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Abstract

Plants play a vital role in sustaining all life on Earth. However, anthropogenic environmental changes
are now threatening plant populations. Understanding how plants adapted to environmental changes
in the past is key to understanding how they will respond in the future and one way to do this is the
study of intraspecific natural variation — the heritable differences occurring in different populations of
a species. This natural variation is the result of adaptive processes, and it allows to study phenotypes
and their genetic bases, and to discover beneficial alleles with potential applications in breeding.
Besides DNA sequence variation, plant populations also harbour extensive epigenetic variation, which
can affect phenotypes and be induced by the environment or accumulated in the form of stochastic
epimutations. In sexually reproducing species, most but not all heritable epigenetic variation is
controlled by genetic variation. In turn, epigenetic changes can affect not only gene expression, but

also the silencing of transposable elements, regulating novel genetic variation.

To understand these processes and interactions, | worked with Thlaspi arvense, which compared to
the model species Arabidopsis thaliana has a more complex genome, rich in transposable elements.
This species is also a new biofuel and winter cover crop, and breeding efforts to domesticate it are

underway.

| surveyed genome-wide genetic and epigenetic natural variation in a large collection of European T.
arvense accessions, grown in a common environment. | found extensive genetic and epigenetic
variation, and that genetic variants at genes involved in the DNA methylation machinery were
associated with variable levels of methylation across the whole genome. However, DNA methylation
patterns were also associated with climate of origin. Although the genetic variants explained the
majority of the observed Differentially Methylated Regions (DMRs), a fraction of DMRs was more
strongly associated with environment than DNA sequence, and this fraction was sequence-context

dependent, increasing from CG to CHG to CHH.

To understand how short genetic variants and DNA methylation interact with transposable element
dynamics, | analysed transposon insertion polymorphisms detected against the reference accession
and found several genes associated with the rate of transposition. As DNA methylation is the main
mechanism silencing transposons, many of these genes were indeed part of the genomic machinery
depositing and maintaining DNA methylation. Nevertheless this was only the case for
retrotransposons, whose new insertions became indeed methylated, while DNA transposons, whose
new insertions were not methylated, were not associated with DNA methylation machinery genes but
with a single gene coding for Heat Shock Protein 19 (HSP19). Since this gene is absent in A. thaliana,

this shows how moving away from classical model species can bring new insights into genome



dynamics. In this work we also investigated the insertion behaviour of different TE families and
identified an Alesia family preferentially inserting into genes and coding sequences. Since there is
growing interest in domesticating T. arvense, this TE family could potentially be used to generate new

phenotypes of interest.

In the final chapter, | recycled sequencing data not belonging to T. arvense to indirectly estimate the
abundance of pests and pathogens in my common-environment experiment, and thus natural
variation in plant resistance. | found that resistance variation was related to the environment of plant
origins, suggesting local adaptation. Moreover, pathogen read-counts allowed me to map genes
associated with this resistance variation. Many of these genes were already known to be involved in
plant defense and are of potential interest for breeding. Using DNA methylation information | also

detected epialleles associated with pathogen presence, located close to genes and transposons.

Altogether my thesis provides evidence of strong and complex interactions between the genome, the
epigenome and the environment, which are important to understand adaptive processes and predict
the effects of climate change on plant populations. My work also brought insights with potential

applications for breeding T. arvense as a future crop.



Zusammenfassung

Pflanzen spielen eine wichtige Rolle bei der Erhaltung allen Lebens auf der Erde, doch die vom
Menschen verursachten Umweltverdanderungen bedrohen die Pflanzenpopulationen. Zu verstehen,
wie sich Pflanzen in der Vergangenheit an Umweltverdnderungen angepasst haben, ist der
Schlisselfaktor, um vorherzusagen, wie sie in Zukunft reagieren werden. Eine Moglichkeit, dies zu
erreichen, ist die Untersuchung der intraspezifischen natirlichen Variation - der vererbbaren
Unterschiede, die in verschiedenen Populationen einer Art auftreten. Diese natiirliche Variation ist das
Ergebnis von Anpassungsprozessen und ermoglicht es, Phanotypen und ihre genetischen Grundlagen
zu untersuchen und vorteilhafte Allele zu entdecken, die in der Ziichtung eingesetzt werden kénnen.
Neben der DNA-Sequenzvariation weisen Pflanzenpopulationen auch eine umfangreiche
epigenetische Variation auf, die sich auf den Phanotyp auswirken kann und durch die Umwelt induziert
oder in Form von stochastischen Epimutationen akkumuliert wird. Bei sich sexuell fortpflanzenden
Arten wird die meiste, aber nicht die gesamte vererbbare epigenetische Variation durch genetische
Variation kontrolliert. Epigenetische Veranderungen kénnen sich nicht nur auf die Genexpression
auswirken, sondern auch Transposons unterdriicken, wodurch neue genetische Variationen reguliert

werden.

Um diese Prozesse und Wechselwirkungen zu verstehen, habe ich mit Thlaspi arvense gearbeitet, die
im Vergleich zur Modellart Arabidopsis thaliana ein komplexeres Genom hat, das reich an Transposons
ist. Diese Art ist auch eine neue Biokraftstoff- und Winterzwischenfrucht, und es werden derzeit

Zichtungsbemuihungen unternommen, um sie zu domestizieren.

Ich untersuchte die genomweite genetische und epigenetische natiirliche Variation in einer grof3en
Sammlung von europdischen T. arvense-Akzessionen, die in konstanten Umweltbedingungen
angebaut wurden. Ich fand eine umfangreiche genetische und epigenetische Variation und stellte fest,
dass genetische Varianten in Genen, die an der DNA-Methylierungsmaschinerie beteiligt sind, mit
unterschiedlichen Methylierungsgraden im gesamten Genom verbunden sind. Die DNA-
Methylierungsmuster waren jedoch auch vom Herkunftsklima abhangig. Obwohl die genetischen
Varianten den Grof3teil der beobachteten Differentially Methylated Regions (DMRs) erklarten, war ein
Teil der DMRs starker mit der Umwelt als mit der DNA-Sequenz assoziiert, und dieser Teil war abhangig

vom Sequenzkontext und nahm von CG lber CHG bis CHH zu.

Um zu verstehen, wie kurze genetische Varianten und DNA-Methylierung mit der Dynamik von
Transposons interagieren, analysierte ich die Transposon-Insertions-Polymorphismen, die im Vergleich
zur Referenzakzession festgestellt wurden, und fand mehrere Gene, die mit der Transpositionsrate in

Verbindung stehen. Da die DNA-Methylierung der Hauptmechanismus ist, der Transposons



unterdriickt, waren viele dieser Gene tatsachlich Teil der genomischen Maschinerie, die der DNA-
Methylierung zugrunde liegt und aufrechterhalt. Dies war jedoch nur bei Retrotransposons der Fall,
deren neue Insertionen tatsachlich methyliert wurden, wahrend DNA-Transposons, deren neue
Insertionen nicht methyliert wurden, nicht mit Genen der DNA-Methylierungsmaschinerie in
Verbindung gebracht wurden, sondern mit einem einzigen Gen, das fiir das Hitzeschockprotein 19
kodiert (HSP19). Da dieses Gen in A. thaliana nicht vorkommt, zeigt dies, wie die Abkehr von
klassischen Modellarten neue Erkenntnisse liber die Genomdynamik bringen kann. In dieser Arbeit
haben wir auch das Insertionsverhalten verschiedener TE-Familien untersucht und eine Alesia-Familie
identifiziert, die bevorzugt in Gene und kodierende Sequenzen insertiert. Da ein wachsendes Interesse
an der Domestizierung von T. arvense besteht, kdnnte diese TE-Familie moglicherweise zur Erzeugung

neuer, interessanter Phianotypen genutzt werden.

Im letzten Kapitel habe ich Sequenzierungsdaten, die nicht zu T. arvense gehdren, aus meinem
Experiment mit konstanten Umweltbedingungen wiederverwendet, um indirekt die Haufigkeit von
Schadlingen und Krankheitserregern und damit die natlirliche Variation der Pflanzenresistenz zu
schatzen. Ich fand heraus, dass die Variation der Resistenz mit den Umweltbedingungen des
Pflanzenursprungs zusammenhing, was auf eine lokale Anpassung hindeutet. Darliber hinaus konnte
ich durch Zahlen von Pathogenen, Gene kartieren, die mit dieser Resistenzvariation in Verbindung
stehen. Von vielen dieser Gene war bereits bekannt, dass sie an der Pflanzenabwehr beteiligt sind, und
sie sind von potenziellem Interesse fiir die Zlichtung. Mithilfe von DNA-Methylierungsinformationen
konnte ich auch Epiallele nachweisen, die mit der Anwesenheit von Pathogenen in Verbindung stehen

und sich in der Ndhe von Genen und Transposons befinden.

Insgesamt liefert meine Arbeit Beweise fiir starke und komplexe Wechselwirkungen zwischen dem
Genom, dem Epigenom und der Umwelt, die wichtig sind, um Anpassungsprozesse zu verstehen und
die Auswirkungen des Klimawandels auf Pflanzenpopulationen vorherzusagen. Meine Arbeit brachte

auch Erkenntnisse fiir potenziellen Anwendungen zur Zucht von T. arvense als zukinftige Nutzpflanze.






Introduction

Plant adaptation and natural variation in a changing world

Plants living in the wild are constantly exposed to biotic stresses such as herbivores and pathogens,
and abiotic stresses posed by the climate and the environment. These stresses are usually
heterogeneous in space and time, and plants were forced to develop strategies to withstand them.
Although this varies greatly depending on species’ life histories, plants usually deal with spatial
variation through local adaptation and with temporal variation through plastic responses. Local
adaptation is the result of the natural selection of alleles advantageous for living under specific
conditions, while plasticity is a reversible physiological or developmental response to deal with an
environmental change or stress (Williams 2018, Fusco and Minelli 2010). The two aspects are
intertwined because plasticity can also be adaptive, as plants with greater plasticity will be selected
for in highly variable environments (Laitinen and Nikoloski 2019). Additionally, not all species deal with
spatial and temporal variation in the same way. For example, while sexually reproducing species with
fast generation time can rely on fast adaptation through recombination and selection of alleles,
clonally reproducing species with long generation time rely more on plasticity, which can allow broad
environmental distributions without adaptation based on genetic variation. For example, while
Arabidopsis thaliana has strong population structure resulting from local adaptation to different
environments, the Populus nigra cv. ‘Italica’ clone has very low genetic variation but was planted and

lives all across Europe (Rodriguez et al. 2022).

Abiotic stressors such as climatic conditions and extreme weather events are spatially structured based
on latitude, altitude and other factors. In turn, these abiotic factors affect insects and pathogen
communities. For example, aphids are very sensitive to temperature, and fungal pathogens to humidity
(Dampc et al 2021, Velasquez et al. 2018, Talley et al. 2002). This implies that climate is a main driver
of both biotic and abiotic stressors for plant communities, and considering the currently rapid climate

change and the increase of extreme weather events, these stressors are likely to increase in the near
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future. Understanding plasticity and adaptation in response to these changes is key to predict their
effects on plant populations. One way to achieve this is to study interspecific natural variation, as it is
the outcome that evolutionary processes had on a plant species exposed to different conditions, over
thousands of years. This makes natural variation a great tool to study local adaptation but also to
discover genes and alleles that are beneficial in specific environments, including essential genes whose
function cannot be uncovered through knock-out experiments. Overall, understanding natural
variation and adaptation can help (i) to predict and mitigate the effects of climate change through
informed species conservation practices, (ii) to unravel the genetic bases of traits and discover natural
advantageous alleles and consequently (iii) to leverage this information for breeding more robust and

resilient crops.

Epigenetic requlation of the genome

According to the “modern synthesis”, the evolutionary framework developed by population geneticists
between the 1920s and 1940s, and further refined in the subsequent decades (Fisher 1919; Huxley
1943; Provine 1978), evolution is the result of natural selection acting on randomly generated genetic
variation. Although this basic principle still holds true, the discovery of epigenetic mechanisms and
recent studies on their heritability and phenotypic effects suggest a more complex picture where
genome evolution is more interactive with the environment. Most simplistically, in addition to the
information coded in its sequence, DNA harbours epigenetic marks that can affect chromatin
compaction and gene expression, can be acquired in response to environmental cues, and can be
heritable (Kinoshita and Seki 2014, Lamke and Baurle 2017). Additionally, epigenetic mechanisms are
very important for silencing transposable elements (TEs), major components of eukaryotic genomes
with the ability to self-replicate and translocate to new genomic locations. Due to their environmental
responsiveness and heritability, epigenetic mechanisms have been proposed as a means of rapid

evolution (Bossdorf et al. 2008; Richards et al. 2010).



The currently most studied epigenetic mark is DNA methylation. It refers to the addition of a methyl
group to the 5%, or more rarely 4™, atom of the cytosine ring, and is involved in silencing TEs and
regulating gene expression. Other types of base modifications exist, including for example adenine
methylation, but their functions are less clear, so we will not discuss them here (Liang et al. 2018).
Cytosine methylation is usually a repressive mark on regulatory regions and transposons, which are
silenced by heavy methylation in all contexts (TE-like), but GC methylation alone is often also present
in gene bodies of active genes (gbM) (Niederhuth et al. 2016, Schmitz et al. 2019). Histone
modifications include several chemical modifications of the amino acids present in the histone tails,
such as methylation or acetylation, and depending on the modification can be repressive or permissive
for gene expression. Both DNA methylation and histone modifications are involved in plastic responses
to stresses and can contribute to somatic stress memory, i.e. the ability of an individual to better stand
successive stresses of the same kind (Ldmke and Baurle 2017, He and Li 2018). For example DNA
methylation changes associated with somatic stress memory were found for hyperosmotic stress,
phosphate starvation, bacterial infections and herbivory (Secco et al. 2015, He and Li 2018, Léamke and
Baurle 2017). Even more stresses were associated with histone mark modifications (He and Li 2018,
Ldmke and Baurle 2017). Although there is evidence that DNA methylation can be inherited through
sexual reproduction, this is not as clear for histone modifications (He and Li 2018), i.e. so far the former

seems to have greater evolutionary potential.

In plants, DNA methylation can occur in the three sequence contexts: CG, CHG and CHH (where H is A,
T or C). Distinguishing between these contexts is important because they differ in the molecular
machineries for depositing and maintaining methylation (Law and Jacobsen 2010, Zhang et al. 2018),
which has consequences for their dynamics and stability (Fig 1). In Arabidopsis thaliana, CG
methylation is maintained in a copy-paste manner during replication by DMT1, which recognizes hemi-
methylated sites in the daughter strand and re-establishes full methylation. CHG methylation is largely
maintained by CMT3-SUVH4 self-reinforcing loops between DNA and histone methylation, in which

CMT3 binds histone 3 lysine 9 dimethylation (H3K9me2), depositing CHG methylation, and in turn



SUVH4 (and its paralogs SUVH5 and 6) binds CHG methylation depositing H3K9me2. Finally, CHH
methylation is deposited de-novo by DRM2, through the RNA-directed DNA methylation pathway
(RADM), and by CMT2 at some loci, mostly in histone H1 - containing heterochromatin (Law and
Jacobsen 2010, Zhang et al. 2018). CHG and CHH methylation partially share maintenance pathways,
as CMT2 can methylate in CHG (Stroud et al. 2014) and CMT3 also affects CHH methylation at few loci
(Cao et al. 2003). Altogether, there is a gradient of similarity and decreasing stability from CG to CHG
to CHH. Although least stable, CHH is the most abundant context and often the most responsive to

stresses (Liu and He 2020).
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Fig 1. DNA methylation deposition and maintenance in different sequence contexts. Sketch of the molecular pathways and
genes depositing and maintaining DNA methylation in different sequence contexts in A. thaliana, inspired by Ramos-Cruz
2023. De-novo methylation is deposited in all contexts by DRM2 in the RNA directed DNA methylation pathway (RdDM). CG
methylation is copy pasted on the daughter strand during replication by MET1. CHG methylation is maintained by CMT3 and
only partially by CMT2, which work in a feedback-loop manner recognising H3K9me2 deposited by SUVH4, 5 and 6. CHH
methylation is maintained by recurrent de-novo deposition via RADM and DRM2 on short euchromatic TEs and by CMT2 on
histone H1 - rich heterochromatin and the bodies of long TEs. CMT3 is also responsible for CHH methylation at few loci (Cao

et al. 2003).



Given all this, one should expect that DNA methylation in less stable and more stress-responsive
contexts (CHH) might contribute most to plasticity, while the more stable CG methylation might be
inherited for longer and more involved in adaptation, with CHG methylation laying somewhere in
between. But most importantly, methylation can only be adaptive if it is inherited and not controlled

by genetic variation.

Genome-epigenome interactions and their evolutionary consequences

Given the complex molecular machinery for maintaining and regulating DNA methylation, it is not
surprising that previous studies have found various kinds of genetic control over DNA methylation.
Genetic polymorphisms can control DNA methylation in cis, for example new TE insertions are usually
methylated also on their flanks and can silence genes by methylating their promoters (Martin et al.
2009), or in trans, when genetic mutations affect genes involved in the DNA methylation machinery,
resulting in methylation changes across the entire genome (Dubin et al. 2015, Kawakatsu et al. 2016,
Sasaki et al. 2019). In such situations it might seem as if a methylation variant is inherited across
generations, but in fact it is simply re-established in each generation by the underlying genetic variant.
When either variant has a phenotypic effect, the ultimate causal one, that could be selected for, would

still be the genetic variant.

There is not only genetic control of epigenetic variation, but also reverse causal relationships where
epigenetic marks affect genetic variation, for example by controlling transposition. Transposons are
major drivers of genome evolution, but if not properly controlled they can easily disrupt the function
of genes and cause high mortality. Because of this, they are usually heavily methylated and targeted
by repressive histone marks. TEs are widely distributed among eukaryotes and can make up large
fractions of plant genomes, up to more than 80% in extreme cases such as maize and barley (Wells and

Feschotte 2020). By replicating and decaying at a neutral fashion over evolutionary time, TE sequences



became highly diverse, and they have been classified into a complex taxonomic system, which in plants
includes thousands of families separated into two classes based on their replication intermediate
(Wicker et al. 2007). Retrotransposons (Class I) replicate through an RNA intermediate that is then
reverse transcribed into complementary DNA and inserted into the target site, in a copy-and-paste
fashion. DNA transposons (Class Il) replicate through a DNA intermediate which is usually (Subclass 1)
cleaved from the donor site and inserted into the target site in a cut-and-paste fashion, but can also
be copy-and-pasted when a single strand is cleaved and repaired at the donor site (Subclass 2) (Fig 2)
(Wicker et al. 2007, Wells and Feschotte 2020). Classes and subclasses are further subdivided into
orders, based on the exact replication mechanism, and superfamilies based on the protein domains
coded in the TE structure and the presence and length of the Target Site Duplication (TSD), a repeat
generated on both sides of the transposon upon insertion. Finally, TEs in the same superfamily are split
into different families, defined as groups of TEs sharing at least 80% sequence identify in at least 80%
of their sequence (Wicker et al. 2007). In eukaryotes and particularly plants, the most abundant
retrotransposons contain Long Terminal Repeats (LTRs) on their extremities (Wang et al. 2021) and
share high sequence similarity with retroviruses, suggesting a common evolutionary history (Vazquez
et al. 2000). The most widespread eukaryotic DNA TEs contain Terminal Inverted Repeats (TIRs) at their
extremities and are transposed via the DDE DNA transposase coded in their own sequence (Feschotte
and Pritham 2007). For more details on TE replication mechanisms and classification refer to Wicker

et al. (2007) and Wells and Feschotte (2020).
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Fig 2. Sketch of transposition mechanisms and structure of different transposon classes and subclasses. (Top) Transposition
mechanisms: Retrotransposons (Class |) are transposed in a copy-and-paste fashion, while DNA transposons (Class Il) usually
adopt a cut-and-paste mechanism, but in some cases (Helitrons) can be copy-and-pasted (Wicker et al. 2007, Wells and
Feschotte 2020). In most TE superfamilies the DNA cleavage before insertion generates sticky ends, which are then repaired
upon insertion, generating the Target Site Duplication (TSD) (in red). (Bottom) Structure of the most common TE superfamilies
found in plants, for each class/subclass above. Structural repeats: Long Terminal Repeats (LTRs) and Terminal Inverted
Repeats (LTRs). Long Interspersed Nuclear Element (LINE). Protein coding domains: Capsid protein (GAG), Aspartic proteinase
(AP), Integrase (INT), Reverse transcriptase (RT), RNA Helicase (RH), Apurinic endonuclease (APE), Replication protein A (RPA,

plant specific), Tyrosine recombinase with YY motif (Y2) and Helicase (HEL).

As mentioned before, controlling TE mobility is extremely important for organisms, because TEs can
quickly generate new variation, but they can also disrupt vital genes. Transposon insertions were
indeed shown to be generally more deleterious than point mutations as they are on average less likely

to spread in a population (Baduel et al. 2021). Nevertheless, the discovery of TE families that are stress-



responsive and show target site preferences (Gao et al. 2012, Quadrana et al. 2016, Pietzenuk et al.
2016, Roquis et al. 2021) indicates that they are important for plasticity and adaptation (Li et al. 2018).
Stress-induced TE reactivation is usually coupled with DNA demethylation and transitioning to active
chromatin states (Roquis et al. 2021, Annacondia et al. 2021), confirming the importance of epigenetic

mechanisms in controlling TE activity.

In addition to controlling transposition, recent studies further highlighted the role of epigenetic marks
in regulating genetic mutation rates. Methylated DNA usually has a higher mutation rate, due to 5mC
being more prone to C to T transitions by deamination (Pfeifer 2006), but for example 5-
hydroxymethylcytosine (5hmC), although rare in plant genomes (Erdmann 2015), is less efficiently
deaminated and shows reduced mutation rate (Zilberman 2016, Tomkova and Schuster-Bockler 2018).
Additionally, mutation rate is affected by several other factors such as CG content, which stabilizes the
DNA double helix, and several other epigenetic marks (Monroe et al. 2022). In particular the histone
mark H3K4me1l was the strongest predictor of the mutation bias observed in gene bodies of essential
genes in A. thaliana (Monroe et al. 2022, Monroe et al. 2023). Monroe and colleagues (Monroe et al.
2022) estimated that epigenetic marks could predict up to 90% of the mutation bias observed across
gene bodies. Although this result might partially reflect biases induced by sequencing errors (Wang et
al 2023, Monroe et al. 2023), it still indicates that epigenetic modifications might be directly linked to

mutation rates.

Altogether, there is clearly reciprocal causation and complex interactions between the genome and
the epigenome, resulting in a complex system for genome evolution that is more than mere selection
on randomly generated DNA sequence variation, and involves a genetics-epigenetics crosstalk

interacting with the environment.



Natural genetic and epigenetic variation

Understanding mechanisms of genome-epigenome interactions is key to predicting evolutionary
dynamics, but it is equally important to observe the effects of these mechanisms in real life and study
natural populations in the wild. In the last 20 years, several studies unveiled extensive DNA
methylation variation both within and between plant populations of several species. This variation was
often associated with climate of origin (Vaughn et al. 2007, Lira-Medeiros et al. 2010, Paun et al 2010,
Gugger et al. 2016, Gaspar et al. 2018) and also with phenotypes (Cubas et al. 1999, Cortijo et al. 2014,
Kooke et al. 2015), sometimes independently of genetic variation (Vaughn et al. 2007, Cubas et al.
1999, Cortijo et al. 2014). Additionally, natural epigenetic variation was shown to arise (i) stochastically
through spontaneous epimutations, at higher rates than genetic mutations (Becker et al. 2011;
Johannes and Schmitz 2018), or (ii) through environmental induction (Chinnusamy and Zhu 2009,
Ldmke and Bdaurle 2017). The combination of these findings raised the hypothesis that
transgenerational epigenetic variation may provide plants with an additional means of rapid adaptive
evolution (Bossdorf et al. 2008; Richards et al. 2010). However, the ecological and evolutionary
significance of this epigenetic variation remains poorly understood as very large and high-resolution
datasets are required to show that natural epigenetic variation can indeed create heritable phenotypes
independently of DNA sequence variation (Richards et al. 2017). This is mainly due to the necessity of
combining large-scale surveys with high-accuracy at the genomic level. Large-scale surveys are
fundamental to capture a large enough variation to be representative of the adaptive ability of a
species and to have enough statistical power. High-accuracy is required at the DNA methylation level
in order to capture at least most differential methylation in the genome and at the DNA sequence
level, due to the tight link between genetics and epigenetics. Such datasets led to major
breakthroughs, but so far they could only be generated for the model plant A. thaliana (Dubin et al.
2015; Kawakatsu et al. 2016), which has a small genome with unusually low TE content and DNA
methylation compared to most plants (Alonso et al. 2015). Further data from species with different life

histories, ploidy, reproduction modes and genomic complexity are fundamental to generalise these
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findings, and it can now finally be generated, thanks to technological advances and decreasing

sequencing costs (Richards et al. 2017).

