence in the absence of polymorphism data is more
consistent with reality, and may provide additional information in some inference schemes.
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However, it seems reasonable to exercise caution when making detailed inferences from
trees that are not supported by SNP data.
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Figure 3. Topology weighting of trees sequences inferred by four different methods yield broadly similar
genealogical landscapes. Topology weights of the three possible subtree topologies (Tgeo, Tvar, Tait) are
plotted for each tree in the sequence along a small section of Chr 2. Each vertical bar shows the proportions

of each topology in one genealogical tree. Therefore, topology weights add up to 1 except for trees inferred
by tsinfer since it allows polytomies.

Moving beyond the summaries of tree sequences, we next used topology weighting
to compare how topologies change along the genome. Topology weighting iteratively
subsamples one haplotype from each population and estimates the proportion of each
subtree topology. In this dataset of four populations: AveP™, AveS’, PlaP™ and Plas$, it weighs
the contribution of each of the three possible topologies (Fig. 3) — the geography tree (Tgeo),
where samples cluster by hybrid zone ((AveSY,AveP™)(PlasY,PlaP™)), the variety topology (Tvar),
where samples cluster by the variety, ((AveSY,Plas)(AveP™PlaP™)), and an alternative
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topology (Tai), where samples neither cluster by geography or variety
((AveP™,PlasY)(AveSY,PlaP™)). By iteratively sampling many subtrees (in our case 10,000), we
can obtain their relative frequencies (i.e., topology weights), which provide a measure of the
weight (or bias) of the full tree to each group level topology (Fig. 3).

Although the characteristics of the tree sequences vary among the four methods,
there is striking similarity in genomic distributions of the topology weights inferred from
them. Figure 3 shows the weights for the three group-level topologies. From visual inspection
alone, the topology weights are highly similar among the methods, increasing and decreasing
in a coordinated way along the chromosome. Correlation analysis of the weights, performed
on the topologies that coincide with SNP positions, shows the similarity is indeed quite strong
among the methods (p value ranges for Tgeo: 0.57-0.77, Tvar: 0.57-0.66, Taii: 0.45-0.71; Fig.
S8, Table S7).

However, there are also some clear distinctions. First, the change in amplitude of the
weights is not as extreme in the NJ method compared with the other methods. This is not
surprising, as the 50 SNP windows span many distinct marginal trees, which we would expect
to have a smoothing effect. Another major difference is that topology weights from tsinfer do
not sum to one, implying that some subtrees cannot be classified as one of the 3 possible
topologies. The reason for this is that tsinfer infers polytomies, while Relate and Singer force
all branches to bifurcate.

In summary, the results of our comparisons show that the different methods produce
vastly different tree sequences, yet largely agree on how group-level relationships change
along the genome for our snapdragon dataset. It is good to know that the crudest and most
sophisticated approaches give a similar picture, if only from a topological standpoint. Deciding
which to use will depend on the size of the dataset and the goals of the study. However, we
see little reason use the window-based approach given that more computationally efficient
and precise methods are now available. Tsinfer and Relate are far better options but have
different strengths. For example, tsinfer retains nodes and branches among trees, meaning
that they can be represented as an ARG and used in analysis that leverage homology of tree
features (Shipilina et al., 2023). In contrast, Relate has been shown to be more accurate than
tsinfer (+tsdate) when it comes to estimating deeper coalescence times (Brandt et al., 2022).
Singer is far more computationally demanding than the other methods, so it is difficult to
scale to large datasets. However, for smaller datasets, and in a more defined genomic regions
of interest, Singer allows for extremely fine-scale genealogical inference along with estimates
of uncertainty.

Unlike NJ trees, tsinfer, Relate and Singer infer a sequence of trees, consistent with
how historical recombination events have altered genealogical relationships across the
genome. They both do this by allowing topologies to vary locally to reconcile neighbouring
site patterns that cannot be represented as a single bifurcating tree, but their approach varies
significantly. Tsinfer reconstructs plausible ancestral sequences from sampled chromosomes
and then infers the relationship between those sequences, preserving the correlation
between consecutive genealogical trees. Therefore, neighbouring trees inevitably share many
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of the same nodes and branches. Relate, on the other hand, infers a completely new tree
upon encountering an incompatible SNP. Therefore, consecutive trees do not share
homologous nodes or branches, although this can be partly addressed by assigning the same
age to nodes with identical descendant sets across adjacent trees.

5.2.4 | Topology weighting reveals regions associated with flower colour

For our purpose, Relate seemed to be the ideal choice to infer genome-wide
genealogies, due to its scalability, efficiency, resolution of polytomies, and accuracy of
inferring deeper coalescence times. Applying the algorithm to our genome-wide dataset
yielded 4,975,454 trees, with an average span of 101.2bp (sd = 739.4bp, median = 47bp, max
=416.8Kbp). We again used topology weighting to quantify bias toward the three group-level
relationships (Tgeo, Tvar, Tait) for each marginal tree.

We first analysed the distribution of all topology weights in a ternary framework using
the program TwisstNtern (Stankowski et al., 2024). The ternary plot is a natural framework
for analysing the joint distribution of weights in a tree with four groups because it is possible
to graphically represent each tree as a single point in an equilateral triangle based on the
three weights. The three corners of the ternary plot—[1, 0, 0], [0, 1, 0], [0, O, 1]—correspond
to all of the trees where the sampled subtrees match only one of the three possible group-
level subtrees. In contrast, the centre of the ternary plot—[1/3, 1/3, 1/3]—corresponds to
where all three of the possible subtrees are found at equal frequency. Any other location in
the ternary plot indicates an enrichment of one particular subtree topology. Previous
simulations have shown that the ternary distribution of weights can be shaped by a range of
factors, including population split times and effective population sizes, as well as processes
that lead to haplotype sharing between non-sister groups (e.g., introgression) (Green et al.,
2006; Guerrero and Hahn, 2018; Maddison, 1997; Martin and Van Belleghem, 2017;
Stankowski et al., 2024).

In our analysis, we expected the ternary distribution of weights to be skewed toward
the geography topology (Tgeo, top of the triangle in Fig. 4), because this topology matches the
genome-wide relationships observed between the populations (i.e., topology weighting of
the genome-wide neighbour joining tree (Fig. S2) yields weights of Tgeo=1.0, Tvar=0.0, Ta1=0.0).
While we did observe this skew, the bias toward Tgeo Was relatively weak (mean Tgeo=0.367,
Tvar=0.317, Tat=0.316), and similar across the 8 chromosomes. Although some of the trees
showed high Tgeo Weights (max Tgeo=0.93 with 5% of trees showing weights above 0.49), none
of the 4,975,454 trees perfectly matched Tgeo. Rather, most of the genealogies clustered near
the centre of the ternary plot (i.e., most weights were near 0.33 for all three topologies),
indicating that haplotype diversity is broadly shared across the four groups.

Notably, we found striking left-right asymmetry in the distribution of topology weights
between the left and right halves of the ternary plot (Fig. 4). Specifically, we observed a long
tail of topology weights extending toward the right-hand corner of the plot, resulting in a 1%
bias in the distribution toward the variety topology (Tvar). Such a bias is unexpected when
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sharing is due to the random sorting of ancestral polymorphism, as there is an equal chance
that any given tree will be biased toward either one of the discordant topologies, leading to
a symmetrical distribution of weights (Stankowski et al., 2024). This asymmetry is similar to
what is measured by the site-based statistic Patterson’s D (Patterson et al., 2012).

Tgeo

PlaP™ AveP™

Tvar

: : AveP™
PlaP™

Number of trees

Figure 4. Ternary plots showing the joint distribution of topology weights. Empirical distributions of
topology weights for each of the 4,975,454 genealogical trees inferred using Relate. Top right: Distribution
for the whole genome; Bottom: Distribution for each chromosome. Each tile in the distribution is coloured
according to the density of genealogical trees falling in that area of the distribution, as indicated in the
colour scale. The three topologies associated with each axis in the ternary plot are shown in the top left of
the plot. The three corners of the ternary plot—[1,0,0], [0,1,0], [0,0,1]—correspond to trees that perfectly
match the three possible group-level subtrees.

Indeed, roughly symmetrical distributions were observed on several chromosomes,
including Chr 1, 3 and 5 (Fig. 4). The remaining chromosomes showed significant asymmetries
toward the variety topology, driven by a relatively small number of genealogies (1,490 or
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0.03%) with Tyar weights that exceeded 0.55 (Fig. S9). This indicates a bias of haplotype sharing
between populations of the same variety (Fig. S9). The most striking bias was observed on Chr
6, where weights approached 0.9.

To explore regions associated with the genetic differentiation, we plotted the genomic
positions of detected Tvar outliers (defined as Tvar>0.55, Fig. 5). Tvar outliers were spread across
multiple points along each of the chromosomes rather than clustering at a single site. Most
of the known colour genes were observed near Tyar outliers, but we also observed bias toward
Tvar in regions of the genome that have no known effect on flower colour, including regions
of Chr1,5,7 and 8.

5.2.5 | Coalescence times at FLA and ROS/EL differ from the surrounding
background

The two genomic regions that showed the clearest association with the colour
topology were on Chr 2 and Chr 6, together accounting for 66% of all Tvar outliers using the
0.55 cutoff (or 84% using the 0.6 cutoff). The outlier region on Chr 2 includes the recently
discovered Flavia locus, which affects the patterning of yellow colouration in the face of the
flower (Bradley et al., 2025) (Fig. 6). This signal of Tvar enrichment extends over roughly 2 Mbp
of the chromosome, interrupting bias toward Tgeo 0N either side of it. Within the FLA locus,
weights for some genealogies exceed 0.7 (Fig. 6). The other region, ROS/EL located on Chr 6
contains the two linked colour loci, Rosea and Eluta. Rosea activates anthocyanin biosynthesis
across the corolla, while Eluta modifies its distribution (Tavares et al., 2018). Within the
ROS/EL region, Tyar Weights are strongly elevated and characterised by local peaks and troughs
spanning about 1 MB. On either side of ROS/EL, all three topology weights hover around 0.33,
indicating that haplotype variation is broadly distributed among the groups.

Given existing evidence for selection on FLA (Bradley et al., 2025) and ROS/EL (Tavares
et al., 2018), we next examined the coalescence times for genealogies in and around these
colour loci. Since positive selection purges haplotype diversity from the population, we may
expect to find shallower coalescence times within each variety (often measured using 1)
reflecting the historical sweep of causal alleles (Hejase et al., 2020b). In addition, these loci
can also generate local barrier effects in the genome, which we would expect to increase
coalescence times between the varieties (often measured using dx,) (Hejase et al., 2020b;
Wakeley, 2009).

To test for these patterns, we first compared the median time to the most recent
common ancestor (TMRCA) for genealogies inside each locus to those in the flanking regions
of the loci where there was no obvious association with colour (Fig. 6). For FLA, the median
TMRCAs for var. pseudomajus (i.e., PlaP™+AveP™) was higher inside the locus than in the
flanking regions, whereas, for ROS/EL, there was no obvious difference (Fig. 7). For var.
striatum (i.e., PlaS'+AveS’), we observed a similar result in FLA and ROS/EL, with median
TMRCAs being lower in the loci than in the flanking regions. We also compared TMRCAs

96



Chapter 5: Genealogical analysis of replicate snapdragon hybrid zones

between the varieties, finding higher median TMRCAs inside FLA and ROS/EL loci in
comparison to the flanking regions.

We also examined the relationship between the TMRCAs and Tvar weights inside each
locus, as we expected signatures to be most pronounced for genealogies that more closely
resembled the variety topology. In FLA, we found no relationship between the median TMRCA
and Tvar weight within var. pseudomajus (p = 0.002, Fig. 7). For ROS/EL, we only observed a
weak negative relationship, with higher Tyar trees showing a broad range of median TMRCAs
within var. pseudomajus (Fig. 7). In contrast, we found a very clear negative relationship
between median TMRCA and Tvar weight within var. striatum for both loci, such that
genealogies with high Tvar weights tended to have shallower median TMRCAs (p = —0.399 for
FLA and —0.364 for ROS/EL, Fig. 7). We also observed a clear positive relationship between
Tvar weights and median TMRCAs between the two varieties, such that genealogies with a high
Tvar tended to have higher TMRCA or deeper coalescence times. Similar patterns are observed
when each hybrid zone was analysed separately (Fig. S10, S11).

While preliminary, these results are consistent with (i) selection having acted on
haplotypes associated with colour and (ii) suggests that these loci have a local barrier effect.
For FLA, evidence for selection mainly comes from sharp allele frequency clines at the
Planoles hybrid zone (Bradley et al., 2025; Field et al., 2025). Our results provide preliminary
evidence that a selective sweep has occurred on the background of var. striatum and the
allele is present in both Avellanet and Planoles. The lack of a signature in var. pseudomajus is
consistent with the phenotypic effect of FLA, as it only affects yellow colouration. The ROS/EL
locus is more complex, with previous simulations of the build-up of Fst suggesting that there
have been multiple independent sweeps at the two linked loci (Tavares et al., 2018). Here, we
only found evidence for selection in the yellow group, while previous work has suggested
sweeps on both the yellow and magenta backgrounds. Our results do not preclude such a
sweep, as footprints of selection are transient and fade with time. However, it might indicate
a more recent sweep in the yellow population. Also, our analysis is coarse-grained and does
not consider how fine-scale genealogical relationships change across the region. In future, we
plan to use genealogical tools and a much larger dataset to dissect this region in fine detail.

5.2.6 | Conclusions and implications for genomic studies of speciation

In this paper, we studied the genomic landscape associated with replicate hybrid zone
in Antirrhinum majus. Our study highlights many of the known challenges in interpreting
genome scans in the context of adaptation and speciation, as differentiation landscapes can
be shaped by a multitude of factors and processes that have nothing to do with speciation
per se (Ravinet et al., 2017; Wolf and Ellegren, 2017). Comparing two parallel hybrid zones,
we show that genome scans can be dominated by signals of historical demography, a factor
less widely discussed but critical for isolating speciation related patterns. At Planoles, var.
pseudomajus and var. striatum show very little differentiation, as we would expect between
taxa that were described as varieties based only a difference in flower colour. At a second
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previously unstudied hybrid zone at Avallenet, differentiation was far more striking and
characteristic of more divergent taxa (Bolnick et al., 2023; Stankowski and Ravinet, 2021). This
shows that differentiation landscapes can be extremely variable within species, highlighting
the dangers of generalising about broader processes from a single pair of samples.
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Figure 5. Genealogical landscape of parallel hybrid zone formation revealed by topology weighting.
Topology weights (loess smoothed, span = 50 Kbp) for the 4,975,454 trees inferred by Relate plotted along
each chromosome. 7 loci controlling flower colour are highlighted in yellow or magenta. White triangles
indicate trees with raw Tyar weight between 0.55 and 0.6. Orange triangles indicate trees with raw Tyar
weights > 0.60. Smoothed tracks of Tgeo, Tvar and Tair Weights are drawn in blue, red and grey respectively.
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Figure 6. Fine-scale genealogical landscape at the FLAVIA and ROS/EL loci. (A) 5 Mbp genomic region
centred around Flavia. Trees show relationships at various points along the sequence, with red circles
indicating mutations associated with each tree. Vertical bars represent haplotypes, coloured according to
the populations (PlasY, PlaP™, AveSY, AveP™). From left to right (1-5), trees 1 and 5 are chosen arbitrarily,
but equally distant from the locus. Trees 3 and 4 are trees have the highest smoothed and raw Tyar weights,
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respectively. Bottom panel shows topology weights (Tgeo, blue; Tvar, red; Tai, black) through the region.
Solid lines are loess smoothed weights (span = 50 kbp), while dots are raw weights. FLA locus
(Chr2:52560000-54050000) is marked in a yellow bar, while the rest is considered as flank in TMRCA
calculations. (B) Same as (A), but for ROS/EL locus. From left to right, trees 1 and 5 are equally distant from
the colour locus, while trees 2-4 are within in. Tree 2 and 4 have the highest raw T,.r weights at the ROS1
and EL loci. Tree 3 shows a low Ty likely due to recombination between the 2 linked loci. ROS/EL locus
(Chr6:52775000-53150000) is marked in a magenta bar, while the rest is considered as flank in TMRCA
calculations.
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Figure 7. Coalescence times at FLAVIA and ROS/EL. Boxplots for (A) FLAVIA and (B) ROS/EL show the
median time to most recent common ancestor (TMRCA) within var. pseudomajus (top row), within var.
striatum (middle row), and between var. pseudomajus and var. striatum (bottom row), all on a log scale.
The left boxes (‘Flank’) show the TMRCAs in the flanking regions around the locus, while the right boxes
(‘Locus’) show the values inside the locus. The scatterplots and dashed black lines show the full distribution
and the overall smoothed trend between the Tyar weight and median TMRCA within the locus, (rows are as
indicated for the boxplots). p is the correlation coefficient from a Spearman’s rank correlation.

Our analyses suggest that different levels of divergence at the two hybrid zones are
primarily due to variation in the timing and/or rate of gene flow following secondary contact.
This raises important questions about what has caused this difference, and, more broadly,
the long-term dynamics of gene flow between Antirrhinum varieties in the Pyrenees. The

100



Chapter 5: Genealogical analysis of replicate snapdragon hybrid zones

strongest patterns of differentiation were always observed in comparisons that included var.
striatum from Avellanet. This result can be explained in several ways. For example, varieties
at Avellanet may exhibit historical divergence that was typical of allopatric var. striatum and
var. pseudomajus. This divergence may have been maintained at Avellanet, either by a lower
rate of gene flow than at Planoles, or by secondary contact being much more recent than at
Planoles. The current spatial distribution of A. majus ssp. pseudomajus hints at the first
possibility, as the continuous populations around Planoles contrast with the patchier
distribution at Avellanet. Moreover, a slightly distant population of var. striatum, isolated
from Planoles by a mountain pass, shows a similar pattern of differentiation when compared
to populations at Planoles (see Figure 5 in Field et al., 2025). Another possibility is that the
var. striatum population from Avellanet was historically isolated, causing its demographic
history to be distinct from other populations. These questions are beyond the scope of our
current dataset, and more detailed work is needed to understand the biogeographic and
evolutionary history of A. majus.

Topology weighting of marginal trees inferred from genealogies allowed us to identify
loci associated with the two snapdragon varieties. Flower colour is the only trait that
consistently differs between the varieties, suggesting that the Tvar outliers may underpin this
variation. Two of the loci known to cause differences in pigmentation, Flavia (Bradley et al.,
2025) and Rosea/Eluta (Tavares et al., 2018), were identified as Tvar outliers; whilst others,
Cremosa (Richardson et al., 2025), Rubia (Field et al., 2025), Sufurea (Bradley et al., 2017) and
Aurina (Richardson et al., 2025) did not show clear associations. This could be due to several
reasons, including proximity of samples to the core of the hybrid zones, effect size of the loci
and sequencing coverage. Most of the T.ar outliers have not been previously associated with
colour. It is possible that these outliers underpin some other trait (floral or non-floral) that
differs between the varieties, or they may simply be spurious associations reflecting the highly
stochastic nature of the coalescent process. This highlights a more general limitation of all
genome scans: they detect regions of elevated differentiation between populations, and
more detailed mapping studies and functional work are needed to demonstrate causality.
Interpreting these regions also requires understanding the genetic architecture underlying the
phenotypes.

Finally, we encourage others to explore and critically evaluate the utility of
genealogical methods in their research. Several recent studies, mostly focusing on human
populations, suggest that genealogical tools can lead to more accurate inferences about past
evolutionary processes (Fan et al., 2023, 2022; Speidel et al., 2019; Stern et al., 2019; Wohns
et al.,, 2022). However, relatively few studies have used genealogical methods to study
adaptation and speciation (Campagna et al., 2017; Hejase et al., 2022, 2020b; Hooper et al.,
2024; Meyer et al., 2024; Rueda-M et al., 2024; Stankowski et al., 2024; Wang and Coop,
2022). Our preliminary genealogical comparison of known adaptive loci with the surrounding
genomic background further highlights the potential of these tools for studying the interplay
between selective sweeps and barriers to gene flow. ARGs and tree sequences are very rich
structures that are complex and challenging to interpret (Shipilina et al., 2023). However,
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paired with new linked-read sequencing methods, we think there is tremendous scope for
creativity around how we can best visualise local genealogical relationships, account for
uncertainty, and identify signatures that are associated with the speciation process.

5.3 | Materials and Methods

5.3.1 | Sample collection and DNA extraction

Leaf material was collected from individuals of A.majus at two hybrid zones near the
towns of Planoles (42.31622N, 2.10392E) and Avellanet (42.35032N, 1.32882E) (Table S1).
Several leaves were collected from each individual and refrigerated at 49C before further
processing. DNA was preserved by placing leaf tissue in a paper envelope, and envelopes into
an air-tight plastic bag with silica gel. DNA was extracted using a custom protocol optimised
for isolating high molecular weight DNA (Supplementary Methods).

5.3.2 [ Library preparation and sequencing

Sequencing libraries were constructed by mixing genomic DNA with a pool of
haplotagging beads with a different set of A and C barcode oligos (see Supplementary Table
1 for oligonucleotide sequences). This modification shifts the barcode position for the A/C
segment from the original i7 index position into Read 2, followed by a mutated Tn5-17A/18G-
MEmut sequence — ACTTGTGTATAAGAGACAG (Steiniger-White et al., 2002). The mutated
Tn5-MEmut sequence allows tagmentation but does not otherwise interfere with Illumina
sequencing. An additional standard 8-bp i7 Illumina index barcode was added during the final
PCR amplification to introduce a fifth barcode segment to allow multiplexing of more than
384 samples. Amplified libraries were cleaned up and size-selected using Ampure magnetic
beads (Beckman Coulter), Qubit quantified, and adjusted with 10 mM Tris, pH 8, 0.1 mM EDTA
to 2.5 nM concentration for sequencing. Libraries were sequenced aiming for 2x coverage
with Illumina paired-end sequencing (2x 150 bp) across a lane of Novaseq 6000 S4 by Azenta
Life Sciences (Leipzig Germany). The sequences were then demultiplexed by recognising and
trimming away the Tn5-MEmut sequence from R2 and the remaining B/D and A/C along with
the Plate barcodes. The remaining sequences were processed as previously described in
Meier et al., 2021

5.3.3 | Processing of raw reads and read mapping

Raw reads were mapped to the A. majus reference genome v3.5 (Li et al., 2019) using
EMA v0.7.0 (Shajii et al., 2018b), a BX-tag-aware modification of BWA (Li, 2013). First,
haplotag barcodes with BX tags were converted to 16-basepair barcodes using 16BaseBCGen
(https://tinyurl.com/SamHaplotag). Reads with correct BX-tags (98.14%) were then mapped
with EMA, which favours alignments where reads with the same barcode group together.
Reads with faulty BX-tags (1.86%) were mapped to the genome using BWA v0.7.17. The
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resulting BAM files were combined and checked for quality using the multi-bamqgc command
in qualimap v2.2.1 (Okonechnikov et al., 2016) (Table S1). PCR and optical duplicates were
marked and removed using the markdup tool in sambamba (Tarasov et al., 2015).

5.3.4 | Variant discovery, imputation, phasing and allele polarisation

We used the mpileup and call commands in bcftools vi.18 (Danecek et al., 2021) to
identify candidate sites that were then used for final genotype inference and imputation by
STITCH v1.6.10 (Davies et al., 2016). Variant calling was performed with the bcftools
multiallelic calling program using the flags -m and --annotate AD,ADF,ADR,DP,(QS,SP. The
resulting VCF was filtered to remove low-quality and potentially erroneous variant sites (Table
S2). We first removed all INDELSs (bcftools view -V indels), all SNPs within 5 basepairs of
INDELSs (bcftools filter —SnpGap 5), all monomorphic REF or ALT sites (bcftools view -m2 -
e “AC==AN || AC==0), and all sites with more than 2 alleles (bcftools view -M?2). Next, we
removed all sites with >2.5 times the mean coverage across all samples (130x), sites with a
genotype quality score <20 and a mapping quality score <30 (bcftools filter -e “INFO/DP>130
| QUAL<20 | MO<30). Finally, bi-alleleic sites with >0.8 of missing genotypes were removed
(beftools view -e “F_MISSING>0.80""), producing a set 11,574,426 candidate sites (Table S2).

We applied STITCH to impute variants for the 11 million sites described above.
STITCH models each chromosome as a mosaic of K founding haplotypes using both the
underlying sequence reads and the linked-read information encoded in the BX-tag. Unlike
traditional callers, STITCH imputes genotypes in the presence of missing data based on
haplotype information from all sequenced individuals. Following guidelines and informed by
pilot STITCH runs, we used the following parameters: --K=73, --nGen=100, --niter=40, --
expRate=0.5, --downsampleToCov 10 --use bx tag TRUE. To optimise computational
resources and runtime, we performed S7T/TCH with the above parameters on 1 Mbp regions
with an overlap of 100kb overhang allowing them to be combined afterwards. Out of the 11
million sites, 41,396 (0.4%) sites were deemed invariant by STITCH (i.e., the bcftools and
STITCH calls disagreed) and were removed leaving a final set of 11,533,030 SNPs of which
93.9% had an INFO score > 0.8, computed by STITCH as a proxy for imputation confidence
(Table S3). Moreover, the observed and imputed allele frequency were highly correlated (R’ =
0.87).

Finally, we used the phase_common_static from SHAPEITS v 5.1.1 (Hofmeister et al.,
2023) to statistically phase genotypes without a reference panel. We polarised alleles in 4.
majus as ancestral or derived using high-coverage PoolSeq sequence data (mean coverage =
89.97x) from multiple populations of the closely related outgroup species 4. molle (Duran-
Castillo et al., 2022). Detailed information on the logic used can be found in the supplementary
methods.

5.3.5 | Genome-wide evolutionary relationships and demographic inference

We used three methods to infer genome-wide evolutionary relationships among the
sequenced samples. First, we estimated principal components of the genotype matrix. Prior
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to analysis, we pruned the dataset to reduce linkage disequilibrium (LD) between
neighbouring SNPs (r? threshold of 0.1, window size = 50 SNPs, step size = 10 SNPs). This was
done using Plink v2.0 (Chang et al., 2015) using the command --indep-pairwise 50 10 0.1,
yielding 1,710,010 SNPs.

We used the model-based clustering program Admixture v1.3 (Alexander et al., 2009),
to assess the genetic structure. Plink v2.0 was first used to produce BED files from the original
VCF file. We ran Admixture on the LD-pruned dataset using the unsupervised model for all
values of K ranging from 2 to 6.

We also inferred a phylogenetic network using the R package phangorn v2.12 (Schliep,
2011). The LD-pruned dataset was converted to PHYLIP format using the script vcf2phylip. We
then calculated a distance matrix from all aligned SNPs using the dist.m/ function with model
= “JC69”. The phylogenetic network was then inferred using the neighborNet function and
drawn with Splitstree v4.19.1 (Huson and Bryant, 2006).

We calculated per-site Fst between each pair of populations on the full SNP dataset,
using the approach described by Weir and Cockerham (1984), implemented in vcftools
v0.1.16 (Danecek et al., 2011) using the --weir-fst-pop flag. Site-based estimates were
averaged to obtain a genome-wide estimate.

We estimated gene flow between the two varieties independently in each locality
using the diffusion approximation, implemented in the software program 6aéi (Gutenkunst
et al., 2010). Since secondary contact is considered the most likely explanation for the current
distribution of the two varieties (Tavares et al., 2018), we focused on comparing secondary
contact models (SC) with strict isolation models (Sl). All models included variation in the
ancestral population's effective size prior to population split, following Momigliano et al.
(2021). In their basic form, both Sl and SC models represent a population split into two
populations with specific effective population sizes (N1 and N2) that diverge for a period
without gene flow (Ts). In the SC model, these populations then begin exchanging migrants
during a secondary contact phase (Tsc), with potentially asymmetric migration (M1 and M2).
We expanded these models to account for recent population growth (p1 and p2) and/or Hill-
Robertson interference by fitting a genome fraction (P) where the effective population is only
a fraction (hrf) of what is found in the rest of the genome. In total, we tested 8 distinct models,
including 4 modifications of the SI and SC models: (1) standard model (2) model with
population growth in the daughter populations (3) a standard model with Hill-Robertson
interference and (4) a combined model that included both population growth and Hill-
Robertson interference. Each model was fitted 30 times to the data to ensure convergence,
and model comparison was performed using the Akaike Information Criterion (AIC). The
importance of gene flow in each locality was then compared by calculating the ratio between
Tsc/Ts.
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5.3.6 | Genome-wide differentiation, diversity and recombination rate

We calculated Hudson’s Fst in 10 kb windows for each pair of populations using the
script popgenWindows.py'. Genetic diversity was measured for each site using the -site-pi
function in vcftools.

