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Abstract

Bacterial genetic variation originates through multiple mechanisms, in-

cluding mutations during replication, movement of mobile elements, and

various forms of recombination. As a result, genomes can be highly diver-

gent with only a small fraction of genes core to all and a large pangenome

of genes which have been identified in one or more sequenced samples.

In this context, the ability to accurately detect genetic variation through-

out the pangenome and compare many genomes remains a difficult prob-

lem. Here we present a novel pangenome reference graph structure, which

represents the known genetic variation within a species as a collection of

‘floating’ graphs. Each of these represents some homologous region such

as a cluster of genes. By approximating a sequenced genome as a mosaic

of genomes from the reference panel, this design forms the basis for a

systematic framework in which to analyse diverse sets of samples where a

single reference would be inappropriate.

Applying this method to E. coli, we demonstrate how it enables us to

describe genetic variation at both a coarse (gene presence) and a fine

(SNP/indel) level. We demonstrate how this enables us to successfully

compare divergent genomes within a species, gaining dramatically higher

sensitivity to SNP variation than single reference-genome approaches. We

go on to demonstrate how this method enables us to investigate global

genetic variation in K. pneumoniae, and to describe the spectrum of allele

frequencies in accessory genes.

The method works for either long Nanopore or short Illumina reads, and

we hope will provide the basis for addressing many questions in diverse

datasets.
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Chapter 1

Introduction

The comparison of collections of bacterial genomes allows us to answer questions

about bacterial diversity, evolution and adaptation. Over recent years, the advance-

ment of DNA sequencing technologies has hugely improved the cost and speed of

sequencing whole genomes. As a result, there are now increasingly large and diverse

datasets to be investigated.

Many variant calling methods however, have been designed with human genomes

(and short read sequence data) in mind, where levels of diversity, presence/absence

variation and rearrangement are comparatively low. It has become clear that both

gene content and genome structure can be highly variable within a bacterial species

and these methods can therefore be limiting.

Consider the typical paradigm of describing variation within a set of genomes by

describing how each differs from a common reference genome. The cartoon in Figure

1.1 highlights the effect that the choice of a reference genome has on the proportion

of nucleotide variants within a dataset that can be described using perfect reads. If

a gene is in the reference we assume that we are able to call SNPs in that gene, with

the exception of clustered SNPs (numbered 11-15 and 17-22): typical read mappers

struggle to map reads when the sequence becomes too divergent. Variation between

other genomes in genes which are not in the reference are invisible without further

analysis. As a result, only 34-56% of SNP variants in the cartoon can be described

with respect to any given genome.

Whilst there do exist reference free methods for sequence comparison including

multiple sequence alignment, these can struggle with complex coordinate systems to

describe variants, particularly as they scale to many genomes.

In recent years there have been a number of population reference approaches de-

veloped which incorporate known variation into a reference graph and are able to

improve sensitivity of variant calls near structural variation as a result. These have
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Figure 1.1: The challenge of describing variation between diverse genomes using a single
reference. The cartoon depicts 6 bacterial ‘genomes’, with genes represented by coloured
blocks. Numbers label 50 segregating SNPs. We calculate the percentage of these SNPs
which can be detected using each of the 6 ‘genomes’ as reference by mapping perfect reads
from the remaining 5 to this reference.

mostly focused on human genomes and do not allow for structural variation at the

scale of gene presence, absence and reordering and so are poorly suited to complex

bacterial families. Instead, to compare such bacterial genomes, we are forced to sim-

plify the problem and consider the fine scale variation such as SNPs only in the region

of the genome shared by all samples, and coarse presence or absence information for

the remainder of the genome. Fine scale variation in the accessory genome is generally

inaccessible.

In addition, most of these methods only work for short read data, such as Illumina

sequence data. For new long read sequencing technologies such as Oxford Nanopore

Technologies, the high error rate (and concerns about systematic biases) have meant

that attempts to enable variant calling have been limited in scope.

This work extends prior population reference graph ideas to the pangenome, and

introduces a hierarchical framework in which all variation between sets of bacterial

genomes can be described. This enables variation calling in the accessory genome

for the first time and thereby facilitates high resolution comparisons of diverse sets
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of genomes. Techniques are compatible with both Illumina and Nanopore sequence

data and outperform the only published Nanopore variant caller.

In Chapter 3 we introduce our novel pangenome reference graph (PanRG) struc-

ture which represents known variation as a collection of ‘floating’ graphs, diffusing the

complexity of genome rearrangement. Based on the known mechanisms introducing

genetic diversity, we treat genomes as mosaics of genes, and genes as mosaics of refer-

ence haplotypes. In Chapter 4 we introduce methods for mapping long or short reads

to the PanRG and inferring a closest reference mosaic for local sequences found in

each sample. Chapter 5 introduces methods to genotype a single sample, and Chapter

6 expands methods to genotyping of collections of samples. In doing so, we provide

the first (to our knowledge) method for systematically choosing a best reference se-

quence for a dataset under study. We evaluate this with simulations and then with an

empirical dataset of 4 E. coli genomes selected from across the E. coli phylogroups.

With this small dataset we demonstrate starkly the effect shown above in Figure 1.1

- reference based methods have much lower recall than this approach. The impatient

reader is invited to look at Figure 6.8. We go on to describe an extension of this work

by another PhD student to enable de novo discovery of variation.

Finally, in Chapter 7 we apply our methods in two contexts where analysis was

previously hard or impossible. First to a diverse set of genomes from surveillance

sequencing following a carbapenem resistant E. coli outbreak in a hospital, and second

to evaluate a model for the site frequency spectrum of dispensable genes.

A note on originality

All the work for this thesis is my own unless otherwise stated. The pronoun ‘we’ is

used throughout as a personal stylistic preference.

A note on reproducibility

Most analyses for this thesis were performed using Nextflow pipelines [Di Tommaso

et al., 2017]. Software was installed in a number of Singularity containers [Kurtzer

et al., 2017], and individual processes within the Nextflow pipeline ran directly within

singularity images. As a result, when the analyses are reproduced on different com-

puters or compute clusters they can continue to make use of the same software envi-

ronment and should generate the same results.

In practice, analyses were completed in a progressive fashion, with small improve-

ments and bug fixes to software throughout. When there was no cause for concern,
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old analyses were not reproduced with the latest singularity image due to limitations

of time and resources, so small variations in results are to be expected.

Nextflow pipelines and commands used are available at [https://github.com/

rmcolq/DPhil_analysis]. Singularity images used for this analysis are automatically

downloaded by the Nextflow pipeline, and are available at [http://singularity-hub.

org/collections/1297] and [http://singularity-hub.org/collections/1285].
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Chapter 2

Background

There is extensive genetic diversity within many bacterial species. Much of this diver-

sity arises as a result of inheritance mechanisms which are not present in eukaryotic

genomes. As a result, tools which are designed to describe variation between a set

of eukaryotic genomes are often unsuited to describe the variation between bacterial

genomes.

In this section we will briefly outline the main mechanisms of these modes of

inheritance and describe their effect on the diversity of bacterial pangenomes. We

will then summarize some of the existing methods for comparison of bacterial genomes

and their limitations when considering horizontally acquired variation. We will discuss

how variant calling tools can be evaluated. Finally we will outline some of the specifics

of the work undertaken in this thesis.

2.1 Inheritance in bacteria

Mechanisms of inheritance

Bacterial genomes rapidly evolve as a result of both vertical and horizontal modes

of inheritance. Point mutations may occur during replication, indels may occur due

to strand slippage and both point mutations and indels arise as a result of DNA

damage and repair [Lovett, 2004]. These variants are passed vertically from parent

to daughter cells during replication. In addition, DNA can be transferred between

bacterial cells by three main mechanisms:

natural transformation : uptake of cell free DNA by a recipient cell

transduction : a recipient cell is infected by a bacteriophage containing donor ma-

terial
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conjugation : the transfer of mobile genetic elements (such as plasmids or trans-

posons) between two adjacently located bacteria through direct contact with

pili. [Furuya and Lowy, 2006]

In most of these cases, the new DNA is not able to self replicate, and must be

incorporated into the genome by recombination to persist over generations. Figure 2.1

depicts several modes by which this can occur. Homologous recombination replaces a

Figure 2.1: Modes of recombination incorporating DNA into the genome. Source: [Rocha,
2018]. Reprinted from E. P. Rocha, ‘Neutral theory, microbial practice: Challenges in
bacterial population genetics’, Molecular Biology and Evolution, (2018), 35(6):1338−1347,
by permission of Oxford University Press.

fragment of one genome with very similar sequence from another genome. When this

results in the conversion from one allele to another, it is called allelic recombination

[Rocha, 2018]. For homologous recombination to take place, the new DNA must

contain regions of between 25 and 200 bp of sequence which are highly similar to the

recipient genome [Thomas and Nielsen, 2005].

If no such regions of sequence homology exist, non-homologous recombination can

integrate material between short regions of as little as 5 to 12 bp shared sequence

[Thomas and Nielsen, 2005] with specific recombinases [Rocha, 2018]. When novel

genes are acquired as a result of homologous or site-specific recombination, this is

called horizontal gene transfer. For many species, these horizontally acquired genes

are inserted at a small number of hotspots between core genes [Oliveira et al., 2017].

As a result, locally we expect a newly sequenced version of a gene to look like

a mosaic of those previously seen due to allelic recombination. Globally, we expect

to see different and reordered genetic loci between genomes as a result of horizontal

gene transfer.
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The relative rates of horizontal and vertical inheritance

For many species, the amount of horizontally introduced variation is not insignificant.

The relative rates of nucleotide substitution due to allelic recombination and point

mutation give an indication of the relative impact of each on sequence diversification

[Didelot and Maiden, 2010]. For Escherichia coli this rate has been estimated at

1.02, with some recombination hotspots having a higher rate [Didelot et al., 2012]. For

Klebsiella pneumoniae this rate is estimated to be 0.3 and for Salmonella enterica 30.2

[Vos and Didelot, 2009]. A new preprint [Sakoparnig et al., 2019] has demonstrated

that the local genealogy for a collection of bacterial genomes changes many thousands

of times along the core genome alignment, and in this sense recombination dominates

genome evolution. For species like these then, recombination cannot be ignored when

making inferences about variation within sets of genomes.

2.2 The pangenome

Horizontal gene transfer between and within bacterial populations gives rise to gene

content variability between genomes of the same species. The result is that core

genes are present in almost every genome of that species, whilst others are only found

in some and are described as accessory or dispensable genes. The full collection of

genetic material seen in genomes of a species is called the pangenome.

The degree of variability and the overall size of the pangenome varies greatly

between species and a species is described as having a closed pangenome if it is of

limited size, and open if is more extensive. Within an open pangenome it is typical

for gene orthologues to be either very common and present in nearly every genome, or

very rare. The resulting gene orthologue frequency distribution has a characteristic

U-shape as shown in Figure 2.2.

Gene repertoire relatedness may be poorly correlated with phylogenetic distance

as estimated from SNPs in the core genome as shown in Figure 2.3. A pair of genomes

which are only distantly related based on a core genome phylogeny can have more

similar gene repertoire than a pair of closely related genomes. Further, it is not

uncommon for pairs of genomes from different species to have more orthologs than

pairs of genomes from the same species as demonstrated for Acinetobacter spp in

[Touchon et al., 2014].
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Figure 2.2: Frequency of genes within 20 analyzed E. coli genomes. 51% of pangenome
genes were present in a single genome, while only 11% of the pangenome was made up of
core genes found in all 20 genomes. Source: [Touchon et al., 2009]. Reprinted from Touchon
et al., ‘Organised genome dynamics in the Escherichia coli species results in highly diverse
adaptive paths’, PLoS Genetics (2009), 5(1):e1000344 under CC BY.

Figure 2.3: Gene repertoire and phylogenetic relatedness in E. coli. GRR is defined as the
number of gene families present in both genomes divided by the number of gene families
in the genome with fewer families. Source: [Rocha, 2018]. Reprinted from E. P. Rocha,
‘Neutral theory, microbial practice: Challenges in bacterial population genetics’, Molecular
Biology and Evolution (2018), 35(6):1338−1347, by permission of Oxford University Press.
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2.2.1 The size of the pangenome

Figure 2.4 shows the relative size of the core and accessory genome for 11 current

bacterial resistance threats. For many of these, recombination events occur as often

as mutations. In addition, many of these species have a relatively small core genome

proportion.

Figure 2.4: Basic genomic features of bacterial resistance threats. The core genome pro-
portion is the proportion of a typical individual genome which is common to all genomes
of that species. The mutation rate is estimated from whole-genome phylogenetic analyses
of clinical isolates. Presence of plasmid- or phage-mediated resistance (Res) is indicated.
Source: [Eldholm and Balloux, 2016]. Reprinted from Trends in Microbiology, 24(8), V. El-
dholm and F. Balloux, ‘Antimicrobial Resistance in Mycobacterium tuberculosis: The Odd
One Out’, 637−648, Copyright (2016), with permission from Elsevier.

The existence and size of the pangenome reflects the diversity of environmental

niches in which these species can exist. Transfer of genetic material using plasmids

and phages allows material to be exchanged with other strains or species, enabling

adaptation to different conditions. [Croll and McDonald, 2012].
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2.2.2 Describing bacterial ancestry with trees

Phylogenetic analyses of bacterial datasets are frequently used both to investigate the

relationships between isolates within that particular dataset, as well as to investigate

the nature of evolution within that species generally. Where recombination means

that a tree is inappropriate, the standard representation is the Ancestral Recombina-

tion Graph (ARG) introduced by [Griffiths, 1981] and [Hudson, 1983].

Vertically inherited variation between collections of genomes is inherently well

suited to being described by a phylogenetic tree. For many species of bacteria how-

ever, the mechanisms of homologous and non-homologous recombination also act

with significant evolutionary force. When recombination is ignored, this can lead to

an overestimation of the number of mutations along branches [Schierup and Hein,

2000].

There have been a number of efforts to account for recombination within phylo-

genies. Methods introduced by [Didelot and Falush, 2007] and [Didelot and Wilson,

2015] define the subset of the genome that has not undergone recombination (the

Clonal Frame) for each branch in the genealogy. They stop short of attempting to

identify the origin of regions of homologous recombination due to its complexity.

[Vaughan et al., 2017] goes one step further and implements a Bayesian method to

infer the population history from genetic sequence data and reconstruct the ARG,

although this method is limited by its ability to scale.

2.2.3 The biological significance of accessory variation

Comparison of the core genome in a collection of samples captures how those samples

are related through vertical inheritance mechanisms. This can be used to identify

which bacterial samples are part of clonal outbreak and which are not [den Bakker

et al., 2014], [Jackson et al., 2016], as well as to identify a transmission history and

the putative source [Köser et al., 2012], [Snitkin et al., 2012], [Roetzer et al., 2013].

When used as part of routine surveillance it can help identify putative outbreaks and

enable effective resolution methods to be rapidly enforced [den Bakker et al., 2014],

[Pightling et al., 2018], [Durand et al., 2018].

However there are many biological problems of interest which involve the accessory

part of the genome. We provide examples of a few below.
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AMR and virulence genes

The widespread use of antibiotics in healthcare and agriculture over recent decades

has led to a rise in the frequency of antibiotic resistance, and this is now one of

the biggest threats to global health [WHO, 2014]. Clinical isolates which are resis-

tant to most drugs have been seen for species including Mycobacterium tuberculosis,

Enterococcus faecium, Staphylococcus aureus, Klebsiella pneumoniae, Neisseria gon-

orrhoeae, Acinetobacter baumannii and Pseudomonas aeruginosa [Nathan and Cars,

2014].

It is becoming increasingly important to understand what factors most signifi-

cantly contribute to this rise in resistance and what the biological mechanisms of

resistance are. Genes encoding for antimicrobial resistance and virulence are usually

found in the accessory genome, often gained by horizontal transfer of mobile genetic

elements.

The presence or absence of whole genes alone is not sufficient to predict which

classes of antibiotic a bacteria is susceptible to. For example, the TEM-1 β-lactamase

gene (found in many gram-negative species) has evolved to have more than 90 distinct

descendent genes, some of which confer resistance to a much wider range of β-lactam

antibiotics than the ancestral TEM-1 β-lactamase [Hall, 2004].

In [Holt et al., 2015], they demonstrated that hypervirulent clones of Klebsiella

pneumoniae are significantly associated with invasive community-acquired disease,

whilst antimicrobial resistance genes are common among human carriage isolates and

hospital-acquired infections, which generally lack the genes associated with invasive

disease. They called for surveillance to track extensively drug resistant hypervirulent

clones as they emerge. Early this year a preprint identified South and Southeast

Asia as high risk regions for emerging antimicrobial resistant and hypervirulent K.

pneumoniae clones [Wyres et al., 2019] and a strain of ST23 K. pneumoniae isolated

from a patient in China was reported by [Shen et al., 2019] to contain a rare hybrid

plasmid with virulence genes and blaCTX−M−24.

Mobile elements can cause outbreaks

An investigation into a non-clonal multispecies outbreak of blaKPC at in a single

institution found evidence of blaKPC being spread at multiple genetic levels, resulting

in a high level of diversity in blaKPC-positive Enterobacteriaceae isolates [Sheppard

et al., 2016].
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Understanding asymptomatic enteropathogenic E. coli

Strains of E. coli are often classified based on the presence of absence of different

factors in the accessory genome. Enteropathogenic E. coli (EPEC) for example are

characterized by their able to form lesions on the surfaces of intestinal epithelial cells

due to a chromosomal pathogenicity island called the locus of enterocyte effacement,

and absence of a phage carrying Shiga toxin. They are further classed as ‘typical’ or

‘atypical’ based on the presence or absence of an adherence factor plasmid (pEAF).

These strains are a common cause outbreaks of diarrhoea in children, although they

can be carried asymptomatically and it remains unclear what differentiates these cases

[Croxen et al., 2013].

The accessory genome may drive host adaptation

Many species of bacteria are able to inhabit multiple ecological niches, including the

environment and multiple host species. For example, S. aureus is a major cause of

infection in both humans and livestock. A recent paper [Richardson et al., 2018]

found evidence of numerous ancient and recent host switching events, with humans

acting as a major hub. In addition, they found accessory genes in mobile elements

which were responsible for adaptation to a host after a switch event.

2.3 DNA Sequencing technologies

In 1995, the genome for Haemophilus influenzae became the first published bacterial

whole genome [Fleischmann et al., 1995]. Both this and the human genome, fin-

ished in draft form in 2001 [Lander et al., 2001], [Venter et al., 2001], used shotgun

Sanger sequencing. Since then, there have been several waves of innovation in DNA

sequencing technologies.

The introduction of Roche/454 pyrosequencing in 2005 and Illumina/Solexa se-

quencing in 2006 marked the beginning of High Throughput Sequencing (HTS) or

Next Generation Sequencing (NGS) technologies. These enabled whole human genomes

to be sequenced in a matter of days at a cost of less than $1000 (compared with an es-

timated 0.5 billion dollars for the first human genome [Reuter et al., 2015]), although

they typically produced read lengths ranging from 35 to 400 bp, much shorter than

the reads of up to 800bp used for the first human genome. In recent years, Illumina

has come to dominate the NGS market. Reads are highly accurate with overall error

rates < 1% and typically range in length from 100-400bps. Assemblies from these

reads tend therefore to be accurate (> 99.99%) but fragmented [Powers et al., 2013].
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A third generation of sequencing technologies took off in 2009 with the advent of

SMRT sequencing by Pacific Biosciences [Eid et al., 2009], followed by the Oxford

Nanopore Technologies MinION in 2014. These technologies are able to sequence sig-

nificantly longer reads of upwards of 10,000bps enabling the structure within complex

or repetitive regions of the genome to be resolved in a way that was not possible with

short read technologies [Koren et al., 2012]. However, they suffer from much higher

error rates of 5-15% including systematic bias [Watson and Warr, 2019].

Oxford Nanopore Technologies in particular have received a lot of attention in

recent years. The sequencing machine itself is cheap and portable and can be plugged

into the USB port of a high-performance laptop, with data output in real time.

