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Abstract

Epigenetic factors can contribute to phenotypic diversityand to ecologicalprocesses. For
instance, DNA methylation can influence gene regulation, and thus phenotypic plasticity.
However, little is yet known about how and why methylation varies inthe wild. In this
dissertation, | build on this knowledge by combining ecological, genetic ad DNA
methylation data from natural and experimental populations of the stickinsect Timema
cristinae. This species is an important sysim to ecological genetics studiesvhich provides
good starting point for the investigation ofthe patterns, drivers, and the possible ecological
consequences of natural methylation variationl obtained methylation data usingwhole-
genome bisulfite sequencindBS-seq)and genetic data fronrestriction site associated DNA
sequencing (RABseq). From a population survey,l found natural methylation variation in
T. cristinae(1) is characteristic of(Hemimetaboladinsects; (2) is structured in geographical
space; and (3) is strongly correlated to genetic variationln addition, an experiment
simulating a host shiftwas carried out to test for the direct effects of host plant species on
T. cristinae methylation levels. In both the population survey and in the experiment,
binomial mixed modelswere usedto perform a methylome scanin search of candidag
single methylation polymorphisms (SMPs) associated witlhost plant use This analysis is
analogous to genomewide analysis studies but applied to methylation levels They use
genetic data to estimate random effects arising from relatednes3heresults suggest(4) an
associationbetween methylation levels andhost plant in specific regionsand that (5) some
of them could be responsive to host shift treatment. Finally, the model suggested (6)
significant mean heritability of methylation status, estimated based on the genetic
relatedness. My results collectively indicate methylation variation could be ecologically
relevant to T. cristinag and adds to the general understanding of the importance of

epigeneticvariation.
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Chapter 1

General introduction

In his seminal book, The Origin of Specie®arwin described the perfect fit betwea
organisms and their environment (Darwin, 1859). When the theory of natural selection and
the struggle for life wasdeveloped, he did not have an idea of how variation is inherited.
With the advent of genetics and the rediscovery of Mendelian laws, biolists identified the
genes as a heritable basis of phenotype (Morgan, 1915). Following this, geneticists and
statisticians built the foundation for much of the research in evolutionay biology today (.e.
the Modern Synthesis), establishing rigorous quantitive methods to understand
adaptation and evolutionary processes as changes in gene frequencies in populations over
time (Fisher, 1930; Dobzhansky, 1937; Waddington, 1939). Sincedh, the majority of
evolutionary biology studies has used a quantitative g@netics approach to understand
phenotypic variation, partitioning it into genetic, environmental and genotype
environment variance. More recently, molecular and developmental sciee strted to
depict the mechanisms behind the relationship between genope and environment,

revealing the mechanisms of epigenetic effec{Richardset al, 2010).

4EA OAOI ORBEICRAT ADEAOOG#TT OAA 7AAAET ¢OI T Ol
biology which studies the causal interactions between genes and their products, which
AOET ¢ OEA DPEATT OUPA RWLOEQqAAET QBT PCEAAEREDI CAa
very broad, encompassig al gene activity during the development that causes the
phenotype to eanerge, it was the first effort to describe events that could not be explained
by existing genetic principles(Waddington, 1953; Goldberget al,, 2007). Epigenetics can be

better defined as the study of molecular processes that can affect gengpmssion and its

function without a change in the underlying DNA sequencgRichards, 2006; Bird, 2007)



That is, it assumes there are multiple layers of molecular regulation of genetinformation

before it is expressed as a phenotyp@iederhuth and Schmitz, 2017)

In general, the research labelled epigenetics was marginalised and/or rally carried
out until the 2000s, when an increased number of studs in DNA methylation and histone
modifications were published using thislabel (Deichmann, 2016a) This led to several
conceptual and theoetical papers discussing the potential effects that epigenetic
modifications could have on adaptation and speciatiofyablonka and Lamb, 1998; Pal and
Miklos, 1999), although the proposed mechanisms have always been difficult to empirically
test. In addition, the field often faces som®@ OOPEAET T h AO OEA OOA 1T £ OEA OA
sometimes employed bosely and inconsistently. For example, thOADECAT AOEAO EUDPAS |
scienceand in popular culture (Maderspacher, 2010)sometimesfalsely claims victory over
the genes anddefends a shift of paradigm in evolutionary biology to re-habilitate
Lamarckian inheritance(Laland et al, 2014; Deichmann, 2016h)Thesecurrents of thought
are misleadingfor many reasons, includingthe fact they ignoreepigenetic changes are not
directed asdepicted by Lamarckian theory (Deichmann, 2016b) Epigenetics isessentially
a field in its infancy, which makes it open to misunderstanding and controversy. However,
with the next generation sequencing revolution and associated technological advances, the
last ten years have seen a growing number of studies providing evidence of epigeoet
processes underlying biological patterns. Because there is still a lot of debate and manpga

to be filled, this is a very exciting time to study epigenetics.

1.1. DNA methylation: the most investigated epigenetic mechanism

Epigenetic mechanisms can inveke methylation of cytosine residues in the DNA,
remodelling of chromatin structure through histone modifications, and regulatory
processes mediated by small RNAs (Bird, 2007; Law and Jacobsen, 2010). These epigenetic
modifications directly shape the strucure of the genome by defining regions of euchromatin

and heterochromatin, and by mediating andfacilitating gene expression. Among these



mechanisms, DNA methylation is by far the besttudied one. DNA methylation is a covalent
base modification, which invdves the addition of a methyl group (Ck) normally at the fifth
carbon (G q 1T £ OE AyriAiding fing 6 forAn & @nethyl-cytosine (Fig. 1). In animals,
methylation occurs almost exclusively in cytosine followed by guanine residues in a
symmetric conformation in the DNA (.e.CpG context), although it can be found in other
contexts (.e.in symmetric CHG or asymmetric CHH, where H stands for ndh nucleotides;
Fenget al, 2010). In animals, DNA methylation in CpG context is typically dated by two
enzymes (Goll and Bestor, 2005) The de nhovoDNA methyltransferase (DNMT3) adds
methyl groups in specific DNA sites, and has particular imptance during embryogenesis
(Law and Jacobsen, 201). The established methylation patterns across the genome are
maintained by DMNT1 at mitosis, adding methyl groups at the newly synthesized strand

based on the symmetrical information present irthe original strand (Goll and Bestor, 2005)

DNA (non-methylated) DNA (methylated) . NH,

@ @ /\C/H ?/\c@
ATCGTTCGCT —= ATCGTTCGCT | _t ¢ oun At
TAGCAAGCGA TAGCAAGCGA q

@ @ cytosine S5-methyicytosine

CpG methylation

(symmetﬂc) Other methylation

Y)(\ DNA contexts

t @
ATCTGETCGCT
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chromatin i
(complex of DNA and histones) CHG methylation
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géﬁ/ @
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Figure 1. Chromatin modifications mediated by DNA methylation, the addition of a methyl grouj
(CH) on the fifth carbon of cytosine residues. It can determine the structure and activityf the

genome by defining regions of echromatin and heterochromatin, and by mediating and
facilitating gene expression(Law and Jacobsen, 2010)DNA methyldion patterns, functions and

molecular pathways vary taxonomically(Suzuki and Bird, 2008; Fengpt al, 2010; Zemactet al,

2010). DNA methylation is mainly foundon cytosines followed by guanines context (CpG), whic
is symmetric between strands. Other contexts include CHG and CHH, whereortesponds to non

guanine nucleotides. Figure adapted frortMukherjee et al.(2015).



DNA methylation is present in most major eukaryotic groupgZemachet al, 2010), and
it is known to play roles in modulating gne expression, in genomic imprinting,in
alternative splicing, and in maintaining genome integrity by supressing transposable
element activity (Law and Jacobsen, 2010; Schibeler, 281 Many studies have
demonstrated that these properties of DNA methylation can béranslated into phenotypic
variation (Cubaset al,, 1999; Manninget al, 2006). In addition, it is knownDNA methylation
can change in response to enkdnmental triggers and ultimately affect the phenotype,
making it a possible mechanism behind phenotypic plasticityKucharski et al, 2008;
Bossdorfet al, 2010; Parrottet al, 2013). DNA methylation is intimately lirked with cell
differentiation during embryogenesis, which may determine which genes will be
transcriptionally active in different tissues (Reik, 2007). For this to occur, extensie
demethylation happens in the genomdetween generations to assure the pluripotency of
the embryo and its correct development in plants and mammaléReik, 2007; Crevillénet
al.,, 2014). This is why DNA methylation paterns tend to be reset during gametogenesis.
However, there is accumulating evidencefancomplete erasure of DNA methylation marks,
which could be inherited at least for a few generationgWaterland and Jirtle, 2003;
Hagmannet al, 2015; van der Graaét al, 2015). That is, if inherited epigenetic variants can
cause phenotypic diversity and possibly lead to fitness differeres, there can be a
background for natural selection to act upon. At the same time, given DNA methylation
variation can be affected by environmental cues, it could provide an additional pathway for

evolutionary change(Bossdorfet al, 2008).



1.2. Ecological epigenetics

The ways that DNA methylation can potentially contribute to ecological and
evolutionary processes were the focus of severaécent literature reviews (Bossdorfet al,
2008; Jablonka and Raz, 2009; Richardst al, 2010; Smith and Ritchie, 2013; Hu ral
Barrett, 2017; Richards et al, 2017). However, empirical evidence underlying these
processes remains scarce. With this in mindsome key topics should be addressed to
understand the importance of DNA methylation in an ecological and evolutionary conte
(Bossdorfet al, 2008; Richardset al, 2017). They concern: (A) the patterns and diversity of
natural DNA methylation;(B) the origins and drivers of this vaiation; and (C) the ecological

and evolutionary consequences of natural DNA methylation variain (Fig. 2).

A) Patterns and diversity of natural DNA methylation

How do patterns of DNA methylation vary between spe®iésven though DNA
methylation is widespread among eukaryotes, its patterns and functions vary taxonomically
(Feng et al, 2010; Zemachet al, 2010). For example, the type and number of DNA
methyltransferases vary béween species, which reflects the estdishment of methylation
during mitosis and meiosis(Goll and Bestor, 2005) While vertebrate genomes are globally
methylated (except for regions where methylation status changs dynamically, affecting
gene activity; Jones, 2012) many invertebrates lackDNA methylation or it is sparsely
distributed in the genome. While transposable elements (TE@re silenced by being highly
methylated in vertebrates and in plants, this is not always the case in invertebratéSuzuki

and Bird, 2008; Cortijoet al,, 2014). Differences in the methylation settingf individual sites

1 Ecological epigeneticsstudy of epigenetic processes in an ecological contextfocusing in
understanding the epigenetic contributions to ecological and evolutiary processes in nature
(Bossdorfet al, 2008).



are likely to be established, maintained and interpreted by different molecular pathways
(Niederhuth and Schmitz, 2017) Thus, across taxgthere is great variation in the funéion
and importance of DNA methylation in biological processes. Because the literature is biased
towards model organisms, it is important to expand investigations to noirmodel systems.
Ultimately, by comparing the paterns between different clades, one gahypothesize about
the different functions of DNA methylation and their evolution and then test the predictions

that arise.

In addition, one can explordhow DNA methylation paerns vary in natural populations
of thesame specieg\lthough research of DM\ methylation under a laboratory setting €.g.
Johanneset al, 2009; Verhoeveret al, 2010;Foret et al, 2012) is valuable whentrying to
find the mechanisms underlying DNA methylation changes and the molecular pathways
leading to them, it is also desirable to place the studies into a natural context,thre complex
environments where organisns live and evolve. By studying the egnt and spatial structure
of natural DNA methylation, one can capture the effects of forces that are possibly acting
cumulatively over many generationgHerrera et al, 2016). With this, one can obtain a more
comprehensive understanding of the role DNA methylation variation might play in
ecological and evolutionary processes (Richards 2008, 201Rjchardset al.2010; Herrera

et al. 2014).

B) Origins and drivers of naturlDNA methylation variation

Natural DNA methylation variation can result from many factors. It can arise by
stochastic changes, by response to environment, and by genetic control, and possibly be
further shaped by fores of natural selection and drif(Bossdorfet al, 2008; Richardset al,
2017). Some studies have assessed the effect bkse factors in laboratory conditions,
suggesting: (i) that epimugtions rates are elevated compared to genetic mutation®ecker

et al, 2011; van der Graatt al, 2015); (ii) that there is genetic control over methylation



variation (seeTaudt et al, 2016); (iii) that a responsiveness to enviromental variation can
trigger changes in ecologically relevant traits (se€eil and Fraga, 2012; Duncaet al,, 2014).
These questions can be extended to natural environments, to ask specifically abatie
extent to which geneticvariation can explain natural DNA mdtylation variation, and about
whether environmental change can influence epigenetic variatioAs part of this
investigation, it is useful to try to understandthe heritability of DNA methylation variation
(Richards et al, 2010). As such, one can determine how DNA methylation patterns vary in
space, which factors influence that variation, and whether adaptive changes in methylation
are likely to accumulde over time (i.e.estimates of its heitability can be used to determine

if it will evolve).

C) Ecological and evolutionary consequences of natural DNA methylation variation

The importance of DNA methylation variation on ecological and evolutionary
processes might be considered from its imfience on phenotyges. Investigatinghow much
DNA methylation affects ecologically relevant traitand whether they respond to
environmental changewill shed light on its contribution to phenotypic plasticity, and from
there to numerous ecological processesFor example, ifDNA methylation mediates
phenotypic plasticity in response to environmental shifts, it could be an important
facilitator for responding to new threats (Herrera and Bazaga, 2011and to climate change
(Dimond and Roberts, 2016) at colonization of new habitat§Herrera et al, 2012), and at
biological invasions(Richardset al, 2012; Xieet al, 2015; Arduraet al, 2017; Huanget al,
2017). Over a longer timescale, the evolutionary consequences of DNA methylation
variation will depend on the extent of inheritance and stability of the epigenetic variation
across generationsAddressng this point requires the long term evaluation of ecological

processes outlined abovéRichardset al, 2017).

In this thesis, | have developed a body of work addressing some of the outstanding

guestions described above. | considered natural DNA methylation mation, its patterns,



drivers, and its ecological and evolutionary consequences. To this end, | have combined
ecological, genetic and DNA methylation data from natural populations to investigate
outstanding issues regarding: (A1) DNA methylation patternat the betweenspecies level;
(A2) DNAmethylation variation and spatial structure in different populations of the same
species; (Bl) the extent to which withinspecies variation is associated with genetic
variation, and (B2) with environmental variation; (B3) the heritability of DNA methylation
variation; and (C) the ecological consequences of DNA methylation variation (Fig. 2). Below
I introduce the organism used to conduct this study, an overview of the methods applied,
and a brief summary of the issuesxplored in each chapter.

Environnrdal Triggers

change Environmental

induction ) )
Epimutation
Influence Credes
Creates
Genetic | petermines  Methylation | A7 A2
variation — variation
Influences
Determine

v

Colonization of new
Fuels environments

Phenotypic plasticit=— Adaptation

Allows

Figure 2: Outstanding questions in the study of DNA methylation from an ecological perspectiv
This thesis is focused on the following issues: (A1) DNA methylation patterns at species level; (£
DNA methylation variation andspatial structure in different populations of the same species; (B1
the extent the within-species variation is associated with genetic variation, and (B2) witt
environmental variation; (B3) the heritability of DNA methylation variation; and (C) the ecolgical
consequences of DNA methylatiomariation. Figure adapted fromRichardset al.(2017).

1.3. Study systemTimema cristinaestick insects

To address the questions outlined above (Fig. 2), | have us&dnema cristinaestick
insects (Phasmatodea: Timematoel; Vickery, 1993) as a modelimemaare plant-feeding

insects native to the chaparral in Santa Ynez Mountains, in Southern Califoriigandoval,



1994a). Like other stick insects,T. cristinaeis hemimetabolous and does not undergo
metamorphosis. After hatching, individuals go through a series of moults during thei
nymphal instars until they reach aduthood, lacking a pupal stageThey are univoltine and
their life cycle lasts for approximatel 16 weeks(Sandoval, 2000), hatching in February and
reaching adulthood in April (personal observation) Both nymphs and adilts are wingless,
and they rest on tkeir host plants during the day, and feed on leaves at nighthey can
disperse very little, with a mean distance of travel of 2 metres per week and maximum of 8
metres per week(Sandoval,2000). This suggests that individuals can travel to up to 128
metres during their 16-week lifetime (assuming a constant linear travel rateSandoval

2000).

Although T. cristinaecan feed on a variety of plant species, it is primarily found on
two species of host plant:Ceanothus spinosufRhamnaceae anddenostoma fasciculatum
Rosaceage which define the Timemad O A A iTBesebthd® Bost plant speies differ
considerably in their leaf morphology, withCeanothugplants presenting broad leaves and
Adenostomaplants exhibiting thin needlelike leaves (Fig. 3).Timemarely on crypsis to
escape detection by visual pedators, haing evolved body colouratbn that matches the
leaves and stems of the host plants they rest oifséndova, 19944). A green morphbearing
a dorsal white stripe is more frequently found on Adenostomaplants, and a green and
unstriped morph on Ceanothusplants (Fig. 3; Sandoval, 1994a) Manipulative field
experiments have showrpredation is a key factordetermining differential survival rates of
these two morphsdepending on the host plant specieshey are resting on(i.e. survival rates
do not differ when predators are precluded to accesshe experimental sites;Nosil, 2004).
The striped morph is more cryptic and suffers lesspredation on the needlelike leaves of
Adenostomawhereas the green unstripedneis more cryptic and suffers less predation on
the broad leaves ofCeanothusplants (Sandoval, 1994a; Nosil and Crespi, 20060 other

words, divergent selection promoted by differential predation between the two hosplant



species contributes to eological isolation between the twoTimema ecotypes (Sandoval,

1994a; Nosiland Crespi, 2006)

0 CEANOTHUS ECOTYPE

Figure 3: The two mainT. cristinaeecotypes, characterized by the host plantsA) Adenostoma
fasciculatumand (B) Ceanothus spinosusndividuals from the Adenostomaecotype typically have
a longitudinal white dorsal stripe and dak green body colouration, which makes them cryptic or
their host plant needlelike leaves. Individuals from theCeanothuscotype normally have a plain
light green body, matching the broad leaves of their host plariNosil and Crespi, 2006) Photo on
the left by Marc Kummeland on the right by Aaron Comeault.

Individuals with dark body colouration (i.e. melanistic morph) are often found on
both host plants, but atmuch lower frequencies (~10% frequency; Sandoval 1994a,b).
They arecryptic at stems of both hosts, bufare conspicuous in leaveg§Sandoval 19945
Comeaultet al, 2015). Thethree morphs segregate as highly heritable polymorphism with
strong genetic dominance melanistic body coloration is recessiveto green (either striped
or unstriped), and stripe pattern is recessive to unstriped Comeaultet al, 2015). Green
versus brown morphsof T. cristinae are distinguished by a major locus on linkage group
eight, namedMel-Stripe (Nosil et al.2018). This locus exhibits two major features. First, it
spans ~10 megabases of sequence and exhibits suppressed recombinati(putatively due

to aninversion, Lindtke et al, 2017). Second, one edge of the locus exhibits a largeale (~1

10



mega base pair) insertion/deletion (indel) polymorphism. Whether one, few, or many loci
within Mel-Stripe affect colaur is still unknown. Md-Stripe exhibits three cre haplotypes
(i.e, alleles), one corresponding to each morph, designatexiu, and m for green-striped,
green-unstriped, and melanistic, respectively(Lindtke et al, 2017). That is,in terms of
diploid genotypes,uu, us,andum are greenunstriped; ssand smare greenstriped, andmm

is melanistic.

The Adenostomaand Ceanothusecotypes differ not only in morph frequencies, but
alsoin a suite of other traits. For example, there aresignificant differences in body size
(individuals form Ceanothusecotype tend to be largerjNosil and Crespi, 2006)and in host
plant preference asindividuals from different ecotypesexhibit greater differences in host
preference compared to individuals from the same ecotypgndependently of geographical
distances (Nosil, 2007). In addition, the ecotypesexhibit mate choiceand partial sexual
isolation (Nosil, 2007; Nosil and Sandoval, 2008which is assoited with differences in
cuticular hydrocarbons (CHCs molecules with roles n anti-desiccation and ininsect
communication; Chunget al, 2014; Rieschet al, 2017). Previous studies have shown the
Adenostomanvironment presents some physiological challenges f®. cristinaeindividuals
compared to Ceanothusas ifetime fecundity is significantly reduced when they are reared
on this host species (Sandoval and Nosil, 2005; Nosil and Sandoval, 2008). However,
Timemaseem to have a good molecular machinery for coping with different plant cheoal

defences, given thathey can feed on a variety of host plastspecieqLaroseet al, 2019).

Thelandscape whereT. crisinaeis found is characterized by a mosaic distribution of
patches of the two different hosts, varying in patch size and abundance of each plant species.
Previous studies have shown thaf. cristinaehas probably gone through manyepisodes of
colonization and local extinction of different patches in a metapopulation dynamic
(Sandoval, 1994b; Farkat al, 2013). Gene flow between patches of different selection
regimes occurs despite the risk of maladaptatiorAllele frequencies (includingat Mel-Stripe

locus) in this species are thus determined by a balance between selection and gene flow

11



(Sandoval, 1994). In addition, limited dispersal between nonradjacent patches i.e.
allopatric populations) contributes to low gene flow and to the accumulation of genetic
differentiation by neutral processes, resulting in patterns of isolation by distancéSandoval,
1994b). The clear understanding about evolutionary ecology if. cristinaein terms of
interplay between genotype, phenotype and the surrounding environmen{Nosil and
Crespi, 2006; Gomperet al, 2014; Comeaultet al, 2015) provides a good opportunity to

test some of the aims of the th&s (Fig. 2).

The estimate genome size inT. cristinaeis 1.3 gigabases comprising 13 linkage
groups (i.e.chromosomes Soria-Carrascoet al, 2014). The most recentgenome assembly
(version 1.3c2) presents a total length of 953.8negabaseq73.3% of the estimate genome
size; Nosil et al, 2018). It was generated using Chicago librarieswhich are producedby
reconstructing the chromatin in vitro followed by chemical stabilization with histones,
digestion with restriction enzymes, and ligation As a resultjt generated longer scaffolds
(4,068 scaffolds,N50=16.4 megabases N90=1.1megabases L50=16, L90=135. Analyses
performed in this dissertation showed the quality of the current version of T. cristinae
genome assembly iseasonably goodin terms of gene completenesgusing Benchmarking

Universal Sngle-Copy Orthologs tools; Waterhouseet al, 2017; Appendix A, Chapter 2).

1.4. An ecological ejgenetics study irT. cristinae

This thesis focuses on investigating natural DNA methylation variation in an
ecological context. Some of the issues addressed here are analogous to those addressed in
genetics, which means there is an initiaframework, which can be modified to study
epigenetics(Bossdorfet al, 2008; Herreraet al, 2016). At the same time, DNA methylation
has specific attributes that mean the data must be processed and interpreted accordingly,
such as being more prone to spontaneous changese(it is less stable than DNA), its

sensitivity to environmental conditions, and the general reprogramming between

12



generations(Richardset al, 2017). AsTimemais a nonmodel organism, a good first step is
to depict and to describe the methylation patterns, and to compare them to patterns
observed in othea species in order to undestand its typical genomic context and molecular
functions (A1, Fig. 2). Then, one can move to a withspecies approach to investigate the
DNA methylation variation in nature (A2, Fig. 2), and the drivers influencing it (BB3, Fg.
2). As multiple factors canunderlie this variation, it is of key importance to identify and

isolate them in order to understand their individual effects and ecological consequences (C,

Fig. 2).
A Sho Francisco c N
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Figure 4. Map detailing geographic position ofT. cristinaepopulations includedin the sampling
plan. (A) Location in Southern California where the species is found (Santa Ynez Mountains, L
Padres National Forest). B) Representation of the two main host plantgharacterizing T. cristinae
ecotypes @Adenostoma fasciculatunand Ceandhus spinosul (C) Populations selected for the
survey.

With this in mind, a sampling strategy was designed aiming to capture substantial
variation in DNA methylation in wild T. cridinae and to disentangle some of the factors that
could be shaping thisOAOEAOQOET 18 4EOI OCET 60 OEEO OEAOEOh
insects collected within a homogeneous patch of a single host speciés @ locality), as has
been done in previais Timemastudies (e.g.Sandoval 1994a,bNosil et al, 2002; Sandoval

and Nosil, 2005) Some key factors were selected to be studied in this population survey:
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abundance of host plants, elevabin, climatic variables and geographical distance.
Considering all these factors, 12 localities were chosen (Fig. 4): four with orddenostoma
two with only Ceanothus(i.e. pure populations), and six with a mixed landscape where
patches of the two host phnts are sideby-side (Table 1). Each selected locality presents a
different combination of the factors cited above. In addition, given methylationvariation
can be under genetic contro(Dubin et al, 2015; Taudtet al, 2016), genetic variation was
assessed in each population by irsg previously published sequencing data, and by

performing new additional genotyping by sequencing.

To obtain genomewide information on methylation levels, two similarly sized and
large females from each selected population had their wholgenome sequesed after
bisulfite treatment (BS-seq). This treatment consists of a reaction between sodium bisulfite
and DNA, which leaves methylated cytosines uffacted, and converts nomamethylated
cytosines into uracil residues (subsequently amplified as thyminesCokus et al, 2008).
Ultimately, estimates of DNA methylation levels can be obiteed at individual cytosines by
comparing the number of nonconverted cytosines (.e.methylated bases) and the number
of thymines (i.e. nonmethylated bases) at a specific position. Thus, these datasets have
properties that differ in fundamental ways fromother high-throughput sequencing genomic
data (Lea et al, 2017); these properties are addressed throughout the research described
in this thesis.Differences inmethylation status can be obtained by analysingingle loci(i.e.
single methylation polymorphisms; SMPs), or byrivestigating larger genomic regions the
so called differently methylated regims (DMRs). The DMRsspan close sites that have
different methylation patterns between samplesand are regarded as possible functional

regions (Leaet al.2017). Studies in plans and mammalshave extensively worked with

2 Complete information about the sampling design and about each factor is describedfirl details
in Chapter 3 ofthis dissertation.
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Table 1: Localities selected in the population survey and details of the 24 individuals used in the
studies presented throughout the thesis.

Locality Host Latitude Longitude Description Ind. Morph  BL BW HW

17 0003 G 21 04 02
N1 |A 34.517 -119.797  Network 1 -
17 0005 G 2.0 04 0.2
17 0006 G 21 04 0.2
N1 |cC 34.517 -119.797  Network 1 -
170009 M 19 04 0.2
_ 17 0012 S 1.9 04 0.2
FH | A 34.518 -119.801 Far Hill -
17 0015 S 1.9 04 0.2
17 0018 S 1.8 04 0.2
L A 34500 -119.796 Laurel -
Springs 17_0019 S 1.8 04 0.2
i 17 0043 G 21 04 02
HV | A 34488 -110.7g7 Hidden -
Valley 17.0045 S 21 04 0.2
i 17 0049 S 22 04 02
Hv |C 34488 -119.786 Hidden -
Valley 17.0051 M 20 04 0.2
17 0057 S 1.9 04 02
SCN |A 34521 -11983  Swgecoach | A
North 17.0058 S 21 04 0.2
17 0062 G 21 05 0.2
SC C 34.523 -119.832  Stagecoach -
17. 0065 G 20 04 0.2
170067 G 21 04 0.2
OUT | A 34.532  -119.843  Outlook
170070 G 21 04 0.2
170074 G 19 04 0.2
OUT |C 34.532  -119.844  Outlook
170075 S 1.8 04 0.2
i 170077 G 21 04 02
PR |C 34533 -119857 | aradise -
road 17 0081 G 20 04 0.2
170082 G 20 04 0.2
BT |A 34.536 -119.862  Bottom
170086 G 19 04 0.2

Morph abbreviations: G=gren, S=striped, and M=melanistic. BL= body length, BW=body widtiW=
head width. Morphometric measurements were performed in ImageJ 1.4.8§&bramoff et al, 2004),
following previous works on T. cristinae(Comeaultet al,, 2014; Rieschet al, 2017). All individuals
used in this work were female.

DMRs, as DNA methylation levels are spatially correlated in promoters, transposable
elements andregulatory regions (Suzuki and Bird, 2008; Leaet al, 2017). In inseds, the
studies are usually conducted based on\8Ps(e.g.Bonasioet al, 2012; Glatad et al,, 2016;
Libbrecht et al, 2016). Considering the gaps in the knowledge of the genomic distribution
of DNA methylation in insects and the limitations in the use of DMRs(e.g.it tends to

extrapolate or ignore the variation betweenthe samples it faces statistical limitations

dealing with the binomial nature of methylation datg Gasmr and Hart, 2017) | focused at
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investigating SMPsin this dissertation. Although one single methylation polymorphism
might not be enough toaffect genomic activity, identifying these sites can be a good first
step to understand the patterns and variation of DNA methylation between samples.

Limitations using this approachare discussed throughout the thesis when appropriate.

Previously published sequencing data(Soria-Carrascoet al., 2014; Comeaultet al,
2015; Lindtke et al, 2017; Rieschet al,, 2017) were used to identify the regions where some
single nucleotide polymorphisms (SNB) could have been confounded with single
methylation polymorphisms (SMPs). Finally, & estimate genetic variation among the
samples, each individial with methylation information had its genome sequenced partially

using RADseq.

1.5. Ouitline of thesis chapte

Chapter 2 of this thesis addresses the status of DNA methylationTn cristinaestick
insects, characterizing its genomienethylation profile for the first time and comparing the
emerging patterns to the stateof-the-art in other insect species (Al, Kj. 2). To this end, the
population survey BSOAN AAOAOAO xAO OOAA Oi AOOEI AOA OAOEAOQE
profile. Chapter 2 thoroughly describes the details of the BSequencing steps and
generation of this dataset (Fig. 5). The results revealed highly methylated genome
compared to other insects, targeted mostly to gene bodies€.exons and introns). Overall,
DNA nrethylation patterns in T. cristinaeresemble the ones found in other hemimetabolous

insects, and show some similarities and diffences to vertebrate methylome profiles

(Glastadet al., 2016).

Chapter 3 addresses DN methylation patterns at the population level to capture the
within -species variation, and to investigate the possible factors derlying it (Fig. 5). The
population survey data were used to test the hypotheses that natural DNA methylation

variation: is structured in geographical space (A2, Fig. 2); is associated with genetic
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variation (B1, Fig. 2); and is correlated with environmetal factors such as climate and host
plant species (B2, Fig. 2). This chapter details how the sampling strategy was designed,
aiming to disentangle some variables that could be underlying methylation variation. Here,
multiple datasets were used, includingnethylation variation (using the population survey
BSseq data), genetic variation (using newly acquired genetic data and realysis of
previously published data), and ecological information about the population localitiese(g.
abundance of host plants, levation, climatic variables and geographical distance). This
chapter revealed that genomewvide DNA methylation variation in T. cristinae tends to
cluster following the geographical distribution of populations. Multivariate analyses
revealed this trend in DNA methylation variation was better explained by its association
with genetic variation than by its association with geograpital distance. Although there
was not a noticeable correlation between general DNA methylation variation and climate or
host plants, the results do not exclude the possibility of such associations in specific regions
of the genome. Binomial mixed model¢Lea et al, 2015) revealed that some similarity in
DNA methylation variation was correlated with similarity in genetic kinship, suggesting
some heritability of methylation status (i.e.specific sitesshow the same methylation levels
over generations). Taken together, these results indicate genetic differences explain DNA
methylation variation and suggest that differentiation between populations can accunate

given limited dispersal in space.

Chapter4 focuses on the interactions betweeid. cristinaeand their host plants. Here,
studies of natural variation, combined with a rearing experiment, were used to test for a
host plant effect on DNA methylation vaation (B2, Fig. 2; Fig. 5). The work considerhow
DNA methylation variation can be implicated in host shifts and colonization of new
environments (C, Fig. 2). The experiment involved rearing aduit. cristinaeon different host
plants in controlled condtions to test for a responseto host shift in methylation levels. BS
seq from the population survey and from six individuals used in the experiment were used

to obtain information about methylation variation. Methylome scans using binomial mixed
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models peaformed independently on thedifferent datasetssuggestedsomepotential single
methylation polymorphisms (SMPs) associated with host plant. In particular, SMPs located
in the coding region of an insect allergen gene were identified the outputs ofboth analyses

of natural and eyperimental populations. In other insects this gene is related to digestion
and nutrient uptake (Randall et al,, 2013). Thisregion was differently methylated between
the ecotypes in natural populations. The rearing experimensuggestedit responded to the
host shift in the opposite direction as expected from the natural population surveyo that
the response to the enironmental changecould be interpreted asO1 AIAADOE OA 6 8
there was not any measurement of gene expression or of fitnessore analyses areneeded

to support these results this study suggestednot only that methylation can respord to an

1 OET OCE

environmental change, but also that it does not necessarily happen towed O OE Am O POE |

OOAOAG8 #1 PEAO 1T &£/ OEEO CAT A AT T AET AOA mI OT A ET T

no traces of methylation. In summary, these first results suggesvme good candidate genes
for investigating the role of methylation in the interaction betweenT. cristinaeand their

host plants.

Finally, Chapter 5 concludes the findings of this dissertation and outlines some
unresolved issues and directions for future wrk in the field of ecological epigenetics.
Collectively, these studies represat analyses ofT. cristinaeDNA methylation patterns at
different scales: from a broad species level, through to the factors underlying withigpecies
variation, and closing with a focused study of whether DNA methylation status can affect
insect-plant interactions. Oveall, this thesis highlights the importance of studying this

molecular feature to better understand complex organismal life.
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1.6. A note on contributions made this thesis

yT OEA DOI AAAAET ¢ AEADOAOO 10B AGEE @hed EAOMBC
describing the research. Although | was the one to lead the work, | had support from my
colleagues and mentors. For example, Dr. Romain Villoutreix initiatethe work on DNA
methylation in T. cristinaeand developed some of the first sépts to process BSseq data. In
addition, together we designed and performed the rearing experiment (Chapter 4). Dr.
Victor SoriaCarrasco developed the pipelines to process getic data, and was constantly
advising me not only on bioinformatics jobs and malyses, but éso during the entire thesis
writing process. Finally, my two supervisors Dr. Patrik Nosil and Dr. Jon Slate have always
provided great support in the interpretation of results and in critical discussions. Although
these four researchers werenot represented at the beginning of each chapter, they will be

acknowledged in the manuscripts for publication, following the conventions of authorships.

1.7. Note on contribtion to appendixD

Appendix D comprises a manuscript submitted for publicationtitled Ecolayy helps
explain whether genes for cryptic coloration form a supergene or recombrewhich | am a
co-author. | included this piece of work as part of my thesibecause | have significantly
contributed to it, having led some of the experiments and analgs detailed in the
manuscript. This manuscript describes the ecological aspects iolved in polygenic
adaptation in Timemastick insects. By combining studies in @logical, experimental and
genomic datasets, we identified multiple, recombining loci affe@ig cryptic colouration in
different Timema species. Briefly, we foundhigh recombination among colour genes is
associated withuse of host plants that favour corihuous colour variation. Conversely, the
use of host plants with discrete coloursi(e.greenleaves versus brown stems) is associated
with strong disruptive selection and suppessed recombinationz involving a structural

variation that formed a supergene.n this manuscript, | led the analyses about crypsis,
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investigating the colour variation onthe insects and on their host plants: the phenotypic
measurements from photographs,the differentiation, overlap, and correlation analyses
between morphs. In additon, Patrik Nosil and | designed the manipulative field experiment
to test the hypothesis regrding colour variation in Timema(i.e.continuous versus discrete
colour polymorphisms) and adaptation to their host plants. | presented the preliminary
results about genomewide analysis studies (GWAS) and camouflage fimema chumash

from this study in my confirmation evaluation at University of Sheffield.
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Chapter 2: How does DNA methylation vary at

species level?

Chapter 3: What are the patterns and drivers of
DNA methylation variation within species?

Chapter 4: How does methylation vary with

the environment?
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24 samples \ 24 samples l 6 samples
extract - - Host shitt and
e)g:z;:t Rearing experiment | experimental
controls
Called SNPs wih DNA
RAD-seq from
~15ind each pop.
’ BS-se RAD-set
Align to BS-converted Call SNPs populations [ 4 ] [ a ]
T. cristinaereference Geographical RAD-seq l l
l distance
- - - Methylation Genetic Methylation Genetic
Whole-genomes Remove | CITandG/A Environmental | Methylation Genetic | Comparisons variation (1) | | variation(1) || variation(2) || variation (2)
and RAD-seq SNPs removed from data variation (1) || variation (1) | betweensamples
re-sequencing methylation data \ / \ /
- / \ Methylome scan Methylome scan
Methylation Averaged among to look forregions to look for regions
variation (1) samplesto describe Estimate association Estimate associated with associated with
species variation Depict how natural between genome-wide heritability hostplantuse (1) host plant use (2)
l DNA methylation DNA methylation and usin
patterns vary in geographical distance, binomsi’al
Investigate global Distribution of Comparison to geographical space environment, and mixed models \dentify and
DNA methylation DNA methylation otherlr_lsect genetic variation characterize common
across genome species

significant regions from
independent analyses

Figure 5: Flow chart describing the contents of each chapter in this thesis. Diagrams depict thiegs used to manipulate the data acquired from natura
populations. Details about the BSsequencing steps and generation ofmethylation variation are thoroughly described in Ghapter 2, and about acquiring and
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21



22



Chapter 2

Function and evolution of DNA methylation in  Timema cristinae

stick insects

2.1. Summary

DNA methylaion is involved in gene expressiongenomic imprinting, alternative splicing,
and in dlencing transposable elements Although DNA methylation is widespread among
eukaryotes, it differs considerably among taxa, which can affect its role and importance. The
variable patterns among different insect species denotes agvolutionarily flexible role of
DNA methylation. However little is known about its function and evolution in the group as
most studies are focused in eusocial insects. Thus, investigating ditet clades can expand
the knowledge of patterns and functions of DNA methylation in insects. Here, whele
genome bisufite sequencing was used to describe the DNA methylation profile iimema
cristinae stick insects. The results suggest the DNA methyltrafevase 3 (DNMT3) has been
lost in this species, relying only on DNMT1Timema presents elevated global DNA
methylation levels compared to other insects (14% 1@pG), targeing mainly the gene body
(i.e.both exons and introns)increasingO1 x AOA O QOrEpAtterasihat/Aeksefnble other
Memimetaboladinsects. Methylated genes generally play housekeeping functions, while
non-methylated genes play signalling and transduction functions. Similar to other insects,
transposable elements were impoverished in metylation. With this work, | highlight the
importance of investigating different insect taxa to obtain a betteunderstanding of some

specific and general roles oDNA methylation.
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2.2. Introduction

DNA methylation is a covalent base modification, which namally happens at the fifth
catbon (Guq T £ OEA AAOA AUOIl OET Améahyl-pyerei IEBET A OET ¢
ubiquitous in eukaryotes (Feng et al, 2010), and it is known to affect gene expression
(switching genes on awl off by influencing transcription factor binding, Schibeler, 2015)
alternative splicing (Foret et al, 2012; Satiet al, 2012), and transcriptional elongation
(Lorincz et al, 2004). In animals, methylation occurs almost exclusively in cytosines (C)
followed by guanines (G) in a symmetric conformation in the DNAig. CpG catext),
although it can be found in other contextsi(e.in symmetric CHG or asymmetric CHH, where
H stands for nonG nucleotides;Fenget al, 2010). The DNA methylation activity m CpG
context is evolutionarily well conserved, and it is ypically mediated by two enzymes in
animals (Goll and Bestor, 2005) Thede novaDNA methyltransferase (DNMT3) adds methyl
groups in specific DNA sites, andhas particular importance during embryogenesis and
tissue differentiation (Law and Jacobsen, 2010)The established methylation patterns
across the genome are then maimined by DMNT1 at mitosis, adding methyl groups at the
newly synthesized stand based on the symmetrical information present in the dginal
strand (Goll and Bestor, 2005) The DNMT2 is not involved in DNA methylabn, but it is
rather a tRNA methyltransferasgGoll et al,, 2006). A number of enzymes is responsible for
the demethylation activity, and it varies in different taxa(Law and Jacobsen, 2010)Thus,
the balance between methyltransferase and demethylation enzymes activities culmites
with a characteristic DNA methylation pattern in tissues, individuals, populations and

species.

Although CpGmethylation is widespread across the tree of lifethe proportion of
methylated cytosines in the genomeits distribution, and genomic targetsvary across
different taxa (Suzuki and Bird, 2008) In vertebrates, thegenome is globally methylated,
except promoter regions which are generally normethylated (Jones, 2012) These regions

are the so called CpG islands, and their methylation state is known to be dynamic, which
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influences whether a trarscription factor will bind to the region and initiate the
transcription or not (i.e.respectively the non-methylated and methylated state; Yiret al.
2017; Onuchicet al.2018). This role of methylation is well described in vertebrategJones,
2012; Schubeler, 2015) and a number of studies has shown associations between
environmental variables and changes in methylation state and in gene expressi¢duncan

et al, 2014). In invertebrates, DNA methylationévels are much reduced and distributed in
sparse patterns across the genom(Suzuki and Bird, 2008) In addition, in invertebrates
DNA methylationis mainly found in gene bodies, which suggests that methylation may have

different properties in invertebrates and vertebrates(Zemachet al, 2010).

