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Abstract

Next-generation sequencing technologies have transformed our understanding of ge-
netic variation segregating in populations and its relationship with phenotypic traits.
Sequencing large populations at low coverage, thus sampling only a fraction of the
genome of each individual, may increase statistical power in genetic mapping [99] com-
pared to genotyping arrays. This thesis explores several novel applications of low-
coverage population-based sequencing, using data from 488 recombinant inbred lines
from the MAGIC population of Arabidopsis thaliana, descended from 19 inbred founder
accessions. Based on the full catalogue of genetic variation that is available in the
19 founders [36], I describe every MAGIC genome as a mosaic of founder haplotypes
and analyse the accuracy of the mosaics by simulation. I then use the mosaics in three
ways. First, I investigate structural variation using a novel method that treats anomalies
in the alignment of sequencing reads, potentially representing signatures of structural
variants (SVs), as quantitative traits. These can be mapped genetically to identify loci
in which genetic variation correlates with signatures of SVs. The method can distin-
guish short- (e.g. indels) and long-range (e.g. translocations) SVs and has led to the
discovery of a large number of SVs segregating in the MAGIC population, including
thousands of long-range SVs. I show that SVs have a significant impact on silencing
gene expression and that they explain a large fraction of the phenotypic variation in
several physiological traits. Second, I use the mosaic structure of the MAGIC lines

to map recombination events and analyse lineage-specific recombination in MAGIC. T



infer recombination hotspots and compared recombination in the MAGIC lines to the
Arabidopsis genetic map. Finally, I detect bacterial endosymbionts hosted in MAGIC
genomes from unmapped reads that have high sequence similarity with bacterial DNA
and examine whether variation in the presence of endosymbionts can be explained by

host genetic variation.
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Chapter 1

Introduction

Genetic variation explains much of the observed phenotypic variation within a population and
is the material from which natural selection drives evolution. Its main generators are mutation
and recombination. Mutation randomly alters genomic sequence, either by substituting a single

nucleotide, giving rise to single nucleotide polymorphisms (SNPs) or by altering chromosomal

structure, giving rise to [structural variants (SVs)l Recombination generates new combinations of

existing alleles, allowing two different DNA molecules to exchange genetic material and form a
new one. Transposable elements, which are genic features that change their genomic position, are
another source of genetic variation, affecting both genomic size and structure.

Cataloguing the genetic variation segregating in a population is important and useful. For
example, associations between DNA variants and phenotypic traits may be used to discover genes
that contribute to a phenotype. Genotype-phenotype associations can be detected by genome-
wide association studies (GWAS), which examine the relationships of many genetic variants with
a phenotypic trait. GWAS commonly use SNP arrays of millions of SNPs which genotype every
individual in the population.

With the advent of next-generation (high-throughput) sequencing technologies it has become
possible to concurrently sequence thousands of genomes at high precision. This has allowed se-
quencing of large populations and has uncovered many novel sequence variants. However, our

knowledge of genomic polymorphism is incomplete because of variability in the size, copy-number
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and order of loci within populations [I7]; this variability is usually caused by structural variants,
but centromeres, heterochromatic regions and transposable elements also contribute. Assembly of
sequencing reads over such regions is challenging - for example, if a genome carries multiple copies
of a locus, it may be difficult to assign reads to their correct place unambiguously. Sequencing at
high coverage i.e. obtaining a large number of reads so that each locus is covered by multiple reads
can help resolve some, but not all, ambiguities, as the read lengths are relatively small (typically
between 35 and 150bp) and read-mapping algorithms are imperfect. Furthermore, statistical power
is key to most GWAS, as complex traits are often functions of many common polymorphisms with
small effects which can be detected only with very large population sizes. However, sequencing all
individuals at high coverage for such a study can be expensive and impractical.

As an alternative, techniques that do not sequence the entire genomes of individuals have
emerged. Restriction-site associated DNA marker (RAD) sequencing for example, simultaneously
sequences at high coverage target loci in multiple individuals. RAD sequencing is cost-effective and
does not require a reference genome to align reads, but it is not applicable over highly diverged
loci. Furthermore, target sequence information is not always available and can be hard to collect, so
RAD-seq data may miss important genomic loci. Another approach is low-coverage whole genome
sequencing, which is priced comparatively to a SNP array study, but has been shown to produce
superior results, as it can increase statistical power and reduce false positive rates [99]. Depending
on the population, the depth of coverage required varies, but is typically in the range ¢ = 0.1 — 2x
i.e. each position in each individual is covered by an average number of ¢ reads, although coverage
will vary randomly as well as for systematic reasons. Consequently, only a fraction of the genome is
observed in each individual. Missing genotypes can be inferred by comparing the data with known
haplotypes, a procedure known as genomic imputation [87]. With the advancement of sequencing
technologies the cost of sequencing is continuously dropping in comparison to SNP arrays, so the
paradigm of low-coverage sequencing may soon allow the sequencing of very large populations,

potentially increasing statistical power for GWAS [34].
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1.1 Thesis description

This thesis explores genetic variation in a population of the plant Arabidopsis thaliana and proposes
novel uses of low-coverage sequencing in genomic analysis. Several aspects of genetic variation anal-
ysis using low coverage sequencing data have been considered. The main focus is the identification
and analysis of structural variants, particularly long-range, which are harder to detect. Genomic
imputation from low-coverage sequence is also discussed. Recombination maps of A. thaliana using
imputed data are also analysed and compared to the Arabidopsis genetic map. Finally, a method for

mapping the differential presence of cohabitating bacteria and viruses in a population is introduced.

1.1.1 Structural genetic variation

Structural variants (SVs) alter the structure of chromosomes by deleting, duplicating, transposing
or reversing the orientation of DNA sequence (Figure [1.1]). Their size is highly variable, ranging
from a few bases to entire chromosomes. They may only affect the local sequence (short-range
structural variation) or juxtapose remote loci (long-range). Since can disrupt individual genes
or groups of genes, they can have significant phenotypic effects [53], 25, [10T], 103, [77, [118].

Early studies detected rare and very large (> 3Mb) SVs by microscopy [53], 25], which however
accounted for a very small fraction of the total structural variation. More recently, SVs were
detected using the technology of array comparative genome hybridisation (aCGH) which used arrays
of long oligonucleotides enabling the detection of common SVs in populations, down to a resolution
of about 100kb. However, aCGH-based studies were highly inconsistent with each other as results
were highly dependent on the array used. This resulted in large discrepancies between studies and to
low replication rates with different arrays [I, I11]. The development of next-generation sequencing
addressed many of these issues and rendered much more accurate SV predictions, thus allowing
one to estimate the extent of structurally variant genomic loci. In humans, several studies on
using next-generation sequencing [3l 03] [134] have predicted different sets of while the total
number of distinct recorded in the Database of Genomic Variants Archive from all submitted
studies includes over 200,000 short-range in the human genome [85]. In the mouse, a single
study predicted 700, 000 [I37] short-range in thirteen classical and four wild-type strains, while
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in Arabidopsis thaliana over 175,000 have been identified in 80 geographically diverse strains [17].

(a) Short-range SVs: L
Indel

il
. H H

Duplication

(b)Long-range SVs:

chrl chr2

PV T
chrl L M chr2

Figure 1.1: Sketch of structural variants (SVs). (a): Examples of short-range structural variants.
The blue line represents a reference genome without an SV and the green line a genome carrying
an SV at locus L. Locus L can be deleted, inverted or duplicated with respect to the reference.
(b): An example of an interchromosomal translocation, in which locus L from chromosome 1 is
moved to locus M of chromosome 2. Thus, there is a deletion in chromosome 1 and a symmetric
insertion in chromosome 2 in one of the genomes. Again, the reference genome is coloured in blue,
while the genome carrying the translocation is coloured in green. Chromosome 1 is coloured in red
in both genomes, as we can assume without loss of generality that it is genetically identical in both
genomes.

However, the extent of long-range structural variation segregating in natural populations is
unclear; apart from certain long-range structural variants that are large enough to be detected by
microscopy, or copy-number variants detected by comparative genome hybridisation (CGH), we do
not yet know the frequency of small-scale long-range variants (of the order of 1 — 100 kilobases (kb)
in length), or what their phenotypic impact is. Nonetheless it is plausible that they would affect
the chromatin landscape, the gene expression and complex traits.

Short-range structural variants are currently detected by anomalies in the alignment of reads
to a reference genome: for example, gaps in the alignment of reads are associated with deletions

and increases in read coverage with copy-number gains. This approach cannot be perfect even
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for short-range indeed, computational methods for the prediction of are known to have
high false negative rates [49] [I133], which partly explains the large discrepancies between studies.
One reason is that structurally variant loci are usually surrounded by sequence features that are
difficult to align to the reference genome, such as transposable elements or repetitive sequences [61]
while others are complex, combining different signatures [137]. Moreover, structural variants in a
population may be diverged causing different signatures of read anomalies at each individual which
are harder to resolve. In the case of long-range rearrangements such problems are more prominent,
thus it is even harder to distinguish a real event from sequencing errors. For example, to search
for an intrachromosomal translocation breakpoint, in theory all that is needed is a read-pair that
spans the breakpoint; one read will map to one locus and the other to a different chromosome.
In practice, the great majority of these events will be false positives. Consequently we require
additional means to resolve true variants from noise.

There are alternative experimental methods for identifying long-range structural variants in
individuals. In addition to microscopy, Optical Mapping [97] provides approximate long-range
information based on restriction sites but is not yet a high-throughput method. Standard short-
read sequencing of individuals at very high coverage and with libraries with a range of insert
sizes makes de-novo assembly more tractable, although it is not yet possible to assemble large
chromosomes completely. The Illumina Moleculo technology simulates long-read sequencing by
a form of multiplexed sequencing of barcoded localised reads. Over the next few years longer-
read sequencing technologies (eg PAC-BIO [19], Oxford Nanopore MINION [119]) are likely going
to establish themselves, and will help with the identification of structural variants. However,
the timescale before they become mature, reliable, cost-effective and applicable to population-
scale surveys is uncertain. It would also be preferable on grounds of cost to avoid the wholesale
resequencing of previously-sequenced genomes if possible. More importantly, if our goal is to
understand complex traits, we require methods that identify common long-range structural variants
that segregate in populations, rather than being unique to an individual.

In this thesis I present a novel computational method which can identify both short and long-

range segregating in populations, and can be applied to low-coverage data. It differs from
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classical methods in that it combines signatures of in sequencing data with the genetic back-
ground of the local sequence. Effectively, the method transforms the problem of detection into
a genetic mapping one, thus instead of trying to predict SVs de novo in each genome separately,
it uses information from the entire population. Therefore it can identify inherited but not
rare somatically acquired ones which are unique to each individual. The method is not specific to
Arabidopsis and could be extended to any species and any population.

I have used this approach to generate a catalogue of structural variants in 488 recombinant
inbred lines of the Arabidopsis thaliana MAGIC population [67]. These lines are descended from
19 inbred founder accessions, which have been sequenced and annotated at high precision [36].
Each MAGIC genome is an (almost) homozygous mosaic of the 19 founders, so the haplotype space
at each locus is identical to the space of founder haplotypes. I determined these mosaics after
obtaining low-coverage Illumina sequence of the MAGIC lines and using Hidden Markov Models.
The low-coverage sequence data and the genetic mosaics have been then reused to find 4, 898 short-
range and 1,604 long-range in the MAGIC lines. The expression of genes within these SVs
is dysregulated and some SVs account for complex trait heritability missed by orthodox genetic

variation.

1.1.2 Recombination

The second part of the thesis deals with recombination, making use of the population history of
the MAGIC lines. Most recombination events are concentrated in recombination hotspots [96], but
hotspot location varies greatly within subpopulations [48]. Studying variation in recombination
hotspots may therefore explain some of the differences between populations. My approach is to
study lineage-specific recombination in order to observe potential differences in hotspot formation.
The MAGIC population design is well-suited for this purpose, as genome mosaics partially record
the recombination history of each lineage, and recombinants can be mapped at high precision. 1
use the mosaics to compare the recombination landscape in MAGIC to the A. thaliana genetic
map, determined from natural A. thaliana accessions. I report large genomic regions in which

recombinants appeared to cluster - these were different in appearance from ordinary hotspots in size
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and in that they were specific to individual lineages. With extensive quality control, I have shown
that a large fraction of these were artifactual, caused predominantly by residual heterozygosity, but
also by unmapped long-range A smaller fraction of those may be genuine although further

data collection is required for a definitive answer.

1.1.3 Detection of endosymbionts from unmapped reads

The third part of the thesis studies variation within endosymbiont organisms living on tissues or
inside the cells of A. thaliana. 1 show that many unmapped reads from sequencing data derive
from the genome of bacterial or viral endosymbionts. There is differential enrichment of certain
endosymbionts across lines and I explore the impact of genetics on this. I have mapped the number
of unmapped reads corresponding to endosymbionts as a quantitative trait and report marginally
significant associations, even with low coverage data. Interestingly, several traits are associated
with the same locus, indicating that the same genes may control the enrichment of certain types of
endosymbionts. I also show that low coverage sequencing could be sufficient for such an analysis,
as on many occasions the data recapitulate the variance that would have been observed in high-

coverage data.

1.2 Statement of collaboration

Parts of this work were completed in collaboration with colleagues from the Wellcome Trust Cen-
tre for Human Genetics and other institutions. In this report I have included only my personal
contribution to these projects, unless otherwise mentioned. Below I present specific aspects of this
project which were completed by or in collaboration with others.

Genome assembly of the 19 MAGIC founders was performed by Dr Xiangchao Gan, currently
based at the Max Planck Institute for Plant Breeding Research, Cologne, using his IMR/DENOM
pipeline [36]. MAGIC lines were grown in Bath (laboratory of Dr Paula Kover) and Oxford (labo-
ratory of Professor Nick Hardberd) and were sequenced by the Oxford Genomics Centre.

In Chapter |3 the mosaic reconstruction algorithm based on Viterbi path was originally designed

and implemented by Professor Richard Mott while I have extended the algorithm for heterozygous
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genomes and implemented the Forward-Backward reconstruction algorithm.

In Chapter [ gene expression data for 200 MAGIC lines were provided by Dr Richard Clark,
Utah USA and Dr Gunnar Raetsch, New York USA. Furthermore, experimental confirmation of
long-range by PCR was completed by Amarjit Bhomra, WTCHG and Dr Janne Lempe, Max

Planck Institute for Plant Breeding Research, Cologne.
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Chapter 2

The MAGIC Arabidopsis Thaliana

population

2.1 Arabidopsis thaliana

Arabidopsis thaliana is a small flowering plant that has been extensively used as model organism in
plant biology and genetics [5]. Being native in almost all Eurasia, it can be found in a wide range
of natural habitats, displaying great genetic and phenotypic variation. A. thaliana has a small
genome, comprising ~120Mb in 5 nuclear chromosomes encoding ~ 33,000 genes, and a short life
cycle of about 6 weeks, allowing the growth and maintenance of large population stocks. Its ability
to form naturally inbred strains by self-pollination, called enables the construction
of stable inbred populations. Extensive genetic and phenotypic maps of the plant are available

(http://www.arabidopsis.org), providing excellent datasets for research.
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Figure 2.1: Variation in morphology and leaf-shape of Arabidopsis Thaliana wild-type strains.

2.2 Populations descended from inbred founders

Current studies for mapping|quantitative trait loci (QTL)|use either synthetic or naturally occurring

populations. Synthetic biparental populations such as F5, backcrosses and advanced intercrosses
(AILs) [28] are created by crossing two individuals that differ significantly for a specific quantitative
trait. This design offers high statistical power: all QTLs are biallelic so the power to detect them
depends on the variance explained, which is proportional to p(1 — p), with p the allele frequency.
This is maximised in Fb-type crosses, where allele frequencies are close to p = 0.5. However, each

individual in a typical F5, will has only one recombinant per chromosome so the mapping resolution
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is poor. Naturally occurring populations, on the other hand, have the opposite properties: they
offer fine resolution due to huge numbers of accumulated recombinants, but can suffer from low
power as minor alleles may have extremely low frequency. Moreover, natural population studies
are confounded by extensive population structure, which inflates false positive rates [6].

A good compromise between these extremes can be achieved with synthetic mosaic populations
descended from multiple ancestors [13]. These are characterised by higher genetic diversity than
F5 and by a higher number of visible recombinants per genome. Additionally, the controlled set
of founder strains sets a lower bound to allele frequencies, offering intermediate power between

biparental and natural populations (Figure . Examples of mosaic population designs include:

e the Collaborative Cross (CC) mice [127, 52], in which every animal originates from an 8-way
breeding funnel. At the start of the breeding eight founder strains are crossed to form four Fs,
subsequently two Fj, and finally one Fyg cross, in which all founder haplotypes are represented.

The end genomes are maintained by inbreeding, so their chromosomes are fixed.

e Heterogeneous Stocks (HS) [128] also originate from an 8-way funnel breeding. During main-
tenance HS genomes cross with each other for about 50 generations to build up recombinants
and produce fine-grained mosaics. HS populations are currently available in mice [127] and

rats [2] 27].

e the Diversity Outcross (DO) mice [120] in which the CC genomes are maintained by out-
crossing with wild-type mice. The resulting population preserves the segregating alleles of
the collaborative cross, but with high heterozygosity levels, offering higher genetic and phe-

notypic variation.

Regardless of population design strategy, all individuals in a mosaic population comprise genomes

that are mosaics of the founder genomes (Figure .
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In the maintenance stage, further intercrossing increases the number of recombinants per genome.
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[127])



2.2.1 The MAGIC population of RILs in A. thaliana

The Multiparent Advanced Generation Inter-Cross (MAGIC)| population of A. thaliana [67], con-

sists of about 700 [recombinant inbred lines (RILs)| descended from 19 founder accessions. The

19 founders include commonly used accessions such as the A. thaliana reference genome Col-0
(TAIR10), as well as geographically diverse accessions, to achieve high genetic diversity (Table
. There are 342 independent MAGIC lineages; each descended from different combinations of
eight distinct F5 plants sampled from a full F; diallele cross of the 19 founders. Each MAGIC line
is descended from two further generations of outcrossing (F3 to Fy), as shown in Figure Upto3
F4 lines from each family were selected and selfed for 6 generations to render homozygous genomes.
Lines from the same family are referred to as “cousins” and they are expected to share about 25%
of their genomes. However, this does not introduce population structure; we have estimated the
mean haplotypic overlap for two arbitrary MAGIC lines to be 5.7%.

Compared to the general mosaic scheme, shown in Figure the MAGIC population design
includes only the mixing and inbreeding stages, but not the maintenance (outbreeding) stage.
Figure illustrates the breeding strategy for MAGIC. On average 11 founders are represented in

the genome of each line.
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Figure 2.4: The MAGIC breeding scheme. The left-hand 19x19 matrix represents the Fj diallele
cross between the 19 MAGIC founder accessions; each orange square represents one of 19 x 18 = 342
I plants, taking into account both cross directions. The columns labeled F3, F3, Fy show 10
examples from the 2nd, 3rd and 4th generations of crossing (in reality there are 342 individuals in
each generation). The F» generation is formed by crossing pairs of F; plants, each of which is used
at least once as a parent to one of the 342 in the full design. The parents of each exemplar plant are
indicated by the black lines connecting two plants from generation Fyy with one plant in Fin ).
Parents of each F{y,) plant are selected at random from generation Fly. At the 4th generation
up to three seeds are taken from each Fj plant to initiate cousin MAGIC lines, which are selfed for
six generations (S7 — Sg). The ancestral lineage of the top-most MAGIC line is traced back using
the thicker, red lines, showing its breeding funnel.

The lines were genotyped at 1260 SNPs and used for QTL mapping [67]. With respect
to population structure, this study showed that on average the SNP sharing between founders,
and hence between MAGIC lines, is about 70%, but haplotype sharing is much lower, estimated
at about 7% (with the exception of cousins). Linkage disequilibrium (LD) between SNPs decays
within 10kb in the founders, while there is no LD between remote loci. Therefore, the genome
mosaics were inferred probabilistically using Hidden Markov Models without ambiguity (Figure
2.5). Furthermore, the population was used to map QTLs, using both binary and continuous
traits. The binary traits tested were presence of the ERECTA mutation (affecting leaf morphology
and shape) and glabrousness, both of which are known to be private to a single accession, Ler-0

and Ws-0 respectively. Flowering time was used as the representative complex trait, with the gene
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Figure 2.5: Genetic mosaic reconstruction of a MAGIC line based on 1260 SNPs [67]. The mosaics
were generated by computing posterior probabilities P;, of carrying founder s at locus L. In
both figures the horizontal axis show genomic position, while vertical red lines mark chromosome
boundaries and blue lines mark the centromeres. (a) Maximum posterior probability across all
founder haplotypes L at a locus s. Vertical grey lines show likely recombination breakpoints -
a sharp decay in the maximum posterior followed by a sharp increase indicates a change in the
identity of the most probable founder. (b) The maximum posterior table. The vertical axis encodes
the 19 possible founder assignments s, while the shade at each position (s, L) encodes the value of

P; 1, with white corresponding to Ps 7, = 0 and black to p =1 (Figure taken from [67])

FRIGIDA being the most likely causal gene. Different QTL mapping strategies gave concordant
QTLs for these phenotypes, suggesting that population structure does not affect the predictions.

The founder accessions were resequenced at high coverage (27-60x) and reassembled by iterative

mapping and de novo assembly, allowing the identification of over 500k [Single Nucleotide Polymor-|

[phisms (SNPs)| and 22k indels per accession [36]. Of the 3.07 million SNPs that are segregating

in the 19 founders, 45.2% are private to single accessions. Therefore, a nearly complete catalogue
of sequence variants for the population is available, which was used for the re-annotation of the
genomes.

488 MAGIC lines were sequenced at low (0.1 — 0.5x) coverage with Illumina paired-end reads
of length 51bp, comprising the data set that is used in this thesis. The MAGIC lines were grown
at Bath (lab of Dr Paula Kover) or Oxford (lab of Professor Nick Harberd) in greenhouses or
growth chambers respectively. Leaves were harvested for DNA extraction. DNA preps were per-
formed at the John Innes Centre, in 96 well plates using the DNeasy 96 Plant Kit and DNeasy
96 Protocol (www.quiagen.com). Sequencing was performed by the Oxford Genomics Centre.

The Ilumina reads were mapped to the A. thalianareference genome (TAIR10) using stampy ver-
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AIMS stock center | Accession | Origin
CS6643 Bur-0 Ireland
CS6660 Can-0 Canary Isles
CS6673 Col-0 USA
CS6674 Ct-1 Italy
CS6688 Edi-0 Scotland
CS6736 Hi-0 Netherlands
CS6762 Kn-0 Lithuania
CS20 Ler-0 Poland (formerly Germany)
CS1380 Mt-0 Libya
CS6805 No-0 Germany
CS6824 Oy-0 Norway
CS6839 Po-0 Germany
CS6850 Rsch-4 Russia
CS6857 St-2 Spain
CS6874 Tsu-0 Japan
CS6889 Wil-2 Russia
CS6891 Ws-0 Russia
CS6897 Wu-0 Germany
CS6902 Zu-0 Germany

Table 2.1: The 19 founder accessions of the MAGIC lines.

numbers, the accessions names and the place of origin.

sion v1.0.20 [83]. Alignments were stored in a separate bam file for each MAGIC line. Previous
sequencing for the 18 MAGIC line progenitors had produced a catalogue of 3,316,270 segregat-
ing SNPs [36] (http://mus.well.ox.ac.uk/19genomes). I ran GATK v2.626 [80] on the segregating
SNPs to call variants for the 19 founders, setting the following read filters: Allele Balance, Base-

QualityRankSumTest, Clipping RankSumTest, Coverage, DepthPerAlleleBySample, FisherStrand,
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GCContent, HaplotypeScore, LowMQ, MappingQualityRankSumTest, MappingQualityZero, Map-
pingQualityZeroBySample, RMSMappingQuality, ReadPosRankSumTest. I filtered out SNPs that

were triallelic, within transposons, or heterozygous for any founders.

2.3 Next-generation sequencing

Next generation sequencing [88] allows the rapid sequencing of genomes in parallel. Its efficiency
lies in the ability to produce a large number of short (25 — 500bp) reads quickly, so that any
locus can be covered by many reads to resolve ambiguities. The most widespread next-generation
sequencing method is paired-end sequencing, in which DNA is fragmented in short pieces of about
200 — 400bp and both ends of each fragment are sequenced to produce a pair of reads. Each read in
the pair originates from opposite DNA strands. The fragment size is pre-determined, therefore the
insert size i.e. the distance between reads in a pair, is known. This facilitates genome assembly,
as ambiguities in the alignment, caused mainly by structural variants - see also Chapter [4] can be
resolved by looking at the alignments of both mates. An example of normal read-pair alignments

from chromosome 1 of the MAGIC founder Ler-0, is shown in Figure [2.6
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Figure 2.6: Normal paired-end reads from Ler-0, aligned to the reference genome Col-0 (TAIR10)
from chromosome 1, visualised in iGV[123] . The top panel shows the total read coverage of the
region, below the read alignments are displayed and the final panel shows annotated genes. Paired
reads are connected with a line. Normal reads (i.e. reads with normal insert size and good mapping
quality) are grey and coloured reads are anomalous. While some anomalous reads are present they
are scattered throughout the region and every position is predominantly covered by normal reads.
Therefore, the anomalous reads present in the region are probably random error.

2.3.1 Genome assembly

Genome assembly is the procedure of reconstructing a genome from short reads. The most widely
used approach is to map reads against a reference genome and then identify differences. A common
read mapping strategy, employed by software such as MAQ, MOSAIK, Smalt and Stampy[76), [72]
102, 83] is to use hash tables with small k-mers as the unique keys, matched to genomic loci in
which these k-mers are present. Before alignment, each read is matched to the hash table to detect
potential alignment positions. This is faster than aligning a read against the whole genome, as only
specific genomic locations are considered.

Other read mappers, such as BWA, Bowtie and SOAP2 [136, [70, [78], use the Burrows-Wheeler
transform (BWT), a technique used for reversible sequence compression based on character per-

mutation. BWT compresses the sequence by placing the same characters next to each other in
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the compressed sequence, along with information on the steps needed to decompress the sequence.
The transform is used to compress selected fragments of the reference sequence that are then used
as entries in arrays containing FM-indices, which are data structures designed to efficiently detect
overlaps of BWT sequences [32]. Overall, use of BWT speeds up performance, but may sacrifice the
alignment accuracy, so additional steps are employed for ambiguous alignments. For example, if a
read cannot be aligned consecutively, as in the case of structural variants, most read-mappers use
a read realignment strategy. For example, BWA addresses insertions and deletions by splitting un-
mapped reads in two or more fragments which are then separately aligned to the reference. Stampy
[83] uses information about the alignment of the mate and invokes a separate gapped alignment
algorithm. Reads that map to multiple positions get a low mapping quality score and may be
filtered out.

A different approach, employed by software such as SOAPdenovo2, ALLPATHS, Velvet [84] 14,
147] is to assemble reads de novo. Instead of using a reference genome de novo assemblers align
reads against each other and merge them into larger sequence contigs. de novo assembly is much
slower than read mapping, but can be more informative with respect to genomic rearrangements
or insertions. On the other hand, ambiguous regions such as repeats or copy number variations
are hard to assemble de nmovo and read mappers perform better in those cases. To benefit from
both approaches, assembly strategies that combine read mapping and de novo assembly have been

implemented, such as IMR/DENOM, used on the 19 MAGIC| founders [36].

2.3.2 SNP calling

After mapping reads to the reference genome it is possible to identify SNPs using a variant calling
algorithm, such as GATK [89] and Samtools [74]. GATK uses a Bayesian framework that considers
a column of all aligned reads over a site and computes the probability of observing a genotype given
the data. The model can be extended to deal with noise and ambiguities in read alignments, for
example setting a maximum allowed read coverage, requiring balanced allele calls in heterozygous
genotypes, or computing haplotype scores assuming a maximum of two segregating haplotypes.

Samtools [74] variant caller is based on mapping quality scores of reads produced by read map-

39



ping software. A quality score is assigned to each base, which is the minimum between the overall
read mapping quality and the individual base sequencing quality. Samtools considers only the two
most frequent base calls and computes the posterior probability of the site being homozygous or
heterozygous. It uses bayesian priors based on whether the site is a known variant site or not and

based on concordance with the reference genotype at the site.
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Chapter 3

Reconstruction of genome mosaics in

the MAGIC Arabidopsis population

3.1 Introduction

Low-coverage sequencing of a population, in particular where average coverage is < 1, will genotype
each individual at a different and random set of SNPs. However any genetics study will compare all
genomes using a common set of SNPs. In a synthetic population such as MAGIC, the population
history is known and can be used to infer missing genotypes. The MAGIC genomes are mosaics of
the 19 founders of the population, whose variation is known at high precision [36], so by comparing
the observed genotypes in each individual with the catalogue of variants in the founders we can
reconstruct the MAGIC genetic mosaics and impute their complete genotypes.

In this chapter I describe two algorithms used for mosaic reconstruction, based on dynamic pro-
gramming and Hidden Markov Models (HMMs). The first reconstruction algorithm (best single-
sequence reconstruction) uses dynamic programming to retrieve the maximum-scoring assignment
of founder haplotypes to a given set of genotypes, and is similar to the Viterbi path of an HMM
[94]. The algorithm makes the assumption that genomes are fully homozygous and hence behave
as haploids. There is also a diploid extension of the algorithm which allows both homozygous

and heterozygous haplotypes. The second algorithm is a standard implementation of the Forward-
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Backward algorithm for Hidden Markov Models, which computes posterior probabilities of all hap-
lotype assignments at each position. The algorithm was developed primarily to resolve ambiguities
in mosaic predictions over the (few) regions with multiple possible assignments, for example in
regions where multiple founders are genetically similar.

Both algorithms are evaluated by simulation, which also serves to select optimal parameters.
Simulations show that both algorithms, in haploid and diploid mode can accurately infer the
mosaics at the majority of loci, in both high and low-coverage data. The imputation accuracy
with low-coverage data is only slightly compromised compared to high-coverage, while the gains in
computational efficiency are great. I also show that the mosaic reconstruction algorithms can be
used to infer recombination breakpoints, with recombinants mapped to the intervals between the
closest pairs of genotypes with different haplotype assignments. Simulations show that the haploid
algorithm can predict recombination events at high precision.

The last section of the chapter presents and analyses the 488 MAGIC genetic mosaics, recon-

structed using the haploid and diploid version of the best-single reconstruction algorithm.