As a result, it has potential to be used in locations where there is little existing

infrastructure, and the technology has already been used for surveillance in West

Africa during the Ebola outbreak [Quick et al., 2016], in the Americas for phylogenetic

analysis of the Zika outbreak e.g. [Faria et al., 2017] and even on the International

Space Station [Castro-Wallace et al., 2017]. However, it takes more than 168 CPU

hours of assembling and polishing to achieve a draft genome with 99.8% accuracy

[Koren et al., 2017] (falling recently to 91 CPU hours polishing time to get 99.96%

accuracy [http://simpsonlab.github.io/2017/06/30/nanopolish-v0.7.0/]). In

just the last couple of months, at least 5 new assemblers and polishing tools have

been announced or released, so these figures are set to improve.

Due to the high error rate, much of the software development around Nanopore se-

quencing to date has focused on mapping (e.g. GraphMap [Sović et al., 2016], Minimap2

[Li, 2018]), assembly (e.g. Canu [Koren et al., 2017], Unicycler [Wick et al., 2017b],

Flye [Kolmogorov et al., 2019], Ra [https://github.com/rvaser/ra], Wtdbg2 [Ruan

and Li, 2019], SHASTA [https://github.com/chanzuckerberg/shasta]) and pre- or

post- assembly polishing (e.g. Racon [Vaser et al., 2017], Pilon [Walker et al., 2014],

Nanopolish [Loman et al., 2015] and Medaka [https://nanoporetech.github.io/

medaka/index.html]) rather than variant calling.

More details about these respective sequencing technologies are described in a

number of good reviews including [Schatz et al., 2010], [Reuter et al., 2015] and

[Goodwin et al., 2016]. In this thesis, we focus on methods for variant calling which

can be applied to Nanopore reads as well as reads from the current market leader

Illumina.
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2.4 How do we compare bacterial genomes?

2.4.1 Typing methods

In many modern settings both sequence typing and variant calling methods are rou-

tinely used to build a picture about relatedness between bacterial isolates. Whilst

sequence typing is not the focus of this thesis, it is a fundamental tool in pathogen

outbreak surveillance [Pérez-Losada et al., 2017] and has some parallels with the

methods we have developed.

2.4.1.1 MLST

Multi-locus Sequence Typing (MLST), was introduced as a method to classify both

pathogenic and non-pathogenic bacterial species so that results could be compared

between different laboratories [Maiden et al., 1998]. The original method involves

classifying each genome as a known ‘type’ based on the nucleotide sequences of in-

ternal fragments of a small number (typically less than 10) of housekeeping genes.

As whole genome sequence data has become more widely available, schemes have

emerged based on larger sets of genes. These include core genome MLST (cgMLST),

based on the set of core genes shared by a group of related strains (generally a few

hundred genes), and whole genome MLST (wgMLST) which relies on a set of thou-

sands of genes [Maiden et al., 2013]. The classification of new genomes into known

categories is a highly useful tool, but the limitation of such methods is that they

can have lower sensitivity to discriminate between closely related strains [Jolley and

Maiden, 2010] [Le and Diep, 2013]. These methods typically quantify how closely

related types are based on the number of genes which differ in sequence (or presence)

between them rather than the number of nucleotide differences. As a result, they are

not well suited to elucidate transmission events.

Like wgMLST, the approach taken in this thesis also focuses on a gene-by-gene

approach to genome comparison, and uses a database of known variation, but with

the ultimate aim of describing nucleotide level variation instead of classification.

2.4.1.2 Species, Strain and AMR typing

In addition to sequence typing, there exist a number of other classification tools

for both Illumina and Nanopore sequence data, allowing a high level comparison of

sample genomes. For Illumina sequence data, examples include, Kraken [Wood and

Salzberg, 2014], MetaPhlAn [Segata et al., 2012] and StrainPhlAn [Truong et al.,

2017] to allow species or strain identification, and ResFinder [Zankari et al., 2012] or
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Mykrobe [Bradley et al., 2015] to identify resistance genes. For Nanopore sequence

data, Krocus [Page and Keane, 2018] performs 7 gene MLST and both RASE [Brinda

et al., 2018] and Mykrobe perform resistance typing.

2.4.2 Variant calling

To infer the joint ancestry of a population we need to be able to describe the nucleotide

level variation present. The process of identifying segregating genetic variation in a

population is known as variant discovery. This often involves identifying at which

positions in a reference sequence there exist polymorphisms in the population. For a

prepared panel of variants, the process of genotyping or genotype calling involves using

statistics to determine which alleles in the panel are supported by the sequence data

for each individual. Variants in these panels are described with respect to a single

reference sequence and panels often restrict to short variants such as single nucleotide

polymorphisms (SNPs). The combination of variant discovery and genotyping is often

called variant calling, or SNP calling when it restricts to SNP variants.

Variant calling methods broadly fall into two categories. The first category, map-

ping based methods, identify candidate variants by aligning reads to a reference

assembly and identifying positions where reads show a consistent difference to the

reference [Li et al., 2009]. An extension of this are methods which instead map reads

to a graph rather than an assembly. The second category are de novo assembly based

methods which identify candidate variants as differences between aligned regions of

sample assemblies [Delcher et al., 1999], [Li, 2015] or between de Bruijn assembly

graphs [Iqbal et al., 2012].

2.4.2.1 Mapping based methods

The first step for mapping based methods is to find the location of each read relative to

the reference assembly. Read alignment tools include fast and memory efficient algo-

rithms based on the Burrows Wheeler Transform (e.g. BWA [Li, 2013]) and hash-based

algorithms (e.g. Novoalign [novocraft.com/main/index.php], Stampy [Lunter and

Goodson, 2011]).

After mapping, candidate variants must be found using Bayesian, likelihood or

machine learning methods, based on the number of high quality base calls which

disagree with the reference, and mapping quality scores [Olson et al., 2015]. Addi-

tionally, some methods such as Platypus [Rimmer et al., 2014] use local assembly

to add candidate variants from more divergent regions. These variants can then be
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filtered based on known types of systematic errors to reduce the number of false posi-

tive variant calls (at a sensitivity cost), and individual samples are genotyped at these

variant sites.

For Illumina sequence data, variant callers include Samtools [Li et al., 2009],

GATK UnifiedGenotyper and HaplotypeCaller [Depristo et al., 2011, McKenna

et al., 2010], Platypus [Rimmer et al., 2014] and Freebayes [Garrison and Marth,

2012]. There have been several systematic comparisons of combinations of these read

aligners and variant callers on human genomes [Cornish and Guda, 2015, Hwang

et al., 2015] and Listeria monocytogenes [Pightling et al., 2015].

All of these methods handle isolated SNPs, but vary in performance when SNPs

become more clustered. Whilst some of these methods handle small indels or repeated

sequences better than others, in general all alignment-based methods struggle to

handle structural variation or genomic duplication and perform poorly in regions

where there is more diversity between the reference and the sequenced genome [Alkan

et al., 2011], [Nielsen et al., 2011].

For microbial genomes, a number of very similar SNP-calling pipelines have been

developed combining these mapping and genotyping steps. These include Snippy

[https://github.com/tseemann/snippy], SNVPhyl [Petkau et al., 2017] and LyveSET

[Katz et al., 2017]. The latter two have been designed for infectious disease and

foodborne outbreaks respectively. Both Snippy and SNVPhyl act as a wrapper for

BWA-MEM, Samtools and Freebayes, whilst LyveSET uses VarScan [Koboldt et al.,

2009] rather than Freebayes for variant calling. Given these similarities and the

popularity and ease of use of the Snippy pipeline, we compare variant calling by

pandora with Illumina data to those of Snippy. We happily note that a recent sys-

tematic comparison of bacterial SNP calling pipelines by [Bush et al., 2019] found

that Snippy was consistently the highest-performing pipeline when considering a full

range of divergent genomes.

For Nanopore sequence data however, there exist very few options for variant call-

ing. Mapping using Minimap2 [Li, 2018] could in theory be combined with a variant

caller such as Samtools. However the noise, length and low quality of the reads (in

particular the high frequency of indels in reads) provide a challenge when generating

a pileup and in many cases there will be no fundamentally correct alignment. These

methods are therefore likely to be very sensitive to details of the mapping algorithm

chosen. One of the first published variant calling pipelines used MarginAlign and

MarginCaller [Jain et al., 2015], although only the alignment method has been ap-

plied elsewhere. Since then, the only published variant caller is Nanopolish [Loman
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et al., 2015], which was originally designed as a tool for polishing draft assemblies us-

ing signal-level data. The method involves modifying a ‘draft’ genome assembly with

substitutions, insertions and deletions from the reads and evaluating if these modi-

fications improve the probability of observing the signal-level data generated during

sequencing. It has since been reworked to allow variant calling as well as detection of

base modifications such as methylation. A second variant calling tool Clairvoyante

for Nanopore data has recently been described in a preprint [Luo et al., 2018]. It

allows training of a neural network model and subsequent SNP and indel calling.

Both of these approaches have been designed with variant calling in the human

genome in mind and they have been demonstrated to achieve high precision and

recall statistics on the Genome In A Bottle datasets (99.38% precision and 96.62%

recall for Nanopolish and 99.06% precision and 95.19% recall for Clairvoyante [

see https://nanoporetech.github.io/medaka/snp.html]). Our focus is on diverse

microbial pangenomes, and since we lack adequate material to train a neural network

for these, we focus on comparison with Nanopolish whenever signal-level data is

available. In many cases only the extracted reads are made available, and in this

scenario there currently exists no suitable Nanopore variant caller for comparison.

2.4.2.2 Assembly based methods

It is possible to call variants directly between pairs of aligned whole genome assem-

blies. Software such as MUMmer [Kurtz et al., 2004], or Mugsy [Angiuoli and Salzberg,

2011] are able to infer SNPs, indels and structural variants, but cannot assign confi-

dence scores to these variant calls due to the uniform 1x coverage. Alternatively, de

novo assembly and variant calling can both be performed together with Cortex [Iqbal

et al., 2012]. This method is better suited to discovering indels and more complex

or structural variation than mapping based methods [Iqbal et al., 2012]. However, it

can have lower sensitivity to detect SNPs, particularly in repetitive regions [Didelot

et al., 2016].

2.4.2.3 Graph based methods

There are two main limitations of single reference mapping based methods: firstly,

mapping to a single reference has been demonstrated to introduce a reference bias

during variant calling [Bertels et al., 2014], [Pightling et al., 2014] and secondly,

they have poor sensitivity near regions of structural variation [Alkan et al., 2011].

Population reference graphs have already been used with success to alleviate these

issues by encoding known variation (including large-scale structural variation such
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as inversions and duplications) from multiple references into a graph and performing

read alignment with respect to this graph.

The first published implementation of a population reference graph method was

[Dilthey et al., 2015], which constructed a reference graph for the human MHC region.

To do this they created a multiple sequence alignment of 8 haplotype sequences and

collapsed shared sequence together. The resulting graph was augmented with SNPs

from phase 1 of the 1000 Genomes Project. For a set of (short) reads, a hidden

markov model was used to infer the most likely paths through the graph based on

k-mer matches. Standard variant calling techniques were then applied between the

reads and this individualized reference. This paper represented a proof of concept

rather than an easily reproducible method. The ideas implemented in this thesis have

many parallels with the broad umbrella of this method.

A similar method at the whole genome scale was implemented in Graphtyper

[Eggertsson et al., 2017], which constructed a variation graph for each 50kb section

of the human genome from a single reference and a panel of variants. The resulting

directed acyclic graph is indexed with short overlapping k-mers and graph alignment

is performed with seed and extend methods. In a complementary approach, [Garri-

son et al., 2018] developed vg, a toolkit including an efficient method for mapping

reads onto arbitrary variation graphs using generalized compressed suffix arrays. In

addition, [Maciuca et al., 2016] developed a method for encoding variation in a BWT

to enable mapping and genotyping in complex regions of the malaria parasite P.

falciparum genome.

However all these methods to date have been designed to use only short read

(Illumina) sequence data as input. They do not handle long read Nanopore or PacBio

sequence data, and the reliance of each of these methods on seed and extend methods

makes them unsuitable to handle long noisy reads. In addition, each has been designed

to handle the types of structural variation seen in complex regions of the human (or

plasmodium) genome, rather than the extensive genome reordering seen in bacterial

pangenomes.

2.4.3 How can we evaluate variant callers

Performance Metrics

There are a variety of metrics which are commonly used to evaluate the performance

of variant calling pipelines. Given a set of genotyped variant calls for a haploid
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individual from an algorithm and truth set of variant calls, all variants are typically

classified into one of 4 categories:

True Positives (TP): Variants called by the variant caller with the same variant

allele called as in the truth.

False Positives (FP): Variants called by a variant caller with an incorrect variant

allele called by comparison with the truth, or which does not exist in the truth.

False negatives (FN): Variants called with a variant allele in the truth set that

were not called or were called incorrectly by the variant caller (these could be

incorrect in the truth panel).

True negatives (TN): Variants called as the reference allele in truth set and either

called with the reference allele or not called in the variant caller set.

Based on the size of each of these categories, we can evaluate metrics as described in

Figure 2.5.

Figure 2.5: Performance Metrics. Source: [Olson et al., 2015]. Reprinted from Olson et
al., ‘Best practices for evaluating single nucleotide variant calling methods for microbial
genomics’, Frontiers in Genetics (2015) under CC BY.

For many variant calling pipelines, calls are only output where there is evidence

that the sample or query genome differs from a reference genome, i.e. sites where the

sample has the reference allele are not typically output. When we move away from

this paradigm to instead describe how a sample compares to a reference graph, the

‘reference path’ through the graph is arbitrary and all sites where a call has been

made, whether reference or a variant allele is called, need to be evaluated. In this

situation we include reference calls and update the definitions of categories as follows:

True Positives (TP): Alleles called by the variant caller which agree with the

truth. Alternatively, alleles from the truth call set which are called correctly by

the variant caller

False Positives (FP): Alleles called by a variant caller which are incorrect by com-

parison with the truth
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False negatives (FN): Alleles called in the truth set which are not called or are

called incorrectly in the variant caller set.

In this context we do not define True Negatives. Based on these definitions, we will

use measures of precision and recall to evaluate variant calling in this thesis.

Choice of dataset

To compare the performance of multiple variant callers, each needs to be evaluated

on the same dataset for which there needs to be some sort of a truth. For human

variant calling pipelines there have been a number of works using the Genome In

a Bottle dataset which has ‘gold standard reference variant calls’ to use as a truth

[Cornish and Guda, 2015], [Highnam et al., 2015] and [Hwang et al., 2015]. However,

bacterial genetic variation is different and tools designed to call variants in the context

of smaller, circular genomes with a higher degree of structural variation are better

evaluated on bacterial datasets. Perhaps the simplest way to get such a dataset

is to use a reference genome and a matched dataset of reads from this genome. By

introducing simulated variation into the reference genome and detecting variants with

respect to this mutated truth, we know exactly what variants we expect to find.

In this thesis we will evaluate how well a variant-calling method allows us to

compare two or more samples and the effect that choice of reference genome has on

the subsequent variant calls. For each sample we have a high quality ‘truth’ assembly

and matched read datasets, but we do not have an empirically correct and complete

panel of known variants representing all differences between the genome sequences.

We can use the true genome assembly for each sample to categorize variant calls as

false positives or false negatives. To evaluate the recall we use a panel of confident

variants, which may represent only a fraction of the true variants and from this

estimate the true positives and false negatives in the context of this panel.

Choice of reference genome

The choice of reference genome has been shown to significantly affect the detection

of SNPs and other variants [Pightling et al., 2014]. For reads from regions which are

either not in the reference genome or are more genetically distinct from the reference,

poor mapping and alignment of these reads to the reference sequence may cause

artefacts and higher error rates or prohibit discovery of variation in these regions,

creating a reference bias.
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When this is used to construct a phlylogeny for a number of samples, this can result

in both inaccurate tree topologies and branch lengths. These phylogenetic errors can

be mitigated by merging alignments generated using multiple references from different

taxa as in REALPHY [Bertels et al., 2014]. Alternatively, multiple references can be

used as part of the SNP discovery process as in [Shen et al., 2009], however the

approach used in this work does not scale to large genomes or high throughput reads

and certainly not noisy long reads.

The Variant Calling Format

The Variant Calling Format (VCF) was developed for the 1000 Genomes Project

as a means to store DNA polymorphism data such as SNPs, insertions, deletions

and structural variants [Danecek et al., 2011], [Altshuler et al., 2012] and has since

become ubiquitous in bioinformatics. Each row corresponds to a variant with respect

to the reference genome, with the first 9 columns providing details about this variant.

Each subsequent column corresponds to a sample, and stores information about the

evidence for each allele in that sample, and a the called genotype.

In this format, the same variation can be described in several ways. For example a

SNP could be described as a longer variant by inclusion of flanking sequence in both

the reference and alternative allele, or the position of an allele representing an extra

copy of some repeated segment can be varied, or consecutive variants can be merged

to form a single variant with a number of longer alleles.

There are many tools which have been developed to evaluate the performance

of variant callers for human genomes. Some of these can be applied also to micro-

bial variant callers. Examples include the SMaSH benchmarking toolkit [Talwalkar

et al., 2014] which estimates the precision and recall of mappers and variant callers

including calculation of uncertainty due to imperfect benchmark call sets. GATK

has tools to combine and compare variant and genotype calls [McKenna et al., 2010],

[Depristo et al., 2011]. The vcflib library [https://github.com/vcflib/vcflib]

can regularize variants, compare several vcf files and generate a ROC curve. The

USeq VcfComparator tool [http://useq.sourceforge.net/] can also generate ROC

curves and restrict analysis to variants inside a region specified by a bed file. However

all of these require a truth call set.

A recently developed alternative from within the Iqbal group is provided by minos

[https://github.com/iqbal-lab-org/minos]. A subroutine of this was designed

specifically for microbial VCFs to evaluate the precision of calls when no truth call

set exists but a truth assembly is available instead. The initial software was written
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Figure 2.6: “Example of valid VCF. The header lines ##fileformat and #CHROM are
mandatory, the rest is optional but strongly recommended. Each line of the body describes
variants present in the sampled population at one genomic position or region. All alternate
alleles are listed in the ALT column and referenced from the genotype fields as 1-based
indexes to this list; the reference haplotype is designated as 0. ... The first data line
shows an example of a deletion (present in SAMPLE1) and a replacement of two bases
by another base (SAMPLE2); the second line shows a SNP and an insertion; the third
a SNP; the fourth a large structural variant described by the annotation in the INFO
column, the coordinate is that of the base before the variant.” Source: Figure and caption
from [Danecek et al., 2011]. Reprinted from Danecek et al., ‘The variant call format and
VCFtools’, Bioinformatics (2011), 27(15):2156−2158, by permission of Oxford University
Press.
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and developed by Martin Hunt. I added features which allow it to be compatible

with graph-based VCFs. In addition, I added methods to estimate the recall for

variants which differentiate a pair of samples based on a panel of SNP differences

between their assemblies, and to evaluate the recall of variant callsets with respect

to a simulated reference genome by comparison with the VCF of simulated variants

which were introduced.

2.4.3.1 Evaluating precision with minos

Figure 2.7: Workflow to evaluate precision from a VCF.

We evaluated the precision of a set of variant calls using a truth assembly. Each

VCF allele and flanking sequence was mapped to the truth assembly with bwa mem

as in Figure 2.7. This method is agnostic to possible differences in the way variation

can be presented in a VCF, and allowed us to verify both that the called allele has

a match in the truth assembly, and that it was a better match than the alternative

allele. We used a flank size f = 31 to try and ensure only a single mapping location

was found, and allow mismatches only in these flanks. We merged alleles which were

located within a flanking distance to form a single longer allele for evaluation. This

process allowed us to classify of each call in the VCF as a true positive if it mapped

successfully to the truth, and a false positive if it did not map, or if an alternative

allele mapped better. These results were summarized in tables of true positive calls

and false positive calls stratified by genotype confidence.
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2.4.3.2 Evaluating recall with minos using a truth callset

In Section 5.4.2.2 we will compare the recall of variant calling pipelines on a read

dataset with a truth assembly by mutating the truth assembly using a VCF of calls.