Thlaspi arvense as a new model species and crop

The need to study epi-genomic natural variation in complex and diverse plant species prompted the

EpiDiverse European Training Network (https://epidiverse.eu/), the larger project within which this

work has been embedded. EpiDiverse included several sub-projects across three different plant
species, the sexually and clonally reproducing Fragaria vesca, the clone Populus nigra cv. ‘italica’ and

the annual crucifer Thlaspi arvense - the study organism of my thesis.

Thlaspi arvense (field pennycress) is an annual herbaceous plant, native to Eurasia and widely
distributed in the temperate regions of Europe, Asia and the Americas (Warwick et al. 2002). It is
increasingly studied both as a model species (Geng et al. 2021, Nunn et al 2021, Hu et al. 2022, Troyee
et al. 2022, Galanti et al. 2022), and as a potential biofuel and cover crop (Dorn et al. 2015, Frels et al.
2019, Chopra et al. 2019, Zhao et al. 2021). As a model, it has the advantage of being closely related
to A. thaliana, which allows to leverage many available genomic resources such as functional gene
ontology. Additionally, it reproduces sexually by selfing, with low outcrossing rates of 3-10% (Best and
Mclintyre 1976), which leads to reduced heterozygosity. Despite this similarity to A. thaliana in terms
of phylogeny and reproduction mode, T. arvense harbours a much larger portion of TEs and a higher
global DNA methylation (Nunn et al. 2022), making it an interesting model for studying a more complex
and TE-rich genome, properties that are very common in the plant kingdom, using highly accurate

genomic tools.

In addition to its potential as a model species, T. arvense is a rising crop, as it is being domesticated to
be used for biodiesel production. The seeds contain high amounts (up to 40%) of oil, and they also

have high nutritional value for livestock. Moreover, winter-annual accessions overwinter as rosettes
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and are highly cold tolerant, providing soil cover during winter that can reduce erosion and nutrient
run-off (Moser 2012, Dorn et al 2015). However, several traits including reducing seed dormancy and
erucic acid seed content still need improvement before pennycress can be effectively used as a crop.
Therefore finding natural alleles influencing any of these crop-traits, but of course also climate

tolerance and pest resistance, will be highly useful for breeding.

Aims of my thesis

To study genome-epigenome-environment relationships at large-scale and high-resolution in Thlaspi
arvense, | collected seeds of 207 lines from 36 populations on a latitudinal gradient in Europe, grew all
lines in a common environment and generated Whole Genome Sequencing (WGS) and Bisulfite
Sequencing (WGBS) libraries for all. With this dataset, | could then investigate several of the knowledge

gaps highlighted above. My work is divided into three main research chapters:

- In Chapter |, | analysed natural genetic and epigenetic variation across Europe. | used the 207
wild accessions to understand how genetic background and environment of origin influence

DNA methylation patterns across the Thlaspi arvense genome.

- In Chapter IlI, | investigated, together with my colleague Adrian Contreras, transposon
polymorphisms in a total of 280 T. arvense lines, including 73 lines from America, China and
Armenia published elsewhere. | described the diversity and abundance of transposons in T.
arvense, investigated their expansion history and insertion behaviour, and the genetic bases

of different transposition mechanisms by means of Genome Wide Association.

- In Chapter Il | followed up on an idea from my colleague Jun Hee Jung to quantify aphid,
mildew and microbe colonisation of T. arvense during the common-environment experiment

described above, based on WGS reads that did not map to T. arvense. We used these data to
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estimate variation in pest resistance among the T. arvense lines, and to discover associations

with climate of origin and with genetic and DNA methylation variants.
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Abstract

Natural plant populations often harbour substantial heritable variation in DNA methylation.
However, a thorough understanding of the genetic and environmental drivers of this epige-
netic variation requires large-scale and high-resolution data, which currently exist only for a
few model species. Here, we studied 207 lines of the annual weed Thlaspi arvense (field
pennycress), collected across a large latitudinal gradient in Europe and propagated in a
common environment. By screening for variation in DNA sequence and DNA methylation
using whole-genome (bisulfite) sequencing, we found significant epigenetic population
structure across Europe. Average levels of DNA methylation were strongly context-depen-
dent, with highest DNA methylation in CG context, particularly in transposable elements and
in intergenic regions. Residual DNA methylation variation within all contexts was associated
with genetic variants, which often co-localized with annotated methylation machinery genes
but also with new candidates. Variation in DNA methylation was also significantly associated
with climate of origin, with methylation levels being lower in colder regions and in more vari-
able climates. Finally, we used variance decomposition to assess genetic versus environ-
mental associations with differentially methylated regions (DMRs). We found that while
genetic variation was generally the strongest predictor of DMRs, the strength of environ-
mental associations increased from CG to CHG and CHH, with climate-of-origin as the
strongest predictor in about one third of the CHH DMRs. In summary, our data show that
natural epigenetic variation in Thlaspi arvense is significantly associated with both DNA
sequence and environment of origin, and that the relative importance of the two factors
strongly depends on the sequence context of DNA methylation. T. arvense is an emerging
biofuel and winter cover crop; our results may hence be relevant for breeding efforts and
agricultural practices in the context of rapidly changing environmental conditions.
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Author summary

Variation within species is an important level of biodiversity, and it is key for future adap-
tation. Besides variation in DNA sequence, plants also harbour heritable variation in
DNA methylation, and we want to understand the evolutionary significance of this epige-
netic variation, in particular how much of it is under genetic control, and how much is
associated with the environment. We addressed these questions in a high-resolution
molecular analysis of 207 lines of the common plant field pennycress (Thlaspi arvense),
which we collected across Europe, propagated under standardized conditions, and
sequenced for their genetic and epigenetic variation. We found large geographic variation
in DNA methylation, associated with both DNA sequence and climate of origin. Genetic
variation was generally the stronger predictor of DNA methylation variation, but the
strength of environmental association varied between different sequence contexts. Cli-
mate-of-origin was the strongest predictor in about one third of the differentially methyl-
ated regions in the CHH context, which suggests that epigenetic variation may play a role
in the short-term climate adaptation of pennycress. As pennycress is currently being
domesticated as a new biofuel and winter cover crop, our results may be relevant also for
agriculture, particularly in changing environments.

Introduction

Besides variation in DNA sequence, natural plant populations usually also harbour variation
in epigenetic modifications of the DNA. This is particularly well documented for DNA meth-
ylation, usually referring to the addition of a methyl group to the 5™ atom of the cytosine ring,
a modification associated with silencing of transposable elements (TEs) and the regulation of
gene expression. Variation in DNA methylation can arise if methylation marks are altered by
chance during mitosis or meiosis (epimutations) [1,2], or if they are induced in response to
environmental changes [3,4]. Some DNA methylation differences are stably inherited through
meiosis, which has led some to hypothesize that DNA methylation variation could be under
natural selection and contribute to adaptation [5-7]. These ideas are fuelled by the observation
that DNA methylation variation in natural plant populations is often non-random and geo-
graphically structured [8-12]. However, the DNA methylation variation observed in the field
is always a combination of stable (= heritable) and plastic (= non-heritable) components. In
order to tease these apart and describe the heritable component of DNA methylation variation,
one must analyse the offspring of different populations grown in a common environment. To
date, common-environment analyses of natural DNA methylation variation that cover many
populations and broad environmental gradients are still rare.

In plants, DNA methylation can occur in the three sequence contexts: CG, CHG and CHH
(where His A, T or C). Distinguishing between these contexts is sensible because they differ in
the molecular machineries for depositing, maintaining and removing methylation [13,14],
which has consequences for their dynamics and stability. In Arabidopsis thaliana, CG methyla-
tion (mCG) is mostly maintained in a copy-paste manner during replication, CHG methyla-
tion (mCHG) by DNA-histone methylation self-reinforcing loops and CHH methylation
(mCHH) by recursive de-novo methylation deposited by the RNA-directed DNA methylation
pathway (RdADM) and partially by CMT2 [13,14]. In addition, CHG and CHH methylation
partially share maintenance pathways [15,16]. Overall, there is a gradient of similarity and
decreasing stability from CG to CHG to CHH. Although less stable, CHH is the most abun-
dant context and often the most responsive to stresses [17]. Besides the sequence contexts, the
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dynamics of DNA methylation also strongly depend on the genomic features in which it
occurs. While heterochromatic regions and TEs are usually heavily methylated to repress tran-
scription, methylation is often lower and more variable in genes and regulatory regions [18-
20]. In addition, while DNA methylation is almost exclusively a repressive mark on TEs and in
regulatory regions, its function is less clear in gene bodies, as several constitutively expressed
housekeeping genes often harbour CG but not CHG and CHH methylation in their coding
sequences (CDS) [20,21]. If methylation in different genomic features has different functions,
then also different selective pressures are to be expected [22]. Finally, for both influences of
sequence context and genomic features on methylation variation, there appears to be high spe-
cies-specificity in plants [20].

To study such complex dynamics, DNA methylation can be quantified at different levels,
from global (or genome-wide) methylation, to average methylation limited to sequence con-
texts or genomic features, to the methylation of genomic regions or individual positions.
While genetic single nucleotide polymorphisms (SNPs) can have large effects, this does not
seem to be the case for DNA methylation polymorphisms, which affect transcription only
when accumulating over a broader genomic region [23-25]. For this reason, the study of dif-
ferentially methylated regions (DMRs) became very popular in high-resolution studies
[11,12,18,26].

Given the complex molecular machinery for regulation and maintenance of DNA methyla-
tion, it is not surprising that previous studies have demonstrated various kinds of genetic con-
trol over DNA methylation variation. Genetic polymorphisms can control DNA methylation
in cis, for example, when a TE insertion next to a gene promoter induces the methylation of
the latter [25], or in trans, when genetic mutations affect genes involved in the DNA methyla-
tion machinery [11,12,27]. In the latter case, variation in individual DNA loci often affects
methylation levels across the entire genome. In addition, a number of genes have been found
to affect methylation levels indirectly, acting upstream or in aid of the methylation machinery.
In particular, ubiquitination, a post-translational modification affecting histone tails and pro-
tein turnover, affects DNA methylation in plants and animals in several ways [28-33]. For
example, in plants ORTH/VIM E3 ubiquitin ligases recruit DNA METHYLTRANSFERASE 1
(MET1) for methylation maintenance through ubiquitination of histone tails [30,31]. How-
ever, in spite of this functional understanding of several mechanisms of genetic control, we
still lack a good understanding of the degree of genetic determination of DNA methylation
variation in wild plant populations.

If DNA methylation variation is under natural selection-whether independently from
DNA sequence or linked to it-we expect this to result in patterns of association between meth-
ylation variation and the environment. Several previous studies indeed found correlations
between methylation patterns and habitat or climate in different plant species [8-12,34]. How-
ever, most of these studies were either conducted in the field, based on only few natural popu-
lations, or used low-resolution molecular methods, which limited their generalizability and/or
their power to detect environment-methylation associations and to separate genetically con-
trolled from independent components of DNA methylation variation [5]. The only available
data that does not suffer from any of these limitations comes from Arabidopsis thaliana
[11,12,18], a plant with an exceptionally small and simple genome, with low numbers of TEs,
and low global DNA methylation [35]. Given these unrepresentative genomic properties, it is
currently unclear to which extent findings from population epigenomic studies with A. thali-
ana can be generalised across the plant kingdom. As the abundance and genomic distribution
of TEs is a major driver of variation in DNA methylation, species with higher TE contents
could differ not only in the extent of DNA methylation, but also in the dynamics of epimuta-
tion accumulation, and the DNA methylation-based machinery controlling TE mobility. To

PLOS Genetics | https://doi.org/10.1371/journal.pgen.1010452  October 12, 2022 3/23



PLOS GENETICS

Genetic and environmental drivers of large-scale epigenetic variation in Thlaspi arvense

understand the extent of these differences, and the genetic and environmental drivers of natu-
ral DNA methylation variation, it is critical to expand our scope and collect large-scale, high-
resolution data also for other plant species.

Here, we present a detailed genomic analysis of 207 lines of the plant Thlaspi arvense (field
pennycress) that we collected across a latitudinal gradient in Europe, cultivated in a common
environment, and profiled for genomic and epigenomic variation. Like A. thaliana, T. arvense
is an annual and mostly selfing member of the Brassicaceae family, but it has a significantly
larger genome of approx. 500Mb, which is richer in TEs and DNA methylation [36]. The spe-
cies is an interesting study object also because it is currently being domesticated into a new
biofuel and cover crop [37-41]. The genomic work with T. arvense is facilitated by recently
published high-quality reference genomes [36,42]. In our study, we demonstrate that Euro-
pean populations of T. arvense harbour substantial natural epigenetic variation, which is asso-
ciated with DNA sequence variation as well as with climate of origin, but in a highly context-
dependent manner. In our data, genetic variation was generally the stronger predictor of DNA
methylation variation. Genome-wide association analyses identified several candidate loci, but
there was a fraction of the DNA methylation variation that was most strongly associated with
climate of origin, suggesting a link with climate adaptation.

Results

The 207 Thlaspi arvense lines we worked with came from 36 natural populations which we
sampled across Europe in 2018, on a latitudinal gradient from Southern France to Central
Sweden, with three populations each in Southern France and The Netherlands, seven in South-
ern Germany, eight in Central Germany and South Sweden, respectively, and another seven
populations in Central Sweden (Fig 1A and S1 Table). In each population, we collected seeds
of 4-6 different lines (S1 Table). We grew all lines under common environmental conditions,
extracted their DNA and generated Whole Genome Sequencing (WGS) and Whole Genome
Bisulfite Sequencing (WGBS) libraries, which upon deduplication, were sequenced with an
average coverage of 19.7x and 30.3x, respectively (52 Table). Bisulfite non-conversion rates
were calculated from chloroplast DNA and ranged between 0.14 and 1.9% (S2 Table). Variant
calling retrieved around nine million SNPs and short INDELs with genotypes called in >90%
of the lines. Methylation calling retrieved about 16 million, 18.4 million and 95.3 million posi-
tions in CG, CHG and CHH contexts respectively, with up to 25% missing calls per position.
The global weighted DNA methylation, calculated as the ratio between all methylated and all
total read counts at every analysed cytosine [43], was estimated at 16.9% (average of all lines).

We found significant genetic and epigenetic population structure across Europe. A princi-
pal component analysis (PCA) based on genetic variants showed two main clades: a larger one
including almost all lines from France, Germany and the Netherlands, and a smaller one that
consisted almost exclusively of Swedish lines (Fig 1B). The larger clade also showed a clear lati-
tudinal gradient. PCAs based on DNA methylation variation generally also found two major
clades, with the CG methylation-based patterns most closely resembling the genetically-based
ones, and a decreasing similarity between genetic and epigenetic population structure from
CG to CHG to CHH methylation (Fig 1B and S1). Restricting methylation to specific genomic
features also revealed that mCG of genes and promoters has stronger geographic patterns that
methylation of TEs (S1 Fig).

Average methylation

To understand the structure of DNA methylation variation in T. arvense, we first examined
patterns of weighted average methylation [43] across all lines. We not only distinguished
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between the three sequence contexts CG, CHG and CHH, but we also assigned cytosines to
different genomic features: CDS, introns, promoters, TEs and intergenic regions. For genes
and TEs, we used available annotations [36], while for promoters we considered the 2 kb
upstream sequences of genes (or until the boundary of the previous gene if closer). We consid-
ered intergenic space, anything not belonging to these categories. Across all genomic features,
the average methylation was much higher in CG context than in CHG and CHH; for the latter
two it was generally similar (Fig 2A). TEs were the most highly methylated genomic features,
followed by intergenic regions, whereas promoters and especially gene bodies (CDS and
introns) showed very low average methylation (Fig 2A). For instance, while for CG sites in TEs
the weighted average methylation was around 80%, it was below 2% for CHH sites in genes.
Although these patterns are conserved in the whole collection, there is large residual variation
between lines, which is particularly high in TEs (up to 12%) and decreases gradually moving to
intergenic regions, promoters and particularly genes (Fig 2A). Finally, partially due to TEs cov-
ering about 60% of the T. arvense genome [36], its global weighted methylation of 16.9% (aver-
age of all lines) is much higher than that of A. thaliana (5.8%)[12] and many other
Brassicaceae [20].

To better understand the observed values of average methylation, and in particular the low
gene body methylation, we further examined the distributions of methylation values of indi-
vidual CDS, TEs and promoters, averaging across all lines. Interestingly, while context-specific
methylation levels were very consistent for TEs, almost exclusively methylated, we found
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bimodal distributions for CDS and promoters, with a large majority of unmethylated and a
smaller fraction of methylated features (Fig 2B). Using a binomial test [20,45], we found than
only a small portion of genes is significantly methylated in each sequence context (7.5, 6.5 and
7.3% on average for CG, CHG and CHH respectively), with rather small variation between
lines (S3 Table). Intersecting genes consistently methylated (methylated in at least 70% of the
lines) in each of the three sequence contexts, we confirmed that a large fraction of these was
methylated in all context, showing a TE-like methylation signature (TEm), and a much smaller
fraction was methylated only in CG, showing a gene body methylation signature (gbM) (S2A
Fig)[36]. Moreover, the fraction of methylated genes, tended to cooccur with TEs, since TEm
genes were about eight times more likely than the average gene to overlap with TEs, and gbM
genes were twice as likely. Even though many TEm genes might be pseudogenes, a gene ontol-
ogy (GO) enrichment analysis found enrichment for some housekeeping-like GO terms such
as nucleotide biosynthesis and protein catalysis (S2B Fig). In contrast, the few genes methyl-
ated only in CG, were only enriched for few molecular functions (S2B Fig).
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Genetic basis of methylation variation

To understand the genetic basis of the observed methylation variation, we employed genome-
wide association (GWA) analyses that tested for statistical associations between every biallelic
genetic variant and the average methylation of every sequence context and genomic feature
(5S4 Table). For this analysis we used the (unweighted) mean methylation, as weighted methyla-
tion is strongly influenced by structural and copy number variants, which could distort GWA
and produce misleading results when looking for individual genes affecting methylation levels.
We restricted our analyses to genetic variants with a minor allele frequency (MAF) > 0.04;
however, repeating all analyses with a MAF>0.01 did not influence the results relevantly.
Since large numbers of unmethylated genes (Fig 2B) could potentially obscure association pat-
terns in methylated genes, we re-ran these analyses for average methylation levels based only
on genes with methylation > 5% (across all lines). In all GWA analyses, we corrected for popu-
lation structure using an Isolation-By-State (IBS) distance matrix. Although our experimental
design and number of lines hardly provided sufficient power to meet a full Bonferroni thresh-
old, we found that many of the genetic variants that were most strongly associated with meth-
ylation levels were close to genes with predicted functions related to DNA methylation (Figs
3A, 3D and S3 Fig). For instance, one strong candidate was an orthologue of ARGONAUTE 9
(AGO9), coding a DICER-like protein involved in RNA silencing; AGO9 natural variation is
associated with mCHH in TEs in A. thaliana [12]. Another candidate was an orthologue of
DOMAINS REARRANGED METHYLTRANSFERASE 3 (DRM3), which despite being catalyti-
cally mutated, is necessary for RADM and non-CG methylation maintenance in Arabidopsis
[46-48]. Reflecting the multigenic basis of methylation, even the higher -log(p) variants had
relatively small size effects of about 1.5% methylation (Fig 3C).

To confirm the suspected enrichment of methylation-related genes among stronger associa-
tions, we conducted an enrichment analysis based on all genetic variants within 20kb from a
priori candidate genes—orthologues of A. thaliana genes known to affect methylation (S5
Table). For many genomic features and sequence contexts, we indeed found an enrichment of
these a priori candidates among the genetic variants most strongly associated with average
methylation levels (e.g. mCG in Fig 3B), but in most cases the top variants were not neighbour-
ing any a priori candidates (drop of the enrichment for high -log(p) thresholds in mCHG and
mCHH in Fig 3B; see S3 Fig for more results). Nevertheless, a search of the neighbouring
regions of these variants identified several new candidates that may not affect methylation
directly, but have predicted functions with a potential for indirect effects on DNA methylation.
These include e.g. the histone deacetylase SIRTUIN I (SRT1), the DNA-damage-repair/tolera-
tion (DRT111), the DNA-repair gene STRUCTURAL MAINTENANCE OF CHROMOSOMES 5
(SMC5) and several E3 ubiquitin ligases such as F-box transcription factors and RING-H2 fin-
ger proteins (Fig 3; see S6 Table for all genes located within 15kb from variants significant at
-log(p) > 5). Overall, our results showed that natural DNA methylation variation in T. arvense
was significantly associated with underlying DNA sequence variation, but only some of the top
genetic variants were known methylation machinery genes, whereas there were many addi-
tional, less well-characterized genes that appeared to play a role, possibly through less direct
effects on methylation.

The GWA results strongly differed between sequence contexts, with a unique profile of
genetic variants associated with average mCG, while the results were very similar for mCHG
and mCHH (Figs 3A, 3D and S3 Fig). In mCG, some of the top candidates were AGO9, the
methyltransferase DRM3, the F-box/WD-40 repeat-containing gene Tarvense_02099, involved
in histone methylation, and two orthologues of the SWI/SNF chromatin remodelling compo-
nent BAF60 (S6 Table). In mCHG and mCHH, the strongest associations included SRT1,

PLOS Genetics | https://doi.org/10.1371/journal.pgen.1010452  October 12, 2022 7/23



PLOS GENETICS

Genetic and environmental drivers of large-scale epigenetic variation in Thlaspi arvense

A B C
mCG intergenic
4 F-Box WD-40 AGO9
6 DRM3 100 50
5 i g
) ol = 40 0.75 ‘g 48 ..
= E ) £ ref
2, 5 0509 § 46 g B het
0 E 20 .sl L |Ealt
2 025 Qa4 E
i £ '}
0 0 0.00 42 :
i - A . . 0 2 4 clc Cc|IT TIT
1 4 5 7 1
3 mCHG intergenic 6 - 3 ~log(p) Scaff_6: 62594033
7 | DRT111 SRT1 HSFA1A
6 ATL28 i SUVHL 10.0 1.00
s 16
~ > o5, 075 o
= £ 5
6'2 g 14 B3 ref
o3 £50 0503 2 B het
) UEJ = B alt
2 25 025 212
5]
1 E
0! 0.0 0.00 .
. ’ 0 2 4 GIG GIA AJA
! 3 mCHH ?ntergenisc 6 z 8 ~log(p) Scaff_7: 9599640
7 LIG1/
DRT111 ATL28
G - SRT1 HSFALA 10.0 1.00
MET1 ¥ XPO1 s
=2 3 H 75 075 o
34 : s -

2 £ =3 ref
gs 520 0503 8 & het
g E 5 B alt

2 25 025 I
5]
1 E
0 0.0 0.00
0 2 4 GIG G|A AJA
N ~log(p) Scaff_1:4788149
Candidategene  Gene ID Ortholog Putative function Top SNP location
DRT111 Ta_11093 AT1G30480 DNA-DAMAGE-REPAIR/TOLERATION 111 9kb downstream
DRM3 Ta_08517 AT3G17310 Catalytically d meth (RdDM) 13kb upstream
ATL28 Ta_19900 AT2G35420 RING-H2 finger protein (protein modification) 3kb upstream
MET1 Ta_24743 AT5G49160 DNA methyltransferase 1 3kb upstream
F-Box WD-40 Ta_02099 AT3G52030 Histone H3-K4 methylation <1kb upstream
SRT1 Ta_00697 AT5G55760 Sirtuin family HDAC (histone deacetylase) 1kb downstream
AGO9 Ta_05665 AT5G21150 ARGONAUTE 9 (siRNA silencing) 14kb downstream
XPO1 Ta_05994 AT5G17020 EXPORTIN 1 (embryo and pollen development) 0Okb
BAF60 Ta_06233/ AT5G14170 SWI/SNF complex component (chromatin remodeling) ~ 2kb downstream /
Ta_06235 1kb upstream
SUVH1 Ta_06979 AT5G04940 SU(VAR)3-9 homolog (histone methyltransferase) 3kb upstream
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Ta_17386 AT4G17750 FACTOR 1A (heat stress, transposon activation) 3kb upstream of HSFA1A

Fig 3. Genome-wide association analyses for genetic control of average DNA methylation. We show only the
results for intergenic methylation; for full results see S3 Fig. (A) Manhattan plots, with the top variants labelled with the
neighbouring genes potentially affecting methylation. The genome-wide significance (horizontal red lines), was
calculated based on unlinked variants as in Sobota et al. (2015) [49], the suggestive-line (blue) corresponds to-log(p) =
5. (B) Corresponding to each Manhattan plot on the left, enrichment of a priori candidates and expected false
discovery rates (both as in Atwell et al. 2010 [50]) for stepwise significance thresholds. (C) The allelic effects of the red-
marked variants in the corresponding Manhattan plots on the left, with genotypes on the x-axes and the average
methylation on the y-axes. (D) The candidate genes marked in panel A, their putative functions and distances to the
top variant of the neighbouring peaks. Bold font indicates a priori candidates that were included in the enrichment
analyses.

https://doi.org/10.1371/journal.pgen.1010452.g003

SMC5, the DNA LIGASE 1 (LIG1), involved in DNA demethylation, and DRT111. Lastly, we
tested whether variation in number of gbM genes between lines was associated to genetic vari-
ants and detected a clear peak in Scaffold_3, including, among a few additional genes, LOG2--
LIKE UBIQUITIN LIGASE3 (LUL3), which codes a ubiquitin ligase (S2C Fig).