3.2 Variant calling in MAGIC

To infer the mosaic structure of the MAGIC lines, we obtained next-generation sequencing data
from 488 MAGIC lines from 284 lineages at mean read coverage 0.36x using Illumina 52bp paired-
end reads. We aligned the reads to the reference genome (Col-0 TAIR10) using Stampy [83]. Using
the IMR/DENOM variant-caller [36] and GATK [89], we called single nucleotide polymorphisms
(SNPs) at the 3.07 million sites known to be segregating in the 19 founder genomes [36], and which
are distributed almost uniformly across the genome (Figure . GATK was used to genotype
variants at the sites previously discovered by IMR/DENOM.

The two variant callers gave substantially different heterozygosity estimates. IMR/DENOM
called 21.8% of SNP sites as heterozygous in at least one founder; this number was raised to 40.4%
by GATK. Heterozygosity estimated by the two programs in each founder genome is shown in Table
and in Figure[3.2] The average heterozygosity y of a founder was typically estimated at 1—2% by

IMR/DENOM and at 4—5% by GATK. The exceptions were the founders Po-0 (8.9% or 16.3%) and
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Figure 3.1: Density of SNPs tagged in the 19 MAGIC founders, per chromosome. The grey blocks
mark the centromeres. Density plots are designed using density() function in R, which uses kernel
density estimation so that the area under the curves is equal to 1.
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Hi-0 (5% or 13.7%). Heterozygosity levels can affect mosaic reconstruction because they are related
to the number of haplotypes present in the data: if one of the 19 founders was heterozygous, then
the number of haplotypes present in MAGIC is 20, not 19. In the MAGIC mosaic reconstruction,
we can bypass this problem by filtering out heterozygous SNPs in the founders. However, in case
of undetected heterozygosity the number of haplotypes detectable in MAGIC would technically
increase, but the extra haplotypes would be “hidden” in the founder data as the corresponding
genotypes would be missing. In this sense, the more conservative GATK heterozygosity estimates
are favourable; even if heterozygosity is overestimated, downsampling to a smaller set of SNPs and
so decreasing mapping resolution is a smaller problem than dealing with unknown haplotypes.
Throughout this thesis I present results based on the GATK variant calls. Chapter [f] is an
exception where I analyse the initial genome mosaics of MAGIC, generated with the variant calls of

IMR/DENOM and discuss the implications of having “hidden” haplotypes in mosaic reconstruction.
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Figure 3.2: Comparison of heterozygosity levels in the alleles called in the 19 founders (among
2,487,199 SNPs), estimated by GATK and by IMR/DENOM. Each point corresponds to a founder
genome; the x-coordinates show the fraction of heterozygous alleles in the IMR/DENOM set and
the y-axis this fraction in GATK.

Of the total 3.07TM SNPs, 157k SNPs within known transposons or repeated regions were filtered

out, as well as 1.72 million SNPs for which at least one of the founders was heterozygous or were
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Founder | Hets - IMR/DENOM | Hets - GATK
Bur-0 36267 (1.5%) 110511 (4.4%)
Can-0 38499 (1.5%) 130640 5.3%
Col-0 0 (0%) 0 (0%)

Ct-1 30203 (1.2%) 113006 (4.5%)
Edi-0 24460 (0.9%) 108360 (4.4%)
Hi-0 125514 (5.0%) 341827 (13.7%)
Kn-0 31402 (1.3%) 132242 (5.3%)
Ler-0 30729 (1.2%) 116513 (5.3%)
Mt-0 29997 (1.2%) 116921 (4.7%)
No-0 32599 (1.3%) 104823 (4.2%)
Oy-0 28893 (1.2%) 111544 (4.2%)
Po-0 222247 (8.9%) 407568 (16.3%)
Rsch-4 31013 (1.2%) 112718 (4.5%)
St-2 57171 (2.3%) 147846 (5.9%)
Tsu-0 30814 (1.2%) 109858 (4.4%)
Wil-2 34035 (1.4%) 107398 (4.3%)
Ws-0 33402 (1.3%) 110833 (4.5%)
Wu-0 33942 (1.4%) 110833 (4.4%)
Zu-0 31519 (1.3%) 111782 (5.0%)

range 275 - 446 thousand).
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Table 3.1: Number of heterozygous alleles called in the 19 founders (among 2,487,199 SNPs)
estimated with the IMR/DENOM variant-caller and with GATK

not biallelic. This left on average 301 thousand informative genotyped sites per line (interquartile

For mosaic reconstruction I used a dynamic programming algorithm which retrieves the highest-
scoring sequence of founder assignments [94] and also implemented the Forward-Backward algo-

rithm for Hidden Markov Models, which computes posterior probabilities P; 1, i.e. the probability




of having founder haplotype s at locus L. Both algorithms have two modes: haploid and diploid. In
haploid mode, the algorithms assume homozygous genomes so they consider 19 possible haplotype
assignments (hidden states). In diploid mode, no assumption about zygosity is made (the algorithm
considers both homozygous and heterozygous assignments).

On average 1 in 5 variants is different between any given pair of founders [36]. Moreover, each
genome has 300,000 typed SNPs so a SNP is typed every 400bp. Hence, we expect to be able
to assign a distinct haplotype to each locus within 5 x 400 = 2kb on average (i.e. we expect the
algorithm to be able to distinguish the correct founder assignment between any pair of founders
in a region longer than 2kb), so 2kb is the expected error in the prediction of mosaic breakpoints,
i.e. recombination events. The only exception is the pair of founders Oy-0 and Po-0, which are

related and can be identical over Mb-sized genomic regions [36].

3.3 Best single-sequence mosaic reconstruction

The data used for reconstruction were the catalogue of variant sites in the founders and a sequence
of genotypes at a fraction of these sites, which were the allele calls in the genome that is being
reconstructed. I describe the problem of reconstruction as the optimisation problem of finding the
founder assignment that maximises the matches between the genotypes of the sequenced genome
and the called haplotypes.

The haploid version of the algorithm considers 19 haplotype assignments. The algorithm iterates
through the allele calls of each genome at the known variant sites and recursively searches for
the maximum-scoring path for each possible founder assignment. Assuming a sequence of loci
{1,..., N} and a set of founders S, at each locus L the algorithm tries to find the founder assignment

s that maximises the objective function:

Score(L, s) = Mp,(s) + max(Score(L — 1,t)) — Cs4 (3.1)

In (3.1), Mr(s) is a function which has a positive value when allele at L matches founder s,

otherwise it is zero. C; is a cost function which is subtracted from the total path score after a

46



change of state, to prevent the algorithm from randomly switching states. If a change of state
occurs i.e. s # t then Cs; = ¢, ¢ > 0 otherwise it is zero. The value of ¢ is user-defined and depends
on the number of genotypes available (and hence the sequencing coverage) and on the distance
in generations from haplotypes to reconstructed genomes, which account for different amounts of
recombination. For the MAGIC data, I estimated optimal values for ¢ in haploid and diploid mode
by simulation (Section . After the algorithm computes the objective function at each locus it
iterates through the scores to recover the maximum-scoring founder assignment at each locus. The
algorithm is summarised in Algorithm

The diploid version of the algorithm has a larger state space, as it involves 190 hidden states
comprising the 19 homozygous states and their 171 pairwise combinations. With low-coverage data
there are few heterozygous calls in a genome, in the rare event of two reads overlapping, one from
the maternal and the other from paternal chromosome. For read coverage 0.3x, for example, if
we model the distribution of reads covering a site as a Poisson process with rate A = 0.3, the
probability of two or more reads overlapping a locus is P(X > 2) ~ 3.4% and only in half (1.7%) of
them the two reads will come from different chromosomes. Thus, most of the allele calls are based
on a single read so the algorithm has to predict heretozygous haplotypes from frequent oscillations
between two founder states in a genomic region; depending on the cost function, it may be cheaper
to stay in the same heterozygous state than frequently change homozygous states.

There are some differences in the definition of parameters in the diploid algorithm. At rare
heterozygous genotypes, if genotype (u,v), (u # v) matches both founder haplotypes of state (s, t)
then the score assigned to the match function M ((s,t)) = 2, otherwise M ((s,t)) = 0. Thus,
the few heterozygous alleles guide the algorithm into selecting the correct heterozygous state. For
homozygous allele calls (u), if allele a matches one of s or ¢ then for a heterozygous haplotype
My ((s,t)) = 1,(s # t) and for a homozygous haplotype M| (s) = 1.05. I give a slightly increased
cost in homozygous states, otherwise the algorithm would favour heterozygous states in which
at least one strand always matches the allele. Also, the cost function prefers single recombinant
transitions, i.e. either between homozygous states or between states that share one haplotype.

With high-coverage data, all heterozygous alleles are observed, so we do not need to give a
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Data:

N = number of sites,

S = list of available founder states
Matching function: M (s)

Transition Cost: C;;
Output: @ - vector with g7 the maximum scoring founder at L

Initialisation:

for s € S do
Score(1,s) = M (s)

Recursion:
foreach locus L do

foreach founder s € S do
Score(L,s) = Mp(s) + ¥%X(Score(L —1,t) — Cs4)
€

Path(L, s) = Argmax(Score(L — 1,t) — Cy4)
tesS

Recover best sequence:

@~ = Arg max Score(NV, s)
s€ES

foreach locus L do
qr—1 = Path(L, qr)

Algorithm 1: The highest-scoring sequence mosaic reconstruction algorithm.

positive score to states when only one strand matches the allele. Doing so, would in fact lead

the algorithm to sometimes incorrectly prefer homozygous states, because of their higher matching

score M (s). Instead, with high-coverage data we require both strands of the state to match the

allele at all times, as in homozygous reconstruction. The only difference is that in heterozygous

allele calls of the form (u,v),u # v I give to all matching states (s, t) twice the score of any other

match, My ((s,t)) = 2, as this narrows down the selection of states.

The parameters used by the haploid and diploid modes of the algorithm are summarised in
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Table [3.2] and the parameter values for the haploid and diploid reconstruction are in

Parameter | Description
a(L) Allele of current genome at locus L
gr(s) Genotype of founder s at SNP L
Mrp(s) Value added to the score if a(L) and g¢1,(s) are consistent
Cst Cost of transition from founder s to founder ¢

Table 3.2: Description of parameters the reconstruction algorithm.

Haploid mode value Diploid mode value
Low-coverage data:
If a(L) = (u,v) and u # v:
1 ifa(L) = gr(s) 2 ifu=gr(s) and v =gp(t)
ML(S) = ML(<57t>) -
0 otherwise 0 otherwise
If a(i) = (u):
1.05 ifs=tand ar(s) =u
Mp((s,t) =<1 ifs#tand ar(s) =uorar(t)=u
0 otherwise
High-coverage data:
2 ifu=gr(s) and v =gr(t) and u # v
Mp((s,t)) =<1 ifu=gy(s)and v =gp(t) and u = v
0 otherwise
3¢ fs#t s £t s+ t#£L
c ifs#t y
Cor = C(s, 1), (s, 1) =40 ifs=s,t=t
0 ifs=t
¢ otherwise

Table 3.3: Parameter values for haploid and diploid mode of the most-likely sequence reconstruction

algorithm.
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3.3.1 Evaluation of the algorithm by simulation

I evaluated the prediction accuracy of the algorithm by running it on simulated allele calls from
predetermined mosaics. I use the word segment to describe an unrecombined genomic locus imputed
with the same founder haplotype in one line and the word breakpoint to describe boundaries between
two segments - mosaic breakpoints should correspond to recombination events. The statistics

computed for the evaluation are:

1. total false positive mosaic segments, i.e. number of mosaic segments falsely inserted by the

algorithm
2. total false negative segments, i.e. number of segments missed by the algorithm
3. median mosaic breakpoint position error

4. total false haplotype segments, i.e. number of segments with correct breakpoints (within

100kb) but incorrectly annotated

5. mean genotype error, i.e. fraction of loci in which the haplotype prediction was not concordant

with the called SNP allele
6. mean haplotype error, i.e. fraction of loci that were not annotated with the correct haplotype

Apart from the soundness of algorithms, the simulations help compare low and high-coverage
data in terms of imputation accuracy and optimise the ¢ parameter used in the cost function Cj
(see also Tables B.3).

I simulated the genome mosaics of two sets of 50 A. thaliana genomes, one fully homozygous
and the other partly homozygous and partly heterozygous, each designed to test the haploid and
diploid version of the algorithm. In the homozygous set, “SIM.HOMO?”, each genome had 25 to
35 uniformly distributed haplotype segments. The heterozygous set, “SIM.HET”, was based on
SIM.HOMO: the mosaic breakpoints were the same, but some mosaic segments were heterozygous.
Selection of segment zygosity was random with the requirement that neighbouring segments had to
be either both homozygous or share one haplotype (for example, a homozygous mosaic segment with

haplotype (Col-0) can be adjacent to another homozygous segment e.g. (Ler-0) or to a heterozygous

50



(Col-0, Ler-0) segment, but not to a heterozygous (Bur-0, Ler-0)). This is because change of
haplotypes in both strands would imply two coincident recombinants, an extremely unlikely event.

For both simulated sets, I generated allele calls for the genomes corresponding to low and
high-coverage sequencing data, with 300,000 and 1.291M (i.e. the full set) SNPs, respectively. For
heterozygous genomes in the low-coverage set there were about 2% heterozygous allele calls per
genome, as expected. In the high-coverage set all heterozygous alleles were observed.

Single-read sequencing data using the Illumina platform have about 1% of error in allele base
calls [98] and this error rate should be present in the real sequencing data. To account for this, at
1% of sites the called allele was selected at random, so we expect 0.75% of total genotype error
in the reconstructed mosaics (since a quarter of the time the correct genotype is substituted at

random). The simulation datasets are summarised in Table

N | Simulated | Simulated | Total breaks | Hets Allele Calls % hets ob-
mosaic genomes served

1 | SIM.HOMO | 50 1,471 no 300k 0

2 | SIM.HOMO | 50 1,471 no 1.291M 0

3 | SIM.HET 50 1,471 yes 300k 2%

4 | SIM.HET 50 1,471 yes 1.291M 100%

Table 3.4: Simulation datasets. Each row corresponds to a simulation dataset. The columns are:
N: index of simulation set, Simulated mosaic: simulated mosaic on which the simulation was
used, Simulated Genomes: number of simulated genomes in each set, Total breakpoints: Total
number of mosaic breakpoints in each set, Hets: boolean indicator of the presence of heterozygous
haplotypes in the mosaic, Allele calls: number of allele calls in each of the simulated genomes,
% hets observed: if heterozygous haplotypes are present in the mosaic, fraction of heterozygous
allele calls observed

Evaluation of the haploid best-single reconstruction algorithm

I ran the haploid reconstruction dynamic programming algorithm on the low and high-coverage
SIM.HOMO allele calls, for several values of the ¢ parameter, namely for ¢ € {1,2,3,4,5, 10, 20, 35,
50,75}, and computed the evaluation statistics described in Section m

The results of simulations for haploid reconstruction are summarised in Table [3.5] and Figure

shows an example of a simulated mosaic and its corresponding predicted mosaic by the recon-
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struction algorithm. If ¢ > 2, no false positive breakpoints were made, i.e. the algorithm detected a
breakpoint only where there was one. There was a small number of false negatives, affecting small
segments (< 200kb) that did not contain enough segregating SNPs to be detectable. As expected,
the number of false negatives was higher in the low-coverage dataset than in the high-coverage (for
example, 1.97% vs 0.88% for ¢ = 5). The haplotype error was small in both datasets, and entirely
due to the (known) sequence similarity between founders Po-0 and Oy-0, causing Po-0 segments
to be tagged as Oy-0. The genotype error was extremely low and close to the expected value of
0.75%. Finally, the median breakpoint prediction error was elevated in the low-coverage dataset
and was close to the expected error of 2kb. In both low and high-coverage datasets, lower values
of the cost parameters ¢ increase breakpoint prediction accuracy with optimal value ¢ = 2; when
¢ < 2 false positives were introduced (Figure . Higher ¢ values result in more false negatives,
because the algorithm requires more allele mismatches to call a change of state, so it is likely to

miss smaller segments.

Simulated mosaic

SIM.2 chr 1

po-0 rsch-4

== [ o Moo N e [ o
15

0 5 10 20 25 30

Predicted mosaic, c=5

SIM.2 chr 1

rsch-4

| O . BN oo B - ...

log error.bp
oA

Figure 3.3: Simulated haploid mosaic (simulated genome SIM.2, chr 1) and corresponding predicted
mosaic by haploid reconstruction, with cost parameter ¢ = 5. The x-axis shows genomic position
(in Mb) and each coloured segment corresponds to a genomic interval descended from a specific
founder haplotype. In the simulated mosaic the y-axis is constant while in the predicted mosaic the
y-axis shows the —logl0(FE), with E the genotype error divided by the total length of the segment.
There is one false negative, circled in red.
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Simulated | ¢ Predicted| False False False Break Genotype Haplotype
set breaks positives| negatives| haplotypes| error error error
(bp)
1 1653 178 13 36 2634 1965 (0.7%) | 4310 (1.4%)
2 1454 0 18 36 2555 1966 (0.7%) | 4703 (1.6%)
SIM.HOMO | 3 1446 0 26 32 2540 1966 (0.7%) | 4758 (1.6%)
(300k SNPs)| 4 1442 0 30 32 2527 1966 (0.7%) | 4761 (1.6%)
5 1442 0 30 32 2527 1966 (0.7%) | 4761 (1.6%)
10 | 1437 0 35 32 2519 1967 (0.7%) | 4812 (1.7%)
20 | 1417 0 55 32 2519 1973 (0.7%) | 4989 (1.7%)
35 | 1395 0 7 29 2497 1984 (0.7%) | 5094 (1.7%)
50 | 1372 0 100 29 2512.5 2004 (0.7%) | 5320 (1.8%)
75 | 1338 0 134 29 2569.5 2047 (0.7%) | 5707 (1.9%)
1 2209 670 8 28 1154 8381 (0.6%) | 11303 (0.9%)
2 1464 1 9 21 1084 8384 (0.6%) | 10562 (0.8%)
SIM.HOMO | 3 1461 0 11 19 1084 8384 (0.7%) | 10571 (0.8%)
(1.291M) 4 1460 0 12 19 1084 8384 (0.7%) | 10571 (0.8%)
5 1458 0 13 19 1084 8385 (0.7%) | 10610 (0.8%)
10 | 1451 0 20 18 1084 8386 (0.7%) | 13085 (1%)
20 | 1444 0 27 18 1084 8388 (0.7%) | 13138 (1%)
35 | 1437 0 34 18 1084 8392 (0.7%) | 13244 (1%)
50 | 1435 0 36 18 1084 8393 (0.7%) | 13375 (1%)
75 | 1422 0 49 20 1084 8410 (0.7%) | 13964 (1%)

Table 3.5: Results of the evaluation of homozygous reconstruction algorithm, using simulated
genome mosaics and simulated allele calls. The columns are: Simulated mosaic: simulated
mosaic on which the simulation was used, ¢ parameter: cost parameter used in each run of the
algorithm Predicted breaks: total number of breakpoints predicted by each run of the algorithm
in all genomes False positives: total number of breakpoints falsely inserted by the algorithm
False negatives: total number of unpredicted breakpoints Incorrect haplotypes: total number
of segments annotated with incorrect haplotype Break error (bp): median distance between
the actual breakpoint position in the simulated set and its position predicted by the algorithm
Genotype error: mean number of sites per line where genotype (called allele) disagrees with the
predicted haplotype, Haplotype error: average number of sites per line with incorrect haplotype
prediction.
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Figure 3.4: Error rates per ¢ (transition cost) value in haploid best single-sequence reconstruction
algorithm, estimated by simulation. The x-axis shows the ¢ values considered. The y-axis shows:
in Figure number of false positives, in Figure [3.4b] number of false negatives, in Figure [3.4d]
the genotype error (percentage of called alleles mismatching the haplotype predicion) and in Figure
the haplotype error (percentage of sites annotated with incorrect haplotype). The two lines in
each figure correspond to the two different simulated datasets for homozygous reconstruction: in
salmon, the set corresponding to low-coverage data, with 300k SNPs per genome and in turqoise
the set corresponding to high-coverage data, with 1.291M SNPs per genome. The two lines overlap

for ¢ > 2 in Figure and for ¢ > 10 in Figure



Evaluation of the diploid best-single reconstruction algorithm

The same statistics were used for the evaluation of the diploid reconstruction algorithm, and for
c € {5,10,20,35,50,75}. Results of the evaluation are shown in Table Some false positives
were observed, which were predominantly very small segments inserted between large correctly-
called states (Figure shows an example). False positive segments are mostly inserted over loci
with sequencing errors - hence the genotype error is lower than the expected 0.7%. False positives
decrease as c¢ increases but they are also negatively correlated with false negatives (Figures m
. Haplotype error is minimised and equal to 5% at ¢ = 10 with low-coverage data, and at
¢ = 50 with high-coverage data (Figures . The higher haplotype error compared to the
homozygous data is mainly due to false positive segments and to Po-0 and Oy-0 haplotypes which
are related and hard to distinguish - the diploid mosaics have twice as many haplotypes with at least

one strand Po-0 and Oy-0 compared to the haploid, so they are affected more by their relatedness.

Simulated | ¢ Predicted| False False False Break Genotype Haplotype
set breaks positives| negatives| haplotypes error error error
(bp)
5 2101 648 68 158 18470 1138 (0.4%) | 18721 (6.2%)
10 | 1653 258 103 141 18890 1130 (0.4%) | 15122 (5.0%)
SIM.HET 20 | 1502 188 173 139 18208 1150 (0.4%) | 16194 (5.4%)
(300k SNPs)| 35 | 1360 133 257 164 19150 1212 (0.4%) | 20606 (6.9%)
50 | 1237 94 345 182 21215 1293 (0.4%) | 25249 (8.4%)
75 | 1091 380 69 462 21652 1440 (0.5%) | 34468 (11.4%)
5 1585 148 48 90 1377 8734 (0.7%) | 89944(7.0%)
10 | 1544 119 55 84 1330 8741 (0.7%) | 79048 (6.1%)
SIM.HET 20 | 1522 109 67 81 1314 8748 (0.7%) | 71821 (5.6%)
(1.291M) 35 | 1509 108 79 84 1300 8761 (0.7%) | 69183 (5.4%)
50 | 1488 103 94 82 1307 8784 (0.7%) | 65896 (5.1%)
75 | 1471 101 108 85 1361 8819 (0.7%) | 66363 (5.1%)

Table 3.6: Results of the evaluation of diploid reconstruction algorithm, using simulated genome
mosaics and simulated allele calls. The columns are the same as in Table
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Figure 3.5: Simulated diploid mosaic and the corresponding mosaics predicted by diploid recon-
struction with cost parameters ¢ = 5,35 and for ¢ = 5 with low and high-coverage data from
chromosome 3 of simulated genome SIM.10 . The x-axis shows genomic position (in Mb) and the
y-axis is constant in all mosaics. The top-panel shows the simulated mosaic, while the three panels
below show reconstructed mosaics with low-coverage data and ¢ € {5,35} and with high-coverage
data and ¢ = 5, The yellow circle marks a false positive: a very small segment is inserted on the
first predicted mosaic - segment is too small to see the predicted haplotype. Red circles indicate
false negatives. The legend shows the colour-coding of the 19 founders.

Overall, both the haploid and the diploid algorithm performed sufficiently well and they were
able to accurately reconstruct the mosaics for the most part. The haploid algorithm is more
accurate, mainly due to its smaller state space. In particular, the minimum haplotype error with
low-coverage data was 1.4% for the haploid algorithm and 5% for the diploid. In both algorithms
false positives were negatively correlated with false negatives - as ¢ approached zero false positives
were introduced, because the algorithm became sensitive to sequencing errors; however, with higher

c values the chance that the algorithm would disregard small segments increased. In haploid mode
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Figure 3.6: Error rates per c in diploid best single-sequence reconstruction algorithm, estimated
by simulation. The figure can be interpreted as Figure [3.4] The green line shows low-coverage
simulated data and the purple high-coverage simulated data.

c = 2 is optimal in both low and high-coverage data with respect to the trade-off between false

positive and false negative rates. With low-coverage data, the breakpoint position error is minimised
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with ¢ = 10 while false negatives only slightly increase, so this is the optimal value for recombination
analysis. The diploid algorithm is generally more sensitive to changes of ¢ and is optimal for ¢ = 10
with low-coverage data (minimum haplotype error and minimum sum of false positive and false
negative predictions) and for ¢ = 20 (minimum false positive and false negative predictions) or

¢ = 50 (minimum haplotype error) with high-coverage data.

3.4 Mosaic reconstruction using the Forward-Backward algorithm

The highest-scoring sequence reconstruction can fail in regions where multiple founder states are
identical or very similar, as then the algorithm chooses one of the matching haplotypes at ran-
dom. An alternative approach to recovering the optimal sequence is to average over all possible
reconstructions for all founders s at each locus L using the Forward-Backward algorithm. The
algorithm cannot strictly be used for haplotype annotation, as the most likely haplotype at each
locus does not necessarily belong to the correct annotation. However, it can help determine the
quality of predictions of the best single-sequence reconstructions and identify regions of uncertainty
in the reconstructed genome. I have implemented the Forward-Backward algorithm in its classical
stochastic form, as described in [104] and summarised in Algorithm

The algorithm scans the genome twice: one from the first locus to the last (forward scan)
and one from the last to the first (backward scan). Assuming a sequence of N loci, the forward
scan computes the forward probabilities PSIT ; at each locus L and for each possible founder s,
i.e. the probabilities of being in state s after observing the sequence of alleles at {1,2,...,L}.
Similarly, the backward scan computes the backward probabilities PSI?L, which are the probabilities
of observing sequence {L,...,N — 1, N} starting with state s. At each locus the forward and
backward probabilities PSIT ; and PS]?L are standardised so that Pf ;=1and ) PfL = 1. This
description is for the haploid version of the algorithm; the dipl(s)?g is similar. "

The emission matrix £ encodes the probability of observing an allele at L given annotation s
and has dimensions N x 10, as there are 10 possible genotype calls (allowing heterozygous calls).
In the haploid Forward-Backward algorithm, at any locus L each founder state s emits gz (s) with

probability 99%, otherwise it randomly emits some other nucleotide with probability 1% (modelling
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a sequencing error of 1%). In diploid Forward-Backward with low-coverage data, the emission
probability is 0.99 for matching genotypes if only one allele of the genotype is observed, or if a
homozygote is called and 1 — 10~° otherwise, i.e. if the called genotype is of the form (u,v),u # v.
With high-coverage data, the emission probabilities are identical to the haploid algorithm.

The transition matrix R carries the transition probabilities r,; for moving from state s to state
t. In the haploid version of the algorithm there are S = 19 potential transitions to states: one
of which corresponds to staying to the same state and the remaining 18 reflect the change to any
other state. I give high transition probability i.e. 1 —107° to staying to the same state, while 107>
is divided among the 18 remaining states. The same transition probabilities are used in the diploid
algorithm, with the additional condition that transitions between heterozygous states involving
two disjoint haplotypes are not allowed. Thus, for every state (haploid and diploid), there are 37
possible transitions, one to the same state and the remaining 36 to all diploid states (homozygous
and heterozygous) in which one haplotype is shared with the current state. The differences in E

and R between homozygous and heterozygous reconstruction are presented in Table

3.4.1 Evaluation of the Forward-Backward algorithm by simulation

We evaluated the algorithm using the simulation datasets used in [3.3.1] using two statistics: the
maximum posterior probability Ppax(L) at a locus L and the posterior probability of the true hap-
lotype assignment on that site Pyye(L). Pmax(L) tests whether the algorithm converges to a single
state and can help estimate the fraction of the genome with ambiguous haplotype assignments.
Pirye(L) is estimated by comparing the initial simulated mosaic to the posteriors table P and in-
dicates the predictive accuracy of the algorithm, i.e. how often the most likely assignment is the
right one. Table [3.8] summarises the results of computing these statistics for different transition
probability values in haploid reconstruction and Figures and show example reconstructions
with the Forward-Backward algorithm with low-coverage genomes as well as the distribution of
Prax(i) and Piye.

In both haploid and diploid mode, and in both low and high-coverage datasets, Pnax(i) and

Pirue were close to 1 at the majority of sites. This means that the algorithm usually converges to a
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Haploid mode Diploid mode

Low-coverage data:

If a(L) = (u,v) and u # v:
3(1-107%) ifs u = s) and v =

B, s, = 4 207 107) HeFbu=gs mdv=g()
(10-9)

otherwise

N[ =

0.99 ifa(L) =gy(s) | Fall)=(u):
E(L,s) = (

0.01 otherwise

30.99 if u = gr(s) or u = gr(t)

E(L, (s, t)) =
%0.01 otherwise
\
High-coverage data:
0.99 if u=gr(s) and v = gr(¢)
E(L, (s, t)) =
0.01 otherwise
1-10"° ifs=tands =t
1-107° ifs=t 2(12151) ifs#s t=tors=5t #t
Ry = i Ris,s0) ey =
o otherwise ors=st=1t,s#t
0 otherwise

Table 3.7: Parameter values used for the emission and transmission matrices, E' and R in the haploid
and diploid implementations of the Forward-Backward algorithm for mosaic reconstruction.




Data:
N = number of sites,
S = list of available founder states

Emission matrix: E(L,s) Transition table: R,
Output: P - the posterior probability matrix, dimensions N x S

Initialisation:
for s € S do

Pl =E(1,s)

B _
P =1
Recursion (forward and backward scan):

foreach L € N do

foreach s € S do
Py =B(L,s) X Yyes Pl 1y X Rat

B _ B
P = E(L,s) X > cs Ps7(N—L+1) X Ry
Compute posterior probabilitiy matrix P:

foreach L € N do

foreach s € S do

Algorithm 2: The mosaic reconstruction algorithm.

single state with very high probability and that most of the time this is the true state. The haploid

algorithm gives very similar answer to the best single-sequence reconstruction as in over ~ 99% of

loci, Pyue > 50%, i.e. the correct answer gets at least 50% posterior probability. In the diploid

version, the same fraction is lower (about 90%) as there is more uncertainty and the algorithm

converges to multiple states more often.