With each pipeline we then evaluate recall of these introduced variants.

By construction, we have a truth panel of variants we expect to see represented

in the VCFs. To evaluate the fraction of these simulated variants which were called,

we use bwa aln to align the reference allele from each simulated call together with

its flanking sequence in the truth, to a panel of all VCF alleles and their flanking

sequences in the VCF reference. If a match is found with a called allele we have a

true positive and otherwise a false negative. We used a flank size f = 9 and merged

alleles which were located within a flanking distance to form a single longer allele for

evaluation. The flank size was chosen to be large enough that we expect few incorrect

alignments (empirically for one E. coli sample, we measured that 99.2% of 19-mers

were unique), and small enough that bwa aln was able to provide an exact alignment

even after some alleles were merged.

2.4.3.3 Evaluating recall of variants segregating between two samples
with minos

Figure 2.8: Workflow to evaluate pairwise SNP recall.

When reference-based methods call variants between samples, they do so by calling

variants with respect to a single reference from reads or assemblies of each sample.

The differences between the samples are then inferred as differences between these

call sets.

We evaluated recall as the fraction of true differences between samples

which have been described. However, instead of a truth describing what the true
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differences are between the samples, we use truth assemblies for each sample. Figure

2.8 illustrates the method to estimate the pairwise SNP recall using these assemblies.

The truth assemblies for a pair of samples were compared using the dnadiff utility

from MUMMER3 [Kurtz et al., 2004] to establish a panel of confident SNP differences.

We evaluated the fraction of these SNPs which could be discovered from the VCFs

generated by each method by identifying which SNP alleles were contained in the

VCF callsets.

To do this we used bwa aln [Li and Durbin, 2010] to map the SNP allele for

each sample, together with its flanking sequence in the sample truth assembly, to a

panel of all VCF alleles and their flanking sequences in that sample. This allowed us

to identify variants regardless of their presentation within the VCF. If a match was

found with a called allele for either sample, we said the pairwise SNP difference could

be discovered. We used a flank size f = 9 and merged alleles which were located

within a flanking distance of each other to form a single longer allele for evaluation.

We chose this flank size to be sufficiently large to be confident that a match with a

called allele and flank was unlikely to have occurred by chance - this would require

at least a 19bp repeat elsewhere in the genome at which location we would have had

to also identify a variant site. We required the flank be small enough that merged

alleles could still be aligned successfully.

For each method, the total number of pairwise SNP differences which could be

discovered divided by the total number of (merged) SNP differences identified with

dnadiff was used as a measure of recall. We evaluated this recall stratified by

genotype confidence of calls.

2.4.3.4 Limitations of minos evaluations

There are a small number of known issues when evaluating VCFs with minos which

we outline here.

When neither the reference allele nor the alternative allele map back to the truth

assembly, the variant call is classified as a false positive. There are other reasons why

alleles might not map, such as sequence in the flanking region of the site being too

divergent from the truth.

When the position of a variant is close to the beginning or end of the VCF reference

‘chromosome’ on which it lies, the flank added is truncated, i.e. only a small flank

is added. Most of the time this does not cause issues, but occasionally the resulting

sequence is too short for bwa to map. This results in additional false positive calls.

In some cases we therefore exclude these regions from precision evaluations.
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Merging VCF records within a flanking distance is often not possible in regions

of the graph where more complex variation is represented by nested region alleles.

We will return to this in a later section after defining the the graph structure. For

now, the approach taken is that if there is a single unambiguous merge, that merge

is performed, and otherwise the records are left as defined. The motivation behind

merging alleles is to improve the accuracy of sequence in the flanking sequence so

that the overall query probe is more likely to map successfully to the truth assembly.

The result of this is that pandora VCFs (the only ones containing nested variation)

are penalised in precision evaluations.
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Chapter 3

A Pangenome Population
Reference Graph

3.1 Motivation

For reference-based variant calling pipelines, some form of mapping to a reference

sequence is a fundamental initial step [Olson et al., 2015]. As a result, for species of

bacteria containing a high degree of variation, the distance of the reference from a

sample directly affects the sensitivity of resulting calls [Pightling et al., 2014]. When

comparing multiple samples by describing how each differs from a single reference,

this problem is compounded as the reference sequence which is closest to one sample

may not be closely related to another.

For long read sequence data, the challenges of mapping to a single reference se-

quence are exacerbated: wheras for short read data several reads are required to

cover a gene, for long read data each read covers several genetic features. As a re-

sult, the structure and sequence similarity of a longer stretch of the genome needs

to be conserved between the sample and reference for successful mapping, or else the

subsequent analysis must be able to handle chimeric mappings.

Historically (for short read data) the problem has been simplified by considering

only very closely related sets of bacterial samples, or by considering only the core

part of the pangenome within a set of samples. However this makes it very difficult

to study the many interesting features in the non-core genome as described in Back-

ground section 2.2.3. Table 3.1 outlines some recent studies in collections of bacteria

and the methods used to investigate them whilst handling diversity between samples

in the studied dataset.
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Table 3.1: Workarounds in previous studies.

Study and Species Problem Solution
[Chewapreecha et al.,
2014]
S. pneumoniae

Match recombination
hotspots in 7 clusters of
samples, each analysed us-
ing different close reference
genome

Line up figures and squint
(Figure 3 in that paper,
pers. comm.
N Croucher).

[Croucher et al., 2013]
S. pneumoniae

Comparison of 616 asymp-
tomatically carried S.
pneumoniae to investigate
changing antigenic profile
after vaccine introduction

Sequences were clustered
based on core orthologous
genes, and each of 15 clus-
ters was further analysed
with a cluster specific refer-
ence.

[Croucher et al., 2014]
S. pneumoniae

Investigate the population
structure and drivers of
bacterial diversification
including movement of
phage and intragenomic
rearrangements

Gene presence, plus mul-
tiple rounds of custom
reference construction and
remapping, for IS elements,
loci of interest.

[Kallonen et al., 2017]
E. coli

11 year survey of (diverse)
invasive E. coli

Phylogenetic trees based on
core SNPs with recombi-
nant regions and phages
masked out, AMR gene
presence/absence and typ-
ing.

[Stoesser et al., 2014]
K. pneumoniae

Investigation of community
versus hospital associated
transmission for endemic
NDM-producing K. pneu-
moniae

The first infected neonatal
case was PacBio sequenced
and assembled. This assem-
bly was used as a reference
for the remaining outbreak
samples.

[Gorrie et al., 2017]
K. pneumoniae

Investigate whether coloni-
sation with K. pneumoniae
at time of admission was a
risk factor for infection in
the ICU

A maximum likelihood
phylogenetic tree was con-
structed from an alignment
of core SNPs, and this was
used to identify lineages.
Within lineages, assembly
and read mapping allowed
detailed pairwise SNP
comparisons (calling with
respect to a single reference
not sufficient).
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Graph reference genomes describing variation seen in a population have already

been used with success to enable more effective mapping of short reads in complex

regions of the human genome (MHC) [Iqbal et al., 2012], [Dilthey et al., 2015], in the

wider human genome [Garrison et al., 2018] and in the malaria parasite P. falciparum

[Maciuca et al., 2016]. However, these methods have not been designed for use with

Nanopore sequence data, neither are they compatible with the degree of structural

rearrangement that can occur within a bacterial species like E. coli.

In this section we describe a novel modular pangenome reference graph structure

and describe the advantages of such a graph in enabling detection of genetic features

of interest which can occur in different genetic contexts. In the next chapters we will

describe methods to quasi-map to this pangenome reference graph and to use it as a

substrate for variation analysis between diverse genomes.

3.2 Definitions

Let s = (a0, ..., an−1) be a DNA sequence with length n on the alphabet Σ =

{A,C,G, T}. We define si,j = (ai, ai+1, ..., aj−1) to be the substring (or subsequence)

of s induced by the interval [i, j) and ski = si,i+k to be the k-mer or k-length substring

starting at position i in s. For any letter a ∈ Σ let ā be the Watson-Crick reverse

complement and define s̄ = (ān, ..., ā1) to be the reverse complement sequence of s.

A sequence graph is a directed graph in which the vertices represent DNA se-

quences and the edges connect the end of one sequence to the start of another to

represent adjacency in a genome. Traversing the graph yields permissible concate-

nations of sequences. We say such a graph is acyclic if it contains no cycles (every

possible graph traversal includes each node at most once).

We define a Pangenome Reference Graph (PanRG) as an unordered collection of

acyclic sequence graphs (termed local graphs), each of which represents a locus, such

as a gene, mobile element, or intergenic region.

The disjointedness within the PanRG allows for detection of loci of interest within

different genomic contexts. The requirement for the local graphs to be acyclic allows

for sequence inference within a local graph using methods such as Hidden Markov

Models.

In other contexts outside this thesis the terms pangenome reference graph and

population reference graph are used interchangeably to describe a graphical represen-

tation of a number (greater than 1) of genomes of a species. There is an implicit
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assumption in these contexts that the pangenome reference graph is a single con-

nected graph. While this definition still holds for our pangenome reference graph, the

implicit assumption does not.

3.3 Construction

We decided to construct the PanRG of a species so that each local graph represents

a locus of interest, such as a gene, mobile element or intergenic region. In implemen-

tations for this thesis, PanRGs include local graphs for genes and intergenic regions,

thereby encapsulating the vast majority of the genome generally, but excluding phage

and other mobile elements.

There exist a number of pre-existing tools which are able to identify clusters of

orthologous sequences from collections of genome assemblies, including Roary [Page

et al., 2015], PanX [Ding et al., 2017] and for intergenic regions connecting orthologous

sequences Piggy [Thorpe et al., 2018]. The creators of both PanX and Piggy have

made available multiple sequence alignments (MSA) of these clusters for a number of

species.

We construct each local graph from a multiple sequence alignment of known alleles

at a locus. We use a recursive clustering algorithm as depicted in Figure 3.1 and

described in Algorithm 1. The output is guaranteed to be a (directed) acyclic sequence

graph including hierarchical nesting of genetic variation while meeting a ‘balanced

parenthesis’ criterion. Each path through the graph from source to sink represents a

possible sequence for the locus as a mosaic of input sequences.

Figure 3.1: Toy example of local graph construction from MSA: We use
min match length = 4 and show the local graph corresponding to the MSA on the
left after 1 and 2 iterations.

3.3.1 Partitioning a Multiple Sequence Alignment

Let A be the set of aligned sequences from a multiple sequence alignment, each of

length n. Let s(a) be the DNA associated with aligned sequence a ∈ A, obtained by

removing all ‘-’ (or non-AGCT) symbols.
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Figure 3.2: Partitions of a Multiple Sequence Alignment. In (a) we give an example of
a vertical partition defined by a partition of the interval [0, n) and in (b) a horizontal
partition defined by a partition of the set of sequence ids.

We can partition alignment A in 2 ways as shown in Figure 3.2: by partitioning the

interval [0, n) or by partitioning the set of unique sequence identifiers in A. Each of

these partitions yields a number of sub-alignments. We partition in both of these ways

using an iterative process described in Algorithm 1 to construct a nested variation

graph.

3.3.1.1 Partitioning into slices

Define sliceA(i, j) = {ai,j : a ∈ A}. We will say that interval [i, j) is a match interval

if

j − i ≥ min match length

and there is a single non-trivial sequence in the slice. i.e.

‖{s(a) : a ∈ sliceA(i, j) and s(a) 6= ‘’}‖ = 1

and otherwise call it a non-match interval.

3.3.1.2 Partitioning with k-means clustering

K-means clustering is an algorithm which is widely used to partition data into a fixed

number of clusters, K, based on similarity [MacQueen, 1967].

In the general case, if we have observations {x1, ...,xn} where xi ∈ Rd, then K-

means clustering partitions these observations into K clusters C = {C1, ..., CK} so as

to minimize the within-cluster sum of squares:

arg min
C

K∑
j=1

∑
x∈Cj

‖x− µj‖2

where µj, the mean of cluster j, is defined to be

µj =
1

‖Cj‖
∑
x∈Cj

x.
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To apply this to sequences, we first transform them into vectors. For a ∈ A we

transform sequence s(a) into vector xa = {x1
a, ..., x

m
a } where xia is the count of a

specific substring of length min match length in string s(a).

We use python package scikit-learn (https://scikit-learn.org/stable/

modules/clustering.html) to perform K-means clustering during graph construc-

tion.

ALGORITHM 1: Construct Local Graph from MSA

Input : A – a multiple sequence alignment
Output: G – a sequence graph

1 A = {A}
2 while iteration < max iterations do
3 A′ = ∅
4 foreach A’ ∈ A do
5 B = (B+,B−) = partitionv(A’) /* Partition into match (+) */

/* and non-match (-) intervals */

6 foreach B ∈ B+ do
7 Replace match interval B with sequence node

8 foreach B ∈ B− do
9 A′ = A′ ∪ partitionh(B) /* Partition non-match interval B */

/* with K-means clustering */

10 A = A′

11 Replace each sub-alignment A’ ∈ A with a node for each sequence in {s(a) : a ∈ A’}.

The resulting sequence graph has been constrained to contain nested bubbles. As

described above, match intervals are defined with a minimum match length, by default

7. Having such a restriction makes biological sense as for longer variants introduced

by recombination we expect some shared sequence in the flanking regions. It also

provides a control on the complexity of the graph by reducing the number of times

we define the start of a variant region. The result is that variation which lies close

together in a sequence is clustered.

Note that alternative alignments for the same region may well result in slightly

different local graphs, but this should not affect downstream analyses. There does

not exist a canonical definition of what constitutes an optimal sequence graph, and

we do not attempt to claim ours is optimal.
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3.4 Describing variation with respect to a graph

One of the most common formats for representing the differences between a number of

genomes is the VCF file format, made popular by the 1000 Genomes Project [Danecek

et al., 2011], [Altshuler et al., 2012]. An example can be found in Figure 2.6 in Section

2.4.3. In this format, sequence variation is stored in records, along with information

about the type of sequence variant. A column for each sample provides information

about the allele seen in that sample, often along with details about the support from

the data for each allele.

In designing methods for this work, we were keen to enable downstream analyses

to be compatible with existing tools, and so decided that the primary output should

be in the VCF format.

Each local graph is expected to have a unique identifier. A single path through

the local graph is chosen as the reference path and all variation is described relative

to this path as demonstrated in Figure 3.3. We include multiple records to describe

the nested levels of variation. In this way we can represent variation with respect to

a reference graph, rather than a single reference sequence.

Figure 3.3: VCF describing graph variation for 2 local graphs. For two example local
graphs we describe variation relative to the path in blue, the ‘reference’ path. The
local graph identifier is used in the CHROM field and multiple records are added to
describe nested variation.

We provide options to allow variation to be output with respect to user input

reference sequences (if they exist in the graph), and otherwise choose a suitable path

from the graph (see sections 5.2.2 and 6.2.2).
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3.5 E. coli

3.5.1 E. coli epitomizes the difficulties of comparison

The E. coli species is widely present both in the environment and in the human

gastrointestinal tract, typically colonising it within hours of birth. It also has many

disease pathotypes, causing enteric diseases such as diarrhoea and dysentery, and

extra-intestinal infections such as urinary tract infections and meningitis [Kaper et al.,

2004]. In addition the increasing prevalence of antimicrobial resistance in E. coli and

related species is considered a public health threat [WHO, 2014].

The E. coli pangenome was first observed by [Welch et al., 2002] when they

compared 3 complete genomes and discovered that only 39.2% of the total set of

predicted proteins were present in all three strains. As more complete genomes have

been sequenced and compared, pangenomes have been observed for many other species

[McInerney et al., 2017]. As larger numbers of genomes have been compared, it has

become apparent that some pangenomes are open in that every new sequenced genome

reveals new genes not seen in the previous genomes [Collins and Higgs, 2012]. E. coli

has one of the larger pangenomes, estimated in a study of 2000 genomes by [Land

et al., 2015] to contain 3100 core gene families and 89,000 different gene families in

total. There is known to be sharing of genes between species of the Enterobacteriaceae

family [Sheppard et al., 2016].

As a result, it is both one of of the most relevant and widely studied and sequenced

species of bacteria, and yet one of the most problematic for the types of comparison

we have described above. By demonstrating the applicability of Pandora to E. coli,

we can conclude that it will continue to work in less problematic species.

3.5.2 Selection of sequences

The problem of identifying orthologous genes or clustering intergenic sequences is

challenging. A number of tools have been developed for this purpose as we outline

below.

Gene curation

There are a number of tools for clustering orthologous genes, designed to handle dif-

ferent degrees of divergence between input reference genomes. OrthoMCL [Li et al.,

2003] and OrthoFinder [Emms and Kelly, 2015] are well suited to identifying ortho-

logues across species. In contrast, Roary [Page et al., 2015] was designed to cluster
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very large numbers of similar genomes, and can handle different degrees of diver-

sity by modification of an identity cutoff parameter. A more recent tool PanX [Ding

et al., 2017] was designed as part of a project to allow interactive exploration of

species pangenomes for any species. It uses a traditional initial approach, identifying

groups of homologous genes by similarity search of protein sequences using DIAMOND

[Buchfink et al., 2014] and clustering by MCL [Enright et al., 2002]. Unusually, it then

uses phylogenetic post-processing to define the final orthologous groups based on the

tree structure, and so scales identity cutoffs relative to the core genome diversity. It

appears to perform as well as Roary in scenarios where Roary is well suited, but is

also applicable to scenarios where there is more diversity.

Multiple sequence alignments for genes curated with PanX were made available by

[Ding et al., 2017] at http://pangenome.de/. These were downloaded on 03-05-2018

and were curated from approximately 300 RefSeq assemblies.

3.5.2.1 Intergenic region curation

Intergenic regions form 10-15% of a bacterial genome and have been shown to be sub-

ject to purifying selection in the core genome even after excluding known regulatory

elements [Thorpe et al., 2018], [Molina and Van Nimwegen, 2008].

Piggy [Thorpe et al., 2018] is the first and only tool designed to identify clusters

of intergenic regions. It emulates Roary, but applies to the regions identified as

intergenic by Roary.

Multiple sequence alignments for intergenic region clusters based on 228 E. coli

ST131 genome sequences were generated with Piggy by [Thorpe et al., 2018] for this

publication, and made available on request. Whilst this panel of intergenic sequences

does not reflect the full diversity within E. coli, we were keen to include them as an

initial starting point.

3.5.3 Construction of PanRG

We used Nextflow [Di Tommaso et al., 2017] to construct local graphs in parallel

using a python script and the full pipeline used is available at https://github.com/

rmcolq/make_prg. We used up to 10 iterations, resulting in up to 10 degrees of

nesting, and a minimum match length of 7.

We included some basic handling of common human input errors, including re-

placing sequences containing non-AGCT IUPAC letters with copies containing each

of the corresponding bases represented by the letter. Despite this, a small fraction
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of multiple sequence alignments failed to build into graphs, mainly due unexpected

symbols which hadn’t been accounted for and could not be handled. The resulting

PanRG contains local graphs corresponding to 23052/23107 genes and 14374/14400

intergenic regions downloaded.

Figure 3.4: Three metrics to describe the complexity of a Local Graph. In blue we describe
the fraction of the MSA which was ‘invariant’ or common to all sequences in the MSA and
captured at level 0 in the resulting graph. In red we describe the maximum nested level
reached in the graph. In green we describe the number of variant sites in the graph.

Of the local graphs in the PanRG, 58.9% of gene graphs and 43.8% of intergenic

graphs consisted of a single sequence with no added variation. We know that most

genes are rare (see gene frequency spectrum Figure 2.2) and therefore we expected

more than half of gene clusters to correspond to genes for which there was only a

single exemplar in our reference dataset.