Methylation relationships with climate of origin

To test for environmental associations of methylation variation, we compiled bioclimatic data
(see Methods section for details) for our 36 study populations and analysed the relationships
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Fig 4. Climate-methylation associations. A Heatmap of the correlations between mean methylation and different
climatic variables (Precip: precipitation; Temp: temperature), separately for different sequence contexts and genomic
features (prom: promoter; interg: intergenic; TEs: Transposable Elements; CDS: coding sequences). Both rows and
columns are clustered by their multivariate similarity in association patterns.

https://doi.org/10.1371/journal.pgen.1010452.g004

between climatic variables and the mean methylation in different sequence contexts and geno-
mic features, correcting for population structure with the same IBS matrix used in the GWA
analyses. We found that average methylation was positively correlated with several climate var-
iables reflecting variation in mean temperatures, but negatively with variables related to tem-
perature variability, such as the mean diurnal range and annual temperature range (Fig 4).
Moreover, associations with temperature were more pronounced for minimum temperature
variables than for maximum temperature variables. In other words, plants originating from
colder origins or such with more fluctuating temperature environments had lower overall
methylation. In contrast to the temperature variables, methylation was not associated with the
precipitation variation of the population of origin, and there was also little association with lat-
itude (Fig 4). The latter at first appears counterintuitive, because latitude is usually correlated
with temperature, but in our case latitude is confounded with altitude-more southern samples
were collected at higher elevations (S1 Table)-and therefore poorly correlated with
temperature.

The described climate-methylation associations were generally stronger in CHG and CHH
contexts, particularly for methylation that occurred in CDS (Fig 4). With the exception of
mCG in CDS, which had climate associations similar to mCHH, other methylation variables
clustered mostly by sequence context, with some similarity between CG and CHG. Finally,
global and TEs mCG were the only types of methylation positively associated with temperature
variability (Fig 4).
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DMR variance decomposition

Having established associations of methylation variation with genetic background and envi-
ronment of origin, we sought to investigate the relative importance of these two drivers in our
study system, and how this might vary between sequence contexts and genomic features. To
address these questions, we analysed methylation variation at the level of DMRs. We identified
around 44k DMRs in CG, 12k DMRs in CHG and 77k DMRs in CHH (see Methods for details
on the DMR calling), and quantified their overlap with different genomic features. Most
DMRs were located in TEs, and decreasing numbers in intergenic regions, promoters and
genes (Fig 5B).

To quantify the degrees of genetic versus environmental determination, we then analysed
three mixed models for each DMR that included either a distance matrix based on genetic vari-
ants in cis, on genetic variants in trans, or on multivariate climatic distances. Across all DMRs,
genetic similarity based on trans-variants explained the largest proportions of methylation var-
iance in all contexts (Fig 5A). Most variance was explained in CHG-DMRs, followed closely by
CG-DMRs, but in CHH-DMRs the amounts of variance explained were generally much lower.
Interestingly, the explanatory power of environmental variation relative to that of genetic vari-
ation gradually increased from the more stable mCG towards the less stable nCHG and
mCHH (Fig 5A and 5C).

Although genetic variation in trans was on average the strongest predictor of methylation
variance, there were large differences between individual DMRs, and we observed that
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Fig 5. Genetic versus environmental predictors of DMR variance. (A) The variance in DMR weighted methylation explained by genetic similarity in cis, genetic
similarity in trans and climatic similarity, averaged across all DMRs. (B) The number of DMRs identified in different genomic features and sequence contexts, and (C) the
fractions of these individual DMRs where cis-variation, trans-variation or climatic variation are the major predictors. DMRs where none of the three predictors explained
>10% of the variance are classified as “unexplained”.

https:/doi.org/10.1371/journal.pgen.1010452.9g005
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sometimes genetic variation in cis or climatic distance, too, could be the strongest predictor.
To study this more systematically, we classified all DMRs based on their strongest predictor,
and we found that the fraction of DMRs in which climate was a stronger predictor of meth-
ylation variance than any of the genetic distances increased from CG to CHG to CHH (Fig
5C). In CHH, 25-30% of all DMRs had climatic distance as their strongest predictor. To
find out if cis-, trans- and climate-predicted DMRs were enriched close to genes responsible
for different functions, we ran separate GO enrichment analyses for the genes neighbouring
these three classes of DMRs. However, only for the trans-predicted DMRs we found signifi-
cant enrichment of a few GO terms (54 Fig), while there were none for the other two DMR
classes.

Discussion

Understanding natural epigenetic variation requires combining large-scale surveys of natural
populations with high-resolution genomics and environmental data. Here, we studied Euro-
pean populations of T. arvense to assess how climate of origin and genetic background shaped
their heritable DNA methylation variation. We found epigenetic population structure and
confirmed the genomic patterns of methylation of the T. arvense genome [36] in a large natural
collection. Most importantly, both genetic background and climate of origin were significantly
associated with methylation variation, but their relative predictive power varied depending on
DNA sequence context.

Our analysis of population structure detected two main clades, one composed of lines from
all surveyed countries and a smaller one with almost exclusively lines from Sweden. A latitudi-
nal gradient was also clear within the larger clade. The epigenetic population structure gener-
ally resembled the genetic one, with decreasing degrees of similarity from CG to CHG and to
CHH sequence contexts (Fig 1B). These differences between contexts might reflect their differ-
ent stability, caused by differences in the maintenance machineries [13,14] and possibly differ-
ent proportions of genetic versus environmental control. Moreover, mCG shows stronger
geographic patterns in genes and promoters than in TEs, possibly indicating a higher stability
or selection for this kind of methylation (S1 Fig).

Across all lines, we calculated a global weighted methylation of 16.9%, which is high in the
Brassicaceae family [20], particularly in comparison to A. thaliana (5.8%) [12]. The high global
methylation is related to the high TE content of the T. arvense genome (~60%)[36], but also to
a higher CHH methylation (12.3% across all lines) than it is known for most other angio-
sperms [20]. The levels of CG and CHG methylation (47.4% and 14.2% across all lines), in con-
trast, are more similar to other Brassicaceae [20]. As expected, we found that methylation was
very unevenly distributed not only between sequence contexts, but also between genomic fea-
tures, with high levels of methylation particularly in CG context, and in TEs and intergenic
regions (Fig 2A). Gene body methylation was generally very low, with lines carrying on aver-
age ~93% of the CDS unmethylated in all contexts (S3 Table), and the results were similar,
albeit much less extreme, for promoters (Fig 2B)[36]. When methylated, CDS were usually
methylated in all contexts, showing TE-like patterns, while CG-only methylation, typical of
many housekeeping genes in other species [20], was almost completely absent (S2 Fig). This
uncommonly low gbM is present in other Brassicaceae [20], in particular in the close relative
Eutrema salsugineum and might have evolved before speciation between Thlaspi and Eutrema
[20,36]. Although the loss of CHROMOMETHYLTRANSFERASE 3 (CMT3) was previously
associated to the loss of gene body methylation [51], this gene is expressed, although possibly
mutated, in Thlaspi. If CMT3 is indeed mutated in Thlaspi, the mutation is likely to affect all
lines equally, since we found no variants neighbouring CMT3 associated with variation in the
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number of gbM genes. Instead a significant peak in Scaffold_7, pointing towards other genes,
might explain this variation (S2C Fig). TE-like methylated genes, which are usually pseudo-
genes in many species, were enriched for some constitutive functions and were about eight
times more likely than average to overlap with TEs. This might indicate that the extensive TE
expansion that occurred in the Thlaspi genome also affected some housekeeping genes, with-
out compromising viability (S2 Fig). Overall these findings suggest that gene body methylation
in T. arvense differs from most previously studied plant species [20].

To understand the genetic basis of methylation variation in T. arvense, we used GWA anal-
yses, testing for associations between DNA sequence variation and average methylation levels
in different sequence contexts and genomic features. With a strict Bonferroni correction, we
did not detect any significant genetic variants, which probably resulted from a combination of
our moderate number of only 207 sequenced lines, the nested sampling design, and the high
number of tests (compared to A. thaliana) in a ~500 Gb genome. However, for some methyla-
tion phenotypes, we found strong enrichment of a priori candidates neighbouring genes
known to play a role in DNA methylation from A. thaliana studies, and this indicates that
many of our top peaks are likely to be true positives (Figs 3 and S3). Examples include the
peaks detected next to the genes AGO9, DRM3 and LIG1, which are all part of the DNA meth-
ylation machinery of A. thaliana [13,14], and which were also among our a priori candidates
(S5 Table). In addition to these ’expected’ candidates, we found several additional peaks next
to genes that were indirectly linked to DNA methylation, with predicted functions such as his-
tone acetylation, DNA repair and ubiquitination (S6 Table). The latter in particular is a post-
translational modification which was previously shown to affect methylation in several ways
[28-33]. These new candidate genes were not in our a priori list, which explains the drop of
enrichment at high -log(p) in several GWA analyses (Figs 3B and S3). Our results show that
while there appears to be partial overlap in the genetic control of DNA methylation between T.
arvense and A. thaliana, there are also important differences. Some of our strongest candidates
have not been associated with DNA methylation before, particularly not in natural popula-
tions. Functional characterization of these “new” candidates will be necessary to confirm our
findings and understand the mechanisms of action of these genes.

Finally, some interesting associations warrant further exploration and could uncover func-
tional differences with A. thaliana in the methylation machineries of different sequence con-
texts. For example we find a peak for mCG, next to a DRM3 orthologue, involved in RADM
and non-CG methylation maintenance in Arabidopsis [46-48], and vice versa a peak for
mCHH of promoters and TEs right next (3kb upstream) to an orthologue of the mCG mainte-
nance methyltransferase MET1. On the contrary, the high similarity between mCHG and
mCHH in regard to their genetic basis, as shown by the strong overlap of GWA results, seems
to be a common feature in the plant kingdom [13,14].

Natural epigenetic variation was not only associated with genetic background in our study,
but also with climate of origin. These correlations were generally much stronger than those
with latitude or longitude, which supports the idea that the observed correlations reflect adap-
tive processes and not just the combination of epigenetic drift and isolation-by-distance. Spe-
cifically, we found average methylation to be positively correlated with mean temperature but
negatively with temperature variability (Fig 4). Our field survey particularly captured the cold
end of the distribution range of T. arvense (Mean Annual Temp. 6.5-11.1°C). Previous studies
showed that cold can induce DNA demethylation in plants [52-54] and that demethylation in
turn can be associated with expression of cold-resistance genes and increased freezing toler-
ance [55,56]. The observed negative correlations between methylation and temperature might
therefore reflect adaptation to cold and the fact that we captured the cold end of the distribu-
tion. This interpretation is further supported by the fact that correlations with minimum
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temperatures were generally stronger than with bioclimatic variables capturing maximum
temperature (Fig 4) and explains why a similar study found negative correlations between tem-
perature and methylation in Arabidopsis accessions sampled on a range including many
warmer locations [12]. The negative relationship between DNA methylation and temperature
variability (Mean Diurnal Range and Temperature Annual Range) is more challenging to
interpret, as there have so far been no experimental tests manipulating environmental variabil-
ity in temperature. However, lower DNA methylation is often associated with lower genome
stability [57,58], and it is conceivable that in fluctuating and thus less predictable environ-
mental conditions, lower genome stability and higher transposon activity could be adaptive.
Supporting this hypothesis, Arabidopsis cmt2 mutants with slightly lower and more variable
CHH methylation in TEs, were shown to be more common in regions with high tempera-
ture seasonality [59]. Finally, we did not find any association between DNA methylation
and the precipitation of the population origins. However, this may largely be a result of our
latitudinal sampling design, which maximized temperature but not precipitation variation.
None of our sampling sites were particularly dry or particularly wet/oceanic (Annual Prec.
475-869 mm).

To better understand the predictive power of climate of origin versus genetic background,
we finally analysed the variance in methylation levels of individual DMRs. We found that,
across all DMRs, genetic variation in trans generally explained more DMR variation than cli-
matic variation or genetic variation in cis. However, there was a trend from CG to CHG to
CHH that the explanatory power of climate increased relative to that of genetic background
(Fig 5A). In CHH, climate was the strongest predictor of methylation variation in over one
quarter of the individual DMRs; in promoters this was true for even 35% of the DMRs (Fig
5B). These results further support the idea that methylation variation, particularly in CHG and
CHH, is not only involved in plant responses to short-term stress [17] but also in longer-term
environmental adaptation. Moreover, the observation that sometimes climate was the stron-
gest predictor, indicates that at least part of the climate-methylation associations could be
independent of DNA sequence variation [5]. Clearly, further work is needed to support these
speculations, in particular high-resolution analyses that disentangle the genomic versus epige-
nomic basis of relevant phenotypes related to climatic tolerances. We attempted to get some
hints of the functional basis of the observed genomic-methylation and climate-methylation
relationships by analysing GO enrichment in the neighbouring genes of trans-, cis- and
environmentally-associated DMRs, and we found some enrichment, mostly related to house-
keeping functions, for trans-DMRs, but none for cis- and environmentally-associated DMRs
(54 Fig). However, the functional annotation had GO terms for only less than half of our can-
didate genes, so our GO enrichment analysis had rather limited power.

In summary, our study is the first large-scale investigation of DNA methylation variation in
natural plant populations beyond the Arabidopsis model. We found that T. arvense natural
DNA methylation variation is shaped by genetic and environmental factors, and that the rela-
tive contributions of the two drivers vary strongly between sequence contexts. Methylation
variation in CG is generally the most similar to, and best predicted by, genetic variation. Mov-
ing to CHG and particularly CHH, the genetic determination decreases making environmental
determination relatively higher. Our results thus indicate that DNA methylation could play a
role in the large-scale environmental adaptation of T. arvense. Further experimental research,
in particular dissecting adaptive phenotypes, is necessary to corroborate this hypothesis. There
are currently efforts underway to develop T. arvense into a new biofuel and winter cover crop
[37-41], and any insights into the genomic basis of climate and other environmental adapta-
tion will be highly relevant to these efforts, particularly to deal with future climates.
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Materials and methods
Sampling and plant growth

In July 2018, we collected T. arvense seeds from 36 natural populations in six European
regions, spanning from southern France to central Sweden, and used them to conduct a com-
mon environment experiment in T{ibingen, Germany. The experiment started at the end of
August 2018 and lasted about two months. Upon sowing 207 lines in 9x9 cm pots filled with
soil, we stratified them for 10 d at 4°C in the dark. We then transferred the seeds to a glass-
house and transplanted seedlings to individual pots upon germination. The glasshouse had a
15/9 h light/dark cycle (6 a.m. to 9 p.m.) with temperature and humidity conditions averaging
18°C and 30% at night and 22°C and 25% during the day. External conditions influenced these
parameters, resembling natural growing conditions. 46 d after the end of the stratification
period, we collected the 3™ or 4™ true leaf and snap-froze it in liquid nitrogen.

Library preparation and sequencing

Using the DNeasy Plant Mini Kit (Qiagen, Hilden, DE), we extracted DNA from disrupted
leaf tissue obtained from the 3" or 4" true leaf. For each sample, we sonicated (Covaris) 300
ng of genomic DNA to a mean fragment size of ~350 bp and used the resulting DNA for both
genomic and bisulfite libraries. The NEBNext Ultra Il DNA Library Prep Kit for Illumina
(New England Biolabs) was used for library preparation and was combined with EZ-96 DNA
Methylation-Gold MagPrep (ZYMO) for bisulfite libraries. Briefly, the procedure involved: 1)
end repair and 3’ adenylation of sonicated DNA fragments, ii) NEBNext adaptor ligation and
U excision, iii) size selection with AMPure XP Beads (Beckman Coulter, Brea, CA), iv) split-
ting DNA for bisulfite (2/3) and genomic (1/3) libraries, v) bisulfite treatment and cleanup of
bisulfite libraries, vi) PCR enrichment and index ligation using Kapa HiFi Hot Start Uracil

+ Ready Mix (Agilent) for bisulfite libraries (14 cycles) and NEBNext Ultra II Q5 Master Mix
for genomic libraries (4 cycles), vii) final size selection and cleanup. Finally, we sequenced
paired-end for 150 cycles. Genomic libraries were sequenced on Illumina NovaSeq 6000 (Illu-
mina, San Diego, CA), while bisulfite libraries were sequenced on HiSeq X Ten (Illumina, San
Diego, CA).

Variant calling, filtering and imputation

Base calling and demultiplexing of raw sequencing data were performed by Novogene using
the standard Illumina pipeline. After quality and adaptor trimming using cutadapt v2.6 (M.
Martin 2011), we aligned reads to the reference genome [36] with BWA-MEM v0.7.17 [60].
We then performed variant calling with GATK4 v4.1.8.1 [61,62] following the best practices
for Germline short variant discovery (https://gatk broadinstitute.org/hc/en-us/articles/
360035535932-Germline-short-variant-discovery-SNPs-Indels-). Briefly, we marked dupli-
cates with MarkDuplicatesSpark and ran HaplotypeCaller to obtain individual sample GVCF
files. We combined individual GVCF files running GenomicsDBImport and GenotypeGVCFs
successively and parallelizing by scaffold, obtaining single-scaffold multisample vcf files. We
then re-joined these files with GatherVcfs. Upon assessment of quality parameters distribu-
tions, we removed low quality variants using VariantFiltration with different filtering parame-
ters for SNPs (QD < 2.0 || SOR > 4.0 || FS > 60.0 || MQ < 20.0 || MQRankSum < -12.5 ||
ReadPosRankSum < -8.0) and other variants (QD < 2.0 || QUAL < 30.0 || FS > 200.0 || Read-
PosRankSum < -20.0). Using vcftools v0.1.16 [63], we further filtered scaffolds with less than
three variants and variants with multiple alleles or more than 10% missing values. Prior to
imputation, we only applied a mild Minor Allele Frequency (MAF) > 0.01 filtering not to
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reduce imputation accuracy [64]. Imputation with BEAGLE 5.1 [65] recovered the few missing
genotype calls left, outputting a complete multisample vcf file.

Methylation analysis

The EpiDiverse WGBS pipeline is specifically designed for bisulfite reads mapping and meth-
ylation calling in non-model species (https://github.com/EpiDiverse/wgbs) [66]. We used it to
perform quality control (FastQC), base quality and adaptor trimming (cutadapt), bisulfite
aware mapping (erne-bs5), duplicates detection (Picard MarkDuplicates), alignment statistics
and methylation calling (Methyldackel). In the mapping step, we only retained uniquely-map-
ping reads longer than 30bp. The pipeline outputs context-specific (CG, CHG and CHH) indi-
vidual-sample bedGraph files, which we filtered for coverage > 3 and combined in
multisample unionbed files with methylated/total read counts for every position and sample
(we used custom scripts and bedtools [67]). We retained all cytosines with coverage > 3 in at
least 75% of the lines and used this dataset for all subsequent analyses.

For describing general patterns of methylation, we calculated weighted methylation as the frac-
tion between all methylated and all total read counts at every cytosine included in the calculation
[43]. In this way we also calculated the bisulfite non-conversion rates, including all cytosines with
coverage > 10 [2] in two regions of Scaffold_364 (51-60.5 KB and 95-110 KB), selected for high
similarity to chloroplast DNA and confidently unmethylated. For analyses of variation between lines
(GWA and correlation with climate) we used mean methylation, which is obtained by calculating
the methylation of each position first (methylated/total read count) and then averaging all positions
included in the calculation [43]. Weighted methylation corrects for coverage, but is highly influ-
enced by structural and copy number variants, which are likely abundant in a species with such a
high TE content [36]. As we were interested in true variation of methylation levels, mean methyla-
tion was more suited for comparing methylation of whole genomic features between lines.

To extract the mean and weighted methylation of genomic features, we intersected (bed-
tools) [67] unionbed files with genomic features (genes, CDS, introns, TEs, promoters and
intergenic regions) and averaged methylation of all intersected cytosines. For introns, we only
included regions annotated as intronic on both strands. We also extracted weighted methyla-
tion of individual CDS, promoters and TEs across all samples and plotted their distributions.
We then used this information to calculate the mean methylation of genes, excluding lowly
methylated ones (average mC < 5% across all lines) and used it for GWA. For PCA, we used
the R [68] function prcomp(). Genome wide PCAs were only based on positions without miss-
ing values as these were already a large amount (always > 1 million). Instead when restricting
to genomic features we allowed for 2% NAs and imputed these with the “missMDA” R package
[69] to include a larger amount of positions (always > 0.8 million). Nevertheless comparison
of PCA plots with and without imputation gave very similar results.

Gene Body Methylation classification

To test whether genes were methylated in their CDS, in any of the sequence contexts, we adopted
a method from previous authors [20,45]. First we used a binomial test to determine, for each cyto-
sine in CDS, whether it had significantly higher methylation than expected from bisulfite non-
conversion rates (P < 0.01). We then computed the fraction of methylated cytosines in all CDS
and lines, separately for each sequence context. Finally we tested if the fraction of methylated cyto-
sines of each individual CDS, was higher than the average of all CDS, with a one-sided binomial
test. In other words, we tested whether a specific CDS had a higher density of methylated positions
than all CDS on average. Upon correcting for multiple testing with the p.adjust() R function [68],
we considered “methylated” CDS with FDR<0.05. We restricted the analysis to genes with at least
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10 covered cytosines (coverage > 3) in each sequence context, for at least 90% of the lines. If a
CDS had less than 6 cytosines covered in a line, we coded it as a missing value. Such analysis
revealed the methylation status of 22703 genes in each line and sequence context. We defined as
“gbM?”, genes with mCG FDR < 0.05, and mCHG and mCHH FDR > 0.05. We defined as
“teM”, genes with mCHG or mCHH FDR < 0.05 [12]. For GO enrichment analysis we used
genes consistently methylated, i.e. methylated in at least 70% of the lines.

Population genetic and GWA analysis

For basic genetic population structure analysis, including PCA plots and generation of the IBS
matrix, we applied a mild MAF filtering (MAF>0.01) and performed variants pruning with
PLINK v1.90b6.12 [70], using a window of 50 variants, sliding by five and a maximum LD of
0.8. Upon this filtering, we also used PLINK to generate the IBS matrix used in several analyses
to correct for population structure or for DMRs variance decomposition. For PCA, we used
the R [68] function prcomp().

We ran GWA analyses for multiple phenotypes using a custom script based on the R pack-
age “rrBLUP” [71], which allows to run mixed models correcting for population structure with
the above-mentioned IBS matrix. We used biallelic variants and applied a MAF > 0.04 cutoff.
For Manhattan and QQplots we used the “qqman” package [72], calculating the genome-wide
significance threshold according to Sobota et al. (2015) [49]. We ran GWA analyses using each
average methylation context (CG, CHG and CHH) feature (global, CDS, introns, TEs, promot-
ers and intergenic regions) combination as phenotype. For genes we also calculated mean
methylation of methylated genes, excluding lowly methylated ones (average methylation > 5%
across all lines), ending up with a total of 24 methylation phenotypes (54 Table). Since a few
samples had higher than usual non-conversion rates (52 Table), leading to an overestimation
of their average methylation, we calculated, for each individual sample, the surplus non-con-
version rate from a baseline of 0.6%, and subtracted it from the mean methylation values. The
baseline of 0.6% allowed us to correct only the ~20% of samples with highest non-conversion
rates. Occasionally, we observed a positive correlation between mean methylation and cover-
age across lines, probably due to library preparation bias. In these cases we fit a linear model to
the data using the logarithm of coverage (from bam files), as this gave the best fit in all cases,
and used the residuals for GWA analysis. Finally, we applied Inverse Normal Transformation
to mean methylation phenotypes that deviated strongly from normality. A list of all methyla-
tion phenotypes used and corrections and transformations applied, can be found in S4 Table.

With the double aim of validating GWA results and comparing with previous A. thaliana
studies, we performed enrichment of variants neighbouring a priori candidate genes, accord-
ing to the method established by Atwell et al. (2010) [50]. We made a few additions to the
methylation candidate gene list used by Kawakatsu et al. (2016) [12], kindly provided by the
authors, extracted all T. arvense orthologues that we could retrieve from orthofinder [73] anal-
ysis and used them for our a priori candidate genes list (S5 Table). Briefly, we attributed “a pri-
ori candidate” status to all variants within 20kb from genes in the list and calculated
enrichment for increasing -log(p) thresholds as the ratio between Observed frequency (sign. a
priori candidates/sign. variants) and Background frequency (total a priori candidates/total var-
iants). Using the same formula adopted by Atwell et al. (2010) [50], we additionally calculated
an upper bound for the FDR among candidates.