Only results with transition probabilities of the order of magnitude of 107> for a change of

state are shown here, but different parameters have been tested, namely 1072,1073,107%. Giving

a higher transition probability to a change of state generally increases uncertainty in the data, so
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Prax Prrue
Dataset Mean | Median % loci | % loci | Mean | Median % loci | % loci
(1) (m) >50% | >90% | (w) (m) >50% | > 90%
SIM.HOMO (300k SNPs) 98.9% 1 99.1% 97.6% 98.7% 1 98.4% 97.5%
SIM.HOMO (1.291k SNPs) 99.5% 1 99.7% 98.9% 99.4% 1 99.3% 98.8%
SIM.HET (300k SNPs) 95.7% 1 97.0% 90.1% 93.1% 1 92.2% 88.8%
SIM.HET (1.291k SNPs) 97.2% 1 97.9% 93.2% 87.5% 1 87.4% 85.6%

Table 3.8: Results of the evaluation of the Forward-Backward algorithm for mosaic reconstruction.
Column Dataset shows set of simulations used for the evaluation and for Ppnax and Piue the
columns are: Mean (1) - Pmax, Pirue Der site, averaged across all simulated genomes, Median
(m) - median Prayx, Pirue per site % loci > 50%(90%) - mean fraction of sites per genome in which

Prax and Pyye are over 50%(90%)

the algorithm converges to the true state less often. Paradoxically, the diploid algorithm performed
better with low-coverage than high-coverage data. This should not be the case, and is probably
entirely due to parameter choice: the transition probabilities for change of state should be lower,
so the algorithm changes state less often. Due to time constraints and because the error rates using

my choice of parameters were low, I did not implement the Baum-Welch algorithm, which might

have helped optimise parameter estimation in the diploid algorithm.
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Figure 3.7: Maximum posterior probability (Pmnax), true state posterior Py, and visualisation of
the posterior matrix of chromosome 1 of the simulated genome SIM.44 from the Forward-Backward
algorithm in haploid mode. The x-axis is chromosomal position in Mb. The top panel shows the
simulated mosaic and below the chromosome-wide distributions of the maximum posterior Ppay
and of the true haplotype posterior P are shown. The final panel shows the posterior matrix of
the chromosome for the 19 founder states. The posterior probabilities are encoded with shade of
grey, with white meaning P = 0 and black P = 1.
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Figure 3.8: Maximum posterior probability (Ppnax), true state posterior Py, and visualisation of
the posterior matrix of chromosome 1 of the simulated genome SIM.44 from the Forward-Backward
algorithm in diploid mode. Here the 190 rows of the matrix have been marginalised into a 19-row
matrix in which each row corresponds to a founder. The colour of a founder at one locus corresponds
to the sum of posterior probabilities of all states with that founder. Thus if PcoLo, Ler-0),; = 0.99,
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3.5 Computational efficiency of the algorithms

Both algorithms were implemented in C and are available from http://mus.well.ox.ac.uk/19genomes/magic.html.
The algorithms differed substantially with respect to computational efficiency. Time (based on an
AMD 1.4GHz processor with 2048kb of Cache) and memory used by one run of the algorithm for

the reconstruction of a single genome is summarised in Table

3.6 MAGIC genome mosaics

Based on the previous analysis, I present here the MAGIC genome mosaics using the haploid
and diploid best single-sequence algorithm [94] with cost parameter ¢ = 10. The results with the

Forward-Backward algorithm were nearly identical and not shown.

3.6.1 Mosaics with the haploid algorithm

The haploid algorithm predicted a total of 16, 700 segments in 488 lines (i.e. 14,260 recombination
breakpoints). Each line has on average 34 segments, i.e. 29 observable recombination events per line,
while the mean segment size is 3.48Mb. Segments are mostly uniformly distributed between founder
haplotypes. Founder Po-0 is slightly underrepresented, which is probably due to its similarity to
founder Oy-0 . The distribution of segment sizes is presented in Figure while the distribution
of founder haplotypes in the mosaics is shown in Figure [3.9b] An example mosaic, from line
MAGIC.135 is shown in Figure [3.10

3.6.2 Mosaics with the diploid algorithm

The results of the diploid algorithm are, in most lines, very similar to those of the haploid al-
gorithm. In total 16,012 segments (i.e. 13,572 recombinants) are predicted, with average size
3.63Mb. In most lines the diploid algorithm mosaics are identical to the haploid ones, i.e. almost
no heterozygosity. Median heterozygosity level per line, defined as fraction of the genome imputed
as heterozygous is 0.1%. The very small levels of heterozygosity likely are false positives inserted

over sequencing errors. However, 24 lines comprise of more than 5% heterozygous haplotypes, while
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300K SNPs (low coverage)

1.291K SNPs (high coverage)

Algorithm Time (sec) | Mem (Gb) Time (sec) | Mem (GDb)
Haploid best-single recon | 4.46 2.95 29.99 2.98
Diploid best-single recon | 118.96 3.08 793.51 4.32
Haploid FB 9.37 2.96 33.82 2.98
Diploid FB 166.99 3.08 1195.71 4.32

Table 3.9: Computational performance of reconstruction algorithms with respect to time and mem-
ory used. Time refers to the main function call, without including reading in the data, which takes
about 25 seconds (to read founder genotypes and allele calls for one sample). Memory refers to
total heap memory, computed using valgrind.
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(a) Frequency distribution of unrecombined haplotype seg-
ments in the mosaics (generated with the GATK variant
calls). The x-axis shows the segment size in Mb and the

y-axis the frequency.
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Figure 3.10: Genome mosaic of line MAGIC.135 chromosome 3 indicating a chromosome with seven
haplotype segments. x-axis: genome position (Mb). Coloured segments indicate genomic regions
descended from the corresponding founder. y-axis: negative log 10 discrepancy rate between called
SNPs from high-coverage sequence data and alleles predicted from the imputed mosaics, i.e. the
genotype error of Section divided by the size of each segment.
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Figure 3.11: Mosaics of chromosome 3 reconstructed by haploid and diploid reconstruction. The
breakpoint clustering the region from 12 — 17Mb can be explained by heterozygosity, and is not
present after allowing diploid states in reconstruction.

8 (MAGIC.113, MAGIC.13, MAGIC.149, MAGIC.26, MAGIC.329, MAGIC.367, MAGIC.426 and
MAGIC.433) are over 50% heterozygous. The lines with very high heterozygosity levels possibly
represent samples from earlier selfing generations that were accidentally sequenced. The remaining
18 have small heterozygous segments in some of their chromosomes. This residual heterozygosity
could be present by chance after several generations of selfing or because of hybrid incompatibilities
between specific pairs of SNPs which may prevent certain regions from fixing.

Heterozygous regions are reconstructed by the haploid algorithm as clusters of recombinants
with two oscillating founder haplotype states, but can be reconstructed correctly by the diploid
algorithm However, because simulations have shown the haploid algorithm predictions to be
free of false positives and to also predict recombination breakpoint more accurately, I chose to use
the haploid mosaics throughout the analysis, despite the few areas of residual heterozygosity. In
the computation of recombination hotspots of Chapter [6] residual heterozygosity was taken into
consideration, so false breakpoints inserted by the algorithm over heterozygous regions were masked

out.

67



3.7 Conclusion

Many algorithms that estimate haplotypes in genotype data, without prior knowledge of the pop-
ulation history, are currently available [71], [122], however in MAGIC the problem is simpler as the
founder genomes are known to high precision and can be used for imputation. This chapter has
analysed two algorithms for mosaic reconstruction in MAGIC. The first algorithm recovers the best
annotation of founder haplotypes at each locus by dynamic programming and, thus, is similar to
finding the Viterbi path in a Hidden Markov Model. Unlike Viterbi, the algorithm is not stochastic
as it uses additive scores and a cost function for change of states instead of transition probabili-
ties, but it can be perceived as a Viterbi run in a logarithmic scale. The second algorithm is the
Forward-Backward Hidden Markov Model algorithm. Each algorithm can be run in two modes:
haploid and diploid; the diploid version can deal with heterozygous genomes.

To evaluate the algorithms I simulated 50 genome mosaics as well as allele calls from low and
high-coverage sequencing data. Both algorithms accurately predict the correct haplotype at the
majority of loci, although the haploid algorithm is more precise. Nevertheless, the diploid algo-
rithm performs sufficiently well, particularly when a genome comprises large haplotype segments,
so it would be suitable for reconstructing haplotypes in other synthetic populations involving het-
erozygous data, such as Fy populations. Because the diploid algorithm was shown to be sensitive
to changes of the cost parameter, the optimal ¢ values suggested here may need to be reconsidered
with different data.

The evaluation results suggest that mosaic reconstruction is possible with low-coverage data
for both haploid and diploid genomes. Simulations showed that the mosaics produced by both
the Viterbi-based reconstruction and the Forward backward algorithm accurately predicted the
underlying haplotypes with low-coverage data, with the exception of loci in which multiple founders
are highly similar. High-coverage data slightly increase the prediction accuracy of the algorithm,
but the improvement is negligible. Furthermore, use of low-coverage data is much more efficient
computationally in time and space. Thus, low-coverage sequencing and imputation can efficiently

and accurately determine the DNA sequence of every genome in the MAGIC population.

68



Chapter 4

Detection of Structural Variants by

genetic mapping

4.1 Introduction

By Structural Variants I mean alterations in chromosomal structure with respect to the
reference genome, other than single nucleotide substitutions. Thus, under this definition, can
range in length from a few bases to several millions (Mb) and include insertions, deletions, copy
number variations, inversions or translocations. I shall focus in this chapter on longer (kb-sized)

Despite the fact that structural genomic variation can have important phenotypic effects in
eukaryotes, that segregate in populations are currently under-reported. As I discuss below,
methods that identify SVs based on signatures associated with short-read sequence data suffer from
high false negative rates. This is particularly the case in respect to long-range SVs such as translo-
cations, because their signatures are hard to distinguish from sequencing errors; translocations are
for the most part ignored in studies of complex traits.

This chapter presents a general approach that detects SVs by analysing low-coverage sequence
collected in many individuals in a population. I treat signatures of SVs, measured as counts of

anomalously mapped reads, as quantitative traits that I map to identify loci containing genetic
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variation correlated with read-mapping anomalies. The method can distinguish between short- and
long-range SVs, and in the MAGIC lines I use it to identify 4, 898 short-range and 1,604 long-range
SVs at 1% false discovery rate. I confirm these results computationally using paired-end reads and
de novo assembly contigs in the 19 founders, and also experimentally confirm by PCR in the case
of 31 translocations and 8 inversions (success rate 83%). I estimate that 34.2% of the Arabidopsis
genome is within 10kb of a structural variant in the 19 founders, with long-range SVs affecting
9.9% of the genome. Using gene expression data from 200 MAGIC lines, I show that SVs have
a significant impact on silencing gene expression in genes that are disrupted by SV boundaries or
that are transposed or inverted. Finally, I also show that some SVs lie within QTLs of physiological
phenotypes and can explain a very large fraction of the phenotypic variation, consistent with, but

not proof that, the SV being causal.

4.2 Structural Genetic Variation

Structural variants can contribute significantly to phenotypes, for example in conditions such as
Down syndrome [53], mental retardation [25], autism [I0I] and schizophrenia [103]. Many cancers
are related to somatically acquired rearrangements [77, 118]. Long—range such as translocations,
albeit less common can have very large phenotypic effects in many disease phenotypes [33], 41].
Early studies of structural variation used microscopy to identify inherited de novo structural
variants responsible for severe disorders, mainly rare aneuploidies or large-scale (over 3Mb) chromo-
somal rearrangements that are visible under a microscope. Later studies used array Comparative
Genomic Hybridisation (aCGH), which identified copy number variations by hybridisation of a ge-
nomic sequence to arrays of oligonucleotides (> 50 bp) from a reference genome, with resolution of
about 100kb. These studies revealed that structural variants are much more common than expected
and that at least 3% of the human genome is copy number variant [26]. However, aCGH studies
had severe reproducibility issues [I11] [I] as use of different arrays led to inconsistent results. For
example, estimates for the extent of copy number variations in mouse inbred strains using different

CGH arrays ranged from 3% [16] to 10.7% [45].

70



4.2.1 Next-generation sequence studies of local structural variation in eukary-

otes

Next generation sequencing technologies have greatly improved SV mapping resolution and pre-
diction accuracy and, consequently, have helped discover a larger number of SVs [93]. Studies of
local structural variation using paired-end sequencing data have been completed in several species.
In humans, a study of 185 human genomes identified 22,025 deletions, 5,499 insertions and 501
tandem duplications, affecting 10,995 genes [93] and also identified ‘SV hotspots’, i.e. genomic
loci with higher than expected concentration of SVs. The same study investigated the mechanism
of SV formation and concluded that non-allelic homologous recombination sites, characterised by
high sequence similarity, are associated with many SVs. Furthermore, the second phase of the 1000
genomes project, which included 1,092 genomes from 14 populations, reported 14,000 deletions
and 1.4M biallelic indels [3]. A study on 96 deep-sequenced Asian Malay genomes identified 1.6M
segregating indels smaller than 50bp and 34,000 larger deletions. Of the small indels only 0.1%
were found to affect genes [134]. The Database of Genomic Variants Archive has catalogued 2.5M
human from both SNP array and next-generation sequencing studies covering 202, 431 regions.
Of these 1,149 are inversions and the rest are indels [85]. A technique that is slightly related to
the method proposed here has been used to complete maps of the human genome from admixed
samples of West African and European origin [37]. That study used SNP arrays to compute linkage
disequilibrium between large unmapped contigs (assembled from individuals from different popu-
lations) and the rest of the reference genome, to attempt to place these contigs. In this way it was
possible to identify novel euchromatic islands within heterochromatin.

In the mouse, a combination of computational and experimental analyses were used to map SVs
in 17 murine laboratory strains, 13 classical and 4 wild-derived [137] (wild-derived strains are about
four times as divergent, in terms of SNPs, from the C57BL/6J reference genome than are classical
strains). The study combined computational SV predictions with experimental confirmation by
PCR and manual inspection. In total they mapped 710k SVs larger than 100bp, and estimated
another 49k smaller SVs, affecting 1.2% of the genome in classical strains and more (3.7%) in wild-

derived strains. 98% of all these SVs were indels, 1.4% were copy number gains and inversions,
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while the remaining 0.6% were complex, i.e. adjacent simple SVs of different types that abut each
other. Most (54%) SVs were associated with transposons, while another 15% by tandem repeats
and 2% by pseudogenes. They also investigated the impact of SVs on gene expression variation and
found a modest contribution of up to 10% which significantly increased when the SV overlapped
with over 50% of a gene: in those cases SVs explained over 25% of the variance in the gene’s
expression. False negative rates for detecting SVs were high, estimated at up to 24% for simple
and 54% for complex structural variants.

In animals the germ line is distinct from the soma, so mitotic structural variants (i.e those arising
in the non-reproductive tissues during the life of an individual) are not inherited. In contrast, in
plants there is the potential for somatically acquired structural variants to be transmitted. Thus, in
A. thaliana, high temperature stress increases the number of inherited copy number variants [30].
Moreover, genome size varies greatly between accessions, due to massive copy number variations
in rtDNA [8I]. To date, no comprehensive catalogue of structural variants has been reported in
A. thaliana, although sequence analysis of the 19 MAGIC founders [36] identified over 22,000 indels
longer than 100bp segregating in 19 accessions, and another study that sequenced 80 accessions [17]
identified over 174,789 deletions longer than 20bp and 1,059 copy number variants longer than 1kb.
Both studies are likely to have under-reported the true degree of structural variation in Arabidopsis.
In general, surveys of structural variation in plants are less complete than in animals, despite the
fact that copy number variants for specific genes have been linked to important traits such as
flowering time, plant height and resistance [130]. A recent study discovered an 80kb translocation
in A. thaliana and speculated that a large number of undetected translocations lay in regions of

apparent heterozygosity [132].

4.2.2 Detection of Structural Variation using next-generation sequencing

Computational methods that identify structural variants from short-read sequence data look for
signatures in the alignment of paired-end reads from an individual to the reference genome. Such

signatures include reads with split alignments, anomalous insert sizes or increased read coverage

(Figure |1.1)). Figures and show examples of paired-end read alignments from the MAGIC
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founder Ler-0 that display signatures of structural variants. Figure [£.1]shows read alignments with
large insert sizes and zero read coverage that indicate a deletion, while Figure shows alignments

with a mixture of anomaly signatures, whose origins are hard to resolve.
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Figure 4.1: Read pair alignments from chromosome 2 of Ler-0 mapped to Col-0 (TAIR 10) over
a deleted region. Read pairs flanking the deleted locus have a larger than normal insert size and
are colour-coded in red. There are also three read-pairs with a strand error (i.e. both reads are
mapped to the same strand), which are coloured in green; indicating that the sequence near one
of the boundaries of the deletion may also be inverted. Figure is a screen-shot from IGV [123],
displaying sequence data from [36].

One approach is to detect SVs from split read alignments [139} 92, [86]. Pindel [139] for example,
searches for reads that span deletions, i.e. split alignments in which two fragments flank the deletion
breakpoint. First, it selects all read pairs with only one read mapped to the genome - this read is
used as an anchor point which can indicate the approximate location of its pair, which is unmapped.
If two fragments of the unmapped read can be mapped separately, then they mark the breakpoints of
a deletion. If the two fragments of the unmapped reads map to opposite strands, then they indicate
an inversion. At a duplication, both fragments have the same orientation, but in a different order
than expected (Figure . If the alignment of fragments fails, Pindel looks for insertions. Thus,

the unmapped read is aligned against other unmapped reads in the opposite orientation: if a match
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Figure 4.2: Paired-end alignments with a mixture of anomaly signatures. The region is taken
from chromosome 3 of Ler-0 (from [36]) and contains reads with large insert size (red), reads with
short insert size (dark blue), reads whose pairs are mapped to different chromosomes (colour-coded
in black, navy, green, purple, turquoise and pale blue for chromosomes 1,2,4,5 and chloroplast
respectively) and unpaired reads (grey with red outline).

is found and its pair is fully mapped to the reference, then the mapped read defines approximately
the breakpoint of an insertion, otherwise the procedure is repeated until an unmapped read with a

mapped pair is detected.

a b c
- - — e —_— —
Reference Reference — - . Reference - .
Sample Sample > - - Sample > ____"
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Figure 4.3: Detection of a deletion (a), tandem duplication (b) and inversion (c) by Pindel.
The first row shows the alignment of reads to a reference and the second the true alignment,
to the sample genome from which they were collected. The green read is the anchor point
and the red is its unmapped pair, which is fragmented and re-aligned. Figure taken from
http://gmt.genome.wustl.edu/packages/pindel/index.html

Another approach is to use insert sizes and read-pair orientation [21], (115, [65]. BreakDancer
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[21] considers only read pairs with both pairs mapped to the reference and maps structural variants
by looking at insert size or read orientation irregularities. Large insert sizes are associated with
deletions, small insert sizes with insertions and wrong relative orientation (i.e. both reads in a pair
map to the same strand) to inversions. Long-range rearrangements can also be detected by looking

for reads mapping to remote genomic loci. Figure @ summarises the main ideas.
S S— Procfesses  wsnse SO S— - s

Intrachromosomal  Interchromosomal

Deletion Insertion Inversion = :
translocation translocation

Figure 4.4: Structural variants identified by regularities in insert size and orientation of paired-end
reads in BreakDancer (figure from [21])

Other algorithms predict SVs analysing read coverage fluctuations [114],22]. The CnD algorithm
[114] uses variations in read coverage to map copy-number variations, i.e. duplications, triplications
and deletions. When copy-number gains are present in a sample with respect to the reference,
reads from all copies are mapped to a single reference locus, increasing read coverage and, in inbred
genomes, causing apparent heterozygosity. CnD models each genome as a Hidden Markov Model
with hidden copy number states such as 1—fold gain, 2—fold gain, 1—fold loss or deletion (loss of
all copies). Each emit different distributions of read coverage and heterozygosity rates, estimated
by simulation. For example, heterozygosity rates follow a Poisson distribution in normal or copy
number loss states and a negative binomial in copy number gain states. CnD handles only local
copy number gains, so it cannot map insertions, inversions or translocations and works only in
homozygous inbred genomes.

The above algorithms have been used to map structural variants in several studies, and similar
approaches are incorporated in many state-of-the-art read mapping [83] [75, [36] and variant calling
[89, [74] programs. However, they cannot fully capture the landscape of structural variation in a
population. Next-generation sequencing data have high levels of noise. are only one source
of read mapping irregularities, along with transposons, repeated sequence, centromeric regions
or sequencing errors unrelated to structural variation. Thus, [SV] signatures cannot always be
unambiguously attributed to Moreover, most read-mapping algorithms assign low mapping-

quality scores to reads related to structural variants, because they appear unreliable, so potentially
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relevant information is lost. As a result, even in studies that predict short-range structural variants
a high number of false negatives is reported [139, 21]. This is especially true for complex structural
variants displaying a mixture of adjacent simple [137). Finally, perhaps the main limitation
of these algorithms is that they do not detect long-range structural variants, with the exception
of BreakDancer, that nevertheless had very low validation scores for translocations. Therefore, in
the case of translocations further experimental confirmation such as PCR sequencing is required to

resolve true signal from noise.

4.3 Mapping structural variants segregating in populations as quan-

titative traits

Whilst SVs manifest themselves as anomalies in the alignment of next-generation sequencing reads,
only a fraction of can be completely resolved solely by analysing read-pair alignments. The
alignments shown in Figure for example, include read pairs mapping to all five Arabidopsis
chromosomes. A likely cause of such alignments is translocations, but it is difficult to predict the
chromosome to which the locus has been transposed from the alignments. Furthermore, noisy
alignments such as that of Figure are not unusual, and the presence of structural variation
is not their only possible interpretation: alternatives include sequence repeats, poorly-assembled
reference genome (particularly around centromeres), transposable element genes, contamination
from other genomes, and poor quality sequence data.

In this chapter I present a novel approach for the identification of which uses population
genetics as additional information to resolve complex read-pair alignments. I treat signatures of
measured by sequencing a population, as traits that can be mapped genetically as quantitative
trait loci (QTLs). In this way I identify and distinguish between short- and long-range ,
corresponding to cis and trans QTLs respectively. This work generates the first catalogue of long-
range structural variation in a eukaryote.

I define the location of a QTL as the sink locus associated with trait variation at a source

locus. The basic principle of the method is best illustrated with regard to tramslocations. A
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translocation links two loci, the source and sink, potentially on different chromosomes. Suppose
the translocation is ancient, arising once in an individual, when a DNA segment at the source locus
A, was translocated to the sink locus B. The translocation is embedded within a specific haplotype
b at the sink. Recombination and segregation over subsequent generations will then randomise the
relationship between the haplotypes at the two loci. Only present-day individuals who carry the b
haplotype at the sink carry the translocation, regardless of their haplotype at the source.

To find these events given a sequenced sample of individuals, we align the reads to the reference
genome using a standard read mapper [75, [83] and look for the signature of a translocation at the
source locus, for example an excess of unpaired reads mapping to the source. Only individuals that
carry the b sink haplotype will show an excess of unpaired reads. Therefore we have transformed
the problem of identifying a translocation to that of mapping a quantitative trait locus (QTL). Here
the trait is the numerical measure of read mapping anomalies at the source locus, and the QTL
position identifies the sink. Because the positions of the sources and sinks are not known a priori, I
divide the genome into segments, construct a trait for each segment, based on reads with anomalous
mappings within the segment, and then map each trait analogously to an expression QTL study;
trans-QTLs correspond to long-range structural variants and cis-QTLs to local structural variants.
See Figure [4.5]

This general idea extends to other types of Thus we can identify short and long-range
inversions (translocations where the inserted locus is also inverted) by defining the number of reads
aligning to the same strand as a trait. Similarly, short and long-range copy number variations
(i.e. a translocation where the source locus is duplicated rather than deleted) result in elevated
read coverage and in a mixture of read pairs some of which map properly to the reference genome
at the source whilst others link the source to the sink. The method only identifies relatively common
SVs, segregating in the population, and is blind to de novo events. However, by definition common

contribute more than rare de novo to overall phenotypic variation.
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Figure 4.5: The effect of a translocation on short-read mapping. Chromosomes are horizontal
bars and read pairs horizontal lines linked by dotted curves. Left panel: alignment of paired-
end reads to chromosomes labelled “source” and “sink” when the true genomes are used. Right
panel: appearance when alignment is to the reference instead. The upper pair of chromosomes in
each panel shows a normal individual without a translocation; at the sink it carries a normal blue
haplotype. The lower chromosome pair in the left panel shows an individual in which a source
segment A is translocated to sink locus B, on a green b sink haplotype. The lower chromosome
pair in the right panel shows an individual carrying the normal source haplotype and a green b
sink haplotype with the translocation. When reads are aligned to the reference then, irrespective
of the haplotype at the source locus, if the sink is carrying the green b haplotype, read anomalies
occur at the source. By counting the number of anomalous reads at the source in each individual
we construct a quantitative trait that is large if and only if the individual carries the green b sink
haplotype.

4.4 SV signatures as quantitative traits

I divided the TAIR10 (Col-0) reference genome (~ 120 Mb) into 11,915 abutting 10 kb segments.
Within each segment I computed six measures of anomalously mapped reads that are signatures
of SVs: high coverage, large insert size, unpaired reads, pairs mapping to the same strand, large
insert size or unpaired reads and improperly paired reads (combining all of the above anomalies).

A mapped read pair r is written using the notation:

r = (ry : (chri,p1,s1),72 : (chra, pa, 52)) (4.1)

where r1, 7 are the paired reads, chry, chro are the chromosomes to which the reads map, p1, po are
their start positions (in bp), and s1, s2 the DNA strands (£1). I assume that the read length is
constant throughout the sample. Let S be the vector of insert sizes of all read pairs in the sample

and pg the median insert size for those pairs mapped to the same chromosome.
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In what follows, I shall denote the set of reads that have a property X as Rx. The size of the
set is px = |Rx|. Where X is a numerical value, I also define ,uX,mX,agc,IQRX as the mean,

median, variance and inter-quartile range of X. I define a read pair r as normal if:

chry =chry #0 (4.2)
| p2 —p1 |[< mg £ 5IQRg (4.3)
$1 7 S2 (4.4)

where S is the insert size of the pair. Equation means that both reads in a normal pair
are mapped to the same chromosome and none of the two is unmapped (unmapped reads are
symbolically assigned to chromosome 0). Equation specifies a normal range for the insert size
which is up to 5 times the interquartile range larger than the median. Finally, Equation |4.4] requires
that a pair should map to opposite DNA strands. The set of reads mapped within a 10-kb segment

[ with coordinates [Bchy, Bstart, Bend] and length B = Beng — Bstart + 1 is:

Ry ={r1 € R : chri = Bepr,p1 > Bstart; P1 < Bend }N

{TQ cR: chr2 = Bchr,pQ > Bstart7p2 < Bend} (4.5)

where R is the total number of reads in the genome. The expected read coverage of R; is defined
as:

|R| x B

Elp] = —7

where L the length of the genome.
Based on these definitions I characterised six read anomaly measures. Their values were com-
puted in segments with coordinates [Bcpr, Bstart, Bend]- With a slight abuse of notation, they are

defined as follows:
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1. High coverage: Number pj. of reads exceeding the expected read coverage of the locus

Phe = pi — 1.5E[p/] (4.7)

2. Unpaired reads: Number of reads p, whose pair is unmapped, defined as

R,={r € Ry:chra =0} U{ry € R;: chr; =0} (4.8)

pu = |Rul (4.9)

3. Number of read pairs p; on the same strand :

Ry ={ri € Rj:51 =s2}U{ra € R : 59 = 51} (4.10)

ps = | Rs| (4.11)

4. Number of reads p; with large insert size: Read pairs whose insert size exceeds the

normal range, or reads whose pair is mapped to a different chromosome

R; :{7“1 € Ry :‘ P2 — P1 |> mg =+ 5IQR(S)} @] {?”1 € Ry : chry # chry # O}U
{ro € Ri:| p2 —p1 |> mg £ 5IQR(S)} U{ry € Ry : chry # chry # 0} (4.12)

pi = |R| (4.13)

5. Number of reads p,; unpaired or with large insert size

Pui = Pu + Pi (4.14)

6. Number p,;s of improperly paired reads

Puis = Pu + Pi + Ps (415)
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The last two traits are combinations of other traits as often SVs have multiple anomaly signa-
tures, so merging them is expected to increase power.

Each type of read pair mapping anomaly was measured in each of the 11,915 segments, so in
total 71,490 traits were determined. The genome-wide distribution of trait variances for improperly
paired reads pj;ys is shown in Figure and for the other five types of anomaly in Appendix[A] The
figure also marks loci at which sink QTLs are detected, so are probably structurally variant (the
QTL mapping is described in Section . Many source loci, distributed throughout the genome
but with a higher concentration in centromeres, have distinctly elevated trait variance. I show these
loci are also more likely to have associated sink QTLs, indicating that read anomaly variance can

indicate likely SV loci.

4.5 Mapping structural variants

I treated the set of traits analogously to a gene expression eQTL study, by performing a genome scan
for each trait. Association was tested by fitting trait vectors to the imputed ancestral haplotype at
each locus in the 488 MAGIC genome mosaics. In combination, the mosaics partitioned the genome
into 16, 700 founder haplotype segments, such that within each segment the ancestral state of all
lines was unchanged, so the whole genome could be scanned using 16, 700 haplotype tests each with
18 degrees of freedom (Figure [4.7)). I define a quantitative trait as the number of anomalous reads
yA; at source locus A in line i. At every locus L (from the 16,700 mosaic segments) I fit a linear

model, described by:

YA = pa+ Z X1i(s)Bar(s) +e; (4.16)
ses

ia is the average trait value at the source, Xp;(s) is a binary variable indicating whether line
i carries haplotype s at L, Sar(s) is the founder effect and e; the (Normally distributed) error.
The founder effects Sar(s) are estimated by standard one-way Analysis of Variance (ANOVA).
The haplotype test implicitly assigns an SV allele to each of the founders, based on the estimated

haplotype effects B AL(s), thereby predicting which founders carried the SV when the population
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Figure 4.6: Genome-wide distribution of the phenotypic variance for the trait improperly paired
reads. The x-axis shows genomic position and the y-axis variance of trait value (scaled by the mean).
Each bar corresponds to a 10kb segment for which the trait was measured. Source segments that
had a sink QTL for improperly paired reads are coloured in blue and red, for cis and trans-QTLs,
respectively.

originated. Locus L is associated with the trait value at source A if founder effects differ amongst
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Figure 4.7: A sketch of the partitioning of the genome into intervals based on the reconstructed
mosaics. Each horizontal coloured bar represents one genome mosaic: each colour corresponds to
a different founder haplotype. The genome is split into loci M1...M11, whose boundaries are
defined by union of the positions of all mosaic breakpoints in the 488 sequenced MAGIC genomes.

the founders, i.e. if the following null hypothesis is rejected:

Ho(L) : Bar(s) =0V s (4.17)

4.6 Analysis of genome-wide significance from multiple genome

scans

I call the location of a sink locus associated with an SV trait an SV QTL. The genome scan for the
source locus A returns p-value P4y, for each of the 16,700 scanned loci L indicating the association
of founder haplotypes at L with the structural variant trait at A. To decide which traits had an
association with a sink (i.e. an SV QTL) I set out to find a universal significance threshold for the
study. For this I first selected as a candidate SV QTLs for each of the 71,490 traits, the locus with

maximum genome-wide negative logarithm of P4y, such that:

A4 = max(—logo(Par)). (4.18)
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referred to as the trait logP. I reasoned that if the genome-wide maximum logP X4 was not signif-
icant after correction for multiple testing at the level of individual scans (16,700 tests) and for the
number of traits (71,490) then it could be ignored. On the other hand if it was significant then
there might be more than one such associated SV QTL per trait.

