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Abstract

Transposable elements (TEs) are mobile genetic elements capable of catalysing their own
self-replication and genomic insertion. Through this process of replication, TEs have the
potential to introduce mutations into the genome that may be deleterious. However, TEs are
also known to play an important role in the evolution of gene regulatory networks, and in the
evolution of genome size and architecture. Epigenetic silencing mechanisms have evolved that
combat the over-replication of TE sequences, primarily involving the methylation of cytosine
bases (DNA methylation). These DNA modifications are capable of being faithfully maintained
following genome replication, and so provide a mechanism for inheritance in addition to the
DNA sequence itself. TEs can have complex impacts on the host genome and epigenome, and
several gaps exist in our current understanding of the genomic impact of TEs which I aim to
address in this thesis. First, I performed a comprehensive survey of within-species TE positional
variation in Arabidopsis, which revealed TE variation to be the underlying genetic cause for
much of the previously described epigenetic variation. Second, I examined the differences in
TE epigenetic regulation between cell types in the Arabidopsis root, and found that columella
cells are highly unusual in their regulation of TE sequences. Third, I examined single-cell
transcriptomes from the root for two different Arabidopsis accessions, enabling the analysis of
within cell-type variation in transcriptional programs, and further examination of the impact TEs
may have on transcriptional profiles between individual cells of the root. Together, this work
forms an important foundation for further studies aiming to uncover the epigenetic, evolutionary,
and regulatory impacts of TE insertions on the genome.
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Chapter 1

Introduction

1.1 What are transposable elements?

The content and composition of eukaryotic genomes has been heavily influenced by transpos-
able elements (TEs), mobile genetic elements capable of catalysing their own replication and
genomic re-insertion, ultimately increasing their copy number in the genome (Wicker et al.,
2007). There are two main types of TEs that differ in their mode of replication: DNA transposons
and retrotransposons. DNA transposons (Class II elements) replicate via a cut-and-paste mech-
anism where the genomic DNA is excised from the genome and re-ligated in a different position
(Wicker et al., 2007). DNA transposons may increase their copy number by transposing during
DNA replication, from a location where the DNA has been replicated to a position upstream
of the DNA replication fork. DNA transposons constitute a small fraction of the total genomic
TE sequence, both due to their shorter size and the fact that their transposition activity does
not always result in an increase in TE copy number. Helitron elements are a distinct group of
DNA transposons discovered much more recently (Thomas and Pritham, 2015), which replicate
through a rolling circle, rather than cut-paste mechanism, similar to the rolling circle DNA repli-
cation that occurs in plasmids (Ruiz-Masó et al., 2015). Retrotransposons (Class I elements)
are a class of TEs thought to share a common ancestor with retroviruses, and are similar to
retroviruses in their mechanism of replication except that they lack the ability to exit the cell
(Malik et al., 2000). These TEs transpose through a copy-paste mechanism involving an RNA
intermediate, and are typically longer and more abundant in genomes than DNA transposons
(Wicker et al., 2007). During transposition, retrotransposons are first transcribed to an RNA
molecule, some of which may be translated into TE proteins required for transposition. These
TE proteins reverse transcribe and integrate the TE cDNA into a new position, leaving the
original copy intact and increasing the genomic TE copy number (Schulman, 2013).

9
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1.2 A brief history of TEs

TEs were first discovered by Barbara McClintock in the 1940s through experiments performed
in maize (McClintock, 1953, 1950). McClintock identified a special locus, Ds, through careful
analysis of maize chromosomes. The Ds locus held the curious ability to change position and
induce chromosome breaks when present with an activator element, Ac. It was later shown that
Ds encoded a non-autonomous DNA transposon, while Ac encoded a fully autonomous version
of a similar TE, and provided the protein machinery to enable Ds to transpose (Fedoroff et al.,
1983). At the time of McClintock’s discovery, the genome was viewed as static, with genes in
fixed positions unable to change their physical position, and the prevailing view of mutations
involved single base substitutions acquired from DNA replication error. The discovery of TEs by
McClintock proved highly controversial, and was largely ignored for many years.

Later, in the 1980s, P transposable elements were discovered in Drosophila as the cause of
a phenomenon known as hybrid dysgenesis (Hiraizumi, 1971). During a cross between two
Drosophila melanogaster strains, offspring would sometimes have an abnormally high rate of
germline mutation, rendering them sterile. This was shown to be due to the inability to silence
a particular TE: the P element (Kidwell, 1985). If P elements were present in the paternal
genome of a Drosophila cross, but absent from the maternal genome, hybrid dysgenesis would
reliably and predictably occur. These early studies pointed to a complex mechanism of TE
regulation, and highlighted the phenotypic consequences that the failure of such regulation
could have. Furthermore, it showed how a single TE could rapidly facilitate at least partial
reproductive isolation of two highly similar fly strains. Drosophila proved a useful early model for
the study of TE biology, due to the presence of the P element in wild strains and its absence in
laboratory strains, leading to the discovery of piwi proteins and piwi-interacting RNAs involved
in post-transcriptional gene silencing (Lin and Spradling, 1997; Aravin et al., 2006; Girard et al.,
2006).

The P element further showed how rapidly an invasive TE could spread through a population, as
it appeared to have colonized the Dropsophila melanogaster species within the last 50 years.
The likely origin of this element has been traced to a horizontal gene transfer event between
Drosophila melanogaser and Drosophila willistoni after these two previously isolated species
were introduced to one another by human activity in very recent history (Engels, 1992). After
the introduction of the P element, such a rapid spread through the population was mediated
by the ability of the TE to copy itself to the sister chromatid using the cell’s own homologous
DNA repair mechanisms (Engels, 1992), hence breaking the traditional Mendelian model of
inheritance and mirroring contemporary efforts to design a gene drive using CRISPR-Cas9
technology (Hammond et al., 2016). Over the past 70 years following the initial discovery of
TEs, we have developed a deep appreciation for the impact that the presence of TEs have on
genomes. Following the large-scale genome sequencing efforts of the 1990s and 2000s, it
was revealed that for many species, including humans, a large proportion of the genome is
composed of TEs (Lander et al., 2001; Venter et al., 2001). Initially, these sequences were
considered to be non-functional and of little importance, and to act only to replicate their own
sequence to the detriment of the host genome (Orgel and Crick, 1980; Doolittle and Sapienza,
1980). However, we are now beginning to understand the important evolutionary role that TEs
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can play.

1.3 The evolutionary importance of TEs

TEs have been found in nearly all sequenced genomes, and are even present in some viruses
(Levasseur et al., 2016). The presence and activity of TEs have several important evolutionary
impacts for the genomes in which they reside (Chuong et al., 2017). Through their replication,
TEs have the potential to greatly influence mutation rates, and to provide a different type
of sequence change compared to the DNA replication errors routinely introduced by DNA
polymerases – the transposition of multi-nucleotide sequences from one part of the genome
to another, something now recognized as incredibly important for the evolution of regulatory
networks (Chuong et al., 2016; Feschotte, 2008). Furthermore, as TE copies are often highly
similar to one another, TEs can also influence the rate of ectopic recombination by increasing
the amount of homologous DNA sequence present in the genome. Indeed, it is thought that
the decreased rate of homologous recombination in eukaryotes compared to prokaryotes has
allowed TE copy number to greatly expand as new insertions are less efficiently lost through
ectopic recombination events (Dolgin and Charlesworth, 2008; Kidwell, 2002; Feschotte and
Pritham, 2007). By influencing these two evolutionary forces, mutation and recombination, TE
activity has an important impact upon genome evolution, especially in the determination of
genome size and architecture (Lynch, 2007b). There appears to be a fine balance between
the benefits of TE silencing that prevents the disruption of existing genes, and the evolutionary
benefit of occasional increase in mutations due to TE activation (Fedoroff, 2012; Lisch, 2013).

Among complex multicellular eukaryotes there is an enormous range in the size of genomes.
Indeed, just within flowering plants there is a 2,400-fold range in genome sizes, from the 63
Mb genome of Genlisea margaretae to the enormous 149,000 Mb Paris japonica genome
(Pellicer et al., 2010; Dodsworth et al., 2015), and there appears to be no relationship between
organismal complexity and genome size among eukaryotes (Lynch and Conery, 2003). This
extensive variation in genome sizes between species is attributable almost entirely to differing
abundance of TEs, especially of Class I retrotransposons (Kidwell, 2002; Lee and Kim, 2014).
The 3.2 Gb human genome is comprised of over 50% TEs, while the genome of some plants
contains an even higher fraction of TEs, with the maize genome comprised of ~85% TE
sequence (Schnable et al., 2009; Jiao et al., 2017). This is in stark contrast to prokaryotic
genomes, where the TE content is much lower and the average genome size is less than 10
Mb (Angly et al., 2009; Lynch, 2007b).

Due to the astonishing ubiquity of TEs, the transposase genes that encode the proteins
responsible for inserting new TE copies are the most abundant genes in nature (Aziz et al.,
2010). It is hardly surprising then that transposase genes have frequently been co-opted and
neo-functionalized by host genomes (Jangam et al., 2017). The emergence of the vertebrate
adaptive immune system is a prime example of how TE innovations have been repurposed to
serve functions beneficial to the host cell. V(D)J recombination is responsible for generating
the endless permutations of immunoglobulin gene segments in immune cells, producing the
vast antibody diversity upon which the adaptive immune system relies (Flajnik and Kasahara,
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2010). Key to this process is recombination between immunoglobulin gene segments, carried
out by the RAG1 and RAG2 genes, domesticated transposases (Kapitonov and Koonin, 2015;
Jangam et al., 2017). Such examples are abundant in nature; TERT, required for telomere
elongation in humans, originated from a TE reverse transcriptase (Lingner et al., 1997), as did
Prp8, involved in mRNA splicing (Dlakić and Mushegian, 2011). ALP1, involved in epigenetic
gene regulation in land plants (Liang et al., 2015); CENPB, involved in mammalian centromere
formation (Ohzeki et al., 2002; Okada et al., 2007); MAIL1 and MAIN, involved in TE silencing
in plants (Ikeda et al., 2017); and Syncytin genes, involved in placental development (Lavialle
et al., 2013) all originate from TE domains (Jangam et al., 2017). Thus, TEs have repeatedly
been subject to domestication by host genomes, and have provided the blueprints for some of
the most important genetic innovations in all domains of life.

As well as providing protein-coding DNA sequences important to the evolution of new protein-
coding genes in the host, TEs also have the ability to carry noncoding regulatory sequences
as they move around the host genome, and play an important role in the evolution of gene
regulatory networks (Chuong et al., 2017, 2016; Feschotte, 2008). There is mounting evidence
that TEs frequently provide cis-regulatory sequences that regulate gene expression in a cell-
type-specific or environmentally responsive manner (Hirsch and Springer, 2017). In particular,
many TE promoters are expressed in the germline, as there is a strong selective pressure within
TE populations to be active in the germline for new TE copies to be inherited and for the TE to
ultimately survive (Lisch, 2012; Gerdes et al., 2016; Chuong et al., 2017). The co-option of such
TE promoters presents a rapid way to confer germline gene expression patterns to endogenous
genes, and the inherent mobility of TEs further assists in the expansion of these regulatory
networks. One striking example of how extensively TEs can spread regulatory information
resides in the model plant Arabidopsis. Over 85% of Arabidopsis E2F transcription factor (TF)
binding sites are contained within a handful of TE families, and many of these sites are bound by
E2F in vivo (Hénaff et al., 2014). Furthermore, the ONSEN TE, again in Arabidopsis, contains a
heat-responsive regulatory element that can trigger its expression under heat stress conditions,
and mobilization upon impairment of small interfering RNA biogenesis (Ito et al., 2011, 2013).
Consequently, following heat-activated mobilization, this element has the potential to confer
heat-responsive regulation to genes near new insertion sites. Indeed, the tomato genome has
been subject to such colonization by stress-responsive TEs. The more stress tolerant wild
tomato species Solanum pennellii contains certain retrotransposons in close proximity to many
genes that have recently acquired stress responsiveness in comparison to the crop variety
Solanum lycopersicum (Bolger et al., 2014a; Tomato Genome Consortium, 2012). Overall,
there is growing evidence that TEs have a considerable impact on the evolution of eukaryotes,
particularly in the determination of genome size, the evolution of regulatory networks, and the
evolution of functional endogenous genes through the co-option of TE sequences.

1.4 Epigenetic regulation of TE activity

While TE activity can provide a source of various beneficial traits, some TE-induced mutations
can be deleterious, through the disruption of genes or essential regulatory sequences, and TEs
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are usually placed under stringent transcriptional and post-transcriptional regulation to control
their activity (Fultz et al., 2015). TEs are often transcriptionally silent, and these silent states
are encoded by modifications to the DNA or the histone proteins that organize the genome
(Feschotte et al., 2002). Indeed, DNA methylation and histone post-translational modifications
are employed by many species to encode regulatory information through an altered chromatin
state (Bannister and Kouzarides, 2011; Smith and Meissner, 2013). These altered chromatin
states can be interpreted by specialized reader proteins, or physically change the local chro-
matin structure to preclude the binding of other proteins such as TFs and RNA polymerases
(Musselman et al., 2012). DNA methylation and some histone post-translational modifications
are able to be stably maintained following genome replication and cell division, and so provide
an additional layer of heritable information not encoded in the DNA sequence itself (Margueron
and Reinberg, 2010). Such modifications are collectively known as “epigenetic” marks, as they
provide heritable information that does not involve alteration of the DNA sequence.

1.4.1 Establishment and maintenance of DNA methylation

DNA methylation occurs in three distinct cytosine sequence contexts: CG, CHG, and CHH,
where H represents any base but G. CHH DNA methylation is asymmetrical, as only one strand
contains a methylated cytosine base. Consequently, CHH DNA methylation patterns must be re-
established de novo following genome replication, and so such sites require a constant signal for
the faithful maintenance of DNA methylation patterns. This signal is provided by a combination
of small RNAs (smRNAs) through the RNA-directed DNA methylation (RdDM) pathway, and
histone H3 lysine 9 methylation (H3K9me). In contrast, CG and CHG methylation produce hemi-
methylated sites following DNA replication that are able to be directly recognized by maintenance
proteins that catalyse the methylation of cytosines on the unmethylated DNA strand. CG
methylation is maintained by Methyltransferase 1 (MET1), a homologue of mammalian DNMT1.
MET1 deposits DNA methylation at hemimethylated CG sites and so maintains CG methylation
across cell division. Furthermore, MET1 interacts with Histone deacetylase 6 (HDA6), providing
one mechanism for cross-talk between histone modifications and DNA methylation (Liu et al.,
2012; To et al., 2011). Loss of MET1 causes widespread depletion of CG methylation, as well as
developmental abnormalities in Arabidopsis (Lister et al., 2008; Cokus et al., 2008; Chan et al.,
2006; Finnegan et al., 1996). CHG methylation is maintained by Chromomethylase 3 (CMT3),
a DNA methyltransferase unique to plants. CMT3 is recruited to CHG sites through interactions
with H3K9me (Johnson et al., 2008; Law and Jacobsen, 2010). Chromomethylase 2 (CMT2), a
related protein unique to plants, also interacts with H3K9me but preferentially methylates DNA
in the CHH context (Stroud et al., 2014). This binding is dependent on the action of another
protein, Decreased DNA methylation 1 (DDM1), a SWI2/SNF2-related nucleosome remodeller
that displaces the linker histone H1 and nucleosomes to make DNA accessible to the DNA
methyltransferases (Zemach et al., 2013).

An alternative mechanism for the establishment and maintenance of DNA methylation in all
sequence contexts is through the 24 nucleotide (nt) RdDM system. In RdDM, the Domains
rearranged DNA methyltransferase 2 (DRM2), a homologue of mammalian DNMT3A and
DNMT3B proteins capable of catalysing DNA methylation in all sequence contexts, is guided
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to target sites via a smRNA signal (Chen and Riggs, 2011). Target sites for methylation are
first transcribed by RNA polymerase (Pol) IV, a plant-specific RNA polymerase related to Pol II.
These Pol IV single-stranded RNA transcripts are then converted to double-stranded RNA by
RNA-dependent RNA Polymerase 2 (RDR2), and processed by Dicer-like 3 (DCL3) into 24 nt
smRNAs. These 24 nt smRNAs are then loaded into Argonaut 4 (AGO4), which uses the 24
nt smRNA sequence to guide DRM2 to target loci, where methylation occurs. This is further
mediated by interactions with single-stranded RNA transcripts at the target size produced by
another plant-specific RNA polymerase, Pol V. These transcripts are thought to facilitate the
binding of AGO4 loaded with 24 nt smRNA that have nucleotide sequence complementarity
to the nascent transcript through tethering of AGO4 to Pol V transcripts via smRNA/RNA
hybridization (Wierzbicki et al., 2009). Questions remain concerning the mechanism of targeting
Pol IV and Pol V to target sites, but there is evidence they may be recruited via histone post-
translational modifications, and Pol II may be required at some loci (Li et al., 2015; Liu et al.,
2014; Zheng et al., 2009; Matzke and Mosher, 2014). Transcription of noncoding RNAs from
intergenic regions by Pol II may facilitate binding of Pol IV and Pol V, and may be important for
the amplification of smRNA transcripts for RdDM at both the original target locus, as well as
other loci with sequence homology (You et al., 2013; Cuerda-Gil and Slotkin, 2016).

The addition of a methyl group to a cytosine nucleotide is a covalent modification, and this
bond strength prohibits direct demethylation of cytosine bases (Franchini et al., 2012). Instead,
methylated cytosines must be excised from the DNA and replaced with unmethylated cytosines
in order for DNA methylation patterns to be actively removed. Passive loss of DNA methylation
can also occur simply through the failure to maintain DNA methylation over cell division. Active
DNA demethylation through base excision appears to be unique to plants, and is catalysed
by a family of bifunctional DNA glycosylases/lyases in Arabidopsis, consisting of Demeter
(DME), Demeter-like 1 (DML1, also known as ROS1), Demeter-like 2 (DML2), and Demeter-
like 3 (DML3) (Morales-Ruiz et al., 2006; Gong et al., 2002). These proteins recognise DNA
methylation and break the glycosidic bond to remove a methylated cytosine base and form an
abasic site, then catalyse breaking of the phosphodiester backbone through lyase activity to
remove the newly formed abasic site (Ponferrada-Marin et al., 2011; Gehring et al., 2006). An
unmethylated cytosine is then inserted into the previously methylated position using components
of the base excision repair pathway (Saze et al., 2012). Active DNA demethylation appears to
be important in suppressing the spread of DNA methylation into the promoter regions of genes
to prevent aberrant gene silencing (Gong et al., 2002).

1.4.2 The role of DNA methylation in plants

In plants, DNA methylation is abundant in all three contexts, with CG methylation most prevalent
in gene bodies and TEs, whereas non-CG DNA methylation occurs almost exclusively in TEs
(Lister et al., 2008; Cokus et al., 2008). The function (or lack thereof) of gene body CG DNA
methylation is hotly debated (Bewick et al., 2016; Zilberman, 2017; Bewick and Schmitz, 2017),
while both CG and non-CG DNA methylation is clearly necessary for the transcriptional silencing
of TEs (Saze et al., 2012; Zemach et al., 2013; Lippman et al., 2003; Zilberman and Henikoff,
2004). Loss of DNA methylation in TEs through functional inactivation of proteins involved in
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DNA methylation maintenance, such as DDM1 or MET1, is sufficient to cause transcriptional
activation of previously silenced TEs, and in some case transposition (Tsukahara et al., 2009;
Mirouze et al., 2009; Miura et al., 2001; Saze et al., 2003; Lippman et al., 2004; Jeddeloh
et al., 1999; Zemach et al., 2013). These DNA methylation-mediated transcriptional silencing
mechanisms have extended in some cases to regulate endogenous genes. The Arabidopsis
FWA gene, encoding a transcription factor that controls flowering, is one such example. FWA
has acquired TE-derived repetitive elements in its promoter region, making its expression
subject to DNA methylation-mediated epigenetic regulation (Soppe et al., 2000; Kinoshita et al.,
2007).

The precise regulation of DNA methylation and demethylation in TEs is particularly important in
plant gametogenesis. Tricellular pollen grains produced during male gametogenesis contain one
vegetative cell and two sperm cells, each of which fertilize the female egg cell and central cell in
the ovule to produce the embryo and endosperm, respectively. In both the vegetative cell of the
tricellular pollen grain and in the central cell of the ovule, there is global CG hypomethylation
and reactivation of TEs (Slotkin et al., 2009; Hsieh et al., 2009; Gehring et al., 2009; Calarco
et al., 2012; Ibarra et al., 2012). Importantly, DNA from the vegetative cell and central cell does
not contribute to the plant germline, and so any genetic changes caused by transposition are
not inherited by the following generation. Global demethylation of the vegetative and central cell
genomes causes generation of smRNAs targeted to TE sequences (Ibarra et al., 2012). These
smRNAs are thought to then be transported to the sperm cells in the tricellular pollen grain, and
to the embryonic cell in the ovule, to establish de novo methylation of TEs in the genomes of the
germ cells, thus reinforcing transgenerational TE silencing through RdDM (Martínez et al., 2016;
Slotkin et al., 2009; Calarco et al., 2012). This allows TEs that are readily expressed when
silencing is relaxed, which may pose the greatest threat to genome stability, to be efficiently
silenced in the embryo. Furthermore, TEs that have changed location in the genome may also
be silenced at this developmental stage through the generation of trans-acting smRNAs (Law
and Jacobsen, 2010). In this way, the genomic stability of the non-generative vegetative cell
nucleus and central cell nucleus is sacrificed in order to provide a silencing signal to the next
generation in the germline.

1.4.3 Reading the epigenome

Rapid progress in our understanding of the roles of these epigenetic modifications has been
facilitated by the development of highly sensitive methods to profile the epigenome at a genome-
wide scale and single-base resolution. These methods include whole genome bisulfite sequenc-
ing (WGBS), chromatin immunoprecipitation followed by sequencing (ChIP-seq), and RNA-seq,
and each of these go hand-in-hand to provide a thorough analysis of the epigenome and its
association with gene transcription. The precise level of DNA methylation at different genomic
loci can now be mapped using WGBS, a technique that involves the random fragmentation
of genomic DNA followed by treatment with sodium bisulfite, which converts unmethylated
cytosine bases to uracil (Lister et al., 2008; Cokus et al., 2008). Uracil bases can then be
converted to thymine via PCR, while methylated cytosines remain as cytosines following PCR.
High-throughput DNA sequencing is then used to measure the frequency of cytosine and
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thymine basecalls at each cytosine in the genome, giving a measure of the frequency of DNA
methylation at that site (Saito et al., 2014; Guo et al., 2013). Importantly, missing data can be
distinguished from negative sites (no methylation), aiding in the interpretation of these marks.
ChIP-seq allows the genome-wide mapping of protein DNA binding sites, as well as histone
post-translational modifications, and can provide important information to complement WGBS
data (O’Geen et al., 2011). First, chromatin and DNA are cross-linked and extracted from
cells, and the chromatin fragmented. Cross-linked chromatin can then be immunoprecipitated
using antibodies that recognize an epitope of interest. This allows the purification of DNA
bound to a specific protein or protein modification, and this DNA can then be sequenced using
high-throughput DNA sequencing and mapped to a reference genome to identify regional
sequence read enrichment (Zhang et al., 2008). RNA transcript abundance can be measured
using RNA-seq to produce accurate measurements of either gene expression, through the
measurement of mRNAs (Lister et al., 2008), or smRNA abundance through the selective cap-
ture and sequencing of smRNA molecules (Malone et al., 2012). In conjunction with ChIP-seq
and WGBS, RNA-seq can provide an important functional read-out, allowing correlations to
be made between gene expression and chromatin state. The development of these molecular
methods for the analysis of epigenomic modifications, as well as the continuing decrease in the
cost of performing such experiments, has now enabled genome-wide epigenomic data to be
gathered for many different species under many different conditions. This has greatly improved
our understanding of the roles these modifications play in regulating the genome, as well as the
mechanisms of their establishment and maintenance.