For many years, it was speculatedhat insects underwent very little or no DNA
methylation in their genomes, as the model organismDrosophila melanogasteexhibits
insignificant methylation levels (Goll and Bestor, 2005) In fact, DNA methylation lgels in
insects generally follow the mosaic distribution found in other invertebrates (Xiang et al,
2010). However, it sems to vary widely across the group, being absent in many clades. Of
the six investigated insect orders in a large phylogenetic comparison, each @exhibits at
least one loss of DNA methylation, with no evidence to date of it in dipteraiBewick et al,
2017). On the other hand, it has been proposed DNAethylation is involved in
developmental plasticity and socialbehaviour. For instance, in honeybeesApis melliferg,
the development of larva into queens or workers depends on dérential feeding with royal
jelly, a process that involves variation in DA methylation modifications (Kucharski et al.,
2008; Foretet al, 2012). These observations gathered great attention, and led to a large
focus on studies about DNA methylation in Hymenoptera, vibh include many examples of
social insects, such as ants, bees and wasfe.g.Bonasioet al, 2012; Wanget al,, 2013;
Patalano et al, 2015). As a result, studis about DNA methylation in other orders are
generally underrepresented. Thus, studies should be conducted in different clades for a
better understanding of patterns, function and evolutionary importance of DNA

methylation in insects. For example, DNA methgtion tends to happen more extensively in
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insects that undergo incomplete metamorphosisi(e.passing through egg, nymph and adult
stages Gemimetabolad) and is reduced in those that face complete metamorphosis.€.
passing through egg, larva, pupa, aradult stages; Holometabola), where it is occasionally
absent (Bewicket al.,2017; Provataris et al. 2018). When it is present, DNAnethylation
normally occurs in genes that are broadly expressed across tissues (Glasetdal. 2016;
Glastadet al. 2017), it tends to be depleted in transposable element$§Wang et al, 2013;
Glastadet al., 2017), and it does not necessarily depend on DNMT3 activity to be established,

as this enzyme is lacking in some taxa (Bewiek al. 2017).

These circumstances challenge the understanding of the role of DNA methylation in
insects, which is still widely debated. Even the hypothesis that it plays a general function in
the development plasticity of social insect caste systems has beeunestioned recently
(Bewick et al, 2017). In fact, recent empirical evidence indicates there isah a clear
relationship between methylation levels and eusociality or reproductive division of labour
(Libbrecht et al, 2016; Standaget al, 2016; Glastacet al., 2017). Moreover, the functional
role of DNA methylation in gene bodies, as is commonly observed in insects and eath
invertebrates (Zemachet al, 2010), is not well understood (Hunt et al, 2013). A recent
study revealed changes in methylation levels in response to presence or absence of
maternal care in a stsocid bee (Ceratina calcaratg, but those changes were not linked to
the changes observed in gene expression or to alteative splicing (Arsenault et a., 2018).

In addition, a knockdavn of DNMT1 (and its consequential depletion for DNA methylation)
in the hemipteran Oncopeltus fasciatusesulted in inviable eggs and reproductive failure.
However, it did not result in changes in genes or transposable exzhent expression,
suggesting DNMTZland DNA methylation present biological functions that are independent

of gene expressior(Bewick et al, 2019).

In this work, the levels and patterns of DNA methylation in th&imema cristinaestick
insect were investigated (Phasmatdea: Timematodea; Vickery, 1993)T. cristinae are

plant-feeding wingless insectsative to the chaparralin Santa Ynez Montains, in Southern
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California (Sandoval, 1994) Although this species is likely to be found in a broad range of
host plants, it is typically found in two ecotypes, characterized by the host plants
Adenostoma fasciculatunand Ceanohus spinosugFig. 3 in Chapter 1) Like other stick
insects, this species is hemimetabolous and develops gradually. That is, it goes tlylouhe
egg stage, proceeding through a series of nymphal instars, and reaches adulthood after
many molts. Although O AT ET AOAAT 1 Ad E O upAhere &iddasskidatioAi© E A
applied to emphasizdifferent metamorphosis processesgcontrasting this group with those
with complete metamorphosis (.e.Holometabola or Endopterygota) The objectives of this
study were: (1) to first describe the general methylation profile inT. cristinaeand (2) to
compare the patterns with what is known in other insect pecies. For this, DNA methylation
information was obtained from samples collectedr different populations in the wild by
using bisulfite sequencing (BSseq). To my knowledge, this work used the largest sample
size in the study of DNA methylation in insed, which enabled to obtain statistically reliable
results. The analyses focused othe CpG context as it is the maigontext targeted by
methylation in animals, but some additional results are reported in CHG and CHH contexts.
The results show the genomesi highly methylated inT. cristinaecompared to other insects,
and that methylation targets both exons and introns inthe gene body. Similar to other
insects, the methylated genes were enriched in functions related to fundamental cellular
processes, and tnsposable elements were mostly depleted in methylation. By studying
this non-Holometabolaspecies, this work aimed ¢ contribute to the knowledge of different

forms, functions and evolution of DNA methylation levels in insects.

2.3. Material and Method s
2.3.1.DNA methyltransferases (DNMTSs)

To identify and characterize the DMNT genesfirst used theT. cristinaefunctional
annotation (version 1.3c2; Villoutreix et al.in prep). Briefly, this functional annotation was

obtained usingT. cristinaeRNA sequencig data(Comeaultet al, 2012; Misofet al., 2014),
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used to generate gene predictions in the reference genome and its resfige putative
proteins. The functions from the putative proteins were estimated by aligning their
sequences to multiple databases, and sted in the T. cristinaefunctional annotation dataset
(methods at Villoutreix et al.in prep). In this study, putative proteins with G5 cytosine
methyltransferase function were selectedfrom the functional annotation dataset, as this
activity is characteristic of eukaryotic DNMT enzymeqGoll and Bestor, 2005) The amino
acid sequence from all selected. cristinaeputative proteins were input into the BLASTp
tool (Altschul et al, 1997) at National Center fo Biotechnology Information (NCBI)
platform, and aligned ti . # " ) -@dbdndant drotein sequence database. The BLASTp
analyses returned the most similar protein sequences in the dabase along with its
described function.This similarity is estimated bya matching score and by the Expect value
(E-value). The Evalue describes the number of hits that are expected to be retrieved by
chance when searching a database of a particular side.decreases exponentially as the
score of the match increases, so thétie lower the Evalue the more significant the match is
(Altschul et al., 1997).The best hits were selected, and all the accompanying information

reported here.

In addition, | aligned DNMT proteins from a fewspecies of insectdo the T. cristinae
referencegenome assemblysee Table Al for estimate of quality of genome assemblyl)o
this end, | downloaded the protein sequences of DNMTs 1 and 3 and its different isoforms
from: Apis mdifera (Hymenoptera: Apidae Elsik et al, 2014), Nasonia vitripensis
(Hymenoptera: Pteromalidae Werren et al, 2010), andZootermopsis nevadend{ssoptera:
Termopsidae; Terrapon et al, 2014) using GenBank (National Center for Biotechnology
Information, NCB]J. N. vitripensisand A. meliferawere used because their DNMTs toolkit is
well characterized (Werren et al, 2010; Provatais et al, 2018). | generated a database on
T. cristinaereferencegenome (version 1.3c2Nosil et al, 2018) using O E iRakeblastdbdtool
in BLAST+(Camaclo et al, 2009). The DNMTs amino acid sequence werden aligned to

this database using tBLAST (2.8.1+;Altschul et al, 1997).
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2.3.2.Sampling

| collected individuals from 12 different locations around SantaYnez Mountains
(Table 1 inChapter 1). These localities ite.populations) were chosen based on the different
factors, including different genus of host plant i¢e.either Adenostomaor Ceanohus), and
varying in geographical distance and climatic variables. Given nistiation is expected to
vary according to different ecological factors and genetic background, this design aimed to
obtain a comprehensive dataset of DNA methylation informationni T. gistinae. For this,
individuals from the different localities were all sampledon the same day25 April 2017)
in the Californian spring. Specimens were collected using sweep nets and kept in plastic
containers at room temperature overnight and fed with leaves from the same [ant on

which they were collected.

Photographs ofevery specimen were recorded using a Canon EOS 70D digital camera
ANOEDPPAA xEOE A [T AAOT TATO j #AT 11 & pnmuil
flashes (Yongnuo YN564I spedllights). The pictures were taken with the camera set on
manud, an aperturel £ AF¥pth A OEOOOAO OPAAA T &£ pTcumuC
in S2 mode.The selected mdividuals were then flash frozen using liquid nitrogen one day
after sampling (26 April 2017) and preserved at-80°C temperature. hus, the samging was
immediately followed by preservation. All procedures were performed to assure the
methylation status wasminimally affected by changing conditions after sampling. This way,
one can assme the methylation levelslikely match the patterns present inthe wild.
Individuals were measured using Imagell.4.882(Abramoff et al, 2004) following previous

work on T. cristinae(Comealt et al, 2014; Rieschet al,, 2017). Two similar-sized adut

femaleswere chosenfor BSseq ofeach population(Table 1 in Chapter 1)
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2.3.3.Generating DNA methylation data
2.3.3.1.Whole genome bisulfite sequencing {38q)

I used wholegenome bisulfite sequencingto obtain genomewide information on
methylation levels in T. cristinae This technique consists of lllumina sequencing preceded
by a bisulfite (BS) treatment of the DNA, which involvea reaction between sodium bisulfite
and DNA. This treatment converts non-methylated cytosine residues into uracil
(subsequently amplified as thymines [T] following polymerase chain reaction [PCR]), but
leaves 5methyl-cytosines uraffected (Fig. 1; Cokuset al, 2008). Thus, only methylated
cytosines are retained after this treatment.For every genomiclocus, BS treatment and
subsequentPCR amplificaton give rise to four possible different DNA strandswhich all
have the potential to be sequenced (Fig. 1)ltimately, estimates of DNA methylation levels
can be obtained by comparing the number of methylated basend the number ofnon-
methylated bases at a specific position This provides genomewide information to be
processedin silicoto assess methylation levels at baspair resolution. This technique has
been widely used to estimate DNA methylation informatiorfLeaet al, 2017; Richardset

al., 2017).

| used half of the whole body (cut longitudinally) of each specimen tdsolate its
genomic DNA using DNeasy Blood and Tissue Kits (QiageAjthough thisimplies a mix of
DNA from different tissues, this procedure has been used in a number of other studies of
insects (e.g.Bonasioet al., 2012; Wang et al,, 2013; Patalancet al,, 2015; Glastadet al, 2016,
2017).In addition, methylation seems to bepreferentially targeted to genes that arebroadly
expressed across tissue¢Glastadet al, 2018). A small amount ofnon-methylated cl857
Sam7 Lambda page DNA (Promega Corporation) was added to all samp|egjuivalent to
1% of the final volume to be procesed. This strain lacks methylaseactivity (Arraj and
Marinus, 1983),thus all cytosines are noAmethylated and are expected to be corerted into

thymines after BStreatment (i.e.0% methylated cytosines in the phage sample)Hence,
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here the efficiency of BSconverson was usedin the phage as groxy to determine the
conversion efficiency in each sample. In addition, genomic DNA afeT. cristinaesample
(individual 17_0015) was submitted not only for BSseq, but also as a control for the BS

treatment (i.e.was sequenced withot sodium bisulfite treatment).

region of interest

’

— 5’ ..gtggcatgcttcaacgtt... 3
3’ ..caccgtacgaagttgcaa...5
BS conversion BS conversion
PCR amplification PCR amplification
on forward strand on reverse strand
5 GTGGCATGTTTTAACGTT 3’ 5" ATAGCATACTTCAACGTT 3’
3’ AACCGTACAAAATTGCAA &’ 3’ TATCGTATGAAGTTGCAA &’
forward strand C » T conversion reverse strand C » T conversion

Figure 1: DNA strands generated by bisuife treatment. Methylated cytosines (grey) remain

unaffected after BS treatment, while nommethylated cytosines are converted into uracil and
amplified as thymines (red). Adenines (blue) are amplified when new thyminegoriginally non-

methylated cytosines) are used as template. Thus, bisfile conversion followed by PCR
amplification can result in four different DNA strands, and consequently four different states at
specific locus. This figure was adapted from Krueg& Andrews (2011).

The BStreatment and sequencing vere performed by Biomedicum Functional
Genomics Unit (FUGU, HelsinkiTo perform the sodium bisulfite reaction the DNA was
treated with Zymo EZ DNA MethylatiorGoldTM kit Zymo Research. The converted shgle-
stranded DNA generated in this process wasused for the nondirectional library
preparation using TruSeq DNA Methylation Kits. The converted DNias synthesized using
random primers, OAT AAOE OAT U OA C@ifle Qdek i& eachbsanfplie Miterx E OE
amplification and following purification using AMPure XP beads (0.7x ratio), the libraries
were sequencd using the lllumina NextSeq 500 system, with High Output 2 x 150 bp ran

In total, three flow cells with four lanes were run {.e total of 12 lanes).
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2.3.3.2. Filtering reads

Filtering was done using Trimmomatic (0.36Bolger, Lohse, & Usdel, 2014), and read

quality assessed using FASTQC v0.11.5 (https://www.b ioinformatics.

babraham.ac.uk/projects/fastqc/). Briefly, reads with the minimum length of 36bp

(MINLEN=36) were selected.Given all reads had maximum legth of 150bp,| performed
the step of removing reads longer than 150bp (CROP=150) only as a conventiasthis step
did not effectively filter any reads.The first 10bp fromA A AE &dtiavadyspresented
increased cytosine content and were thusremoved (HEADCROPH)). The reads were
scanned with 4bp sliding wndows, and cutwhen the mean Phredquality per base dropped
below 20 (SLIDINGWINDOW=20). In addition, based the start and end of a read were
removed if below Phred 20 (LEADING=20, TRAILING8R Finally, he lllumina specific
sequences were all removed from the reads wusing a custom file
(ILLUMINACLIP="2:30:8:1:true").Phred +33 quality score was used during the filteringThe
filtering removed around 1-1.5 million reads in each samplé @ne; leaving 8.59 million
readsto be usedfor mapping. The reads from different lanes were then mged by sample
id. The mean number of reads was33,634,576 [31,569,755 7z 35,699,397] (mean [95%
confidence interval] across all 24 samplesTable A). There were some differerces in
coverage and in read counts between the flow cells, which were evidencaddownstream
studies such as the clustering analyses used in Chapter 3 (data not shown in this
dissertation). These batch effects were minimized after standarding the numberof reads
between all the samples. After subsampling the reads of each individual a maximum of
24 million reads (the minimum read count), randomly sampled from thefastqfiles before

mapping (Table 7).

2.3.3.3.Read mapping and methylation cial

The reads wee mapped using Bismark(0.16.1; Krueger & Andrews, 2013. This

software processes the four reads from the sequencing libraries by convertiriigem in silico
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into C-to-T and Gto-A versions(i.e.the reverse drand of Gto-T; A stands for adenine; Fig.
2). Then, Bismark aligns each one of them to tH@Stransformed version of a genome of
interest using bowtie2 (Langmead and Salzberg, 2012) This allows the software to
determine the strand origin of aBSseqread and the unique best alignrant (Krueger and
Andrews, 2011). Finally, Bismark uses the best alignment to do the methylation calls,
determining the methylation state of each cytsine on the read (Fig. 3). Heré, EOI AOE 8 O
®@ismark genome_preparatiod  Quvasi ubed to convertthe Lambda phage DNA (GenBank
Z EMBL Accession Number: J02459) and the most receft cristinaed O OA £AAOAT AA ¢
(1.3c2; Nosil et al, 2018) into their BS-transformed version. The mapping was performed
OOET uisteek@® O1 11 h O OGend gnd doBdkectidAaEoptiins to use all four
different strands generated at PCR aptification. The ambiguously mapped reads were
always discarded.

| first mapped the good qualityreadsto the BStransformed Lambda phagegenome
to isolate the data from this strain, and tmbtain estimates of BS conversion. The mapping
yielded a meanof 737,086 [626,1257 848,047] reads across samples mapped uniquely to
Lambda phage (mapping efficiency of 3.1% [2.6% 3.6%]). The proportion of methylated
cytosines in the phage was 0.3% inf context, 0.46 in CHG, and 0.3% in CHH (Tabl&2).
This means 0.3% of normethylated cytosines in CpG context, for example, were not
properly converted by the bisulfite treatment, as this strain does not camin any methylated
cytosine. Thus, the mean anversion effidency was 99.7%, in CpG context across all
samples. The reads that were not mapped to the phage (23,262,914 [23,151,95%3
23,373,875]) were then aligned toT. cristinaeBSconverted reference geome, yielding a
mean of 10,232,740 [9,803,34% 10,662,139] reads uniquely mapped fapping efficiency

of 44.0% [43.3%7 44.7%)]; Table A3).
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’

genomic fragment 5’ ...gtggcatgctgcaacgtt... 3

sequence after

bisulfite treatment GTGGCATGTTGTAACGTT
C-to-T/ \G-to-A read conversion
GTGGTATGTTGTAATGTT ATAACATATTATAACATT
. align to BS converted
) (2) (3] ) reference genome
..gtggtatgttgtaatgtt... ...ataacacactacaacatt...
..caccatacaacattacaa...” ‘..tattgtgtgatgttgtaa..
forward strand C-to-T forward strand G-to-A
BS converted reference genome BS converted reference genome
\ ; read all four alignment
() (2) (3) (4) outputs simultaneously to
" « oy determine the best unique
best unique alignment alignment

Figure 2: Methylation call used by BismarkKrueger and Andrews, 2011) Reads from BSeq are
first converted in silicoto its Gto-T and Gto-A versions to obtain the four possible strand versions
The four outputs are simultaneously aligned to the B8onverted reference genome to determine
the best unique alignment (here, it corresponds to alignment 1). e that the reference genome
sequence illustrated here does not fully mirror the genomic fragment of interest (see Fig. 3). Th
figure was adapted from Kruege & Andrews (2011).

The BScontrol sample showed 980% methylation for CpG context, 99.4% on CHG
and 99.2% on CHH That is, Bismark detected a high percentage of the togines as
methylated in different contexts because they were not modified by the BBeatment,
implying the software was sensitive to detect cytosines in methylated state. The
®@ismark_methylation_extractdd O1 1 | @-citbsie EpO® | BFOrE Bidmark were
used to extract the methylation callfor every single cytosine in eachcontext from the
mapped files, generatinga table with methylated and non-methylated counts for every

genomic site for each individualThe values are reported in the Results section.
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2.3.3.4.Controlling for genetic polymorphisms (SNPs) in methylation calls

The nature of BSseq data offerssome difficulties to its processing, as misleading
methylation calls can arise due to the transformation from C/T (or G/A in the reverse
strand) and subsequent alignment to reference genome. That is, a natural single nucleotide
polymorphism (SNP) could beassigned as a differently methylated position and contind
the results of this work (Fig. 3). To investigate this effect, the BiBeatment control sample
(i.e.individual 17_0015) was first used to identify C/T and G/A SNPs, and then compat
this list of sites to its BStreated equivalent. The genetic data &s processed following a
pipeline often used in previousTimemasp. studies €.g.Comeaultet al, 2016; Riesclet al,
2017). Briefly, the good quality readswere aligned tothe T. ciistinae reference genome
(1.3c2; Nosil et al. 2018) using bowtie 2.3.4.1 (Langmead & Salzberg, 2012pplying the
paired-end argument. The mapped reads were sorted and indexed using SAMTOOLSLI.8
et al, 2009). SNPswere calledfollowing a customPerlscript (Comeaultet al,, 2014), which
uses SAMTOOL Snpileup and BCFTOOLS using ¢hfull prior, calling a variant only if the
probability of the data was less than 0.5 under the null hypothesis that all samples were
homozygous for the reference alleleEvery SNP that presented Phred quality score equal to
or greater than 20(i.e.1 5! , Q) was retained The filtering retained 3,487,275 SNPs, of
which 12.1% were C/T SNPs and 12.2% corresponded to G/A SNPs, giving 846,998
potential genetic polymorphisms that could be confounders to the methylation counts.
However, only 0.5% of all CpG sitesalled in the 17_0015 BStreated sample overlapped

with the list of C/T and G/A polymorphisms obtained from the BSontrol.

Following this, to obtain a list of SNPs for the other individuals, newly acquired
restriction site associated DNA sequencing (RABeq) data wereused,as well as similar
RADseq data from previous studies Comeaultet al, 2014; Lindtkeet al, 2017; Rieschet
al., 2017). Complete infemation about samples and about the data processing will be

detailed in Chapter 3 (section 3.3.5). After céihg the SNPsusing thesame custonPerl script
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cited above(Comeaultet al, 2014), only the genetic variants with Phred quality score equal
to or higher than 20 were retained, where 460,757 C/T and 459,480 G/A transitions were
listed. In addition, whole-genome a&cessionsfrom 20 individuals from five popuations

included in this study (Soria-Carrascoet al, 2014; Rieschet al., 2017, Table A4) were

retrieved from NCBIldatabase(https://www.ncbi.nim.nih.gov/ ). The data were processed
similarly to the proceedings described above for the B8eatment control sample, listing
7,547,750 C/T and 7,549,895G/A SNPs. Merging the lists from RABeq and from whole
genome sequencingl5,534,254 sites identified asC/T or G/A SNPs were obtained. fom
this list, 10.5% [10.4%z 10.6%] SNPs overlapped with CpG sites in the B®ated samples,
including the sample 17_0015, 4.8% in CHG, and 4.4% in CHH. These values are
considerably higher than the proportion of SNPs overlappig in the comparison between
BS and norBS treatment sample (0.5%). As such, there was likely an overestinati of
SNPs presnt in the methylation tables, but this conservative approach ensures most
methylation polymorphisms (SMPs) were not genetic polymgohisms (SNPs). All the SNPs
overlapping with methylation sites were removed aiming to reduce these confoundin

effects.

5.gtgg air;cii‘gctgcaa gtt...3’ genomicsequence

7z non-methylated C in CpG context

5 GTGG ATiGTTGTAA GTT 3’ bisulfiteread Z methylated C in CpG context

, 3 ! , x non-methylated C in CHG context
5 ---gtggcalcgi:tg%a acgtt... 3" reference genome X methylated C in CHG context

\ H} \ . h non-methylated C in CHH context
.H L2 X h..Z... methylation call H methylated C in CHH context

L2

C/T genetic polymorphism

Figure 3: After determining the unique best alignment (Fig. 2), BismarkKrueger and Andrews,
2011) calls the methylation variants for each locus. In this studyl. cristinaereference gaome

was used b do the alignments. Hence, misleading nemethylation calls might arise when C/T or
"¥! CATAOEA DIl UIT OPEEOI O AOA DPOAOGAT O ET «
reference genome. In the example given here, a C/NB was intergreted as a noamethylated

cytosine in CpG context. This figure was adapted from Krueger & Andre\{011) and contains
some alterations compared to the originabne.
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2.3.3.5.Final methylation tables

The finaltables without the potential SNPs had mean coverage ®f7 [2.5 7 2.9] reads
per site, where 60.0%[57.9% z 62.1%)] of the sites had coveraggreater or equal to2x;
dropping to 36.1% [33.0% z 39.2%)] for greater or equal to 3x ; and then 13.26 [10.3% 7
16.2%] for coverage greater or equal to 5x per sitéhat is, the final read coverage was much
reduced after all the processing steps: filtering low quality reads; subsampling the reads to
a maximum of 24 million reads each sampléo minimize batch effects (see section 2.3.3.2);
mapping to the reference genome (mapping efficiency of 44.0%); and removing the
potential C/T and G/A SNPs. The low coverage could compromise some of the analyses
using methylation data, as thg depend on omparisons between methylated and non
methylated cytosine counts in a specific locuf_eaet al, 2017). On the other hand, despite
the low coverage and the reduced number of covered sites (and the errors arising from
these numbers), the processing stepsted above circumvened some potental confounders
to the interpretation of the data patterns (e.g.low-quality reads, sequencing batch effects,
SNPs, etc.). The data was analysed throughout this dissertation considering the limitations
in the data coveraye, and the best posble approachesto handle these dataThe individual
tables with methylation information were filtered using a minimum threshold of 5 reads
covering the sites, which is higher than the threshold used in some other studi€g.g.
Cunninghamet al, 2015; Glastackt al, 2016). Sites with cverage outliers above the 99.9th
percentile were removedto avoid PCR biasi(e.above 60 reads). &er all the filtering, the
meannumber of siteswith cytosines in CpG context wag,193,306[2,128,5817 2,258,031],
2,839,901 [2,761,571 z 2,918,231] in CHG context, and 12,801,09412,518,520 7

13,083,668] in CHH context, averaged agss all 24 individuals.

For each samplethe methylation levels wee calculated for each site as the total
number of unconverted C (.e.methylated cytosines) divided by the total number of reads
mapped to the site. The methylation levels werestimated separately for each cytosine

context (i.e.for CpG, €IG, and CHH inependently). Themethylation status (i.e.methylated
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versus nonmethylated) was estimated at each site by comparing the proportion of
methylated reads (.e. unconverted cytosineg to a binomial distribution. For this, the
number of unconverted cytosines ateach site was used as successes and the coverage as
trials. The nonconversion rates of unmodified cytosines obtained from the nomethylated
lambda phage were used as probabilff of success. In other words, a site would be
considered methyated if the proportion of unconverted cytosines could not be expected by
chance f-value < 0.01, usinga BenjaminizHochberg FDR correction at %). If the
proportion could be expected bychance {.e.similar to the proportions found at the non
methylated phage), it wouldbe considered nonmethylated (Glastadet al, 2016; Libbrecht
et al, 2016; Standaget al, 2016). The results found using this method were very similar to
those obtained when a threshold was used to determine methylation statu#é\ site was
considered as sigificantly methylated if the percentage of methylated cytosine was higher
than 20% (mC > 20%)This definition requires at least two unconverted C containing reads
to call a site methylated in the minimum coverage of five reads. This way, a singl® TC
Illumina sequenceerror would not result in a spurious methylated site. This approach has
been usedin previous studies (e.g.Wang et al., 2013), and in this work it was consistent
with the binomial approach. All the reported statistics were performed using R 8.3.1; R

Core Team 2018.

2.3.4. Annotation

| used theT. cristinaegenomic annotation table (Villoutreix et al. in rep) to obtain
information about DNA methylation levels in different genomic features. @y the genes
with InterPro or GO accessions (InterPro EMBEBI; Gene Onthology, UniProt) were
selected, retaining 19,383 genes. In the annotation tables, the genes ibegj the start codon
and finish at the stop codon. Thus, information about untranslated regions (UTRS) is not
represented in the present data. The upstream and downstream regions around the gene

x AOA AAZET AA AO pEA uvd AT A that@re viEdely usedOrEthe CAT Ah A&l |
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literature (Wang et al, 2013; Cunninghamet al, 2015). The remaining regions were
considered intergenic.For some analy®s, the mean methylation percentage across sites
and across samples were considered for each annotated element.

T EAAT OEABVA /04 AMDBAOIEDUITAOAASG CAT AOh mER® OO0
occurring within a genewas calculated. Thé was doneby dividing the total number of mCpG
siteswithin all genes by thesum of all reads coveringsites within genes (i.e.including non-
converted and converted cytosines)Then, a binomial test was performed using the number
of mCpGsat a specific #e and its coverage, using the probability estimated aboveThese
results were then corrected for multiple testing using aBenjaminizHochberg FDR
correction at 1%. Only genes withat least five mappedcytosine sites were reported

(Cunninghamet al, 2015; Glastacet al, 2016).

2.3.5. Methylation enrichment on genomic features

Enrichment analyses were performed to estimate the likelihood a genomic feature
(e.g. exons, introns, etc) presents higher or lower methylation levels compared to
background genomewide levels. In summary, the analyses used the mean levels of
methylation in single CpGs sites found in at least 12 samples to estimate (1) the number of
methylated sites faund in a certain genomic feature and (2)its enrichment in methylated
sites, calculated using:

T

= 1

For example, to calculate the methylation enrichment in exons, one estimate the proportion
of methylated sites within exons using the numbr of methylated CpGs site within exons
(Nrang) and the total number of methylated CpGs in the genomenCpG. Then, one divides
it over the proportion of CpG sites in exons, usinthe total number of CpGs sites found
within exons (Nyg) and the total number of CpG sites across the genoma@pG. Ap-value

L o~ N s

A 0 OEA A1 OEAEI AT O AAT OEAT AA AOOEI AOGAA
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compare the number of methylated CpGs in each genomic feature with the background
values in the genome. For compar@n, | estimated a null distribution of the expected
number of MCpGs in a genomic feature by randomizing thigoosition on the genome, then
computing how many of those were found in each genomic feature at each iteration. The
null distribution was generated after 10,000 iterations of randomization. Allanalyses were

performed using R(3.3.1; R Core Team 2016).

2.3.6.Gene Ontology (GO) enrichments

| generated a list of GO terms that were overepresented in genes with methylation
information using the R packagelopGO(v 2.34.0). This analysis used 8,472 genes, as they
presented information about methylation across all 24 samples. The analysis was
performed using genes that were consistently methylated across all individuals compared
to the remaining genes, and usip genes that were consistently normethylated. 8 EOEA 08 O
Exact Testwas usedto calculate the significance of the enrichment, coupled with &eight
algorithm. This algorithm uses a hierarchical approach to compute thevalueof a GO term,
conditioning the process based on the neighbouring termd.€.it accounts for GO topology
Hence, the tests are not independent from each other, wdfi means the multiple testing
theory does not apply. Given this, the authors of the R package attest thevaluesare
internally corrected and do not need further correction for multiple testing (Alexa and

Rahnenfuhrer, 2019).

2.3.7.Transposable elenm@s (TES)

| used theT. cristinaeRepeatMasker database (Villoutreixet al. in prep to extract
information about transposable elenents. The analyses were focused on families of
transposable elements that contained more than 400 copies across tfie cristinaegenome

(following the method in Libbrecht et al, 2016), including DNA transposons; long terminal
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repeats (LTR) retrotransposons; noALTR retrotransposons; andPenelopelike elements
(PLE; TableA5). The nmean methylation across TEs was estimated in sites that were present
in at least 12 samples and its enrichment, following the same procedures described at
section 2.3.5. These estimates were performed using &lansposons, but also in those found
within genes and in the intergenic regions separately. In addition, the analyses were
repeated for each TE family considered here. Some of the families cited in TaBlewere
not used in the analyses because they we not represented in the table with CpG sites
present in at least 12 samples, or they presented a very low number of CpG sitegy(SINE
presented only 26 CpG sites). All analyses were performed using(R3.1; R Core Team

2016).

2.4. Results
2.4.1. |dentification of T. cristinae DNA methyltransferases

TheT. aistinae genomic annotation presented a DNMTL1 replication foci domain, and
three genes with predicted proteins characterized by & cytosine methyltransferase
(G0:0008168; IPR001525). Two of thesgueries were identified as DNMT31like proteins
(Table 1). (ne of themexisting in LG3(gene g34132.t1) encodes a protein with 465 amino
acids, and it is composed by the Dcm domain, which is site-specific DNA-cytosine
methylase. It shared song similarity with the DNMTL1 of a termite speciesZootermopsis
nevaderss [Isoptera: Termopsidae], which is also a hemimetabolous inse¢Table 1). The
second one (g25566.t1) encodes a protein with 200 amino acids, presenting the Dcm and
the BAH domairs (bromo-adjacentdomain). It had a lower BLASTp score, with the best
matches corresponding to DNMT4like proteins in more distantly related organisms, such
as a wasp speciesTrichogramma pretiosum[Hymenoptera: Trichogrammatidae]) or to a
spider (Parasteabda tepidariorum [Aranae: Theridiidae]). The third query had the best

match to the DNMT2 enzyme, which does not present DNA mettrgnsferaseactivity (Goll
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et al, 2006). Thus, none of the candidate queries was matched to thée novo

methyltransferase (i.e.DNMT3) in theT. cristinaeannotation.

Following theseresults, the tBLASTnanalysesusing DNMTs of a few insect species
andT. cristinaedatabaseon its reference genome revealed consistent results fahe DNMT1
enzyme(Table 2). The three analyses pointed the same genomic regiam linkage group 3
(LG3 with very significant BLAST scoresé€.g.low E-value). On the other hand, the analyses
using the de novoDNA methyltransferase (DNMT3) from otherinsects had very high low
matching scores and output different genomic regionsin other words, there was not a
significant match between the DNMTand a specific regiorin the T. cristinaegenome These
results, added to the finding regarding the reasonably good quality ofthe T. cristinae

genome assemblysuggestT. cristinaedoes not havethis enzyme.

Table 1: Best results from BLASTp using the putative proteins related to G5 methyltransferase
activity in T. cristinaegenome annotationNone of the putative proteins had a result related to thde
novoDNMTS3.

Genomic Max

Gene . Descripti on E-value Ident ©Organism
region score
Zootermopsis
nevadensis
g34132.t1 LG3 scaf715 DNMT1 778 0 79% [Isoptera:

Termopsidae]

Parasteatoda
tepidariorum
[Aranae:

42- Theridiidae];

47%  Trichogramma
pretiosum
[Hymenoptera:
Trichogrammatidae]

025566.t1 LGNA_scaf2537 DNMTI-like 176 7e-49

Zootermopsis
nevadensis
[Isoptera:
Termopsidae]

g3428.11 LG7_scaf763 DNMT2 436 1le-149 58%

The E-valuedescribes the number of hits that are expected to be retrieved by chance when searching
a database of a particular size. Hecreases exponentially as the score of the match increases, so that
the lower the E-valuethe more significant the match igAltschul et al,, 1997).
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Table 2: Best results fromtBLASTh using the described DNA methyltransferaseproteins in a few
representaives of Insecta clade Apis melifera Nasonia vitripensisandZootermopsis nevadendi$he
lower E-valuescorethe higher is the match between thequery protein and thegenomic database T.
cristinaereference genome).

Protein Organism Score E-value Ident Genomic region
A.melifera 231 le-87 58%
DNMT1 N.vitripensis 224 3e-57 69% Ig3_scaf715
Z. nevadensis 778 0 79%
A. melifera 35 6.6 26% g9 scaf527
DNMT3 N.vitripensis 37 1.8 34% lg12_scaf2191
Z.nevadensis 37 15 34% IgNA_scafl772

2.4.2.Generalpatterns

The mean proportion of methylated cytosines across the 24 samples was 2.198.0%
22.2%] (mean [95% CI]). Methylation was found primarily on CpG dinucleotides, as 80.2%
[79.0%z 81.4%)] of methylated cytosines were on CpG context, 3.8%8.5% z 4.0%] on CHG,
and 16.0% [15.0% z 17.0%] on CHH context (Fig. 4). Considering each context separately,
the mean proportion of cytosinesthat were methylated across the genome was 14.0%
[13.3% 27 14.7%] in CpG, 0.5%n CHG and 0.5% on CHfTable A3). Thepredominance of
methylation in CpG context was expected, as this is the most prevalddNA methylation
context found among animalgSuzuki and Bird, 2008) Thus, the main results reported here
refer to CpG context, unless the other contesare mentioned. Among the methylated CpGs,
82.3% [81.8% 7 82.8%] had methylation levels aboveor equal to 50%. The numbersited
abovewere estimated independentlyfor each individual, and then the mean was obtained
across samples with its corresponding 95% confidence intervalo estimate the general

pattern.
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mC in different contexts

group

Figure 4: Mean proportion of methyhted cytosines in each context across the 24 sample
Methylation is found primarily in CpG context, corresponding to 80% of all methylated cytosines

2.4.3.Distribution of DNA methylation across genome

As mentioned in the previous section, amean of 14.0% of genomic CpGs were
methylated across the samples. However, tlie methylated sites were not evenly
distributed throughout the genome. Among themCpGs, 19.3% 18.8% z 19.8%] were
located in exonic sites, and 32.7%32.4% z 33.0%] were in intronic sites (whereas 7.0%
[6.8%277.2%] and 12.9% [L2.7%Z7 13.1%] of all CpGs are exoniand intronic, respectively),
which shows a preferential target of DNA methylation in gene bodies (Fig, bableA6). Half
of the genes inT. cristinaewere methylated, where 50.2% weremethylated in at least half

of the samples and 45.6% were methylatedh all samples (Table3).

Both exons and introns had a significant enrichment of methylation levels compared
to genomicbackground levels p-value<2.2ep gh & EOEA 08 O 4Am@AsEYOIn OAOON 4 AAI
particular, exons showed considerablgroportion of methylated sites, with 49.5% [48.0%
7 51.0%] of CpG being methylated(Fig. 6A),and had mean methylation levels of 39.4%
[38.0% z 40.8%] (Fig. 6B).In comparison to exons, introns showeda marginally lower
proportion of CpGsthat were methylated (44.6% 7 47.0%), with mean methylation levels
of 35.8% [34.7% z 36.9%j. In fact, the difference in methylation levels between exons and

their surrounding introns was not very pronounced (Fig.7). Although a higher proportion
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of CpGsare methylated in exons, introns generally presented more @pGs than exons
around 1.7x as many (129,319121,3197 137,319] mCpGs in introns and 76,675710,417 7
82,933] in exons). This is possibly due to the fact intnes are normally larger than exons in
T. cristinae(mean 2,305bp [2,285bp z 2,325bp] and 231bp [229bp 7z 233bp], respectively,
considering all genes used in this study)The regions flanking the genesi.e.up to 1kbp at
56T A AO 08 1 £ G@theuisthebradddondi@dniedidhd diso tended to
be enriched in DNA methylation, although in lower lgels compared to the gene body values

(pvalue<2.2ep oh &EOEAOG 0 4kgAmA0 OAOON 4AAT A

(A) Genomic proportions (B) CpG raw data
(C) Covered CpG (D) Covered methylated CpGs

Figure 5: Proportion of sites in genomic featurs. Numbers of sites wre estimated independently for
each individual, and then averaged (see Tabks6). (A) Proportion of features across all genome(B)
proportion of CpGs present in the genomic features using the raw da{&}) after selecting for minimum
of 5 and maximum of ® reads per site;(D) and proportion of CpGs in each feature considering only
methylated cytosines.
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Table 3: Number of genes and their methylation status covered by a minimum of 5 reads and
maximum of 60 reads per site. Methylatiorstatus (i.e.methylated or non-methylated) was estimated
averaging the percentage of methylated CpG in the gene bodye (using both exons and introns),
using sites found in at least one sample, in at least in 12 samples, or in all samples. D& humber

of annotated genesused in this study wasl9,383.

1sample 12 samples 24 samples

Total number

17,929 14,656 8,554
of genes
Methylated 9,997 7,364 3,897
genes (55.8%) (50.2%) (45.6%)

Table 4: Enrichment in methylation status in the genomic featres in CpG sites found in at least 12

samples. All genomic features studied here were found to be more frequently methylated than
background levels p-valueshA OOET AOAA OOETI ¢ &EOEAO08O AGAAO OAOOQs , AGA
between individuals for each site (895,343 sites analysed). Similar results are found when the

individuals are analysed separately (Table&7-A10).

fatwe  oistss (lgery | Sement puhe
exon 34,291 [14,446714,846] 2.3 <2.2el6  ***
intro n 52,292 [23,081723,568] 2.2 <2.2el6 **
upstream 6,731 [5,38575,639] 1.2 <2.2el6  ***
downstream 7,031 [4,70674,944] 15 <2.2el6  ***
There was a noticeable trend of increasing methylatiofevels £01 I v 6° o6h AOPAAEA

within the gene body (Fig. 7)That is,when all genes are consideredgxons and introns tend
to have higher methylation levels at featuresthat are more distant from the initiation site.
The same pattern is foundn the 1kbp around the genes as thegenic downstream region
was generally more methylated than the upstream regiofFig. 6-7). However,this trend is
not as substantialwhen the genes are separated according to their number of exo(fEig. 8).
Genes with morethan five exons (.e.long geneg were more methylated those with up to
four exons(p-value< 2.2e16; unpaired t-test; Table AL1). Thus,the considerableincrease
in methylation from v 6 © is epifounded withthe general high methylation levesin genes
with more exons. Finally, outside the genesthe DNA methylation levels were generally

lower the more distant the regions arefrom genes (Fig9).
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Figure 6: CpG methylation in each genomic feature across the 24 sampleqA) Proportion of
methylated CpGsdn covered sites in different genomic features, an@B) mean methylation levels at
covered CpGs. Error bars represent 95% confidence interval.
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Figure 7: DNA methylation levelsin genes andheir flanking regions. The graph representsO E A
downstream flanking region,OEA | O1 OEPI A A@i 10 AT A EIT OOThe

graph shows mean methylation levels estimated at CpG sites found in at least 12 samples, in b
methylated and nonmethylated genes (n=14,656 genes, se€able 3). Thex-axis represents
nucleotide position from the beginning or from the end of the genomic featurelo compare exons
and introns of different genes, | used the mean methylation inthe fi& pnmmAD AO
pITAD 08 | & AAAE A@i 1 Huhtlethl, 2018AGstadt £,0016) A jluing

was drawn to connect the means in each positiomnd ablack smooth line was plotted to represent
OEA 1 OAOAI I OOAT A (@éndard@rrofstickn ihdkedET A O1 1 AOOS
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Figure 8: DNA methylationlevelsET OEA uvd Al xT OOOAAI A&l AT EEI]
ET OO1T T Oh AT A ET ®F Asinglibth Adthylated @d Aokniethy@ade CgenesThe

graph shows mean methylation levels estimated atCpG sites found in at least 12 samples
(n=14,656 genes, Table 3)yith a smooth line plotted to represent the overall trend using the
i AOET A (sfahdard €rér&hown in grey). The xaxis represents nucleotide positiorfrom the

beginning orfrom end of each featureTo be able to compare examand introns of different genes,
| used the mean methylation in thefirst p T m A D A the lastp niATIASf eaxlBexon and eact
intron (following Hunt et al, 2013; Glastacket al, 2016). Differently sized genes were represented
in separated gaphs divided in (A) smaller genes with up to four exongn=7,529), and(B) longer

genes,with five or more exons(n=7,127). Longer genes present higher methylation levels, ant
more contrasting difference between exons and introngsee Table A1l for unpaired t-tests on the

data used to generate this graph
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2.4.4.GO terms enriched in methylatedhd in nonmethylated genes

The enrichment analygs in consistently methylated genes acrossall samples
(n=3,866) showed an over-representation of functional terms related to fundamental
cellular processes €.g.involved in protein metabolic processes, RNAinding and RNA
metabolic processes, biosynthesis of nucleotides, and pmih folding; TablesA12-A13).
Some GO terms were related to methylation activity, including the one responsible for
methyltransferase (GO:0008168). In addition, some functional termaere related to gene
expression and transcription. Meanwhile, normethylated genes (n=3,176) were generally
associated with terms related to dynamic functions, especially related to signalling and
reception pathways. For example, there were some GO reldtéo olfaction and perception
of smell. In fact, many of those GO terms are related to nervous system processes and the
AT 1 BPT1TAT OO0 AOOTI AEAOAA Oi EOh OOAE AO sksAOOI O
related to ions channel transport {.e.possibly related to membrane potential difference). In

addition, some GO functions were related to metabolism of the chitin and development of

the cuticle.

