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ABSTRACT

Genome comparison for large and complex polyploid crop genomes is a highly complex
venture, yet it is critical. Given a rising demand for food coupled with yield-impacting
resource limitations and rapidly changing global climates it has never been more important to
characterise the underlying genetic variation which underpins traits of agronomic interest. In
this work, the problem of polyploidy genome comparison is explored at three levels. The �rst
chapter characterizes the sequence relationships that exist between, and within, polyploidy
genomes. This is achieved by hijacking a metagenomic strategy for rapid, and e�cient,
genome sequence classi�cation. The second chapter then utilizes the identi�ed subgenome-
speci�c k-mer pro�les for recruitment of assembled contigs and sca�olds previously only
recruitable via more resource intensive optical mapping strategies. This makes a greater
proportion of the assembled data usable for downstream variant analysis. The third chapter
then zooms into the problem of how to identify variants from large -scale sequencing data
while minimizing bias and computational costs. A critical assessment of modern variant
calling for crop genomes is performed and an algorithm to further extend a new, resource
e�cient, approach for large scale comparative genomics is presented and critically evaluated.
In all, the work presented herein takes a top-down journey from genome- and subgenome-
level comparative genomics all the way to identifying base-pair resolution strategies that are
capable of revealing the underlying sequences responsible for keeping the world fed.
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INTRODUCTION

Characterising genetic variation between populations, and how this variation translates

into observable, phenotypic di�erences is a fundamental part of modern crop breeding e�orts.

Developing pro�les of genetic variability for crops and their wild relatives has become a

matter of some urgency given the projected potential for disruptions to food security induced

by climate change and rising demand for crop food products[34, 102, 124, 151, 228, 324].

By 2050 it is projected food production needs to rise by a projected 35% to 56% to meet

demand, yet the resources available, such a land and water, are �nite, subject to competition

for other uses and in some cases are becomingly increasingly scarce [19, 105, 341]. As such,

there is a movement towards improving the sustainability of agricultural practices to protect

food security and stave o� the associated humanitarian, socio-economical and political crises

that accompanies perturbations in food supply [51, 101].

By developing crop varieties that are robust to abiotic stressors such as heat, salinity,

and drought, and biotic stressors, such as shifts in pest and disease ranges, the stability of

food supply can be ensured in the face of climate and resource uncertainty [80, 86, 91, 289].

To achieve this, the pool of genetic variation that underpins the agronomically-valuable

phentoypic variation present across crop cultivars and wild relatives needs to be characterised

[84, 225, 310].

Missing GenomicVariation

Currently, there exists a plethora of methods with which genetic variation can be

captured, the majority of which utilise reduced-representation, high-throughput sequencing

technologies. Popular examples of these technologies include genotype-by-sequencing (GBS),
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exome-sequencing (exome-seq) and RNA-sequencing (RNA-seq) all of which provide a

reduced-representation view of genomic diversity by capturing only a portion of the genome.

GBS is perhaps one of the most popular tools for crop breeding e�orts which reduces genome

complexity via the use of restriction enzymes [363]. Di�erent combinations of restriction

enzymes can preferentially capture di�erent portions of the genome with the literature

highlighting a preferential selection for protein coding region capture [137, 272, 302]. Exome-

sequencing provides a reduced representation of the genome by capturing only the protein-

coding portion of the genome and potentially small amounts of exome-
anking regions

[70, 131, 299]. RNA-seq di�ers from GBS and exome-seq in that it captures sequences

that are being expressed at a given time, often under experimental or control conditions,

providing a window into the functional landscape of the genome [355].

While these methods are capable of providing insight into the variability between

genomes, none of them are capable of capturing the full suite of genomic diversity

present between individuals, cultivars or populations given their reduced-representation view.

Perhaps the largest problem with such a view is that they are fairly biased towards the

protein-coding portion of the genome [137, 272, 302]. However, these regions make up

only a tiny portion of the genome (circa 2%) and so the vast majority of the genome,

sometimes termed \genomic dark matter", remains understudied [160, 169]. This \dark

matter", previously termed \junk DNA", has been revealed to contain sequences critical

to the essential structure, function and maintenance of the genome and thus the organism

[18, 37, 189, 227]. There has been an explosion of research into these areas, and their

applications to crop improvement in the recent literature, with some of the most heavily

focused regions being the impact of variants on cis-regulatory elements, pseudogenes and

transposable elements.



3

Cis-regulatory elements

Cis-regulatory elements, such as promoters, silencers, insulators, and enhancers, are

short sequences within the genome that act as binding sites for other regulatory molecules,

such as transcription factors, and as such are critical for the regulation of gene expression

[87, 201]. As variation in gene expression is a known driver of phenotypic traits of agronomic

interest such as yield [182, 349, 364], abiotic stress responses [92, 97], biotic stress responses

[352, 372], and crop development [352, 389], these largely uncharacterised sequences are

an overlooked area for sources of genomic variants of functional signi�cance [77]. For

example, [182] found that rare variants in cis-regulatory regions were tied to dysregulation

of gene expression in maize, which negatively a�ected seed weight. They also found a

relationship between gene expression and the distance of the variant from the gene, with

variants in proximal promoters being associated with down regulation and variants in

distal promoters being associated with up regulation. This helps us understand not only

which phenotypic e�ects are resulting from gene dysregulation, but the also the relationship

between variant location and the impact on gene expression levels which could be useful for

the classi�cation of variants found within cis-regulatory regions. [294] was able to take such

studies one step further by engineering novel cis-regulatory alleles for three tomato genes

which controlled various fruit traits including fruit size, in
orescence architecture and plant

growth, demonstrating the practical implications of characterising the impact of sequence

variants on agronomic traits of interest.

Pseudogenes

Pseudogenes have been regarded as genomic relics, having once been functional genes

that have since become deactivated [315, 366]. Considering these sequences are no longer

functioning in their genetic capacity, they are generally subject to neutral evolution and so

gather mutations over time with little to no consequence [114]. Pseudogenes have been
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described in the literature as \evolutionary hotspots" for the generation of genes with

potentially novel alleles [114] and as a \playground for innovation' [277]. Due to their rapid

mutation accumulation, with respect to the portion of the genome under selective constraint,

they are a rich source of genetic variation. However, whether such mutations are of functional

signi�cance has recently become an area of considerable interest in the literature. It

does appear that mutations accumulated here do have the potential to have phenotypic

consequences as not only are some pseudogenes exhibiting active expression, their upstream

regions are rich in cis-regulatory elements and are the origin of a number of non-transposable-

element regulatory ncRNAs [114, 366, 367]. Genetic expression does not necessarily mean

such sequences are functional as they can be post-transcriptionally silenced. However, [367]

argues such transcription is unlikely to be transcriptional noise, given that pseudogenes

exhibit speci�c expression patterns including responses to abiotic stresses. This argument

was recently bolstered by the results of [288] who found that the Arabidopsis epigenome

responded to cold and drought stress via chromatin modi�cation to pseudogene-rich regions.

In particular, drought-stress was associated with histone modi�cations consistent with the

opening of chromosomal regions containing pseudogenes located in the pericentric regions.

Precisely which pseudogenes have functional signi�cance, what functions they perform, and

how they have obtained or maintained such activity remains to be shown. This area of

research is evidently in its infancy, and so the impact of variants residing pseudogenized

regions may have been overlooked. While the fruitfulness of gathering variant data for such

regions is unknown, variant data is required to compliment functional data obtained via

epigenomic and transcriptomic methods, to provide evidence for functionality and so is a

necessary exploration. Given such data gathered from plants exhibiting a phenotype of

interest, and it may be possible to infer trait-related functionality for sequences previously

thought to be nothing but molecular relics.
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Transposableelements

Transposable elements are genetic sequences with a bad reputation. Sometimes labeled

as \sel�sh elements" that propagate themselves thorough the genome, either via a \copy

and paste mechanism" or a \cut and paste mechanism", they were regarded as destructive

elements capable of disrupting coding region sequences deleteriously [4, 69]. However, recent

research has shown this reputation to be a little unfair. While all the above is true, they

can be functionally useful, providing bene�ts to the organism in whose genome they reside.

As a signi�cant portion of crop genomes are comprised of TEs (wheat and maize 85%,

barley 80%, rice 41% ), their functional signi�cance in the genome and their relation to

traits of agronomic interest is of paramount interest [199, 323, 360, 361]. It appears TEs

are functionally important both directly and indirectly. Directly, TEs can cause phenotypic

changes by disrupting functionally important sequences, disrupting gene translation and a

by causing alterations in phenotypes such as the gain of brittle rachis in semi-wild wheat

populations [89, 161, 206]. Transposable elements can also contribute to phenotypes via a

process known as \exadaption" or \molecular domestication", where they lose their ability

to transpose and become regulatory sequences [28, 46, 69, 142, 163, 275]. These have been

observed to infer phenotypes of agronomic interest in crops. For example, a type of TE

known as MITES have been observed to contribute to the miRNA response of wheat during

a powdery mildew infestation [275]. [163] found that exadapted TEs, particularly MULEs,

were functional in response to abiotic stresses including phosphate starvation, salt stress,

cold stress and arsenic toxicity identi�ed via a phenomics and reverse genetic engineering

approach in Arabidopsis thaliana. This study also showed that while some exadapted TEs

are show stress-speci�c functionality, others were generalists, and it appears that TE families

respond to similar stressors [163].

Indirectly, TEs are capable of causing functionally signi�cant structural variants via

their insertions and deletions as they transpose around the genome causing double-stranded
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DNA breaks [140, 336]. These double-stranded breaks may be prone to erroneous repair,

thus leading to the introduction of genetic mutations [28, 46, 220]. They may also cause

recombination errors due to their highly repetitive nature and sequence similarity with other

TEs dispersed throughout the genome, both of which can result in large-scale structural

alterations including deletions, duplications, inversions and translocations [28, 46, 336].

Such large-scale variants have the capacity to cause functionally signi�cant genomic changes

including alterations to genetic dosages and locations, and modi�cations to gene and genome

structure [109].

It appears that TEs, as the fastest evolving genomic sequences with the propensity

to cause small and large-scale genomic changes are a key source of genomic variation

between phylogenetically close species, and even individuals, with some TEs providing

lineage- or species-speci�c sequences with can contribute to variations in stress responses

[28, 89, 190, 202, 275]. Bizarrely, there is also evidence within plant genomes that TEs

can be acquired horizontally, as opposed to the usual vertical transmission of genetic

information with accompanying phenotypic alterations. Examples include the TE known

as \Rider", which was horizontally transmitted from asparagus, giving Roma tomatoes their

characteristic, elongated shape, SORE-1 which in soybean induces photoperiod insensitivity

and Raider in maize, which is associated with the up-regulation of genes in response to UV

stress [121].

Structural Variants

Unfortunately the detection of structural variations (SVs), either TE-induced or not,

is out of the scope of the vast majority of the aforementioned reduced-representation

approaches, which are usually only capable of identifying single nucleotide polymorphisms

(SNPs) and small insertions and deletions (InDels) [150]. Structural variants are considered

to be genetic variations larger than 50bp and includes variants such as copy number variants
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(CNVs) and presence-absence variants (PAVs), both of which are critical for plant genomics

research, especially for the characterisation of crop pan-genomes [31, 88, 122, 149, 214, 235,

331]

While structural variants are less numerous than smaller variants, they have propensity

to cause much larger genomic e�ects because they impact many functional sequences

simultaneously. Structural variants are widespread within the genomes of rice, wheat, maize,

barley and other crops and have been tied to numerous agronomically important phenotypes

[3, 12, 12, 109, 111, 348].

Interestingly [13] found no overlap in their mapped high con�dence SNP and SV loci,

and more concerning still, discovered an SV loci to be the responsible agent for a phenotype

of interest that was previously thought to be tied to a SNP. Further, [90] found that SNP-

based approaches are incapable of capturing TE insertion polymorphisms which as discussed,

represent a signi�cant pool of phenotypically-important genetic variation.

While there remains a need for other studies to characterise the whether such disparity

between SNP and SV loci tied to phenotypic traits is present for other genomes, it does

highlight a major advantage of a whole-genome-capture method; all forms of variants, across

all genomic loci can be captured simultaneously.

Whole-GenomeVariant Hunting

Whole genome sequencing (WGS) is the only method that is capable of capturing the

full suite of genetic variations present within genomes. However, it does present with added

complexities from an data analysis standpoint. WGS data is massive and contains complex

genomic architectures. Given the increased costs incurred by using WGS over reduced-

representation approaches it is essential that the data is used to it's fullest extent. To that

end, there are two primary strategies to extract whole genome variant data from WGS:

Alignment-to-reference strategies andde novogenome assembly.
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It is important to note that the following section is written with short-read Illumina

sequence data in mind. While long-read sequencing data can solve many of the issues caused

by the use short-read sequencing data , it can be between 5X-12X more expensive and

as such is not yet routinely implemented for whole-genome variant identi�cation ventures

[386]. Further, the vast majority of whole genome sequencing data deposited in the sequence

read archive (SRA) are from short-read sequencing platforms. This freely available data

presents an opportunity for re-exploration of variants using novel methods which may reveal

previously uncharacterised variation.

Alignment to reference

The alignment to reference strategy involves aligning short reads to a given reference

genome. Traditionally speaking, this reference genome is a single, linear, haploid repre-

sentation of the genome of interest. Recently however, there has been some movement in

transitioning to alignment to a reference genome augmented with known genetic variation,

often using a graph structure.

The purpose of this transition is to mitigate the \reference-bias" problem. This problem

refers to the fact that sequences which are absent or su�ciently divergent from the reference

sequence will not align and are generally excluded from further analysis [25, 331, 338] A

graph-based reference mitigates this problem by more accurately representing the known

diversity of a genome and so providing more possible sites with which to align the sequencing

data [284].

However, the increase in the number of sites in which to align can be problematic from

a multi-mapping point of view, which is where a read aligns equally well to a number of

genomic loci [176]. In this event, it is not possible to de�nitively determine the genomic

location of the read which negatively impacts downstream variant calling analysis. Multi-

mapping reads are either discarded or given a low-con�dence mapping score which are often
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�ltered out by variant calling algorithms [72, 104]. The graphical reference genome is also

problematic in that storing such a dynamically growing structure, can be computationally

prohibitive, especially given large or genetically diverse genomes [176, 284]. This solution

also does not entirely mitigate the reference bias problem given that there may exist novel

variation in the sequence data which would not be present in the graph structure. This will

be particularly true for genomes which are not well characterised.

The alignment to reference strategy is also problematic for genomes with a high

repeat content, which has occurred either due to polyploidization, smaller-scale genomic

duplications or expansion of repetitive sequences such as those from TEs, regardless of

reference genome representation. This again is due to the multi-mapping problem. If the

genome being studied has a high subgenome similarity or a particularly large repeat content,

the portion of reads that align with high con�dence to a single location is going to decrease.

For organisms like wheat, which is both a polyploid with high subgenome similarity and

contains a repeat content of over 85%, this is a particularly signi�cant problem [361].

De Novo Assembly

De novo genome assembly is a non trivial venture for large, complex polyploids often

requiring terabytes of computational memory and months of run time alongside experimental

parameter tuning to optimise the resulting assembly. For example, the MaSuRCA assembler

requires 30-60 days of access of up to 2Tb RAM and a minimum of 64 cores and 10 terrabytes

of disk space to perform a plant genome assembly up to 30Gb in size [8, 396]. Such a large

amount computational resources for such a long period are not readily available to all labs,

which may prohibit the numerous whole-genome assemblies for large, and complex organisms

required for assembly-based variant analysis.

Further de novogenome assembly is an expensive venture, requiring more than a single

instance of genome sequencing. Often the genome is sequenced at high depth to correct for
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errors, and using a range of insert sizes between paired-end reads so that assemble contigs

can be sca�olded together to form more contiguous sequences. Additionally, long-range

information such as long-read sequencing data, optical maps and genetic maps are used for

ordering, orienting and anchoring sequences to their chromosomes or subgenomes of origin

[11, 212].

Further, the vast majority of de novoassembly algorithms are not designed for polyploid

graph traversal and so cannot correctly navigate the polyploid-induced subgraph structures

that will be present in the assembly graph. The full suite of topological structures that

may be found in a DBG containing polyploid genomes have yet to be characterised in

the literature, but two major subgraph structures have been identi�ed: superbubbles and

complex bulges. Superbubbles are complex acyclic subgraphs which have only one source

and sink nodes between which are highly connected nodes which have numerous solutions

to their traversal [119, 251, 260]. An example can be seen in Figure 1.1. Complex bulges

only di�er to superbubbles in that other nodes not within the bubble or bulge structure

can have edges into the structure, whereas in the superbubble de�nition, the superbubble

is self-contained [251, 297]. This di�erence can be seen in �gures 1.1 and 1.2. Where �gure

1.2, which shows a complex bulge, has nodes coming into, and out of, the bulge structure,

�gure 1.1 showing a superbubble shows a self-contained complex bubble structure.