Climate-methylation correlations

To obtain bioclimatic variables for the 25 years predating the experiment, we downloaded tem-
perature and precipitation variables from the “E-OBS daily gridded meteorological data for
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Europe” database (v21.0), freely available on the Copernicus website [44]. All downstream
analyses were conducted in R [68]. We extracted data for our population locations with the
“ncdf4” package [74], calculated monthly averages and extracted bioclimatic variables with
“dismo” [75]. Finally, we averaged bioclimatic variables from 1994 to 2018, the year of collec-
tion (S7 Table). To test for climatic patterns in methylation, we ran mixed models for all mean
methylation variables (the same as we used for GWA) and bioclimatic variables combinations,
using the relmatLmer() function from the R package “lme4qtl” [76] and correcting for popula-
tion structure using the same IBS matrix used for GWA analysis.

DMR calling

The EpiDiverse toolkit [66] includes a DMR pipeline based on metilene [77], which calls
DMRs between all possible pairwise comparisons between user-defined groups. We used this
tool to call DMRs using the 36 populations as groups, a minimum coverage of five (cov > 4)
and default values for all other parameters. We complemented the pipeline with a custom
downstream workflow to obtain DMRs for the whole collection from comparison-specific
DMRs. Briefly, since the pipeline output had an enrichment of short and close DMRs (particu-
larly in CHH), we joined all comparison-specific DMRs that were closer than 146bp and had
the same directionality (higher methylation in the same group). 146bp was chosen for consis-
tency with the pipeline fragmentation parameter. We then merged DMRs from all pairwise
comparisons (bedtools) [67] in a unique file and re-extracted weighted methylation of the
resulting regions from all samples. Finally, we filtered DMRs with a minimum methylation dif-
ference of 20% (CG) or 15% (CHG and CHH) in at least 5% of the samples. This ensured to
select DMRs with variability at the level of the whole collection.

DMR variance decomposition

To quantify the variance in methylation explained by cis-variants, trans-variants, and by the
environment, we ran three mixed models for each individual DMR using the marker_h2()
function from the R package “heritability” [78]. Each model had one random factor matrix,
capturing one of the three predictors. For cis we used an IBS matrix generated with PLINK
v1.90b6.12 [70] from variants within 50kb from the DMR middle point. For trans we used the
same IBS matrix used for all other analyses, described in the previous chapter. For the environ-
ment we calculated the Euclidean distance between locations, based on all Bioclimatic Vari-
ables averaged over 25 years before the sampling (1994-2018), and further reversed and
normalized the matrix to obtain a similarity matrix in a 0 to 1 range. To summarize the results
we: i) averaged cis, trans and environment explained variance across all DMRs and ii) classified
each DMR based on the mayor predictor.

Supporting information

S1 Fig. PCA plots of all 207 lines. (A) Complement to Fig 1B with latitude-coloured PCA
plots for the missing PC. (B) latitude-coloured PCA plots based on methylation of specific
genomic features (genes, TEs and promoters).

(PDF)

S2 Fig. Genes methylated in each context, GO enrichment analysis and GWA. (A) Venn
diagram of the number of genes methylated in each context in at least 70% of the lines, which
were also used for the GO enrichment. Genes methylated only in CG are labelled as “gbM”,
genes methylated in either CHG or CHH as “TE-like” [12]. (B) GO enrichment analysis of
methylated genes corresponding to (A). Only significant results for GO terms with minimum
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gene count of four are reported. GO categories are: Biological Process (BP), Cellular Compo-
nent (CC) and Molecular Function (MF). (C) GWA for number of gbM genes, including Man-
hattan plot, enrichment of a-priori candidates and qqplot.

(PDF)

S3 Fig. Complete methylation GWA results. Manhattan plots, enrichment of a priori candi-
date variants and QQplots for all mean methylation phenotypes. more5met: mean methylation
of genes with methylation > 5% across all lines. The genome-wide significance (horizontal red
lines), was calculated based on unlinked variants as in Sobota et al. (2015) [49], the suggestive-
line (blue) corresponds to-log(p) = 5. Top variants are labelled with the neighbouring genes
potentially affecting methylation.

(PDF)

S4 Fig. GO enrichment analysis of genes neighbouring trans-DMRs. Genes neighbouring
(2kb max) cis, trans and env-DMRs were used for individual GO term enrichment analysis,
but only the trans-DMRs gene set was enriched for any significant term.

(PDF)

S1 Table. Geographic locations of all T. arvense populations. Geographic coordinates, eleva-
tion and size of all populations.
(PDF)

S2 Table. Mapping statistics. Number of deduplicated mapped reads, average coverage and
non-conversion rates calculated from chloroplast DNA. WGS: Whole Genome Sequencing;
WGBS: Whole Genome Bisulfite Sequencing.

(CSV)

S3 Table. Number of genes methylated in each line. Numbers and fractions of genes per line
methylated in each sequence context, in CG only (gbM) and in either CHG or CHH (TEm)
[12].

(XLSX)

S4 Table. List of all mean methylation variables used for GWA and climate correlations.
Coverage correction indicates that, prior to GWA, residuals were extracted from a linear
model with log(coverage) as predictor. INT indicates Inverse Normal Transformation. more5-
met: Mean methylation of genes with methylation > 5% across all lines.

(PDF)

S5 Table. List of Thlaspi arvense a priori candidate genes. T. arvense genes and the respective
A. thaliana orthologues with known roles in methylation. We used this list for the enrichment
of a priori candidate variants performed upon GWA.

(CSV)

S6 Table. GWA candidate genes. List of all genes located within 15kb from variants signifi-
cant to -log(p) > 5, including methylation phenotypes where the association was found, a pri-
ori candidate status and relevant functional putative roles. Genes with predicted function
possibly affecting methylation are highlighted in bold.

(XLSX)

S7 Table. Bioclimatic variables. Bioclimatic variables used in this study, obtained from
monthly averages extracted from the Copernicus programme website [44] and averaged for
1993-2018.

(CsV)
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S1 Fig. PCA plots of all 207 lines. (A) Complement to Fig 1B with latitude-coloured PCA plots for the
missing PC. (B) latitude-coloured PCA plots based on methylation of specific genomic features (genes,

TEs and promoters).
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S2 Fig. Genes methylated in each context, GO enrichment analysis and GWA. (A) Venn diagram of the
number of genes methylated in each context in at least 70% of the lines, which were also used for the
GO enrichment. Genes methylated only in CG are labelled as “gbM”, genes methylated in either CHG
or CHH as “TE-like” [12]. (B) GO enrichment analysis of methylated genes corresponding to (A). Only
significant results for GO terms with minimum gene count of four are reported. GO categories are:
Biological Process (BP), Cellular Component (CC) and Molecular Function (MF). (C) GWA for number of

gbM genes, including Manhattan plot, enrichment of a-priori candidates and qgplot.
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S3 Fig. Complete methylation GWA results. Manhattan plots, enrichment of a priori candidate variants

Chromosome h—logrpj

and QQplots for all mean methylation phenotypes. more5met: mean methylation of genes with
methylation > 5% across all lines. The genome-wide significance (horizontal red lines) was calculated
based on unlinked variants as in Sobota et al. (2015) [49], the suggestive-line (blue) corresponds to —

log(p)=5. Top variants are labelled with the neighbouring genes potentially affecting methylation.
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gene set was enriched for any significant term.
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Region Population N°lines Closest town Latitude Longitude  Altitude
(m)
France FR 01 5 Les Rives 43.8508071 3.282875 743
France FR_02 4 Mostuéjouls 44.2385639 3.1596174 848
France FR_03 6 Miscon 44.6281220 5.523118 821
South Germany DE_01 6 Tubingen 48.5402860 9.034686 458
South Germany DE_02 6 Loffingen 478766732 8.427379 708
South Germany  DE_03 6 Braunlingen 47.9202121 8.434509 769
South Germany  DE_04 6 Balingen 48.2802594 8.837293 539
South Germany DE_06 6 Hirrlingen 48.4121117 8.8835621 431
South Germany  DE_07 6 Empfingen 48.3843302 8.7295661 515
South Germany DE_08 4 Wittershausen  48.3252288 8.6434947 536
The Netherlands NL_01 6 Wageningen 51.9550616 5.6372513 8
The Netherlands NL_02 4 Veenendaal 52.0403204 5.5523601 8
The Netherlands NL_03 6 Herwen 51.8861228 6.1316716 10
North Germany DE_09 6 Halle 51.5138186 11.9201814 83
North Germany  DE_10 6 Schwittersdorf  51.5626351 11.7071825 187
North Germany  DE_11 6 Eisleben 51.5409550 11.5963349 221
North Germany DE_12 6 Halle 51.5457637 119575064 90
North Germany DE_13 6 Plotz 51.6362233 11.9366542 82
North Germany  DE_14 6 Rothen 51.7079562 12.0079172 88
North Germany  DE_15 6 Bossdorf 52.0151260 12.583979 151
North Germany DE_16 6 Coswig 51.8852458 12.393296 55
South Sweden SE_01 6 Lund 55.7224293 13.184996 48
South Sweden SE_02 6 Lund 55.7316952 13.2524585 74
South Sweden SE_03 6 Lund 55.7729103 13.2571215 21
South Sweden SE_04 6 Eslov 55.7483891 13.3845241 24
South Sweden SE_05 6 Veberod 55.6372295 13.5000471 34
South Sweden SE_06 6 Vressel 55.6676921 13.6234294 20
South Sweden SE_07 6 Vanstad 55.622051 13.835959 81
South Sweden SE_08 5 Onslunda 55.6085961 14.0608974 108
Central Sweden  SE_09 5 Stockholm 59.3695897 17.9951086 9
Central Sweden  SE_10 6 Sollentuna 59.4340638 17.9218504 23
Central Sweden  SE_11 6 Rotebro 59.4773200 17.8533700 31
Central Sweden  SE_12 5 Uppsala 59.8191923 17.6535739 26
Central Sweden  SE_13 6 Uppsala 59.8447498 17.5101196 30
Central Sweden  SE_14 6 Uppsala 59.908915 17.599931 26
Central Sweden SE_15 6 Sigtuna 59.652574 17.6884701 15

S1 Table. Geographic locations of all T. arvense populations. Geographic coordinates, elevation and

size of all populations.
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The remaining supplementary tables are too large to be reported here, so please refer to our publication:

https://journals.plos.org/plosgenetics/article?id=10.1371/journal.pgen.1010452#sec018

S2 Table. Mapping statistics. Number of deduplicated mapped reads, average coverage and non-
conversion rates calculated from chloroplast DNA. WGS: Whole genome Sequencing; WGBS: Whole
Genome Bisulfite Sequencing.

S3 Table. Number of genes methylated in each line. Numbers and fractions of genes per line
methylated in each sequence context, in CG only (gbM) and in either CHG or CHH (TEm) [12].

S4 Table. List of all mean methylation variables used for GWA and climate correlations. Coverage
correction indicates that, prior to GWA, residuals were extracted from a linear model with
log(coverage) as predictor. INT indicates Inverse Normal Transformation. more5met: Mean
methylation of genes with methylation > 5% across all lines.

S5 Table. List of Thlaspi arvense a priori candidate genes. T. arvense genes and the respective A.
thaliana orthologues with known roles in methylation. We used this list for the enrichment of a priori
candidate variants performed upon GWA.

S6 Table. GWA candidate genes. List of all genes located within 15kb from variants significant to -
log(p) > 5, including methylation phenotypes where the association was found, a priori candidate
status and relevant functional putative roles. Genes with predicted function possibly affecting
methylation are highlighted in bold.

S7 Table. Bioclimatic variables. Bioclimatic variables used in this study, obtained from monthly

averages extracted from the Copernicus programme website [44] and averaged for 1993-2018.
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Abstract

Genome evolution is partly driven by the mobility of transposable elements (TEs) which
often leads to deleterious effects, but their activity can also facilitate genetic novelty and cat-
alyze local adaptation. We explored how the intraspecific diversity of TE polymorphisms
might contribute to the broad geographic success and adaptive capacity of the emerging oil
crop Thiaspi arvense (field pennycress). We classified the TE inventory based on a high-
quality genome assembly, estimated the age of retrotransposon TE families and compre-
hensively assessed their mobilization potential. A survey of 280 accessions from 12 regions
across the Northern hemisphere allowed us to quantify over 90,000 TE insertion polymor-
phisms (TIPs). Their distribution mirrored the genetic differentiation as measured by single
nucleotide polymorphisms (SNPs). The number and types of mobile TE families vary sub-
stantially across populations, but there are also shared patterns common to all accessions.
Ty3/Athila elements are the main drivers of TE diversity in T. arvense populations, while a
single Ty1/Alesia lineage might be particularly important for transcriptome divergence. The
number of retrotransposon TIPs is associated with variation at genes related to epigenetic
regulation, including an apparent knockout mutation in BROMODOMAIN AND ATPase
DOMAIN-CONTAINING PROTEIN 1 (BRATT), while DNA transposons are associated with
variation at the HSP19 heat shock protein gene. We propose that the high rate of mobiliza-
tion activity can be harnessed for targeted gene expression diversification, which may ulti-
mately present a toolbox for the potential use of transposition in breeding and domestication
of T. arvense.

Author summary

Transposable elements (TEs) are often considered genomic parasites, but they can also
generate phenotypic novelty that helps organisms to adapt to new environments. To
understand how TEs might contribute to phenotypic diversity and adaptive potential in
the emerging oilseed crop Thlaspi arvense (field pennycress), we examined the dynamics
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of TE variation in a geographically diverse sample of this species. By surveying almost 300
wild accessions from North America and Eurasia we discovered over 90,000 polymorphic
TE insertions. We identified not only genetic factors that vary between populations and
that are associated with TE mobilization, but also TE families that are most likely to gener-
ate genetic diversity of interest to breeders.

Introduction

Transposable elements (TEs) are often neglected, mobile genetic elements that make up large
fractions of most eukaryotic genomes [1]. In plants with large genomes, such as wheat, TEs
can account for up to 85% of the entire genome [2,3]. Due to their mobility, TEs can signifi-
cantly shape genome dynamics and thus both long- and short-term genome evolution across
the eukaryotic tree of life. TEs are typically present in multiple copies per genome and they are
broadly classified based on their replication mechanisms, as copy-and-paste (class I or retro-
transposons) or cut-and-paste (class IT or DNA transposons) elements. The two categories can
be broken down into superfamilies based on the arrangement and function of their open read-
ing frames [4]. Further distinctions can be made based on the phylogenetic relatedness of the
TE encoded proteins [5,6]. To minimize the mutagenic effects of TE mobilization, host
genomes tightly regulate TE load through an array of epigenetic repressive marks that suppress
TE activity [7-9].

While epigenetic silencing of TEs is important for the maintenance of genome integrity
and species-specific gene expression, TE mobilization can also generate substantial phenotypic
variation through changing the expression of adjacent genes, either due to local epigenetic
remodeling or direct effects on transcriptional regulation [10]. Because TE activity is often
responsive to environmental stress [11-13] and other environmental factors [14-17], it has
been proposed that it could be used for speed-breeding through externally controlled transpo-
sition activation [18].

Thlaspi arvense, field pennycress, yields large quantities of oil-rich seeds and is emerging as
a new high-energy crop for biofuel production [19-21]. As plant-derived biofuels can be a
renewable source of energy [22], the past decade has seen efforts to domesticate this species
and understand its underlying genetics in the context of seed development and oil production.
Thlaspi arvense is particularly attractive as a crop because it can be grown as winter cover dur-
ing the fallow period, protecting the soil from erosion [19]. Natural accessions of T. arvense
are either summer or winter annuals, with winter annuals being particularly useful as potential
cover crop [23]. Native to Eurasia, T. arvense was introduced and naturalized mainly in North
America [24].

As a member of the Brassicaceae family, T. arvense is closely related to the oilseed crops
Brassica rapa and Brassica napus, as well as the undomesticated model plant Arabidopsis thali-
ana [25]. A large proportion of the T. arvense genome consists of TEs [26], and TE co-option
has been proposed as a mechanism particularly for short-term adaptation and as a source of
genetic novelty [27]. As in many other species, differences in TE content is likely to be a major
factor for epigenetic variation as well, especially through remodeling of DNA methylation
[28].

Here, we use whole-genome resequencing data from 280 geographically diverse T. arvense
accessions to characterize the inventory of mobile TEs (the ‘mobilome’), TE insertion patterns
of class I and class II elements and their association with variation in the DNA methylation

PLOS Genetics | https://doi.org/10.1371/journal.pgen.1011141

January 31, 2024 2/22



PLOS GENETICS

Thlaspi arvense mobilome

landscape. We highlight a small TE family with preference for insertion near genes, which may
be particularly useful for identifying new genetic alleles for T. arvense domestication.

Results
Phylogenetically distinct transposon lineages shape the genome of T. arvense

To be able to understand TE dynamics in Thlaspi arvense, we first reanalyzed its latest refer-
ence genome, MN106-Ref [26]. In total, 423,251 transposable elements were categorized into
1984 unique families and grouped into 14 superfamilies (S1 Table), together constituting 64%
of the ~526 Mb MN106-Ref genome. Over half of the genome consists of LTR (Long Terminal
Repeat)-TEs. Using the TE model of each LTR family previously generated by structural de
novo prediction of TEs [26], we assigned 858 (~70%) of the 1,205 Tyl and Ty3 LTR-TEs to
known lineages based on the similarity of their reverse transcriptase domains [5] (Fig 1A).
The most abundant LTR-TE lineage in T. arvense is Ty3 Athila (S2 Table) with ~180,000
copies, 10-fold more than the next two most common lineages, Ty3 Tekay (~57,000) and Ty3
CRM (~30,000). The most abundant Ty1 elements belonged to the Ale lineage, with 108 fami-
lies, while the Alesia and Angela lineages were represented only by one family each (S2 Table).
Next, we compared the genomic distribution of lineages within the same TE superfamily
(Fig 1B). In the Tyl superfamily, CRM showed a strong centromeric preference, whereas Athila
was more common in the wider pericentromeric region. In the Tyl superfamily, Ale elements
were enriched in centromeric regions, whereas Alesia showed a preference for gene-rich regions.

Thlaspi arvense LTR retrotransposons present signatures of recent activity

To assess the potential and natural variation of TEs transposition across accessions, we used
the complete set of protein domains identified for a respective TE model to classify each family
as either potentially autonomous or non-autonomous (METHODS). About 60% of all TE fam-
ilies (1,260 out of 2,038) encoded at least one TE-related protein domain, but only about a
quarter had all protein domains necessary for transposition, and we classified these 537 fami-
lies as autonomous. Autonomous TE families had on average more and longer copies than
non-autonomous ones, although both contributed similarly to the total TE load in the genome
(S1 Fig). Next, we focused on individual, intact LTR-TE copies, since they are often the source
of ongoing mobilization activity (13)(18)(56). Overall, the 193 autonomous LTR-TE families
had more members without apparent deletions than the 1,027 non-autonomous LTR-TE fami-
lies (2,039 versus 339). Intact LTR-TEs from autonomous families tended to be evolutionarily
younger and more abundant than their non-autonomous counterparts (Fig 1C). As for line-
ages, Athila was the lineage with the most intact members, followed by Tekay and CRM

(Fig 1D), although estimates of insertion times revealed Ale and Alesia Tyl lineages as actors
of the most recent transposition bursts (Fig 1E).

TE polymorphisms in a collection of wild T. arvense populations

Our analysis of the MN106-Ref reference indicated that a substantial part of the genome con-
sists of autonomous TE families. To learn how TE mobility has shaped genomes at the species
level, we surveyed differences in TE content in a large collection of natural accessions. We
compiled whole-genome sequences of 280 accessions from different repositories (S3 Table),
covering twelve geographic regions, and much of the worldwide distribution of T. arvense in
its native range and in regions where it has become naturalized (Fig 2A).

We first characterized the population structure of this collection with a subset of high-con-
fidence SNPs and short indels that we used to cluster the accessions by principal component
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Fig 1. Genome-wide distribution and classification of TE families and superfamilies in the T. arvense reference genome
MN106-Ref. (A) Phylogenetic tree of LTR retrotransposons based on the reverse transcriptase domain. (B) Genome-wide distribution
of TE family and superfamily abundances. The tracks denote, from the outside to the inside, (1) protein-coding loci, (2) Athila, (3)
Retand, (4) CRM, (5) Tekay, (6) Reina, (7) Ale, (8) Alesia, (9) Bianca, (10) Ivana, (11) all DNA TEs. (C) Evolutionary age estimates of
intact copies of autonomous versus non-autonomous TE families. P-value is computed based on performing a Wilcoxon Rank Sum test.
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(D) Total number of intact TEs in different lineages. (E) Distribution of insertion time estimates for intact LTR elements across different
LTR TE lineages (shown if number of intact TEs was greater than 10).

https://doi.org/10.1371/journal.pgen.1011141.9001

analysis (PCA) (Fig 2B) (Methods). We also constructed a maximum likelihood tree without
considering migration flow for these populations, using the two sister species Eutrema sal-
sugineum and Schrenkiella parvula as an outgroup (S2 Fig). North American accessions
clustered together with European accessions, in support of T. arvense having been intro-
duced to North America from Europe. Chinese accessions formed a separate cluster, but the
most isolated cluster was composed of Armenian accessions, as it has been reported previ-
ously [20,26].

Next, we screened our data for TE insertion polymorphisms (TIPs), i.e., TEs not present in
the reference genome assembly. This will in most cases be due to insertions that occurred on
the phylogenetic branch leading to the non-reference accession, although it formally could
also be the result of deletion or excision events of a shared TE on the branch leading to the ref-
erence accession.

We detected 18,961 unique insertions, which were unequally distributed among popula-
tions, with an excess of singletons (5,617 singletons) (Fig 2C). The allele frequency of TIPs was
on average lower than that of SNPs (Fig 2C), with the caveat that detection of TIPs may incur
more false negatives. Saturation analysis (Fig 2D) indicated that we were far from sampling the
total TE diversity in T. arvense, especially in Armenian and Chinese accessions. Taken at face
value, the disparity in singleton frequencies between TIPs and SNPs would suggest either that
TIPs are on average evolutionarily younger than SNPs, or that there is stronger selection pres-
sure against TE insertions [29] (Fig 2C). What speaks against the latter view is that TIPs in the
gene-rich fraction of the genome, near the telomeres, have higher allele frequencies (Fig 2E),
while TIPs in the pericentromeric regions are more abundant, but have lower allele frequen-
cies (see S3 Fig for a statistical assessment).

We complemented our analysis of TIPs with a corresponding analysis of TE absence poly-
morphisms (TAPs), which we define as TEs that are found in the reference assembly but miss-
ing from other accessions. This could be due to insertions having occurred on the
phylogenetic branch leading to the reference accession or excisions of DNA TEs by a cut-and-
paste mechanism. TAPs were detected using a custom TAP annotation pipeline (METHODS).

Overall, a comparison of TIPs and TAPs distributions by PCA showed Armenian acces-
sions to be clear outliers, with all other accessions clustering closely together (Figs 2B and S5),
indicating that most of the observed TE variation reflects the population structure observed
with SNPs. As with SNPs, Armenian accessions harbor the largest number of both TIPs and
TAPs. If we look at the impact of these polymorphisms on the genomic landscape (Fig 3A), we
find a major hotspot of TAPs in chromosome 4 for a subset of accessions from Southern Swe-
den. There also appears to have been major insertion activity in the clade leading to the refer-
ence accession, as indicated by the high density of reference insertions missing in all other
populations at the ends of chromosomes 4 and 5. For both TIPs and TAPs, the major source of
TE polymorphisms comes from activity of Ty3 LTRs (RLGs), especially Ty3 Athila (Fig 3B).
Many other TE families contributed to both TIPs and TAPs as well, with 1,203 families having
at least one TIP, and 1,268 having at least one TAP. The more distant a population is geograph-
ically from the reference, the greater the contribution of non-autonomous families to the TIP
load, with the exception of Northern Germany (Fig 3C).