Figure 3.4 defines the 3 metrics we use to describe the resulting graphs. Figure

3.5 shows that the graphs generated for intergenic regions had fewer nested levels

and more sequence at level 0 in the graph (common to all input sequences in slices

of the MSA) than genes. The most levels used by intergenic graphs was 6, compared

to 10 for genes. There is a peak close to 0 in Figure 3.5a, showing that a significant

proportion of the gene MSA input had almost no sequence that was shared by all

sequences in a slice. This could be due to a single insertion event in one allele or

could arise if many diverged versions of these genes were included. Despite this, for

the majority of such cases 3-5 nested levels were sufficient to describe the variation

seen. There is also a slight hump at 0.5 in the distribution for intergenic regions.

This could be explained by the minimum percentage nucleotide identity threshold of

50% used by Piggy during clustering.

Figure 3.6 shows that local graphs with a high fraction of sequence at level 0 also

had fewer sites. Most intergenic local graphs had few sites (0-10), even when they had

a low fraction of sequence at level 0. This could indicate clusters of distinct sequences

which appear in the same genetic context. Many gene local graphs had either very

few sites (< 10), or many sites, numbering in the 100s, but there was a spread of

number of sites as the fraction of sequence at level 0 varied.
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(a) (b)

Figure 3.5: Stacked histogram showing the number of levels of nesting used in Local Graphs
corresponding to (a) genes and (b) intergenic regions as the fraction of sequence at level 0
in the graph (common to all input sequences) varies.

(a) (b)

Figure 3.6: Number of sites in the local graphs corresponding (a) genes and (b) intergenic
regions as the fraction of sequence at level 0 in the graph (common to all input sequences)
varies.
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Chapter 4

Indexing and Quasi-mapping to
the PanRG with Pandora

4.1 Introduction

The process of mapping reads to a single reference genome performs poorly in regions

where there is high sequence or structural diversity between the reference and sample

[Dilthey et al., 2015]. Reference graph methods have been successful in resolving this

issue when applied to short read sequence data from human genomes [Garrison et al.,

2018] and pathogens with limited structural diversity [Maciuca et al., 2016]. However,

so far no method has been developed which can handle long noisy sequence data or

the degree of structural diversity seen in the E. coli pangenome.

Full sequence alignments of long noisy reads are computationally expensive. By

comparison, approximate mapping approaches, such as Minimap2 [Li, 2018] and

MashMap [Jain et al., 2018] are able to rapidly find approximate mapping locations

for such reads against a panel of reference sequences. These tools quasi-map query

sequences against the reference sequences and provide information about the strand

and position from which the query may have likely originated. They do not pro-

vide base-by-base information about how the query aligns against the reference at a

position (although Minimap2 can subsequently align).

In the previous chapter, we described a novel pangenome reference graph (PanRG)

structure capable of storing reference sequences from diverse panels of genomes. In

this chapter we describe methods to index the PanRG and quasi-map both long and

short reads to it in order to infer the presence or absence of loci (such as genes or

intergenic regions) within the reads. We will demonstrate in subsequent chapters that

we can work directly with these approximate mappings to infer sequences and call

variation between samples.
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4.2 The Pandora software implementation

Methods for interacting with the novel PanRG structure defined in Chapter 3 have

been developed in the software package Pandora [https://github.com/rmcolq/

pandora]. These include:

• pandora index – indexes the PanRG with (w, k)-minimizers

• pandora map – quasi-maps reads from a single sample to the index and infers

the presence or absence of PanRG loci in the sample, infers the sequence at

loci as a mosaic of reference sequences and outputs a set of variant calls for the

sample with respect to the graph and optionally identifies de novo variants not

present in the graph.

• pandora compare – quasi-maps reads from several samples to the index and in-

fers the presence and sequence of PanRG loci in each sample, then calls variants

between the samples with respect to the graph.

• pandora random path – outputs sequences from a specified number of random

paths through each local graph in the PanRG

In this chapter we will focus on indexing and quasi-mapping to infer the presence

or absence of loci in a sample. This forms the first step in both the map and compare

methods. In Chapter 5 we look at inferring sequences as a mosaic of references and

graph-based genotyping using pandora map and finally in Chapter 6 we look at how

to describe variation between samples using pandora compare.

Pandora is implemented in C++ and includes approximately 12,000 lines each

of code and tests. The vast majority of code is my own work, with the exception

of the de novo discovery section, which is predominantly the work of Michael Hall

(another PhD student in our group). Robyn Ffrancon identified and fixed a number

of memory leaks in tests and updated the CMake files to allow inclusion of external

libraries required by de novo discovery. In addition, paired programming with Robyn

significantly improved the readability of code and use of modern C++ techniques.

Subsequent to this thesis, major performance improvements have been made to this

code base by Leandro Ishi Soares De Lima.
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4.3 Algorithms

4.3.1 Using (w,k)-minimizers to index a graph

Indexing with k-mers

When indexing a panel of reference sequences it is common to index reference se-

quences with fixed length k-mers, which are stored in a hash table. Read k-mers

are looked up in this hash table and candidate mapping regions within the reference

sequences are identified.

When the reference panel contains a large number of distinct k-mers (such as

when it contains multiple references from a diverse species), it is not feasible to

index every k-mer, and instead different techniques are used to select a sparser set of

representative k-mers. This has been done in a variety of ways

BLAST [Altschul et al., 1997] and BLAT [Kent, 2002] use one k-mer hash function,

and hash k-mers at fixed-width positions 1, w + 1, 2w + 1, ... in the reference

sequences. The size of this index grows linearly with the total length of reference

sequences but the hashed values of all read k-mers must be queried against this index

to avoid offset errors.

MASH [Ondov et al., 2016], also uses 1 k-mer hash function, but stores only the

n smallest hashed canonical k-mers for each reference or query sequence. Similarly,

the MinHash Alignment Process (MHAP) [Berlin et al., 2015] used by Canu [Koren

et al., 2017] defines a fixed number of k-mer hash functions {φj}1≤j≤m and stores a

minimum hashed k-mer for each, {hj}1≤j≤m where

hj = min{φj(ski ) : 1 ≤ i ≤ ‖s‖ − k + 1}.

However, using a fixed size index can negatively affect sensitivity or can waste space

depending on the length of input reference sequences.

Both Minimap2 [Li, 2018] and MashMap [Jain et al., 2018] make use of a winnowing

technique first introduced as a way of allowing similarity searches between web pages.

For a single fixed hash function, these methods sketch a string by including the

smallest hashed item in each consecutive fixed size window. The resulting index

scales in size with the total length of reference sequences. Using this method, the

query sequence is also sketched so there is a much smaller set of query k-mers than

for BLAST. We will extend this technique to allow indexing of a graph.
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Minimizers of strings

We define (w, k)-minimizers of strings as in [Li, 2016]. Let φ : Σk → R be a k-mer

hash function and let π : Σ∗ × {0, 1} → Σ∗ be defined such that π(s, 0) = s and

π(s, 1) = s̄.

Consider any integers w, k > 0. For window start position 0 ≤ j ≤ |s|−w−k+1,

let

Tj = {π(sp,p+k, r
′) : j ≤ p < j + w and r′ ∈ {0, 1}}

be the set of forward and reverse-complement k-mers of s in this window. We define

(w, k)-minimizer(s) to be any triple (h, p, r) such that

h = φ(π(sp,p+k, r)) = min{φ(t) : t ∈ Tj}.

The set W (s) of (w, k)-minimizers for s, is the union of minimizers over all such

windows.

W (s) =
⋃

0≤j≤|s|−w−k+1

{(h, p, r) : h = min{φ(t) : t ∈ Tj}}

Minimizers of a sequence graph

We extend this definition intuitively to an acyclic sequence graph G = (V,E).

Let i = (v, a, b) represent the sequence interval [a, b) on node v ∈ V and define |v|
to be the length of the sequence associated with v.

We define a path in G by

p = {(i1, ..., im) : (vj, vj+1) ∈ E and bj == |vj| for 1 ≤ j < m}.

This matches the intuitive definition for a path in a sequence graph except that we

allow for inclusion of only part of the sequence associated with the first and last nodes

on the path. We will use sp to refer to the sequence along path p in the graph.

Let p be a path of length w + k − 1 in G. The string sp contains w consecutive

k-mers for which we can find the (w, k)-minimizer(s) as before. We therefore define

the (w, k)-minimizer(s) of the graph G to be the union of minimizers over all paths

of length w + k − 1 in G.

W (G) =
⋃

p∈G : ‖p‖=w+k−1

{(h,p′, r) : h = min{φ(t) : t ∈ Tp}}
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Sketching a Local Graph

To find these minimizers for a graph, we use a streaming algorithm as described in

Algorithm 2. For each minimizer found, it simply finds the next minimizer(s) until

the end of the graph has been reached. The method is illustrated in Figure 4.1 for a

toy example.

Figure 4.1: Sketching a graph with (w, k)-minimizers. For a toy local graph we show what
the k-mer graph of minimizers would look like. All minimizers are coloured. We use shift*
to denote the function which finds the next k-mer along the graph. We detail the process
of finding the next minimizer(s) at 3 stages of the k-mer graph construction process. Note
that ACT, highlighted in green, appears twice in the k-mer graph but these nodes are not
merged as they correspond to different paths in the local graph.

Borrowing from Graph Theory, for any graph (V,E) we define the in-degree of a

vertex v ∈ V to be

deg−(v) = ‖{(u, v) ∈ E : u ∈ V }‖

and the out-degree to be

deg+(v) = ‖{(v, w) ∈ E : w ∈ V }‖.

We define the leaves of a graph to be

{v ∈ V : deg+(v) = 0}.
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We define K to be the k-mer graph with nodes corresponding to minimizers

(h,p, r). We add an edge (u, v) to K if there exists a path through G on for which u

and v are both minimizers and v is the first minimizer after u along the path. This

sketching algorithm constructs K, traversing the local graph from left to right. At

each point, it considers the leaves of current iteration of K, and for each leaf it either

adds new vertices and edges to the next minimizer(s) (so that it is no longer a leaf),

or labels it as a tip of the final tree which cannot be extended.

We define walk(v, i, w, k) be a function which returns all vectors of w consecutive

k-mers in G starting at position i on node v. Suppose we have a vector of k-mers x.

Let shift(x) be the function which returns all possible vectors of k-mers which extend

x by one k-mer in the graph. It does this by considering possible ways walk one letter

in G from the end of the final k-mer of x. For a vector of k-mers of length w, the

function minimize(x) returns the minimizing k-mers of x.

Let K ← add(s, t) denote the addition of nodes s and t and the directed edge (s, t)

to K if they do not already exist. Let K ← add(s, T ) denote the addition of nodes

s and t ∈ T to K as well as directed edges (s, t) : t ∈ T , and define K ← add(S, t)

similarly.

Indexing the PanRG

We index the PanRG with (w, k)-minimizers, storing a map from each minimizing

k-mer hash value to the positions in all local graphs where that minimizer occurred

as described in Algorithm 3.

4.3.2 Quasi-mapping to the Index

Quasi-mapping is the process of identifying approximate mapping locations between

each read and the PanRG. To do this, each read is sketched with (w, k)-minimizers

and these are looked up in the index as described in Algorithm 4. For every (w, k)-

minimizer shared between a position in the read and a local graph in the PanRG

index, we define a hit as the coordinates of the minimizer in the read and local graph.

To handle noise which arises both as a result of frequent sequencing errors in

Nanopore reads, and due to non-unique k-mers in the index, we filter these hits.

Firstly, we define clusters of hits between a single read and local graph, where enough

hits are located close together on a read and retain only hits contained in such a

cluster. These clusters are then filtered further so that only one local graph can be

identified as present in a single region of a read : if the first and last hit of a cluster

are contained on the read within a larger cluster, we remove it.
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ALGORITHM 2: Find the minimizing k-mers for a graph

Input : G – a local graph
Output: K– a k-mer-graph of minimizing k-mers

1 Function MinimizerSketch(G)
2 L← ∅ /* set of current leaves in K */

3 T← ∅ /* set of tips of K */

4 X← walk(0, 0, w, k) /* all vectors of w consecutive k-mers starting at node 0 pos 0 */

5 for x ∈ X do
6 S← minimize(x) /* find the minimizing k-mers for this vector */

7 K← add(∅, S) /* join null start node to first k-mers */

8 L← L ∪ S

9 while L 6= ∅ do
10 m := (h,p, r)← L.extract() /* remove a minimizing k-mer from current leaves */

11 if m == G.end() then
12 T← T ∪ {m}
13 continue

14 X← {x \m for x ∈ shift(m)}
15 while X 6= ∅ do
16 x← X.extract last()
17 y← x.get last()
18 if min{φ(π(sy), 0), φ(π(sy), 1)} ≤ min{φ(π(sp), 0), φ(π(sp), 1)} then
19 K← add(m,y)
20 L← L ∪ {y}
21 else if |x| == w then
22 S← minimize(x) /* find the minimizing k-mers for this vector */

23 K← add(m, S)
24 L← L ∪ S

25 else if y == G.end() then
26 T← T ∪ {m}
27 else
28 X← X ∪ {shift(x)}

29 K← add(T, ∅) /* join tips to a null end node in K */

30 return K
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ALGORITHM 3: Index the PanRG
Input : G – a set of Local Graphs
Output: I – an Index

1 Function Index(G)
2 I ← ∅
3 for Gi ∈ G do
4 Ki ← MinimizerSketch(Gi)
5 for (h,p, r) ∈ V(Ki) do
6 I[h]← I[h] ∪ {(i,p, r)}

7 return I

A future extension to remove noise could enforce an additional co linearity criterion

requiring hits in a cluster to appear in the same order on a read as on a (single) path

through the local graph.

Setting the minimum cluster size

When the minimum size of a cluster is set too low, we have more false positive

local graphs identified as present in the dataset, and also have to handle more noise

downstream when inferring a mosaic sequence and genotyping. When it is set too

high, we have less sensitivity to discover loci that are present.

To handle reads and local graphs of very different lengths, the threshold for number

of hits in a cluster is defined relative to both. For short reads, the length of the read

may be shorter than the length of the local graph sequence. The number of (w, k)-

minimizers in a sequence of length ‖s‖ is approximately 2‖s‖/w [Schleimer et al.,

2003], and for perfect sequencing covering the entire local graph, we would therefore

expect a cluster to contain roughly this number of hits.

When reads are longer, the best we can say about the number of hits between a

perfect read and the local graph is that it must be at least the minimum number of

(w, k)-minimizers along a path in the local graph.

To account for sequencing errors, we estimate that if errors occur independently

as a Poisson distribution with rate ε along a sequence, the probability that a k-mer

has been sequenced with no errors is exp(−kε). The expected size of a cluster of

(w, k)-minimizer hits between a read of length ‖s‖ and local graph with minimum

k-mer path length l is at least:

t ≥ min(2‖s‖/w, l) ∗ exp(−kε).
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ALGORITHM 4: Quasi-map

Input : R – a read
I – the PanRG Index
m – the maximum gap length (in bases) between k-mers in a cluster on a read
t – the minimum number of hits in a cluster

Output: C – Clusters of hits corresponding to mapped regions

1 Function QuasiMap(R, I)
2 M← MinimizerSketch(R)
3 A← ∅
4 for (h, p, r) ∈ M do
5 for (j,q, r′) ∈ I[h] do
6 if r ≡ r′ then
7 Append (j, 0, p,q) to A
8 else
9 Append (j, 1, p,q) to A

10 Sort A = {(j, r, p,q)} by the 4 values of tuple
11 C ← ∅
12 Cluster← ∅
13 aprev ← None
14 for acurr = (j, r, p,q) ∈ A do
15 if jcurr 6= jprev or rcurr 6= rprev or ‖pcurr − pprev‖ > m then
16 if Cluster.size() > t then
17 C.append(Cluster)

18 Cluster← ∅
19 Cluster.append(acurr)
20 aprev = acurr

21 return C
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To allow for partial matches on reads, we set the cluster size threshold to be half

this lower bound on the expected value. This is equivalent to a threshold of 10 hits

for a gene length of 900bps and either an Illumina read length of 150bps with errors

at rate 0.001, or a long Nanopore read with errors at rate 0.11.

Filtering false positives

Once we have identified and filtered clusters of hits, each cluster corresponds to a

local graph which we have identified as present in our dataset. In the next section we

describe how a mosaic sequence is inferred using the k-mer counts. As a sanity check,

we further filter out local graphs when the global coverage is greater than 20X and

the mosaic sequence inferred has a mean k-mer coverage either less than 1/20th or

more than 10 times the global coverage, or where both the mean and median k-mer

coverage are less than 3.

4.3.3 A pangenome (multi)sample graph

The PanRG does not store information about the order of loci within it, and is there-

fore agnostic to gene rearrangements. Instead, such information is inferred directly

from reads. While quasi-mapping reads, we construct a pangenome (multi)sample

graph as depicted in Figure 4.2. In this graph, each node corresponds to a locus

in the PanRG which has been discovered, and edges connect loci in the order they

were discovered on reads. Within Pandora, discovered clusters of hits are stored at

the relevant node in this pangenome sample graph. Downstream analysis can then

operate independently on each of these nodes.

We describe in Section 4.8 how information from this pangenome sample graph

could be used to infer the order of identified loci, and enable deconvolution of mix-

tures.

4.4 Methods

We first demonstrate how choices of parameter affect precision and recall when identi-

fying the presence or absence of loci in the PanRG using simulations. We then apply

this method to identify the presence of PanRG loci in real reads from a lab strain of

E. coli K12.
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Figure 4.2: Schematic describing pangenome (multi)sample graph for two samples. Two
samples are depicted in blue and black. A coloured node is depicted for each locus found in
a sample (green for core genes) and arrows represent the order in which nodes were found
in reads for each sample. Downstream analyses comparing sequences found in each sample
are performed independently on each common node.

4.4.1 Simulating reads with ART and NanoSim-H

A number of good read simulators exist for both long and short read sequence data

and these vary in the complexity of the models they use. A summary of the available

short read simulators can be found in [Olson et al., 2015]. To evaluate our methods

using simulated data it was important that simulated reads captured some of the

characteristics of true sequence data, e.g. error rates may not be uniform over a read,

and may be higher at the ends, near homopolymers or in GC-rich regions.

To simulate Illumina reads, we therefore use ART [Huang et al., 2012] and for

Nanopore reads we use NanoSim-H [Yang et al., 2017] [Karel Brinda, http://doi.

org/10.5281/zenodo.1341249]. Both of these contain in-built technology-specific

read error models and base quality value profiles parameterized empirically from

sequencing datasets.

We ran these simulators in singularity images to generate approximately 300X

coverage using the commands:

nanosim-h -p <profile> -n 150000 <sim_genome_fa> --unalign-rate 0

--max-len <max_len> --circular

art_illumina -ss <profile> -i <sim_genome_fa> -l <read_len> -f 300

-o simulated_illumina

For Illumina, we used profiles MSv3 and HS25 which represent the MiSeq v3 and

the HiSeq 2500 technologies. For Nanopore reads, we use the ecoli R9 2D and
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ecoli R9 1D profiles which represent 1D and 2D read protocols sequenced using the

R9 flow cell. These are the most up to date profiles available in NanoSim-H and

represent lower and medium accuracy Nanopore reads.

Current flow cells (R9.4.1 and R9.5.1, with R10 available to early access pro-

gram) only support 1D reads, but are reported to have higher accuracy than older

1D reads due to the combination of updated pore and basecalling algorithms ([Rang

et al., 2018] and Figure 4.3). The majority of our sequence data was generated

using the R9.4 1D protocol, and was re-basecalled with the improved basecaller Al-

bacore 2.1.7. We expect it to have a read accuracy between those represented by

the two profiles. We note that estimates for the read accuracy of each technol-

ogy vary greatly: [Jain et al., 2017] report a median read identity of 89% for 1D

and 94% for 2D experiments using R9 flow cells, Nick Loman reports a median

read identity of 83% with a rapid 1D kit and R9 flow cell [http://lab.loman.

net/2016/07/30/nanopore-r9-data-release/], [Wick et al., 2019] reports a me-

dian read identity of 88% using R9.4 1D and Albacore 2.0.1. Despite this, error rates

have and continue to improve (e.g. [https://nanoporetech.com/about-us/news/

1d-squared-kit-available-store-boost-accuracy-simple-prep]). It seems rea-

sonable therefore to tune Pandora for medium accuracy Nanopore data.