It is likely even smaller and simpler subgraph structures are inappropriately handled for

polyploid genomes. For example, bubbles in assembly graphs are often popped and merged

but the assembly algorithms into a single consensus sequence, under the assumption these

bubbles are either caused by sequencing errors or haplotype variants for a diploid genome

[251, 314, 376, 396]. Such an assumption is incorrect for polyploids, and may represent a

sequence variant between subgenomes in an otherwise identically shared sequence. Such

a traversal for a polyploid would mean that the subgenomic sequences are merged into

one, representative sequence and are output as a single contig. What should happen here
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Figure 1.1: A visual representation of a superbubble structure, from [251]

Figure 1.2: A visual representation of a complex bulge structure, modi�ed from [297]

for a polyploid is that the graph should be navigatedn times, wheren is the number of

subgenomes, with each subgenome traversing either a side of bubble according to coverage (i.e

if coverage only allows one traversal of a side of the bubble). This traversal would result inn

contigs which would contain either of the two variants the bubble represents, as is appropriate

for a polyploid organism with n subgenomes. Failure to navigate a polyploid de Bruijn

graph appropriately will lead to a heavily fragmented assembly containing misassembled

fragments, particularly chimeric contigs (where disparate parts of di�erent subgenomes are
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stitched together), collapsed shared subgenomic sequences and collapsed repeat sequences

[20, 22, 204]. Evidently, this is not a favourable outcome for comparative genomics facilitated

variant discovery.

There does exist a single genome assembler designed for polyploid genomes, w2-rap,

which was designed for the wheat genome [71]. However, it still requires signi�cant resources

and also requires speci�c Illumina sequencing protocol and accompanying long mate-pair

data. Further it has yet to be publicly benchmarked on a range of polyploid genomes, with

its performance having only been tested on human and mosquito data.

A �nal option does exist for polyploid assembly, which is haplotype assembly. In

this approach, de novo haplotype assembly attempts to assemble haplotypes separately

to prevent their collapse in an assembly graph [23, 115, 136, 186]. However, only one

seems to be designed for non-diploid polyploids, and it has only been tested on simulated

tetraploid gene fragments [136]. It seems that haplotype assembly is a great challenge using

in silico approaches only. In fact, this remains true even when additional genomic data is

used. The recently released phased tetraploid potato assemblies utilised a combination of

genomic information including phased markers, long reads and synteny data to achieve their

genomic assemblies [145]. Even given all of this genomic information a signi�cant amount of

assembled, and even chromosomally assigned, data remains unphased.

Colouredde Bruijn graph approaches

Given the pitfalls and complexities associated with both genome alignment- and

assembly-based approaches, a novel approach to variant �nding within polyploid crops is

most certainly required. A potential solution could be the implementation of a coloured de

Bruijn graph (cDBG) strategy. A coloured de Bruijn graph (cDBG) is an expansion of de

Bruijn graphs which are most notably used in genome assemblies. In a classic DBG genomic

information for a single individual or species, usually in the form of reads, is broken up into
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k-mers. These k-mers then becomes edges in the graph, with the graph nodes representing

the k-1 overlap between the k-mers. Theoretically, one could then take a Eulerian walk (visit

all edges once) in the DBG to reconstruct the genome from the fragmented reads and k-mers

[75].

cDBGs expand the DBG structure to enable multiple individuals or species to be

included in the same graph. They achieve this by using colours to denote which individual

contributes the k-mer information in the graph. As such, one could perform individual

assemblies by taking a Eulerian walk through the graph for edges which are coloured to

correspond to that individual. However, cDBGs are designed for variant �nding rather than

assembly. To achieve this, cDBG variant �nding algorithms harness the colour information

and variant-induced graph topologies to identify variants between the individual graph.

Variant-induced topologies include bubbles induced by SNPs where a colour, or set of colours

traverse the nodes at the top of the bubble, and the remaining colours traverse the bottom

of the bubble [152]. An example can be seen in �gure 1.3. In this simple example, the

two alternative paths (orange and blue) can be traversed to assemble the variable genomic

sequences. The traversal of the graph can then cease when all of the colours converge onto

a single node, which means the variant has been traversed and the sequence is once again

identical.

Other larger and more complex variants can form much more complex topologies in the

graph, but these are still algorithmically identi�able as di�erentially-coloured alternative

paths in the graphs.

Unfortunately cDBG-based variant �nding is computationally expensive to implement

due to the sheer computational overhead required to construct and store a de Bruijn graph for

multiple genomes and the node colours. In fact, the node colours often require signi�cantly

more space to store than the actual graph structure as they naively require as each node or

edge in the graph can have multiple colours associated with it [10, 170].
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Figure 1.3: An example of coloured de Bruijn graph in which we can take two alternative
paths in the graph to construct genetic variable sequences

A lot of recent research e�ort has gone into making coloured de Bruijn graphs more space

e�cient since their introduction to comparative genomes by [152], although largely the focus

has been on mammalian and microbial genomic applications. One of the �rst improvements

on Cortex, the �rst coloured de Bruijn graph for variant calling was Vari, which uses a

succinct de Bruijn Graph Structure, known as the BOSS representation and binary matrix

to store colour relationships where rows are the graph vertices (k-mers), and columns are the

colours [236]. This binary matrix is then compressed by the Raman-Raman-Rao or Elias-

Fano encoding, which performs very well for the sparse colour matrices (i.e. most k-mers are

unique) [10, 236]. However, while this representation is e�cient, Vari has to �rst construct an

uncompressed version of the colour matrix which required terabytes of space when tested by

[10]. This signi�cant bottleneck was addressed by Rainbow�sh, who developed a 0th-order

entropy-based compression strategy, which reduces the memory requirements of constructing

the coloured de Bruijn graph 20X over Varis implementation[10]. This was then further

improved by [144] who developed Bifrost, a high-parallelized and e�cient coloured de Bruijn

graph constructor which uses 20X less memory than Vari. It achieves this by using a bloom
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�lter to represent the de Bruijn graph and one of three di�erent colour representations to

compress the colour annotations for the graph. A bloom �lter is a probabilistic data structure

that, when queried will either return a \no" or a \maybe". This \maybe" reply comes from

the fact that being a probabilistic data structure, it is prone to false positive and as such,

cannot de�nitively answer if data is present. The rate of false positive can be controlled,

with a trade-o� that a reduction in false-positives comes with an increase in data structure

size [262]. The three data structures Bifrost uses for representing the colour matrices are a

binary matrix, like Vari, a compressed bitmap and a roaring bitmap [144]. Precisely which

data structure is used is dependent on the size of the graph and colours.

Recently an even more e�cient cDBG constructor and traversal strategy was developed

by [170]: Metagraph. MetaGraph was designed to construct cDBGs for petabytes of data

which they demonstrated by constructing individual cDBGs for every plant, fungi and

bacterial genome deposited in the sequence read archive (SRA). For the plant genome cDBG

they achieved a compression ratio of 139X, reducing 576 terabytes of information into a graph

602GB in size.

Metagraph also implements a novel variant searching strategy called di�erential

assembly. Simply put, di�erential assembly is a strategy that seeks to assemble only those

sequences that di�er between genomes. More formally, given a set of genomic sequences S =

s1, s2,..sn, we can assign each genome a colourC = c1; c2:::; c3 and construct a coloured de

Bruijn graph G = V; E; C [152]. From this graph we can identify which k-mers are present

in one set of of genomes and absent in others. We can then extract and then assemble these

k-mers using traditional, or novel, assembly algorithms. These assembled fragments, by their

di�erential nature, the variants that are present between individuals in the graph.

This novel strategy holds excellent potential for identifying the large and complex

variants that current short-read alignment-based variant calling strategies struggle to identify

without the expense of assembling the whole genome that a traditional assembly-base variant
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strategy requires.

Scopeof this work

In this work I seek to explore novel strategies for variant calling algorithms that address

the various needs outline in this introduction. This includes the need to identify variation

in repetitive and complex genomic regions, alongside the need to balance such explorations

with the high computational complexities associated with variant analysis.

In chapter one, I demonstrate that the metagenomic problem of sequence classi�cation

and clustering can be applied to identify repeatome-driven subgenome sequence di�erentia-

tion. I extend this by implementing a metagenomic strategy to perform B-chromosome and

A genome comparison sequence comparison for the Maize (Zea mays) and RyeSecale cereale

genomes.

In chapter two I explore the utility of subgenome-speci�c k-mer pro�les for previously

unanchored contig recruitment. I demonstrate that global subgenomic signatures of allo-

hexaploid bread wheatT.aestivum are excellent features for unassigned contig recruitment

and that classi�cation success is largely dependent on k-mer size and seemingly indi�erent

to contig size or false-positive mitagations strategies developed by [262].

In chapter three I perform a critical review of modern graph-based variant calling

approaches for crop genomes. The advantages and disadvantages of the approaches are

discussed in context of crop genome size and architecture and an assessment of currently

available graph-based variant calling approaches is performed. I enhance this review by

proposing a novel algorithm for di�erential-assembly-based variant calling approach.



17

K-MER SPECTRA FOR COMPARATIVE GENOMICS

Comparative genomics is a highly complex, yet critical venture that underpins our

understanding of genome function and evolution. The complexity of such comparisons

arises out of both the biology and the technology being used. Biologically speaking,

complexity arises from genome evolution. Any event (i.e., mutation) which disrupts the

linear order of nucleotides complicates any comparisons with another string of nucleotides as

it prevents a simple nucleotide-by-nucleotide comparison [395]. Instead, the complex process

of sequence evolution, which features numerous linear-ordering disrupting events, such as

single nucleotide polymorphisms (SNPs), insertions and deletions (InDels), copy number

variations (CNVs) and translocations, has to be taken into consideration[5, 344, 395].

An example of such mutations can be seen in �gure 2.1. In �gure 1A there is an equal

trinucleotide substitution that is detectable via a linear pair-wise scan of the bases in the two

sequences. However �gures 1B-1D, which show a trinucleotide deletion, translocation and

CNV to the lower sequence respectively, show that these mutations are not detectable via the

same linear pair-wise scan of the bases. In fact failing to account for non-substitution-based

mutations leads to calling erroneous variants further downstream.

As such, numerous algorithms have been developed to allow for pairwise alignment

of sequences with gaps. Figure 2.2 shows an alignment of the same sequences as �gure

2.1, but with gaps which allow for the correct identi�cation of the mutations. Two of the

most famous are the Needleman{Wunsch [247] and Smith-Waterman algorithms for pair-wise

alignment of sequences [247, 317]. However, with the added bene�t of handling the biological

complexity of non-substitution-based mutations comes with an increase in computational

complexity. While a pairwise linear scan of two sequences will take as long as the longest

length of the two sequences, known asO(N ) using formal computer science notation, the

number of possible gapped alignments of two sequences is (2N )!=(N !)3 [395]. To navigate
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Figure 2.1: An example of how mutations can disrupt the linear ordering of nucleotides in
a DNA sequence.1A : an equal trinucleotide substitution which causes no linear disruption.
1B : trinucleotide deletion of the \ACC" bases the lower sequence.1C: trinucleotide
translocation of the \ACC" bases on the lower sequence.1D : trinucleotide copy number
variation (CNV) of the \AAC" seqence on the lower sequence. Neither1B , 1C or 1D is
detectable via a linear pair-wise scan of the sequences to detect variants.

this computational complexity, algorithms like Needleman{Wunsch and Smith-Waterman

implement dynamic programming strategies which guarantee to return the mathematically

optimal solution while only having a computational complexity of takeO((MN ) + ( N )) and

O(MN ) respectively, whereM and N are the length of the two sequences [24, 395]. Although

numerous developments have been made to make sequence alignment less computationally

costly, they still do not scale well to the size of genomes.

Should there be more than two biological sequences to compare, the problem becomes a

multiple, rather than pairwise, sequence alignment problem which results in another increase
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Figure 2.2: An example of how di�erent mutations could be modeled linearly when gaps are
allowed.

in complexity. For a comparison of any more than two sequences the problem becomes

NP-hard and so any solution requires the use of heuristics which are not guaranteed to

return a mathematical optimal solution [350]. The progressive alignment algorithms that are

frequently applied to the multiple sequence alignment (MSA) problem requireO((k4)+( N 2))

time, where K is the number of sequences to compare andN is the length of the longest

sequence [24] and are prone to getting stuck in a local optimum. Given 3 genomes of

Arabidopsis thaliana with a median genome size of 120Mb, the number of computations

required would be 34 + 1200000002 = 1:44� 1016, which if each computation took a second,

would take over 456,621,005 calendar years to complete. Clustal Omega, a popular, more

recent, multiple sequence alignment algorithm, has a time complexity ofO((NlogN)). Given

an Arabidopsis thaliana genome with a median genome size of 120Mb, this would require

almost a billion operations [313]. If each operation took a second to complete, that would
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be 31 years of computation.

Given this prohibitive timescale, much e�ort was put into the development of algorithms

that would enable whole-genome alignment. One of the most popular tools to emerge from

this is MUMmer. MUMmer works by identifying regions between the two genomes which

are both exact matches, and which occur only once in each genome [81]. These sequences

are called \maximally unique matches" or \MUMs" because extending them any further

left or right in either sequence, will cause them to no longer match exactly [81]. These

\MUM"s act as anchors between which the sequences can then be locally aligned using a

pairwise alignment algorithm to �nd the variants. The MUMmer program has gone through

a number of di�erent development cycles since its �rst release in 1999, the most recent of

which, MUMmer4, is most e�cient in terms of time and space [81, 82, 185, 224]. In this

iteration, MUMmer uses a su�x array to construct an index of one of the two genomes

to be compared. Following index construction, MUMmer \streams" the second against the

su�x tree without actually adding it (which reduces space requirements for sequence storage

by at most half) to �nd the MUMs [224]. The identi�ed MUMs are then clustered by their

coordinates in the �rst genome and the aforementioned Smith-Waterman algorithm is used to

align the sequences which fall between the MUMs. It is from this alignment that variants can

then be identi�ed. The time complexity for this strategy isO(N ) for su�x array construction

where N is the length of the sequence used for construction,O(M ) for the time taken to

stream the second sequence against the su�x array,O(A) for the clustering step, thereA is

the number of MUM's or \anchors" and O(A(MN )) for the local alignments between each

MUM. MUMmers strategy makes it both very space and time e�cient, requiring less than

4 minutes and approximately 1.8 Gb of RAM given that MUMmmr4 requires only 15 bytes

per base to store the su�x array of one of the genomes to be compared[224]. For a larger

genome such as wheat, the space and time requirements would be approximately 218GB and

480 minutes respectively given a genome size of 14,195,643,615bp (as reported for IWGSC
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v2.0).

However, despite the impressive feats of engineering demonstrated by the authors

of whole-genome alignment strategies, such as MUMmer, alignment is a 
awed approach

for the identi�cation of genomic variation and determination of evolutionary distances

between whole-genomic sequences [394, 395]. The major problem is that alignment strategies

inherently assume sequence collinearity [85, 395]. That is, they assume sequence evolution

can be modeled by a series of matches, mismatches and gaps on a linear sequence [395]. As

such, they can only model smaller evolutionary changes such as substitutions and InDels.

The larger, more complex mutations, such as duplications, inversions and translocations,

that are seemingly inherent to genome evolution, cannot be well captured via alignment

strategies. As such, models of evolution, for which phylogenetics and genomics often rely on,

only consider sequence substitution changes between sequences to determine evolutionary

time and distance[40, 210, 219].

This may be particularly problematic for crop genomes. Not only are crop genomes often

large, which will increase the computational cost of an alignment-based evolutionary analysis,

but they also often very complex. Much of the size and complexity of these genomes can be

attributed to transposable elements (TEs) which make up the vast majority of many crop

genomes [360]. TEs are known to undergo various expansions and radiation events, which

can dramatically alter the genomic landscape [36, 45, 74]. Even when they are silenced via

epigenetic modi�cations, they can still provide added complexity via continued expansions

and rapid accumulations of mutations [187, 391]. Alignment algorithms are known to perform

particularly poorly in regions of low sequence homology and given that these regions are

home to a highly diverse ecosystem of TE-repeat families, alongside their propensity for

collinearity-violating evolutionary events (i.e. duplications, inversions and translocations),

it is reasonable to infer that such regions are unlikely to align well across genomes [5, 74,

323, 397].
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Polyploidy also plays a major role in crop genome comparison complexity. Not only

does having additional sets of chromosomes complicate comparisons, but the process of

polyploidisation itself is capable of having profound e�ects on the genome at the nucleotides

level. From chromosome shattering and major structural rearrangements, to fractionation-

driven pseudogenization and TE radiations alongside various deletion events, the process of

polyploidisation has been aptly described as a \genome collision event" [21, 43, 55, 217, 253,

298].

Given both of these factors, it seems crop genomes are particularly ill-suited to

alignment-based sequence comparison and may instead bene�t from alignment-free ap-

proaches to determine sequence similarity. While alignment-free approaches are not capable

of returning the base-pair resolution of variants which can be identi�ed via alignment-based

approaches, they are highly scalable and are unphased by regions of poor homology or

complex mutations and as such are far better suited to detecting evolutionary signals in large,

complex genomes [148, 344]. With well over 100 alignment-free methods to choose from, the

application of alignment-free approaches to the genomic comparison and investigation of

crop genomes has the potential to become an area of major research interest [395].