We used LDhat v2.2 (Auton and McVean, 2007) to calculate the population-scaled
recombination rate (p) between each SNP, separately for each population. We first used the
Ikgen function in LDhat to generate a log-likelihood lookup table for the number of haplotypes
in each population, with ¢ = 0.009 (calculated from average genome-wide 1 in 10kb windows
from previously published study (Tavares et al., 2018). We then used the interval function
with the parameters: -its 10000000 -samp 5000 -bpen 5, to estimate variable recombination
rates. Finally, we summarised results from the MCMC iterations to estimate mean p between
each SNP using the stat function with the parameters: --burnin 1000. LDhat was performed
on windows of 2000 variants with an overlap of 100 variants at each end and combined
afterwards.

5.3.7 | Genealogical inference

We used four methods to infer trees from our data. First, we inferred neighbour-
joining trees for 50 SNP non-overlapping windows using the script phyml_sliding_windows
py* with —minPerind = 15.

The second method used was tsinfer (Kelleher et al., 2019). We used a custom script
to convert phased, polarised SNPs into the tskit.samples format, which was then used to infer
tree topologies with the tsinfer.infer function in tsinfer v0.3.2 library?, followed by the
TreeSequence.simplify function in tskit v0.5.8 library? to remove unary nodes.

Third, we inferred a tree sequence using Relate v1.1.8 (Speidel et al., 2019). We
assumed u = 5.7 x 10°/bp/generation and uniform recombination rate of 1cM. We initially
ran Relate separately on each chromosome setting the haploid N. to 813388, as derived
earlier from it = 4Neu where it = 0.009. We then used the EstimatePopulationSize.sh script to
jointly infer a time-varying population size history and branch lengths under that history. For
this step, we used a --threshold 0 to ensure that no trees were excluded in the joint-fitting
and --num_iter = 10. We also included each population in the argument. Finally, we converted
the genealogical trees stored in .anc and .mut format to .newick format with the RelateExtract
—mode AncToNewick function. We focused our analysis on a 5 Mbp region around two flower
colour loci: FLAVIA (locus — Chr2:52650000-54050000; region including locus and the flanking
sequence on either side — Chr2:51100000-56100000) and ROS/EL (locus — Chr6:52775000-
53150000; region including locus and the flanking sequence on either side — Chr2:50500000-
55500000). Specific genealogical trees were plotted using a custom script modified from
Treeview.sh in Relate library. Time to the most recent ancestor (TMRCA) are computed using

L https://github.com/simonhmartin/genomics_general
2 https://github.com/tskit-dev/tskit
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a custom modified script from tskit library for 3 subsampled groups: within all var.
pseudomajus individuals, within all var. striatum individuals and between var. pseduomajus
and var. striatum individuals. For each case, TMRCA is first computed for all pairwise
combinations of individuals, followed by calculating the median.

Finally, we ran Singer v0.1.7 (Deng et al., 2024) on 500 kbp genomic windows. For each
window, we calculated average  with VCFtools, which was then used to calculate N. from it
= 4N.u. We ran singer_master with the parameters: -m = 5.7e-9, -ratio = 1, -mcmc_iter = 100,
-thin = 20, -polar = 0.9. We then used the function convert_to_tskit to convert the last MCMC
iteration to tskit format and to extract trees in newick format.

5.3.8 | Topology weighting and ternary analysis

Topology weighting was performed on sequences of trees derived from the various
genealogical inference methods using Twisst (Martin and Van Belleghem, 2017). Due to the
large number of trees and haplotypes, we followed standard Twisst guidelines and limited the
topology sampling to 10,000 subtrees using the flag --method fixed. Genome-wide topology
weights were plotted with loess smoothing (span = 50 kbp). We used the TwisstNTern
framework (Lifchitz et al., 2025) to visualise and calculate asymmetry in the distribution of
topology weights for the whole genome, and for each chromosome separately, using the --
superfine granularity.

5.4 | Supplementary Information

Supplementary information related to this chapter is detailed in Appendix D.
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Chapter 6

Dissecting the genetic basis of
flower colour in a hybrid zone:
Integrating top-down and bottom-
up approaches

Abstract

This chapter integrates top-down genome-wide association study (GWAS) with bottom-up
genome scans of Fst, Dxy, m,, and ARG-based topology weighting to infer the genetic
architecture of flower colour across an Antirrhinum hybrid zone. After correcting for genetic
relatedness, correlations between colour traits and long-range LD with causal loci, our series
of GWA analysis found that most of the variation in flower colour can be explained by a
handful of loci. For magenta colouration, we confirmed Rosea/Eluta to have the largest
contribution, followed by epistatic effects of Rubia on the magenta background. For yellow
colouration, we confirmed Sulfurea, Flavia, and Cremosa to contribute the most. Conditional
GWAS within the island of divergence that contains Rosea/Eluta identified a new potential
candidate: a bHLH transcription factor that is associated with magenta colouration.
Concordant peaks in differentiation and topological clustering by colour validated barriers loci
amid gene flow and showed evidence of selection.
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6.1 | Introduction

Studying the genetic basis of traits under selection is a key objective in evolutionary biology,
that underpins our understanding of how adaptation, divergence and ultimately, speciation
occur (Nosil, 2012; Orr, 2001). Traits that contribute to reproductive isolation, barriers to gene
flow or local adaptation—such as beak morphology in Darwin’s finches (Podos and Schroeder,
2024), wing patterns in Heliconius butterflies (Jiggins et al., 2001), or armour plates in
sticklebacks (Colosimo et al., 2005)—are often direct targets of strong selection. Identifying
the genetic variants and architectures underlying such traits provide crucial insight into the
mechanisms of how adaptive variation appears and is maintained in natural populations and
involved in species divergence. This understanding remains central in linking genetics with
evolutionary theory (Barrett and Hoekstra, 2011; Bomblies and Peichel, 2022; Savolainen et
al., 2013).

Approaches to dissect the genetic basis of adaptive traits broadly fall into two
complementary paradigms referred to as "top-down" (phenotype-driven) and "bottom-up"
(genotype-driven) approaches (Barrett and Hoekstra, 2011; Stankowski et al., 2023;
Stinchcombe and Hoekstra, 2008). “Top-down” methods, such as Quantitative Trait Locus
(QTL) mapping and Genome-Wide Association Studies (GWAS), start with phenotypic
variation and scan the genome for markers that show statistical associations with trait values.
QTL mapping, typically conducted in controlled crosses, excels at detecting loci with large
effects but suffers from low resolution and is limited to segregating variation present in the
mapping populations (Lander and Botstein, 1989; Mackay et al., 2009). GWAS, on the other
hand, leverages historical recombination in natural or diverse populations, offering
potentially higher resolution and ability to detect multiple alleles in fine scale, including those
with smaller effects (Atwell et al., 2010; Burton et al., 2007; Visscher et al., 2017). But, while
powerful, GWAS results are sensitive to population structure, genetic relatedness, and
environmental correlations, which can generate spurious associations, if not rigorously
controlled (Berg et al., 2019; Clauw et al., 2024; Price et al., 2006; Uffelmann et al., 2021).
Consequently, GWAS associations may require robust validation, typically through molecular
genetic work, for traits or genetic regions previously under-studied. The increasing prevalence
of mixed-model GWAS (Zhou and Stephens, 2012), Bayesian approaches (e.g., BSLMM) (Zhou
et al., 2013), and relatedness matrices (Kang et al., 2010) has mitigated some of these
limitations, but the challenge of accurately distinguishing causal from correlated variants
persists.

“Bottom-up” approaches, conversely, start with a genome scan without prior
phenotypic information, to identify regions exhibiting population-level patterns like elevated
genetic differentiation (e.g, Fst), reduced diversity (rtw), elevated divergence (Dxy), or specific
haplotype patterns (e.g., extended haplotype homozygosity, EHH) (Ravinet et al., 2017; Tang
et al., 2007; Wolf and Ellegren, 2017). These methods are particularly adept at highlighting
genomic regions involved in local adaptation or reproductive isolation across environmental
gradients or hybrid zones (Hooper et al.,, 2024; Martin et al., 2013; Poelstra et al., 2014;
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Todesco et al., 2020). The logic hinges on the expectation that loci under divergent selection
will exhibit patterns distinct from the neutral background, such as, Fst outliers or steeper and
sharper clines in allele frequency (Barton and Hewitt, 1985; Feder et al., 2012; Wu, 2001).
More recently, methods leveraging ancestral recombination graphs (ARGs) complement the
above site-based summaries with deeper ancestry reconstruction (Nielsen et al., 2024), by
either identifying regions where genealogical histories cluster by phenotype or geography
(Martin and Van Belleghem, 2017; Pal et al., 2025; Stankowski et al., 2024), or offering a
powerful window into the history of selection, gene flow and introgression (Hejase et al.,
2020a; Hooper et al., 2024; Hubisz et al., 2020; Stern et al., 2019, p. 202; Wang and Coop,
2022). While these bottom-up approaches can efficiently scan the genome for regions of
elevated differentiation, they may struggle to resolve between demography and selection, or
between causal and linked loci—particularly in systems where population structure,
population-specific demographic events or hybridisation is prevalent (Ravinet et al., 2017;
Wolf and Ellegren, 2017). More crucially, they do not directly link these regions to specific
phenotypes, creating a crucial gap. Therefore, to fully study the genetic basis of a trait under
selection while also understanding the evolutionary history of the underlying alleles, it is ideal
to somewhat integrate the “top-down” and “bottom-up” approaches.

Hybrid zones, where genetically distinct populations meet and interbreed, are a
unique setting which allows such integration of top-down and bottom-up approaches to be
applied and compared. Gene flow across the zone exposes barrier loci which can be identified
by bottom-up approaches (e.g., Fst outliers and cline analysis). Hybridisation breaks up trait
associations making it possible to identify genotype phenotype associations with methods
like GWAS provided that genome-wide LD is not too strong (Brelsford et al., 2017; Buerkle
and Lexer, 2008). The mosaic of genotypes and phenotypes generated by secondary contact
and restricted but non-zero gene flow allows direct observation of the effects of selection,
recombination, and introgression on trait divergence (Barton, 1979; Barton and Gale, 1993;
Gompert et al., 2017; Stankowski et al., 2015; Surendranadh et al., 2025; Westram et al.,
2018).

In this chapter, | used an integrative genomic approach to study the genetic basis of a
trait that differentiates two varieties of the common snapdragon in a hybrid zone in the
Spanish Pyrenees, despite widespread gene flow between them. This hybrid zone between
two closely related varieties of the Antirrhinum majus subspecies majus—var. pseudomajus
and var. striatum—has been studied for 2 decades (Bradley et al., 2017; Field et al., 2025;
Ringbauer et al., 2018; Surendranadh et al., 2022, 2022; Tavares et al., 2018; Whibley et al.,
2006). They differ in their flower colour patterns that signpost the bee entry point. Flowers
of the striatum variety exhibit a largely yellow aurone background, with restricted veins of
magenta anthocyanin on the upper petals, while var. pseudomajus exhibits a complementary
pattern with magenta anthocyanin contrasted with a restricted patch of yellow at the bee
entry point on lower petals. The contrasting flower colour patterns serve as effective
pollinator guides and are maintained by strong selection (Surendranadh et al., 2025; Tavares
et al., 2018; Whibley et al., 2006). While flower colour shows a steep clinal pattern along the
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hybrid zone, the genome background is largely homogenized by gene flow, except a few
discrete “islands” of elevated divergence coinciding with loci controlling floral pigmentation,
highlighting their role as barrier loci (Ringbauer et al., 2018; Surendranadh et al., 2025).

Molecular genetic studies through hybrid crosses and functional analyses between the
varieties have established that flower colour in Antirrhinum is regulated predominantly by 7
loci acting on the mostly independent branches of the broader flavonol biosynthesis
pathway—anthocyanin (magenta) (Field et al., 2025; Schwinn et al., 2006; Tavares et al.,
2018) and aurone (yellow) (Bradley et al., 2025, 2017; Richardson et al., 2025). The magenta
anthocyanin pathway is controlled by the transcription factors Rosea (ROS) that promotes
pigment biosynthesis predominantly in the flower's petals, and Eluta (EL), which restricts
pigment expression spatially (Ono et al., 2006; Schwinn et al., 2006; Tavares et al., 2018). A
recently identified gene, Rubia (RUB), modifies magenta intensity in interaction with ROS
(Field et al., 2025). The yellow aurone pigmentation pathway is regulated by 4 distinct loci
including Sulfurea (SULF), which represses the biosynthesis enzyme 4’-O-glucosyltransferase
(Am4’CGT) via small RNAs, resulting in variation of yellow pigment distribution (Bradley et al.,
2017). Additional loci—Flavia (FLA), Cremosa (CRE), and Aurina (AUR) further modify yellow
pigmentation gradients and intensity through complex cis-regulatory and trans-acting
mechanisms (Bradley et al., 2025; Richardson et al., 2025). A salient feature of these 7 loci is
their genomic clustering into distinct divergence islands with variable size and recombination
rates. The interplay between these loci shapes spatial pigment gradients along the flower and
help maintain divergence between the varieties.

Despite prior knowledge from molecular genetic studies using controlled greenhouse
crosses, which have primarily identified major-effect loci through targeted analyses,
guestions remain about the genetic architecture of flower colour variation in Antirrhinum.
Lab-based approaches, while powerful for detecting large-effect variants in simplified
crossing schemes, may overlook minor loci, polygenic background effects, or context-
dependent interactions that manifest in natural populations under gene flow and selection.
Specifically, what is the full genetic architecture of flower colour, including the number,
genomic distribution, and effect sizes of causal variants, as well as any polygenic components
contributing to quantitative variation? Are causal variants limited to the known major loci, or
do additional minor effect loci and polygenic effects also influence flower colour patterns?
Furthermore, the correspondence between signals from “top-down” association methods
and “bottom-up” population genomic scans is unclear, as is the extent to which genealogical
topology analysis corroborates barriers identified by genetic divergence. Lastly, the degree to
which these loci function as reproductive barriers under contemporary natural selection and
gene flow has yet to be fully elucidated.

In this chapter, | used a combination of top-down and bottom-up approaches to
characterize the genetic basis and evolutionary history of flower colour variation across the
Antirrhinum majus hybrid zone. Specifically, | conducted the first GWAS in A. majus with the
aims of confirming known causal loci and identifying novel loci. Then, working from the
bottom up, | used population genomic scans and ARG-based topology weighting to determine
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if genome-wide associations act as barriers to gene flow in the hybrid zone. These analyses
solidify existing knowledge about the genetic basis of flower colour in Antirrhinum, while
highlighting the potential pitfalls of using GWAS in natural populations.

6.2 | Study system and flower colour variation along a
hybrid zone transect

We sampled 1,084 individuals of Antirrhinum majus subspecies majus, of which 1003 were
located in the Planoles hybrid zone. 744 of these plants were sampled along a ~1Km transect
through the core of the hybrid zone, where there are higher fractions of plants of hybrid
origin, and the rest (~20-25) from 3 distinct demes on either flank (magenta flank: MF1/2/3
and yellow flank: YF1/2/3) (see Fig 1 of Chapter 4 on sampling location). Colloquially, we will
hereafter refer to the transect of 1003 plants as the Lower Road. These samples were
sequenced using haplotagging (Meier et al., 2021) and processed following the pipeline
described in Chapter 4 and in Pal et. al., 2025, which yielded 20,043,334 SNPs across the 8 A.
majus chromosomes and are used in the subsequent analyses.

6.2.1 | Quantifying flower colour

For each sampled plant, we collected and photographed a fully open flower in order
to quantify its colour once in the field and later from the photographs in three different ways.
As a first method to quantify colour, we scored each flower in the field with a magenta and
yellow score (hereafter, ‘field’ colour scores), based on the position and intensity of each
pigment. This was done visually by two samplers according to a colour scoring system
established over the ~15 years of fieldwork. Each flower is provided one magenta score (0.5—
5) and one yellow score (0.5-3) (Fig S1). The field scores are very coarse and subjective, and
do not inform much about pigment variation across the flower, which is crucial for both
varieties to signpost entry points to their pollinators. However, it has been the most efficient
scoring system for 55,290 flowers collected across 17 years of sampling (beyond the scope
and dataset of this specific project).

The second method of colour quantification is also manual, but from photographs and
scored by two fixed scorers (Arka Pal and Sean Stankowski), therefore reducing the amount
of human noise. This method involved dividing the top-view photograph of each flower into
7 boxes of interest (Box A-B: Upper dorsal petal lobes, C-E: Ventral petal lobe, F-G: Lower
lateral lobes), and scoring each box for magenta and yellow colour on a fixed scale of 0-4 (Fig
S2). A total possible score of 28 across all boxes was then normalised between 0 and 1, based
on the total number of boxes scored. While the box colour scores were also subjective, they
describe variation across the face of the flower unlike field colour scores.
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For the third method, we extracted quantitative measures of colour directly from images of
the flowers using the program snapPallete3. SnapPallete allows the user to obtain measures
of hue, brightness, and saturation from defined areas of the flower. For each image, we
outlined the same 7 areas as were used above for the colour box scores. We then aggregate
the data for all 7 circles and use Principal Components Analysis to reduce the dimensionality
of these data. Prior to analysis, we explored PCs 1 to 10, but here focus on PC1 and PC2 which
show the strongest associations with the red and yellow scores.
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Figure 1. Relationship between colour scores obtained from different scoring methods. Both magenta (A)
and yellow colour scores (B) are highly correlated between the field and box scoring methods. PC1 from
the digital scoring method is highly correlated with the magenta scores (C, E), while PC2 is correlated with
the yellow scores (D, F).

6.2.2 | Choosing a colour quantification method

Although the three approaches for quantifying colour are different, we found that
their colour scores were highly correlated. First, we observed a strong positive correlation
between the field scores and colour box scores for both magenta (Spearman’s rho =0.92) and
yellow (Spearman’s rho = 0.86) (Fig 1A). A scatterplot of these scores highlights that the colour
box scores are more continuously distributed than the much coarser field scores. Since the

3 https://github.com/seanstankowski/SnapPallete
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digital scoring system does not have a specific magenta or yellow score, we performed a
principal component (PC) analysis on the mean hue, saturation and value (HSV) from all the
circles. The first two PCs explained 45% of the total variation in flower colour (Fig S4C). We
found that the PC1 score was highly correlated with the magenta field (Spearman’s rho =0.92)
and colour box scores (Spearman’s rho = 0.93) (Fig 1B). However, PC2 was relatively
correlated with the yellow scores (Spearman’s rho for field scores = 0.63, box scores = 0.68)
(Fig 1C). Visual inspection of the PC space shows that the digital scores fail to disentangle the
presence of high levels of yellow and magenta pigmentation observed in some hybrid
phenotypes, with these instead only having intermediate scores on PC2 (Fig S4C).

Based on the above results, we chose to proceed with the box colour scores for our
downstream analysis. Although the digital scores provide a more objective and continuous
description of the flower colour space, it is difficult to obtain quantitative measures that relate
to the underlying colour pigments. Moreover, the individual elements of the digital score can
have unintended outcomes, such as averaging hue over all circles in a flower with high
expression of both magenta and yellow pigments, results in a hue value that is “blue” due to
the continuous nature of HSV colour scale. The field scores are intuitive like the box colour
scores, but they are extremely coarse-grained and do not capture spatial variation in
colouration across the flower. The colour box scores provide a nice compromise between
resolution and interpretability.

6.2.3 | Flower colour varies across the hybrid zone transect

To look at the variation of colour across the hybrid zone, we divided the transect into
51 demes of 30m radius using a hierarchical clustering algorithm to check how magenta and
yellow colour varied across the transect. Both magenta and yellow colour showed clinal
patterns along the transect, in opposing directions. Mean magenta colour increased from 0.11
to 0.72 from west to east of the transect, while mean yellow colour decreased from 0.54 to
0.09 (Fig S5). The reason for colour scores not reaching 0 or 1 on the opposing ends of the
transect is two-fold. First, striatum flowers often exhibit the highest aurone intensity in the
central part of the petals (see colour scoring in Boxes in Fig S2), while the top and bottom
petals lack similar intensity. Thus, when normalised across the whole flower, yellow colour
scores never reach a value of 1 for most of the “pure” striatum flowers. Second, introgression
of colour alleles across the zone leads to variation in scores within each deme. Appreciable
rates of long-range pollen and seed dispersal lead to plants with high magenta score to be in
the yellow flank or vice-versa (Surendranadh et al., 2025). However, the variance in colour
scores in the flanks is much lower (s.d. for both colours ranging 0.1-0.17) compared to the
hybrid core (s.d. ranging 0.32-0.54 in the core), where there is an excess of plants of hybrid
origin (Fig S5).

To quantitatively describe the colour variation across the hybrid transect, we also
fitted a sigmoid cline to the mean colour scores at each deme and found that the narrow
clines in magenta and yellow colouration are roughly coincident (cline center for magenta =
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2.3Km, yellow = 2.0Km) and concordant (width for magenta = 1.1Km, yellow = 1.3Km) (Fig 2).
While the cline shape qualitatively matches previous results, the estimates somewhat differ
(width for magenta = 0.77Km, yellow = 0.18Km, in Surendranadh et al., 2025). These
differences stem from the large gap in sample size (~1K in this study vs. ~26K in Surendranadh
et al, 2025), lack of data in the cline tails (3 demes in the flanks till ~1.5 Km away from the
core vs. 999 demes till “15Km away) and also the cline model fitted (sigmoid in this study vs.
stepped in Surendranadh et al., 2025).

Yet, the transition of flower colour scores along the transect confirms the expected
clinal pattern across this hybrid zone providing a clear phenotypic foundation for further
investigation. Having established this spatial variation in flower colour, we next sought to
investigate the genetic architecture underlying these phenotypic differences in A. m. majus
through genome-wide association analysis.
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Figure 2. Sigmoid cline fit for the mean normalised magenta (in magenta) and yellow (in yellow) box scores
across the 51 demes in the hybrid zones. Each coloured circle denotes the mean corresponding colour
score in each deme, and the coloured curves represent the best fit cline from Metropolis-Hastings
algorithm. Magenta scores increase and yellow scores decrease from west to east of the transect in a clinal
pattern.

6.3 | Disentangling the genetic architecture of flower colour
variation

We next investigated the genetic architecture of the flower colour variation. We only retained
915 samples from the full dataset, since they had the “box” colour score information. 744 of
these samples came from the hybrid core (‘Core’ samples) and the remaining 171 from the
previously described 3 outer demes on each side of the core (‘Flank’ samples). Of the 20
million SNPs we initially identified, 15.8 million SNPs segregated in this set of samples. | next
performed genome-wide association mapping GEMMA (Zhou and Stephens, 2012) to identify
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the loci involved in flower colour variation and better understand the genetic architecture of
the colour traits. | formulated a step-wise strategy of conducting a series of frequentist and
Bayesian models that can account for possible confounders.

6.3.1 | Linear models (LM) of genome-wide association highlight the need to
account for possible confounders

First in our stepwise strategy, we performed a linear model (LM) separately on the
magenta and yellow box scores. For both colours, we found significant associations above the
Bonferroni corrected significance of likelihood ratio test (LRT) P-value threshold (—logioP =
8.5) at all the loci previously shown to control flower colour variation (Fig 3A, 4A). In the LM
for magenta colour, we found significant associations at the three previously identified loci
that underpin anthocyanin production. The strongest association was a ~300Kb region around
ROS/EL on chr 6 (P-value at the most associated SNP = 9.6x1023%8), followed by a ~100Kb
region at the recently discovered RUB locus on chr 5 (P-value = 1.9%x104¢) (Fig 3A). For yellow
colour, we also found significant associations at all the previously known yellow-controlling
loci, the strongest being a large ~600Kb region around SULF locus in chr 4 (P-value = 5.5X10°
%), followed by a larger ~700Kb region at the FLA locus in chr 2 (P-value = 1.1x10>%). There
were smaller peaks of significant association at the CRE locus in chr 1 (~¥33Kb; P-value =
5.4%10?7) and AUR locus in chr 2 (~23Kb; P-value = 1.5X10'4) (Fig 4A). It was surprising to
find all the magenta and yellow-controlling loci significantly associated in both LMs for
magenta and yellow, although anthocyanin and aurone biosynthesis pathways are
independent (Whibley et al.,, 2006). Even more surprisingly, in the LM for yellow colour,
ROS/EL had a higher association signal than CRE and AUR (Note that association signal refers
to higher -log1oP, and not to be confused with higher effect size or regression coefficient) (Fig
4A). This overlap of significantly associated regions hinted at possible confounding due to
correlation between the colour scores, most evident in the flanks. For example, individuals in
the magenta side also tend to have low yellow scores and vice versa (Fig S3), which could
create spurious statistical associations. Moreover, the LD at the hybrid core is also quite weak
(r~0.03) (Surendranadh et al. 2025).

In addition to associations at the known colour loci, both the LMs for magenta and
yellow colour exhibited a rather noisy significance landscape, with 0.17% (~27.7K) and 0.2%
(~32.2K) of all SNPs above the —logioP significance threshold, and 26 and 33 of these
significant association peaks separated by at least 1Mb and within the top 0.05% of all
associations that visibility rose above the bulk of the genome-wide background. These
associated regions have not been previously linked to flower colour variation. While most of
these regions were just above the significance threshold, there were 2 regions in chr 3 with
stronger significance than RUB in the LM for magenta (Fig 3A), and similarly, 15 regions with
stronger significance than AUR in the LM for yellow (Fig 4A).
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Figure 3. Genome-wide linear model (LM) association with normalised magenta box colour, for samples
from the (A) whole Lower Road (samples from the core and flanks; n = 915) and (B) only the Lower Core (n
=744). For both LMMs, likelihood ratio test (LRT) P values with Bonferroni correction are used for detecting
significant association (—logioP threshold = 8.5). All previously described colour-controlling loci are
highlighted and colour-coded magenta or yellow on based their function. Magenta-controlling loci: RUB in
chr 5, ROS/EL in chr 6; and yellow-controlling loci: CRE in chr 1, AUR in chr 2, FLA in chr2, SULF in chr 4.
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Figure 4. Genome-wide linear model (LM) association with normalised yellow box colour, for samples from
the (A) whole Lower Road (samples from the core and flanks; n = 915) and (B) only the Lower Core (n =
744). For both LMMs, likelihood ratio test (LRT) P values with Bonferroni correction are used for detecting
significant association (—logioP threshold = 8.5). All previously described colour-controlling loci are
highlighted and colour-coded magenta or yellow based on their function. Magenta-controlling loci: RUB in
chr 5, ROS/EL in chr 6; and yellow-controlling loci: CRE in chr 1, AUR in chr 2, FLA in chr2, SULF in chr 4.