Figure 4.3: Timeline of MinION read accuracies and Oxford Nanopore Technologies tech-
nological developments. Source:[Rang et al., 2018]. Reprinted from Rang et al., ‘From
squiggle to basepair: Computational approaches for improving nanopore sequencing read
accuracy’, Genome Biology (2018) under CC BY.
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4.4.2 Simulating a ‘genome’

We simulated ‘genomes’ by selecting local graphs corresponding to 5000 genes and

5000 intergenic regions from the E. coli PanRG described in Section 3.5. We chose

a single sequence from each of these local graphs by randomly walking through the

graph using the command:

pandora random_path <PanRG> 1

We concatenated sequences, selecting without replacement and alternating genes and

intergenic sequences, to form our ‘genome’. By construction, we therefore know the

genes and intergenic sequences which are present in this ‘genome’ and can use this to

classify loci as true positives, false positives or false negatives.

4.4.3 Effect of technology and read coverage on precision and
recall of loci

We used the in-built profiles of several different sequencing technologies (Illumina

HiSeq 2500, Illumina MiSeq v3 , Nanopore R9 1D and Nanopore R9 2D) to simulate

reads with different length distributions and error profiles. Simulated reads were down

sampled to a range of depths, and Pandora was used to identify the presence/absence

of loci from the PanRG in each simulated dataset.

pandora map -p <PanRG> -r <simulated_nano_reads> --genotype

--max_covg <max_covg>

pandora map -p <PanRG> -r <simulated_illumina_reads> --genotype --illumina

--max_covg <max_covg>

We evaluated the number of local graphs correctly and incorrectly identified as

present or absent in the reads regardless of sequence identity.

4.4.4 Effect of w and k on precision and recall of loci

For different values of w and k we indexed the PanRG using Pandora and quasi-

mapped 50X of simulated Illumina or Nanopore reads to this index.

pandora index -w <w> -k <k> <PanRG>

pandora map -p <PanRG> -r <simulated_nano_reads> --genotype

--max_covg 50 -w <w> -k <k>

pandora map -p <PanRG> -r <simulated_illumina_reads> --genotype --illumina

--max_covg 50 -w <w> -k <k>
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Time and memory requirements were measured using the in-built Unix time mod-

ule. We also evaluated the number of local graphs correctly and incorrectly identified

as present or absent in the simulated reads.

4.4.5 Effect of cluster parameters on precision and recall of
loci

We repeated the above analysis, fixing the default parameters of w and k, and varying

the minimum number of hits in a cluster, and the maximum distance on a read of

one hit from another within a cluster.

pandora map -p <PanRG> -r <simulated_nano_reads> --genotype

--max_covg 50 --min_cluster_size <min_size> --max_diff <max_diff>

pandora map -p <PanRG> -r <simulated_illumina_reads> --genotype --illumina

--max_covg 50 --min_cluster_size <min_size> --max_diff <max_diff>

4.4.6 Precision of genes and intergenic regions from real E.
coli sequence data

We used a reference strain of E. coli K12 originally isolated in 1922, for which publicly

available Nanopore and Illumina sequence datasets and a reference assembly are avail-

able [Goodwin et al., 2015], [http://lab.loman.net/2017/03/09/ultrareads-for-

nanopore/]. Each of these was generated from a separate culture and extraction of

this standard lab isolate, so we expect some small differences between the Illumina and

Nanopore sequences and the truth assembly as a result of evolution [Kuhnert et al.,

1995]. However, this data has been used extensively by developers in the Nanopore

community as a means to evaluate methods for Nanopore and hybrid assembly.

Reads were quasi-mapped to the PanRG with Pandora using default parameters.

The inferred mosiac sequences were mapped back to the reference assembly using bwa

mem. Sequences for which there was no match with a 0 or 16 flag in the SAM file were

deemed to be false positives and all others true positives. In this way we estimated

the precision of presence or absence calls.

51

http://lab.loman.net/2017/03/09/ultrareads-for-
nanopore/


4.5 Results

4.5.1 The effect of technology and read coverage on precision
and recall of loci

We simulated reads with the length distribution and error profiles of Illumina HiSeq

2500 with 150bp reads, Illumina MiSeq v3 with 150bp and 250bp reads and Nanopore

R9 1D and 2D with maximum read lengths of 10,000bps and 50,000bps. Figure

4.4 shows the precision and recall when finding genes and intergenic regions from a

simulated genome with Pandora (default parameters) at different depths of coverage.

Nanopore 2D reads achieved the highest combination of precision and recall for gene

presence, with Illumina technologies resulting in lower precision and Nanopore 1D

resulting in lower recall. This is perhaps unsurprising, since all three were run with

the same parameters, tuned on medium accuracy (2D) simulated Nanopore sequence

data.

Figure 4.4: Precision and recall for PanRG loci given sequence data from different tech-
nologies. Using a simulated reads with the read length distributions and error profiles of
different sequencing technologies, we evaluate the precision and recall when identifying the
presence or absence of loci from the PanRG. Marker size represents the coverage, varying
between 10X and 300X.

Both Illumina technologies resulted in a slightly higher recall and a lower precision

for gene presence than Nanopore technologies at the same depth of coverage. For

example, at 30X coverage, Illumina technologies achieved precision of 0.867-0.877

and recall of 0.932-0.952 by comparison with Nanopore 2D which achieved precision
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of 0.949-0.951 and recall of 0.910-0.911. It seems likely that the initial definition

and filtering of clusters of hits is permitting too many false positive clusters to be

considered for further analysis, resulting both the slightly higher recall and the higher

number of false positive genes. Nanopore 1D reads have a higher error rate than

2D reads. Whilst this increased noise is being filtered out such that precision is

maintained, some true clusters of hits are also being filtered, resulting in the lower

recall (0.486-0.487 at 30X coverage). It is possible that the default parameters for

minimum cluster size may need to be relaxed when there is evidence of a high error

rate.

There was very little difference between the precision and recall achievable from

Nanopore data with a maximum read length of 10,000 or 50,000bps, or from Illumina

data with read lengths of 150 or 250bp.

For each technology, the point corresponding to the precision and recall at 10X

coverage is an outlier. The secondary filtering of genes and intergenic regions, based

on whether the coverage along the inferred sequence for that locus is reasonable, is

only enforced when the global genome coverage reaches 20X. As a result, when less

than 20X sequence data is provided, this results in a higher recall and lower precision.

In all cases, additional coverage above 50X did not improve results, leading to

only a small gain in recall and a small loss of precision.

4.5.2 The effect of w and k parameters on precision and recall
of loci

We evaluated the affect of parameters w and k on precision and recall when iden-

tifying presence or absence of loci from the PanRG with Pandora. For a simulated

genome, we generated 50X simulated reads with the characteristics matching 3 dif-

ferent profiles. Figure 4.5 demonstrates that in all cases, as w or k increases, recall

decreases and precision increases. This is because the index contains fewer k-mers

leading both to fewer noisy hits and fewer true hits. However, the optimal choice of

w and k parameters is not consistent between read profiles. For medium accuracy

Nanopore reads, the default parameters of k = 15, w = 14 are close to optimal, whilst

for lower accuracy reads, it looks like w = 10 would provide extra sensitivity and for

Illumina increasing to k = 31, w = 19 would provide moderate gains of precision.

As the values of w or k increase, the time and maximum memory required for

quasi-mapping decay exponentially due to the sparsity of the index. However, the

time and memory required to construct the index increase exponentially due to the

complexity of pulling out long paths which cross many junctions in a local graph.
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Figure 4.5: The effect varying parameters w and k on the precision and recall when iden-
tifying presence or absence of loci from the PanRG in simulated reads with error profiles
and lengths matching (a) Illumina HiSeq 2500 (b) Nanopore R9 1D and (c) Nanopore R9
2D.
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4.5.3 The effect of cluster threshold parameters on precision
and recall of loci

Figure 4.6: The effect varying parameters for (a) minimum number of hits in a cluster and
(b) maximum distance on reads between consecutive hits in a cluster on the precision and
recall when identifying presence or absence of loci from the PanRG in simulated reads.

We evaluated the precision and recall when identifying the presence of loci from

the PanRG for different values of minimum cluster size and maximum within cluster

distance input parameters. Figure 4.6 shows how these parameters affect these metrics

using simulated reads matching 3 different read profiles.

Surprisingly, the results from simulated Illumina HiSeq 2500 and Nanopore R9 2D

reads were remarkably similar, although precision was generally slightly lower given

short reads which multimap more often. In both cases, as the minimum cluster size

increased, the precision increased and the recall decreased. For cluster sizes above

11, recall decreased more rapidly, and precision increased only marginally. There

was a sharp gain in both recall and precision as the maximum cluster distance was
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increased from 10 to 20 bps. Given that the k-mer size for these results was 15bps,

this is the equivalent of allowing 1 k-mer to be missed through sequencing errors

or novel mutation. For Nanopore 2D, both precision and recall improve further as

the maximum within cluster distance is increased. For Illumina, further increase of

maximum cluster distance results in a slight dip in precision, whilst recall remains

unchanged.

For Nanopore 1D reads, as the minimum cluster size is increased, recall decreases

rapidly to almost 0, and precision fluctuates between 0.984 and 0.991. As maximum

cluster distance increases up to 150bps, both precision and recall increase.

The default parameters in Pandora are a minimum cluster size of 10 and a max-

imum within cluster distance of 250bps for Nanopore and 2k + 1 for Illumina. This

analysis suggests that these default values are probably close to optimal for both

Illumina HiSeq 2500 reads and medium accuracy Nanopore reads. However, lower

accuracy Nanopore reads will require a higher maximum cluster distance and a lower

minimum cluster size.

4.5.4 Precision of genes and intergenic regions from real E.
coli sequence data

We quasi-mapped real Nanopore and Illumina reads to the PanRG with Pandora and

default parameters, and estimated the fraction of the mosaic sequences which mapped

back to the reference assembly with bwa mem.

For Illumina reads, Pandora inferred 6753 gene and intergenic sequences as present.

Of these only 2 did not map back to the assembly and these were both very short (27

and 92bps). 97.9% mapped back unambiguously to a single location in the assembly.

The final 142 sequences (2.1%) had duplicate records, corresponding to either se-

quences which appear multiple times in the genome (probably true positives) or split

matches (probably false positives, but possibly where mobile elements have inserted

within the gene).

For Nanopore reads, Pandora inferred 6041 gene and intergenic sequences, 98.2%

of which mapped back unambiguously to a single location in the assembly, the same

2 again did not map back, and 103 had multiple SAM records.

In both cases, the majority of multi-mapping sequences (65%/75%) corresponded

to short intergenic sequences rather than gene sequences. This suggests that setting

a minimum length for PanRG input sequences could improve precision.

There was a noticeable discrepancy between the number of sequences identified as

correctly present (flagged as mapped with bwa mem) with each technology: 96.7% of
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the sequences found with Nanopore were also found with Illumina, but only 84.9% of

sequences found with Illumina were found in the Nanopore data. The sequences iden-

tified with only one technology were again dominated by short intergenic sequences:

78.3% of sequences found only with Illumina and 78.7% of sequences found only with

Nanopore were intergenic, and the small number of genes found with only one technol-

ogy were usually less than 300bp long. These short sequences have fewer minimizing

k-mers in the index. As a result, it is more likely that we fail to achieve the minimum

number of hits required for detection, especially with the noisier Nanopore data.

Using dnadiff, sequences output by Pandora from Illumina reads aligned against

92.72% of bases in the reference genome and 90.66% from sequences output by

Pandora from Nanopore reads.

4.6 Discussion

In this chapter, we described methods to index and quasi-map to a pangenome refer-

ence graph. This infrastructure provides a means to compare genomes where a single

reference would make part of one genome or another inaccessible. We have shown

for a single E. coli genome that more than 90% of the genome was covered by loci

present in the PanRG and that 98% of sequences from the PanRG inferred to be

present were true positives.

We do not attempt to demonstrate that more of a single genome is accessible via

mapping than with conventional methods, as this is unlikely to be true. In Chapter 6

however we will demonstrate that for sets of diverse samples this infrastructure makes

a greater proportion of between sample variation accessible.

We have also demonstrated the effects of different choices of parameter on the

precision and recall of the loci identified as present or absent by Pandora. We have

shown that based on simulations the default parameters are optimal for medium

accuracy Nanopore sequence data and are not far from optimal for high accuracy

Illumina sequence data. Given that all of the data considered in this thesis is of

one of these types, the majority of the following work will use Pandora with default

parameters. When considering only Illumina sequence data however, we will use the

higher values of w = 19 and k = 31.
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4.7 Limitations

4.7.1 A fundamental limitation

A pangenome reference is always incomplete

The primary limitation of any reference-based approach is that it does not generally

permit discovery of novel variation. In a later section we will describe work by Michael

Hall to enable discovery of short novel variants where there is evidence that a gene

or intergenic region exists in the sample, but the reference mosaic sequence has poor

support from reads in some interval. However this will not enable discovery of entire

novel genes or insertion sequences.

For species with an open pangenome, every new genome is likely to contain some

new genes not seen before (see Figure 2.2). The number of such genes can be con-

trolled by inclusion of many reference sequences in the PanRG. Additionally, careful

curation of input sequences by the user can ensure that features of interest are well

represented in the PanRG. For example, it could include all known mobile elements,

or all orthologous gene clusters found in a large collection of samples from a clinically

characterized strain. In this way, the pangenome reference graph makes accessible a

much larger fraction of the pangenome for comparison than previous reference-based

methods.

4.7.2 Current limitations

Minimizer hit data structure uses too much RAM

At time of writing this thesis, a major limitation is the amount of RAM required to

quasi-map reads. The RAM use scales linearly with the number of minimizer hits,

and this is a prime candidate for development to improve the memory requirement.

At present, hits found between the index and the reads which are identified as part

of a cluster are stored for the duration of the single sample mapping process. Each hit

includes a uint32 t to represent each read identifier, read start position, local graph

identifier and k-mer node identifier, a bool to represent the relative orientations of

the k-mer in the read and graph, and a vector of uint32 t to represent the path in

the local graph from which the k-mer originated. The coordinate information allows

regions of the relevant reads to be extracted for de novo discovery. However there is

clearly redundancy in the amount of information stored, and once counts have been

added to the k-mer graph nodes, much of the information ceases to be required.
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In Section 6.6.2.1 I will briefly describe work that has been done subsequent to

this thesis, to improve this performance.

Scaling to multi-species pangenomes

The current values of w and k enable effective indexing of the PanRG and identifi-

cation of those loci which are present. Within Enterobacteriaceae, genetic material

is shared between several species, and it might be interesting to construct a PanRG

at this family level. In order to scale to a PanRG which includes the pangenome of

multiple species, it is likely that sections of the PanRG will need to be considered in

parallel. Part of the filtering of clusters involves considering if a cluster is contained

within a larger cluster, as may be the case if there are many k-mers in common be-

tween several local graphs. For this process to work when the sections of the PanRG

are considered separately, we may need to sort the collection of local graphs in the

PanRG so that those with a high degree of k-mer sharing are placed close together in

the PanRG file, and are considered as part of the same PanRG chunk. We may also

need to increase the size of w and k so that there are fewer (w, k)-minimizers shared

between graphs.

4.8 Future work

4.8.1 Inferring the order of local graphs in a sample

Bacterial genomes are typically very gene-dense, and often more than 90% of the

DNA sequence is made up of protein-coding regions [Rosenberg and Rosenberg, 2012].

These genes typically vary in length between 500-1500bps. As a result, long reads of

length 10,000bps and up are expected to cover numerous genes and this long range

information can be used to infer the order of loci from the PanRG in the sample.

Such an inference can provide valuable information about the context of individual

genes in the sample, such as whether it lies in the chromosome or a plasmid. When

we consider making use of sequence data from multiple infections or metagenomic

datasets, this long range order information would also aid deconvolution of reads into

the respective genomes.

We have started developing an approach to infer the order of local graphs using a

de Bruijn graph. We use an ‘alphabet’ of local graph identifiers. Each node is a fixed

size tuple of oriented local graphs, and edges correspond to adjacency of consecutive

tuples in reads.
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A very recent preprint [Ruan and Li, 2019] for new rapid long read de novo

assembler wtdbg2 used a very similar idea. They construct a ‘fuzzy de Bruijn’ graph

by chopping reads into 1024bp segments, divided into 4 256bp bins (like a k-mer with

k = 4, and 256bp ‘words’ forming the alphabet). The 4-bin segments may be merged

if they are aligned together based on all-vs-all read alignment.

Based on the fact that most genes in the genome appear uniquely, we are confident

that with further development, ordering could be successfully implemented in this way

within Pandora.

4.8.2 Handling mixed sequence data

Bacteria live in mixed communities and often many versions of the same species

co-exist in the same environmental niche unless some external factor (e.g. antibiotic

use) selects for one form [Didelot et al., 2016]. However, most sequencing preparations

include picking a single bacterial clone to culture and extract and most assembly and

variant calling methods assume a priori that only a single clonal genome is present.

Allowing for the presence of multiple genomes of a species when variant calling

would do two things. Firstly, it would add to our knowledge and understanding of

within-host evolution and carriage vs disease. Secondly, it would remove the necessity

of a culture step before extraction, potentially enabling more rapid diagnostics from

sequencing. For M. tuberculosis, [Votintseva et al., 2017] have already demonstrated

that it is possible to provide same day drug-susceptibility diagnostics directly from

sputum samples.

When designing these methods, much thought was put into making them exten-

sible to mixtures. The long range information available from long read sequence data

ought to make it much easier to deconvolve reads which show evidence of having

different genes, or a different ordering of genes using graph operations. The analyses

described in the next chapters could then be applied independently to partitioned

sets of reads. In particular, we allow the same local graph from the PanRG to be

present multiple times in the pangenome sample graph.
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Chapter 5

Local sequence inference and
genotyping for a single haploid
clonal sample

5.1 Introduction

The accessory part of the pangenome plays an important role in enabling bacteria to

adapt to different environments and as such is biologically relevant in many problems.

However, differences in the presence and order of pangenome elements can often render

parts of this accessory genome inaccessible to variant calling (see Figure 1.1).

In this chapter we describe methods to use quasi-mapped reads to rapidly infer

the sequence at a locus in the PanRG as a mosaic of reference sequences (the mosaic

sequence). If the PanRG reference panel is sufficiently well chosen, and given that

new variation is introduced into bacterial genomes by mutation and recombination

mechanisms, we expect this to be a reasonable approximation. For Nanopore data

in particular, we show that such an approach can yield sequences with a per base

accuracy of at least 99.8% in less than 1 CPU hour, which is many hours faster than

existing approaches.

Traditional reference based variant calling uses a single ‘closely related’ reference

genome as a first approximation of the sample genome and identifies the first order

corrections from reads where they differ from this reference. In this chapter we detail

algorithms to instead use a path through the PanRG as this first approximation of

the sequence for a single sample. We then detail how genotyping is performed with

respect to this graph using a Poisson model, allowing SNPs, indels and complex

features to be described. We show that this model results in highly accurate and

sensitive results, even with noisy data. In section 6.6.2, we describe work by another
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(a) Illumina k-mer coverage distribution(b) Nanopore k-mer coverage distribution

Figure 5.1: The k-mer coverage distribution and the fitted Poisson and Negative Binomial
distributions.

student to extend this approach with novel variant discovery, bringing it in line with

standard approaches.

These steps are implemented in our software Pandora as part of the map protocol.

5.2 Algorithms

Each of the operations described in this chapter are performed independently on each

local graph in the PanRG. As such, we will describe each method for a single local

graph.

5.2.1 Mosaic sequence inference

To infer the closest mosaic of reference sequences for each locus from a local graph,

we use a dynamic programming algorithm on the k-mer graph constructed by the

graph indexing process.

In the previous chapter, we described the process of identifying the presence of

local graphs in sequence data by finding clusters of hits between the reads and local

graphs. For each minimizing k-mer in the k-mer graph, we store the number of hits

we have found in these clusters.

We model k-mer coverage with a negative binomial distribution to allow for greater

dispersion than in the standard Lander-Waterman/Poisson model, and use the con-

ventional simplifying assumption that k-mers are read independently.