K-mer based comparison of genomes is currently the leading alignment-free strategy

for sequence comparison [395]. Generally speaking, these strategies work by shredding

the genomes into distinct sets of overlapping sequences of lengthk, known as k-mers, and

projecting them into vector space. This enables their analysis by robust and rapid statistical

measures such as the Jaccard similarity and cosine similarity metric. The Jacccard metric is

particularly intuitive as it simply enumerates the k-mers that each pair of sequences of have

in common and divides it by the total number of k-mers. More formally this is described

as taking the intersection of the two of k-mers and dividing by the union of the same sets,

which is described in equation 2.1 [375]. The cosine similarity metric (seen in equation 2.2)

is equally simplistic but can be a little more di�cult to visualise. In this metric, the observed
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frequencies of k-mers are stored as vectors and the cosine angle between them is taken as a

measure of similarity [233, 312]. This measure has the advantage in that it is not concerned

with the magnitude of the vector, which refers to the number of distinct k-mers, which is

often in
uenced by the length of the sequence [54, 233, 312, 375]. As such, it is possible to

compare sequences of varying length without introducing sequence length-based bias. The

Jaccard similarity does not have this advantage and so care has to be taken to ensure the

measure of similarity is not being biased by sequence length discrepancies. Both measures

return a value between 0 and 1, where 0 indicates the sequences have no k-mers in common

and 1 indicates they are identical.

J (AB ) =
A \ B
A [ B

(2.1)

similarity (AB ) = cos � =
A � B

kAkkBk
(2.2)

However storing the entire set of genomic k-mers can be prohibitive given that genome

space theoretically grows at a rate of 4k . While genomic k-mer surveys have demonstrated

that for su�ciently large k, genomes contain only a small portion of all possible k-mers, the

number of k-mers they do contain is still sizable [54]. Given that k-mer based research is

at the core of many critical computational biology applications, such as genome assembly,

genome annotation, short-read sequence alignment, estimation of genome characteristics,

contamination detection and genotype-phenotype linkage, much research e�ort has gone

into developing e�cient strategies for k-mer storage and analysis [75, 98, 179, 188, 207, 221,

255, 281, 293]. Despite these e�orts, the analysis of whole-genomic k-mer sets for sequence

similarity detection is still problematic, given the quadratic (all against all) nature of the

pairwise similarity calculations required.

As such, in this work we utilise alignment-free, k-mer-based comparison of genomic
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sequences. We do this by reframing the problem of polyploid subgenome-comparison

as a metagenomic problem and are thus able to take advantage of the computational

advances for e�cient sequence comparison made in this area. Speci�cally we show that the

rapid and highly-scalable minhashing method, which is commonly used for metagenomic-

based comparison and classi�cation of sequences, is capable of revealing subgenomic and

genomic relationships previously described in the literature and as such holds promise for

determination of relationships between sequences and progenitor screening for crop genomes.

Hijacking a rapid and scalablemetagenomicmethod for crop comparativegenomics

highlights subgenomedynamicsand evolution

Abstract

Large, and often complex, polyploid genomes present numerous problems for whole-

genome comparative analysis. The sheer size of these genomes can present signi�cant scala-

bility issues requiring extensive computational resources. Further, their genomic complexity,

in terms of their repetitive landscape and numerous collinearity-violating evolutionary

events make them poor candidates for traditional linear-based whole-genome comparative

strategies. In this work, the problem of intra- and inter-genome comparison for polyploid

genomes is reframed as a metagenomic problem enabling the use of the rapid and scalable

MinHashing approach for polyploid crop comparative genomics. This novel approach reveals

literature-veri�ed subgenomic and genomic evolutionary relationships and holds excellent

promise as a tool for rapid screening of progenitor genomes. An detailed examination of the

sequences responsible for the observed relationship between sequences points to the complex,

and rapidly evolving, landscape of transposable elements. An extensive investigation into

the MinHashing parameters reveals the MinHash generated genomic signatures are excellent

approximations of sequence similarity which are little a�ected by the size of genomic

signature generated. Further, the clustering approach used for comparison of the genomic
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signatures is scrutinized to ensure applicability of the metagenomics-based method for crop

genomes. In all, the MinHashing-based sequence comparison strategy implemented in this

work is an excellent, novel, approach for comparative subgenomics and genomics for large

and complex polyploid plant genomes.

Introduction

Whole-genome sequence comparison is a computationally complex venture, that despite

decades of research, its optimisation, both computationally and biologically, is still an open

problem. Biologically speaking, alignment-based comparative genomics is complicated by the

complex process of genome evolution. Structural mutations, such as translocations,inversions

and duplications, disrupt the linear of ordering of nucleotides within a genomes preventing

a pair-wise linear nucleotide-by-nucleotide analysis [5, 344, 395]. While for a pairwise

alignment of sequences mathematically optimal solutions exist, such approaches scale poorly

for large sequences, necessitating the use of heuristic algorithmic approaches which do not

make the same guarantees [62, 350, 395].

However crop genomes, which feature some of the largest and most complex genomes

known, can stretch the scalability of whole-genome comparison strategies. This is especially

true given hardware limitations to store the genomic indices many whole-genome comparison

approaches require to make comparison within in a reasonable time feasible [224, 267].

Further, the complexity of crop genomes presents numerous problems for alignment-based

whole genome comparisons, which assume sequence collinearity and perform poorly in areas

of poor sequence homology [394, 395]. Many crop genomes are large, feature a rich and

diverse landscape of transposable elements and have experienced numerous collinearity-

violating events during their evolution, such as polyploidization-induced structural changes

[83, 360].

However despite these challenges, comparative genomes lies at the heart of research
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e�orts to ensure global food security. Via comparative genomic strategies, variants which

underpin traits of agronomic interest can be identi�ed and integrated into novel crop varieties

to meet 21st century needs [1, 184, 238, 346] As such it is imperative to identify methods from

which sequences of interest may be identi�able. It is also critical that a better understanding

of subgenome diversity, evolution and dynamics is developed. Polyploid genomes are some of

the most complex to unravel, with bioinformatic analysis' complicated by their large size and

sequence complexity. However, these highly dynamic genomes are responsible for some of the

worlds most critical crop production and as such, it is imperative strategies are developed

which enable accurate and e�cient genome comparison [186, 240].

In this work, we reframe the problem of sequence comparison for polyploid genomes as a

metagenomic problem which enables us to take advantage of the highly scalable, alignment-

free approaches the metagenomic community has developed for rapid, but accurate, sequence

comparison and classi�cation. MinHashing is a form of locality sensitive hashing which aims

to place similar objects in similar bins [223]. In terms of sequence analysis, these objects are

genomic sequences.

MinHashing approaches start by k-merizing the sequences (splitting the genome into

overlapping subsequences of length k) and then using Hash functions to generate a numerical

representation of the k-mers. These k-mers are then down-sampled, using a range of

approaches. MASH uses a bottom sketch approach in which the k-mers are sorted into

desending order, and the bottomn sketches are kept to form the genomic signature, wheren

is a user-parameter [250]. In contrast, Sourmash uses the modulo hashing approach. In this

strategy k-mers are hashed to 64-bit numbers after which those numbers which fall below

the maximum 64-bit values (264 � 1) when divided by the scale factor (i.e., 264 � 1
scalefactor ) are

kept [50, 270]. Scale factor is a user-controlled parameter with a default value of 1000 for

Sourmash, which would downsample the genome by keeping approximately 1 in every 1000

k-mers.
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Minhashing provides two di�erent experimental avenues: k-mer composition or k-

mer frequency-based comparison of sequences. K-mer composition is concerned only with

documenting the k-mer spectrum present in the sequences. K-mer composition-based

sketches are suited to set analysis, and statistical approaches such as the Jaccard index

are used to estimate the level of shared sequence content between the sequences [250, 270].

K-mer frequency-based sketches take this a step further and record the frequency of the

observed k-mers in the sequences [270]. These frequency-based sketches are better suited to

vector-based statistical strategies of comparison, such as the cosine similarity. Both strategies

have been extensively applied to metagenomic-based sequence comparison but little work

has been done to apply these strategies to comparative crop genomics and subgenomes

[2, 139, 172, 268, 300].

In this work, we explore both the k-mer composition- and frequency-based MinHashing

strategies to reduce the computational overhead of large sequence analysis, and apply it to

the problem of inter- and intra-subgenomic and genomic comparison to uncover patterns of

polyploid genome dynamics and evolution. We also perform a comprehensive assessment of

the impact of MinHashing parameters on biological discovery and assess the suitability of

the direct application of MinHashing strategies developed for metagenomics for polyploid

comparative genomics.

Methods

All allopolyploid, autopolyploid and segmental allopolyploid plant genomes were

checked for chromosome-scale assemblies in NCBI Genbank [249]. If multiple assemblies

were available, the NCBI reference assembly was chosen. If multiple species were available

but were considered the same crop with the same polyploid structure (e.g. tetraploid cotton),

a single domesticated and wild (if available) genome was chosen. All genomes (Table D.1)

were downloaded from NCBI [249] with the exception ofSolanum tuberosum, which was
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downloaded from spudDB [141]. Chromosomes were separated from the bulk assembly �le

using an in-house Python script available fromhttps://github.com/Glfrey .

Sourmash version 4.0.0 [270] was used to generate MinHash k-mer signatures for each

chromosome for k-mers within k-mer range 4-11 and then 21-61 in increments of 10 with

scale factors of 1000, 500, 250 and 125. Sourmash was then used to perform k-mer frequency

and composition signatures comparison and plot similarity scores between the chromosomes.

Subgenomicclustering The ability for chromosomes to cluster subgenomically was

assessed visually. If a single or double cut to the hierarchical clustering result (representing

tetraploid or hexaploid genomes respectively) could result in distinct clusters containing

the chromosomes of each subgenome the clustering result was deemed to be subgenomically

correct. Else, it was considered non-subgenomically clustered.

Progenitor clustering Two progenitor clustering tests were performed. The �rst was

performed in exactly the same way as the subgenomic clustering investigations. A visual

assessment of subgenomic and progenitor clustering was performed for genomes with

progenitors with chromosome-scale assemblies available. This includedTriticum aestivum,

its known A and D subgenome progenitorsTriticum urartu and Aegilops tauschii, and its

potential B subgenome progenitorAegilops speltoides. All Brassica genomes were involved in

the subgenomic analysis alongside their progenitors,B.napus,B.juncea,B.carinata, B.olecera,

B.rapa, and B.napus. The peanut genome analysis includedArachis hypogaeaand its

progenitorsArachis duranensisandArachis ipaensis. If the subgenomes and their progenitors

were clustered together such that a single cut could be made to separate each of the

progenitors and their donated subgenome from the rest of the clusters they were considered

to be clustered according to their hybridization history.

A second test was performed using whole genome signatures in place of chromosome

signatures for the species used by [200]. Whole genome signatures were generated in the same
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manner and for the same ranges as the chromosomal signatures and signature comparison

and clustering performed by Sourmash in the same manner also. A visual comparison of the

hierarchical clustering results against the phylogenetic tree produced by [200] was performed.

Detailed clustering analysis To investigate the causal sequences behind the clustering

results, and to properly identify the optimal subgenomic clustering strategy a second, more

detailed analysis was performed for those sequences with repeat-masked genomic sequences

available. The repeat-masked, and non-repeat-masked chromosomes were downloaded from

Ensembl Plants and repeat-masking completeness assessed via a custom Python script which

enumerated the number of \N"s in the assembly �le.

Sourmash version 4.0.0 [270] was used to generate MinHash k-mer signatures for all

sequences for odd k-mers within k-mer range 3-61 and with scale factors of 1000, 500, 250

and 125. Sourmash was then used to perform signature comparison between the chromosomes

for both k-mer frequency and composition.

The resulting csv �le containing pairwise similarity scores was then downloaded and

analysed using R Studio 3.6.1(2019-07-05) [296]. Hierarchical clustering was performed for all

k-mers and all scale factors using hclust from the stats package for single, complete, average

and Ward.D linkage schemes. The resulting dendogram that best �t the underlying similarity

matrix was determined using cophenetic correlation strategy from the stats package. Final

clustering with the appropriate scheme and heatmap construction was performed using

ComplexHeatmap [127]. Cuts equal to those expected from the number of subgenomes

was then performed using ComplexHeatmap and a visual check of chromosome membership

to expected subgenomic clusters was performed. If the chromosomes were correctly clustered

according to their chromosomes, the dendrogram cut height was recorded for each cut used

to separate the subgenomes. For a tetraploid this would be a single cut to separate the two

subgenomes, where for a hexaploid this would be two cuts.
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Given that T.aestivum is an allohexaploid for which the hybridization timescales and

evolutionary relationships are known, the subgenomic clustering correctness is also assessed

by the ability for subgenomes A and B to cluster together, with the D subgenome as an

outgroup.

Plots describing the relationship between k-mers and dendrogram cut height and

cophenetic correlation were constructed using ggplot2 [362].

Results

Subgenomicclustering: k-mer frequency Nearly all allopolyploids show some level

of subgenomic clustering across the sampled k-mer frequencies from k=7 onwards. No

polyploids showed any clustering ability before k=7, with similarity scores being identical for

all chromosomes.T.dicoccoides, T. turgidum, B. carinata, G.hirsutum and G.tomentosum

clustered subgenomically across all sampled k-mer ranges from k=7-k=61.Figures 2.3 (A-C),

2.4 (A,B) and 2.5 (A-C) give an example of these subgenomic clustering results.

These �gures show that while these species all cluster, they do so in di�erent ways.

Where the Triticum spp show exceptionally high intra-subgenomic similarity and high inter

subgenomic similarity (�gure 2.3 A-C), others exhibit far less sequence similarity (e.g.

Brassica spp, �gure 2.4 A-C), and others exhibit unequal subgenome similarity (Brassica

spp, �gure 2.4 A-C), Gossypium spp, �gure 2.5 A-B).

T.aestivum clustered subgenomically for all sampled k-mer ranges from k=8 onwards,

with k=7 showing subgenomic clustering with the exception of chromosome 4B, which formed

an outgroup. B.juncea and B.napus subgenomically clustered for 6 of the sampled k-mer

ranges. The ability of B.juncea to subgenomically cluster was interrupted by chromosome

A1, which became an outgroup for k=8, 9 and 10 and chromosomes 5 and 6 which were

outgroups at k=11. The ability of B.napus to subgenomically cluster was also interrupted

by various outgrouping chromosomes. At k=7B.napusalso showed no subgenomic clustering
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Figure 2.3: Sourmash produced dendrograms and heatmaps forT. aestivum,T. diccoides
and T. turgidum 21-mer frequency (A-C) and composition (D-F)

due to chromosomes being placed in the wrong subgenome (chromosomes A5 and A3) and

chromosome A10 acting as an outgroup.A.hypogeawas only able to subgenomically cluster

for k=21-61. Before k=21, A.hypogeas' subgenomic clustering ability is punctuated by

chromosomes being clustered in with the wrong subgenomes and outgrouping chromosomes.

Chromosome 8 was a notable outgroup, appearing at k=7-10 (Figure 2.7).

The di�erence between the subgenomic clustering ability of the segmental allopoly-

ploids, A.hypogeaand C. arabica can be visualised in Figure 2.7. WhileA.hypogeaexhibits

very high intra-subgenomic similarity, with the exception of the A8 chromosome, and high

inter-subgenomic similarity,C. arabica exhibits a subgenomic similarity for the C subgenome
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Figure 2.4: Sourmash produced dendrograms and heatmaps forB. carinata,B.juncea and
B.napus 21-mer frequency (A-C) and composition (D-F)

that is barely perceptible against the inter subgenomic similarity. The E subgenome also

show low intra-subgenomic similarity. However, a subgenomic clustering structure is present

with the A and C genomes clustered separately, but this structure is interrupted by the 7E

and 3E chromosomes which form outgroups.

Four of the allopolyploids and both autopolyploids showed no ability to subgenomically

cluster using the visual cut criteria (Figures 2.8 and 2.9). NeitherE.tef, C.sativa, nor

P.virgatum or either of the autopolyploids showed any subgenomic clustering structures

throughout the sampled k-mer ranges. However, whileA.sativa did show a subgenomic

clustering structure, they couldn't be cut due to the A and D subgenomes consistently



33

Figure 2.5: Sourmash produced dendrograms and heatmaps forG.hirsutum and
G.tomentosum21-mer frequency (A,B) and composition (C,D)

intermixing (Figure 2.9 D). Chromosome 1A was especially prone to clustering with the D

subgenome throughout the sampled k-mer ranges.

Subgenomicclustering: k-mer composition Only 5 of the polyploid genomes showed any

k-mer composition-based subgenomic clustering capability. These were two of theBrassica

spp (B. carinata and B. juncea) and all of the Triticum species. TheTriticum spp showed a

sequence similarity of 1 for all chromosomes for k=7-11 while the twoBrassica sppshowed

a non-subgenomic clustering structure for k=10 and 11. Sequence similarity was 0 for all

chromosomes for all smaller k-mers. From k=21 onwards, these species showed subgenomic

clustering structures as shown in �gures 2.3 (D,E) and 2.4 (D-E). Both heatmaps in the

�gures show very low sequence similarity both intra- and inter-subgenomically.