Across all populations, most TE activity was due to a small set of 25 TE families, with the
Athila lineage standing out in particular (Fig 3D). For highly active TE families, TIPs were
more diverse than TAPs, as the latter were predominantly driven by LTR retrotransposons.
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Host control of TE mobility

In A. thaliana, natural genetic variation affects TE mobility and genome-wide patterns of TE
distribution, driven by functional changes in key epigenetic regulators [14,30-32]. The rich
inventory of TE polymorphisms in T. arvense offered an opportunity to investigate the genetic
basis of TE mobility in a species with a more complex TE landscape. We tested for genome-
wide association (GWA) between genetic variants (SNPs and short indels) and TIP load of dif-
ferent TE classes, TE orders and TE superfamilies [4]. We found several GWA hits next to
genes that are known to affect TE activity or are good candidates for being involved in TE reg-
ulation (Fig 4A-4D). The results differed strongly between class I and class IT TEs: while class I
TEs were associated with a wide range of genes encoding mostly components of the DNA
methylation machinery (Fig 4A-4D), class II TEs were mostly associated with allelic variation
at an ortholog of O. sativa HEAT SHOCK PROTEIN 19 (HSP19). Only class I TE superfamilies
were enriched for significant associations close to DNA methylation machinery genes

(Fig 4B), and this difference was consistent for most superfamilies that belonged to either class
I or class II (S7 Fig). The most prominent hits for class I TIPs were near orthologs of A. thali-
ana BROMODOMAIN AND ATPase DOMAIN-CONTAINING PROTEIN 1 (BRATI), which
prevents transcriptional silencing and promotes DNA demethylation [7], and components of
the RNA-directed DNA methylation machinery such as DOMAINS REARRANGED
METHYLTRANSFERASE 1 (DRM1), ARGONAUTE PROTEIN 9 (AGO9) and DICER LIKE
PROTEIN 4 (DCL4) [33] (Figs 4A-4D, S7 and S8). Another category of genes that emerged in
our GWA are genes encoding DNA and RNA helicases such as RECQLI and 2 (Figs 4 and S8).
Some of our GWA peaks extend over several genes and might reflect associations with less
well characterized genes, but others have the strongest associations in individual genes such as
HSPI19 and BRATI (S8 Fig). For HSP19, the top SNPs are located in introns and it is difficult
to predict their effect. BRATI has two highly significant, fully linked SNPs in exons 1 and 4.
The SNP in exon 4 (Chr1:63627484) introduces a stop codon that removes part of the ATPase
domain and the entire chromatin binding bromodomain, and this mutation almost certainly
completely eliminates BRAT1’s anti-silencing activity [7].

Since accessions that diverged earlier from the reference had potentially more time to accu-
mulate TIPs, we also estimated the age of all insertions [14] and repeated the GWA using only
TIPs younger than 500,000 years. The results were similar to using all TIPs, suggesting that
this potential reference bias is unlikely to drive any of the identified associations (S9 Fig).

To further confirm the association between the DNA methylation pathway and class I TE
polymorphisms, we used published bisulfite sequencing data to quantify methylation levels of
the neighboring regions of TIPs [28]. In all three epigenetic contexts (CG, CHG, CHH; where
H stands for all three nucleotides but G), we found a significant increase of methylation up to
1 kb around class I, but not around class IT TE insertions (Fig 4E). Taken together, we interpret
these results such that class I TE mobility is primarily controlled by the DNA methylation
machinery, leading to RADM spreading around novel insertions, thus creating substantial epi-
genetic variation beyond TE loci.

An autonomous Alesia LTR family with insertion preference for specific
genomic regions

Our characterization of the T. arvense mobilome revealed a strikingly uneven distribution of
one autonomous LTR Tyl family belonging to the Alesia lineage, Alesia. FAM.7. This family
encompasses 144 elements in the reference genome, 51 of which are complete copies. Despite
being a relatively small TE family, 44 copies are close to genes (< 1 kb), of those, 8 copies are
within genes (S3 Table). Across all 4,215 Alesia.FAM.7 TIPs, that is insertions not present in
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transcriptional silencing and DNA demethylation)
Ta11761 Tarvense_11761 AT1G63855 Putative methyltransferase family protein 0 kb (exon)
DRM1 Tarvense_11767 AT5G15380 DOMAINS REARRANGED METHYLTRANSFERASE (de 10 kb (downstream)
novo and non-symmetric methylation maintenance)
RECQL1 Tarvense_09699  AT3G05740 RECQ HELICASE L1 (DNA recombination and repair) 2 kb (downstream)
AGO9 Tarvense_05665 AT5G21150 ARGONAUTE 9 (siRNA silencing) 13 kb (downstream)
CLSY2 Tarvense_05713 AT5G20420 CLASSY 2 (Gene silencing by RdDM) 17 kb (downstream)
PAT24 Tarvense_05719  AT5G20350 TIP GROWTH DEFECTIVE 1 1 kb (downstream)
DCL4 Tarvense_05722 AT5G20320 DICER-LIKE 4 (siRNA processing and RdDM) 12 kb (upstream)
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Fig 4. GWA analysis for TIP load of a class I and a class II TE superfamily. Results including all superfamilies are shown in S7 Fig.
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effects of the red-circled variants from the corresponding Manhattan plots on the left. (D) Shown are the candidate genes marked in A,
their putative functions and distances to the top variant of the neighboring peaks. Blue font denotes DNA methylation machinery genes
included in the enrichment analyses. (E) DNA methylation around class I and class IT TIPs in carrier vs. non-carrier individuals.

https://doi.org/10.1371/journal.pgen.1011141.g004

the reference genome, we found a strong enrichment nearby and within genes, which was the
case for ~75% of all insertions (Fig 5A and 5B). The genes potentially affected by these inser-
tions were involved in a wide range of functions, including metabolism and responses to biotic
and abiotic factors (Fig 5C). Reference insertions were rarely missing in other accessions,
except an intronic reference insertion that was detected as absent in some Swedish accessions.
The prevalence of Alesia. FAM.7 TIPs near genes suggests that the skewed distribution in the
reference is not so much due to removal of insertions in other regions, but that it reflects an
unusual insertion site preference of this family across all examined accessions.

Alesia. FAM.7 is highly similar to the Terestra TE family, first described in A. lyrata [35].
The Terestra family, which has been reported in six Brassicaceae, is heat responsive due to a
transcription factor binding motif also found in A. thaliana ONSEN, where it can be bound by
heat shock factor A (HSFA2) via a cluster of four nGAAn motifs called heat responsive ele-
ments (HRE) [12]. In Alesia. FAM.7, we found a similar four-nGAAn motif cluster in most
copies in the 5° LTR portion of the elements (Fig 5D). A search against the NCBI NT database
[36] revealed the presence of this TE family, with an Alesia-diagnostic reverse transcriptase
sequence signature, in several additional Brassicaceae (Fig 5E), notably B. rapa, B. napus, B.
oleracea, Raphanus sativus, and other Arabidopsis species, but not in A. thaliana. It is conceiv-
able that this heat-responsive, euchromatophilic Alesia family rewires gene regulatory net-
works between and within Brassicaceae species. We conducted a similar search of a subset of
TE families against the NCBI NT database (510 Fig) and Alesia.FAM.7 was indeed the only
deeply conserved TE family with evidence for recent activity.

Discussion

Although A. thaliana and T. arvense are close relatives, with evolutionary divergence estimates
of 15-24 million years ago [27] and similar life histories in terms of demographic dynamics,
geographic expansion, and niche adaptation [25,37], their genomes are very different, one key
difference being the significantly higher TE load of the T. arvense genome. Exploring the diver-
sity and dynamics of mobile elements in such TE-rich genomes enables a better understanding
of the evolution of genome architecture. Here, we report how TEs drive genome variation in
T. arvense by analyzing the diversity and phylogenetic relationships of TEs, as well as their
autonomous status, ongoing activity, and contrasts between biogeographic populations.

Many recent studies have confirmed that several TE families do not insert randomly in the
genome, and that their apparent enrichment in specific portions of the genome, such as cen-
tromeres, is not simply due to purifying selection [38]. Many TEs have clear insertion site pref-
erence [39], both driven by primary DNA sequence and by epigenetic marks, e.g. Tyl
insertions in A. thaliana are biased towards regions enriched in H2A.Z [40]. Our results con-
firm this view whereby the phylogenetic nature of an LTR element plays a role in the observ-
able genome-wide insertion pattern in T. arvense. Within the Tyl elements, Ale elements are
preferentially centrophilic whereas Alesia elements are enriched in the genic regions of the
genome. For the Ty3 elements, The Retand clade does not show any particular preference
across the chromosome, while CRM are centrophilic and Athila insertions are often found in
pericentromeric regions. Thus, a phylogenetic classification of TEs, alongside the classification
into autonomous and non-autonomous elements, is key to understanding TE dynamics, espe-
cially in LTR retrotransposon-rich genomes.
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Fig 5. Summary statistics and characterization of the Alesia.FAM.7 family in T. arvense and other Brassicaceae. (A) Distribution of several TE families across
different genomic contexts in T. arvense accessions. While several other families, such as MuDR.FAM.140 or CRM.FAM.215, are also often found in introns, Alesia.
FAM.7 is the only family that is commonly inserted in coding sequences. (B) Distribution of several LTR lineages along chromosome 1 in MN106-Ref. (C) GO
enrichment of genes associated with Alesia. FAM.7 TIPs. (D) Phylogenetic tree of Alesia. FAM.7 related copies across different Brassicaceae. (E) Structure of the Alesia.
FAM.7 model: 5° Long terminal repeat (LTR); primer binding site (PBS), a tRNA binding site, in this case complementary to A. thaliana methionine tRNA; Gag domain;
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https://doi.org/10.1371/journal.pgen.1011141.g005

We learned that one third of the T. arvense genome consists of Ty3/Athila LTR-TEs, which
is considerably more than in other Brassicaceae, such as A. thaliana and Capsella rubella,
where Tyl1/Ale elements are the most abundant TE lineage [41]. This suggests that a single or
multiple ancient Athila bursts may underlie genome size expansion in T. arvense. This is in
line with the expansion of the Ty3 LTR-TE superfamily, to which Athila belongs, in Eutrema
salsugineum [42], from which T. arvense diverged 10-15 million years ago [43]. Similar Ty3
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associated expansions have been reported, for example, for Capsicum annuum (hot pepper)
[44].

Having established substantial variation in TE content among natural accessions, we asked
whether there is also genetic variation for control of TE mobility, as is the case for A. thaliana
[14,30,31]. Perhaps not too surprisingly, the sets of genes associated with TE mobilization
appear to depend on the nature of the TE transposition mechanism. While variation in retro-
transposon insertions was strongly associated with several genes involved in the DNA methyl-
ation machinery, DNA transposon insertions were instead associated with a single Heat Shock
Protein 19 (HSP19) gene, and this was consistent across different class I (retrotransposon) and
class IT (DNA transposon) superfamilies. Although studies in A. thaliana have highlighted dif-
ferences in the genetic control of methylation and mobility of the two classes of transposons,
GWA for CHH methylation of TE families did not produce very different signals for class I
and II families [45]. The same was true for TIP-counts of different families and superfamilies
as phenotypes [14,32]. Since HSP19 is an ortholog of an O. sativa gene that is absent from the
A. thaliana reference genome, it is possible that this gene is providing new functionality in T.
arvense. What this functionality might be is difficult to answer with our data, but different
types of HSPs are involved in DNA methylation-dependent silencing of genes and TEs in A.
thaliana [46], and in controlling transposition in several other organisms [47-49]. That class I
and class II TEs in T. arvense apparently differ in their genetic requirements for silencing can
be potentially linked to our observation that DNA methylation spreads more rapidly from
class I than class II TE insertions in this species.

The contrast between Alesia and Athila lineages suggests that TEs may be more than detri-
mental genome parasites. There are many examples from animals and plants of both TE pro-
teins and TEs themselves having been domesticated and thereby enriching genome function
[38,50-52]. While parasitic TEs may constitute the majority of TEs within a given species,
there can be different life cycle strategies adopted by TEs [53]. With respect to notable TE fam-
ilies in T. arvense, Alesia’s gain of HREs might provide a unique selection advantage, allowing
it to survive more easily in the genome, as long as copy numbers are low, in a relationship with
the host that resembles other forms of symbiotic lifestyle. Further research of this enigmatic
Alesia lineage, which is found in many angiosperms [41], could enhance our understanding of
the different strategies used by TEs to persist over long evolutionary time scales.

Turning to more practical matters, it might be possible to exploit the preference of Alesia.
FAM.7, which is conserved in several Brassicaceae species, for genic insertions as a source of
fast genic novelty for crop improvement. TE insertions in exons might disrupt genes, while
intronic insertions might modulate alternative splicing or reduce the accumulation of correctly
spliced transcripts. An example is provided by A. thaliana accessions in which an intronic
COPIA insertion in the disease resistance gene RPP7 shifts the balance between full-length
and truncated transcripts [54]. It would therefore be useful to determine how easily Alesia.
FAM.7 can be mobilized by heat in T. arvense, and conversely, whether heat responsiveness
might also be a source of unwanted genetic variation in breeding programs.

Methods
Dataset summary

For the investigation of T. arvense natural genetic variation (TIPs, TAPs, and short variants),
we leveraged Illumina short read data from three studies [26,28,43]. The largest survey investi-
gated both genetic and DNA methylation variation in 207 European accessions (13 from the
Netherlands, 16 from the South of France, 42 from the South of Germany, 52 from the North
of Germany, 48 from the South of Sweden and 40 from Middle Sweden). In addition, we used
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data from 39 Chinese accessions (10 each from Xi’an, Zuogong, and Hefei and 9 from Man-
gKang) [43], 21 from the US, and one each from Chile and Canada [26]. For most of the Euro-
pean accessions, Illumina whole-genome bisulfite-sequencing (BS-seq) data were available as
well [28] (S3 Table). We used as reference the assembly generated in [26], together with the
gene and TE annotation also generated in that study. To visualize the accession locations in
the world map, we used free vector and raster map data from naturalearthdata.com. We rein-
forced this dataset by sequencing 12 different accessions, 7 Armenian and 5 European, using
MMumina paired-end 2x150 bp WGS (S3 Table). Briefly, we grew plants in soil, collected fully
developed rosette leaves, snap-froze them in liquid nitrogen and disrupted the tissue to frozen
powder. We extracted genomic DNA and prepared Illumina libraries as described before [28].
To validate our TIP analysis we also sequenced our samples using long read HiFi PacBio tech-
nology for a single Armenian accession (Ames32867/TA_AM_01_01_F3_CC0_M1_1). For
the ancestry analysis, we used two assemblies for Eutrema salsugineum and Schrenkiella par-
vula (NCBI ID: PRJNA73205; Phytozome genome ID: 574 respectively) as outgroup species.

TE analysis of the reference genome

To resolve phylogenetic relationships of the LTR-TEs in T. arvense using information from a
collection of green plants (Viridiplantae) at REXdb [5], and to classify T. arvense LTR-TEs into
lineages, we used the DANTE pipeline (https://github.com/kavonrtep/dante) and its Viridi-
plantae v3.0 database. We used a published T. arvense TE library [26] as query with default
parameters except for “—interruptions”, which we set to 10 to reflect the fact that we used as
input the consensus TE models and therefore likely have frameshifts and stop codons in these
sequences. Using these identified protein domains, we evaluated whether a given TE family is
autonomous, i.e., whether it codes for the entire machinery needed for transposition. An LTR
retrotransposon family was considered autonomous with the following domains identified by
DANTE: retrotranscriptase, RT; capsid related domain, GAG; RNase H, RH; protease, PROT;
and integrase, INT. Autonomous non-LTR retrotransposons, LINEs, had to contain: retro-
transcriptase, RT. DNA TE families had to contain: transposase, TPase. DNA TEs of the Heli-
tron superfamily had to contain in addition: DNA helicase, HEL.

After classification, we used the inferred amino acid sequences of the retrotranscriptase
domains extracted from Ty3 and Tyl elements identified by DANTE to produce two multiple
sequence alignments using MAFFT with standard parameters [55]. Using RAXML [56], we
built a set of phylogenetic trees under a JTT + gamma model, with 100 rapid bootstraps to
assess the branch reliability of the NJ tree.

Analysis of intact LTR-TEs analysis and estimates of LTR-TE age used LTRpred [57]
against the reference genome with default parameters. We correlated the genomic positions of
the de novo predicted LTR-TEs with those in the annotation using bedtools [58] intersecting
with” -f 0.8 -r” parameters.

To analyze the extent of conservation of TE families larger than 2 kb across Brassicaceae,
we ran BLASTN [59] against the NCBI NT database [36], June 2022 release. Next, we filtered
the result by requiring 80% identity and 80% alignment coverage of the query sequence. For
Alesia. FAM.7 TE family filtered matches, we performed a multiple sequence alignment of the
remaining matches using MAFFT [55] with default settings and constructed a tree with
RaxML [56] with the parameters “-model JTT+G—Dbs-trees 100“. To de novo discover nGAAn
motifs in all the sequences of Alesia. FAM.7, we ran MEME [60] with the following parameters
“-mod zoops -nmotifs 3 -minw 6 -maxw 50 -objfun classic -revcomp -markov_order 0”.The de
novo deemed HRE motif selected had 4 nGAAn clusters in the reverse strand: AAAGAAA-
GAGTGTTCTTCATAAGTTCTCTTATTCTC (E-value = 2.8e-33).
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Expression analysis of reference TEs was performed using TEspeX [61]. We obtained
paired-end RNA seq data from 27 samples comprising nine different tissues from the
MN106-Ref reference accession [26]. We obtained raw counts for each library by mapping the
reads to both transcripts of protein coding genes and to the TE consensus library. Raw counts
were normalized as suggested [61] (RPM: raw counts/total mapped reads x 1 million). We
used a non-parametric Wilcoxon rank-sum test to compare expression between autonomous
and non-autonomous TE families.

Short variant calling

We called variants with GATK4 [62], following best practices for germline short variant dis-
covery (https://gatk.broadinstitute.org/hc/en-us/sections/360007226651-Best-Practices-
Workflows), as described in [28]. Briefly, we trimmed reads, removed adaptors, and filtered
low quality bases and short reads (<25 bp) using cutadapt v2.6 [63]. We aligned trimmed
reads to the reference genome [26] with BWA-MEM v0.7.17 [64], marked duplicates with
MarkDuplicatesSpark and ran Haplotypecaller, generating GVCF files for each accession. To
combine GVCEF files, we ran GenomicsDBImport and GenotypeGVCFs successively for each
scaffold, and then merged files with GatherVcfs, to obtain a multisample VCF file. Based on
quality parameters distributions, we removed low-quality variants using VariantFiltration
with specific parameters for SNPs (QD < 2.0 || SOR > 4.0 || FS > 60.0 || MQ < 20.0 ||
MQRankSum < -12.5 || ReadPosRankSum < -8.0) and other variants (QD < 2.0 ||

QUAL < 30.0 || FS > 200.0 || ReadPosRankSum < -20.0). We filtered variants with vcftools
v0.1.16 [65], retaining only biallelic variants with at most 10% missing genotype calls, and
Minor Allele Frequency (MAF) > 0.01. Finally, we imputed missing genotype calls with BEA-
GLE 5.1 [66], obtaining a complete multisample VCEF file. All the code for short variants call-
ing, filtering and imputation can be found on GitHub (https://github.com/Dario-Galanti/
BinAC_varcalling).

For calculating site frequency spectra, we used all biallelic SNPs with Minor Allele Count
(MAC) of at least two. To assess the population structure of our dataset, we pruned variants in
strong LD using PLINK [67] with the following parameters “—indep-pairwise 50 5 0.8” and
then ran PCA analyses to assess the variance of natural variation. Due to the high divergence
of the Armenian accessions from the rest, we ran separate PCAs with and without these acces-
sions, to highlight the structure of the remaining populations (54 Fig).

Lastly, we analyzed the genetic relatedness among accessions from different geographic
regions constructing a maximum likelihood tree using TREEMIX [68] with 2,500 bootstrap
replicates without considering migration flow and using as an outgroup two sister species,
Eutrema salsugineum and Schrenkiella parvula. We merged all 2,500 independent treemix runs
and generated a consensus tree with the Phylip “consense” command (https://evolution.
genetics.washington.edu/phylip/).

TE polymorphism calling

To identify TE insertion polymorphisms (TIPs), we used SPLITREADER [32] as described in
[69]. We applied two custom steps (https://github.com/acontrerasg/Tarvense_transposon_
dynamics). In short, we removed Helitron insertions, as they have been shown to have a high
false positive ratio [32].

Next, we mapped short reads from the reference accession MN106 to the reference genome
to identify regions of aberrant coverage, using sample SAMEA9464759 from ENA project
PRJEB46635 [26]. We calculated read coverage (RC) in 100 bp windows, adjusted for GC con-
tent [70], and excluded windows with abnormal coverage, arbitrarily defined as threefold
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lower or higher than the genome wide, GC content adjusted mean. Any TIPs in these regions,
which corresponded to ~16% of the reference genome, were excluded from the final dataset.
Lastly, we removed TIPs with >100 reads 500 bp upstream and/or downstream of the TIP,
because this suggested aberrant structural variants in the sample, not reflected in the reference.
To calculate the variant frequency spectra of TIPs, we classified TIPs as shared between two or
more accessions if coordinates were identical. To estimate the age of insertions, we used this
same classification and calculated the maximum pairwise divergence (number of SNPs)
between each combination of two carriers, in the 70 kb region around the insertion [14], using
simply the number of private SNPs for singletons. We then extrapolated the most likely age
based on A. thaliana mutation rate [71], assuming 1 generation per year.

To detect TIPs using SPLITREADER, a collection of TEs is required. We used a representa-
tive subset of the total number of TEs present in the T. arvense reference genome, generated
with a custom script. As a selection criterion, we defined representatives according to the con-
sensus TE sequence of each family and the five longest individual members of each family. If a
family consisted of < 5 members, all members were used.

We visually inspected 2,790 TIPs spanning all analyzed TE superfamilies and all accessions
using a visual browser. Over 70% of TIPs were deemed correct, which is in line with reports
from other studies in A. thaliana [32] and tomato [72].

To further confirm our TIPs, we generated HiFi PacBio long reads for an Armenian accession
(Ames32867/TA_AM_01_01_F3_CC0_M1_1). We stratified seeds at 4°C for one month and ger-
minated them on soil. One month after germination, we subjected plants to 24h dark prior to har-
vesting. We extracted high molecular weight (Hmw) DNA as described [73] using 600 mg of
ground rosette material. Using a gTUBE (Covaris) we sheared 10 ug of HMW DNA to an average
fragment size of of 24 kb and prepared two independent non-barcoded HiFi SMRTbell libraries
using SMRTbell Express Template Prep Kit 2.0 (PacBio). We pooled the two libraries and per-
formed size-selection with a BluePippin (SageScience) instrument with 10 kb cutoff in a 0.75%
DF Marker S1 High Pass 6-10 kb v3 gel cassette (Biozym). We sequenced the library on a single
SMRT Cell (30 hours movie time) with the Sequel II system (PacBio) using the Binding Kit 2.0.
Using PacBio CCS with “—all” mode (https://ccs.how/), we generated HiFi reads (sum = 31 Gb,
n = 1,633,975, average = 19 kb). We called structural variants (SVs) against the reference using
Sniffles2 [74]. 71% of the TIPs called in this accession using short reads had a PacBio HiFi-read
supported SV within 200 bp, in line with our visual assessment of TIP quality.

Using paired-end short read Illumina data, we also screened for TE absence polymorphisms
(TAPs). First, we calculated the GC-corrected median read depth (RD) in genome-wide 10 bp
bins for short-read data sets from all accessions and from two reference controls. For every
annotated TE > 300 bp, we extracted its corresponding RD-bins for both the controls and a
single sample and used a non-parametric test (Wilcoxon Rank Sum) to compare the bins of
the focal sample with the bins of both controls. If i) the annotated TE showed a significant dif-
ference in coverage between the focal accession and the mean of the controls, and ii) the
median coverage of that TE showed at least a 10-fold reduction in the focal accession com-
pared to the all accession median coverage, then such a TE was considered absent in the focal
accession. To exclude the possibility that our TAP calls were the result of major rearrange-
ments in the vicinity of the TAP call, we calculated the coverage of the flanking regions of the
TAPs and removed those with < 5X or > 50X mean coverage.

Genome-wide Association between TE polymorphisms and genomic regions

To detect genetic variants associated with variation in TE content, we ran GWA using the
number of TIPs of different classes, orders and superfamilies as phenotypes. We used mixed
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models implemented in GEMMA [75], correcting for population structure with an Isolation-
By-State (IBS) matrix. Starting from the complete VCF file obtained from variant calling, we
used PLINK [67] to prune SNPs in strong LD (—indep-pairwise 50 5 0.8) and computed the
IBS matrix. We tested for associations between TIP counts and all variants with MAF > 0.04
(SNPs and short INDELSs). We log-transformed TIP counts to approximate a log-normal dis-
tribution of the phenotype. To quantify the potential effects of components of the epigenetic
machinery on TE content, we calculated the enrichment of associations in the proximity of a
custom list of genes with connections to epigenetic processes [28] for increasing cutoffs [34].
Briefly, we assigned an “a priori candidate” status to all variants within 20 kb of the genes from
the list and calculated the expected frequency as the fraction between “a priori candidate” and
total variants. We calculated enrichment for -log(p) threshold increments, comparing the frac-
tion of significant a priori candidates (observed frequency) to the expected frequency. We fur-
ther calculated the expected upper bound for the false discovery rate (FDR) as described in
[34]. The code to run GWA and the described enrichment analysis is available on GitHub
(https://github.com/Dario-Galanti/multipheno_ GWAS/tree/main/gemmaGWAS).