2.4.5.Transposable elements

The mean methylation levels of dl transposable elements used in this studwas
15.0% [14.9% 7 15.1%] (Table5). TEs were found to be less methylated than the genomic
background levels, especially when only regions within the genes are analysed (Table
That is, although transposondend to be more methylated within genes (24.5% [24.2%
24.8%]), they are impoverished in methylation compared to other genic CpGs. On the other
hand, TEs seem to be relatively enriched in methylation in intergenic regions (Tabfs.
Thus, transposons sem to havebasal methylation levelsalthough it is sigrificantly higher
in intergenic regions and lower compared to those located within genes, which tend to be

enriched in DNA methylation.
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Figure 9: Mean methylation levels in intergenic regions according to distance to the closest gel
across 24 sampleskError bars represent 95% confidence intervals. Methylation levels tend to be
lowered the more distant the sites are from the gene R0.07,p-value< 2.2e16, linear models).

| analysed each transposon family separately to investigate the differences in
methylation patterns between them, both within genes and in intergenic regions. Some DNA
transposons were impoverished in methylation independently of the genomic context, such
as Helitron, MuDr, Polinton (Tables A14-A15). However, some of them seemed toeb
preferentially targeted for methylation in both genic and intergenic regions, such as
PiggyBag Mariner, and Sola(Tables A14- A15). A Penelopdike element (PLE) wasalso
enriched in methylation in T. cristinaecompared to its background levels in angenomic
context. Curiously, retrotransposons were found to either always be impoverished in
methylation (e.g.HERV an LTR retrotransposon;Jockeya nonLTR retrotransposon), or

were enriched only when compared to the intergenic baseline levels.
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Table 5: Transposable elements and methylation enrichment in all genomic contexts, or only in genic

or intergenic regions using at least 12 samples. Enrichment was estimated comparing the number of
methylated CpGsitescompared to the expectedull distribution estimated based on randomizations
(section 2.3.5).P-valuesx AOA AA1T AOI AOAA OOET ¢ &EOEA08O0 AGAAD

CpG mean mCpG  95%Quantiles Enrich. p-value
sites sites (null dist.)
15.0%
All TEs 132,089 27,402 [27,967728,506] 0.97 1.2e-09 ¥
[0.1%]
24.5%
TEs genic 30,465 10,001 [14,573z14,890] 0.68 <2.2el16 ***
[0.3%]
12.1%
TEs intergenic 101,624 17401 [13,253z713,635] 1.29 <2.2e16 ***
[0.1%]

2.5. Discussion
2.5.1.Two copies of DNMT1 and absence of DNMT3 in T. cristinae

Among the enzymes with & cytosine methyltransferase activity in T. cristinae
functional annotation, two copies of the maintenance DNMT1 gene were found: one with
high identity to the same enzyme irZ. nevadensjsand the other with a lower identity score
to more distantly related individuals. However the latter presented one doman, the bromo-
adjacent homology domain, that is characteristic of DNMT1 enzymes, which is absent in the
other form. Gene duplication can be a source of gene novelty in genomic evolutidynch,
2002). Thus, it is possible these DNMT1 paralogs exert different activities, maintaining
methylation differently in space and time. Duplicates oDNMT1 were also found in pea
aphid (Walsh et al, 2010), and in the Hymenoptera clade, and the different forms seem to
face weak divergent selectior{Bewick et al, 2017). Alternatively, it is possible theDNMTL1-
like enzymewas degenerated and lost its functionin T. cristinae although more studies are

required to depict the functional role of those twoDNMT1enzymes.

Curiously, an enzyme matching thee novaDNMT3 inT. cristinaewas not found. This
pattern was also found in other insectswith comparative analysesshowing DNMT3 was

possiblylost numerous times during the evolutionary history of insecs (Bewick et al,, 2017;
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Provataris et al, 2018). Theseevidencessuggestthat DNMT3might be dispensable for DNA
methylation in some cladesincluding Timema This implies thateither DNMT1 has acquired
somede novomethyltransferase functionality in insects or that the loss of DNMT3 enzyme
activity is compensated byDNMT1or by other molecular pathways. However, DNMT1 lacks
protein domains associated withde novomethyltransferase activity, such as the PWWD
domain (Qiu et al, 2002; Bewicket al, 2017). Indeed,Mitsudome et al. (2015) showed
DNMT1 in Bombyx moripreferentially methylated the hemimethylated DNA, suggesting it
functions primarily as a maintenance methyltransferase. Alternatively,there is the
speculation about the maintenance of DNA methylation status begn sufficient for it to
persist across genertions (Glastad et al, 2018). The latter hypothesis contradicts the
overall demethylation and reset of paretal methylation levels during gametogenesis
observed in vertebrates (Law and Jacobsen, 2010) Whether DNA methylation
reprogramming exists in insects idargely unknown, but some evidence suggests there is
stable inheritance of methylation statis between generations inNasoniawasps (Wang et
al.,, 2016). The enzymatic functions of methyltransferases are not knownin insects, but
rather inferred from studies in vertebrates and plantsThe fact that vertebrates and insects
differ in the number and types of methyltransferases points to the possibility of novel rek
ET OEA ET OMANG & &l, 2016). 4 é@ny case, furthe investigations in insects
should be carried to elucidate the mechanismby which some insects can establish DNA

methylation in the absence of DNMTS3.

2.5.2. Majority of methylated cytosines is in CpG context

A great proportion of the methylated cytosines inT. cristinae was found in the
symmetric context of cytosines followed by guaninesife.CpG context). This pattern is
ubiquitous in animals, which is generated by the action of DNMT{Buzuki and Bird, 2008;
Fenget al, 2010). It has been suggested that ne@pG methylation in animals is mainly

found in embryonic cells, but not somatic ones, and is generates a byproduct of the de
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novo DNA methyltransferase 3a (DNMT3a) activitRamsahoyeet al, 2000). Thus, it is
curious there was some methylation found in CHG and CHH contexts in adultcristinae
given this species does not produce thde novoDNMT3 enzymeThis suggests a dferent
molecular pathway culminating in nonCpG methylation. Very few studies in insects report
non-CpG methylated sites because either they were not detected or they were not given
attention. When they are reported, they tend to be much reduced in numb&compared to
CpG methylation €.g. Bonasio et al, 2012; Cunninghamet al, 2015). However, the
distribution patterns and particular functions for methylation in these contexts remain

largely unexplored.

2.5.3.DNA methylation levels are high if. cristinaegenome and differentially distributed

On average, 14% of the CpGs were methylated across the cristinaesamples. This
proportion is relatively high when compared to the great majority of insect spdes

described in the literature (Bewick et al, 2017). In fact, the majority of DNA methylation

studies in insects have focused on understanding the role of this epigenetic mechanism in
the development of castes and division of ladur in eusocial insects(e.g.Kucharski et al,
2008; Standageet al, 2016; Bewicket al, 2017; Glastadet al, 2017). This way, the literature
tends to be biased towards the Holometabola superorder of insects, whichdludes the
Hymenoptera clade. When representatives of this superorder exhibit any trace of DNA
methylation, it is normally atvery low levels(Bewick et al, 2017). Here, | showedTr. cristinae
mean methylation levels in CpG were much higher than has been reported in Holometabola
insects (Table6). On the other hau, the results presented herare consistent with studies

of other HHemimetabolad which tend to describe higher methylation level§Provataris et

al., 2018).

Following the same trend as in other insect&Zemachet al, 2010; Bewicket al, 2017),
DNA methylaion in T. cristinae seems to target the gene body, where methylation is

considerably enriched compared to intragenic levels. Both exons and introns are highly
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methylated in T. cristinag contrasting the pattern found in Holometabola insects where
exons ae the main genomic target for DNA methylatioifWanget al, 2013; Libbrechtet al,
2016; Standageet al, 2016; Glastadet al, 2017). Thus, although exons are generally more

methylated than introns, this trend is less pronounced inT. cristinae compared to

Holometabola insects (Fig. Al). Anotheh E ££A OAT AA EO OEA ETAO®RAOAA |1 AOE

in the gene body with more elevated DNA methylation levels the longer the gene ig.e.
genes with more exons are more methylated. A classic explanation of gene body
methylation is that it reduces transcriptional noise by preventing initiation of transcription
outside transcription start sites (Bird, 1995). As longer genes ardikely more prone to this
noise, it is possibleheir high methylation levelsare actingto supressspurious transcription
in Timema assuring the integrity of theC AT A O Gon. AGimiardtrend to increase
i AOGEUI AGET T 9 &® A oBnd iEderniite s, usdggesting a generality among
O( Al Ei A inbebt$ (FidAR, Glastadet al, 2016). However, the steepincrease shown
in the study might be due tahe high general methylation levels inbnger genes, as observed
in this present study. Differences between Gdemi6 and Holometabola were shown to be
consistent by a study that usednormalized CpG contenton 53 arthropod species
(Provataris et al, 2018). These results collectively suggest that th@&. crisinae methylome
profile, as well as that of other hemimetabolous insects, i®latively underived during the
evolution of insects and could point to an ancestral loss of DNA methylation occurring in
Holometabola(Provataris et al, 2018). In generalTimemad @ethylation is more similar to
the tunicate Ciona intestinalismethylation patterns (31.1% CpG methylated; Fenget al,
2010; Zemachet al, 2010) than to the reduced and restricted to exons DNA methylation
shown in holometabolous insects. In some aspectsiich as the generalized methylation in
AT OE A@i 10 AT A ET OOTT0 AT A OEA ET AOAAOGAA
the gene is methylatedTimemamethylation patterns resemble those of vertebrates (Table

6, Fig.A2 B; Glastadet al.,, 2016).
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Table 6: List of animal organisms and their respectivgroportion of methylated cytosines in CpG
context (MCpG).Timema cistinae shows mCpGs at 14%The clade Polyneopterehave incomplete
i AGAI 1 OPET OEOh DOAOGET 601 U AAIT T AA O(CAITEI AGAAIT 1 Ad8

Clade Organism mCpG  Reference
Tribolium castaneum
Coleoptera 0.0% Schulzet al, 2018
(flour beetle)
) Drosophila melanogaster
Diptera SOP g 0.0%  Zemachet al, 2010
(fruit fly)
Apis melifera
0.9% Fenget al, 2010
(honeybee)
Camponotus floridanus :
0.3% Bonasioet al, 2012
Insecta (carpenter ant)
(Holometabola) | Hymenoptera Cerapachys biroi 2 1% Libbrecht et al,
(clonal raider ant) =7 2016
Harpegnathos saltator
. P .g 0.2% Bonasioet al, 2012
(jumping ant)
Nasonia vitripenss
o 1.6% Wanget al, 2013
(parasitoid wasp)
Bombyx mori
Lepidoptera . y 0.1% Xianget al.,2010
(silkworm)
Locusta migratoria
Orthoptera ) 2 11% Wanget al, 2014
(migratory locust)
Insecta Medauroideaextradentata
Phasmatodea L 12% Krausset al,, 2009
(Polyneoptera ) (Annam stick insect)
Zootermopsisievadensis
Isoptera P ) 12% Glastad et al., 2016
(Nevada termite)
Ciona intestinalis
Ascidiaceae ) 31% Fenget al, 2010
(sea squirt)
Danio rerio
Actinopterygii , 80% Fenget al, 2010
ptenyg (zebrafish) ° g
Mus musculus
Mammalia 74% Fengetal., 2010
(house mouse)

2.5.4.Enriched GO terms are generally similar to those in other insects

Although the individuals studied here came from different populations and different
environmental contexts, some genes were consistently methylated or consistiéy non-
methylated across all samples. While methylated genes are normally associated with
housekeeping functions and activities inside the cell, the nomethylated genes were
OA1 AOAA O1 AUT Ai EA £O1T AGET T Oh CAT AtQedpedaly ET OI

receptor and signalling pathways). A similar pattern was discovered in other inséx;, with
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methylation being preferentially targeted to genes broadly expressed across tissues
(Glasiad et al, 2016; Glastadet al, 2018). Thus, despite the differences in methylation
patterns across insects, the methylation targets in functional terms se®to be conserved.
The non-methylated genes in the termiteZ. nevadensisvere also enriched in GO terms
related to signalling receptor activities although not necessarily related to
neurotransmission or olfactory functions, but with circadian behaviour (Glastaed et al,
2016). However, few studies reported the GO terms that are exrepresented in non

methylated genes.

2.5.5.TEs are normally depleted in methylation

Our results revealed a general impoverishment of methylation in transposable
elements inT. cristinae close to baseline level415.0% and 17.0% respectively, in sites
present in at least 12 samples)as previously shown in other insects €.g.Bonasioet al,
2012; Wanget al, 2013; Cunninghanet al, 2015; Libbrechtet al,, 2016; Glastadt al,, 2018).
However, this study showed different methylation patterns depending on thdE family.
Interestingly, some families exhibited a higher percentage ahethylated CpGs when only
the intergenic regions were considered. That is, these transposons seem to display a basal
methylation level that is higher than the intergenic background leels. In addition, some
DNA transposons {.e.sequences that do not reqite an RNA intermediate) are enriched in
methylation in both intergenic and genic regions. One of them, thdariner element, was
hyper-methylated in the ant C. floridanus This transposable element is widespread in
insects and it is commonly used to mutatgenes and transfer foreign DNA sequences into
the genome(Lidholm et al, 1993). In this species and in some other Hymenoptera, the rare
hyper-methylated TE are positively correlated with their expression level¢Bonasioet al,
2012; Wanget al, 2013). These results sugest Hgher methylation is associated with active
TEs. This hypothesis is yet to be tested ih. cristinag and future work could estimate the

relationship between hyper-methylated TEs and their expression. Overall, this evidence and
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the extensive methylaton depletion in insect TEs contrasts markedly with the typical
patterns in plants and in mammals, where methylation is linked with suppression of
transposons and plays a role in maintaining genomic stabilityYoder et al., 1997; Suzuki

and Bird, 2008; Jones, 2012)

2.6. Conclusion

This study contributed to the understanding of DNA methylation patterns in insects.
It showed there are many similarities betweerT. cristnaeOOEAE ET OAAOOS6 | AOE
and other hemimetabolousinsects in the literature. With this, it is possible to highlight the
particularities of insects and differences in their methylomes: a group with such diverse
forms and functions and disparate patterns in DNA methylation. Given the potgal roles
DNA methylation performs during development and in adaptation to natural environments,
it is possible such differences could have had a role in the diversification of insects. The role
of DNA methylation in insects remains controversial and largly unexplored. Although there
are many marked differences in the methylation patterns between groups of insects, little
is known about its molecular role and its functional consequences. In this context, the

investigation of different taxa will help shedlight on the understanding of some specific and

general roles of these epigenetic mechanisms in insects.
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Appendix A: Supplementary Tables and Figures z Chapter 2

Quiality of T. cristinaegenome assembly
To assess the quality of the currenTimemagenomeassembly (version 1.3c2), | used
the Benchmarking Universal Sngle-Copy Orthologs (BUSCOWaterhouseet al,, 2017)tools.
Genes that compose the BUSCO datasets fmch major lineage are selected from
orthologous groups with genes present as singleopy orthologs in at least 90% of the
species. The BUSCO software provides quantitative measures to assess the completeness of
the genome based on evolutionanmnformed expectations of gene content from OrthoDE/9
(Zdobnovetal, 20178 ) O EAAT OEAEAO "53#/ CATAsiusodI ET 11T C COI
Hidden Markov Models (HMMERJohnsonet al, 2010) and de novogene predictionsusing
Augustus(Stankeet al, 2008). The matches are then classified according to thetbologs
AAOAAAOGA8 4EA OAAT OAOAA 1 AGAEAO AOA Al AOOEEEAA AO
"53#/ DOI £ET A 1 AOGAE 1 AT COEON OAOPI EAAOGAAS EA AOA
patEAT 1 U OAAT OAOAAN AT A Oi E OO Esedide InEefa lindageil AOAEAO Al
from OrthoDBv9 as database, and the default speci@&rosophila melanogastegene finding
parameters to be used byAugustus The analyses output 95.3% of the gene orthad groups
to be complete in length inT. cristinaegenome asembly v1.3c2 (TableAl). This result
suggests a good level of completeness in terms of the expected gene content, and therefore
on the quality of the genome assembly, especially comparing to other insect models. For
example, D. serratapresents 94.1% of RISCO completeness, andeliconius melpomene

presents 81.6% (Waterhouse et a., 2019). Thus, it § possible to conclude the current

version of T. cristinaegenome assembly is reasonably good.

Table Al: Output table from BUSCO analyses, using the Insecta lineage &nhdnelanogastegene
ortholog groups, which presented 1,658 BUSOs.

N BUSCOs Perc.

Complete 1579 95.3%

Complete and singleopy 1573  94.9%
Fragmented 40 2.4%

Missing 39 2.3%
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Table A2: Details about bisulfitesequencing data from the 24 individuals used in the population
survey when mapped to Lambda phage.

Ind. Pop Flow Reads Reads Mapping Number mCpG mCHG mCHH
Code Cell  parsed mapped efficiency mCpG
17_0003 N1A 1 34168604 855943 3.6% 45261 0.3% 03% 0.3%
17_ 0005 N1A 2 26972768 773449 3.2% 42749 0.3% 0.4% 0.3%
17_0006 N1C 1 39084659 715644 3.0% 32586 0.3% 03% 0.3%
17_0009 N1C 1 41538867 789980 3.3% 48231 03% 0.4% 0.4%
170012 FHA 1 39058299 639604 2.7% 29695 0.3% 03% 0.3%
17_0015 FHA 2 28605951 701599 2.9% 43430 04% 0.4% 0.4%
17 0018 L.A 1 28164953 741842 3.1% 44757 0.4% 0.4% 0.4%
17_0019 LA 1 38153090 557688 2.3% 28155 03% 03% 0.3%
17 0043 HVA 2 27926464 879418 3.7% 56195 0.4% 0.4% 0.4%
17_0045 HVA 1 40963899 857479 3.6% 51307 03% 04% 0.4%
17 0049 Hv.C 2 31688742 884972 3.7% 46816 03% 04% 0.3%
17_0051 Hv.C 2 26277649 568375 2.4% 31528 03% 04% 0.3%
17_0057 SCNA 2 33803298 644683 2.7% 35239 03% 04% 0.3%
17_0058 SCNA 3 30211263 602447 2.5% 28159 03% 03% 0.3%
17_0062 sSCC 2 30774916 527677 2.2% 28750 03% 0.4% 0.4%
17_0065 SCC 2 27550463 892349 3.7% 50861 03% 04% 0.4%
17_0067 OUTA 3 33570295 669363 2.8% 30939 03% 03% 0.3%
17_0070 OUTA 2 26509336 746317 3.1% 42062 03% 04% 0.4%
17_0074 OUTC 3 38641548 751502 3.1% 39647 03% 03% 0.3%
17_0075 OUTC 3 34971845 862776 3.6% 41707 03% 03% 0.3%
17_0077 PRC 3 35172047 803637 3.3% 36049 03% 03% 0.3%
17_0081 PRC 3 35313802 671131 2.8% 30435 03% 03% 0.3%
17_0082 BTA 3 37679020 844279 3.5% 41296 03% 03% 0.3%
17_0086 BTA 3 40428034 707912 2.9% 35245 03% 03% 0.3%

Pop. code= Population where the individualvas collected. Locality and host are separated by a dot.
Flow cell= Information about the flow cell that each individual was sequenced. Reads parsed=
Represents the total number of reads retained after filtering. This step was followed by a random
subsamging of 24 million reads in each sample before mapping. Reads mapped= Number of reads
uniquely mapped to the unmethylated Lambda phage B&nverted genome, starting from the 24
million reads. Mapping efficiency= Percentage of reads uniquely mapped to Lanzbghage Number
MCpG= number of methylated cytosines in CpG context. mCpG, mCHG, and mGHispond to the
proportion of methylated cytosines in each one of those contexts.
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Table A3: Details about BSsegdata from the 24 individuals used in the populatio survey when
mapped toT. cristinaeBSconverted reference genome 1.3c2. Mapping was performed using the
reads that were not mapped to the phage.

Ind. Pop Flow Nonmap. Reads Mapping  Number mCpG mCHG mCHH
code cell reads mapped efficiency mCpG
17 0003 N1A 23144057 10224621 44.2% 8651643 14.2% 0.4% 0.4%
17_0005 N1A 23226551 9849254  42.4% 7371433 12.6% 0.5% 0.5%
17_0006 N1.C 23284356 10244423 44.0% 8460007 14.0% 0.5% 0.5%
17_0009 N1C 23210020 9768192 42.1% 8226048 145% 0.4% 0.4%
17_0012 FHA 23360396 10618466 45.5% 8848849 14.3% 0.4% 0.4%
17_0015 FHA 23298401 10523150 45.2% 7967329 13.0% 0.4% 0.4%
17_0018 LA 23258158 10362239 44.6% 8759187 15.0% 0.4% 0.4%
17 _ 0019 LA 23442312 10306326 44.0% 8826738 14.4% 0.4% 0.4%
17_0043 HVA 23120582 10430206 45.1% 7254779 12.3% 0.5% 0.5%
17_0045 HVA 23142521 10007169 43.2% 8729881 14.9% 0.7% 0.6%
17 _0049 HV.C 23115028 10349562 44.8% 7077714 11.9% 0.5% 0.5%
17_0051 HV.C 23431625 10750822 45.9% 7602182 12.3% 0.6% 0.7%

17_0057 SCNA
17_0058 SCNA
17_0062 SCC
17_0065 SCC
17_0067 OUTA
17_0070 OUTA
17_0074 OUTC
17_0075 OUTC

23355317 10608031 45.4% 7465945 12.3% 0.9% 0.9%
23397553 9095218 38.9% 7742320 14.1% 0.7% 0.7%
23472323 11068668 47.2% 7788747 12.7% 0.5% 0.5%
23107651 10191423 44.1% 6932999 11.8% 0.9% 0.9%
23330637 10479511 44.9% 8004357 13.5% 0.4% 0.4%
23253683 10717584 46.1% 7632506 12.8% 0.6% 0.6%
23248498 10172910 43.8% 7737917 13.6% 0.5% 0.5%
23137224 10460090 45.2% 7828798 13.3% 0.5% 0.5%

W W W W W W NN W N N W NN DNMNMNDNDN P DN P P DN PP PPN

17_0077 PRC 23196363 9814177 42.3% 7010376 12.4% 0.7% 0.6%
17_0081 PRC 23328869 9829352 42.1% 7584060 12.9% 1.0% 1.0%
17_.0082 BTA 23155721 10125500 43.7% 7299680 12.9% 0.4% 0.4%
17_0086 BTA 23292088 9588872 41.2% 6831541 12.4% 0.5% 0.5%

Non-map. reads= Number of reads that were not uniquely mapped to the Lambda phage. Reads
mapped= Number of reads uniquely mapped td. cristinaeBSconverted reference genome starting
from the reads that were not mapped to the Lambda phage. Mapping effioiey=Percentage of reads
uniquely mapped toT. cristinae.Number mCpG= number of methylated cytosines in CpG context.
mCpG, mCHG, and mCHH correspond to the proportion of methylated cytosines in each one of those
contexts.
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Table A4: Details about wholegenome sequencing data reanalysed to estimate a list of single
nucleotide polymorphism (SNPs) inT. cristinae Accessions were downloaded from NCBI database
(https://www.ncbi.nlm.nih.gov/ ) and a subsample of 20 acassions was randomly selected for
downstream analysis.Sites identified as C/T and G/A polymorphisms were selected and added to the
list of SNPs to be removed from methylation datasets.

Location Host N Publication

HV A 20 Soria-Carrascoet al.2014
HV C 20 Soria-Carrascoet al.2014
L A 19 Soria-Carrascoet al.2014
PR C 19 Soria-Carrascoet al.2014
FH A 20 Rieschet al.2017

Table A5: Frequency of transposable elements (TEs) found in th€. cristihnaegenome. Only TEs
found in frequency higher than 90 copies acrosdl. cristinaeRepeatMasker database (Villoutreiet
al. in prep) were considered in this study,following the procedures from Libbrecht et al. (2016).I
tested whether TEs were enriched in methylation levels, and the results are reported TrablesA8-
A9.

TEclass TEfamily  Frequency
Academ 7,088
Chapaev 1,073
EnSpm 3,066
Harbinger 10,340

HAT 64,998
DNA Transposon Helitron 8,809

Mariner 15,728

MuDr 3,238

PiggyBac 987
Polinton 22,029
Sola 1,762
BEL 3,127
Copia 14,016
LTR Retrotransposon  Ginger 540
Gypsy 14,225
HERV 3,683
CR1 4543
Crack 7,070
Jockey 4,062

Non-LTR KiilL2 1632
retrotransposon
R1 2,727
RTE 12,354
SINE 971
PLE Penelope 4,888
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Table A6: Number of sites distributed in different genomic &atures acrossT. cristinae Numbers
regarding the genomic distribution (A) were estimated based on the reference genome. Number of
CpG sitegB-D) were estimated for each individual, then averaged (95% CI in bracketgB) Average
number of CpG sites preant in the datasets prior fltering for minimum coverage, and after removal
of potential genetic polymorphisms.(C) Number of CpGs after filtering for minimum 5 reads and
maximum of 60 reads covering each sit€D) Number of methylated CpGs at the coveredatasets.

Genomic (A) Genome (B) CpG raw data (C) Covered CpGs (D) Methylated CpGs
feature

exon 21,771,317 759,261 [8,129] 154,476 [10,869] 76,675 [6,258]

intron 172,540,652 1,560,284 [31,695] 282,149 [15,830] 129,319 [8,000]
upstream 19,315,665 246,537 [4,456] 49,149 [2,462] 11,333 [691]
downstream 19,298,682 198,583 [3,879] 40,833 [1,866] 13,459 [797]

Intergenic 720,405,671 9,951,002 [193,945] 1,666,514 [103,158] 164,380 [9,642]
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Table A7: Enrichment in exons across all individualsipw5_high60)

Ind. Number 95% Quantiles Enrich. p-value
sites

17_0003 88285 [31730-32339] 2.76 <2.2e16 ***
17_0005 91358 [31009-31628] 2.92 <2.2e16 ***
17_0006 81109 [29675 -30262] 2.71 <2.2e16 ***
17_0009 68859 [25968 - 26513] 2.62 <2.2e16 ***
17 _0012 88447 [32712 -33330] 2.68 <2.2e16 ***
17_0015 98252 [33509 - 34136] 2.91 <2.2e16 ***
17 _0018 79613 [29739 - 30317] 2.65 <2.2e16 ***
17_0019 90496 [33967 -34594] 2.64 <2.2e16 ***
17_0043 54873 [19282 -19761] 2.81 <2.2e16 ***
17_0045 79072 [30109 - 30689] 2.6 <2.2e16 ***
17_0049 57223 [19851 -20347] 2.85 <2.2e16 ***
17_0051 66187 [22622 -23149] 2.89 <2.2e16 ***
17_0057 65663 [22488 -23019] 2.89 <2.2e16 ***
17_0058 106481 [37739-38400] 2.8 <2.2e16 ***
17_0062 66796 [22751 -23281] 2.9 <2.2e16 ***
17_0065 59590 [21085 -21591] 2.79 <2.2e16 ***
17_0067 74702 [26621 -27181] 2.78 <2.2e16 ***
17_0070 59531 [21083 -21587] 2.79 <2.2e16 ***
17_0074 63333 [23268 -23794] 2.69 <2.2e16 ***
17_0075 69341 [25020 - 25567] 2.74 <2.2e16 ***
17_0077 68155 [23965 - 24487] 2.81 <2.2e16 ***
17_0081 103284 [35813-36463] 2.86 <2.2e16 ***
17_0082 62736 [22564 -23079] 2.75 <2.2e16 ***
17_0086 62310 [22426 -22948] 2.75 <2.2e16 ***
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Table A8: Enrichment in introns across all individuals (low5_high60)

64

Ind. Number 95% Quantiles Enrich. p-value
sites

17_0003 137463 [55075-55850] 2.48 <2.2e16 ***
17_0005 145285 [54005 - 54782] 2.67 <2.2e16 ***
17_0006 132033 [53175-53930] 2.47 <2.2e16 ***
17_0009 115104 [47326 -48043] 2.41 <22e-16 ***
17 _0012 150671 [61223-62042] 2.44 <2.2e16 ***
17_0015 166105 [61749-62581] 2.67 <2.2e16 ***
17 0018 153612 [62468 - 63287] 2.44 <2.2e16 ***
17_0019 140884 [57792 -58574] 2.42 <2.2e16 ***
17_0043 102262 [37723-38380] 2.69 <2.2e16 ***
17_0045 128692 [53376-54126] 2.39 <2.2e16 ***
17_0049 102969 [37422-38075] 2.73 <2.2e16 ***
17 0051 117833 [42683-43384] 2.74 <2.2e16 ***
17_0057 115784 [42055-42736] 2.73 <2.2e16 ***
17_0058 153575 [59843 - 60662] 2.55 <2.2e16 ***
17_0062 135546 [49160 - 49900] 2.74 <2.2e16 ***
17_0065 103471 [38401 - 39065] 2.67 <2.2e16 ***
17_0067 130263 [49950 -50710] 2.59 <2.2e16 ***
17_0070 117152 [43154 -43854] 2.69 <2.2e16 ***
17_0074 114243 [44092 - 44779] 2.57 <2.2e16 ***
17_0075 121728 [46409 -47135] 2.6 <2.2e16 ***
17_0077 110874 [42282-42970] 2.6 <2.2e16 ***
17_0081 155074 [58857 -59671] 2.62 <2.2e16 ***
17_0082 116802 [44040 - 44741] 2.63 <2.2e16 ***
17_0086 98244 [37995 - 38648] 2.56 <2.2e16 ***




Table A9:EnriAET AT O ET OPOOOAAI OACEIT pEA AO uvd &EOIIT C
(low5_high60)

Ind. Number 95% Quantiles Enrich. p-value
sites
17_0003 14863 [10736 -11101] 1.36 <2.2e16  ***

17 0005 15041  [10672-11045] 139  <2.2e16 ***
17 0006 14190  [10575-10938] 1.32  <2.2elf *=*
17_0009 12208  [9205 - 9540] 1.3 <2.2e16
17 0012 15651  [11394-11768] 1.35  <2.2e16 ***
17 0015 16363  [11446-11828] 141  <2.2e16 ***
17 0018 15626  [11274-11639] 1.36  <2.2e16 ***
17 0019 15403  [11317-11687] 1.34  <2.2e16 ***

17 0043 10212  [7545 - 7858] 1.33  <2.2el16 =
17 0045 13426  [10193-10544] 1.29  <2.2el6 ***
17 0049 10786  [7816 - 8127] 135  <2.2el16 **
17 0051 12077  [8468 - 8797] 1.4 <2.2e16  *
17 0057 11442  [8356 - 8686] 1.34  <2.2e16
17 0058 16087  [11528-11902] 1.37  <2.2el6 ***
17 0062 13050  [9455 - 9797] 1.36  <2.2el6 ***
17 0065 10853  [8079 - 8403] 1.32  <22el6 ***
17 0067 13636  [9715-10068] 1.38  <2.2e16 ***
17 0070 11606  [8455 - 8786] 1.35  <2.2el6 ***
17 0074 11707  [8712 - 9046] 1.32  <22el6 ***
17 0075 12391  [9125 - 9465] 1.33  <2.2el6 ***
17 0077 11151  [8156 - 8480] 1.34  <22el6 ***
17 0081 15748  [11305-11674] 1.37  <2.2e16 ***
17 0082 11861  [8696 - 9024] 1.34  <22el6 ***
17 0086 10392  [7617 - 7933] 1.34  <22el16 **
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(low5_high60)

Table A10: %1 OEAEI AT O ET Al x1 OOOAAI OAcCEIT
Ind. Number 95% Quantiles  Enrich. p-value
sites

17_0003 16922 [9225 - 9560] 1.8 <2.2e16  ***
17_0005 17242 [8605 - 8937] 1.97 <2.2e16  ***
17_0006 16629 [9013 - 9348] 1.81 <2.2e16  ***
17_0009 14127 [7878 - 8192] 1.76 <2.2e16  ***
17_0012 18147 [9678 - 10024] 1.84 <2.2e16  ***
17_0015 19331 [9484 - 9837] 2.0 <2.2e16  ***
17 0018 18075 [9658 - 9999] 1.84 <2.2e16  ***
17_0019 17113 [9507 - 9846] 1.77 <2.2e16  ***
17 _0043 11967 [6310 - 6596] 1.85 <2.2e16  ***
17_0045 15637 [8639 - 8961] 1.78 <2.2e16  ***
17_0049 12778  [6550 - 6841] 1.91 <2.2e16  *
17_0051 13604 [6878 - 7179] 1.94 <2.2e16  ***
17_0057 13790 [6995 - 7295] 1.93 <2.2e16  ***
17_0058 18489 [9504 - 9850] 1.91 <2.2e16  ***
17 0062 15442  [7722-8034] 1.96 <2.2e16
17_0065 12609 [6678 - 6968] 1.85 <2.2e16  ***
17_0067 15781 [8206 - 8526] 1.89 <2.2e16  ***
17 0070 13878  [7075-7373] 1.92 <2.2e16  *
17 0074 13660  [7340-7644] 1.82 <2.2e16 *
17_0075 14458 [7671 - 7983] 1.85 <2.2el6  ***
17 0077 13460  [7030 - 7324] 1.88 <2.2e16 *
17_0081 18441 [9278 - 9623] 1.95 <2.2e16  ***
17 0082 13819  [7425-7730] 1.82 <2.2e16 *
17_0086 11814 [6350 - 6630] 1.82 <2.2e16  ***
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Table A1l: Unpaired t-test comparing methylation levels(%) of short genes (up to four exons,
n=7,529) and long genes (with five or more exonsn=7,127), and between their first exons and
introns. The choice of number of exons to classify eht or long genes was arlirary.

mean t df p-value
short long
all gene| 32.68 50.69 32.59 2442.30 <2.2E16

all exons| 33.98 54.67 32.23 1416.20 < 2.2E16
exon 1| 22.07 40.37 20.37 292.38 <2.2E16
exon2| 31.08 51.24 21.04 370.99 <2.2E16
Exon 3| 38.05 57.76 18.44 361.46 <2.2E16
Exon 4| 44.88 57.28 7.69 283.66 2.4E13
all introns | 30.87 45.84 1595 937.29 <2.2E16
Intron 1 | 22.96 35.56 10.20 377.88 <2.2E16
Intron 2 | 30.96 47.06 10.39 374.78 <2.2E16
Intron 3 | 39.47 48.83 441 265.97 1.5E05

exons introns
Short genes| 33.98 30.87 3.16 1046.30 1.6E03

Longgenes| 54.67 45.84 15.45 1920.00 <2.2E16
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Table A12: List of Gene Ontology (GO) terms significantly enriched in gesithat were methylated in

all 24 samples (n =3,86% compared tothe remaining genes (n=4,606) Information about 8,472

CATAO xAOA POAOGAT O ET All ¢t OAIDPIAO AT A POAOGAT OAA
the weight algorithm, which accounts for GO topology using R packade®pGO.The 30 most

significant terms were represented here.