While all the 915 samples from both core and flanks provided great statistical power
to detect SNP associations, samples in the core are crucial because the mixing of “pure” alleles
from the pseudomajus and striatum offers more power to detect independent effects.
Therefore, we ran a second LM regression with only the core samples (n=744) in order to
check if the SNP associations would persist (Fig 3B, 4B). This reduced the overall statistical
significance of the associations (i.e., now 0.08% and 0.09% above -logioP significance
threshold in the LM for magenta and yellow colour respectively) that reflects the loss of
statistical power due to lower sample size. But all significant associations were congruent
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between the two LMs suggesting that these associations did not arise due to over-
representation of samples of parental pseudomajus or striatum genomic background in the
flank (Fig 3, 4).
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Figure 5. Genome-wide linear model (LM) association with normalised magenta box colour with yellow box
colour as fixed-effect covariate, for samples from the (A) whole Lower Road (samples from the core and
flanks; n =915) and (B) only the Lower Core (n = 744). For both LMs, likelihood ratio test (LRT) P values with
Bonferroni correction are used for detecting significant association (—logioP threshold = 8.5). All previously
described colour-controlling loci are highlighted and colour-coded magenta or yellow based on their
function. Magenta-controlling loci: RUB in chr 5, ROS/EL in chr 6; and yellow-controlling loci: CRE in chr 1,
AUR in chr 2, FLA in chr2, SULF in chr 4.
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Figure 6. Genome-wide linear model (LM) association with normalised yellow box colour with magenta box
colour as fixed-effect covariate, for samples from the (A) whole Lower Road (samples from the core and
flanks; n =915) and (B) only the Lower Core (n = 744). For both LMs, likelihood ratio test (LRT) P values with
Bonferroni correction are used for detecting significant association (—logioP threshold = 8.5). All previously
described colour-controlling loci are highlighted and colour-coded magenta or yellow based on their
function. Magenta-controlling loci: RUB in chr 5, ROS/EL in chr 6; and yellow-controlling loci: CRE in chr 1,

AUR in chr 2, FLA in chr2, SULF in chr 4.

To first check if correlation of flower colour scores is driving the unexpected
associations at all colour loci in both magenta and yellow LMs, we added the alternate colour
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scores as fixed covariate in two new LMs, i.e., we performed a LM for magenta colour with
yellow score as a fixed effect; and vice-versa (Fig 5, 6). Meeting our expectation, we found
the associations at loci controlling the alternate flower colour either disappeared or were
drastically reduced in their significance, i.e., the major association with magenta colour was
at ROS/EL and RUB; while with yellow colour was at CRE, FLA and SULF. However, we
surprisingly lost the significant association at AUR for yellow colour (most associated SNP P-
value = 1.8x108). Regions previously not linked to flower colour variation still remained
significantly associated in this new set of LMs with the alternate colours as fixed covariates
(Fig 5, 6).

To check whether these previously uncharacterised regions could be novel candidates
for flower colour or just spurious associations stemming from unaccounted confounders, we
inspected the quantile-quantile (QQ) plot for P-values, and found that observed P-values were
highly inflated in comparison to the theoretical expectations across almost all quantiles and
chromosomes (Fig S6, S7). This highly suggested potential confounding, driven by population
structure, genetic relatedness and/or other unaccounted covariates, rather than novel
candidate or polygenicity of the flower colour trait.

6.3.2 | Controlling for relatedness and effects of known colour loci

Although the new associations that we found could be causally associated with colour,
it is also probable that they are spurious associations due to unaccounted confounding
factors. We, therefore, performed linear mixed models (LMMs) to account for genetic
relatedness that could arise from several factors such a population structure, assortative
mating, etc, that prior work in this hybrid zone has shown evidence for. We computed a
genetic kinship matrix from a subset of 0.62 million SNPs which were chosen based on their
minor allele frequency, LD and proximity to the known colour loci. This kinship matrix was
included as a random factor to perform a linear mixed model (LMM), again separately for
magenta and yellow colour.

The overall statistical significance for all SNPs significantly decreased (i.e., lower -
log1oP values), with only 0.04% (6,283 SNPs) and 0.04% (6,542 SNPs) above the significance
threshold for magenta and yellow colour respectively (Fig 7A, 8A). In the magenta LMM, we
again found significant associations at all three magenta loci — ROS/EL in chr 6 (P-value =
1.1Xx10*>7) and RUB in chr 5 (P-value = 3.2x1023) (Fig 7A); while in the yellow LMM, there
were significant associations at CRE on chr 1 (P-value = 2.7x101), FLA on chr 2 (P-value =
2.6x1078) and SULF on chr 4 (P-value = 2.5%x1073°) (Fig 8A). AUR was again not recovered as
a significant association (P-value = 5.8x10°). Adding the relatedness matrix removed 21 and
29 associated regions in magenta and yellow respectively, while retaining the highest of those
—5in magentaonchr 3,5, 8 and 4 in yellow on chr 5 and 7. The QQ plots showed a better fit
between the observed and expected P-value quantiles (Fig S8, S9). Unlike the results of LMs,
most chromosomes had their observed P-values distributed uniformly in the lower quantiles
(bottom left of QQ plots in Fig S8, S9) as expected, and a tail of observed P-values inflated at
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the highest quantiles as would be the case in chromosomes with loci causally linked to a trait
(top right corner of QQ-plots in Fig S8, S9).

After correcting for genetic relatedness and correlation between the colour scores, |
tested if the newly identified associations are causal or spurious due to long range LD with
significant SNPs at previously known colour-associated loci (see associations on chromosomes
3, 5, 8 in LMM for magenta in Fig 7A and chromosomes 5, 7 in LMM for yellow in Fig 8A). To
test this, we performed a series of LMMs, where we incrementally included the SNP most
associated with the trait as a fixed effect covariate (Fig 7B-E, 8B-G). The rationale is that if a
significant association at a previously unidentified locus is causal, it would persist in LMMs
that include other known colour loci as fixed effect covariates. Alternatively, any spurious
associations that arise due to long range LD with SNPs at known colour loci would disappear
if the said colour locus is included as a covariate in the model.

Overall, serially accounting for all the SNPs associated with flower colour indicated
that all significant associations at the previously unidentified regions were spurious. Walking
through the serial steps for the magenta LMM, we first included the two highest SNPs at the
ROS/EL region (highest SNP for ROS locus and highest SNP for EL locus) (Fig 7B). All previously
unidentified regions were no longer significantly associated, while known colour-controlling
locus RUB still was. An association with a slightly reduced statistical significance still existed
in the ROS/EL region. In the next two LMMs separately, we added the highest SNP at RUB and
the highest SNP at the remaining association within ROS/EL, and found that each of those
LMMs retained the association other than the one added as fixed covariate (Fig 7C-D). As a
sanity check, a final LMM with all the 4 SNPs above included as fixed covariate left us with no
significant associations suggesting that the major causal associations to magenta colour are
all at the ROS/EL and RUB loci (Fig 7E).

Similarly walking through the serial steps for the yellow LMM, we first added the
highest SNP in the SULF locus as a fixed covariate, and found that associations at the
previously known colour-controlling loci FLA and CRE were retained while the rest were no
longer significant. A weaker yet significant association still remained at the SULF locus (Fig
8B). Next, in 3 separate LMMs, we added the highest SNP at CRE, FLA or the remaining
association at SULF, thus finding that all associations except the SNPs included as covariates
were retained (Fig 8C-E). A final LMM that included all the above four SNPs at CRE, FLA and
SULF finally revealed no significant associations, thus reiterating that CRE, FLA and SULF are
regions that cause yellow colour variation (Fig 8F). We never recovered AUR in any of the
LMMs (Fig 8).
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Figure 7. Stepwise genome-wide linear mixed models (LMM) with normalized magenta box scores for
samples from the Lower Road (n = 915). (A) Yellow box colour as fixed-effect covariate and kinship matrix
as a random covariate. (B) Highest SNP at ROS3 and EL added as fixed-effect covariate to the model in A.
(C) Highest SNP at RUB added as fixed-effect covariate to the model in B. (D) Highest SNP at MID added as
fixed-effect covariate to the model in B. (E) Highest SNPs at RUB, ROS3, MID and EL as well as yellow colour
added as fixed-effect covariates; kinship matrix added as random effect. For all LMMs, likelihood ratio test
(LRT) P values with Bonferroni correction are used for detecting significant association (—logioP threshold
= 8.5). All previously described colour-controlling loci are highlighted and colour-coded magenta or yellow
based on their function. Magenta-controlling loci: RUB in chr 5, ROS/EL in chr 6; and yellow-controlling loci:
CRE inchr 1, AUR in chr 2, FLA in chr 2, SULF in chr 4.

122



Chapter 6: Dissecting the genetic basis of flower colour in a hybrid zone

LMM on Yellow (Fixed effects: magenta; Random effects: Kinship matrix
“0 CRE AUR FLA SULF | RUB
—~ 30 i
2
°
g» 20
n
109 L Rk ______
{ £ AL o
1 3 4 5 6
LMM on Yellow (Fixed effects: magenta + SulfA; Random effects: Kinship matrix
“© CRE AUR FLA SULF . RUB
— 30 i
&
°
> 20 i
g |
1
G T o O A
i ._‘Il* s 0
C 1 3 4 5 6
LMM on Yellow (Fixed effects: magenta + SulfA + SulfB; Random effects: Kinship matrix
“° CRE AUR FLA SULF RUB
30
g
°
> 20
o
1
1094 e .
D 1 3 4 5 6
LMM on Yellow (Fixed effects: magenta + Fla + SulfA + SulfB; Random effects: Kinship matrix
“° CRE AUR FLA SULF RUB
30
g
°
> 20
k<]
1
100 A ____
A icachiideblid dadiag, Abliiis "
1 2 3 4 5 6
E LMM on Yellow (Fixed effects: magenta + Cre + SulfA + SulfB; Random effects: Kinship matrix
“0 CRE AUR FLA SULF RUB
30
g
°
> 20
o
I
11y _____
NN G o1 . : Sl
. ‘ e sy : i ecissailainel
1 3 4 5 6
LMM on Yellow (Fixed effects: magenta + Cre + Fla + SulfA + SulfB; Random effects: Kinship matrix
o CRE AUR FLA SULF RUB
~ 30
2
°
g» 20
n
o _
i i ik i "
1 2 3 4 5 6
G LMM on Yellow (Fixed effects: magenta + Cre + Aur + Fla + SulfA + SulfB; Random effects: Kinship matrix
“° CRE AUR FLA SULF RUB
—~ 30
S
°
> 20
o
1
o1 _
a i i b
1 2 3 4 5 6

Figure 8. Stepwise genome-wide linear mixed models (LMM) with normalized yellow box scores for
samples from the Lower Road (n =915). (A) Magenta box colour as fixed-effect covariate and kinship matrix
as arandom covariate. (B) Highest SNP at SULF added as fixed-effect covariate to the model in A. (C) Highest
SNP at the remaining peak at SULF added as fixed-effect covariate to the model in B. (D) Highest SNP at
FLA added as fixed-effect covariate to the model in C. (E) Highest SNP at CRE added as fixed-effect covariate
to the model in C. (F) Highest SNPs at both FLA and CRE added as fixed-effect covariate to the model in C.
(G) Highest SNPs at AUR added as fixed-effect covariate to the model in F. For all LMMs, likelihood ratio
test (LRT) P values with Bonferroni correction are used for detecting significant association (—logioP
threshold = 8.5). All previously described colour-controlling loci are highlighted and colour-coded magenta
or yellow based on their function. Magenta-controlling loci: RUB in chr 5, ROS/EL in chr 6; and yellow-

controlling loci: CRE in chr 1, AUR in chr 2, FLA in chr 2, SULF in chr 4.
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6.3.3 | Bayesian analysis sheds light on the genetic architecture while
confirms the same loci to have a large-effect on flower colour

While LMMs are useful to uncover associations between a trait and SNP genotypes,
they can neither distinguish between polygenic and oligogenic architectures, nor quantify the
relative contributions of small versus large effect variants. LMMs assume that all variants
contribute a small additive effect on the trait, which is normally distributed with the same
variance. The genetic background is modelled as a random effect while each SNP genotype is
tested as a fixed effect. On the other hand, models such as Bayesian Sparse Linear Mixed
Model (BSLMM) uses Bayesian inference to model jointly the near-infinitesimal effects of
genome-wide small polygenic effects (like a LMM) and the additional sparse effects of some
loci on the trait in consideration (Bayesian variable selection regression (BVSR)). Therefore,
on one hand, BSLMM sheds light into the genetic architecture of the traits, BSLMM provides
guantitative estimates for the total phenotypic variance explained (PVE) by all SNP genotypes
and the proportion of PVE explained by sparse/large genetic effects (PGE) and the number of
SNPs inferred to have sparse-effect in each MCMC iteration. Therefore, LMM and BSLMM can
together reveal both the architecture and specific loci involved in a trait, providing a cross
validation for SNPs identified by their LMM P-values to the posterior probability inclusion (PIP)
from BSLMM, and a sanity check to compare the effect sizes of BSLMM and LMM.

Using BSLMM we found that 89% of the total variance in magenta colour was
explained by SNP genotypes, of which 88% was explained by loci with effects larger than the
joint contributions of the near-infinitesimal genome-wide effects (Fig 9A, Table S1). 17 SNPs
genome-wide had a Bayesian posterior inclusion probability (PIP) > 0.05, of which 14 were
concentrated in the RUB locus in chr 5 and ROS/EL in chr 6 (Fig 9B). Similarly for yellow colour,
we found 86% of the phenotypic variance being explained by SNP genotypes, of which 74%
was attributed to sparse effect SNPs (Fig 10A, Table S1). 27 SNPs had a PIP score > 0.05, of
which 22 were concentrated around CRE, FLA and SULF on chr 1, 2, and 4 (Fig 10B).

6.3.4 | Bayesian and frequentist GWAS models confirm the effects of all
previously described flower colour loci except one

The results from LMM and BSLMM broadly agree with one another. Both analyses
recovered all the previously-identified magenta-controlling loci while 3 out of 4 previously
described yellow-controlling loci (Fig 7A, 8A, 9, 10). For magenta, the most associated region
was the ~300Kb ROS/EL locus on chr 6 (Fig 7A, 9), which upon closer inspection, revealed 4
independent association peaks separated by sharp drops (Fig 11A, S12). The 2 leftmost
association peaks within 60Kb of each other contained 3 previously characterised MYB-like
transcription factors, ROS1, 2, and 3 which act as a master promoter for genes in the
anthocyanin biosynthesis pathway and controls the intensity and overall presence of magenta
pigments across all petal lobes (Schwinn et al., 2006; Whibley et al., 2006). ROS1, 2, and 3
share ~90% sequence identity indicating they arose from relatively recent gene duplication,
of which ROS1 has been previously described to be functionally most important. (Schwinn et
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al., 2006). But the SNP from the left association peak most associated in the LMM (chré6:
52917323; P = 1.9X10%) and another one with the highest PIP score in the BSLMM (chr6:
52916405; PIP = 0.71) were both closest (2.2—3.1Kb upstream) to ROS3 (chr6: 52919567—
52922055) (Fig 11A, S12). While the significance of association differs minimally between the
3 homologs (Fig 11A, S12), the higher -logioP near ROS3 could just be a statistical effect due
to LD with ROS1 and 2 (84% of samples are either 000, 111, or 222 for the ancestral/derived
alleles at ROS1/2/3), rather than evidence for a stronger causal effect.
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Figure 9. Results of Bayesian Sparse Linear Mixed Model (BSLMM) with normalized magenta box scores for
samples from the Lower Road (n = 915). (A) Distribution of Bayesian posteriori hyperparameters
estimates—proportion of phenotypic variance explained by all SNPs (PVE), proportion of variance
explained SNPs with sparse or measurably large effects (PGE) and no. of sparse-effect SNPs included in
each iteration of the model. (B) Genome-wide distribution of posterior inclusion probability (PIP) and
sparse effect sizes of each SNP. All previously described colour-controlling loci are highlighted and colour-
coded magenta or yellow based on their function. Magenta-controlling loci: RUB in chr 5, ROS/EL in chr 6;
and yellow-controlling loci: CRE in chr 1, AUR in chr 2, FLA in chr 2, SULF in chr 4.

In the most associated SNP from the rightmost peak of the ROS/EL region, the most
associated SNP in LMM (chr6: 53064556; P = 1.1e-145) was located ~2Kb upstream of another
previously characterised MYB-like transcription factor, EL (chr6: 53060761-53062505). EL
that acts as a repressor to control dorsoventral spatial patterning of anthocyanin conferred
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by ROS to lie over the bee entry point and act as a floral guide (Tavares et al., 2018). The same
SNP was also the only SNP genome-wide with a perfect PIP score according to the magenta
BSLMM (PIP = 1.0), i.e., it was included to have a sparse effect in 100% of all MCMC iterations
(Fig 11A, S12).
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Figure 10. Results of Bayesian Sparse Linear Mixed Model (BSLMM) with normalized yellow box scores for
samples from the Lower Road (n = 915). (A) Distribution of Bayesian posteriori hyperparameters
estimates—proportion of phenotypic variance explained by all SNPs (PVE), proportion of variance
explained SNPs with sparse or measurably large effects (PGE) and no. of sparse-effect SNPs included in
each iteration of the model. (B) Genome-wide distribution of posterior inclusion probability (PIP) and
sparse effect sizes of each SNP. All previously described colour-controlling loci are highlighted and colour-
coded magenta or yellow based on their function. Magenta-controlling loci: RUB in chr 5, ROS/EL in chr 6;
and yellow-controlling loci: CRE in chr 1, AUR in chr 2, FLA in chr2, SULF in chr 4.

The third association peak between ROS and EL had the highest signal of association
across the whole genome according to LMM (chr6: 52986462, P = 1.1x10%7) (Fig 11A, S12).
8 of the 12 high-PIP (> 0.05) SNPs (PIP = 0.5-0.18) in the ROS/EL locus (3 in ROS and 1 in EL)
were also between ROS and EL (Fig 11A, S12). | further checked with conditional LMMs if this
association could be due to a potential candidate locus for magenta colour in Section xx.
However, irrespective of being causal or spurious, this explains why we found a reduced but
significant association at the ROS/EL region, after including the highest associated SNPs at
ROS3 and EL as fixed covariates into our LMM (compare ROS/EL region in Fig 7A with 7B).
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The second region associated with magenta colour was in chr 5, where the SNP that
was the most significant (chr5: 6270535, P = 3.2x102%) was within the coding region of RUB
(chr5: 6269966—6272151) (Fig 11B, S13). RUB encodes flavonol synthase (a key enzyme in the
anthocyanin pathway) and modifies the magenta intensity on high-magenta backgrounds
(Field et al., 2025). This peak also contained 3 high-PIP SNPs with the highest SNP (chr5:
6269484, PIP = 0.67) 482bp upstream of the gene (Fig 11B, S13). All four loci above were also
supported by BSLMM to have the highest sparse-effects on the magenta colour. The top four
sparse-effect SNPs were respectively in the vicinity of EL (sparse effect size (8) =0.13), RUB (8
= 0.08), upstream of ROS3 (8 = 0.079), and the previously uncharacterised locus (hereafter
colloquially, MID) between ROS and EL (6 = 0.02) (Fig 9B).

The phenotypic effect of the 3 previously known colour loci—ROS, EL and RUB—is
clearly visible in the change in magenta scores against their genotypes (Fig S10A). ROS and EL
are known to work together as a complementary regulatory system—while ROS determines
the capacity for magenta production by turning on the anthocyanin biosynthesis machinery,
EL determines where magenta appears by spatially restricting the pigmentation regulated by
ROS (Schwinn et al., 2006; Tavares et al., 2018; Whibley et al., 2006). Together, this results in
high anthocyanin production in samples homozygous for the pseudomajus alleles at
(ROSP*elPs/ROSPselPs; mean + s.e.magenta score = 0.72 * 0.01) while little to none in those
homozygous for the striatum alleles (ros*‘EL*/ros*'EL*'; mean + s.e.magenta score = 0.01 +
0.004) (compare top-left and bottom-right plots in Fig S10A). Heterozygous individuals
(ROSPselPs/ros*tEL*Y) showed somewhat intermediate levels of anthocyanin (0.24 + 0.01),
aligning with the semi-dominant nature of ROS (center plot in Fig S10A). RUB, on the other
hand, had minimal effect on the ros*t/ros*t background (mean magenta scores ranged 0—0.03),
while noticeably boosting anthocyanin intensity on the ROSP*/ROSP* background (mean
magenta score for rub*/rubst = 0.30 + 0.07; RUBP$/rubt = 0.55 * 0.03; RUB’S/RUB"* = 0.72 +
0.01) (compare left and right column in Fig S10A). This confirms the interaction between RUB
and ROS (Field et al., 2025). Being a transcription factor, ROS directly regulates downstream
anthocyanin biosynthesis genes, while RUB appears to modify the output of the anthocyanin
pathway that ROS regulates.

The strongest association in the yellow LMM was the ~500Kb region around the SULF
locus on chr 4. The SULF locus is an inverted duplication, homologous to A. majus chalcone
4’-0-glucosyltransferase (Am4’CGT), with both left (chr4: 38306079—38306459) and right arm
(chr4: 38337252-38337713) of the duplication carrying deletions compared to original 4'CGT
(Bradley et al., 2017). The most associated SNP (chr4: 38396398, P = 2.4%x1073°) was 58Kb
upstream of the right arm of the duplication (Fig 12A, S14). 9 out of the 14 SNPs with PIP >
0.05 in yellow BSLMM were concentrated 11-63Kb upstream of the right arm of the SULF
locus, with the one with the highest PIP (0.97) closest to the locus (~11Kb) (Fig 12A, S14).
Since the SULF locus contains a deletion in the striatum background and the Antirrhinum
reference genome is a cultivar originating from the pseudomajus background (Li et al., 2019),
this region lacks good read coverage. In addition, we lose SNPs in the SULF locus (note the
noticeable gaps in 38—38.5Mb in Fig 12A, S14) due to filtering based on quality of variant calls.
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While we did find SNPs in the SULF locus most associated with yellow, it is possible that these
are just linked to some other causal SNP. This could explain why we found a significant
association at SULF at a previously non-significant SNP, after we accounted for the highest
associated SULF SNP in our step-wise conditional LMMs (compare SULF locus in Fig 8A with

8B).
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Figure 11. Details of (A) genome-wide association (—logioP estimates from LMM on magenta colour scores
and posterior inclusion probability, PIP from BSLMM), (B) genetic differentiation (Fst) and allele frequency
difference between magenta and yellow flank, (C) divergence between flanks (Dxy), (D) diversity within
magenta and yellow flanks (), and (E) colour topology (Tc) weights in ROS/EL and RUBIA locus.

The second most associated region for yellow was a ~650Kb region at the FLA locus in

chr 2 (Fig 12B, S15). While the most associated SNP in LMM (chr2: 53986221, P = 3.2x102%)
s ~500Kb upstream of the coding sequence of FLA (chr2: 53468062-52469435), this
associated region was an extended plateau (~650Kb) rather than a narrow peak (Fig 12B, S15).
The FLA locus is in a recombination desert possibly owing to its location in the pericentromeric
region, and also exhibits a recombinant haplotype prevalent at high frequencies in the center
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of the hybrid zone (Bradley et al., 2025). This explains why we find such an extended
association instead of a narrow peak. 2 SNPs with PIP > 0.05 were 247Kb (PIP = 0.06) and 66Kb
(PIP = 0.05) upstream to the FLA gene (Fig 12B, S15). FLA and SULF act multiplicatively to
shape the yellow gradient in the A. majus flowers (Bradley et al., 2025, 2017). SULF acts in
trans to encode small RNAs (sRNAs), which in turn targets and represses FLA that encodes
chalcone 4'-O—glucosytransferase, a key enzyme in the aurone biosynthesis pathway, This is
well supported in our GWAS by being the top 2 loci associated with yellow colour, including
16 out of 20 SNPs with the highest sparse-effects (8 = 0.008-0.88) according to BSLMM
concentrated between these two loci (Fig 10B).
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Figure 12. Details of (A) genome-wide association (—logioP estimates from LMM on yellow colour scores
and posterior inclusion probability, PIP from BSLMM), (B) genetic differentiation (Fsr) and allele frequency
difference between magenta and yellow flank, (C) divergence between flanks (Dxy), (D) diversity within
magenta and yellow flanks (rtw), and (E) colour topology (T.) weights in SULF, FLA and CRE locus.

The third most associated region for yellow was a short ~30Kb region in chr 1 around
CRE locus (Fig 12C, S16), that contains several methyltransferase genes, which have been
previously implicated in controlling flower colour by altering upstream precursors in the
flavonoid pathways (Bradley et al., 2025; Du et al., 2015; Okitsu et al., 2018; Richardson et al.,
2025). Only 53 SNPs were significant according to the LMM (highest associated SNP: chrl:
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959480, P = 2.7x10!), with 4 of those SNPs with PIP > 0.05 (chrl: 954722: PIP = 0.14, 8 =
0.01) (Fig 12B, S16). Overall, both LMM and BSLMM supported 3 out of the 4 previously
described yellow loci to be significantly associated with yellow colour (Fig 8A,10B).

The fourth previously described yellow colour locus, AUR, also a target of FLA, encodes
Aureusidin synthase (AS1) that catalyses the step immediately before 4'CGT in the aurone
synthesis pathway (Bradley et al. 2025). AUR was not found to be significant in our GWAS by
either LMM or BSLMM (Fig 8, 10B). AUR interacts multiplicatively with SULF, FLA and CRE to
steepen the gradient of aurone pigmentation in the frontal petal lobes along a dorsoventral
axis (Bradley et al. 2025). Since the colour score used in the LMMs is an average over the
whole flower, it is highly possible that our phenotypic scores do not provide enough
resolution to detect the minor effect conferred by AUR in controlling the gradient of yellow
pigment. Future work should consider regressing colour scores from each part of the flower
separately.

The phenotypic effects of 3 out of the 4 yellow-controlling loci can be seen in the mean
yellow scores against the genotypes at CRE, FLA and SULF (Fig S11). Individuals homozygous
for the pseudomajus alleles (SULFP*flaP*/SULF’*flaP*) represses aurone production (mean * s.e.
yellow score = 0.08 + 0.01) compared to those homozygous for the striatum alleles
(SUIFFLASY/sulftFLASY) (0.62 + 0.02) (compare top left and bottom right plot in Fig S11).
Similarly, CREPs, further reduces aurone production on all backgrounds, but visible most
notably when at least minimal amounts of aurone was produced either on the homozygous
sulft background (mean yellow score for CREP*/CREPS = 0.33 + 0.04; CREP$/cre*' = 0.43 + 0.02;
crest/cre’t = 0.59 + 0.02) or heterozygous SULFPS/sulft background (mean yellow score for
CREPS/CREP* = 0.18 + 0.02; CREP*/cre’t = 0.23 + 0.01; cre’/cre*t = 0.34 + 0.02) (see middle and
right column in Fig S11). The yellow-controlling loci interact multiplicatively to inhibit aurone
production, i.e., each gene contributes a proportional effect to yellow pigment reduction to
precisely control the yellow gradient along the dorsoventral axis in the petals (Bradley et al.
2025). The dominant SULF* is the master inhibitor that targets FLA in trans, followed by FLAS
that positively regulates the production of 4’CGT in cis, and finally CREP* confers further
inhibition and is a target of FLA. This is also confirmed by our GWAS for yellow colour, where
we find that the statistical significance of the association follows the same order—SULF, FLA
and CRE (Fig 8A). Moreover, in the raw colour scores, we found that individuals heterozygous
for SULF on a homozygous FLA®" background (FLAS'SULFP/FLASsulft) showed a stronger
reduction in aurone pigments (i.e., lower yellow score, mean # s.e. score = 0.37 + 0.02) than
those heterozygous for FLA on a homozygote sulf background (fla”sulf'/FLAS sulft) (mean *
s.e.yellow score=0.47 £0.02) (Fig S11), suggesting a stronger effect of SULF on colour. Finally,
the interaction between the 3 loci to reduce the overall aurone production can be seen
somewhat in gradual decrease in mean yellow scores on samples with genotypes that differ
gradually by one pseudomajus allele, starting from the striatum background. For example,
samples that are homozygous for the striatum in all 3 loci (crestFLA® sulf'/crestFLAS'sulf*) had
the highest yellow scores (0.69 + 0.01) (Fig S11). Adding pseudomajus alleles to CRE, FLA and
SULF in order gradually decreases the yellow colour score (crestFLAS sulft/crestFLAS'sulf' = 0.38
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+0.07; cres'FLAS sulft/crestFLAS sulf*t = 0.13 + 0.03; cre*'FLAS'sulf/crestFLAS sulf*t = 0.08 + 0.02)
(Fig S11). Although this gradual decrease in order does not quantitatively prove the proposed
multiplicative interaction between the loci (Bradley et al. 2025), it at least further confirms
the probable order in which these loci are important in shaping the yellow colour distribution.
It should be noted that we are using the mean yellow colour score from the entire flower
instead of a gradient in colour intensity used in Bradley et al (2025). Future work could look
at the yellow scores at each part of the flower separately, to disentangle the nature of
interactions more closely.