DNA methylation around insertions

To investigate cytosine methylation in the proximity of TIPs, we leveraged Whole Genome
Bisulfite Sequencing (WGBS) data from the European accessions, using multisample unionbed
files [28]. To reduce technical noise, we first excluded singleton TIPs and TiPs within 2 kb of
another TIP or 1 kb to annotated TEs. We calculated average methylation of accessions with
and without a focal TIP in 2 kb flanking regions. We then combined methylation values of all
TIPs in 50 bp bins of the 2 kb flanking regions, averaging all positions within each bin. Finally,
we calculated the moving average (arithmetic mean) of 3 bins to smoothen the curves. The
workflow was based on custom bash and python scripts available at https://github.com/
acontrerasg/Tarvense_transposon_dynamics.

Intersection with genomic features and Gene Ontology enrichment analysis

To investigate the targeting behavior of different TE families or superfamilies, we counted
TIPs in different genomic features with bedtools [58] and divided them by the total genome
space covered by each feature to obtain relative insertion density. We turned to gene ontology
(GO) enrichment analysis to characterize genes potentially affected by insertions, using all
genes located within 2 kb of an insertion. Briefly, we extracted GO terms from the T. arvense
annotation and integrated them with the terms from A. thaliana orthologs identified by Ortho-
Finder2 [76]. We assessed enrichment with clusterProfiler [77] and piped all terms with p

value < 0.05 to REVIGO [78], using default parameters.

Code availability

Code used for analysis and figures can be found at: https://github.com/acontrerasg/Tarvense_
transposon_dynamics.

Supporting information

S1 Table. Summary statistics of previously annotated TEs for the T. arvense reference
genome MN106-Ref.
(XLSX)

S2 Table. Lineages of LTR-TEs in the T. arvense genome MN106-Ref.
(XLSX)

PLOS Genetics | https://doi.org/10.1371/journal.pgen.1011141  January 31, 2024 16/22



PLOS GENETICS

Thlaspi arvense mobilome

$3 Table. List of datasets that were uploaded to the Zenodo repository: https://doi.org/10.
5281/zenodo.10161730 (10.5281/zenod0.6372331).
(XLSX)

S1 Fig. Comparison of autonomous and non-autonomous TE families in T. arvense
MN106-Ref. (A) Absolute (left) and relative (right) fraction of autonomous and non-autono-
mous elements in each TE superfamily. (B) Comparison of the fraction of autonomous and
non-autonomous elements in each TE superfamily (left). Size comparison of the TE copies
according to their autonomy per superfamily (right). (C) Contribution of each superfamily
and their autonomous/non-autonomous fraction to total genome size in Mb. (D) Distribution
of size and copy number per LTR retrotransposon lineage. (E) TE expression in autonomous
vs. non-autonomous TEs.

(TIF)

S2 Fig. SNP-based maximum likelihood tree of T. arvense populations. Based on a model
without migration, 2,500 bootstraps. Node weights represent bootstrap values. Outgroup spe-
cies at the bottom.

(TIF)

S3 Fig. Frequency distribution of TIPs overlapping with annotated genes and TEs. TIP
allele frequencies near other TEs are significantly lower than near genes (Wilcoxon Rank Sum
test, p < 2.22E°).

(TIF)

S4 Fig. SNP-based PCA of a subset of T. arvense accessions. The Armenian accessions,
which are outliers in the PCA using all accessions (Fig 2), were excluded from this new PCA
analysis, which shows how Chinese and European accessions cluster separately. We also
observe part of the south Sweden accessions clustering far from the rest of the European acces-
sions.

(TIF)

S5 Fig. PCA analysis of 279 individuals of T. arvense. A presence/absence matrix of either
TIPs (left) or TAPs, (right) was used as input to calculate PCA. This result recapitulates the
clustering pattern observed with the SNP-PCA.

(TIF)

S6 Fig. Genomic distribution of TIPs and TAPs along all seven chromosomes of T. arvense.
Color columns indicate to which biogeographical population each accession belongs to.
(TIF)

S7 Fig. Complete GWA results for TIP load. Left: Manhattan plots for each TIP superfamily
load. The genome-wide significance (red line) corresponds to a full Bonferroni correction, the
suggestive line (blue) to a more generous hard threshold of —-log(p) = 5. Genes next to top vari-
ants are labeled with names, blue font indicates genes with link to DNA methylation included
in the enrichment analyses. Middle: Enrichment and expected FDR of genes with link to DNA
methylation, for significance threshold increments [28,34]. Right: QQplots of p-values.

(TIF)

S8 Fig. Zoom-in of GWA peaks with candidate genes highlighted. The genome-wide signifi-
cance (dotted red line) corresponds to a full Bonferroni correction. DNA methylation machin-
ery genes used for the enrichment of a priori candidates are depicted in blue, other genes that
might affect transposition in red. The putative knock-out SNP disrupting the function of
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BRATTI is depicted in green.
(TIF)

S9 Fig. GWA results for genome-wide load of TIPs younger than 500,000 years. Left: Man-
hattan plots for load of TIPs for each TE superfamily. The genome-wide significance (red line)
corresponds to a full Bonferroni correction, the suggestive line (blue) to a more generous hard
threshold of -log(p) = 5. Genes next to top variants are labeled with names, blue font indicates
genes with link to DNA methylation included in the enrichment analyses. Middle: Enrichment
and expected FDR of genes with links to DNA methylation, for significance threshold incre-
ments. Right: QQplots of p-values.

(TIF)

S10 Fig. BLASTN hits of T. arvense TE families with model sizes > 4 kb against the NCBI
NT database, June 2022 release. We filtered the matches using the 80/80/80 rule, and further
constrained matches to fulfill > 2kb length criteria. The x-axis denotes the number of species
with at least 1 hit. Each family has at least one hit, namely T. arvense itself. TE families with
more than 5 hits are highlighted. The number of TIPs in T. arvense populations is shown in
parentheses for the highlighted families to indicate that there is no obvious correlation
between mobility in T. arvense and phylogenetic conservation.

(TIF)
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Supporting information

Grler Superfamily Key Number of Number of % Genomic
families copies space
Helitron Helitron DHH 132 24,224 2.01
TIR hAT DTA 74 7,452 0.768
TIR CACTA DTC 103 12,093 1.30
TIR Harbinger DTH 46 6,204 0.435
TIR MuLE DTM 218 18,041 1.53
TIR Mariner DTT 3 708 0.02
LINE NonLTR/L1 RIC 4 217 0.05
LINE I RII 2 83 0.01
LINE L1 RIL 80 10,785 0.768
LINE R2 RIR 26 8,892 0.42
LINE Undefined RIX 76 11,321 1.217
LTR Undefined RLA 15 3,301 1.12
LTR Ty1 RLC 310 37,531 6.3
LTR Ty3 RLG 895 28,2391 48.2

S1 Table. Summary statistics of previously annotated TEs for the T. arvense reference genome

MN106-Ref [26].
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Superfamily LTR lineage Number of Number of % genomic space
families individuals
Ty3 non-chromovirus|OTA|Athila 267 179,544 33.8
Ty3 non-chromovirus|OTA|Tat|Retand 58 24,890 29
Ty3 chromovirus 1 40 0.007
Ty3 chromovirus|CRM 120 29,864 3.2
Ty3 chromovirus|Galadriel 4 178 0.04
Ty3 chromovirus|Reina 38 1,907 0.3
Ty3 chromovirus|Tekay 94 57,078 5.6
Ty3 pararetrovirus 7 1,074 0.1
Ty1 Ale 108 25,351 3.3
Ty1 Alesia 1 144 0.07
Ty1 Angela 1 557 0.06
Ty1 Bianca 32 9,986 1.0
Ty1 Ikeros 9 587 0.1
Ty1 Ivana 42 3,185 0.4
Ty1 SIRE 24 3,303 0.8
Ty1 TAR 21 3,223 0.3
Ty1 Tork 35 2,068 0.3

S2 Table. Lineages of LTR-TEs in the T. arvense genome MN106-Ref.

S3A:

S3B:

S3C:

S3D:

S3E:

S3F:

S3G:

S3H:

S31:

S3J.

S3K:

Accession numbers of samples sequenced in this study.

Metadata of all accessions used in this study.

Association of TE family name and the inferred lineage.

Complete list of TIPs discovered in this study.

Complete list of TAPs discovered in this study.

Distribution of Alesia.FAM.7 in the reference genome.

Detailed GO enrichment results of genes located within 2 kb of Alesia.FAM.7 detected TIPs.

Filtered blastn results of querying all the nucleotide sequences of the Thlaspi arvense TE models used

in this study [26] against the NCBI NT database as per June of 2022.
GWA results in a format compatible with IGV.
GWA results of TIPs younger than 500,000 years in a format compatible with IGV.

Bed file with the age estimation of all TIPs.
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S3 Table. Additional information. These datasets were uploaded to the Zenodo repository:

https://doi.org/10.5281/zenodo.10161731.
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superfamily. (B) Comparison of the fraction of autonomous and non-autonomous elements in each TE

superfamily (left). Size comparison of the TE copies according to their autonomy per superfamily

(right). (C) Contribution of each superfamily and their autonomous/non-autonomous fraction to total

genome size in Mb. (D) Distribution of size and copy number per LTR retrotransposon lineage. (E) TE

expression in autonomous vs. non-autonomous TEs.
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bottom.
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16).
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S8 Fig. Zoom-in of GWA peaks with candidate genes highlighted. The genome-wide significance
(dotted red line) corresponds to a full Bonferroni correction. DNA methylation machinery genes used
for the enrichment of a-priori candidates are depicted in blue, other genes that might affect

transposition in red. The putative knock-out SNP disrupting the function of BRAT1 is depicted in green.
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S9 Fig. GWA results for genome-wide load of TIPs younger than 500,000 years. Left: Manhattan plots
for load of TIPs for each TE superfamily. The genome-wide significance (red line) corresponds to a full
Bonferroni correction, the suggestive line (blue) to a more generous hard threshold of —log(p) =5.
Genes next to top variants are labelled with names, blue font indicates genes with link to DNA
methylation included in the enrichment analyses. Middle: Enrichment and expected FDR of genes with

links to DNA methylation, for significance threshold increments. Right: QQplots of p-values.
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Chapter Il

Discarded sequencing reads uncover natural variation in pest resistance in Thlaspi arvense

Dario Galanti, Jun Hee Jung, Caroline Miiller, Oliver Bossdorf.
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Abstract

Understanding the genomic basis of natural variation in plant pest resistance is an important goal in
plant science, but it usually requires large and labour-intensive phenotyping experiments. Here, we
explored the possibility that non-target reads from plant DNA sequencing can serve as phenotyping
proxies for addressing such questions. We used data from a whole-genome and -epigenome
sequencing study of 207 natural lines of field pennycress (Thlaspi arvense) that were grown in a
common environment and spontaneously colonized by aphids, mildew and other microbes. We found
that the numbers of non-target reads assigned to the pest species differed between populations, had
significant SNP-based heritability, and were associated with climate of origin and baseline
glucosinolates content. Specifically, pennycress lines from cold and thermally fluctuating habitats,
presumably less favorable to aphids, showed higher aphid DNA load, i.e. decreased aphid resistance.
Genome-wide association analyses identified genetic variants at known defense genes but also novel
genomic regions associated with variation in aphid and mildew DNA load. Moreover, we found several
differentially methylated regions associated with pathogen loads, in particular differential methylation
at transposons and hypomethylation in the promoter of a gene involved in stomatal closure, likely
induced by pathogens. Our study provides first insights into the defense mechanisms of Thlaspi
arvense, a rising crop and model species, and demonstrates that non-target whole genome sequencing
reads, usually discarded, can be leveraged to estimate intensities of plant biotic interactions. With
rapidly increasing numbers of large sequencing datasets worldwide, this approach should have broad

application in fundamental and applied research.
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Introduction

Plant pests, such as pathogens and herbivores, can cause major yield losses in crops and often require
the massive use of pesticides to control their damage. Natural plant populations, on the other hand,
are constantly exposed to such biotic stressors and their higher genetic diversity often allows these
populations to become locally adapted. Since many pest species are sensitive to climatic conditions,
their pressure on plant communities is spatially heterogeneous, maintaining geographically structured
genetic variation in plant defenses (1,2). For these reasons, natural plant populations are highly
suitable to study defense mechanisms and evolution of defenses, and also a very useful source of
beneficial and resistance alleles for specific pathogens and environmental conditions. This genetic
variation in defense-related genes can for example be screened through Genome Wide Association

(GWA) (3-6) or approaches based on known candidate genes (2).

Many pest species are also highly sensitive to temporal variation in weather conditions. This temporal
heterogeneity in pathogen pressure can induce plastic responses in plants, involving gene expression
and epigenetic changes (7-9), which may also be studied through stress experiments (7-9). Some
plastic epigenetic responses can have a transient stability and be transmitted to the next generations
through inheritance of epigenetic marks (10-13). In particular, DNA methylation has been shown to
respond to biotic and abiotic stresses through gene expression regulation and transposable elements
(TEs) reactivation, and can be inherited across generations (9,12,14). In plants, DNA methylation can
occur in the three sequence contexts CG, CHG and CHH (H being A, T or C), which differ in their
molecular machineries depositing, maintaining and removing methylation and consequently also in
their transgenerational stability (15,16). While CG methylation is usually more stable across
generations, CHH methylation is less stable and more responsive to stress and the sensitivity of CHG

methylation lies somewhere in between (15-17).

Whether inherited or induced, some strategies of plants for defense against pathogens and herbivores
include: i) physical barriers such as reinforced cell walls, leaf protective layers or closing stomata, ii)
production of specialized (secondary) metabolites that reduce palatability or are toxic to pests, iii)
oxidative bursts, iv) the activation of signaling cascades to induce systemic responses and v) RNA
interference mechanisms to silence pathogen genes (18—-22). In Brassicaceae, a particularly important
and diverse class of defense metabolites are glucosinolates, which often show local adaptation driven

by variation in pests and can also be induced by herbivore and pathogen attacks (1,2,23).

Studying natural variation in plant resistance, along with associated genetic and epigenetic variation,
can identify genes involved in defense and their regulators, including vital genes whose function

cannot be determined through knockout experiments. Such knowledge, and especially the discovery
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of natural resistance alleles, are crucial sources for the breeding of more pest-resistant crop varieties.
Nevertheless, because of the diversity of resistance mechanisms and their often multigenic nature,
plant defense mechanisms remain difficult to study. In particular, antixenosis (the prevention of
pathogen settlement) and antibiosis (the repression of pathogen growth and reproduction) require
extensive and time-consuming phenotyping, based for example on choice (24) or settling (9) assays,
and such assays are extremely challenging to perform on large collections. On the other hand, there
are increasing numbers of large sequencing datasets, which may also be used to quantify contaminants
or microbiome composition (25—27) and thus as proxies for resistance phenotyping. In this study we
investigated such usage of exogenous reads, i.e. reads not mapping to the target reference genome,

as a source of information for quantifying herbivore and pathogen abundance in large collections.

We worked with field pennycress (Thlaspi arvense), an annual plant in the Brassicaceae family that is
increasingly studied as a model species (28-32) and new biofuel and winter cover crop (33-36). In a
previous study, we investigated natural epigenetic variation in a collection of 207 Thlaspi lines from
across Europe (32). Prior to their whole-genome and -epigenome sequencing these lines had been
grown in a common environment, an open glasshouse where the plants were spontaneously colonized
by aphids and powdery mildew, as well as by other microbes. At the time of sequencing, pathogen
contamination was still very limited but appeared highly variable, and preliminary analyses showed
that it resulted in sizeable amounts of non-target reads assigned to the pest species, i.e. contamination
of the DNA samples. Inspired by other recent studies on non-target reads (25-27), we asked if there
was systematic variation in the numbers of aphid and pathogen reads among different T. arvense lines,
and whether these data, together with our whole-genome plant sequencing data, could provide

insights into the genomic basis of plant resistance variation.

The goals of our study were thus two-fold: i) to contribute to a mechanistic understanding of pest
resistance in Thlaspi arvense, and ii) to explore whether non-target reads from plant sequencing can
be used as proxies for studying plant biotic interactions. Considering that we are moving towards an
increasingly sequencing-prone world, with more and larger datasets being generated for many species

(37-43), the use of non-target reads has very broad potential.
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Results
Reads classification and species identification

Starting from our previously published sequencing data (32), the first step of our analysis was to
separate the Whole Genome Sequencing (WGS) reads of each sample into the ~99.5% mapping to the
Thlaspi arvense reference genome (29) and the ~0.5% that did not, hereafter called “exogenous reads”
(Fig 1A). Initially, we used all mapped reads for calling variants in Thlaspi, but after some difficulties
with Genome Wide Associations (see below) we suspected that some plant reads were false and
mapped to the T. arvense genome only because of the high cross-taxa similarity of some genomic
regions. We therefore remapped all reads to the genomes of the aphid Acyrthosiphon pisum, its
endosymbiont Buchnera aphidicola and the powdery mildew Blumeria graminis, and found that, on
average, 7.4% of the reads mapped to both T. arvense and at least one of the pests. We removed these
ambiguous reads from our analyses and used only the T. arvense target reads, 92.1% on average, for

variant calling (Fig 1A, S1 Table).

We next attempted a taxonomic classification of the exogenous reads, in multiple steps. First, we used
MG-RAST (44,45) to assign reads to taxonomic groups based on public sequencing databases. Out of
the 78% of the exogenous reads that passed the MG-RAST quality control (S1 Table) the majority
belonged to bacteria and smaller fractions to fungi, plants and animals (Fig 1B and S2 Table). For
subsequent group-level analyses, we then focused on nine taxonomic groups that occurred
consistently within our samples (Fig 1C), and that were particularly abundant or relevant: Erysiphales
(fungi), Peronosporales (oomycetes), Aphididae and Culicidae (both insects), and five bacterial

families.

Visual inspection (Fig 1D) and other sources of information narrowed down the observed aphid and
mildew species to a few candidates. For aphids we considered Acyrthosiphon pisum (indicated by MG-
RAST), Myzus persicae (visual match, and a generalist attacking Brassicaceae (46)) and Brevicoryne
brassicae (attacks Brassicaceae including Thlaspi (47)). For powdery mildew we considered Blumeria
graminis (indicated by MG-RAST), and Erysiphe cruciferarum (attacks Brassicaceae (48)). To decide
among these species, we then used a competitive mapping approach (49), where the exogenous reads
were aligned to a pseudo-reference composed of the same DNA sequences from the different
candidate species (see Methods for details, S3 and S4 Tables). The majority (77%) of the aphid reads
mapped to M. persicae, 18% to B. brassicae, and 5% to A. pisum, while 98% of the mildew reads
mapped to E. cruciferarum, with only 2% to the other mildew species (S5 Table). Based on these results,
we concluded that the plants in our experiment had been attacked by Myzus persicae and Erysiphe

cruciferarum.
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Finally, to compare the power of a large database approach (MG-RAST) versus using specific reference

genomes, we also remapped all exogenous reads to the M. persicae and B. aphidicola genome

assembilies (50) (www.ncbi.nlm.nih.gov/assembly/GCA 001939165.1) and used the counts from these

two mappings as additional phenotypes, besides the nine taxonomic groups selected through MG-

RAST (Table 1, S6 Table).
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Fig 1. Classification of sequencing reads in Thlaspi arvense WGS data. (A) Workflow of the analyses, including reads

classification (orange nodes) into target, ambiguous and exogenous reads, and downstream analysis (dark blue nodes) (see

Methods). (B) Fractions of exogenous reads assigned to different taxonomic groups by MG-RAST (44,45). (C) Read counts
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assigned to nine selected groups in our 207 T. arvense samples from different European regions. (D) Aphids and mildew

occurring on T. arvense leaves during our experiment.

Exogenous read counts are a heritable Thlaspi phenotype

As we had observed that aphid and mildew infections in the glasshouse were not random, but
prevalent on plants from some origins than others, i.e. possibly reflecting heritable variation in plant
resistance, we next tested for population differences and SNP-based heritability in pest and
microbiome loads (see Methods). Prior to these analyses, to avoid biases caused by different
sequencing depths, we corrected the read counts for the total numbers of deduplicated reads in each

library and used the residuals as unbiased estimates of aphid, mildew and microbe loads.

For most of the nine taxonomic groups, there were significant population effects, with 20-40% of the
variance in read counts explained, as well as significant SNP-based heritability, typically in the range of
0.18 - 0.30 (Table 1). The highest heritability of 0.47 was for read counts of Erysiphales, indicating
particularly strong variation for resistance to mildew. Both SNP-based heritability and population
differences tended to be stronger for aphid and Buchnera data based on read mapping to the reference
genomes than for those based on MG-RAST, demonstrating that the former method is stronger and

thus preferable if high-quality genome assemblies are available.

An alternative explanation for different aphid and mildew loads in the greenhouse could be that enemy
variation in the field was transmitted to the greenhouse, through maternal carry-over effects, or even
as seed contamination. However, we had recorded aphid and mildew occurrence during seed sampling
in the field and found no significant differences in the glasshouse between the offspring of plants that

had been attacked in the field versus those that had not (S1 Fig).

Table 1: Population differences and SNP-based heritability for different types of exogenous read counts. Population
differences were tested with a linear model, SNP-based heritabilities (and their confidence intervals) estimated with the R

package heritability.

Population differences

Taxonomic gro Data type SNP-based heritabilit
X ic group YP (R%2and P-value) rabiity
. Mapping to
Myzus persicae 0.245 (P =0.029) 0.190 (0.055-0.488)
reference genome
- Mapping to
Buchnera aphidicola 0.256 (P =0.016) 0.169 (0.042-0.490)
reference genome
Buchnera MG-RAST - genus 0.223 (P =0.090) 0.115 (0.016-0.505)
Aphididae MG-RAST - family 0.226 (P =0.082) 0.189 (0.052-0.496)
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Culicidae MG-RAST - family 0.166 (P =0.519) 0.183 (0.055-0.465)
Erysiphales MG-RAST - order 0.326 (P < 0.001) 0.468 (0.238-0.712)
Peronosporales MG-RAST - family 0.253 (P =0.020) 0.266 (0.096-0.553)
Staphylococcaceae MG-RAST - family 0.390 (P < 0.001) 0.301 (0.124-0.567)
Burkholderiaceae MG-RAST - family 0.275 (P = 0.005) 0.256 (0.092-0.538)
Mycobacteriaceae MG-RAST - family 0.362 (P <0.001) 0.294 (0.120-0.560)
Pseudomonadaceae MG-RAST - family 0.273 (P =0.006) 0.192 (0.052-0.505)

Aphid and mildew loads correlate with climate of origin and glucosinolates content of plants

Having established that our method most likely captured variation in plant resistance, we were
interested in the ecological drivers of this variation. As climate is known to be a major influence on
many biotic interactions as well as plant defenses (1,51), we correlated the observed read counts with
the climates of origin of the plants. We found negative correlations between aphid read counts and
several temperature variables, in particular annual minimum temperature (Fig 2A). Aphid read counts
were also positively correlated with temperature variability, i.e. the diurnal and annual ranges of
temperature (Fig 2A). In other words, plants from warmer and more stable climates had consistently
lower levels of aphid infestation in our glasshouse, possibly because these plants had evolved greater
resistance under such benign climatic conditions where aphids thrive. We found similar, although
weaker patterns, for the number of Erysiphales reads. The other analysed taxonomic groups showed
different and often weaker patterns of correlation with climate, except that the read counts of several
bacterial groups were positively correlated with annual maximum temperature and in particular

diurnal temperature range.

Since glucosinolates are major defense metabolites of Brassicaceae, and their variation could thus be
an explanation for variance in plant resistance, we also tested for correlations between the baseline
amounts of these metabolites and the frequencies of aphid and mildew reads. Glucosinolate levels
were measured on the same T. arvense lines in a separate experiment not affected by pests (S7 Table).
We found positive correlations of aphid read counts with sinigrin, an aliphatic glucosinolate which is
by far the most abundant in the leaves of T. arvense, and a stronger negative correlation with benzyl
glucosinolates (glucotropaeolin) (Fig 2B). Although the baseline levels of benzyl glucosinolates were
very low and probably sometimes below the detection level, plant lines where benzyl glucosinolate

was detected had significantly lower aphid loads (over 70% less reads) in the glasshouse (Fig 3C). We
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also detected three indole glucosinolates, but these did not show any significant correlations with

aphid loads.
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Fig 2. Relationships between climates of origin or glucosinolate levels of plants and the exogenous reads loads. (A)
Correlations with bioclimatic variables. (B) Correlations with baseline glucosinolate (GS) levels measured in the same
pennycress lines in another experiment. All correlations in (A) and (B) were done after correction for population structure.
Aphid-related read counts are in green, mildew-related in gray, others in black. (C) Boxplot of the aphid reads residuals in

samples where benzyl GS was detected vs. not.