GO term Category  Description zr?:g:h. p-value
G0:0043227 CC membrane-bounded organelle 1.7 <1e30
G0:0005622 CC intracellular 1.6 < 1le30
G0:0010467 BP gene expression 1.6 2.0e-29
G0:0044267 BP cellular protein metabolic process 1.6 5.8e-26
GO:0035639 MF purine ribonucleoside triphosphate binding 1.4 1.3e-23
GO:0032555 MF purine ribonucleotide binding 14 1.8e-23
GO0:0032991 CC protein-containing complex 1.7 6.2e-23
G0:0005488 MF binding 1.1 3.0e-18
G0:0016070 BP RNA metbolic process 1.6 3.4e-16
G0:0043043 BP peptide biosynthetic process 1.9 l.le12
GO0:0003723 MF RNA binding 1.8 5.9e-11
G0:0006886 BP intracellular protein transport 2.0 1.0e-09
G0:0016192 BP vesicle-mediated transport 1.9 4.0e-08
G0:0006457 BP protein folding 2.1 9.2e-07
G0:0008026 MF ATP-dependent helicase activity 2.2 4.0e-06
G0:0008168 MF methyltransferase activity 1.9 8.0e-06
GO0:0097659 BP nucleic acid-templated transcription 1.4 1.6e-05
G0:0022613 BP ribonucleoprotein complex biogenesis 2.1 1.4e-04
G0:0016310 BP phosphorylation 1.4 1.5e-04
G0:0005694 CC chromosome 1.9 1.6e-04
G0:0004842 MF ubiquitin -protein transferase activity 1.8 2.8e-04
G0:0140101 MF catalytic activity, acting on a tRNA 1.7 3.3e-04
GO0:0016301 MF kinase activity 1.3 4.1e-04
G0:0003735 MF structural constituent of ribosome 1.7 6.6e-04
G0:0000287 MF magnesium ion binding 1.9 7.6e-04
GO0:0032259 BP methylation 2.2 8.3e-04
GO0:0005543 MF phospholipid binding 1.8 4.3e-03
G0:0005815 CC microtubule organizing center 1.9 8.3e-03
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Table A13: List of Gene Ontology (GO) terms significantly enriched in ges that consistentlynon-
methylated in all 24 samples (n=3,17% compared tothe remaining genes (n=5,296)Information
about 8,472 genes were present in all 24 samples andgsAT OAA '/ AT 11T OAOEI 18 &E
was used with the weight algorithm, which accounts for GO pwlogy using R packag&opGOThe 30
iTO006 OECIEEEAAT O OAOI O xAOA OAPOAOGAT OAA EAOA8 C

represents cellularcol BT T AT Oh AT A O- &8 OADPOAOGAT 6O 111 AAOI AO
GOterm Category Description FOIQ p-value
enrich .
GO0:0016020 CC membrane 1.4 <1e30
GO0:0004930 MF G protein-coupled receptor activity 2.4 2.1e25
G0:0031224 CC intrinsic component of membrane 14 1.3e-23
GO0:0007186  BP G protein-coupled receptor signaling 2.1 2.2e-19
pathway
GO0:0004252 MF serine-type endopeptidase activity 2.0 1.8e-13
G0:0015074 BP DNA integration 1.9 1.8e-13
G0:0055085 BP transmembrane transport 1.5 2.5e-12
GO0:0008408 MF 3'-5' exonuclease activity 2.3 1.6e11
GO0:0005576 CC extracellular region 1.8 1.2e-09
GO0:0016705 MF oxidoreductase activity 2.1 2.8e-09
G0:0003887 MF DNA-directed DNA polymerase activity 2.1 1.1e08
GO0:0042302 MF structural constituent of cuticle 2.6 1.8e-08
GO0046906 MF tetrapyrrole binding 1.9 3.2e-:08
GO0:0005506 MF iron ion binding 2.0 1.5e-07
GO0:0005549 MF odorant binding 2.5 1.7e-06
GO0:0004970 MF ionotropic glutamate receptor activity 2.0 2.6e-06
G0:0022843 MF voltage-gated cation channel activity 2.6 3.1e-06
GO0:0006508 BP proteolysis 1.3 6.8e-06
G0:0050877 BP nervous system process 2.3 1.6e-05
GO0:0008061 MF chitin binding 2.2 2.0e-05
GO0:0005102 MF signaling receptor binding 2.1 4.1e-05
GO0:0006030 BP chitin metabolic process 2.0 6.5e-05
GO0:0005230 MF extracellular ligand-gated ionchannel a... 2.0 7.6e-05
GO0:0030001 BP metal ion transport 1.7 2.7e-04
GO0:0005272 MF sodium channel activity 2.2 4.4e-04
GO0:0030594 MF neurotransmitter receptor activity 2.1 5.1e-04
GO0:0005215 MF transporter activity 16 6.5e-04
GO0:0015672 BP monovalent inorganic cation transport 1.6 9.3e-04
GO0:0016917 MF GABA receptor activity 2.5 1.2e-03
GO0:0004984 MF olfactory receptor activity 2.5 1.2e-03
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Table A14: Numbers and methylation enrichments in each transposablelement family in intergenic

regions using at least 12 samples Enrichment was estimated comparing the number of methylated

CpGs compared to the expected null distributionwhich wasestimated basedon randomizations
(section 2.3.5). P-valueswere calculaed WET ¢ &EOEA086 O AGAAO OAOOS8

TEclass TE CpG Mean mCpG 95%Quantiles Enrich. p-value
family sites sites  (null dist.)
17.8%
Academ 1475 [0.79%)] 385 [1657215] 2.0 <2.2e16 ***
0,
Chapaev 257 [ngifi 79 [23743] 2.4 42614
. 0
0
EnSpm 2275 [103'410/3 488  [267%329] 1.6 <2.2e16 **
0
Harbinger 1549 [103620//3 279  [1747226] 1.4 6.2e09  *
. 0
0
HAT 13455 [105'220/3 3185 [167671827] 1.8 <2.2e16 **
. 7.4%
DNA Transposon | Helitron 3269 [0.3%)] 265 [3857460] 0.6 1.7e18  ***
. 29.3%
Mariner 4505 [0953%3 1768 [5467634] 3 <2.2e16 ***
4.1%
MuDr 582 0 5;0] 25 [59790] 0.3 24012  *e
0
PiggyBac 155 f2561°//(]) 62 [12728] 3.1 2.1e17 *hk
0 0
. 1.3%
Polinton 25487 [0.0%] 281 [339973612] 0.1 <2.2el6 ***
0
Sola 258 fzg'loo/f]) 122 [23744] 3.7 <2.2e16 ***
0
BEL 3487 [1015’02]’ 661  [4347512] 1.4 3.0e19  w
0
TR Copia 5585 [205;150/1‘]’ 1945  [6757774] 2.7 <2.2e16 ***
0
Retroransposon | - ey 12976 [106'270//‘]’ 3519 [163971790] 2.1 <2.2e16
. 0
0,
HERV 420 ?607$] 24 [42768] 0.4 7.0e07  ***
E 0
0,
CR 313 [211'450//(]) 106 [29752] 2.6 1.6e21  ***
. 0
0,
Crack 537 [115 120//(]) 130 [55786] 1.9 1.3e12  ***
E 0
- 0,
EZ?roLt;F:\sposon Jockey 7659 f(;.zlgjo] 207  [95271066] 0.2 22616 ***
0,
R1 5548 [100;//‘]’ 847  [6667765] 1.2 1.1e07  **=*
E 0
0,
RTE 5843 ;;ﬁ//‘]’ 1036  [7057805] 14 <2.2e16
. 0
0,
PLE Penelope 885 45.5% o9 [947134] 4.7 <2.2e16
[1.1%]
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Table A15: Numbers and methylation enrichments in each transposable element family within
genes using at least 12 samples Enrichment was estimated comparing the number of médltgd

CpGs compared to the expected null distributiomvhich was estimated based on randomgations
(section 2.3.5).P-valuesx AOA AA1I AOI AOGAA OOEIT ¢ &EOEA08O AGAAD

5 .
TEclass TE. QpG Mean meG 95A)Q_uantlles Enrich. p-value
family sites sites  (null dist.)
2%
Academ 160 ;57%(]) 75 [68793] 0.9 0.21
1.5%
Chapaev 36 [55 250/0‘]’ 19 [11723] 1.1 0.31
29.5%
EnSpm 480 [19350/0(]) 189 [2087250] 0.8 1.5e04  ***
. 26.1%
Harbinger 573 [163%(]) 195 [2497296] 0.7 3.2e11
T%
HAT 2,959 ?086%(]) 1465 [1,360z1,468] 1.0 0.03 *
. 13.2%
DNATransposon | Helitron 1,186 [0.7%] 179 [5447612] 0.3 <2.2e16  ***
0
Mariner 2,235 ?09;//(]) 1458 [1,02271,112] 1.4 <2.2e1l6  ***
o 0
20.9%
MuDr 151 [206?%(]) 34 [59283] 0.5 3.0e10  ***
0
PiggyBac 92 ?32'1?;/?]’ 60 [34753] 1.4 3.8e04  ***
. 4.9%
Polinton 4,873 [0.2%] 256 [2,311z72,445] 0.1 <2.2el1l6 ***
0
Sola 110 ?Zgéi/f]’ 80 [42763] 15 4.9e08  ***
0
BEL 1,657 [102;;2‘]’ 379  [777z859] 0.5 <2.2e16 ***
0
LTR Copia 3,686 [209570/3 1585 [1,721z1,839] 0.9 7.5e11  **=
0
Retrotransposon | oo 4119 [203;1%//‘]’ 1426 [192472051] 0.7 <2.2e16 =
. 0
0,
HERV 66 ;152/?]’ 19 [23239] 0.6 1.7e¢03 **
0,
CR1 31 f’;;j‘]’ 31 [24741] 1.0 0.40 *
. 0
0,
Crack 25 ?f250//(]) 25 [23239] 0.8 0.08 el
E 0
Non-LTR 19
thnrotransposon Jockey 148 fo.13$o] 148 [1,03971132] 0.1 <2.2e16 ***
0,
R1 373 [104;//‘]’ 373  [741z819] 0.5 <2.2e16 *
E 0
0,
RTE 756 [308910//(]’ 756 [7627843] 0.9 0.01 ok
. 0
0,
PLE Penelope 414 65.3% 414 [2177261] 1.7 <2.2e16
[1.1%]
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similar to the patterns in these Chordata organisms than to Holomabolainsects.
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Chapter 3

Patterns and drivers of DNA methylation variation in natural

populations of Timema cristinae stick insects

3.1. Summary

Epigenetic factors can contribute to phenotypic diversity. For instance, DNA methylation
can influence gene egulation, and thus phenotypic plasticity. However, little is yet known
about how and why methylation varies in wild populations. Here, | investigad whole-
genome methylation profiles in natural populations of theTimema cristinaestick insects
depicting the factors shaping genomevide methylation patterns. | tested the hypotheses
that natural methylation variation is structured in geographical spae and correlated with
environmental factors such as hosplant and climate. We further tested for associatio
between genetic and methylation variation. Using data obtained from wholgenome
bisulfite sequencing, | found that methylation variation in CpGontext tends to cluster
following the geographical distribution of populations. Multivariate analysis reveatd this
pattern is better explained by genetic variation than by geographical distance only.
Environmental factors were not significanty correlated with genomewide methylation
patterns. Binomial mixed models revealed moderate heritability in methylatiorstatus (0.67
[0.15 7z 1.0 95%C] across all site3, suggesting variation can accumulate given limited

dispersal in space.
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3.2. Introduction

Organisms often vary phenotypically within and between populations. These
differences might result from genetic vaiation, shaped by the balance between natural
selection and random neutral processedn addition, the phenotype mightarise as a direct
interaction with the surrounding conditions, varying according to either aninternal or
external environmental signal WestzEberhardh ¢ nmmod8 41 CAOEAOh OEA
tune in to their environment and genetic variation allow populations to persist and evolve,
a process that can happen very rapidlyReznick & Ghalambor, 2001; Prentiset al, 2008;
Scovlle & Pfrender, 2010). Yetthere are many gaps in the understanding ohow the
environment directly influences the phenotype so that it is still debatable how organisms
can adjust to environmental changegForsman, 2015; Fouskt al, 2016). Currently, there is
mounting evidence that phenotypic diversity can also be caused by variation in epigenetic
modifications, which could play a role in the respnse to complex environmentgSchlichting

and Smith, 2002; Hu and Barrett, 2017; Richardst al,, 2017).

Epigenetic mechanisms describe molecutgrocesses that can affect gene expression
and its function without a change in the underlying DNA sequence. These processes can
involve: methylation of cytosine residues in the DNA, remodelling of chromatin structure
through histone modifications, and gne regulation mediated by small RNAEIrd, 2007;
Law and Jacobsen, 2010)Among theseepigenetic mechanisms, DNA methylation is by far
the most studied one. DNA methylation describes the reversible addition ofraethyl group
when a cytosine is followed by a guanine residue in the genomég, CpG sites). The
symmetric conformation of CpG diucleotides allows the methyltransferase to transmit the
epigenetic information to newly generated DNA strands during mitosi¢Goll and Bestor,
2005; Richards, 2006) DNA methylation ispresent in most major eukaryotic groups(Feng
et al, 2010; Zemachet al, 2010), and it is known to play roles in: modulating gene

expression; genomic imprinting; alternative splicing; and maintaining genome integty by

P R TP G
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surprisingly, these epigenetic mechanisms are intimately linked with cell differentiation
during embryogenesis, and they may deterime which genes will be transcriptionally active
in different tissues (Reik, 2007). For this to occur, extensive demethylation happens in the
genome between generations to assure the pluripotency of the embryo andsitcorrect
development in plants and mammalgReik, 2007; Crevillénet al, 2014). This is why DNA
methylation variation does not tend to be meiotically transmitted, although exceptions to
this rule are being discovered each dagverhoevenet al, 2010; Jianget al, 2013; Wanget

al., 2016; Richardset al, 2017).

The role that DNA mehylation plays at the genomic and cellular levels can have an
effect on the phenotype, and ultimately influence evolutionary processesn® of the most
celebrated examples is the toadflaxL(naria vulgaris). Its natural floral polymorphisms are
associatedwith methylation changes of thecis-regulatory region of the gene responsible for
the dorsal-ventral asymmetry (Lcyg Cubaset al. 1999). This epigenetic allele {.e.epiallele)
is heritably stable and cesegregates with the phenotype. Some other examples have been
described, although only a few have been shown to be stably transmitted over generations
independently from the genetic backgroand (see Manning et al, 2006; Paszkowski and

Grossniklaus, 2011)

Changes in DI methylation status may occuin response to environmental triggers.
Internal cues, such as hormones, can act taffect short and longterm methylation
modifications (Stevenson,2017). For example, estrogen is known to regulate thede novo
DNA methyltransferase (DNMT3) expression and to affect several tissues during cell
differentiation ( e.g.regulating sexspecific gene isoform expression in micellugentet al,
2015). In addition, DNA methylation may espond to external environmental triggers
(Johnson and Tricker, 2A0; Feil and Fraga, 2012)Change in diet affects coat colour in mice,
a process related to DNA methylation modifications on thAgoutigene(Morgan et al, 1999;
Waterland and Jirtle, 203). In honeybees, DNA methylation changes in response to

differential feeding with royal jelly, and ultimately influences the development of larva into
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gueens or workers (Kucharski et al, 2008; Lykoet al, 2010; Foet et a., 2012). DNA
methylationd O B O1 B A @®@itbnménially-fedsitive along with its role in many
biological processessuggest this epigenetic mechanism could be involved in phenotypic
plasticity, acting as amediator between the external enviroiment and genome regulation
(Bossdaf et al, 2008; Verhoeven et al, 2016). Although knowledge about DNA
i AGEUI ACGET 160 O1T1T A ET 11T1AAOI AO PAOExAUO
ecological and evolutionary consequences of epigenetic mechanisms remain largely

unknown.

To obtain a comprehensive understanding of the role DNA methylation variation
might play in facilitating phenotypic plasticity and evolution, it is essential to place these
processes in an ecological perspective and study their patterns, drivers and conseques
in natural populations (Bossdorf et al, 2008; Richards, 2008; Hu and Barrett, 2017;
Richards et al, 2017). Usually, thesignificance of DNA methylation is evaluated using
genetically identical organismg(e.g.inbred lines) and their response to stressin laboratory
settings (e.g.Johanneset al, 2009; Verhoevenet al, 2010). Although these studies are
valuable to unveil the mechanisms underlying DNA methylation changes and the molecular
pathways leading to them, an imperate next step is to expore these processes in natural
conditions, in the complexenvironments where organisms live and evolve (Richards 2008,
2011; Richards et al. 2010; Herrera et al. 2014). By studying realistic scenarios with
genetically and environmenally heterogeneous poplations, one can investigate the
intertwined factors acting simultaneously on natural methylation variation, which are
possibly missed inlaboratory experiments (Herrera and Bazaga, 2011; LedéRettig, 2013;

Herrera et al, 2014).

To begin with, it is important to investigate the magnitude and structure of
methylation variation in different populations in order to depict its patterns in nature. Then,
one can atimate the origin and the forces driving this variation(Bossdorf et al, 2008).

Namely, DNA methylation variation can result from: (1) stochasticchanges, (2)
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environmental effect, and (3) genetic control (Fig. 2 in Chdpr 1); and possibly be further
shaped by forces of natural selection and driffBossdor et al, 2008; Richardset al, 2017).
Stochastic changes in the methylation status often occdue to a failure of enzymes called
methyltransferases to faithfully maintain genomewide methylation patterns (Law and
Jacobsen, 201Q) As a consequence, variation can arise from spon&mus epimutations,
which tend to happen at a much higher rate compared to genetic mutatior{fBecker et al,
2011; Schmitzet al, 2011; van der Graagét al, 2015). In addition, as outlined above, DNA
methylation can respond to environmental triggers. As suchmethylation variation could
emerge fromthe interaction with the environment, which ultimately affect the phenotype
(Johnson and Tricker, 2010; Herreraet al, 2012; Zhanget al, 2013; Duncanet al., 2014).
However, it is still controversial whether the environment can promote heritable
methylation modifications, and it if can, to what extent it is transmitted i e.inheritance can
be restricted to only a few subsequent generationsRichards et al, 2017). Lastly,
methylation variation can arise from genetic control, which can act viais or trans
regulation (Taudt et al, 2016). This genetc control over methylation variation has been
demonstrated in Arabidopsis thaliana.Not only the genetic background could partially
explain DNA methylation variation, but also where changes specific in genetic sequence are
related to changes in methylation(Becker et al, 2011; Dubinet al, 2015). These findings
fuelled the debate about the dependency of DNA methylation variation on the underlying
genetic variability, on whether the epigenetic variation can exist and perpetuate in the

absence of genetic controfRichards, 2006; Dubiret al,, 2015).

To date, it has been shown that high levels of methylation variation exist in the wild,
often exceeding estimates of genetic variatiofPlatt et al, 2015; Grootet al,, 2018), and that
epigenetic variation can be structured in spac¢Herrera and Bazaga, 2010; Herrera&t al,
2016; Smith et al, 2016). Moreover, some studies have revealed significant correlations
between DNA methylation variation and phenotypic diversity in different habitats(Lira-

Medeiros et al, 2010; Herrera and Bazaga, 2011; Foust al, 2016), even in the absence of
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genetic variability (Richards et al, 2012; Lieblet al, 2013; Medranoet al, 2014). Finally,
there is evidence DNA methylation differetiation might persist after gametogenesis
(Herrera et al, 2013; Hagmannet al, 2015; van der Graagkt al, 2015), and thatchanges
arisen from the interaction with the environment might be inherited at least to the
subsequent generation(Johanneset al, 2009; Verhoeveret al, 2010; Preiteet al,, 2018).
Yet the great majority of studies have beengyformed in plant populations, with very few
examples in vertebrates €.g.Liebl et al, 2013; Skinneret al, 2014; Leaet al, 2016; Carjeet
al., 2017) and even fewer in invertebrates €.g Kille et al, 2013; Arduraet al,, 2017). Surveys
in non-model organisms have been reliant on techgues like anplified fragment length
polymorphism (AFLPs) and its methylation sensitive version (methylation sensitive
amplified polymorphisms; MSAPS) to capture genetic and epigenetic variation in the wild.
These methods screen anonymous loci, and thus gaot specify the genomic region tagged
by DNA metlylation. Hence, they offer limited information content other than general
variation defined by methylated or nonmethylated state(Schreyet al, 2013; Trucchiet al,

2016).

A new costeffective method is sodium bisulfite sequencing (BSeq), which allows
the estimation of genomewide methylation at base pair resolution(Cokuset al,, 2008). This
is a promising technique for ecological and evolutionary studies of NDA methylation, as it
provides a much higher restution in the investigation of methylation variation and a
genomic context behind it €.g.Beckeret al, 2011; Dubinet al, 2015; Plattet al, 2015; Lea
et al, 2017). In addition to this technique, research in DNA methylation can make use of
some methodological approaches developed in population genetics to investigate natlra
variation. In fact, the questions raised in theprocess of understanding the magnitude,
patterns and implications of methylation variation resemble the ones addressed in
population genetics(Richards, 2006; Bossdorkt a., 2008). Furthermore, genetic models

can be used as a proxy while studying methylation variation, in order to capture the aspects
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that are inherent only to epigenetics €.g.being capable of changingwith environmental

changeand the reset ofmethylation marks between generations;Herrera et al,, 2016).

In this context, insects are a promising group to study natural methylation variation.
This clade contains vell-known examples of plasticity, including caste differentiation and
seasonal polyphenismgSimpsonet al, 2011). Studying insects and their ability to encode
multiple and diverse phenotypes might help to understand their great ecological success
(Moczek, 2010; Leet al,, 2018). Although DNA methylaion is conserved among eukaryotes,
its genomic patterns vary across tax&Fenget al, 2010; Zemactet al, 2010). This means
some of the conclusions raised in one taxonomic group cannot necessarily be extrapolated
to others (Lea et al, 2017). In insects, methylation occurs at much lower levels than in
vertebrates; it is sparsely distributed across the genome and mainly targeting the ge
bodies (Suzuki and Bird, 2008) Although DNA methylation functions ae not well
understood in insects, they are possibly different from the roles played in vertebrates, and
perhaps even more from the ones played in plants (Rapter 2). As such, studying natural
DNA methylation variation in this group of organisms could bringnovel insights into the

ecological and evolutionary importance of this epigenetic mechanism.

This study usedTimema cristinae(Phasmatodea: Timematodea; Vickery, 1993), a
species of stick insect native to South California, to address some of these topkogensive
population genetics work has been performed in this speciese(g.Sandoval, 1994bNosil
and Crespi, 2006; Nosiet al;, 2008; Gompertet al, 2014), which provides a good starting
point to investigate similar questions using DNA methylation instead of genetic variation.
In particular, this work aimed to investigate how theT. cristinaeDNA methylation profile
varies acrossdifferent populations, and which mechanismsare underlying its diversity. A
population survey was conducted to test the hypothesis that (1) methylation variation is
structured in geographical space. This led to the nemutually exclusive predictions that (a)
methylation variation is correlated with genetic variation, and that @) it is associated with

the environment. Finally, this study also tested the hypothesis that (2) there is some
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heritability of methylation levels. In other words, the more closely related the individuals
are, the more similar the methylation patterns will tend to be To this end, a multifaceted
dataset onT. cristinaenatural populations was generated, including information about:
methylation variation (using BSseq); genetic variation (using newly acquired geneti data
and reanalysis of some previously phlished data); environmental variables €.g.abundance
of host plants, elevation, and climatic variables); and geographical distance. This study
revealed that natural DNA methylation variation tended to group in gographical space, and
that the differentiation between populations increased with spatial distance. Underlying
this pattern was the considerable correlation between DNA methylation and genetic
variation, which was stronger than the association with geognahical distance or with
environmental variables. Binomial mixed models revealed a considerable relatedness of
methylation patterns, mirroring the matrix of pairwise kinship estimated using genetic
variation (i.e.kinship matrix). This result suggests thee is some heritability of methylation
variation, although the drivers could not be identified. Taken together, the findings from
this study show the general patterns in natural methylation variation are strongly

associated with its genetic background.

3.3. Materials and Methods
3.3.1.Study system

T.cristinae are plant-feeding and wingless stick insects native to the chaparral in the
Santa Ynez Mountains, in Southern California. These insects rely on crypsis to escape
detection by visual predators, and have evolvetiody colouration that matches the laves
and stems of the host plants they rest onJandoval, 19944. Although T. cristinaecan feed
on a variety of plants, it is primarily found on two host speciesCeanothus spinosus
(Rhamnaceae) andAdenostoma fasciculatunjRosaceae). These two species of plant differ
considerably in their leaf morphology, with Ceanotlus plants presenting troad flat leaves,

and Adenostomaplants exhibiting thin needlelike leaves (Fig. 1; Fig. 3 in Chapter 1). The
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ecotypes inT. cristinae are characterized by the host plants they are found on, which
AAOA QI E Ceardthu3EAN AU D A daeidhdsomaecotU B MNbsil et al, 2006; Nosil,
2007). The most obvious difference between the ecotypes is the frequency of the typigal
cristinae morphs, characterized by presence or absence of a dorsal white stripe in their
green body (respecttd 1 U OEA OOOMEDIARA 61 TAOBAEON &EC8 o
morph is more frequently found in Adenostomaand the green morph inCeanothusplants
(Sandoval, 1994)). Previous experiments showed the striped morph is more cryptic and
suffers less predation on the needldike leaves ofAdenostomawhereas the green unstriped
morph is more cryptic and suffes less predation on the broad leaves dCeanothugplants
(Sandoval, 1994; Nodl and Crespi, 2006) That is, divergent selection promoted by
differential predation between the two host species has contributed to ecological isolation
between the two ecotypeqSandoval, 1994; Nosil and Crespi, 2006) The third morph has

a dark body colour {.e.melanistic) and is often found on bothost plant species, bit in much
rarer frequencies (Sandoval 1994a,b). The morphs segregate as a polymorphism controlled
by a major locus, which means the frequencies of green, striped and melanistic alleles vary
between the ecotypes Comeaultet al, 2015; Lindtke et al, 2017). Besides colour and
pattern, these two ecotypes differ in a suite of other traits, including size, host plant
preference, mate choice, and cuticular hydrocarbons (CHCs), molecules with roles in anti
desiccation and in insect communicatiorfNosil et al,, 2006; Nosil,2007; Chunget al, 2014;

Rieschet al,, 2017).

The landscape wher€Tl. cristinaeis found is characterized by a mosaic distribution of
patches, which vary in size and abundance of the two host plant species. In this context,een
flow between patches wih different selection regimes can occur despite the effects of
maladaptation, creating a balance between natural selection and gene flow that affects the
allele frequencies inT. crisitinae (Sandoval, 1994). In addition, the limited dispersal
between non-adjacent patchesi(e.allopatric populations) contributes to low gene fbw and

to the accumulation of genetic differentiation by neutral processes resultingin patterns of
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isolation by distance (Sandoval, 1994b). This clear understanding about population
genetics inT. cristinaein terms of the interplay between genotype, phenotype and the
surrounding environment (Nosil and Crespi, 2006; Gompert, Comeaulgt al, 2014;

Comeault et al, 2015) provides a good opportunity to test the key questions raised in this

study.
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Figure 1: Map detailing geographic position ofT. cristinaepopulations included in the sampling
plan. (A) Location in Southern California where the species is found (Santa Ynez Mountains, |
Padres National Forest). B) Representation of the two main host plants wherd'. cristinaeis found,

which characterizes the two ecotp A @deno§tomad A1 O U b Bdarottus AAA | 3D (M esiket al,

2006). (C) Selectal populations for the survey. This figure is the same d5g.4 in Chapter 1.

3.3.2.Sampling design

A sampling strategy was designed to selecT. cristinae populations with different
combinations of factors that could be shaipng methylation variation (Bossdorfet al,, 2008;
Richardset al, 2017). The aim of this sampling design was not only to pture substantial
representation of natural DNA methylation variation, but also to disentangle some of theco
varying factors.( A OA h A Obpi bOi AGEIT 1 8 E QhiaRoBderfedus AO Al 1 EIT
patch of a single host specied.€.a locality), as has been done in previougimemastudies

(e.g.Sandoval 1994a,bNosil et al, 2002; Sandoval and Nosil, 2005)This work focused on
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the following key factors as criteria in the selection of populationsabundance of host plants,

elevation, climatic variables and geographical distance between populations.

3.3.2.1.Abundance of host plants

To be able to test the association betweeil. cristinae ecotypes and methylation
variation, | selected localities with different abundances of the two host plant species.é.
Adenostomaand Ceanothu¥. T. cristinaedistribution follows an altitudinal cline, where high
elevations are dominated byAdenostomaplants while lower elevations are dominated by
Ceanothugplants. As suchwhen selecting populations, | considerechot only the host plant
species at the locality but also its surroundings: whetherthe landscapewas dominated by
AdenostomaCearothus or if it comprised mixed patches of both plant species (Fig.)2To
obtain this information about abundance of host plants at landscape levdlcompared the
relative numbers of the two most frequentT. cristinaemorphs (i.e. striped and green). This
was based on the fact thatin areas where Adenostomais dominant there is a higher
frequency of striped individuals as result of local adaptation, whereas more individuals with
the green morph are expected in areas dominated bgeanothugNosil, 2007; Nosilet al,
2008). Thus, even though a locality is characterized bAdenostomaplants, the green allele
will probably be more prevalent at a larger scale if the surroundings are dominated by
Ceanothuspatches.Constant migration from the surroundings and gne flow mog likely
result in a higher frequencyof green morphs compared to siped ones in suchAdenostoma
populations (Fig. 2. The database containing information aboutT. cristinae sampling
records from previous years(Nosil et al, 2018) was accessed t@btain the relative morph
frequencies for each populato® 4 EA DAOAAT OACA 1T &£ OOOEDPAA E
variable hereafter) was calculatedn each population ty dividing the total number of striped
specimens over the sum of striped plus green individuals, thethe mean was generated

overtheyearsof &1 D1 ET ¢C8 01 bOI AOET 1 O xEOE AEAMMOAT O 1
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both Adenostomaand Ceanothugatches This designaimed to disentangle effects that are

associatedwith host-plant adaptation from effects originating from migration and gene

flow.
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Figure 2: Distribution of host plants and morph frequency along the altitudinal clinén Santa Yez
Mountains. Patches oAdenostomaare represented in orange and o€eanothusare represented in
blue. There is a growing humber oAdenostomgpatches wih increasing elevation, followed by a
higher percentage of striped morphs. Thus, the percentage of striped mdrpn a population tends
to represent the surrounding environment in abundance of host plants. Populations sfienostoma

and Ceanothusecotypes were selected from different points along this cline for this study. Figure
made by Patrik Nosil.

3.3.2.2.Elevation andclimatic variables

Based on the evidence in the literature ofin association betweenclimate and/or
elevation anddifferential DNA methylation status (e.g.Richardset al, 2012; Nicotraet al,
2015), | selected localities that differed inthese two environmental factors Climate
information was obtained using the WorldClim database at resolution of 1ktnfor each
locality (http://www.bioclim. org). Because the bioclimatic variables were highly
correlated, a principal component analysis (PCA) was performed to summarise thetal

variance between the different localities and reveal the strongest patterns (following
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Comeaultet al,, 2015) using R (3.3.1; R CarTeam) All recorded T. cristinaelocalities (Nosil
et al, 2018) were used to obtain principal components that represented the general
information across the species distribution.Only the first two principal components were
retained as they together explaied around 92% of the variance (PC1=66.24 and
PC2-25.5%). PC1 represents annual temperatures anthe temperatures in the coldest and
wettest periods of the year. This axis also representsow constant the temperatures are
acoss different seasons €.g. isothermality, minimum temperature in annual range,
seasonality), andamount plus seasonality ofprecipitation. Meanwhile, PC2 represents
temperatures in the warmest month, and in the warmest and driesgjuarters (Fig. 3; Table
1). Elevation was estimatedbased on the GPS coordinatesdm the localities usingQGIS

2.162 (QGIS Development Team 2016).
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Figure 3: First two principal components on bioclimatic variables (bioclim) represented orny on
the T. cristinaelocalities used in this study. PCA was performed using all recorded sit@dosil et
al., 2018). Both PC1 and PC2 are strongly correlated witelevation. Correlation between eact
variable and the main two PCs can be found on Table B1.

A strong correlation between the bioclimatic variables and elevation was found at the

candidate localities(PC1 and elevationadjustedr2=0.97, P < 2.2e16; PC2 and elevation
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adjusted r2=-0.84, P < 2.2e16, linear models). Thus, elevation was not used in the

subsequent analyses, and the first two PCs from bioclimatic variables were used instead.

3.3.2.3.Geographical distance

The localities were also chosen based on the ggraphic distance between them.
Populationstend to be more genetically differentiated thegreater the geographic distance
AAOxAAT OEAI AT A OEA 11 xAOJebkndet aQ ROAAEhAD& AEODAOOAI
Wolf, 2013). That is, limited gene exchange between populations allows them to accumulate
differences arising by drift(Sextonet al, 2014). This rationale applies to genetic differences
between populations, because genetic variation is inherited, and so differences accumelat
over time particularly between populations with limited gene flow/migration. However, the
same logic is challenged when studying DNA methylation variation, given methylation
marks are expected to be reset between generations or are imperfectly transmitte
(Richards, 2006;Herrera et al, 2014; van der Graafet al, 2015). In this study, | inquired
whether a pattern of isolation by distance, similar to that seen for genetic variation, was
present in T. cristinaemethylation variation, and further investigated the mechanisms that
could explain such a pattern. For ingtnce,if methylation variation does not follow an
isolation by distance pattern, one can assume there is little heritability of this epigenetic
mechanism. On the other hand, if it does, that will point to some heritability of methylation
marks (i.e.either via epigenetic inheritance, or as a result of genetic controklerrera et al,
2016). To investigate this, | selectedokalities that ensured there was variation in
geographical distance in the datasetDistance between localities was estimated based on
the GPS coordinates from candidate localities usifgGIS 2.16.2 (QGIS Development Team

2016). | selected sitesvarying from adjacentpatches of the two host species in geogphic

s A N oz o~ =

s oA N oz o~ =

separated by upto 11kmie.@1 1 1 PAOOEAS DI bHOI AD

iTO6n &EC8 p#Qs
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3.3.2.4 Final selection of localities

Considering all the criteria, 2 localities were selectedFig.1C; Table 1). Each locality
contains a different combination of the criteria cited above. HereQEA Opb OOOEDAAS
was not significantly correlated with elevation or with either of the climate PCs (elevation:
adjustedr2=0.15,P=0.12; climatePC1:r2=0.05,P=0.05; PC2r2=0.02,P=0.05, linear models).

Although there was a noticeable association AAOx AAT Op OOOEDPAS AT A
among the chosen localitiegr2=0.27,P=0.05, linearmodels), it wasmuch lower compared
to when all locationsin the Nosil et al. (2018) dataset were considered (2=0.59; P=5.07e

11, linear models).

Table 1: Populations selectedET  OEA OAiI PI1 ET C DI AT h ETAI OAET ¢ OE/
AdenostomaA 1 A  O@eénoth§ Geographic coordinates and levation (metres). Percentage of

striped individuals was estimated based on the average relative number sifriped indivi duals within

a population inthe T. cristinaedatabase, which contains sampling records from previous yea(slosil

et al, 2018). Climate information was obtainedfrom the first two principal components from the

bioclim variables.

Locality Host Latitude Longitude Elevation % striped  Climate  Climate

PC1 PC
BT A 34536  -119.862 306 5.9% -4.11 1.78
FH A 34518 -119.801 813 87.3% 2.30 112
HV A 34.488  -119.787 376 77.9% -2.79 1.93
HV C 34.488  -119.787 374 63.4% -2.79 1.93
L A 34509  -119.796 820 90.0% 3.88 -0.28
N1 A 34517  -119.797 893 70.3% 5.02 -1.32
N1 C 34517  -119.797 893 39.0% 5.02 -1.32
ouT A 34532  -119.843 464 50.8% -1.44 2.43
ouT C 34532  -119.843 462 30.6% -1.44 2.43
PR C 34.533  -119.857 364 2.9% -0.71 1.98
SC C 34523  -119.832 570 3.9% 0.24 2.07
SCN A 34521  -119.830 585 71.0% 0.24 2.07
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3.3.3.Sampling

Individuals from the selectedT. cristinae populations were all sampledon the same
date (25t April 2017) in the Cdifornian spring . The sampling methods and manipulation of
the samples were described in Chapter 2. Brieflypscimens were collected using sweep
nets and kept in plasticcontainers at room temperature The following day, individuals
were digitally photographed under standard conditions(Rieschet al., 2017), flash frozen
using liquid nitrogen and preserved at-800°C temperature. All procedures were performed
to assure the methylation status was not considerably affected byariation in sampling
conditions. This way, one can assume the methylatidevels match the patterns present in

the wild.

3.3.4.DNAmethylation variation

DNA methylation variation was estimated for two female individuals from each
population using whole-genome BSseq (24 individuals in total; Tablel1 in Chapter 1). As
mentioned befae, this highthroughput protocol generates genomewide information
about methylation at a base resolution. Methylation information was estimated for each
individual, following the methods detailed in Qapter 2. This workflow involved the removal
of potential single nucleotide polymorphisms (SNPs) that couldonfound the estimate of
DNA methylation variation at a specific sitei(e.single methylation polymorphisms; SMPs).
The final tables for each individual contained information about: number of reads wit
methylated cytosines (.e.unconverted cytosines), mmber of reads with nonmethylated
cytosines (.e.number of thymines), and the proportion of reads with methylated cytosines
for each genomic position. This work focused at methylation in CpG dinuclédés because
methylation most often targeted this conext not only in T. cristinag but also in other
animals (Suzuki and Bird, 2008; Fengt al, 2010; Zemactet al., 2010). The final individual

tables for CpG sites without the potentially confounding SNPs, had a mean coveragg.7

90



reads per site. 60% of the sites had coveraggreater or equal to2x, dropping to 36% for
greater or equal to3x and then 13%for coverage greater or equal to 5x per site (statistics

averaged among all individualsseeChapter 2).

The functionunite in the R pakage methylKit (v1.0.Q Akalin et al., 2012 was used to
generate a single tableontaining methylation information at each site in all 24 individuals
(i.e. SMPs). That is, information was only retained at sites that were covered in all
individuals simultaneously. | removed sites withcoverage outliers above the 99.9th
percentile to avoid PCR biasif. above 60 reads). Very few sites provided methylation
information simultaneously among all samples. For example, only 2% of the sites were
retained when the minimum coverage of two readger site was used, and only 0.2% with
the minimum of five reads 96,732 and 36,896 SMPs respectively, compared to the number
of sites in the final individual tables). Thus] applied the minimum coverage of two reads
(ie.O01 AOO OOOET CA hafyseddsitpke Aapdkd genordid® paiterns, to be
able to represent a higher methylation variability. For more refined analyses comparing
each site individually, | applied the minimum coverage of five readd.¢.@ore stringent
AT OAOA CA S q eskrizel nibie (hfor@ationtGeach SMPAIl the reported statistics

were generatedusing R 8.3.1; R Core Team 2016

3.3.5.Genetic variation

Restriction site associated DNA sequencing (RAf2q) was used & generate genore-
wide single nucleotide polymorphism(SNP) datafollowing previous studies in the system
(Comeaultet al, 2015, 2016) Forthis, | usedDNA from the exact samenidividuals used to
generate the methylomes(Table 1 in Chapter 1) This way, information about DNA
methylation and genetic variation was available for each individual. To obtain a better
estimation of genetic diversity at population level, | expanded thesample size by
reanalysing RADseq datasets from previous studies ifT. cristinae(Comeaultet al, 2015;

Lindtke et al, 2017; Riesctet al, 2017). Around 15 accessionsvere randomly selected from
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each population with previously published data (Table B, and new RADBseq data were
acquired from thepopulations that had not been previously sequenced.€.BT, OUT, SC, and
SCN populations; Table B2 The latter were collected along with the indivduals used to
obtain the methylomes (sampled in 2% April 2017), and preserved in 100% ethanol at-
200C.Finally, genetic data for the six individuals used in the rearing experiment (Chapter 4)
were also processed with these other datasets. Details about how these data were processed
were described below. In the ad, SNPs from all datasets were called togethewhich
ensured there were enough samples from different populations to reliably calculate the

genotypic probabilities.

3.3.5.1.Library preparation and sequencing

DNA from the 24 individuals used for BSeqwas extracted following the procedures
described in Qiapter 2. A subsample of this extraction was used in RABeq protocol to
produce genetic variation data. As mentioned above, around 15 individuals from each
population that had not been previously sequenced (Table B2) were used to obtain
population level geretic variation. Genomic DNA was isolated usin®Neasy Blod and
Tissue Kits (Qiagen). Library preparation was done using a combination Barchmanet ald O
(2012) protocol designed for lllumina sequencing which has been successfully
implemented in Timemastick-insects (Comeaultet al, 2015; Rieschet al, 2017) and the
protocol of Petersonet al. (2012), modified to produce paired-ended libraries. Following
these protocols, genomic DNA wadirst digested with the restriction endonuclease<€coRl
and Msel (New England Biolabs). The samples were then incubated with T4 DNAdgp
(New England Biolabs) and with the following oligonucleotides: (1) llumina adapter
sequences folbwed by custom barcodes witl8-10 base pairsplus someextra base pairs to
adjust to EcoRlcut sites; and (2) adapters tothe Msel cut site with standard Illlumina
multiplexing read index (adapted fromPetersonet al, 2012). Theresulting fragments were

amplified by polymerase chain reaction (PR) using 20 cycles, and thepooled, resulting in
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an individually barcoded restriction-site associated DNA library This library was
sequenced using an lllumina HiSeq2000 platform with V3 reagents at the National Center
for Genome Research (Santa Fe, New Mexico, USA). After retrieving the lllumina sequencing
reads,| removed the barcodes andhe EcoRIcut site base pairs fran the reads (following a

Perl script developed inNosil et al.,2012) and spit the reads by individual.

3.3.5.2.Variant calling and genotypic probabilities

RADseq datasets from previously published studieComeaultet al, 2015; Lindtke
et al, 2017; Rieschet al, 2017, Table B2)were re-analysed to estimate genetic divesity at
population level; and they were processed along with the newly acquired data from this
step onwards. In summary,the good quality reads were aligned to the most recent.
cristinaereference genomgNosil et al.2018) using bowtie 2.3.4.1(Langmeadand Salzberg,
2012) with the single-end or paired-end argument depending on the library type. The
mapped reads were sorted and indexed using SAMTOOLS (Liget al, 2009). Variants were
calledfollowing a custom Perl script(Comeaultet al,, 2015), which usesSAMTOOLSnpileup
and BCFTOOLSsing the full prior, and requiring the probability of an alleleto be lower
than 0.5to call a variant, under the null hypothesis that all samples were homozayous for
the reference allele The insertion and deletion polymorphisns were not included in the
final table. For each variantthe posterior mean genotype was estimated for each individual
at each locus as two times the probability of the homozygous minor allele genotype plus the
probability of the heterozygous genotype. fiese steps led to 3,870,413NPs in total. From
those, only 533,420 were retained after discarding SNPs for which there were sequence
data for less than 50% of the individuals, low confidence calls with a phrescale quality
score lower than 20, SNPs wittmore than two alleles, andfiltering for a minor allele
frequency of 0.01. Custom Perl scripts were used along with a custom C++ program

(alleleEst 0.1pto estimate the genotypic probabilities using a Bayesian modéompert et
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al., 2013). The values were stored in BIMBAM format with values ranging from O to 2

representing the minor allele dosage.

ind A 1 2

genome ATCGATAICGTAC Level of methylation
Aﬂ&GATAMGTAc
ATTGATAITGTAC
ATTGATATIGTAC 40%
AﬂﬂGATAkhTACZW&

A TT’G ATA C.G TAC  locus 1 locus 2
ind B 1 2
genome A TE_C—EG AT AE_C_EG TAC Level of methylation

AT??ATA@@TAC 1009
ATICGATATGTAC
ATICIGATATIGTAC
ATKEAT&ﬂGTAC 20% |-

ATCGATATGTAC
focus 1 locus 2

Figure 4: Hypothetical example of differences inDNA methylation levels between two samples,
here represented byindAandindB and in the locil and 2. Levels of methylation in each locuare
estimated based on the proportion of reactounts with methylated cytosines(i.e.number of non
converted cytosines in BSseq data)ver the total coverage(i,e,5 reads in this example)

3.3.6.General patterns of geographical structure
3.3.6.1Clustering analyses

Hierarchical clustering anayses were used to estimategeneral patterns of DNA
methylation variation. For this analysis, themethylation levels were estimated using the
proportion of read counts with methylated cytosines over the total coveragen every
genomic position (Fig. 4). Euclidean distances were then calculated to estimate the
dissimilarity between pairs of samplegEq. 1, Fig. 5) using the functiondistin R (3.3.1; R

Core Team 2016)

94



(1)

where A and B represent two hypothetical individuals to have the Euclidean distanced
estimated based on methylation levels oh sites (seeFig.4 for the example using two loci)
Here, this operation wasdone pairwise amongthe 24 individuals in the methylation levels
of 296,732 sites. Theresultant distance matrix was used as input for theagglomerative
hierarchical clustering analysis Analyses were performed usinghclustfunction in Rusing

function in R) and kmeans were used to evaluate the grouping trendk(neansfunction).

d(indA,indB)? = (A, — B,)*+(4, — B,)?

ind A
Al 100% [~

d (indA, indB)

B1 20% |- Ho ind B

]
]
1
1
|
|

20% 40%
A2 B2

Figure 5: Euclidean distance betweelindividuals A and B from Fig.4 The distances ae estimated
at each locus, then summed to obtain the squared distandéhe Euclidean distace in this example
is 0.82, considering percentage using decimal§he same methoctan be usedor n loci.

3.3.6.2Regression analysis

Distances between methydtion levels were estimated for every pair of individuals
using the Euclidean distance fumtion distin R (Figs. 45). Thesedistanceswere compared
with other distances for every pair of individuals, namely climatic, genetic, host plant
species and geogaphical distances The climatic distances were also estimated using
Euclidean distances, bBsed on the first two principal component ars. The genetic distances

were obtained using theRADseqdata. The aligned reads from the 24 individuals were used
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to obtain the genetic distance matrixrom RapidNJ (2.3.0.2Simonsenet al, 2008). This
software calculates pairwise evolutionary distances between individuals to ultimately

generate a neighbour-joining tree that represents the given distance matrix aswell as
possible.lts algorithm takes multiple alignment nucleotide sequences as inpuand counts
the observed number of purine-transitions (A and G, of pyrimidine -transitions (C and 7

and of transversions (purine to pyrimidine or vice versa). Once these observed mutational
events have been counted, thenost likely (ML) estimate of the distance between two
sequencess; and s, is computed AAOAA T 1  + Ppardinétér Gnbdel 6F>séquence

evolution (Kimura, 1980; Elias and Lagergren, 2007; Simonsen and Pedersen, 2Q11)

Q - Lc_)dé g ' pP. . P' (2)
where P and Q are the rate of transitions and transversions respectively The resultant
pairwise distances are allcompiled in the genetic distance matrix(Simonsenet al, 2008).
Host plant differences werecodedfor each pairofET AEOEAOAT O AO Oné EALA OEAU
the same host plant specie O A GheyYOner@ differ@ht ecotypes. Finally, geographical
distances were estimatedin metres usingl ' ) Boint ®@istancé' tool from the Vector...
Analysis Tooldmenu.The logarithm of the pairwise geographicaldistances(in metres) was
calculated to perform the regression between genetic and methylation distances and
geographical distances(following Rousset, 1997) To avoid calculatirg logarithm of 0O,
individuals from the same population(i.e.geographic distance of 0 metresjyvere considered
to be 128 metres apart asthis is the maximum dispersal ability within their lifetime
(Sandoval, 2000) The statistical tests between different matrices were estimated using

linear modelsin R.