Most (57.9%) A4 values were low (below 5) as expected, based on a crude Bonferroni correction
for the number of tests per scan (16,700 = 10%22). Across the entire experiment the Bonferroni
threshold, assuming all tests are independent (which is not the case - they are correlated due to
linkage disequilibrium and because some traits are combinations of others), would be (16,700 x
71,490) = 10798, 1In fact, there was a large excess of high A4 values, in the range 50 — 150.
However, high A4 values do not necessarily indicate a true SV QTL. Examples are shown in Figure
which illustrates the distribution of same-strand reads in three representative traits. The figure
also shows quantile-quantile (QQ) plots comparing the distribution of the negative logarithm of
P41, at all loci to the exponential distribution with mean 1, which is the theoretical distribution of
independent log p-values under the null hypothesis. Finally, Manhattan plots showing the genomic
positions of associations are shown. The trait a in Figure [4.8a] is a randomly selected trait which
most probably does not have a SV QTL. The trait distribution and the corresponding QQ and
manhattan plots show that although a few MAGIC genomes have excessive numbers of anomalous
reads at this source locus, no association of these anomalies with founder haplotypes was detected.
For this trait A\, = 4.5. The trait b in Figure in contrast, has one outlier with a much higher
number of anomalous reads than the rest of the population. There is a small number of highly
associated loci, with the maximum A, = 57; it is likely that the outlier drives this QTL. Finally,
the trait ¢ in Figure is distributed similarly to Figure but in this case there is association
(A = 15.2) with a locus a few Mb away from the source. The peak of ¢ in Figure is much wider
than that of b in Figure [4.8h] and is consistent with the mapping resolution of 200kb expected in
the MAGIC population [67]. Although A\, > A, its SV QTL is probably artefactual, whilst the SV
QTL of ¢ in appears genuine, and in fact corresponds to a known translocation [132].

Since A4 alone is not a good indicator for the existence of an SV QTL, I tried permutation

to determine genome-wide significance for each trait separately. I performed N = 100 phenotype
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permutations for each trait and repeated the mapping for each one of them. From the permutations,

I computed the permutation p-value 74 as:

_|t€TA:)\A(t)Z/\A‘
B N

TA (4.19)

where T4 is the set of N permutations for the trait A, and A4(¢) is the maximal logP for the
tth permutation. Thus w4 is the probability of observing a more extreme maximal association in
the permutations than in the real scan. While A4 is a negative logarithm of p-values following an
exponential distribution under the null, 74 is a p-value following a uniform distribution under the
null. The minimum non-zero value that 74 can take is 1/100 = 10~2 and given the size of the
study, this does not cover the range of genome-wide p-values encountered. For this we would need
at least 100,000 permutations per trait, which is computationally very expensive. Instead, I fitted
a generalised extreme value (GEV) distribution, to each set of 100 A 4(t) permuted values obtained
for each trait, by maximum likelihood using the R package evd. I obtained a corrected genome

wide log p-value 4 based on the fitted GEV, which is defined in evd as:

A4 —Gg (=L
74 =~ log(1 — exp (14 (=) 75)) (4.20)
A

aa, l;A, 54 are the MLEs of aa,ba,54. 74 controls for the number of tests in an individual scan
(16,700) and is effective in removing false positive SV QTLs caused by outliers: in the example b
of Figures [4.80] v, = 0.03, while for the trait ¢ in Figure Ye = 6.
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Figure 4.8: Distributions, QQ plots and Manhattan plots for three example traits, all indicating
read pairs mapped to the same strand. The first row shows histograms of read anomaly traits, x-
axis: Number of anomalous read pairs detected, y-axis: frequency distribution. In the second row,
QQ plots compare the distributions of the log;, p-values estimated at each locus by the genome
scan to the quantiles of the exponential distribution. The dashed line corresponds to the line z = y
to which the QQ plot should converge under the null. The third row shows the corresponding
manhattan plots illustrating associations at each genomic position. Only the chromosome in which
the genome-wide logP A4 was maximum (i.e.candidate SV QTLs) is shown. For the first and the
third example, the candidate QTLs are on the same chromosome as the source locus, which is
marked by a red vertical bar. In the second example the source is in a different chromosome. Note
that the horizontal scales in a-f differ, as do the vertical scales in g-i.



I thus obtained three genome-wide statistics for each trait: A4, the uncorrected genome-wide
maximum logP, the p-values corrected by permutation 74, and the logP corrected by permutation
and GEV-fitting v4. I analysed the distribution of these statistics in 6 sets of 11,915 traits of
the same type. For a single genome scan the theoretical distribution of p-values at all tested loci
under the null hypothesis is uniform. Making a similar argument for multiple genome scans, the
distribution of corrected maximum genome-wide p-values for multiple independent scans under
the null (i.e. no traits with genetic association) should also be uniform. Figure shows the
distributions of the statistics Aa,m4,7va for the 11,915 traits measuring read-pairs on the same
strand (inversions), and illustrates how they compared to expectation as well as their pairwise
relationships (in black). The distribution was far from uniform for all 3 statistics. (Figures -
. A4 has a long tail of very high p-values (up to 200, not shown in the plot), which 74 and v4
compress to a smaller range. In the distribution of 74 there is an excess of traits with relatively
low permutation p-value (74 < 0.1). Consequently, the corresponding QQ-plots did not match the
expected uniform distribution. Figures show the effects of the transformation of A4 to w4 and
v4. As would be expected, traits with A4 < 4 mapped to very low v4 and —log(m4). In contrast,
certain traits with higher A4 had equivalently high =4, log(m4) values, while others were corrected
to a much lower level of association. Finally exp(—v4) and w4 are well correlated over the range
0.1 —1, so 4 is a good surrogate of w4 in the absence of sufficiently many permutations.

I investigated further the departure from the expected distribution of v4. First, I tested whether
truly normally distributed traits would have uniformly distributed p-values by simulating 1000
independent normal traits with mean m = 0 variance 0> = 1 and repeating the genome scans
and permutations (Figure . With normal data exp(—<4) and 74 were uniform as expected.
Next, I tested whether non-uniformity was explained by very large differences in the statistical
properties between traits (e.g. due to the presence of outliers), which could be corrected by quantile
normalisation of the trait values prior to performing the genome scan. We repeated the analysis
with a sample of 1000 quantile-normalised traits from the same strand pair counts, however the fit
did not improve (Figure in yellow). While quantile-normalisation helps in correcting outlier-

driven traits (trait b from Figure m gets Agq = 3.3 after quantile-normalisation), this does not
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Figure 4.9: Summary statistics of trait p-values, A4, the negative logarithm of maximum genome-wide empirical p-value,
Y4, the corrected negative logarithm after fitting a GEV distribution to 100 permutation A4 values, and 74 the permutation
p-value. P-values estimated from raw trait values are shown in black, 1000 randomly selected quantile-normalised traits are
shown in yellow and 1000 permuted trait distributions are shown in blue. Dashed lines indicate the theoretical null distributions.
Figures [£.9a] [£.95] and show p-value density, estimated using density function in R, so that the area under each curve is
equal to one. Figures [4.9d} and are QQ plots comparing the distribution of the p-values to the quantiles of the
theoretical (uniform or exponential) distribution. Figures and show pairwise correlation between Aa,v4 and
m4. Observations with A4 > 25 are not shown. Because of lack of significant digits in p-values below 1016 reported by R,
observations with y4 > 16 were set to 16. Similarly, because the lowest possible non-zero value of 74 was 10~2 (as there were
100 permutations), values with m4 = 0 were set to P = 1073.



improve the fit of v4 to the exponential distribution. Besides, fitting the EVD and using 4 has
the same effect on outliers. Finally, I tested whether EVD is a suitable model for the distribution
of trait p-values, by permuting 1000 traits from the same strand pair counts and repeating the
mapping. The distribution of exp(—vy4) and 74 for permuted traits were uniform (Figure in
blue), proving that under null 74 and 74 are distributed as expected and hence they are appropriate
corrections of A4.

Inflation due to the presence of many true SV QTLs might also explain non-uniformity. In
almost half (44.12%) of the traits the source locus and the candidate SV QTLs were on the same
chromosome, and in about a third of cases (29.24%) they were less than 2Mb apart. Therefore,
I investigated whether there were in fact a large number of local (cis) SV QTLs. These would
be caused by sequence features in the local sequence of certain founders (including SVs, but also
transposons or repeats) that could cause read mapping anomalies over certain haplotypes. To test,
I omitted from the analysis all traits that had a candidate SV QTL on the same chromosome as the
source locus and I also removed the top associations on other chromosomes, in which 74 < 0.1. In
total 59.9% of all the traits were omitted. The fit to a uniform distribution considerably improved
(Figure . The fit can be further improved by pruning more traits at the lower end of 74 (data
not shown).

In conclusion, while read anomaly traits are generally not normally distributed, this is not the
cause of the excess of associations. Instead, there are many traits with strong associations with
nearby loci (cis effects). In particular, 27.6% of all traits have an associated SV QTLs in the same
chromosome as the source locus, at m4 < 0.1, 82.1% of which lie within 2Mb from the source locus.
These associations skew the distribution of A4 away from the null distribution. Nevertheless, their
genome-wide p-value is often not extreme so we cannot conclude that there is an SV underlying
each one of these cis effects. After removing these cis-effects the distribution of corrected genome-
wide p-values was closer to the null, thereby confirming the initial hypothesis that the distribution
of genome-wide p-values under the null hypothesis is uniform.

To determine study-wide SV QTLs, I used v4 as the overall trait statistic. The significance

threshold « for exp(—vy4) was selected by minimising false positives using false discovery rates
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Figure 4.10: P-value density, QQ plots and correlations for simulated normal traits.
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Figure 4.11: P-value density, QQ plots and p-value correlations for pairs on the same strand after
pruning candidate SV QTLs in which the source and the sink were on the same chromosome and
after discarding associations in which w4 < 0.1. In total 4,694 traits are shown.
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Figure 4.12: False discovery rate and number of discovered SV QTLs per study-wide significance
threshold o on exp(—y4). The red diamond shows the chosen level of significance o = 1073,
FDR=7x 1072 < 1072

(FDR). Given a significance threshold o, FDR was defined as the fraction of expected false discov-

eries over the total discoveries, thus:

Na
D(a)

FDR = (4.21)

where D(«) is the number of discoveries at level a and N is the total number of traits. For a
single type of read mapping anomaly, FDR is zero with o < 117%15 < 10™*, but this would be too
conservative. I thus selected as significance threshold a = 1073 at which FDR = 7 x 1073 < 1%.

The FDR and number of discoveries for the range of o values are shown in Figure 4.12

4.7 Structural variants in MAGIC

At FDR < 1072 I mapped 10,275 SV QTLs. These were classified as cis if the sink is within
2Mb of its source, and trans otherwise. Table summarises the results of mapping for each of

the read-pair anomaly measures used. Different anomaly traits at the same source location had
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coincident SV QTLs at 3, 773 source loci. Duplicates probably correspond to the same SV so they
were counted only once. Therefore, I mapped 6,502 distinct QTLs that correspond to unique SVs.
Of these, 4,898 were cis and 1,604 (24.7%) trans. Figure and Appendix [A| show the positions
of the cis and trans QTLs. Overall, 4,073 out of 11,915(34.2%) 10kb segments were predicted to
be structurally variant in at least one of the MAGIC founders. In 1,171 SV QTLs I could map
exact breakpoints using de novo contig alignments (see below, Section and hence estimate
SV size. The mean SV size was 55kb and the maximum was 334kb. The distribution of SV sizes

is shown in Figure [4.13

trait type sink QTLss | unique cis | trans
High read coverage 184 165 | 112 72
Large insert size 2051 585 | 1677 374
Unpaired reads 2060 1998 | 1530 530
Pairs on same strand 1950 1887 | 1358 592
Unpaired + Large insert size 2033 431 | 1661 372
Improperly paired reads 1997 833 | 1617 380
Total 10275 5899 | 7955 | 2320

Table 4.1: Results of mapping per read pair anomaly measurement; rows are the read pair anomalies
considered; columns: sink QTLs: total number of SV QTLs detected using each anomaly category
(if the same QTLs was detected by multiple anomalies then it is counted multiple times in this
column), Unique: number of SV QTLs detected only by a single anomaly category, cis: number
of cis-QTLs for the anomaly, trans: number of trans SV QTLs for the anomaly.

I classified each SV based on the type of read anomaly trait that identified it. Thus, same-
strand read pairs indicate inversions and high read coverage duplications. Abnormal insert sizes
and unpaired reads (and their combinations) may indicate different SV-types in cis or in trans; cis
SV QTLs were called indels if the distance from the source to the sink was below 1Mb, otherwise
they were classified as short-range translocations. All other trans SV QTLs were classified as
translocations. In total, there are 175 duplications, 1,976 inversions (1,373 short-range and 603
long-range) and 1,316 translocations (381 short-range and 935 long-range). Table tabulates the

number of SVs identified by SV type and SV QTL location (cis or trans) as well as independent
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Figure 4.13: Distribution of SV size for the 1,171 SVs in which both breakpoints were mapped
using de movo assembly contigs. The x-axis represents the size of SV in bp and the y-axis the

frequencies. The blue bars correspond to short-range SVs ( cis SV QTLs) while the red bars to
long-range SVs ( trans SV QTLs).

confirmation analysis by read-pair mappings or contig data (see |4.9). Figure shows a circos
plot summarising short and long-range structural variation in one of the founder haplotypes, Ler-
0. The figure also contains these SVs that have been independently validated by de novo contigs

and in vivo, by PCR (see Section . Circos plots for the remaining 17 founders are showing in

Appendix [D}

SV type N cis | trans R C

duplication 175 | 109 66 38| 14

indel 3035 | 3035 0] 1036 | 87

inversion 1976 | 1373 603 342 | 123

translocation | 1316 381 935 138 | 196

Total 6502 | 4898 | 1604 | 1554 | 420

Table 4.2: Structural variants detected in the MAGIC population. The columns are: N: number of
variants for each type, cis: variants in cis (source and sink lie within 2Mb from each other), trans:
variants in trans, R: variants confirmed by paired reads, C: variants confirmed by de novo contigs.
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4.8 SV QTL allele frequencies

The test of association between founder haplotype and SV trait implicitly assigns an SV allele to
each of the founders (i.e. the estimate B4z (s) for the founder s, in Equation (4.16)). However
because these might be sensitive to outliers, especially at low haplotype frequencies, I chose to
compute allele frequencies independently. Therefore I devised a procedure to predict the founder
haplotypes carrying SVs at the origination of the MAGIC population and used them to estimate
SV allele frequencies.

The procedure uses the fact that founder haplotypes carrying an SV allele at the sink will have
elevated numbers of anomalous reads at the source than other haplotypes. For a given SV QTL,
the founders’ contributions to each SV QTL were arranged as a 19 x 19 table T whose cells (4, j)
carried the sum of read anomalies (of a specific type) at the source for all lines carrying haplotype 4
at the sink and haplotype j at the source. At cis SV QTLs the source and sink are usually identical
so usually only diagonal elements of T" are non-zero. A founder is classified as carrying the SV
allele if its corresponding row in the table generally had higher values than the rest of the table. If
only sporadic cells of the row had high values then these might have been outliers so the founder
was not associated with the SV.

Figure shows tables T" and corresponding Manhattan plots for example cis and trans sink
SV QTLs.

To extract high-scoring rows, a score was computed for each row, indicating the contribution to
the phenotype of each founder haplotype at the sink. For each cell in T', let t;; be the sum of trait
values for all genomes carrying haplotype i at the sink and haplotype j at the source respectively,
and let 7, = jtij be the sum of phenotype values for the row i. The rows r; are then re-ordered
so that 1 > ro > ... > rig. Under the null hypothesis, i.e. if no founder at the sink is associated
with the trait, all row sums are equal ry ~ 19 &~ ... & rig9. The null hypothesis is rejected if
there is a set {ry,...r;} whose row sums are much larger than the rest of the table, such that

rE> o > TE > Tyl ... & 9. With § = 19 founder haplotypes there are 18 such possible sets.
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Figure 4.14: Circos plot displaying Structural Variants detected in the genome of the MAGIC
founder Ler-0. The grey directed links show all SVs detected from SV QTLs with the arrows
pointing towards the sink. Red and blue links indicate 37 trans and 30 cis SV QTLs confirmed by
de novo contigs. The black links show 16 SVs confirmed in Ler-0 by PCR (7 cis, 9 trans). Double
arrows in links indicate inversion sites. The dots in the red and blue tracks mark the sources of all
SVs associated with the Ler-0 haplotype.



The z-score of each set k is defined as:

ZI(Cjzl) rj — E(ry)
o(rk)

2z = (4.22)

The expected value E(r;) and standard deviation o(ry) are estimated by performing N = 1000
permutations of the elements of T. I then choose the set k : {ry,...r;} which maximises z;. Given

R(zy), the vector of zj estimated from the permutations then the permutation p-value P(zy) is
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(a) Cis SV QTL - source: chr 3, 14.22Mb, sink: (b) Trans SV QTL - source: chr5, 4.78Mb, sink:
chr3, 11.97Mb, trait: high read coverage chrb, 12.60Mb, trait: high read coverage

Figure 4.15: Manhattan plots and founder contributions for the trait high read coverage in a cis
([4.15a) and a trans(@.15b) SV QTL. In the manhattan plots the red line shows the source and the
association peak the sink of the SV QTL. In the founder contributions tables rows and columns
correspond to founder haplotypes at the sink and source, respectively. The colour hue at each cell
is the trait value for each combination of founder haplotypes, darker colour means higher value.
The values in Figure range from 0 to 1000. The figure shows a duplication (confirmed by de
novo contigs, see Section present in 3 founders, namely Bur-0, Col-0 and Edi-0. In Figure
trait values (high read coverage) range from 0 to 600 and the figure is showing a trans QTL
in chromosome 5, present in Bur-0, Oy-0, Po-0, Rsch-4 and Wu-0.
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defined as:

: >
P(z) = 72 € Rsz o 2 % | (4.23)

i.e. the fraction of permuted tables that had a higher zj score than the original table. Founders
corresponding to k : {rq,...r.} are associated with the SV-carrying if P(z;) < 1072, The test
predicted founder haplotypes at 2,391 QTLs. The mean SV allele frequency in the population,
defined as the fraction of founders carrying an allele at that locus was 6/19 = 31%. SV alleles are
more often minor than major (i.e. a minority of founders usually carry the SV allele). Only 387
(12%) are specific to a single founder (Figure [£.16). This is in contrast to the fraction of SNPs

(45%) that are private to a single founder.
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SV allele frequencies

Figure 4.16: SV allele frequencies in MAGIC, defined as the fraction of founders carrying the SV
allele.
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4.9 Validation of SVs

Because the mapping resolution of QTLs in the MAGIC population is only about 200kb [67] I could
not predict SV breakpoints from the QTL mapping alone. Therefore SVs were verified by read-pair
data and by de novo assembly contig alignments. Both methods can help confirm SV predictions
and pinpoint exact breakpoints, however lack of support from them does not definitively disprove
an SV QTL, as they both have limitations in SV prediction. Thus, read-pair data contain a high
fraction of noise, especially in the presence of repeats, while reads that correspond to SVs may be
incorrectly aligned or unmapped. Validation from de novo contigs heavily relies on contig size and
contigs may be misassembled over repeated or copy-number variant loci.

In total 1,898(29.2%) of the SVs were validated by these methods. In addition, I realigned two
manually assembled contigs from highly divergent regions of the founder genome Ler-0 [68] which
also supported my SV predictions. 39 SVs were also validated experimentally, using polymerase

chain reaction (PCR).

4.9.1 Validation with read pairs

I used the predictions of founders carrying an SV allele, available at 2,391 SVs, to search for an
excess of read pairs linking the source and sink loci in these founders compared to those not carrying
the SV allele. In particular I looked for read pairs in which one read mapped within 10kb of the
source and the other within 200kb of the sink (200kb is the QTL mapping resolution in MAGIC
[67]). Note that the construction of the read anomaly traits did not use this information, thus all
reads mapped to different chromosomes were counted as anomalous regardless of the position of
the pair or whether it was mapped.

I first analysed the 19 founders high-coverage sequence data [36] restricting attention to the
2,391 SV QTLs where founder alleles were predicted. I compared the number of such reads in the
founders that carry the SV to the remaining founders using Fisher’s exact tests (FET). In 759 out
of 2,391 (31.7%) SV QTLs I observed an excess of reads in the founder data connecting the source
to the sink at FET P < 0.05.

I performed the same test for all 6,502 source and sink pairs, using low-coverage reads from the
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MAGIC lines. Where founder SV alleles were not predicted I compared the 100 lines with highest
trait values to the rest of the population. At P < 0.05, there were 1,141(17.5%) source-sink pairs
where MAGIC lines carrying an SV had more read-pairs connecting the source and the sink.

In total 1,554 SV QTLs (23.9%) were supported by read pairs in the founders or in the MAGIC

lines. Therefore I employed further validation methods to investigate the other SV QTLs.

4.9.2 Validation with de novo contigs

I used de novo assemblies of the 19 founder genomes [36] to identify SV breakpoints, based on the
assumption that the SV QTLs correspond to SVs segregating among the founders. I used BLAT
[60] to align 5,524,143 short contigs (50bp-1kb long) from existing de novo assemblies of the 18
non-reference founder genomes to the reference Col-0 (TAIR10) to identify contigs split across the
source and sink locus. I excluded genomic regions with annotated repeats or transposons. I also
filtered out contiguous alignments that are unlikely to correspond to SVs i.e. alignments whose
BLAT score (number of matches minus mismatches and gaps) exceeded 0.951, where [ the length
of the contig, because they matched the reference too closely. I also filtered out alignments that
mapped to over 5 genomic loci as they probably correspond to unannotated repeats.

In the remaining alignments, two phenomena were observed. A minority of split contigs had
two parts, one mapping to within 200kb of a source and the other within 500kb of the correspond-
ing sink. I found 2,619 contigs with alignments split into disjoint pieces over 420 QTLs sources
and sinks. These split contigs suggest a simple cut-and-paste mechanism for the SV breakpoint.
However, I found a much larger number of 460,656 (8.3%) of shared contigs, whose alignments
overlapped between source and sink regions; Such alignments may be present because of dupli-
cations, but also because of transposable elements, low-frequency repeats (high-frequency repeats
were masked out) or Microhomology-Mediated Break-Induced Replication (MMBIR) loci [44] and
Non-Allelic Homologous Recombination (NAHR), that are known to be overrepresented near SVs
[92, 137]. In fact, some split alignments also had shared parts, but were long enough to pinpoint
a breakpoint beyond which alignments were disjoint. Shared alignments are typically smaller (me-

dian size = 85bp, while split alignments have median size of 400bp) so it is possible that some of
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them correspond to, or are nearby, SV breakpoints, but are not long enough to allow us pinpoint
them.

To investigate whether split and shared alignments were enriched near SVs , I performed 100
circular genome permutations [I5] of each of the N = 6,502 identified SV QTLs. Circular permu-
tation of source and sink locations keep the distances between source and sink pairs constant while
altering their locations in the genome. For each SV QTL 4, if a(i), b(i) are the original positions of

the source and the sink respectively, then the permuted pair ay(i), by (7) is defined as:

ar(i) = (a(i) + 0;y) mod G,
bp(i) = (b(i) + 6x) mod G, (4.24)

ek ~ Uan(O, GL)

where G, = 119, 146, 348 is the A. thaliana genome length. If a(i),b(7) define a cis SV QTL but
ax (1), bg (i) are on different chromosomes, the permutation is repeated until they are placed in the
same chromosome.

I then counted split and shared alignments between the permuted source-sink SV QTL locations
and compared them to the original data using permutation values Pspt, Pshareq indicating the
fraction of permutations that had more split or shared alignments. In the case of split alignments,
none of the permutation sets exceeded the number of split alignments in the real data, thus Py <
0.01 so split alignments are associated with SVs. Shared alignments are also associated with SVs
at trans QTLs (Pspared,trans < 0.01), but not with cis Psparedcis < 0.2, possibly because of the
presence of local small CNVs.

Split contigs mapped breakpoints at 420 SVs. At 367 trans QTLs where only one split contig
defined a breakpoint, I used the closest shared alignment to define the second breakpoint (and

hence minimise the predicted extent of the SV).
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4.9.3 Validation using manually assembled Ler-0 contigs

I analysed two manually assembled large contigs from Ler-0 [68] (TAIR10 coordinates: chr3:16.65—
17.02Mb, chr5:25.06 — 25.23Mb) over regions where Ler-0 is highly divergent from the reference. In
the chromosome 3 contig, manual assembly identified 83 indels, 31 larger than 100bp [68]. I mapped
36 cis SV QTLs (source and sink within the region) and 10 trans SV QTLs (6 with source and 4
with sink in the region). The region is 1.77-fold enriched for SVs compared to the rest of the genome
(a region of the same size is expected to have 6 SVs). After realigning the contig to the reference
using BLAT [60] cis SV QTLs coincided with the gaps in the contig alignments. Furthermore
the alignments revealed two translocated segments, in chromosomes 2 and 4 respectively, whose
positions are concordant with two of the trans QTLs mapped in the region (i.e. QTL sources at
the positions of the segments in the reference and sinks at their corresponding loci in Ler-0). In
the chromosome 5 contig, I found 6 related cis QTLs, corresponding to deletions in the start and
end of the contig sequence. Figure |4.17] shows the alignments of both contigs, annotated with the

locations of SV QTLs.

4.9.4 Validation by PCR

Finally, I validated a subset of SV breakpoints, detected by de novo contigs, by PCR. I designed
PCR primer oligos from both split and shared (between the source and the sink) de novo contig
alignments, using primer3 [110]. The first type of experiment I considered (type 1 experiment) tested
the amplification of primer oligos that are in remote positions in the reference genome, but in close
proximity in other founder haplotypes due to SVs. Thus the experiment should produce a product
of length shorter than 1.5kb only in the founders carrying an SV whereas in the founders with
the configuration of the reference it should not amplify. In split alignments corresponding to SVs,
primer oligos testing a breakpoint were flanking it with both oligos overlapping the contig. In shared
alignments, primer oligos were flanking the shared region and were not necessarily overlapping
the contig (as it may have been shared in its entirety). Thus, if based on the shared contig
alignments the region (source : (chrge, startsy., endge), (chrgnk, startsnk, endgnk)) is duplicated, I

designed primers such that the forward oligo was within (chrg,., starts,c — 1000, startg,e) while the
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(a) Alignment of a manually assembled contig from Ler-0, chr3:16.65 — 17.02Mb to the reference, annotated
with the positions of SV QTLs. The black lines show alignments to reference genome at the same position.
Blue arrows show the sources of cis QTLs mapped within the region - stacked arrows indicate sources that had
multiple sink QTLs for several anomalous read traits. Red arrows display trans QTLs with arrows starting
from the source and pointing towards the sink. Gaps in the contig alignment are specific to Ler-0 and did
not align to the reference, with the exception of two transposed segments that mapped to chromosomes 2
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(b) Alignment of a manually assembled contig from Ler-0, chr3:22.05 — 25.23Mb to the reference and corre-
sponding SV QTLs. The figure can be interpreted as above.

Figure 4.17: Alignments of two manually assembled contigs and positions of corresponding cis and
trans SV QTLs from highly divergent regions of Ler-0

reverse oligo was within (chrgi, endgipik, endgink + 1000).

The second type of experiment I designed (type 2 experiment) is a control experiment, which is
the reverse of type 1 in the sense that we expect a product in the reference and no amplification in
the SV founders. In type 2 experiments, one of the primer oligos of the corresponding type 1 was
fixed, while the other was coming from the region within 1.5kb from the reference genome.

Based on the above specification, I designed 20 —30bp primer oligo sequences from the reference
genome after masking out repeats, transposons and known polymorphisms. Detecting specific
primer sequence was challenging as breakpoint regions were often near repeats and transposons

and so I had to relax criteria for the specification of primer oligos: the maximum allowed product
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was 1.5kb, minimum annealing temperature was at 10°C, maximum annealing temperature at
90°C, gc-content of 10 — 90% and self-complementarity of up to 8bp. With these specifications
I could design type 1 experiments for 88 breakpoints, corresponding to 55 SV QTLs and type 2
experiments for 53 breakpoints in 29 SV QTLs. In 10 SV QTLs both breakpoints had corresponding
primer pairs, while in the rest only one breakpoint could be validated. 23 SVs had polymorphic
breakpoints, i.e. different type 1 experiments were required for different founders, in terms of oligo
position or in terms of oligo orientation. Also, in 36 breakpoints type 1 both primer pairs aligned to
the same strand in the reference genome, probably due to inversions. Because it was not possible to
determine the orientation (forward or reverse) of the tested segment in the SV genomes, I designed
and tested both possible orientations (i.e. both primers to forward strand and both primers to the
reverse strand).

I selected 96 pairs to confirm a subset of 76 breakpoints testing 45 SVs: 15 translocations from
5 cis and 13 trans SV QTLs and 27 inversions from 8 cis and 19 trans SV QTLs (inversions from
trans SV QTLs correspond to joint translocation and inversion events). For 7 of these SVs primers
testing both breakpoints were available, while in the remaining 37 it was possible to test only a
single breakpoint. The PCR was performed on DNA from the 19 founder genomes, provided by the
University of Bath (lab of Dr Paula Kover). Before running the PCRs, we performed confirmatory
tests on the 19 founder DNA, which validated private SNPs in each genome to verify that the
DNA we received was the same as the sequenced founders. The DNA sample we received for the
reference accession Col-0 was contaminated; it was partly heterozygous and contained untyped
indels. All other 18 DNA samples passed verification tests. At the time this thesis was written,
the experiments with the correct Col-0 DNA had not been completed. We report here results
for the remaining 18 accessions and for the contaminated DNA sample. In most experiments the
contaminated sample behaved as the reference, i.e. did not amplify for type 1 experiments and
amplified for type 2 experiments. In some experiments it did not, which is probably is due to the
contamination. In those cases, we considered an SV breakpoint to be validated only if there were
at least three other founders in which the experiment worked as in the reference; and hence could

be used as reference surrogates.
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Most experiments had the expected outcome. The interpretation of results was not straightfor-
ward in a small number of cases, probably due to duplications - for example some lines produced
a product for a subset of type 1 and type 2 experiments referring to the same SV. Furthermore, it
appears that in some long-range SVs, some lines carry a translocation and others a translocation
and inversion, as primers with different relative orientation to the reference produced products in
different founder DNA samples. Overall, I considered a founder carrying an SV if at least one type
1 experiment produced a product in one founder and it did not in Col-0 or in three other founders.
The full set of primer pairs used is in Appendix [E] and a summary of the results, showing confirmed
SVs and founder haplotypes that were shown to carry it is presented in Table [£.3]

In total, I validated 37 (82%) SV QTLs, comprising 61 (77%) breakpoints, in 14 translocations
(5 cis and 9 trans) and 23 inversions (6 cis and 17 trans). In 11 SVs the breakpoints confirmed
were polymorphic, while in 5 translocations the orientation of the transposed locus differs between

founders, thus some carry a translocation and the others a translocation and inversion.