In place of subgenomic clustering, the remaining polyploids showed homeologous

chromosome clustering patterns from k=21 onwards. For k=9-11A. hypogea, B. napus,



34

C. arabica, C. sativa, both Gossypium sppand S. tuberosumshowed no homeologous or

subgenomic clustering structures. The same was true but only for k=11 onwards forP.

virgatum, S. spontaneum, E. te� and A. sativa. Below these k-mer values all sequences

showed identical sequence similarity except for k=4-7 which showed no sequence similarity

at all.

Progenitor clustering: k-mer frequency All progenitor subgenomic clustering showed

results from k=7 onwards. Prior to k=7 there is no sequence similarity.

T.aestivum showed clustering results with the progenitor chromosomes consistent with

its evolutionary history with the exception of the potential B subgenome progenitorA.

speltoides[154] (�gure 2.10). Throughout the sampled k-mer range only k=7 and k=10

resulted in the A and D subgenome/progenitor pairs not clustering as expected due to the

presence of outgroup chromosomes, withT. aestivum 4A, 4B and T. urartu chromosome 4

outgrouping at k=7 and T. aestivum 5D chromosome outgrouping at k=10. Both the A and

D progenitor genomes show di�ering clustering patterns with their donated subgenomes.T.

urartu and T. aestivum A subgenome cluster together but in distinct subclusters whereA.

speltoidesand T. aestivum D subgenome cluster together in homeologous pairings. This

contrasts with the relationship betweenT. aestivum B subgenome and potential progenitor

speciesA. speltoides [200] for which there are k-mer-size dependent changes in clustering

patterns. For k=4-11 A. speltoidesclusters with T. aestivums B subgenome only twice at

k=9 and 10, although it does remain clustered in this fashion from k=21-61. However, even

when clustered together it is clear from both the reduced colour in the heatmap and longer

branch lengths in �gure 2.10A, that they do not exhibit the same k-mer frequency similarity

that other progenitor genomes and subgenomic pairs do.

All of the Brassicagenomes showed some level of subgenomic/progenitor clustering with

clearly visible unequal subgenomic similarity (�gure 2.12 A-C). The relationships between
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the Brassica sppand their progenitors can be seen in �gure 2.13 which is stylized in their

triangle of \U" evolutionary relationships. This relationship describes the hybridisation

between three economically important diploidsB. nigra, B. rapa,B. oleracea), to form the

three tetraploid crops;B. carinata, B. juncea,B. napus [369].

B. carinata, its B genome progenitorB. nigra and its C genome progenitorB. oleracea

form subgenomic/progenitor clustering pairs with the exception of k11 and k61 where at

k=11 B. nigra clustered with the C genome and at k=61 theB. carinata C subgenome split

from its progenitor and clustered in with the B subgenome and progenitor. As the k-mer

size grows, the uneven sequence similarity becomes clearer withB. carinata showing greater

sequence similarity to it's B subgenome progenitor than its C subgenome progenitor.

B. napus, which also shares the subgenome progenitorB. oleracea also experiences

the C subgenome/progenitor split at k=61 which B. carinata also shows. UnlikeB.

carinata however it doesn't show subgenomic/progenitor clustering until k=11, with k=11

subgenomic/progenitor clustering interrupted by A01 and A08 outgrouping. B. napus'

subgenome C chromosomes shows a greater sequence similarity to their progenitorB. oleracea

than subgenome A shows to their progenitorB. rapa. Conversely,B. carinata shows lower

subgenome/progenitor similarity for its C subgenome than its B subgenome and progenitor

B. nigra.

B. juncea shares the same B subgenome progenitor asB. carinata and also exhibits

greater B subgenome/progenitor similarity than can be seen for its A subgenome and

progenitor B. rapa. B. napus also shows this lower A subgenome/progenitor relationship.B.

juncea shows subgenomic/progenitor clustering from k=7 but this is interrupted for k=8-9,

due to chromosome A01 being an outgroup and for k=31 due to the B subgenome clustering

away from its progenitorB. nigra and with the C subgenome and progenitor instead.

The unequal subgenome/progenitor similarities for allBrassica species are represented

in �gure 2.13. The arrows coloured red which are accompanied by the minus sign indicates a
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lower sequence similarity, and the arrows coloured green accompanied by a plus sign indicates

the higher subgenome similarity for the 3 tetraploid genomes.

A. hypogaea showed subgenome/progenitor clustering patterns from k=21 onwards

which can be seen for 21-mer frequency in �gure 2.14 A. Chromosome 08 for bothA. hypogaea

and its A-genome progenitorA. durensis [39], are intra-subgenomic outgroups and exhibit

lower intra-subgenomic similarity than the other chromosomes. For k=9-11, subgenomic

clustering patterns can be seen, but subgenomic clustering is interrupted by theA. hypogaea

A8 and A. durensis chromosome 8, which are outgroups for k=9-10.

Progenitor clustering: k-mer composition All Brassicagenomes, theA. hypogeagenome

and their progenitors lose the ability to subgenomically cluster for k-mer composition, instead

forming subgenome-progenitor homeologous chromosomal pairings (�gures 2.12 C-F, 2.14 B).

All progenitor genomes cluster with their appropriate subgenome fromTriticum

aestivum throughout the sampled k-mer spectra from k=11 onwards. Prior to this, the

sequence similarity scores are identical for all chromosomes (k=4-6=0, k=7-10=1). However,

much like k-mer frequencyA. speltoidesand the B subgenome exhibit a distinctly reduced

level of similarity between them, than can be seen for the other subgenome-progenitor pairs

(�gure 2.10 B).

All Brassicagenomes show either clear homeologous clustering (B. napusandB. juncea)

or chromosomal pair clustering (B. carinata) with their progenitor genomes from either

k=11 ( B.napus) or k=21 ( B.juncea, B. carinata) onward (�gure 2.12). A. hypogaeaand

its progenitors A. ipaensis and A. durensis show clear homeologous clustering from k=21

onward (�gure 2.14 B) . A. hypogaeaalso has unequal subgenomic/progenitor similarity with

the A. hypogaeaB subgenome showing greater sequence similarity to the progenitor genome

A. ipaensis than the A genome shows to its progenitorA. durensis.
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Progenitor clustering: Phylogenetictree comparison The k-mer frequency hierarchical

clustering dendograms produced via the Sourmash approach do show a largely similar node

structure to the maximum likelihood phylogenetic tree produced by [200] using single copy

orthologous genes. However there are some important di�erences (�gure 2.11). The �rst

is that A.speltoides exhibits k-mer dependent clustering patterns, with some k-mer sizes

showing it clustering with the other Aegilops species, others with the B subgenomes and

others as a form of outgroup species within the tree structure. The second is that the

clustering results do not show the D genomes clustered with the otherAegilops for any k-

mer size. The most similar tree structure was produced for k=21 and can be seen in �gure

2.11.

In contrast the k-mer composition hierarchical clustering diagrams produced via the

Sourmash approach produces a phylogenetic tree that is not similar to the phylogenetic

tree. While A. speltoides no longer exhibits k-mer dependent clustering patterns, the

species designed to be outgroups (T. elongatum, H. vulgare and B. distachyon)are prone to

clustering within the main tree structure. T. elongatum clusters within the tree from k=11

onward, whereH. vulgare and B. distachyon cluster in from k=41 onward.

Identi�cation of causal subgenomicsignatures To understand if a particular class of

sequences were driving the subgenomic clustering result an investigation into the sequences

responsible was performed. Given that repetitive-elements are rapidly evolving sequences

which make up a sizeable portion of most of the genomes under investigation in this work

(table D.1), they were naturally under suspicion [46]. As such, a repeat of the Sourmash

procedure with repeat-masked sequences was performed.

With the use of repeat-masked sequences,T.aestivum and T.dicoccoides completely

lose the ability to subgenomically cluster. These results can be seen in �gure 2.15, which

shows clustering results forT.aesitvum (A, D), T.dicoccoides(B, E) and T.turgidum (C,F)
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with repeat-rich and repeat-masked sequence-based clustering results. Where the repeat-

rich sequences show the subgenomic clustering as previously described, the repeat-masked

sequences show homeologous clustering structures in place of the subgenomic clustering

structures which are present in the presence of repeats, forT.aesitvum and T.dicoccoides.

The sequences also lose their sequence similarity, with barely discernible sequence similarities

between the homeologous clusters which contrasts with the very high intra-subgenomic,

and moderately high inter-subgenomic sequence similarities seen in the heatmap for �gure

2.15 (A,B). The repeat-masked percentage for theT.aestivum and T.dicoccoides genome

sequences was 86.99%, 87.64%. The repeat-masked percentage as given in the genome

assembly publications can be seen in table D1.

In contrast, T.turgidum (�gure 2.5 C,F) maintained its subgenomic clustering ability

with the loss of repeat sequences, although there is a marked loss of sequence similarity both

intra- and inter-subgenomic relationships. The repeat masked proportion of theT.turgidum

was determined to be 75.45%, which contrasts with the published repeat-masked percentage

give in table D1.

Characterisationof parameterson clusteringstructures The largest MinHashing param-

eter that a�ects subgenomic clustering is whether k-mer frequency or composition is used.

This is re
ected in the relationship between the use of k-mer frequency or composition-

based analysis and dendrogram cut height. Dendrogram cut height is the height within the

dendrogram at which the clusters are cut, with a greater height corresponding to greater

sequence dissimilarity, and vice versa for smaller cut heights.

K-mer frequency shows a gradual, positive, linear relationship between k-mer size and

subgenomic cut height (�gure 2.16, dashed lines). Cut height represents the distance between

each subgenome, as calculated by either the Jaccard (k-mer composition) or cosine (k-mer

frequency) similarity metric. Where the cut height is 0, no subgenomic clustering was
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possible.

The rise in subgenomic cut height is more dramatic for smaller (k< 17), where after

the rise continues at a steady pace for all scale factors. All species show similar cut heights

as a function of k-mer size although with their own patterns. WhereT.dicoccoides and

T.turgidum exhibit similar patterns in cut height as k-mer size grows,T.aestivum shows a

distinctive \zig-zag" pattern, which re
ects a rising and falling of subgenomic cut height for

every increment in k-mer size.T.turgidum repeat-masked sequences show the same positive

linear relationship between k-mer size and subgenomic cut height except it is less gradual

(�gure 2.16 D). Where the repeat-rich k-mer frequencies reach between 0.60-0.75, the repeat-

masked subgenomic cut height reaches over 0.80.

For k-mer composition (�gure 2.16 solid lines), the subgenomic cut height increases

more rapidly than is seen for k-mer composition, reaching around 0.8 for all species, with

the exception of scale 125 forT.dicoccoideswhich loses its ability to subgenomically cluster

at this k-mer size. As k-mer size grows, the cut height reaches almost 1 for all species by

k=61. For T.turgidums repeat-masked k-mer composition, the cut height is almost 1 as soon

as a subgenomic clustering pattern is shown, at k=35 (2.16 D, solid line).

For T.aestivum, there is an extra layer of subgenomic clustering correctness given

the evolutionary relationship between its three subgenomes. The relationship between the

subgenomic sequences should re
ect that the A and B subgenomes hybridised some 0.3- 0.5

million years ago prior to the hybridisation with the D subgenome approximately 9,000 years

ago[283]. As such, �gure 2.16 A shows the subgenomic cut height in bold colours only when

the subgenomes are clustered by their evolutionary history (i.e. A clustered with B with

D clustered separately). For k-mer frequency, this occurred almost always with only k=17

showing incorrect clustering for all scale factors, k=47 for scale factor 500 and k=51 for scale

factor 1000. For k-mer composition however, all except k=17 showed incorrect subgenomic

clustering between the subgenomes.
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Assessmentof direct applicability of metagenomics-basedminhash approaches The

cophenetic correlation is a metric used to assess how faithfully the dendrogram represents the

data held in the underlying similarity or dissimilarity matrix [301]. Generally, a cophenetic

correlation of � 0:9 is excellent where� 0:7 is considered very poor [357].

A cophenetic correlation-based assessment of suitability of the single-linkage hierarchical

clustering strategy implemented by Sourmash shows that while this hierarchical clustering

approach is rarely the optimal strategy, the di�erence in cophenetic correlations between

the often optimal average-linkage strategy and single-linkage are small (�gure 2.17). The

vast majority of cophenetic correlation scores across the k-mer spectrum (for k> 7) were

almost 1 for all linkage strategies for k-mer frequency and so can be considered an excellent

representation of the original similarity scores. For k-mer composition there's a rapid rise to

at least 0.9 for k=13, followed by a large drop for k=15 where after the cophenetic correlation

rises rapidly as a function of k-mer size, reaching scores of almost 1 by k=25 forT. dicoccoides

and T.turgidum, and by k=35 for T. aestivum. T. dicoccoidesexperiences a small drop in

cophenetic correlation for k=37, which corresponds with a loss of subgenomic clustering as

seen in �gure 2.16 C.

There were only 6 instances, out of the 1440 clustering instances, where the single

linkage strategy was identi�ed as the optimal strategy. ForT.aestivum these were k11 in

scales 500, 250 and 125, forT.dicoccoides k13 in scale 1000, and k5 in scale 125 and for

T.turgidum, k7 in scale 250. All of these were for repeat-masked k-mer frequencies and none

of them produced a subgenomic clustering result.

Figure 2.18, which shows cophenetic correlations for the repeat-masked sequences show

far more instability, especially for k< 17. The Ward linkage strategy performs especially

poorly for k-mer frequency, although this is most pronounced forT.turgidum and less

pronounced for T.aestivum. For T.dicoccoides, the comprehensive and Ward strategies

perform especially well with scores of almost 1 for k< 10, but this is only for scale factor
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500. ForT.turgidum all linkage methods achieve cophenetic correlations of almost 1 with the

exception of Ward linkage. T.aestivum exhibits the most stable scores for k< 17 although

cophenetic correlation steadily declines as a function of k-mer size, which is not seen for the

other two species .

The repeat-masked k-mer composition plots look similar to the repeat-rich k-mer

composition plots in that there is a drop in correlation between k=11-17. However, unlike

the repeat-rich sequences, cophenetic correlation declines slightly as a function of increasing

k-mer size forT.aestivum and T. dicoccoides. However forT.turgidum the repeat-masked

plot looks highly similar to the repeat-rich plot, exhibiting cophenetic correlations of almost

1 for k> 27.

It is evident from the repeat-rich plots that scale factor has little impact on the

cophenetic correlation of k-mer frequency and composition. For the repeat-masked

sequences, there is more scale-factor dependence, especially forT.dicoccoides and for the

smaller (k< 17) k-mer sizes.

Discussion

It is clear, from the comprehensive investigation performed into the application of a

whole-genome MinHash sketching approach for comparative genomics of polyploid crops,

that this approach is capable of uncovering evolutionary relationships previously described

in the literature. This includes not only subgenomic relationships but also the subgenome

and progenitor relationships which follow their hybridisation history. Further, through the

synchronous investigation of how these relationships change with the gain and loss of k-mer

frequency and repeat information, this work has uncovered patterns of subgenome dynamics

which provides layers of evidence as to the biological sequences responsible for the clustering

patterns observed.
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Start di�erent, stay di�erent The ability for chromosomes to subgenomically cluster

evidently follows a biologically-led pattern, with no autopolyploids, half of the segmental

allopolyploids, and two thirds of allopolyploids exhibiting a subgenomic clustering structure

for k-mer frequency (�gures 2.3(A-C), 2.4(A,B), 2.5(A-C), 2.7(A,B), 2.8(A,B)). For k-mer

composition, only 5 of the allopolyploids exhibit subgenomic clustering out of all genomes

surveyed (�gures 2.3(D-F), 2.4(C,D), 2.5(D-F), 2.7(C,D), 2.8(C,D), 2.9(E-H)).

This pattern of subgenomic clustering across polyploidy types has been observed before

by [159] who, similarly to [123] developed a subgenome-speci�c k-mer-based clustering

method for polyploid chromosomes. Importantly, [159] also observed a number of

allopolyploid genomes showed an inability to cluster chromosomes subgenomically although

these were not the same ones used in this work.

Unlike [159] and [123] who implemented subgenome-speci�c k-mers to cluster chromo-

somes, this work used global chromosomal k-mer signatures. The use of global chromosomal

signatures has the advantage of keeping computational costs low by not implementing k-mer

set comparisons to identify subgenome-speci�c sequences, but as a less speci�c signatures,

they could be impacted by noisy, non-subgenome-speci�c k-mers. Further, the use of k-

means clustering by [159] results in distinct clusters where the hierarchical clustering strategy

implemented in this work can make for more ambiguous clustering results.