To complement the lineari T A Arég€egsions the correlation between elements in
the distance matrices was assessed by a Mantel randaration test. This test randomizes
the nindividuals rather than using the pairwise observations otlifferent variables (Mantel,

1967). That is,it computes the significance of thecorrelation through permutations of the
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rows and columns of one of theriput distance matrices. The statistidest is the Pearson
correlation coefficient r. This analysis provides a test of the null hypothesisf no linear
relationship between two distanee matrices The tests were performed using mantel

function from veganR package(Oksanenet al.2018), using10,000 permutations.

3.3.6.3Bayesian regression

In addition, a multivariate analysis usingBayesian regressionswas performed to
determine whether methylation differences between individuals were better explained by
genetic variation, geographical distance, climatic distances, ecotype, or combinations
between the variables.It was usedto correct for any bias in the data introduced by
dependencyamong the pairwise data pointsThe model was basedan Clarkeet al. (2002)

and Gompertet al.(2014), and follows the equation

Jcwo 1 g 8 [ 8 [ 8 [ 8 1] )

where the dependent variable(Y;) wasthe methylation distancesbetween individualsi and
j. The variables X;gen, X;geo, X;clim Xhost gre the pairwise distances ingenetic variation,
geographial distance, climaic distancesand host plant speciesrespectively, and the
denote the fixed effect regression coefficientsThe model includes 1, which is a random
effect representing the average dviation of the pairwise Y values (i.e. methylation
distances) involving individual i from what is expected from its X distances to the other
individuals.InT OEAO x1 OA Otepreddithhe Hepeddeizy iDthe datpaccounting
for the pairwise comparisons by allowing eachindividual to have its own deviation from the
baseline expectation(Clarke et al, 2002; Gompertet al., 2014). j represents theresidual
errors, and _ and _j are assumed to be independentAll variables were centred and
standardized. The model uses Bayesian framework and Markov Chain Monte Carlo to
estimate the regression, and a deviance information criterion (DIC) tevaluate model fitvia

rjags R packaggPlummer, 2003). Three parallel chains with 10,000 iterations and a burn
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in of 2,000 iterations were used. The equation above represents the full model, but the

analyses were also performed using different combinations dhe variables.

3.3.7.Binomial Mixed Models

To estimate the heritability of methylation levelsat each site, lsed theMixed model
Association for Count data via dataAUgmentation (MACAU)method, developed bylLeaet
al. (2015). Briefly, thismodel teds whether a variable(predictor) has effect on methylation
levelsat a specific site, and allows us control for relatedness (.e.kinship) in the samples
| tested for a relationship between eotype and DNA methylation levelsat each siteusing
the 24 individuals from the population survey.) T OEEO #EADPOAOh ) ET OAODPOA
outputs to estimate meanheritability of methylation levels In Chapter 4, | evaluate the
associations between the BIPs and ecotype arising from the same analysis. This separation

was done to avoidoverlap between the two Chapters.

3.3.7.1MACAU

The model tests whether a variablépredictor) hasan effect on methylation levelsat
a specific site For instance, thepredictor of interest can be a phenotype, aenvironmental
factor or genotypicvalues.lts binomial model can handle methylation count data, modelling
the number of reads with methylated cytosine(yi) and thetotal coverage(r;) to estimate the

level of mehylation (a;) for each site:

AN~

U " EOm 3)

Thus, here the variability in coverage is used to estimate thmethylation levels. Given that
the coverage may differ considerably across sites and individuals, this approach offers many
advantages compard to other models, which tend to ignore this issue by using proportion
of methylated cytosines to estimate the methylation status. dihg the same example

provided by the developers: if only the methylation proportion is considereda site where

98



5 out of 10 reads are designated as methylated is treated identically to a sitehere 50 out
of 100 reads are designated as methylatedeven though the accuracy of the estimated
proportion will be worse when there are fewer reads. This assumption reduces the paw
to detect true associations between a predictor and the variation in methylation leveld.ea

et al,2015).

In addition, MACAU can control for population structure when testing forthe
relationship between methylation variation and the predictor. DNA methylation levels ae
often heritable. In humans, for example,the averageestimated heritability levels are 18-
20% in the whole blood(Taudt et al, 2016). As suchglosely related individuals will tend to
exhibit more similar methylation patterns than non-related individuals will . The similarity
in methylation levels in SMPs ogenomic regions(i.e.i AOEUT AQET T cénGdst AOAAT
from the genetic corrol determining methylation patterns, or via pure epigenetic
inheritance, where methylation patterns are not reset and are transmitted to the next
generation (Jablonka andRaz, 2009; Taudtet al, 2016). As such, analyses that do not
consider relatedness can lead to spurious conclusions if the predictor in question-saries
with kinship. To control for this, MACAU incorporates a matrix of pairwisgenetickinship,
which is treated as the variancecovariance matrix for the heritable component of the
random effectHvariable. The kinship matrix contributes to the value of the response
variable, but does not affect the notheritable part of the response variabldLeaet al., 2015;
Leaet al, 2017). Thekinship matrix can be estimated using the genetic variation in the
AAOAOGAOR AT A 11T AAIATAA AMBEAGDHOSBCAT AOEA OAI

The methylation levelsat each site aremodelled in MACAUusing a logit link linear

function based on the following variables:

iTe— x1 o ¢ A (4)
C CHB x-6.1MKEH+ (4)
A ABPA x-6.MK p E) (6)
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In equation 5, w; corresponds to evector of covariates, and correspondsto its coefficierts;
xiis the predictor of interest for individual i and is its coefficient Variableg is an n-vector

of genetic random effects due tgopulation structure or kinship, and e is an nvector of
environmental independent noise. As mentioned above, the gegtic random effectsg are
estimated using arelatedness matrix K, which can be calculated basd on genotypc data
following tools described inZhouet al. (2013). Its A2h2 element corresponds tothe genetic
variance component where h2 is the heritability of logit(A) at each site K has been
standardized in the model to ensure trK)/n = 1, so thath2 lies between 0 and 1 and can be
interpreted as heritability of the methylation levels (Zhou et al.2013). MVNrepresents the
multivariate normal distribution applied when g and e are estimated. Ultimately, MACAU
tests the null hypothesisth:y E n A O AOAOU OEOAh OOEI C A -#-# A
to determine an approximate maximum likelihood estimatq , its standard errorO 4 and
its corresponding p-value. The MCMC sampling steps are also used to produce

uninformative priors to estimate the heritability E and its standard errorO A

3.3.7.2.Estimating heritability

To run MACAU, | used the table with the most stringent coveragieg.minimum of five
reads per site) to assure a higher power analysis at ea@MPlocus. To assurethe SMPs
were variable enaigh to runthe model,| selected siteswhere at least tvo individuals had
methylation levels above 25%(> 0.25) or below 75% (< 0.75). This step excludedhe sites
that were consistently hypomethylated or consistently hypermethylatedfollowing Lea et
al. 2016, see rationale atAppendix BO4 AOOET C - 1) #AhiSstep r&tdnkd3m4b df

the CpG sites with the selected coverage (yielding 13,050 SMPs in total).

The first two principal component axes of climatic variation were used @covariates
along with bisulfite conversion efficiency estimated for each sample (using the nen

methylated Lambda phage;see Chapter 2, Table A). The genotypic probabilities were
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extracted from the same 24 individuals from the BIMBAM file to calculate &ékinship matrix
following Zhou et al. (2013). To obtain an estimate of genomavide heritability of
methylation variation, | calculated the mean of the outputtedparameter h and its
corresponding standard error (used to estimate the 95% confidence intervals). he
analyses were performed with 100,000 sampling steps and burm of 50,000 iterations,

with the filtering ratio threshold equal 1.

3.4. Results
3.4.1. Generapatterns of methylation in natural populations
3.4.1.1 Clustering analyses

The hierarchical clustering analyses showed considerable differences between the
individuals, represented in thedendrograms by the height of dissimilarities between the
tips (Fig. 6A), suggesing a considerable intraspecific variability in the methylation levels.
These findings are supported by the principal components analysis, as each PC axis almost
equally explains the variance in the data around 4.5% [4.0% 5.0%] (mean [95%
confidence interval]; Fig. B2. A first sight, the dendrograms appear to group individuals
according totheir position in geographical spaceKig. 6. The k-means analyses (using k=2)
separate two outlier individuals (i.e.17_0077 and 17_0086) from the others. If thesavo
samples are excluded, th&-means analysis groupsspecimenscoming from eastern and
western parts of the distribution (Fig. B3. This pattern supports the hypothesis the

methylation variation is structured in geographical space.

3.4.1.2.Regressions

The regression analyses indicated genetic diversity is associated with geographic
distance (2=0.29, P < 2.2e16, linear models; Fig 7A), as has been previously shown

(Sandoval, 1994; Nosilet al, 2008). Following the results from clustering analyses, the
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regressions revealed methylaton distances are also positively correlated with geographical

distances (2=009,P=1.2e-12, linear models;Fig. /). That is to say methylation and
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Figure 6: Hierarchical clustering in the population survey using Euclidean distances to estimal
AEOOEI El AOEOU AT A 07 A Othatable wikhithe led Budhgent cdveageinias
used to include more sites in the analysis.e.minimum coverageof 2 reads, 296,732 sites in total).
Dendrogram height representsthe Euclidean distance between individuals (Eg. 1, Fig. 5). The me
pairwise Euclidean distance was 90.1 [89.§ 90.4]. Individuals do not tend to cluster by ecotype,
but by geographical podion. Blue line colour corresponds to the western side of the idtribution
and red to the eastern side. In the dendrograms, the last letter of the population code correspon
to ecotype €.9.BTA represents theAdenostomacotype and PiEthe Ceanothuscotype).

102



genetic distances tend to cevary, with a pattern following isolation -by-distance premises
(re=042, P < 2.2e16, linear models;Fig. 8). Accordingly, the Mantel tests revealed

strong significant correlation between methylation and geographic digtnces ¢=0.30,P =
1.0e-06), between genetic and geograph distances (=0.45,P =1.0e-06), and between
methylation and genetic distances 1£0.65, P =1.0e-06). This pattern could also be
associated with the climatic characteristics in geographical spac&he results show the
relationship between geographic disance and climatic distances is significanfr2=0.23,

P<2.2e 16, linear models; r=0.4, P=1.0e:06 Mantel test). However, regarding the
correlations with climatic variation, neither genetic variation (r2=0.02, P=4.3e-02, linear

models; r=0.12, P=0.11, Mantel test) or DNA methylation differences seem to be

associated with climatic distances 1(2=0.0,P=0.65,linear models;r=0.02,P=0.41, Mantel

test).
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Figure 7: Relationship between(A) genetic differences andhe logarithm of geographic distances
(rz=0.29, P < 2.2e186, linear modelg, and between(B) methylation levels andthe logarithm of
geographic distances 12=0.09, P < 1.2e-12, linear modelg. Methylation distances were estimated
from Euclideandistances based on methylation levels, and genetic ones from neighbour joining tre
built based on RABseq alignments.
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Figure 8: Relationship between methylation differences and genetic distance. Methylatio
distances were estimatel from Euclideandistances based on methylation levels, and genetic one
from neighbour joining tree built based on RABseq alignments. r2=042 (P < 2.2e16, linear
models).

3.4.1.3.Bayesian regression

Results from the Bayesian regression analyseshowed the model with geneic
variation and host differences together received the best support explaining methylation
variation, according to the lowest DIC (325.4; Table 2). However, the DIC values were
always reduced whenever genetic variation was included in the model, suggegiit had a
significant explanatory power in defining the underlying general differences in DNA
methylation patterns. Thus, although there was a marked correlation between genetic
variation and geographical distance, the reduced model with only genetic desces
(DIC=325.7) was better than the one with logarithm of geographical distances only

(DIC=523.0).

3.4.2. Heritability of methylation variation

The MACAU analysis returned a high estimate of genomagde heritability of

methylation levels, with a meanheritability of 0.67across all sitesand mean standard error
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of 0.26 (i.e. 95% confidence interval of0.15 z 1.0). The large confidence intervals are
expected given a relatively small number of individuals was used in the analys@saet al,
2015). The model estimateghe heritability of methylation levels based on the kinship
matrix obtained from the geneticdifferences between individuals. Thus, thesimilarity in
methylation variation seems to mirror the genetic kinship, supporting the hypothesis of
genetic background explaining DIA methylation variation. However, it is possible that part
of this relatedness is due to the norerasure of epigenetic marks between generationg.¢.
pure epigenetic inheritance). In other words, MACAU might not be able to distinguish the
heritability derived from the genetic control from pure epigenetic inheritance. Theefore,

further experiments are required to disentangle the drivers of the heritability inT. cristinae

Table 2: Bayesian regression using differences in genetic variation, geographicastnce, climate
and host plants to explain methylation variation. Full model uses all variables simultaneously.
Deviance information criterion (DIC) was used to compare the modelsModels including genetic
variation had a better support (lowest DIC) tharwhen it is not considered.

Zﬂe?/?gnce Penalty DIC
Full model 299.1 29.1 328.2
Genetic + geography + climate  300.7 28.2 328.8
Genetic + geography + host 298.2 28.0 326.2
Genetic + climate + host 299.5 29.6 329.1
Geography + climate + host 490.4 28.1 518.5
Genetic + geography 300.0 273 3273
Genetic + climate 298.8 26.7 325.5
Genetic + host 297.8 27.6 325.4
Geography + climate 491.6 27.0 518.6
Geography + host 495.5 27.6 522.8
Climate + host 595.1 26.8 621.9
Genetics 299.1 26.6 325.7
Geography 496.8 26.2 523.0
Climate 596.6 26.4 623.0
Host 621.2 26.4 647.6
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3.5. Discussion

Although there is mounting evidence of the molecular mechanisms and biological
processes involved in DNA methylation(Bird, 2007; Law and Jacobsen, 2010; Schibeler,
2015), how these processes hamm in nature remains largely unknown. Studies exploring
DNA methylation from an ecological and evolutionary perspective have started to elucidate
how it varies in natural populations and to identify some of the drivers underlying this
diversity (Richards, 2008; Nicotra et al, 2015; Platt et al, 2015; Foustet al, 2016;
Verhoevenet al, 2016). However, the great majority of these studies were performed in
plants. This work assessed the general aspects of genetic and epigenetic diversity in natural
populations of T. cristinae(i.e.a genomewide comparison). To my knowledge, this was the

first in vestigation on patterns of methylation in natural populations of insects

3.5.1.DNA methylation is structured in geographical space

The population survey showed substantial intraspecific DNA methylation variation
in T. cristinae The marked differences betwee individuals indicate each one of them has a
very specific methylation background. These findings suggest DNA methylation varies
within population. In this work, only two individuals were used to represent a population,
hence future studies with a largersample size should be carried out to determine the extent
of this diversity. This study focused at investigating how DNA methylation variation is
distributed in geographical space to capture the effects of forces that are acting on it,
possibly cumulatively over many generations(Herrera et al, 2016). The results showed
DNA methylation variation was spatially structured, and revealed a marginal trend to group
according to the geographical distribution. In addition, DNA methylation differences
increased with geographical distance. This pattern is similar to previous works if.
cristinae, which showed that genetic divergence is consistently and significantly greater

betweenallopatric populations than between adjacent populationgSandoval, 1994; Nosil

106



and Crespi, 2004) In other words, the results suggested that spatial structure in DNA
methylation variation could be driven, to some extent, by the same factors driving genetic
variation. That is to say differences tend to accumulate the more distantly the populations
are separateddue to the effect of limited dispersal and reduced gene exchan@inkinset

al., 2010; Herreraet al, 2016).

3.5.2.DNA methylation is strongly associated with genetic background

This resemblance between DNA methylation and genetic patterns in geographical
space was reflected by the strong coslation between them. Although genetic
differentiation and geographical distance are intimately interconnected, the multivariate
analyses revealed the models with genetic variation were always preferred over the models
with geographical distances. In othewords, this result suggests DNA methylation variation
in T. cristinaevaries in space mostly because of its genetic basis, and not simplchuse
stochastic epigenetic differences accumulated between further apart populations. It is
challenging to disentangle genetic variation from physical geographic distance with a
sampling design such as the one used in this study. To this end, one offd@ors should be
controlled for to test the strength of this association. For example, by further sampling from
onesingle population to ensure there is no geographical variation, but that genetic variation

is present.

The strong correlation between metlylation and genetic variation suggests a
substantial amount of DNA methylation variation inT. cristinaeis determined by its genetic
basis. In other words, that some of the methylation patterns could be under genetic control,
either by factors that cis or trans-regulate methylation state. That is, even though
methylation differences might result in important changes irthe phenotype, if it is strictly
under genetic control, it would represent a proximate cause of these changes, and not the
ultimate cause (Richards, 2006) In plants, for example, the association between genetic and

methylation variation is due to SNP alleles in structural variants, such as transposable
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elements (TEs) insertions, repeats or inversins, which tend to be highly methylated
(Pecinkaet al, 2013; Taudtet al, 2016). In addition, methylation variation associated with
ecologically relevant traits and local adaptation has been shown to be stronglysaxiated
with a few genetic variants, including one planspecific methyltransferase.In mammals,
some SMPs have beereported to besequence dependentand this is normally related to
differential transcription factor binding in enhancers or promoters z regions that are

regulated according to the methylation statg Taudt et al,, 2016; Onuchicet al,, 2018).

However, there might be cases where the associated genetic background facilitates
the epigenetic change. That is, when a genetic mutation or a transposable element insertion
on a regulator gene occurs and creates a facilitating change to be modulated by th
methylation state. A good example is the already cited case in mice about diet and coat
colour changes that involves a TE that is inserted upstream of thgouti gene(Waterland
and Jirtle, 2003) The methylation sate of this transposon leads to different expression
levels of Agouti, which means that there can be no epigenetic variation if this TE is absent.
Thus, in this case methylation variation is associated with genetic variation, but the
genotype alone cannoexplain the phenotype(Richards, 2006) Therefore, future analyses
should be conducted inT. cristinaeto deepen the understanding of this association between

DNA methylation and genetic variation.

Investigating the relationships between methylation and genetic variationin T.
cristinae could elucidate how they are likely to occur in insects. Thigsdy revealed a strong
association between gnetic and methylation variation at genomewide levels. Further
investigations should estimate this association at a finer scale, such as to look for a co
variation between specific SNPs and SMPs. With these hrsas, it will be possible to identify
the genetic bases of DNA methylation patterns and the regulatory mechanisms determining
them (i.e.cisor trans regulatory pathways affecting methylation levels), and to investigate
its contribution to phenotype z how much it depends on genetic variants to generate

phenotypic variation.
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3.5.3. Genomewide methylation variation is not strongly associated with climate or host plant

This study showed there was not a significant correlation between the pairwise
differences in methylation and in climatic variables or host plant. Hence, these
environmental factors do not explain the genomevide variation in DNA methylation as
much as geetic variation. However, it can be difficult to distinguish whether the association
between epigeneticand genetic variation is a direct effect of genetic control, or if there are
common factors shaping DNA methylation and genetic variation simultaneousistich as an
environmental factor (Richards et al, 2017). For example, some genetic and epigenetic
variation could be jointly affected by natural selection, and thus be significantly correlated
because of local adaptation. Studies have dealt with this issuesing reproductive inbred
lines or asexual populations. In the absence of genetic variation, research@ould estimate
the significance of the correlation between environment and methylation variation
(Massicotteet al, 2011; Herreraet al, 2012; Yuet al,, 2013; Preiteet al,, 2015). Others have
evaluated populations with low levels of gemtic variation, such as following a recent
bottleneck (e.g.invasive speciesRichardset al, 2012; Lieblet al, 2013), or without any

association between genetics and the environmental gradienf{Foust et al.,, 2016).

This present work focused on exploring the genom&ide associations between DNA
methylation and environment. Thus, although the association between DNA methylation
and environmental variables was low, the results here did not discard thpossibility that
some regions in the methylome were associated with environment. Chapter 4 explordset
association between DNA methylation variation and ecotype in natural populations at a
finer scale (.e.at each SMP), where the results from MACAU were interpreted. In addition,
it details an experiment where specimens sampled from one population wereared either
on Ceanothusr on Adenostomaunder controlled conditions. This provided the opportunity

to directly test the effects of an environmental factor on DNA methylation variation.
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3.5.4.There is some heritability of DNA ethylation patterns

We estimaied heritability of DNA methylation patterns using MACAU(Lea et al,
2015), which models methylation levelsat each site and tests for an association with a
predictor of interest. It uses genetic information to estimate the kinship matrix, which is
included in the model as aandom effect used to estimate the heritability paramete(Leaet
al,, 2015). The analyses returned a signifant mean heritability value. Thisresult aligns
with the finding DNA methylationis structured in space,and supports the idea that DNA
methylation variation can accunulate over generations and tends to be more differentiated
the more isolated the populations argHerrera et al, 2016). A the same time, this result
follows the strong correlation between methylation variation and genetic variation,
suggesting heritability of methylation patterns could be elevated because it iassociated
and/ or determined by geneticvariants. On the other hand, MACAU statistically estimates
the heritabil ity of methylation status by comparing the relatedness in methylation variation
between samples to the genetic kinship matrix. This means the model does not identify the
drivers underlying this heritability, whether it was the result of genetic control orvia an
incomplete erasure of methylation marks, and consequent transmission across generations.
That is, although this pure epigenetic inheritance is independent of genetic control,dould
lead to the accumulation of differences at the population levglVerhoeven et al, 2010;

Herrera et al, 2013; Jiancet al, 2013).

Very little is understood about epigenetic inheritance in insects. In fact, it is not known

-_)
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(2016) showed stable inheritance of methylation status between generations iNasonia

wasps. They revealed that F1 hybrids retained patterns of DNA methylatioon aleles that

are specific of each parentaNasonaODAAEAO xEOE 1T AAO Opnnb AEAAI EO
authors suggested that either DNA sequence elements ¢is determined these differential

methylation patterns, or they were transmitted across generaons via pure epigenetic

inheritance. Moreover, Chapter 2 discusses the fa€t cristinaeand other insect species do
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not present thede novoDNA methyltransferase. As such, one of the hypotheses that can be
raised is that DNA methylation patterns are noerased during gametogenesis, implying
maintenance of methylation status across generations and evolutionary timelowever, this
hypothesis is still spealative, and thusfuture investigations should be carried to elucidate
the molecular mechanisms of epignetic inheritance in insects. In any case, the heritability
of DNA methylation variation in Timema suggests it might provide background for

evolutionary processes to act on.

3.6. Conclusion

Besides its taxonomically different methylation profile from plants and verébrates,
T. cristinae methylation patterns are spatially structured in nature, varying with
geographical distance in a very similar trend to that exhibited by genetic variatiorAdded
to the finding that methylation variation is significantly heritable, these results indicate DNA
methylation follows a pattern analogous to isolation by distance, accumulating differences
with reduced dispersal and gene flow. The results presented hesggest this structure is
mainly explained by the genetic variation underljng DNA methylation patterns, which
could also account for the heritability of methylation status. Future investigations should be
carried to explore the associations between DNA athylation and genetic variations at a
more refined scale. In this study, Idid not find a strong association between DNA
methylation variation and environmental factors, such as host plant or climatic variables. It
is possible to conclude that the enviromental factors studied here are not a very significant
driver of general paterns of methylation variation (i.e.genomewide patterns), without

discarding their relevance to specific regions in the methylome.
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Appendix B: Supplementary Tables and Figures z Chapter 3

Table Bl describesthe relationship among each climatic variablérom bioclim database and
the first two principal components used in this study. The principal components analysis
was performed based on climatic data from all recorded. crisinae populations (Nosil et
al., 2018).

Table B1: Principal component analysis on climatic variables from bioclim database. Here are
represented the correlation ketween the variable and the first two principal component and the
contributio n of each variable to them (in percentage).

Correlation Contribution

Climatic variable PC1 PC2 PC1 PC2

Annual mean temperature 0.97 0.24 8.3% 1.3%

Annual precipitation .0.95 0.12 8.0% 0.3%

Isothermality 093  -032 7.6% 2.3%

Max temp warmest month .0.04 0.99 0.0% 22.6%
Mean diumal range 035 086 11% 17.2%
Mean temp. coldest quarter 1.00 -0.04 8.8% 0.0%

Mean temp. driest quarter 0.54 0.81 26%  15.0%
Mean temp. warmest quarter 0.54 0.81 26%  15.1%
Mean temp. wettest quarter 1.00 0.02 8.8% 0.0%
Min temp coldest month 0.99 0.13 8.6% 0.4%
Precipitation coldest quarter -0.82 0.16 5.9% 0.6%
Precipitation driest quarter 0.65 053 3.8% 6.4%
Precipitation seasonality -0.99 -0.06 8.6% 0.1%
Precipitation warmest quarter -0.87 031 6.7% 2 204
Precipitation wettest month -0.90 0.23 7.29% 1.2%
Precipitation wettest quarter 0.72 0.68 4.6% 10.6%
Temperature annual range .0.88 0.44 6.8% 4.5%
Temperature seasonality 0.97 0.24 8.3% 1.3%

Contribution corresponds to the squared cosine (c@3 of the variable divided by total cosine of the
component. Squared cosine represents thguality of representation of the variables on factor map
This analysis was performed only for the selected sites using the R packadgesctoMineRand
factoextra(Lé, et al, 2008).
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Table B2 describes the different genetic datasets used in this study. Accessions from
previously published data and newly acquired genomic sequences were obtained to
estimate genetic diversity at population level. With this, more genetic variants were

obtained to estimate genotypic pobabilities. Sites identified as C/T and G/A

polymorphisms were identified and added to the list of SNPs to be removed from
methylation datasets (see Chapter 2).

Table B2: Details about data used to estimate population genetic diversity. Genetic data was
generated following a RADseq protocol, but type of sequencing varied between single and paired
ended.

Location Host N Sequencing Publication

BT A 15 paired-end newly acquired
FH A 15 single-end Comeaultet al. 2015
HV A 15 paired-end newly acquired
HV C 15 paired-end newly acquired

L A 15 single-end Rieschet al. 2017
N1 A 15 single-end Lindtke et al.2017
N1 C 15 single-end Lindtke et al.2017
ouT A 7 paired-end  newly acquired
ouT C 6 paired-end  newly acquired
PR C 13  single-end Rieschet al. 2017
SC C 15 paired-end newly acquired
SCN A 15 paired-end newly acquired
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Testing MACAU

To test for the consistency and repeatability oMACAWS O 1 O Qditiépéridentd
analyses were run in parallel and thevalues of the betawere compared (Eq. 4), asthis
coefficient describes the effect ige of the predictor in the methylation levels(Lea et al,
2015). Tothis end,the table with more stringent coveragewas used(i.e.minimum coverage
of five reads covering all 24 individuals), with 36,896 SMPsThe parameters applied were
the same aglescribed insection 3.3.7.2 regarding thepredictor, the covariates, thekinship

matrix, MCMGCsamplings and burnins.

As a result, there wasnot a correlation between the betaoutputs (r2= 0.0, P=0.11,
linear models). That s, there was not a convergence between the effect sizes of the predictor
on the methylation levels, implying the output is notrepeatable (Fig. BLA). The SMPs with
highest beta were mainly those which presented very low methylédn levels, bordering

zero. This suggests MACAU requires a minimum variance at each SMP to geneaitsistent
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Figure B1: Correlation between output beta valuegi.e.denotes the predictor effect sizefrom two
independent MACAU runs using the same datas€8) the datasetwith 38,896 SMPs notiftered
for its variability; (B) the datasetafter selecting at least two individuals with methylation levels >
0.25 or < 0.75. This step removedonsistently hypomethylated and consistently hypermethylated
positions, as it has at least two individuals that fall outside theskvels, yielding 13,050 SMPs
Output from (A) show very different valuesfor beta (r2=0.0,P=0.11), while the outputs converge
in (B), suggesting a better consistency ahreliability of the results.
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In the main empirical work applying MACAU (Leat al; 2016), sites with low variance
were removed from the SMPs dataset. All sites that were consistenthypomethylated
(average DNA methylation level < 0.10and consistently hypermethylated (average DNA
methylation level > 0.90)were excluded as well as ges in which the standard deviation
was below0.05. After a few attempts | obtained SMPswith standard deviation above0.05
(i.e.higher variance at each SMPby selectingsites that hadmethylation levels| 0.250r S
0.75in at least two samplesWith this subset dataset, the corrkation between betas from
two independent runs was high ¢2=0.86, P=2.2e-16; Fig. B1B, suggesting a good
convergence between the otputs. This step retainedonly 35% of the CpG sites with the
selected coverage (yielding 13,050 SMPs in totalput it retained more sites thanwhen
applying the threshold used in Leaet al. (2016; yielding 12,858 SMPs)In summary, this
filtering step wasapplied as it improved the repeatabilityof the outputs. Future works could

test the appication of other filtering strategiesto obtain consistent outputs in MACAU.

Figure B2refers to the PCA performed on methylation variation in each individual from the
population survey. This graph suggests a great variation surrounding each individual.
Figure B3represents the first two PCs associated witlk-means analygs.
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Figure B2: Sum of squares within every possible group in the first batch of data. In genere
clustering methods aim to define clusters such that the total intraluster variation (known as total
within -cluster variation or total within -cluster sum of square) is miimized. For this data, the
elbow method cannot define wich total within-cluster sum is the smallest, suggesting the
variation in each sample is larger compared to every possible grouping.
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Figure B3: First two principal components from a PCA on the first batch of sequencing using tt
least stringent coverage (minimum 2 and maximum of 60 reads per site, yielding 296,732 sites
total). A. K-means analysis (k=2)groups the two outlier samples ((7_007/_PRC and 17_0086_BT,
in blue font; seeFig. 6. B. When these two samples are excluded from the analgs k-meansdivides
the samples according to their geographical position. Blue font and line colour correspoto the
western side of the distribution ard red to the eastern side.

Figure B4 represents the distances within all variables considered in this study, on:
methylation, genetic, geographical space, climate, and host plant. Methylation differences
were obtained based on the Euclidean distances heeen individuals, estimated from
methylation levels in each position from the joint table (with minimum coverage of 2 and
maximum of 60 reads per site). Genetic distances were estimated using the neighbour
joining tree between each individual (Simonsen et al, 2008); the geographical distance
using QGIS tools; the climatic distances using Euclidean distances on ih&t PC2 loadings;

and the hostplantssOOET ¢ Omo AO OAI A ET OO0 AT A Opo AO
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Figure B4 Dendrograms representing the distances used in this study. The algorithi
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Figure B5, B5 and B6 were esthated using methylation distances (Fig B4) and genetic
distances estimated using Euclidean distances on genotypic probabilities. This was
performed to allow comparisons between the slopes from methylation and genetic
distances, given that they were estimizzd using the same method i(e.Euclidean distances).
The dendrogram generated using this methodFig. B differs slightly from the one using a
neighbour joining tree (Fig. B4. The genetic differences seem to be less associated with
methylation (Fig. B and less associated to geographical distanc&ig. B7). Comparison
between the slopes suggests a higher accumulation of differences in methylation with
geographical distancgHerrera et al, 2016).
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Figure B5: Genetic distances estimated using Euclidean distances on genotypic probabilitie

$ AT AOT COAI

AOOEI AOGAA OOET ¢ Al ¢l OEOEI O7AO0A

L ] L ]
. L .
[ ]

95.0
1]
Q
c
e
(1]

5 92.5
-
o
©

Ego.o
1 4]
E

87.5

250 300 350 400
genetic distance

Figure B6: Relationship between methylation and genetic distances between ¢h24 populations
used in this study. The methylation distances were estimated using Euclidean distance on t
proportion of methylated cytosines over total coverage. The genetic distances reealso estimated
using Euclidean distances, here on the genotypprobabilities obtained from RADseq data. The
association between these two variables is smaller using this method to estimate genetic distanc
(r2=0.19, P< 2.2e-16, linear models).
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Figure B7: Comparison between the slopes on the methylation andenetic distances over
geographical distance. The distances in methylation and genetic were estimated as describec
(Fig B4). Here the distances were scaled for comparison. Association between mgttion
variation and geographical distance i$2=0.09, P= 1.2e-12; and between genetic variation and
geographical distance i$2=0.04, P< 3.8e-07.
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Chapter 4

Differential DNA methylation patterns  and host plant use in

Timema cristinae stick insects

4.1. Summary

Herbivore insects cope with a set of nutriets and chemical defences from the host plant
they use. This interaction becomes challenging in a host shift, which likely involves new
OA1 AAOEOA DPOAOOOOAOG8 )1 OAAOOS AEAOQ#k#th ofOANOE
speciesspecific chemical compouds may determine the success of colonization. As
phenotypic plasticity might help organisms to tolerate the new conditions, DNA methylation
could be a mechanism involved in host shift. However, evidence of thisgocess remains
elusive. Here, | combined a@pulation survey and a rearing experiment infimema cristinae
stick insects to test the hypotheses that DNA methylation variation (1) is associated with
different host plants and (2) changes following a host shifMethylome scans using binomial
mixed modds were performed independently in each dataset to estimate candidate regions
associated with plant use. One gene with functions in digestion and nutrient uptake was
output in both analyses. The rearig experiment suggested methylation levels responded to
ET OO OEE 4@ ADIO E AbAspite & fdwimitations to claim statistical significance
of some of theresults, this work highlights the possible effects host shift exert in

methylation patterns in T. cristinae
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4.2. Introduction

Interactions between different species have always been a major interest of ecologists
and evolutionary biologists (Darwin, 1859;Ehrlich and Raven, 1964; Brown and Kodric
Brown, 1979; Elton, 2001). By studying the intefrelated dynamics between species, it is
possible to shed light on the different factorshaping these associations and on how they
canaffecteach other's evolution.n particular, insect-plant interactions are ubiquitous, and
it is extensively acknowledged that these interactions have contributed to the great
diversity of extant species inboth groups (Bernays and Graham, 1988; Jaret al, 2001,
Agosta, 2006) Plantfeeding insects are extremely speciedch, corresponding to one
guarter of all described species in the world (May, 1990, Schoonhovenet al. 2005). A
process that could explain this great diversity is the formation of new species driven by
adaptation to a new plant specie{Nylin and Janz, 2009) However, speciation can only
occur if the insects are able to persist on the novel host, raising questions exding the
mechanisms that generate, maintairand constrain new associations between insects and

plants (Ehrlich and Raven, 1964; Janet al, 2001; Agosta, 2006; Jaret al, 2006).

The insectplant interactions are described as a constant arms race between the
plants evolving new defence mechanisms against herbivory, including chemicahd
physical barriers, and the insects counteacting these barriers with detoxification schemes,
sequestration of poison and alteration of their gene expression patternSilva et al,, 2001;
Mello and SilvaFilho, 2002, Schoonhovenet al. 2005). As such, any interaction with a
specific plant involves not only facing a set of nutrients and water content, but also coping
with specific chemical defences and toxinsNylin & Janz 2009. These multiple constraints

are one possible explanation as to why herbivorous insects are generally host specific

3 1f microbes, fungi and algae are excluded from the calculation.
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(Bernays and Graham, 1988)The interaction becomes more challenging in the context of
colonization of a new plant species, which likely involves a very different set of conditions
and new seletive pressures with which adults and their lavae must cope to preserve life
cycleregulationj | CT OOAhQ ¢ reral PPI6BA GEIAGE EOh ET OAAOO8 Al
and performance at metabolization of spdes-specific chemical compounds in the new host
may determine the success of its colonizatio(Nylin and Janz, 2009) In this context, plastic
responses could help organisms to tolerate the new conditions and allow enough time for a
population to become establishd (i.e. where standing genetic variation and/or new
mutations can provide heritable phenotypes to respond to the novel selection pressures;
Pigliucci, 2005; Ghalambr et al,, 2007). Insects with a broader niche width in host plant use
(i.e. capable of exploring a variety of plant species) can be considered more plastic
compared to those with a more specialized diet, as they can respond to a wider set of
environments and probably handle physiological adjustment¢Agosta, 2006) However, the
mechanisms that allow the colonization of hew host plants and niche expansiame still
largely unknown.

Epigenetics, particularly changes in DNA methylatiostatus, could be a molecular
mechanism involved in the colonization of new environment¢Richardset al, 2012; Ardura
et al, 2017). DNA methylation affects processes that can ultimately influence phenotypic
variation, such asgene expression, alternative splicing and transposable element silencing
(Law and Jacobsen, 2010Changes in DNA methylation patterns cathangein response to
biotic or abiotic triggers, and thus can sometimes lead to changes in the phenotype
(Bossdorf et al, 2008). It has been proposed that DNA methylation could be involved in
PEAT T OUPEA bPl AOOGEAEOU AT A Al 1T OOEAOOA O1 Al
conditions, acting as a mediator between exteal environment and internal molecular
machinery and gene expession (Duncanet al, 2014; Verhoeveret al, 2016; Richardst al,
2017). In other words, changes in DNA methylatiothat are sensitive to environmental

triggers could provide a rapid source of phenO UDEA OAOEAOQEIT 1T xEOEET Al
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Indeed, manipulation of methylation has been shown to affect patterns of plasticity, such as
in caste formation in bees(Kucharski et al, 2008; Fore et al, 2012), in resource use of
nectar-living yeasts (Herrera et al, 2012), and in plant reaction norms {.e.changes in the
average phenotype as a function of the environmentande, 2009; Bossdortt al, 2010;
Zhanget al, 2013). This ability to finely adjust to environmental cues could be especially
important when faced with novel environments(Herrera et al,, 2012; Richardset al, 2012).

In addition, studies of invasive species report an excess of DNA methylation variation
relative to genetic variation, suggesting this epigenetic mechanism could facilitate
establishment on a new habita by compensaing for bottlenecks and founder effects

(Richardset al, 2012; Lieblet al,, 2013; Arduraet al, 2017).

Despite the potential implications of the effects of DNA methylation on phenotypic
plasticity and on colonization of new habitats, empirical examples remain scarce. In
addition, knowledge about DNA methylation patterns and function in insects is quite
limited, with studies being considerably biased towards investigations of the evolution of
eusociality (Bewick et al, 2017; Glastadet al, 2018). Hence, whether DNA mélylation is
involved in the process of host plant use by insects and in adjusting to a new plant species
is unknown. To address some of these topics, | usédmema cristinae (Phasmatodea:
Timematodea; Vickery, 1993), a species of stick insect native to SlouCalifornia. These
herbivorous insects live in patchy environments in the Californian chaparral, feeding and
mating on their host plants(Sandovalet al, 1994a). The species is found in patches of two
main host plant species:Adenostoma fasciculatumand Ceanothus spinosugSandoval,
1994b). Previous studieshave shown thatT.cristinae metapopulations probably gothrough
many episodes of colonizatiorand local extinctionon different patchesof these host plant

species(Sandoval, 1994d; Farkaset al, 2013).

| used natural populations to first test thehypothesis that (1) there is an associatio
between methylation variation and environment.l predicted T. cristinaeindividuals would

have different methylation patterns depending on the host plant they feed on in the wild
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(i.e.ecotype). To this end, a ppulation survey was conducted to investigée the natural state
of methylation variation in the established populations. In addition, an experiment was
performed to test the hypothesis that (2) DNA methylation is sensitive to the environment.
To this end, a@ult insects were collected from a populabn where Ceanothuss the dominant
Pl AT Oh AT A OAAOAA 11 @@&echostiraio Aimuldte & ot dhift BFig.O O h
1). | predicted the specimens reared in the home host would present similar methylatn
patterns found in the Ceanothusiatural populations. In addition, | predicted the individuals
reared in Adenostomawould respond to the environmental change by altering the
methylation status resembling the patterns found inAdenostomanatural populations (Fig.
2). In both studies, binomial mixed models were used to test for associations between
methylation variation and host plants, with genetic variation fitted as a random effect (see
Chapter 3). This approach is analogous to genome scans used in papioh genetics, and
tests for regions in he genome that are associated with a specific environmental factce.(.
Hohenlohe et al, 2010). There was an association between methylation variation and
ecotype in natural populations,and there was an indication that some methylomic regions
were sensitive to host shift. A gene with functions related to digestion and nutrient uptake
wasoutput in both analyses The results suggest thatf a true methylation changeoccurred
in the experiment, it happened inthe opposite direction from the presumed local ptimum.
binomial mixed models analygs andregarding the low statigical power arising from the
small sample sizan the transplant experiment, this work highlights the possibleeffects host

shift exert in methylation patterns.
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natural population to feed on
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—_—

CEANOTHUS

reared in

Figure 1: Rearing experiment performed in adult femaleT. cristinaeof Ceanothusecotype, from a
population where Ceanothuds the dominant plant (SC locality). Two specimens were flash froze
right after collection to be used as the experimental control. Two females were reared@eanothus
and two in Adenostomafor 10 days, and then preserved. These six females had their mglome

sequenced to test the lability of DNA methylation status afteshifting to a different host plant. |

tested the association between methylation levels and the host plant species the insects last fed
Insect pictures are only examples and do noepresent the individuals used in this study.