Overall, the first GWAS to understand the genetic architecture of flower colour
variation that is a target of strong selection in A. majus recovered all (except AUR) the
previously described major colour controlling loci, but surprisingly returned no novel minor
modifier loci (e.g., like evidence of minor modifier alleles for adaptive traits like wing pattern
in Heliconius (Papa et al. 2013)). However, the significant association in the region in between
two of the most important loci—ROS and EL—prompted further dissection to test if it could
potentially be a causal association to magenta colouration.

6.3.5 | Dissection of the ROS/EL locus hints at a new candidate locus
controlling magenta flower colour

Large-effect loci often generate the sharpest signals of restricted gene flow, motivating
a closer look at their genomic context. To further test if the significant association in the region
in between ROS and EL could potentially be candidate associated with magenta colour, we
performed another LMM in GEMMA where we regressed the magenta box colour scores with
18.9K SNP genotypes within £+5Mb of the ROS/EL locus while including the same genetic
relatedness matrix computed above as random effect, and the corresponding yellow box
colour scores as a fixed covariate (Fig 13). In agreement with the above LMMs (Fig 7A, 11A),
we recovered the same associations at ROS1, 2, 3, EL and in between ROS and EL (hereafter,
referred to as MID for being almost in the middle between ROS and EL) (Fig 13A). We then
performed five LMMs where, in each, we added the highest associated SNP at the five loci
while still accounting for the genetic relatedness and yellow scores as covariates. In all of
these five LMMs, the association at the SNP included as fixed covariate expectedly
disappeared, while the rest remained significant, but with a weaker signal of association (i.e.,
the strength of evidence for an association as seen by —logioP value) (Fig 13B-G).

In the LMMs with SNPs from ROS1, 2, or 3 included as covariates, we found that both
MID and EL remained significant (with —logioP values decreasing from ~150 to ~40, 4-fold
decrease in signal for association), while the SNPs at ROS not included as covariate had their
signal for association further reduced from ~150 to ~20 (i.e., 8-fold decrease in —logioP values)
(Fig 13B-D). Adding the highest associated SNP at MID as a fixed covariate also reduced their
signal at both ROS and EL peaks by ~7 folds (Fig 13E). Finally, adding the highest associated
SNP at EL as covariate in the LMM still reduced the signal at ROS and MID peak by a much
smaller ~4 fold (Fig 13F). While SNPs at all associated loci except the ones included as fixed
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covariates always stayed significant, their signals for association always got reduced by
varying degrees (Fig 13B-F).

This reduction in statistical significance values for association could be for several
reasons. First, this could reflect the overall high levels of correlation between the SNPs in the
ROS/MID/EL region, i.e, they are in higher LD with each other compared to the genomic
background. This region is only ~0.5cM wide, and 74.2% of samples have 000/111/222
genotypes for ROS3/MID/EL, where 0, 1, 2 refers to the ancestral homozygote, heterozygote
and derived homozygote. This is expected given that 2 out of the 3 genes (ROS and EL) in this
region are the known to be the main magenta-controlling genes, and hence are selected to
be in the same background the confer high levels of anthocyanin pigments in the
pseudomajus variety. Second, it is possible that the SNPs from each locus chosen to be
included as covariates are not causal SNPs, although they show the highest statistical
association to the magenta colour. Therefore, these SNPs and their corresponding
associations are retained with lower significance values (i.e., lower -logioP value). The third
likely possibility is that each of these associated loci individually affect magenta colour by
interacting with one another. This possibility seems likely since the associations never
disappear even though they are reduced in their signals for association. This reduction reflects
that the SNPs at ROS, MID and EL are in high LD with one another owing to their physical
proximity, but the significance of the association hints at their individual effects on the
magenta colouration (Note, in contrast, how peaks at chromosomes 3, 5, 8 completely
disappeared when SNPs at ROS, MID, EL, and RUB were included as covariates in the LMM
since SNPs at those other associations were only correlated to the known associations, and
did not affect flower colour, Fig 7B-E). A final LMM which includes all the five SNPs as fixed
covariates removes all significant associations, suggesting that the magenta colour variation
can fully be explained by the above SNPs (Fig 13G).

Taken altogether, first, this series of LMMs verify the individual effects of ROS and EL.
Second and more importantly, it hints at a third locus, MID in between ROS and EL, that could
either act independently or in conjunction with ROS/EL or both to control magenta colour
variation. The highest associated SNP in the MID peak is located 9.9Kb upstream of a gene
encoding a beta-helix-loop-helix domain (bHLH) transcription factor (chr6: 52996409—-
52998275). While that has not been directly characterised previously, there is substantial
evidence for bHLH transcription factors play crucial roles in regulating flower colour and
enhancing anthocyanin biosynthesis in snapdragons as well as in other plant species (Naing
et al. 2017; Sharma et al. 2020; Albert et al. 2021; Song et al. 2021). bHLH works together as
part of the larger MYB-bHLH-WD40 (MBW) transcriptional complex that targets and activates
the transcription of structural genes in the anthocyanin pathway (Xu et al. 2015). This
regulatory mechanism is highly conserved across plant species and is essential for
anthocyanin biosynthesis (Kodama et al. 2018). Therefore it explains the association peak in
between the two well characterised MYB-transcription factors—ROS and EL. However, this
novel candidate will require functional validation through targeted molecular genetic
techniques in order to establish causality (Flint and Mackay 2009; Mackay et al. 2009).
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Model 1: LMM on magenta (Random Effects: Kinship Matrix; Fixed Effects: Yellow)
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Figure 13. Conditional linear mixed model (LMM) association of ROS/EL region with magenta colour for
samples from the Lower Road (n = 915). (A) LMM with kinship matrix as random effect and yellow colour
score as fixed effect covariate. Inverted triangles denote SNPs with the highest signal (lowest P-value) at
the five visible peaks of associations at ROS1, 2, 3, MID and EL. Each of these SNPs are individually added
as fixed effect covariate in the LMM in B to F (indicated in green inverted triangle). All 5 SNPs are included
as fixed effect covariates in G. Previously described loci and potential candidate are highlighted in pink.

Left to right: ROS1, ROS2, ROS3, bHLH transcription factor, EL.
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The phenotypic effect of MID on the genotypic backgrounds of ROS/EL is not as clearly
visible as it was for RUB/ROS/EL (Fig S10). This is mostly because there are not enough
samples with all possible genotype combinations owing to ROS, MID, EL being packed in a
0.5cM region. However, summing over all ROS/EL backgrounds, magenta colour scores
increase with the inclusion of each MID"* allele, hinting at a semidominant nature of MID
(mean * s.e. magenta scores for MIDP*/MIDPS = 0.02 + 0.01; MID*/MIDP* = 0.24 + 0.01;
MIDPs/MIDPs = 0.69 + 0.01) (Fig S10B). However, the more proper way to study the phenotypic
effects would be introgress the MID allele into all ROS/EL backgrounds with crosses, which is
beyond the scope of this thesis.

6.4 | Bottom-up approaches identify all of the colour
associated loci

Having dissected the genetic architecture of flower colour, a key question emerges—do
results from top-down GWAS align with signals detected by bottom-up genome-wide scans?
This integration is essential for distinguishing genuine targets of selection from statistical
artifacts and for studying the evolutionary processes that maintain colour polymorphisms
across populations. To this end, | employed two complementary bottom-up approaches: (i)
site/window-based summary statistics (Fst, mw, and Dxy) that quantify allele frequency
differences and diversity patterns; and (ii) tree-based topological weighting that quantify
clustering patterns between individuals.

For the summary statistic approach, | estimated Weir and Cockerham’s Fsr for each
SNP between individuals from the magenta and yellow flanks, and further in 10 Kb non-
overlapping windows (n=50,881 windows) to explore the genomic landscape of
differentiation between these groups. For the topology-weighted approach, | reconstructed
an ancestral recombination graph (ARG) from high-coverage samples (25x) from the opposite
flanks using Relate (Speidel et al. 2019). Then, for each of the 3.2 million genealogical trees
along the genome, | performed topology weighting by iterative subsampling of haplotypes
from each population (Martin and Van Belleghem 2017). Treating each deme from both flanks
as distinct populations, | identified 9 out of 105 possible unrooted topologies in which all
samples cluster strictly within their respective flank—these are reported as the “colour
topology” (T.) weight. The combined application of these two bottom-up approaches offers a
robust perspective on the evolutionary mechanisms maintaining colour polymorphisms and
further validates the functional relevance of GWAS-identified loci.

Across the genome, | observed minimal genetic differentiation between flanks (Fst =
0.001 + 0.02, median £ sd) and low levels of within-flank clustering (T. weight =0.085 + 0.014),
consistent with widespread gene flow and haplotype sharing (Fig 14) (Ringbauer et al. 2018;
Tavares et al. 2018; Field et al. 2025). However, all five loci associated with flower colour
exceeded this genomic background, showing elevated median Fsr and T. weights (Fig. 14).
Examining the genomic landscape, 109 out of 442 Fst outlier windows that exceeded the 99th
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percentile threshold (20.037) and 2,758 out of 3,212 genealogical trees with the highest 0.1%
T. weights were within £10 kb of the colour loci (Fig. S17, S18). Both these signals coalesced
into four prominent Fst peaks (=5 consecutive outlier windows spanning >50Kb, Fig. S17) and
four high-T. clusters (250 trees with outlier T. weights spanning >50Kb, Fig. S18), three of
which overlapped major colour associated loci: ROS/EL, FLA, and RUB. Notably, the largest Fst
and T. signals coincided with ROS/EL (maximum Fst = 0.85, T. weight = 0.75) and FLA
(maximum Fst = 0.62, Tc weight = 0.43), consistent with their known major roles in magenta
and yellow pigmentation, respectively. Moreover, owing to the location of FLA in the
pericentromeric region of low recombination and ROS/EL containing 2 major and 1 potential
candidate loci for magenta colouration, signals of Fst and Tc weights show prominent peaks
extended over ~650Kb around both loci. The remaining two colour associated loci, SULF and
CRE exhibited weaker signatures: SULF fell among Fsr and Tc outliers but lacked a distinct peak,
while CRE was highlighted only by Fsr (Fig S17, S18). These patterns mirror previous findings
of minimal genome-wide differentiation coupled with pronounced barriers to gene flow at
select loci in the Planoles hybrid zone, underscoring that colour-associated regions are the
primary exception to otherwise high levels of gene flow between flanks (Ringbauer et al.
2018; Tavares et al. 2018; Field et al. 2025). Therefore, between the two bottom-up
approaches, all 5 colour associated loci were successfully identified, validating the
evolutionary as well as functional significance of these loci.

The natural follow-up question is—would we have invariably detected the spurious
GWAS associations (Fig 7A, 8A) in the absence of prior knowledge on the colour associated
loci. Additionally, are there other regions that we would have misidentified as regions
associated with colour? To determine this, | assessed positional overlap between outlier Fst
windows, Tc clusters, and SNPs with significant GWA association in the same 10 Kb windows
(Fig 15). Outlier GWAS windows that intersected with either Fst (n = 14) or T. (n = 11) weight
outliers or both (n = 101) were all associated with flower colour. Strikingly, all 19 10Kb
windows containing the spuriously associated (non-colour-associated) SNPs did not overlap
with either Fst or T. outliers, demonstrating that bottom-up scans would not validate these
false positives (Fig 15). However, some discordance emerged between the two bottom-up
scans—out of the 34 T. weights outliers and 266 Fst outlier, 28 coincided at a prominent peak
~3Mb downstream of the RUB locus that was not associated with flower colour (Fig 15, S17-
S18). The remaining unique outlier windows (6 for T. weights and 238 for Fst) were scattered
across the genome without forming prominent peaks (Fig 15, S17-S18). This discordance in
outliers highlights important differences between approaches. GWAS, on one hand, is
sensitive to long range LD between SNPs that does not necessarily reflect either selection or
demographic effects. On the other hand, Fst scans conflate multiple evolutionary processes—
including demography, gene flow, and selection—producing a noisier genomic landscape,
whereas topology weighting identifies regions where individuals cluster by shared ancestry,
suggesting the reuse of haplotypes that are selected.

In summary, strong convergence between bottom-up and top-down approaches
validates the major colour loci as genuine evolutionary targets, while the absence of spurious
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GWAS associations among bottom-up outliers provides crucial negative validation. The
successful recovery of all colour loci through multiple independent approaches, coupled with
effective filtering of false positives, demonstrates the power of integrative genomic analyses
for distinguishing genuine selection targets from statistical artifacts.
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Figure 14. Comparison of bottom-up signals between colour associated loci and genomic background.
Boxplots showing range of (A) Weir and Cockerham’s Fsr for each SNP between samples of magenta and
yellow flank and (B) colour topology (T.) weight for each genealogical tree at the colour associated loci
(CRE, FLA, SULF, RUB and ROS/EL) and background (all SNPs that are not associated to colour). Boxplots are
coloured according to which colour pigment the locus is associated with; magenta for anthocyanin and
yellow for aurone.

6.5 | Evidence of selection at the colour associated loci

To investigate the evolutionary mechanisms underlying colour differentiation, | further
examined patterns of divergence (Dxv), diversity (mw) and allele frequency differentiation
between the two flanks at each colour associated locus. First, the ROS/EL region harboured
three independent peaks of differentiation (ROS, MID, EL), all with striking allele frequency
differentiation (20.8) and aligned precisely with the GWAS association peaks (Fig 11, S12).
Notably, the substantial peak at MID further strengthens its candidacy for magenta
pigmentation. While Dxy and mt, were highly correlated genome-wide (Spearman’s rho = 0.99,
Fig S19A), windows with elevated Fsr (> 0.6) within ROS/EL showed reduced diversity primarily
in the yellow flank (correspondingly, striatum background) rather than increased divergence
(Fig S19C), suggesting recent selective sweeps specifically on the striatum background. This
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contrasts with previous hypotheses of sweeps on both pseudomajus and striatum
backgrounds (Fig 11D, S12D) (Tavares et al. 2018), although it does not preclude an older or
a soft sweep on pseudomajus. The asymmetric diversity reduction may reflect more recent
selection on the striatum background, as sweep signatures erode over time through
recombination and gene flow.

A CRE FLA SULF RUB ROSEL
GWAS significant SNPs | | } | \ [T T | [ [TT] | |
Tc outliers: I[h { ]
Fstoutiers| [ [ [[ [ [ ]I [ T 10 [T T T T T T T T T \
Chr1 2 3 4 5 6 7 8
B All outlier windows Outlier windows Outlier windows not
associated with colour associated with colour

GWAS significant SNPs GWAS significant SNPs GWAS significant SNPs

Figure 15. Comparison of signals from GWAS, Fsr and topology weighting. All SNPs with significant
association (i.e., outliers) in GWAS and all trees with the top 0.1% of colour topology (T.) weights are
converted to the same 10 Kb non-overlapping windows on which Fsr is calculated. (A) Distribution of outlier
windows along the genome. (B) Venn diagrams showing the overlap of outlier windows among the three
analyses for all outlier windows, windows within £1Mb to colour associated regions, and windows in
regions not associated with colour.

At SULF—despite being the top genome-wide association for yellow—neither Fsr nor
Tc signals were pronounced, likely due to a structural deletion in striatum that limits read
mapping and SNP discovery (Bradley et al. 2017). Previous studies have recovered elevated
Fst at SULF only when comparing striatum and pseudomajus varieties at greater geographic
distance (Field et al. 2025). Although clustering or differentiation signals were weak, the
highest-Fst SNP and highest-T. tree aligned precisely with the duplicated repeat hinting at
localised differentiation (Fig 12, S14).

FLA displayed an ~650 Kb region of elevated differentiation, increased divergence and
a reduced diversity within the yellow flank (Fig 12, S15, S19E). The reduced my suggests
selective sweeps on the striatum background, consistent with FLA’s role in shaping yellow
gradients in the flower (Fig S19E). The increased divergence and extended differentiation
likely reflects its location in a recombination desert as well as the maintenance of a selected
recombinant haplotype (Fig S19E) (Bradley et al. 2025).

Lastly, RUB showed moderate Fst elevation and allele frequency differences, with
reduced diversity in pseudomajus, consistent with epistatic interactions with ROS (Fig 11, S13,
S19B) (Field et al. 2025), while CRE displayed minimal differentiation, aligning with its modest
phenotypic effect and primarily striatum-specific expression (Fig 12, S16, S19D) (Bradley et al.
2025).
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Together, these locus-specific patterns reveal how localized selective sweeps on
different genetic backgrounds, structural variation, and epistatic interactions interact with
genome-wide gene flow to maintain adaptive flower colour polymorphisms in A. majus. The
differences in diversity patterns suggest complex histories of recurrent selection events, with
more recent sweeps on striatum at ROS/EL and FLA, and selection on pseudomajus at RUB.
This comprehensive view demonstrates how integrative genomic approaches can uncover the
evolutionary forces shaping adaptive variation in the face of ongoing gene flow.

6.6 | Conclusions

This chapter integrated top-down and bottom-up genomic approaches to dissect the genetic
basis of flower colour variation in a hybrid zone between two varieties of Antirrhinum majus,
confirming the role of ROS/EL (Schwinn et al. 2006; Whibley et al. 2006) and RUB (Field et al.
2025) for magenta colouration, and SULF (Bradley et al. 2017), FLA (Bradley et al. 2025) and
CRE (Richardson et al. 2025) for yellow pigmentation, while additionally identifying a potential
candidate bHLH transcription factor influencing magenta pigmentation. These findings,
drawn from GWAS on 1,003 plants and population scans of differentiation and ancestry,
emphasized that colour is predominantly controlled by a few large-effect loci that maintain
divergence despite gene flow across most of the genome. The absence of association at
AUR—implicated in spatial patterning of yellow pigment—Ilikely reflects its small effect size,
epistatic interactions, or limitations in our whole-flower colour quantification, where spatial
averaging may have masked the resolution to detect localized gradients in pigmentation.
Overall, our findings not only clarify the genetic basis of flower colour in the snapdragon
system, but also offer broader lessons for evolutionary genomics, particularly regarding the
strengths, limitations, and complementarity of different methodological paradigms.

Beyond dissecting the genetic basis of flower colour in snapdragons, our rigorous
GWAS highlights both the power and pitfalls of association studies in natural populations —
uncontrolled population structure, relatedness and correlated trait or genotypes can
generate spurious peaks that disappear under appropriate statistical control (Price et al. 2006;
Visscher et al. 2017). Conditional GWAS and fine-mapping proved essential for distinguishing
primary causal loci from linked signals—a standard practice mirrored in previous work across
systems, such as, major-effect pigmentation genes such as Agouti and MCI1R in vertebrates
(Linnen et al. 2009, 2013; Mallarino et al. 2016), crop adaptation genes in Arabidopsis (Atwell
et al. 2010) and barley (Bustos-Korts et al. 2019), as well as autoimmunity-related genes in
humans such as HLA (Raychaudhuri et al. 2012). Serial conditional analyses are particularly
important when multiple loci control related traits, as stepwise approaches help isolate true
causal variants from background linkage (Yang et al. 2012).

The convergence of GWAS signals with bottom-up Fst outliers and ARG-based
topology weighting provided orthogonal validation of the regions associated with flower
colour. This integrative approach corroborated the barrier loci, but also illuminated the
evolutionary dynamics by examining divergence and diversity, such as possible selective
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sweeps on the striatum background at ROS/EL and FLA, and on the pseudomajus background
at RUB warranting further investigation. Such integration overcomes the limitations of either
method alone—GWAS’s sensitivity to confounding and genomic scans’ inability to distinguish
demography from selection (Lotterhos and Whitlock 2015)—and has yielded similar success
in other studies, from conifer hybrid zones where adaptive introgression drives divergence
along environmental gradients (Yeaman et al. 2016) to monkeyflower speciation, where
combined approaches reveal the interplay of selection and gene flow (Stankowski et al. 2023).
Additionally, the lack of uniquely spurious outliers in the topology weighting highlights the
value of adopting genealogical approaches in studying genomic regions under selection. This
has already been demonstrated in Chapter 5 by recovering the parallel genetic basis of flower
colour in replicate hybrid zones of A. majus, despite patterns of differentiation largely
reflecting demographic effects (Pal et al. 2025).

However, in the absence of prior candidate genes, initial bottom-up genomic scans
can prioritize genomic regions for targeted association testing. This strategy has been
effective in studies of mammalian coat colour (Linnen et al. 2009, 2013; Mallarino et al. 2016),
bird plumage (Bruders et al. 2020) and insect pigmentation (Bastide et al. 2013) among
others. This contrasts with molecular genetics in controlled crosses, which excel at resolving
major-effect variants but may miss context-dependent effects in hybrid zones (Manceau et
al. 2010); integrating both, as in our study, provides a robust framework for linking genotypes
to phenotypes under real-world selection (Linnen et al. 2013; Stankowski et al. 2023).

Overall, by revealing how large-effect barrier loci persist in the background of genome-
wide gene flow, our findings provide a general framework for understanding how genetic
architectures can maintain local adaptation and drive the early stages of speciation in wild
systems. Looking forward, the incorporation of ARG-based approaches in speciation genomics
open new avenues for dissecting the evolutionary history and ages of these barrier loci and
their role in maintaining species divergence. Our findings help illustrate the power of hybrid
zones as natural laboratories for studying adaptation and divergence, while emphasizing the
critical importance of methodological rigor in interpreting genomic associations in these
complex evolutionary contexts.

6.7 | Methods Summary

6.7.1 | Quantification of flower colour

Quantification of flower colour was done in three ways. First, for the field colour
scores, each flower was visually scored in the field for magenta and yellow colouration based
on the intensity and spread of the pigments (Fig S1). The magenta scores ranged from 0.5 to
5, with a score of 0.5 showing no presence of magenta pigment to intense magenta
pigmentation throughout the corolla. Similarly, each flower was scored for yellow
colouration, ranging from 0.5 (no yellow or yellow colour restricted to the bee entry point) to
3 (full yellow).
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The two other colour scoring methods were performed on photographs taken in the
field following the protocol described in Matejovicova (2022). For the box colour scoring, the
front face of each flower photograph was divided into 7 boxes to cover most of the variation
seen in pigmentation across the petals (Fig S2). Each box was then scored for magenta and
yellow intensity on a scale of 0 to 4 (Fig S2). Finally, the total score for each flower was
normalised to have a value between 0 and 1. For digital colour scores, we used SnapPallete
(https://github.com/seanstankowski/SnapPallete) to extract colour from the images. We
used manual mode (-m) in SnapPallete which allows the user to manually draw any number
circles of varying sizes by mouse dragging. We placed the circles in the areas shown in Fig S3.

6.7.2 | Genome-wide association mapping of flower colour traits

We used Genome-wide Efficient Mixed Model Associations (GEMMA) (Zhou and
Stephens 2012) to perform genome-wide association of the magenta and yellow box colour
scores. We reduced the 1003 samples along the Lower Road transect to 915, that had colour
box score information, and were therefore included in the GWAS. 744 of these were from the
hybrid core, while rest were from the three demes on either transect (MF1, 2, 3, and YF1, 2,
3).

Linear Models

For all GWA models, the normalised magenta and yellow box scores (bounded
between 0 and 1) were used as quantitative traits. SNPs were filtered with a minor allele
frequency (MAF) threshold of 0.01 and linkage disequilibrium R? threshold of 0.9999 (i.e.,
essentially using all SNPs) with PLINK v2 (Chang et al. 2015), leaving a final set of ~15.7m SNPs.
We assessed SNP associations using Likelihood Ratio Test (LRT) P-values and considered SNPs
above a conservative genome-wide threshold of -log10P=8.5 based on Bonferroni correction
to be significantly associated. The model fit of each run was checked by visually inspecting
quantile-quantile plots for expected and observed -logioP values.

We first ran a linear model (LM) regressing genotype on colour score using the flag —
Im 4 in GEMMA (Genotypes ~ Magenta; Genotypes ~ Yellow), for both sample sets from the
Lower Road (that includes the core and flanks, n=915) and only the Lower Core (n=744) (Fig
3, 4). In a second LM, we added the alternate colour score as fixed effect to account for the
correlation between colour scores for the non-hybridised sample (Model II: Genotypes ~
Magenta + FixedEffect: Yellow; Genotypes ~ Yellow + FixedEffect: Magenta) (Fig 5, 6).

Linear Mixed Models and conditional GWAS

Consequently, to further control for population structure and genetic relatedness, we
performed a LMM where we added kinship matrix as a random effect. From the full set
(~15m), we removed SNPs with MAF<0.05, masked regions around the previously known
colour genes (Field et al. 2025; Richardson et al. 2025), and finally subsampled sites with
R?<0.1 in 50-SNP windows with 10-SNP overlap, to have a reduced set of ~600k, that was then
used to create the kinship matrix using the flag —gk 1 in GEMMA. The LMM model regressed
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genotype on colour score while controlling for the alternate colour as a fixed effect and
kinship as a random factor (Genotypes ~ Magenta + FixedEffect: Yellow + RandomEffect:
kinship; Genotypes ~ Yellow + FixedEffect: Magenta + RandomEffect: kinship) (Fig 7A, 8A).

Finally, to dissect the independence of these association signals, we performed
conditional GWAS by incrementally adding the most strongly associated SNPs as fixed effect
covariates in the LMM (Model: Genotypes ~ Magenta + FixedEffect: Yellow + RandomEffect:
kinship + FixedEffect: significant SNPs; Genotypes ~ Magenta + FixedEffect: Yellow +
RandomEffect: kinship + FixedEffect: significant SNPs) (Fig 7B-E, 8B-G). We also dissected the
ROS/EL region most associated with the magenta colour, to check if the separate peaks are
independent. To do that, we incrementally added each of the five peaks at ROS1, ROS2, ROS3,
MID and EL one at a time (Fig 13).

Bayesian Sparse Linear Mixed Model

We also ran a complementary Bayesian GWAS model— Bayesian sparse linear mixed
models (BSLMM) (Zhou et al. 2013)—to broadly summarize the genetic architecture of the
flower colour trait and to have an independent layer of evidence for the SNPs that produce
significant associations in the LMM. We ran BSLMMs in GEMMA using 10 independent chains,
25m MCMC steps after a burn-in of 5m steps, sampling every 1,000 steps. We then combined
results across the independent runs and summarized the genetic architecture of each trait
using posterior distributions of three main hyperparameters: the proportion of phenotypic
variance explained by all SNP genotypes (PVE), the proportion of PVE explained by SNPs with
‘sparse effects’ (PGE), and the number of SNPs required to explain the estimated PVE (n SNPs).
We further broadly quantified the architecture of each trait by calculating the sum of the
posterior inclusion probability (PIP) for SNPs with detectable effects (PIP > 0.01).

6.7.3 | Genome-wide scans for outlier loci

Estimating genomic differentiation, diversity and divergence

We calculated per-site Fst between samples from the MF1/2/3 (n=75) and YF1/2/3
(n=99) on the full SNP dataset, using the approach described by (Weir and Cockerham 1984),
implemented in vcftools v0.1.16 using the --weir-fst-pop flag (Danecek et al. 2011). Site-based
estimates were averaged to obtain genome-wide Fst estimates and 99th percentile outliers.
We also calculated Fst, Dxy, and mw in 50-SNP non-overlapping windows for the same set of
individuals using the script popgenWindows.py*. Finally, the allele frequency difference
between MF and YF was calculated using the --freq flag in vcftools.