As the interpretation of the number of clusters in a dendrogram can be subjective,

the ability for chromosomes to subgenomically cluster was determined by the ability to

make a number of cuts, equal to the number of expected subgenomes -1 (i.e. make 1 cut

for a tetraploid, 2 for a hexaploid which results in the dendrogram being split 2 and 3

ways respectively). This then results in the separated clusters containing only, and all,

chromosomes belonging to each subgenome. If this strategy was to be relaxed to allow

slightly more cuts than the number of subgenomes, but still required that the clusters

that the clusters contain only members of the same subgenome, then the other segmental
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allopolyploid genome of (C.arabica) could also be considered capable of subgenomically

clustering (�gure 2.7 B). Importantly, the method implemented by[159] showed a subgenomic

clustering structure forC.arabica which indicates that for this genome, the use of subgenome-

speci�c k-mers in place of global chromosomal signatures is desirable.

The dependence of subgenomic clustering ability on polyploidy-type classi�cation are

perhaps unsurprising given the taxonomic de�nition of polyploidy, in which autopolyploidy,

segmental allopolyploidy and allopolyploidy describe a genome doubling or hybridization

event between increasingly distinct taxa [321]. Where autopolyploidy generally refers to an

intra-species genome doubling, allopolyploidy generally results as a result of hybridization

of distinct taxa [240, 321]. This subgenomic distinctness is of great importance genetically

given that meiotic recombination is driven by chromosomal sequence and structural similarity

[305]. As such autopolyploids are capable of polysomic inheritance facilitating exchange

of genomic material between the subgenomes, where allopolyploids are capable only of

disomic inheritance, with genomic material only being exchanged intra-subgenomically

[240, 305, 321]. Of course, given that polyploidy is a continuum rather than classi�cation

some allopolyploids are capable of polysomic inheritance [41, 226, 305]. However, with

distinct enough subgenomes, possibly in combination with certain loci (e.g. wheatsPh and

BrassicaPrBn genes) which ensure bivalent pairing during meiosis, distinct subgenomes can

remain that way [191, 226, 321].

As such, in allopolyploids in which there is a little to no exchange of subgenomic

information on a large enough scale to disrupt a chromosomal signature, the subgenomic

clustering results in which the chromosomes cluster by subgenome are intuitive. They simply

have more sequence in common intra-subgenomically than inter-subgenomically.

This does raise the question of how large a subgenomic exchange of information would

have to be to be detectable via this MinHash clustering strategy. While this is outside the

scope of this work in particular, anomalous clustering results, generated byG.hirsutum with
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accession GCF000987745.1 may present an interesting place to start (�gure B.1). In this

genome assembly accession, chromosomes 3,5 and 7, 15, 16 and 23 appear to have swapped

subgenomes and chromosome 26 is a persistent outlier. It is possible that these anomalies are

biological in nature, however as one of the older assemblies forG.hirsutum, which utilises only

short-read sequencing data and only utilised linkage mapping for chromosomal placement of

contigs with no manual correction of the assemblies described, it is perhaps more likely that

these chromosomes feature signi�cant misassemblies [197].

Repeat after me... While the notion of the distinctness of subgenome sequence

composition explains the diminishing ability for subgenomes to cluster based on their

polyploidy-type classi�cation, it does not explain the variation observed in clustering abilities

and patterns of sequence similarity for the allopolyploids in this study. A hybridisation

between two distinct subgenomes explain only why they cluster separately, not why they

do or do not exhibit asymmetric subgenomic similarities or why they lose the ability to

subgenomically cluster when k-mer composition is used in place of k-mer frequency. Only 5

of the allopolyploids, out of all genomes studied showed any subgenomic clustering ability

for k-mer composition, with all other previously subgenomic clustering genomes exhibiting

some level of homeologous or other chromosomal pairing clustering structures instead (�gures

2.3(D-F), 2.4(C,D), 2.5(D-F), 2.7(C,D), 2.8(C,D), 2.9(E-H)).

To investigate this further, repeat-masked genomes for the subgenomically clustering

species were searched with only theTriticum genus having repeat-masked genomes available

and only via Ensemble plants. These genomes were subject to the same Sourmash protocol

as repeat-rich genomes, which revealed a distinct loss of subgenomic clustering ability for

T.aestivum and T.dicoccoides for both k-mer frequency and composition (�gure 2.15 (A-

E). T.turgidum retained an ability to subgenomically cluster, albeit with reduced sequence

similarity (�gure 2.15 C,F). This is seemingly explainable by inadequate repeat masking. A
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custom python script, which enumerates the masked percentage of the sequence genomes,

revealed that whileT.aestivum and T. dicoccoides has a repeat-masked percentage in line

with their published repeat content (an additional 1.88% and 5.2% repeat-masked sequence

for T.aestivum and T. dicoccoides), T.turgidum does not (6.75% loss of expected repeat-

masked sequences) (table D.1). It is important to note that the actual repeat-content forT.

dicoccoidesmay be higher than given in the assembly publication [21] (table D1). This is

due to an improvement of the genome assembly performed by [393].

The dependence of the subgenomic clustering results on repeat sequences is understand-

able given the evolutionary history ofT.aestivums transposable elements. [360] found that

while the three subgenomes show conserved TE abundance at the family level, the subfamily

level shows strong subgenome-speci�c enrichment or depletion which was inherited from their

progenitor genomes. Further, forT.aestivum, the lack of any major TE-ampli�cation event

at the time of hexaploidisation, but an ampli�cation shared between the A and B subgenomes

event during tetraploidisation explains why the A and B subgenomes show greater similarity

to each other than either do the D subgenome (�gure 2.3 A).

For T.aesitvum k-mer composition however, the A and D subgenomes can frequently be

found clustering together, with the B subgenome as an outgroup. This is visualised in �gure

2.16A (solid line), where only a single point has colour, which indicates the sole position for

which the subgenomes clustered according to their hybridisation history (AB, D). This may

be explainable by a B genome-speci�c TE ampli�cation burst. The B subgenome progenitor,

which as of yet remains unknown, appears to have undergone a wave of TE ampli�cation

for the transposable element Ty1/copia 1.2 million years ago [21]. This date places it �rmly

before the tetraploidisation that formed wild emmer wheat which would go on, much later

to form hexaploid bread wheat [263, 382].

This dependence on repeat sequences for clustering results may explain the failure of

E.te� and C.sativa to subgenomically cluster (�gure 2.9 A,B,E,F) as they both have low
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genomic repeat-contents (20.0% and 28% respectively) [167, 342]. This is far lower than the

repeat content of any of the other genomes in this study (table D.1). It may be tempting to

infer that, given the C.sativa genome was assembled using only short-read sequencing data

which is particularly prone to collapsing repeats, and potentially the lack of repeat sequences

could be a technical artifact [167]. However, many other genomes in this work, including

the Triticum spp, were assembled using only short-read sequencing data (table F4), and yet

exhibit subgenomic clustering results. Further, several genomes, includingB.rapa which was

sequenced using a PacBio approach show a smaller value for genome assembly completeness

(table F4). As such, the low repeat content may be biological in nature, especially as closely

related speciesArabidopsis thaliana and Arabidopsis lyrata genomes contain comparable

proportions of repeat sequences [167]. As for the well-assembled genome (92.6%)E.te�

genome, which used a combination of short and long read sequencing technology, this repeat

content is very unlikely to be a technical artifact. Further, the repeat content is similar to

that of its close relativeEragrostis curvula [57].

A problematically low repeat content is also the driver of the strangely clustering

chromosome 8 ofA.hypogaea and A.durensis (�gure 2.6). These chromosomes have a

much lower percentage repeat content, 49.76% and 44.32% respectively, than the rest of

the chromosomes repeat content which ranges from 72.66-77.98% for theA.hypogaeasA

subgenome (with the B subgenome being even higher) and 49.14-56.67 forA.durensis [38].

Further evidence for the repeatome-driven clustering results can be found for the

subgenomes exhibiting asymmetric subgenome similarities.B.napus, B.juncea, G.tomestosum

and G.hirsutum are all documented to have subgenomes with asymmetric transposable

element (TE) content, all of which have all been reproduced here with the TE-heavy

subgenomes showing greater sequence similarity [61, 63, 257, 325] (�gures 2.4(B,C),

2.5(A,B)). In B.napus, [61] documents that the C subgenome contains the greater proportion

of TEs, while for B.juncea, it is the B subgenome which has experienced TE expansion [256].
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In both G. tomestosumand G. hirsutum the A subgenome is TE-heavy when compared

their D subgenome.

Interestingly, B. carinata is documented to have a largely equal subgenome repeatome

size, but the sequence similarity re
ected in the heatmaps and dendrograms in this work show

a slight dissimilarity, with the C subgenome showing a lower intra-subgenomic similarity than

the B subgenome [370] (�gure 2.3(A)). This is particularly curious because although their

TE abundances are relatively equal (49.95% and 50.61% for B and C respectively), it is

the C subgenome which has the very slightly higher TE content [370]. However, while the

C subgenome is indeed more repeat-rich in general, the B subgenome contains the greater

proportion of long terminal repeat (LTR) retrotransposon sequences, comprising 29.9% and

26.0% of the B and C subgenomes respectively [370]. LTR retrotransposons frequently make

up the vast majority of the TE-space in plant genomes and thus the vast majority of the

plant genome itself for TE-heavy genomes. LTRs are implicated as potential regulatory

molecules for plant stress and have been associated with traits of agronomic interest such as

rice grain width and hybrid weakness [125, 209, 239, 390]. However given that subgenome

asymmetry LTR information is from a di�erent cultivar and genome assembly accession, and

that transposable element content can be highly variable even on an intra-species level, the

implication of LTRs as drivers of the clustering results forB. carinata would require further

investigation [46, 58, 308].

That being said the A. sativa genome also provides a layer of evidence for the LTR

sequences being the molecules underpinning the clustering results. In this species clustering

results, the A and D subgenomes are found frequently clustering together (�gure 2.9 D),

which is in con
ict with their evolutionary history as, like hexaploid wheat, the C and D

subgenomes �rst formed a tetraploid genome, before the diploid A subgenome hybridized

later [65, 108]. However, the C subgenome has a 1.3 fold increase in the number of full length

LTR sequences when compared to the A and D subgenome, which may be what is driving
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the clustering result which con
icts with subgenome hydridisation history [168]. Importantly

though, the B subgenome also has a greater number of TE sequences in general and so the

general TE landscape cannot be ruled out as a the driver of these clustering results.

There's always one The lack of subgenomic clustering inP. virgatums is not so

straightforward to explain (�gure 2.9 (C,G)). The genome is larger than some of the

subgenomically clustering allopolyploids and contains a high repeat content (56.9%) (table

D.1). Additionally, subgenome-speci�c repeats were used to subgenomically assign the

chromosomes to their subgenome of origin in the publication for this genome [211]. In this

method, they used a k-mer size not used in the investigations performed forP. virgatums

and so the Sourmash clustering strategy was applied at this k-mer size for scale factors 1000,

500, 250, 125 and 50, none of which showed subgenomic clustering for k-mer composition

or frequency (�gures C.1, D.1). As such, it may be that the subgenome-speci�c repeat

sequence signals are being masked by other, more noisy, chromosomal k-mers.P.virgatum

does stand out from the other allopolyploids in this study as one of the oldest allopolyploid

by far (table D.3). Given that almost complete TE-turnover has been observed for plants

that have diverged between 1.7-2.0 million years ago and complete turnover for plants that

diverged 6.4 million years ago it may be reasonable to infer that the subgenomic landscape

has completely altered since the hybridization of theP. virgatum subgenomes [28, 345, 361].

However theA. sativa hybridisation is estimated to be even older, with the tetraploidization

occurring 10.6 mya and the hexaploidisation occurring 7.4 mya [65, 108]. As such, the

inability for P. virgatum to cluster subgenomically remains a mystery

Progenitor clustering The subgenome/progenitor relationships highlighted in �gures

2.10(A), 2.12 (A-C), 2.14(A,B)are further evidence that the minhash sketching approach to

comparative genomics produces evolutionary sound, repeatome-driven, clustering results.

A. hypogaeashows the a subgenome/progenitor clustering in line with its evolutionary
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history. A. durensis clusters with the A. hypogaeasA subgenome, andA. ipaensis clusters

with the A. hypogaeasB subgenome from k=21 onward (�gure 2.14A). K-mer sizes 9-11 also

show subgenomic clustering patterns but withA. durensis' chromosome 8 andA. hypogaeas

chromosome 8 acting as outgroups.

The Brassica sppexhibit subgenome/progenitor cluster relationships which are both

in line with their evolutionary history and repeatome content as shown through their

asymmetric sequence similarity for k-mer frequency (�gure 2.12(A-C)) [369]. Given that the

Brassica sppshare subgenome progenitors, the observed asymmetrical sequence similarity

has been summarised in �gure 2.13. The di�erence in repeatome content between progenitors

and subgenomes can be seen in table D.1 and shows a marked di�erence for all exceptB. rapa

and B. oleracea, which together are the progenitors ofB. napus. These two genomes show

a small TE content di�erence of only 0.31, despite which, the subgenomes and progenitors

cluster as expected. They both exhibit very di�erent progenitor relationships, with the

B. rapa and B. napus A subgenomes forming homeologous pairings from k=31-51 while

the B. napus C subgenome andB. oleracea cluster separately (�gure 2.12 C). The ability

for B. napus and progenitors to cluster according to their evolutionary history, even in the

presence of similar repeat content, indicates there is perhaps a distinct subgenome/progenitor

sequence composition. Given that the sequence composition of transposable elements is very

diverse, which allows their division into multiple types, and subtypes, this is certainly possible

[390]. A comprehensive survey of the TE landscape would be able to determine if this is the

case forB. napus.

Another interesting �nding for B. napus is that while B. oleraceashows high sequence

similarity in the B. napus dendrograms and heatmaps, the similarity is lower for the

progenitor-subgenome inB. carinata (�gure 2.12 (A,C) and �gure 2.13) . It is currently

thought that B. napusand B. carinata hybridised with a morphologically distinctB. oleracea

genome which may be this factor driving the di�erence in cluster results [370]. However,
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the B .oleraceagenome used in this work is the kale-like type TO1000DH, which according

to [370] is the type responsible for theB. carinata tetraploidisation, where a cabbage-type

was responsible forB. napus' tetraploidy event. If this was the driver of the relationship

di�erence it would be expected that theB. carinata C subgenome exhibits greater sequence

similarity to B. oleracea than B. napus when, in fact, the opposite is true (�gure 2.13).

This pattern may also be driven by genome-speci�c evolution of the subgenomes. However,

neither subgenome-pair show a di�erent relationship between their C subgenomic sequences

and B. oleracea, which would be expected if theB. oleraceagenome used in this study was

more similar to the one that originally form the tetraploid genomes. However, the similarity

is not high for B. napus and B. oleracea, especially as k-mer size grows large (> k31). B.

napus and B. carinata also share an outgrouping ofB. oleracea at k=61. While this is

inexplicable from a biological point of view, theB. oleraceagenome is the least complete of

all genomes in the study (table D4), and although it was sequenced using using long PacBio

sequences, which may mean the repeat sequences are more intact than they would be with

short-read data, evidently a signi�cant amount of genomic information is missing and so

technical noise cannot be ruled out.

For k-mer composition, all Brassica spp, A. hypogaeaand their progenitors cluster

homeologously rather than subgenomically. This indicates at a sequence composition level,

homeologous chromosomes have more sequence in common with each other than their

subgenomic counterparts but when k-mer frequency is considered, which is dominated by

TEs, the intra-subgenomically similarity overrides the homeologous one. This is perhaps to

be expected given that TE content, and especially LTR retrotransposons, can be species-

speci�c, which the Brassica spp and A. hypogaeagenomes would have inherited during

hybridisation [46]. While the Brassica spp and A. hypogaea genomes underwent post-

hybridisation repeatome alterations (table D.1, D.2), their relatively recent hybridisation

(table D.3) makes it unlikely they would have experienced complete TE-turnover since
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their hybridisation event and thus, would have a TE landscape more in common with

their progenitors than the other subgenome which originated from a di�erent species

[28, 46, 345, 361].

Unlike the Brassica and Arachis genera, theTriticum spp show both homeologous

pairings between progenitors and subgenomes while maintaining a subgenome-progenitor

clustering structure for k-mer composition (�gure 2.10B). For k-mer frequency, subgenome

A clusters with T. urartu , with the two genomes forming separate clustering whereas the D

subgenome clusters homeologously withA. tauschii with slightly higher sequence similarity

which is re
ective of its more recent hybridization into the wheat genome (Figure 2.10

A) [263, 382]. The B subgenome progenitor has not yet been uncovered althoughA.

speltoideshas been proposed [200]. Throughout the sampled k-mer rangesA. speltoides

clusters either with the subgenome, or as an outgroup to the A and B subgenome andT.

urartu. When clustered with the B subgenome,A. speltoidesexhibits a much lower sequence

similarity to the B subgenome, thanT. uratu does to the A subgenome. This di�erence

in sequence similarity is especially pronounced for k-mer composition (Figure 2.10 B). In

their work, through more phylogenetic rigorous methods [200] determinedA. speltoides is

not the B subgenome progenitor, and the results presented herein, seem to agree given that

A. speltoides genomes exhibits a di�erent sequence similarity-based relationship to the B

subgenome thanT. urartu and A. speltoidesto subgenome A and D.