1.5 Arabidopsis thaliana: a model for (epi)genomic studies

Plants have proven an incredibly useful research model for studies examining TE biology
and epigenetics, dating back to McClintock’s original discovery of TEs through experiments
performed in maize (McClintock, 1950). Following these discoveries, maize continued to be
utilized as a research model, and important insight into the mechanisms of gene silencing was
gained from the analysis of maize mutant lines. Many of these mutations were induced using
the radiation from nuclear tests carried out in the Bikini atoll during the Cold War (Anderson
et al., 1949; Anderson, 1948; Martienssen, 1996). Some of these mutants were identified by
their inability to silence a transgene, something that was sought-after by biotechnologists aiming
to create stable transgenic plants for use in agriculture. These transgene silencing mechanisms
were later found to be the same mechanisms employed to silence TEs (Mlotshwa et al., 2010).
As research moved from the genetic to the genomic era, the size of genomes became more
important, as genome size is directly related to the cost of genome sequencing. Furthermore,
the ability to grow plants in a laboratory, rather than in a field, was of great practical importance,
as was a shorter generation time. For these reasons, the use of Arabidopsis thaliana as a plant
model organism became more widespread.

Arabidopsis contains a small genome (~135 Mb), roughly 15% of which is composed of TE
sequences (Arabidopsis Genome Initiative, 2000). Arabidopsis typically flowers and produces
seeds within 2 months, and is only 20-30 cm in height when fully grown, making it ideal for
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laboratory use. Arabidopsis serves as an excellent genetic model as it is diploid, straightforward
methods exist for the creation of mutant or transgenic Arabidopsis lines (Clough and Bent,
1998), and many thousands of seeds are produced by a single plant. In 2000, Arabidopsis
was the first plant to have its genome fully sequenced, cementing its use as a model for
genomic studies (Arabidopsis Genome Initiative, 2000). Since then, the extensive natural
genetic variation within the Arabidopsis species has been catalogued by large-scale genome
sequencing efforts, providing a valuable resource for the research community (Alonso-Blanco
et al., 2016). Parallel efforts to characterize the epigenome led to the high-resolution mapping
of DNA methylation in Arabidopsis using microarrays (Zhang et al., 2006; Lippman et al., 2004;
Zilberman et al., 2007), and the publication of the Arabidopsis DNA methylome in 2008, the
first base-resolution DNA methylome for any eukaryote (Lister et al., 2008; Cokus et al., 2008).
Later, similar high-resolution epigenomic and gene expression maps for many different wild
Arabidopsis accessions were reported to complement the growing catalogue of genetic variation
within the species (Kawakatsu et al., 2016a; Schmitz et al., 2013). These large-scale genome
and epigenome sequencing efforts have characterized the genomic diversity present within the
Arabidopsis species, and revealed that patterns of differential DNA methylation frequently occur
between different accessions (Kawakatsu et al., 2016a; Schmitz et al., 2013). While the extent
of these DNA methylation difference appears to be linked to the level of genetic divergence
between accessions, the underlying cause and possible function of differential DNA methylation
between Arabidopsis plants remains unknown.

Although the Arabidopsis genome and epigenome has been well characterized at the population
level through large-scale sequencing projects (Alonso-Blanco et al., 2016; Kawakatsu et al.,
2016a), the extent of epigenomic variation present between different somatic cell types remains
poorly understood. Some studies have analysed cells of the germline and developing seed,
revealing widespread differential DNA methylation and alterations in smRNA levels, mostly
related to TE sequences (Slotkin et al., 2009; Calarco et al., 2012; Ibarra et al., 2012). However,
similar high-resolution studies have not been performed in somatic cell types, due to the
difficulty in isolating cell types from plants. In contrast to animals, it is not possible to derive
stable cell lines from plants that retain their cellular identity, and so cells must be repeatedly
isolated from plant tissues to facilitate any analysis of different somatic cell types. This can
be achieved through the use of fluorescence-activated cell sorting (FACS), the isolation of
nuclei tagged in with a fluorescent protein or biotin specific cell types (INTACT), or using laser
capture microdissection of plant tissues (LCM) (Deal and Henikoff, 2010; Iyer-Pascuzzi and
Benfey, 2010; Casson et al., 2005). However, all of these methods are labor-intensive, and
FACS and INTACT both rely on the establishment of transgenic plant lines that express the
required marker in the cell type of interest. Such marker lines are not currently available for all
cell types in the plant, although they do exist for many cell types in the root (Li et al., 2016), and
the application of FACS or INTACT to isolate subpopulations of root cells may yield sufficient
material to perform genomic analyses such as WGBS and RNA-seq. Currently, however, there
is a limited understanding of the extent of epigenomic diversity present between somatic cell
types within tissues.

While the role of DNA methylation as an initiating biochemical signal sufficient to induce gene
silencing in mammals has recently come under scrutiny (Ford et al., 2017), and the role of gene
body DNA methylation in plants continues to be debated (Bewick et al., 2016; Zilberman, 2017;
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Bewick and Schmitz, 2017), DNA methylation is clearly required for the silencing of plant TEs
(Tsukahara et al., 2009; Mirouze et al., 2009; Miura et al., 2001; Saze et al., 2003; Lippman et al.,
2004; Jeddeloh et al., 1999; Zemach et al., 2013). However, while DNA methylation has a clear
function in Arabidopsis, its role is not so essential as to preclude the study of DNA methylation
mutants. Unlike some organisms, Arabidopsis can tolerate an almost complete loss of DNA
methylation through the mutation of key genes involved in DNA methylation maintenance, albeit
with widespread activation of TEs (Kankel et al., 2003; Lister et al., 2008; Cokus et al., 2008;
Hirochika et al., 2000; Lippman et al., 2004). This is in contrast to mammals, where the loss
of functional copies of DNA methyltransferase genes are lethal at an early embryonic stage
(Okano et al., 1999; Liao et al., 2015). Furthermore, plants do not set aside their germline
early in development, as mammals do. Instead, the gametes develop from somatic cells. This
has important implications for TE silencing in the somatic cells, as plants have a much greater
requirement for genome stability in these cells compared to animals, where there have been
reports of highly active TEs in terminally differentiated somatic cells (Baillie et al., 2012). In
summary, Arabidopsis provides a powerful model for the study of TE biology as it possesses
a small genome amenable to genome sequencing, and is supported by decades of research.
Furthermore, there exists a large and growing catalogue of natural genetic and epigenetic
variation within the species that provides an invaluable resource for genomic studies.

1.6 Aims

In this thesis I aim to address three fundamental questions regarding the impact TEs have
on their host genomes. First, I will explore the impact the presence of TEs have on local
patterns of DNA methylation and gene expression by comparing the genome sequences of
many wild Arabidopsis accessions. While TEs are known to be highly mobile genetic elements,
a systematic evaluation of TE positional variation in the Arabidopsis species is yet to be
undertaken. Consequently, we lack a detailed understanding of how the genetic variation
caused by TE insertions and deletions impacts both DNA methylation patterns and gene
expression. Through the development of new computational tools for the identification of TE
positional variants from high-throughput DNA sequencing data, I aim to provide a high resolution
map of TE variation in Arabidopsis to facilitate such an analysis.

Second, I will examine patterns of DNA methylation between cell types of an individual Ara-
bidopsis accession, to determine the extent to which DNA methylation patterns may differ
between somatic cell types. While variation in DNA methylation patterns is known to occur
between tissues, no comparison of DNA methylation patterns between different somatic cell
types of the same tissue has been made. Early studies have indicated that large scale-DNA
methylation differences may be present between cells of the root apical meristem (Baubec
et al., 2014), and I will apply WGBS, smRNA-seq, and mRNA-seq to cell types isolated from
the root to examine these differences at high resolution.

Finally, I will examine how TEs may shape cell-type-specific gene expression profiles by
comparing gene expression measurements for single root cells from two different Arabidopsis
accessions. Single cell gene expression data can now be gathered for many thousands of cells
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in a single experiment using droplet-based methods, and such data may prove a valuable for
the identification of the genetic controls of cell-type-specific gene expression patterns. This
analysis, using two Arabidopsis accessions, will be used as a pilot study to explore the feasibility
of such an approach for the identification of genetic variants controlling cell-type-specific gene
expression patterns in Arabidopsis, and to establish the methodologies needed for such future
studies. These results are outlined in detail in the following three chapters, and discussed
together in the final chapter of this thesis.
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Chapter 2

Population scale mapping of
transposable element variation

The following chapter was published in the journal eLife in 2016, and is presented as it appeared
in the publication.

Stuart T, Eichten SR, Cahn J, Karpievitch YV, Borevitz JO, Lister R. Population scale mapping
of transposable element diversity reveals links to gene regulation and epigenomic variation.
eLife. eLife Sciences Publications Limited; 2016;5: e60. doi:10.7554/eLife.20777

2.1 Introduction

Transposable elements (TEs) are mobile genetic elements present in nearly all studied organ-
isms, and comprise a large fraction of most eukaryotic genomes. The two types of TEs are
retrotransposons, which transpose via an RNA intermediate requiring a reverse transcription
reaction, and DNA transposons, which transpose via either a cut-paste or, in the case of
Helitrons, a rolling circle mechanism with no RNA intermediate (Wicker et al., 2007). TE activity
poses mutagenic potential as a TE insertion may disrupt functional regions of the genome.
Consequently, safeguard mechanisms have evolved to suppress this activity, including the
methylation of cytosine nucleotides (DNA methylation) to produce 5-methylcytosine (mC), a
modification that can induce transcriptional silencing of the methylated locus. In Arabidopsis
thaliana (Arabidopsis), DNA methylation occurs in three DNA sequence contexts: mCG, mCHG,
and mCHH, where H is any base but G. Establishment of DNA methylation marks can be
carried out by two distinct pathways – the RNA-directed DNA methylation pathway guided
by 24 nucleotide (nt) small RNAs (smRNAs), and the DDM1/CMT2 pathway (Zemach et al.,
2013; Matzke and Mosher, 2014). A major function of DNA methylation in Arabidopsis is in the
transcriptional silencing of TEs. Mutations in genes essential for DNA methylation establishment
or maintenance can lead to a decrease in DNA methylation levels, expression of previously
silent TEs, and in some cases transposition (Mirouze et al., 2009; Miura et al., 2001; Saze et al.,
2003; Lippman et al., 2004; Jeddeloh et al., 1999; Zemach et al., 2013; Singer et al., 2001). In

21



22 CHAPTER 2. POPULATION SCALE MAPPING OF TE VARIATION

Arabidopsis, TEs are often methylated in all cytosine sequence contexts, in a pattern distinct
from DNA methylation in other regions of the genome. Conversely, DNA methylation often
occurs in gene bodies exclusively in the CG context and is correlated with gene expression,
although this gene-body methylation appears dispensable (Bewick et al., 2016). Many thou-
sands of regions of the Arabidopsis genome have been identified as differentially methylated
between different wild Arabidopsis accessions, although the cause and possible function of
these differentially methylated regions remains unclear (Schmitz et al., 2013).

TEs are thought to play an important role in evolution, not only because of the disruptive
potential of their transposition. The release of transcriptional and post-transcriptional silencing
of TEs can lead to bursts of TE activity, rapidly generating new genetic diversity (Vitte et al.,
2014). TEs may carry regulatory information such as promoters and transcription factor binding
sites, and their mobilization may lead to the creation or expansion of gene regulatory networks
(Hénaff et al., 2014; Bolger et al., 2014a; Ito et al., 2011; Makarevitch et al., 2015). Furthermore,
the transposase enzymes required and encoded by TEs have frequently been domesticated
and repurposed as endogenous proteins, such as the DAYSLEEPER gene in Arabidopsis,
derived from a hAT transposase enzyme (Bundock and Hooykaas, 2005). Clearly, the activity
of TEs can have widespread and unpredictable effects on the host genome. However, the
identification of TE presence/absence variants in genomes has remained difficult to date. It
is challenging to identify the structural changes in the genome caused by TE mobilization
using current short-read sequencing technologies as these reads are typically mapped to a
reference genome, which has the effect of masking structural changes that may be present.
However, in terms of the number of base pairs affected, a large fraction of genetic differences
between Arabidopsis accessions appears to be due to variation in TE content (Cao et al., 2011;
Quadrana et al., 2016). Therefore identification of TE variants is essential in order to develop a
more comprehensive understanding of the genetic variation that exists between genomes, and
of the consequences of TE movement on genome and cellular function.

In order to accurately map the locations of TE presence/absence variants with respect to
a reference genome, we have developed a novel algorithm, TEPID (Transposable Element
Polymorphism IDentification), which is designed for population studies. We tested our algorithm
using both simulated and real Arabidopsis sequencing data, finding that TEPID is able to
accurately identify TE presence/absence variants with respect to the Col-0 reference genome.
We applied our TE variant identification method to existing genome resequencing data for 216
different Arabidopsis accessions (Schmitz et al., 2013), identifying widespread TE variation
amongst these accessions and enabling exploration of TE diversity and links to gene regulation
and epigenomic variation.
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2.2 Results

2.2.1 Computational identification of TE presence/absence variation

We developed TEPID, an analysis pipeline capable of detecting TE presence/absence variants
from paired end DNA sequencing data. TEPID integrates split and discordant read mapping
information, read mapping quality, sequencing breakpoints, as well as local variations in
sequencing coverage to identify novel TE presence/absence variants with respect to a reference
TE annotation (Figure 2.1; see methods).

This typically takes 5-10 minutes per accession for Arabidopsis genomic DNA sequencing data
at 20-40x coverage, excluding the read mapping step. After TE variant discovery has been
performed, TEPID then includes a second refinement step designed for population studies.
This examines each region of the genome where there was a TE presence identified in any of
the analyzed samples, and checks for evidence of this insertion in all other samples. In this way,
TEPID leverages TE variant information for a group of related samples to reduce false negative
calls within the group. Testing of TEPID using simulated TE variants in the Arabidopsis genome
showed that it was able to reliably detect simulated TE variants at sequencing coverage levels
commonly used in genomics studies (Figure 2.2).

In order to further assess the sensitivity and specificity of TE variant discovery using TEPID,
we identified TE variants in the Landsberg erecta (Ler ) accession, and compared these with
the Ler genome assembly created using long PacBio sequencing reads (Chin et al., 2013).
Previously published 100 bp paired-end Ler genome resequencing reads (Schneeberger et al.,
2011) were first analyzed using TEPID, enabling identification of 446 TE presence variants and
758 TE absence variants with respect to the Col-0 reference TE annotation. Reads providing
evidence for these variants were then mapped to the Ler reference genome, generated by de
novo assembly using Pacific Biosciences P5-C3 chemistry with a 20 kb insert library (Chin et al.,
2013), using the same alignment parameters as were used to map reads to the Col-0 reference
genome. This resulted in 98.7% of reads being aligned concordantly to the Ler reference,
whereas 100% aligned discordantly or as split reads to the Col-0 reference genome (Table
2.1). To find whether reads mapped to homologous regions in both the Col-0 and Ler reference
genomes, we conducted a blast search (Camacho et al., 2009) using the DNA sequence
between read pair mapping locations in the Ler genome against the Col-0 genome, and found
the top blast result for 80% of reads providing evidence for TE insertions, and 89% of reads
providing evidence for TE absence variants in Ler,to be located within 200 bp of the TE variant
reported by TEPID. Thus, reads providing evidence for TE variants map discordantly or as split
reads when mapped to the Col-0 reference genome, but map concordantly to homologous
regions of the Ler de novo assembled reference genome, indicating that structural variation
is present at the sites identified by TEPID, and that this is resolved in the de novo assembled
genome.

To estimate the rate of false negative TE absence calls made using TEPID, we compared
our Ler TE absence calls to the set of TE absences in Ler genome identified previously by
aligning full-length Col-0 TEs to the Ler reference using BLAT (Quadrana et al., 2016). We



24 CHAPTER 2. POPULATION SCALE MAPPING OF TE VARIATION

Figure 2.1: TE variant discovery pipeline. Principle of TE variant discovery using split and
discordant read mapping positions. Paired end reads are first mapped to the reference genome
using Bowtie2 (Langmead and Salzberg, 2012). Soft-clipped or unmapped reads are then
extracted from the alignment and re-mapped using Yaha, a split read mapper (Faust and Hall,
2012). All read alignments are then used by TEPID to discover TE variants relative to the
reference genome, in the tepid-discover step. When analyzing groups of related samples,
these variants can be further refined using the tepid-refine step, which examines in more
detail the genomic regions where there was a TE variant identified in another sample, and calls
the same variant for the sample in question using lower read count thresholds as compared
to the tepid- discover step, in order to reduce false negative variant calls within a group of
related samples.
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Figure 2.2: Testing of the TEPID pipeline using simulated TE variants in the Arabidopsis
Col-0 genome (TAIR10), for a range of sequencing coverage levels. TE presence variants
(A) and TE absence variants (B).

Table 2.1: Mapping of paired-end reads providing evidence for TE presence/absence variants
in the Ler reference genome.

Concordant Discordant Split Unmapped Total

Col-0 mapped 0 993 9513 0 10206
Ler mapped 10073 92 34 7 10206

found that 89.6% (173/193) of these TE absences were also identified using TEPID, indicating
a false negative rate of ~10% for TE absence calls. To determine the rate of false negative
TE presence calls, we ran TEPID using 90 bp paired-end Col-0 reads (Col-0 control samples
from Jiang et al. (2014)), aligning reads to the Ler PacBio assembly. As TEPID requires a
high-quality TE annotation to discover TE variants, which is not available for the Ler assembly,
we looked for discordant and split read evidence at the known Col-0-specific TEs (Quadrana
et al., 2016), and found evidence reaching the TEPID threshold for a TE presence call to be
made at 89.6% (173/193) of these sites, indicating a false negative rate of ~10%. However, it
should be noted that this estimate does not take into account the TEPID refinement step used
on large populations, and so the false negative rate for samples analyzed in the population
from (Schmitz et al., 2013) is likely to be lower than this estimate, as each accession gained on
average 4% more insertion calls following this refinement step (Figure 2.3).
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Figure 2.3: TE variant refinements. Percentage of total TE presence calls that were made
due to the TEPID refinement step for each accession in the population.

2.2.2 Abundant TE positional variation among natural Arabidopsis pop-
ulations

TEPID was used to analyze previously published 100 bp paired-end genome resequencing
data for 216 different Arabidopsis accessions (Schmitz et al., 2013), and identified 15,007 TE
presence variants and 8,088 TE absence variants relative to the Col-0 reference accession,
totalling 23,095 unique TE variants. A recent study focused on identifying recent TE insertions
containing target site duplications in this population (Quadrana et al., 2016). Our goal was to
provide a comprehensive assessment of TE presence/absence variation in Arabidopsis. In most
accessions TEPID identified 300-500 TE presence variants (mean = 378) and 1,000-1,500 TE
absence variants (mean = 1,279), the majority of which were shared by two or more accessions.

Although more TE absences were found on an accession-by-accession basis, overall TE
presence variants were more common in the population as the TE absences were often shared
between multiple accessions. PCR validations were performed for a random subset of 10
presence and 10 absence variants in 14 accessions (totalling 280 validations), confirming
the high accuracy of TE variant discovery using the TEPID package, with a false positive
rate for both TE presence and TE absence identification of ~9%, similar to that observed
using simulated data and the Ler genome analysis (Figure 2.4). The number of TE presence
variants identified was positively correlated with sequencing depth of coverage, while the
number of TE absence variants identified had no correlation with sequencing coverage (Figure
2.5A, B), indicating that the sensitivity of TE absence calls is not limited by sequencing depth,
while TE presence identification benefits from high sequencing depth. However, accessions
with low coverage gained more TE presence calls during the TEPID refinement step (Figure
2.5C), indicating that these false negatives were effectively reduced by leveraging TE variant
information for the whole population.
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Figure 2.4: Example PCR validations for two TE variants. (A) PCR validations for a TE
absence variant. Accessions that were predicted to contain a TE absence are marked in
bold. Two primer sets were used; forward (F) and reverse (R) or internal (I). Accessions with
a TE absence will not produce the FI band and produce a shorter FR band, with the change
in size matching the size of the deleted TE. (B) PCR validations for a TE presence variant.
Accessions that were predicted to contain a TE presence are marked in bold. One primer set
was used, spanning the TE insertion site. A band shift of approximately 200 bp can be seen,
corresponding to the size of the inserted TE.

Figure 2.5: Relationship between sequencing depth and number of TE variants discov-
ered in each accession. (A) Number of TE absence variants identified versus the sequencing
depth of coverage for each accession. (B) Number of TE presence variants identified versus
the sequencing depth of coverage for each accession. (C) Number of additional TE presence
calls made due to the TEPID refinement step versus sequencing depth of coverage for all
accessions.
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Table 2.2: Summary of TE variant classifications.

TEPID.call TE.classification Count

Presence NA 310
Insertion 14689
Deletion 8

Absence NA 1852
Insertion 388
Deletion 5848

As TE presence and TE absence calls represent an arbitrary comparison to the Col-0 reference
genome, we sought to remove these arbitrary comparisons and classify each variant as a new
TE insertion or true deletion of an ancestral TE in the population. To do this, the minor allele
frequency (MAF) of each variant in the population was examined, under the expectation that
the minor allele is the derived allele. Common TE absences relative to Col-0, absent in >=80%
of the accessions examined, were re-classified as TE insertions in Col-0, and common TE
presences relative to Col-0, present in >=80% of accessions, as true TE deletions in Col-0.
Cases where the TE variant had a high MAF (>20%) were unable to be classified, as it could
not be determined if these were cases where the variant was most likely to be a true TE
deletion or a new TE insertion. While these classifications are not definitive, as there may
be rare cases where a true TE deletion has spread through the population and becomes the
common allele, it should correctly classify most TE variants. Overall, 72.3% of the TE absence
variants identified with respect to the Col-0 reference genome were likely due to a true TE
deletion in these accessions, while 4.8% were due to insertions in Col-0 not shared by most
other accessions in the population (Table 2.2). High allele frequency TE presence variants
relative to Col-0, representing true deletions in Col-0, were much more rare, with 97.8% of
initial TEPID presence calls being subsequently classified as true insertions. The rarity of true
deletions identified in Col-0 is likely due to a reference bias in the TE variant identification
method using short read data, as false negative insertion calls in the population will reduce the
number of true deletions identified in Col-0 due to a reduction in the allele frequency for that
variant, causing the frequency of TE presence variants in non-Col-0 accessions to fall below
the required 80% threshold for some variants. This is not expected to have a large impact on
subsequent population-scale analyses, as Col-0 is only one accession out of the 216 analyzed.
Accessions were found to contain on average ~240 true deletions and ~300 true insertions
(Figure 2.6). Overall, we identified 15,077 TE insertions, 5,856 true TE deletions, and 2,162 TE
variants at a high MAF that were unable to be classified as an insertion or deletion.

While TE deletions were strongly biased towards the pericentromeric regions where TEs are
found in high density, TE insertions had a more uniform distribution over the chromosome.
This suggests that TE insertion positions are largely random but may be eliminated from
chromosome arms through selection, and accumulate in the pericentromeric regions where
low recombination rates prevent their removal (Figure 2.7A). TE deletions and common TE
variants were found in similar chromosomal regions, as deletion variants represent the rare
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Figure 2.6: Number of TE insertions and TE deletions found in each accession. (A)
Number of true TE deletions per accession. (B) Number of true TE insertion per accession.

loss of common variants. Among TE deletions, DNA TEs were slightly less biased towards
the centromeres in comparison to the distribution of RNA TEs (Figure 2.8). The distribution
of rare (<3% minor allele frequency [MAF], <7 accessions; see methods) TE variants and TE
insertions was similar to that observed for regions of the genome previously identified as being
differentially methylated in all DNA methylation contexts (mCG, mCHG, mCHH) between the
wild accessions (population C-DMRs) (Schmitz et al., 2013). In contrast, population CG-DMRs
(differentially methylated in the mCG context) less frequently overlapped with all types of TE
variants identified and instead closely followed the chromosomal distribution of genes. This was
expected, as CG-DMRs are associated with gene bodies whereas C-DMRs are associated with
TEs (Schmitz et al., 2013). Furthermore, genes and DNase I hypersensitivity sites (putative
regulatory regions; Sullivan et al. (2014)) rarely contained a TE variant, whereas ~20-35% of
gene flanking regions, pseudogenes, intergenic regions, and other TEs were found to contain
a TE variant (Figure 2.7B). This again suggests that TE insertions occur randomly across
the genome, with deleterious insertions that occur in functional regions of the genome being
subsequently removed through selection. TE deletions and common TE variants were enriched
within the set of TE variants found in gene bodies, indicating that TE deletions within genes
may be better tolerated than new TE insertions within genes (Figure 2.7C, D). No significant
enrichment was found for TE variants within the KNOT ENGAGED ELEMENT (KEE) regions,
previously identified as regions that may act as a “TE sink” (Grob et al., 2014) (Figure 2.9). This
may indicate that these regions do not act as a “TE sink” as has been previously proposed, or
that the “TE sink” activity is restricted to very recent insertions, as the insertions we analysed in
this population were likely older than those used in the KEE study (Grob et al., 2014).