4.10 Effects of SVs on physiological phenotypes

Large SVs are known to have important phenotypic effects in humans [53] 25 [10T], 103]; however
their effects on A. thaliana phenotypes have not been reported yet. I investigated whether SV traits
were associated with 44 physiological phenotypes related to germination, bolting, leaf development
and ionomics that had been previously measured in the MAGIC lines. I conjectured there could be
two ways that SVs might be associated with phenotypes. First, there could be a direct correlation
between an SV trait and a phenotype, without regard to any QTLs. Second, an SV trait could
map to an SV QTL that overlaps with an existing phenotypic QTL. To look for direct correlations,
I computed Pearson correlations and their corresponding p-values for each physiological phenotype
with every SV trait in each of the six read anomaly types. I performed 11,915 correlation tests
for each anomaly type and for each locus A obtained a p-value p4 using the Fisher transformation
of the correlation coefficient 4. 1 selected significant correlations in which log P < 4, which
corresponds to r > 0.17 for a sample size of 488. I filtered out any correlations that were driven by

up to three outliers, thereby testing whether the removal of the three most extreme samples would

105



N Founders source sink sV QTL type Inv founders
1 14 chr3, 16.28Mb chr3, 15.65Mb translocation,inversion cis 1
2 10 chrl, 17.39Mb chr5, 13.74Mb translocation,inversion trans 9
3 NA chr3, 14.43Mb chr3, 13.49Mb inversion cis NA
4 NA chr3, 2.09Mb chr4, 2.77Mb translocation trans NA
5 4 chr3, 11.9Mb chr3, 0.63Mb inversion trans NA
6 11 chr5, 12.63Mb chr5, 10.04Mb translocation,inversion trans 9
7 13 chr2, 7.2Mb chr3, 15.49Mb translocation,inversion trans 12
8 4 chrl, 9.07Mb chrl, 24.07Mb inversion trans NA
9 7 chrl, 12.24Mb chrl, 11.8Mb inversion cis NA
10 13 chr5, 14.88Mb chr5, 16.33Mb inversion cis NA
11 8 chr3, 14.66Mb chr3, 14.32Mb inversion cis NA
12 18 chr4,1.57TMb chr4, 2.77Mb inversion cis NA
13 NA chr5, 10.2Mb chr5, 15.07Mb inversion trans NA
14 2 chr5, 6.29Mb chr3, 15.89Mb inversion trans NA
15 NA chr3, 12.55Mb chr4, 3.57Mb inversion trans NA
16 15 chr4, 4.53Mb chr4, 1.82Mb translocation trans NA
17 2 chrl, 16.85Mb chr4, 5.81Mb translocation trans NA
18 1 chr3, 13.31Mb chr3, 12.65Mb translocation cis NA
19 4 chr4, 8.22Mb chr5, 15.9Mb inversion trans NA
20 1 chr3, 16.27Mb chr3, 15.7Mb inversion cis NA
21 15 chr3, 22.55Mb chr3, 17.63Mb inversion trans NA
22 NA chr2, 9.18Mb chr2, 2.59Mb translocation trans NA
23 15 chrl, 14.94Mb chr3, 14.76Mb inversion trans NA
24 3 chr5, 18.83Mb chr5, 17.03Mb inversion trans NA
25 17 chr5, 9.2Mb chr5, 9.63Mb translocation cis NA
26 16 chr3, 12.97Mb chr5, 10.8Mb translocation trans NA
27 11 chrl, 17.69Mb chr5, 15.95Mb inversion trans NA
28 2 chr2, 1.84Mb chr3, 16.75Mb inversion trans NA
29 14 chr3, 12.86Mb chr3, 13.48Mb translocation cis NA
30 1 chr4, 3.72Mb chr2, 6.00Mb inversion trans NA
31 14 chrl, 13.35Mb chr4, 7.43Mb translocation trans NA
32 16 chrl, 15.86Mb chrl, 13.47Mb inversion trans NA
33 3 chr2, 2.16 Mb chrl, 16.42Mb inversion trans NA
34 11 chr4, 3.67Mb chr5, 12.08Mb inversion trans NA
35 4 chrb, 14.82Mb chr4, 7.05Mb inversion trans NA
36 2 chr3, 14.89Mb chr3, 16.23Mb translocation trans NA
37 2 chr3, 14.25Mb chr2, 4.85Mb inversion trans NA
38 1 chrl, 16.89Mb chrl, 12.86Mb translocation trans NA
39 15 chr5, 16.69Mb chr5, 16.25Mb inversion cis NA
40 1 chr3, 3.64Mb chrl, 24.28Mb inversion trans NA
41 2 chr4, 2.78Mb chr4, 1.96Mb inversion trans NA
42 4 chrl, 9.38Mb chrl, 8.5Mb translocation,inversion cis 1
43 NA chr3, 14.51Mb chr3, 13.49Mb inversion cis NA
44 NA chr3, 15.06Mb chr2, 5.18Mb translocation trans NA
45 NA chr2, 2.91Mb chr2, 5.53Mb translocation trans NA

Table 4.3: SV QTLs validated by PCR. The columns are: N: experiment id, Founders: number
of founders in which an SV was confirmed, source, sink: position of source and sink of the SV
QTL, type: type of structural variant QTL type: cis or trans, inv founders: in cases where an
inversion was detected in a subset of founders, the number of founders carrying an inversion



reduce correlation below the significance threshold. In total I found 549 SV traits associated with
40 phenotypes. Each physiological phenotype had on average 1.56 associated SV traits of the same
read anomaly type (max = 21).

I measured the overall effect of SVs on each physiological phenotype, using a heritability-like
measure, h%‘v’ defined as the fraction of the phenotypic variance that could be attributed to SVs.
I estimated h%v as the proportion of variance explained by the SV traits that were deemed to be
associated with the phenotype, using linear models. Let y be the vector of phenotypic values for a
specific physiological trait across the MAGIC lines. Let the k significantly associated SV traits (of

the same type) be Xq,... Xk, represented by the matrix X. Then the phenotype is modelled as

y=Xa+e (4.25)

I estimated the k parameters a by least squares using the glm() function in R and computed the

residual sum of squares RSS. The heritability h%,, is defined as:

RSS
h, =1— —= 4.26
Sv TS (4.26)

where TSS is the total sum of squares (i.e. the variance of y). I also computed the individual effect
sizes of all traits contributing to the heritability, by fitting simple linear regression models using
each of the traits as the single independent variable. Table summarises the phenotypes in which
large effect sizes were detected (above 10%). Based on this analysis, SV traits can explain up to

33% of the total phenotypic variance of a single trait.
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Phenotype SV trait type w | N | SV QTL | max contrib.
days.to.germ same strand pairs 26.30% | 13 4 7.30%
days.to.germ unpaired reads 17.83% 6 3 8.15%
bolting same strand pairs 11.10% 4 2 4.59%
Resistance large insert size 18.33% 5 5 17.60%
Resistance improperly paired reads 16.40% 5 5 15.73%
Resistance unpaired reads 19.57% 3 2 8.72%
Resistance unpaired or large insert size reads | 17.07% 5 5 16.86%
Resistance same strand pairs 24.711% 5 2 9.04%
ttl_branch.BATH unpaired reads 11.01% 3 1 4.97%
ttl_branch.BATH same strand pairs 13.42% 4 1 3.81%
fieldFT.pl unpaired reads 16.06% 3 0 7.17%
fieldFT.pl same strand pairs 12.21% 2 2 8.48%
ft.mean.h unpaired reads 16.61% 4 2 6.93%
ft.mean.h same strand pairs 10.52% 1 6.32%
fieldRD.pl unpaired reads 17.01% 3 1 6.21%
Htbranches.CV unpaired reads 24.71% | 21 5 9.91%
Htbranches.CV same strand pairs 29.85% | 16 2 8.01%
leaves.day.28.given.days.to.germ | unpaired reads 10.63% 6 2 5.94%
RosetteLeafNumber.ShortDay unpaired reads 22.13% 6 1 11.27%
RosetteLeafNumber.LongDay unpaired reads 14.18% 5 3 2.72%
RosetteLeafNumber.LongDay same strand pairs 23.92% | 11 6 3.18%
Na unpaired reads 22.95% 6 2 8.05%
Na same strand pairs 23.42% 6 2 8.78%
Mn unpaired reads 22.49% 7 1 8.81%
Mn same strand pairs 33.25% | 17 10 7.74%
Mg same strand pairs 16.64% 3 3 7.65%
Ca same strand pairs 21.53% 7 4 7.34%
Ni same strand pairs 18.08% 4 0 7.37%
Zn unpaired reads 29.50% | 13 3 12.54%
Zn same strand pairs 34.70% | 13 4 13.81%
As unpaired reads 12.50% 3 0 6.53%
As same strand pairs 18.32% 3 0 11.26%
Rb same strand pairs 13.97% 3 2 6.48%
Mo same strand pairs 12.81% 3 2 5.78%

Table 4.4: Physiological phenotypes with large (> 10%) SV effects. The columns are: Phenotype
- physiological phenotype, SV trait type - type of SV traits (indicating a type of read pair
anomaly), w - total phenotypic variance explained by SVs, N - number of associated traits, SV
QTL - number of highly associated SV traits that have a sink QTL, max contrib. - the maximum
contribution of a single trait of that type to the phenotype



I then asked if any physiological QTLs could be explained by SV traits. I mapped QTLs for
the phenotype residuals after first regressing out all the associated SV traits/each associated SV
separately, and found that some of the associated effects might be causal. For example, for the
physiological phenotype germination time, regressing out a single cis-SV that explained 8.13% of
the variance, which lay under a germination QTL, ablates the QTL (Figure . The source and
sink of this SV are at 15.94, 15.93Mb respectively, within ~ 20kb from the zinc induced facilitator-
like ZIFL 2 gene (at 15.66Mb), which was recently shown to control caesium (Cs(+)) and potassium
(K(+)) channels [I07]. Dysregulation and loss of function of ZIFL2 leads to excess supply in (K(+)),
which has been shown to decrease seed germination [39].

Similarly, for resistance in the fungus Albugo laibachii, there are 5 cis SV QTLs, (mapped for
almost all read anomaly traits), that explain up to 24.71% of the total phenotypic variance (Figure
4.18b)). Regressing out two of them, both lying directly under a resistance QTL on chromosome
4 at the region between 8.5 — 10.5Mb, leads to substantial drop of the association for resistance.
The two most highly associated SVs are at 9.50Mb and 10.44Mb. The region under the QTL is
rich in resistance genes that could be causal. The gene at the peak of the resistance QTL, which
is also exactly at the sink SV QTL of one of the two SVs is RPP4 [129]. In Asian soybean CNVs
of RPP4 have been detected and shown to affect susceptibility to pathogens [01]. The other highly
associated SV is at 10.44 Mb, and has 3 putative candidate resistance genes within 30kb from the
sink, namely: EDR2 [121], AT4G19050 and AT4G19060.

Finally, of the 549 traits 253(46.1%) did not have a sink QTL. In general, the traits with
sink QTLs have a higher effect size (55% of the top associated SV traits have sink QTLs), but
there are examples of unmapped SV traits with large effect sizes. For example, 7.3% of variation
in germination time is explained by an SV trait on chromosome 1 with no sink, while 16.6% of

variation in field flowering time is shared between 3 unmapped SV traits.
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(a) Effects of SVs on germination. The figure shows the manhattan plots of three genome scans (x-axis:
genomic position and y-axis: genome-wide logP). The orange line shows the genome scan of germination
(days to germination) - the peak is at chr3, 15.94Mb. The green line shows the genome scan of a single SV
trait, measuring same strand reads, which was found to explain 8.13% of the total germination variance. Its
source is at 15.93Mb (marked by a red line) and sink at 15.94Mb, at the same position as the germination
QTL. The purple line is the genome scan of the residuals of germination, after regressing out the SV effects,
in which the QTL is lost.

chrl chr2 Cchr3 chra chrs

(b) Effects of SVs on pathogen resistance. The figure can be interpreted as Figure The peak of
association for resistance is at chr4, 9.50Mb. Two SV traits have been regressed out, (sources: chr3, 9.50Mb
and 10.44Mb) together they explain 24.7% of the phenotypic variance. The SV trait genome scan shown is
at 9.50Mb and its sink at 9.49Mb.

Figure 4.18: Effects of SVs on QTLs for physiological phenotypes

4.11 Effects of SVs on gene expression

SVs are known to affect gene expression, however the amount of variation of gene expression down
to SVs is not fully known. A recent study that used data from the 1000 genomes project found
that most variation in gene expression can be explained by CNVs and has a very strong impact
in genetics [42]. In the mouse a small number of SVs disrupting exonic sequence with large effects
has also been detected [137].

I investigated the effects of SVs on gene expression in MAGIC lines, using Illumina RNAseq
leaf transcriptomes from 200 MAGIC lines. Expression levels for each gene were extracted from

read counts normalised by fitting a negative binomial model in DeSeq [4]. Out of a total of 33,602

110



genes in Arabidopsis, 21,747 were expressed. Due to mapping resolution issues, I only considered
SVs with accurate breakpoints (from Section [4.9.2]). In particular, 119 genes spanned the SV
breakpoints and 6,909 laid inside them. The former are probably disrupted by SVs and the latter
are not, but their copy-number or position in the genome is variable.

I used both raw read counts and filtered read counts. Filtered data excluded reads overlapping
annotated introns, reads fully aligned to a region where multiple annotated genes overlap and
reads that did not start within annotated exons. Applying the filters affected SV-related genes
more than other genes as 18% of the transcripts spanning breakpoints and 14% of transcripts
within breakpoints appeared unexpressed throughout all samples, but only 5% of all other genes
were affected in the same way. From this I reasoned that some of these filters might be related to
SVs so applying them might reduce SV-related signal, so I decided to also use the raw normalised
read counts for comparison. From both datasets I removed genes expressed in fewer than 2% of
samples.

Transcripts were divided in three categories: disrupted by breakpoints, within breakpoints
(hence moved or with variable copy-number) and outside SVs. Though there was little difference
in the mean expression of transcripts based on category (SV-related genes tend to have lower
gene expression which is not statistically significant, Figures , the gene expression
variance, scaled by the mean, was elevated in genes spanning breakpoints (t-test comparing with
genes outside SVs: P < 1072 for raw and filtered counts) and in genes within breakpoints (t-test
comparing with genes outside SVs: P < 107!3) as shown in Figures . This difference
in variance is mostly due to the larger fraction of silenced transcripts (i.e. with zero expression)
for genes lying on SV boundaries or within SVs (t-test: P < 107*, P < 1073 for raw counts and
P <1073, P < 10792 for filtered) (Figure . Genes on breakpoints are slightly more
likely to be silenced than genes within breakpoints (t-test : P < 0.02). Table summarises all
the t-test p-values comparing between categories of transcripts relative to SVs.

All these observations suggest the SVs dysregulate gene expression, even when the gene sequence

itself is undisturbed.
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Bps vs Out Bps vs In In vs Out

test R F R F R F
mean 0.51 0.64 0.59 0.71 0.19 0.12
var 4.1073 9-1073 013]19-1072(4-1073 | 4-10713

% zero | 2-107° | 1.2-10—2 | 1.4-102 0.12 | 6-10730 | 2.10752

Table 4.5: P-values of one-sided t-tests comparing gene expression transcripts spanning SV break-
points (Bps), within SV breakpoints (In) and outside SVs (Out). Columns labelled R show tests
using raw counts, while F' show filtered counts. The rows indicate comparisons of mean, variance
and fraction of null gene expression per gene across all samples in each of the three SV-related cat-
egories. The alternative hypotheses were that SV-related genes had lower mean gene expression,
higher variance and higher fraction of silenced genes.

4.12 Discussion

This chapter introduced a method for the identification of common structural variants segregating
in a population, using population-based low-coverage sequencing data. Using genetic variation that
underlies structurally variant regions I have jointly called structural variants in a population and
also mapped long-range structural variants derived from remote locations (translocations, dupli-
cations), which are difficult to identify from next-generation sequencing data alone. The method
allows one to readily distinguish between local and long-range SVs, and determine whether an SV
is inverted.

Whilst I focused here on a population of recombinant inbred lines, the method is applicable with
certain modifications to any sequenced population, including outbred species such as humans. I
exploited the known ancestry of the MAGIC lines to generate haplotype mosaics and as a source of
contigs to confirm breakpoints. In other species haplotype maps and careful de novo assemblies of a
small number of individuals could be used similarly. High trait variances are good indicators of the
presence of SVs (Figure ; therefore instead of a whole genome scan, one could map target loci
with high variance in anomalous read alignments without many false negative predictions, making
the problem much more tractable in large genomes. The method could also be used to facilitate
read-mapping software to correctly align ambiguous read alignments.

Despite the usual paradigm of using medium or high-coverage sequencing for SV mapping [142),
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60, 21] we have seen that low-coverage sequencing data are suitable for structural variation mapping.
The main benefits of this approach is that it can effectively resolve long-range SVs while offering the
possibility of sequencing larger population samples, and get population-wide estimates for structural
variation. Nevertheless, its predictions rely on mapping resolution, so high-coverage sequencing
data are needed in order to pinpoint exact SV breakpoints. Novel sequencing technologies based
around very long reads [I8, [54] are also capable of resolving structural variants in individuals with
high precision in breakpoints. However they are expensive and slow compared to low-coverage
short-read sequencing and are therefore limited to small numbers of genomes. Similarly, complete
de-novo assembly of reference genomes using a combination of short-read libraries with a range of
insert sizes remains a challenge [3§], although the incorporation of population data can aid this
process [20]. By combining these technologies, i.e. sequencing a few representative individuals with
expensive long reads, and the population as a whole with cheaper short reads, it will be possible
to impute SVs, particularly translocations, into the larger population analogously to the way that
reference haplotype panels such as 1000 genomes are used to impute SNPs and small indels.

In the Arabidopsis MAGIC population, we have found that structural variations are surprisingly
common, affecting about a fifth of all genes. About a quarter of SVs are translocations. The
Arabidopsis genome is thought to have emerged from successive chromosomal fissions and fusions,
and it has been conjectured to be excessively rearranged [131) B35, [132]. In MAGIC, 45% of SNPs
are private to a single accession [36], but the fraction of private SVs is much lower, about 12%.
Therefore, it seems plausible that some SVs were formed before SNPs and thus may be related to
the divergence and speciation of A. thaliana. Creating synteny maps of rearranged de novo contigs
from A. thaliana with related species, such as Arabidopsis lyrata and Cardamine hirsuta would
help resolve which SVs correspond to the ancestral configuration of loci.

Typically, detected SVs are small, of the order of 50kb. We did not find any very large
(megabase-sized) common SVs; the largest being 334kb. Thus most SVs contain about 10 genes,
implying the sequences of most genes and their promotors in SVs are not directly altered by the
SV, although the genomic context tens of kb away is changed. This change of context appears

to dysregulate gene expression, often causing silencing and increasing the variability of expression.
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Presumably this is a consequence of alterations to local DNA-DNA interactions, which could be
tested by chromosome conformation capture experiments. SVs are therefore strong candidates for
QTLs that cause variability in phenotypes [109].

Furthermore, some SVs lie with QTLs for physiological traits, and could be causal variants
since they explain most of the variation at the QTL. If so this lends support to the observation that
many QTLs cannot be resolved to a single causal SNP but instead are an irreducible set of linked
causal variants (a haplotype effect) [27, [124]. We have also shown that certain read anomaly traits
cannot be mapped as SVs but nevertheless explain significant fractions of phenotypic variation.
Some of these may be interpreted as polymorphic loci absent from the reference genome, thereby

representing a source of missing heritability [37].
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Chapter 5

Recombination and clusters of mosaic

breakpoints in the MAGIC lines

As we saw in Chapter [3] recombination events can be mapped to within 2.5kb in MAGIC, so it
is possible to reconstruct ancestral mosaics with high accuracy. The mosaics can be viewed as
a partial recombination history of the population, and so can be used to draw inferences about
recombination in A. thaliana. This chapter analyses the mosaics generated in MAGIC using the
original variant calls in the 19 MAGIC founders [36], which were used for recombination analysis.
More than half of the lines had a much larger number of mosaic breakpoints than expected, which
formed clusters within each genome in different positions and with different haplotype combinations.
My hypothesis was that they could either be artefacts caused by structural variation, introgression
of non-MAGIC genomes in the population during breeding or residual heterozygosity or that they
could be unusual signatures of recombination.

Clusters of recombination breakpoints are consistent with some of the relevant literature in
A. thaliana; for example, recombination in Arabidopsis has a disease-resistance component and
disease resistance gene families such as the R-genes are shown to substantially increase local re-
combination rates and induce double strand crossovers after each generation [23]. Furthermore, very
high gene conversion rates have been reported [138], as well as non-interfering crossover regions in

which recombinants tend to form close to each other [8]. We sequenced 9 cluster genomes at high
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coverage and performed extensive data analysis which compared properties of cluster breakpoints
(with respect to introgression, sequencing quality, number of SVs and heterozygosity) to normal
breakpoints and to random genomic regions in order to test their validity. Many of these tests
validated the clusters, in the sense that they did not detect any differences within and outside
clustered breakpoints, however some showed evidence of artefactuality. A small number of clusters
were linked to structural variants. More importantly, heterozygosity was elevated in some of the
high coverage genomes and explained some of the clusters. Furthermore, running the diploid re-
construction algorithm from Section over high and low-coverage data reconstructed some of the
clusters as heterozygous. I resolved some of these observations by using revised sets of sequence
variants, which revealed previously undetected heterozygosity in the 19 founders, which also gave
rise to a large proportion of the clusters. The lesson learned from this analysis is that mosaic recon-
struction is complex and can be affected by multiple sources of error, caused mainly by unexpected
genetic features. Nevertheless, some of the clusters are still present in the revised data and need to

be investigated further.

5.1 Recombination and genomic instability

Genetic recombination is the process by which a double-stranded DNA molecule breaks and joins
with its sister chromatid. In chromosomal crossover, a pair of homologous parental chromosomes
exchange DNA to form a new chromosome. Other recombination events include gene conversions
i.e. double-strand breaks in which a DNA segment replaces its homologous sequence so that they
become identical, and non-homologous recombinations in which a locus is deleted or translocated
to a non-homologous region. Throughout this thesis, the term recombination refers to homologous
events (crossovers or gene conversions).

Although recombination events can occur anywhere in the genome, recombination is not a
random process. Most recombination events are concentrated in recombination hotspots, defined as
short loci (typically 1 — 2kb long) within the genome with significantly higher recombination rate
[79, 55]. The existence of recombination hotspots implies that recombination is, to some extent,

associated with other biological processes.
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In humans,a 13-base pair sequence motif attracts more than 40% of chromosomal crossover
events [96]. This motif is a binding site for the zinc-finger protein PRDM9 [95], 00]. The same
protein has been also identified as a determinant for recombination in mice [9]. Moreover, variation
in the genetic maps (and therefore, hotspot positions) of human sub-populations of African and
Furopean descent can be explained by variation in PRDMO9 alleles and binding sites across these
populations [4§].

Recombination events per meiosis have been observed to be more evenly spaced within a chro-
mosome than would have happened at random. This tendency of crossovers to preferentially occur
far from each other is known as crossover interference [47]. Human and mouse recombination dis-
plays strong positive interference [51] 11} [12]. Sex-specific crossover pathways have been observed

in the mouse [100], accounting for the differences in recombination rates between sexes.

5.1.1 Recombination in A. thaliana

Whilst plant recombination hotspots and motifs certainly exist [23], [50], no functional equivalent
of PRDM9 has been found. Multiple pathways have been shown to affect recombination, each
with distinct features [69, 8 140, 23| [7]. Firstly, negative interference pathways have been de-
tected, implying that crossovers may not always avoid close proximity. In particular, it has been
shown that a fraction of meiotic crossovers in three A. thaliana chromosomes include both positive
and negative interference pathways [69]. Moreover, recombination hotspots in which crossovers
occur preferentially without interference have been identified, while the number of non-interfering
crossovers is higher in male meiosis [8]. Epigenetic changes such as DNA methylation and his-
tone modification also affect recombination rates [140], especially within the heavily methylated
pericentromeric regions, increasing crossover frequencies. Environmental and pathogen stress are
also recombinogenic. Chromatin modifications are associated with hotspots and with gene families
that regulate response to disease (R-genes, defensin genes) [23]. Furthermore, transgenic resistance
gene insertions influence recombination frequencies [7], while environmental changes induced by
pathogen attacks also increase recombination [82]. Finally, because the germ line of plants is not

separate from the soma, mitotic recombination events can be transmitted [40].
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The first large-scale study on reccombination in A. thaliana used ancestral recombination rates
inferred by linkage disequilibrium (LD) in 19 natural accessions to identify 260 hotspots [62]. This
study showed that gene content is low within recombination hotspots and LD decays faster near
intergenic regions, implying recombination is more likely to occur in intergenic regions rather than
within genes.

Another survey analysed recombination in A. thaliana in 1300 A.thaliana genomes, and con-
firmed that intergenic regions are recombinogenic, showing further that genes in repeat families are

enriched in the regions with the highest recombination rate [50].

5.2 Lineage-specific recombination

It is generally thought that recombination outside hotspots makes little overall impact, since each
such event is random and therefore contributes little to the genetic map which is based on recurrent
behaviour. Consequently, these sporadic recombinants are invisible to LD-based studies of natural
populations predicated on the existence of genetic maps [24], [50].

Mosaic populations offer an alternative approach to recombination analysis: a genetic mosaic
can be viewed as a partial recombination history of the population. In the MAGIC lines, each
mosaic partiallyE encapsulates the recombination history of a line and as shown in Chapter |3| we
can map fine-scale recombination events in MAGIC, using low-coverage sequencing data. Hence
we can analyse both events that occured within and outside recombination hotspots. Furthermore,
recombination hotspots in natural populations could represent a single ancient event that a large
fraction of the population inherits; in a mosaic population all recombination events observable are
unique (as each genome is a separate lineage) and recent. Therefore, recombination hotspots in a
mosaic population indicate genomic regions that are currently active with respect to recombination.

However, it is important to distinguish true recombinations from sequencing artefacts, that
can occur in mosaics over highly repetitive, divergent, rearranged or structurally variant loci. For

example, reads mapping to a translocated genomic segment will be aligned to the incorrect location

!The mosaic of a MAGIC line captures a partial only recombination history because after the selfing stage a genome
carries only half of the recombinants that occurred during intercrossing. Also, recombinantion events between loci
with both strands carrying the same haplotype are invisible.

120



Type Number | Median segment size | Mean segment size
(Mb) (Mb)

Non-cluster | 16,314 2.065 3.409

Cluster 5,012 0.136 0.214

All 21, 326 1.085 2.658

Table 5.1: Nonrecombinant segment size statistics for 476 MAGIC lines and for regions inside and
outside clusters. A segment is a genomic interval between two successive mosaic breakpoints.

in the reference, possibly causing false recombination breakpoints and apparent heterozygosity [132].

5.3 Genome mosaics inferred by IMR/DENOM

In Section I presented mosaics inferred using GATK [R9] allele calls. T initially generated
mosaics based on the 3.07M SNPs reported in [36] called using the IMR/DENOM pipeline variant
caller. After excluding heterozygous or triallelic SNPs as well as SNPs within known transposons
or repeats, the set comprised 2.6M SNPs in total. On average there were 325k SNPs for each
individual genome. This is a larger set of SNPs than the one used in the rest of the thesis. As
we saw in Section the two sets differ in their estimation of heterozygous SNPs: after filtering
out heterozygous and triallelic SNPs, there are 1.3M SNPs left (300k per line on average) in the
GATK set, and 2.6M SNPs (325k per line on average) in the IMR/DENOM. Also the original set
of SNPs includes only 476 genomes instead of 488, due to a sample renaming problem (12 genomes
had duplicated names and were discarded from the set).

For the most part, the IMR/DENOM reconstructed genome mosaics were consistent with the
Arabidopsis genetic map. Namely, they comprised 21,326 unrecombined blocks of founder hap-
lotypes with a median length of 2.065Mb (Table . In total, 18,946 recombination break-
points (21,326 — (5 x 476)) were predicted. For example, Figure shows the reconstruction
of MAGIC.492 chromosome 3 from low-coverage sequence. Cluster definition, properties and veri-

fication are examined in detail in the remainder of this chapter.
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5.4 Lineage-specific clusters of breakpoints

Clusters of mosaic breakpoints, defined as islands of consecutive short haplotype segments (Figure
b.1p,c), were detected in 280 lines (58.82%). Of the total 18,946 breakpoints predicted, 5,465
(28.8%) lied in 536 clusters.

The clusters were detected by a recursive algorithm based on the Smith-Waterman (SW) algo-
rithm, described in [58] and [94]. The algorithm can detect islands of genetic features with distinct
properties within the genome. In particular, the algorithm was tuned to find dense clusters of
4 or more breakpoints by assigning positive scores only to segments shorter than 500kb, while it
gave all other segments negative scores. Positive scoring islands were then detected by dynamic
programming. The islands could include segments larger than 500kb if they were surrounded by
sufficiently many shorter segments (Algorithm .

The average number of breakpoints per cluster was 9.35. Occasionally clusters were very large,

affecting entire chromosomes. The distribution of clusters per line is plotted in Figure [5.3
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Figure 5.3: Frequency distribution of number of cluster breakpoints per line (for those lines with
clusters).

About a quarter (118 lines, 24.79%) of the MAGIC genomes had multiple clusters, often on

different chromosomes. However, most MAGIC lines had completely normal rates of recombination
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Data: N - haplotype segments in chromosome
[(i) - length of i-th segment in bp

Initialisation:

X (i) = 500,000 — 1(4)

S(0)=0
B(0)=0
Recursion:

SG— 1)+ X(0), it S(i—1)+X(3) >0

0, otherwise

B(i —1),if 8(i) > 0

i, otherwise

Algorithm 3: A Smith-Waterman type recursion that detects islands of consecutive short

haplotype segments (breakpoint clusters) in the mosaics.



except perhaps for one or two clusters spanning ~2Mb. Furthermore, clusters occured genome-
wide, as on average eight lines had a cluster spanning any randomly chosen location (Figure ,
and 1.68% of the genome was covered by a cluster in a given MAGIC line.