To complete an investigation into the agreement of the MinHash k-mer approach

with the phylogenetic approaches used by [200] an additional clustering investigation was

performed for the same species as used in �gure 2.11A, using genomic signatures in place

of the chromosomal signatures used so far. For k-mer frequency, the Sourmash approach

produces dendrograms with a topology largely in agreement with [200], with a few di�erences

regarding the placement of the D genomes with regard to theAegilops species and a k-mer

dependent cluster pattern forA. speltoides. For k-mer composition however, the dendrograms



52

produced are no longer in agreement with the tree topology of [200] and the outgroup species

are to be found clustering in the tree structure for larger k-mer values.

As such, while the minhash k-mer sketching approach has shown itself to be capable

of producing dendrograms re
ective of evolutionary relationships, its implementation as a

tool of phylogenetic reconstruction requires far more research. Given that whole-genome

phylogenomics for plant genomes has received a recent surge in popularity, and that TE

evolution rate has been tied to species rates in mammals, the MinHash k-mer approach in

this work, which is tied to genomic TE content, is certainly worth further investigation in

the future [29, 229, 291, 371, 385, 388].

Impacts of MinHashing and clustering parameters To complete this work, a compre-

hensive assessment of the impact of MinHashing parameters (k-mer size and scale factor) and

clustering parameters (linkage strategy) was performed. Ultimately it appears scale factor

has little impact on the detected subgenome dissimilarity as detected via the cut height for

subgenomic separation for both k-mer frequency and composition (�gure 2.16). For k-mer

frequency, the most pronounced di�erences are for the smaller k-mer range (k< 17), after

which they become largely identical. For k-mer composition there di�erences in subgenome

dissimilarity for the di�erent scale factors is even less pronounced, although there are a

couple of k-mer dependent anomalies forT. dicoccoides.

While this has only been tested in theTriticum spp, and so should be tested on a

greater range of species to ensure robustness, the fact that scale factor seems to have little

impact on the estimates of subgenomic similarity is excellent news for keeping computational

overhead to a minimum. Larger scale factors generate smaller genomic signatures which take

less time, and require less resources to compute and compare.

There is a clear, linearly positive relationship between k-mer size and subgenome

dissimilarity, which for k-mer frequency grows gradually with k-mer size and for k-mer
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compositions rises rapidly, peaking at values close to 1. This is shown in �gure 2.16 which

shows subgenomic cut height (greater cut height is caused by greater dissimilarity) as a

function of k-mer size for all of theTriticum spp. The reason behind this is that the k-mer

space grows with k-mer size at a rate of 4k . For example, for k=4, the k-mer space is 44 = 256

whereas for k=31 the k-mer space is 431 = 4:611686� 1018. Generally speaking, the chances

of encountering the same k-mer in two (or more) distinct sequences will decline as the k-mer

space grows [54]. In reality, those chances will be in
uenced by factors such as sequence

similarity and sequence length and it is important to note that no natural genome contains

all possible k-mers, but the concept holds true nonetheless [54].

A �nal investigation to assess the optimal k-mer clustering strategy utilised cophenetic

correlation, which is a measure of how faithfully the similarity or dissimilarity is represented

within a constructed hierarchical clustering dendrogram [301]. Given that Sourmash was

developed for microbial genomes, it is sensible to ensure that the method remains robust

for plant genomes. Overall, while the single linkage strategy implemented by Sourmash was

rarely the optimal linkage strategy the di�erence in cophenetic scores between the single

linkage and the often-optimal average linkage strategy were minimal, with scores for both

rarely dropping below 0.9 (�gure 2.17, 2.18). As such, while a minor modi�cation in linkage

strategy would be advisable for the most accurate results, the dendrograms presented herein

using Sourmash's automatic clustering steps are still very faithful representations of the

underlying similarity matrix.

Conclusions

This comprehensive investigation into the implementation of MinHash-based k-mer

analysis of polyploid crop genomes has demonstrated that such a strategy, as implemented

via the metagenomic software package Sourmash, is capable of revealing evolutionary

relationships and genome dynamics that are veri�ed in the literature. Multiple layers of
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evidence from experiments conducted herein, combined with a deep dive into published

research, support the notion that subgenomic and progenitor clustering results are repeatome

driven, possibly by speci�c TE sequence types, the LTRs. An investigation into MinHash

sketching has revealed that scale factor has little impact on the biological results, where

k-mer size is a large driver of sequence dissimilarity. Further investigations into hierarchical

clustering linkage strategies reveal little di�erence between the optimal, average-linkage

strategy and Sourmashs single-linkage strategy as determined by the cophenetic distance.

Overall the rapid, and highly scalable MinHash sketching method, as implemented by

Sourmash, produces robust, biologically accurate results for comparative genomic analysis

for even the largest and most complex allopolyploid crops.

Chapter Discussion

In this chapter the critical, yet complex, problem of comparative genomes was re-framed

as a metagenomic problem. This seemingly novel take on a problem that has haunted the

crop genomics community since the career of \bioinformatician" began and will hopefully

provide a fresh avenue of exploration for future crop genomicists, bioinformaticians or even

simply computationally-inclined biologists. The beauty of the strategy described within this

chapter is that not only is it rapid and scalable, but it is also easily implemented with

excellent support from the developers and wider community. Importantly, the developers

of Sourmash are aware of the software being hijacked for this purpose, so they will not be

blindsided by any crop genomics-related questions the community may pose for them.

Exploring polyploid sequences in this manner has granted insight into the sequences

responsible for allopolyploid subgenome sequence di�erentiation; repeats. This is perhaps not

overly surprising given their propensity for rapid sequence evolution and the fact they make

up the bulk of many polyploid genomes and yet it is useful information [46]. Their removal

shows that, at least for the polyploid genomes in this study, homeologous chromosomes
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exhibit higher sequence similarity to each other, than to other subgenomic chromosomes,

re
ecting the conserved nature of the protein-coding gene space and the non-conserved nature

of the repeat-element space. Given that polyploid sequence evolution can take many avenues

following a polyploidization event (i.e. stable subgenomic existence versus rapid fractionation

of the genome into a diploid state) this shared genome-evolution characteristic is interesting

[64, 106, 298, 342].

This work also provides insight into the subgenomic relationships of the polyploid

classes. While polyploidy is widely regarded as more of a continuum that discrete classes

[41, 226, 305], this work highlights than subgenomes do exhibit class-speci�c sequence-

similarity-based relationships between subgenomic chromosomes. While allopolyploids

generally showed excellent subgenomic clustering, autopolyploids showed no such ability

and segmental-allopolyploids subgenomic-clustering ability fell somewhere between the two

extremes. Arguably, the allopolyploids which failed to show subgenomic clustering for k-mer

composition have more in common with the segmental allopolypoids than their other non-

segmental allopolyploid counterparts, which re
ects the diversity present in allopolyploid

evolution and supports the continuum-based understanding of polyploid classi�cation.

Importantly however this work has featured a small, and unbalanced proportion of

poplyploid genomes, with far more allopolyploids genomes being available than segmental

allopolyploid or autopolyploid genomes in public databases. This re
ects the complexity

associated with polyploid genome assembly, which is particularly exacerbated by the

higher sequence similarity featured within autopolyploid genomes. However, recent genome

assembly e�orts for a number of potato cultivars have demonstrated that excellent, phased

genome assemblies are possible for autopolyploid genomes [145]. Hopefully this represents

the future for polyploid genomes assemblies, which will facilitate better subgemome and

genome assemblies, furthering our understanding of polyploid genome biology and evolution

[381].
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Presentationof work

This work has been presented to a number of conferences (cited below) where it was

received with excitement from the plant genomics community. Two of the presentations are

hosted on public platforms and the links for the citations below can be followed to view

them.

1. Reynolds,G ., Strnadova-Neeley,V., Mumey,B., Lachowiec,J.. Hijacking a metage-

nomic strategy for rapid comparative subgenomics for polyploids and their progenitors.

Botany. 2022

2. Reynolds,G ., Strnadova-Neeley,V., Mumey,B., Lachowiec,J.. Leveraging a metage-

nomic strategy to reveal patterns of accessory and subgenomic chromosomal evolution

Plant Genomes Online Conference. 2022 PGO link .

3. Reynolds,G ., Strnadova-Neeley,V., Mumey,B., Lachowiec,J.. Computational strate-

gies reveal subgenome-speci�c signatures of polyploid evolutionBarker Lab Polyploidy

Webinar. 2022 Polyploidy webinar link .

4. Reynolds,G ., Strnadova-Neeley,V., Lachowiec,J. MinHash k-mer sketching highlights

allopolyploid subgenome sequence di�erentiation.ISCB-Africa ASBCB. 2021 .

\B" chromosomesidequest

In addition to the subgenomics and comparative genomics work, additional work was

also carried out on the application of Sourmash to the exploration of the \B" chromosome of

crop genomes. Currently, only 2 crop genomes have had their \B" chromosomes sequenced

as a compliment to their core \A" genomes which contain their usual compliment of

chromosomes;Zea mays and Secale cereale. The \B" chromosomes are supernumerary

chromosomes which are thought to exist within the genomic chromosomal compliment of

15% of all Eukaryotic species, and are especially common in grasses and cereals [6, 165].



57

In the past they were thought to have little to no use although when overabundant, they

are implicated in reduced �tness for the plants [6, 44, 165]. Recently however, they have

been observed to have actively transcribed genes, directly in
uence \A" chromosome gene

expression, and have been associated with positive phenotypic traits under stress, including

heat tolerance [44, 258, 265]. Further these sequences are capable of being transplanted

to species di�erent from their host genome where they continue to in
uence core gene

expression [44]. In addition there is interest in their utilisation as mini chromosomes for

genome engineering [44, 165]

Their genomic architecture is largely repetitive in nature although there are a number

of B-essential genes (required for their propagation), protein-coding genes and pseudogenes

which seem to have been commandeered from the core \A" chromosome [7, 79, 215].

Interestingly, the \B" chromosomes, while exhibiting a similar repeat content of repeats

as A chromosomes, di�ers in repeat sequence composition [142]. As such, this presented an

excellent opportunity for application of the MinHash strategy used in the main section of

this work to explore the di�erence in sequence composition and frequency between the core

\A" chromosomes, and the \B" chromosomes.

As such, the core \A" compliment of chromosomes and the corresponding \B"

chromosomes were put through the same Sourmash pipeline as described in the main sections

of this work and the clustering of the B chromosome and the core A chromosomes visualised.

For Z. mays, the sequenced \B" chromosome is deposited without any corresponding \A"

chromosomes. However, the same cultivar from which the \B" chromosome was extracted

(Zm-B73) is available and so these sequences were used as the core \A" chromosome set.

While Z. mays' \B" chromosome is not much smaller than its smallest \A" chromosomes,

the S. cereale\B" chromosome is signi�cantly smaller. As such, theS. cerealechromosomes

were shredded to to be of equal length (250Mbp) using bbshred.sh [53]. Given that the

S. cerealealso had repeat-masked sequences for the \A" and \B" chromosomes, they were
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also put through the same Sourmash pipeline. In the interest of quantifying the clustering

patterns, the number of cluster results where the \B" chromosome was clustered to the \A"

chromosome was enumerated.

For k-mer frequency, the two species exhibit similar clustering results. TheS. cereale

B chromosomes are capable of being \cut" from the rest of the clusters for 90%, 93%, 93%

and 96% of the sampled k-mers for scale factors 1000,500,250 and 125 respectively. ForZ.

mays this is 73%, 73%, 93% and 96%. Evidently unlike the subgenome results, the scale

factor parameter has a measurable di�erent on the ability to separate the \B" chromosomes

from the cote \A" chromosomes.

An example of dendrograms where the \B" chromosomes are considerable \cuttable"

can be seen forS. cereale�gure 2.19A and for Z. mays �gure 2.19B.

For k-mer composition however, the two species show very di�erent results (�gure 2.20).

S. cerealeonly shows an ability to split the \B" chromosome for k=13 across all scale factors.

For all other k-mer sizes, the B chromosome segments are clustered in with the core \A"

compliment of chromosomes. In contrast,Z. mays maintains a separate clustering structure

for the B chromosome, although due to the lack of similarity between the chromosomes, and

thus the shared long branch lengths, it can be di�cult to ascertain if the \B" chromosome

can indeed be cut from the core \A" chromosomes.

The repeat-masked sequences ofS. cerealeshowed a distinct lack of ability to \cut"

the B chromosomes from the dendrogram with a single cut (�gure 2.21). Instead they were

often clustered in with the core \A" chromosomes, often together. This was true across scale

factors and for k-mer frequency and composition. This indicates that it is the repeatome

driving the clustering result whereby the \B" chromosome can be cut from the core \A"

compliment, much like the subgenomic and genomic clustering results in the main chapter.

However, given the di�erent in clustering patterns for the two species, it is perhaps not

reasonable to infer the same sequences are driving the clustering results forZ. mays.
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For k-mer frequency, both species also show high similarity to a select chromosome or

pairs of chromosomes from the \A" compliment for given k-mer sizes. ForS. cerealethis is

the 5R 0 fragment (the �rst 250000000bp of the shredded chromosome 5), although some

similarity is also seen for 5R1 and 5R2 for 15-mers for scale factors 250 and 15 and 17-

mers for scale factor 125. ForZ. mays the B chromosome exhibited the most similarity to

chromosomes 6 and 7 throughout the scale ranges. These relationships may be suggestive of

a recent transfer of genomic material from those chromosomes to the \B" chromosome.

Overall, the clustering results are in agreement with current understandings of the

mysterious \B" chromosomes, in that while they are the product of genomic material transfer

from the \A" chromosomes, they also consist of B-speci�c sequences which enable their

outgrouping in the dendrograms from the core \A" chromosomes. The di�erence in clustering

for the two species and their \B" chromosomes may be explained by the fact that \B"

chromosomes are known to undergo species-speci�c evolution [146].

However there are a number of short-comings for this small study. The �rst is that it is

based on only 2 \B" chromosomes, and so the clustering patterns and relationships between

chromosomes seen in these results may not be transferable to other \B" chromosomes and

their \A" chromosome compliments. Hopefully in the future more \B" chromosomes will be

sequenced. In addition, this study would bene�t from a more statistically rigorous approaches

to determine the separability of the \B" chromosomes from the \A" genome, such as the

Gap statistic or silhouette coe�cient [333, 387].

Further, given that the species also exhibit a scale-factor dependent relationship

between k-mer size and separability of the \B" chromosomes, perhaps a MinHashing

approach is not the optimal strategy for sequence comparison for this particular application.

Instead, an investigation into the intersection and di�erence of total k-mer content may

prove the most accurate approach, which may be performed using e�cient k-mer counting

software such as KMC3 [179].
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Conclusion

Overall this chapter has consisted of exploring the limitations of MinHash-based

signature-based comparative genomics. For genome and subgenome comparison it performs

excellently, and as such o�ers computationally e�cient and scalable solution for the complex

game of \genomic-spot-the-di�erence". However, its application to comparative intra-

genomics for species with \B" chromosomes is limited given the scale-dependent relationship

between k-mer size and separability of the \B" chromosomes. Importantly, this is inferred

from a sample size of 2, only 1 of which had repeat-masked sequences available and as such

a more thorough investigation should be performed, should more \B" chromosomes become

available in the future.
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Figure 2.6: Sourmash produced dendrograms and heatmaps forA.hypogea (A), and
A.hypogeaand progenitorsA.durensis and A.ipaensis (B) 10-mer frequency
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Figure 2.7: Sourmash produced dendrograms and heatmaps forA. ahypogeaand C. arabica
for 21-mer frequency (A,B) and composition (C,D) respectively

Figure 2.8: Sourmash produced dendrograms and heatmaps forS. spontaneumand S.
tuberosumfor 21-mer frequency (A,B) and composition (C,D)
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Figure 2.9: Sourmash produced dendrograms and heatmaps forC. sativa, E. te� , P. virgatum
and A. sativa for 21-mer frequency (A-D) and composition (E-H)
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Figure 2.10: Sourmash produced dendrograms and heatmaps forT. aestivum, T. urartu , A.
tauschii and A. speltoidesfor 21-mer frequency (A) and composition (B)
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Figure 2.11: Phylogenetic tree produced by [200] (A) and a Sourmash produced dendrogram
and heatmap for the same species for 21-mer frequency.
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Figure 2.12: Sourmash produced dendrograms and heatmaps forB. carinata, B.juncea, B.
napus and their progenitorsB. nigra, B. oleracea and B. rapa for 31-mer frequency (A-C)
and composition (C-E).
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Figure 2.13: The classic triangle of \U" relationship betweenB. juncea,B. nigra and B.
carinata and their progenitorsB. nigra, B. oleraceaand B. rapa augmented with information
about which subgenome exhibits greater (green arrow and plus sign) and lesser (red arrow
and minus sign) intra-subgenomic similarity.
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Figure 2.14: Sourmash produced dendrograms and heatmaps forA. hypogaea and its
progenitorsA. durensis and A. ipaensis 31-mer frequency (A) and composition (B).
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Figure 2.15: Sourmash produced dendrograms and heatmaps forT. aestivum,T.dicoccoides,
T. turgidum for repeat-rich (A-C) and repeat-masked (D-F) sequences
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Figure 2.16: Subgenomic dendrogram cut heights forT. aestivum (A), T. dicoccoides (B)
and T. turgidum (C) for k-mer frequency (dashed line) and composition (solid line) across
scale factors 1000(red line), 500 (green line), 250 (blue line) and 125 (purple line) for repeat-
rich sequences. D shows the same information forT. turgidums repeat-masked sequences.
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Figure 2.17: Cophenetic correlations forT. aestivum, T. dicoccoides,T. turgidums repeat-
rich sequences for k-mer frequency (A-C) and composition (D-E).
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Figure 2.18: Cophenetic correlations forT. aestivum, T. dicoccoides,T. turgidums repeat-
masked sequences for k-mer frequency (A-C) and composition (D-E).
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Figure 2.19: Sourmash produced dendrograms and heatmaps forS.cerealeand Z.mays 31-
mer frequency
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Figure 2.20: Sourmash produced dendrograms and heatmaps forS.cerealeand Z.mays 31-
mer composition
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Figure 2.21: Sourmash produced dendrograms and heatmaps forS.cereale31-mer frequency
(A) and composition (B)
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UTILISING K-MER SPECTRA FOR ASSEMBLED FRAGMENT RECRUITMENT

Polyploid genomes present numerous problems for genome assembly e�orts. The

�rst is that their generally highly repetitive nature, induced either through repeat-

element expansion (not uncommon in polyploidy) or through high similar subgenome

sequence content creates an array of unnavigatable topological structures in assembly graphs

[48, 180, 251, 260, 343]. Coupled with the usual sequencing-platform errors and biases

the resulting genome assemblies are often highly fragmented and feature a rich repertoire

of misassemblies and chimeric contigs [120, 264]. While misassemblies are an unfortunate

constant for any genome assembly e�ort, chimeric contig formation is more a problem for the

�elds of polyploidy and metagenomic assembly. Chimeric contigs are a mosaic of sequences

from disparate subgenomes (such as homeologous sequences which have been incorrectly

stitched together during the assembly process due to high sequence similarity) [22, 242, 252].