Among the identified TE variants, several TE superfamilies were over- or under-represented
compared to the number expected by chance given the overall genomic frequency of different TE
types (Figure 2.7E). In particular, both TE insertions and deletions in the RC/Helitron superfamily
were less numerous than expected, with an 11.5% depletion of RC/Helitron elements in the set
of TE variants. In contrast, TEs belonging to the LTR/Gypsy superfamily were more frequently
deleted than expected, with a 17% enrichment in the set of TE deletions. This was unlikely to
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Figure 2.7: Extensive novel genetic diversity uncovered by TE variant analysis. (A) Dis-
tribution of identified TE variants on chromosome 1, with distributions of all Col-0 genes, Col-0
TEs, and population DMRs. (B) Proportion of different genomic features containing one or more
TE variants. (C) Proportion of TE variants within each genomic feature classified as deletions
or insertions. (D) Proportion of TE variants within each genomic feature classified as rare (<3%
MAF) or common ( 3% MAF). (E) Enrichment and depletion of TE variants categorized by TE
superfamily compared to the expected frequency due to genomic occurrence.

Figure 2.8: Distribution of RNA and DNA transposable elements. Distribution shown for
chromosome 1, for TE insertions and TE deletions.
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Figure 2.9: Frequency of TE insertion in the KEE regions. (A) Number of TE insertion
variants within each 300 kb KNOT ENGAGED ELEMENT (KEE, vertical lines) and the number
of TE insertion variants found in 10,000 randomly selected 300 kb windows (histogram). (B)
Table showing number of TE insertion variants within each KEE region, and the associated
p-value determined by resampling 10,000 times.
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Figure 2.10: Length distribution for all Col-0 TEs and all TE variants. (A) Length distribution
for all annotated TEs in the Col-0 reference genome. (B) Length distribution for all TE variants.
(C) Density distribution of log10 TE length for all Col-0 TEs (red) and TE variants (blue).

be due to a differing ability of the detection method to identify TE variants of different lengths, as
the TE variants identified had a similar distribution of lengths as all Arabidopsis TEs annotated
in the Col-0 reference genome (Figure 2.10). These enrichments suggest that the RC/Helitron
TEs have been relatively dormant in recent evolutionary history, while the LTR/Gypsy TEs, which
are highly enriched in the pericentromeric regions, are frequently lost from the Arabidopsis
genome. At the family level, we observed similar patterns of TE variant enrichment or depletion.
As certain TEs present in Col-0 have previously been genotyped in 47 different accessions,
allele frequency data was available for some TEs (Hollister and Gaut, 2007), and we compared
these previous allele frequency estimates with our estimates based on the short read data. We
found a weakly positive correlation (r2 = 0.3) between the previous allele frequency estimates
for Basho family TEs and our allele frequency estimates, which may not be unexpected given
the differing population sizes and TE variant detection methods used (Figure 2.11).

We further examined Arabidopsis (Col-0) DNA sequencing data from a transgenerational stress
experiment to investigate the possible minimum number of generations required for TE variants
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Figure 2.11: TE occupation frequencies for Basho TEs previously genotyped by Hollister
and Gaut (2007).

to arise (Jiang et al., 2014). In one of the three replicates subjected to high salinity stress
conditions, we identified a single potential TE insertion in a sample following 10 generations of
single-seed descent, while no TE variants were identified in any of the three control single-seed
descent replicate sets. However, without experimental validation it remains unclear if this
represents a true variant. Therefore, we conclude that TE variants may arise at a rate less than
1 insertion in 60 generations under laboratory conditions. Further experimental work will be
required to precisely determine the rate of transposition in Arabidopsis.

2.2.3 Relationship between TE variants and single nucleotide polymor-
phisms

Although many thousands of TE variants were identified, they may be linked to the previously
identified single nucleotide polymorphisms (SNPs), or unlinked from SNPs across the acces-
sions. This distinction is important, as studies aiming to link epigenetic diversity to genetic
variants using only SNPs would fail to detect such a link caused by TE variants if the TE variants
are not in LD with SNPs. We tested how frequently common TE variants (>3% MAF; see
methods) were linked to adjacent SNPs to determine when they would represent a previously
unassessed source of genetic variation between accessions. SNPs that were previously identi-
fied between the accessions (Schmitz et al., 2013) were compared to the presence/absence
of individual TE variants. For the common TE variants in the population, the nearest flanking
300 SNPs upstream and 300 SNPs downstream of the TE variant site were analyzed for local
linkage disequilibrium (LD, r2; see methods). TE variants were classified as being either “low”,
“mid”, or “high” LD variants by comparing ranked r2 values of TE variant to SNPs against the
median ranked r2 value for all between SNP comparisons (SNP-SNP) to account for regional
variation in the extent of SNP-SNP LD (Figure 2.12A, B) due to recombination rate variation or
selection (Horton et al., 2012). The majority (61%) of common TE variants had low LD with
nearby SNPs, and represent a source of genetic diversity not previously assessed by SNP-
based genotype calling methods (Figure 2.12C). 29% of TE variants displayed high levels of LD
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and are tagged by nearby SNPs, while only 10% had intermediate levels of LD. We observed a
positive correlation between TE variant MAF and LD state, with variants of a high MAF more
often classified as high-LD (Figure 2.12D). While the proportion of TE variants classified as high,
mid, or low-LD was mostly the same for both TE insertions and TE deletions, TE variants with a
high MAF (>20%) that were unable to be classified as either true deletions or as new insertions
had a much higher proportion of high-LD variants (Figure 2.12E). This was consistent with the
observation that the more common alleles were more often in a high-LD state. TE variants
displayed a similar distribution over chromosome 1 regardless of linkage classification (Figure
2.13). Overall, this analysis revealed an abundance of previously uncharacterized genetic
variation that exists amongst Arabidopsis accessions caused by the presence or absence of
TEs, and illustrates the importance of identifying TE variants alongside other genetic diversity
such as SNPs.

2.2.4 TE variants affect gene expression

To determine whether the newly discovered TE variants may affect nearby gene expression, the
steady state transcript abundance within mature leaf tissue was compared between accessions
with and without TE insertions or deletions, for genes with TE variants located in the 2 kb gene
upstream region, 5’ UTR, exons, introns, 3’ UTR or 2 kb downstream region (Figure 2.14A).
While the steady state transcript abundance of most genes appeared to be unaffected by the
presence of a TE, 168 genes displayed significant differences in transcript abundance linked
with the presence of a TE variant, indicating a role for these variants in the local regulation
of gene expression (1% false discovery rate; >2-fold change in transcript abundance; Figure
2.14A). No functional category enrichments in this set of differentially expressed genes were
identified.

As rare TE variants may also be associated with a difference in transcript abundance, but
were unable to be statistically tested due to their rarity, a burden test for enrichment of rare
variants in the extremes of expression was performed (Zhao et al., 2016). Briefly, this method
counts the frequency of rare variants within each gene expression rank in the population, and
aggregates this information over the entire population to determine whether an enrichment of
rare variants exists within the gene expression extremes for the population. A strong enrichment
for gene expression extremes was observed for TE variants in all gene features tested (Figure
2.14B). While TE variants in gene upstream regions showed a strong enrichment of both high
and low gene expression ranks, TE variants in exons or gene downstream regions were more
skewed towards low expression ranks than high ranks. Randomization of the accession names
removed these enrichments completely (Figure 2.15), and there was little difference between
TE insertions and TE deletions in the gene expression rank enrichments found. This rare
variant analysis further indicates that TE variants may alter the transcript abundance of nearby
genes, with TE variants in exons or gene downstream regions being mostly associated with
gene downregulation, whereas TE variants in gene upstream regions appear to be associated
with gene activation and gene repression equally often.

As both increases and decreases in transcript abundance of nearby genes were observed for
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Figure 2.12: Patterns of TE-SNP linkage. (A) r2 correlation matrices for individual representa-
tive high and low-LD TE variants showing the background level of SNP-SNP linkage. (B) Rank
order plots for individual representative high and low-LD TE variants (matching those shown
in A). Red line indicates the median r2 value for each rank across SNP-based values. Blue
line indicates r2 values for TE-SNP comparisons. Grey lines indicate all individual SNP-SNP
comparisons. (C) Histogram of the number of TE r2 ranks (0-600) that are above the SNP-based
median r2 value for common TE variants. (D) Boxplots showing distribution of minor allele
frequencies for each LD category. Boxes represent the interquartile range (IQR) from quartile
1 to quartile 3. Boxplot upper whiskers represent the maximum value, or the upper value of
the quartile 3 plus 1.5 times the IQR (whichever is smaller). Boxplot lower whisker represents
the minimum value, or the lower value of the quartile 1 minus 1.5 times the IQR (whichever is
larger). (E) Proportion of TE insertions, TE deletions, and unclassified TE variants in each LD
category.

Figure 2.13: Distribution of TE variants across chromosome 1 for each LD category
(high, mid, low).
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Figure 2.14: Differential transcript abundance associated with TE variant pres-
ence/absence. (A) Transcript abundance differences for genes associated with TE insertion
variants at different positions, indicated in the plot titles. Genes with significantly different
transcript abundance in accessions with a TE insertion compared to accessions without a TE
insertion are colored blue (lower transcript abundance in accessions containing TE insertion) or
red (higher transcript abundance in accessions containing TE insertion). Vertical lines indicate
±2 fold change in FPKM. Horizontal line indicates the 1% false discovery rate. (B) Relationship
between rare TE variant counts and gene expression rank. Cumulative number of rare TE
variants in equal-sized bins for gene expression ranks, from the lowest-ranked accession (left)
to the highest-ranked accession (right). Lines indicate the fit of a quadratic model.

Figure 2.15: Relationship between rare TE variants and gene expression rank as for
Figure 2.14B for permuted TE variants.
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TE variants within each gene feature, it appears to be difficult to predict the impact that a TE
variant may have on nearby gene expression based on TE insertion position alone. Furthermore,
gene-level transcript abundance measurements may fail to identify potential positional effects
of TE variants upon transcription. To more closely examine changes in transcript abundance
associated with TE variants among the accessions, we inspected a subset of TE variant sites
and identified TE variants that appear to have an impact on transcriptional patterns beyond
simply a change in total transcript abundance of a nearby gene. For example, the presence of
a TE insertion within an exon of AtRLP18 (AT2G15040) was associated with truncation of the
transcripts at the TE insertion site in accessions possessing the TE variant, as well as silencing
of a downstream gene encoding a leucine-rich repeat protein (AT2G15042) (Figure 2.16A, B).

Both genes had significantly lower transcript abundance in accessions containing the TE
insertion (p < 5.8 x 10-10, Mann-Whitney U test). As four accessions that were predicted to
contain the TE insertion within AtRLP18 appeared to have the non-insertion RNA expression
pattern (Figure 2.16A), we performed additional PCR validations on two of these four accessions,
as well as two accessions with truncated RNA expression. These validations showed that
the accessions predicted to contain the TE insertion but also expressing AtRLP18 were false
positive calls (Figure 2.17). However, the false positive rate for this site (~3%) was still lower
than our global estimate for TEPID. AtRLP18 has been reported to be involved in bacterial
resistance, with the disruption of this gene by T-DNA insertion mediated mutagenesis resulting
in increased susceptibility to the bacterial plant pathogen Pseudomonas syringae (Wang
et al., 2008). Examination of pathogen resistance phenotype data (Aranzana et al., 2005)
revealed that accessions containing the TE insertion in the AtRLP18 exon were more often
sensitive to infection by Pseudomonas syringae transformed with avrPpH3 genes (Figure
2.16C). This suggests that the accessions containing this TE insertion within AtRLP18 may
have an increased susceptibility to certain bacterial pathogens.

Some TE variants were also associated with increased expression of nearby genes. For exam-
ple, the presence of a TE within the upstream region of a gene encoding a pentatricopeptide
repeat (PPR) protein (AT2G01360) was associated with higher transcript abundance of this
gene (Figure 2.16D, E). Transcription appeared to begin at the TE insertion point, rather than
the transcriptional start site of the gene (Figure 2.16D). Accessions containing the TE insertion
had significantly higher AT2G01360 transcript abundance than the accessions without the TE
insertion (p < 1.8 x 10-7, Mann-Whitney U test). The apparent transcriptional activation, linked
with the presence of a TE belonging to the HELITRON1 family, indicates that this element may
carry regulatory information that alters the expression of genes downstream of the TE insertion
site. Importantly, this variant was classified as a low-LD TE insertion, as it is not in LD with
surrounding SNPs, and therefore the associated changes in gene transcript abundance would
not be linked to genetic differences between the accessions using only SNP data. This TE
variant was also upstream of QPT (AT2G01350), involved in NAD biosynthesis (Katoh et al.,
2006), which did not show alterations in transcript abundance associated with the presence of
the TE insertion, indicating a potential directionality of regulatory elements carried by the TE
(Figure 2.16D, E). This TE insertion occurred at the border of a non-syntenic block of genes
thought to be a result of a transposition event in Arabidopsis (Freeling et al., 2008). This
transposition event likely predates the TE insertion discovered here, and it is interesting that
multiple transposition events appear to have occurred in close proximity in the genome. Overall,
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Figure 2.16: Effects of TE variants on local gene expression. (A) Genome browser repre-
sentation of RNA-seq data for genes AtRLP18 (AT2G15040) and a leucine-rich repeat family
protein (AT2G15042). All accessions predicted to contain the TE insertion are shown. Inset
shows magnified view of the TE insertion site for two accessions. (B) AtRLP18 and AT2G15042
RNA-seq FPKM values for all accessions. (C) Percentage of accessions with resistance to
Pseudomonas syringae transformed with different avr genes, for accessions containing or not
containing a TE insertion in AtRLP18. (D) Genome browser representation of RNA-seq data
for a PPR protein-encoding gene (AT2G01360) and QPT (AT2G01350), showing transcript
abundance for these genes in accessions containing a TE insertion variant in the upstream
region of these genes, as well as in Col-0. (E) RNA-seq FPKM values for QPT and a gene
encoding a PPR protein (AT2G01360), for all accessions. Note that scales are different for
the two heatmaps shown in E, due to the higher transcript abundance of QPT compared to
AT2G01360. Scale maximum for AT2G01350 is 3.1 x 105, and for AT2G01360 is 5.9 x 104.
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Figure 2.17: PCR validations for a TE insertion within the AtRLP18 gene. Zdr-1, Uod-1,
Amel-1 and Fi-0 were all predicted to contain the TE insertion at this locus, but only Amel-1,
Fi-0 and Col-0 expressed the AtRLP18 gene.

these examples demonstrate that TE variants can have unpredictable, yet important, effects
on the expression of nearby genes, and these effects may be missed by studies focused on
genetic variation at the level of SNPs.

2.2.5 TE variants explain many DNA methylation differences between
accessions

As TEs are frequently highly methylated in Arabidopsis (Zhang et al., 2006; Zilberman et al.,
2007; Cokus et al., 2008; Lister et al., 2008), the DNA methylation state surrounding TE variant
sites was assessed to determine whether TE variants might be responsible for differences in
DNA methylation patterns previously observed between the wild accessions (Schmitz et al.,
2013). TE variants were often physically close to DMRs (Figure 2.18A). Furthermore, C-DMRs
were more often close to a TE variant than expected, whereas CG-DMRs were rarely close to
TE insertions or TE deletions (Table 2.3). Again, this was expected as DNA methylation solely
in the CG context is associated with gene bodies, whereas DNA methylation in all contexts is
associated with TEs. Overall, 54% of the 13,482 previously reported population C-DMRs were
located within 1 kb of a TE variant (predominantly TE insertions), while only 15% of CG-DMRs
were within 1 kb of a TE variant (Table 2.3). For C-DMRs, this was significantly more than
expected by chance, while it was significantly less than expected for CG-DMRs (p < 1 x 10-4,
determined by resampling 10,000 times). Of the C-DMRs that were not close to a TE variant,
3,701 (27% of all C-DMRs) were within 1 kb of a non-variable TE. Thus, 81% of C-DMRs are
within 1 kb of a TE when considering both fixed and variable TEs in the population. Of the
remaining 19% of C-DMRs, most were found in genes or intergenic regions.

To determine whether DMR methylation levels were associated with the presence/absence
of nearby TE variants, Pearson correlation coefficients were calculated between the DNA
methylation level at each C- or CG-DMR and the presence/absence of the nearest TE variant,
to produce a numerical estimate of the association between TE presence/absence and DNA
methylation level at the nearest DMR. Further analysis showed that for C-DMRs the strength of
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Figure 2.18: TE variants are associated with nearby DMR methylation levels. (A) Distribu-
tion of distances from TE variants to the nearest population DMR, for TE deletions and TE
insertions, C-DMRs and CG-DMRs. (B) Pearson correlation between DMR DNA methylation
level and TE presence/absence, for all DMRs and their closest TE variant, versus the distance
from the DMR to the TE variant (log scale). Blue lines show a linear regression between the
correlation coefficients and the log10 distance to the TE variant. (C) Empirical cumulative
distribution of Pearson correlation coefficients between TE presence/absence and DMR methy-
lation level for TE insertions, TE deletions, C-DMRs and CG-DMRs. The Kolmogorov–Smirnov
statistic is shown in each plot, indicated by D. (D) Relationship between rare TE variant counts
and nearby DMR DNA methylation level ranks, for TE insertions, deletions, C-DMRs, and
CG-DMRs. Plot shows the cumulative number of rare TE variants in equal-sized bins of DMR
methylation level ranks, from the lowest ranked accession (left) to the highest ranked accession
(right). Lines indicate the fit of a quadratic model, and the corresponding R2 and p values are
shown in each plot.
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Table 2.3: Percentage of DMRs within 1 kb of a TE variant

C-DMRs CG-DMRs

TEPAV Observed Expected 95% CI Observed Expected 95% CI
TE deletions 17.0 16.0 0.0079 4.1 16.0 0.004
TE insertions 28.0 26.0 0.0088 9.1 26.0 0.0047
NA calls 8.7 6.2 0.0053 1.6 6.2 0.0027
Total 54.0 48.0 0.01 15.0 48.0 0.0054

Figure 2.19: DNA methylation levels at DMRs near or far from TE variants. (A) DNA
methylation density distribution at C-DMRs within 1 kb of a TE variant (TE-DMRs) or further
than 1 kb from a TE variant (non-TE-DMRs), in the presence or absence of the TE, for TE
insertions and TE deletions. (B) As for A, for CG-DMRs.

this association was dependent on the distance from the C-DMR to the TE insertion, whereas
this was not true for CG-DMRs or TE deletions (Figure 2.18B, 2.19). This suggested a distance-
dependent effect of TE insertion on C-DMR methylation. DNA methylation levels at C-DMRs
located within 1 kb of a TE insertion (TE-DMRs) were more often positively correlated with
the presence of a TE insertion than the DNA methylation levels at C-DMRs further than 1
kb from a TE insertion (non-TE-DMRs). This was evident from the distribution of correlation
coefficients for non-TE-DMRs being centred around zero, whereas for TE-DMRs this distribution
was skewed to the right (Figure 2.18C, D=0.24). For TE deletions, such a difference was not
observed in the distributions of correlation coefficients between TE-DMRs and non-TE-DMRs,
nor for CG-DMRs and their nearby TE insertions or deletions (Figure 2.18C, D=0.07-0.10).
These results strongly suggest a relationship between the presence of a TE insertion and
formation of a nearby C-DMR.

As the above correlations between TE presence/absence and DMR methylation level rely on the
TE variants having a sufficiently high MAF, this precludes analysis of the effect of rare variants
on DMR methylation levels. To determine the effect that these rare TE variants may have on
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Figure 2.20: Cumulative number DMR methylation level ranks for DMRs near rare TE
variants with accessions selected at random. Lines indicate the fit of a quadratic model,
and the corresponding R2 and p values are shown in each plot.

DMR methylation levels, a burden test for enrichment of DMR methylation extremes at TE-DMRs
was performed, similar to the analysis undertaken to test the effect of rare variants on gene
expression. A strong enrichment was observed for high C-DMR and CG-DMR methylation level
ranks for TE insertions, while TE deletions were associated with both high and low extremes
of DNA methylation levels at C-DMRs, and less so at CG-DMRs (Figure 2.18D). This further
indicates that the presence of a TE insertion is associated with higher C-DMR methylation
levels, while TE deletions appear to have more variable effects on DMR methylation levels.
This enrichment was completely absent after repeating the analysis with randomized accession
names (Figure 2.20). A slight enrichment was also observed for low DMR methylation ranks for
TE insertions near CG-DMRs, indicating that the insertion of a TE was sometimes associated
with reduced CG methylation in nearby regions (<1 kb from the TE). Closer examination of
these TE insertions revealed that some TE insertions were associated with decreased transcript
abundance of nearby genes, with a corresponding loss of gene body methylation, offering a
potential explanation for the decreased CG methylation observed near some TE insertions
(Figure 2.21).

To further assess the effects of TE variants upon local DNA methylation patterns, the levels of
methylation were examined in regions flanking all TE variants regardless of the presence or
absence of a population DMR call. While DNA methylation levels around pericentromeric TE
insertions and deletions (<3 Mb from a centromere) seemed to be unaffected by the presence of
a TE insertion (Figure 2.22A), TE insertions in the chromosome arms were associated with an
increase in DNA methylation levels in all sequence contexts (Figure 2.22A, B). In contrast, TE
deletions in the chromosome arms did not affect patterns of DNA methylation, as the flanking
methylation level in all contexts appeared to remain high following deletion of the TE (Figure
2.22A, C). As the change in DNA methylation levels around most TE variant sites appeared
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Figure 2.21: Selected examples of TE insertions apparently associated with transcrip-
tional downregulation of nearby genes and loss of gene body CG methylation leading
to the formation of a CG-DMR.
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to be restricted to regions <200 bp from the insertion site, DNA methylation levels in 200
bp regions flanking TE variants were correlated with the presence/absence of TE variants.
DNA methylation levels were often positively correlated with the presence of a TE insertion
when the insertion was distant from a centromere (Figure 2.22D). TE deletions were more
variably correlated with local DNA methylation levels, but also showed a bias towards positive
correlations for TE deletions distant from the centromeres. However, for TE variants in the
chromosome arms the mean correlation between TE insertions and flanking DNA methylation
was significantly higher than the mean correlation between TE deletions and flanking DNA
methylation (Mann-Whitney U test, p < 0.002). As methylome data was available for both
leaf and bud tissue for 12 accessions, this analysis was repeated comparing between tissue
types, but no differences were observed in the patterns of methylation surrounding TE variant
sites between the two tissues (Figure 2.23). This suggests that the effect of TE variants upon
patterns of DNA methylation may be tissue-independent.

These results indicate that local DNA methylation patterns are influenced by the differential
TE content between genomes, and that the DNA methylation-dependent silencing of TEs
may frequently lead to the formation of DMRs between wild Arabidopsis accessions. TE
insertions appear to be important in defining local patterns of DNA methylation, while DNA
methylation levels often remain elevated following a TE deletion, and so are independent from
the presence or absence of TEs in these cases. Importantly, the distance from a TE insertion
to the centromere appears to have a strong impact on whether an alteration of local DNA
methylation patterns will occur. This is likely due to flanking sequences being highly methylated
in the pericentromeric regions, and so the insertion of a TE cannot further increase levels
of DNA methylation. Overall, a large fraction of the population C-DMRs previously identified
between wild accessions are correlated with the presence of local TE variants. CG-DMR
methylation levels appear to be mostly independent from the presence/absence of common TE
variants, while rare TE variants have an impact on DNA methylation levels at both C-DMRs and
CG-DMRs, perhaps due to their more frequent occurrence within the chromosome arms, closer
to genes and where CG-DMRs are more abundant (Figure 2.7A).