Methylation level

D A C
Figure 2: Hypothetical scenario of a methylation change in response to host shift. Individuals fror
a dominantCeanothugpopulation were reared in AdenostomgA) and Ceanothusuttings (C). The
points represent the methylation levels found inAdenostomaand Ceanothusecaypes in natural
populations. Assuming the insects reared i€eanothusvould present the same levels found in the
source natural population, there are three possible directions of response the host shift
treatment. If the methylation levelsin each native habitatare optimal, thenthe change could play
a beneficial role if the direction of the change goes in the same direction as the optimum state (bl
arrow). On the other hand, it coull be detrimental if it goes in an opposite direction (red arrow),
asit results in a response that is far from the optimumile. A OARADOEOAS OA O
arrow represents a lack of reaction to the host plant environment. Dashed line is represen for
A OAEAOAT AA 1 &£ AT Ol bOE iGhdlambokeCab(RGOP.AG8 &ECO
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4.3. Material and Methods
4.3.1. Study system

T. cristinae stick insects are normally found on two morphologically distinct pecies
of plant: Ceanothus spinosu@Rhamnaceae) andAdenostoma fasciculatunfRosaceae). As
described in Chapter 3T. cristinaeecotypes are defined by the host plants they are timd
iITh AEAOAAGAGERRAT © UBKAAAIEIstamad & A O@dsiR 2007). The
ecotypes differ in characteristics related to host plant use, with the most evident one being

the presence or absence dd highly heritable dorsal white stripe, which characterizes the

GOOOEDARGOART & 171 OPEO j&EC8 o EI #EADOAO pQ

found in Adenostomaand the green morph irCeanothugplants (Sandoval, 1994). Previous
experiments showed the striped morph is more cryptic and suffers less predation on the
needlelike leaves ofAdenostomawhereas the green unstriped morph is more cryptic and
suffers less predation on the broad leaves dfeanothusplants (Sandoval, 1994). That is,
divergent sdection promoted by differential predation between the two host speies
contributes to ecological isolation between the two ecotype¢Sandoval, D94a; Nosil and
Crespi, 2006) Previous studies showed these two ecotypes differ in a suite of other traits,
including size, host plant preference, mate choice, and cuticular hydrocarben(CHCSs),
molecules with roles in antidesiccation and in insect conmunication (Nosil et al, 2006;

Nosil, 2007; Chuncet al, 2014; Riesctet al, 2017).

4.3.2.Sampling

Soecimens used in the population surveywere sampledas described mn Chapter 3.
Previous studies have shown that theAdenostomaenvironment likely offers some
physiological challenges toT. cristinae individuals compared to Ceanothus as lifetime
fecundity is significantly reduced when they are reared on this host specigSandoval and

Nosil, 2005; Nosil and Sandoval, 2008)hus, for this work, the consequences of a host shift
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from Ceanothudo Adenostomawere evaluated on DNA methylation. To this end, samples
were collected at Stagecoach(SC; latitude 34.523, longitude-119.832), alocality where
Ceanothuss the dominant plant. Specimens were sampled orth@May 2016, by shaking

bushes ofCeanothugplants and collecting insects falling onto sweep nets.

4.3.3. Rearing experient

A rearing experiment was performed to test the effecs of host plant onT. cristinae
DNA methylation. The experiment consisted of three treatments (Fig. 1). The first one was
the experimental control, where the individuals were flash frozen one day & sampling to
represent the natural DNA methylation stéus in the population. The second treatment
involved rearing the specimens on the same host plant they were collected dre( Ceanothus
plants) for ten days. Finally, for the third treatment the sarmles were reared inAdenostoma
plants for ten days to sinulate a host shift. Similarlysized adult females were used for each
treatment (i.e.six individuals in total; Table 1). Individuals were digitally photographed
under the same standard conditions usa for the population survey (Rieschet al, 2017).
The samples were flash frozerusing liquid nitrogen immediately after their designated

rearing time, thenpreserved at-80°C tempeiture.

Table 1: Details about individuals used in the rearing experiment. All individuals were collected from
the same population (SG Ceanothu¥on the same date (6 May 2016). Natural population treatment
involved flash freezing the individuals one dg after sampling, while other treatments involved
rearing the specimens on the designated host plant.

Ind. Morph  BL BW HW  Treatment
16 0116 green 2.2 0.4 0.2 natural pop.
16_0122 green 22 04 0.2 Adenostoma
16_0137 green 22 04 0.2 Ceanothus
16_0138 green 23 04 0.2 Adenostoma
16_0142 striped 22 04 0.2 natural pop.
16_0182 green 22 04 0.2 Ceanothus

Morphometric measurements(in centimetres) body length (BL), body width (BW) and head width
(HW) were estimated using in Imagel.4.882(Abramoff et al, 2004), following previous works inT.
cristinae (Comeaultet al, 2014).
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4.3.4 DNA methylation variation

DNA methylation variation was estimatedusing whole-genome bisulfite sequencing
(BSseq). The methods used to obtain and process B8qdata for the population survey
were described in detail in Chapter 2The same procedures were used to obtain DNA
methylation variation for the samples used in the experiment. Specific salts obtained

while processing the rearing experiment data are desibed in the following sections.

4.3.4.1.Whole genome bisulfite sequencing {88q)

The BStreatment and sequencing were performed by Biomedicum Functional
Genomics Unit (FUGU, Helsinkin February 2018. The libraries were ssquenced using the
Ilumina NextSeq ®0 system, with High Output 2 x 150 bp rus. The samples were

processed in three flow cellsi(e.two samples per flow cell) with four lanes each.

4.3.4.2.Read mapping and methylation calls

Filtering was done using Trimmomatic (0.36 Bolger, Lohse, & Usadel, 20}4
following the same steps described in Chapter 2The mean [95% confidence interval]
number of reads across the six samplesafter filtering, was 31,385,445 [23,882,505 7
38,888,385 (Table CJ). Following the steps used in the population survey protocokamples
were subsamped to a maximum of 24 million reads randomly sampled from the.fastgfiles

before mapping.This step was performed to minimize differences between the three flow

cells.

The reads were mapped using Bismark0.16.1; Krueger and Andrews, 2011). First,
the good quality reads were mapped to the BSransformed Lambda phagegenometo
isolate the data from this strain, and to obtain the estimates of BS conversidrhis mapping
step yielded a mean across samples of 726,076383,617 z 1,068,535 reads mapped
uniquely to the Lambda phage (mapping efficiency of 3.092[6% z 3.4%)]; Table C1). The

proportion of methylated cytosines in the phage was 0.4% in CpG contexthigh means the
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mean mappng efficiency was 99.6% across the six samples. The reads that were not
mapped to the phage (23,138,64022,775,084 7z 23,502,196]) were then aligned to T.
cristinae BSconverted reference genome, yielding 9,819,0829[535,164 z 10,103,000]
uniquely mapped reads (mapping efficiency of 42.4%4[1.9% 7 42.9%]; Table C2).The @-
cytosine_repord | BfOrE thd Gismark_methylation_extractdd O lad ubed to extract
the methylation call for every single cytosine in eacttontext from the mappedfiles. In this
work, | focused on methylation in CpG dinucleotides because this is the context most often

targeted by methylation in Timemaand in other animals (Suzuki and Bird, 2008).

| removed potential single nucleotide polymorphisms (SNPshat could confound the
estimate of methylation variation at a specific sitei(e.single methylation polymorphisms
or SMPs; see Chapter 3). Similar to the population survey (Chapter 3), at the end of these
steps tables of each individual, at each genomimsgition were obtained with information
on: the number of reads with methylated cytosinesi(e.unconverted cytosines), the number
of reads with nhon-methylated cytosines {.e.number of thymines), and the proportion of
reads with methylated cytosines {.e.methylation levels).

The functionunite in the R package methylKit (v1.0.0Akalin et al., 2013 was used to
generate a singlejoint table with variable methylation information at sites that were
present across all 6 samples. That is, this function only retained information at sitesah
were covered in all individuals. The sites withaverage outliers above the 99.9th percentile
were removed to avoid PCR biad.€.above 60 reads). The most stringent cubff of at least
five reads covering a site was used at this analysaming to preserve more information at
each SMP. This joint table comprised 103,873 sitesAll the reported statistics were

performed using R 8.3.1; R Core Team 2016

4.3.5.Genetic variation
A restriction site associated DNA sequencing (RABeq) was usedto generate

genome-wide single nucleotide polymorphism (SNP) datdpllowing previous studies in the
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system(Comeaultet al, 2015, 2016) Desaiption of the methods to obtain genetic variation
are detailed in Chapter 3 (sectior8.3.9, where the genotypic data for both the population

survey and experiment were processed together.

4.3.6.Clustering analyses

Hierarchical clustering analyseswere performed on the six samples used in the
experiment to obtain general patterns of methylation variation. The rathylation levels
were used to calculate the pairwise &clidean distances between all individuals at each site
(see section3.3.5.24n Chapter 3).The outputted distance matrix was usedn the hierarchical
clustering analysis, applying OEA O7AOA $8 ACCiii AOAOEOA
performed usinghclustfunction in R(3.3.1; R Core Team 2016)n addition, | performed the
same analyses using th genetic data, for comparison. For this, | used the genotypic

probabilities stored in BIMBAM format, and calculated the pairwise Euclidean distances

between the six individuals.

4.3.7. Methylome scan: binomial mixed models

To determine the effects of host plahon methylation levelsl used the approactMixed
model Association for Count data via dataAUgmentation (MACAU), developed by eaet al.
(2015). For each site, the model estimates the host plant effect on the methylation level,
while controlling for relatedness in the sampleslt does so by incorporating a matrix of
pairwise kinship, which is treated as the variancecovariance matrix for the heritable

component of the random effect{Leaet al, 2015; Leaet al, 2017). The kinship matrix can

be estimated using the genetic variation in the dataset,and modeR A AO OEA OCAT A«

AEEAAOES Y1 AAAEOEITh -1 #15 xI OEO pokeOiAAOI U

analyses ofisulfite sequencing dataset§see Chapte 3).
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4.3.7.1.Methylome scan in the population survey

To perform the methylome scan on the populdon survey, | used the joint table with
single methylation polymorphisms (SMPs) from the 24 samples with minimum coverage of
five reads per site(see section3.3.5in Chapter 3) MACAU does nogenerate consistent
outputs with SMPsthat have methylation levels around 0% or 100% in all samples. These
sites that are consistently hypomethylated or consistently hypermethylatedrespectively,
tend to return spurious outputs in MACAU, in a way that the values for the betaefficient
(i.e.the effect size of theb OAAEAOT O OET OO bl AT ,&E§. 4id ChagdER
were not repeatable 6ee! DPAT AE@G " 04 AOOET CTo-assure thedSMEs]
were sufficiently variable to run the model, | selected sites where at least two individuals
had mehylation levels above 25% (> 0.25) or below 75% (< 0.75). This step excluded the
sites that were consistently hypomethylated or consistently hypermethylated (following
Leaet al.2016), retaining 13,050 sites With this table, the effect of ecotype was naelled
on methylation levels. That is, whether the host planthat the specimens were collectean
could explain methylation variation in specific genomic regions. With thisinalysis, | could
test the association between methylation variation and ecotypeni the natural state. The
bisulfite conversion rates were used at each sample as a covariate,veall as the climatic
variables first principal component (see Chapter 3). The kinship matrix was calculated using
the genotypic probabilities obtained from RADBseq data, and was modelled as the genetic

random effects.

4.3.7.2.Methylome scan in the rearingxperiment

| performed the methylome scan to test for a host shift effect on methylation variation
in the samples used in the rearing experiment. As a predictor, | msidered the host plant a
specimen last fedon. That is, the two specimens that were reared iAdenostomawere
compared to the ones that were reared irfCeanothusand to the ones that were preserved

right after collection in their natural habitat (Fig. 1). The joint table with SMPsin the six
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sampleswas used selecting siteswhere at least two individuals had methylation levels
above 25%(to deviate from consistently hypomethylated sites) orbelow 75% (to deviate
from the consistently hypermethylated sites;yielding 10,540 sites in total). The bisulfite
conversion was used as a covariate, and added the rearing treatment as the other covariate
(i.e. whether the insects were reared in laboratory conditions, or not). The genotypic
probabilities obtained from the RADseq data were used to estimate a kingh matrix, which
was modelled as a random genetic effedecause it was not possible to corredhe outputs

for the multiple testing problem (seesection 4.4.2.), | carried on with the investigations
using the SMPswith an output p-value lower than 0.01, which were considered as

OD OOMOEQIAE £EEAAT O 3- 0068

4.3.7.3.Triangulation
In the search for candidate sites with effect in both population survey and in the

experiment, | overlapped the putatively significant SMPscoming from the two MACAU
outputs (i.e. SMPs withp-value < 0.01, but not corrected for multiple testing). This was
obtained by calculating the minimum physical distance in base pairs between tipaitatively
significant sites using R(3.3.1; R Core Team 208) and then finding those that hadan
overlap of 10kbp or less.The overlap of randomizedsites was not estimated in this study,
and thus the expectations for the triangulationwere not known to determine if the results
aretruly valid (i.e.to test whether the pattern was expected by chance or notlhus, resuts
from the triangulation analyses were interpreted anddiscussed, butthey do not represent

a statistically significant pattern.

4.3.8. Annotation
The genomic features at theputatively significant sites were obtained using the T.
cristinae genomic annotation table (Villoutreix et al. inprep). Only genes with InterPro or

GO accessions were analysed (InterPro EMHBI; Gene Onthology, UniProt), and
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Chapter 2). In addition, lalso used theT. cristinaerepeatmasker database (Villoutreixet al.
in prep) to extract information about transposable elements (TES), focusing only on TEs

families that contained more than 400 repeats eross theT. cristinaegenome Chapter 2).

4.3.9. Transcriptome
To evaluate expression at these different regions, | accessed an available

transcriptome, previously published (1KITE project;Misof et al, 2014). Briefly, the reads
from these datasets were filtered using Trimmomati¢0.36; Bolger, Lohse, & Usadel, 20}4
using default parameters and subsequently aligned to th&. cristinaereference genome
1.3c2(Nosil et al,, 2018) using STARDobin et al, 2012). Thebasictwo-pass mappingwas
used, and all reads weremapped in the first step, discardng alignments with a ratio of
mismatches greater than the 5% of the mapped length-fwopassMode Basic--
twopasslreadsN-1 --outFilterMismatchNmax 999 zoutFilterMismatch-NoverLmax 0.05).
The aligned reads were then summarized to transcripts read counts and normalized read

counts (FPKM) using TopHat and CufflinkéTrapnell et al, 2013).

4.4. Results

4.4.1. Clustering analyses

Results from te dustering analysis on the population survey were reported in
Chapter 3. | showed DNA methylation variation does not cluster according to ecotype, but
that it has a tendency to group in geographical spac®llowing the distance between
populations. This is kecause DNA methylationvariation was significantly associated with
genetic variation, which is known to be more differentiated the more geographically distant
two populations are from each other(Sandovalet al, 1994; Jenkinset al, 2010), implying
there is an isolation-by-distance pattern in methylation variation. On the other hand, the

dendrograms estimated from methylationdifferences on the rearing experiment samples
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did not seem to reflect the ones generated with genetic variation (Fig. 3). Instead,
individuals that were reared in Adenostomaseemed to shareimilarities in the methylation
patterns that are related to the host shift treatnent. There was no correlation between DNA
methylation variation and genetic variation (adjustedr2=0.00,P= 0.93, linear models), and

a low correlation between DNA methylationvariation and host plant (2=0.14,P=0.18, linear

models).
A. DNA methylation variation (103,873 sites) B. Genetic variation (506,673 sites)
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Figure 3: Hierarchical clustering using the samples from the experiment oA) DNA methylation
variation, estimated using methylation levels; and (B) on genetic variation, estimated using
genotypic probabilities between the samples. Euclidean distances were used to estime
AEOOEI EIl AOEOU AT A O7A0A8%$8 Al ¢l OGearisthustoe fahd(
here they were represented acc OAET ¢ OF OEA A@bPAOEI Al OAI
individuals representing the natural population methylation status (i.e. no rearing treatment),
C-> C as those reared in the same host plant of origin, and-£ A as reared in theshifted host
Adenostoma The dendrograms differ between the two datasets, suggesting there che some
disentanglement between epigenetic and genetic variationDespite the small sample size, thes
results suggestthe individuals rearedon the shifted hast (C-> A) seem to share some similarities ir
methylation patterns, which is not expected from the genetic dendrogram.

4.4.2. Methylome scans
4.4.2.1.Association betweemethylation variation and host plants

In the population survey, differences in methylationlevels between ecotypes were
found across the genome. In total, 62 sites were identified gmitatively significant (i.e.p-
value < 0.01), and the results are represented irFig. 4 The distribution of p-valueswas

conservative, with relatively few sites witha p-value<0.01 (Fig C1). This suggests this data
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may be prone to type Il error, or false negative findings. Thus, the correotis and false

discovery rates that are normally used forthis model (Lea et al, 2015) might not be

applicableto this data. Thus, different corrections should be applied to attest the validity of

the results despite multiple testing Although these corrections were not apgkd in this

study, the further investigations were conducted using SMPs with p-value < 0.01

AT 1 OEAAOET ¢ OEAI A0 ODPIdak@EsOMACAU Bdns toFha&E AAT O 3- 00
effectively identified sites displaying differential methylation levels between tke two

ecotypes (Fig C2). This suggests the model is retrieving at least some of the sites where

differences in methylation levels are associad with ecotype. Similar patterns were found

for the rearing experiment, where 98 sites wergutatively significant (Fig. 4).

4.4.2.2.Triangulation

To search for candidate sites with effect in both population survey and in the
experiment, the putatively significant SMPs coming from the two MACAU outputs were
overlapped. Given the very small samplef SMPdor the datasets wih minimum coverage
of five reads very few regions overlapped in this trial (the closest proximity betweerthe
putatively significant sites was around 3kbp; Table 2). To expand the analyses, | used
datasets with minimum coverage of three reads per sitewhich were modelled in MACAU
with the same parameters as reported earlier in this Chaptefsection 4.3.7. The outputs
from the population survey and rearing experiment analyses returned 220 and 827
putatively significant sites, respectively, out of 37,934nd 51,888 sites in total (Tables CG3
C4 for gene ontology enrichment test oputatively significant sites). | found 13putatively
significant regions output in both analyses, separated by a distance up to 10kbp (Table 2).
Because there were not clear expéations for the triangulation tests, this analysisdoesnot
validate these putatively significant SMPsyut identify some regions for some discussion.
Among those, one gene was of particular interest, with only 20bp separating the

differentially methylated cytosines from the two outputs (located in the same exon). This
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gene (code IPR10629 from InterPro database, EMBLEBI) was predicted to produce an
insect allergen protein, and is widespread among Insecta clagqRandall et al, 2013). This
site wasoutput asputatively significant in the methylome scan using the population survey,
even with the most stringent coverage (Fig. 4ut was filtered out from the equivalent table
in the rearing experiment because one samplpresented maximum coverage of three reads

at this site (.e.16_0116_natural pop).
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Figure 4: Manhattan plots representing the results from MACAU methylomecan.(A) Results from
the population survey, testing for association between methylation levels and ecotype, controllin
for bisulfite conversion, climatic variables, and using the kinship maii obtained using RADseq as
random effects. 62 sites (out of 3,501 sites) were returned as significantly associated with ecotyp
(i.e.putatively significant), scattered across the genoméB) Results using the rearing experiment,
testing for association between methylation levels and the plant the insects last fefl.e. natural
populations and Ceanothustreatment versus Adenostomatreatment), controlling for bisulfite
conversion, rearing factor {.e.reared individuals versus natural populations) and usg the kinship
matrix obtained from RADseq. 98 sites were idetified as associated with the plants (out of 10,54C
sites). The mean heritability (h2) of SMPs wagputatively significant in both analyses, with a mean
of 0.67 [0.15z 1.0] in the population survey (Chapter 3) and of 0.62 .08 z 1.0] in the rearing
experiment.

| focused on the insect allergen gene because it was the one with the lowest physical

distance between the two putatively significant sites i(e. it had the best overlap), and
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because | could draw a biological explanation linking this result with He interaction

betweenT. cristinaeand its host plants.In the population survey, the methylation levels are
higher in individuals from Ceanothusecotype in this site compared to the ones from
Adenostoma(Fig. 5A). In the rearing experiment, where the inscts were collected on a
Ceanothugopulation, the specimens used for the control without rearing and those reared
in Ceanothuspresented similar levels & methylation, mirroring the pattern found in the

population survey. However, the insects reared on thshifted host,Adenostomaseemed to

present a hypermethylated status at this site (Fig. 5B).

4.4.3. Characterization of the insect allergen gene

In T.cristinae, this insect allergen gene was found at a single location on linkage group
7 (LG7), and is composd of three exons. In addition to this gene, other accessions on the
cristinae annotation were found matching the major insect allergen functionrelatives of
this gene family were found as three locationg tandemat linkage group 11 (LG11; Table
3, Table C5). However, | found some key differences between the accessions on the different
linkage groups (Table C6). While the major allergen gene ihG7 had differential
methylation between the two ecotypes in natural populations, the complex at LG11 was
generally non-methylated in all 24 samples.

Although | did not obtain expression data for any of the samples studied, in thitusly,
| performed preliminary analyses by comparing the transcription levels between the two
regions using previously publishedtranscriptomes (Misof et al, 2014). In contrast with the
methylation results, the major allergengene in LG7 did not have any transcripts aligned to
it, or only showed very marginal transcript counts (1KITEMisof et al,, 2014). While there
is no significant trace of transcription in this region in the datasets, the genes in LG11 have
more transcripts in both datasets (Table 3). Although these results daohdirectly represent

transcription levels in the natural population samples or in the rearing experiment, they

higniCEO AEAZAOAT AAO ET OEAOA CAT AOSE DAOOAOT O
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Table 2: Triangulation of putatively significant sites between population survey ad rearing experiment testing for association between methylation levels and host

plant MACAU.
Scaffold Posl Pos2 Dist. Genom. Gene id Gene function TES.
(bp) feature family
LG7scaf2404 109093 109073 20  exon 98178 insect allergen (IPR010629) i
LGNA scaf2744 53520 53441 79 intron %Ztr607n917dt1 Chitin synthase (IPR004835) -
LGNA scafl756 246431 246339 92 - - - Gypsy
15247 11 Dynein heavy chain (IPR026983);
LG11 scaf883 1280194 1280436 242  intron i%ltronz ' Molecular microtubule motor activity (GO:0003777); -
Microtubule-based movement (GO:0007018)
LGOscafl57 3295336 3295653 317  exon g7990.t1 Helitron
exonl HRC
LGNA scaf2537 864606 863490 1116 - - - -
LGNA scaf3324 334110 336032 1922 IL?SL?IZ am %2;300”310.& Molecular nucleic acid binding (GO:0003676) Gypsy
28492 t1 Exonuclease, phagéype (IPR011604);
LGNA scaf3384 154160 156607 2447  intron ?ntronz ’ Molecular DNA binding (GO:0003677); RTE /-
Molecular nuclease activity (GO:0004518)
*
HEZEesplE  jape 8600 2783 intron/ - ﬁﬁrlolnolg'tl Peptidase aspartic (IPRO08737) BEL /-
. g55987.t1  Ankyrin repeat (IPR002110); i
LG7 scaf3745 28703044 28707516 4472 intron intron6 Molecular protein binding (GO:0005515)
LG2 scaf1827 2517557 2523326 5769 - - - -
LGNA scaf3914 663596 670710 7114 exon gig?fz'tl Domain of unknown function (IPR025398) -
g5289.t1 Ribosomal protein (IPR001141);
. intronl/ Constituent of ribosome (GO:0003735);
Heeralsy Atz AADense Wiy limie g5290.t1  Ribosome (GO:0005840); Translatin (GO:0006412) /
intronl BCP1 family (IPR025602)

This overlapwas obtainedby estimating the genomic physical distance in base pairs (Dist. [bp]) between tpatatively significant sites in population survey (Pos1)

and rearing experiment (Pos2). The table isrdered according to the minimum distance (bp) up to 10kbp. Sitesin &EA OAT O CAT T 1 EA HEAAOOOAO A0/

Gene function represent the genes function obtained from InterPro and GeneOntology databases. *This site overlapped betweeottputs using tables with
minimum reads covering each site.
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Figure 5: Methylation levels at the sites located in the exon from insect major allergen gene at linkai
group 7. (A) Putatively significant site outputted from MACAU using the population survey (LG’
scaf2404 position 109093). Differential methylation between ecotypes in natural populations, where
Adenostomatypes [A] generally present lower methylation levels compared taCeanothugC]. (B)
Putatively significant site outputted from MACAU using the redng experiment (LG7 scaf2404 position
109073). Individuals representing natural Ceanothugpopulations [nat] and reared in the same plant
CeanothudC] exhibited similar methylation levels to what was found in the population survey at this
site. In contrad, individuals reared in Adenostoma[A] were hyper-methylated in this locus, not
reflecting the pattern found in natural populations.

Table 3: Details of insect major allergengenes locationsin T. cristinaegenome. Methylation levelsare
the average mehylation in exons with minimum coverage of 5and maximum of 60 reads pesite in at
least onesample in the population survey. 95% CI are represented in hckets. Transcription counts
reported here correspond to the values found in the 1KITE transcriptoméMisof et al, 2014).

Number Methylation  Transcription

Scaffold Range Gene exons levels (%) counts

Ig7 scaf2404 107,470- 110,769 ¢g3176.t1 3 64.4[7.7] 6.2
75,914-76,752 gl3444t1 3 0.0[0.1] 3134

lg11 scaf2779 81,099 - 84,449 g13445.t1 4 0.6[1.0] 2634.1
99,971-100,629 g13446.t1 3 1.0[1.0] 4247.2

4.5. Discussion

In this work, | combined a mpulation survey with a rearing experiment to investigate the
association between methylation variation and environment. The methylome scautput a few

single methylation polymorphisms (SMPs) thaputatively varied with ecotype. Although these
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results donot imply DNA methylation variation is adaptive in different ecotypes, they suggest
it might be involved in some aspects of the interaction betwe®eT. cristinaeand their host plants.
With the rearing experiment, | tested the property of DNA methylatiorto changein response
to host shift. The individuals that were host shifted seemed to share some similarities in the
methylation patterns, a trend that did not directly mirror genetic variation patterns. Methylome
scan analyses in both datasets independentiyutput putatively significant SMPslocated in an
exon from a genebelongingto the insect major allergen family, gnerally known for its role in
nutrient uptake and for its role in detoxifying functions.In this study, the number of samples
used in the eyperiment were very small to obtain a good statistical power in the analyseand
the outputs from the binomial mixed models could not be corrected for multiple testing
Nonetheless, the results collectively suggest DNA methylation differences could be ihxexd in

the interaction between Timemaand their host plants.

4.5.1. Association between methylation variation artabst plant

As described in Chapter 3, multivariate analyses in the population survey did not
highlight ecotype as a major clustering factor amongasnples. Instead, genetic variation was
the factor that better explained methylation variation between populaitons. These tests were
performed using all individual methylation variation at once {.e.genomewide variation), not
discarding the possibility that some specific regions could be significantly associated with
ecotype. In contrast, the analyses in the re@g experiment suggestedsome similarities in
methylation status in the individuals nurtured on the host plant of a different species from the
one they were collected on {.e.the shifted host). Considering this patternseemednot reflect
the one when only genetic variation was evaluated (Fig. 3), and that all the samples were likely
exposed to the same environmental conditions, this result suggestspotential direct effect of

host plant on the methylation levels. Althougha better support for the relationships between
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individuals is required for a clearer interpretation of the patterns (.e.a larger sample sizdor
more statistical power and more elaborate analysis to estimate comparable trees based on
methylation and on genetics), the resultshighlight a possible disentanglement between

methylation and genetic variation in response to host shift.

MACAUwas usedto perform the methylome scan in tle population survey, for a fine
scaled evaluation of the association between ecotype andethylation variation at each site.
The output pointed putatively significant sites spread across the genome, denotingpotential
candidates correlated with ecotype. Thse resultscould represent the methylation differences
existing in the natural state. In other words, oneould assume these differences represent the
local optimum in each ecotype, as thewere likely on a stable state that could have arisen from
a combnation of forces thatwould affect methylation variation (Herrera et al, 2016). On the
other hand, methyldion differences found in the rearing experiment would most likdy reflect
the host plant effect only, given other conditions were standardized. In the rearing experiment,
| found differentially methylated sites associated with the host plant they last fedn: either on
the home Ceanothusplants (from the natural population or reared on the same home host
plant), or on AdenostomaAOOE AT ¢O1 AOETT xAO DPAOA O AAto AAOx AAT
look for common regions that were putatively significant for differences in methylation
associated with ecotypelt is important to point that, in this study, one could not estimate
whether any overlap between SMPs was expected by chance, and thus the validity of the results
is yet to be confirmed. In any case, this analysis pointed sorpetatively significant regions
located within the gene body with particularly interesting functionsto raise somediscussion.
One of them was located in a chitin synthase gen&PR004835, InterPro database). Chitin is
known to be the main component of insects exoskeletons and innetructures, suchas the
tracheal cuticles and the peritrophic membrane in the guts surfac@erzendorfer, 2006). This

membrane surrounds the food bolus, and it is responsible for enhancing the efficiency of food
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digestion and absorption(Cardosoet al, 2019). Another interesting overlap was present in an
exon belonging to an insect major allergen family. | focused ohis specific regionin the next
sectionnot only because it was the one with smallest physical distance in the genome with only
20bp apart, but also becaus it was one of the few candidates that allowed a biological

interpretation about the observed pattems.

4.5.2.1nsect allergen gene and ecological context

The independentresults in both the natural population survey and in the experiment
pointing putatively significant SMPsin the insect allergen genesuggests this regiorwould be
an interesting candidate toexplore the role of methylation in the interaction betweenTimema
and their host plants.Insect major allergen genes are widespread in insect®andall et al,
2013). Although te roles of major allergen proteins have not yet been characterized, they are
related to digestion and nutrient uptake (Gore and Schal, 2004; Suazt al, 2009), and their
CAT A0 AAOEOEOU E O (Dodaoveral] 201D, ANdlandk aEQR 0. THES hid ET C
gene could somehow be involved in the digestion of the plants ingested By cristinae.
Interestingly, the nitrile -specifier protein (NSP) gene belongs to the major allergen gene family,
which in the cabbage white butterfly and its relatives Pieridae family) produces a detoxifying
enzyme to counteract Brassicalejlucosinolate ddensive compounds(Fischer et al., 2008). It
was described as a key innovation in the evolution of these butterflies, as it had a single
evolutionary origin, and it allowed the colonization of Brassicales followed by significantly
increased diversification rates(Wheat et al, 2007). This is the best described gene in the family;

albeit it is thought to be more derived compared to other insect allergen genés the literature

(Fischeret al,, 2008).

| predicted the methylation status on individuals reared inCeanothusand Adenostoma

would mirror the patterns found in the natural populations. This was based on the notion that
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plastic responses that happen in the direction of the optimal phenotype in the new habitat can
be adwantageous, as they provideébroader tolerance and hence highe fitness in the new
environmental conditions (Ghalamboret al, 2007; Nicotraet al., 2015). Following this, it was
expected the individuals shifted to Adenostomawould respond to the new conditions by
changing the methylaton status in the same direction observed in theAdenostomanatural
populations. However, | found that the differential methylation patterns in the candidate on the
insect allergen gene were distict between the two results.

Although the levels of methyldion at the insect allergen gene in the individuals from the
home host reflected the patterns found in the wildthe reaction to the Adenostomarearing
environment did not follow the expected direction of methylation change. That is, instead of a
reduction in the methylation levels, | observed a hypermethylated status (Fig. 5). This result
can be interpreted as a response in the opposite direction from the optimumi.é.as a non
adaptive response) When populations experience new environments, itd likely they respond
in a non-adaptive way, because they bring traits and responses evolved elsewhere(selection
has not had an opportunity to act on the basis for plasticityAgosta, 2006; Ghalamboet al,
2015). Although it drives thetrait fu rther away from the presumably adaptive peak, thision-
adaptive response could also influence evolutionary trajectory in the novel environment. It is
predicted to increase the strength of directional selection as it reduces relative fitness in the
new environment (Conoveret al, 2009). In their study with guppies, Glalambor et al. (2015)
showed the main changes in gene expression reacting to a novel environm cue in the
laboratory was contrary to the pattern found in the transplanted populations in the wild. In
other words, the controlled conditions in the laboratory allowed individuals to express the non
adaptive plastic response, while those with the gae reaction in the natural transplant were
possibly removed by strong directional selectionz leaving just the ones with a more

constrained plastic response.Some authors argue noradaptive plasticity can increase the
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phenotypic variance around the mean da to expression of cryptic genetic variation(Conover

et al; Pfenniget al, 2010). In other words, whereas beneficial plastic responses can buffer
genetic variants and facilitate their accumulationa change in the environment followed by a
non-adaptive plastic response might release this variation and allow the populations to

respond rapidly to the new selective pressures.

Given the above, it is possible the insect allergenethylation levels couldrespond in a
O1 AIRAPOEOAS xAU O1 A EI OO OEEEOh xEEAE x1 Ol A
consequently performance in the newhabitat. In this study, it was not possible to evaluate the
consequences of this differential methylation on the inset allergen gene. That is, differential
gene expression was not evaluated in this study, and neither did | estimate phenotypic or fithess
differences associated with host shift to extrapolate the conclusions about neadaptive
response. In addition, it ismportant to note the plastic response in methylation reported here
could be under genetic control, although more analyses are required test it. In their work,
Dubin et al. (2015) showed a significant association betwee DNA methylation variation and
temperature in Arabidopsis thalianalUsing several genomavide analyses, they found anarked
association between this variation and the genetic background, suggesting the epigenetic
response was under genetic control. A sifdr approach could be applied toT. cristinae
although a bigger sample size would be required, preferably from fewgropulations to reduce

the genetic structure.

Results from this study sugge$ methylation patterns could change following an
environmental change, a phenomenon thamay be linked to rapid and reversible phenotypic
plasticity (Huanget al, 2017; Metzger andschulte, 2018) Previous studies revealed'. cristinae
performs fairly well on both host plants (e.g.Nosil, 2007). In fact, Timemaspeciesseems to have
retained plasticity in host use, being able to process and metabolize a series of host plants

(Laroseet al, 2019). This suggest3imemastick insects possess a diverse molecular machinery
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to cope with host shifts, likely involving plastic responses. To expand our knowledge of how

methylation is associated with host phnt use and how it respnds to a host shift, future work

should increase the sample size and the methylome coverage to be able to explore a greater

number of regions present in all individuals and to obtain substantial statistical powerto

OA1 EAAOA OEAOGA OAOGOI 00 i1 AOAET tdre shdigsistpuldOD OOAOE OAT |
correct for multiple testing to consider the SMPs that are truly significantly assciated with

ecotype differences in downstream analyss. In addition, not only could careful assessment of

phenotypic traits such as gain of body mass and reproductive performance be evaluated, but

also the question of whether the changes in methylation folloimg host shift are linked to

differences in expression could be investigated.

In this work, | focused on adjustments to new environmental conditions in adult
ET AEOEAOAI Oh A POI AAOO OEAO AAT AA AAI 1T AR OAAAI El AC
changes during deelopment, which tend to result in stable phenotypic changes that remain
OEOI OCET 00 AT 1 (uethgerEa6d Scitdite,] 2618A QuEd ekperiments could
perform a hostshift in early stages of development to assess how methylation could vary with
this process. Such an experiment, coupled with measures of weight gain, survival, and fecundity
would provide a good opportunity to find links between methylation variation, pheotype and
fitness, and help generate a clearer picture of the relevance of methylation variation to

ecological processes ifT. cristinae

4.5.3.Evolution of insect major allergen genes

The major allergen gene is normally found in many copies in insect genomdsey can

either be foundin tandemas part of a major gene complex or isolated as a single major domain.
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In Timema cristinae this gene was found as a single locus in LG7 and aethlociin tandemat
LG11 (Table 3). While the major allergen gene in LGias differential methylation in different
ecotypes in natural populations, the complex at LG11 was generally nonethylated in all
samples. In contrast with the methylation resultsthe major allergen gene in LG7 showed no
signal, or very marginal read coats in the available transcriptome dataset{Comeaultet al,
2012; Misof et al, 2014). There was no a substantialtrace of transcription in this region in
either of the datasets, whereas the genes in LGIseemal to be highly transcribed in both of
them (Table 3). Although these results do not directly represent the gene expression patterns
in the natural population samples or in the rearing experiment, they shelight on the evolution
of these genes and setup a direction for future investigations.

Rodin and Riggq2003) proposed DNA methylation as a mechanism that facilitates the
conversion of duplicate genes into pseudogenesr towards functional diversification. Their
models show DNA methylation could alter the roles ofuplicated genes and prevent them from
becoming pseudogenes by partitioning the functions performed by the ancestral gene between
the duplicates, a process dked sub-functionalization. That is, the divergence in gendody
methylation could play a functiond role in influencing evolution and divergence of paralogs.
Indeed, the frequency of functional young gene duplicates is higher in organisms with high
levels of DNA methylation €.g. mammals and plants), compared to those with little or no
methylation (eg. insects and nematodesiynch, 2000). Studies have shown divergence in
methylation levels and patterns in paralog genes correlates with their sequence and expression
divergencesz in the great majority of duplicate pairs, one pair is alway$yper-methylated
compared to the other one(Keller and Yi, 2014; Wag et al, 2014). Kucharski et al. (2016)
OOOAEAA ETTAUAARAAOGG 1 Abpdnblecles A& Fadilitaie Qe diéridpoET O
external particles to the odorant receptors. The genes for these proteins are found in many

copies across the gaome, and they showed DNA methylation could have been the mechanism
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driving functional diversification of one of these genesopb11) from its non-methylated tandem

partner opb10by affecting alternative splicing.

Hence, it is possible methylations related tothe evolution of the major allergen genes in
T. cristinae For a better understanding of thecontext of this divergence, future studies could
investigate the genetic differences between the copies of the indeallergen genes and their
evolution. The divergence between the different copies of the genes could be estimated, and
classical diversificdion tools could be used to determine the rate of evolution of these paralogs.
Signatures of selection €.9.dN/dS ratios or Macdonald Kreitman tests) could be used in the
future within the Timemaradiation to look for non-neutral evolution of these genedmilies, and

help elucidate their role in host plant use.

4.6. Conclusion

My findings suggestthere can beanassociation betweerhost plant use inT. cristinaeand
DNA methylation variationin some regionsIn addition, they point putatively significant SMPs
in a gene that could be relevant to processing foorksources {.e.the major insect allergen
gene), andhypothesisedthat some of this variationcould be subject to rapid change following
an environmental shift. That is, it is possible DNA methylation cold be associated tothe
relationship between these s$ick insects and their native host plant, even though the
moadification following the environmental changehappenedin the opposite direction from the
expected pattern in nature, suggesting host shift cduA O OE GACALOD OFIGAIE OAODPI 1T OAO
Multiple copies of the major allergen gene, with different methylation patterns, were found in
T. cristinae genome, which could imply a history of sub-functionalization and function
diversification. This work highlights the importance of using data acquired from natural

populations, combined with a controlledconditions experiment in the understanding of DNA
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conclusions, this work gae a first step towards understanding the importance b DNA

methylation and insectplant interactions and host shift.
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Appendix C: Supplementary Tables and Figures z Chapter 4

Table C1: Details about bisulfite sequencing data from the 6 individuals used ithe rearing experiment
when mapped to Lambda phage.

Ind. Treat. Flow Reads Reads Mapping  Number mCpG mCHG mCHH
cell parsed* mapped efficiency mCpG
16 0116 nat. 4 42963472 1398462 5.8% 77139 0.3% 0.4% 0.4%
16 0122 A 5 43202411 433013 1.8% 25298 04% 05% 0.4%
16_0137 C 6 24809873 359913 1.5% 19499 0.3% 0.4% 0.4%
16 0138 A 4 26399313 628230 2.6% 36563 04% 0.4% 0.4%
16_0142 nat. 5 23188300 456682 2.0% 29624 04% 05% 0.5%
16 0182 C 6 27749302 1080158 4.5% 58438 03% 0.4% 0.4%

Treat= Experimentaltreai AT Oh xBAAR OORLDHOI T A0 O AGPAOEI AT OAT AT 1 060711
OAil P1 ET ¢cqgh O! 38 Al OOA OmiehoktdmadiA 1A AOEST O 1 0 BAAGIES 1CO ORIA A OI AT
Flow cell= Information about the flow cell that each individual was sguenced. Detailsabout flow cells 1-

3 are described in Chapter 3. Reads parsed= Represents the total number of reads retained after filtering.

This step was followed by a random subsampling of 24 million reads in each sample before mapping.

Reads mapped= Nmber of reads wiquely mapped to the unmethylated Lambda phage B&nverted

genome, starting from the 24 million reads. Mapping efficiency= Percentage of reads uniquely mapped

to Lambda phageNumber mCpG= number of methylated cytosines in CpG context. p&; mCHG, and

mMCHH correspond to the proportion of methylated cytosines in each one of those contexts.

Table C2: Details about BSseq data from the 6 individuals used in the rearing experiment when mapped
to T. cristinaeBSconverted reference genome 1.3& Mapping was grformed using the reads that were
not mapped to the phage.

Ind. Treat. Flow Nonmap. Reads Mapping Number mCp@ mCHG mCHH
cell reads mapped efficiency mCpG
16_0116 nat. 4 22601538 9588269 42.4% 4659828 9.2% 0.4% 0.4%
16_0122 A 5 23566987 9601128  40.7% 5093721 10.2% 0.5% 0.5%
16_0137 C 6 23640087 10352246 43.8% 6581194 11.3% 0.5% 0.5%
16_0138 A 4 23371770 9935347 425% 5115671 9.3% 0.5% 0.5%
16_0142 nat. 5 22731618 9416473 41.4% 5208409 10.4% 0.5% 0.5%
16_0182 C 6 22919842 10021163 43.7% 6146275 11.1% 0.5% 0.5%

Non-map. reads= Number of reads that were not uniquely mapped to the Lambda phage. Reads mapped=
Number of reads uniquely mapped td . cristinaeBS-converted reference genome starting from the reads
that were not mapped to theLambda phage. Mapping efficiency= Percentage of reads uniquely mapped
to T. cristinae Number mCpG= number of methylated cytosines in CpG context. mCpG, mCHG, and mCHH
correspond to the proportion of methylated cytosines in each one of those contexts.