GWA identifies peaks near defense genes

To further investigate the genetic basis of variation in aphid, mildew and microbe loads, we next
employed GWA and tested for associations between exogenous read counts and biallelic genetic
variants (SNPs and short INDELs). We corrected for population structure using an IBS matrix and only
tested variants with Minor Allele Frequency (MAF) > 0.04 (see Methods). Initially, we called genetic
variants using all reads that mapped to the T. arvense genome and found massive peaks in some highly
conserved regions of the genome, which had very high mapping coverage (S2 Fig). We suspected that
this might be because some non-Thlaspi reads were very similar to these highly conserved regions and,

by mapping there, generated false variants only in samples containing many non-Thlaspi reads. We
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therefore identified and removed ambiguous reads prior to variant calling, which eliminated the

observed massive GWA peaks, indicating that they had indeed reflected false associations (S2 Fig).

After excluding the ambiguous reads, we still found significant GWA peaks for Erysiphales but not for
other types of exogenous reads (excluding isolated, unreliable variants) (Fig 3A and S3 Fig).
Nevertheless, when clear peaks were visible, regardless of their significance, they were usually located
close to genes involved in plant defense response. An enrichment analysis (52) confirmed that stronger
variants were indeed enriched close to these defense genes (S8 Table) for some exogenous read counts
(Fig 3B and S3 Fig). For M. persicae load there was a peak in the proximity of Tarvense_01930, encoding
a predicted pathogenesis-related peptide. The top variant in this peak had a slight but clear allelic
effect on M. persicae load (Fig 3C). For Erysiphales load we detected a more persistent enrichment,
with a highly significant peak in Scaffold 1, located in a region with several defense genes, including
MAJOR LATEX PROTEINS (MLP) and two genes similar to Arabidopsis thaliana SALICYLATE
METHYLTRANSFERASE 1 (BSMT1) (Fig 3D and E). This region is wide due to ancient TE colonization, but
the top variants are clearly neighboring candidate genes involved in defense (Fig 3E). Other significant
peaks for Erysiphales load were close to other genes that possibly contribute to resistance such as

PBL7, involved in signaling and stomatal closure or SRF3, reinforcing cell walls by callose deposition.
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Genename Gene ID Ortholog Putative function Top SNP location
MLP 31 Ta_10442/45/55 AT1G70840 MAJOR LATEX PROTEIN 31 - Defense response 8 / 2kb downstream
MLP 28 Ta_10443/54 AT1G70830 MAJOR LATEX PROTEIN 28 — Defense response 6/ 1kb downstream
MLP 43 Ta_10444 AT1G70890 MAJOR LATEX PROTEIN 43 - Defense response 4kb downstream
MLP 165 Ta_10446 AT1G35260 MAJOR LATEX PROTEIN 165 - Defense response, GS biosynthesis < 1kb downstream
BSMT1 Ta_10447/48 AT3G11480 Salicylate/benzoate methyltransferase — Defense response Okb

CAR8 Ta_10449/53 AT1G23140 Abscisic adid-activated signaling pathway 0/ 2 kb upstream
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PBL7 Ta 12648 ATS5G02800 Brassinosteroid signalling pathway, stomatal closure. 1 kb upstream
Ta01930 Ta_01930 AT3G50020 Predicted PR (pathogenesis-related) peptide — Defense response 12 kb downstream
SBT1.7 Ta_01928/29 AT5G67360  Serine protease essential for mucilage release from seed coats < 1kb upstream
GH3.1 Ta 05347 AT2G14960  Similar to IAA-amido synthases — Auxine response < 1kb downstream
SRF3 Ta_05348 AT4G03390 SR FAMILY 3 — Cell wall callose deposition and stress response 3kb upstream
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Fig 3. Genome-wide association analyses for aphid and mildew loads. We show only the results for M. persicae and MG-
RAST Erysiphales read-counts; for full results see S3 Fig. (A) Manhattan plots, annotated with genes potentially affecting
aphid/mildew colonization. The genome-wide significance (horizontal red line) was calculated based on unlinked variants
(53), the blue line corresponds to —log(p) = 5. (B) Corresponding to the Manhattan plots on the left, enrichment of a priori
candidates and expected false discovery rates (as in (52)) for increasing significance thresholds. (C) Allelic effects of the red-
marked variants in the corresponding Manhattan plots, with genotypes on the x-axes and the read-count residuals on the y-
axes. (D) The candidate genes marked in panel A, their putative functions and distances to the top variant of the neighboring

peak. Candidates in dark blue are the a priori candidates included in the enrichment analyses and involved in defense
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response (GO:0006952). GS: glucosinolates. (E) Zoom-in for the Manhattan plot of Erysiphales load, around the first peak in

Scaffold 1, with gene and TE models below, and a priori candidates in blue.

Aphid and mildew loads correlate with differential methylation at genes and transposons

Variation in phenotypes, such as our indirect estimates of pest resistance, may not only be associated
with DNA sequence but also with epigenetic changes like DNA methylation. This phenotype-associated
epigenetic variation can include both heritable and plastic components. The Whole Genome Bisulfite
Sequencing (WGBS) data from our previous study (32) allowed us to also explore these questions and
to test for associations between DNA methylation variation and pest attack. For simplicity, we limited

this analysis to M. persicae and Erysiphales loads.

Our analysis had two steps: First we called Differentially Methylated Regions (DMRs) between the 20
samples with the most and least M. persicae or Erysiphales loads, and then we conducted Epigenome
Wide Association (EWA) analyses on individual positions located within these DMRs (see Methods).
This approach allowed us to target genomic regions of interest, while strongly reducing the multiple-
testing problem of millions of cytosines in the whole genome and correcting for population structure.
Using a relaxed False Discovery Rate (FDR) of 20%, we identified 162 DMRs for M. persicae load and
548 DMRs for Erysiphales load (S4 Fig, S9 and S10 Table). The majority of these were in the CG context,
especially for M. persicae-related DMRs (Fig 4A and S4 Fig). As observed previously (32), DMRs in CHH
were generally shorter than in the other sequence contexts (S4A Fig). Since the genome of T. arvense
is rich in TEs and intergenic regions, the majority of DMRs were located in those features (S4B Fig).
However, the DMR density was higher in proximity of genes and particularly in coding sequences (Fig
4A), and even DMRs assigned as intergenic (Fig 4A) were often located close to genes or promoters. In
accordance with previous studies (8,9), most DMRs were hypomethylated in the affected samples,

indicating that genes needed for defense might be activated through demethylation.

For a more detailed investigation, we turned to EWA, leveraging the power of the entire Thlaspi
collection. We tested for associations between M. persicae or Erysiphales loads and the methylation
at individual cytosines located within the DMRs. As in GWA, we corrected for population structure
using an IBS matrix. For both types of pest loads, we found associations in the proximity of genes and
especially within TEs, but no genomic feature was particularly enriched for low P-value associations
(S5A Fig). M. persicae load was associated with methylation at several genomic locations, especially
TEs (Fig 4B), but these associations had strongly inflated P-values (S5B Fig). For Erysiphales load the P-
value distribution was more well-behaved (S5B Fig), and we found a clear association with

hypomethylation of Copia family 202 TEs upstream of MAPKK KINASE 20 (MAPKKK20), a gene involved
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in abscisic acid (ABA) stress response and stomatal closure (Fig 4B, C and D). A coverage analysis

confirmed that none of the T. arvense lines carries insertions or deletions of the TEs upstream of

MAPKKK20.
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Fig 4. Differential methylation associated with aphid and mildew loads. (A) Differentially Methylated Region (DMR) densities
in different genomic features when comparing the 20 samples with the most vs. the least M. persicae (top) or Erysiphales
(bottom) load. CDS: coding sequences. (B) Manhattan plots from EWA analyses based on individual cytosines within DMRs,
with sequence contexts in different colours and annotation of genes close to low P-value cytosines. The genome-wide
Bonferroni significance thresholds (dashed red lines) were calculated based on the number of DMRs. (C) Candidate genes and

TEs marked in panel B, their putative functions, genomic locations of associated DMRs, and whether affected samples were
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hyper- or hypomethylated. (D) Zoomed-in Manhattan plot for Erysiphales load around the peak in Scaffold 4, with gene and
TE models given below. The CG methylation in the 20 most and least affected samples was calculated over 50 bp bins (see

S5C Fig for methylation in other contexts).

Discussion

Plant pests are a major threat to food safety, causing large yield losses, and new crops such as the
potential biofuel plant Thlaspi arvense must be able to resist pathogen and herbivore attacks. A
powerful source for obtaining resistant varieties is natural variation in plant defenses, but phenotyping
large collections can be very time-consuming and error-prone. Here we describe how an unplanned
pest infestation in a glasshouse experiment, together with available WGS data, can be used to estimate
aphid, mildew and microbial loads, and thus variation in plant resistance. The approach is
straightforward, makes use of WGS data without microbiome-specific DNA extraction, and can in
principle be applied to many other situations such as field experiments. It is not error-free, but we
highlight some potential pitfalls, show how to reduce noise, and illustrate its potential to detect

associations with climatic, genetic and epigenetic variation.

An important first step in our analyses was the identification and classification of pest-related reads in
the plant WGS data. We began by classifying all reads as target (only mapping to T. arvense),
ambiguous (mapping to T. arvense and at the same time to at least one of the pest genomes) or
exogenous (not mapping to T. arvense) (Fig 1A). We demonstrated the importance of removing
ambiguous reads prior to variant calling, as this prevented calling false positive variants caused by
exogenous DNA that also mapped to highly conserved or repetitive sequences in the T. arvense
genome. We then classified the exogenous reads using MG-RAST (44,45) or by confident mapping to
specific pest genomes, and selected the eleven most relevant and/or abundant taxonomic groups to
focus our analyses on. To obtain unbiased pest/microbe loads we also corrected the read-counts for
the total number of deduplicated reads of each sample. A competitive mapping approach allowed us
to identify the aphid and mildew species that had occurred in our experiment as the generalist aphid

Myzus persicae and the powdery mildew Erysiphe cruciferaum (Fig 2).

Since we suspected a non-random colonization of pests and microbes in our T. arvense collection, we
tested for population differences as well as SNP-based heritability. We found significant population
differences for most pest and microbe loads, and often heritabilities above 15%, which although low,
is still indicative of genetic determination (5). Moreover, Erysiphales load had a particularly high
heritability of 47% (Table 1). We therefore next asked what could explain the observed variation in

pest loads in our experiment. As pathogen abundances in the field are often determined by climatic
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conditions, we expected plants originating from climates less favorable to aphids to perform worse in
our glasshouse, i.e. to have higher pathogen loads. As expected, aphid counts were negatively
correlated with temperature of origin (particularly minimum temperature), and positively with
temperature variability (Mean Diurnal Range and Temperature Annual Range) (Fig 3A), suggesting that
plants from colder and more thermally fluctuating climates, which are less favorable to aphids, were
less well defended and performed worse in our glasshouse. We found similar but weaker patterns for

Erysiphales load.

As we expected the observed climate-associated variation in pest loads to be at least partially
explained by variation in chemical defenses, and since in Arabidopsis thaliana glucosinolates, the main
defensive compounds, are known to be geographically structured in response to aphid distributions
(1), we also tested for association of aphid and mildew loads with glucosinolates in our collection. In
accordance with literature on A. thaliana (54), we observed a positive correlation of aphid loads with
total glucosinolates as well as with the most abundant glucosinolate sinigrin (aliphatic glucosinolate),
but a negative correlation with benzyl glucosinolates (Fig 3B). These findings suggest that glucosinolate
composition, rather than total amount, is important for aphid defense, and that while benzyl
glucosinolates might have a deterrent effect, sinigrin might on the contrary attract M. persicae or act

as a stimulant, which would be in accordance with previous observations (55).

To detect genetic variants associated with pest and microbe loads, we then conducted a GWA study.
For aphid (M. persicae) load, we detected only one non-significant peak in Scaffold 5, close to a
pathogenesis-related coding gene (Fig 4A and D). For Erysiphales load, however, there were several
significant associations neighboring genes directly involved in defense, mostly members of the MLP
family, clustered in a large peak on the first arm of Scaffold 1 (Fig 4E). MLP165, the closest gene to the
most significant variant in the peak, is indirectly involved in GS biosynthesis in A. thaliana (56), which
might explain why baseline GS levels were associated with Erysiphales load (Fig 3B). Further GWA
peaks for Erysiphales pointed towards other genes indirectly involved in the defense response through
phytohormone signaling (eg. CAR8, PBL7, GH3.1) or preventing pathogen access through cell wall
reinforcement or stomatal closure (SRF3, PBL7) (Fig 4D). Further experiments would be necessary to

confirm the functionality of these genes.

An important general insight from our GWA analyses was the frequent ambiguity of reads that mapped
to both pest and host plant genome. Such ambiguous reads generated false variants only present in
samples with pest DNA, which resulted in highly significant false associations, and it was therefore
important to remove these reads before variant calling. Another potential reason for sequence

similarity between host and pathogens could be defense mechanisms such as RNA interference. If T.

105



arvense produces small or micro RNAs to silence pathogen genes, this would originate from genomic
regions of high similarity between host and pathogen, and thus reflect a true association. However, a
BLAST (57) of the region in which the suspicious associations occurred did not reveal any similarity to
aphid or mildew genes, but instead to the highly conserved ribosomal RNA coding regions. While
genetic variants are generally inherited from parents and thus reflect evolutionary processes, DNA
methylation variants can be heritable but can also reflect plastic responses to environmental stresses
like herbivores or pathogens. Our data do not allow to confidently distinguish between these two
sources of DNA methylation variation, and thus should be interpreted with caution, especially with
regard to the directionality of associations. A beneficial DNA methylation variant is expected to be
associated with lower pathogen load when already present before pathogen arrival, but with higher
pathogen load when plastically induced by pathogens during the experiment. For both M. persicae and
Erysiphales, the majority of DMRs were hypomethylated in affected samples, which is in accordance
with the loss of methylation observed in A. thaliana and T. arvense upon aphid feeding, and in diploid
wheat upon powdery mildew infection (8,9,31), but we also detected hypermethylation at several loci.
M. persicae load was associated with differential methylation at only few genes but several TEs, which
is in accordance with the aphid or stress-induced TE reactivation observed in A. thaliana (9,14).
Erysiphales load was associated with hypomethylated Copia TEs upstream of MAPKKK20, a gene
involved in ABA-mediated signaling and stomatal closure. Since stomatal closure is a known defense
mechanism to block pathogen access (21), it is tempting to conclude that hypomethylation of the
MAPKKK20 promoter might induce its overexpression and consequent stomatal closure, thereby
preventing mildew access to the leaf blade. Overall, we found associations between pathogen load
and TE methylation that could act both in cis (eg. Copia TE methylation in MAPKKK20 promoter) and
in trans, possibly through transposon reactivation (eg. LINE, Helitron and Ty3/Gypsi TEs isolated from
genes). Although we cannot confidently distinguish inherited versus induced DNA methylation
variants, to our knowledge this is the first coupled GWA - EWA analysis conducted on a large natural

plant collection.

In summary, our study offers first insights into the defense mechanisms of Thlaspi arvense, including
candidate genes and alleles which may be of interest for breeding efforts in this novel biofuel and
cover crop. It also provides a proof of principle that exogenous reads from large sequencing efforts,
usually discarded if not mapping to the target genome, can be leveraged to extract additional
information about important biotic interactions of the target species, including its antagonists and
microbiome components. We combined this approach with data from a common environment
experiment to show that pest and microbiome load were geographically structured, as expected from

locally adapted traits, and associated with both genetic and DNA methylation variants. In principle, our
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approach can be applied to many other designs. For example, field-collected samples could be used to
quantify geographic pathogen distributions. With the decreasing cost of sequencing and increasing
large-scale and single-species sequencing projects e.g. (37-43), the number of data-sets suitable for

such analyses is set to rapidly increase in the near future.

Materials and Methods
Plant growth and sequencing

The WGS data used in this study were already published in Galanti et al. (2022) (32). Please refer to
this publication for details on data generation and methods. Briefly, we collected 207 Thlaspi arvense
accessions from 36 European populations in July 2018, and we grew their offspring in a glasshouse at
University of Tlibingen (48°32'21.3"N, 9°02'04.2"E) between August and October 2019. The glasshouse
was located in biodiverse surroundings, and insects and pests could enter when the windows opened
for temperature regulation. A few weeks after germination, we noticed aphid and mildew infestations.
After 46 d we sampled the 3™ or 4% true leaf of each plant and snap-froze it in liquid nitrogen. We
extracted DNA using the DNeasy Plant Mini Kit (Qiagen, Hilden, DE), sonicated (Covaris) 300 ng of
genomic DNA and used the NEBNext Ultra Il DNA Library Prep Kit for lllumina (New England Biolabs)
to prepare the libraries. Half way through the protocol we split the DNA into 1/3 for genomic libraries
and 2/3 for bisulfite libraries. For the bisulfite conversion we used the EZ-96 DNA Methylation-Gold
MagPrep (ZYMO) kit. We sequenced paired-end for 150 cycles using lllumina NovaSeq 6000 (lllumina,

San Diego, CA) for genomic libraries and HiSeq X Ten (lllumina, San Diego, CA) for bisulfite libraries.

Reads mapping and classification

Upon demultiplexing the raw reads, we used cutadapt (58) for quality (minimum quality of 20) and
adaptor trimming, excluding reads shorter than 35 bp. We used FastQC and MultiQC (59,60) to
estimate the duplication rate, and calculated the total deduplicated reads, which we later used for
correcting the number of exogenous reads. We then classified the reads based on their mapping
behavior. First we aligned reads to the T. arvense reference genome (29) with BWA-MEM v0.7.17 (61),
excluding multimapping reads (-c 1) and marking duplicates with MarkDuplicatesSpark (62,63). We
then mapped all samples again (61) to the three putative exogenous genomes of pea aphid
(Acrophyson pisum), the aphid symbiont Buchnera aphidicola and powdery mildew (Blumeria

graminis), using available resources (www.ncbi.nlm.nih.gov/assembly/GCF 005508785.2,

www.ncbi.nlm.nih.gov/assembly/GCA 001939165.1) (64). After this, we used a custom script to
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collect all read IDs within a sample mapping to any of the three exogenous genomes, and removed any
of these reads from the T. arvense alignment bam files. We thus removed all ambiguous reads before
proceeding with variant calling. To compare coverage of specific regions with and without ambiguous
reads, we used samtools bedcov (65). The numbers of reads classified by their mapping behaviour are

reported in S1 Table.

Variant calling

For variant calling we used GATK4 v4.1.8.1 (62,63), following the best practices for germline short

variant discovery (https://gatk.broadinstitute.org/hc/en-us/articles/360035535932-Germline-short-

variant-discovery-SNPs-Indels-) with few adjustments for large datasets (32). Briefly, starting from the

bam files generated after the removal of ambiguous reads, we i) ran HaplotypeCaller, ii) combined the
resulting GVCF files with GenomicsDBImport and GenotypeGVCFs and iii) filtered out low quality
variants with VariantFiltration (see Galanti et al. (2022) (32) for more details). Finally, we used vcftools
v0.1.16 (66) to retain biallelic variants with MAF > 0.01 and a maximum of 10% missing genotype calls.

We imputed these missing calls with BEAGLE 5.1 (67) to obtain a complete multisample vcf file.

Identification and classification of exogenous reads

To identify exogenous reads, we extracted all unmapped reads from the bam files created alighing
WGS reads to the T. arvense genome (29). We selected reads with both mates unmapped (SAM flag
12) and excluded supplementary alignments (SAM flag 256 after running MarkDuplicatesSpark) with
samtools (65). We then recovered these reads from the trimmed fastq files with seqtk subset

(https://github.com/Ih3/seqtk) to obtain fastq files of unmapped reads only. We used these as input

for MG-RAST (44,45), a web-based tool for phylogenetic analysis of metagenomes.

We ran MG-RAST mostly with default parameters, without assembled reads, excluding dereplicated
sequences, and dynamically trimming reads with a minimum Phred score of 15 in more than 5
consecutive bases. We set the “sequence screening” to A. thaliana, the closest relative of T. arvense
available. We used two different approaches to extract read counts. First we classified all reads up to
family level using the web-based Analysis tool from MG-RAST. We used RefSeq as query annotation
database and filtered reads classified with low confidence using default settings: e-value 5, 60 %-
identity, length 15 and min.abundance of 1 (S2 Table). Out of the hundreds of taxonomic groups
identified by MG-RAST, we selected only a small subset for follow-up analyses, based on their biological

relevance, our visual observations and/or abundance: Aphididae, Culicidae, Peronosporales,

108


https://gatk.broadinstitute.org/hc/en-us/articles/360035535932-Germline-short-variant-discovery-SNPs-Indels-
https://gatk.broadinstitute.org/hc/en-us/articles/360035535932-Germline-short-variant-discovery-SNPs-Indels-
https://github.com/lh3/seqtk

Staphylocaccaceae, Burkholderiaceae, Mycobacteriaceae and Pseudomonadaceae (Table 1).
Additionally, we wused a custom Python script to download individual “taxonomy” or
“sequence_breakdown” results from MG-RAST API (68) and extracted the counts of the genus
Buchnera, including bacterial symbionts of many aphid species, and of the order Erysiphales, to
quantify the observed mildew infection (Table 1). All the code for extracting counts for all families or

specific taxonomic groups are available on GitHub (https://github.com/junhee-jung/MG-RAST-read-

counter).

In addition to the nine read groups selected from MG-RAST results, we also performed a highly
confident mapping of exogenous reads to the M. persicae and B. aphidicola genome assemblies (50)

(www.ncbi.nlm.nih.gov/assembly/GCA 001939165.1), to test whether mapping to a high quality

assembly of the exact pathogen has a higher sensitivity than MG-RAST. We mapped with BWA-MEM
v0.7.17 (61), using a seed length of 25 bp (69) and removing reads with MAPQ < 20 and duplicates with

MarkDuplicatesSpark (62,63). We then counted all reads in the bam files.

Finally, we log transformed all read counts to approximate normality, and corrected for the total
number of deduplicated reads by extracting residuals from the following linear model, log(Read_count
+ 1) ~ log(Deduplicated_reads), which allowed us to quantify non-Thlaspi loads, accounting for the

sequencing depth of each sample.

Exogenous reads heritability and species identification

To exclude the possibility that aphid and mildew infestation patterns were carried-over from the field,
through seed contamination or maternal effects, we used aphid and mildew presence/absence data
collected in the field. We found no difference in aphid or mildew loads between samples with and
without aphids or mildew on the original parental plant in the field (S1 Fig). Nevertheless, to exclude a
possible bias, we excluded one outlier sample with particularly high aphid load and aphids observed in

the field (S1 Fig) from the analyses.

Even though MG-RAST classifies reads based on all taxonomic ranks, the accuracy of species
identification of course strongly depends on the sequences available in the query databases. MG-RAST
assigned our aphid reads to A. pisum, but this did not fit with our visual observations and with the poor
performance of this species on Brassicaceae (70). We therefore selected three plausible aphid species
and test which of these had mostly likely attacked our experiment. In addition to A. pisum, we tested
two other aphid species commonly attacking Brassicaceae: Brevicoryne brassicae and Myzus persicae.

While not all three species have reference genomes available, all mitochondrial genomes are available
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on NCBI (71) under accession numbers MN232006, NC 011594 and NC 056270. We downloaded

these sequences, aligned them to each other (72), removed INDELs to retain only SNPs and combined
them into a single pseudo-reference fasta file (S3 Table). We then mapped the exogenous reads from
40 randomly selected samples to this pseudo-reference, allowing for unique mappings only and
counted the reads mapping to either of the three aphid species. We used the same approach for
mildew except that we included only two possible species: Blumeria graminis, as suggested by MG-
RAST, and Erysiphe cruciferarum which is known to attack Brassicaceae but was not in the MG-RAST
query database and seemed plausible from visual inspection (Fig 2B). For the mildew pseudo-reference
(54 Table) we used the Internal Transcribed Spacer (ITS), which is publicly available for both species on

NCBI (71) under accession numbers MT644878 and AF031283.