2.2.6 Genome-wide association scan highlights distant and local con-
trol of DNA methylation

To further investigate the effects of TE variants upon local and distant DNA methylation levels
in the genome, an association scan was conducted for all common TE variants (>3% MAF)
and all population C-DMRs for the 124 accessions with both DNA methylation and TE variant
data available. To test the significance of each pairwise correlation, bootstrap p-value estimates
were collected based on 500 permutations of accession labels. TE-DMR associations were
deemed significant if they had an association more extreme than all 500 permutations (p <
1/500). A band of significant associations was observed for TE insertions and their nearby
C-DMRs, signifying a local association between TE insertion presence/absence and C-DMR
methylation (Figure 2.24A). This local association was not as strong for TE deletions (Figure
2.24B), consistent with our above findings. While TE variants and DNA methylation showed
a local association, it is also possible that TE variation may influence DNA methylation states
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Figure 2.22: Local patterns of DNA methylation surrounding TE variant sites. (A) DNA
methylation levels in 200 bp bins flanking TE variant sites, ±2 kb from the TE insertion point.
TE variants were grouped into pericentromeric variants (<3 Mb from a centromere) or variants
in the chromosome arms (>3 Mb from a centromere). (B) DNA methylation level in each
sequence context for TE insertion sites, ±2 kb from the TE insertion point. (C) As for B, for TE
deletions. (D) Distribution of Pearson correlation coefficients between TE presence/absence
and DNA methylation levels in the 200 bp regions flanking TE variant, ordered by distance to
the centromere.
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Figure 2.23: DNA methylation levels in 200 bp bins flanking TE variant sites in the 12
accessions with DNA methylation data for both leaf and bud tissue, ±2 kb from the
TE insertion point. TE variants were grouped into pericentromeric variants (<3 Mb from a
centromere) or variants in the chromosome arms (>3 Mb from a centromere).
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Figure 2.24: Association scan between TE variants and C-DMR methylation variation.
(A) Significant correlations between TE insertions and C-DMR DNA methylation level. Points
show correlations between individual TE-DMR pairs that were more extreme than all 500
permutations of the DMR data. Top plots show the total number of significant correlations for
each TE insertion across the whole genome. (B) As for (A), for TE deletions.

more broadly in the genome, perhaps through production of trans-acting smRNAs or inactivation
of genes involved in DNA methylation establishment or maintenance. To identify any potential
enrichment of C-DMRs regulated in trans, the total number of significant associations was
summed for each TE variant across the whole genome (Figure 2.24A and B, top panels). At
many sites, far more significant associations were found than expected due to the false positive
rate alone. This suggested the existence of many putative trans associations between TE
variants and genome-wide C-DMR methylation levels. These C-DMRs that appeared to be
associated with a TE insertion in trans were further examined, checking for TE insertions near
these C-DMRs that were present in the same accessions as the trans associated TE, as these
could lead to a false trans association. These were extremely rare, with only 4 such cases for
TE insertions, and 38 cases for TE deletions, and so were unable to explain the high degree
of trans associations found. Overall, this suggests that certain TE variants may affect DNA
methylation levels more broadly in the genome, as their effects upon DNA methylation are not
necessarily limited to nearby DNA sequences.

2.3 Discussion

Here we have discovered widespread differential TE content between wild Arabidopsis acces-
sions, and explored the impact of these variants upon transcription and DNA methylation at
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the level of individual accessions. Most TE variants were due to the de novo insertion of TEs,
while a smaller subset was likely due to the deletion of ancestral TE copies, mostly around the
pericentromeric regions. A subset (32%) of TE variants with a minor allele frequency above
3% were able to be tested for linkage with nearby SNPs. The majority of these TE variants
exhibited only low levels of LD with nearby SNPs, indicating that they represent genetic variants
currently overlooked in genomic studies. A marked depletion of TE variants within gene bodies
and DNase I hypersensitivity sites (putative regulatory regions) is consistent with the more
deleterious TE insertions being removed from the population through selection. Of those TE
variants found in gene bodies, TE deletions were overrepresented, indicating that the loss of
ancestral TEs inserted within genes may be more frequent, or perhaps less deleterious, than
the de novo insertion of TEs into genes.

A previous study focused on recent TE insertions in the Arabidopsis population (Quadrana
et al., 2016), thus the extensive variation between accessions due to older TE insertions or TE
deletions has not been explored. We identified clear cases where TE variants appear to have
an effect upon gene expression, both in the disruption of transcription and in the spreading or
disruption of regulatory information leading to the transcriptional activation of genes, indicating
that these TE variants can have important consequences upon the expression of protein coding
genes (Figure 2.16). In one case, these changes in gene expression could be linked with
phenotypic changes, with accessions containing a TE insertion more frequently sensitive to
bacterial infection. Further experiments will be needed to establish a causal link between
this TE insertion and the associated phenotype. An analysis of rare TE variants, present at
a low MAF, further strengthened this relationship between TE presence/absence and altered
transcript abundance, as a strong enrichment of rare TE variants in accessions with extreme
gene expression ranks in the population was identified. Therefore, the effects of TE insertions
appear to be long-lasting, as there was little difference between common (old) and rare (young)
variants in the impact upon gene expression (Figure 2.14).

Perhaps most importantly, we provide evidence that differential TE content between genomes of
Arabidopsis accessions underlies a large fraction of the previously reported population C-DMRs.
Thus, the frequency of pure epialleles, independent of underlying genetic variation, may be
even more rare than previously anticipated (Richards, 2006). Overall, 81% of all C-DMRs
were within 1 kb of a TE, when considering both fixed and variable TEs in the population. We
did not find evidence of CG-DMR methylation, associated with gene bodies, being altered by
the presence of common TE variants. However, rare TE variants may be more important in
shaping patterns of DNA methylation at some CG-DMRs, perhaps due to their higher frequency
in regions close to genes. The level of local DNA methylation changes associated with TE
variants was also related to the distance from a TE variant to the centromere, with variants in
the chromosome arms being more strongly correlated with DNA methylation levels. This seems
to be due to a higher baseline level of DNA methylation at the pericentromeric regions, which
prevent any further increase in DNA methylation level following insertion of a TE. Furthermore,
we found an important distinction between TE insertions and TE deletions in the effect that
these variants have on nearby DNA methylation levels. While flanking DNA methylation levels
increase following a TE insertion, the deletion of an ancestral TE was often not associated
with a corresponding decrease in flanking DNA methylation levels (Figure 2.22). This indicates
that high levels of DNA methylation, once established, may be maintained in the absence of
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the TE insertion that presumably triggered the original change in DNA methylation level. It is
then possible that TE variants explain more of the inter-accession variation in DNA methylation
patterns than we find direct evidence for, if some C-DMRs were formed by the insertion of an
ancestral TE that is now absent in all the accessions analysed here. These DMRs would then
represent the epigenetic “scars” of past TE insertions.

Finally, a genome-wide scan of common TE variant association with C-DMR methylation levels
provides further evidence of a strong local association between TE insertion presence/absence
and C-DMR methylation level (Figure 2.24). The identification of some TE variants that appeared
to be associated with changes in DNA methylation levels at multiple loci throughout the genome
indicates possible trans regulation of DNA methylation state linked to specific TE variants.
Further experiments will be required to confirm and examine the role of these TE variants
in determining genome-wide patterns of DNA methylation. Overall, our results show that
TE presence/absence variants between wild Arabidopsis accessions not only have important
effects on nearby gene expression, but can also have a role in determining local patterns of
DNA methylation, and explain many regions of differential DNA methylation previously observed
in the population.

2.4 Methods

2.4.1 TEPID development

2.4.1.1 Mapping

FASTQ files are mapped to the reference genome using the tepid-map algorithm (Figure 2.1).
This first calls bowtie2 (Langmead and Salzberg, 2012) with the following options: --local,
--dovetail, --fr, -R5, -N1. Soft-clipped and unmapped reads are extracted using Samblaster
(Faust and Hall, 2014), and remapped using the split read mapper Yaha (Faust and Hall, 2012),
with the following options: -L 11, -H 2000, -M 15, -osh. Split reads are extracted from the
Yaha alignment using Samblaster (Faust and Hall, 2014). Alignments are then converted to
bam format, sorted, and indexed using samtools (Li et al., 2009).

2.4.1.2 TE variant discovery

The tepid-discover algorithm examines mapped bam files generated by the tepid-map step
to identify TE presence/absence variants with respect to the reference genome. Firstly, mean
sequencing coverage, mean library insert size, and standard deviation of the library insert
size is estimated. Discordant read pairs are then extracted, defined as mate pairs that map
more than 4 standard deviations from the mean insert size from one another, or on separate
chromosomes.
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To identify TE insertions with respect to the reference genome, split read alignments are first
filtered to remove reads where the distance between split mapping loci is less than 5 kb, to
remove split reads due to small indels, or split reads with a mapping quality (MAPQ) less
than 5. Split and discordant read mapping coordinates are then intersected using pybedtools
(Dale et al., 2011; Quinlan and Hall, 2010) with the Col-0 reference TE annotation, requiring
80% overlap between TE and read mapping coordinates. To determine putative TE insertion
sites, regions are then identified that contain independent discordant read pairs aligned in an
orientation facing one another at the insertion site, with their mate pairs intersecting with the
same TE (Figure 2.1). The total number of split and discordant reads intersecting the insertion
site and the TE is then calculated, and a TE insertion predicted where the combined number
of reads is greater than a threshold determined by the average sequencing depth over the
whole genome (1/10 coverage if coverage is greater than 10, otherwise a minimum of 2 reads).
Alternatively, in the absence of discordant reads mapped in orientations facing one another, the
required total number of split and discordant reads at the insertion site linked to the inserted TE
is set higher, requiring twice as many reads.

To identify TE absence variants with respect to the reference genome, split and discordant
reads separated >20 kb from one another are first removed, as 99.9% of Arabidopsis TEs are
shorter than 20 kb, and this removes split reads due to larger structural variants not related to
TE diversity (Figure 2.9). Col-0 reference annotation TEs that are located within the genomic
region spanned by the split and discordant reads are then identified. TE absence variants are
predicted where at least 80% of the TE sequence is spanned by a split or discordant read, and
the sequencing depth within the spanned region is <10% the sequencing depth of the 2 kb
flanking sequence, and there are a minimum number of split and discordant reads present,
determined by the sequencing depth (1/10 coverage; Figure 2.1). A threshold of 80% TE
sequence spanned by split or discordant reads is used, as opposed to 100%, to account for
misannotation of TE sequence boundaries in the Col-0 reference TE annotation, as well as
TE fragments left behind by DNA TEs during cut-paste transposition (TE footprints) that may
affect the mapping of reads around annotated TE borders (Plasterk, 1991). Furthermore, the
coverage within the spanned region may be more than 10% that of the flanking sequence,
but in such cases twice as many split and discordant reads are required. If multiple TEs are
spanned by the split and discordant reads, and the above requirements are met, multiple TEs
in the same region can be identified as absent with respect to the reference genome. Absence
variants in non-Col-0 accessions are subsequently recategorized as TE insertions present in
the Col-0 genome but absent from a given wild accession.

2.4.1.3 TE variant refinement

Once TE insertions are identified using the tepid-map and tepid-discover algorithms, these
variants can be refined if multiple related samples are analysed. The tepid-refine algorithm
is designed to interrogate regions of the genome in which a TE insertion was discovered in
other samples but not the sample in question, and check for evidence of that TE insertion in
the sample using lower read count thresholds compared to the tepid-discover step. In this
way, the refine step leverages TE variant information for a group of related samples to reduce
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false negative calls within the group. This distinguishes TEPID from other similar methods
for TE variant discovery utilizing short sequencing reads. A file containing the coordinates of
each insertion, and a list of sample names containing the TE insertion must be provided to
the tepid-refine algorithm, which this can be generated using the merge_insertions.py
script included in the TEPID package. Each sample is examined in regions where there was
a TE insertion identified in another sample in the group. If there is a sequencing breakpoint
within this region (no continuous read coverage spanning the region), split reads mapped to
this region will be extracted from the alignment file and their coordinates intersected with the
TE reference annotation. If there are split reads present at the variant site that are linked to
the same TE as was identified as an insertion at that location, this TE insertion is recorded in
a new file as being present in the sample in question. If there is no sequencing coverage in
the queried region for a sample, an “NA” call is made indicating that it is unknown whether the
particular sample contains the TE insertion or not.

While the above description relates specifically to use of TEPID for identification of TE variants
in Arabidopsis in this study, this method can be also applied to other species, with the only
prerequisite being the annotation of TEs in a reference genome and the availability of paired-end
DNA sequencing data.

2.4.1.4 TE variant simulation

To test the sensitivity and specificity of TEPID, 100 TE insertions (50 copy-paste transpositions,
50 cut-paste transpositions) and 100 TE absence variants were simulated in the Arabidopsis
genome using the RSVSim R package, version 1.7.2 (Bartenhagen and Dugas, 2013), and
synthetic reads generated from the modified genome at various levels of sequencing coverage
using wgsim (Li et al., 2009) (https://github.com/lh3/wgsim). These reads were then used to
calculate the true positive, false positive, and false negative TE variant discovery rates for
TEPID at various sequencing depths, by running tepid-map and tepid-discover using the
simulated reads with the default parameters (Figure 2.2).

2.4.2 Estimation of sensitivity

Previously published 100 bp paired end sequencing data for Ler (http://1001genomes.org/data/
MPI/MPISchneeberger2011/releases/current/Ler-1/Reads/; Schneeberger et al. (2011)) was
downloaded and analyzed with the TEPID package to identify TE variants. Reads providing
evidence for TE variants were then mapped to the de novo assembled Ler genome (Chin
et al., 2013). To determine whether reads mapped to homologous regions of the Ler and Col-0
reference genome, the de novo assembled Ler genome sequence between mate pair mapping
locations in Ler were extracted, with repeats masked using RepeatMasker with RepBase-
derived libraries and the default parameters (version 4.0.5, http://www.repeatmasker.org). A
blastn search was then conducted against the Col-0 genome using the following parameters:
-max-target-seqs 1, -evalue 1e-6 (Camacho et al., 2009). Coordinates of the top blast
hit for each read location were then compared with the TE variant sites identified using those
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reads. To estimate false negative rates for TEPID TE absence calls, Ler TE absence calls were
compared with a known set of Col-0-specific TE insertions, absent in Ler (Quadrana et al.,
2016). For TEPID TE insertion calls, we mapped Col-0 DNA sequencing reads (Jiang et al.,
2014) to the Ler PacBio assembly, and identified sites with read evidence reaching the TEPID
threshold for a TE insertion call to be made.

2.4.3 Arabidopsis TE variant discovery

We ran TEPID, including the insertion refinement step, on previously published sequencing
data for 216 different Arabidopsis populations (NCBI SRA SRA012474; Schmitz et al. (2013)),
mapping to the TAIR10 reference genome and using the TAIR9 TE annotation. The --mask
option was set to mask the mitochondrial and plastid genomes. We also ran TEPID using
previously published transgenerational data for salt stress and control conditions (NCBI SRA
SRP045804; Jiang et al. (2014)), again using the --mask option to mask mitochondrial and
plastid genomes, and the --strict option for highly related samples.

2.4.4 TE variant / SNP comparison

SNP information for 216 Arabidopsis accessions was obtained from the 1001 genomes data
center (http://1001genomes.org/data/Salk/releases/2013_24_01/; Schmitz et al. (2013)). This
was formatted into reference (Col-0 state), alternate, or NA calls for each SNP. Accessions with
both TE variant information and SNP data were selected for analysis. Hierarchical clustering of
accessions by SNPs as well as TE variants were used to identify essentially clonal accessions,
as these would skew the SNP linkage analysis. A single representative from each cluster of
similar accessions was kept, leading to a total of 187 accessions for comparison. For all other
analyses, the full set of accessions were used in order to maximize sample sizes. For each
TE variant with a minor allele frequency greater than 3% (>5 accessions for the SNP linkage
analysis), the nearest 300 upstream and 300 downstream SNPs with a minor allele frequency
greater than 3% were selected. Pairwise genotype correlations (r2 values) for all complete
cases were obtained for SNP-SNP and SNP-TE variant states. r2 values were then ordered
by decreasing rank and a median SNP-SNP rank value was calculated. For each of the 600
ranked surrounding positions, the number of times the TE rank was greater than the SNP-SNP
median rank was calculated as a relative LD metric of TE to SNP. TE variants with less than
200 ranks over the SNP-SNP median were classified as low-LD insertions. TE variants with
ranks between 200 and 400 were classified as mid-LD, while TE variants with greater than 400
ranks above their respective SNP-SNP median value were classified as variants in high LD with
flanking SNPs.
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2.4.5 PCR validations

2.4.5.1 Selection of accessions to be genotyped

To assess the accuracy of TE variant calls in accessions with a range of sequencing depths of
coverage, we grouped accessions into quartiles based on sequencing depth of coverage and
randomly selected a total of 14 accessions for PCR validations from these quartiles. DNA was
extracted for these accessions using Edward’s extraction protocol (Edwards et al., 1991), and
purified prior to PCR using AMPure beads.

2.4.5.2 Selection of TE variants for validation and primer design

Ten TE insertion sites and 10 TE absence sites were randomly selected for validation by PCR
amplification. Only insertions and absence variants that were variable in at least two of the
fourteen accessions selected to be genotyped were considered. For insertion sites, primers
were designed to span the predicted TE insertion site. For TE absence sites, two primer
sets were designed; one primer set to span the TE, and another primer set with one primer
annealing within the TE sequence predicted to be absent, and the other primer annealing in the
flanking sequence (Figure 2.4). Primer sequences were designed that did not anneal to regions
of the genome containing previously identified SNPs in any of the 216 accessions (Schmitz
et al., 2013) or small insertions and deletions, identified using lumpy-sv with the default settings
(Layer et al., 2014) (https://github.com/arq5x/lumpy-sv), had an annealing temperature close
to 52ºC calculated based on nearest neighbor thermodynamics (MeltingTemp submodule in
the SeqUtils python module; Cock et al. (2009)), GC content between 40% and 60%, and
contained the same base repeated not more than four times in a row. Primers were aligned to
the TAIR10 reference genome using bowtie2 (Langmead and Salzberg, 2012) with the -a flag
set to report all alignments, and those with more than 5 mapping locations in the genome were
then removed.

2.4.5.3 PCR

PCR was performed with 10 ng of purified Arabidopsis DNA using Taq polymerase. PCR
products were analysed by agarose gel electrophoresis. Col-0 was used as a positive control,
water was added to reactions as a negative control.

2.4.6 mRNA analysis

Processed mRNA data for 144 wild Arabidopsis accessions were downloaded from NCBI
GEO GSE43858 (Schmitz et al., 2013). To find differential gene expression dependent on
TE presence/absence variation, we first removed transposable element genes from the set of
TAIR10 gene models, then filtered TE variants to include only those where the TE variant was
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shared by at least 7 accessions with RNA data available. We then grouped accessions based on
TE presence/absence variants, and performed a Mann-Whitney U test to determine differences
in RNA transcript abundance levels between the groups. We used q-value estimation to correct
for multiple testing, using the R qvalue package v2.2.2 with the following parameters: lambda =
seq(0, 0.6, 0.05), smooth.df = 4 (Storey and Tibshirani, 2003). Genes were defined as
differentially expressed where there was a greater than 2 fold difference in expression between
the groups, with a q-value less than 0.01. Gene ontology enrichment analysis was performed
using PANTHER (http://pantherdb.org).

2.4.7 DNA methylation data analysis

Processed base-resolution DNA methylation data for wild Arabidopsis accessions were down-
loaded from NCBI GEO GSE43857 (Schmitz et al., 2013), and used to construct MySQL tables
in a database.

2.4.8 Rare variant analysis

To assess the effect of rare TE variants on gene expression or DMR DNA methylation levels,
we tested for a burden of rare variants (<3% MAF, <7 accessions) in the population extremes,
essentially as described previously (Zhao et al., 2016). For each rare TE variant near a gene or
DMR, we ranked the gene expression level or DMR DNA methylation level for all accessions in
the population, and tallied the ranks of accessions containing a rare variant. These rank counts
were then binned to produce a histogram of the distribution of ranks. We then fit a quadratic
model to the counts data, and calculated the *R**2* and p-value for the fit of the model.

2.4.9 TE variant and DMR genome-wide association analysis

Accessions were subset to those with both leaf DNA methylation data and TEPID calls. Pairwise
correlations were performed for observed data pairs for each TE variant and a filtered set of
population C-DMRs, with those C-DMRs removed where more than 15% of the accessions
had no coverage. This amounted to a final set of 9,777 C-DMRs. Accession names were then
permuted to produce a randomized dataset, and pairwise correlations again calculated. This
was repeated 500 times to produce a distribution of expected Pearson correlation coefficients
for each pairwise comparison. Correlation values more extreme than all 500 permutations were
deemed significant.
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2.5 Data access

TEPID source code can be accessed at http://doi.org/10.5281/zenodo.167274. Code and
data needed to reproduce this analysis can be found at https://doi.org/10.5281/zenodo.168094.
Source data is available on Dryad (http://dx.doi.org/10.5061/dryad.187b3). A genome browser
displaying all TE variants can be found at http://plantenergy.uwa.edu.au/~lister/annoj/browser_
te_variants.html.
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Chapter 3

Cell type specific patterns of DNA
methylation in the root meristem

The following chapter was published in the journal Nature Plants in 2016, and is presented as it
appeared in the publication.

Kawakatsu T*, Stuart T*, Valdes M*, Breakfield N, Schmitz RJ, Nery JR, et al. Unique cell-type-
specific patterns of DNA methylation in the root meristem. Nature Plants. Nature Publishing
Group; 2016;: 1–8. doi:10.1038/nplants.2016.58

* denotes equal contribution.

3.1 Introduction

DNA methylation is an epigenetic modification of cytosine bases implicated in gene regulation.
In plants, DNA methylation occurs in three distinct cytosine contexts; CG, CHG and CHH, where
H is A, C or T. CG and CHG methylation is stably maintained by DNA METHYLTRANSFERASE
1 (MET1) and CHROMOMETHYLASE 3 (CMT3), respectively. De novo DNA methylation is cat-
alyzed by DOMAINS REARRANGED METHYLTRANSFERASE 2 (DRM2) in all three sequence
contexts, in a process that is guided by 24 nucleotide (nt) small RNA (smRNA), known as
RNA-directed DNA methylation (RdDM) (Law and Jacobsen, 2010; Matzke and Mosher, 2014).
DNA methylation may also be maintained independently of the RdDM pathway through the
concerted action of DECREASED DNA METHYLATION 1 (DDM1) and CHROMOMETHYLASE
2 (CMT2) (Stroud et al., 2014; Zemach et al., 2013). DDM1 functions to displace the linker
histone H1 in heterochromatic regions of the genome, allowing CMT2 access to the DNA, where
it is able to catalyse the methylation of cytosines in the CHG and CHH contexts (Stroud et al.,
2014; Zemach et al., 2013). While DNA methylation can be a stable epigenetic mark, faithfully
maintained over many hundreds of generations (Cubas et al., 1999), dynamic changes in DNA
methylation patterns can be observed over short time scales in response to the environment
(Dowen et al., 2012; Secco et al., 2015), or in different cell types of a single individual (Calarco
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et al., 2012; Ibarra et al., 2012; Pignatta et al., 2014; Slotkin et al., 2009), presumably a result
of differential regulation of the RdDM or CMT2-mediated DNA methylation pathways. Thus,
DNA methylation is a stable but reversible epigenetic modification, and may reflect, or play
an important role in maintaining, cell-type identity. However, further investigation is needed to
characterize the epigenome in distinct cell types in order to investigate the potential role of any
differences.

In Arabidopsis, a major biological role of DNA methylation is in silencing transposable element
(TE) transcription. Loss of DNA methylation due to mutations in DDM1 or MET1 is sufficient for
transcriptional activation of demethylated TE sequences, and transposition of some of these
activated TEs (Mirouze et al., 2009; Tsukahara et al., 2009; Zemach et al., 2013). Although
TE insertions may contribute to novel modes of gene regulation, excess TE activity produces
deleterious mutations, and efficient TE silencing is crucial for the maintenance of genome
integrity. Plants may be most vulnerable to TE activity in the stem cells, as these are the
progenitor cells from which all others derive, and TE insertions within the stem cells will
therefore be inherited by all descendant cells. Indeed, highly complex mechanisms of TE
silencing have been reported in the sperm and embryo. TE silencing in the sperm is thought
to be assisted by 21 nt smRNAs derived from the vegetative cell nucleus, a non-generative
companion to the sperm, and in the developing embryo by endosperm-derived 24 nt smRNAs
(Calarco et al., 2012; Ibarra et al., 2012; Slotkin et al., 2009), indicating that silencing of TEs
may be particularly important in these cells. Plants have stem cell niches at distal axes, known
as the shoot apical meristem (SAM) and root apical meristem (RAM). RdDM factors, DNA
methyltransferases, and DDM1 are all upregulated to reinforce TE silencing in the SAM (Baubec
et al., 2014). While there is some indication that gross levels of DNA methylation may be distinct
in the RAM (Seymour et al., 2014; Widman et al., 2014), patterns of DNA methylation in the RAM
have not been studied at high resolution, and the dynamics of DNA methylation mediated TE
silencing in the RAM are so far unexplored. Here we describe comprehensive DNA methylation
and transcriptome profiling of six distinct cell types of the Arabidopsis RAM, revealing unique
cell-type specific characteristics of DNA methylation and the machinery responsible for shaping
the methylome.