* Proportion of methylated CpG is lower than the mean from population survey. The causes of that difference
are not understoodbut are likely a result of differences in the maniation of the samples.
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Gene Ontology (GO) ptitatively significant sites ouputted at MACAU

| generated a list of GO terms that were oveaepresented in genes with differently
methylated sites varying with host plant, output from analyses using MACAUeaet al, 2015).
The number ofputatively significant sites in each gene were counted, and their éahment in
certain GO terms were estimated using the R packadepGO(v 2.34.0). This analysis was
performed independently for the population survey (Table C3) and for the rearing experiment
outputs (Table C4), using the minimum coverage of three reads psaite. | performed the
analysis using genes that presented at least one differently methylated site versus the genes
without any hits. & E O EE&a0tdeSts were usedto calculate the significance ofhe enrichment,
coupled with aweight algorithm. This algorithm uses a hierarchical approach to compute the
p-valueof a GO term, conditioning the process based on the neighbouring terni®(it accounts
for GO topology. Hence, the tests are not indepatent from each other, which means the
multiple testing theory does not apply. Given this, the authors of the R package attest fie

valuesare internally corrected and do not need further correction for multiple testing.
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Table C3: List of Gene Ontology (G) terms significantly enriched insites associated withhost plant in
the population survey (minimum of three reads per site). | tested for genes containing at least one
putatively significant site (i.e.with p-value< 0.01; n=101 genescompared togenes without putatively
OECT EEAEAAT O OE GAxAct test vias usad with G& weigyli dgerAhédwhich accounts for GO
topology using R packag@ opGOFew terms were significant, and here | represented those with-value
<0.05.

- ... Fold
GO term Category Description Annot.  Signif. . p-value
enrich
GO:000598 MF Sructural molecule activity 45 5 4.9 0.0032
GO0:0004601 MF Peroxidase activity 2 14.3 0.0072
GO0:0006979 BP Response to oxidative stress 7 2 14.3 0.0075
G0:0020037 MF Heme binding 19 3 7 0.0084
G0O:0000214 CC tRNA-intron endonuclease 1 1 50 0.015
complex
GO:0030130 CC Qathrin coat of trans-Golgi 1 50 0.015
network vesicule
G0:0030132 CC Cathrin coat of coated pit 1 1 50 0.015
G0:0000379 BP tRNA-type intron splice site 1 50  0.0198

recognition and cleavage
G0:0006857 BP Qligopeptide transport 1 1 50 0.0198
Proton-transporting ATP

G0:0043461 BP 1 1 50 0.0198
synthase complex assembly

G0:0000213 MF URIN 7o) GhRleilEEEEs g 1 50  0.0228
activity

G0:0004385 MF CGuanylate kinase activity 1 1 50 0.0228
Protein-L-isoaspartate (D

G0:0004719 MF aspartate) O 1 1 50 0.0228
methyltransferase activity

GO:0008889 MF Glycerophosphodiester 1 1 50 0.0228
phosphodiesterase activity

GO0:0031072 MF Heat shock protein binding 1 1 50 0.0228

G0:0009408 BP Response to heat 2 1 25 0.0392

GO:0051090 BP FEgUEDnN 8 DmEy 1 25  0.0392
transcription factor activity

G0:0005858 CC Axonemal dynein complex 3 1 20 0.045

0"08 OADPOAOAT 0O AEI T I CEAAT bDOI AAOOh O##6 AAOACIi OU OADO/

molecular function. Annot=number of gees with the annotated GO term; Signif=how many genes with
the GO term containegutatively significant sites.
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Table C4: List of Gene Ontology (GO) terms significantly enriched Bites associated with host plant in

the rearing experiment (minimum of three reads per site). | tested only foputatively significant sites
(i.e.p-value < 0.01; n=427% compared tothe remaining sites (n=6,953), within the gene body& E OEA 08 O
exact test was used with the weight algorithm, which accounts for GO topology usingp&ckageTopGO.

Few terms were significant, and here | represented those with-value<0.05.

GO term Category Description Annot. Signif. :r(:lr(ijch p-value

GO:0007018 BP MG AR 75 13 2.6 0.002
movement

GO:0003777 MF Microtubule motor 71 11 25 0.004
activity

GO:0005509 MF Calcium ion binding 107 14 2.1 0.006

GO0:0005615 CC Extracellular space 14 4 4.5 0.010
Regulation of Ras

G0:0046578 BP protein signal 29 6 3.1 0.011
transduction

GO0:0017048 MF Rho GTPase binding 26 5 3.1 0.020

GO:0004725 MF Protein tyrosine 27 5 3.0 0.023
phosphatase activity

GO0:0016311 BP Dephosphorylation 37 6 24 0.034
Protein tyr osine /

G0:0008138 MF serine / threonine 5 2 6.5 0.034
phosphatase activity

GO:0008173 MF RNA methyt 12 3 4.0 0.034
transferase activity
Glium or flagellum-

G0:0001539 BP dependent cell 5 2 6.1 0.039
motility

GO:0005977 BP Glycogen metabolic 6 2 5.0 0.041
process

GO0:0004930 MF G proteir-coupled 22 4 2.9 0.044

receptor activity

0" 08 OAPOAOGAT OO AEACI @E AGA B ®ODO RIADD hA D@1 AAOAT I BT 1
molecular function. Annot=number of genes with the annotated GO term; Signif=how many genes with
the GO term containegutatively significant sites.
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BLASTp on insect major allergen genes

To charaderize the major allergen genes,| searched forgenes annotated inT. cristinae
(version 1.3c2; Villoutreix et al. in prep that presented the same protein function (InterPro:
IPR010629. | then retrieved the putative protein sequencesand performed a BLATp
alignment (Altschul et al., 1997) at National Center for Biotechnology Informatiomwebsite
(NCBI). | aligned all the protein sequences tdts non-redundant protein sequence database
(Table C5), and against each other (Table C6Jhe best hits were seleted, and all the

accompanying information reported here.
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Table C5: BLASTp output between the putative proteins with major insect allergen functioliPR010629

InterPro database in T. aistinae AT A

. # "-pedur@ant protein sequences database.

Max

Total

Query

Gene Description E value Ident
score score cover
allergen . 114 114 73% 4.0e-27 36.1%
[Periplaneta americand
putafuve Per al aII_ergen variant 112 112 73% 1.0e26 35.5%
g3176.t1 | [Periplaneta americang
Efer ESiEen ey G N 111 111  73%  4.0e26 35.5%
LG7/| [Periplaneta american
scaf2404 ;
major allergenBla g1.0101 107 107 73%  4.0e25 36.0%
[Blattella germanicd
(e ElfegEm Sl 111 218 74%  7.0e25 35.6%
[Periplaneta americand
major allergenBla 91.0101 167 167 94%  6.0e49 45.7%
[Blattella germanicd
i 12 isof X2
protein G12 isoform 166 166 95%  3.0e48  40.5%
g13444.t1 | [Aedes aegypli
major allergenBla g1.0101 169 338 95% 20647 45.7%
LG11 | [Blattella germanicd
scaf2779| protein G12
FAe des acayi 162 162 95%  7.0e47  40.9%
AAEL010435PA
[Aedes aegypli 163 163 98% 8.0e47  40.1%
mEfer EllEEEn S1EL gL oL 159 159  76%  3.0e45  42.5%
[Blattella germanicd
rotein G12 isoform X2
P . 158 158 76% 2.0e44  39.5%
91344511 | [Aedes aegypli
oy allzigEm etz gL Lol 162 323 81%  6.0e44 41.5%
LG11 | [Blattella germanicél
scaf2779| AAEL010435PA
[Aedes aegypli 157 157 85% 7.0e44  36.2%
rotein G12 isoform X2
. (] .ve- )
FAe des acaynl 154 154 76%  3.0e43  39.1%
[%?é%reﬁgegrﬂmiﬁc?'OlOl 164 164 94%  6.0e48 45.7%
Bla g1.02 variant allergen 0 0
g13446.t1 [Blattella germanicd 172 425 97% 1.0e-47 47.6%
major allergenBla g1.02 0 0
LG11 [Blattella germanicd 172 424 97% 1.0e47 47.6%
SCAlZI79 | - ajor allergenBla g1.0101
major aflergen’a g 1. 167 333  95%  2.0e46 45.7%
[Blattella germanicd
G12[Culex quinquefasciatys 160 160 97% 4.0e46 41.1%
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The majority of genes were related to major allergen genes in cockroaches Periplaneta
americangBlattella germanicg and in mosquitoes, also called G12 Agdes aegypti Culex
quinquefasciatu$.

Table C6: BLASTp ouput comparing the putative proteins with major insect allergen function
(IPR0O10629 InterPro databasg. Gengy3176.tlis located on linkage group 7, whilg13444.t1, g13445t1
and g13446t1 are located on linkage group 11 in tandem. Based on thewest E-values and highest
identity score, the genes on LG11 are more similar to each eththan when compared to the gene on LG7.

CGenel Gene2 Max Total Query E value Ident
score score cover
g3176.t1 gl3444.t1 79 79 73% 8.0e-23 30.27%
g3176.t1 gl3445.1 81.3 81.3 73% 4.0e-23 28.80%
g3176.t1 gl3446.t1 81.6 81.6 73% 7.0e-24 32.80%
01344411 gl13445.t1 321 342 100% 2.0e-117 77.32%
01344411 gl13446.t1 318 318 100% 3.0e-117 79.90%
g13445.t1 gl13446.t11 295 310 80% 2.0e-107 69.07%
Baboons example Timema
- Anti-conservative distribution o Conservative distribution
g g Iy e
| g HH
S —]
| | W ‘ -
o . T g S -
LL [ (4]
g S -
[= o -~
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
pvalue pvalue

Figure C1.: Distributio n of p-valuesoutputted from MACAU(Leaet al, 2015)using the example datset
on baboons provided by the developers (left), and off. cristinagd fopulation survey (right). The
distribution of p-valuesin baboons is anticonservative, showing a very high frequency of valudselow
0.01. This inflated frequency of significant $€s can emerge from multiple testing, which can result ir
false positives. The authors suggest applying false discovery rates corrections to control for this effe
However, T. cristinaeis conservative, with a depletion ofp-value< 0.01, below what is &pected at a
null hypothesis (i.e. same frequency ofp-valueg. Thus, it is possible the model is returning lest
significant sites that are expected by chance, characterizing a type |l error, or falsegatives. Thus, the
corrections suggested by the devebpers do not apply. Becausecould not find an adequate test to
correct for the multiple testing, the investigations in this study were carried with the sites showingp
value <0.01AT 1T OEAA OEJORA CEEMAIT WOBOECGCT EAEAAT O 3-0088
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Figure C2. Heatmap using the methylation levels at the 62 sites that wengutatively significantly
associated with ecotype on the population surveyp-value < 0.01). This graph suggests the mode
managed to detect the regins that were differently methylated between the individuals collected on
each host plant. Indeed, the samples cluster by ecotype when only these sites are considered.
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Chapter 5

Conclusions and future directions

5.1. General discussion

This thesis encompasseghree studies focused on understanding thepatterns and the
functionality of DNA methylation in Timema cristinaestick insects. The aim of this dissertation
was to investigate natural DNA methylation variation in realistic scenarios with geetically and
environmentally heterogeneous populations. With this, it was possible to explore the
intertwined factors acting in natural methylation variation, which are generally missed in
laboratory experiments (Bossdorfet al, 2008; Herrera and Bazaga, 2011; LedéRettig, 2013;
Herrera et al, 2014). This was done by investigating different scales of DNA methylation
variability. First on a specieslevel context, then on genomavide differences within-species,
and lastly focusing on the relationship between ecotyperal methylation differences at single
base resolution. Overall, this dissertation has characterized natural DNA methylation vatien
in T. cristinaeand its covariance with genetic and environmental factordn the next section,|
discussthe main findings of this work, with a focuson how the results provideinsights into our
understanding of the importance of DNA methylation in eological processesThe sections are
divided according to the outstanding questions highlighted at Chapter 1 (see Fig. 2 in Chapter
1). To my knowledge, this is the first study to investigate DNA methylation through an

ecological perspective in insects.

5.11.How does DKW methylation vary between insect species?

DNA methylation is sparsely studied in insects and is mainly focused on clades with

labour division and social systems, mostly Hymenoptera (Holometabola). In Chapter 2 of this
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dissertation, | depicted the methylaton profile in T. cristinae stick insects. This study
highlighted the similarities and especially the differences between this system and the normally
studied ones. InT. cristinae such as in other insects with DNA methylation, it wasound
sparsely distributed across the genome, and enriched in coding regior{Xiang et al, 2010;
Zemachet al, 2010; Bonasioet al, 2012; Libbrechtet al, 2016). Among those, methylation
seems to preferentially target genes with housekeeping functions, while nemethylated genes
are related to more dynamic and chageable processes, such as signalling and transduction
pathways (Glastadet al, 2016). This common pattern in insects suggests DNA methylation is
important to maintain the integrity of these fundamental cellular processes. Another pattern in
insects is the general methylation impoverishment ortransposable elements (TEs). This is
known to be one of the main targets of DNA methylation in plants and vertebrates, as it silences
this activity (Zhang et al, 2006; Suzuki and Bird, 2008) This was normally the case irT.
cristinae, although some TEs families were always enriched in methylation. One explanation for
this is that these families could be veryaddAh AT A OEOO OEA 1 OCAUdEOI 06 CAT T
benefit from the methylation repression on them. As such, future studies interested on the role
of DNA methylation in repressing TEs in insects could estimate the relationship between the

hypermethylated TEs and their expression ifT. cristinae.

At the same time, | found patterns that were contrasting between groups of insects. The
methylation patterns in T. cristinaegenerally resembled those found irinsect species thathave
incomplete metamorphosis (€O ( Al Ei A OA A iKtadsset af, QU0®) B/ahget al, 2014;
Glastadet al, 2016). Differently to the widely studied Holometabolainsects(Xianget al,, 2010;
Bonasioet al, 2012; Wanget al, 2013; Cunninghamet al, 2015; Libbrechtet al, 2016), T.
cristinaepresented elevated levels oDNAmethylation, enriched in bothexons and introns As
O emimetaboladare underrepresented in the literature aboutDNA methylation, these insights

from T. cristinaecontribute to reinforce the patterns contrasting these two groups. Given that
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DNA methylation is more widely distributed among genes, it is possible DNA methylation plays
a more important role in Memimetabolad In effect, to some extent thee patterns are more
similar to those found in vertebrates than thosén Holometabolainsects (Glastacet al,, 2016).
Thus, theT. cristinaemethylation profile, as well as that of other®{emimetabolad could be

relatively underived during the evolution of insects

Together, theresults presented hereunderline the relevanceof studying species from
different taxonomic groups in order to raise patterns, generalities and differences. Future
studies should continue the dirt in analysing representatives of different clades to shed light
on the mechanisms by which DNA methylatin variation arises in insects. More importantly,
valuable insights will emerge from investigating the molecular functions of DNA methylation in
different insect species, which remain largely unknown. An experiment to directly test the
importance of DNA me¢hylation in T. cristinaecould be via administering RNA interference
(RNA), a conserved cellular mechanism used timactivate the expression ofspecific genes
Targeting the maintenance DNA methyltransferase (DNMT1) in juveniles would knock down
its activity and result in demethylation of targeted tissues during development. This could be
administered using the methoddeveloped byLi-Byarlay et al. (2013), which can treat lage
numbers of insects in a norinvasive way via aerosol application. With the appropriate controls,
it would be posgble to investigate the consequences of demethylation on gene expression, on

alternative splicing, and, ultimately, on the phenotype.

This method has been applied in other insects and provided compelling results. The study
silencing the DNMT3 enzyme in hoeybees using RNAwas the first to shed light on the
relationship between DNA methylation and royal jelly effect on caste differentiatiofKucharski
et al, 2008). More recently,Bewick et al. (2019) demonstrated the knockdown of DMNT1 and
reduction of DNA methyation compromisedthe reproduction and the egg viability in milkweed

bugs (Oncopeltus fasciatyswithout any effect on gene expression. Tdt is,DNA methylation in
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milkweed bugs could be more important for genome structure, integrity or other cellular
processes than it is for the regulation of somatic gene expressiorhese examples emphasize
the relevance of using manipulative analyses anexperimental tests to understand the DNA
methylation functions in insects.Examining the effects of DNA methylation on expression, on
suppression of transposable elements and on regulatory pathways will help us understand its

importance to holo and to hemmetabolous insects.

5.12.What is the extent and structure of DNA methtilan variation in natural populations?

By studying theextent andspatial structure of natural DNA methylation, one can capture
the effects of forces that are possibly acting cumuiaely over many generations(Herrera et al,
2016). With this in mind, in Chapter 3, | studied natural populations of. cristinaevarying in
geographical distance and evironmental factors such as climatic differences and ecotype. The
extensivework on population genetics inT. cristinaeoffered a unique set up to approach these
guestions at epigenetic level. The results suggested considerable genomigle DNA
methylation variation between individuals, both within and between populations. My stusg
pointed this variation is structured in geographical spaceand that differences between
individuals tend to increase the more distantly separated they are in physical spage pattern
that is parallel to what is found in genetic variation. In fact, gestic variation had a better power
to explain DNA methylation variation than physical geographical distance, suggesting there
might be some genetic control over it. There was not d@gnificant association between genome
wide methylation variation and environment: neither with climatic variables or with ecotype.
However, this result did not discard the possibility of an environmental effect in only a few
localized genomic regions. Tha@ext sections provide anin-depth discussion about the effects

of those fators driving methylation variation.
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The results cited together indicate DNA methylation variation euld accumulate in
geographical space following a pattern of isolation by distarec(Herrera et al, 2016; Richards
et al, 2017), mirroring the genetic variation patterns in T. cristinae To strengthen these
findings, future studies shouldexpand the number of individuals sampled from each locality to
obtain a better estimate of the methylation variation within-populations and to reinforce the
spatial structure patterns. Moreover, includng more localities in the population survey varying
in environmental factors and separated by different distances will allow us to better
disentangle the effects of gene flow and environment in genomeide patterns of methylation

and in its genetic backgrond.

5.1.3. To what extent does DNA methylation \&ion depend on genetic variation?

As mentioned above, | found a strong correlation between DNA methylation and genetic
variation in T. cristinae This was also manifested in the results from the binomial mixed models
(Lea et al, 2015), which suggesteda significant mean heriability of methylation patterns
mirror ing the estimates of pairwise kinship using genetic variation (see below the discussion
about heritability). This association suggests a substantial amount of DNA methylation
variation in T. cristinaecan bedetermined by its genetic basisIn other words, that genetic
variation could control some of the methylation patterns, either by factors thatis or trans-
regulate methylation state. This high correlation has been extensively reported in plants and in
vertebrates (Liebl et al, 2013; Schmitzet al, 2013; Dubinet al, 2015; Taudtet al, 2016; Carja
et al, 2017). This finding in T. cristinae indicates this trend could be prevalent across
eukaryotes. At the same time it is important to note that the correlation between DNA
methylation variation and genetic variation does not imply causationand that there might be

other factors cvarying with both.
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These conclusions were based on results from analyses consideringngeal patterns in
methylation and genetic variation (genomewide patterns). Thus, a next step for further
understanding of this association must be obtained at a finer scale, identifying the direlatks
between genetic variants andvariation in methylation levels. Identifying these specific
associations will allow us to investigate the interdependence between both parts. For example,
in mammals, proximate links between methylation and genetic variation ife. cisacting
variants) are normally related to differential transcription factor binding in enhancers and/or
promoters in mammals (Taudt et al, 2016). In plants, these associations result from
transposable elements insertions or repeats, which t&d to be largely methylated(Pecinka et
al., 2013). Thus, such investigation inTl. cristinaecould elucidate how these asociations are
likely to occur in insects.This way, a study similar to the one performed at Dubiet al. (2015)
could be performed. With a greater sample s&and reduced population structure €.g.using
samples from the same population), genomwide andyses (GWA) could be carried out using
AAARE 3-0 AO A OPEAT T OUPAG O AA AT OOAI AGAA xEOE
DNA methylation is present inonly 2% of cytosine residues inT. cristinae(Chapter 2), whole
genome sequencing and an increasl depth in the bisulfite sequencing would increase the
probability of finding direct links between epigenetic and genetic variation(Lea et al, 2017).
With these analyses, one add identify some of the genetic bases of DNA methylation patterns

in T. cristinaeand the regulaory mechanisms underlying them.

5.1.4. What is the heritability of methylation variation?

Linked to the significant association between genetic and DNA metlgtion variation,
binomial mixed modelspointed to significant heritability of methylation patternsin T. cristinae

(Leaetal, 2015). This method uses a&yesian approach to model SMPs according to a predictor
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of interest, estimating heritability of methylation patterns based on the genetic random effects
(estimated using pairwise genetic kinship between the samples)My results suggest the
relatedness in nethylation variation mirrors the genetic kinship, supporting the hypothesis
about genetic control over methylation levels ifl. cristinae Assuming methylation variation is
reset during meiosis, the results presented ére imply heritability of methylation levels arise
from re-establishment of the patterns in the next generation because they tag specific genetic
variants (a one-to-one correspondence)lt is possible that some SMPs exhibit high heritability
of the patterns because ofpure epigenetic inheritance, whichwould imply an incomplete
erasure of epigenetic marks between generation®ne could hypothesise thatfi SMPswere
inherited and changel in frequency in different populations, theywould be behaving like SNPs

Z resulting in patterns that would be comparable to the pairwise genetic kinship matrix.

To date, very little is understood about epigenetic inheritance in insects. For example, it
EO 110 ETTx1 xEAOEAO $.! 1 AOEUI AOE itdgenalid thnOT COA
Chapter 2, | discuss the findingd'. cristinaeand other insect species do nopresent thede novo
DNA methyltransferase (DNMT3), which adds methyl groups to nemethylated DNA sites, only
the maintenance DNA methyltransferase (DMNT1), whichcés on hemimethylated sites during
DNA duplication. As such, one of the hypotheses thatudd be raised is that DNA methylation
patterns are not erased during gametogenesis, implying maintenance of methylation status
across generations. In effect, Wangt al. (2016) showed stable inheritance of methylation
status between generatiors in Nasoniawasps, suggesting they could have been transmitted
across generations via pue epigenetic inheritance. To test these hypotheses, future
investigations should be carried out to elucidate the molecular mechanisms of epigenetic

inheritance in insects (Fig. 1).
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5.1.5. To what exteris DNA methylation variation sensitive tenvironmental change®

Although there was nota significant correlation between genomewide DNA methylation
variation and environmental factors in natural populations (Chapter3), my findings in Chapter
4 suggestedhis associationcould existat some specific SMPs. This was obtained using binomial
mixed models(Leacet al, 2015), scanning for candidate SMPs that were correlated with ecotype
in natural populations of T. cristinae Coupled with thisstudy, a rearing experiment simulating
host shift suggested there was anassociation between SMPs and host plant use.€|
environmental effects of host shift) The low coverage and the small sample sizes, especially in
the experiment, offered some limitations to the obtention of results that had a confident
statistical power using binomialmixed models. Nonetheless, my study led to some results that
pointed to future perspectives to the investigation of host shift and changes DNA methylation
levels. Fa example, some of the putatively significant SMPs werefound to be in the same
genomic regionin the population survey andin the experiment. In particular, one of those
common regions was an exon frommajor insect allergen gene, with functions associatl with
digestion and nutrient uptake (Randall et al, 2013). | found methylation levels in this gene
could be changingwith host shift treatment towards the opposite direction from expected,
AAOGAA 11 OEA TAOOOAI bl blOil AOGET totnientadehahndeédd 7 EOE OEEC
havetriggered A ORAADPOEOAS OAAAOEIT ET OEA EIT OAAO Ai il AOCAI
Chapter 4;Ghalamboret al, 2007; Nicotraet al, 2015).
Overall, my researchsuggeststhere could be a significant association between DNA
methylation and ecotype. In addition, it highlights thgpotential ability methylation has to react
to an environmental change, and that imayl 1 O 1T AAAOOAOEI U EADPPAT O xAOAO
OOAOAG8 )1 fodusel OnfadjBthénts B Addtishiffin adult individuals, a process that
AAT AA AAIl 1 KkArapii/addAevetsibld ©dpdnsedo environmental change. That is,

my experiments did not evaluate methylation changes during development, which tend to be
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OOAAI A AT A OAI AET OEOI O QueizgerGandASchulte, Q1) AsEsGch,6 O 1 E
future experiments could perform a host shift in early stages of development to assess its effect

on methylation levels. In addition, theseenvironmental effects on methylation signals should

be measured acrgs generatons to determine its inheritance (Fig. 1).

Natural population Rearing experiment F1
(Parental)
¥
— T g
! o "‘;’
o 45Go,

juveniles

Adenostoma fasciculatum

Figure 1: Design of a potential rearing and crossing experiment to be carried out in cristinae With
this design, one can evaluate (1) SMPs heritability; (2)irect effects of host shift on methylation le\els
in early stages of development; (3) and heritability ofnethylation patterns arising from the host shift
effects. The procedure can be performed by collecting juveniles from natural populations whel
Ceanothuss dominant, then rearing half in the saméiost and the other half inAdenostomaF1 eggs
can be collected from each couple and split between the different host plants species. IniGaanothus
natural population is an example, and can be switched aderostoma.Pictures from Rosa Marin Ribas
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5.1.6. What are the consequences of DNA methylation variation in T. cristinae?

Throughout this dissertation, | have demonstratedsome evidences tothe following

aspects about DNA methylation variation in naturapopulations of T. cristinae

U The patternsat specieslevel are characteristic of®{emimetaboladinsects;

U Itis strongly correlated to genetic variation;

0 There is amoderate mean heritability of methylation patterns, likely associated
to their genetic bakground;

0 Itis structured in geography, likely due to its genetic background and heritability;

U It could beassociated with ecotype in specific regions;

0 Host shift culd potentially lead to changes in some of those ecotypassociated

regions.

Even though there was not any measurement of phenotyp®# fithess to ultimately argue
about the importance of DNA methylation variation, the findings outlined above set ground to

some discussion about its consequences T cristinae.

For example, one cardebate about the contribution of DNA methylation effets to
phenotype. My results inT. cristinaesuggest DNA methylation variation inT. cristinaemay not
explain phenotype independently from genetic variation, giverthere is a strong correlation
between methylation and genetic variation. That is, they implyDNA methylation variation
would arise as a manifestation of the genotype, such as a phenotype. This assumption does not
disregard the importance of DNA methylation variation to biological processes drto relevant
changes on the phenotype. However, if i strictly under genetic control, it would represent a
proximate cause of those changes, and not the ultimate caugRichards, 2006) However, as
discussed in the previous section, the association between genetic and methylation variation

was estimatedonly at genomewide levels, and thus morerefined analyses will be able to
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elucidate to which exent SMPs depend on genetic variation. In fact, there could be regions of
partial genetic control over methylation variation. In those casesthe associated genetic
background would facilitate the epigenetic change (Richards, 2006) for instance, when a
genetic mutation, a TE insertion, or any otér structural variant occurs and creates a facilitating
change to be modulated by the methylation statéWNaterland and Jirtle, 2003; Pecinkeet al,
2013). In summary, identifying the associations between SNPs and SMPs will allow us to
determine the epigenetic effects on gene expression and on the phenotype independently from

genetic variation.

Moreover, by mediating phenotypic plasticity, DNA methylationmight facilitate the
colonization of newenvironments by adjusting to the new conditions(Bossdaf et al, 2008). In
Chapter 4, | performed an experimental host shift and measured the differences in DNA
methylation variation. Although differences in the phenotype were not measured, the results
suggesthost shift could have resulted inDNA nethylation change inT. cristinae Thisputative
AEAT CA EAPPAT AA E1T OEA 1 bbbl OEQAie. defiroAy@Hel 1
methylation status found in the nature), whichcould imply the response might not necessarily
happen in a fine adjustmat to the new environment, but rather in a desynchronized way
(Ghalamboret al, 2007). It has been shown thafl. cristinaehas lower fithess when &d with
AdenostomgSandoval and Nosil, 2005; Nosil and Sandoval, 2008}his way, it is possible some
of the maladapted physiological reactions involved in this host shift were triggered by the
changes in methyation. To test this hypothesis, future studies should not only investigate the
methylation changes associated with host shift, but also assess differences in gene expression
and on phenotype. In my study, | chose a naturdl cristinaehost plant speciesto simulate the
host shift. An interesting investigation could involve a similar experiment, but involving a plant

species on whichT. cristinae performs poorly (Larose et al, 2019), and estimate the
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survival, fecundity).

5.2. Future perspectives in ecological studies in DNA methylation

Throughout this thesis, | highlighted the importance of investigating DNA methylation
through an ecological lens in order to gain a holistic understanding of the functions and the
evolutionary consequences of this epignetic mechanism. With tlis in mind, some key issues

were outlined here for future research.

DNA methylation is a complex feature, intertwined with many factors at scales that vary
from molecular to ecological processes. It has been studied mainly by molgar biologists and,
recently, by ecologists and evolutionary ecologists. To date, at one hand, genomic sequencing
tools and molecular experiments have been applied to model organisms in the laboratorg..
van der Graatfet al, 2015; Onuchicet al, 2018; but seeSchmitzet al, 2013; Schmicet al, 2018).
At the other hand, DNA methylation ariation has been explored at broad range in namodel
organisms in their natural environment (e.g.Herrera and Bazaga, 2011; Richds et al, 2012;
Liebl et al, 2013; Plattet al,, 2015). However, very few studies have beeperformed combining
investigations in the common environment and in the wild (sedubin et al, 2015; Nicotraet
al., 2015; Grootet al, 2018). By coupling both approachesife.applying high-resolution tools in
both natural population surveys and in controlled condition experiments), one can estimate
natural DNA methylation variation in the wild and test the effects of some of its potential drivers

in controlled conditions (e.g.environmental effects).

While theoretical models showDNA metylation variation hasthe potential to influence
evolutionary dynamics (Pal and Miklés, 1999; Jablonka and Raz, 20Q%s adaptive potential

has rarely been empirically testedBossdorfet al, 2008; Verhoeveret al., 2016; Richardset al.,
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2017). For example, the role DNA methylation can play in phenotypic plasticity suggests it may
AAAEI EOAOA OEA OAODPI 1T OA O AT OEOI T i AiBOshdorf AEAT
et al, 2010; Herrera et al, 2012; Nicotra et al, 2015; Foustet al, 2016). Whether this
phenomenon can have a meaningful ecological eét being temporally transient or if it can
persist across multiple generations via a constant environmental stimulusi.€.an ecological
memory) or via epigenetic inheritance is still very debatabl¢dHagmannet al, 2015). To address
these questions, future studes should estimatethe key role DNA methylation plays during the
process of adjusting to environmental change. To this end, the DNA methylation change in
response to the environmental variation must be decomposed determine how much of it arises
(1) from genetic control, (2) from direct effects caused by the environment and (3) from
natural selection on methylation variation. To determine the causal links between genetic
variation and DNA methylation, one could use quantitative trait locus studies in model
organisms (.e. both genetic, QTL, and methylation meQTL mapping) or genormeide
association studies, modelling SMPs according to genetic variation (GWASudt et al, 2016).
This will provide not only an estimae of the extent to which DNA methylation changes rely on
the genetic background, but also to identify regions that are independent from it and their
importance z which could be further analysed using targeted bisulfite sequencing @xpression

of candidate loci (Richards et al, 2017). After this, theenvironmental effects on methylation
can be estimated, as well as the sole contribution of methylation variation to phenotype. These
SMPs must be followed for consecutive generations to estate natural selection dfects, and
whether the environmental signal is associated with changes in frequency. Using laboratery
controlled conditions, one could discriminate between environmentakffects and epigenetic
inheritance during this process (.e. if variation remains in the absence of environmental
OOECGCAOOQq8s ) A& OEAOGA AEATGCAO 1 AAA OF PEATTOU

performance, one can finally determine whether the response to environmental change was
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adaptive or non-adaptive. Utimately, long-term evaluation of these processes in species from
different ecological contexts will likely provide material to estimate the importance of DNA

methylation to evolutionary processes.

Studies carried out inA. thalianaillustrate experiments following this framework. For
example,Dubin et al.(2015) have idertified SMPs associated wh local adaptation to different
temperatures; but using genomewide association studies they have discovered these effects
were largely due to genetic variants ihany of which shaving evidence of local adaptation
themselves). Recetty, Schmidet al. (2018) reported results from an experiment simulating
rapidly changing environments in recombinant inbred lines. A reduction in methylation
variation and phenotypic variation has associated with changes in SMPs frequency in
consecutive generationsg without significant genetic changes compared to the ancestors. This
study suggests DNA methytion was subject to selection and contributed to rapid adaptive
responses, although the authors could not identify the extent to which epigenetics played a role
in adaptation. Studies such as these ones performed in a variety of organisms will significgnt
contribute to our understanding of the importance of DNA methylation to ecological and

evolutionary processes.

Finally, studies should not always attempt to find an adapte plot to DNA methylation.
There is a possibility DNA methylation variation @esnot play a role inadaptation, but still be
able to influence evolution in a neutral mannefGuerrero-Bosagna, 2017) For instance, it is
known the methyl group makes a cytosine more prone to mutating into a thymine, creating a
mutation bias. These transitions occur irmuch higherfrequenciesthan other point mutations,
and are assumed tabe responsible for the CpG deficiency observed in vertebragenomes
(which are highly methylated; Simmen, 2008) In fact, biased mutations on methylated CpG
sites appearto be ewen higher in the germ line(Kong et al, 2012). Summing this fact with the

enhanced epimutability status and lability responding to environmental triggers collectively
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make DNA methylation a factor that coulgpromote genetic variability, fuelling evolutionary
processes. Empirical evidence for these phenomena are very limiting, but underline an
interesting perspective on methylation variation and evolutionary potential (Feinberg and

Irizarry, 2010).

Studying DNA methylation and otherepigenetic mechanisms can ultimately reveal
another basis underlying the organisms struggle for survival. They might shed light on missing
pieces composing the phenotype.gOOEA [ EOOET ¢ E A OE O AChrfijd & £D,U 6
2014) and on phenomena that cannot be explained by genetic variation only. In practical

senses, it might help us understand global challenges such as spread of invasive species and

pests, and finally how organisms can cope with ghal change.
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Appendix D: Ecology helps explain whether genes for cryptic coloration form a

supergene or recombine

Ecology helps explain whether genes for cryptic coloration form a supergene tgcombine
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Abstract

Adaptation often involves traits that are controlled ty multiple genes, with specific gene
combinations conferring high fitness. However, recombination breaks down favorable ge
combinations. Thus, genomic regions that exhibit tight linkage and suppressed recombiit
among adaptive germes c(ain. epr,o0o mod ep ea dgeemteast i on .
supergenes are accumulating in many organisms, hinting at taxonomic genéta However,
alternatives to supergenes, such as pleiotropic effects of single loci, haarely been assessed.
Moreover, the factors favoring supergenes are often obscure. Here we address these issues by
studying a supergene for cryptic coloration inTimemastick insects. We demonstrate that a
single genetic region associated with coloratiocontainsmultiple, recombining color loci in one
species, but exhibits supergene architecture in others likely due to structural changes that
suppress recombinationHigh recombination among color genes is associated witlse of host
plants that exhibit fairly continuous color variation, whereas syergene architecture is
associated with hosts exhibiting discontinuous colors (i.e., uniformly green leaves versus brown
stems). These results led us to speculate that genetic architecture is ecologically influeshby
variation in the strength of disruptive selection, a hypothesis supported by a fieltdansplant
experiment. Our results help to explain how multigenic variation is packaged into discrete
units of diversity, such as morphs, ecotypes, and species.

Author summary
Adaptation often involves traits that are controlled by multiple genes, but recombination breaks

down favorable gene combinations. Thus, genomic regie that exhibit tight linkage and
suppressed recombination aeamgegeasadpppromogenad:e
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we elucdate ecological factors that explain a supergene for cryptic coloration. We demonstrate
that multiple, linked loci affect coloration in stick insects. We then use natural history,
experimental, and genomic data tshow that recombination between these lo suppressed in
some ecological circumstances (i.e., strong differences in the colors of leaves versus stems of
host plants), but not in others (i.e., more continuous coloration exhibited by host plants). Our
results illustrate how ecological discontinuties help package multigenic variation into discrete
units of diversity, such as morphs, ecotypes, and species.

Keywords: polygenic adaptation; chromosomal inversion; disruptive selection; structural genomic
changes; ecological genomics

Introduction

It remains unclear how and why variation in polygenic traits is regularly packaged into divergent
forms with few intermediates, such as discrete morphs or spgeisSyecifically, even if selection

favors specit combinations of genes (gema@ng linkage disequilibrium, LD, among them),
recombination breaks down these combinations. Thus, discontinuous variation in polygenic traits can
be difficult to evolve, at least veéim gene flow and recombination occurs bemveopulationg6].

Sharp, discontinuous transitionsdoological variables are predicted to hedpolve this antagonism
between selection and recombination, via two complementary mechar[a®s First, such
transitions may generate strong divergent selec{it®], which maintains adaptive gene
combinations more readily than weak selection. Second, such transitions could favor reduced
recombination and t hge.,lnked tomplexes of gands that Segmeeas g € n
mgor loci), for example via stridaral changes such as chromosomal inverdi@ds1014].

Evidence consistent with supergenes is accumulating in a range of organisms, largely based on
multiple trdats mapping to one genetic regi¢®,11,12,15,16]However, this evidence is incomplete

and indirect such that further studies of supergene evolution are required (Table S1 for literature
review). For example, putatiwipergenes are often assumed to harboliptautienetic ariants that
causally affect trait variation, rather than shown to do so (e.g., an alternative hypothesis is that a single
gene or developmental switch has pleiotropic effects on trait varigtiyhy] Moreover, the
ecological drivers of selection are someatsrunknown, dect evidence that they favor supergene
architecture is lacking, and selection strength has been inferred rather than quantifid®,18]

This is problenaticbecause supergenes can also hindaptation via reduced flexibility in creating

novel gene combinations, and the accumulation of deleterious mutations in regions of reduced
recombination3,11,12,15,16] Direct estimates of the numbef genetic vaants affecting traits,
relevant ecological variables, and selection strength are difficult to dit8id8] but are requed

to distinguish alternative hypotheses andjuantitatively understand the procesaddptation. We

provide such estimates here using genomic data, natural history observations, and a manipulative
field experiment, thereby elucidating the mechanismsledying multigenic adaptation and
supergenevolution.

Specifically, we studywingless, herbivorousTimemastick insects, which rely on crypsis for
protection against visual predators while resting on their host pi2R23]. Timena body coloration
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has hus evolved to approximate the colors cf #tems and leaves of their hosts, and most species
exhibit color polymorphisms that have been linked to fitness varifti@21](e.g., green versus
brown morphs that ag@ar cryptic on leaves versus stems, respsg)(Fig. 1). It is known that color
variation inT. cristinaesegregates as a major locus on linkage group (LG hereafter) 8, Mehed
Stripe[23,24]. This locus spasr10 megebases of sequence and exhibitspgapsed recombination
[24]. Although this is consistent with a supergene, this evidence alone does not rule out the alternative
of a single locus with pleiotropic effedts7], nor doestiindicate the number of genetic changes that
contribute to trait variation or how and why recombination is supprg8sktl 12] Interestingly, we

find here that color véation maps to a genetic region withoufpptessed recombination one
related specieq,. chumashwhich allowed us to quantify the number of genetic variants contributing
to color variation. We then explore how and why offieremaspecies, including. cristinae exhibit
suppressed recombinati and supergene architei. Although our focus is on morphs, similar
processes should apply to other recognizable units of diversity, such as ecotypes or species.

Results

Variable differentiation between Timema color morphs. We began by studying phetypic

variation inT. cristinae as well as three other species from southern Califofihigo@dura, T.
bartmaniandT. chumash All these species exhibit individuals that are green in color and others
which areshades of brown, grey, or red (Figs.1¢;&B Table S4), and are thus known to exhibit green
versus more darkly colored (6mel arofidsdomticuty her e
between morphs has not been previously quantified. We usedrstiaadahotos of 1545 individuals
toquani y body color in the green to blue color s
intheredtogreencolorspectrfma t rait referred (Timenmnodrefl€cd her
strongly ouside of the visible spectrum, OSM, Fig2-& Table S6). We found that, relative to the

other species and populations studied Herehumaslexhibited a wider and mor@utinuous range

of color, and weaker association between GB and RG valies)(f4, versus ~ 0.40 in the other
species, Talel S5). Thus, GB and RG are largely independent traifB. icthumash potentially

reflecting high recombination among color geneliich facilitates finescale genetic mapping. We

thus focused our initial analysesgenotypingby-sequencing (GBS) data dnchumasl{Tables S7

8), predicting thatultiple genetic regions would associate with RG and GB color variation in genetic
mappirg analyses, with low LD among the regions.

Color variation is under multi -genic cantrol in T. chumash.As predicted and in edrast to past
work inT. cristinag we found evidence for mulgienic control of color ifT. chumasHFigs. 2, S5

6). We first enployed a Bayesian mullbcus genomavide association (GWA) mapping approach
that acounts for LD among singleucleotide polynorphisms (SNPs)(see Fig. 1 for details). This
revealed that color maps to a ~1000 filmse region within the 10 mebaseMel-Stipe locus of the

T. cristinaereference genome. Notably, this region containsipieltdistinct peaks of phenotype
genotypeassociation, generally separated from each other by severdiasés. Some peaks were
associated with variation in only one trdRG or GB), and accordingly the genetic correlation
between RG and GB was mod@st= -0.09). This provides initial evideadhat a contiguous region
controls color, but that multiple loci within it are involved such that control is +gatiic.
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Our mapping approach further allowed us to explicitly quantify the number of geneantsafi.e.,
guantitative trait nucleotide€QTN) controlling each trait, by considering how often SNPs were
retained as traidssociated across different Markov chain Mdd&lo (MCMC) steps in the GWA

(the proportion of such steps is termed the posténausion probability, PIP hereafter, Bigl-2).