The clusters had distinct properties compared to classical recombination breakpoints in the
mosaics. First, while the median segment size in the mosaics was 2.07TMb the median segment
size within a cluster was only 136kb (Figure , while the average total length of a cluster
was 2.004Mb. Second, most of the cluster breakpoints appeared unique (i.e. specific to individual
lineages): some of the clusters comprised two or three alternating haplotype segments, while others
had a more complicated structure and involved a large number of haplotypes. The difference
between the two types of cluster can be seen in Figure There are relatively few cluster hotspots
(as distinct from classical recombination hotspots). Lastly, the numbers of cluster and non-cluster

breakpoints within a line are uncorrelated (Figure [5.6b)).
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5.5 Cluster origins

The shared lineage structure of the cousin MAGIC lines can be used (Figure to infer when the
clusters arose. During the breeding of MAGIC, the inter-crossing (funnel-breeding) stage produced
F4 families. From each family up to 3 MAGIC lines are generated by selfing. These “cousin” lines
are expected to share about 25% of their genome.

Due to multiple sample renaming, historical breeding information on lines sharing the same
funnel (i.e. cousins) was unreliable. However, it was possible to determine cousin lines by computing
the pairwise haplotypic similarity between all MAGIC lines. I sampled the predicted haplotype
every 1kb across the population and performed all pairwise comparisons. A heatmap illustrating
the pairwise haplotypic similarity per MAGIC line is presented in Figure As expected, there
is little population structure in MAGIC, since the average haplotype similarity of two arbitrary
lines is 5.7% (median similarity = 4.99%). Any pair of MAGIC lines that shared 20% of their
genome or above was considered a putative cousin pair. I found 1653 (1.46%) such pairs; 427 lines
shared over 20% of their genome with more than two other lines. Therefore, for each line I selected
the three lines with the highest haplotypic similarity, as cousin candidates, and formed a list of
genomes with high haplotypic similarity. Any pair on this list will be hereafter referred to as a
cousin pair, although some of these pairs may not actually originate from the same Fj family. The
mean similarity between cousins list was 30.36% (median 26.65%). The distribution of pairwise
haplotypic similarity in cousins and non-cousins is shown in Figure

I also searched for local haplotypic similarity between all pairs of co-localised clusters, regardless
of the genome-wide haplotypic similarity of the MAGIC lines containing the clusters. A cluster,
or a part of a cluster, was defined to be shared between two lines if the clusters overlapped and
the local haplotypic similarity exceeded 80%. If a cluster was shared between lines that were also
cousins, then it might be a genuine event occurring during inter-crossing. If it was shared by more
than four lines or by lines that are not cousins then it could be a genomic rearrangement or the
result of introgression of haplotypes other than the 19 founders in the population (see Section .

If the cluster was unique, then I examined the possibility that it occurred during selfing. Clusters

induced by selfing should only involve two alternating haplotypes at any locus, as only two specific
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Figure 5.7: Pairwise haplotypic similarity in MAGIC

DNA strands recombine with each other. A cousin of such a line that did not contain the cluster
should comprise unrecombined segments of one of the two cluster haplotypes. Thus, if the local
haplotypic similarity of a cluster with a cousin was about 50% then the cluster likely occurred
during selfing. Contrary, if a cluster is composed of alternating segments but does not bear any
local similarity with its cousins it probably did not originate during selfing.

There are 19 (3.5%) cases of a cluster shared between cousins (i.e. the cluster arose before
selfing), and 196 (36.6%) cases of unique clusters, (i.e. it arose during selfing, but a cousin exists
with the same sequence context and without the cluster). In 271 (50.5%) of clusters the origin
could not be determined, either because no cousin was available or because the sequence context
was different. The remaining 50 (9.3%) clusters were each present in more than 3 MAGIC lines so
they are artifactual (because of rearrangements or introgression). These data suggest that clusters
more often occur during selfing, rather than intercrossing, and are usually unique in a single MAGIC

lineage.
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5.6 Validation of cluster breakpoints

As discussed in Chapter @ mapping short reads to a reference genome can cause problems with
variant calling near repeats or where the sequenced focal genome is diverged from the reference. For
example, reads originating from a translocated genomic segment will align to the incorrect location
in the reference, possibly causing false recombination breakpoints and apparent heterozygosity [132].
I investigated whether cluster breakpoints are genuine recombinants or computational artifacts due

to:

i. Introgression of other Arabidopsis genomes, during crossing of the population. If genetic mate-
rial of a random Arabidopsis accession was present in MAGIC genomes and was reconstructed
in terms of the 19 founders it would produce a very dense mosaic showing its relatedness to

the other 19 founders.

ii. Structural variants. Over a translocation, reads from the transposed segment would be mis-
aligned to the position of the reference causing apparent heterozygosity and introducing errors

in variant calling [132].

iii. Heterozygosity, representing either genuine heterozygosity or genome duplication, which would

also introduce errors in variant calling.

To test these alternatives, I used higher coverage sequence data (12x) for nine lines containing
clusters, listed in Table sufficient to call the great majority of variants in each genome. I
then interrogated the high-coverage genomes for evidence that cluster breakpoints differed from
non-cluster breakpoints or from randomly-chosen loci. The majority of each genome is free from
clusters and therefore serves as an internal control. Therefore, all quality metrics were evaluated
in the 1,132 cluster-breakpoint regions from the 9 MAGIC lines sequenced at high coverage, and
compared with 420 non-cluster breakpoint regions and 900 randomly selected regions, 100 from
each line. Each metric was evaluated in fixed-size windows around each region; window size varied
between metrics, in order to obtain sufficient statistical power. I estimated a normality range for

every metric and identified regions in each class that were abnormal with respect to that range.
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Line Total breakpoints | Cluster breakpoints | Clusters
MAGIC.105 | 282 244 9
MAGIC.149 | 154 91 10
MAGIC.175 | 94 49 6
MAGIC.287 | 120 73 6
MAGIC.329 | 183 121 7
MAGIC.338 | 132 104 10
MAGIC.426 | 156 103 6
MAGIC.433 | 220 168 8
MAGIC.446 | 211 179 8

Table 5.2: Mosaic breakpoint statistics of the 9 MAGIC lines resequenced at 12 — 13x coverage.
Shown are the total numbers of breakpoints, the numbers of cluster breakpoints and the numbers
of clusters.

I performed Fisher’s Exact Tests (FET) for each line, comparing the number of abnormal regions
among cluster breakpoint regions against non-cluster breakpoint regions and random regions.
I also used de novo assemblies and capillary sequencing to confirm breakpoints as well as

independent SNP genotypes to confirm the accuracy of the genome mosaics away from breakpoints.

5.6.1 Introgression

I first tested whether introgression by A. thaliana accessions other than the 19 parents had occurred.
This was unlikely a priori as no other accessions were grown in the same greenhouse during the
construction of the MAGIC lines. Nonetheless, I searched for novel SNPs absent from the catalogue
of variants segregating in the founders [36].

I called SNP sites in the 9 high-coverage MAGIC lines using Samtools [74]. On average 48,020
novel sites per line were called, i.e. 1.7% of the total called per line, while the remaining 98.3%
were already in the catalogue of sequence variants. 55.13% of novel calls were within known copy
number variants from [36] and were discarded; therefore only 0.94% of the SNP calls in the nine

high-coverage genomes were classified as novel. Novel SNPs in regions of interest were counted
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in windows of 10kb. A region was considered normal if the number of novel SNPs was less than
N, + 3Nigr, where N, is the median number of novel SNPs in a 10kb window throughout each
genome, and Nrggr is the interquartile range. To compare counts of novel SNPs near cluster
breakpoints with non-cluster breakpoints and random regions (that did not contain breakpoints) I

used a FET for the following null hypotheses:

Hypothesis 1a: The fraction of regions with an excess of novel SNPs is the same around cluster

breakpoints and non-cluster breakpoints.

Hypothesis 1b: The fraction of regions with an excess of novel SNPs is the same around cluster

breakpoints and random regions.

Genome-wide, the novel SNPs were evenly distributed between cluster and non-cluster regions
(Table Figure . Cluster breakpoints versus random regions differed significantly in two of
the nine lines. This is probably due to the elevated mutation rates observed near recombination
events [43] and, given the very low absolute numbers of novel SNPs, does not support introgression.
Therefore, the novel SNPs observed are most likely due to the longer read lengths in the resequenced
data (100bp compared to 32bp and 51 bp used in [36]) making more of the genome accessible to
variant calling.

In addition, I made a pileup [74] of all the reads in the 476 low-coverage genomes, and called
SNPs de novo. 3,388,770 variant sites were detected, 89.46% of which were present in the catalogue
of variants [36], while 10.54% were novel. About a quarter of these novel SNPs (26.93%) were rare
with Minor Allele Frequency (MAF) < 3% and were filtered out, as they probably correspond to
individual sequencing errors. The distribution of novel SNPs across the genome is shown in Figure

the majority (82%) are inside or within 1Mb of a centromere.
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5.6.2 Rearrangements because of structural variants

To search for structural variants, I used de novo assemblies [84] of the nine high-coverage genomes
and mapped the resulting contigs to the reference. High-coverage genomes were reassembled using
IMR/DENOM [36] (http://mus.well.ox.ac.uk/19genomes), and contigs were aligned to the reference
using BLAT [59]. T identified contigs that mapped contiguously over cluster breakpoints. The
contigs were too long to align to the reference using Stampy [83] that I used for short read alignment.
BLAT and Stampy do not call variants consistently, because of different treatment of structural
variants and repeats, so in order to make consistent variant calls, I extracted two 300bp sequences
from each contig, flanking each breakpoint. Using Stampy and Samtools mpileup [74] I realigned
the 300bp sequences to the reference using Stampy and called variants which I compared to the
short-read data. A contig supports a breakpoint if it spans it and is long enough to both cover
and confirm diagnostic SNPs for the two flanking haplotypes. Since only 8.32% of contigs were
longer than the median distance of 950bp between diagnostic SNPs, one should expect to be able
to validate a similarly small fraction of breakpoints. In fact, a higher fraction (169 out of 1132
(14.93%)) of cluster breakpoints in the nine lines were confirmed by a contig.

I also identified de novo contigs that did not map contiguously to the reference, but instead
split across two multiple locations, providing evidence for rearrangements. I ignored contigs that
mapped within transposons and repeat regions, and contigs that could be mapped to loci with
distance lower to 50kb, as they were probably split because of indels. A breakpoint was deemed
anomalous if a split de novo contig mapped to within 10kb of it.

High read coverage may also indicate presence of structural variants, such as duplications. Read
coverage in cluster, non-cluster breakpoints and random controls was measured in 2kb windows.
The read coverage of a region was considered normal if it was within [C), +1.5Cgg], with C}, being
the median coverage of the genome, and Cigg the interquartile range.

Similarly, improperly-paired paired-end reads spanning breakpoints (i.e. aligned to the same
strand, unpaired, or the incorrect distance apart) indicate potential structural variants. I computed
the fraction of properly-paired reads in 1kb windows. A read was called properly-paired if it had a

pair mapping to the same chromosome, and the insert size is less than R, +3R;gr, with R, being
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the median insert size of all reads in the genome (typically about 220bp). A region was considered
normal if the fraction of properly-paired read pairs exceeded 90%. Strand error was defined as the
fraction of read pairs mapping to the same strand in a 1kb window.

To assess presence of rearrangements near cluster breakpoints, I performed FET testing the

following null hypotheses for each high coverage genome:

Hypothesis 2a: The fraction of regions with read coverage outside the range [C}, = 1.5CqR] is

the same in cluster breakpoints and non-cluster breakpoints.

Hypothesis 2b: The fraction of regions with read coverage outside the range [C, = 1.5CqR] is

the same in cluster breakpoints and random controls.

Hypothesis 3a: The fraction of regions with less than 90% properly-paired read pairs is the

same in cluster breakpoints and non-cluster breakpoints.

Hypothesis 3b: The fraction of regions with less than 90% properly-paired read pairs is the

same in cluster breakpoints and random controls.

Hypothesis 4a: The fraction of regions with more than 10% read pairs mapped to the same

strand is the same in cluster breakpoints and non-cluster breakpoints.

Hypothesis 4b: The fraction of regions with more than 10% read pairs mapped to the same

strand is the same in cluster breakpoints and random controls.

Hypothesis 5a: The fraction of regions with a split de novo contig within 10kb is the same in

cluster breakpoints and non-cluster breakpoints.

Hypothesis 5b: The fraction of regions with a split de novo contig within 10kb is the same in

cluster breakpoints and random controls.

There is evidence for structural rearrangements in 206 (18.9%) of the cluster breakpoints, based
on anomalies in the fraction of properly-paired paired-end reads, the read strand error, or the
presence of split de novo contigs. This was not significantly different from non-cluster breakpoints

but was significantly different from control regions (Tables Figure|5.13)). From this analysis
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I identified 377 potential structural variants that might explain a small number of clusters in the
nine high-coverage genomes. Only 89 cluster breakpoints (7.86%) were anomalous with respect to
high read coverage, a similar rate to that observed in non-cluster breakpoint regions and random
loci (Tables [.4).

To check further if translocations in the founders might explain any of the clusters, I searched
for segments that recurred in the low-coverage mosaics because they might be signatures of translo-
cations. I found 2,573 segments (12% of 21,326) that were each repeated in at least 10 MAGIC
lines with the same predicted founder, and whose start and end coordinates were the same to
within 10kb. A translocation private to one of the 19 founders would be present in % = 25 lines
on average. These represent 152 unique events and 1,731 (67%) of them are in clusters.

This analysis of rearrangements preceded, and initially motivated the structural variation map-
ping in Chapter 4l In particular, to test whether these recurrent mosaic segments were related to
translocations, I constructed binary traits for each of the 152 unique events, indicating whether
each sample carried a segment. I mapped the traits using the genome scan presented in Section
All these traits (regardless of association with translocations) are expected to have a narrow QTL
overlapping the tested segment, as all lines with a positive trait value have the same haplotype at
that locus. A trait was classified as associated with translocations if the mapping rendered a region
larger than 1Mb in which all loci inside it were associated with the trait at log P > 10. In total, 39
traits had a cis (peak within 2Mb from the shared segment) and 14 had a trans QTL and so may
correspond to SVs. These correspond to 491 (2.3%) mosaic segments An example of a trans QTL
mapped in this way is shown in Figure |5.9

All shared segments with a QTL also overlap with the sources of SV QTLs mapped with
anomalous reads from Chapter[d] However, presence of translocations does not consistently generate
false short mosaic segments, so mapping shared segments as traits can reveal a small number of
SVs, but is not suitable for full mapping of SV QTLs. For example, from PCR validation we know
that the translocation and inversion of Figure is present in 12 founders, so the majority of
the MAGIC lines should carry it. Nevertheless, only 23 carry an associated short segment whose

haplotype is Ler-0 and whose genetic background at the sink is either Ler-0 or No-0 (which are
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Figure 5.9: Genetic mapping of a recurrent mosaic segment, possibly caused by a structural variant.
The segment is at chromosome 1, 6.009Mb and its founder haplotype is Can-0. 11 lines carry the
segment, 8 of which in a cluster. The top panel of the figure shows results of genetic mapping of a
binary trait, which was one in the 11 lines carrying the segment and zero in the rest. The x-axis
shows genomic position, the y-axis genome-wide log P of each locus and the red vertical line marks
the position of the segment. The bottom panel shows the (stacked) mosaic haplotypes for the 11
lines carrying the segment. A single haplotype is driving the QTL (Can-0, colour-coded in pink).

among the 12 founders carrying the rearrangement). Therefore mapping recurring short haplotype
segments can only reveal a small subset of the SVs that segregate in MAGIC.

Returning to the analysis of recombination breakpoint clusters, this analysis showed that overall
the fraction of breakpoints (cluster or non-cluster) that could be explained as recurrent transloca-
tions or SVs is small (2.3%). Thus, although rearrangements seem to affect the mosaics to some

extent, they cannot explain the great majority of cluster breakpoints.

5.6.3 Validation by Sanger Sequencing

To further validate cluster breakpoints, I designed PCR primers and obtained capillary sequence
data at 29 predicted cluster breakpoints, from two of the nine high-coverage genomes MAGIC.287,

MAGIC.446. Regions for capillary sequencing were selected based on the following criteria:

1. the breakpoint interval (i.e. the interval between two diagnostic SNPs for each founder hap-
lotype flanking the breakpoint) was smaller than 1kb, and therefore could be sequenced by a

capillary read, and
2. a specific pair of primer sequences was available

The 26 out of 29 breakpoints selected for validation appeared in two clusters: the first cluster
on the right arm of chromosome 3 of line MAGIC.287, covering the region from 18.97 - 22.81Mb

and containing 36 breakpoints, 14 of which could be sequenced with respect to the above criteria,
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and the second on the left arm of chromosome 3 of line MAGIC.446, spanning the region from 0.98
7.36Mb and containing 49 breakpoints, 12 of which could be sequenced. We also sequenced and
genotyped 3 more cluster breakpoints, coming from different clusters in chromosomes 4 and 5 of
MAGIC.446.

The selected regions and the primer sequences can be found in Appendix[F] Table[F.1] Isearched

for specific primer pairs flanking each cluster breakpoint using Primer3 [110], with parameters:

e Product size ranging between 500 and 1000bp

Melting temperature between 55 and 65°C

Minimum primer size 20bp

GC content between 40 and 60%

Local self-complimentarity score (indicating the tendency of the primer to anneal to itself or

form secondary structure) of 6 (PRIMER_-MAX_SELF_ANY).

e Maximum self-complimentarity score of the 3 primer (a measure of its tendency to form a

primer-dimer with itself) of 1 (PRIMER_.MAX_SELF_ANY).

I then tested the primer specificity by aligning the primers obtained by Primer3 to the ref-
erence genome, using BLAT [59]. Only pairs with a single alignment were selected. PCR re-
actions and sequencing was performed by the Max Planck-Genome-Centre Cologne, Germany
(http://mpge.mpipz.mpg.de/home/) using myBudget Polymerase (BioBudget) and standard PCR
conditions with 55°C annealing temperature and 2.30 minutes extension time. All PCR products
were sequenced from both ends and sequence data were automatically assembled by using DNAStar
Seqman version 10.0.1 (LASERGENE), and manually edited.

The reads obtained from both ends were assembled into contigs. I then analysed the contigs as

follows:

1. To test the presence of genomic rearrangements, I aligned the contigs to the reference genome

and found that 26 spanned the corresponding breakpoint.
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2. I genotyped the contigs at informative sites within them, in particular at sites where the
predicted haplotypes flanking the breakpoints were different and found that in 25 of them
the capillary sequence variants were identical to the ones predicted by the high-coverage

short-read sequence data.

3. I tested the primer products for heterozygosity, by manually checking in the sequence trace

files for overlaying signals.

Overlapping forward and reverse strand capillary reads were assembled into contigs 500—1000bp
long. In 27 out of 29 cases, the PCR products could be sequenced, and in 26 cases mapped to the
correct locus in the reference, thereby indicating that structural rearrangement had not occurred
at these breakpoints. Of these, all contained at least one sequence variant on each side of the
breakpoint, diagnostic of the two haplotypes, and in 25 of them the capillary data are identical with
the sequence data, thereby verifying the junctions and the flanking genotypes (e.g. in Appendix
Table row 1 confirms a transition from founder Oy-0 to Wil-2). I found no evidence of
heterozygosity, with the exception of some ambiguous nucleotides in 3 capillary reads. In two
of them the ambiguities were within the 5 first bases of a read, therefore they were most likely
sequencing errors, while in the other the ambiguities did not affect variant sites. Figure shows
the twelve breakpoints in a cluster in the right arm of chromosome 3 in MAGIC.287 and Figure
[E.dk shows eleven in a cluster in the left arm of chromosome 3 in MAGIC.446.

Overall, PCR and capillary sequencing confirmed 12 out of 14 breakpoints from the first cluster
and 11 out of 12 breakpoints from the second. Taken together with the 169 cluster breakpoints
confirmed by de-novo assembly (see Section , this analysis suggests the majority of predicted

cluster breakpoints are both contiguous and have the expected flanking haplotypes.

5.6.4 Heterozygosity
Residual heterozygosity in the MAGIC lines

To test for residual heterozygosity in the MAGIC lines, I made a read pileup for each high-coverage

genome at known SNP sites using Samtools [74], masking out sites not having exactly two alleles,
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Line Heterozygosity

MAGIC.105 | 1.10%

MAGIC.149 | 13.17%

MAGIC.175 | 1.50%

MAGIC.287 | 1.57%

MAGIC.329 | 13.86%

MAGIC.338 | 1.39%

MAGIC.426 | 11.44%

MAGIC.433 | 15.34%

MAGIC.446 | 0.75%

Table 5.3: Heterozygosity levels, defined as the fraction of known SNPs in each genome that were
called heterozygous, for the 9 high-coverage genomes.

or within transposons or known repeats. A site was considered heterozygous if it was covered by n
reads, of which r were for the minor allele, and the probability that the number of minor alleles was
r or fewer exceeded 0.1, under the assumption that r followed a binomial distribution B(n,0.5).
This definition avoids calling false heterozygotes where the read coverage is low. Heterozygosity
within a region was defined as the fraction of known variant sites that were called as heterozygotes.

Heterozygosity was low throughout the genome (1.27% heterozygous sites on average) in five
of the nine lines sequenced at high coverage, and therefore could be excluded as a cause of the

clusters in these lines. 13.70% of loci in the remaining four lines were heterozygous (Table [5.3)).

Figures [5.10], [5.11] and [5.12] illustrate heterozygosity levels and cluster locations across 3 of the 9

high-coverage genomes.
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Figure 5.10: Distribution of heterozygosity and cluster location across MAGIC.329 sequenced at 12x
coverage. The x-axis is the genomic position in Mb, and the y-axis the percentage of heterozygous
sites computed in bins of 100kb along each chromosome. The pink rectangles mark the regions in
which clusters are observed.
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Figure 5.11: Distribution of heterozygosity and cluster location across MAGIC.287 sequenced at
12x coverage. The figure can be interpreted as Figure [5.10}
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Figure 5.12: Distribution of heterozygosity and cluster location across MAGIC.446 sequenced at
12x coverage. The figure can be interpreted as Figure [5.10}



To test if there are significant differences in heterozygosity levels near cluster breakpoints in
comparison to non-cluster breakpoints and random regions, I computed the fraction of heterozygous
SNPs detected in 10kb windows around cluster, non-cluster breakpoints and random regions. The
distributions across the three classes of regions can be seen in Figure p.13h. For each genome, we

performed two FETSs with null hypotheses:

Hypothesis 6a: The fraction of regions with over 10% heterozygous sites in a 10kb window

around cluster breakpoints is equal or lower than that of non-cluster breakpoint regions.

Hypothesis 6b: The fraction of regions with over 10% heterozygous sites in a 10kb window

around cluster breakpoints is equal or lower than that of random regions.

The p-values of the FETs for each line are shown in Tables and In eight out of
nine lines heterozygosity around cluster breakpoints was not significantly different from non cluster
breakpoints or random loci. Overall, heterozygosity at only 7.6% of cluster breakpoints differed sig-
nificantly from random control or non-cluster breakpoint regions. Furthermore, capillary sequence
data collected in two lines around 29 breakpoints (described in Section , showed no heterozy-
gosity in variant sites. However, 4 out of 9 lines have unexpectedly high levels of heterozygosit.
The clusters in these lines mostly involve two oscillating founder states (similar to the clusters in
Figure ) Indeed, these 4 lines were among the 8 highly heterozygous lines reported in Section
3.6.2) which were reconstructed as largely heterozygous by the diploid reconstruction algorithm.
Over heterozygous regions the haploid algorithm encounters alleles corresponding to two different
haplotypes, and reconstructs a mosaic with frequent oscillations between the two haplotype states.
Reconstructing the low-coverage mosaics using the diploid algorithm led to the disappearance of
284 (52.9%) clusters, which were reconstructed as heterozygous states. We conclude that there is
evidence of residual heterozygosity in some of MAGIC lines and that it is the cause of half of the

clusters.
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FET p-value in cluster vs non-cluster breakpoints
MAGIC N (Hla) | C(H2a) | PP (H3a) | S(H4a) | SC (Hb5a) | H (H 6a)
MAGIC.105

0.148(42) | 0.634(14) | 0.32(8) 0.703(23) | 0.242(10) 0.32(8)
244 | 38
MAGIC.149

0.165(8) 0.644(7) 0.221(9) 0.39(10) 0.668(8) 0.36(67)
91 | 63
MAGIC.175

1(0) 0.15(3) 0.192(6) 0.195(9) 0.907(2) 0.057(9)
49 | 45
MAGIC.287

0.939(1) 1(0) 0.448(5) 0.91(8) 0.75(5) 0.44(5)
73 | 47
MAGIC.329

0.465(8) 0.55(28) 0.04(8) 0.052(18) | 0.011(16) | 0.84(72)
121 | 62
MAGIC.338

0.658(11) | 0.412(8) 0.93(3) 0.47(11) 0.199(7) 0.93(3)
104 | 28
MAGIC.426

0.234(9) 0.885(1) 0.372(7) 0.109(12) | 0.561(5) 0.19(77)
103 | 53
MAGIC.433

0.152(17) | 0.265(5) 0.747(16) 0.041(30) | 0.518(12) 0.77(108)
168 | 52
MAGIC.446

0.814(12) | 1(0) 0.544(9) 0.905(16) | 0.445(5) 1(0)
179 | 32

Table 5.4: P-values of one-sided Fisher exact tests (FET) comparing cluster breakpoints with
non-cluster breakpoints for six quality metrics. P-values < 0.1 are in bold. In parentheses, the
number of abnormal cluster breakpoints for each test. Below each MAGIC id the total number of
cluster breakpoints and non-cluster breakpoints for each line is shown. N - number of novel SNPs
(Hypothesis 1a), C - median coverage (Hypothesis 2a), PP - % of properly paired reads (Hypothesis
3a), S - % of strand errors (Hypothesis 4a), SC - split contigs (Hypothesis 5a), H - heterozygosity

(Hypothesis 6a).




FET p-value in cluster vs random
MAGIC NHI1b) | CH2b) | PP (H3b) | S(H4b) | SC (H5b) | H (H 6b)
MAGIC.105

0.009(42) | 0.121(14) | 0.599(8) 0.004(23) | 0.548(10) 0.59(8)
244 | 100
MAGIC.149

0.248(8) 0.632(7) 0.027(9) 0.074(10) | 0.059(8) 0.11(67)
91 | 100
MAGIC.175

1(0) 0.809(3) 0.002(6) 0.005(9) | 0.133(2) 0.12(9)
49 | 100
MAGIC.287

0.888(1) 1(0) 0.433(5) 0.21(8) 0.068(5) 0.43(5)
73 | 100
MAGIC.329

0.041(8) | 0.989(28) | 0.648(8) 0.074(18) | 0.256(16) 0.18(72)
121 | 62
MAGIC.338

0.133(11) | 0.993(8) 0.917(3) 0.133(11) | 0.584(7) 0.86(3)
104 | 100
MAGIC.426

0.157(9) 0.758(1) 0.105(7) 0.052(12) | 0.412(5) 0.0006(77
103 | 100
MAGIC.433

0.126(17) | 0.978(5) 0.242(16) 0.004(30) | 0.254(12) 0.405(102)
168 | 100
MAGIC.446

0.471(12) | 1(0) 0.192(9) 0.192(16) | 0.871(5) 1(0)
179 | 100

Table 5.5: P-values of one-sided Fishers exact tests comparing cluster breakpoint regions with
random regions for all 6 quality control checks (see Table for description). The total number
of cluster breakpoints and the number of random regions considered for each line are shown below
the MAGIC ids.
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Figure 5.13: Characteristics of 1132 cluster breakpoints (salmon), 420 classical non-cluster break-
points (green), and 900 randomly chosen control regions (blue) with respect to quality control
metrics, in nine MAGIC genomes sequenced at high coverage (15x). Shown are box and whisker
plots for (a) heterozygosity in a 10 kb window around each breakpoint, (b) number of novel SNPs
in a 10kb window, (¢) median read coverage in a 2kb window, (d) percentage of properly paired
reads (correct insert size and both reads present) either flanking or within 1kb of breakpoint, (e)
percentage of read pairs mapping in error to same strand instead of opposite strands, (f) distance
of breakpoint to nearest candidate structural variant, based on de novo contigs mapping to split
regions in the reference.
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Heterozygosity in the 19 founders

Undetected heterozygosity in the 19 founders could be another source of the clusters, as that would
introduce extra unknown haplotypes. Reconstructing an unknown haplotype in terms of the 19
would have the appearance of a dense cluster, with breakpoints corresponding ancient recombinants.
The introgression analysis in [5.6.1] would have covered this possibility only if there were untyped
variants in the original 19 founders. However, it could also be possible that the set of SNPs in the
19 founders was complete, yet heterozygous alleles were underestimated.

To test this, I re-called SNPs at the same sites using GATK [89]. Heterozygosity levels in the
19 founders estimated by GATK were very different than those estimated by IMR/DENOM, as
explained in Section I reconstructed the genome mosaics again using the new set of alleles. In
total, 166 (30.9%) of clusters were not in the revised mosaics: many of the clusters are replaced by a
Po-0 haplotype (Figure , indicating that some clusters were signatures to the of the second Po-
0 haplotype. This partially explains the shared haplotype segments across multiple lines, although
because of sequencing at low coverage the clusters did not overall look identical. This also explains

similar clusters shared between multiple (over 3) lines, described in Section

5.6.5 Revised clusters

Excluding clusters over regions with residual heterozygosity (identified by the diploid reconstruc-

tion algorithm), in total there are 86 clusters, affecting 60 lines. The mean size of these clusters is

MAGIC.101 —chrl

0 5 10 15 20 25 30

m B
0 5 10 15 20 25 30

Figure 5.14: Mosaics of chromosome 1 from MAGIC.101 with the original (IMR/DENOM) set of
sequence variants (top panel) and with the revised (GATK) set. The purple haplotype which has
replaced the clusters in the bottom genome is Po-0. Other dense breakpoints (such as the one at
~ 11Mb) are also absent from the revised mosaic.
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Figure 5.15: Clusters present in the GATK mosaics with shared haplotype signatures. Part of the
haplotypes comprising the clusters are shared between lines. 12 lines in total have a similar cluster
in the same region, only 5 are shown here.