3.2 Results

3.2.1 Columella is the most CHH hypermethylated cell type in Arabidop-
sis

To investigate patterns of DNA methylation in different plant cell types, we used protoplasting
followed by fluorescence activated cell sorting (FACS) of cell populations marked by green
fluorescent protein (GFP) in a range of reporter lines. These lines represent the major cell
types or tissues in the root: epidermis (ProWER:GFP), cortex (ProCOR:GFP), endodermis
(ProSCR:GFP), stele (ProWOL:GFP), whole columella root cap (PET111 enhancer trap line),
and lower columella (ProCYCD5:GFP) (Figure 2.1A). Two independently generated reporter
lines were analyzed for the endodermis. Following isolation of highly enriched populations of
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each cell type, we generated single-base resolution maps of cytosine methylation by whole
genome bisulfite sequencing, and transcriptome profiles by RNA-seq and smRNA-seq (Figure
3.1B and Table 5.1, 5.2, 5.3). Analysis of global levels of DNA methylation in the six cell
populations revealed that methylation in all sequence contexts (mCG, mCHG, mCHH) were
higher in the columella, with dramatically increased levels of mCHH (Fig. 3.2C). Comparison
with previously published Arabidopsis methylomes showed that mCHH levels in the columella
are higher than in any other tissue or cell type analyzed to date (Calarco et al., 2012; Ibarra
et al., 2012) (Fig. 3.2C). The enrichment of mCHH in the columella was the most pronounced
in the pericentromeric regions of the chromosome (Fig. 3.2D). Whole root tips from the PET111
transgenic line, as well as from Col-0, showed similar patterns and levels of mC as the non-
columella cell types (Fig. 3.2C and D), indicating that the differences observed in the columella
cell populations were due to cell type, and not a widespread perturbation of DNA methylation in
the transgenic lines used for cell isolation.

3.2.2 Columella hypermethylation is the major source of widespread dif-
ferential DNA methylation in the root meristem

To further investigate the large differences in DNA methylation patterns, we identified differen-
tially methylated regions (DMRs) in the genome between the cell types. With a target false
discovery rate of 5%, we identified 38,307 DMRs between the different cell types (Figure 3.3A).
Of these, 13.6% (5,225) were differentially methylated only in the CG context (CG-DMRs), while
82.9% (31,761) were differentially methylated only in the CH context (CH-DMRs) (Figure 3.3A).
Regions differentially methylated in both the CG and CH context (C-DMRs) were rare, with only
1,321 such regions observed (Figure 3.3A). DMR length also seemed to be associated with
DNA methylation context, with CG-DMRs being, on average, shorter than CH- and C-DMRs
(Figure 3.3B). Overall, 13.8% of the nuclear genome was differentially methylated between the
six cell types, mostly in the CH context (Figure 3.3C).

Some regions of the genome are prone to spontaneous changes in DNA methylation levels
(Becker et al., 2012; Schmitz et al., 2011). To determine if the regions of differential DNA
methylation between cell types were due to spontaneous fluctuations in DNA methylation levels
between the different transgenic lines used, we compared the root cell type specific DMRs with
two types of previously identified spontaneous DMRs; transgenerational DMRs (Schmitz et al.,
2011) and population DMRs (Schmitz et al., 2013). We found that 76% and 60% of root cell
type specific CG-DMRs and C-DMRs, respectively, overlapped with population DMRs, whereas
only 5% and 2% of root cell type specific CG- and C-DMRs overlapped with transgenerational
CG- and C-DMRs 3.4. We conclude that the majority of root cell type specific DMRs occur in
regions of the genome known to be epigenetically labile, likely due to variation in smRNAs.

To determine if the enrichment of DNA methylation in pericentromeric regions (Figure 3.2D)
was linked to DMRs, we assessed the distribution of DMRs along the chromosomes (Figure
3.3D and 3.5). While CG-DMRs are most abundant in the chromosome arms, the number
of CH- and C-DMRs peaked in the proximal and distal pericentromeric regions, respectively.
Closer inspection of the genomic features intersecting each set of DMRs revealed that over
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Figure 3.1: Expression levels of cell type specific marker genes in each cell type. (a)
Root meristem of ProCYCD5:GFP. GFP is specifically expressed in lower columella. (b) – (e)
Expression levels of genes used for reporter lines in each cell population. Promoters of WER,
AT1G09750, SCR and WOL were used to drive GFP in epidermis, cortex, endodermis and
stele, respectively. (f) Expression levels of upper columella marker ARL2 in each cell population.
(g) Expression levels of CYCD5 in each cell population. Discrepancy between ProCYCD5:GFP
and transcripts levels of CYCD5 in each cell population indicates that ProCYCD5 that we used,
does not recapitulate CYCD5 expression pattern, but only confer gene expression in lower
columella.
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Figure 3.2: Cell type specific patterns of DNA methylation in the root meristem. (a)
Schematic representation of the six root cell types used in this study. Endodermis has two
independent replicates (indicated by numerals) for MethylC-seq and RNA-seq. *: MethylC-
seq data only. (b) A genome browser snapshot showing DNA methylation level, RNA-seq
reads, smRNA-seq reads. (c) Global levels of DNA methylation in each context for root and
reproductive cells (VN11: vegetative nucleus, SP11: sperm, MS10: microspore, EM30: embryo,
EN30: endosperm). (d) Heatmap showing mC levels within 100 kb bins and genes and TEs
within 50 kb bins over the entire genome. Maximum mC levels are 0.91 (mCG), 0.72 (mCHG),
0.34 (mCHH).
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Figure 3.3: Differentially methylated regions among six root cell types. (a) Numbers of
each type of DMR. (b) Average sizes of each type of DMR. (c) Genomic fraction of each type of
DMR relative to the whole genome. (d) Genome wide distribution of each type of DMR. Counts
were scaled by maximum count as one. (e) Genomic features covering DMRs. (f) Hierarchical
clustering of six root cell types for CG-, CH-, and C-DMRs. (g) mCHH levels within CH- and
C-DMRs. (h) 24 nt smRNA expression levels in CH- and C-DMRs. (i) Correlation between DMR
methylation and gene expression levels. “Combinations” refers to the number of all possible
comparisons between DMRs and the nearby genomic features. Please see methods for details.

Figure 3.4: Intersection of root cell specific, populational, and transgenerational DMRs.
(a) CG-DMRs. (b) C-DMRs. Populational DMRs and transgenerational DMRs were obtained
from Schmitz et al. (2013) and Schmitz et al. (2011), respectively.
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80% of CG-DMRs overlapped with protein-coding gene bodies (Figure 3.3E), while 73% of
CH-DMRs and 44% of C-DMRs overlapped with TEs. The remaining CH-DMRs and C-DMRs
were found to overlap mainly with intergenic regions or pseudogenes.

Hierarchical clustering based on differences in DNA methylation showed that the columella cells
form a highly distinct group compared to other cells of the root (Figure 3.3F). Interestingly, DNA
methylation patterns seemed to be more similar between cell types located physically close to
one another in the root, regardless of their lineage, whereas transcriptional profiles were more
dependent on cell lineage than physical position in the root (Figure 3.6). This may suggest that
methylation patterns are in part regulated by positional information or cell-cell communication.
Columella cells were highly distinct in their DNA methylation landscape, particularly in the
mCHH context. Methylation at CH- and C-DMRs was higher in the columella than in other cell
types, suggesting that CHH hypermethylation in the columella is the primary basis for CH- and
C-DMRs among root meristem cells (Figure 3.3G and 3.7).

As mCHH is deposited by two distinct DNA methyltransferases, DRM2 and CMT2 (Stroud et al.,
2014; Zemach et al., 2013), we sought to determine which methyltransferase was responsible
for mediating changes in mCHH in each set of DMRs. We analysed mCHH levels within DMR
coordinates in leaves of wild type, drm1drm2, and cmt2 plants in order to categorize DMRs
as DRM2 or CMT2 targets, using previously published DNA methylation data (Stroud et al.,
2013) (Figure 3.8). For CH-DMRs, both drm1drm2 and cmt2 showed decreased mCHH in
these regions, but the effect of cmt2 was much larger, whereas for C-DMRs only drm1drm2
caused a decrease in mCHH levels. These results reveal that mCHH within CH-DMRs and
C-DMRs is mainly catalyzed by CMT2 and DRM2, respectively. DRM2 is involved in two types
of RdDM, the canonical Pol IV-mediated RdDM guided by 24 nt smRNAs (Law and Jacobsen,
2010; Matzke and Mosher, 2014), and RDR6-mediated RdDM guided by 21 and 22 nt smRNAs
(Nuthikattu et al., 2013). We detected upregulation of 21-24 nt smRNA abundance within both
CH-DMRs and especially C-DMRs in the columella, but 24 nt smRNA were predominant (Figure
3.3H), suggesting that the canonical Pol IV-mediated RdDM pathway plays a major role in
establishing these DMRs. We did not observe higher steady state transcript abundance of TEs
in the columella (Figure 3.9).

Gene body methylation in the CG context is correlated with constitutive gene expression (Tran
et al., 2005; Zhang et al., 2006; Zilberman et al., 2007). In contrast, DNA methylation in gene-
flanking regions is thought to repress gene expression. To address whether DMRs affect the
expression of nearby genes, we correlated DMR methylation levels and nearby gene expression
levels (Figure 3.3I). Most CG-DMRs were located within the gene bodies, especially near
transcriptional termination sites. However, minimal correlation between methylation levels at
CG-DMRs and expression levels of nearby genes was observed. CH- and C-DMRs are largely
excluded from the gene bodies. While the correlation between CH- and C-DMR methylation and
gene expression was also variable, methylation at transcription start sites was weakly negatively
correlated with the transcript abundance of nearby genes. Similarly, methylation at C-DMRs
within gene bodies showed a negative correlation with gene expression. These results suggest
root cell type specific CH and C-DMRs are only weakly associated with cell type specific gene
expression patterns. Additionally, gene ontology enrichment analysis showed that CH-DMR
associated genes were enriched for response genes, such as “defense response”" and “innate
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Figure 3.5: Genome wide distribution of each type DMR. Counts were scaled by maximum
count as one.
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Figure 3.6: Hierarchical clustering of six root cell types for transcriptomes. Clustering
was performed based on log2 transformed FPKM of expressed genes (FPKM > 1 in at least
one sample), using R dist and hclust function with default parameters.

Figure 3.7: DNA methylation levels of each type of DMRs in each class. DMRs were
clustered based on mCG (CG-DMRs) or mCHH (CH- and C-DMRs) levels using R dist and
hclust function with default parameters, and ordered.
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Figure 3.8: Dependency of CHH methylation of DMRs on DNA methyltransferases. (a)
CHH methylation levels of DMRs in leaf of wild type (wt), drm1 drm2, cmt2. (b)-(d) Kernel
density plots of methylation differences between mutants and wt in CG-DMRs (b), CH-DMRs
(c), C-DMRs (d). Negative values show hypomethylation in mutants, indicating CHH methylation
is dependent on the DNA methyltransferase.

Figure 3.9: TE expression levels. (a) Expression levels of all TEs. (b) Expression levels of
expressed TEs only (FPKM > 1 at least in one cell type). Values are shown in log2 (FPKM + 1).
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Figure 3.10: Gene ontology enrichment analysis of DMR overlapping genes. Gene ontolo-
gies enriched in CG- (a), CH- (b), C- (c) overlapping genes. Labels in red indicate responsive
gene ontologies. Values are indicated in -log10 (FDR). Gene ontology analysis was performed
using DAVID (https://david.ncifcrf.gov/).

immune response” (Figure 3.10). This suggests that CH-DMRs only weakly correlate with
nearby gene expression, and may only have an impact on gene expression under specific
environmental circumstances.

3.2.3 Transposable elements are targets for CHH hypermethylation

Although only a small percentage of CH-DMRs were found to intersect with gene bodies (Figure
3.3F), these still represented over 1,000 gene loci due to the abundant nature of CH-DMRs.
To further investigate whether there was a correlation between mCHH levels within genes and
the transcript abundance of those genes, we ordered all TAIR10 genes based on the average
transcript abundance among cell populations and further analyzed patterns of DNA methylation
(Figure 3.11). This revealed that, while levels and patterns of mCG and mCHG were similar
between cell types (Figure 3.11A), lowly expressed and silent genes were CHH hypermethylated
in the columella. Furthermore, we found that the number of genes harboring TEs were also
enriched in genes with lower expression (Figure 3.11A), suggesting that increases in mCHH
within lowly expressed genes may be due to the hypermethylation of TEs contained within
these genes. As mCHH serves to transcriptionally silence TEs in Arabidopsis, and most CH-
DMRs were found within annotated TEs, we compared patterns and levels of DNA methylation
across all TEs in the genome (Figure 3.11B-D). Levels of mCG and mCHG in TEs were only
moderately higher in both of the columella cell populations, consistent with our observations on
a genome-wide scale (Figure 3.2C). However, a large increase in mCHH in in TEs in both of
the columella cell populations was observed compared with the other cell types, and this was
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consistent across all known TE superfamilies in Arabidopsis. This indicates that, while some
CH-DMRs were found to intersect with protein-coding genes, differences in mCHH between cell
types can be attributed almost entirely to the CHH hypermethylation of TEs in the columella. As
TEs are greatly enriched in the pericentromeric heterochromatin, this would also explain the
enrichment of mCHH and CH-DMRs in the pericentromeric regions (Figure 3.2C and 3.3D).

3.2.4 Enhanced RNA-directed DNA methylation in the columella

As we observed an increase in mCHH in TEs, as well as an increase in 24 nt smRNA abundance
at CH-DMRs, we next sought to determine whether there might be transcriptional upregulation
of the RdDM pathway in the columella. Analysis of the RNA-seq data revealed an increase
in transcripts encoding components of the RdDM pathway in the columella as compared to
the other cell populations (Figure 3.12A). In particular, we found an enrichment for transcripts
encoding proteins needed for smRNA biogenesis, such as the major unique Pol IV component
NRPD1a, as well as CLSY1, RDR2 and DCL3, while those components involved directly in
the deposition of DNA methylation were only mildly upregulated in the columella (Xie et al.,
2004; Henderson et al., 2006; Onodera et al., 2005; Smith et al., 2007). To investigate whether
this increased production of smRNA biogenesis machinery in the columella translated into
an increase in the proportion of 24 nt smRNAs sequenced, we assessed levels of uniquely
mapped 21, 22, 23, and 24 nt smRNAs genome-wide (Figure 3.12B and Table 5.4). This
revealed a strong increase in the fraction of 24 nt smRNAs in the columella, indicating that
the hypermethylation of TEs in the columella is coupled with the transcriptional upregulation of
the smRNA biogenesis machinery and increased production of 24 nt smRNAs needed for the
RdDM pathway.

3.2.5 DDM1 protein is not present in the columella

In the vegetative cell nucleus of the pollen, a loss of mCG and mCHH throughout the genome
is coupled with increased mCHH at the centromere, the absence of DDM1 protein, and loss
of heterochromatin (Calarco et al., 2012; Slotkin et al., 2009) (Figure 3.13). This triggers TE
transcriptional activation and increased production of 21 nt smRNAs from TE transcripts, which
are thought to be transported to the sperm cells to reinforce TE silencing in the germline
(Calarco et al., 2012; Slotkin et al., 2009). We observed an increase in 24 nt smRNA and CHH
hypermethylation of TEs in columella cells. Although no decrease in DDM1 transcript abundance
specific to the columella was detected (Figure 3.12A and 3.14A), analysis of a transgenic line
expressing the DDM1-GFP fusion protein revealed that DDM1-GFP was undetectable in the
columella, whereas it was present in the nuclei of other root cell types (Figure 3.14B). This
indicates that DDM1 is transcribed in the columella, but either the transcripts are not translated
or there is rapid degradation of DDM1 protein. Despite an apparent lack of DDM1 in the
columella, and in contrast to ddm1, normal levels of mCG and mCHG are maintained at TEs,
and there are elevated levels of mCHH (Figure 3.11D, 3.14C).
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Figure 3.11: DNA methylation in genes and TEs. (a) DNA methylation patterns within genes
ordered by average mRNA abundance. (b) DNA methylation patterns and levels within TEs for
each cell type. TEs show greatly increased mCHH in the columella genome, while mCG and
mCHG levels are similar and moderately higher than other cell types.
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Figure 3.12: Transcript levels of DNA methylation related genes. (a) Increased transcript
abundance for genes involved in smRNA biogenesis in the columella. Scale is log2 fold change
FPKM for each cell type compared to average FPKM for all cell types. Average FPKM for all cell
types are also shown. (b) Fraction of uniquely-mapped smRNA for each size class relative to
total uniquely-mapped smRNA. The proportion of 24 nt smRNAs relative to other size classes
is greatly increased in the columella.
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Figure 3.13: Genome wide DNA methylation levels in various cells and mutants. A heat
map showing DNA methylation levels within 100 kb bins in columella (CRC), vegetative nucleus
(VN), sperm (SP), microspore (MS), embryo (EM), endosperm (ES), leaf of Col-0, drm1 drm2,
cmt2, ddm1. Densities of genes and TEs within 50 kb bins are also shown. Max DNA
methylation levels are 0.98 (mCG), 0.85 (mCHG), 0.40 (mCHH).
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DDM1-dependent mCHH deposition is catalyzed by the DNA methyltransferase CMT2 (Zemach
et al., 2013), and the RdDM pathway together with CMT2 are responsible for almost all mCHH
in the genome (Stroud et al., 2014). We classified all methylated TEs into four clusters, based
on the mCHH levels within TE bodies of wild type, drm1 drm2, cmt2 and ddm1 leaf tissue
(Figure 3.14C left panel). mCHH levels in TEs in clusters 1 and 2 were decreased in drm1
drm2, indicating that they were RdDM-dependent. mCHH levels in TEs in cluster 3 and cluster
4 were decreased in cmt2, indicating that their methylation was CMT2-dependent. Strikingly, in
the columella, TEs in all four clusters were hypermethylated (Figure 3.14C). RdDM-dependent
TEs were hypermethylated, accompanied by 24 nt, but not 21 nt, smRNA accumulation. CMT2-
dependent TEs were hypermethylated in the columella, and those located in chromosome arms
were accompanied by 24 nt smRNA accumulation, consistent with 24 nt smRNA enrichment in
CH-DMRs. The edges of CMT2-dependent TEs are subjected to RdDM, and 24 nt smRNAs
are enriched in these regions (Zemach et al., 2013). However, the edges as well as the bodies
of CMT2-dependent TEs accumulated 24 nt smRNA in the columella (Figure 3.14C and D),
suggesting that the bodies of CMT2-dependent TEs are also subjected to RdDM. This may
account for CHH hypermethylation of CMT2-dependent TEs, but lower expression of CMT2 in
the columella (Figure 3.12A).

DDM1 is normally required for the displacement of histone H1 at heterochromatic regions of the
genome, allowing DNA methyltransferases MET1, CMT3 and CMT2 to access and methylate
the DNA (Zemach et al., 2013). As loss of H1 suppresses the reduction in DNA methylation
in ddm1 mutants, we examined transcript levels for the two canonical histone H1 genes, H1.1
and H1.2, and observed lower abundance of transcripts for both genes in columella cells as
compared with other cells in the root meristem (Figure 3.12A). Also H2A.W6 and H2A.W7,
which are required for chromatin condensation (Yelagandula et al., 2014), were down-regulated
in the columella (Figure 3.12A), suggesting that the columella may lose heterochromatin through
a reduction of heterochromatin related components. Loss of heterochromatin in the columella
may play a role in enhancing generation of the 24 nt smRNA transcripts needed for RdDM,
leading to the observed CHH hypermethylation of TEs.

3.3 Discussion

Plants are complex multicellular organisms that contain a broad variety of cell types with
specialized functions. While differences in patterns of DNA methylation have been observed
previously between different somatic tissues (Widman et al., 2014) and reproductive cell types
(Calarco et al., 2012; Hsieh et al., 2009; Ibarra et al., 2012; Slotkin et al., 2009), this is the first
report of differences in DNA methylation between cell types from the same somatic tissue. The
root meristem contains a diverse variety of cell types. Among these, the columella is a group of
specialized gravity-sensing cells, required for proper development of the root (Swarup et al.,
2005; Tsugeki and Fedoroff, 1999). The most striking and unique feature of these root cell
methylomes is the CHH hypermethylation of TEs in the columella, which is obscured when
methylomes are analyzed using whole roots or dissected root tips. The majority of detected
DMRs are columella hypermethylated CH-DMRs occurring in epigenetically labile regions. To
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Figure 3.14: Loss of DDM1 in the columella. (a) DDM1 transcript abundance in all cell types.
(b) Absence of DDM1-GFP in the columella. (c) mCHH levels and smRNA accumulation around
methylated TEs. Methylated TEs were classified into 4 clusters based on TE body methylation
levels of wild type, drm1drm2, cmt2, ddm1 in leaf, by using k-means method (centres = 4). Left
panel shows mCHH levels within TEs and their 2kb upstream and downstream regions. Each
region consists of 40 equally sized bins. Right panel shows smRNA expression levels as in
left panel. TEs were ordered by coordinate within each cluster. (d) Representative genome
browser snapshots for TEs in each cluster.
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date, the columella is the most highly methylated tissue or cell type characterized in Arabidopsis,
and such an extreme level of hypermethylation is not recapitulated by any known gene silencing
mutant. Columella cells are rapidly replaced in the root as they grow outward from the columella
initials, located below the quiescent centre (QC), and are ultimately detached into the soil.
Consequently, columella cells are short lived and undergo rapid differentiation. mCHH primarily
serves to silence TE transcription in Arabidopsis, preventing potentially damaging genetic
mutations caused by transposition. Due to the terminally differentiated and short-lived nature
of columella cells, it is reasonable to expect that TE insertions in the columella would have
little impact on root function and fitness, as these mutations would be quickly lost from the
plant. The apparent enhancement of DNA methylation-mediated TE silencing in the columella
is therefore counterintuitive. One possible explanation for this seeming contradiction is that the
columella acts as a companion to nearby stem cells, and is similar in function to the reproductive
companion cells found in the developing pollen and seed (Calarco et al., 2012; Hsieh et al.,
2009; Slotkin et al., 2009). Excess 24 nt smRNAs produced by the columella, required for
initiation of RdDM at TEs, may be transported into the neighboring stem cell niches such as the
QC, reinforcing transcriptional silencing of TEs in these stem cells in a manner analogous to
the smRNA transport thought to occur between the vegetative cell nucleus and sperm cells in
the developing pollen, between the central cell and egg, and possibly between the endosperm
and embryo (Calarco et al., 2012; Ibarra et al., 2012). As the root stem cells are responsible for
the establishment of tissue patterning in the root, and all cells of the root descend from these
stem cells, transpositions in them may have a larger impact on plant fitness, and therefore
have a greater need for effective TE silencing, similar to generative stem cells in the germline.
Although DDM1 is undetectable in both the columella and the vegetative cell nucleus of the
pollen, the patterns of mCHH at TEs are distinct between these two cell types, with mCHH
levels in the vegetative cell nucleus being more similar to that found in ddm1. Heterochromatin
has been suggested to inhibit RdDM, while open chromatin increases the accessibility of RdDM
components to the genome leading to hypermethylation (Schoft et al., 2009). DDM1, and
associated proteins such as H1, may play an important role in regulating the exclusion of RdDM-
related factors from the heterochromatin, and it is possible that DDM1 protein accumulation
is actively suppressed in the columella to allow RdDM at DDM1-regulated heterochromatic
regions. Another possible explanation for the CHH hypermethylation and upregulation of the
RdDM pathway in the columella may be that special attributes of the columella, such as the
rapid differentiation after one division of the stem cell and possible increased ploidy level (Dolan
et al., 1993), are conducive to hypermethylation of TEs. Future experiments will be needed to
further examine these hypotheses.