In the case of mul@jenic control with recombination among loci, the one or few SNPs that best tag
each causal varianteaexpected to consistently be trasisociated across MCMC steps (i.e., exhibit
high PIP values). Thus, PIP values across §MPs sum to the number of total causal variants (i.e.,
even if causal variants are not unambiguously identified, the numbeuchf \ariants can be
estimated)This revealed that ~8 genetic variants control G&nhd ~35 control RG (Fig. 3). Thus,
coloris multi-genic, but not strongly so.

Also consistent with a multjenic model rather than a single pleiotropic major effectdpetfect

sizes were moderate and fairly uniformly distributed among the mosgbtimior-associated SNPs

(Fig. 1, S5). Moeover, phenotypic color scores increasingly became more melanistic (defined by
high scores for RG and low scores for GB) as thaber of melani@associated alleles an individual
harbored increased (across the teost strongly coleassociated SNPs), avde did not detect
evidence for strong epistasis (Figs. 2, S6). Finally, linkage disequilibrium (LD) among the tep color
associate@NPs was low, indicative of recombination between them (Fig. 2). Thus, as pdaicte

the polygenic hypothesis, multiple ked but recombining variants affect GB and RG coloration in

T. chumash

The identities of the genes causally affecting coloraiarto be resolved. However, several genes are
promising candidates (Table S9). Foix a mp | e, a hsth maglenge candesirdéidledge 6
coloration inDrosophila[25], lies ~116 kilebases from a peak affecting RG. A gene with a cysteine
rich flanking domain is also found nedid peak, and this type of element affecte | | ow O ey e
coloration in cichlid fish[26]. Finally, another association peakf@sind within a protein with an

UBX domain(in fact, a SNP in the third exon of this gene is unambiguously correlated with GB
variation, PIP =1). This domain is typical of ubiquitiregulatory proteins, which are involved in the
pathways causing melanimloration in the peppered motBiston betudria [27], Heliconius
butterflies[28], and felidq29].

With our discovery of multgenic control of color ifT. chumashour results suggest that thikel-
stripe major effect locus ifT. cristinaerepresents multiple linked variants in a superggrigl2]
Our evidence parallels that for a mimicry supergenéléticonius butterflies, where mukiocus
architecture inH. melpomenend H. erato segregates as aajor locus inH. numata due to
chromosomal inversions that suppress recombination among mimicry [ha&&] Here, we
advance understanding of supergene evolution grmaing the likely cause for recombinatio
suppression iil. cristinae and then testing whether and why offienemaspecies exhibit supergene
architecture.

Reduced recombination is likely due to chromosomal inversion.Analyses using population
genetcs and comparison ofie novagenome assemibk of different morphs ifi. cristinaerevealed
that suppressed recombirmtiis likely due to structural genomic changes inNtetStriperegion,
including a putative ~10 megzse inversion (Fig. S7). The silode ~1000kb region to which color
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maps inT. chumasltoincides with one of the putative breakpoints of the inversidn cristinae
Although further cytogenetic or genomic analyses are required to definitively infer an inversion, our
collective resultare consistent with an inversion. Moreoviarterms of the evolutionary processes
studied here, suppression of reconabion is relevant no matter the precise mechanism for it.

Multiple Timema species exhibit suppressed recombinationWe found that suppssed
recombination previously reported Tn cristinaeis also evident iT. bartmaniandT. podura For
exampl e, i n these slpielce & sp avtet eorbrsse r o fe d alatdsd ®ic &t
GWA mapping, high genetic correlations between R@ @, and strong LD in th&lel-Stripe

region (Figs. 34, S811). These patterns are indicative afueed recombination. Further supporting
suppressed recombination, principal components analyses (PCA) of genetic variation in the ~1000kb
region harboring aor loci revealed distinct and colanorphassociated genetic clusters (i.e.,
chromosomal forms) ifh. bartmaniandT. podura(Fig. 4), as previously reportedTn cristinae[24].

In strong contrast, PCA ifi. chumashrevealed a idpersed cloud of points, rather than ganet
clusters. Finally, phased genomic data revealed reaspbciated haplotype blocksTn bartmani

andT. poduraagain supporting reduced recombination (Fig. 4).

Although the phylogeny ofimemadoes not allowus to distinguish whethéF. chumasHost an
ancestral supergene or other species gaing@&]it under either scenario our results are consistent
with structural features enhancing discontinuity between color morphs. We note that phylogenetic
relationships foil. podura T. bartmanj andT. chumastinferred from GBS and new whole genome
re-sequencing data revealed that the ~1000kb region harboring color loci tends to reflect the species
tree, not grouping by the same color morph across diffespecies (Fig. 5). This suggests the
supegene alleles are not of recent origin, as reported faristinae[24], and that they were not
recently transferred between species by hybridization. We next turned to possible exqddioati
variation in genetic architecturea@dmorph differentiation among species.

Host-plant coloration is associated with morph differentiation. Although the morphs of.
chumashorm two recognizable and statistically supported clusters, they ardigtisst than those

in T. cristinaeand T. bartmani (Fig. S1) Specifically, the color distance between morphsTis
chumash< T. bartmani< T. cristinae(mean Kullback Leibler distance between morghs;humash

= 14.0,T. bartmani= 17.4,T. cristinae= 29.2; posterior probabilitieg,. bartmani> T. chumashr
0.87,T. cristinae> T. bartmani= 0.98,T. cristinae >T. chumash-1.0, Fig. 6)We suspected that
increased color discontinuity between morphs was associated with the use of hosts that exliyibit hig
discontinuous color variatiof21,33] This ecological hypothesis predicts that greater discontinuity
in the colors offered by the leaves versus stem3imemahosts will correspond to increased
phenotypic disontinuity in color betweedimemamorphs[7-9]. We tested this prediction using
standardized photos of main hosts of thf@aemaspecies for which we were able ¢ollect host
data(Table S10).

Consistent witlthe ecological hypothesis, the hostsTothumash(oak and mountain mahogany)
express a wide and fairly continuous range of variation in their leaves and stems, including shades of
blue, green, yellow, tarbeige, brown, and red (Fig. 6). As a result,adhk and mountain mahogany
hosts ofT. chunash displayed the lowest color difference between their leaves and stesas (
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Kullback Leibler distance = 10.1), compared to the white pine and white fir hotsbafrtmani
(21.8), ancchamise and Californiddic hosts oT. cristinae(39.3; posterioprobabilities;T. bartmani

> T. chumaslinosts= 0.99,T. cristinae> T. bartmanihosts = 0.977. cristinae >T. chumasihosts

~1.0) These results led us to speculate that the hodtsafumastselect only wedlk for specific
combinations of green versmelanistic coloration alleles, providing an ultimate explanation for why

6 mo r p . shiimasHre less discrete. In contrase thosts off . bartmaniandT. cristinaeexhibit
increasingly greater color distes between their leaves and stems. Thes¢shmwuld thus offer a
more bimodal and discontinuous range of colors, i.e., primarily green or brown, which could select
more stragly for specific combinations of coloration alle[&s9].

The strength of disruptive selection varies among hostd&Ve experimentally tested the prediction

of stronger disruptive selection against intermediate colorationhosts with greater color
discontinuity, using a fieltbased recaptuigudy (note that evahtwo morphs exissome individuals

can be more intermediate in coloration than others, i.e., those nearer the center of phenotype space,
and we here found classification of intermediates to be statistically repeatable, see Mé{batid)

so by markingand transplanting e@l numbers of green, melanistic, and intermediately colbred
chumashto host plants comprising two treatments: (1) chamise and California lilac (hosts offering
highly discrete coloration) and, (2) mountain mgdioy (a host offeringnore continuous color
variation). Consistent with prediction, we recaptured a lower proportion of intermediates in the
chamise and California lilac treatmepbéterior probability that survival of intermediates is greater

in themourtain mahogany treatmenr 0.99, multinomiaDirichlet model, Fig. 7). Thus, we detected
strong disruptive selection in thehamise and California lilatreatment (s =2.73, posterior
probability, pp, that s < 0 =0.97; t-12.84, pp t <0 = 0.92, wherdrfess is defined asegn = 1s,
intermedide = 1, and melanistic =tli.e., s or t < 0 implies disruptive selection, and s ort > 0 implies
intermediate advantage). In contrast, selection was not disruptive on mountain mahogany (s = 0.38,
pps<0=0.4;t=0.60, ppt< & 0.03), consistentith the wide range of color exhibited by this
host. Nonetheless, selection may be weakly disruptive on other common hbsthamaske.g.,

oak), or at time periods and locations other than which our expenmsrtonducted. Indegchorph
differentiaton, or even genetic architecture, might vary within species. In any case, for the
populations studied heur results provide concordant observational and experimental support for
the hypothesis that discontingibetween morphs is diated by ecologicaliscontinuity.

Discussion

Our results are consistent with ecological factors explaining not only trait evolution, but also the
degree to which traits are packaged into discrete units of diversity. They atthétaonajor studies
inDar wi nds # seadcsizecdsstribwtiorss drive beak evoluf@h 35], in stickleback where
predator regimes drive bony armoro&stion [36,37], and in apple maggot flies where divergent
fruiting times drive differences in diapause timing between hoss fagg Our results futier show

how the genetic architecture of traits can change betweemtening, polygenic variation and major
locus (i.e., supergene) control.
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Our findings help advance understanding of evolution because thehilauand mechanisms of

large or suddempvolutionary changes remains unclgg8,40] Devdopmental biology provides one

possible meganism: developmental switches involving gene regulafiahi39,40] Our results

illustrate another: the conversion of polygenic variation, gradually accumulated byoselgitb

discrete phenotypic categories fiypergene evolution. Thus, supergenes may help reconcile large
evolutionary shifts and ideas concerning maoot at i oopdfiule. momfit er sd) w
adaptation and Darwinian gradualism.

Materials and Methods

Timemasampling. Timemawere colected by shaking the branches of host plants while holding a
sweep net underneath them, as in past i@tk24] Adult (i.e., sexually mature) specimens were
stored in platic containers for immediate photograph{details below). Juvenile individuals were
reared orCeanothus spinosuaittings in plastic containers until they reachddltihood, as in past
work [21], and then photographed. We took digital photographs of every EHdwima and then
stored each specimen in an irdival vial in pure ethanol for subsequent molecular work.

The data presented in this nuaieript are primarily newly acquired. Sgiezally, new data was
collected for all four species studied heFebartmani, T. chumash, T. cristinandT. podura We
also reanalyzed some data TarcristinaeandT. podura from [21,33)Table S2). TablesZ4 and
S6-8 contain details of th&imemapopulations andamples used in the different analyses of this
study.

Phenotypic measurements ofTimema coloration from photographs. Standardized digital
photographs oadult Timemawere taken, with the exceptiafi T. bartmanithat develop later in the

season than other species and were thus photographed at juvenile stage (note that our core conclusions
are unaffected by this as they do not relyfobartmanialone, anaurrent and past work shows color

morph ishighly heritable such that it persists across life history stgzfe24,33]

All individuals were photographed with a digital Canon EOS 70D camera equipped withcalenacr
(Canon EF 100mm f/2.8L Macro IS USHihd two external flashes (Yongnuo YN5B@peedlights).

The images were taken with the camera set on manual, an apérfild a shutter speed of 1/250

s, a sensitivity of 100 ISO, and flashes adjusted topbMer in S2 mode in an output angle
correponding to 24mm focal length on full frame (~84° diagonal). To avoid shadows and reduce
external luminosity interferenceumiQuest SoftBox LTp softboxes were attached to the flashes. In
addition to thelimemaspecimens, the pictures included a ruler arsiandard color chip (Colorgauge
Micro, Image Science Associates LLC, Williamson, NY, USA).

Each specimen was photogragtet least twice in different perpendicular positions to capture the
body color without gdam or shade. The pictures were lineariaad corrected for white balance,
adjusting the temperature and the tint 1 based on the values obtained from the coleutthigrey
color (target #10), usingDOBE PHOTOSHOP LIGHTROOM 5.80ftware (Adobe Systes Software
Ireland Ltd). Due to the standtzation, measurements did not vary appreciably among pictures and
only minor corrections were necessary (similar procesiun past work have shown color
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measurements to be highly repeatdBley1,42] The pictues were adjusted for the temperature to
5950 and for the tint to +2nd exported as TIFF files.

From the standardized images we collected phenotypic measurements using the sofigmoe

1.4.882[43]. To quantify variation in color, we recomienean RGB (Red, Green, Blue) values using

the polygon section tool antblor histogram plugin in ImageJ. For evefimemaspecimen, we
measured a small area in the | atheon ¢horacienand gi n o f
abdominal parts, and ayakd the mean values between these body parts

For bestinterpretation of the RGB information, we processed the values as the relative difference
between red and green (RG), and between green and blufolBBjng 44]. RG channel was
obtained using the relationship-®/(R+G), and GB by (B)/(G+B), as described in the literature
[44], and preiously used to measuf@memacolor [33]. Although this method does not take into
consideration how color is sensed by a predator, it does yield an objective quantification of color to
be used in a comparative context. Thus, we obtained and an&lyaetifferent color variables
available fo eah insect: lateral RG and lateral GB (RG and GB hereafter). Further justifying our
approach based on photos, our independent analysis of spectral reflectance findsehaa
specimens reflect only marginavels of ultraviolet light, with very weakffects on stimulating
photoreceptors in avian (i.e., predator) ultravigiemhsitive systems as described in detail in the
Supplementary Data (Spectra reflectance data).

Differentiation and overlap betweenTimenma morphs. We used the UPGMA algorithm in lost

(from R 3.2.345] to clusterTimemainto two groups (i.e., morphs), using the Euclidean distance
betwesn every individual based on RG and GB calmeasurements. We then used a Bayesian
approach to fit the color data for each morph to a bivariate normal distribution. We placed relatively
uninformative priors on the mean vectors (normal with mu = 0 and fa3=for both means) and

for the precisiormatrix (Wishart with 2 degrees of freedom and a diagonal scale matrix = 0.001
wherel is the identity matrix). We used Markov chain Monte Carlo (MCMC) to obtain samples from
the posterior distribution via thgags (version 4.6) interface withhGs (version 4.1.0)(1000 iteration
burnin, 5000 sampling iterations and a thinning interval of 4). We then estimated the Kullback
Leibler distances (that is, the Kullbatkibler divergence in both directions, e.g.,nfranorph 1 to
morph 2 and morph 2 to morph This was calculated over the posterior distribution of the bivariate
normal parameters, and thus accounts for uncertainty in these parameters. The main text shows these
results for the thre€imemaspecies fowhich we also obtained data on hpkint oloration. In all
instances, the morphs ®f chumaslare less differentiated than those of offienemaspecies (Fig.

S1).

Correlation between phenotypic variables inTimema The correlation betweethe variable RG

and GB was estimated for each specigdues from individuals from different populations were
pooled to obtain larger sample sizes for the analysis. Coefficient of determinaiovagRestimated
using linear models in R45]. R? was also estimated using data from 2013, published in previous
studies[21,33] The statistics show a consistently high assimciabetween RG and GB in most
species (Talgl S5).Statistics were estimated usind4%].
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Genotyping-by-sequencing, alignment, and variant callingWe genotyped by sequencing a total

of 1529 irdividuals fromT. chumastandT. bartmani(deposited as NCBI BioProject XXX, Dryad
repository xxx) We extracted genomic DNA of each individual from three tol@gs using DNeasy

Blood and Tissue Kit (Qiagen). &then generated barcoded single end DNbaties for each
individual following standard restrictiesite protocol446], as applied in several previoismema
studies[21,24,32,33,449]. These individual libraries were then distributed into pools (containing
sets of differenindividuals). These poolseve size seleatifor fragments of size 36800 base pairs
(including adaptors) and sequenced (one pool per lane) on a lllumina HiSeq2000 platform with V3
reagents at the National Center for Genome Research (Santa Fe, New M8#Ed;or downstream
analyses, we also udedatasets of. cristinaeand T. podurafrom previous studief21,33(NCBI
BioProjects PRINA284835 and PRINA318846, Table S2 for a summary of data new to this study
versts previously publishedata). The completdataset used hereafter comprised the genotypes of
2181 individuals across the folimemaspecies (1529 samples new to this study plus 652 previously
published samples, Table S7). Note ttias number is higherthtain the sum of samplesed for

GWAS (Table S8), because it includes additional samples used for generating the consensus
sequences (described in detail in the Supplementary Data). The generated sequences were used to
obtain allele frequencies and genotypebabilities as dested in detail in te SI (Genotypingdy-
sequencing, alignment, and variant calling). Posterior genotype probabilities we obtained were used
for all multi-locus GWA mapping analyses@EMMA [50]. GENABEL [51], which was used for single

locus GWA, cannot handle genotype posterior probabilities and regalted genotypes. Thus, for
analyses usingENABEL we called genotypes from genotypebabilities (GP) using the following
thresholds: GP <=0.5: homozygote for reference allele; 0.5 < GP <1.5: heterozygote; GP >= 1.5:
homozygote for alternate alleleogerior genotype probabilities we obtainedres used for all muki

locus GWA mapping alyses inGEMMA 0.94[50]. GENABEL v1.8.0[51], which was used for single

locus GWA, cannot handle genotype postepimbabilities and requires called genotypes. Thus, for
analyses USinGENABEL we called genotypes from genotype probabilities (GP) using the following
thresholds: GP <&5: homozygote for reference allele; 0.55f <1.5: heterozygote; GP >= 1.5:
homozygde for alternate allele.

Detection of chromosomal inversion ifT. cristinae Several lines of evidence were used to delineate

the approximate breakpoints for a putative large inversidn @nistinaethat is asociated with green

versus melanistic colanorphs (Fig. S7). We focused on two scaffolds on LG8 (702.1 and 128) where

a large number of contiguous SNPs were associated with color, suggestive of an inversion or a region
of otherwise reduced recombinatifa,49].

We started by using a comparative alignmenti@hovogenome assemblies from melanistic and
greenT. cristinaemorphs to constrain the possible bounds of the putative inversion. Both genome
assemblies anbined data from standard fragment librarimatepair libraries, and Dovetail Chicago
libraries. Thesessemblies, along with the comparative alignment, were described in d¢t8l.in

The alignment between nalistic morph scaffold 702.1 and green niogeaffold 1575ndicated

that these genomes were-latear along scaffold 702.1 up to base pair 10,032,025 (the end of the
alignment between these two scaffolds). Likewise, we found that scaffold 128 from Hrastiel
genome aligned to scaffold 4214 dhe green gemoe, and that these two scaffolds werdinear
beyond the boundary of the GWA signallincristinaeat ~6 megabases on scaffold 128. Thus, we
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fixed the breakpoints for the putative inversion lesw ~10 megabases on melanistic scaffoRl170

and ~6 megadses on melanistic scaffold 128. This region corresponds to, but is slightly narrower
than, the broad region of elevated GWA signal for color from the single SNP GWA analysis (see Fig.
S7). Withinthis region, the green morph genome conggrisiany small sdfolds, preventing clear
identification of the inversion based on these data alone. We think that the reason for poorer assembly
in this region for the green morph was that the individual usedhfode novoassembly was
heterozygous fothe green and ntenistic haplotypes (and thus for the inversion), creating difficulty

with the assembly. Our approach moving forward was thus as follows.

We fit a hidden Markov model (HMM) based on patterns ofddboss scaffolds 702.1 and 128 to
explicitly test for andbetter resolve the bounds of the putative inversion, using {liersion 3.4.2)
packageHiddenMarkov(version 1.8.11p2]. In T. cristinaeindividuals homozygous for the brown

morph haplotype, we would expect normal/high LD for SNPs on either side of the breakpoint when
sequences are aligned to the meddoi morph reference genome. In contrast, ihdividuals
homozygous for the green haplotype, LD should be lower when SNPs span the inversion breakpoint,
as such SNPs are not actually physically near each other and thus have a greater opportunity for
reconbination to reduce LD. The pattern descdladove is thepecific signal we thus next searched

for, as described in detail in the Supplementary Data (Detection of putative chromosomal inversion
in T. cristinag.

Multi -locus genomewide association mappig in T. chumashwith GEMMA . As in previousvork
[21,24,32]we used the softwareEMMA 0.94[50] for multi-locus GWA mapping iff. chumash

This meahod accounts for linkage disequilibrivtmmong SNPs and is thus well suited foralizing
genotypephenotype associations within the genome, as was the gbathimmashBriefly, we used

GEMMA to implement Bayesian sparse linear mixed models (BSLMM#g)gua multipleSNP
Bayesian approach tonodel the genetic architecture of colorigtion while accounting for genetic
relatedness among individuals. In this method, the effects of SNPs are modeled as a mixture of two

distributions: (1) those thatindividul | y have i nfinintiecsidmaslt reifbfuetcitosn 6()é paor
those withmeasr abl e (i .e., Osparsed) effects. This approa:
(PI Ps, also called o9 parameter) f oriteriensthat SNP, whi ¢

the SNP was retained having a measurable effect. PIPs thus otfilee weight of evidence that an
individual SNP is associated with the trait of interest. As described in detail below, PIPs also form
the basis for quantitatively estimagi the number of causal variants affegta trait.

We estimated PIP values for BEMs applied separately to RG and GB values, calculated across 5
independent MCMC runs per trait (prior to GWAS, we corrected the color measurements for
differences betweesexes by extracting the residuals usseg as an independent variable in linear
models). For each chain, we ran 3,000,000 iterations with a recording pace of one record state in
every 100 steps and discarded the first 1,000,000 iterations ambivie excluded SNPs with a

minor allele frequeey (MAF) less than one percent.

Estimating number of variants affecting color from theGEMMA model. We obtained Bayesian

estimates of the number of genetic loci (i.e., quantitative trait nucleotides, or QTN) M&hBtripe
that were associated with GiBid with RG color traits fof. bartmanj T. chumastandT. podura
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This number represents the numbéicausal variants affecting each trait, and is estimated via the
sum of PIPs in a regiofp0](Fig. 1).In the case of muHlgenic control with recombination among

loci, the one or few SNPs that best tag each causal variamxpeeted to consistently be trait
associated across MCMC steps (i.e., exhibit high PIP values). Thus, PIPs across such SNPs sum to
the number of total caal variants. In contrast, in the caseupgessed recombination for example

via inversion, many SNPwith very low (but notzero) PIPs are expected because different SNPs

can readily tag the causal variants (i.e., many SNPs carry redundant informEtisnyill lead to

PIP values of multiple ISPs across a genetic region that sum near one.

We estimatd the number of QTN in a way that accounted for uncertainty in individuatt&MP
associations as measured by the PIPs fe@vMA [53]. For each species and color trait, we drew
samples from the posterior distribution of the number of QTNIéhStripeby sampling a binary
indicator variable (1 = ©N for color, 0 = not QTN for color) for each SNP in thegion based on

its PIP. The sum of SNPs in the region sampled as QTN was then taken as a posterior sample for the
number of QTN inMel-Stripe We repeatethis procedure 10,000 times for each spe@nd color

trait to obtain posterior distributions forettnumber of QTN, which we summarized based on their
medians and 95% ETPIs (i.e., the 2.5th and 97.5th quantiles of the distribution). We also estimated
the genetic correlations between GB and RGdascribed in the Supplementary Data (Genetic
correlation letween GB and RG).

Linkage disequilibrium between colorassociated SNPs iff. chumashmulti -locus GWA. We
quantified linkage disequilibrium (LD) amongetfSNPs most strongly associated with cafof .
chumashbased on the multocus GWA mapping results frodEMMA (see abovePairwise LD was
guantified as the squared Pearson correlation between genatypash pair of SNPs with high
posterior inclusiomprobabilities (PIP$as in 54] Specifically, ve considered SNPs with PIPs greater
than 0.4 in the region showing strong associatior® egabase region on scaffold 128). This
revealed that LD was generalbyw in this region, and was not accentuated fait-tissociated SNPs

(Fig. 2).

Distribution of effect sizes, dominance, and epistasi§o further characterize how closely the
genetic architecture of color ih. chumasts polygenic and predominantly additive we considered
the distribution of phenotypieffect sizes across the most strongly calssociated SNPs from the
multi-locus mappig, and tested for epistasis between these SNPs. A polygenic model predicts a fairly
uniform distribution of effect sizes (small to moderate effects for most SNPs),téadt no
epistasis. Our results are lahg consistent with these predictions (Figs3, S56, and details below),

as described in detail in the Supplementary Data (Distribution of effect sizes, dominance, and
epistasis).

Single locus genomavide as®ciation (GWA) mapping with GENABEL. Following past work
[21,33]we usedsENABEL v1.8.0[51] to perfam single locus GWA mapping analysislirbartmani

T. chumashard T. podura This method does not account for LD among SNPs and is thus well suited
for visualizing | ahegoype assdrihtioncwktlindhe gehomg, asmight pqoue
in regions of reduced recombination.
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Briefly, transformed genetic probabilities were filtered usingdBRABEL quality control function.
Excluded from analysis were SNPs with MAF less than or equal to 1%, individuals with extreme
heterozygosity at a false d®very rate <1%, and individualgith idenity by state (IBSp= 0.95,
(calculated on a randomly selected subset of 2000 SNPs). Analyses were run both with and without
control for population structure, and gave qualitatively comparable results. We lsitess targely
analyzed samplesltected n the same locality, and that the core point of the single locus mapping
was to visualize blockke patterns of association, not to detect causal loci affecting color. Thus, for
our purposes potential populatistructure is less problematic than studes aiming to find casual
variants.

Association results taking population structure into account were obtained uSEENEBEL egscore
function. This function implements the method%8] and extracts principal components of a kinship
matrix (here IBS indices) calculated using a randomly selected sutZ88®ENPs (excluding those

from LG8 and SNPs not associated to a linkage group). The principal components are then used as
covariates in the GWA linear models. Results are displayed in the form of Manhattan plots. These
graphics show the association sc(@gpressed aslogio (pvalug) of every SNP tested along their
physical position in thd. cristinaegenome. Gaps between scaffolds are not represented in these
graphics.

Our results revealethat at the scale of LG&,. chumashexhibits a peak of assation (which
actually representseveral ditinct peaks when zoomed in further on scaffold 1Z8%artmania
narrow Obl oc k 6T. pofluraawside black chassoaiation (Figsn&8 1). Accordingly,
T. chumaslexhibits much lower LD in thiel-Striperegion than do the other speciéggy( 3).

Linkage disequilibrium between colorassociated SNPs in singllbcus GWA. We calculated LD
among all SNPs in thielel-Stripelocus[following 49] for the threeTimemaspecies. Pairwise LD

was quantified aghe squared Pearson correlation between genotypes at each pair of SNPs in this
region for each species. We then summarized the distribaf LD across the region by the median

and 95% quantile across all pais@#iLD estimates

Principal component analyis (PCA) on genotypes.Posterior genotypes probabilities were
obtained and used for all PCA analysis. PCA was run on all SNPs located between position 5Mbp
and 6Mbp on scaffold 128 with the prcomp function irf4R]. The position of
principal component axes was extracted and plotted using custom scripts.

Structure based on phased genomic dataVe obtained phased haplotypes Tarbartmani T.
chumashandT. podurausing fastPHASE 1.4.f56]. We used the same GBS data thas also used

for GWA mapping for these spies. Following past wi [24], we computed phrescaled genotypes
likelihoods for SNPs with a maximum of 15% missing values (85% of samples need to have at least
a read to estimate a genpe likelihood) using a custom perl scriptf2gl.pl) and we forratted these
genotype likelihoods into a fastPHASE input file using another custom per script (mkfastphaseinp.pl).
We ran fastPHASE allowing for 20 random stafis Z0 option), a maximum &5 EM iterations{

C35 option), a lower lifh for K detection of D, an upper limit of K detection of 20 and an interval

for K detection of 24{KL 10 -KU20 -Ki 2 options), scanning for genotype errors using a 4 parameter
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model ¢em4 option) and bracketirgenotypes with a posterior probability b&l0.9 ¢q 0.9 option).
fastPHASE output consisted of 2 haplotype files, one for each DNA strand.

We then used the linkage model in structure (version 253 test for hapitype blocks in the 5

6 megabase pair regiof scaffold 128 ass@ted with color inT. chumashHaplotype blocks in this
region would provide evidence of chromosomal variants with restricted recombination associated
with distinct color pattern alleles h bartmaniandT. podura As in past workvith T. cristinae[24],

we fit the linkage admixture model for the phased genotype data from fastPHASE for all SNPs on
linkage group 8 (see the preceding section). We used the corrdleledaquencies model with the
number ofgroups (source populations) setkte 2 (to refect two putative chromosomal variants).

We ran five MCMC chains for each species, each with a burnin of 200,000 iterations followed by
200,000 sampling iterationg/e used the local ancestry probabilitiesnfrthe siteby-site (linkage)
analysis to identy SNPs that were likely homozygous for ancestry from the same source population
(chromosomal variant) or heterozygous for ancestry. We called ancestry/sourcesinvhase the
posterior probability of ancey of a given type was > 0.5 (other cases vearesidered ambiguous).

We only expect these ancestry assignments to be meaningful/informative in the putative
chromosomal variants.

Phylogenetics. We used variantBom both GBS and whole genomegequencig (WGS) data to

infer genomewide and coloras®ciated genetic region (on LG8) trees. We subsampled our extensive
GBS dataset to include the ten individuals with the highest number of mapped reads perEpecies (
bartmani T. chumaskandT. podurg and maph (green and melanistic), resulting in a dettad 60
individuals. Because the GBS dataset did not include numerous SNPs that overlapped between
species in the colesissociated region, we generated WGS datamdirm the results from the GBS

data. Spdfically, WGS data was obtained for a total & ihdividuals fromT. bartmani(green and
melanistic),T. chumask{green) and’. podura(melanistic, alldeposited as NCBI BioProject XXX)

Details on the used samasl DNA extraction, sequencing, alignmentd variant calling are provided

in the Supplemmatary Data. We used a custom Perl script to generate multiple alignments from the
genotypes with the highest likelihood and coding heterozygotes as IUPAC ambidtitiethe
genomewide inferences, we proded alignments concatenating 25,000 variants aanhgl taken

from across all scaffolds assigned to linkage groups. The alignments for the region associated with
color (5 Mbp to 6 Mbp on scaffold 128 of LG8) compdsg05 (GBS) and 1923 variants (WGS).
RAXML implements the Lewis ascertainment bias comecfb8], but it requires at least one
unambiguous sample (i.e. homozygote) for each allele for a position to be recognized as variable.
Thus,a number of positions were excluded, raaglin alignments of size 151 (GBS, color region
12,498 (GBS, genome wide), 1173 (WGS, color region), and 13,682 (WGS, genome wide). For each
alignment, we inferred maximutikelihood (ML) trees using RAXML 8.21[59] from a randomized
stepwise addition order parsimortarging tree. We used a GTR substitution model with a GAMMA
mod el of rate heterogeneity anahABCQ ETRGAMMAS as c ¢
-asc_corr=lews 0 ) . We used the r abpifd fatdoyith the nmumbepdf ng a
bootdrap replicates automatically determined using the extended majalétyconsensus tree
bootstr appi-M ga wtra[élfeHEds)evere ghefiated using R packages ape[62],

phytools 0.660[63] andphangorri64]. Alignments, tres, and code are available in Dryagdository

XXX.
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Phenotypic measurements of plant coloration from photograph3d/Ve quantified the coloration of

the main host plants df. chumash, T. bartmarmndT. cristinaeusing digital photographs of the
hosts (we wre unable to get photographs of Huests ofT. podurgd, using the same photographic
procedures described above Témemaspecimens. Hogtlant cuttings were collected in 2015 from

the localities listed in Tabl810, and kept in a cooler until they wereotographed. For the plant
tissueswe measured a standard area of a circle wathltimeter diameter. This area was chosen
because it fits the lateral margin size of all specimens studied (includimglthegmaninymphs). In
addition, this allowed u® measure samples of broad leaved imdividual needles using the same
standard. For samples with broad leaves (i.e., C (California lildaeanothus spinosysMM
(Mountain Mahogany)Cercocarpus spQ (Oak):Quercus sp, we recorded the RGB values toe

upper (adaxial) and lower (abiaR leaf surfaces in different samples, and for the stem. For plants
with needlelike leaves (i.e., A (Chamise)Adenostoma fasciculatymWF (White Fir): Abies
concolor, P (Pire): Pinus sp), we recorded one measuremiéthe surface was uniform in col@re.,

P), or two if the colors varied in the upper and lower surfaces (i.e., WF). Host plant parts were
categorized as stems or leaves. As we did for estimating differentistaveernTimemamorphs, we

then estimatethe KullbackLeibler distance betweeplant parts in both directions (e.g., from stems

to leaves and leaves to stems). See Table S10 in the Supplementary Data (Phenotypic measurements
of plant coloration from phographs) for details about the host plarhples used in this study.

Manipulative field experiment. We tested experimentally the prediction of stronger disruptive
selection (i.e., stronger selection against intermediate coloratiohpsts associated tiigreater
differentiation ofTimemamorphs We did so by marking and transplanting green, melanistic, and
intermediately colored. chumasho two treatments: (1) hosts associated with highly discrete morphs
(Adenostomaand Ceanothusrespectively, A/C h@after) versus, (2) a host associatdgth less
discrete morphs (mountain mahogany, MM hereafter). We Tisethumastbecause this species
exhibits the most continuous range of color such that reasonable humbers of intermediately colored
individuals couldbe collected to have their survivatsayed(alongside with clearly green or
melanistic individuals). The rationale for the choice of these hosts / treatments is provided in the
Supplementary Data (Manipulative field experimehist and treatment ratide

The experimental. chumastwere colected fromCercocarpusn the vicinity of the locality Horse

Flats 5 (HF5, N 34 15.584, W 118 6.254). A total of 602 individuals were collected between May 9
and May 11, 2018These were kept alive in plastic ¢aimers and moved to laboratory spacethe
campus of the University of California, Santa Barbara.

On May 12, 2018 we scored 120 of these individuals into three phenotypic categories as follows. To
represent the green category, forty of the brightedtdarkest green specimens were sebkbdb
represent one extreme of the greealanistic continuum. Thus, the colors of these chosen individuals
resemble the discrete variation found in green morphB. @fistinaeand the other polymorphic
species analyzkin this study. To represent theénnedate category, we selected forty individuals

with greenyellow, yellow, brownyellow tones, and grednlue tones, as these collectively depict the
transition from green to brown (melanistic) colors. For this cayeagmeenyellow coloration was
preset inthe majority of individuals. To represent the melanistic category, we chose forty individuals
with the darkest brown and red coloration.
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We estimated the repeatability of this scoring to be 96% (95% ETPIs fBayesian betdinomial

modelwith a Jeffre's prior = 8899%, this model has an analytical solution), by scoring 50 individuals
twice, where only two scoring errors were made (21 individuals scored green both times, 15
individuals scored intermediate bdiimes, 12 individuals scoredetanistic badh times, 2 individuals

scored as intermediate once and as green once). Representative specimens of each category are show
in Figure 7 of the main text.

To ensure we could distinguish our experimental animaia fraturally occurring ones, wearked
eachindividual on the abdomen with a fitgped sharpie pen, as in past w§tk,41] The marks

were thus not visible when tliesects were naturally resting on their hostn$. Each category of

color (green, interrediate, melanistic) received a differently colored mark, facilitating accurate
rescoring of color in recaptured specimens. As our experimental design involved ¢tk® (oletails

below) we alternated which colorark was assigned to which category (blocgreens marked with

a blue pen, intermediates marked with a green pen, melanistics marked with a red pen; block 2: greens
marked with a green pen, intermediates redrlith a red pen, melanistics marked withwelpen).

On May 13, 2018 we transplanteitie marked specimens back onto host plant individuals at the
locality they were collected from. This was done in two blocks, where each block contained each
treatment (MM and A/C), using a single plant individofleach host species. Equal humbers of
green, intermediate, and melanistic individuals were released on each treatment and block (i.e., 20
individuals of each category on each treatment and block, mot 120). The location of each
experimental plant weaas follows: block 1, MM N 34 15.584, W8.6.254, A/C N 34 15.599 W 118

6.256; block 2 MM N 34 15.682 W 118 6.127, A/C N 34 15.631 W 118 6.216). Experimental plants
were chosen to be separated fromtoe r p Ibaanrtes ghryoudwnd 6 (sanmby or
containing plantme)nt aflorn mil agpdadn &Feawsperias shown
ground is near abseftl,6568].

We were interested in rapid changeshia frequency of each color categtecause past studies in
Timemahave docmented adaptive divergence between experimental populations within a week upon
transplantation to new environments, and because adult and penultimat@imstaatend to live

for only one to three weeks in thelfl, with bird predation being a major soe of selective mortality
[41,65,66,68] Thus, on May 15, 2018 we recaptured the surviving individuals using visual surveys
and sweep nets. In total, the number of pawaed individuals of each category andatreent was as
follows (see also Fig. 7). On MM we recaptured 8, 13, and 5 individuals that wergigreenediate,

and melanistic, respectively. On A/C we recaptured 8, 2, and 6 individuals that were green,
intermediate, and melanistic, respectivétas markrecapture work has shown this protocol is highly
effective at recapturing the overwhelming oriy of surviving individuald41,6568].

The recapture data wereadyzed as follows. We fit a Bayesian mudtinial-Dirichlet model to these
data using the rjags interface with JAGS (JAGS version 4.1.0, rjags version 4.6, R ¥&S§60].
Specifically, reapture counts were assumed to follow a multinomial distribution with a weaibr
length three, that gives the relative fithesses of the threecategories. These relative fitnesses can
be rescaled (e.g., eglve to the fithess of any one color catgg to aid interpretation of the results.
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We placed an uninformative Jeffreysribhlet prior on this vector (all shape parameters set to 0.5).
We considered two models, one where the two blocks had independectors and one where they
were constraire to be the same. Posterior distributions were obtained by running three MCMC
chains each with a 1000 iteration burnin, 9000 sampling iterations and thinning intervals of 3. The
constrained model was preferred\C (DIC = 36.81 for the constrained modeirsus 54.99 for the
unconstrained model), and thus we focus on results fronmibael. With that said, for both models

the posterior probability (pp) that intermediate morphs had a higher relative fithess tmalk/A

was > 0.99. We defined the relaifitnesses (w) of the color morphs agiew= 1-S, Whtermediate= 1,

and Whdanisic = 1-t (as in Eq. 1.25c if70]), with details provided in the Supplementaryt®a
(Manipulative field experimerit relative fithesses estimation).

Acknowledgements. The work was funded by a grant from the European Research Council
(NatHisGen R/129639, https://erc.europa.eu/) and a felipwsbm the Royal Society of London to
PN.V. SoriaCarrasco was supported by a Leverhulme Trust Early Career Fellovibkifunders

had no role in study design, data collection and analysis, decision to publish, or preparation of the
manuscriptWe thankT. Reimchen and D. Ayala for discussiordammments on previous versions

of the manuscript, J. Stapley for the use ofdperctrophotometer, and T. Oakley for lab sp&ide.

thank ¢. Mira P®rez, L. LIl oyd, J. cewithddb wark. , F.

The support and resourcesm the Center for High Performance Computing at the University of
Utah are gatefully acknowledged, as well as access to the High Performance Computing Facilities,
particularly to the Iceberg and ShARC HPC tdus, from the Corporate Information andnQauting
Services at the University of Sheffield.

Author contributions . RV, CFC,ZG, and PN conceived the project. RV, CFC, VS, DL, MM, and
PN collected data. RV, CFC, VS, MD, and ZG led data analysis, aided aytlabrs. All authors

contributed to writng.

Competing interests The authors declare no competing interests.

190

Whi t i



(a) Multigenic (b) Major locus (c) Timema color variation

N N . T. cristinae
MCMC step 1 )
- AV
i; - -
/ A Y
MCMC step 2 o *
T. podura
MCMC step N o * P
< No. QTN =EPIP =190 < No. QTN =EPIP=1.02 ;: J iﬂ S ERY ¥ )
S } .M -
°© H a4 p ’
24 = l y \ ,’
Multilocus & | e |
GWA “ “ T. bartmani
(Gemma) e g
. . . . ) T . : : ) :'-_" =
0 5w xm w o s 1w 1w m ] i N
SNP SNP ” 55 » ;:;;
LD=0.01 LD=0.10 f | |
) .
. g g o T. chumash
Single SNP 2 g
GWA g g
4 z i
(Genable) H
IR I |

Figure 1. Predicted and observed patterns for mgdtnic versus major (e.g., single a@tombining
locus) genetic control of color. Redtddn (a) and (b) represent causal variaftecting color.
Asterisks represent single nucleotide substitutiong?gkhat are retained as traisociated in each
different Markov chain Monte Carlo (MCMC) step in mdticus genomavide association (GWA
mapping (this controls for linkage disélifarium (LD) among SNPs). The proportion of steps that a
SNP is retaineds the posterior inclusion probability (PIP). In the case of agdtiic control with
recombination among loci, the one or few SNPs that tay each causal variant are expected to
consistently be traiissociated across MCMC steps (i.e., exhibit high\Rllues). Thus, PIP values
across such SNPs sum to the number of total causal variants (i.e., provide an estimate of the number
of quantitdive trait nucleotides (QTN) contributing tirait variation). In contrast, in the case of
suppressed recombinatianany SNPs with low (but nerero) PIPs are expected because different
SNPs can readily tag the causal variants (i.e., SNPs carry redimfdamiation). This leads to PIP
values sumiimg near one. Also shown are expected patterns for single SNP GWA #mndb
account for LD. Photographs of representative samples of thd iimemaspecies studied here are
shown in (c).These are the samepis of photos from which color data waslected for GWA

mapping.
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