Let r + s be the number of times the underlying DNA was read by the machine,

generating a k-mer coverage of s, and r instances where the k-mer was sequenced

with errors. Let 1− p be the probability that a given k-mer was sequenced correctly
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when read. The probability mass function for parameters r > 0 and 0 ≤ p ≤ 1

f(s; r, p) =
Γ(r + s)

Γ(r)s!
pr(1− p)s

has mean (1−p)r
p

and variance (1−p)r
p2

. We solve these for r and p using the observed

k-mer coverage mean and variance across all k-mers in all graphs for the sample.

Let Θ be the set of possible paths through the k-mer graph which could corre-

spond to the true genomic sequence from which reads were generated. For θ ∈ Θ let

{X1, ..., Xm} be independent and identically distributed random variables represent-

ing the k-mer coverages along this path. Let D be the k-mer coverages seen in the

read dataset. We use a dynamic programming algorithm (Algorithm 5) to find the

path which maximizes log-likelihood-inspired score

θ̂ = { arg max
θ∈Θ

l(θ|D) }

where

l(θ|D) =
1

m

m∑
i=1

log f(xi; r, p).

By construction, the k-mer graph K is directed and acyclic. We can therefore find

an ordering of the nodes such that for any directed edge from x to y, x comes before

y in this ordering (this is called a topological ordering). Such an order can be found

in time linear in the number of nodes and edges using Kahn’s algorithm [Kahn, 1962],

but in our implementation we use the C++ stdlib sort algorithm. Let {x1, ..., xn}
be the coverage counts for a topological ordering of the n nodes of K, and define

prob(i) = log f(xi; r̂, p̂),

where r̂, p̂ are parameters estimated from the global k-mer coverage distribution as

outlined above.

For some genes, there exist versions of the sequence which appear truncated by

comparison with others. The result in our graph is that there are some k-mer nodes

with both other k-mers and the graph terminus as outnodes. In these cases we must

allow for both of these options, but the graph terminus by definition has no sequence

to have coverage on. To handle this, we assign a threshold probability to the terminus,

and require the score for extending the sequence to be greater than this threshold.

Each k-mer node in K is uniquely defined by a path of length k in the local graph,

and for w ≤ k every letter in a sequence is contained in at least one (w, k)-minimizer

of that sequence (except in the first and last w+ k− 1 bases). The found k-mer node
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ALGORITHM 5: Find the mosaic path

Input : K – a directed acyclic k-mer graph with n nodes
t – terminus probability threshold

Output: p = {p1, ..., pm} – a path through K

1 Function FindConsensus (K)
2 M← arr(0, n) /* initialize intermediate score array of n zeroes */

3 len← arr(0, n) /* initialize length array of n zeroes */

4 prev← arr(n, n) /* initialize previous array of n n’s */

5 for i = n, ..., 1 do
/* consider the nodes in reverse topological order */

6 max mean← − inf
7 max length← 0
8 for j ∈ outnodes(i) do
9 if (j.is terminus() and t > max mean)

10 or M[j]/len[j] > max mean
11 or (M[j]/len[j] ≡ max mean and len[j] > max len) then
12 if j.is terminus() then
13 max mean = t
14 else
15 max mean = M[j]/len[j]
16 max len = len[j]

17 M[i] = M[j] + prob(i)
18 len[i] = len[j] + 1
19 prev[i] = j

20 prev node = prev[0]
21 p← ∅
22 while prev node < n do
23 p.append(prev node)
24 prev node = prev[prev node]

25 return p
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path therefore corresponds to overlapping paths of length k through the local graph,

and can be transformed back to a path through the local graph. The string along

this path is the mosaic sequence for the sample, and the path may be used as the

reference sequence for VCF construction.

5.2.2 Genotyping

Genetic variation is usually described with respect to a single reference sequence.

For a prepared panel of variants described with respect to this reference, genotyping

solves the classification problem, statistically inferring which alleles in the panel are

supported by the sequence data for a sample.

By construction, a pangenome reference graph contains within it a description of

variation we have previously seen in a population. By selecting a path through the

graph to act as the reference sequence, we can describe all other variation in the graph

with respect to this path. In this way, we intuitively extend the idea of genotyping

to graph genotyping as described in Figure 5.2.

Figure 5.2: Variation as described with respect to different paths: for toy local graph in
(a) we summarize how graph variation would be described with respect to different choices
of reference path shown in blue. In (b) the reference path is the top path and in (c) the
bottom path.

We first construct a VCF describing variation in a local graph with respect to a

predefined reference path, which can be user-specified or inferred (the mosaic path).

Bubbles in the local graph result in records and alleles in the VCF. We collect in-

formation about the coverage on indexed k-mers which overlap each allele, and store

their mean, mode and sum. We use these statistics to genotype each site in the VCF.

We model the mean k-mer coverage on the true allele as Poisson distributed with

rate equal to the expected depth of coverage d. To account for noise, we assume that

coverage on alternative alleles arises as a result of an error process with rate ε. We

also have information about the proportion of k-mers along each allele with zero (or

near-zero) coverage. If we assume k-mer coverage is Poisson distributed with mean
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d, then the probability that a given k-mer has non-zero coverage is

p = 1− Poisson(d, 0) = 1− exp(−d).

We scale the probability of an allele proportional to the probability of seeing z zero-

covg k-mers out of l with the term

(1− p)z/lp(l−z)/l.

Let A be the set of alleles, and for a ∈ A, let ca be the mean k-mer coverage

over allele a, and let cb be the sum of the mean k-mer coverage over each other allele

in A. Let za be the number of k-mers covering allele a with zero coverage, and la

be the number of k-mers covering allele a. The the probability of the observed data

assuming a is the true allele is

e−d
dca

ca!
εcb (1− p)za/lap(la−za)/la (5.1)

hence the log likelihood of an allele is

logL(a|observed data) =− d+ ca log(d)− log(ca!) + cb log(ε)

− dza/la + log(1− exp(−d))(la − za)/la.

We ascribe the called genotype to the most likely allele a, and define the confidence

to be

min
b∈A\{a}

‖ logL(a|observed data)− logL(b|observed data)‖.

Because the VCF by default contains records representing nested levels of varia-

tion, there are combinations of records where alleles called in this independent way

could conflict. We therefore parse the VCF once more for conflicting calls and keep

only the most confident call in such cases.

The resulting VCF includes ALT calls where a sample differs from the chosen

reference path, and REF calls where we have identified it follows the reference path.

In this way, we continue to describe the sample with respect to all the variation

contained in the pangenome reference graph.

5.3 Methods

5.3.1 Evaluation of mosaic sequence accuracy

We first demonstrate that given a ‘perfect read’ corresponding to a path in the PanRG

we can correctly infer the sequence. We then use simulations to confirm that for
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sequences that are contained in some local graph in the PanRG, we can accurately

retrieve the original sequence from noisy reads. Finally we use publicly available data

for a reference strain of E. coli to show that we can maintain this mosaic sequence

accuracy using real whole genome sequence data.

Note that for w ≤ k,every letter of each sequence is guaranteed to be covered by

at least one minimising k-mer. The exception is in the first and last w + k − 1 bases

of any sequence, where there may only be one minimizing k-mer and so the inferred

sequence for these regions may be randomly chosen from the graph, leading to lower

accuracy in these flanks. In this work we have built graphs which precisely match

genes or intergenic regions of interest, and so we have lower accuracy at the ends

of these sequences. A simple workaround would be to add w+k-1 bases of flanking

sequence during graph construction.

To evaluate the output mosaic sequences, we first map them back to the truth

using bwa mem [Li, 2013]. We then extract from the SAM file the length of the

matched sequences and the number of mismatches in the NM tag for each alignment.

We plot a histogram for the number of mismatches and estimate the per-base error

rate as the total number of mismatch bases divided by the total length of aligned

bases. For each aligned sequence we also note whether the cigar includes an insertion

or deletion.

5.3.1.1 Accuracy of mosaic sequences from simulated read data

We generated 5 different random paths through each local graph in the E. coli PanRG

(except for simple graphs where there were fewer possible paths). For 10000 paths

of at least 200bps in length, we simulated 100X coverage of Illumina reads with ART

[Huang et al., 2012]. Due to limitations of the simulator, to allow simulation of

Nanopore reads we added 15000bp of the letter ‘A’ to the beginning and end of each

sequence. We then simulated 250 reads using NanoSim-H [Yang et al., 2017] [Karel

Brinda, http://doi.org/10.5281/zenodo.1341249], and restricted to those simu-

lated reads which mapped back to the original random path sequence with Minimap2

[Li, 2018]. This resulted in approximately 100X coverage of simulated Nanopore

reads. To get ‘perfect reads’ we used 30 copies of the random path sequence. Each

simulated dataset was mapped to the PanRG with Pandora and the resulting mosaic

path compared with bwa mem to the original path.
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5.3.1.2 Accuracy of mosaic sequences from E. coli K12 whole genome
sequence data

We used the Nanopore and Illumina sequence data and reference assembly for the

reference strain of E. coli K12 described in Section 4.4.6. Whilst the Nanopore

and Illumina read datasets will have evolved slightly from the reference genome, the

reference sequence is expected to lie in the graph. Since this graph gives an upper

bound for variation we are able to detect, this provides an approximate positive

control for our methods.

Inferred mosaic sequences were mapped using bwa mem. to the reference assembly.

Sequences which multimapped were eliminated, to reduce confounding results. These

arose both when sequence associated with a locus appeared multiple times in the

genome, and when shared k-mers between loci resulted in a locus being incorrectly

identified as present (often shorter sequences). Sequences for which there was no

match in the SAM file were deemed to be false positives and all others true positives.

5.3.2 Evaluation of genotyping accuracy

We use simulations to evaluate the precision and recall of Pandora and to compare

with other variant callers. We compare performance with Illumina data to SNP

caller Snippy [https://github.com/tseemann/snippy], a wrapper for Freebayes.

For Nanopore data we compare with nanopolish, using their variants protocol

[Loman et al., 2015]. We described these methods further in Background section

2.4.2.1.

5.3.3 Precision and recall of genotype calls from error-free
reads

We simulated a reference genome from the PanRG as in Section 4.4.2. We simulated

long and short error-free reads with the commands

nanosim-h --perfect --circular -n 30000 <genome.fa> --unalign-rate 0

--max-len 10000

nanosim-h --perfect --circular -n 550000 <genome.fa> --unalign-rate 0

--max-len 300 --min-len 250

To evaluate the recall of single-reference variant callers, a standard approach is to

take a reference genome, and reads from that genome. By introducing variants to the

reference and calling variants from the reads with respect to this mutated reference,
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we know the truth about the variants that should be called. We can then evaluate

recall by calculating which of these introduced variants can be discovered from calls.

Since Pandora does not require a reference, we select the panel of variants in the

same way and handle the fact that the VCF output by Pandora is with respect to a

different (graph) reference to the other methods, still checking which variants in the

panel can be discovered from calls.

We used Pandora to construct a panel of variation present in the PanRG with

respect to the simulated reference genome. A candidate panel of variants was se-

lected by filtering for size (< 10bp) and discarding variants which overlapped. We

then randomly selected variants from this panel, including each independently with

probability p = 0.1. A new simulated ‘reference’ genome was created by updating the

original reference with selected variants. The simulated reads now represent sequence

data from a genome which is closely related to this simulated reference.

We called variants with respect to the mutated reference with Snippy and Nanopolish,

and with respect to the graph with Pandora and looked for correct calls at the sites

where we introduced variants.

These simulations represent a ‘best case’ scenario for all tools - for Pandora we

know a priori that the variants are in the graph and so should be called, and for

Snippy and Nanopolish we have guaranteed that the reference sequence is not too

divergent from the sample genome.

We evaluated recall as described in Section 2.4.3.2 and precision as described in

Section 2.4.3.1.

5.3.3.1 Precision and recall of genotype calls from real E. coli K12 se-
quence data with respect to a simulated reference

We used Pandora to construct a panel of variation present in the PanRG with respect

to the E. coli K12 reference sequence described in Section 4.4.6. We then repeated

the above analysis using real sequence data instead of simulations. This introduced

5201 variants to the 5Mb genome, of which 3423 were isolated SNPs, 32 were indels

and 1733 were clustered SNPs. This is a best case simulation; in practice for E. coli

we might expect to see a nucleotide divergence of < 3% in core genes [Touchon et al.,

2009] but an average of more than 10 SNPs/kb [Schloissnig et al., 2013].

In all cases we used 100X sequence data, and we additionally call variants with

Pandora from just 30X sequence data.

We evaluated recall as described in Section 2.4.3.2 and precision as described in

Section 2.4.3.1.
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5.3.3.2 Running Snippy and Nanopolish

We ran Illumina SNP caller snippy using the command:

snippy --cpus 8 --outdir snippy_outdir

--reference <reference_assembly> --se <illumina_read_fq>

and Nanopore variant caller nanopolish using the command:

nanopolish index -d <raw_fast5_dir>

-s <albacore_summary_file> <nanopore_read_fq>

minimap2 -ax map-ont -t 8 <reference_assembly> <nanopore_read_fq>

| samtools sort -o reads.sorted.bam -T reads.tmp

samtools index reads.sorted.bam

mkdir -p nanopolish.results/vcf

python3 /nanopolish/scripts/nanopolish_makerange.py

<reference_assembly> | parallel --results nanopolish.results

-P 2 nanopolish variants

-t 8

-w 1

--reads <nanopore_read_fq>

--bam reads.sorted.bam

--genome <reference_assembly>

-o nanopolish.results/vcf/nanopolish.1.vcf

-q dam,dcm

--ploidy 1

Pandora and snippy both output a genotype likelihood for each allele of all

SNPs and indels, and from this we were able to define a genotype confidence. For

nanopolish, which does not specifically define allele likelihoods or genotype confi-

dences, we used support fraction in lieu of a confidence to stratify results.

5.3.4 Pandora

We ran Pandora for each analyses using the singularity image and default parameters

using command:

singularity exec shub://rmcolq/pandora:pandora pandora map

-p <pangenome_prg> -r <reads_fa> --max_covg <100|30>

with additional argument

--illumina

when the input data was Illumina and
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--genotype

to genotype. When using real sequence data (from E. coli K12), we added

--max_diff 16

for Illumina data based on the parameter results in Chapter 4.

5.4 Results

5.4.1 Evaluation of mosaic sequence accuracy

For genome sequences that lie in the PanRG, we expect the mosaic sequences inferred

by Pandora to be an exact match, both from Illumina and Nanopore sequence data.

We evaluate this with perfect and imperfect simulated reads and real sequence data.

5.4.1.1 Accuracy of mosaic sequences from simulated read data

(a) (b) (c)

Figure 5.3: (a) Cumulative distribution for the number of mismatch bases between inferred
mosaic sequences and expected sequences for perfect reads. Analysis of inferred mosaic
sequences was repeated with w + k − 1 bp flanks (28bps) removed from the start and end
of each gene/locus just before alignment (b) Cumulative distribution for the number of
mismatch bases between inferred mosaic sequences and expected sequences for simulated
Nanopore and Illumina reads, with and without flanks of 28bps. (c) For each inferred
sequence, we plot the number of mismatch bases by comparison with the truth and the
length of the sequence and colour by the length of the longest insertion or deletion identified
in the SAM cigar, here shown from Illumina simulations.

To evaluate mosaic accuracy, we first simulated 30X perfect and 100X noisy reads

from random paths through local graphs in the PanRG, and compared the sequence

inferred by Pandora to the reference sequence used to generate the reads.

Perfect reads represent the ceiling for per base accuracy of sequences inferred with

Pandora. For perfect reads the full inferred sequences mapped back with 99.93% av-

erage per base identity. Figure 5.3a shows the distribution of the number of mismatch
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bases per inferred local graph mosaic sequence. In 66.7% of cases the sequences in-

ferred were a perfect match and 93.8% had up to 2 base mismatches by comparison

with the truth. We investigated whether these were due to lower sensitivity in the

w+k−1 base pair flanks, where not every letter is covered by a minimizer, leading to

lower sensitivity to distinguish between alternative sequences. For 10% of sequences

where the inferred mosaic had a mismatch base by comparison with the reference,

these mismatches were only in the first or last w + k − 1 of the sequence. However,

the overall per base accuracy when flanks were excluded was only slightly higher at

99.94%. We will discuss the cause of this apparent ceiling later.

From simulated reads matching the length and error profiles of Nanopore R9

2D and Illumina HiSeq 2500 technologies, we got very similar results. Simulated

Illumina/Nanopore reads mapped back to the truth with 99.89%/99.90% average per

base identity. This is comparable with the accuracy of de novo Nanopore assemblies

(99.84% [Wick et al., 2019]), although considerably less accurate than typical Illumina

assemblies (99.98% [Zerbino and Birney, 2008]).

Figure 5.3b shows the distribution of the number of mismatch bases per inferred

local graph mosaic sequence. For Nanopore/Illumina simulations, 90.8%/91.9% of

inferred sequences had up to 2 mismatch bases by comparison with the truth, rising

to 92.9%/94.2% when flanks were omitted. Results from Illumina simulations were

marginally more similar to those from perfect reads, most likely due to the low error

rate.

For all types of read, the mismatch distribution had a long tail, with a very

small number of individual sequences having a larger number of mismatch bases

by comparison with the true sequence. Figure 5.3c shows that none of these can

be explained by the presence of a large deletion or insertion in the middle of the

inferred sequence by comparison with the truth. Instead it is likely to be due to

large soft clipped flanks. We know that a number of local graphs in the PanRG

we constructed from MSA including sequences of very different lengths due to real

insertions or deletions or truncations seen in the reference sequences. The dynamic

programming algorithm is slightly vulnerable to the occasional incorrect inference

across these regions in the graph if the mean coverage on k-mers in the true allele is

not sufficiently high. Further investigation is needed into whether better calibration

of the dynamic programming algorithm can reduce these errors.

The results from this section demonstrate that when the true sequence exists as a

path through a graph in the PanRG we can infer it as accurately from noisy sequence

data as from perfect reads.
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Experiment flanks Avg id (%) Identical (%) ≤ 2 mismatches (%)
Perfect Reads yes 99.93 66.7 93.8
Perfect Reads no 99.94 77.3 95.6

Simulated Nanopore yes 99.90 63.8 90.8
Simulated Nanopore no 99.91 72.8 92.9
Simulated Illumina yes 99.89 67.4 91.9
Simulated Illumina no 99.92 77.8 94.2

K12 Nanopore yes 99.73 33.5 75.3
K12 Nanopore no 99.77 45.1 81.5
K12 Illumina yes 99.84 54.0 90.9
K12 Illumina no 99.88 70.1 94.0

Table 5.1: Evaluation of inferred mosaic sequences for different input data

5.4.1.2 Accuracy of mosaic sequences from E. coli K12 whole genome
sequence data

Figure 5.4: Cumulative distribution for the number of mismatch bases between inferred
mosaic sequences and expected sequences for real sequence E. coli K12 Nanopore and
Illumina reads. Analysis of inferred mosaic sequences was repeated with w+k−1 bp flanks
(28bps) removed before alignment.

We repeated this analysis for 100X of real Nanopore and Illumina whole genome

sequence data generated from E. coli K12, achieving a very similar per base accuracy

of 99.73/99.84% for Nanopore/Illumina reads despite expecting some additional errors

as a result of evolution between the reference isolate and read isolates. Mapping used

12GB of RAM and took just 15 minutes from the raw Nanopore reads. Table 5.1 shows

how the results compare with the simulations, and Figure 5.4 shows the distribution

of the number of mismatch bases per local graph mosaic sequence. When flanks are
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included, a lower proportion of those local graphs present in the genome were inferred

with 0 mismatch bases, but this proportion is increased to 81.5/94.0% of sequences

for Nanopore/Illumina when flanks are omitted.

Figure 5.5: AlignQC heatmap showing the context of base errors in inferred mosaic se-
quences for (a) Illumina, (b) Nanopore sequence data. The large type text describes possible
types of base error, and the small type represents the base before and after in the truth.
Note that the scales are automatically generated by AlignQC and so are different for each
data type.