3.4 Methods

3.4.1 Cell isolation

Seedlings were grown vertically for 6 days after plating on 1x Murashige and Skoog media
supplemented with 1% sucrose and 1% agar. All seedlings were grown under standard long
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day conditions (16 hours of light, 8 hrs of darkness, 22°C). Fluorescent Activated Cell Sorting
(FACS) was performed using cell specific GFP lines as described previously (Iyer-Pascuzzi
and Benfey, 2010). The columella root cap was marked with the enhancer trap PET111
(Nawy et al., 2005), the bottom two layers of the columella were marked with ProCYCD5:GFP
(Collins et al., 2012), the stele with ProWOL:GFP (Mahonen et al., 2000), the endodermis with
ProSCR:GFP (Birnbaum et al., 2003), the cortex with ProCORTEX:GFP (Lee et al., 2006), and
both the epidermis and lateral root cap with ProWER:GFP (Lee and Schiefelbein, 1999). Sorted
cells were collected directly into specific lysis buffers that were compatible with downstream
applications. Cells used for bisulfite sequencing, mRNA-seq, smRNA-seq were lysed in Buffer
AP1 (Qiagen), Buffer RLT (Qiagen), Trizol (Invitrogen). All samples were immediately stored at
-80 °C until gDNA and RNA was extracted using DNeasy Plant mini kit (Qiagen) and RNeasy
Plant mini kit (Qiagen) or Trizol, respectively.

3.4.2 MethylC-seq

MethylC-seq library preparation, read mapping, base calling were performed as described
previously (Lister et al., 2008, 2011; Urich et al., 2015), except that reads were mapped against
C-to-T converted TAIR10 reference genome and library amplification was performed with either
KAPA HiFi U+ (KAPA) or PfuTurboCx enzyme (Agilent). Bisulfite non-conversion rate was
estimated from the total number of cytosine base calls divided by the total coverage at cytosine
positions in the naturally unmethylated chloroplast genome.

3.4.3 Identification of differentially methylated regions

Differentially methylated regions (DMRs) were identified using the methylpy pipeline45. Briefly,
differentially methylated sites (DMSs) were identified by root mean square tests with false
discovery rate at 0.05, using 1,000 permutations. Cytosine positions at least with 4 reads
were examined for differential methylation. Then, DMSs within 200 bp were collapsed into
DMRs. DMRs were classified into CG-DMRs (only CG difference), CH-DMRs (only CHG
and/or CHH difference), C-DMRs (CG and CHG and/or CHH difference). In addition, CG-
DMRs, CH-DMRs, C-DMRs with fewer than 5, 5, 10 DMSs, respectively, were discarded in
following analysis. Differential methylation tests were performed among samples, not in pairwise
manner, generating a set of all non-redundant DMRs among the samples. Methylation levels
of each region were calculated as weighted methylation levels (Schultz et al., 2012), in which
methylation level was equal to the frequency of C base calls at C positions within the region
divided by the frequency of C and T base calls at C positions within the region.

3.4.4 RNA-seq

RNA-seq library preparation was performed using the Illumina TruSeq RNA Library Prep kit
from polyA+ selected mRNA as per manufacturer’s instructions. smRNA sequencing data was
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obtained from a previous study (Breakfield et al., 2012). smRNA data were processed and
mapped to the TAIR10 genome as described previously (Lister et al., 2009). smRNAs levels
were normalized to TE size and library size by counting reads per kilobase of TE per million
reads mapped (RPKM). Only reads that mapped uniquely to the genome contributed to the
average count for each TE. RNA-seq data were mapped to the TAIR10 reference genome using
Tophat2 with the default parameters (Kim et al., 2013), and quantified using Cuffdiff (Trapnell
et al., 2012).

3.4.5 Associating DMRs with proximal genes

DMRs located within 3 kb of gene upstream regions, gene bodies, and 3 kb of gene downstream
regions were extracted, and relative position to genes were assigned by the middle position
of DMRs. Some DMRs were located within multiple genomic features, for example in the 3kb
upstream regions, gene bodies, or 3kb downstream regions for more than one gene. We
refer to all possible pairwise comparisons between DMRs and nearby genomic features as
“combinations”. Pearson correlation coefficients between the methylation levels of DMRs and
the expression levels of proximal genes (FPKM) were computed and plotted as density.

3.4.6 Clustering TEs

mCHH levels within annotated TE bodies at least 400 bp in length were computed, and only TEs
with at least 10% mCHH at least in one sample from Col-0, drm1 drm2, cmt2, and ddm1 were
assigned as methylated TEs. TEs were then clustered into four clusters by using R k-means
function, with the “centers” parameter set to 4.

3.4.7 Microscopy analysis

The DDM1-GFP transgenic line was described previously (Slotkin et al., 2009). Seeds were
plated on 1/2x Linsmaier and Skoog media. Seedlings three days after germination were
incubated in propidium iodide for 5 min to stain cell walls of root tips, and imaged using Zeiss
LSM 710 Confocal Microscope.

3.5 Data access

All sequence data can be downloaded from NCBI GEO under accession GSE79710, and can
be viewed at http://neomorph.salk.edu/Arabidopsis_root_methylomes.php



Chapter 4

The Arabidopsis transcriptome at single
cell resolution

4.1 Introduction

Exquisite control of gene expression in a cell- or developmental stage-specific manner is
essential for multicellular organism development and function (Macosko et al., 2015; Cao et al.,
2017). These cell type specific expression patterns underlie the ability of cells to specialize
and undertake different roles, and are essential in the functioning of any complex multicellular
organism. How these patterns of cell type specific gene expression are regulated remains
a major outstanding question in biology, and it is thought that differential transcription factor
binding may play a key role (Spitz and Furlong, 2012; Natarajan et al., 2012). Beyond such
protein regulators, the DNA sequence is the ultimate source of instruction for the cell, and so
it follows that these cell type specific regulatory programs must also be encoded in the DNA
sequence itself (Deplancke et al., 2016). Indeed, recent studies in humans have revealed an
association between many genetic variants and differential gene expression between tissues,
indicating that such genetic variation between individuals is of key importance in determining
expression patterns between tissues (Aguet et al., 2017).

However, extensive gene expression heterogeneity exists even between distinct cells within
the same tissue (Halpern et al., 2017; Macosko et al., 2015). In order to fully elucidate the role
that DNA sequence has on differential gene regulation between cells, studies must resolve
this heterogeneity to compare gene expression patterns between cell types or cell states,
rather than between tissues. Such comparisons have historically been incredibly technically
challenging and costly to perform, especially in model plant species as it is not possible to derive
stable cell lines from plants that retain their original cellular identity. Instead, cell types must be
repeatedly isolated from whole tissues. This cell type isolation can be performed either through
fluorescence activated cell sorting (FACS) of protoplasted cells expressing a fluorescent marker
in a particular cell type, through the isolation of nuclei tagged with GFP or biotin in specific
cell types (INTACT), or by using laser capture microdissection of plant tissue sections (Deal
and Henikoff, 2010; Iyer-Pascuzzi and Benfey, 2010; Casson et al., 2005). FACS-based or
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INTACT-based separation of cells is limited by the prerequisite of a transgenic plant expressing
a fluorescent protein in the desired cell type. Consequently, marker lines need to be generated
anew for different genetic backgrounds, and such a requirement would make the comparative
study of gene expression between different genotypes very time consuming and costly, and
logistically unfeasible on a larger scale. Furthermore, appropriate cell-type specific promoters
may not be available to tag desired cell types, and often the cell type specific promoters that
are utilized drive expression in a variety of underlying cell states, for example encompassing
a continuum of cell differentiation or maturation phases. Laser capture microdissection, in
contrast to FACS-based or INTACT-based methods, has the advantage of being applicable to
almost any material without the need for the development of transgenic marker lines. However,
these methods are extremely low-throughput, and are unable to isolate single cells.

Recent advances in single cell RNA sequencing (scRNA-seq) methods using microfluidics
devices present an ideal solution to the high-throughput isolation of different cell types from
many different samples (Macosko et al., 2015; Klein et al., 2015). These methods encapsulate
single cells in nanolitre droplets to facilitate the addition of a unique sequence barcode to the
transcripts of a single cell, for many thousands of cells in parallel, greatly increasing the number
of cells able to be profiled compared to well-based scRNA-seq assays while lowering the
cost (Jaitin et al., 2014). Single-cell RNA sequencing has now been applied in many different
organisms for different purposes, including humans, mice, flies, worms, and fish (Macosko
et al., 2015; Satija et al., 2015; Karaiskos et al., 2017; Cao et al., 2017). Recent studies have
used low cell throughput (238 cells) well-based scRNA-seq methods to profile the Arabidopsis
(Col-0) root regeneration process, and were able to provide important new insights into this
process (Efroni et al., 2016). However, droplet-based scRNA-seq methods capable of capturing
many thousands of cells to comprehensively study the cellular composition and state dynamics
of plant tissues are yet to be reported. A technical hurdle for the application of such methods to
plant tissues is the generation of a single cell suspension required for the encapsulation of cells
in nanolitre droplets. Due to the presence of the cell wall, plant cells are not easily dissociated
and must be treated with a cocktail of enzymes to break down the cell wall in order to create a
suspension of plant protoplasts.

In order to identify cell-type-specific gene expression differences between Arabidopsis acces-
sions, and to establish the feasibility of such an approach for the identification of genetic variants
that control cell type specific expression patterns in plants, we performed scRNA-seq on a
mixture of Col-0 and Cvi root cell protoplasts. We profiled 10,085 Col-0 cells and 8,603 Cvi cells
(18,688 cells in total; ~53,000 reads per cell) in two biological replicates using a droplet-based
cell encapsulation method, with on average 3,112 genes detected per cell (Fig. 4.1). The
use of two different accessions enabled both the identification of genes that are differentially
expressed in a cell-type-specific basis, as well as the identification and removal of multi-cell
encapsulation events to eliminate technical artefacts (Fig. 4.1).
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Figure 4.1: Overview of droplet-based single-cell RNA-seq. A cell suspension is loaded onto
a microfluidics device where cells are encapsulated in nanolitre aqueous droplets suspended
in oil, with each droplet containing a bead harboring bead-specific barcoded oligo-dT-based
reverse transcription primers as well as unique molecular identifiers (UMIs) on each individual
oligo. Reverse transcription of polyadenylated mRNAs occurs within the droplets.

4.2 Results

4.2.1 Development of a single-cell analysis toolkit

While microfluidics-based single cell encapsulation methods are capable of capturing many
thousands of cells in a single experiment, these methods suffer from a low level of multi-cell
encapsulations (multiplets) that occur by chance, where more than one cell is encapsulated
in the same droplet and so acquire the same cell barcode. In these cases, the cell barcode
will not be unique to a single cell, and instead is shared between multiple cells present in the
same droplet. These multiplet events, while relatively infrequent, have the potential to produce
artefacts in the data, as the mixing of RNA from two different cell types could be interpreted as
a rare transition state during development, or as a novel cell type. Therefore, it is desirable to
identify and remove many of these multiplet events, as well as estimate the rate of multiplets as
a measure of quality control for each experiment. Furthermore, we wished to analyse cells from
two different accessions in order to compare single cell gene expression profiles between them,
and to test the feasibility of using scRNA-seq in order to determine the genetic variants that
explain cell-type-specific gene expression patterns. By mixing these accessions in a single cell
suspension, we were able to identify cell multiplets through the presence of RNA containing
alleles from both Cvi and Col-0 at a high frequency, and remove these cells.

Most tools developed for the analysis of scRNA-seq data are tailored to downstream analysis
steps such as dimension reduction, clustering, and data visualization, and there is a current
paucity of methods that provide the functionality needed to genotype single cells (Zappia et al.,
2017). Therefore, in order to process scRNA-seq data containing a mixture of Arabidopsis
accessions, we first needed to develop new tools to computationally identify the two genotypes
based on known genetic variation. We developed a Python package for the upstream processing
of scRNA-seq data, named sctools. This package has three functions: (1) counting the number
of unique molecular identifiers (UMIs; DNA barcodes that uniquely tag each different reverse
transcription reaction) containing single nucleotide polymorphism (SNP) bases in each cell.
These UMIs are unique to each reverse transcription reaction, and so uniquely mark each
transcript to enable the discrimination between PCR duplicates and different molecules. (2)
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Genotyping single cells based on SNP UMI counts, and (3) filtering reads from an alignment
(BAM) file generated by the 10X Genomics CellRanger scRNA-seq analysis pipeline based
on a set of allowed cell barcodes (Zheng et al., 2017). These functions rely heavily on the
pysam package for access to genomic file formats (Andreas Heger, 2017; Li et al., 2009), and
on the scikit-learn package for machine learning (Pedregosa et al., 2011). The sctools package
provides both command-line access to its functions, as well as a python library that can be
imported for interactive use.

To count the frequency of SNP bases in RNA transcripts in each single cell, we developed the
sctools countsnps function. This function is useful for detecting cells that contain a mixture of
more than one genotype, indicative of a cell multiplet. The countsnps function uses the BAM
file generated by CellRanger to assess sequencing reads at each SNP position in a given set
of SNPs (Zheng et al., 2017). It requires as input a BAM file with UB (UMI sequence) and CB
(cell barcode sequence) read tags, and a browser extensible data (BED) file containing SNP
coordinates and genotypes. Optionally, a file containing cell barcodes can also be supplied and
SNPs will be counted only for cells contained in this file. A number of processors can also be
optionally specified, and if so the program will be run in parallel over the specified number of
CPUs to speed up processing time.

SNP counts for two different genotypes can be used to assign cell barcodes to one of four
possible categories: zero-cell background droplets, one-cell reference genotype droplets, one-
cell alternate genotype droplets, or multi-cell droplets (Fig. 4.1). To do this, cells are first
projected in two dimensions based on log-transformed SNP UMI counts for the two genotypes.
Cells are then downsampled and the DBSCAN density-based clustering algorithm is used
to detect the single largest cluster. As most droplets are not expected to contain a cell, this
cluster is given the label “background”, indicating these are likely zero-cell droplets that did not
encapsulate a cell, and only captured free-floating RNA from burst cells in the cell suspension
solution (Ester et al., 1996). A support vector machine with the radial basis function kernel is
then trained using these labels, and used to classify the remaining cells as either background
or non-background. Next, all background cells are removed, and a linear model constructed
that passes through the center of the background cluster, with a gradient equal to one. If there
is a large difference (>20%, or user-defined) in the number of cells on the upper side and lower
side of this line, the more abundant cells are downsampled to match the density of the less
abundant side. This downsampling makes the algorithm robust to variations in the proportion
of each genotype in the mixture of cells. Density-based clustering is then repeated using
the DBSCAN algorithm to detect two clusters, one corresponding to the one-cell reference
genotype droplets, and the other corresponding to the one-cell alternate genotype droplets. All
cells that do not fit in either cluster are labelled multi-cell droplets. If cells were downsampled,
a support vector machine is again trained using the genotype labels to classify the remaining
cells. This functionality is implemented in the genotype function of the sctools package.

Downstream analysis steps often benefit from the comparative visualization of read alignments
over genes between different samples. However, scRNA-seq read alignment data is stored
in a single BAM file, making such comparisons difficult. We developed the filterbarcodes
function as part of the sctools package to extract read alignments from a BAM file that corre-
spond to a desired single cell or set of cells. Similarly to the sctools countsnps function, the
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filterbarcodes function requires a BAM file containing CB read tags, and a file containing
the desired cell barcodes. Optionally, a number of processors can be set and the program run
in parallel using an arbitrary number of CPUs to speed up processing time. The program will
output a BAM file containing mapped reads from only the desired set of cell barcodes. This
can facilitate the visualization of read alignments for single cells, groups of cells in a common
cluster, or for cells of different genotypes. Together, these tools provide essential functionality for
experiments involving a mixture of cells of different genotypes that is currently not implemented
by any other scRNA-seq package, to our knowledge.

4.2.2 Detection of multiplet cells and background cells

In processing scRNA-seq data it is essential to accurately determine which nanolitre droplets
contained a cell, and which did not. This problem is made difficult due to the presence of free
RNA in the cell suspension solution, originating from burst cells. The presence of this RNA
means that droplets that do not contain a cell are still associated with some level of RNA counts.
This problem of determining which droplets contained cells is further compounded by the fact
different cell types often contain differing amounts of RNA, and so the typically used strategy of
excluding droplets with a low UMI count may bias the data by more frequently excluding cells
of certain types. However, the composition of free-floating RNA in droplet-based scRNA-seq
experiments is typically well characterized due to the sequencing of many empty droplets. To
more accurately classify droplets as cell-containing or cell-free, we developed a novel approach
that leverages whole transcriptome information in combination with total SNP counts per cell for
experiments containing a mixture of genotypes. First, SNP UMIs per cell were counted for each
genotype (Col-0 or Cvi), and these counts log-transformed and used to classify droplets as
background, Col-0, Cvi or multiplet using the sctools package (see section 4.2.1). We further
identified droplets on the boundary between background and cell-containing droplets, and
classified these as “border” cells, for which it was uncertain whether they represent real cells
or background signal. Next, we analysed whole transcriptome information for each droplet in
order to characterize the “transcriptome” of the free-floating RNA in the cell suspension. For
background droplets, small groups of five droplets were merged at random to increase the
total UMI count per background droplet, in order to avoid any subsequent grouping of cells
based on UMI count alone. This produced a final gene expression matrix containing merged
background droplets, border cells, and high-UMI count Col-0 and Cvi cells (high confidence
real cells). Multiplet cells were excluded from the matrix. Highly variable genes were then
identified between cells, and used to compute the top 30 principal components. Droplets were
clustered in this 30-dimension principal component space, forming numerous distinct clusters
of cells with similar transcriptional states, and border cells were classified as “background” if
they clustered together with known background droplets (>20% of droplets in the cluster are
background droplets), or as either Col-0 or Cvi if they instead clustered together with Col-0 or
Cvi cells (Fig. 4.2).

In order to compare these cell classification results with more established methods, we also
used the CellRanger pipeline to classify cells from one 10X Genomics Chromium run based on
UMI count only (Zheng et al., 2017). The CellRanger software identified 4,393 cells, although we
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Figure 4.2: Transcriptome-based identification of background droplets. tSNE projection
of all droplets (top), background droplets and border droplets (left) and Col-0 droplets and
border droplets (right).
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Figure 4.3: Unsupervised detection of background, multiplet, Col-0, and Cvi cells. (A)
Default CellRanger discrimination between cells (red) and background (blue). (B) Clustering
performed using log-transformed SNP UMI counts for each genotype detects four clusters. (C)
SNP UMI counts for Col-0 and Cvi cells on a linear scale.

Table 4.1: Summary of single cell genotypes for replicate 1

Genotype Count Percentage

Col-0 4483 46.2
Cvi 4666 48.1
Multiplet (observed) 547 5.6
Multiplet (estimated) 1116 11.5

expected to recover approximately 10,000 cells from this run based on the input concentration
of cells (Fig. 4.3A). Using the transcriptome-based clustering method, we recovered 9,802 cells
(Fig. 4.3B, C). Overall, we identified over 4,000 cells of each genotype for this single replicate,
with an estimated total multiplet rate, including same-genotype multiplets, of 11.5%, consistent
with the expected multiplet rate due to the cell loading concentration (Table 4.1).

4.2.3 Optimization of scRNA data processing

As our data contained a mixture of Col-0 and Cvi cells, we wished to remove any possible bias
in the alignment of reads from either genotype to the Col-0 reference genome (TAIR10). We first
mapped all reads to the unmodified TAIR10 genome using the default CellRanger parameters
and recorded the total number of UMIs for each cell. Next, we replaced Cvi SNP bases in the
genome with the IUPAC base code that encoded both the Col-0 and Cvi base (Alonso-Blanco
et al., 2016). We repeated the alignment of reads to the genome with degenerate base codes,
and found that Cvi cells on average gained a small number of UMIs (Fig 4.4A, left boxes).
As this approach did not account for insertions or deletions (indels) in the Cvi genome, we
next created a modified version of the CellRanger pipeline that enabled the specification of
base insertion and deletion penalties when performing read alignments. We decreased these
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insertion and deletion penalties and again repeated the alignments, and found that the total UMI
count per cell was increased for both accessions, although Cvi cells on average gained a greater
number of UMIs (Fig. 4.4A, right boxes). We further compared the distribution of total UMI
counts per Col-0 and Cvi cell, and did not find any large difference between the genotypes in
their average UMI count per cell following these modifications to the read alignment parameters
and reference sequence (Fig. 4.4B). Visual comparison of read alignments over a subset of
genes containing an indel in Cvi showed that reads were still able to be aligned over these
regions, indicating that such genetic variation likely does not impact our ability to accurately
quantify gene expression in the cells (Fig. 4.4C).

4.2.4 Reproducability of single cell datasets

To determine how consistent gene expression measurements were between different scRNA-
seq experiments, we compared data generated from two biological replicates run over two
separate 10X Genomics Chromium runs and sequenced on different sequencing runs using
the same instrument (Fig. 4.5). By merging gene expression counts from all cells, we created
pseudo-bulk RNA-seq data for each replicate, and found a strong correlation between gene
counts between the two replicates (Spearman’s rank correlation, ρ = 0.981). To further compare
these scRNA-seq data with bulk RNA-seq, we prepared two additional protoplasted Arabidopsis
(Col-0) samples from the same section of root tissue used in scRNA-seq experiments (the
last ~3 mm of the root tip), and performed bulk RNA-seq on these cells. The two biological
replicates were strongly correlated (Spearman’s rank correlation, ρ = 0.99). Bulk RNA samples
were also strongly correlated with the pseudo-bulk RNA-seq data generated by merging single
cells (Spearman’s rank correlation, ρ = 0.84-0.85). However, between individual single cells
from different replicates, the correlation between gene counts was much lower (ρ = 0.426).
This was expected, as each single cell may be of a different cell type, and gene expression
measurements are subject to greater technical noise when made in single cell. We conclude that
gene expression measurements made in single root cells accurately capture gene expression
patterns present in bulk RNA-seq experiments, but can further reveal heterogeneity between
cells of the same tissue.

To further examine the reproducibility of scRNA-seq data from plant cells, we examined the
principal components of each replicate (Fig. 4.6A, B). This revealed that cells from each
replicate largely followed a similar pattern when projected onto a low-dimensional space. As
principal components capture total variance well, but do not capture local geometry in high
dimensions, we also projected cells into low dimension space using the t-distributed stochastic
neighbour embedding (tSNE) algorithm (van der Maaten, 2014). Similarly, this showed that
cells from each replicate mostly occupy the same high-dimension space (Fig. 4.6C).

To determine whether different biological replicates captured the same groups of cells, we first
identified clusters of similar cells using an established graph-based clustering algorithm (Satija
et al., 2015; McDavid et al., 2013; Levine et al., 2015; Villani et al., 2017). Then we identified
genes that were highly specific to each cluster, and visualized the expression of these genes in
each cell (Fig. 4.7, left heatmap). To determine whether these genes also marked equivalent
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Figure 4.4: Optimization of alignment parameters for mixed genotype experiments. (A)
Comparison of total UMI counts for each cell when mapped using the unmodified CellRanger
pipeline (Zheng et al., 2017) to the UMI counts in the same cell when mapped to a reference
genome with degenerate base codes placed at Cvi SNP positions, and with reduced indel
penalties. (B) Total UMI counts for Col-0 and Cvi cells. (C) Comparison of read alignments for
Col-0 cells and Cvi cells over a region with a small deletion in Cvi.
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Figure 4.5: Reproducibility of single cell RNA-seq data. Spearman’s correlation between
replicates of bulk RNA-seq, all merged cells of single-cell RNA-seq replicates, and between
individual single cells.

Figure 4.6: Reduced dimension representations of scRNA-seq data. Principal component
projections for (A) first and second principal components (B) and second and third principal
components. (C) t-distributed stochastic neighbour embedding (tSNE) plot of the cells in two
dimensions. Cells are coloured by replicate.
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Figure 4.7: Expression of cluster marker genes between replicates. Expression of cluster
marker genes identified for replicate 1 in replicate 1 cells (left) and in replicate 2 cells (right).

groups of cells in the other biological replicate, we visualized the expression of the same set of
genes in cells of the other replicate (Fig. 4.7, right heatmap). We observed a similar expression
patterns of marker gene expression in both replicates, indicating that each replicate captures a
similar population of cell types. However, some differences were apparent, especially for one
cluster that did not appear to be represented in replicate 2 (Fig. 4.7). This may indicate that
more than one cell encapsulation run using the 10X Genomics Chromium instrument is needed
in order to fully capture the cell state diversity present in the root.