1.03Mb, each cluster comprising 7 breakpoints on average. However, 49 (56.9%) of these remaining
clusters have haplotype signatures that are similar to more than 5 lines. These clusters are con-
centrated around three genomic regions, namely Chrl : 4.2 — 10.1Mb, Chr4 : 13.8 — 18.9Mb and
Chrb : 17.6 — 23.2Mb. An example of such clusters is illustrated in Figure [5.15] Such identical
signatures are unlikely to be caused by recombination and we have also ruled out introgression or
presence of additional haplotypes in the 19 founders. Extensive rearrangements could be a potential
cause, although the size of these events is too large to explain solely by rearrangement. Excluding
these shared clusters, the mosaics are left with 37 clusters which are unique, found in 36 lines.
Their average size is 0.8Mb and they may be recombination-related in the sense that they have

passed all validation tests.
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5.7 Discussion

This chapter presented the analysis and validation of the MAGIC genomic mosaics. Our main goal
was to use the mosaics in order to analyse recombination in the population, however obtaining
accurate mosaics would be essential for genomic analysis using low-coverage populations. In a
very large part of the population the mosaics greatly differed to what was originally expected, as
280 (58.8%) genomes appeared having a much higher number of recombination breakpoints than
expected given the breeding generations, which also tended to form clusters in specific positions.
Although unexpected, clusters could be consistent with evidence from other studies on recombina-
tion in A. thaliana, so we did not immediately dismiss them as artefacts. Firstly, the existence of
some clusters in recombinant inbred lines is to be expected, simply because visible recombinants
can only accumulate in the few remaining regions of heterozygosity [13]. Secondly, non-interfering
crossovers in a single meiosis have been reported in male meiosis in A. thaliana [§] and reduction
in crossover interference would be expected in order to generate a cluster at a single event. Fur-
thermore, gene conversion has been suggested as a major cause of recombination in A. thaliana,
with multiple gene conversions concentrated around the centromeres [138].

However, after detailed data analysis, in which we considered a large catalogue of sources of arte-
factuality, we discovered that the majority of clusters can be explained by residual heterozygosity in
some of the MAGIC lines and by undetected heterozygosity in the 19 founders. A smaller fraction
was caused by structural variants. There is a small number of clusters left in the final mosaics
which may be recombination-related and would be interesting to investigate further. Although
these clusters have survived extensive attempts to eliminate them they may still be artifactual,
but they could potentially be caused by recombination or by some other interesting phenomenon.
An approach to investigate this in the future would be to sequence these clusters with very high
coverage and use de novo assembly to form large contigs that accurately capture the region. An
alternative and, perhaps, superior approach to this would be to use novel next-generation sequenc-
ing technologies that produce very long reads, such as Oxford Nanopore MINION [54] or PAC-Bio
sequencing [19]. The main questions to ask then would be whether the genotype of these regions

confirms the mosaic predictions and whether there are extensive structural variants (possibly de
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novo) over the regions.

Finally, despite the fact that the reconstruction algorithm was able to accurately reconstruct
simulated genetic mosaics with virtually no error, even in the presence of 1% purposefully-inserted
allele errors (Chapter |3), real data were considerably more complex, In this particular case, the
quality of the mosaics was affected by a combination of complex genetic features (structural variants
and rearrangements) and technical errors (assumptions about the expected levels of heterozygosity,
lines that had selfed for fewer generations than expected). Eventually, after careful data analysis
we were able to clear the data of errors and produce reliable mosaics. The next chapter gives
a detailed account on the final mosaics and describes the recombination hotspot analysis of the

MAGIC lines.
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Chapter 6

Recombination hotspot analysis of the

MAGIC lines

This chapter presents the MAGIC mosaics after revising the SNP calls in the founder accessions,
as described in Chapters 3] and [5} I compute recombination rates in each of the five chromosomes
and discuss identification of hotspots. I also compare the hotspots estimated in MAGIC with the
A. thaliana genetic map, estimated by two independent studies using linkage disequilibrium in

accessions [50, 23].

6.1 Recombination hotspots

As we saw in Section each MAGIC line had on average 29 recombination breakpoints and
there were 14, 260 recombination breakpoints. Assuming that each mosaic breakpoint represents a
recombination event, I computed the average recombination rate p of each chromosome, defined as
number of breakpoints per kilobase (Table .

To identify recombination hotspots, I divided the genome into 1kb bins and counted the total
number of breakpoints within each one. I then amagalmated bins containing breakpoints using a
recursion based on the Smith-Waterman (SW) algorithm, similar to the one used to define cluster
breakpoints in Chapter [5] Algorithm [3] This approach maximises the number of breakpoints that

are in close proximity and also determines hotspot size dynamically. The algorithm scored each
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Chr Size (bp) Total recombinants | p (breakpoints/kb)
1 30,427,671 | 3,508 0.1153
2 19,698,289 | 2,009 0.1019
3 23,459,830 | 2,330 0.0993
4 18,585,056 | 2,880 0.1549
5 26,975,502 | 3,533 0.1309
Genome | 119,146, 348 | 14,260 0.1196

Table 6.1: Numbers of recombination breakpoints and estimated recombination rates p per chro-
mosome.

bin by the number of breakpoints it contained. Bins with no breakpoints were given a negative
score. Each iterative application of the recursion returned the maximum scoring island of bins,
i.e. a potential hotspot. After each iteration the maximum-scoring island was given a negative
score, until all positive-scoring islands were detected. The algorithm and the parameters used are
summarised in Algorithm

From this algorithm I obtained regions with a positive number of recombination breakpoints.
To determine which were statistically significant given their size and the number of breakpoints
they contained I used the binomial distribution Bin to compute the probability of observing an
equal or higher recombination rate within a region of the same size given the recombination rate of
the corresponding chromosome. Thus, for a segment i if [; the length of the segment, a; the total
number of recombination breakpoints in it and p the expected chromosomal recombination rate
(recombinants/kb) the p-value of the segment was given by Pgj,(n > a;) for the binomial distri-
bution with parameters Bin(l, p), where [ the length of the segment in kb. I adjusted the p-values
using the Benjamini-Hochberg adjustment [10], thus by ranking all the p-values Py, Py - - Py
and computed the g-values: Q) = F;)%. I selected as recombination hotspots all regions that
had g-values at FDR< 0.01. In total, I identified 448 hotspots, of average width 4.40kb and with
average recombination rate 2.16 recombinants/kb. In total 3,476 breakpoints (24.38%) were within
these hotspots. Figure displays the genome-wide distribution of recombinants in MAGIC and

the recombination hotspots and Figure |6.2| shows the distribution of recombination hotspot lengths.
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Data: N - total number of bins in the genome
a; - number of recombination breakpoints in i-th bin

Initialisation:

a; if a; >0

X(i) =
—1 otherwise
S(0)=0
B(0)=0
Recursion:
S(i—1)4+ X (i), if S(E)+X(@#E) >0
S(i) =
0, otherwise
B(i—1),if S(i) >0
B(i) =

i, otherwise

Algorithm 4: The Smith-Waterman type recursion used to dynamically determine hotspot

size.
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Figure 6.1: Distribution of genome-wide recombination rates and hotspot positions. The x-axis
shows genomic position in Mb and the y-axis recombination rates (p). Bars are 1kb genomic region
and their heights show the total number of recombinants they contain. Red dots show hotspot
positions. Dark grey areas mark centromeres.
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Figure 6.2: Distribution of hotspot sizes in kb.

6.2 Comparison of hotspots with the A. thaliana genetic map

Recombination hotspots were compared to two independent coalescent-based studies of recombina-
tion for natural accessions of A. thaliana from ancestral recombination data, which both estimated
hotspot locations [50} 23]. The genetic map from [50] was based on 1,307 worldwide accessions,
including samples with highly differentiated A. thaliana genomic regions, that were genotyped at
250k sites. Recombination rates in that study were estimated by computing linkage disequilibrium
(LD) within regions of 2.5k SNPs and 2,809 hotspots were reported with p > 3 recombinants/kb.
In [23], the genetic map was inferred from 80 Eurasian accessions genotyped at over 2M SNPs,
again using genome-wide linkage and 8,448 hotspots were identified.

To test the overlap of hotspots identified in MAGIC with the published hotspots, I computed
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the recombination rates estimated by each of the two studies on the midpoints of the MAGIC
hotspots and whether these midpoints were within reported hotspots. I assessed overlap using the

following three tests:

1. Binomial tests with MAGIC hotspots as targets and random regions of the same size as
controls. The null hypothesis was that the number of MAGIC hotspots that were also in the
list of hotspots of each of the two independent studies is the same as the number that would
have occurred by chance. I estimated the expected overlap with random locations using 100
random samples without replacement, each of the same length as the MAGIC hotspots. 1
found that 277 (61.8%) MAGIC hotspots overlap with those from [50] (Binomial Test (BT)
p-value < 1071%) and 427 (87.5%) overlap with those from 29 (BT p-value < 107'7). A Venn

diagram showing overlap across the three studies is in Figure [6.3

2. Students t-tests of the null hypothesis that the mean recombination rates in the two studies
are the same in MAGIC hotspots and random regions. I found that recombination rates
estimated by [50} 23] at the 448 MAGIC hotspots are significantly elevated compared to the
rest of the genome (T-test p-values < 1075, 10719, respectively). Therefore, recombination
rate estimated on the MAGIC hotspots by the independent studies is elevated compared to

random.

3. Correlation of the hotspot recombination rates estimated in MAGIC and the recombination
rates of the same hotspots estimated by the two independent studies. I report no correlation;
the correlation coefficient in the comparison with [50] was —0.07 (one-sided p-value < 0.93)

and with [23] was —0.06 (one-sided p-value < 0.89).

Therefore, the MAGIC hotspots are reasonably consistent with the A. thaliana genetic map,
as they significantly overlap with the two independent studies but there is variation in hotspot

recombination rates.
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Figure 6.3: Venn diagram showing overlap of MAGIC hotspots with hotspots estimated by 2
independent LD-based studies [50), 23]

6.3 Conclusion

The MAGIC genome mosaics can be used for recombination hotspot inference. Recombination
events were predicted from mosaic breakpoints, mapped with high precision to within 2.5kb, and
were then used to compute chromosomal recombination rates and identify recombination hotspots.
In total I detected 448 hotspots and compared them to the A. thaliana genetic map, described by
two independent LD-based studies [50] 23].

Overall, the MAGIC hotspots are consistent with the known recombination landscape of A. thaliana.
There was high overlap of hotspots estimated in MAGIC with the genetic map as 89.1% of MAGIC
hotspots overlap with at least one study. Therefore, the genome mosaics can be used as a reliable
alternative to the genetic map.

I observed variation in the recombination rates of hotspots between studies, as recombination
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rates estimated on the MAGIC hotspots by the independent studies did not correlate with the
rate estimated from the mosaics. In contrast, recombination rates on overlapping hotspots were
highly correlated between the two LD-based studies (r = 0.29, P< 10719). This lack of correlation
of recombination rates in MAGIC might be related to the different study design. Decay in link-
age disequilibrium observed in naturally-occurring populations sometimes corresponds to ancient
recombinants shared by a large fraction of genomes, so some hotspots may be inactive at present
or have reduced activity. In contrast, recombinants inferred in MAGIC are recent and so MAGIC
hotspots probably indicate presently active loci.

No functional sequencing motif has yet been proposed for recombination in A. thaliana, the
most highly associated motif reported being a poly-A [50]. Discovering a functional motif would
help understand the mechanism of recombination in A. thaliana, and since MAGIC hotspots are
active, they comprise a suitable dataset. Using the MAGIC hotspots to search for enriched sequence

motifs would therefore be a useful next step.
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Chapter 7

Genetic mapping of loci associated
with endosymbionts using unmapped

host sequencing reads

Bacterial and viral endosymbionts live inside and on the surface of the cells of other organisms.
Many are essential to the survival of the host organism, such as rhizobia, which are nitrogen-fixing
bacteria involved in the formation of root systems [29], while others are pathogenic. Response to
endosymbionts differs between ecotypes [125] and probably has a genetic component. I noticed that
unmapped reads from the MAGIC sequence data sometimes align to the genomes of endosymbionts
and might correspond to organisms hosted in the genomes of the sequenced plants. This chapter
explains this observation.

Using unmapped reads I quantified presence of specific endosymbionts in the genomes of the
MAGIC lines using number of reads mapped to the 16S rRNA of each organism. I compared these
read mapping levels in 9 MAGIC lines that were sequenced at both high and low coverage (from
Chapter [5) and observed high correlation between high and low-coverage counts. Consequently,
low-coverage data can be used to study variation in endosymbiont levels. I scanned the genome for
endosymbiont levels for 24 organisms and found marginally significant genome-wide associations.

Interestingly, different endosymbionts, most of them related to response to salt-stress, shared the
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same QTL, which was close to a gene regulating response to saline toxicity. Repeating the mapping
with a larger population size or use of a multivariate model that would combine several endosym-

biont levels would be required for conclusive results.

7.1 Detection of endosymbionts using unmapped reads

DNA for sequencing the MAGIC lines was extracted from leaf tissue. Part of the DNA in the leaves
does not belong to the sequenced plant, but rather to endosymbiont organisms that are present
on or within the cells of the leaf. Endosymbiont DNA is sometimes accidentally sequenced and
is reflected by those reads that do not map to the reference genome. 16S rRNA sequences are
commonly used for distinguishing between prokaryotic species because they are found universally
yet are usually unique to each species. A 16S rRNA is an RNA gene that is a component of the
30S small subunit of prokaryotic ribosomes.

To detect endosymbionts present in the MAGIC genomes at the time of sequencing, I collected
all unmapped sequencing reads, i.e. reads that did not align to the reference TAIR10, and mapped
them against the genomes of a 16S rRNA database [135] using BLAT [60]. For each MAGIC line,
I counted the number of reads corresponding to each endosymbiont in the database, which defined
a score for that organism. I repeated the mapping for the 9 lines that were resequenced at high
(12x) coverage (see Chapter 5| Section . In total 115,326 endosymbionts mapped to at least
one MAGIC line.

I checked whether low-coverage sequencing is suitable for analysis of endosymbiont levels, by
comparing counts of endosymbionts in the 9 lines for which both high and low-coverage data was
available. For a given line 7, I computed the read counts L;; and H;;, respectively, denoting the score
for endosymbiont j from low-coverage and high-coverage data, respectively. Correlation between
Li; and H;j was high (mean r = 0.84) in all 9 lines (Figures [7.1d). This was reflected mainly
in endosymbionts with higher read counts, since for L;; < 2 there was little correlation (Figures
7).

Based on this analysis, I selected 24 endosymbionts which were supported by at least 5 reads

in at least 20 individuals and so their endosymbiont levels inferred from low-coverage reads would
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Figure 7.1: Comparison of endosymbiont levels extracted from unmapped read counts for 9 lines
sequenced at both low and high-coverage. Each point represents an endosymbiont j, with x-axis
indicating low-coverage reads supporting it (L;;) and y-axis high-coverage reads H;;. Figures
and show counts of endosymbionts in low-and high coverage data in lines MAGIC.149 and
MAGIC.338, scaled so that both range from 0 to 100 (in reality low-coverage counts can range up
to ~110 and high-coverage up to ~5500). Figures and show unscaled versions of the same
plots, only for endosymbionts with low read count (up to 5) in the low-coverage data.



be representative of high-coverage read counts.

7.2 Genome scan results for endosymbiont levels

Endosymbiont levels were variable across lines and so it is possible that variance can be explained
by host genetic variation. For example, different host resistance alleles may allow different levels
of pathogenic endosymbionts in leaf tissue. To investigate, I analysed the 24 endosymbionts with
sufficiently variable read counts. Because read coverage between MAGIC lines vary (mean coverage
is 0.3x but it ranges from 0.15 — 1.1x), endosymbiont levels may be confounded by coverage. To
control for this I regressed out coverage K; from the read counts L;; and extracted the residuals

by fitting the linear model:
Lij =ak; + Ri]’ (71)

I mapped the residuals of the read counts R;; using the haplotype genome scan described in
Section and performed 1000 phenotype permutations for each trait to determine genome-wide
significance at each locus. The genome-wide significance threshold was set at —logP > 4. 9
endosymbionts had a marginally significant QTL, at the same locus (chr 4: 0.425Mb), shown in
Figure I also combined the log P values of each locus using Fisher’s method, i.e. using the fact

that the sum of the natural logarithms of the p-values follows a chi-squared distribution:

k

2) "InP ~ X3, (7.2)
1

which increased the QTL signficance. However, Fisher’s method assumes independent tests, which
may not be the case for all 9 endosymbionts, as there are sequence similarities between 4 of the 9
endosymbionts so reads may have been counted twice.

CNGC13, a gene of the cyclic nucleotide-gated channels (CNGC) family which regulate salt
uptake in the roots [56} [73] is 10kb upstream of the QTL. Arabidopsis is sensitive to high salin-

ity, which has been shown to affect the root system architecture [56]. Rhizobacteria and fungal
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endosymbionts have been shown to reduce saline toxicity and alleviate salt stress [113], B1]. Most
of the 9 endosymbionts that are associated with the locus are rhizobacteria that regulate nitrogen
channels and that live in hyper-saline environments, and so are possibly associated with the host
organism’s response to salt stress. Sinorhizobium meliloti (Ensifer meliloti), one of the associ-
ated endosymbionts, is a root bacterium, known to be associated with salinity stress tolerance in
A. thaliana [46, [106]. Acinobacter calcoaceticus is also a plant rhizobacterium controlling nitrogen
channels and controlling salt stress levels [57], while Palucibacter propionicigenes is not viable in
some saline environments but also allows calcium salt production [126]. Two microorganisms known
to live in hyper-saline soil are also among the 9 associated endosymbionts, namely the archaeon
Methanoalophilus mahii [117] and the bacterium Thioalkalimicrobium cyclicum, which is highly
similar to 4 of the 9 endosymbionts [116]. Finally, the last associated bacterium is Phaeobacterium
gallaeciensis which is important in cell lignification and can also act as a pathogen, but is not

known to be associated with response to salinity [105, [112].
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Figure 7.2: 9 endosymbionts hosted in MAGIC genomes, controlled by the same QTL. Each figure
is a manhattan plot of a single GWAS with phenotype the endosymbiont level of each organism.



7.3 Discussion

Unmapped reads from short-read sequencing data occasionally originate from endosymbionts that
use the sequenced sample as host organism. Endosymbiont levels corresponding to low-coverage
read count can capture the variation that would have been explained by high-coverage data, at
least for abundant endosymbionts with large read counts. However, most endosymbionts in the
low coverage data had very few (typically zero or one) reads per sample. I chose not to map these
endosymbionts, because their scores might only reflect differences in read coverage and because they
did not correlate very well with high-coverage counts. However, after controlling for differences in
coverage, differences reflected in a binary endosymbiont score could be real. Therefore, it might
be useful to complete the mapping for the full set of 115,326 endosymbionts detected in MAGIC
using the existing data.

From the mapping of 24 highly variant endosymbionts, I observed a single QTL shared across 9
endosymbionts. The genome-wide significance achieved by any of these traits was not impressive,
however its recurrence indicates that it might be genuine. Endosymbionts of the same family, or
with similar functions are likely regulated by the same gene(s), so they are likely highly related,
rather than independent variables. Therefore, one could approach the problem by employing a
multivariate approach that would combine several dependent traits to a single variable [63], 64].
Multivariate approaches have been shown to increase power in similar studies, and therefore would
help validate the QTL.

Overall, I have shown proof-of-concept for this type of approach. A further analysis would be
performed in a larger population of individuals sequenced at higher coverage. For example, the 3000

rice genomes recently sequenced by the Gates foundation [108] could be useful for this purpose.
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Chapter 8

Conclusions

This thesis explored computational and statistical methods for the analysis of genetic variation
segregating in a population, using Arabidopsis thaliana as a model organism, focusing on two
aspects of genetic variation: structural variation and recombination. Throughout the thesis, I used
low-coverage sequence data from the MAGIC A. thaliana population, so my analysis highlights
the capabilities of low-coverage data as well as of the MAGIC population design. I presented
algorithms for genetic imputation in MAGIC, which can reconstruct each line as a genetic mosaic
at high precision with low-coverage data. Using the mosaics and the low-coverage sequence, I
developed three novel applications of next-generation sequencing data. First, I described a method
which combines anomalous read alignments and genetic mapping for the mapping of structural
variants (SVs). The method can distinguish between short and long-range SVs and was used to
identify, for the first time, a large number of translocations and inversions in a population. Second,
I analysed the recombination history of MAGIC from the imputed genome mosaics and showed
that it recapitulates the known Arabidopsis genetic map. Third, I displayed that some unmapped
sequencing reads correspond to endosymbionts and gave evidence that variance in endosymbiont
level is explained by genetics. In this chapter I review the results of the thesis and discuss its

contribution to the field. I also suggest directions of future work.
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8.1 Imputation of genome mosaics in MAGIC

Genetic imputation is necessary for QTL mapping with low-coverage data to complete missing
genotypes. Several unsupervised algorithms have been proposed [122], [71], however the problem of
haplotype inference in MAGIC is simpler as the population history is known. Haplotypes in MAGIC
are resolved using dynamic programming or, equivalently, Hidden Markov Models (HMMs), either
to recover the best annotated sequence or to compute posterior probabilities of every haplotype
at each locus. I showed by simulation that both methods achieve high imputation accuracy in
MAGIC, even with low coverage data. Furthermore, the imputation is reliable in fully or partially
heterozygous genomes, so the algorithms can be employed for imputation in outbred populations,

such as F2 and heterogeneous stocks.

8.2 Mapping SVs as quantitative traits

Detection of SVs from next-generation sequencing short reads is challenging, as it is difficult to
distinguish true signal from noise. This is particularly the case over long-range structural variants
involving sequence from remote loci, such as translocations. I presented a novel framework for the
identification of SVs segregating in a population, that utilises genetic mapping. The method first
defines quantitative traits from misaligned reads at a given locus, then searches for positions in the
genome whose haplotype correlates with the extent of anomalous reads. If anomalous reads are
random noise then their association with haplotypes are also random. However, if they are caused
by segregating SVs, then specific haplotypes are associated with them at the locus and so they are
controlled by QTLs. By systematically classifying anomalous reads throughout the genome and
performing genetic mapping at each locus we can call segregating SVs at the loci that had SV
QTLs. The position of the QTL reveals whether the SV affects the local sequence only (cis-QTL)
or if remote loci are related (trans-QTL) and so can identify translocations.

The method detected 6,502 SVs in Arabidopsis, of which 25% are translocations. The mapping
resolution in MAGIC is too low (~200kb [67]) to pinpoint exact SV breakpoints, so I used high-

coverage sequence from the 19 founders [36] for this purpose. An alternative for populations in
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which the founders are unknown would be to collect high-coverage reads in a small fraction of
genomes, covering the entire haplotype space. The SVs were validated in silico and experimentally,
wherever possible, with high (82%) success rate.

I examined the relationship of SVs with gene expression and physiological phenotypes and dis-
covered an important impact to both. Regarding gene expression, I found that SVs substantially
disturb gene expression. Besides disrupted genes on the boundaries of SVs, genes that are trans-
posed or inverted in their entirety are very often silenced. Furthermore, SVs contribute significantly
to physiological traits. For example, a germination time QTL in Arabidopsis can be explained by a
single SV. Anomalous reads at certain loci also explained large fractions of phenotypes even when
they are not SV-related (in the sense of not mapping to an SV QTL), probably indicating functional
regions missing from the reference genome.

Looking forward, this general framework can be applied to any sequenced population, synthetic
or natural. For instance, it could be used to infer SVs in the human genome and detect associations
with disease and other phenotypes. Furthermore, predicted SV QTLs can be used to improve the
quality of sequencing read alignments. Because SVs dysregulate gene expression and, in many
cases, explain very large fractions of trait heritability, designing a model that combines SNPs, SVs
and anomalous read information may be worth pursuing to better understand the impact of SVs

to phenotypes; such an analysis could reveal sources of missing heritability.

8.3 Recombination

Simulations of genome mosaics showed that the presence of standard sequencing errors does not
affect the accuracy of the algorithms to reconstruct genome mosaics. Nevertheless, despite the
soundness of the algorithm, we have seen that several factors, genomic and technical, can have
serious impact on mosaic quality. I showed that unusual clusters of mosaic breakpoints, which
were consistent with some of the literature on recombination in A. thaliana [23), 8, [138], and which
appeared to affect a very large fraction of the population were mostly artifactual. Notably, there
were multiple different error sources in the data that gave rise to clusters and should be taken into

consideration in similar experiments, including residual heterozygosity in some of the MAGIC lines,
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undetected heterozygosity of the founders and structural variation causing read misalignment. A
fraction of the clusters are still present in the data, in spite of exhaustive efforts to explain them
as artefacts. We are currently in the process of growing MAGIC lines containing clusters in order
to re-sequence them with long reads using the Oxford Nanopore MinION platform [54].

After clearing artefacts, the mosaics revealed a partial recombination history of the MAGIC
lines and were used to identify recombination hotspots. Comparing these hotspots with those
previously detected by LD-based independent studies [50), 23], I showed that the MAGIC data are
consistent with the genetic map, as there is significant overlap in hotspot positions. Therefore,
recombination analysis using genomic mosaics is a reliable resource for recombination analysis and
can serve as an alternative of LD analysis. Although the MAGIC recombination hotspots co-
localised with the genetic map hotspots, there was variation in the recombination rates of hotspots
between studies. Since LD does not distinguish recombination events with respect to timing, some
hotspots in the genetic map may correspond to a single ancient event or have reduced activity
at present. In contrast, recombination hotspots in MAGIC are inferred from recent recombinants
thus indicate active hotspots. Therefore, the MAGIC hotspots can be used for further studies on
the mechanism of recombination in plants, for example by searching for sequence motifs associated

with recombination in breakpoint regions.

8.4 Mapping of endosymbionts in MAGIC genomes

I investigated whether variability in the number of endosymbionts hosted in the MAGIC genomes
has a genetic component. Reads that do not align to the reference genome (unmapped reads)
sometimes correspond to endosymbionts living on or inside the sequenced tissue. I designed a pilot
study of genetic mapping of endosymbiont levels; in particular, I selected 24 endosymbionts whose
presence was variable within MAGIC and also detectable with low-coverage data and constructed
quantitative traits from read counts of every endosymbiont at each line. After mapping the traits, I
observed that a subset of endosymbionts shared the same, marginally significant, QTL. Some of the
associated endosymbionts are rhizobia controlling nitrogen-channels and regulating salt tolerance

while others live in hyper-saline environments. Supporting this, a gene controlling salt-uptake at
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the roots is near the QTL, lending support to the hypothesis that groups of endosymbionts may be
controlled by the same gene. I conclude that the study of endosymbionts from unmapped reads is
feasible. Designing multivariate methods that would combine multiple traits to a single one might

help increase statistical power with low-coverage data.