We investigated the sequence context of mismatch bases using AlignQC [Weirather

et al., 2017], a tool which reports information about the quality of mappings, error

rates and error biases from BAM format alignment data. Figure 5.5 shows heatmaps

generated by AlignQC from the alignment of the inferred mosaic sequences to the

truth assembly. For Nanopore reads, the largest source of contextual bias is towards

CCT being called as CTT in the mosaic sequence. This bias in Nanopore is likely

to be as a result of methylated bases which typically occur in this way [Wick et al.,

2019], leading to sufficient support from reads for this incorrect allele. In the results

from both Nanopore and Illumina data, indels tended to occur in the context of

homopolymers, although this was more common in Nanopore mosaic sequences than

Illumina. Mismatch errors in Illumina mosaic sequences were much rarer than in
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Nanopore mosaic sequences (not the different scales) and occurred in a wider variety

of contexts, reflecting the more uniform error profiles typical in Illumina reads.

5.4.2 Evaluation of genotyping accuracy

5.4.2.1 Precision and recall of genotype calls from error-free reads

We simulated a genome by concatenating sequences from random paths for genes

and intergenic regions in the PanRG. We simulated 30X perfect short (250bp) or

long (max length 10,000) reads from this genome to represent Illumina and Nanopore

reads. We modified the simulated genome with small variants from the PanRG and

evaluated Pandora with the simulated reads. Figure 5.6 shows the precision and recall

of introduced variants.

Figure 5.6: Precision and recall of genotype calls from error-free reads. For simulated short
and long reads, we show the recall of simulated reference mutations and 1 - precision based
on all calls. Results are stratified by genotype confidence thresholds.

As expected, given the same coverage and no errors, results are very similar for

both read length distributions. From both long and short error-free reads, Pandora
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achieved 90% recall with 99.8% precision. A maximum recall of 94% was achieved

by both. This represents better accuracy than the equivalent mosaic results, with a

slightly lower recall. Of the 2327 simulated variants, 2198 were discovered from error

free long reads in the full VCF. Of those missed, in 53 out of 129 the incorrect allele

was called. In 74 cases, no match was found in the VCF. This occurs in Pandora

when sites are discarded because the called genotype is incompatible with the called

genotype of an overlapping site with a higher likelihood.

5.4.2.2 Precision and recall of genotype calls from real E. coli K12 se-
quence data with respect to a simulated reference

We modified the reference assembly for our E. coli K12 datasets with variants from

the PanRG, and evaluated Pandora, Snippy and Nanopolish for precision and recall

of the introduced variants (thus evaluating real data, but with a simulated reference

genome for reference dependent methods).

Figure 5.7: Precision and recall of different methods evaluated with E. coli K12 reads and a
simulated reference. For each method, we show the recall of simulated reference mutations
and 1 - precision based on all calls. Results are stratified by genotype confidence thresholds.
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Figure 5.7 shows the precision and recall of introduced variants achieved by

each method, stratified by genotype confidence. The highest precision was achieved

by Snippy which had 75.5% recall with 100% precision. By comparison, Pandora

achieved 88.6% recall with Illumina data. The lower recall with Snippy was due to

difficulties calling non-SNP variants. While it did succeed in calling such variants in

some cases, in 613/1270 of the variants missed, there was a record in the VCF but the

allele called was not a match (likely a SNP was called where a slightly longer variant

was present). In a further 562 cases there was no record in the VCF matching the

site, and of these only 13 were SNP sites.

As expected, genotyping with Illumina data achieved higher precision and re-

call than genotyping with Nanopore sequence data. With 99.7% precision Pandora

was able achieve, 61.4% recall with 100X of Nanopore data, and 55.5% with 30X

of Nanopore data. Pandora outperformed Nanopolish, which achieved results with

100X coverage very similar to Pandora with just 30X coverage: 55.4% recall with just

under 99.7% precision.

As with error free reads, recall with Pandora plateaus, unable to call the final

10% of simulated variants despite them being selected to lie in the graph. In some

places, nesting in the graph gives rise to multiple records in the VCF. If the genotype

calls made for such records are incompatible, the most likely record is kept, and the

genotype call for the other is omitted. As a result, it is the case that not all sites in

the graph are genotyped in a given sample. This is an area for future development.

Genotyper Data CPU time (h) Max memory (GB)
Snippy Illumina 0.25 0.97

Nanopolish Nanopore 5.25 3.8
Pandora Illumina 0.70 22.2
Pandora Nanopore 0.61 11.9

Table 5.2: CPU time and memory requirement of each method to call variants in E. coli
K12 from 100X of either Nanopore or Illumina sequence data.

Table 5.2 shows the time and memory requirements of each method. Snippy was

both the fastest and most memory efficient tool, with Pandora requiring approxi-

mately twice as much time and much more memory to run. Nanopolish was an order

of magnitude slower than both Pandora and Snippy (and this is know to scale very

badly with increased depth of coverage e.g. https://github.com/jts/nanopolish/

issues/228). However, with 30X Nanopore sequence data, Pandora requires only

twice the RAM (6.72GB) to call variants with greater precision and recall than the
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current state of the art Nanopore caller Nanopolish in 1/10th the time (0.56 h). Fi-

nally, we highlight that this is not a like-for-like comparison. Snippy and Nanopolish

are both performing variant discovery, and intend to get as close as possible to the

sample genome. However for Pandora we have been evaluating how close the nearest

mosaic in the graph is to the sample. The Illumina, Nanopore and truth reference for

K12 all come from different cultured isolates, and the reference in particular is old;

thus some or all of them may have sequence outside the graph.

5.5 Discussion

In this chapter, we described methods to infer the sequence at a locus as a mosaic

of reference sequences and to genotype with respect to a path in the pangenome

reference graph. These methods provides a substrate to allow genotyping across the

pangenome. By comparison, traditional single-reference variant calling methods are

only able to access variation in the core part of the genome.

Our results for mosaic sequence inference and genotyping from error free reads sug-

gest that there is still some room for improvement of the underlying algorithms. How-

ever, we have shown that we are able to achieve 99.5% precision with 70.6%/88.8%

recall when genotyping from Nanopore/Illumina sequence data.

With Illumina sequence data, we infer sequences and genotype with similar ac-

curacy as with error free reads. In addition, genotyping recall appears to be higher

than can be achieved with other methods and we will show in the next chapter that

there are even more significant gains of recall when comparing multiple samples.

For Nanopore sequence data, we are able to infer the sequence of genes and inter-

genic regions in a fraction of the memory and time that a full assembly would require

and with comparable per base accuracy. In addition we are able to make variant

calls with greater precision and recall than the only currently available alternative

Nanopolish, and can do so in a fraction of the time.

5.5.1 Current Limitations and Future Development

5.5.1.1 Lower accuracy in w + k − 1 bp flanks

We noted in the results section that the accuracy of inferred sequences was lower in the

w+k−1 bps at the start and end of each sequence. Provided w ≤ k, outside of these

flanks every letter of each path through the local graph is guaranteed to be contained

in a minimizing k-mer, which leads to greater accuracy when differentiating between

different alleles. For genes or other loci of interest where we care about having this

78



higher accuracy throughout the entire sequence, adding additional flanking sequence

to either end of each graph could ensure this.

5.5.2 Mosaic sequence inference errors

When inferring sequences as a mosaic of references, at each point in the dynamic

programming algorithm we choose the outnode with the highest mean log probability.

As we progress through the nodes towards the first nodes in the k-mer graph, new

k-mer coverages only slightly change the mean k-mer coverage along the extended

path. In addition to this, when the algorithm is implemented in C++, to avoid errors

when comparing floats, we consider a float equal to another if it is within a ±0.000001

range.

As a result we have less sensitivity to distinguish between alleles towards the

start of sequences as shown in Figure 5.8. Modifying the algorithm to distinguish

between alternatives with very similar mean log probabilities based instead on the

kmer coverages of a smaller number of recent kmers on the graph paths would enable

us to further improve sensitivity of these mosaics.

Figure 5.8: Positions within mosaic sequences at which mismatch base errors occurred,
shown (a) raw and (b) scaled by sequence length. Positions taken from the SAMFILE
generated when comparing inferred mosaics from Illumina E. coli K12 to the truth assembly.

5.5.2.1 An improved genotyping model

The current genotyping model achieves reasonable results for both Illumina and

Nanopore sequence data. Rerunning the analysis in Section 5.4.2.2 without the sec-

ond term (penalising coverage on alternate alleles) or the third term (penalising based

on missing coverage) in genotype probability equation 5.1 reduces the precision of re-

sults and so we conclude that each term is beneficial. However, from observation we
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have seen that precision decreases when the path used as the reference sequence is

more distant in the graph to the sample path. In this situation, alleles are longer

and some contain long shared flanks. As a result the assumption that all coverage on

alternate alleles is due to errors is incorrect. To handle this, we propose an improved

model as follows:

For each allele a ∈ A with non-zero (or sufficient) coverage on its k-mers, we

identify the set of unique k-mers on the allele k(a). We then work with ca′ , the mean

k-mer coverage over unique k-mers on the allele and cb′ the sum of the mean k-mer

coverage over unique k-mers on alternate alleles.

The probability of the observed data assuming a is the true allele is then

e−d
dca′

ca′ !
εcb′ (1− p)za/lap(la−za)/la .

We have not had time to implement and test this new model, and expect some

corner cases to have to be considered further such as when there are no unique k-mers

on an allele. This could be handled either by filtering out alternate alleles with very

low support, or considering equivalence classes of alleles.

5.5.2.2 Error biases in Nanopore sequence data

We noted above that for Nanopore sequence data, the errors in the mosaic sequences

were biased towards certain motifs, in particular CCT identified as CTT. The con-

version of cytosine to 5-methylcytosine as part of the CC(A/T)GG motifs, known

as Dcm methylation, is common in E. coli and other species of Enterobacteriaceae

[Gomez-Eichelmann et al., 1991]. It was recently demonstrated by [Wick et al., 2019]

that training a neural network for ONT basecalling on taxon-specific data resulted in

a much higher consensus sequence accuracy for Enterobacteriaceae samples, largely

because they could account for these methylation motifs.

Future development for Pandora could include allowing a user-input error bias

model to be used as a prior as part of the mosaic sequence algorithm. Alternatively,

running methylation aware Nanopolish on the inferred mosaic sequences would fur-

ther improve their accuracy and would not add too much of an additional time cost,

due the the high accuracy of Pandora mosaic sequences.

5.5.2.3 An upper bound for mosaic sequence accuracy and the case for
de novo discovery

We have demonstrated that when a sequence is contained in the PanRG, the mo-

saic sequence inferred by Pandora has a per base accuracy comparable to polished
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nanopore assemblies. However, as the method infers the sequence as a mosaic of the

reference sequences, new variation which is not present in the PanRG cannot be in-

ferred. This means that the distance of the sample from the graph provides an upper

bound on the per base accuracy that can be achieved without a process of de novo

discovery. In Section 6.6.2 we will describe work by another PhD student to add this

feature.

5.5.2.4 Multi-copy genes and mixed datasets

All the algorithms described in this section assume that only a single path through a

local graph can be present in the read dataset. For multi-copy genes this assumption is

violated. As a result we anticipate that our results are likely to be less accurate in this

situation. We plan to handle multi-copy genes and mixed datasets in a combination

of ways:

Firstly, the context of a local graph can be used to partition reads (‘synteny’).

This is something which would be easier given long read sequence data, where it is

expected that a read covers numerous local graphs. Once reads have been partitioned,

a path can be inferred separately for each set of reads.

Secondly, we can look for evidence of multiple paths through a local graph such

as the presence of extraordinary coverage. In this case, we can output a shortlist

of paths which are supported by coverage and solve an expectation maximisation

problem (similar to RNA transcript quantification e.g. SALMON [Patro et al., 2017])

to identify the true paths present and partition reads accordingly.

We have partial work for both of these approaches, and expect this to aid future

work inferring the order of local graphs within a sample.
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Chapter 6

Variation inference for collections
of haploid clonal samples

6.1 Introduction

The comparison of collections of bacterial genomes is central to microbiology and is

increasingly used to aid our understanding about how a species evolves, transmission

within an outbreak, the mechanisms of antimicrobial resistance and virulence, and

the differences between pathogenic and commensal isolates.

However comparison of divergent samples is hard (recall Table 3.1), and typi-

cally analysis is constrained to either focus on (small) variation in the part of the

pangenome core to all samples, or larger scale variation such as presence/absence of

genes.

In this section we describe methods introduced in Pandora as part of the compare

protocol which allow a hierarchy of variation between samples to be captured. This

includes both a presence/absence matrix showing which local graphs have been found

in each sample, as well as a VCF representing differences within each local graph

between any samples that contain it.

We compare Pandora and two SNP calling tools and evaluate how well each en-

ables differences between genomes to be captured. We show by successively adding

samples that Pandora is able to capture variation across the pangenome whereas

single reference-based approaches progressively fail. We demonstrate that Pandora

enables variation in shared regions of the pangenome to be described, even when

other regions of the genome are more divergent. To our knowledge this is the first

time that this has been achieved.
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6.2 Algorithms

6.2.1 Workflow for comparison of a dataset

Figure 6.1: Workflow in pandora compare

Figure 6.1 outlines the workflow used by pandora compare to enable comparison

of read datasets for several samples. Firstly each sample in turn is quasi-mapped

to the PanRG, and their mosaic sequences inferred. Coverage information is stored

in a multisample pangenome graph. Then, for each local graph in the multisample

pangenome graph, a VCF is constructed to represent the graph variation with respect

to some reference path and the relevant samples are genotyped. Finally Pandora out-

puts a pangenome matrix and multisample VCF. When de novo discovery is included,

after the inital mapping phase, the PanRG is updated with variants discovered in each

sample. We will describe this in detail in Section 6.6.2.

6.2.2 Choice of graph reference path

As outlined in Section 3.4, when no user-defined reference sequence is provided, a

path through the local graph is chosen to be the VCF reference sequence for each

local graph based on the input sequence data.

When comparing samples, it is helpful for small differences between sequences to

look small. Figure 6.2 shows for a toy example how a SNP difference between two

samples might appear to be a larger variant when described with respect to a different

choice of reference path.

For this reason, the default reference path is chosen to be maximally close to

the sample paths. To do this we first make a copy of the k-mer graph. For each

sample, we increment the node coverage by one along the path covered by the sample

mosaic sequence. We then re-use the maximum-likelihood algorithm from Algorithm
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Figure 6.2: Choice of reference path may disguise small variants with shared flanking
sequence: for toy local graph in (a) and two samples shown in orange and blue, figures
(b) and (c) show VCF details describing the SNP difference between these two samples
with respect to 2 different choices of reference path, shown in black. In (c) the difference is
explicitly written as a SNP, whilst in (b) it is nested within longer alleles.

5 with a modified probability function, defined such that the probability of a node is

proportional to the number of samples covering it.

6.3 Methods

We first confirm using simulations that by using a hierarchical approach we are able to

describe variation between divergent sets of genomes. We go on to demonstrate how

our pangenome reference approach compares to two single reference genotypers using

a range of reference sequences, both when comparing two closely related samples and

when comparing increasing numbers of divergent samples of the same species.

6.3.1 Describing variation between divergent sets of genomes

For a species like E. coli, the multiple mechanisms of inheritance mean that there can

be a lot of structural diversity between genomes. And yet as we described in Section

2.2.3 it is useful to be able to describe similarities in accessory parts of the genome.

To demonstrate Pandora’s ability to describe similarities between diverse and similar

genomes, we simulated a toy example dataset. Pairs of random paths were selected

from 400 local graphs to create sequences {r1, ..., r400} and {r′1, ..., r′400}, which differ

by variants contained within the PanRG. We then concatenated the following sets of

sequences to get 4 simulated ‘genomes’:

g1 = {r1, ..., r200}
g2 = {r′1, ..., r′200}
g3 = {r1, ..., r50, r201, ..., r250, r301, ..., r400}
g4 = {r251, ..., r300, r

′
51, ..., r

′
100, r

′
301, ..., r

′
400}

By this construction, genomes g1 and g2 have the same genes in the same order and

differ predominantly by SNPs and indels. Genomes g3 and g4 share half their genomes,
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in which they differ predominantly by SNPs and indels, and also each contain both

unique material and some shared sections of either genomes g1 or g2.

Whilst this construction is highly constrained and artificial, it allows us to eval-

uate whether SNP differences between each pair of samples are identifiable. Under

this construction, random paths {r1, ..., r100} are each present in all but one sample,

{r101, ..., r200} and {r301, ..., r400} are shared between 2 samples and {r201, ..., r300} are

uniquely present.

We simulated 30X each of Nanopore reads using NanoSim-H [Yang et al., 2017]

[Karel Brinda, http://doi.org/10.5281/zenodo.1341249] and of Illumina reads

using ART [Huang et al., 2012]. Read datasets were compared using pandora compare.

We first produce a graphical representation of the pangenome matrix and confirm

it contains the above genes in the correct combination for each genome. For each pair

of genomes we also evaluated the fraction of confident SNP differences as identified

with the dnadiff module from MUMMER3 [Kurtz et al., 2004], which were identifiable

from the multisample VCF, and the fraction of VCF sites with a call for both samples

where the calls were correct. We produce a heatmap of these pairwise fractions.

6.3.2 The effect of diversity of a dataset on pan/reference
genome approaches

For reference based methods, the choice of a reference sequence affects how accessible

regions of the sample genome are for variation detection. We demonstrate this effect

first for two related samples of E. coli from a hospital outbreak, and then when an

additional 2 unrelated samples of the same species are added to the set of samples

being compared (details below). Figure 6.3 shows the proportion of sequence shared

between pairs of these 4 samples.

We used pandora compare to produce a multi-sample VCF of variation between

the samples across the PanRG for the two outbreak samples, and again for all 4

samples. As Snippy and nanopolish do not have a multisample mode, we ran them

separately on each sample using a selection of reference genomes. This created single-

sample VCFs with respect to each reference, with variation between any two samples

captured as differences between the variants called in each sample VCF.

6.3.2.1 Outbreak dataset

The two outbreak samples were selected from a hospital outbreak dataset [Decraene

et al., 2018] which we investigate further in Section 7.1. This outbreak was primarily

85

http://doi.org/10.5281/zenodo.1341249


(a) (b)

Figure 6.3: Sequence similarity between the assemblies of 4 E. coli samples as estimated
using dnadiff. (a) For each genome (y-axis) we show the percentage of that genome which
aligns against each other genome on (x-axis). (b) The percentage of bases which agree
between each pair of genomes within 1-1 aligned segments.

concentrated in two wards of a hospital and Illumina sequencing had already been

performed as part of ongoing research into the outbreak. DNA was re-extracted and

sequenced for 16 samples with Oxford Nanopore MinION for this project by Sophie

George, and a subset of 5 of these samples were sent for PacBio SMRT sequencing.

The Pacbio raw reads were assembled using canu v1.6 [Koren et al., 2017] to

produce the draft assembly. The contigs from the draft assembly were then aligned

to a standard reference genome (accession: NZ CP025268.1) using the nucmer utility

from the MUMMER3 [Kurtz et al., 2004] package. The contigs were oriented to match the

reference, trimmed based on the nucmer alignments and circularized using minimus2

[Sommer et al., 2007]. This work was done by Srividya Ramakrishnan and Michael

Schatz.

Nanopore sequencing was performed in March and April 2017 using the most

up to date protocols, kits and flow cells. DNA was prepared for all but one sample

using the ‘1D Native barcoding genomic DNA’ protocol for multiplex sequencing, and

the remaining sample was prepared according to the ‘1D Genomic DNA by ligation’

protocol. Preparation used SQK-LSK108 and EXP-NBD103 kits and R9.4 flow cells.

Multiplexed samples were sequenced in batches of 2-5 samples.