Inference of ARG and topology weighting
We used Relate (Speidel et al. 2019) to infer genealogies along the genome for 151
samples from the magenta and yellow flanks, that were sequenced at >5x coverage. As above,

4 https://github.com/simonhmartin/genomics_general
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we assumed a mutation rate of 5.7x10?°, a haploid effective population size of 813,388
(derived earlier from mt = 4Ny where it = 0.009 is calculated from PoolSeq sequence data in
Field et al, 2025) and the recombination map computed using LDhat (Auton and McVean
2007). Following the general pipeline recommended in Speidel et al., 2019 and also previously
implemented in (Pal et al. 2025), we first inferred genealogies in parallel for each
chromosome. We then used the EstimatePopulationSize script of Relate to jointly infer a time-
varying population size history and branch lengths, using --threshold 0 to ensure all trees are
included in the joint fitting and --num-iter 5. Finally, we estimated the branch lengths in trees
along each chromosome in parallel, using the “RelateCoalescentRate --mode
ReEstimateBranchLengths” with coalescence rates derived from the MCMC fits in the
previous step. Finally, we converted the genealogical trees stored in native Relate formats to
newick format for topology weighting using “RelateExtract --mode AncToNewick”.

On the genealogical trees, we first weighted topologies using TWISST (Martin and Van
Belleghem 2017). Each of the 3 demes from opposing flanks (MF1/2/3 and YF1/2/3) were
treated separately, thus resulting in 105 possible unrooted topologies. For each tree, we
limited the topological sampling (i.e., picking 1 sample from each of the 6 groups) to 10,000
subtrees using the flag --method fixed in TWISST. Finally, to simplify interpretation and
visualisation, we only considered the 9 topologies where samples were clustered based on
their location, i.e., MF1/2/3 were clustered together, and similarly, YF1/2/3 and summed
their proportions. Since there is predominantly magenta coloured pseudomajus variety in MF
and yellow coloured striatum variety in YF, we call the sum of these 9 topology weights, the
colour topology weight, suggesting separation of haplotypes between the two flanks mostly
based the flower colour. Under neutrality and panmixia, one would expect such topologies to
be present at a proportion of 9/105=0.086 on average.

Definition of outlier peaks and comparison of outlier windows across methods

To identify genomic outliers from the bottom-up approaches, | applied method-
specific thresholds: Fst outliers were defined as 10 Kb windows exceeding the 99th percentile,
while topology weight outliers comprised trees with the top 0.1% of Tc weights. Prominent
peaks were determined with spatial clustering—at least 5 consecutive Fsr outlier windows
(=50 kb) or 50 consecutive outlier trees spanning >50 kb.

Cross-method comparison of outlier regions required standardization to a common
genomic coordinate system. Since each approach operates at different native scales—GWAS
associations at individual SNP positions, Fst estimates within predefined 10 Kb windows, and
topology weights calculated for genealogical trees with spans determined by local
recombination rates—I converted all outlier positions to the same 10 Kb window framework
used in the Fst analysis. Specifically, significant GWAS SNPs and the genomic spans of outlier
trees were mapped to their corresponding 10 Kb windows, enabling direct assessment of
positional overlap across methodologies.
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6.8 | Supplementary Information

Supplementary information related to this chapter is detailed in Appendix E.
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Chapter 7

Preliminary genealogical analysis
of a genomic island of speciation

Abstract

This chapter describes a preliminary analysis that uses ancestral recombination graph (ARG)
inference to shed light on the origin and maintenance of a genomic island of speciation. Past
work has shown that the Rosea/Eluta region is highly divergent across the Antirrhinum hybrid
zone at Planoles, but separating the signatures of recent selective sweeps at multiple loci
from the long-term barrier effect has been challenging owing to tight linkage within the
region. Genealogical trees through the island showed shallow within-population coalescence
around ROS1/2/3, MID, and EL in the yellow striatum individuals, consistent with recent
sweeps, while the magenta pseudomajus individuals showed no comparable reduction.
Pairwise cross-coalescence times between the two groups additionally indicated localized
barriers to gene flow, strongest at ROS1/R0OS2 and weaker at ROS3, MID and EL, against a
well-mixed genomic background. Together, these results show initial evidence of staggered
sweeps on the striatum background and additionally a persistent barrier at ROS1/R0S2,
shaping differentiation landscape at this island of speciation while most of the genome
remains porous to gene flow across the hybrid zone. Timing estimates are preliminary and
sensitive to causal SNP identification and window delimitation, motivating further detailed
work in future.
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7.1 | Introduction

A key component in the process of speciation is the emergence and accumulation of
reproductive barriers, often in the presence of gene flow (Coyne and Orr 1998; Wu 2001;
Feder et al. 2012). Studies in the past couple of decades have been devoted to learning the
genetic architecture of these reproductive barriers (Ravinet et al. 2017; Wolf and Ellegren
2017). This has led to several genome-wide differentiation landscapes between natural
population/species pairs, where islands of differentiation or barrier loci stand out clearly
against a genomic background (Martin et al. 2013; Marques et al. 2016; Uy et al. 2016; Knief
et al. 2019; Stankowski et al. 2019; Hooper et al. 2024; Nguyen et al. 2024). It has been
increasingly clear that these islands of differentiation can stem from a number of differential
influences of selection (e.g., selective sweeps, reduced gene flow due to a long-standing
barrier, background selection) (Cruickshank and Hahn 2014; Irwin et al. 2016; Vijay et al.
2016), demographic effects (e.g. population bottlenecks, range expansions) (Bierne et al.
2013; Feder et al. 2013), or intrinsic genomic features (e.g., gene density, recombination rate
variation) (Noor and Bennett 2009; Burri et al. 2015; Martin et al. 2019).

While much of the research effort has gone towards identifying these barrier loci,
comparatively less attention has been towards investigating the relative contribution of
different evolutionary processes and the timing of the origin and maintenance of these
genomic islands of differentiation (Hejase et al. 2020b; Campagna et al. 2022; Wang and Coop
2022; Nguyen et al. 2024; Stankowski et al. 2024). This is key to understanding the process of
speciation, because the sequence in which barriers arise and the mechanisms responsible for
their establishment can profoundly influence the dynamics of speciation. For example,
ecological differences, such as changes in pollinator preference or environmental conditions,
can drive initial population differentiation to occupy distinct adaptive peaks separated by
fitness valleys, but the extent to which these forces maintain long-term reproductive isolation
will depend on the interplay between selection, drift and gene flow (Endler 1977; Felsenstein
1981; Barton and Hewitt 1985). Genetic constraints can also influence the mode and tempo
of the speciation process. For example, Dobzhansky-Muller incompatibilities (DMIs), which
require changes at multiple loci, often evolve gradually and may be disrupted by early
hybridization that breaks down co-adaptive gene combinations (Slatkin 1975; Felsenstein
1981; Barton 1983; Orr and Turelli 2001). While single-locus barriers due to local adaptation,
selective sweeps or divergent selection may start the process of early differentiation, higher-
order genetic barriers only appear in later stages of speciation after multiple, interacting
barriers jointly impede gene flow (Barton and Bengtsson 1986; Yeaman and Whitlock 2011;
Feder et al. 2014; Ravinet et al. 2017).

While a lot of theoretical research has addressed this problem, empirical results have
been few. The hybrid zone between Antirrhinum majus subspecies majus—var. pseudomajus
and var. striatum—provide an excellent system to explore the history, timing and mechanism
of the accumulation of barriers to gene flow that shape their genomic differentiation. These
sister varieties are at an early stage of speciation with low levels of genome-wide
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differentiation (Fst~ 0.003; see Chapters 4-6, Tavares et al., 2018), yet maintain distinct flower
colour patterns despite hybridizing in narrow contact zones across the Spanish Pyrenees
(Whibley et al. 2006). Several lines of evidence from molecular genetic studies (Schwinn et al.
2006; Whibley et al. 2006; Bradley et al. 2017, 2025; Tavares et al. 2018), Fst scans (Tavares
et al. 2018; Pal et al. 2025), genealogical (Pal et al. 2025) or phylogenetic tree-based analyses
(Richardson et al. 2025), hybrid zone cline analysis (Field et al. 2025; Surendranadh et al. 2025)
and genome-wide association studies (see Chapter 6) have characterised a handful of
genomic targets of divergent selection underlying flower colour variation (Rosea, Eluta and
Rubia for magenta anthocyanin; and Cremosa, Aurina, Flavia and Sulfurea for yellow aurone
pigmentation). These flower colour differences represent alternate adaptive solutions to the
same functional challenge—creating effective pollinator guides—suggesting they occupy
distinct adaptive peaks in a fitness landscape (Whibley et al. 2006; Richardson et al. 2025).
The magenta-with-yellow-highlight flower pattern of var. pseudomajus and the yellow-with-
magenta-veins flower pattern of var. striatum both serve to direct bee pollinators to nectar
rewards, but through contrasting pigmentation strategies. This system provides a rare
opportunity to understand how multiple islands of differentiation accumulate and maintain
alternative adaptive peaks and prevent populations from falling into intermediate fitness
valleys.

One way to study this evolutionary history is to leverage ancestral recombination
graphs (ARG) (Shipilina et al. 2023; Brandt et al. 2024). ARGs capture both the genealogical
relationships among sampled individuals and changes to those relationships along the
genome due to recombination (Hudson 1990; Wakeley 2009), enabling inference about when
and how genetic barrier loci arose and shaped the differentiation landscape through time. By
contrasting patterns of genealogical trees around islands of differentiation with neutral
genomic regions, we can test if genealogies at flower-colour loci show signals of long-term
barriers to gene flow that maintain distinct adaptive peaks or selective sweeps that establish
alternative adaptive solutions or an interplay of both. Finally, it also allows us to reconstruct
the relative timing of these differentiation peaks in the course of speciation.

Given the low genome-wide differentiation in Antirrhinum, genealogies at the neutral
regions are expected to show extensive paraphyly across opposite flanks due to ongoing gene
flow that homogenises much of the genome. By contrast, peaks of elevated differentiation at
flower colour loci can arise through two different evolutionary processes with distinct
genealogical signatures (Barton 1998; Hejase et al. 2020b; Campagna et al. 2022; Wang and
Coop 2022; Nguyen et al. 2024). First, if the loci associated with flower colour are driven to
high frequency by a recent selective sweep, genealogies at and around the selected site will
exhibit a star-like phylogeny with a ‘burst’ of coalescence events within the population (or the
flank) carrying the swept allele (Maynard Smith and Haigh 1974). This will sharply reduce the
time to the most recent common ancestor within the population carrying the swept allele
(TMRCA.), and genealogies would tend towards monophyly in the swept population due to
lack of time for migration between populations following the sweep. However, TMRCAv is
extremely sensitive to the nature and timing of the sweep, and dominance of the beneficial
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allele. Therefore a more robust measure is TMRCAH (the TMRCA for the first 50% of all
lineages from the species) (Rasmussen et al. 2014), or simply, the median pairwise
coalescence times within a population (Tw) (Wang and Coop 2022; Pal et al. 2025). Both are
expected to be reduced around loci under local sweeps without a necessary increase in cross-
coalescence times. Alternatively, selection against an allele on the opposite genetic
background reduces effective migration near the locus, creating a localized barrier to gene
flow. In such regions, cross-population coalescence events are rarer and shifted deeper in
time relative to neutral regions while within-population coalescence is largely unchanged.
Consequently, genealogies around such loci should show increased cross-coalescence time
between populations (T,) without a necessary reduction in coalescence rates within
population (Tw). Prolonged persistence of the barrier can further elevate pairwise divergence
as deeper between-population coalescent times accumulate, but this typically requires a
long-standing barrier of gene flow (Charlesworth et al. 1997).

However, in practice, these processes may not always act in isolation. A peak of
elevated differentiation may result from both a population specific sweep as well as a barrier
to migration. For example, an allele can rapidly sweep through a population (reducing within-
coalescence times, Ty) and subsequently be maintained as a spatially balanced polymorphism
that prevents introgression (increasing cross-coalescence times, Ty). Conversely, an allele that
serves as a barrier to gene flow could have also hypothetically drifted up in frequency or
simply be old enough that any trace of a sweep has eroded away. Lastly, It should be noted
that these ARG-based quantities map naturally onto conventional statistics (Ralph et al.
2020), but provide greater resolution by leveraging correlated, fully resolved genealogies and
the full distribution of coalescent times, while more naturally accommodating background
selection and mutation-rate heterogeneity (Hejase et al. 2020b)

In this chapter, | present preliminary results from exploring patterns of genealogical
trees around one of the flower colour associated regions—ROS/EL. This ~650Kb island of
divergence (Fst ~ 0.8 between samples from opposite flanks, see Figure S12 in Chapter 6)
harbours previously characterised MYB transcription factors, ROS1, ROS2, ROS3 and EL, as
well as a possible candidate (referred to as MID) bHLH transcription factor, all of which
together form the strongest associated region for magenta pigmentation in Antirrhinum (see
GWAS results in Chapter 6). Harbouring 5 loci in this narrow region, that have all been shown
or proposed to individually affect flower colouration and also shows high differentiation,
presents the perfect empirical case to explore how the tension between selection, gene flow
and recombination in the early stages of speciation has given rise to these multiple barriers
and their relative time of emergence. To this end, | reconstructed the ancestral recombination
graph for samples with >5x sequence coverage from both magenta (n = 72) and yellow flanks
(n =79) using Relate (Speidel et al. 2019) following the pipeline described in Chapters 5 and
6. To focus here specifically on the ROS/EL region, | summarized the minimum, median, and
maximum estimates of coalescence times for all sample pairs within each flank (Tw,mr, Tw,vF)
and between the opposite flanks (Tomeve) in each tree within the 1 Mb region centered
around ROS/EL (chr 6: 52.45-53.45 Mb). To further establish neutral expectations for the
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genomic background, | identified 10 additional 1 Mb regions distributed across the genome,
each located at least 5 Mb from both chromosomal ends. These neutral background regions
were selected such that they neither showed any association with flower colour nor outliers
in Fst and topology weighting analyses (see Chapter 5). | again summarised the coalescence
times for trees in these regions in the same way as above, to compare them against those
from the ROS/EL region.

7.2 | Preliminary Results and Discussion

In line with expectations, the neutral background regions of the genome showed extensive
mixing between the magenta and yellow flank, as seen by their very recent minimum pairwise
coalescence (minimum Ty, me/ve, i.€., time to the first coalescence event between magenta and
yellow flank) between the two flanks (83 + 32 generations ago) and high correlation between
the median pairwise coalescence times within each flank (median Tw e vs. median Ty,
Spearman’s rho = 0.88) (Fig S1A). This aligns with high levels of gene flow for most parts of
the genome across the hybrid zone (Ringbauer et al. 2018; Tavares et al. 2018).

By contrast, there was shallow coalescence within each flank observed in the ROS/EL
region. Around all 5 loci implicated in controlling magenta pigmentation (ROS1, ROS2, ROS3,
MID, EL), median pairwise coalescence times dipped substantially within samples from the
yellow flank (Tw,vr) compared to those within the magenta flank (Tw,m¢) (Fig 1A, S2A). Median
Tw,vr Was substantially lower around the 5 magenta associated loci compared to the randomly
sampled background genomic blocks, that is indicative of selective sweeps. Median T wmr,
however, did not show any significant deviation (Fig 2A). Moving beyond the 5 loci, Tw,mF and
Tw,vrin the broader 1Mb region around ROS/EL were coincident with each other, and showed
levels of paraphyly between the flanks similar to the patterns in the neutral regions (Fig S2A,
see trees i and vi in Fig S3). The minimum pairwise coalescence time between samples from
the opposite flanks (Tumrve) Were surprisingly similar across the ROS/EL region (including
around the 5 magenta associated loci) compared to the background region (Fig 1A, 2A, S1A,
S2A).

Minimum Ty, me/vr indicates the time to the first migration event between the magenta
and yellow flank in the past. While the median Ty, mr/vr need not be affected by a selective
sweep, minimum Ty, mr/ve is expected to be elevated since there may not have been enough
time for cross-coalescence if the sweep is really recent (Hejase et al. 2020b; Wang and Coop
2022). If the locus additionally acts as a long standing barrier, the median Ty, mr/ve would also
be elevated compared to the neutral genomic background (Charlesworth et al. 1997).

Since there is evidence of recent introgression and long distance migration in the
Antirrhinum hybrid zone (Surendranadh et al. 2025), as well as ROS and EL both being
semidominant (Schwinn et al. 2006; Whibley et al. 2006; Tavares et al. 2018), | regrouped the
samples based on their genotypes at the 3 most associated SNP around the loci ROS3, MID
and EL (see Chapter 6 for GWAS).
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Figure 1. Coalescence history around ROS/EL within and between (A) all individuals from magenta and
yellow flank, and (B) individuals homozygote for the pseudomajus background from magenta flank and
individuals homozygote striatum background from yellow flank. Top plot in both (A) and (B) shows median
pairwise coalescence times within respective groups (Tw,mr in magenta and Tu,ve in yellow in A; Ty ps in
magenta and Ty in yellow in B), while bottom plots show the minimum (in blue), median (in green) and
maximum (in black) pairwise coalescence times between the respective groups (To,me/ve in A, Ty pssst in B).
Coloured bars on top represent —logioP values for SNPs in GWAS for magenta colouration. For all plots,
coalescence times are denoted in terms of effective population size (N.) in left y-axis and number of
generations in right y-axis. MF: magenta flank, YF: yellow flank, ps: pseudomajus background:
ROSP*MIDPselPs / ROSPSMIDPSel’s, st: striatum background: rostmidstELSt / rosS*mid*tEL*.

The two new groups of samples include—ROSP*MIDPselP*/ROSP*MIDPselP* or the pseudomajus
alleles in the magenta flank and ros*mid*'EL**/ros*'mid*‘EL*" or the striatum alleles in the
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yellow flank—allowing the comparison of coalescence rates within and between non-
recombinant haplotypes from each flank. Coalescence times within and between the new
groups of samples did not change in the genomic background regions, as expected from
ongoing gene flow (Fig S1B). However, the median pairwise coalescence times within samples
with homozygote striatum alleles in the yellow flank (Tw,st) showed a similar yet larger dip
than before, around each of the 5 loci compared to that within the magenta flank as well as
the genomic background (Fig 1B, 2B). Samples with the pseudomajus background in the
magenta flank did not deviate from the genomic background (Fig 1B, 2B). This is indicative of
multiple recent selective sweeps on the striatum background, visible clearly in genealogical
trees with long branches leading to shallow coalescences within homozygotes in the yellow
magenta flank go much deeper to coalesce to their most recent common ancestor.

To roughly date the sweep on the striatum background, | considered marginal trees
from around the SNP most associated in GWAS, delineated visually to include trees that
contain SNPs significant in GWAS and outliers for both Fsr and topology weighting (see
Chapter 6). The median pairwise Tws around EL were on average the lowest (~30K
generations), followed by the 3 ROS loci (57-84K generations) and MID (~105K generations)
(Table 1, Fig 2). Ideally, for a hard sweep, the TMRCA\, should be considered as the lower
bound for a sweep age (Hejase et al. 2020b; Wang and Coop 2022). Here, as a preliminary
result, | only reported the median pairwise Ty st since TMRCAw, st does not show a substantial
decrease around the loci compared to neutral background as is expected in a sweep. This
could be due to two reasons. First, the SNPs most associated to flower colour that are chosen
to group the samples based on haplotypes linked to colour, may not be causal. Therefore,
there is still introgression of lineages into the opposite background, that increases the
TMRCAuw,st, masking the estimate of the lower bound at which the causal allele was swept.
Second, more work is needed to robustly delineate the boundaries around each gene/locus
that should be considered to estimate the sweep ages. However, a significant decrease in the
median pairwise coalescence within a population is suggestive of a sweep, and thus, is
reported as a preliminary age. Although this age should be treated with caution, the relative
timing of events is more robust and exhibits the heterogeneity in when sweeps occurred at
the different loci.

Looking at cross-coalescence between the new groups of samples, the minimum
pairwise coalescence times (Typs/st) Were significantly elevated around each of the 5 loci
(deeper compared to the genomic background) (Fig 1B, 2B), in contrast to the same statistic
measured between all samples from either flank (Fig 1A, 2A). Increase in minimum Ty, ps/st May
indicate a barrier to gene flow but could also be a consequence of selective sweeps in one or
both the populations. A sweep results in rapid shallow coalescence within the population
carrying the swept allele (Barton 1998), thus reducing it to a few remaining ancestral lineages
that are older than the sweep and are free to cross-coalesce (Hejase et al. 2020b; Wang and
Coop 2022). To distinguish between genuine barriers to gene flow and a conflated signal from

151



Chapter 7: Preliminary genealogical analysis of the ROS/EL island

selective sweeps, Wang and Coop (2022) have suggested focussing on pairs of lineages, one
from each population, in order to circumvent the effects of reduced ancestral lineages.
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Figure 2. Comparison of (A) median pairwise coalescence times within magenta flank (Tw,wme), within yellow
flank (Tw,yr) and minimum coalescence time between magenta and yellow flank (Tomeve), (B) median
pairwise coalescence times within individuals homozygote for pseudomajus background in magenta flank
(Tw,ps), individuals homozygote for striatum background in yellow flank (Tw,s¢) and minimum coalescence
time between the two groups (Tbps/st). Comparisons are shown for the genomic background (10 randomly
chosen 1Mb genomic blocks that did not show an outlier in GWAS, Fst or topology weighting), ROS1/R0OS2,

ROS3, MID and EL. MF: magenta flank, YF: yellow flank, ps: pseudomajus background: ROSP*MIDPsel’s /
ROSP*MIIDPselPs, st: striatum background: ros*'mid*'ELSt / rosStmidtELSt.

For computational efficiency, | randomly chose 10 haploid samples from both the
pseudomajus background in the magenta flank and striatum background in the yellow flank,
resulting in 100 pairwise comparisons. By tracking the coalescence times of all 100 between-
population pairs of lineages, the reduced number of ancestral lineages was clearly visible in
the traces of each pairwise Ty, ps/st and their lower variance around ROS/EL compared to the
background (Fig 3). For each marginal tree in ROS/EL, | further estimated the proportion of
pairwise Ty ps/st that is an outlier compared to the neutral expectation i.e., above the 95th
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percentile for all pairwise cross-coalescence times in the neutral background (~350K
generations), which should not be affected by selective sweeps (Charlesworth et al. 1997).
There was a general enrichment in the proportion of pairwise Ty, ps/st that were outliers in the
ROS/EL region (see coloured bar above Fig 3A), but the strongest signal is found around ROS1
and ROS2 where >80% of the pairwise cross-coalescence times (median = ~467K generations)
were outliers compared to genomic background (median = ~170K generations) (Table 1, Fig
S4), suggesting a barrier around ROS1 and 2 may have approximately persisted for ~297K
generations. ROS3, MID and EL also show elevation in pairwise Ty ps/st (ROS3: ~293K, MID:
~273K, EL: ~323K generations) hinting at weaker and younger barriers that lasted for ~103—
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Figure 3. Traces of pairwise cross-coalescence times around (A) ROS/EL and (B) neutral background for a
subsample of 10 haploid samples with non-recombinant genomic background (based on alleles at
ROS3/MID/EL) from either flank. In both A and B, top plots shows the standard deviation in pairwise cross-
coalescence times (Ty ps/st) and each line in the bottom plots show the trace of coalescence time between
one pair of non-recombinant individual from either flank. Coloured bar above top plot in A denotes the
proportion of pairwise Ty s/t around ROS/EL that is an outlier based on the 95™ percentile of pairwise Ty ps/st
in the neutral background region.
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Table 1. Summary of median pairwise coalescence times within and between individuals, homozygote for
the pseudomajus background in magenta flank and individuals homozygote for the striatum background in
yellow flank. Twps, Tw,st values correspond to Fig 2, and Ty s/t to Fig S4. ps: pseudomajus background:

ROSP*MIIDPselPs / ROSPSMIDPSel’s, st: striatum background: rosmidstELSt / ross*mid*tEL*.

Median pairwise coalescence times
Genomic
Regions Tw,ps Tw,st Tb,ps/st
(mean, median, range) (mean, median, range) (mean, median, range)
175.7 x 103 174.2 x 103 169.7 x 103
Background 133.2 x 103 133.3 x 103 134.5 x 103
2.5%x10%-3.52 x 10° (2.9 x 103 -3.09 x 109) (2.9 x 103 - 2.65 x 10°)
260.6 x 103 57.1 x 103 467.3 x 103
ROS1 + ROS2 151.8 x 103 53.2 x 103 335.3 x 103
(29.5 x 103 - 2.59 x 10°) (7.8 x 103 -0.20 x 109) (50.5 x 103 — 2.59 x 10°)
133.4 x 103 84.3 x 103 292.5 x 103
ROS3 104.5 x 103 70.5 x 103 201.0 x 103
(13.5 x 103 - 1.17 x 10°) (9.2 x 103 -0.36 x 10°) (30.6 x 103 —1.17 x 10°)
183.0 x 103 105.4 x 103 273.4 x 103
MID 146.9 x 103 65.9 x 103 203.6 x 103
(13.6 x 103 —1.24 x 10°) (5.3 x 103 -1.10 x 109) (27.9 x 103 - 1.71 x 10°)
101.5 x 103 29.5 x 103 323.2x 103
EL 77.0 x 103 15.5 x 103 299.0 x 103
(13.5 x 103 - 0.36 x 10°) (2.7 x 103 -0.12 x 109) (84.8 x 103 -0.79 x 10°)

7.3 | Conclusions

In this chapter, preliminary genealogical analysis suggests that multiple, staggered selective
sweeps and localized barriers to gene flow have shaped the genomic island of differentiation
at ROS/EL during early Antirrhinum majus speciation. All five loci in the region show evidence
of sweeps, but their timing is heterogeneous. As discussed earlier, the times reported above
are to be treated with caution, while the relative timing of events is more robust. With that
caveat in mind, individuals with the striatum background seemingly underwent the most
recent sweep at EL at the least ~30K generations ago (Tw,s: at EL, Fig 2B, Table 1), with older
sweeps at ROS and MID at least 57K generations ago (Tw,s:, Fig 2B. Table 1). Such patterns
invite synthesis in the concluding reflections and in the broader literature that follows.
Moreover, minimum cross-coalescence between the haplotype backgrounds is
elevated around each of the five loci, but tracking of pairwise cross-coalescence times reveals
an overrepresentation of unusually deep cross-coalescences near ROS1/R0OS2, with weaker
enrichments at ROS3, MID, and EL, indicating a persistent local barrier that is strongest at
ROS1/R0OS2 and plausibly younger or weaker at the other three targets. The barrier around
ROS1 and ROS2 is at least as old as when the first coalescence event between the two
backgrounds can be seen at 81.5K generations ago (Tb,ps/st at ROS1+2, Fig 2B). In genealogical
trees, reciprocal monophyly of haplotypes at ROS1/ROS2 contrasts with predominantly
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striatum-side monophyly at ROS3/MID/EL, reinforcing the view that barrier effects are most
entrenched near ROS1/R0S2 and comparatively recent or more permeable at the other peaks
(Fig S3).

The evolutionary history of the ROS/EL region has been previously studied by
comparing simulations with Fst peaks estimated from pooled sequence data in Tavares et al.
(2018). It was suggested that the differentiation has been shaped by two processes — (i)
historic selective sweeps that led to different ROS and EL alleles becoming fixed in
pseudomajus and striatum varieties, and (ii) selection against hybrid genotypes generated
when the two varieties met, creating a local barrier to gene flow. Broadly, estimates from
coalescence times of the genealogical analysis align with that of the most recent sweep
around ~90K generations ago in Tavares et al. (2018). Similarly, the preliminary estimate of
the age of the barrier is also consistent, reported to be as old as 100K generations. However,
unlike the proposed sweeps in both pseudomajus and striatum background in Tavares et al.
(2018), we found sweep signatures only on the striatum background; however, a lack of signal
on the pseudomajus background signal does not exclude historical sweeps, as recombination
could have erased genealogical traces over time.