Correcting for these problems is now routine for reference-quality genome assembly

e�orts and is usually facilitated by the use of additional sequencing data from long-read data,

genetic maps and optical mapping [11]. This complimentary data, also usually accompanied

by 3D chromosome conformation data (Hi-C) can then also be used to anchor, order and

orientate the sequences into the chromosomes from which they originated [11, 52].

However, given the challenges with genome assembly, it is not usual for a portion of the

genome to remain unanchored, ordered or orientated. The extent of assembly completeness

for the genomes used in Chapter One can be seen in table D4. The portion of assembled data

which cannot be anchored are then deposited in the "unassigned" or \Un" chromosome and

are rarely revisited. However, these sequences may still contain valuable genetic information

and as such are worthy of re-exploration. To demonstrate this, a BLAST analysis [15] of

the \Un" chromosomes from IWGSC v1.0 used by [382] was performed with the interesting

matches listed below:



77

ˆ Loci associated with disease resistance:

{ PM3 locus (powdery mildew resistance)

{ LR1(leaf rust)

{ PiK2 (viral)

{ RGA3

{ Sr35 region

{ Lr34 locus

ˆ Loci associated with abiotic stress resistance:

{ ERF1 { ethylene response factor

{ Frost resistance H2-gene locus

ˆ Grain characteristic loci:

{ Starch synthase 1 gene

{ Seed storage genes

{ Various gladin genes { gluten proteins

{ Gluten controlling genes

As such in this chapter we address the need for placement of "Un" contigs using k-

mer pro�les. In the previous chapter it was demonstrated that many allopolyploids exhibit

global subgenome-speci�c k-mer signatures which in this chapter are leveraged for \Un"

chromosome recruitment to their subgenome of origin. No work has previously focused

on \Un" chromosome recruitment before but work has previously been carried to leverage

subgenome-speci�c k-mer pro�les for subgenomic sequence determination. Both PolyCracker

[123] and SubPhaser [159] utilise subgenome-speci�c k-mers to recruit or phase assembled
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subgenomic sequence data. This work di�ers to these approaches however by implementing

a \wide net" approach and utilising full global subgenomic signatures in place of smaller,

more speci�c subgenome-speci�c k-mer pro�les.

In the following section it is demonstrated that such signatures are excellent features for

the subgenomic recruitment of assembled contigs that were previously unable to be anchored

within the genome. Much future work remains to be done to assess if this strategy could be

extended to read data to enabled subgenomic partitioning of reads prior to genome assembly.

This could massively improve the accuracy and contiguity of polyploid genome assemblies

given that polyploid genomes are known to induce unnavigable topological structures within

de Bruijn graphs which can cause misassembled and fragmented genome assembly results

[119, 212, 251, 260, 297].

However, the utility as an \Un" chromosome recruiter is valuable nonetheless.

Maximising genome assembly completeness and correctness are two of the three major

tenants of genome assembly and this work contributes to those aims [332]. The third aim,

which concerns maximising contiguity, is not directly met by this work, but a subgenomic

assignment certainly does reduce the search space for its speci�c location from a genome-

wide to a subgenome-wide search space. In the future, this may act as layer of evidence for

de�nitive placement and chromosome-scale incorporation of the contigs.

Maximizing SubgenomicAssemblies;K-mer compositionguided subgenomeclassi�cation of

\Un" contig

Abstract

Polyploid genome assembly e�orts are often hampered by both genome size and

complexity of the polyploid genome. Even with additional, complementary sequencing

data, a signi�cant portion of assembled data often remains unanchored to chromosomes or

subgenomes and are deposited within the \unassigned " or \Un" chromosome. Given that the
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position within the genome is unknown, its utility for downstream analysis is reduced. Once

deposited in this \Un" chromosome the sequences are rarely revisited. However, a recent

re-exploration of the assembled fragments, facilitated by optical mapping was performed

by Zhu et al, for T. aestivum and T. diccoides [382, 393]. Aided by this additional data,

hundreds of previously unanchored contigs were placed within their chromosome of origin.

Given evidence from previous research that many allopolyploids exhibit subgenome-speci�c

k-mer pro�les this work explores if they can be exploited for \Un" contig recruitment in

T. aestivum. It is demonstrated that subgenomic k-mer pro�les are excellent features for

\Un" contig recruitment and that there exists a strong relationship between k-mer size

and classi�cation success. Importantly classi�cation is not strongly a�ected by the false

positives associated with the data structures implemented to hold the k-mer pro�les in

working memory and that strategies to mitigate false-positive k-mer hits have little impact.

As such the strategy presented herein is a robust, accurate, and memory e�cient method for

subgenomic recruitment of \Un" contigs for allopolyploids which exhibit subgenome-speci�c

k-mer pro�les.

Introduction

Assembling polyploid genomes is a resource- and time-intensive task [186, 304, 326].

Not only are many polyploid genomes large, but they are also architecturally complex

for assembly algorithms to work with [186, 326]. This complexity comes largely from

the repetitive nature of such genomes, both in terms of the extensive proportion of

repeat-elements within many genomes and due to the presence of multiple homeologous

chromosomes of varying similarities [94]. The presence of these shared or repetitive

sequences, (especially if they are inexact, i.e. featuring variations), alongside sequencing

errors, can cause highly problematic topological structures in the assembly graph (e.g.

superbubbles, ultrabubbles, complex bulges, roundabouts) [48, 180, 251, 260]. Assembly
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algorithms often cannot deterministically traverse such structures due to the presence of

multiple, valid paths which often have to be simpli�ed, or heuristically traversed [180, 327].

Combine these problematic structures with various sequence-platform errors and biases, and

the resulting assembly is often highly fragmented while containing a number of misassembled

and chimeric contigs and sca�olds [120, 264].

To correct for these problems, and to stitch these assembled fragments into their

constituent chromosomes of origin, polyploid genome-assembly e�orts incorporate a range

information. This includes further sequencing data such as long-reads, optical mapping and

Hi-C, genetic maps containing marker sequences and linkage data as well as reference-guided

and reference-free placements of assembled data [11, 123]. However, even when multiple

layers of additional information are used, a non-trivial portion of the genome often remains

unanchored and is thus relegated to the \Un" chromosome. This chromosome, as a mosaic

of contigs or sca�olds from a range of chromosomes and subgenomes is of little use for

downstream analysis, except perhaps to determine if a given sequence is present within a

genome and as such it is rarely discussed within the literature.

These mosaic chromosomes are rarely revisited with two notable exceptions being by

Zhu et al [392, 393] forT. aestivum and T.dicoccoides. In this work, Zhu et al used

optical mapping to correct misassemblies and anchor contigs and sca�olds from the "Un'

chromosome to their chromosomes of origin. Optical mapping is a strategy commonly used

within genome assembly e�orts which is capable of 
uorescently tagging speci�c sequence

motifs [374]. These motifs are then 
uoresced and imaged, resulting in a map of the motif

locations throughout the chromosomes. Such maps can then be used to anchor assembled

contigs and sca�olds from genome assembly e�orts, giving them more biological meaning

that a set of biological data with origins unknown [11, 374]. Optical mapping is considered

a relatively inexpensive technology and it often accompanies many reference-quality genome

assembly projects [11, 193, 374]. However it is not able to place all assembled contigs
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and sca�olds, as evidenced by the less than 100% genome completeness for most genomes,

including those in table D4.

For T. diccoides, the optical map strategy was able to incorporate over 300 previously

unplaced sca�olds, correct 226 misassemblies and re-orient a further 332 fragments [393].

For T. aestivum, the improvement was even more dramatic with 10% of the genome being

corrected regarding position and orientation, and 279 previously unplaced sca�olds being

placed within the genome [392].

In the previous chapter ("Kmer spectra for comparative genomics") allopolyploid

genomes were shown to contain subgenome-speci�c signatures which could be leveraged

to cluster chromosomes by their subgenome of origin. As such in this work the possibility

to leverage such signatures for \Un" chromosome recruitment is assessed.

However, working with k-mer spectra for entire genomes is well-documented to be highly

resource intensive [255, 266]. In the previous chapter, MinHash k-mer sketches, generated by

Sourmash, were employed to generate chromosomal signatures of k-mer spectrums in place

of storing the entire k-mer set [? ]. This allowed pairwise comparisons of chromosomes to

be performed rapidly and e�ciently. However in this work, the aim is not to compare but

to recruit by having the full suite of k-mers available to maximise the information for each

subgenome. To achieve this, given that explicit storage of the full set is prohibitive, Bloom

�lters are implemented for k-mer storage and set membership tests.

Bloom �lters are probabilistic data structures capable of storing large amounts of

information in a succinct manner [262]. They work by �rst initializing a bit array of a

size (m) re
ective of the expected number of elements (n), a desired false-positive rate (p)

and the number of hash functions used (h) by �lling all positions with "0s". In an ideal world,

the false positive rate could be kept very low, increasing the reliability of membership queries,

however, this will result in an increase in bit array size. As such, bit array storage space and

the false positive rate have a trade-o�. Once a bit array has been generated, sequences are
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then hashed using the number of distinct hash functions (h) previously speci�ed, to obtain

a set of numbers for which they then use to set the bit array to "1s" at those positions. This

process can be seen in �gure 3.1.

Figure 3.1: An overview of Bloom �lter construction; initialization (1), query sequence
preparation (2/3). and bloom �lter population (3/4).

Querying the bloom �lter then involves hashing the query k-mers and querying the

array to see if all positions from those hash functions are set to 1. If they are, the Bloom

�lter check returns "True", else it returns "False" , with the former meaning the k-mer has

been identi�ed in the set and the latter meaning it is not present in the set (�gure 3.2).

Bloom �lters have been used extensively for biological applications including genome
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assembly, sequencing read error correction, experimental sequence querying, sequence

classi�cation and k-mer counting operations [68, 132, 138, 144, 155, 178, 231, 243, 307]. To

address the problem of false positive hits from Bloom �lters, Pellowset al [262] developed a

k-mer bloom �lter speci�c strategy to reduce false positive hits without increasing the size

of the Bloom �lter, and thus the memory requirements. To achieve this they made use of

the fact that for the vast majority of k-mers, their preceding (k-1) and succeeding (k+1)

sequences will also be present in the set, given that k-mer sets are generated by sliding a

window over a sequence. For their �rst strategy, KBF1, the Bloom �lter is checked for the

k-mers presence and if that returns True, its precedingor succeeding k-mers' presence is

also queried. If that also returns True, the k-mer is considered present, else it's considered

a False positive (�gure 3.3).

For their second strategy, KBF2, the bloom �lter is checked for the k-mer's presence

and if that returns True the k-mers proceedingand succeeding k-mers returns True the the

k-mer is considered present, else it's considered a false positive (�gure 3,4).

However, for organisms without circular chromosomes the edge k-mers of the chromo-

somes will not have a proceeding or succeeding k-mer and so the KBF2 strategy would return

a false positive. As such, k-mer on the edges of chromosomes are stored in an edge set. If a

k-mers proceeding or succeeding k-mers return False, this edge set is checked to determine

if it is an edge k-mer. If it is within this set, it is considered present, else it is considered not

present.

It is important to note that the edge set is not stored in a Bloom �lter; it is stored in a

data structure that does not have false positives (e.g. list or hash table). As such, there is

no need to query the edge k-mers preceding or succeeding k-mers as the k-mer is de�nitively

present. Edge sets can be stored explicitly for fully assembled chromosomes as the size will

small given that the expected number of edge k-mer is 2� n, where n is the number of

chromosomes.
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In this work we implement the KBF-based bloom �lter strategy to minimize false

positives for a bloom-�lter-based search of set membership for unassigned contigs subgenomic

membership.

Methods

All code used in this project is available from the following github repository:https:

//github.com/Glfrey/Bloom_recruit .

The same chromosome data was used as in [392]. AllTriticum aestivum IWGSC

refseqv1.0 chromosomes, including the \Un" chromosome was downloaded from the Urgi

database. The contigs that were re-assigned positions using optical mapping by [392], as

detailed in their supplementary material, were extracted from the \Un" chromosome and

placed into a subgenomic �le using a custom Python script (extractiterate.py).

IWGSC refseqv1.0 chromosomes were concatenated into a single subgenomic �le using

a custom python script (fastacat.py). K-mers of size 21, 31, 41, 51 and 61 were extracted

for each subgenome using KMC3 [179]. Bloom �lters for each subgenome were constructed

using PyProbables (https://github.com/barrust/pyprobables ) with error rates of 0.1,

0.01, 0.001 and 0.0001.

Subgenomic assignment of the extracted \Un" chromosomes was performed using the

classic method of Bloom �lter membership checking and also the KBF strategies as detailed in

[262] using our python programs bloom�lter check.py, KBF1 check.py, and KBF2check.py.

The k-mer edge sets required for the KBF2 strategy were constructed using edgeset upper.py

which ensures all k-mers are converted to upper case letters to match the KMC k-mer

output as PyProbables Bloom �lters are case sensitive. Determining which subgenome each

assembled contig belongs to was determined via a vote system with each k-mer being checked

for membership in subgenome Bloom �lters and casting a vote for each matching Bloom �lter

the k-mer matched. The subgenome with the most votes won the placement of the contig.



85

Assessment of cluster success was performed by enumerating the number of contigs that

were assigned to the correct subgenome as determined by [392].

A histogram of correctly and incorrectly assigned reads was constructed using the

seaborn library [356]. Intersection upset plots were produced using the "UpSetR" library [76].

F1 and micro-F1 visualisations were constructed using ggplot2 [362] in R Studio 3.6.1(2019-

07-05) [296]

An inspection into the unique k-mer content of the subgenomes as a function of k-mer

size was performed using KMC3, with visualisation performed using [362].

Results

K-mer classi�cation using subgenomic k-mer pro�les shows a linear, positive relationship

between k-mer size and the success metrics: F1 for assessing individual subgenome

classi�cation success, and micro-F1 for assessing combined classi�cation success across all

subgenomes (�gures 3.6, 3,7 and 3.8 A-E). Figure 3.6 shows the micro F1 scores (A and

D) and subgenomic F1 scores (B, C, E, F) achieved for the classic method of Bloom �lter

querying. It shows almost identical results for the KBF1 strategy (3.7) and KBF2 strategy

(3.8) developed by [262] and as such there has been no particular bene�t of implementing

these strategies for this work. All Bloom �lter querying strategy's (original, KBF1, KBF2)

show a peak F1 scores of 0.94 for k=61 for all bloom �lter error rates and bloom �lter query

strategies.

The strong dependence of classi�cation success on k-mer size is evidently being driven

by the growth in subgenomic k-mer distinctness as seen in �gure 3.9. For the k-mer range

used in this study, there is a gradual decline in the percentage of shared k-mers between the

subgenomes. At k=21, the number of k-mers shared between the subgenomes makes up 12%

of subgenome A, 11% of subgenome B and 12% of the subgenome D. By k=61, this falls to

2%, 2% and 3% respectively. For k=101, the percentage of shared subgenome k-mers drops
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below 1% for all subgenome ( 0.6% to subgenome A, 0.5% for subgenome B and 0.7% for

subgenome D).