4.2.5 Effect of protoplasting on gene expression in root cell types

As the process of generating protoplasts from plant tissues itself impacts the transcriptome, we
sought to experimentally determine the set of genes most impacted by this process. To identify
these protoplasting-sensitive genes, we performed bulk RNA-seq on two replicates each from
protoplasted and unprotoplasted tissue taken from the same section of root (~3 mm from the
root tip) from Col-0 plants grown side-by-side. Differentially expressed genes were identified
between the treatment groups using the R package DESeq2 (Love et al., 2014), with a 0.1%
false discovery rate and requiring larger than a 4-fold difference in expression between the
groups. We identified 2,300 differentially expressed genes (Fig. 4.8, 1,057 upregulated genes
and 1,243 downregulated genes). Of these genes, 699 were identified as being variable in their
expression among cells in the scRNA-seq data, using an established method that controls for
the relationship between variability and expression level (Macosko et al., 2015).

To determine if this bulk RNA-seq experiment was sensitive enough to detect genes that
were both sensitive to the protoplasting treatment and expressed in only a subset of cells, we
examined the expression of a subset of these genes in the scRNA-seq data. We identified many
examples of differentially expressed genes that were expressed in only a small subset of cells
(Fig. 4.9), suggesting that the measurements made using bulk RNA-seq were indeed sensitive
enough to detect gene expression changes that occur in a subset of cells. Furthermore, we
generated an additional scRNA-seq dataset with a transcriptional inhibitor (actinomycin D)
added to the protoplasting solution in order to determine whether the expression of protoplasting-
induced genes could be suppressed. However, these cells appeared to contain much less
RNA, resulting in fewer UMIs and genes detected compared to samples prepared without a
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Figure 4.8: Identification of protoplasting-sensitive genes. Differentially expressed genes
are coloured in red, non-differentially expressed genes are grey. Negative log fold change values
indicate genes that were more highly expressed in the unprotoplasted root tissue samples.

transcriptional inhibitor present (Fig. 4.10A, B). Although protoplasting-induced genes were
indeed more lowly expressed in cells prepared with transcriptional inhibitors present compared
to a set of random genes (Fig. 4.10C), the overall loss of sensitivity to detect transcripts in
these cells appeared to outweigh any other benefits. Consequently, to avoid potential artefacts
due to the protoplasting process, we excluded the set of protoplasting-sensitive genes from the
set of genes used to calculate principal components, tSNE components, identify cell clusters,
and identify differentially expressed genes between groups of cells.

4.2.6 Single cell profiling captures transcriptional heterogeneity within
tissues

We detected on average 3,112 genes per cell and 23,647 genes in total among all cells (total
UMI count > 0), indicating that the single cell transcriptome data from Arabidopsis root cells
appeared to be highly heterogeneous. Furthermore, we were able to identify 23 distinct clusters
of Col-0 cells, suggesting at least 23 different cell states were present in the population (Fig.
4.11A). Visualization of read alignments for each cluster further highlighted the transcriptional
heterogeneity between cells, and showed how bulk RNA-seq analysis is insensitive to such
heterogeneity. When reads from all cells were merged into a single genome browser track,
emulating bulk RNA-seq data, we found that highly expressed genes that were expressed in
only a small subset of cells often dominated the signal, while lowly expressed genes expressed
in a small subpopulation of cells were undetected (Fig. 4.11B).
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Figure 4.9: Expression of protoplasting-sensitive genes in single cells. Expression of
selected protoplasting-sensitive genes overlaid on single-cell tSNE plots (dimension 1 vs
dimension 2), showing the expression pattern of each gene. Expression values were scaled to
the maximum expression level for each gene and normalized to the UMI count per cell (see
4.4).

Figure 4.10: Effect of transcriptional inhibition on gene expression. Number of UMIs (A)
and genes (B) detected per cell for cells with/without transcriptional inhibitors added. (C)
Normalized gene expression ratio between cells with/without transcriptional inhibitors added,
for protoplasting-sensitive genes and a set of random genes.
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Figure 4.11: Identification of cell clusters. (A) tSNE projection of Col-0 cells (both replicates)
in two dimensions. Graph-based clustering of cells identified 23 clusters. Colours represent
different clusters. (B) Genome browser view of individual single cell RNA-seq read tracks (top
tracks) and all single cells merged, representing bulk RNA-seq (bottom track).

4.2.7 Identification of root cell types from single-cell transcriptome data

As we were able to clearly identify subpopulations of single cells with highly distinct expression
patterns, we next aimed to identify which previously characterized cell types these groups
corresponded to using prior knowledge of gene expression patterns. We identified a set of
marker genes highly specific to different cell types in the Arabidopsis root using published bulk
RNA-seq data for 13 different FACS-sorted Arabidopsis cell types (Li et al., 2016). First, we
identified differentially expressed genes for each FACS-sorted cell type, and then further filtered
this set of genes to retain only those that were lowly expressed in all other cell types, resulting
in a final set of 18-200 marker genes per cell type (Fig. 4.12). Single cells were then given cell
type classifications based on the combined high expression of these marker genes relative to
other cells (see Section 4.4.4.6). As this initial classification was designed to be very strict, the
cell type for many cells remained unknown. We next trained a random forest classifier using
the set of labelled cells, and classified the remaining unknown cells using information from the
whole transcriptome (see section 4.4.4.6). Cells with a low confidence classification using the
random forest classifier retained an “unknown” cell type classification. Overall, 16,541 of 18,688
cells were able to be assigned an identity, and expressed the marker genes identified using
FACS-sorted cells in a highly specific manner (Fig. 4.13). Of those cells that were unable to
be assigned a cell type, most were dispersed across all clusters, and had on average lower
total UMI counts, indicating that the inability to classify these cells may be due to fewer genes
being detected in these cells. Furthermore, some of these cell may not be well represented by
the FACS-based set of cell type markers, as this marker set may not include every distinct cell
state present in the root meristematic zone.

Of the cell types identified, most were phloem pole pericycle, epidermal, or columella cells
(Fig, 4.14A). Phloem pole pericycle cells appeared to be slightly over represented, perhaps
due to uneven sampling of cells from the root tissue, or some incorrect cell type classifications
made (Fig. 4.14A). The least abundant cell type were the cells of the quiescent centre (QC
cells), known to be the most rare cell type in the root present at only 4-7 cells per root meristem
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Figure 4.12: Cell type markers genes. Expression of marker genes in each FACS-sorted cell
population (Li et al., 2016).
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Figure 4.13: Expression of cell type marker genes in single cells. Expression of each cell
type marker gene identified using FACS data (Li et al., 2016) in each single cell, grouped by
cell type classification. Cells of an unknown type are not shown.
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Figure 4.14: Identification of cell types. Number of Col-0 single cells classified as each
different cell type based on marker gene expression profiles. (A) Number of cells classified
as each cell type. (B) Cells projected onto 2-dimensional tSNE space coloured by cell type
classification.

(Nawy et al., 2005). Although each cell was classified independently based on the expression
of cell type marker genes, common cell types appeared to group together when visualized in
low dimension space (Fig. 4.14B), indicating that the relatively small set of marker genes used
are able to separate distinct groups of cells that exhibit more extensive transcriptional difference
between one another.

Following the identification of cell types, we found certain cell types contain on average fewer
UMIs per cell than others. In particular, columella cells and cells of the lateral root cap (LRC)
contained low UMI counts. However, these cells clearly expressed marker genes specific to
these cell types, indicating that they were indeed genuine cells and not empty droplets. Due to
this low UMI count, presumable related to lower levels of mRNA in these cells, these columella
cells and LRC cells were much more frequently assigned by the 10X Genomics CellRanger
pipeline as background droplets than other cell types that contained higher UMI counts such
as the epidermis, endodermis, or xylem (Fig. 4.15). LRC cells and columella cells would be
almost entirely removed from the dataset using the CellRanger software to determine which
droplets contained cells, highlighting a need to accurately determine which droplets contained
cells in order to avoid compositional bias in the resulting data.

4.2.8 Cell-type specific differential expression between genotypes

In order to identify instances of cell-type-specific differential gene expression between geno-
types, we searched for differentially expressed genes between all Col-0 and all Cvi cells. This
identified 862 genes that were differentially expressed between the two accessions. As we
were only interested in those genes that were expressed in a different subset of cells between
the two accessions, we further filtered these genes to remove those that were globally silent in
one accession. This revealed a set of 17 genes that were expressed in different cell types in
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Figure 4.15: Recovery of cell types using custom cell clustering algorithm. Number of
cells of each cell type that were originally classified as a cell (dark blue), or an empty droplet
(light blue) by the 10X Genomic CellRanger software (Zheng et al., 2017).

Cvi compared to Col-0 (Fig. 4.16).

As there are many thousands of genetic variants between Col-0 and Cvi, the potential causal
genetic variants responsible for altering the cell-type-specific expression patterns between
these two accessions were unclear. We identified 1,140 variants within 3 kb of the differen-
tially expressed genes, including 1,013 SNPs, 122 small indels and 5 TEs polymorphisms
(Alonso-Blanco et al., 2016; Stuart et al., 2016). The extent of genetic variation between
these accessions made it very difficult to interpret which variants were potentially important
in determining cell type specific gene expression patterns. Therefore, to identify candidate
causal variants, we leveraged population-scale genome and gene expression data gathered for
whole tissues (Alonso-Blanco et al., 2016; Kawakatsu et al., 2016a). For each accession with
whole genome sequencing data and bulk gene expression data available (665 accessions), we
grouped the accession by presence of the Col-0 allele or presence of the Cvi allele, and tested
for significant differences in gene expression between these groups (see section 4.4).

As the density of genetic variants between Col-0 and Cvi is high, in most cases it was difficult
to determine which genetic variant was most likely to be responsible for the altered expression,
as many genetic variants are in linkage disequilibrium with one another. For AT1G63180
for example, there were 50 genetic variants with significant associations with altered gene
expression (Table 4.2). Other genes (AT3G27200 and AT5G24070) did not have any significant
genetic variants in the 3 kb flanking regions. In this case, there may be more distant variants
that are responsible for the altered expression, trans-acting genetic variants, or multiple variants
acting in concert. Of course, it is entirely possible that due to the different tissue type studied
in the 1001 genomes project (leaf), and the use of bulk tissue rather than single cells, the



4.2. RESULTS 95

Figure 4.16: Genotype-specific differential expression between root cell types. (A)
Aligned tSNE projections of Col-0 and Cvi cells showing expression of a subset of all cell-
type-specific differentially expressed genes. (B) Summary of cell-type expression patterns for
differentially expressed genes.
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Table 4.2: Number of significant genetic variants associated with each cell-type-specific differ-
entially expressed gene between genotypes

Gene Significant variants

AT5G67400 1
AT1G48260 3
AT1G61820 5
AT1G63180 50
AT3G03500 1

AT3G22740 25
AT3G27200 0
AT3G43270 3
AT3G52820 7
AT3G54590 1

AT4G12880 33
AT4G14020 9
AT5G10625 11
AT5G23820 15
AT5G24070 0
AT5G35940 2

differences in gene expression that we detect at the single cell level in the root tip are too small
to observe when pooling cells, and so no significant difference in expression is detectable for
any genetic variant. Three genes (AT5G67400, AT3G03500 and AT3G54590), had a single
genetic variant nearby that showed a significant association with altered gene expression. In
these cases, the genetic variant may be the causative allele for the difference in expression
observed, although we cannot rule out that other variants acting further from the affected
gene are responsible, or that the expression differences may be due to multiple variants. The
differences in expression that we observed for these genes at the bulk tissue level, while
significant, were small. This fits with a hypothesis that altered cell type expression patterns
affect only a small subset of all cells.

4.3 Discussion

The Arabidopsis root represents an ideal model to study plant development and gene regulation,
as all stages of cell differentiation are constantly present in the root, and the spatial organization
of cells recapitulates the developmental process. The root can be relatively easily profiled
using microscopy, allowing information regarding the spatial distribution of gene transcripts
to be gathered through the use of assays such as RNA in-situ hybridization. Furthermore,
there now exists an enormous catalogue of genetic diversity within the species, with genome
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sequence information available for over 1,000 different Arabidopsis accessions (Alonso-Blanco
et al., 2016). This genetic diversity provides an important tool to investigate the genetic basis
for differential gene expression between cells within an organism. However, unbiased cell
capture methods are first required to allow the profiling of different cell types from any genetic
background. Here, we profiled the transcriptomes of over 18,000 single Arabidopsis root
cells from two different accessions and established important methodologies needed for the
successful application of high cell throughput scRNA-seq assays to plants. We collected cells
over two separate experiments, and found the data generated from each experiment to be highly
reproducible, indicating that such scRNA-seq experiments are robust to day-to-day technical
variation.

We observed extensive transcriptional heterogeneity between cells of the root, highlighting
the need to examine gene expression patterns at the resolution of single cells, as well as a
need to identify the genetic basis for these expression patterns. We were able to assign cell
types to single cells with a set of marker genes identified using previously published RNA-seq
data for FACS-sorted cell populations (Li et al., 2016). Although these markers were able to
confidently classify most cells, many remained unknown, highlighting the potential for scRNA-
seq to identify previously uncharacterised groups of cells. This approach of using marker gene
expression to classify cells is necessarily limited by the amount of prior knowledge about any
given tissue. Future work should focus on developing unbiased ways to assign identities to
single cells, through the integration of scRNA-seq data with other data types, especially spatial
transcriptomic data (Satija et al., 2015; Stahl et al., 2016; Moffitt et al., 2016a,b; Giacomello
et al., 2017). The groups of unknown cells identified here should be further examined through
identification of genes highly specific to these cells, and the subsequent use of RNA in-situ
hybridization targeting these genes in order to place the cells into a spatial context in the root.

Through these experiments, we have developed an incredibly rich transcriptomic dataset
describing many thousands of cells. There are many possible avenues for further investigation
of these cells, especially for the study of root development. As all developmental stages
of root cell types are constantly present in the root, we capture cells from all points along
this developmental trajectory. Many computational methods have now been developed that
aim to place cells onto a pseudo-temporal trajectory based on incremental changes to the
transcriptome as development progresses over time (Qiu et al., 2017; La Manno et al., 2017;
Bendall et al., 2014; Schiebinger et al., 2017; Haghverdi et al., 2016). Perhaps most promising
among these is the use intron retention information for each transcript to estimate the rate of
change in transcript abundance within single cells (La Manno et al., 2017). This enables an
accurate estimation of whether any given gene in increasing or decreasing in expression level,
and greatly improves the construction of developmental trajectories. If the application of such
methods to plant scRNA-seq data can successfully place cells onto a developmental path, this
would allow the identification of genes that change expression during development, and the
possible regulators of this developmental process.

While there is much potential to perform a deeper analysis of the scRNA-seq data generated
here, our goal was to establish the feasibility of such an approach for the analysis of cell-
type-specific differential gene expression between Arabidopsis genotypes. We successfully
identified 17 genes that displayed clear differential expression between Col-0 and Cvi, and this
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differential gene expression was restricted to different subsets of cells. This shows that such
cell-type-specific differential gene expression exists between Arabidopsis accessions, and can
be identified using scRNA-seq. As this pilot experiment included only two different Arabidopsis
accessions, we were unable to identify candidate genetic variants that may be important in
determining such gene expression patterns. Future experiments that gather scRNA-seq data
for a much larger group of hundreds of different accessions would allow a thorough expression
quantitative trait loci (eQTL) analysis to be performed to identify genetic variants associated
with cell type specific expression patterns. These variants could be further studied through
the use of gene editing techniques to disrupt alleles and experimentally validate their role in
gene regulation (Feng et al., 2014). Such a large-scale experiment is highly feasible within
the next few years, as the mixing of many different accessions will decrease the cost of cell
encapsulation, as microfluidics devices could be run at a very high multiplet rate and these
droplets later computationally removed, thus increasing the output of each microfluidics run.
With the release of new high-output DNA sequencers, the falling cost of sequencing will also
make the large amount of data required for such an analysis feasible to obtain.

Importantly, we also established a set of computational tools to facilitate such future exper-
iments, including the development of the sctools package to enable the genotyping of cells
and identification of cell multiplets. Most scRNA-seq packages have focused on aspects of
downstream analysis such as data visualization, dimension reduction, clustering, and trajectory
building, with a current paucity of tools available for the upstream processing of raw data
(Zappia et al., 2017). For experiments that aim to mix hundreds of different genotypes, it is
essential that efficient computational methods are in place that enable discrimination between
genotypes during data analysis. Furthermore, we developed a novel approach to accurately
identify empty droplets in scRNA-seq data using information from the transcriptome of each cell,
as well as the population of free-floating RNA that is sequenced in each experiment. These
methods outperformed more established UMI-based methods, and were able to recover two
cell types that would have been otherwise discarded using these default methods. These
cells may have be more prone to being incorrectly removed by a UMI-based classification
scheme due to a lower total RNA content, perhaps due to the particular biological roles of these
columella and lateral root cap cells that are rapidly turned over in the plant and displaced into
the surrounding soil. The total RNA content can vary widely between different cell types and
between tissues, and this analysis highlights how such variation has the potential to lead to
compositional bias in downstream data if not properly addressed. The development of these
methods for cell identification will have broad utility in the field of single cell genomics, as many
tissues in many organisms contain a broad variation in RNA content between cells (Marinov
et al., 2014). Overall, our findings establish scRNA-seq as a viable strategy for the pursuit
of candidate genetic variants that control cell-type-specific gene expression, and provide the
necessary tools for future experiments that will extend upon these results.
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4.4 Methods

4.4.1 Plant growth

4.4.1.1 Semi-solid media

Semi-solid media was prepared using 1/2 Murashige and Skoog (MS) medium (Murashige and
Skoog, 1962) with 1% sucrose and 0.9% agar added, pH 5.7.

4.4.1.2 Growth conditions

Arabidopsis Col-0 and Cvi plants were stratified at 4ºC in the dark for 48 hours before being
transferred to a 16 hour photoperiod at 22°C with 60% humidity and grown side-by-side. Plants
were harvested 7-10 days after plating.

4.4.1.3 Protoplasting

Cell protoplasts were prepared as described in Bargmann and Birnbaum (2010). Briefly, a
protoplasting solution was prepared containing 1.25% w/v cellulase, 0.3% w/v macerozyme,
0.4M D-mannitol, 20mM MES (pH 5.7), 20mM KCl, 10mM CaCl2, 5 mM β-mercaptoethanol and
0.5% w/v BSA in ultrapure water. A protoplast resuspension buffer was prepared containing
0.4M D-mannitol, 20mM MES (pH 5.7), 20mM KCl, 10mM CaCl2 and 0.5% w/v BSA in ultrapure
water. Root tips were harvested by cutting the last 3 mm of the root, and placed in the
protoplasting solution for 1 hour at room temperature. Cells were then pelleted at 500g for 5
minutes and the supernatant removed. Cells were filtered through a Cell Strainer Snap Cap
(Corning) to remove debris. Protoplasts were counted using a hemocytometer, and Col-0 and
Cvi protoplasts mixed in equal proportions to give a final concentration of 1,000-1,500 cells/μL.

4.4.2 Library preparation and sequencing

4.4.2.1 Single cell RNA-seq

Cell protoplasts were encapsulated using the 10x Genomics Single Cell 3’ solution at per the
manufacturer’s instructions (Zheng et al., 2017).

4.4.2.2 Bulk RNA-seq

Plants were prepared as for scRNA-seq samples. For non-protoplasted samples, instead of
placing tissue into a protoplasting solution, roots were snap frozen in liquid nitrogen. Reverse
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transcription was performed using oligo-dT primers, using the TruSeq stranded mRNA kit
(Illumina).

4.4.2.3 DNA Sequencing

Single-cell RNA-seq libraries were sequenced using the Illumina NextSeq 500 using a V2 150
cycle kit (Read 1: 26 cycles, Read 2: 116 cycles, Index Read: 8 cycles). Bulk RNA-seq libraries
were sequenced on the Illumina HiSeq 1500 (single end, 101 cycles).

4.4.3 Bulk RNA-seq data processing

4.4.3.1 Identification of protoplasting-sensitive genes

RNA-seq read quality was assessed using FastQC and MultiQC (Andrews, 2012; Ewels et al.,
2016). RNA-seq reads were trimmed with Trimmomatic v0.36 with the following parameters:
ILLUMINACLIP:TruSeq3-SE.fa:2:30:10 LEADING:3 TRAILING:3 SLIDINGWINDOW:4:15
MINLEN:36 (Bolger et al., 2014b). Reads were aligned to the TAIR10 genome using STAR
(Dobin et al., 2012) with the following parameters:

--alignIntronMax 5000
--alignIntronMin 10
--readFilesCommand zcat
--quantMode GeneCounts
--outSAMtype BAM SortedByCoordinate

Differentially expressed genes due to the protoplasting treatment were identified using the
DESeq2 R package (Love et al., 2014), with a Benjamini Hochberg adjusted p-value less than
0.001 and a log2 fold change in expression greater than 2.

4.4.3.2 Identification of cell type marker genes

RNA-seq data for FACS-sorted Arabidopsis (Col-0) root cell types were downloaded from
NCBI SRA accession code PRJNA323955 (Li et al., 2016). Reads were trimmed for
adapter and low quality bases using Trimmomatic v0.36 with the following parameters:
ILLUMINACLIP:TruSeq2-PE.fa:2:30:10 LEADING:3 TRAILING:3 SLIDINGWINDOW:4:15
MINLEN:36 (Bolger et al., 2014b). Pseudoalignment and gene expression quantification
was performed using kallisto with the number of bootstrap samples set to 100 (-b 100)
(Bray et al., 2016). Differential gene expression between each FACS sample (2-3 replicates
each) compared to all other groups was identified using DESeq2 (Love et al., 2014). First,
differentially expressed genes were identified (Benjamini Hochberg adjusted p-value less than
0.2) where the expression was higher in the cell type in question compared to all other samples
(expression fold change greater than 2 when compared to all other samples). This set of
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candidate marker genes was sorted by expression fold change, and at most 200 top genes
selected for each cell type.

4.4.4 Single-cell RNA-seq data processing

Snakemake was used to manage data processing pipelines (Köster and Rahmann, 2012).
Various other packages were used to process scRNA-seq data, detailed below.

4.4.4.1 Quality control

Quality of sequencing reads was assessed using FastQC v0.11.5 and MultiQC (Andrews, 2012;
Ewels et al., 2016). The calculateQCMetrics and plotQC functions in the scater R package
were used to calculate quality control metrics for processed scRNA-seq data (McCarthy et al.,
2016).

4.4.4.2 Mapping

Reads were mapped using a modified version the 10x Genomics CellRanger pipeline (v1.3.0)
(Zheng et al., 2017). Internally, CellRanger uses STAR to perform read alignments, and the
pipeline was modified to allow the specification of STAR insertion and deletion alignment
penalties, as well as the minimum and maximum allowed intron size (Dobin et al., 2012).
Reads were mapped to a version of the Arabidopsis (TAIR10) genome with ambiguous base
codes placed at Cvi SNP positions, as identified by the Arabidopsis 1001 genomes project
(Alonso-Blanco et al., 2016), encoding both the Col-0 and Cvi base. Reads were mapped with
the following STAR parameters:

--alignIntronMin=10
--alignIntronMax=5000
--scoreDelOpen=-1
--scoreDelBase=-1
--scoreInsOpen=-1
--scoreInsBase=-1

4.4.4.3 Cell genotyping

Col-0 and Cvi SNP UMIs were counted per cell using the countsnps command in the sctools
package. This program compares the sequenced base with the two possible SNP bases at
each given SNP position, and counts the number of UMIs containing each genotype (Col-0 or
Cvi) for each cell barcode. Cells were then genotyped using the sctools genotype command
(see section 4.2.1). Cells were then clustered in high-dimensional principal component space,
and low UMI count droplets identified as “border” cells by sctools were given a “background”



102 CHAPTER 4. SINGLE CELL TRANSCRIPTOMES

classification if they were assigned to a cluster with greater than 20% background droplets,
otherwise they were classified as real cells. This dimension reduction and clustering was
performed using Seurat version 2.0.1 (Satija et al., 2015).

4.4.4.4 Visualisation of read alignments

To extract reads corresponding to subsets of cell barcodes from BAM file produced by the read
mapping step, the filterbarcodes command in sctools was used. Alignments were viewed
using the AnnoJ genome browser (Lister et al., 2008), and IGV (Thorvaldsdóttir et al., 2013).