These preliminary findings suggest a dynamic process of barrier accumulation and
sweeps over a prolonged period in the order of 10° generations. It also highlights the power
of genealogical analysis in disentangling historical processes of selection and gene flow, yet
several important questions remain. The interpretations reported here—especially regarding
the sweep and barrier timing—are preliminary and would benefit from robust simulations to
tease apart confounding effects of recombination, selection, and demography. Furthermore,
while the ROS/EL region provides a compelling case study, the broader genomic landscape of
differentiation awaits investigation, particularly at loci underlying yellow pigmentation and
other adaptive traits. With further integration of empirical patterns, simulations, and
genome-wide analyses, we hope to reconstruct the sequence and tempo of adaptive events
that drove the divergence of ancestral Antirrhinum and to clarify the evolutionary paths that
maintained these striking flower colour ecotypes in the face of ongoing gene flow. Such a
synthesis will illuminate not just when and how barriers arose, but also the genetic and
ecological constraints guiding adaptive walks between fitness peaks.
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Chapter 8

General Discussion

This thesis investigates the genomic consequences of selection and population structure in
natural systems experiencing ongoing gene flow. Below | discuss the broader conclusions,
limitations and future directions.

8.1 | From SNPs to haplotypes to genealogies

A central question in evolutionary biology is—how do we infer the origins, mechanisms, and
persistence of genomic barriers when populations never fully isolate, and the legacy of
demography and selection interact across timescales (Coyne and Orr 1998; Wolf and Ellegren
2017). While much empirical analyses make inferences based on single-site statistics, the
prudent path forward is the move beyond SNPs and arbitrary genomic windows to a
perspective where haplotypes—the actual, recombined segments of ancestry shared among
individuals—become the unit of analysis (Hejase et al. 2020a; Shipilina et al. 2023; Lewanski
et al. 2024). This thesis first sets out to discuss the fundamental structure of haplotypes—
inherited from parents to offspring. By formalizing haplotype blocks as edges within the
ancestral recombination graph (ARG), this thesis offers a conceptual bridge between the way
genomes evolve (per linked segments) and how they are typically analyzed (per SNPs)
(Chapter 2). ARGs encode the full genealogical history of sampled sequences, representing
the complex interplay of mutation, recombination, and coalescence as a series of local trees
that change topology at recombination breakpoints, a view now recognized as important for
disentangling the timing, directionality, and genomic context of divergence (Hudson 1990;
Brandt et al. 2024).

Because edges in a sequence of trees overlap, nest, and vary in length (i.e., time-
depth), they provide a natural unit for testing whether peaks of differentiation reflect recent
sweeps, older barriers, background selection, or some complex mixture—processes that may
be difficult to disentangle with site-based outlier scans alone. By demonstrating the richness
of information contained within ARGs, Chapter 2 suggests a framework in which the span and
depth of haplotype sharing among unique sets of individuals could be a possible structure for
empirical analysis. It also presents an empirically tractable way to identify such edges of
interest from ARGs, and infer processes, such as selective sweeps. While Chapter 2 lays out
the conceptual foundation and an empirical test implementation, the debate about whether
we can learn anything more with ARGs is far from over. The rest of the thesis uses the latest
methodological advances, both in sequencing techniques and ARG inference, to test the
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superiority of ARGs over traditional population genetic analysis, while also disentangling
processes that influence speciation.

8.2 | Advances in methods for haplotype reconstruction and
ARG inference

A second contribution of this thesis is methodological. Chapters 3-7 show that
population-scale ARG inference is now feasible beyond model organisms by pairing
linked-read haplotagging (Meier et al. 2021) with a validated pipeline that delivers phased
haplotypes at manageable cost, without relying on large genome panels. The pipeline
integrates reference-free imputation (Davies et al. 2016), barcode-aware alignment (Shajii et
al. 2018a), and hybrid molecular and statistical phasing (Edge et al. 2017; Hofmeister et al.
2023) with empirical checks on genotype error and switch error rates. This design is
particularly valuable where long-read whole-population sequencing remains impractical, yet
accurate phase is essential for inference of genealogies, selection, and recombination
landscapes (Ebert et al. 2021; Watowich et al. 2025).

Chapter 4 presents cautious optimism on the benefits of low-coverage linked-read
sequencing, by highlighting the limits to genotype imputation and phasing accuracy. We have
shown that at the expense of a small (~7%) accuracy loss, we gain a substantial fraction (~36%)
of otherwise missed genetic information in >1000 samples (see Table 5 in Chapter 4). This is
useful for an analysis, such as GWAS, or even windowed Fsr scans. But, researchers may
consider the highest quality phaseblocks to be used in genealogical inference, where each
phase switch will alter the genealogical tree, and introduce spurious recombination
breakpoints (Deng et al. 2021; Brandt et al. 2022). Rare variants that are missed or
misimputed in low coverage add limited information in a genealogical analysis; so smaller
high-quality subsets can outperform larger error-prone genomic datasets, unless rare-variant
association is a primary objective (Zhang et al. 2023). Looking forward, building a
species-specific reference panel and integrating haplotype-resolved assemblies with
pangenome references can reduce switch errors, improve rare-variant imputation, and
capture structural variation and repetitive diversity that confound linear-reference analyses
(Igolkina et al. 2025). However, depending on the goal of sequencing, a set of ~100 KASP
markers can also serve the purpose (e.g., identifying parent-offspring trios to directly estimate
fitness), but we showed that multiple independent runs of imputation can be used to estimate
variant-calling and imputation accuracy. Hopefully, the imputation—phasing framework and
accuracy metrics established here will provide a template for future sequencing design and
analysis in population-scale studies of non-model organisms.

The thesis further benchmarks a suite of genealogy inference methods—including
window-based trees, tsinfer (Kelleher et al. 2019), Relate (Speidel et al. 2019), and Singer
(Deng et al. 2024) in Chapter 6—showing that while algorithmic choices affect the density and
local resolution of trees, they converge on stable, biologically interpretable topology-weights
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(Pal et al. 2025). This methodological pragmatism is crucial—it means that scalable,
approximate approaches can recover robust signals of genealogical structure, even if fine-
scale uncertainty remains. The convergence of different methods on shared topology-
weighting profiles—despite their varying assumptions—builds confidence that genealogical
summaries such as topology weights and coalescence-time profiles capture biological reality,
not just inference artifacts. These advances collectively lower the barrier to ARG-based
analysis in natural populations and add to the ever growing empirical work in non-model
systems (Hejase et al. 2020b; Campagna et al. 2022; Wang and Coop 2022; Nguyen et al. 2024;
Stankowski et al. 2024; Pieszko et al. 2025)

8.3 | Empirical case studies highlight the use of ARGs

This thesis uses two empirical study systems as test cases for using ARGs. First, in the
evolution of live-bearing in Littorina snails, ARG-aware topology weighting reveals a polygenic
architecture for this key innovation, with many narrow, reproductive mode associated
genomic regions marked by selective sweeps whose ages span approximately 20K to 200K
generations (Chapter 3) (Stankowski et al. 2024). These regions are enriched for tissue-
specific expression differences and are notably independent of large chromosomal inversions,
challenging the expectation that major phenotypic shifts require single, large-effect
mutations or structural rearrangements. Instead, the evolutionary history is one of
incremental recruitment: novel functions can assemble through the gradual sorting of
compatible alleles across the genome. Notably, live-bearer-specific haplotypes cluster by
reproductive mode against a background of genome-wide phylogenetic discordance.

Second, the value of genealogical approaches is further underscored by analyses of
replicate Antirrhinum (snapdragon) hybrid zones (Chapter 5). These hybrid zones show that
genome-wide patterns of differentiation and their heterogeneity are strongly contingent on
local demographic history—post-contact population size, migration rates, and sampling
schemes all leave imprints on the genomic landscape. Yet, despite this noise, shared, trait-
coupled haplotypes emerge consistently at known colour loci. For example, the Planoles
hybrid zone exhibits largely homogenized genomes punctuated by sharp peaks at colour loci,
whereas Avellanet displays higher, more heterogeneous differentiation tied to lower
introgression rates. These contrasts highlight how demographic context shapes the genomic
background against which barrier peaks are detected. Topology weighting of genome-wide
genealogies recovers strong clustering by floral variety at key loci, and reveals asymmetries
in the ternary distributions that are difficult to explain by incomplete lineage sorting alone.
This is precisely the kind of triangulation envisioned in the introduction: replicate natural
contrasts focus attention on repeatable, trait-coupled genealogical features while discounting
locus- and location-specific demographic artifacts.
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8.4 | Looking into the past

Preliminary coalescence analyses around an island of divergence (ROS/EL) illustrate how
timing information can discriminate selective sweeps from longer-standing barriers—and
sometimes, their combination. Chapter 7 adds to the growing body of coalescence-based
work on recreating the history of evolutionary processes (Hejase et al. 2020b; Wang and Coop
2022). Reduced within-flank coalescence times near ROS/EL implicate recent selection, while
elevated cross-flank minimum coalescence times in haplotype—stratified comparisons
indicate reduced effective migration consistent with barrier effects. This dual temporal signal
clarifies how selection and gene flow jointly maintain sharp phenotypic transitions even on
genomically homogenized backgrounds (Barton and Bengtsson 1986). The ability to separate
“when lineages coalesce within” from “when lineages coalesce across” populations, and to
do so while traversing along the genomes, is precisely the genealogical leverage argued for in
Chapters 1-2, now realized in practice.

Chapter 7 only scratches the surface of the evolutionary history of a region that
contains multiple loci that are under divergent selection. Looking forward, how do multiple
beneficial mutations arise, combine, and get retained en route to alternative fitness peaks?
Also, do their time of emergence scale with effect size? Theory predicts two exponential
patterns that set clear expectations: among the mutations that actually fix during an adaptive
walk, effect sizes are roughly exponentially distributed, with large steps tending to occur early
(far from the fitness optimum), and average or smaller steps more common as adaptation
nears a phenotypic peak (Orr 1998, 2003). By contrast, the spectrum of fitness effects of new
beneficial mutations available at any given step (i.e., not just those fixed) is also predicted to
be exponential with the same mean effect, invariant to the starting fitness rank of the wild
type (Gillespie 1983, 1992; Orr 2003). This provides concrete, testable nulls for evaluating the
timing and effect size of sweeps and barriers at each of the five loci—R0S1, ROS2, ROS3, MID,
and EL. A further locus, RUBIA, which has a minor effect and shows epistatic interaction with
ROS, offers the opportunity to test how unlinked, epistatic loci fit into this adaptive journey.
Prior works emphasize that adaptation often mixes a few large- and many small-effect loci,
with clustered versus dispersed architectures shaped by pleiotropy, linkage, and demography
(Barton and Bengtsson 1986; Yeaman and Whitlock 2011; Burri et al. 2015), implying ROS/EL
may function as a locally “clustered” module coupling barrier to gene flow (Feder et al. 2014;
Ravinet et al. 2017). Differences in coalescence rates in and around ROS/EL can now test
whether tightly linked targets show earlier or stronger barrier signals than unlinked
contributors, as predicted by coupling theory and migration—selection—recombination
models (Barton and Bengtsson 1986; Bierne et al. 2011).

Several hypotheses are now testable in snapdragons alongside new questions, given
the unique combination of linked and unlinked, major and minor, and interacting loci. (1)
Effect size ordering: Are the earliest-dated sweeps at ROS/EL also those with the largest effect
size (Orr 1998, 2002, 2003)? (2) Did RUBIA arise from de novo mutation or from selection on
standing genetic variation—and is it restricted to specific genetic backgrounds, resulting in a
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sweep that is visible only on one haplotypic background (e.g., ROS"*) while remaining neutral
on the other? (3) Contrasting Adaptive Walks: Does the adaptive walk of the magenta-
flowered pseudomajus variety, with linked, major-effect loci show similarities to the yellow-
associated loci in striatum, where major-effect loci are on different linkage groups?

Together with the classic theory on exponential effect-size spectra and adaptive walks
(Gillespie 1983, 1984; Orr 1998, 2003), the snapdragon system presents a unique opportunity
to study the sequential recruitment of multiple beneficial mutations and the role of linkage
in islands of divergence in maintaining sharp colour boundaries under gene flow . As ARG-
based genealogies become available for all loci, we can reconstruct the full history of
adaptation—from the first steps of divergence to the maintenance of barriers—revealing not
only when and where sweeps and barriers arose, but also how linkage, pleiotropy, and
frequency-dependent selection jointly sustain distinct fitness peaks.

8.5 | Final remarks

This thesis studies the process of speciation by bridging genomic landscapes to changing
genealogies. Conceptually, it anchors inference to ARG-defined haplotype blocks at the
resolution necessary to separate cause from correlation. Methodologically, it demonstrates
that linked-read sequencing, validated phasing, and scalable genealogy inference can be
combined to obtain robust ancestry reconstructions in large, non-model datasets. Empirically,
it shows that a recent key innovation in Littorina and replicated floral colour barriers in
Antirrhinum both leave tractable, genealogical footprints that reveal haplotype reuse, recent
sweeps, and sustained barriers to gene flow, even when genome-wide histories are
discordant.

The empirical journey of this thesis yields several pragmatic lessons for speciation
genomics. Linked-read haplotagging, paired with careful imputation and hybrid phasing,
delivers sufficient haplotype continuity for robust genealogy inference in large, non-model
datasets—especially when downstream analyses can filter sites by imputation confidence and
leverage high-coverage scaffolds. Methods can be chosen pragmatically: fast tree sequence
inference (Relate, tsinfer) suffice to recover stable topology-weighting landscapes and broad
time-to-most-recent-common-ancestor (TMRCA) patterns, while more intensive Bayesian
ARGs (Singer) can refine local structure and uncertainty in targeted regions, like ROS/EL.
GWAS in hybrid zones must explicitty model phenotypic covariance, relatedness, and
conditioning on major loci; otherwise, long-range linkage disequilibrium and structure risk
spurious discoveries that do not replicate genealogically. Finally, comparison of coalescence
rates provides a tractable path to resolve sweep-versus-barrier questions and possibly retrace
the evolutionary timescale of these processes.

The work also helps to clarify limits and open problems outlined at the outset.
Genealogies are estimated with uncertainty, especially in low-coverage or high-LD regions;
thus, convergence across methods and cross-validation with orthogonal signals (e.g., gene
expression, clines) are essential for robust inference. Background selection and mutation-rate
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heterogeneity can still mimic or mask barrier signatures, emphasizing the value of replicate
contrasts and allele-stratified analyses. Finally, while the haplotype-block definition provides
a unifying target for method development, new tools are needed to infer, visualize, and
statistically test “edges” and their disjunct spans at scale, ideally with uncertainty
quantification that propagates through to ecological and evolutionary parameters. ARGs and
tree sequences are very rich structures that are complex and challenging to interpret.
However, paired with new linked-read sequencing methods, we think there is tremendous
scope for creativity around how we can best visualise local genealogical relationships, account
for uncertainty, and identify signatures that are associated with the speciation process.
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Appendix A

Appendix A

Supplementary Information for
On the origin and structure of

haplotype blocks

Here, Appendix S2 associated with the original publication (Shipilina et al. 2023) of Chapter
2: “On the origin and structure of haplotype blocks” is detailed below. Appendix S1
associated with the original publication is available online at:
https://doi.org/10.1111/mec.16793.

A.1 | Running ARGweaver

A.1.1 | Sample information

ARGweaver is applied on a phased SNP dataset of Heliconius erato butterflies,
sequenced by haplotagging, a technique that produces linked-read sequence data. We used
two previously published genomic regions—Herato1801:1362067-1405605 (coincides with
the previously identified gene optix that has undergone a selective sweep) and
Herato1603:3450000-3493538 (a neutral background region) (Meier et al. 2021). 10
individuals of H. e. lativitta and H. e. notabilis were chosen from opposite ends of the hybrid
zone transect for ARG inference.

A.1.2 | Pre-processing files for ARGweaver

To pre-process the input files for ARGweaver, we first subset the 20 diploid individuals
from full VCF files (see Supplementary Information in Meier et al, 2021), and then convert the
SNP information into the sites format required by ARGweaver. The sites format only contains
information on the positions that are varying within the 20 individuals that we chose. In the
optix region (43538 bp long), there are 2812 sites altogether, of which 2426 are variant
positions, while 330 and 56 sites are fixed for one or the other allele. Genomic positions that
are neither variant nor fixed to one or the other allele (in other words, positions absent in the
VCF file) are considered missing information and therefore masked from being used as input
data for ARGweaver. Altogether, ARGweaver uses information of variant alleles and invariant
alleles; whereas the rest is masked and treated as missing information. Similarly, the neutral
region, Herato1603:3450000-3493538 (43538 bp) has 6407 sites altogether, of which 4926 is
variant positions, while 1405 and 76 sites are fixed for either allele.
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A.1.3 [ Input parameters

In order to run ARGweaver, we consider mutation rate, u = 2.9x10™° per bp per
generation, and its ratio to recombination rate, u/r = 1. We estimate Ne by calculating
Tajima’s 1t (= 4Ner) from the neutral region. 1=0.0225049, N.=1940078. The total map length
of both optix and neutral region is 0.01262602 cM.

ARGweaver allows coalescence and recombination events to take place only at

exp (log(1+8tmax)/K) - for Ktimepoints
6 ’

andi € {0,1, ..., K}. Very small values of § (< 1/t,,4x) Will roughly yield a linear distribution

discretized time points, defined by the function, t(i) =

of times, whereas larger values of § will place more time points in recent past and less in deep
past. For this analysis, we set K = 30, the maximum time for total coalescence (t,,4), and the
shape parameter § = 0.01 (Fig S1).
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Figure S1. Discrete time points for ARGweaver analysis—30 discrete time steps, Ne = 1940078, Left y-axis
shows the time points in Ne, while right y-axis in number of generations. Red line denotes 1 Ne.

A.1.4 | Run ARGweaver

ARGweaver is run for 5000 iterations and then resumed for another 5000 iterations
for the optix region, whereas only 5000 iterations for the neutral region, with the following
command arg-sample —N 1940078 —m 2.9e-9 —r 2.9e-9 --ntimes 30 --iters 10000 --delta 0.01.

A.2 | Analysis of ARGweaver output

A.2.1 | MCMC summary

After visualising MCMC traces of likelihood, priorand joint probabilities, we decided to set the
first 3000 iterations as burnin. Figure S1 shows the optix region.
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A.2.2 | ARGweaver output

The ARGweaver output, .smc files are then converted to .bed format to extract
TMRCAs, trees, recombination breakpoints and total tree branch lengths across all iterations
(except burn-in). Two iterations (Iteration 8250 and 9200) are chosen for further analysis and
identification of haplotype blocks.
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Figure S2. Traces across all MCMC iterations of prior (log probability of the sampled ARG given the model),
likelihood (log probability of the data given the sampled ARG), joint (total log probability of the ARG and
the data; prior + likelihood), recombs (number of recombination events in the sampled ARG), arglen (total
length of all branches summed across sites) and noncompats (number of variant sites that cannot be
explained by infinite sites mutation model).

A.2.3 [ TMRCA

We first examine the TMRCA of the total tree and the individual populations -
H.e.lativitta (in red) and H.e.notabilis (in yellow) (Fig S3). Unlike the neutral region (scaffold:
Herato1603) where all TMRCA estimates are fairly constrained between 1 and 10 Ne, TMRCA
traces for individual populations in the optix region exhibit shallow coalescence times at
multiple positions throughout the entire ~50kb region. In case of a selective sweeps, where a
beneficial mutation sweeps through the population, TMRCA tends to be shallow since all
samples in the swept population coalesces quickly to the initial “lucky” ancestor. Moving away
from the focal mutations, lineages recombine away from the swept ancestral background.
The TMRCA estimates from the optix region is consistent with the previously identified
selected region in optix. To investigate further the haplotype block structures, we focus into
a 3kb region at optix:1385966-1388966.
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optix: 1362067-1405605 (43.5kb)
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Figure S3. TMRCA (N.) for each position in the optix and the neutral genomic region (scaffold: Herato1603).
Black line: total TMRCA, Red: Median TMRCA for H.e.lativitta, Yellow: TMRCA for H.e.notabilis.

Corresponding shaded regions are the 0.05 and 0.95 percentile intervals.
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Figure S4. TMRCA for each position in focal genomic region (optix:1385966-1388966). Same colour
schemes as above. Top panel: TMRCA plot, Bottom panel: SNPs in both populations; RED and YELLOW
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while running ARGWeaver, therefore they are treated as missing information and not as invariant sites.
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In the focal region, there are 137 SNPs. SNPs are changed from its nucleotide
assignment to 0/1; based on allele frequency within the H.e.lativitta samples. (Major allele—
1, Minor allele —0). Masking sites can have a critical effect on sampling ARGs, since invariant
sites can shift priors towards a recent coalescence (because there has not been enough time
yet for a mutation to occur in any of the branches), whereas missing information does not
shift priors and therefore, ARGs are sampled neutrally in those regions. In the above region
of 3kb, there are 137 SNPs and 16 invariant positions. Out of the 137 SNPs, only 59 SNPs are
segregating within the H.e.lativitta population in focus (Fig S4) Hereafter, alleles with lower
frequency within the H.e.lativitta population is referred to as the minor allele, and individuals
who share the minor allele is the minor clade. Conversely, individuals that carry that major
allele is called major clade. Minor allele is coded as 0 and major as 1.

A.3 | Specific MCMC iteration
A.3.1 [ Case 1: Iteration 8250

We extracted ARGs sampled by ARGweaver in its MCMC iteration: 8250, and
estimated the TMRCA (total and within population), total branch length of each marginal tree
and the recombination breakpoints. Altogether in the ~50kb region, there are 6571 trees
(6570 recombination events), of which only 464 trees are present in the focal 3kb region,
optix:1385966-1388966.

We investigate the distribution of branch length of trees with respect to their genomic
spans (Fig S5). Average tree span in the whole region is ~7 bp. From theory assuming standard

—gL(‘L')d

coalescence, P.(d|t) = EL(T) e where L(t) is in coalescent unit of 2 N. generations

and §=2Ner denotes the population scaled recombination rate per bp. Given the

parameters and mean L(7) = 2, mean d = 1/(§L(T)), should be ~45bp. In this region,

ARGweaver seems to change the tree topology more often than expected. We have not
explored closely the cause of this (since it is beyond the main message of this analysis),
however, we note that although the ARGs are consistent with the data, we need to take
caution in biological inference from these sampled ARGs.

For our analysis, we strictly focus on identifying edges supported by SNPs. In practice,
this is done in few steps. First, for each sampled tree along the genome (= 464 trees), we
extract the following information—ancestral and descendant node of each edge, edge height
(=length), time-point of the descendant node, i.e., when the edge originated (=depth, due to
rounding errors in Newick format, we round the depth values to 3 significant digits) and the
samples (=tips.from.dec) that each edge is ancestral to. Although we are identifying haplotype
blocks in the H.e.lativitta (red) population, we use genealogical trees that include both
populations. This is done in order to estimate the edge height of the most recent common
ancestor to all individuals in the red population. Ideally for making biological inferences from
only one population, this need not be done. However in our analysis, in order to illustrate the
haplotype block patterns generated in a selected genomic region, we decided to incorporate
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both populations to generate trees along the genome. Nevertheless, it is important to note
that the identified haplotype blocks will stay the same irrespective of which and how many
populations are included in the analysis; however, the edge height will change along the
genome.
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Figure S5. Left: Histogram of tree spans; Center: Branch length vs tree span for all 6571 marginal trees
along the genome; Right: Branch length vs tree spans for 464 trees in the focal genomic region. RED points
are average tree lengths for each tree span.

Second, for every tree at each SNP position (= 137 SNPs), we identify most recent tree
node that is commonly ancestral to all individuals that share the same allele. (Note: this
assumes infinite sites mutation model, which is generally the default option in ARGweaver).
This allows identification of 1 node for the major and 1 for the minor allele at each SNP
position, hereafter called major and minor node for each tree.

Third, for each minor node (and major node if the SNP is fixed within the H.e.lativitta
population) identified from trees at each of the 137 SNPs, we identify all trees along the
genome which contains that unique ancestral node. Since we do not know the ancestral
reference allele at each SNP position and we assume infinite sites mutation, any minor node
that is ancestral exclusively to the minor clade is assumed to contain the causal alternate
allele and is considered as a branch on which a mutation has occurred.

For visualization, we choose to only plot the edges that are supported by 3 or more
SNPs. Moreover, for SNPs that are fixed in the red population, we only show edges that
originate at any time-point below 5Ne. This leaves us with only 8 edges. Now, plotting all the
haplotype blocks except singletons (left panel in Fig S7), same as the figure in main text (see
Main Text for caption).

A.3.2 | Case 2: Iteration 9200

There are altogether 6457 trees in the ~50kb region, and 425 in the focal genomic
region. Figure S7 shows the haplotype blocks and the SNPs that support each block from both
iterations.
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Figure S6: Haplotype block that is supported by singletons. These edges originate directly from the tree
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singletons are often uninformative, this shows the feature of an edge supported by singletons, which
extends all along the genome, is normally shallow with certain regions that go are high, where a lot of
singleton clusters together. These are normally regions of the genome, which have recombined out and
goes all the way back to an ancestor in the deep past. The orange block shows clustering of SNPs in the
higher region of the edges, whereas, the green edge shows how SNPs can also occur by chance at other
regions.
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Figure S7:, Main Text for caption; Left panel - Iteration 8250, Right panel - Iteration 9200

Visualisation of haplotype blocks based on application of ARGweaver to the optix region of Helconius erato
butterflies (2n = 20). Left panel— MCMC Iteration 8250 (corresponds to Fig 5 in Main Text, Chapter 2),
Right panel—MCMC Iteration 9200. Top row: Genomic location of SNPs for all 20 H.e.lativitta haploid
samples. Out of a total of 137 SNPs, only those that explain the 6 substantial edges are coloured
accordingly. Edges are defined as substantial if 3 or more SNPs occur on them. Middle row: Visualisation
of haplotype blocks as edges similar to Fig 3 (Main Text, Chapter 2) - plotting blocks along the genomic (x-
axis) and temporal span (y-axis). Bottom row: Median TMRCA estimates along the genome: black: total
TMRCA, red: TMRCA within H.e.lativitta samples, yellow: TMRCA within H.e.notabilis samples.
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Appendix B

Supplementary Information for
The genetic basis of a recent

transition to live bearing in marine
snails

B.1 | Detailed results from the ternary analysis of simulated
topology weights

In this section, we interpret the results of ternary analysis of simulated topology weights,
focusing on the effects that different parameters have on the extent of lineage sorting (ILS)
and asymmetry of the distribution. Each scenario is first discussed separately, and some
general conclusions are drawn at the end.

Scenario a: Uniform N and even time between splits: This scenario gives a clear picture
of how variation in the time between population splits shapes the distribution of topology
weights (fig. S10; table S4). With a very small number of generations between splits, most loci
are distributed very near to the center of the ternary plot, indicating that we see roughly
equal proportions of the three possible topologies from a large sample of subtrees. This is
expected, because when the durations between splits are much less than the average time to
coalescence (i.e., << 2N. generations; here 2N. = 1000 generations), most gene copies will
coalesce in the common ancestor to all of the populations, rather than in the lineage that is
ancestral to each spilt (Maddison 1997). In other words, ILS (aka ‘deep coalescence’; Hudson,
1990) is extensive and dominates the relationships among the individuals. As the time
between splits increases, we begin to see a bias toward the top of the ternary distribution,
indicating a tendency of gene trees to show a greater resemblance to the species tree rather
than the two alternative trees. However, we only see a strong shift toward the top of the plot
as the time between splits approaches 2N, generations. Only long after the average time to
coalescence (i.e., >> 2N, generations) do we see perfect concordance between all gene trees
and the species tree. This is also expected because the full distribution of coalescence times
is expected to be very broad (e.g. the standard deviation of times is also 2N, generations).
Estimates of D;g for these simulations are all low, and consistent with values expected by
chance (p > 0.05). Thus, there is no effect of time between splits on the symmetry of the
distribution (table S4).
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Scenario b: Varying but even time between T2 and T3, with T1 set to 5k generations:
This scenario shows how the effects of the split time play out over longer evolutionary time
frames (fig. S11; table S4). The key result here is that the effects of ILS cannot be resolved
even if a long period of evolution occurs after the splits. Rather, additional time only
reinforces the patterns of discordance, resulting in trees that perfectly fit one of the three
alternative topologies. However, the fraction of each topology observed is a function of time
between splits (see the pie charts in fig. S11). For example, when the times between splits are
short, (i.e., when ILS is extensive) all three trees are observed at similar frequencies. However,
as the times between splits increase, the fraction of the two alternative trees decreases, such
that an increasing fraction of the loci show the background topology. Estimates of D,z are not
significantly different from 0 in any simulation, showing that a period of subsequent evolution
has no effect on the symmetry of the distribution (table S4).