The bloom �lter error rate had no impact at all on the classical bloom �lter querying

approach (non-KBF) as seen in �gure 3.6 which shows identical F1 and micro F1 scores across

all k-mer values. Bloom �lter error rate had a small, but measurable impact on classi�cation

performance for both KBF strategies, with the higher error rate curiously outperforming

lower error rate bloom �lters in many instances (�gures 3.7 and 3.8).

It is evident from the intersection analysis, visualised as an upset plot in �gures 3.9-

3.11, that contig recruitment using subgenomic k-mer composition pro�les is highly robust.

These upset plots show the intersection of shared k-mers (dots) across di�ering parameters

(seen horizontal bars) and their proportion of the data (vertical bar). Across all k-mer sizes,

Bloom �lter error values and KBF querying strategies the classi�er consistently places the

same contigs within the same genome. As k-mer size grows a greater number of contigs

are clustered, which accounts for the discrepancy in the number of contigs classi�ed across

�gures A-F for �gure 3.10-3.12.

An analysis of the size of the correct and incorrectly classi�ed contigs reveals overlapping

size distributions and so in these instances contig sizes are not a driver of classi�cation success

(�gure 3.12).

Discussion

The aim of genome assembly algorithms over the decades has been to increase the 3 C's

of genome assembly; contiguity, completeness and correctness [332]. This work contributes

to this e�ort by proposing a novel, easily-implemented and robust subgenomic classi�cation

strategy using subgenomic k-mer pro�les. By being able to place assembled contigs and

sca�olds within their subgenome of origin the completeness and correctness of the assembled

genome grows as a greater proportion of the data becomes usable for downstream analysis.
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Such subgenomic assignment of assembled data may also aid contiguity by reducing the

search space for their correct location from an entire polyploid genome, to a single subgenome.

To ensure this classi�cation strategy is robust and to assess the impact of various

parameters on classi�cation success a number of experiments were performed and assessed

using F1 metrics. The F1 measure is simply the harmonic mean of precision of recall,

two measures which capture complimentary information. Where precision characterises

how many of the contigs were correctly classi�ed out of all contigs T ruepositive
T ruepositive � F alsepositive ,

recall is concerned with how many of the contigs that should have been classi�ed as

a given subgenome, were; T ruepositive
T ruepositive � F alsenegative . While the F1 metric is designed for

binary classi�cation, it can be generalised to multi-class classi�cation problems via macro-

and micro-averaging [103]. Macro-averaging is simple in that it averages the F1 score

across subgenomes by combining all F1 scores and dividing them by the number of

classes; F 1:1;F 1:2;::F 1:m
n , n is the number of classes. Micro-averaging take a di�erent

approach by calculating an overall F1 score given the confusion matrix for all classes

T P:1;T P:2;::T P:m
(T P:1;T P:2;::T p:m + T N: 1;T N: 2;::T N:m ) , where TP refers to true positive instances and TN refers

to true negatives. In the context of the work here, a true positive would be a contig

from subgenome A which has been correctly classi�ed as belonging to subgenome A and

a true negative would be contig from subgenome B which has been correctly classi�ed as

not belonging to subgenome A. For imbalanced data sets, micro-F1 is preferred as macro-F1

weights each class (subgenome) equally even if they contain di�ering numbers of contigs

[103]. This work contains imbalanced data, given that subgenome B contains almost twice

as many contigs as subgenome D. The micro-F1 score can also be interpreted as the total

probability of true positive classi�cations for each class [328].

Given this metric of performance, it is clear that the most impactful parameter for this

method is k-mer size, with classi�cation success growing linearly as a function of increasing

k-mer size. This remains true largely regardless of Bloom �lter false positive rate, or Bloom
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�lter querying strategy. The characterisation of shared k-mer content across theT.aestivum

subgenomes reveals this is due the decline in the proportion of shared k-mers as a function of

k-mer size. As such the use of larger, more distinct k-mers should continue to yield greater

classi�cation success up until the point where the k-mers become so large they exceed the

size of the fragments being recruited or they become so distinct that they are unique within

the genome and so won't match any previously unanchored sequences.

Comparing �gures 3.6-3.8 highlights the minimal impact the KBF strategies developed

by [262] had on the performance of subgenomic classi�cation and in two instances were

outperformed by the classic Bloom �lter querying strategy. Given the positive impact of

KBF strategy as demonstrated by their benchmarks in [262] this was surprising, especially

for the Bloom �lters with a high false positive probability (e.g 0.1). However, it may be

that the contigs contain such subgenome-rich k-mer pro�les that the false positive rate was

not able to impact classi�cation success in a meaningful way. Perhaps for sequences with

little subgenomic k-mer information this strategy would be more impactful for reducing the

impact of false positive on contig classi�cation.

For the contigs used in this work, size has no impact on classi�cation success, with

overlapping size distributions for both correct and incorrect classi�ed sequences (�gure 3.12).

However, work should be done to establish the minimum contig size that this method is

capable of recruiting. Only two other subgenomic-sequence recruitment methods exist which

use k-mer pro�les; PolyCracker and SubPhaser of which the former requires a minimum of

1000bp and the latter has only been tested on fully assembled chromosomes [123, 159].

Unlike these methods which rely on subgenome-speci�c repeated k-mers the classi�cation

method developed herein uses the entire k-mer spectrum. As such, the classi�cation strategy

presented here is less speci�c, which could be driving the incorrectly classi�ed instances by

weighting every k-mer equally when determining where to place the contig.

This could potentially be recti�ed by storing a complementary data structure which
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records subgenome-speci�c k-mers. By querying this structure �rst, the presence of any

subgenome-speci�c k-mer within the contig would automatically win it a place within that

subgenome. This could reduce the time take to classify those particular contigs as potentially

the entire set of k-mers wouldn't need to be queried, but it would increase classi�cation time

for all other instances. Additionally, this extra data structure, if stored explicitly, will

evidently grow linearly with k-mer size as shared subgenome sequence content decreases

(�gure 3.9). As such, intelligent data structure implementation would be required to keep

memory requirements low. The largest Bloom �lters for this work were found for k=61 with

an error rate of 0.0001 (table E.1) but the size was still very modest; 7.5Gb for subgenome

A, 8.1Gb for subgenome B and 5.8 Gb for subgenome D. Given that the entire set of 21-mers

for the T.aestivum genome could not be stored explicitly using a hash table given 720Gb

of RAM this shows an almost 10X reduction in memory requirements for the largest hash

table. However this did come with a signi�cant construction time cost, with the hash tables

for k=61 taking over 7 days to construct.

Given the success of this approach for contig recruitment there remains two, very

important, outstanding questions; can it be applied to other species and can this method be

applied to smaller contigs or assembled data?

The answer to the �rst question can be found in the �rst chapter of this thesis: perhaps.

This method relies entirely on subgenome-speci�c k-mer pro�les which if not present, will

cause the method to fail. Nearly all allopolyploids showed subgenomic clustering abilities for

k-mer frequency (�gures 2.3-2.7), but this method relies on k-mer composition. For this, only

5 allopolyploid species showed subgenomic clustering and so the application of this approach

seems narrow. However this can be addressed. First, before implementing this method, it

would be highly recommended to perform a subgenomic k-mer pro�le clustering investigation

as performed in the �rst chapter. Otherwise, subgenome-speci�c pro�les could be assessed

as performed for �gure 3.9 using KMC3 (supplementary method 1). Second if only k-mer
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frequency shows subgenomic clustering ability, then this Bloom �lter could be replaced with

a counting Bloom �lter to facilitate subgenomic k-mer frequency queries. However, counting

Bloom �lters require as much as four-times the memory than traditional Bloom �lters and

so knowing how Bloom �lter size grows with the probability of false positives and k-mer

size (table E.1), hardware constraints will determine how practical this approach could be

[42, 244]. Implementation of more recent space e�cient counting Bloom �lters such as those

developed by [244] may make k-mer frequency-based sequence recruitment more feasible.

It is also worth noting that as k-mer size grows and they become more unique, their

frequency will decrease. The k-mer space theoretically grows at a rate of 4k (although a

more realistic growth of k-mer uniqueness and size can be seen in �gure 3.9 and �gure 4.3)),

but it becomes very sparse as K grows large [276]. As such, for su�ciently large k-mers,

the frequency problem is reduced to a composition problem and would be better represented

using a traditional Bloom �lter given the extra space required for storing a counting Bloom

�lter structure [42, 244].

The impact of query sequence size also requires investigation. While no size-dependency

relationship existed in the contigs used in this work, there may exist a critical thresholds

below which the k-mer information content drops too low to be accurately classi�ed. For

PolyCRACKER this was determined to be 1000 bases [123]. However, given that this method

relies solely on subgenome-speci�c repeated k-mers, the threshold may be lower. While

testing this could be easily implemented, a major consideration is time. Querying the Bloom

�lters using the previously unplaced contigs took hours (table E.2). Given a particularly large

set of sequences, such as those returned from sequencing runs, this method could take weeks

or even months. To address this, a pseudo-parallelization approach could be taken where

the query set is split up and a number of parallel classi�ed analysis are ran at the same time.

Implementing a truly parallel querying strategy would require a di�erent implementation of

Bloom �lters such as those developed by [241]. It would also be possible to construct the
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Bloom �lters using a pseudo-parallel approach given that PyProbables (the library used in

the work) supports Bloom �lter merging [30].

Should it be possible to have a more e�cient run time, and should this method be

capable of recruiting shorter sequenced fragments, such as read data, then this strategy

has the potential to improve future polyploid genome assembly e�orts. Separating the

subgenomes prior to assembly could reduce the polyploid-induced complexity within the de

Bruijn Graph which causes chimeric, misassembled and highly fragmented genome assemblies

[48, 251, 260].

Conclusions

This work has developed a novel, space-e�cient classi�cation strategy for recruiting

previously unassigned contigs using subgenomic k-mer pro�les. The parameter with the most

in
uence on classi�cation success was k-mer size, with classi�cation performance improving

with increasing k-mer size. This corresponds to k-mer uniqueness as demonstrated via a

assessment of subgenomic k-mer pro�les. However there is an obvious trade-o� with k-mer

size and time and space requirements for bloom �lter construction and storage the optimal

of which will be determined by computational hardware and time available. The KBF bloom

�lter querying strategy's as developed by [262] did not improve classi�cation performance

and in some cases was actually outperformed by the classic bloom �lter querying strategy.

Given the extra time this strategy takes to perform k-mer queries, its implementation

in this particular k-mer classi�cation problem is not justi�ed. Improvements for future

implementations have been suggested, such as replacements of bloom �lters with counting

bloom �lter and implementation of pseudo-parallelization and true parallelization strategies

to broaden the applicability of the classi�cation algorithm developed herein.
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Chapter Discussion

This chapter has expanded on the subgenomic k-mer pro�ling work of chapter 1 and

applied it to the problem of contig anchoring to develop more correct, complete, and,

potentially in the future, contiguous genome assemblies. While the major drawback is that

the contigs are assigned to subgenomes rather than chromosomes, this still presents a method

to increase assembly completeness and correctness for individual subgenomes.

The future directions outlined in the discussion and conclusion are certainly worthy of

more exploration. Work to determine the minimum size for successful recruitment based o�

global subgenomic k-mer pro�les is already underway, but is not include here given that a)

the experiment didn't show a reliance on fragment size for classi�cation and b) the sheer

time it takes for sequence classi�cation. This is a major roadblock in the application of this

method for large-scale subgenomic fragment recruitment. A potential solution via pseudo-

parallelization was discussed and it was discovered the paralellizable bloom �lters have been

developed and so may present as an opportunity for future exploration.

An initial experiment was performed with PolyCRACKER which was, at the time, the

only subgenomic clustering strategy in the literature to assess its applicability for short-read

assembly recruitment. The assembly was performed using Abyss2.0 [155] and a range of

k-mer sizes which took over 500GB RAM and several days to complete even when using

MPI-parallelization. Disappointingly, though not surprisingly given that PolyCRACKER

requires a minimum fragment length of 1000bp, the result was poor, with over 88.21% of

contigs being> 200bp. Given that contigs shorted than 200bp are routinely �ltered out

in assembly projects, and is required for being deposited into NCBIs assembly database

these were removed [194]. To experiment with contig lengths a�ect on PolyCRACKER,

contigs of length 2500bp, 2000bp, 1500bp, 1000bp and 500bp were given to PolyCRACKER

to cluster and the best results were obtained for contigs of length 2500bp, which comprised
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only 0.00037% of the assembled genome. Of this data, PolyCRACKER incorrectly clustered

the contigs 50% of time as determined using the same validation strategy they implemented

in their paper. An analysis of the contigs given PolyCRACKER found a complete lack of the

repeat k-mers that PolyCRACKER requires as features for the clustering which explains the

very poor results. Evidently, PolyCRACKER is not an option for the subgenomic clustering

of short-read sequence data, or even poor assemblies.

Should it be possible to ensure a more reasonable run time, then exploration of this

strategy to read-recruitment has the potential to �ll this gap and provide an opportunity for

pre-assembly read-�ltering. By separating read data prior to genome assembly, polyploidy-

induced topology could be eliminated and repeat-associated structures, reduced. This has

the potential to signi�cantly improve short-read genome assembly e�orts, which given that

long-read sequencing data still remains too expensive or routine sequencing work, could

hugely bene�t the polyploid genome community.

Chapter Conclusion

This work has presented a novel, easily-implemented and highly-scalable subgenome

recruitment classi�cation algorithm for polyploids which exhibit subgenome-speci�c k-

mer compositions. Determining whether or not a genome has subgenome-speci�c k-mer

composition pro�les can be determined via metagenomic strategies such as Sourmash

or other k-mer based subgenome clustering strategies. Subgenomic clustering success

by PolyCRACKER [123] or [159] is not an indicator that this strategy will work for a

given polyploid genome, as demonstrated by the ability for the Subphaser approach to

subgenomically cluster the segmental allopolyploidC. arabica [159], while the Sourmash

approach was unable to correctly split the two subgenomes (�gure 2.7). This is likely due

to the di�erences in approach to utilising subgenomic k-mer pro�les. While the method

presented here utilises global subgenomic k-mer pro�les for "Un" contig classi�cation, [159]
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and [123] use subgenome-speci�c repeated k-mers. A global measure of subgenome-speci�c

k-mer composition should be used for assessment before implementing the method presented

here.

The major limitation for this strategy is the time complexity associated with building

and querying the Bloom �lters given a large set of query sequences. A pseudo-parallelization

strategy has been discussed and truly parallelized Bloom �lters identi�ed as a possibility for

further implementation. The parameter with the most impact on classi�cation accuracy is

k-mer size and as such this strategy is best implemented with larger, more speci�c k-mers

although this does require more space to store the Bloom �lters. Precisely which k-mer

range to explore can be determined by performing a subgenome-speci�c k-mer analysis as

performed for �gure 3.9 using KMC3 [179].

For future work, this time complexity of the Bloom �lter building and querying must

be addressed and so too should determining a minimum contig size threshold for accurate

classi�cation. Subgenomic recruitment of shorter sequenced fragments, such as read data,

prior to genome assembly has the potential to reduce the polyploid-induced complexity

within the de Bruijn Graph which result in chimeric, mis-assembled and highly fragmented

genome assemblies.
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Figure 3.2: An example of Bloom �lter querying. Query sequences are �rst k-merized using
the same k-mer length that was used for Bloom �lter construction (1). The Query sequence
is then hashed using the same hash function used during construction (2) and the returned
positions checked if the bit has been set to one, which indicates presence or if it is zero which
indicates absence (3).
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Figure 3.3: A example of the KBF1 strategy developed by [262]. A query k-mer is checked
for presence within the Bloom �lter after which so are its preceding (k-1) and succeeding
(+k1) k-mers. If either of those k-mer also return True then the k-mer is considered present.
Else, the k-mer is considered a false positive call and so it's presence is not recorded.
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Figure 3.4: A example of the KBF2 strategy developed by [262]. A query k-mer is checked
for presence within the Bloom �lter after which so are its preceding (k-1) and succeeding
(+k1) k-mers. If both of those k-mer also return True then the k-mer is considered present.
Else, the k-mer is considered a false positive call and so it's presence is not recorded.
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Figure 3.5: A example of the KBF2 strategy developed by [262]. A query k-mer is checked
for presence within the Bloom �lter after which so are its preceding (k-1) and succeeding
(+k1) k-mers. If both of those k-mer also return True then the k-mer is considered present.
Else, the k-mer is checked to see if it is present within the edge set which stores edge k-mers
which do not have a preceding or succeeding k-mer. If this query returns True the k-mer is
considered present, else it is considered as a false positive bloom �lter query and its presence
is not recorded..
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Figure 3.6: Micro F1 scores (A,D) and subgenomic F1 scores (B,C,E,D) for the classical
Bloom �lter querying approach as a function of k-mer size and bloom �lter error rate.
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Figure 3.7: Micro F1 scores (A,D) and subgenomic F1 scores (B,C,E,D) for the KBF1 Bloom
�lter querying approach developed by [262] as a function of k-mer size and bloom �lter error
rate.
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