4.4.4.5 Data normalization, dimension reduction, and clustering

The Seurat R package (version 2.0.1) was used for data normalization, filtering, dimension
reduction, and cell clustering (Satija et al., 2015; Butler and Satija, 2017). First, data were
scaled to a total of 10,000 molecules and log-normalized using the Seurat package. Cells
with less than 200 expressed genes were removed, and genes expressed in less than 3 cells
removed. The total number of UMIs detected in each cell was then regressed out using
a linear model, using the NormalizeData function in the Seurat package with the param-
eters normalization.method="LogNormalize" and scale.factor=10000, followed by the
function ScaleData with parameters vars.to.regress="nUMI". Highly variable genes were
detected based on z-scores for gene dispersion, using the FindVariableGenes function in
Seurat. Protoplasting-sensitive genes were removed from this set of highly variable genes.
These highly variable genes were then used to calculate the top principal components, using
the augmented implicitly restarted Lanczos bidiagonalization algorithm (IRLBA) (Baglama and
Reichel, 2005). The top 30 principal components were used to perform tSNE dimensionality
reduction using the Barnes-Hut tSNE implementation (van der Maaten, 2014). Cell clustering
was performed using a graph based method as described previously (McDavid et al., 2013;
Levine et al., 2015; Villani et al., 2017). First, a k-nearest neighbour graph was constructed
(k=30), and converted into a weighted shared nearest neighbour graph, with the graph weights
representing the overlap between neighbourhoods. Cells were then grouped into clusters
through the identification of highly interconnected nodes in the graph, using the smart local
moving algorithm (Waltman and van Eck, 2013). These steps were performed using the
FindClusters function in Seurat, with the resolution parameter set to 1.

4.4.4.6 Assignment of cell types

A large set of marker genes highly specific to each root cell type were first identified using
published FACS-sorted bulk RNA-seq data for 13 different cell types (See 4.4.3.2; Li et al.
(2016)). Cells in each scRNA-seq dataset were then classified according to the expression of
these marker genes. The expression level of each marker gene was first scaled to a fraction
of the highest-expressing cell, in order to place different marker genes on a common scale
(0-1). The scaled expression of all marker genes was then summed for each cell, and divided
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by the total number of markers to give the mean scaled marker expression level for each
cell. Cells with a score greater than 0.1 were then classified as the cell type corresponding
to the set of marker genes. As this approach was quite strict, requiring high expression of
the marker genes, only a subset of all cells were able to be classified. In order to classify the
remaining cells, a random forest classifier was constructed using the expression of all genes
in the in the set of cells labelled using marker gene expression, using the ranger R package
with num.trees set to 1000 (Wright and Ziegler, 2017). A new random forest was constructed
for each scRNA-seq experiment, but typically had an error rate of 10-13%. The random forest
classifier was then used to classify unlabelled cells, reporting individual predictions for each
decision tree. Predictions were further refined by setting cell type classifications to “unknown”
where the winning number of decision tree votes was less than 30% of the total votes.

4.4.4.7 Alignment of single cell datasets

As Col-0 and Cvi cells generally form distinct clusters due to the presence of genetic variants
between the accessions that cause global shifts in gene expression between the accessions,
we wished to correct for these differences in order to visualize cells side-by-side in a common
tSNE. To do this, joint manifold learning methods involving the alignment of canonical correlation
vectors derived from the single cell expression data for genotype were used, implemented in the
Seurat R toolkit v2.0.1 (Butler and Satija, 2017; Satija et al., 2015). Gene count matricies were
first generated using a modified version of CellRanger as described above (Zheng et al., 2017).
The expression matrix was split by genotype and the two datasets processed separately. Initial
data scaling and normalization was performed using Seurat as described above. Canonical
correlation analysis (CCA) was then performed using the RunCCA function in Seurat, with the
arguments object1=col0, object2=cvi. Cells that were not well described by the CCA
compared to a PCA were removed (variance explained by CCA less than 50% that of the
variance explained by PCA). CCA subspaces were then aligned using the AlignSubspace
function in Seurat, with the argument dims.align=1:15. tSNE dimensionality reduction and
cell clustering was then performed in the aligned subspace.

4.4.4.8 Differential expression detection

Differential gene expression between groups of cells was performed using a likelihood-ratio
test (McDavid et al., 2013), using the function FindAllMarkers in Seurat, considering only the
genes identified previously as being variable (see above).

4.4.4.9 Identification of potential genetic determinants of differential expression

To search for candidate genetic variants that may be responsible for differential expression
between Arabidopsis accessions (Col-0 and Cvi), we first identified genes that were differentially
expressed between the two genotypes (see above). This set of genes was then filtered to retain
only genes that were expressed in different cell types between the genotypes (cell type specific
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differential expression). Using this list of differentially expressed genes, we identified SNPs,
small indels, and TE variants that were within 3 kb of the differentially expressed gene. Data
for SNPs and small indels was collected from the 1001 genomes project (Alonso-Blanco et al.,
2016) and filtered using VCFtools (Danecek et al., 2011), and TE variants collected from Stuart
et al. (2016) and Quadrana et al. (2016). However no TE variants from the Quadrana et al.
(2016) study were retained after selecting only variants within 3 kb of a differentially expressed
gene.

Gene expression values for the differentially expressed genes were downloaded for all acces-
sions in the 1001 genomes project (Kawakatsu et al., 2016a). For each genetic variant identified
within 3 kb of a cell type specific differentially expressed gene, accessions were grouped by
those that contained the Col-0 allele, and those that contained the Cvi allele (those containing
neither allele were removed). Significance testing was then performed to test for differential
expression between groups of accessions, using the Wilcoxon rank sum test. The resulting
p-values were then compared to a distribution of p-values generated by repeating the tests with
permuted accession labels 1000 times. Significant differences in expression were identified
when the p-value from the original test was smaller than all of the permuted p-values.

4.5 Data access

A manuscript is currently under preparation. Code and data will be made freely available upon
publication.



Chapter 5

Discussion

Transposable elements (TEs) have several important impacts upon the genomes in which
they reside. TEs have the unique ability to move around the genome, carrying with them
regulatory elements and protein coding genes that are often used as the substrate for genetic
innovation (Chuong et al., 2017; Jangam et al., 2017). Furthermore, the act of TE movement
poses mutagenic potential. TE insertions may disrupt important regions of the genome and
prevent the normal function of genes, impacting the fitness of the host. Even the excision of
a TE from its original site can be enough to alter the expression of genes near the site of TE
loss (McClintock, 1950). Consequently, genome stability, the absence of TE movement, often
appears to be the most favourable choice for a host genome. Such stability is imposed by
strict epigenetic TE silencing pathways, chiefly involving the covalent modification of cytosine
bases (DNA methylation). These modifications signal the alteration of local chromatin states to
form condensed heterochromatin inaccessible to RNA polymerase and marked with histone
H3 lysine 9 methylation (H3K9me), preventing the transcription of TE sequences (Musselman
et al., 2012; Bannister and Kouzarides, 2011).

These DNA and histone modifications have captured the attention of modern science as they
encode, in many cases, altered states that are faithfully maintained over many generations,
providing another mechanism for inheritance beyond the DNA sequence itself (Margueron and
Reinberg, 2010). Moreover, some studies have pointed to a sensitivity of these marks to the
environment, an apparent plasticity (Secco et al., 2015). Since Lamarck, the idea has been
entertained of an environmentally-responsive genome, in which the experiences an organism
undergoes during its lifetime can alter its traits, and these traits could subsequently be encoded
in a heritable way and passed to the offspring. Darwin showed the fallacy of such an idea.
Rather, the environment only acts to select for favourable traits, and has no role in the creation
of such traits. Indeed, in small populations the efficiency of natural selection is so low that the
environment cannot do much of anything, and the architecture of the genome is subject to the
whims of drift (Lynch et al., 2016; Lynch, 2007a). Even in a large population, with efficient
selection, species are doomed to fail in the absence of DNA recombination due to an inability
to remove deleterious alleles (Muller, 1964). Since the report of “epialleles”, environmentally-
responsive heritable elements encoded by DNA methylation, the spirit of Lamarck’s ideas have
gained new support, if not his ideas verbatim (Weigel and Colot, 2012).

105
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Such arguments for environmentally-derived heritable states are predicated on the lack of any
genetic (DNA sequence) changes that could explain the altered state. In Chapter 2, we clearly
demonstrate that, in many instances, changes to the DNA sequence in the form of TE insertions
underlie many of what were previously considered “epigenetic” differences between plants
(Schmitz et al., 2013; Stuart et al., 2016). We found many instances where a TE insertion
was coupled to an increase in DNA methylation in the flanking DNA sequence. Without this
knowledge of TE insertion positions, such DNA methylation differences between plants may
be falsely interpreted as being independent of the underlying DNA sequence, and as being
epigenetic, when in fact they very likely have an underlying genetic cause. Our findings highlight
the importance of accounting for all types of genetic variation when analysing genomes, rather
than focusing on single nucleotide variants and small insertions and deletions. These results fit
with our current model of TE silencing via DNA methylation, as TE sequences are often highly
methylated and this methylation can spread beyond the borders of the TE sequence (Stroud
et al., 2014). Surprisingly, we also found that these DNA methylation changes often would not
return to their pre-insertion state following the deletion of the inserted TE, indicating that, once
established, DNA methylation can be faithfully maintained in the absence of the original genetic
trigger. Whether such states can still be considered truly epigenetic is a matter of opinion. It is
highly likely that the vast majority of DNA methylation differences between different accessions
can be attributed to some genetic cause. Although spontaneous methylation changes do occur
over many generations within an accession, and these changes do not appear to be linked to
genetic change, and many of these alterations in DNA methylation do not appear to be stable
over time (Schmitz et al., 2011; Becker et al., 2012). Thus the argument for environmentally-
induced heritable change suffers a major setback. It is much more likely that the mutation rate
itself is environmentally responsive (Galhardo et al., 2007). Indeed, many studies have now
shown that TEs are activated in times of stress (Matsunaga et al., 2015; Ito et al., 2013; Horváth
et al., 2017).

While the role of heritable DNA methylation in plants now, more than ever, appears to be
restricted to the silencing of TEs, little is known about the role, or even the extent, of variation
in DNA methylation patterns between somatic cells of an individual. Again, we propose that
variation in such DNA methylation patterns is linked to the suppression of TE sequences. In
Chapter 3, we analysed genome-wide DNA methylation patterns in different cell types of the
Arabidopsis root at high resolution for the first time (Kawakatsu et al., 2016b). This analysis
revealed that widespread variation in DNA methylation patterns do indeed exist between somatic
cell types in plants. Variation in gene body methylation aside, which tends to correlate with
gene expression, the vast majority of DNA methylation differences between cell types were in
TEs. These differences were restricted to the hypermethylation of TEs in a only one of the cell
types profiled, the columella cells of the root cap, accompanied by a transcriptional upregulation
of the protein machinery and smRNAs required for the establishment and maintenance of this
DNA methylation. As columella cells are terminally differentiated, any TE insertions within the
columella cells would be quickly lost as these cells die and are displaced from the root. This
then begs the question, why the heightened TE silencing in these cells?

That which reproduces imperfectly must also evolve, and so the forces that drive speciation
also govern TEs. In order to understand how the activity of TEs is regulated within organisms,
the same evolutionary principles that govern the behaviour of species must be applied to the
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behaviour of TEs. Just as a deer will choose to mate in the spring to ensure its fawn will
survive, a TE must reproduce at the optimal time for its copies to survive and pass into the
next generation. Thus, the same forces that select for deer that mate in a particular season
select for TEs that are active in cells that have the potential for their DNA to be inherited by the
next generation. A TE, however, is limited in its control over its own activity. Only through the
evolution of TE promoter sequences can TEs regulate their own cell-type-specific expression.
Indeed, many TE promoters have evolved to drive expression in stem cells (Gerdes et al.,
2016; Kunarso et al., 2010). This is particularly true in mammals, where cells of the germline
are defined early in development, and all other cells are non-generative. Here plants differ
significantly, with important evolutionary implications for plant TEs. In plants, the germline
develops from mature somatic cells, and so almost any cell has the potential to contribute its
DNA to the offspring. This is even true for the root cells. While roots are not involved in sexual
reproduction, many plants are able to reproduce clonally through the roots. It follows, then, that
there must be selective pressure for TEs to be active in the cells that give rise to all somatic
cells in plants, as well as in the gametes.

Plants contain two such groups of stem cells, the root apical meristem (RAM), responsible for
giving rise to all root tissues, and the shoot apical meristem (SAM), that gives rise to the aerial
tissues. Our studies have focused on the RAM, where we uncovered substantial variation in TE
silencing activity. If there is selective pressure for TEs to be active in the root stem cells, so too
must there be selective pressure within plants to suppress this activity and avoid deleterious
mutation. We hypothesize that the dramatic upregulation of TE silencing pathways we observe
in the terminally differentiated columella cells are a plant defence mechanism against TE activity
in the stem cells. Key to this argument is the upregulation of 24 nucleotide smRNAs that we
observe, a mobile TE silencing signal (Martínez et al., 2016). As columella cells are in close
physical proximity to the root stem cell niche, it is plausible that these smRNAs are able to
be transported to the stem cells to reinforce TE silencing (Ibarra et al., 2012; Calarco et al.,
2012). The heightened DNA methylation we observe in the columella may be nothing more
than the byproduct of increased smRNA production, as these smRNAs target DNA methylation
(Matzke and Mosher, 2014). All we know for certain is that TEs again appear to be at the heart
of DNA methylation changes in plant genomes, and to understand the function of elevated
DNA methylation and smRNAs in the columella further studies are needed. The most obvious
next step is to perturb the system in some way and observe the outcome. By inactivating key
components of the smRNA production pathway, such as RNA polymerase IV, the function of
these smRNAs in the columella can be examined. Importantly, these functional inactivations
should be performed in the columella only, to distinguish from more global effects of the loss
of smRNAs. This could be achieved through the use of CRISPR/Cas9-based gene editing
methods, with the expression of Cas9 placed under a columella-specific promoter to ensure
editing in the columella cells only. However, such an approach would be very technically
challenging with our current technology, as it would depend on highly efficient genome editing
occurring within a relatively short space of time. Efforts to instead track the movement of
smRNAs between cells of the root may prove more fruitful (Martínez et al., 2016). If evidence
of smRNA movement from the columella to the stem cells can be obtained (or dismissed), this
would greatly improve our understanding of the role of these smRNAs in the root.

Beyond the impact TEs have on the DNA methylome, TEs clearly play an important role in
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determining the expression of genes. In Chapter 2, we also find evidence that TEs frequently
alter the expression of protein-coding genes. Some TE insertions simply appeared to inactivate
a gene through its insertion in the protein coding sequence, and one such example was
associated with increased sensitivity to pathogen attack (Stuart et al., 2016). Such cases are
frequent in nature, and are probably the main driver of TE silencing (Kidwell and Lisch, 1997).
However, we also find more complex examples where the impact of TE insertion on gene
expression is variable. In some cases, the insertion of a TE in a gene promoter would inactivate
that gene, whereas in other cases a promoter TE insertion was associated with the opposite
response: transcriptional activation. A more thorough functional annotation of the Arabidopsis
genome may shed light on the causes of such differences. We hypothesise that TE insertions,
at least in some cases, disrupt regulatory information leading to altered transcriptional profiles.
On the other hand, TEs also have the potential to spread regulatory information. Rather than
disrupting established regulatory sequence nearby genes, TEs may also facilitate the addition
of new regulatory sequence (transcription factor binding sites). This has been well-documented
in Arabidopsis and other species (Hénaff et al., 2014; Chuong et al., 2017). Overall, differential
TE insertions have a substantial impact on gene expression variation within a species. However,
these gene expression measurements were limited to whole leaf tissue, and may be insensitive
to more subtle changes in gene expression in only a subset of cells. Due to the evolutionary
pressures that shape TE regulation in plants, we expect that TEs may indeed influence gene
expression in a cell-type-specific manner, and so it is essential to compare gene expression
profiles between cell types, or between single cells.

In Chapter 3, we find extensive transcriptional differences between cell types of the root. Gene
expression patterns appear to more closely follow cell lineage than local position in the tissue,
as opposed to DNA methylation which appears more affected by local signals than lineage
(Kawakatsu et al., 2016b). While these results showed that substantial differences exist between
cell types of the root, methods capable of providing a more comprehensive analysis of plant
tissues without restricting the definition of “cell type” to groups of cells that have previously been
marked with a fluorescent reporter are needed. Furthermore, if such methods are to be applied
in genetic studies aiming to understand the basis for cell-type-specific gene expression, it is
essential that this prerequisite of a fluorescent marker line is abolished to enable the profiling of
tissues from many different genetic backgrounds. To develop such methods for use in plants, we
applied droplet-based single-cell RNA sequencing (scRNA-seq) to Arabidopsis root tissue (see
Chapter 4). Although scRNA-seq has been applied to plants before (Efroni et al., 2016), this is
the first time (to our knowledge) that high cell throughput droplet-based methods capable of
profiling thousands of cells in a single experiment have been used successfully on plant tissues.
The major aim of this work presented in Chapter 4 focused on establishing the technical and
methodological procedures needed for future large-scale scRNA-seq experiments, and testing
the ability of such methods to detect cell-type-specific patterns of differential gene expression
between different genetic backgrounds. Indeed, through the analysis of thousands of single
cells we were able to confidently identify a small number of genes that are expressed in different
cell types in Col-0 compared to Cvi. For at least some of these differentially expressed genes,
the presence/absence of a TE may provide the genetic basis for altered expression patterns,
although the precise genetic basis for these expression differences remain unknown due to
the analysis of only two different accessions with many genetic variants. Future large-scale
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experiments that analyze single cells from from hundreds of different Arabidopsis accessions
will be able to determine these genetic determinants of cell-type-specific expression patterns.
Importantly, we have developed an analytical framework and computational toolkit to facilitate
such future experiments.

We developed new computational methods to discriminate between empty and cell-containing
droplets, based on whole-transcriptome information. This is particularly important for studies
analysing plant cells, as we found that certain groups of cells would be almost entirely excluded
from the data using an established barcode-counting based method of cell identification,
perhaps due to vastly different levels of mRNA in different plant cell types. Cell-free droplets in
droplet-based scRNA-seq experiments still contain RNA, due to the presence of free-floating
RNA from burst cells, and a typical scRNA-seq experiment observes tens of thousands of
these empty droplets. We leverage this repeated sampling of RNA from the pool of free-floating
RNA to characterize the transcriptome of an empty droplet, and used this characterization to
assist in classifying other droplets as cell-containing or empty. Such an approach outperforms
simpler methods more commonly used in single-cell genomics, and will be of broad utility in
the growing field. Furthermore, we developed an analysis toolkit that enables single nucleotide
polymorphisms (SNPs) to be counted efficiently in each cell, and for single cells to be genotyped
based on known SNP information. These methods also enable the identification and removal
of multi-cell droplets for experiments containing a mixture of cell genotypes, and can assist in
removing technical artefacts due to these multi-cell encapsulation events. In our pilot study, we
mixed only two genotypes, Col-0 and Cvi. This allowed approximately half of the instances
where two cells entered a single nanolitre droplet to be identified, as many of these droplets will
contain both genotypes at high frequency, while half would be same-genotype multiplets (ie,
two Col-0 cells or two Cvi cells in one droplet). By mixing even more genotypes together in a
single experiment, nearly all multiplets could be identified and removed. This will allow the cell
encapsulation instrument used for droplet-based scRNA-seq methods to be run at a higher cell
encapsulation rate, greatly lowering the cost of scRNA-seq library preparation while eliminating
technical artefacts due to multi-cell droplets, shifting the major cost of these experiments back
to DNA sequencing, which continues to fall. Overall, the scRNA-seq toolkit developed here
provides essential functionality that is currently not offered by any other tools, as many tools
for the analysis of scRNA-seq data currently focus on downstream aspects of data analysis
such as dimension reduction, clustering, and data visualization (Zappia et al., 2017). We have
shown the value of developing more sophisticated upstream data processing methods that
can improve the quality and quantity of data obtained from scRNA-seq experiments, through
the identification and removal of technical artefacts (multi-cell droplets), and the improved
identification of empty droplets.

Although we first applied scRNA-seq to just one tissue from two Arabidopsis accessions, we
envision future studies will apply these methods to many tissues, populations of genetically
distinct plants, and different environmental conditions. This would enable the development of
a comprehensive plant cell atlas and accompanying catalogue of genetic variants that guide
cell-type-specific patterns of gene expression, providing both spatial and temporal information
on gene expression patterns as well as the genetic underpinnings that guide these expression
patterns. Similar efforts are underway in humans, and have great potential to uncover the
genetic basis of human disease and improve our understanding of development (Regev et al.,
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2017; Aguet et al., 2017). The application of similar methods in plant models will help guide
genetic engineering and synthetic biology efforts aiming to improve the energy use efficiency of
plants, to create stress and disease-resistant crops, and to engineer plants to produce biofuels
and other commercially valuable products. While early studies have identified key genes that
are involved in agronomically important traits, such as drought resistance or growth in low
phosphate conditions (Hamburger et al., 2002; Secco et al., 2010; Li et al., 2017), understanding
when, where and how these genes are expressed in plants is essential in order to be able to
intelligently modify these systems for our own purposes. While single cell genomics can provide
a detailed understanding of the dynamics of gene expression, combining these methods with
population genetics will provide the key to understanding how these expression dynamics are
encoded in the DNA sequence, and allow us to exploit this information for the improvement of
crops and the development of biotechnology products. Understanding the positional variation
in TE sequences between plants and their consequences will be an essential aspect of these
future studies, and the methods developed in Chapter 2 will prove invaluable in mapping this
genetic diversity in larger populations of Arabidopsis plants, as well as in other models and
crops (Eichten et al., 2016).

5.1 Conclusion

Overall, we have highlighted the important impacts that TEs have upon the host genome,
especially in their influence on the DNA methylome and patterns of gene expression. At the
population level, TE insertions are the likely genetic basis for much of the observed patterns
of DNA methylation variation among plants. While these population studies proved essential
in understanding the impact that TEs have among plants, we also examined the impact these
elements have between different cell types. Again, TEs have a major role in defining patterns
of DNA methylation among cells as well as among plants, and the main differences between
DNA methylation profiles of root cells appears to be in the level of DNA methylation within TE
sequences. While patterns of differential DNA methylation between cells or between plants
seem to be mainly a consequence of TE position, TEs also impact the expression of genes.
Due to their ability to carry regulatory information and to disrupt existing DNA sequences
through their insertion or deletion, TEs have the potential to greatly impact gene expression
dynamics. To understand the precise impact that TEs have on patterns of gene expression,
the fusion of population genetics studies, such as those reported in Chapter 2, with single-cell
genomics methods, such as those in reported in Chapter 4, are needed, and have the potential
to revolutionize our understanding of the genetic determinants of gene expression. We have
provided the computational tools and analytical framework for such future studies, through the
development of analysis methods capable of identifying TE positional variation from whole
genome sequencing data, and an analysis toolkit tailored to the processing of raw scRNA-seq
data.
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Table 5.2: mRNA sequencing summary

Cell types Transgenic lines Mapped reads

Epidermis ProWERWOLF::GFP 74508574
Cortex ProCORTEX::GFP 52292200
Endodermis_rep1 ProSCARECROW::GFP 78414381
Endodermis_rep2 ProSCARECROW::GFP 68379874
Stele ProWOODEN LEG::GFP 84767436
Columella (whole) PET111 64725553

Table 5.3: smRNA sequencing summary

Cell types Transgenic lines Mapped reads

Epidermis ProWERWOLF::GFP 11612945
Cortex ProCORTEX::GFP 10590807
Endodermis ProSCARECROW::GFP 4318354
Stele ProWOODEN LEG::GFP 3969124
Columella (whole) PET111 9213975

Table 5.4: smRNA mapping summary

size Epidermis Cortex Endodermis Stele Columella

16 723916 1664640 132909 53598 76869
17 312734 493974 56570 18841 86813
18 575198 930437 148779 81634 104346
19 1516805 877980 2360279 1744713 139268
20 1719103 1603591 306010 275731 235875

21 2026200 1308558 307405 346525 661390
22 545194 445027 158013 179092 506915
23 1288845 1233412 337878 422683 2536383
24 2284372 1669111 453687 773483 4750578
25 371946 233639 48591 59939 99848

26 247900 122477 8068 10552 15660
36 732 7961 165 2333 30
total 11612945 10590807 4318354 3969124 9213975
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