Scenario c: Uneven times between splits: This scenario shows how uneven time
between splits shapes the distribution of weights. We can see, in both the ‘short’ and ‘long’
duration scenarios, that uneven time between splits has a small but pronounced effect on the
concordance between gene-trees and the background demography (fig. S12; table S4).
Specifically, lineage sorting is more complete when T, and T3z occur deeper back in time. Thus,
ILS has a more pronounced impact when a split occurs closer to the present. Estimates of Dz
show that the evenness of time between splits has no effect on the symmetry of the
distribution (table S4).

Scenario d: Uniform variation in N.: We know from theory that decreasing N. has the
same effect on lineage sorting as increasing the time between splits (Martin et al. 2015). In
other, words the probability of lineage sorting increases with decreasing Ne. This is very clear
from this scenario, where simulations were conducted with the same split times, but different
values of N, (fig. S13; table S4). At large values of N, the distribution of weights is centered in
the middle of the ternary plot, but as the N. is decreased, the distribution shifts toward the
apex of the triangle. As with variation in the time between splits, uniform variation in N. does
not impact the symmetry of the distribution of weights (D;z not significantly different from 0;
table S4).

Scenario e: Varying Nein one population: In this scenario, we alter the Ne only in P3,
making it either smaller or larger than the background N., which was fixed for all other
lineages (Ne. = 500) (fig. S14; table S4). This has the effect of increasing or decreasing the
probability that gene copies in that population will coalesce before the common ancestor to
the ancestral population P123. When the N, for P3 is larger than the background (i.e., Ne =
5000), we see a stronger effect of ILS. However, when the N, is smaller than the background,
we see little change in the extent of lineage sorting. Rather we tend to see an increase in
variance of the topology weights resulting in more extreme values. This makes intuitive sense,
because if all gene copies in P3 coalesce before T; then all individuals will form a
monophyletic group, rather than being randomly scattered across a tree. This will ultimately
cause a given gene tree to look more like one of the alternative subtrees, but the overall level
of discordance is controlled by the rate of ILS experienced by the other groups. Changing the
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Ne of one population has no effect on the symmetry of the distribution (D.z not significantly
different from 0; table S4).

Scenarios f & g: Uni- and bi-directional migration between P2 and P3: In these
scenarios, we simulated geneflow between P2 and P3 to see how it influences the distribution
of weights. In the standard four population model, we generally expect gene copies in P1 and
P2 to coalescence first. However, gene flow between non-sister taxa leads to the sharing of
haplotypes between them, leading to shallower coalescence between P2 and P3. This effect
is very clear in the simulations, as gene flow between P2 and P3 shifts the distribution of
weights from the species tree toward the relevant alternative topology where these taxa
cluster together (figs. S15 & S16; table S4). This effect is strongest in simulations where
lineage sorting is more complete before the onset of gene flow, because, without a dominant
topology to begin with, there is no bias in the distribution that gene flow can shift. This is most
obvious when the time between splits are very short, and gene flow between P2 and P3 only
leads to the exchange of variation that is already shared among all four groups. As expected,
the estimates of D;r are substantial and highly significant for most simulations, reflecting the
strong asymmetry between the left and right sides of the plots (table S4). In general, the effect
of gene flow becomes clearer as the migration rate increases, but only up to a point that is
determined by the extent of lineage sorting before the onset of migration. Similarly, gene
flow in both directions (i.e., P3 to P2 and P2 to P3) results in more pronounced symmetry at
lower migration rates, as there is twice as much migration between the groups.

Scenario h: Unidirectional migration for 10% of the genome: In this scenario, we
combine two simulations—one with gene flow and one without—in order to simulate
heterogenous gene flow across the genome, as is expected when species boundaries are
porous (fig. S17; table S4). The effects of gene flow on the 10% of loci (red points) is clear in
all but one of the simulations, where the time between splits is smallest and where the rate
of migration is lowest. Even in the context of the symmetrical background distribution
consisting of 90% of loci, the asymmetry in the simulations is detectable with the D,z statistic
which was highly significant (table S4). This highlights the potential utility of the ternary
framework when it comes to detecting gene flow and introgression in genome-wide datasets.

Although neutral gene flow can generate strong asymmetry in some of these
simulations, the pattern of asymmetry observed in our empirical data is not recovered in
neutral simulations. First, windows that are a perfect fit for the alternative topology never
became more abundant than those that perfectly fit the background tree (Table S8). In these
simulations, we always observed a ratio of Tr:Tb much less than 1, with a maximum of 0.37
at an extreme migration rate of 50% between P3 and P2. In our observed data, we found a
positive ratio, of 1.41, indicating that windows with Tr = 1 are more abundant than those with
Tb = 1. Observing this result in a neutral model would require substantial gene flow (> 10%)
for more than half of the genome. However, models with migration also fail to produce the
otherwise flat-tailed distribution of topology weights for the alternative topology, as seen in
Fig. 2E (for Tr and Tc). Rather, the distributions for the alternative tree Tr with migration
always had a similar shape to that observed for the background tree (Fig 2E, as for Tb). Thus,
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we conclude that realistic levels of neutral gene flow for a small fraction of the genome cannot
produce the patterns of asymmetry that we observe in our empirical data (i.e., a strong excess
of the alternative tree compared with the background tree, but with an otherwise flat-tailed
distribution of weights). We think that selection on a small fraction of shared genome is
needed to create this pattern.

Scenario i: Ancestral structure: This scenario, which follows that used Martin et al.
(2015), is designed to model a region of the genome undergoing balancing selection or some
other process that maintains polymorphism at particular loci in the ancestral lineage P123
(Fig. S18). In this scenario, 10% of loci evolve under a different history, which results in a bias
toward the corresponding alternative topology. This is reflected in the non-zero estimates of
Dir in all of the simulations.

General conclusions: Based on the results of these simulations, we can make some
general conclusions regarding how different factors shape the ternary distribution of topology
weights. First, more time between splits and smaller effective population sizes (N.) increase
the probability of lineage sorting. This shifts the distribution of weights toward the top corner
of the ternary plot, which corresponds to the topology that matches the background
demography. No combination of split times or effective sizes causes an asymmetrical
distribution of topology weights between the left and right sides of the ternary plot. These
findings are intuitive, and predicted by coalescent theory. For example, in the absence of gene
flow, the probability of observing each of the two discordant genealogies is equivalent and
approximately (1/3)e™, where t is the length of the internal branch (Kemppainen et al. 2015).

Gene flow and ancestral structure can both produce distributions of weights that are
asymmetrical. The ability to detect gene flow with a genome-wide estimate of D,z will depend
on the number of loci experiencing gene flow, the rate of migration (including whether it is
uni- or bi-directional), and the extent of lineage sorting before gene flow commences. Finally,
the pattern of asymmetry that we observed toward Tr is not consistent with what we found
in neutral simulations.
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B.2 | Supplementary Figures
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Figure S7. Alternative subtrees sampled from a large genealogy. (A) A hypothetical genealogy for a single
non-recombining locus sampled from four species (1,2,3,4). The species do not form monophyletic clades,
meaning that relationships between the species vary depending on the samples being considered. (B - D)
Three example taxon subtrees sampled from the full tree showing the three possible unrooted topologies
that can be observed in a tree with four taxa.
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Figure S8. Distribution of physical sizes (kbp) of the 100 SNP windows used for local tree construction

and topology weighting. The mean size is 5.8 kb £ s.d. 5.3 kb. The red dashed line in the top plot shows
the margin of the main plot.
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Figure S9. Cartoons of the models used in the simulations. Letters correspond with the scenarios described

in the main text. Scenario a and d look the same
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Figure S10. Joint distribution of topology weights for simulations with different but even time between
splits. Each point is one of 10000 simulated loci. The time of the three splits (T1, T2, T3) used for each
simulation is given above each plot. All lineages have an N, of 500, with no migration between them.
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Figure S11. Joint distribution of topology weights for simulations with different but even time between
splits, followed by 5000 generations after the final split. The time of the three splits (T, T2, T3) used for
each simulation is given above each plot. All lineages have an N, of 500, with no migration between them.
The pie charts under each triangle show the fraction of trees with a topology that perfectly match one of
the three subtrees Ta (apex of the triangle), Tb (left corner of the triangle), or Tc (right corner) for that

simulation.
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Figure S12. Distribution of topology weights for simulations with uneven time between splits. Each point
is one of 10000 simulated loci. The columns show simulations with the same T; and Ts splits, but with the
T, varying between them. The split times used for all lineages are given above each plot. All simulations
have an N, of 500, with no migration between lineages.
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Figure S13. Joint distribution of topology weights for simulations with different effective populations
sizes. Each point is one of 10000 simulated loci. The N. used for all lineages is given above each plot. All
simulations have the split times T1 = 90, T, = 180, T3 = 270, with no migration between lineages.
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Figure S14. Joint distribution of topology weights for simulations where population P3 has a different
effective population size than O, P1, P2. Each row shows four simulations with the same split times (T).
The Ne used for lineage P3 is given above each plot. The N, for all other populations is 500. The split times
used for all lineages are given above each plot. No migration was allowed between lineages. Each point is
one of 10000 simulated loci.
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Figure S15. Joint distribution of topology weights for simulations with different rates of unidirectional
migration. Each row shows four simulations with the same split times (T), but with different rates of
migration from P2 to P3, as indicated above each plot (m = 0, 0.001, 0.010 or 0.100). All lineages have an
N, of 500. Each point is one of 10000 simulated loci.
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Figure S16. Joint distribution of topology weights for simulations with different rates of bidirectional
migration. Each row shows four simulations with the same split times (T), but with different rates of
migration from P2 to P3 and P3 to P2, as indicated above each plot (m = 0, 0.001, 0.010 or 0.100). All
lineages have an N, of 500. Each point is one of 10000 simulated loci.
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Figure S17. Joint distribution of topology weights for simulations with gene flow for 10% of the genome.
Each column shows six simulations with the same split times (T), but with m = 0 for 90% of the genome
(9000 blue dots) and m =0, 0.001, 0.005, 0.010, 0.050, 0.100, or 0.500 for the 10% of the genome (1000

red dots). All lineages have an N, of 500.
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Figure S18. Joint distribution of topology weights for simulations with ancestral structure. Each column
shows four simulations with the same split times for 90 % of genomic windows (gray dots). 10 percent of
the genome evolves under an alternative demography (O,(P1(P2,P3))), with a higher split time for T2 to
mimic a scenario with ancestral structure (red dots). The Ta values used are shown above each plot.
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Figure S19. Example of symmetry analysis of simulated topology weights. The D,z statistic calculated for
two different simulated distributions, each consisting of 10,000 non-recombining loci. The counts of the
left- and right-sided windows, estimate of D, and significance of difference from 0 are given below each
plot. Left-sided windows are coloured red and right-sided windows are blue. The left plot shows a
distribution of topology weights calculated under an ideal four-population model with uniform effective
sizes and uniform time between splits (Scenario a; fig. S9). A genome-wide test for asymmetry is conducted
by calculating D,z between the full left and right half triangles. The negative estimate of Dz (-0.0029)
indicates that there is a small bias toward Tc, with 0.29% fewer windows in the left side of the plot than
expected (i.e., There is an equal probability of a point falling on the left or right side). However, the
observed bias is not significantly different from the expectation of equality (G-test, p = 0.770). The two
plots on the right side show a different distribution of weights, with 90% of the genome simulated under a
model without migration but where migration occurs at a rate of 0.1 between P3 and P2 for 10 % of loci
(Scenario h; fig. S9). In the middle plot, the genome-wide estimate of D,z (-0.0871) indicates an 8.7% excess
of windows on the right side of the plot, which is much greater than expected by chance (G-test, p =5.12e-
15). In the right plot, D;z is estimated between the extreme left- and right-sided sub triangles. In this case,
there is very strong and significant asymmetry, with 54% more windows on the right than we would expect
by chance (Dig =-0.546, p = 5.12e-15).
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Figure S20. Analysis of symmetry for different partitions of the genome. Results for the full dataset,
colinear regions, and chromosomal inversions are show. D;ris provided in the left-hand sub-triangle. The
intensity of shading in each side is proportional to the excess (blue) or deficit (red) of windows relative to
the expectation. The numbers of windows falling on each side are shown under the plot.
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Figure S24. Identities of the sub-triangles analysed in the fine scale symmetry analysis. The numbers
correspond to the sub-triangle IDs given in table S6 and main text Fig. 2D. The central sub-triangles of the
ternary plot (here, seen as small white right-angled triangles on the left side of the plot) cannot be divided
into triangles at the same scale so were not considered in the analysis.

B.3 | Supplementary Tables

Table S3. Parameters of the four-population coalescent model implemented in MSprime. N, number of
haploid sequences, m number of haploid sequences per generation moving from one population to

another. T, time in generations.

Parameter Description

NP1 The effective size of population 1

NP2 The effective size of population 2

NP3 The effective size of population 3

N.O The effective size of population O

NeP12 The effective size of the ancestor of P1,P2
NeP123 The effective size of the ancestor of P1,P2,P3
N.Anc The effective size of the ancestor of P1,P2,P3,0
T: The time of the split time of P1 and P2

T, The split time of P3 and P12

T3 The split time of O and P123

ma3 The migration rate from P2 to P3

ms; The migration rate from P3 to P2
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Table S4. Parameter values for simulating genealogies in MSprime and estimates of D,z calculated
from the resulting topology weights. Each line corresponds to one simulation. Each shaded section
corresponds to one of the simulation scenarios described in the text (a - i). SimID: The ID of the
simulation, which corresponds with the IDs used in the plotting code and output files on GitHub; Wins:
the number of windows simulated for each simulation. n, number of individuals simulated for each
population; N, number of haploid sequences simulated in each of the lineages specified (illustrated in
Fig. S9); Splits: the time of each split in generations (lllustrated in fig. S9); Migration: the rates of
migration from P3 to P2 and P2 to P3 (lllustrated in fig. S12); D, value of Dz calculated for each
simulation, with negative values indicating a deficit of windows on the left side. If ‘NA’, D,z could not
be calculated because there were no left or right sided topologies (i.e., lineage sorting was complete).
For scenarios h and i, the values outside parentheses are for the ‘alternate’ model (10% of simulated
loci), while values inside are for the ‘background’” model (90% of simulated loci); p-value, the p-value
for a G-test of the departure of D;z using 0.5 as the expected proportion of left and right sided
windows. The p-value is reported as ‘NA’ for simulations where D;z could not be calculated. The table
continues on the next page.

Ne splits (Gens.) Migration
SimiD  wins n P1 P2 P3 O P12 P123 ANC T1 T2 T3 3>2 2>3 DR p-value
NO 10000 20 500 500 500 500 500 500 500 1 2 3 0 0 0.003 0.734
. N1 10000 20 500 500 500 500 500 500 500 10 20 30 0 0 -0.004 0.674
’i N2 10000 20 500 500 500 500 500 500 500 30 60 90 0 0 -0.026 0.008
2 N2.5 10000 20 500 500 500 500 500 500 500 45 90 135 0 0 -0.004 0.689
(§_ N3 10000 20 500 500 500 500 500 500 500 90 180 270 0 0 -0.003 0.770
g N3.5 10000 20 500 500 500 500 500 500 500 135 270 405 0 0 -0.002 0.838
Q N4 10000 20 500 500 500 500 500 500 500 270 540 810 0 0 0.002 0.890
cS» N4.5 10000 20 500 500 500 500 500 500 500 405 810 1215 0 0 -0.008 0.560
§ N5 10000 20 500 500 500 500 500 500 500 810 1620 2430 0 0 -0.017 0.467
= N6 10000 20 500 500 500 500 500 500 500 2430 4860 7290 0 0 0.043 0.768
N7 10000 20 500 500 500 500 500 500 500 3645 7290 10935 0 0 -0.143 0.705
N8 10000 20 500 500 500 500 500 500 500 7290 14580 21870 0 0 NA NA
YO 10000 20 500 500 500 500 500 500 500 5000 5050 5100 0 0 0.002 0.897
= Y1 10000 20 500 500 500 500 500 500 500 5000 5100 5200 0 0 -0.029 0.034
;.'_) Y2 10000 20 500 500 500 500 500 500 500 5000 5250 5500 0 0 -0.005 0.775
:2 Y3 10000 20 500 500 500 500 500 500 500 5000 5500 6000 0 0 0.024 0.230
§ Y4 10000 20 500 500 500 500 500 500 500 5000 6000 7000 0 0 -0.019 0.569
E!) Y5 10000 20 500 500 500 500 500 500 500 5000 7000 9000 0 0 0.058 0.524
3 Y6 10000 20 500 500 500 500 500 500 500 5000 9000 13000 0 0 NA NA
Y7 10000 20 500 500 500 500 500 500 500 5000 12000 21000 0 0 NA NA
uo 10000 20 500 500 500 500 500 500 500 90 260 270 0 0 -0.002 0.878
u1 10000 20 500 500 500 500 500 500 500 90 230 270 0 0 -0.004 0.670
@ u2 10000 20 500 500 500 500 500 500 500 90 180 270 0 0 -0.002 0.879
§. us 10000 20 500 500 500 500 500 500 500 90 130 270 0 0 -0.010 0.326
qt) U4 10000 20 500 500 500 500 500 500 500 90 100 270 0 0 -0.003 0.756
q>) uUs 10000 20 500 500 500 500 500 500 500 405 540 1215 0 0 -0.002 0.869
S V(3 10000 20 500 500 500 500 500 500 500 405 675 1215 0 0 -0.002 0.837
< u7 10000 20 500 500 500 500 500 500 500 405 810 1215 0 0 0.018 0.188
us 10000 20 500 500 500 500 500 500 500 405 945 1215 0 0 0.034 0.027
U9 10000 20 500 500 500 500 500 500 500 405 1080 1215 0 0 -0.005 0.794
S0 10000 20 5 5 5 5 5 5 5 90 180 270 0 0 NA NA
S1 10000 20 25 25 25 25 25 25 25 90 180 270 0 0 NA NA
% S2 10000 20 50 50 50 50 50 50 50 90 180 270 0 0 -0.008 0.757
£ Ss3 10000 20 100 100 100 100 100 100 100 90 180 270 0 0 -0.001 0.932
_§ S4 10000 20 250 250 250 250 250 250 250 90 180 270 0 0 -0.004 0.720
.§ N3 10000 20 500 500 500 500 500 500 500 90 180 270 0 0 -0.003 0.770
(>“ S5 10000 20 750 750 750 750 750 750 750 90 180 270 0 0 0.014 0.176
T s6 10000 20 1250 1250 1250 1250 1250 1250 1250 90 180 270 0 0 -0.001 0.936
S7 10000 20 2500 2500 2500 2500 2500 2500 2500 90 180 270 0 0 -0.009 0.352
S8 10000 20 5000 5000 5000 5000 5000 5000 5000 90 180 270 0 0 0.001 0.912
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Ne splits (Gens.) Migration
SimID  wins n P1 P2 P3 O P12 P123 ANC T1 T2 T3 3>2 2>3 DR p-value
N1 10000 20 500 500 500 500 500 500 500 10 20 30 0 0 -0.004 0.674
X1 10000 20 500 500 250 500 500 500 500 10 20 30 0 0 0.002 0.857
X2 10000 20 500 500 50 500 500 500 500 10 20 30 0 0 -0.017 0.087
5 X3 10000 20 500 500 5 500 500 500 500 10 20 30 0 0 -0.004 0.682
I; X4 10000 20 500 500 5000 500 500 500 500 920 180 270 0 0 -0.010 0.320
8‘ N3 10000 20 500 500 500 500 500 500 500 920 180 270 0 0 -0.003 0.770
§ X5 10000 20 500 500 250 500 500 500 500 920 180 270 0 0 -0.014 0.179
S X6 10000 20 500 500 5 500 500 500 500 920 180 270 0 0 0.004 0.661
QE) X7 10000 20 500 500 5000 500 500 500 500 405 810 1215 0 0 -0.012 0.334
i N4.5 10000 20 500 500 500 500 500 500 500 405 810 1215 0 0 -0.008 0.560
§‘ X8 10000 20 500 500 250 500 500 500 500 405 810 1215 0 0 0.005 0.719
‘>" X9 10000 20 500 500 5 500 500 500 500 405 810 1215 0 0 -0.007 0.608
o X10 10000 20 500 500 5000 500 500 500 500 7290 14580 21870 0 0 NA NA
X11 10000 20 500 500 3000 500 500 500 500 7290 14580 21870 0 0 NA NA
X12 10000 20 500 500 1500 500 500 500 500 7290 14580 21870 0 0 NA NA
N8 10000 20 500 500 500 500 500 500 500 7290 14580 21870 0 0 NA NA
N1 10000 20 500 500 500 500 500 500 500 10 20 30 0 0 0.003 0.734
G1 10000 20 500 500 500 500 500 500 500 10 20 30 0.001 0 0.001 0.904
G2 10000 20 500 500 500 500 500 500 500 10 20 30 0.01 0 -0.020 0.050
G3 10000 20 500 500 500 500 500 500 500 10 20 30 0.1 0 -0.174 2.20E-16
é N3 10000 20 500 500 500 500 500 500 500 920 180 270 0 0 -0.003 0.770
g G4 10000 20 500 500 500 500 500 500 500 920 180 270 0.001 0 -0.094 2.20E-16
E G5 10000 20 500 500 500 500 500 500 500 920 180 270 0.01 0 -0.510 2.20E-16
TSB G6 10000 20 500 500 500 500 500 500 500 920 180 270 0.1 0 -0.777 2.20E-16
ﬁ N4.5 10000 20 500 500 500 500 500 500 500 405 810 1215 0 0 -0.008 0.560
% G7 10000 20 500 500 500 500 500 500 500 405 810 1215 0.001 0 -0.585 2.20E-16
g G8 10000 20 500 500 500 500 500 500 500 405 810 1215 0.01 0 -0.950 2.20E-16
= G9 10000 20 500 500 500 500 500 500 500 405 810 1215 0.1 0 -0.981 2.20E-16
N8 10000 20 500 500 500 500 500 500 500 7290 14580 21870 0 0 NA NA
G10 10000 20 500 500 500 500 500 500 500 7290 14580 21870 0.001 0 -1.000 2.20E-16
G11 10000 20 500 500 500 500 500 500 500 7290 14580 21870 0.01 0 -1.000 2.20E-16
G12 10000 20 500 500 500 500 500 500 500 7290 14580 21870 0.1 0 -1.000 2.20E-16
N1 10000 20 500 500 500 500 500 500 500 10 20 30 0 0 -0.004 0.674
B1 10000 20 500 500 500 500 500 500 500 10 20 30 0.001 0.001 -0.084 2.20E-16
B2 10000 20 500 500 500 500 500 500 500 10 20 30 0.01 0.01 -0.098 2.20E-16
< B3 10000 20 500 500 500 500 500 500 500 10 20 30 0.1 0.1 -0.095 2.20E-16
% N3 10000 20 500 500 500 500 500 500 500 920 180 270 0 0 -0.003 0.7703
> B4 10000 20 500 500 500 500 500 500 500 920 180 270 0.001 0.001 -0.349 2.20E-16
?EB B5 10000 20 500 500 500 500 500 500 500 920 180 270 0.01 0.01 -0.346 2.20E-16
5 B6 10000 20 500 500 500 500 500 500 500 920 180 270 0.1 0.1 -0.361 2.20E-16
g N4.5 10000 20 500 500 500 500 500 500 500 405 810 1215 0 0 -0.008 0.560
:‘§ B7 10000 20 500 500 500 500 500 500 500 405 810 1215 0.001 0.001 -0.735 2.20E-16
Q g 10000 20 500 500 500 500 500 500 500 405 810 1215 0.01 0.01 -0.724 2.20E-16
S B9 10000 20 500 500 500 500 500 500 500 405 810 1215 0.1 0.1 -0.717 2.20E-16
N8 10000 20 500 500 500 500 500 500 500 7290 14580 21870 0 0 NA NA
B10 10000 20 500 500 500 500 500 500 500 7290 14580 21870 0.001 0.001  -1.000 2.20E-16
B11 10000 20 500 500 500 500 500 500 500 7290 14580 21870 0.01 0.01 -1.000 2.20E-16
B12 10000 20 500 500 500 500 500 500 500 7290 14580 21870 0.1 0.1 -1.000 2.20E-16
g " 1000 (9000) 20 500 500 500 500 500 500 500 100 200 300 0.001 (0) 0 -0.013 0.200
g 12 1000 (9000) 20 500 500 500 500 500 500 500 100 200 300 0.005 (0) 0 -0.041 4.10E-05
8, 13 1000 (9000) 20 500 500 500 500 500 500 500 100 200 300 0.01 (0) 0 -0.057 1.17E-08
% 14 1000 (9000) 20 500 500 500 500 500 500 500 100 200 300 0.05 (0) 0 -0.082 2.20E-16
“5 15 1000 (9000) 20 500 500 500 500 500 500 500 100 200 300 0.1 (0) 0 -0.085 2.20E-16
§ 16 1000 (9000) 20 500 500 500 500 500 500 500 100 200 300 0.5 (0) 0 -0.087 2.20E-16
: 17 1000 (9000) 20 500 500 500 500 500 500 500 405 945 1215  0.001 (0) 0 -0.125 2.20E-16
L 18 1000 (9000) 20 500 500 500 500 500 500 500 405 945 1215  0.005 (0) 0 -0.188 2.20E-16
é 19 1000 (9000) 20 500 500 500 500 500 500 500 405 945 1215 0.01 (0) 0 -0.197 2.20E-16
g 110 1000 (9000) 20 500 500 500 500 500 500 500 405 945 1215 0.05 (0) 0 -0.201 2.20E-16
s 11 1000 (9000) 20 500 500 500 500 500 500 500 405 945 1215 0.1 (0) 0 -0.200 2.20E-16
< 112 1000 (9000) 20 500 500 500 500 500 500 500 405 945 1215 0.5 (0) 0 -0.201 2.20E-16
® A1l 1000 (9000) 20 500 500 500 500 500 500 500 100 220 (200) 300 0 0 0.055 4.69E-08
§ A2 1000 (9000) 20 500 500 500 500 500 500 500 100 240 (200) 300 0 0 0.061 1.56E-09
§ A3 1000 (9000) 20 500 500 500 500 500 500 500 100 260 (200) 300 0 0 0.064 2.02E-10
2 A4 1000 (9000) 20 500 500 500 500 500 500 500 100 280 (200) 300 0 0 0.071 1.70E-12
L;B A5 1000 (9000) 20 500 500 500 500 500 500 500 405 1005 (945) 1215 0 0 0.161 2.20E-16
8 AB 1000 (9000) 20 500 500 500 500 500 500 500 405 1065 (945) 1215 0 0 0.165 2.20E-16
5 A7 1000 (9000) 20 500 500 500 500 500 500 500 405 1125 (945) 1215 0 0 0.175 2.20E-16
= A8 1000 (9000) 20 500 500 500 500 500 500 500 405 1185 (945) 1215 0 0 0.176 2.20E-16
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Table S8. Ratio of windows that show perfect concordance with the species tree and the alternative tree
Tr in simulations with differing levels of migration. We conducted 12 simulations where migration only
occurs for a fraction of the genome. We defined four histories with an N, of 500 for all populations and
equal time between splits, but with the duration between splits varying between the two scenarios (T1 =
100, T2 = 200 T3 = 300; T1 = 405, T2 = 945, T3 = 1215). For each scenario, we modelled heterogenous
migration by combining two simulations together. 90% of genealogies were simulated under a
‘background’ demography without gene flow, and the remaining 10% were simulated under the same
model, but one of seven rates of migration from P3 to P2: m = 0, 0.001, 0.005, 0.010, 0.05, 0.01, or 0.05.
For each simulation we determined the number of windows where T =1 (n Tr = 1) and divided this by the
number of windows that perfectly fit the background topology (Tb). In our simulation, we always observed
a ratio of Tr:Tb much less than 1, with maximum of 0.37 at an extreme migration rate of 50% between P3
and P2. In our observed data, we observed a positive ratio of 1.41, indicating that windows with Tr = 1 are
more abundant than Tb = 1. Thus, our observed result cannot be explained by neutral geneflow.