8.5 Conclusion

Complex traits are often associated with a large number of polymorphisms of small effects that
require large population samples to detect them; current GWAS are often underpowered due to
small sample sizes. Low-coverage sequencing has emerged as an approach to deal with this problem
as obtaining fewer sequencing reads per sample allows to increase population samples at the same
cost. This thesis has shown that low-coverage sequence and imputation is a suitable design for a
variety of genomics studies, including structural variation discovery, recombination analysis and
mapping of QTLs. The benefits of using low-coverage sequencing in regard to study cost, efficiency
and, critically, statistical power are great. Although prediction accuracy is sometimes compro-
mised with low-coverage sequence, the differences are negligible for many problems (for example
in imputation accuracy), while others can be dealt with by obtaining high-coverage sequence for a
few samples at a fraction of the cost. Therefore, large-scale low-coverage sequencing studies is a
viable study design which can advance our understanding of complex traits and has the potential

of becoming the main GWAS paradigm in the future.
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Genome-wide distributions of read
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Appendix B

Density of uncorrected empirical
p-values (\4), gumbel p-values (74)
and permutation p-values (74) for all
traits in the six types of anomalous

reads
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Appendix C

Density of uncorrected empirical
p-values (\4), gumbel p-values (74)
and permutation p-values (74) for
traits mapped to different

chromosomes and with Pp > 0.1
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Figure C.3: Reads with large insert size
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Appendix D

Circos plots of Structural Variation
relative to col-0 (TAIR10) in the 18

founders
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Figure D.1: Circos: bur-0 SVs
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Figure D.2: Circos: can-0 SVs



Figure D.3: Circos: ct-1 SVs



Figure D.4: Circos: edi-0 SVs
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Figure D.5: Circos: hi-0 SVs



Figure D.6: Circos: kn-0 SVs
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Figure D.7: Circos: ler-
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Figure D.8:



Figure D.9: Circos: no-0 SVs
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Figure D.10: Circos: oy-0 SVs
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Figure D.11: Circos: po-0 SVs
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Figure D.13: Circos: sf-2 SVs



Figure D.14: Circos: tsu-0 SVs



Figure D.15: Circos: wil-2 SVs
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Figure D.16: Circos: wu-0 SVs
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Appendix E

PCR results for SV breakpoint

validation

221



A9TICLIET €

HIVLYLVPT €

o|lo| oo C
o|loc|o|lo| o
(=N [Nl )

o|lo|o|lo| o
(=N =) Nel Nol Rl
(=N =) Nl ol Rl

HIVLVLYVTTE

A9TTICLIET €

—
—
—
—
—
—
—

ANITHELGI9ELTT

AE0099€LTT

||| |o|Oo|Oo| ~
(= BN [l el ]
o|o|o|Oo| o

—

HT0€9TIET™ ¢

ANI ATI8GTIET™ G

ol |o|o|o|o|o|lo|o| O

—
—
—
—
—

ANITHELGO9ELTT

ANI"AT98SCIET™ S

—

HELGIELTT

AT98GCIET™ G

H9e9¥6191°¢

JLEBEGTITE

o|l=|Oo|O ]|~
o | o
o|l=|Oo|O ]|~
S|l |o|o|—
S|l—|o|o|—
(=N =) )

HI8TICToT €

A9002609T°€

—
—
—

H8TLGV0917€

A9LV1609T°€

(=}

"960L60917€

A¥¥Cc980917€

H620TS09T17€

ALEBEGTIT €

olo|o|o|o| | O
o|lo|o|o|o| | O
o|lo|lo|lo|o|~|O|O| O
(=N Bl Boll i E=l E=2 N=]

oo | o

9SI9AY

0 T 0 T T ALEOTTIT ¥ HLI6TIBLT ¥ (45
T T 0 T 0 T 0 T 0 T HLI6GIBLT ™V ALEOTTIT ¥ T [4qs
0 0 T T 0 0 0 0 0 0 HGEETI8LT T ATESGTTIIT ¥ T [qs
0 0 T T T 0 0 T 0 T T H8VST8LT ¥ ATESGTIIT ¥ (45
T T T 0 T T T 0 T T HLI6IBLT T ACEGTIIT T [4qs
T T T 0 T T T 0 T T HEBVTRLT ¥ ATLGTTIT ¥ [qs
0 0 0 T T 0 0 T T 0 0 HLLEVLYTE A6980TEVI™E T It
T T T 0 T 0 T 0 T HGTILEBST™ S AVPS9€691™G [4 (028
T 0 0 T 0 T T T 0 0 T T HLTE6EBVI™G ATSY8ESYT™G [4 (028
T 0 T T T 0 T T 0 T 0 0 T 0 T T T T T HETILEGST G ATSYRERYI™G T (028
0 0 0 0 0 0 0 T 0 0 0 0 0 0 0 0 0 T ANIHSTILEBST G ATLYBESVI™G T ot
0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 HTGGC6STITT AT8TTI6STTIT [4 6
T T T 0 0 0 T 0 T T 0 0 0 T T T T HT6V.LTeTT 1T ANI"A8L09TTCT T [4 6
0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 ANI"I8L092CCT™ 1T ANITHTSET6STT T T 6
0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 HTGGC6STITT A8L092¢2TT 1T T 6
0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 HIVPS1Cve 1 AGCGTLO6™T T 8
T 0 0 0 0 0 0 0 0 T 0 0 0 0 0 0 0 T HU80¥vieve 1 AGTSTLO6™T T 8
T T T T 0 T T 0 T 0 T 0 T T T T 0 ANI"HC6VILIL T A66€60L9T7€ T L
0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 HC6VILILC A86E60L9T7€ T L
T 0 0 T T T T T T T 0 0 T 0 T T HILGCTIOT ¥ ABE6TTIIT ¥ 14 9
0 0 0 0 0 0 0 0 0 0 T 0 0 0 0 0 0 Hg6009L0017¢ AG0609921°G T 9
0 T 0 0 0 T T T T T 0 0 0 0 0 T T ANI"HEL6TLTOTS ANI A8E6989CT™ ¢ T 9
0 0 0 0 0 T 0 0 0 0 0 0 0 0 0 0 HEL6CLTOT™ S ABE69VITT™ G T 9
0 T T T 0 0 0 T 0 0 0 T T T T T ANITHCOV706™€ A9VCE06™€ [4 g
0 0 0 0 0 0 0 T 0 0 ANI"d6T0EL6TT € ANI"HCOV706™€ T g
0 0 0 0 0 T T 0 0 Hqcorv06™€ A6TOELETT € T g
0 0 0 0 0 0 0 HLIGVBITC AG9T98GT ¥ i4
0 0 0 0 0 0 0 €
0 0 0 0 0 0 0 €
T 0 T 14
T 0 0 14
0 0 0 4
0 0 0 4
T 0 T T

0 0 0

T T

0 0

0 0

[4

premioq

222

Ll B N BT R B I o I B B ]

— |~




0 0 0 0 0 0 0 0 0 0 0 0 0 0 T 0 0 0 0 HS6VIS9€™ ¥ A8GGETTIOC T oe
0 0 T T T T T T T T T T T T T T T 0 0 H91€898TI™ € AE0GEVTIET € T 6¢
0 0 0 0 T T 0 0 0 0 0 0 0 0 0 0 0 0 0 H88TO¥8T ¢ ALEVE9LIT™E T 8¢
T T T T 0 0 T T 0 0 T 0 0 T T T T T 0 AELIG6I9LTT HEVITLEST ¢ T LT
T 0 T T T 0 T 0 0 0 T 0 0 0 T T 0 T 0 HEVITILBST™ G AELIG69LT™ T T LT
T T T T T T T 0 T T T T T T T T T T T H6L68T60T™S ALEVREOET™ € T 9¢
0 0 T 0 T 0 0 0 T 0 T T 0 0 0 0 0 T 0 H91T8TT6™ S AGGTTET6™S T &4
T T T T T T T T 0 T 0 0 T 0 T 0 T T T ANI"J0S6TCTLI™G ANI"H6V8SE88T™G T 144
T 0 T T T 0 T T 0 0 T 0 0 0 T T T T T ANIH6V8GE881™ 9 A69€VES8T™ G [4 Ve
0 0 0 0 0 T 0 0 T 0 0 0 T 0 0 0 0 0 0 H6785€E88T™ ¢ A0S6TCTILI™G T Ve
0 T T T T T T T T T T T 0 T T T 0 0 T H9SV0T6V1IT A60T68ST1I™€E T €c
T T T T T T T T T T T T T 0 T T 0 0 T H6EST6STV1I € A9GC8T6VI T T €c
0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 H8T6S09T ¥ A9€90806°C T (44
T T T T T 0 T T T T T T T 0 T T T T T HTELBTTTT € A069L222C € 14 14
0 0 0 0 0 T 0 0 T T 0 0 T 0 0 T 0 0 0 Hqsr0€95ceT€ AG€9C94CT € [4 154
0 0 0 0 0 T 0 T T T T 0 T 0 0 T T 0 0 "8T0€99TT € A8€9899CT € [4 1c
0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 H69V6SELT™E AVEO6SELT™E [ 14
0 0 0 0 0 0 0 0 T 0 0 0 0 0 0 0 0 0 0 HqS69€95007€ AVEO6SELT™E T 154
0 T T T T T T 0 T T T T T T T 0 0 0 0 HIT68SELT € A€€9T99CT € T 1c
T 0 0 0 0 0 0 0 0 0 0 T 0 0 0 0 T 0 0 H62¥959TT € ACTGLYSGELT € T 14
0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 T 0 0 Hq9€E1S0917€ ALEVEGTIT € T 0g¢
0 0 0 0 0 0 T T 0 0 0 0 0 0 0 T 0 0 T HLVLTS6ST™ G AG6€99187 7 T 6T
0 0 0 0 T 0 0 T 0 0 0 0 0 0 0 0 0 0 0 H68VCS6S1™ S ALG9LITS™ T T 61
0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 T 0 0 Hqo16vecel e A6V8LESTT™E T 8T
0 0 0 0 T 0 0 0 0 T 0 0 0 0 0 0 0 0 0 HV8IV6197¥ A866LELIT T T LT
T 0 T T T 0 T T 0 T T T T 0 T T T T T HEIEIBLT ™V ANI"AT68V8LT ™V [4 91
T 0 T 0 0 0 0 T 0 T T 0 0 0 T T T T T ANITAT68V8LT ™V ANITHOE6LE6TT T T 91
T T T T T 0 T T T T 0 T 0 0 T T T T T HV611C8T ¥ AG9866¥7 ¥ T 9T
0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 HOE6LE6TY AT68V8LT™V T 91
0 T 0 0 0 T 0 0 0 0 0 0 T 0 0 0 0 0 0 qvsvevvv v A686€98T™ ¥ T 91
0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 HT190T€92T€ AG6CTLLE™Y T ST
0 0 0 0 T 0 0 0 0 0 0 0 0 0 0 0 0 T 0 H8IL6VO9T™ € A88IB6CI™S T Vi
0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 Hg62600TV1"9 AVL160201°G T €1
T T T T T T T T 0 T T T 0 0 T T T T T ANI"Y8VST8LT T HLTI6TIBLT ¥ [4 [qs
T 0 T 0 0 0 T T 0 T T 0 0 0 T T T T T ANITHLIGISLT ¥V A90G08LC7 7 [4 (45
T 0 0 0 0 0 0 0 0 0 0 0 0 0 0 T 0 0 0 H1G0E8LT ™V HLI6I8LT ¥ [4 [4qs
0 0 0 0 0 0 0 0 0 0 0 0 T 0 0 0 0 0 0 HI6€9CST ¥ AGLY08ST ¥ T [qs
T 0 T 0 0 0 T 0 0 0 0 0 0 0 T 0 T T 0 ACESTIIT ¥ HEEETIBLT TV T (45
T T T T T T T T 0 T T T T T T T T T T ACESTIIT T HLI6I8LT ¥ T [4qs

223



E 9[qeR], Ut axe pasn seousnbes tewiid oy ], ‘uoreoyrdure ou smoys () o[iym ‘yonpoid e
poonpoid pur poyrdure ) J o2 ey} SuroW T oNeA 1Y N (] SIOPUNOJ T 93 JO [ord 09 puodsolIod SUWN[0d SUIUTRWII O ], "90UdIoJoI
9} UI UOI}RIUSLIO PIeMIO} SUIARY 90UdY ‘Iowlid PIemIOf ® ST 41 Jer[) PUR 90ULIdJAI o) € 998 ‘GO9 ‘G uoIysod je g suwosowoIyd e
syre)s oouenbos sewtid o) ey} surewW J998G()9G g SN} ‘UOIHSOd OTWOUSS S[BOADI SUWIRU IO} ‘JUuomWLIodXo oY) 10 posn spr Jowrid
:(0sI9A9Y ‘pIemIoq ‘So1e30LIMS 90USIoJoI SB 10 UDIYM ‘SOTIOUSS Io()0 901} ISR J8 Ul POXIOoM SBY )1 SOSeD JSOUL Ul ‘I0AdMOY -
pay1om sey] juatiLiadxe g 9dA) A10A9 J0U 0S POJRUITIRITOD SBM JISY POST SWOUAS ()-[02 8)) A S U SUIALIRD J0U SeWOUdS 01 pue (()-[02)
ooupIejol o) ul Ajrpdure pnoys sjuowirodxo ¢ 9dA1 ‘AQ ue Jurdired smopunoj o) ur ATuo Ajijdure 03 pajoodxe ore syuowtrodxo T adAy
- sjuowtrodxo Jo odA} :adA)y n. S[qR], Ul UWaas aq Ued Pajsa) T AS Uord I0J JUIS pUR 90IN0S) Pajsa) Pt LY AS N :summjo))
qutodsearq AQ o[surs e uIguod 0} pasn ired owrid € 03 spuodseriod Mol yoer ‘syutodyealq AS Suryepiiea YO d Jo synsoy :1°H o[qel,

0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 qr19v68¢7¢C Ad998G0947¢C T i
0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 HO¥8S009T€ A9GTO6LV T T 144
0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 HI160CLIET™E HIVLVLVPTE T er
0 T 0 0 0 0 0 0 T 0 0 0 0 0 0 0 0 0 0 ANI"HO0LEGTVS T ANITHITGELYE™ T T (4%
0 0 0 0 0 0 0 0 0 T 0 T 0 0 0 0 0 0 0 HOLEGTVST A9TGELVE™T T (4%
0 0 0 0 0 0 0 T 0 0 0 0 0 T 0 0 0 0 0 HCTTITLLT Y AETLVO08C ¥ T w
T T T T T 0 T T 0 T T 0 T 0 T T T T T ANI"HCVIVL6ET T A€99CL6ETTT [4 or
0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 ANI"A89IBETIE™E ANI"HTVIVLE6ETT T (014
0 0 0 0 0 0 T 0 0 0 0 0 0 0 0 0 0 0 0 HCVIVL6ET T A89IBEVIETE T or
T T T T T 0 T 0 T T T T T 0 T T T T T HIT110C9917¢ AC8OTOVIT™G [4 6€
0 0 0 0 0 0 0 0 0 0 0 0 T 0 0 0 0 0 0 HEVVSGTITT T AVLGG969T7 T T 8¢
0 0 0 0 0 0 0 T 0 0 0 0 0 0 0 0 T 0 0 H86L888Y T A0LTGSCYI™E T LE
0 0 0 0 0 0 T 0 0 0 0 0 T 0 0 0 0 0 0 HVvLGTIV8YITE AJ06L006ST°€ T 9¢€
T 0 0 0 T 0 0 0 0 0 0 0 0 0 T T 0 T 0 HOTTILLYT G ALTITEILIO™T T ge
0 T T T T T T T T 0 0 0 T 0 T 0 0 0 T HLLIELSE™Y J089€TCTI™S T e
0 0 0 0 0 0 0 T 0 0 0 T 0 0 0 T T 0 0 HLGE680CC AVLYSTIOT T T €€
T T T T T T T 0 T T T T T 0 T T T T T HTETRSIET T AT¥60C6ST™ T T (4
T T T T T T T T T T 0 0 T T T 0 0 0 T HEGITGEET T A9GCTTIL™V T 1€
0 0 0 0 T 0 0 T 0 0 0 0 T 0 0 0 0 0 0 H800609L7 ¥ ABEE0GEETT T 1€

224



3-3643868F TGGATTCTGGGGATTCTTTG
3-13038437F AAATGTTGACGGTTACTTTTT
5_.12686938F GATGAATCGTTGTCGGGATC
4_1612571F AAACCGTCCTTCTTTCAGCC
2_9080636F TTTGGTAAGGATAAAAATAAAAATACCA
4_3772295F TGAAAACTTTGGATTCTTGGC
1.9473516F CCTTATATGAATTACTAAATTGA
1.16115474F TCATGCCAAGAAGAAGGCTT
1.15920942F TTGGGTGGGATTAATCTTGC
5.13625861F TCGAAATAGCGTGTGTGGAA
4_2586165F CATCGTCCCTGTGGTCTTTT
5.14838471F AGCAGTACGGTTCAGCCAAT
1.12226078F AGCACCCTCAATGGTTAAGAAC
5.10209174F ACACCAACATCTCCAAAGGC
3-16056244F GAAATTCAGAATATTTTCATTGAA
3-17354752F TGGCCTTGACTTCAACATCA
4_8167657F GCCTCGCACTAAGGTTGAAG
3-13183503F TGTGGTAGTTTTGGACTTTTGG
1.17695673F GAGTGGCCCTGTTGGTCTAG
1.13350338F CGGAAATGTCCCTGAACTACT
3.16091476F ACAGGATACAAACAACAACAA
4_2580475F TGGAAATACTGCTCTGCACTTG
4_1853989F ACCATCCCACGTCCTCAGCT
5.17121950F CTAGATCGCGAGTGGGCTAC
1.16965574F TACCTCATCATTCATGCCCA
4_7611256F TGAATCTATGACATTTGCCTAATC
4_6763117F CGCTTGCATCTCCATCAGAT
5_12223580F GATTTTGAAGAATTCGCCGA
1.14918256F TTTTGGCAGCAATTTTCCCT
3_11973019F CAATTCATAGTCATTTTGTGCA
3.16193837F AATCTCCAACTTTTCAGGGGA
3.22562633F TTCAGAAAACAAGTAGAAAGAGTCCA
2_6123558F ATTTCGAGGGCCGATAATTAAC
3.14589209F ATATTGAAACCACCGCCTGA
3.12837849F GTGCCATCAAAATCTTGCAA
5_12650905F GAGATGGTTTACTCAAATGAAAAA
4_1784891F GGAGAAGAATCAACGAAGCG
3.16195965F TATAGACCGTTGACGAGTCT
5_6298188F TTAAGTTATTCTCACGCATCGC
1.9473516F_INV TCAATTTAGTAATTCATATAAGG
5_12686938F_INV GATCCCGACAACGATTCATC
4_.1612532F TATAGGCCACTCTTGCCCAC
5.14838452F CTGCCACAGAACGAGTCTGA
3-15900790F TCAACATGACGTTCACCGTT
3.17359034F TCCAGACATTTTTCCATGCA
2.4790156F TCGACATGAGACTATGTTTGGG
3.16769437F GCGGCCAAGATGATTATTGT
5.16401082F AGCAGAGATGGAGCAAAGCT
2_5605866F GCGGTTTAGGGGTGAATTTC
3-14320859F GCCGTCTTTAAAAGCCCAAT
3.16709398F AAACCATAATGGGACACCTGA
3.14255170F TGCCCCTTCAATGTTAGGAG
4_2804713F GTGTTTCGGGTAACGATGCT
3.13172116F GTTGAGGTAGGGCGATTTCA
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4.1612037F
3-16092006F
4_4499865F
1.9071525F
5.9231155F
3-16709399F
4_8166395F
1.16757998F
3-22562635F
3-22227690F
4_2780506F
4_.1611938F
1.17366003F
5.13625861F_INV
3.903246F
3-11973019F_INV
1.12226078F_INV
1.11591181F
5.15936544F
4_1784891F_INV
5_18834369F
5_17121950F_INV
1.23972663F
4_1784891F_INV
3_3643868F_INV
3.13172091R
5_15871143R
3-14591539R
5_15937125R_INV
4_2605928R
3.16051029R
5.15952747R
1.11592551R
1.13658231R
3-16097096R
1.24215441R
2_4888798R
3.12631061R
5.15937125R
3.13224910R
3-904402R
4_2782548R
3.14841574R
3.14474741R
3.16045728R
4_.6194184R
4_3573677R
5.9228216R
4.4449454R
3-16194636R
2_1840188R
4_.1526396R
5.16620111R
3.14748377R
3.16051336R

GGTACACTTCGGCAACGATT
CCCATTAGGAGAAATCGAGTCA
CAAGAAAATTGCATGCGTGT
TGCGATCATATGGGATGTTG
TTATCAATAAAAATGAAACTCTCCG
CAGGTGTCCCATTATGGTTTC
AGAAACGTGGCAAACTAGCA
TTGTACAATTGTTCTTACTCATGCA
CAGAAAACAAGTAGAAAGAGTCCAG
AGCCTTGTCAGGGGGTAGTT
GGCTCGGTTTAGCTTCAGTG
CGCAAAATCGACATGAGAAA
ATTCCACCAATATGCAGNGTG
TTCCACACACGCTATTTCGA
GCATTAGGGCACGATTCACT
TGCACAAAATGACTATGAATTG
GTTCTTAACCATTGAGGATG
TCTCACTTGCCAGTTGATGC
TTGCCGAATTACGTAGTCCC
CGCTTCGTTGATTCTTCTCC
CCAACAAGCTTGGTAGGTTG
GTAGCCCACTCGCGATCTAG
AAAAGCTGAGAAGTCACTTGGG
CGCTTCGTTGATTCTTCTCC
CAAAGAATCCCCAGAATCCA
ATGGTTCGGAGGAGGTTAGG
TGTGGCATTGTCTTGCTCTC
CCACGTGGATTACAACAATTT
TTGATAAATTGGATGTTCGCAT
GGAAATTTGGAAAACTAACCTT
TCAATACCGATCGTCGACAA
CCCTCAGATTTGAGAAAAGCA
TAGGCCCAAATTTGCAGTTC
GTTCGATAACATTTTGTTTACTT
ACAACAACAAACACCAACGGTA
CTTGTTGAGGTGTTGTGCGT
GCACAACTAACCGAGGTTGC
TTCCTAATTACCTAATGATCATCA
ATGCGAACATCCAATTTATCAA
GGAAAAATCCATGTTACAGCAA
TCAACATGGAGATAACGAGCC
GTCAGTCCGTTCCCAAAAAG
CCTTTAGCGCTGGGAGAGAT
TGCCCTTGACCAAGACTAGG
GCCATGAAAGTCGTGTAAAGC
TAATGTTTACCCACGCATCG
CAGCTTTCATCGCACCTACC
TCAGGGCATGACCCTTACTC
GTAACAAGAGGGATGTCAATTCATT
CGCAGCACTTCTCATTCTTG
TCTCTCTCTTGCGACACGAA
CTCTCCCTATCTTCTTCAGCC
GAGCTTCAAGTCCGACCATC
ACTATCTTGCTGGGTCGTCG
TAAAATGATGCTTGGGGAGC
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4_1772122R
4_2781917R
5.10272973R
3-22563595R
1.8419370R-INV
3-17358916R
3-15005840R
4.4497930R
3-12868316R
5.14776120R
1.13351653R
1.8419370R
4_3651495R
2_7171492R_INV
1.12645883R
5_.10076009R
1.14920456R
2_2894614R
5_15952489R
4_7609008R
1.17366573R
1.23974142R
4_2782483R
5_10272973R_INV
4_2781335R
5_14200929R
2_2089357R
3.16221181R
5_10918979R
1.24214408R
5_18835849R
2_7171492R
2_2184567R
3.22556429R
4_.1821194R
3.16049768R
3.16196032R
3.22563028R
3.17359469R
3.22563045R
3.22228732R
4_2781917R_INV
4_2782548R_INV
4_2783051R
4_1612571R
1.17366573R_INV
5.13626302R
3-904402R_INV
1.12227492R
1.11592551R_INV
5.14839317R
4_.1786363R
4_4497930R_INV
5_18835849R_INV

TGTTCACTGCCAAAAACCAA
AACCAGGTGAGGACAACGTC
TTGCACATAAAAATGGGGGT
TTATTCCACGGTACATCGCA
ATGCGGATGCGGTTACATAC
GAAAGGTTTATAATGCGGTTCG
TGTTAATGAAGATGCCCACTCA
CCGTCATTGTAAAACGGGAA
AAAAAGTGAACCATTGCCTAA
AGAGGTTTAAGCGGTTGGGT
GCTTCCAGTACGTTATTTGGG
GTATGTAACCGCATCCGCAT
GGATACGTCATCGGGGTTCC
TTAACACCGCCAAATGTTGA
AAGGATCTAGAAGATCAACAAGTT
AGAAATCGTAAGAAAGTGGATG
CAACTTACACACGCCTCTAACA
AAAACATAAAGCTTCCTCTCTCT
CCCAGAAACGACCAACATCT
TTTTGTGTTTCTTCCCAAAAAGA
ACCGAGATCGATTCCAGGAA
TTGTGATGGGAACGTTTTGA
AGCGGCGTAAATCAAGATGT
ACCCCCATTTTTATGTGCAA
TTGACGACAACGAAGACGAC
CACCATACTTTTCATCTTATTAAAAA
TAGCAGTATGGCCCGTGCTA
TCACTCTCCCCTTCTATCTCTTTG
CCAAAATGTTGCGATAAGAAA
ACATGGATCCCATGACCATT
GCCTCTTCAAGCTGGTGTCT
TCAACATTTGGCGGTGTTAA
CCTCAGTAAGCCAGCGTTTT
TTCTCGTGGCTGATTGTTTCT
ACCGGTGAGGTACTAGCGAA
CTCCATGGATGTTTCCTAGAA
TGTGTGATTCTTCAACTCTCTGG
TAGCCGACGCTACTTCGATT
TCAACAACCCACATTCGAAA
CCGACGCTACTTCGATTCTC
GGTTTCGCAGTCTTTCTCGT
GACGTTGTCCTCACCTGGTT
CTTTTTGGGAACGGACTGAC
GCCTAAATGTGCAACATTCTCA
GGCTGAAAGAAGGACGGTTT
TTCCTGGAATCGATCTCGGT
GGTTTCATCGCCACTGTTTT
GNCTCGTTATCTCCATGTTGA
ACCATCTCCTGAAACGCACT
GAACTGCAAATTTGGGCCTA
CTCAGATCCCAGTGACTGCA
GCCAACCACACAACCTNTAGC
TTCCCGTTTTACAATGACGG
AGACACCAGCTTGAAGAGGC
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1.23974142R_INV ‘ TCAAAACGTTCCCATCACAA

Table E.2: Oligo sequences for SV validation by PCR
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Appendix F

Capillary sequences for breakpoint

validation
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1d Line Chr Forward oligo (F) Reverse oligo (R) PS SP (F) SP (R)
1 MAGIC.287 3 CGAGGCATATTTTACAAGCA TTCGTGAAACTTTTAGTGGGG 795 18976543 18977317
2 MAGIC.287 3 TCGCACGGATGAATAATGAC TTCGATCGTAGAAACCTCCC 818 19171418 19172216
3 MAGIC.287 3 AGGACTCGATGTGGAAAGCA CAATGCCACATTCACCATCT 942 19404571 19405493
4  MAGIC.287 3 GGTATCGAAAACGAATGGGA CTCCATTCCTCAAAAACACTGA 996 19466727 19467701
5 MAGIC.287 3 ATCCTCGAGTGTTTTGGGTG AACTACTCGGTGGCACATCA 911 21434906 21435797
6 MAGIC.287 3 GAACACACGATCGAAAATGG TAGGTCGCAAGCGCAAGTAG 824 21556316 21557120
7  MAGIC.287 3 AGGTAATGCGCACAAAAAGG AATCACCGAGATCACCGAAC 749 21715914 21716643
8  MAGIC.287 3 GAATCCCCATGTAAGGGTCA CATCACGGTCAGTCATCCAC 943 22107605 22108528
9 MAGIC.287 3 GTGTATTGCCGCCAGTTTTT ACGAGAAATGAGCTGTGCTT 709 22140327 22141016

10 MAGIC.287 3 AACCTTCCGAATAAAGCCAA CCTGAATTATCGGAAGCGAG 594 22187409 22187983

11 MAGIC.287 3 CCGTCTTCGGCCTCTATCAA AGATGCAATGACTTTTGGAC 984 22442279 22443243

12 MAGIC.287 3 GTCCCCAAGTGCATTCTGTC TTTGTTACGTGCTCCACCAG 835 22465859 22466674

13 MAGIC.287 3 CAGGTGAAGCTTATTGGGGA TCCGGGCTAGACTTTTTCTG 74 22493961 22494715

14  MAGIC.287 3 ACACGCACTCACTGTCAGAA CTTCTGACACCCCGATGAAC 844 22816058 22816882

15  MAGIC.446 3 GGAGCTTTTGGACGAGACAG GCAAAAGAGTCGGACCGTAG 850 1727988 1728818

16  MAGIC.446 3 TGGGATAAATCATGGAAGCC CATGAGCCAAGGTTGATGTG 725 2627432 2628137

17 MAGIC.446 3 CTGGGTCGGTTTACTTGTGG TGGATATTTTGCACGGCTTC 717 4633722 4634419

18  MAGIC.446 3 GTTTTGAACGTAGCTGGGGA CAGAGCGATCAGAAAGGAATG 965 5372625 5373569

19 MAGIC.446 3 CGATGTTATCGTGGGAGATG TTTTGTCTCACCGCTCAATC 771 6118672 6119423

20 MAGIC.446 3 CATTATGCACCAGGAGGAAG AACCTAGCCAGGGATGCTTT 822 6121670 6122472

21 MAGIC.446 3 AAAGTGTCGGGGCTTCTTCT TAAATGCGCGAGAGACAAAA 604 6160037 6160621

22  MAGIC.446 3 AACAACCAGCACAATCAACA TTGCCGTCTCCTTTATCGTC 831 6265318 6266129

23 MAGIC.446 3 CTAGTGTCGCCAAACCATCA TGACACACTCTTCACCGACC 852 6465846 6466678

24  MAGIC.446 3 TATCACGGAAGGTACGGCTC GCGTGTGCTATCTTAGCTTCC 942 6490157 6491078

25 MAGIC.446 3 TTTGGCTGTCTTCTTGTCCC AGAGCACAATCGGAACCAAC 951 6652074 6653005

26 MAGIC.446 3 CCAAATTGATTCGACATTCC TTTCTTCGAAATCACACCCC 726 6925595 6926301

27 MAGIC.446 4 AAGGACAGAACCGACTTCACA ATTGTTACCTGTCCACACGAC 568 1244873 1245420

28 MAGIC.446 4 TAGTCCCTTGATTAAAAGCCC GCATCATTTCCGCACTCTTT 875 714625 715480

29 MAGIC.446 5 GAAACACCTCAAGGGAAGCA ATCAACCATTCCCCATGTTC 883 19304361 19305224

Table F.1: Primer sequences used for validation. Id indicates the sequence id, Line the MAGIC line id, Chr
the chromosome, Forward oligo (F) and Reverse oligo (R) the two primer oligos, PS is the product size and
SP the starting position of each oligo in the chromosome.



Id Line Chr start.bp end.bp l.hap r.hap spans.bp l.sites r.sites sup.sites confirm
1 MAGIC.287 3 18977057 18977127 oy-0 wil-2 TRUE 7 1 8 TRUE
2 MAGIC.287 3 19171742 19172025 ws-0 po-0 TRUE 1 1 2 TRUE
3 MAGIC.287 3 19404954 19405256 po-0 can-0 TRUE 8 6 14 TRUE
4 MAGIC.287 3 19466843 19467573 hi-0 po-0 TRUE 2 1 3 TRUE
5 MAGIC.287 3 21435482 21435731 po-0 hi-0 TRUE 6 3 7 FALSE
6 MAGIC.287 3 21556521 21556784 hi-0 ct-1 TRUE 1 1 2 TRUE
7 MAGIC.287 3 21716088 21716592 ct-1 ler-0 TRUE 1 1 2 TRUE
9 MAGIC.287 3 22140861 22140966 bur-0 oy-0 TRUE 9 2 11 TRUE

10 MAGIC.287 3 22187581 22187889 oy-0 mt-0 TRUE 2 1 3 TRUE

11 MAGIC.287 3 22442457 22443184 wil-2 bur-0 TRUE 1 1 2 TRUE

12 MAGIC.287 3 22466007 22466444 bur-0 col-0 TRUE 1 1 2 TRUE

13 MAGIC.287 3 22494608 22494627 col-0 ct-1 TRUE 1 3 4 TRUE

14 MAGIC.287 3 22816278 22816509 edi-0 bur-0 TRUE 1 2 3 TRUE

15 MAGIC.446 3 1728604 1728606 po-0 wu-0 TRUE 2 1 3 TRUE

16 MAGIC.446 3 2627870 2627920 ws-0 po-0 TRUE 1 1 2 TRUE

17 MAGIC.446 3 4633961 4634153 bur-0 ct-1 TRUE 1 3 4 TRUE

18 MAGIC.446 3 5373046 5373192 can-0 edi-0 TRUE 2 1 3 TRUE

19 MAGIC.446 3 6119115 6119116 po-0 ler-0 TRUE 6 1 7 TRUE

20 MAGIC.446 3 6121798 6122288 ler-0 oy-0 TRUE 1 1 2 TRUE

21 MAGIC.446 3 6160418 6160559 ct-1 po-0 TRUE 2 1 3 TRUE

23 MAGIC.446 3 6466292 6466492 wu-0 bur-0 FALSE 0 0 0 FALSE

24 MAGIC.446 3 6490573 6490952 bur-0 hi-0 TRUE 4 2 6 TRUE

25 MAGIC.446 3 6652377 6652560 tsu-0 col-0 TRUE 1 4 5 TRUE

26 MAGIC.446 3 6925725 6926217 wu-0 can-0 TRUE 1 1 2 TRUE

27 MAGIC.446 4 1245093 1245370 col-0 ct-1 TRUE 2 1 3 TRUE

28 MAGIC.446 4 714731 714762 po-0 kn-0 TRUE 1 1 2 TRUE

29 MAGIC.446 5 19304522 19304889 tsu-0 rsch-4 TRUE 2 3 5 TRUE

Table F.2: Results of sequencing of breakpoint regions after PCR amplifications. Only primers that pro-
duced a products that formed a contig are included. The columns are: Id the index of the contig tested, Line
the MAGIC line name, Chr the chromosome of the region, start.bp, end.bp the coordinates of the breakpoint
being verified, I.hap and r.hap the accession names of the two haplotypes flanking the breakpoint, spans.bp
is a boolean variable indicating whether the sequence spans the breakpoint, l.sites, r.sites the number of
informative sites (different in the two haplotypes) on each side of the breakpoint, sup.sites the total number
of genotypes supporting the haplotype predictions, confirm Boolean variable showing whether the region is

consistent to the predictions.
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