Quantification of glucosinolates

Using seed material collected from the sequenced plants, we conducted a follow-up experiment to
estimate the glucosinolates (GS) content of all 207 lines in the absence of pathogens. Briefly, we sowed
the seeds in petri dishes, stratified them at 4°C in the dark for two weeks and transplanted the
germinated seedlings to individual 9 x 9 cm pots. We grew the plants in a growth chamber with a 14/10
h light/dark cycle at 21/17 °C and a relative humidity of ~45%. Two weeks after germination the plants
were vernalized at 4°C for two more weeks in order to minimize phenological and developmental
differences between winter and summer annuals. Ten days after vernalization, we collected the 3™ or
4™ true leaf and snap-froze it in liquid nitrogen. After freeze drying, we weighed all samples and
extracted the material threefold in 80% methanol, adding p-hydroxybenzl glucosinolate (Phytoplan,
Heidelberg, Germany) as internal standard. After centrifugation, we applied the supernatants onto ion-
exchange columns with diethylaminoethyl (DEAE) Sephadex A25 (Sigma Aldrich, St.Louis, MO, USA) in
0.5 M acetic acid buffer, pH 5. We added purified sulfatase, converting glucosinolates to desulfo
glucosinolates. After one day, we eluted desulfo glucosinolates in water and analyzed them on a HPLC
coupled to a DAD detector (HPLC-1200 Series, Agilent Trechnologies, Inc., Santa Clara, CA, USA)
equipped with a Supelcosil LC 18 column (3 um, 150x3 mm, Supelco, Bellefonte, PA, USA). We analysed
the samples with a gradient from water to methanol starting at 5% methanol for 6 min and then
increased from 5 to 95% within 13 min with a hold at 95% for 2 min, followed by a column equilibration
cycle. We identified different glucosinolates based on their retention times and UV spectra in
comparison to respective standards and an in-house database. We integrated peaks at 229 nm and
calculated respective glucosinolate concentrations in relation to the internal standard and sample dry

mass, using response factors as reported by Agerbirk et al. (2015) (73).
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Drivers of exogenous reads variation

To test for associations between glucosinolate variation, as well as climate of origin, and the observed
pest loads, we extracted average bioclimatic variables for the 25 years predating our experiment for
our 36 study populations from the Copernicus website (74), as described in Galanti et al. 2022 (32).
We then used the R package “Ime4qtl” (75) to run mixed models that included either bioclimatic
variables or glucosinolate contents as explanatory variables, and the exogenous read counts as
dependent variables, while correcting for population structure with the same IBS matrix as in GWA

and EWA analyses (see below).

GWA analysis

We conducted GWA with mixed models that corrected for population structure with a genetic Isolation
By State (IBS) matrix as a random factor, as implemented in GEMMA (76). To obtain the IBS matrix we
used PLINK v 1.90b6.12 (77). Starting from the imputed multisample vcf file obtained from variant
calling, we pruned variants with LD > 0.8 in 50 variants windows, sliding by five. To produce the genetic
variants used for GWAS, we also started from the imputed multisample vcf file from variant calling and
filtered out variants with MAF < 0.04. As phenotypes we used the number of exogenous reads

corrected for the total number of deduplicated reads, as described above.

To validate our results and test for overlap with existing gene functional annotations, we performed
an enrichment analysis of variants neighboring a priori candidate genes as described in Atwell et al.
(2010) (52). Briefly, we attributed a priori candidate status to all variants located within 20 kb from
orthologs (78) of A. thaliana genes annotated with the GO term “defense response” (GO:0006952),
including nine genes similar to AtBSMT1 (S8 Table). We then calculated the enrichment of these
variants compared to the background frequency and an upper bound for the FDR for increasing -log(p)

thresholds (32,52). The code for these analyses is available on https://github.com/Dario-

Galanti/multipheno GWAS/tree/main/gemmaGWAS.

Methylation and DMR calling

For the methylome analyses we used the EpiDiverse toolkit (79), specifically designed for large WGBS

datasets. We used the WGBS pipeline (https://github.com/EpiDiverse/wgbs) for read mapping and

methylation calling, retained only uniquely-mapping reads longer than 30 bp, and obtained individual-

sample bedGraph files for each sequence context. We then called DMRs using the DMR pipeline (79),
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with a minimum coverage of 4x. We compared the 20 samples with the most and the least M. periscae
and Eriysiphales loads, resulting in two sets of DMRs for each sequence context. Since this was only
the first step of our methylation analysis, meant to identify potential regions of interest, we retained
all DMRs with a FDR < 20%. To understand the genomic preferences of DMRs, we intersected them
with genomic features and calculated their densities in each by dividing their number by the total Mb

covered by each genomic feature in the genome.

EWA analysis

Following the DMR calling, we investigated methylation-phenotype relationships in more detail, using
EWA. We ran EWA similarly to GWA, enabling the “-notsnp” option available in GEMMA (76), and
correcting for population structure with the same IBS matrix. To exclude possible biases, we excluded
all samples with a bisulfite non-conversion rate >1 (32). To generate the methylation input files we first

used custom scripts (https://github.com/Dario-

Galanti/WGBS _downstream/tree/main/WGBS simpleworkflow) (32) to unite individual-sample

bedGraph files into unionbed files and retain positions with coverage > 3 in at least 95% of the samples
and a methylation difference of at least 5% in at least two samples. We then intersected the unionbed
files with the DMRs of the corresponding sequence context using bedtools (80) and converted

unionbed to BIMBAM format as input for GEMMA.

We ran EWA for individual positions within the DMRs and calculated Bonferroni thresholds based on
the number of DMRs, assuming that cytosines within the same DMR are mostly autocorrelated. To
observe in which genomic features associations with lower P-values were located, we performed
enrichment analyses similar to the ones performed for defense a priori candidate genes in GWA (52),
but based on whole genomic features. Starting from all cytosines used for EWAS, we calculated the
background frequency as the fraction of all cytosines located in each genomic feature and then
calculated the observed frequency in the same way for -log(p) 0.5 increments, with enrichment as the
ratio of observed and expected frequencies. All code used for EWA and the enrichment analysis in

genomic features is available on https://github.com/Dario-Galanti/EWAS/tree/main/gemmaEWAS.
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S1 Fig. Pest loads in samples with or without pests in the field. Offspring from plants with or without
pathogens in the field did not differ (n.s.) in pathogen loads in the glasshouse, suggesting the pathogens
were not carried with the seeds. A single outlier (TA_NL_03_04) with aphids in the field also showed high

levels of aphid load in the glasshouse and was excluded from the analysis.
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(B) Zoomed-in peak on Scaffold 6 with coverage before and after removal of ambiguous reads.
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S3 Fig. GWA results for all exogenous reads. Manhattan plots, enrichment of a priori candidate variants
and QQplots for all exogenous reads. The genome-wide significance (horizontal red lines) was calculated
based on unlinked variants (53), the blue line corresponds to -log(p) =5. The top variants are labeled with
the neighboring genes potentially affecting exogenous reads load, the a priori candidates included in the

enrichment analyses and involved in defense response (GO:0006952) are in bold blue.
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S4 Fig. Lengths and genomic locations of Differentially Methylated Regions (DMRs). (A) DMRs length
distributions in different sequence contexts. (B) Numbers of hypermethylated and hypomethylated DMRs

in each genomic feature.
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S5 Fig. EWA enrichment in different genomic features and P-value distributions. (A) Enrichment of
associations in different genomic features for increasing -log(p) thresholds, compared to expectations from
all cytosines. (B) P-value distributions of EWA. (C) Complement to Fig 4D showing CHG and CHH methylation
upstream and above the gene MPKKK20.

Supplementary tables are too large to be reported here, so please refer to the preprint of the manuscript:

https://www.biorxiv.org/content/10.1101/2023.10.17.562203v2.supplementary-material

S1 Table. Classification of reads. Total reads, duplication rates, deduplicated raw reads, target, ambiguous

and exogenous reads and MG-RAST reads passing QC.

S$2 Table. MG-RAST classification of exogenous reads. Results of MG-RAST classification of exogenous reads

at the family level, using RefSeq as query database.

S3 Table. Competitive mapping pseudo-reference for aphid identification. Fasta file combining

mitochondrial sequences of B. Brassicaceae, A. pisum and M. persicae, with structural variants removed.

S4 Table. Competitive mapping pseudo-reference for mildew identification. Fasta file combining ITS

sequences of Blumeria graminis and Erysiphe cruciferarum, with structural variants removed.

S5 Table. Results of competitive mapping for pest identification. Number of reads mapping uniquely to
the pseudo-reference genomes of different aphid (mitochondrial DNA for either B. Brassicaceae, A. pisum

or M. persicae) or mildew species (ITS sequence for either B. graminis or E. cruciferaum).

S6 Table. Exogenous reads used for downstream analyses. Classes of exogenous reads used in the
analyses, including the nine groups from MG-RAST and two from mapping to the M. persicae and B.

aphidicola reference genomes.

S7 Table. Quantification of glucosinolates. Glucosinolate concentrations in leaves of T. arvense, obtained

from offspring of the sequenced plants, not affected by any herbivores nor pathogens.

S8 Table. A priori “defense response” candidate genes used for the GWA enrichment analysis. List of T.
arvense candidate genes used for the GWA enrichment analysis: orthologs of A. thaliana genes annotated

with the GO term “defense response”.

S9 Table. Differentially Methylated Regions based on M. persicae load. List of DMRs called between the

20 samples with the highest and the lowest M. persicae load.

$10 Table. Differentially Methylated Regions based on Erysiphales load. List of DMRs called between the

20 samples with the highest and the lowest Erysiphales load.
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Code and data availability statement

The seed material from the sequenced lines is available at the Nottingham Arabidopsis Stock Centre
(NASC) under stock numbers N950001 to 950204. Genomic and bisulfite sequencing raw data are

available on the ENA Sequence Read Archive (www.ebi.ac.uk/ena/) under study accession number

PRJEB50950. The reference genome and annotations were previously published by Nunn et al. (2022)
(29). GWA and EWA results in a format compatible with the Integrative Genomics Viewer

(https://www.igv.org/) are available on Zenodo (https://zenodo.org/records/10011535).

All code used in this study is available and documented on GitHub. The scripts for variant calling,

filtering and imputation are on https://github.com/Dario-Galanti/BinAC varcalling, and the scripts for

the classification of sequencing reads and MG-RAST analysis are in https://github.com/Dario-

Galanti/Exoreads_treasure and https://github.com/junhee-jung/MG-RAST-read-counter respectively.

The pipelines for methylation and DMR calling from WGBS data can be found on the EpiDiverse GitHub

(https://github.com/EpiDiverse). The workflow for downstream analysis of methylation data is on

https://github.com/Dario-Galanti/WGBS downstream/tree/main/WGBS simpleworkflow.  Finally,

the scripts for running GWA and EWA analysis are on__ https://github.com/Dario-

Galanti/multipheno GWAS/tree/main/gemmaGWAS and https://github.com/Dario-

Galanti/EWAS/tree/main/gemmaEWAS respectively.
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Additional work

Besides the three main studies included as chapters in my PhD thesis, | carried out various additional
work during my PhD that resulted in further publications and coauthorships: a book chapter in the

gitbook “Ecological Epigenetics”, two published papers and another manuscript.

e Galanti D. 2022. Epigenetics in Evolution in Ecological Epigenetics. Gitbook.

https://epidiverse.gitbook.io/project/-MfxkdBDZggX vc sG5l/ecology/epigenetics-in-

evolution. - 90% contribution.

e Can SN, Nunn A, Galanti D, Langenberger D, Becker C, Volmer K, et al. The EpiDiverse Plant
Epigenome Wide Association Studies (EWAS) Pipeline. Epigenomes. 2021 Jun;5(2):12.

https://www.mdpi.com/2075-4655/5/2/12. - 5% contribution.

e Diez Rodriguez B, Galanti D, Nunn A, Pefia-Ponton C, Pérez-Bello P, et al. “Epigenetic
variation in the Lombardy poplar along climatic gradients is independent of genetic structure
and persists across clonal reproduction”.

https://www.biorxiv.org/content/10.1101/2022.11.17.516862v1. - 7% contribution.

e Sammarco |, Diez Rodriguez B, Galanti D, Nunn A, Becker C, Bossdorf O, Miinzbergova Z,
Latzel V. 2023. “DNA Methylation in the Wild: Epigenetic Transgenerational Inheritance Can
Mediate Adaptation in Clones of Wild Strawberry (Fragaria Vesca).” New Phytologist 241 (4):

1621-35. https://doi.org/10.1111/nph.19464. - 7% contribution.
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Discussion

Since their first appearance about 420 million years ago, vascular plants evolved to colonize the most
diverse corners of our planet, becoming the major source of organic carbon and therefore vitally
important for all life on earth. Understanding how plants evolved in the past and how they adapt to
different environmental conditions in the short-term, is key to predict how they might respond to the
threats posed by the increasingly rapid climate change. One way to understand plant adaptation is to
study intraspecific natural variation, i.e. heritable variation occurring in different populations of a
single species, because such natural variation represents a snapshot of the adaptive processes that
took place under different environmental conditions in the species’ distribution. Analysing natural
genetic variation allows us to study these processes, unravel the genetic bases of traits and discover
natural alleles that can be used for breeding. Additionally, plant populations harbor extensive
epigenetic variation, which often correlates with climate of origin and can potentially affect the
phenotype, but its potential role in adaptive evolution is much less understood than that of genetic
variation. It is therefore key to understand how natural epigenetic variation arises, whether it is
heritable, and how it interacts with DNA sequence variation to possibly contribute to local adaptation.
Given the diversity of vascular plants, encompassing different reproduction modes, ploidies, genome
sizes and genome evolutions, it is crucial to expand our understanding of local adaptation from a few

models to many diverse species.

In my PhD project | studied natural genetic and epigenetic variation in Thlaspi arvense, a plant species
with a quite complex genome, characterized by extensive TE colonization and DNA methylation. T.
arvense is increasingly studied as a new model species (Geng et al. 2021, Nunn et al 2022, Hu et al.
2022, Troyee et al. 2022, Galanti et al. 2022), but it is also being developed into a new crop to produce
biodiesel from the oil contained in its seeds (Dorn et al. 2015, Frels et al. 2019, Chopra et al. 2019, Zhao
et al. 2021). With these features and objectives in mind, | produced and analysed whole genome

sequencing and bisulfite sequencing data from a large collection of over 200 T. arvense accessions. In
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Chapter | | described the DNA methylation variation of the collection and the genetic and
environmental drivers of this variation. In Chapter Il | focused on TE insertion/deletion polymorphisms
and identified the genetic basis of variation in transposon mobility. In Chapter Ill, | used sequencing
reads to estimate aphid and mildew infestation of each accession grown in a common environment,
and identified genetic, epigenetic and environmental factors associated with these differences in

infestation.

Below, | discuss in more detail the contribution of this work towards understanding how short genetic
variants and TE insertions/deletions interact with one another and with epigenetic variation. | further
elaborate on how this complex genome-epigenome system interacts with the environment to provide
plasticity and adaptation. In my discussion | also refer to two additional studies | contributed to that
focused on natural DNA methylation variation in Populus nigra (Rodriguez et al. 2022) and Fragaria
vesca (Sammarco et al. 2023). Finally, | discuss broader applications of using non-target reads to study

antagonist and microbe colonisation of plant collections and identify their genetic and epigenetic basis.

Evolutionary consequences of genome-epigenome interactions

One key issue that hinders our understanding of the drivers and consequences of epigenetic variation,
is its complex interaction with DNA sequence variation. On one side, when a genetic polymorphism is
controlling an epigenetic one, the latter will seem to be heritable, while it is simply reestablished in
every generation because of the genetic polymorphism. This can happen with genetic polymorphisms
acting in cis, such as TE insertions (Matrin et al. 2009) triggering the RADM to redeposit methylation
on the insertions, or in trans, e.g. with variants at genes involved in depositing, maintaining, or
removing epigenetic marks (Dubin et al. 2015, Kawakatsu et al. 2016, Sasaki et al. 2019). On the other
side, newly arisen epigenetic variation can release transposons from silencing (Roquis et al. 2021) and

influence mutation rates (Monroe et al. 2022 and 2023), potentially generating novel genetic variation.
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This reciprocal causation can be difficult to disentangle and, to use a common saying, answering
whether “the chicken or the egg came first”, can be arduous. It requires at least to investigate full
genomes and methylomes of many individuals. In Chapter | and in two additional studies (Sammarco
et al. 2023, Rodriguez et al 2022), we attempted to address these challenges. We observed extensive
methylation variation in natural populations of all three species and investigated its potential drivers.
While in the poplar clone “Italica” there is very little sequence variation and DNA methylation variation
correlates mostly with climate of origin, in the two sexually reproducing species most DNA methylation
variation observed could be explained by underlying trans-acting sequence variants. In Chapter | |
investigated these genetic bases of DNA methylation variation and identified many of these variants,
mostly located into genes already known to control DNA methylation or histone modifications.
Compared to related species, T. arvense has low CHG methylation, which is more similar to CHH than
to the much higher CG methylation. This was reflected by our GWA results as the sets of genes
controlling CHG and CHH methylation were largely overlapping, while this was very different for CG.
Despite this strong genetic component of DNA methylation, | also observed correlations with climate
of origin and decided to investigate the relative contributions of genetic versus environmental
determination. What stood out clearly for both species, was that the proportion of genetic versus
environmental determination highly depended on the sequence context, with an increasing proportion
of DMRs best explained by the environment of origin when moving from the more stable CG context
to the less stable and more environmentally responsive CHG and especially CHH contexts. Although
we generated the two common gardens clonally for F. vesca and via seed for T. arvense, CHH
methylation seemed less stable in the former which did not undertake any potential meiotic resetting.
In F. vesca we indeed found that many CHH DMRs best explained by the environment in the field
became “unexplained” in the common garden, indicating that CHH methylation was already

converging to a homogenous common-garden state.

Taken together, these findings clearly indicate that, although DNA methylation is strongly influenced
by genetic variation at methylation machinery genes, it is also responsive to environmental conditions,
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and the extents of the two processes strongly depend on the sequence context. In a scenario where
CHH methylation responds quickly to the environment but is only stable for a few generations, while
CHG and CG methylation are gradually more stable but might take longer to respond to environmental
changes, one tempting conclusion is that plasticity and adaptation are not completely distinct, but

intermediate processes exist based on gradually fast and stable acquisition of new epimutations.

Another very important aspect to consider is the interplay between DNA methylation and
transposition. In Chapter Il we thoroughly investigated this relationship and found that in T. arvense
not all transposons are equally controlled by DNA methylation. In A. thaliana, several pathways exist
to silence different transposon groups (Kawakatsu et al. 2016, Sasaki et al. 2019, Baduel et al. 2021),
but are all associated with DNA methylation. In T. arvense, we found that new retrotransposon
insertions became quickly methylated and their activity was indeed highly dependent on the
effectiveness of the DNA methylation machinery, i.e. mutations at genes involved in DNA methylation
dynamics affect retrotransposons activity. For example we found a knock-out mutation in an exon of
the DNA demethylating gene BRAT1, which was associated with lower retrotransposition. However,
new DNA transposon insertions remained unmethylated and their activity was not linked to the same
genes determining retrotransposition, but instead to a single gene coding a heat shock protein
orthologue of Oryza sativa HSP19. Although T. arvense HSP19 does not have a clear orthologue in A.
thaliana, it contains the same a-crystalline domain as AtACD15 and 21, members of the MBD5/6
complex that silences genes and TEs downstream of DNA methylation (Boone et al. 2023). If HSP19
were to interact with this complex, downstream of DNA methylation, this would explain how this

mechanism would bypass the need for DNA methylation to drive DNA transposon silencing.

Another important interaction between genome and epigenome that has been investigated by others
is that DNA methylation and other epigenetic marks seem to affect genetic mutation rates, resulting
in mutation biases across genomes (see the introduction for an extended discussion) (Monroe et al.

2022, 2023).
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Taken together, all these interactions draw a picture in which genomes and epigenomes are not
distinct entities with separate roles, but they closely interact with one another and in response to the
environment, to provide a complex system capable of both plasticity, adaptation and a plethora of
intermediate effects. Moreover, we showed the importance of expanding the study of these
mechanisms to several species as these might reveal different systems. We should particularly exploit

recent technological advances to expand our studies to more complex genomes.

Thlaspi arvense as a new model and crop

As explained above, Thlaspi arvense is an excellent model for studying quite complex genomes with
extensive TE-colonisation and DNA methylation. Moreover, this species is emerging as a valuable cover
crop that can protect the soil in winter and generate biodiesel without interfering with summer crops,

using the oil extracted from its seeds.

The study of transposition in T. arvense is particularly important because of the distinct TE colonisation
history of this species compared to the well-studied close relative and model species A. thaliana, which
contains very low amounts of TEs compared to most other plants (Tenaillon et al. 2010). The genome
of T. arvense has been vastly colonised by retrotransposons of the Ty3 superfamily, which inserted in
all chromosomes in the wide pericentromeric region and pushed genes to the edges of the
chromosome arms. Investigating TE insertions in T. arvense natural populations, we identified genetic
transposition regulators that appear to differ for Class | versus Class Il transposons. As mentioned
above, the number of retrotransposon (Class 1) insertions was linked to variation at genes with known
roles in epigenetic regulation, while DNA transposon (Class 1) mobility was associated with variation
at HSP19. This evidence was further supported by the observation that DNA methylation is deposited
over new retrotransposon but not DNA transposon insertions, suggesting that while the former are

indeed controlled by the DNA methylation machinery through de-novo deposition, the latter are likely
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controlled by another mechanism bypassing DNA methylation. This difference was not detected as
clearly in studies with A. thaliana, which lacks HSP19. It is therefore likely that this gene provides
alternative functionality in T. arvense, demonstrating how using a species with a different and more

complex TE architecture can provide new insights.

Additionally, we discovered an Alesia family of recently active TEs that targets genes. Combining
information from this family with its environmental (possibly heat) and genetic regulators could
potentially be used to induce genetic variation to be leveraged for breeding purposes. Ongoing
research aims to determine its responsiveness to heat, as suggested by sequence similarity to other

heat-responsive TE families.

In the context of domesticating T. arvense into a new crop, Chapter Ill of my thesis focused on its
genetic variation in pest resistance and led to the identification of genomic regions and genes of

interest that could potentially be employed in breeding programs for resistant varieties.

Non-target sequencing reads to study pest resistance in plants

With decreasing costs of sequencing, large sequencing datasets are currently increasing rapidly, and
in addition to sequences of the target species, they usually contain minor portions of reads from other
organisms such as symbionts or antagonists. A few studies already investigated the possibility of
‘recycling’ these reads, that are usually discarded, to draw information on organisms co-occurring with
the target species (Sangiovanni et al. 2019, Roman-Reyna et al. 2020, Gathercole et al. 2021). In
Chapter Ill we went several steps further, demonstrating how powerful this information can indeed
be. We used the non-target reads to estimate the abundances of aphids and mildew that attacked the
T. arvense accessions in our glasshouse experiment and found associations with environmental,
genetic and even epigenetic factors. The numbers of aphid and mildew reads were associated with

environmental variables related to the proliferation of these pests in their locations of origin.
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Moreover, the pest abundance data allowed us to map defense genes involved in resistance to these
pests and identify beneficial alleles, proving the effectiveness of this method. T. arvense has several
natural enemies such as aphids, mildew, caterpillars, beetles and more (Warwick et al. 2002), therefore
identifying resistance alleles has high potential value for breeding it into a crop that can be used

successfully for large-scale biodiesel production.

Using the full methylomes generated in Chapter I, we additionally found DNA methylation variants
associated with pest abundance. However, a challenge with our data was that we could not be sure
whether these methylation variants were present before the pest attack (beneficial methylation states
are expected to co-occur with low pest load), or whether they were plastically induced by the
pathogens (beneficial methylation states are expected to co-occur with high pest load). We discussed
this extensively in Chapter lll and were possibly able to unravel it in at least one case. We found a large
DMR, hypomethylated in affected samples, located on Copia TEs in the promoter of the MPKKK20
gene, involved in stomata closure. Most likely the MPKKK20 promoter loses methylation upon mildew
infection to activate the gene and close the stomata, preventing further mildew access to the leaf
blade. Additional experiments such as DNA methylation and expression analysis of the MPKKK20
promoter and gene respectively, before and after mildew infection, would be necessary to corroborate

this hypothesis.

Overall, we showed how powerful non-target reads can be to quantify organisms co-occurring with
the target species, and we are confident this will be vastly applicable, given the rising number of large
sequencing projects (e.g. Kajiya-Kanegae 2021, Colgan et al. 2022, Habyarimana et al. 2022, Mekbib et
al. 2022, Metheringham et al. 2022, Nocchi et al. 2022, Friis et al. 2024). Other potential applications
of non-target reads include for example co-GWAS approaches to identify host-pathogen variants that
coevolved (Dexter et al. 2023), but this requires high coverage also for the pathogen, for variant calling,

and therefore a specifically designed sequencing strategy.

134



Future perspectives

The work | presented in my thesis opens future perspectives for both basic research in plant biology,
including the study of epigenetic and transposable element regulation, and for applied breeding, as
we identified potential beneficial alleles for pest resistance and the Alesia TE family which has the
potential to generate novel variation at genes, likely to impact phenotypes. Many of these aspects
would benefit from further exploration. The most important and obvious follow-up would be to
investigate whether natural epigenetic variants affect phenotypic traits. Although | did not present this
data in any of the chapters, during my PhD | scored several phenotypic traits on the whole collection,
and in Chapter Il | developed a method to carry out Epigenome Wide Association analysis similarly to
its genetic counterpart GWA. Comparing results from GWA and EWA would certainly be a powerful
strategy for discovering DNA methylation variants associated with phenotypes. Another option for
disentangling phenotypic variation explained by genetic versus DNA methylation variants could be
genomic prediction (Van Raden et al. 2017). Quantifying whether the addition of DNA methylation
information to genomic prediction models improves the predictions compared to using only genetic
variants would be a potential way to answer whether natural DNA methylation carries additional

phenotypic information missing in the nucleotide sequence.
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