Split times Mp3>p2 nTr=1 Tr:Tb

T100, 200, 300 0.000 0 0.00000000
T100, 200, 300 0.001 0 0.00000000
T100, 200, 300 0.005 0 0.00000000
T100, 200, 300 0.010 1 0.01538462
T100, 200, 300 0.050 9 0.13846154
T100, 200, 300 0.100 22 0.33846154
T100, 200, 300 0.500 24 0.36923077
T405, 945, 1215 0.000 0 0.00000000
T405, 945, 1215 0.001 54 0.01084337
T405, 945, 1215 0.005 359 0.07208835
T405, 945, 1215 0.010 580 0.11646586
T405, 945, 1215 0.050 715 0.14357430
T405, 945, 1215 0.100 695 0.13955823
T405, 945, 1215 0.500 713 0.14317269
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Table S9. The 50 contigs with 1 or more windows where Tr = 1. Contig, the ID of the assembly contig; n
wins where Tr =1, the number of windows where Tr = 1 on that contig. Start, start of the region where Tr
=1, End, end of the region where Tr = 1. Cumulative length, the sum of lengths of windows of the same
contig (bp).

Contig ID n wins where Tr=1 Start End Cumulative length
Contig115331 1 7993 9268 1275
Contig52509 1 28533 30226 1693
Contigl261 1 126474 128742 2268
Contig3970 1 114 2486 2372
Contig116989 1 10306 12707 2401
Contig110028 1 504 3054 2550
Contig217335 1 1777 4453 2676
Contig39155 1 6308 9114 2806
Contig89329 1 6746 9600 2854
Contig7286 1 3835 6853 3018
Contig12403 1 20722 24153 3431
Contig38747 1 33289 36757 3468
Contig9868 1 626 4887 4261
Contig51247 1 433 4747 4314
Contig3201 1 56577 61149 4572
Contig70615 1 50027 54603 4576
Contig43562 1 38079 42770 4691
Contig1808 1 11041 15738 4697
Contig2118 1 102328 107302 4974
Contig67554 1 442 6257 5815
Contigl181579 1 2208 8526 6318
Contigb66365 1 57216 63741 6525
Contigb3723 1 406 6958 6552
Contig86117 1 2927 9608 6681
Contig81547 1 7493 15204 7711
Contigl12341 1 104 8623 8519
Contig3802 1 3800 13562 9762
Contigl73651 1 983 12024 11041
Contig52055 1 6787 17879 11092
Contig128971 1 4271 18449 14178
Contigd7534 1 10949 25863 14914
Contig79517 1 160 15210 15050
Contig40336 1 46155 65216 19061
Contig108528 1 615 29659 29044
Contig48348 2 35646 39610 3964
Contig76820 2 9113 15705 6592
Contig61890 2 9294 16927 7633
Contigd41237 2 137578 153114 15536
Contig3968 2 8478 20380 11902
Contig2032 2 42723 56923 14200
Contigb61156 2 74402 90066 15664
Contig76495 3 139 17244 17105
Contigd7979 3 1979 16551 14572
Contig60406 3 1641 34175 32534
Contigl181768 3 96 20699 20603
Contig54667 3 6589 51824 45235
Contig2245 4 3318 61149 57831
Contig59771 6 2623 42145 39522
Contig83530 7 5330 69596 64266
Contig81225 8 2204 79268 77064
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Appendix C

Supplementary Information for
Haplotagging pipeline for 1,084
whole-genome sequences in an
Antirrhinum hybrid zone

C.1 | Supplementary Tables

Table S1. Design of greenhouse diallel crosses and wild parent-offspring trios from pedigree study in
the Planoles hybrid zone. The IDs of the offspring and parents match those in Supplementary Data 1.

Offspring

Parent 1

Parent 2

Trio type

ID ID ID
D01 406 603
D02 406 608
D03 603 406
Greenhouse diallel cross
D04 608 603
D05 608 406
D06 603 608
D07 - -
D08 - -
Greenhouse diallel cross; parents not sequenced
D09 - -
D10 - -
T0281 P0192 P0247
Vo574 P0239 P0O578 Wild trios from pedigree study in the Planoles
T0082 P0278 P0293 hybrid zone
T1352 S§5237 $1803
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Table S2. Summary of total number of reads, % mapped and % correct barcodes for each
sequencing lane of samples. Each row constitutes a different lane of lllumina Novaseq S4. Batches
trios and n-96 consist of 28 and 96 unique samples respectively. Batch n-960 was sequenced twice
with the same 960 samples to varied sequencing depths since the Bx-tag (i.e., the molecular
barcode) was not sequenced properly in one of the runs. Batch 10x-NEW consists of 160 samples
from the n-960 batch that were re-sequenced to obtain higher s coverage. For each batch, the total
number of paired-end reads, percentage of reads mapped to the A. majus genome, and the
percentage of reads with correctly sequenced haplotag barcode are also provided.

Sample % correct %
Lane Batch Name . P Total Reads ? ? Full/Part lane
size barcodes mapped

1 trios 28 488,584,359 95.36 96.32 Part lane

2 n-96 96 331,871,048 98.14 95.32 Part lane

3 n-960a 960 5,224,876,464 97.51 97.68 Full lane
n-960b (BX-tag

4 incorrectly 960 5,409,264,651 16.21 95.88 Full lane
sequenced)

5 10x-NEW 160 4,894,636,700 97.34 97.75 Full lane
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Appendix D

Appendix D

Supplementary Information for
Genealogical analysis of replicate

flower colour hybrid zones in
Antirrhinum

D.1 | Supplementary Methods
D.1.1 | DNA extraction

DNA was extracted from a 1x0.5 cm? piece of dry leaf using a custom protocol
optimised for isolating high molecular weight DNA. (i) Tissue was first crushed to a fine
powder in a 1.5 ml Eppendorf tube using a micropestle. (ii) 0.5 ml of lysis buffer was added,
containing 400 pl Purelink Genomic Digestion Buffer (Thermofisher: K182301), 40 ul
Proteinase K (20mg/ml), 60 upl of 18% Polyvinylpyrrolidone (40 kdaG), and 2% Beta-
mercaptoethanol. (iii) Samples were incubated for 15-20 mins at 602C with mixing at 950 rpm
with occasional inverting of the tube, followed by 30 secs on ice. (iv) 10 pl of 5 mg/ml RNaseA
was added and mixed by inverting the tube several times, and incubated for 5 mins at room
temperature. (v) 155 pl 5M of potassium acetate was added and immediately mixed by
inverting 10-15 times, followed by incubation for 2 mins on ice. (vi) The samples were
centrifuged at 13k g for 10 mins at 142C and 400 ul of lysate was transferred to a new tube
using a wide-orifice tip. (vii) 200 pl magnetic beads were added and immediately mixed by
inverting 10-15 times and incubated for 10 mins at room temperature. (viii) Samples were
pulse-spun for 2 seconds, and put on a magnet stand for 5 mins and the lysate was discarded.
(ix) The beads were washed twice for 1 min with 80% EtOH; All EtOH was carefully removed
after the second wash and the sample left open to evaporate for 2-4 mins at room
temperature. (x) Samples were removed from the magnet and 100 pul of 10 mM Tris pH=8,
0.2mM EDTA was added to the tube and incubated for 10 mins at 422C to elute the DNA. (xi)
Samples were mixed gently by inverting to re-suspend the beads and allowed to incubate for
10 mins at 429C. Eluted DNA was stored with beads at 42C. The concentration of each DNA
sample was determined using a Qubit fluorometer or an M200 Pro Tecan plate reader. A
rough estimate of size and quality was determined using agarose gel electrophoresis. Samples
were diluted to 5 ng/ul using Tris, pH=8, 0.2mM EDTA and stored at 49C for future use.
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D.1.2 | Polarising allele in A. majus as ancestral or derived

We polarised alleles in A. majus as ancestral or derived using high-coverage PoolSeq
sequence data (mean coverage = 89.97x) from multiple populations of a closely related
outgroup species A. molle. For each bi-allellic site in A. majus, we determined which alleles
were present within A. molle. For 83.64% of sites, we observed 3 site-patterns that allowed
us to identify the derived allele in A. majus (Table S4)

Pattern A: 6,624,396 sites (57.4%) resolved.

Sites where one of the A. majus alleles is fixed in A. molle. Out of these 6.6 million sites
that constituted 57.44% of all the bi-allelic A. majus sites, 5.5 million (47.83%) sites had the
A. majus major allele fixed in A. molle, whereas the remaining 1.1 million (9.61%) sites had
the A. majus minor allele fixed in A. molle. For all such sites, the fixed A. molle allele was
assigned ancestral, while the other A. majus allele derived.

Pattern B: 2,537,001 sites (21.99%) resolved.

Sites where both A. majus alleles are present in A. molle, and both species share the
same major allele, i.e., allele frequency > 0.5. For such sites, the major allele was assigned
ancestral, since the minor allele in either taxa would most likely be derived due to new
mutations being relatively rare.

Pattern C: 484,585 (4.21%) resolved.
Sites where both species are polymorphic, but only share 1 allele. In this case, the
shared allele is considered ancestral, while the unique allele is considered derived.

The remaining 16.36% of bi-allelic sites in A. majus had no logical basis for assigning
ancestral or derived alleles based on the information from A. molle (Patterns D—F in Table S4).
The most unresolvable site-pattern (Pattern D: 1,418,581 or 12.30% of all bi-allelic sites),
involved both species sharing the same 2 alleles, but the minor allele in one species was the
major allele in the other. For 437,801 sites (3.80%), there was simply no sequence information
available for A. molle (Pattern E in Table S4). Finally for the remaining 30,666 sites (0.26%),
neither of the A. majus alleles was present in A. molle (Pattern F in Table S4), suggesting both
alleles being derived in an unknown order in the ancestor to A. majus. For all the 1,887,048
unresolved bi-allelic sites (16.36%), we assumed the minor allele (< 0.5 allele frequency) in A.
majus to be the most likely derived allele.
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D.2 | Supplementary Figures

Planoles Avellanet

11

1.0

0.0

i

EENA

striatum pseudomajus striatum pseudomajus

Figure S1. Admixture (Alexander et al. 2009) analysis of all 74 samples on 1,710,010 independent SNPs with
K ranging from 2 to 5. K=3 describes the clearest ancestral grouping pattern, separating Avellanet into the
2 varieties, but grouping all Planoles samples together. None of the K values uniquely separate the var.
pseudomajus and var. striatum samples at Planoles.
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Figure S2. Neighbour-Joining tree inferred from 1,710,010 independent SNPs, which is used to calculate
topology weighting for the whole genome.
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A| Demographic inferences in Planoles

Observed jSFS Best scenarios Theorical jSFS Residuals (obs. jSFS — theo JSFS)
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Figure S3. Results of the best demographic scenario inferred from 6aéi analyses in (A) Planoles and (B)
Avellanet. From left to right: the observed joint Site Frequency Spectrum (jSFS.ss), a schematic
representation of the best-fitted demographic scenario, the theoretical spectrum (jSFStseo) inferred from
the best demographic scenario, and the distribution of residuals (jSFSoss — jSFStheo). For Planoles, the best-
fitted scenario is a Secondary Contact with heterogeneous effective population size across the genome
(SC2N). For Avellanet, the best-fitted scenario is a Secondary Contact with heterogeneous effective
population size across the genome and exponential growth of the lineages (SC2NG).
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A | Correlation of Fst landscapes within zones, between zones and between zones & varieties
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Figure S4. Correlations of pairwise Weir & Cockerham Fsr in 10 Kbp non-overlapping windows. (A) The
landscapes chosen for pairwise comparisons follow the same categories from top to bottom in Fig. 2 (Main
Text) —i.e., within zones (PlaP™/PlaS’ vs. AveP™/AveSY), between zones (PlaP™/AveP™ vs. PlaSY/AveSY) and
between zones & varieties (PlaSY/AveP™ vs. PlaP™/AveSY). (B) Correlations of Fst landscapes between AveSY
and all the other populations (AveP™/AveSY, PlaP™/AveS’, PlaSY/AveSY). 95 and 99" percentile thresholds
are drawn in black and red within each plot, and black dots represent windows that are outliers (using 99t"
percentile) in both Fsr landscapes. Magenta, yellow and blue dots represent windows that carry Flavia,
Ros/El and other loci associated with flower colour. Pla: Planoles, Ave: Avellanet, P™: magenta-coloured

var. pseudomajus, S: yellow-coloured var. striatum.
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PlaP™ vs. PlaSY

AveP™ vs. AveSY
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Figure S5: Relationships between population genetic estimates in 10 Kbp non-overlapping windows
between both varieties at each hybrid zone. Top panel: my between the var. pseudomajus and var. striatum;
coloured by Fsr. Middle panel: Fsr vs. mean m, ; coloured by Dxy. Bottom panel: Fst vs. mean p (population
recombination rate); coloured by mean my. Pla: Planoles, Ave: Avellanet, P™: magenta-coloured var.
pseudomajus, S¥: yellow-coloured var. striatum.
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A | Diversity within PlaSY and PlaP™
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Figure S6. Relationship of diversity (rmw) within var. pseudomajus and var. striatum in 10 Kbp non-
overlapping windows at (A) Planoles and (B) Avellanet, shown for each chromosome. Dots are coloured by
Fst. Pla: Planoles, Ave: Avellanet, P™: magenta-coloured var. pseudomajus, S¥: yellow-coloured var.

striatum.
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A | F4, Dy, and mt,, along Chr 1
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Figure S7. Population genetic parameters Fst, Dxy and rty, along (A) Chr 1 and (B) Chr 2 for both varieties at
Avellanet. Grey dots show estimates in 10 Kbp non-overlapping windows, while solid coloured lines show
loess smoothed (span = 50 Kbp) estimates. Ave: Avellanet, P™: magenta-coloured var. pseudomajus, S:
yellow-coloured var. striatum.
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Figure S8. Correlation of Tgeo (clustered by geography) topology weights of trees inferred by different tree
inference methods. Each square tile represents the number of trees in it.
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Figure S9. Left-right asymmetry from TwisstNTern analysis. Counts of trees in the left and right half-
triangles, with asymmetry quantified using Dig. Asterisks indicate significant asymmetry between
corresponding left- and right-sided sub-triangles, suggesting excess of Tyar or Tai: topologies.
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TMRCAs within and between populations at Avellanet
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Figure S10. Coalescence times at FLAVIA and ROS/EL at the Avellanet populations. Boxplots for FLAVIA and
ROS/EL show the median time to most recent common ancestor (TMRCA) within var. pseudomajus (top
row), within var. striatum (middle row), and between var. pseudomajus and var. striatum (bottom row), all
on a log scale. The left boxes (‘Flank’) show the TMRCAs in the flanking regions around the locus, while the
right boxes (‘Locus’) show the values inside the locus. The scatterplots and dashed black lines show the full
distribution and the overall smoothed trend between the Tyar weight and median TMRCA within the locus,
(row are as indicated for the boxplots). p is the correlation coefficient from a Spearman’s rank correlation.
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TMRCAs within and between populations at Planoles
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Figure S11. Coalescence times at FLAVIA and ROS/EL at the Planoles populations. Boxplots forFLAVIA and
ROS/EL show the median time to most recent common ancestor (TMRCA) within var. pseudomajus (top
row), within var. striatum (middle row), and between var. pseudomajus and var. striatum (bottom row), all
on a log scale. The left boxes (‘Flank’) show the TMRCAs in the flanking regions around the locus, while the
right boxes (‘Locus’) show the values inside the locus. The scatterplots and dashed black lines show the full
distribution and the overall smoothed trend between the Tyar weight and median TMRCA within the locus,
(row are as indicated for the boxplots). p is the correlation coefficient from a Spearman’s rank correlation.
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Table S3. Overview of number of sites at the end of step of variant filtering by bcftools, along with the
representative codes to implement each step. The final 11,574,426 sites were used as candidate positions
for imputation and inference of SNPs by STITCH.

Step Dataset

Representative Code

# sites

1 All sites

bcftools mpileup --annotate AD,ADF,ADR,DP,QS,SP
-d 500 |
bcftools call --annotate GQ,GP -m

495,577,994

Variant sites within 5bp of

bcftools view -m2 -M2 -v snps -e "AC==0 [ |

fraction retained.

2 INDELs removed and only 17,107,390
I ] AC==AN"
bi-allelic SNPs retained.
8 SNPs removed based on beftools filter -e "INFO/DP>130 | QUAL<20 | 12,727,484
depth and quality. MQ<20"
SNPs with < 0.8 missing . 11,574,426
4 bcftools filter -e "F_MISSING>0.8"
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Table S4. Overview of number of sites before and after calling and imputation of SNPs by STITCH. INFO
score, computed by STITCH, reflects confidence in imputation accuracy. Generally, INFO > 0.8 is considered
high confidence (93.9% of all sites).

Step Types of sites # sites (%)

Before STITCH Initial candidate variant sites (inferred from

imputation bcftools) 11,574,426 -
Invariant sites 41,396 (0.4%)
Variant sites (all) 11,533,030 (99.6%)

After STITCH imputation | Variant sites (INFO > 0.8) 10,873,003 (93.94%)
Variant sites (INFO > 0.6) 11,443,277 (98.9%)
Variant sites (INFO > 0.4) 11,526,221 (99.6%)
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Table S5. Overview of number of sites where A. majus alleles could be polarised into ancestral or derived,
based on alleles present in Antirrhinum molle. For unresolved sites, major allele in A.majus was considered
ancestral. unres.: Unresolved

Ancestral  Derived

Site Description # Total sites
Allele Allele
One of the
. . 6,624,396
A A.majus allele is FIXED Other
. . (57.4%)
fixed in A molle.
Both A.majus
alleles present in
A.molle and they 2,537,001 9 645 982
B MAJOR MINOR 0 T Resolved sites
have the same (22.0%) (83.6%)
major allele
(frequency > 0.5).
Both A.majus and
A.molle are 484,585
C ) SHARED Other
polymorphic, but (4.2%)
only share 1 allele.
Both A.majus allel
es present
in A.molle, but
1,418,581
D they do not have unres. unres.
. (12.3%)
the same major
allele (frequency >
0.5). 1,887,048 .
(16.4%) Unresolved sites
No genotype 70
. & .yp 437,801
E information for unres. unres.
(3.8%)
A.molle.
No shared allele
. 30,666
F between A.majus unres. unres.
(0.3%)
and A.molle.
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Table S7. Correlation (Spearman’s rho) between topology weights inferred from different tree inference
methods. Values > 0.60 are highlighted in green.

Tg - Geography Topology
tsinfer Relate Singer
0.57 0.65 0.59 NJ

0.72 0.67 tsinfer
0.77 Relate

tsinfer Relate Singer
0.57 0.65 0.59 NJ

Tv- Variety Topology

0.66 0.61 tsinfer
0.73 Relate
Singer

Ta - Alternate Topology
tsinfer Relate Singer
0.45 0.56 0.50 NJ

0.62 0.57 tsinfer

Relate

Singer

244



245



246



Appendix E

Appendix E

Supplementary Information for
Dissecting the genetic basis of

flower colour in a hybrid zone:
Integrating top-down and bottom-

up approaches

E.1 | Supplementary Figures

0.5 0.5-1 1 1 1 1 1 1 1
0.5 05-1 05-1 3 35-4 4-5 0.5 3 4
] ‘ "

Figure S1. Colour scoring chart for field colour scores. Each flower in the field was visually scored on a scale
of 0.5-5 for magenta and 0.5-3 for yellow.
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Figure S2. Colour scoring chart for box colour scores. Each flower was scored manually by 2 scorers from
the images taken in the field. For each box A-G on each flower (Top), scores of 0-4 were given separately
for magenta and yellow. Examples of magenta and yellow scores for each box showing the distribution of
colours across the flower petals (Bottom).
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Figure S3. Circles used from different parts of the flower petals for the digital scoring method.
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Figure S5. Raw magenta and yellow scores along the transect. Each coloured dot represents individual
flowers, while diamonds represent mean colour scores in each deme.
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Figure S6. QQ plot for genome-wide association mapping using Linear Model (LM) on normalised magenta
box colour scores for all Lower Road samples (n = 915).
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Figure S7. QQ plot for genome-wide association mapping using Linear Model (LM) on normalised yellow
box colour scores for all Lower Road samples (n = 915).
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Figure $8. QQ plot for genome-wide association mapping using Linear Model (LM) on normalised magenta
box colour scores with yellow score as fixed-effect covariate and kinship matrix as random effect for all
Lower Road samples (n = 915).
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Figure S9. QQ plot for genome-wide association mapping using Linear Model (LM) on normalised yellow
box colour scores with magenta score as fixed-effect covariate and kinship matrix as random effect for all
Lower Road samples (n = 915).
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Figure S10. Magenta colour scores for samples with specific genotypic combinations at (A) RUB, ROS3, EL
and (B) ROS3, MID, EL. For all plots, each dot represents the normalised magenta box score for each sample,
violin plot describes the distribution of scores, and diamonds represent the mean colour score for that
specific allelic combination at all 3 loci. Numbers over each violin plot denote the sample size for each allelic
combination at all 3 loci. Dashed lines show mean colour scores for combinations of only ROS3 and EL. ps:

pseudomajus, st: striatum.
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Figure S11. Yellow colour scores for samples with specific genotypic combinations at CRE, FLA and SULF.
For all plots, each dot represents the normalised magenta box score for each sample, violin plot describes
the distribution of scores, and diamonds represent the mean colour score for that specific allelic
combination at all 3 loci. Numbers over each violin plot denote the sample size for each allelic combination
at all 3 loci. Dashed lines show mean colour scores for combinations of only SULF and FLA. ps: pseudomajus,
st: striatum.
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Figure S12. Details of (A) genome-wide association (—logioP estimates from LMM on yellow colour scores
and posterior inclusion probability, PIP from BSLMM), (B) genetic differentiation (Fsr) and allele frequency
difference between magenta and yellow flank, (C) divergence between flanks (Dxy), (D) diversity within
magenta and yellow flanks (), and (E) colour topology (Tc) weights in the ROS/EL region.
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Figure S13. Details of (A) genome-wide association (—logioP estimates from LMM on yellow colour scores
and posterior inclusion probability, PIP from BSLMM), (B) genetic differentiation (Fsr) and allele frequency
difference between magenta and yellow flank, (C) divergence between flanks (Dxy), (D) diversity within
magenta and yellow flanks (rtw), and (E) colour topology (Tc) weights in the RUB region.
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Figure S14. Details of (A) genome-wide association (—logioP estimates from LMM on yellow colour scores
and posterior inclusion probability, PIP from BSLMM), (B) genetic differentiation (Fsr) and allele frequency
difference between magenta and yellow flank, (C) divergence between flanks (Dxy), (D) diversity within
magenta and yellow flanks (), and (E) colour topology (Tc) weights in the SULF region.
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Figure S15. Details of (A) genome-wide association (—logioP estimates from LMM on yellow colour scores
and posterior inclusion probability, PIP from BSLMM), (B) genetic differentiation (Fsr) and allele frequency
difference between magenta and yellow flank, (C) divergence between flanks (Dxy), (D) diversity within
magenta and yellow flanks (rtw), and (E) colour topology (Tc) weights in the FLAVIA region.
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Figure S16. Details of (A) genome-wide association (—logioP estimates from LMM on yellow colour scores
and posterior inclusion probability, PIP from BSLMM), (B) genetic differentiation (Fsr) and allele frequency
difference between magenta and yellow flank, (C) divergence between flanks (Dxy), (D) diversity within
magenta and yellow flanks (rtw), and (E) colour topology (Tc) weights in the CRE region. Annotated genes
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Figure S17. Genome-wide landscape of Fsr in 10 Kb non-overlapping windows, with the 99* and 95
percentile denoted in red and cyan dashed line. All previously described colour-controlling loci are
highlighted and colour-coded magenta or yellow based on their function. Magenta-controlling loci: RUB in
chr 5, ROS/EL in chr 6; and yellow-controlling loci: CRE in chr 1, AUR in chr 2, FLA in chr 2, SULF in chr 4.
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Figure S18. Genealogical landscape of colour topology (Tc) weights. Topology weights (loess smoothed,
span = 50Kbp) for the 4,975,454 trees inferred by Relate plotted along each chromosome. Inverted triangles
indicate trees with raw Tc weights > 0.60. All previously described colour-controlling loci are highlighted
and colour-coded magenta or yellow based on their function. Magenta-controlling loci: RUB in chr 5, ROS/EL
in chr 6; and yellow-controlling loci: CRE in chr 1, AUR in chr 2, FLA in chr2, SULF in chr 4.
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Figure S19. Relationship between divergence between (Dxy) and mean diversity within magenta and yellow
flank (rtw). Each dot represents windows of 50 SNPs in the (A) genomic background, magenta associated
loci—(B) RUB and (C) ROS/EL, and yellow associated loci—(D) CRE, (E) FLA and (E) SULF. Dots are coloured
either black (not colour associated), magenta (anthoyanin associated) or yellow (aurone associated). The
plots are shaded based on Fsr estimates in the same 50-SNP windows.
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E.2 | Supplementary Tables

Table S1. Results of genome-wide association mapping using Bayesian sparse linear mixed models (BSLMM)
on hybrids to characterized the genetic architecture of mate choice plumage traits. Posterior
hyperparameter estimates (median + standard deviation) of the proportion of phenotypic variance
explained by all SNPs (PVE), proportion of variance explained by SNPs with measurable effects (PGE), and

the number of SNPs in the models.

Phenotype PVE PGE n SNPs
Magenta Colour 0.89 +0.025 0.88+0.031 12+6.5
Yellow Colour 0.86 + 0.057 0.74 + 0.095 38+19.3
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Appendix F

Supplementary Information for
Genealogical analysis of an island

of divergence

F.1 | Supplementary Figures

A | Coalescence times within and between B | Coalescence times within and between
flanks homozygotes from either flank
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Figure S1. Coalescence history in a broader 1Mb region around ROS/EL within and between (A) all
individuals from magenta and yellow flank, and (B) individuals homozygote for the pseudomajus
background from magenta flank and individuals homozygote striatum background from yellow flank.
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Figure S2. Coalescence history in a neutral 1Mb genomic region within and between (A) all individuals from
magenta and yellow flank, and (B) individuals homozygote for the pseudomajus background from magenta
flank and individuals homozygote striatum background from yellow flank. Vertical dotted lines (i — vii) in
top left plot represent positions at which genealogical trees are drawn in Fig S3.
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Figure S3. Genealogical trees drawn at positions denoted by vertical dotted lines (i — vi) in Fig S2.
Highlighted yellow branches denote lineages ancestral to all individuals with striatum background in yellow
flank. Red dots on branches denote mutations. Vertical tracks below each tree mark the group of each tree

tip.
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Median T between MF homozygotes

and YF homozygotes
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Figure S4. Comparison of median pairwise coalescence time between individuals homozygote for
pseudomajus background in magenta flank and individuals homozygote for striatum background in yellow
flank (Tbpsst) between neutral genomic background, ROS1/R0OS2, ROS3, MID, EL. ps: pseudomajus
background: ROSP*MIDPsel’s / ROSPSMIDPSelP, st: striatum background: ros*mid*ELSt / rostmid*tEL®
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