Nanopore reads were first basecalled with ONTs Albacore command line tool

v2.7.1, then Porechop [https://github.com/rrwick/Porechop] was used to demul-

tiplex (where necessary) and trim adaptors.
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PacBio assemblies were polished with Illumina data using 6 rounds of Pilon

[Walker et al., 2014]. Illumina reads were then mapped with bwa mem [Li, 2013]

against the polished assembly, and positions where the major allele fraction fell below

a threshold of 95% were excluded from further analyses. All further analyses use this

polished PacBio assembly as a truth for the sample.

We used two samples (identifiers H131800734 and H151080744) for the analy-

sis in this Section, and perform a full comparison the samples in the next chapter.

H131800734 was collected in 2013 from the ward where the outbreak was concen-

trated, and H151080744 was collected in 2015 from a neighbouring ward and belongs

to the same sequence type, ST216. Previous analysis of these two samples suggests

they are very closely related.

6.3.2.2 Comparison of divergent samples

We compared a diverse set of 4 samples, including outbreak sample H131800734

from the previous analysis, and the E. coli K12 strain used in previous chapters and

described in Section 4.4.6. We will refer to this sample with id K12 MG1655. In

addition, we included 2 additional samples sequenced by the REHAB consortium as

part of a study to compare hybrid assembly methods for complex bacterial genomes

[Maio et al., 2019]. Hybrid assemblies combine information about the genome struc-

ture from long read data with accurate sequence from short reads to generate fully

resolved, accurate genome assemblies. This study included 18 Enterobacteriaceae iso-

lates from farm animals and the environment and 2 reference strains. Of these 20

samples, 4 were from E. coli.

For each sample they have made available Nanopore, Illumina and PacBio se-

quence data. They constructed hybrid assemblies from long and short read sequence

data using Unicycler [Wick et al., 2017a], which has been shown to be the optimal

hybrid tool for fully closed genomes. They considered a variety of long read filtering

methods and found that random subsampling was the most effective read filtering

method. We therefore used this resulting assembly for our sample truth. Unfortu-

nately, the signal level data generated during Nanopore sequencing is not available,

and so Nanopolish is unable to call variants for these samples.

We used CFT073 (ST73, a reference strain) and RHB10-C07 (isolated from sheep

faeces) from this dataset. There were very few differences between the PacBio and

Nanopore based hybrid assemblies for these samples, so for consistency with the other

two samples, we used the PacBio hybrid assemblies for our analysis.
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In all cases, we subsampled read files to contain 100X or 30X coverage, using the

first 100X coverage for Nanopore read sets which are already randomly ordered, and

a random subset of reads for Illumina.

6.3.2.3 Running Pandora

We ran Pandora using the singularity image and default parameters using command:

singularity exec shub://rmcolq/pandora:pandora Pandora compare

-p <pangenome_prg> -r <read_index> --genotype

with additional argument

--max_covg 30

when using just the first 30X coverage in each read file, and

--illumina -w 19 -k 31

when the input data was Illumina (based on recommended parameters in Chapter 4).

A single sample VCF was generated for each sample from the output multisample

VCF so that downstream analysis could process the results of each method in the

same way.

6.3.2.4 Running Snippy and nanopolish

To capture the differences in performance of Snippy and nanopolish when calling

variation with respect to different references, we used a range of reference assem-

blies. We downloaded 228 RefSeq complete E. coli reference genomes. This set was

composed by Nabil-Fareed Alikhan to include one reference per ribosomal MLST,

although it is not entirely representative because many clonal complexes do not have

a complete genome available.

We ran Illumina SNP caller Snippy [https://github.com/tseemann/snippy]

and Nanopore variant caller nanopolish [Loman et al., 2015] on each outbreak sample

with each reference individually as in 5.3.3.1.

We first selected a panel of 10 reference assemblies based on the Snippy calls

for these two samples, selected to cover the full range of estimated precision and

recall fractions. To do this we set a threshold for recall (60%), ordered references

by precision, and selected 10 evenly spaced members of this list. Due to the huge

number (2̃0) of CPU hours required for each nanopolish run, we were unable to

select references in the same way for nanopolish.
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When we extended the initial analysis from the 2 outbreak samples to 4 samples,

we used MASH [Ondov et al., 2016] to add additional references to this panel, includ-

ing the reference most closely related to each sample and the top 3 references most

closely related to the collection of samples as a whole.

6.3.2.5 Evaluating precision and recall

To evaluate precision and recall, we used the polished/hybrid PacBio assembly for

each sample as a truth assembly. We masked out regions of each of these assemblies

where Illumina reads were less than 95% concordant.

We evaluated the precision for each sample VCF as described in Section 2.4.3.1.

The results tables of true positive calls and false positive calls stratified by genotype

confidence were amalgamated.

Since there is no truth panel describing the variation between these diverse sam-

ples, for each pair of samples we used dnadiff [Kurtz et al., 2004] to compare the

truth assemblies and construct a panel of confident SNP differences. We evaluated

the number of these which could be identified from the pair of VCFs as described

in Section 2.4.3.3. We combined results over all pairs of samples to estimate the to-

tal pairwise SNP recall. By this measure, a SNP site which segregates all 4 samples

would be counted 6 times, whilst a SNP site which segregates 2 samples only would be

counted once. The primary reason for this is to avoid having to merge these distinct

call sets (and the inevitable problems of translating coordinates). In core regions of

the genome, this ‘double counting’ is likely to bias in favour of the most accurate

methods. Variation in the accessory genome will be identified more rarely and will

segregate pairs of samples less often, hence is less likely to be ‘double counted’. As a

result we do not expect this metric to bias in favour of Pandora.

Analysis was performed using in house software minos [https://github.com/

iqbal-lab-org/minos].

6.3.2.6 Plotting results

For each choice of genotyping method and reference genome we evaluated the precision

and recall at different genotype confidence thresholds. For method and reference

combinations which were able to achieve a minimum recall of 10%, we plot a step

function to represent the precision and recall as genotype confidence is increased.
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6.4 Results

6.4.1 Comparing diverse simulated genomes

(a) (b)

Figure 6.4: (a) Presence/absence matrix output by Pandora, sorted so that the 400 genes
from which random paths r1, ..., r400 were generated are in order, followed by any additional
called genes. Dark green represents presence, and white represents absence. (b) For each
pair of simulated genomes we show in the bottom half of the heatmap the proportion of
dnadiff SNP differences which were correctly identified by Pandora in the multisample
VCF. The top half of the graph gives for each pair of genomes the fraction of VCF sites
where both genomes were genotyped and were called correctly.

We used pandora compare to analyse 4 simulated genomes. The pangenome

matrix is represented pictorally in Figure 6.4a, sorted so that the 400 simulated genes

appear in order starting at the top. It shows that all 400 simulated genes are inferred

to be present or absent correctly by Pandora, although a small number of additional

genes were incorrectly identified as present in each simulated genome (13 for Nanopore

and 35 for Illumina data).

Figure 6.4b shows that for 4 pairs of simulated genomes where dnadiff identified

SNPs, 80.8-81.6% of these could be identified from the resulting multisample VCF.

Additionally for any pair of simulated genomes, 94.7-100% of sites where a call was

made for both were correct. As in other analyses where we evaluate recall using

dnadiff SNPs, there is a ceiling at around 80% sensitivity. We will address possible

reasons for this in the discussion.

This demonstrates that we are able to discriminate between regions of the pangenome
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which are unique to samples, or common to a subset of samples as well as to call vari-

ants in regions of the genome that are shared between at least two samples.

6.4.2 Comparison of genotyping methods on a pair of out-
break samples

Figure 6.5: Precision-Recall comparison of methods for a choice of reference genomes
stratified by genotype confidence. The y-axis shows the fraction of high confidence SNP
differences between samples H131800734 and H151080744 which were captured by each
method with at least this confidence and the x-axis shows the fraction of VCF calls of at
least this confidence which are false positives.

We evaluated the precision and recall of different genotyping methods for a range

of reference genomes.

Figure 6.5 shows that for both Snippy and nanopolish, choice of reference affected

both the precision and recall of results. For Snippy, 13/15 references resulted in a

maximum recall of 69.2-82.0%, one reference achieved a maximum recall of 43.4%

and the final reference failed for sample H131800734. At 60% recall, the fraction of

false positives ranged between 0.0000269 and 0.00287, lower than any other method.

For nanopolish only 3 references were similar enough to both samples to allow any

calls, but these achieved a maximum recall of 70.5-81.0%. However, these calls also

had a high proportion of false positive calls, and at 60% recall the three references

resulted in the fractions of 0.00813-0.0111 false positives, increasing rapidly for any

gain in recall.
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With Pandora the recall achieved was at the lower end of the spectrum typically

achieved with successful runs by other methods. Pandora had a maximum recall of

69.7% for Illumina data, and 69.2-70.3% for Nanopore data. In this analysis, recall

is estimated based only on confident SNPs identified between the sample assemblies.

There is therefore a contrast between this analysis, measuring recall of SNPs and

showing better recall for Nanopolish and Snippy, and that shown in Figure 5.7,

which measured better recall for Pandora when considering both SNPs and longer

variants. This contrast emphasises the strengths of both Snippy and Nanopolish

when describing SNPs between two closely related samples as opposed to longer vari-

ants.

At 60% recall, the fraction of false positives was 0.00669 with 100X Illumina and

0.0120 with 100X Nanopore, higher than the other methods. For Nanopore sequence

data this performance is unsurprising given that Nanopolish uses raw signal data in

addition to the basecalled reads, allowing for the inclusion of more complex models

to handle methylated bases. Whilst we do not intend to rely on raw signal, this is

perhaps an indication of the gains that could be achieved if a user-defined error bias

model were added to Pandora.

Finally, we note that Pandora achieved almost identical results with just 30X cov-

erage as it did with 100X. This is a real strength, particularly for Nanopore sequence

data where the high error rate has typically prevented genotyping except at high

coverages.

6.4.3 Comparison of genotyping methods on a more diverse
set of 4 samples

We repeated this comparison on a diverse set of 4 samples, using the same panel

of 15 reference sequences for the single-reference genotyping methods, and calling

variants once for the panel of 4 with pandora compare allowing a reference path to

be inferred. Figures 6.6, 6.7 and 6.8 show the precision and recall of these methods

for increasing numbers of divergent samples.

Figure 6.6 shows the comparison of 2 samples, with results looking very similar to

Figure 6.5. Both Nanopolish and Snippy achieve higher pairwise SNP recalls with a

lower fraction of false positive calls than Pandora. Whilst these two samples are not

related, much of their genomes align.

When we add in the third sample CFT073 in Figure 6.7, we find that the recall

achievable with Snippy drops dramatically with most of the reference choices to less

than 50%. This is indicative of there being regions of the individual genomes which are
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Figure 6.6: Precision-Recall comparison of methods for a choice of reference genomes with
2 samples. For a range of genotype confidence thresholds, the y-axis shows the fraction
of high confidence SNP differences between samples H131800734 and K12 MG1655 which
were captured by each method and the x-axis shows the fraction of VCF calls of at least
this confidence which are false positives.

absent from each reference, rendering variation invisible. By contrast, the recall with

Pandora remains at more than 70%. We were unable to compare with Nanopolish

since we did not have signal level Nanopore data, but would expect it to have a similar

drop in recall to Snippy, because it was calling against the same reference panel.

When the 4th sample RHB10-C07 is added to the comparison, we see another

noticeable drop in recall when genotyping with Snippy as further shared sequence

is absent from the reference. For most choices of reference, recall is now ≈20-30%,

with a maximum recall of 50%. By comparison, calls made with Pandora again con-

tinue to achieve a maximum recall of 75.5/74.2% with 100X/30X Illumina data, and

74.3/73.1% with 100X/30X Nanopore. At 70% recall, the fraction of false positives

with Pandora was 0.0244 with 100X Nanopore data and 0.0113 with 100X Illumina.

Table 6.1 includes the run times and memory requirements for a single successful

genotyping run on one or all of these samples. For Nanopore data, Pandora is able

to compare the 4 samples in an order of magnitude less time than nanopolish, using

a comparable amount of memory (assuming the 4 samples are run in parallel for

nanopolish). This represents a significant improvement. Whilst it is possible that

providing more sequence data would further improve the false positive rate of calls

93



Figure 6.7: Precision-Recall comparison of methods for a choice of reference genomes with
3 samples. For a range of genotype confidence thresholds, the y-axis shows the fraction
of all high confidence SNP differences between pairs of samples H131800734, K12 MG1655
and CFT073 which were captured by each method and the x-axis shows the fraction of VCF
calls of at least this confidence which are false positives.

with nanopolish, we note that when this analysis was previously attempted with

300X sequence data per sample rather than 100X, each Nanopolish genotyping run

required almost 200 CPU hours to complete.

6.5 Discussion

In this chapter we described methods to use the PanRG as a substrate to describe vari-

ation between sets of genomes. This allows us to describe both variation at the coarse

scale of gene presence/absence, and at the fine scale of SNPs and indels across the

Genotyper Data Covg CPU time (h) Peak RAM (GB) # samples
Snippy Illumina 100 0.283 1.79 1

Nanopolish Nanopore 100 20.9 3.86 1
Pandora Illumina 30 5.63 38.5 4
Pandora Nanopore 30 2.70 25.3 4

Table 6.1: CPU time and memory requirement of a single successful genotyping run. For
Snippy and Nanopolish the time or memory requirement needs to be multiplied by the
number of samples for comparison.
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Figure 6.8: Precision-Recall comparison of methods for a choice of reference genomes with
4 samples. For a range of genotype confidence thresholds, the y-axis shows the fraction of
all high confidence SNP differences between pairs of samples H131800734, K12 MG1655,
CFT073 and RHB10-C07 which were captured by each method and the x-axis shows the
fraction of VCF calls of at least this confidence which are false positives.

pangenome, facilitating comparison of diverse collections of genomes. We have demon-

strated that by enabling SNP genotyping in the accessory part of the pangenome we

are able to maintain a high pairwise SNP recall of 70-75% as the number of diver-

gent samples increases. In the same context, we have shown that single-reference

genotypers progressively fail to describe this variation. We have demonstrated that

genotyping is possible with as little as 30X Nanopore sequence data per sample, and

that we can do this an order of magnitude faster than the only published alternative,

Nanopolish.

6.5.1 When is there a ‘best’ reference?

For the large number of bacterial and viral species where there is considerable struc-

tural variation, the question of how to choose a best reference to enable comparison

is a hard one.

We have demonstrated that for reference-based methods, the choice of reference

genome affects both the precision and recall of the resulting variation analysis. For

this reason, it is increasingly common when evaluating clonal outbreaks to construct

an ‘outbreak reference’ by sequencing a single sample and assembling e.g.[Haley et al.,
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2016], [van der Graaf-van Bloois et al., 2016] and [Decraene et al., 2018].

To do this requires preliminary analysis of the samples to decide which are part of

the clonal outbreak, and potentially a time cost while a new ‘reference’ is sequenced

and assembled. In the process there is a risk of eliminating samples which seem

unrelated, but where the accessory or mobile genome is in fact related.

For many other situations, the ‘best reference’ is just the reference which is closest

on average to samples, evaluated with preliminary analysis using e.g. MASH [Ondov

et al., 2016]. For many other studies still, only a single standard reference is ever

considered.

We make the case that in the majority of these situations, now that we have such

an extensive database of reference assemblies for many species, the best reference is

in fact a pangenome reference.

6.5.2 Bacterial evolution and phylogenetics

We know that in bacteria like E. coli, evolution occurs as a result of multiple compet-

ing processes, each altering the genome on different scales. Commonly we approximate

the evolutionary history of samples by looking at nucleotide level differences (in the

core genome), which enables us to construct trees. Whilst a tree is a good model for

vertical inheritance, it cannot capture the full picture. It is not within the scope of

this thesis to address the issue of how we can instead represent the history of a sample

in such a way as to describe both vertically and horizontally inherited material in an

intelligible manner (a very complicated ARG, perhaps). Instead this work aims to

make all variation systematically available for such an analysis.

6.5.3 Comparison of samples from different read technologies

It would be possible to use Pandora to compare samples using reads generated on

different sequencing platforms, provided a single PanRG index is used. We demon-

strated in Chapter 4 that the optimal parameter setting vary slightly for different

sequencing technologies. It would be possible to allow the use of different presets

when defining and filtering clusters (e.g. for Illumina and Nanopore data), the index

parameters of w and k would remain fixed for the analysis. Therefore, as is the case

with all variant calling methods, caution must be used when considering the results,

bearing in mind that the precision and recall from reads of each platform are likely

to be different.
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6.6 Limitations

6.6.1 Scaling

Whilst Pandora is extremely fast by comparison with assembly, at the time of writing

this thesis it has not been optimised for memory consumption.

(a) Max memory vs read coverage (b) CPU time vs read coverage

Figure 6.9: Maximum memory and CPU time scale linearly with read coverage. We
subsampled the read datasets from Section 4.4.6 and used pandora map to infer mosaic
sequences against our full E. coli PanRG. Time and memory requirements were measured
using the inbuilt Unix time utility.

Figure 6.9 shows that the maximum memory used by Pandora to map a set of

reads to the PanRG scales linearly with genome coverage by reads, and the time

approximately linearly. Due to the error rate in Nanopore data, a larger proportion

of read data is discarded as noise during the initial mapping phase and so the memory

and time requirements of Pandora to map these reads are both lower than for Illumina

data.

Figure 6.10 shows a similar linear relationship between the maximum memory

used by Pandora to map a set of reads to the PanRG and the number of local graphs

in the PanRG. However CPU time scales more quadratically. As the number of local

graphs in the PanRG increases, there are more pairs of local graphs with intersecting

sets of k-mers in the index leading to more false positive clusters of hits being found

between reads and the PanRG. After the mosaic sequence is inferred, many of these

false positive clusters are filtered out, but until this point the memory requirement

will be higher.
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(a) Max memory vs number of local
graphs in PanRG

(b) CPU time vs number of local graphs
in PanRG

Figure 6.10: Maximum memory scales linearly, and CPU time scales greater than linearly
with number of local graphs in PanRG. We subsampled the PanRG from Section 3.5 and
used pandora map to infer mosaic sequences for 30X of the read datasets described in
Section 4.4.6 . Time and memory requirements were measured using the inbuilt Unix time

utility.

(a) Max memory vs number samples
compared

(b) CPU time vs number of samples com-
pared

Figure 6.11: Maximum memory and CPU time scale linearly with number of samples. We
ran pandora compare with the same PanRG described in Section 3.5 on increasing numbers
of the samples described in Section 6.3.2.1, using a maximum of 30X coverage from each
read dataset. Time and memory requirements were measured using the inbuilt Unix time

utility.
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Figure 6.11 shows a linear relationship between both the maximum memory and

CPU time used by pandora compare and the number of samples being compared.

Since fewer hits are discarded as noise, the maximum memory requirement for Illu-

mina sequence data is higher than for the same coverage of Nanopore sequence data.

However the time taken by Nanopore datasets increases more rapidly with the num-

ber of samples. It is likely that the added noise in the Nanopore reads results in more

time being spent copying noise coverage data between data structures, and filtering

results.

It is clear from this graph, that such a large memory requirement prohibits com-

parison of many genomes. In the short term this has been worked around by parti-

tioning the PanRG, and using Nextflow to run analysis for each partition in parallel

and combine results at the end. Further profiling of Pandora could be used to reduce

the memory requirements and in particular to improve the data structures used to

store hits and kmer coverages. There also are many steps within Pandora where the

same operation is performed on each local graph separately, or on each sample sep-

arately and with further development these could be parallelised within Pandora so

that the large memory requirement can be distributed over several threads or CPUs.

we briefly mention in Section 6.6.2.1, the performance improvements that have

been made by others since this work to solve the problems identified here.

6.6.2 De novo discovery of variants

One major limitation of the methods described in this work is the fact that only

variants captured by the PanRG can be called. Given that bacteria are evolving new

mutations all the time, the result is that no matter how large the input panel of

reference genomes is, over time we expect this PanRG to become outdated.

To address this limitation, another PhD student, Michael Hall has been working

on adding de novo variant calling to Pandora. Regions along the inferred mosaic

sequence with poor support from reads are flagged and slices of reads corresponding

to each of these regions (plus padding) are extracted. In each region a de Bruijn

graph is created with GATB [Drezen et al., 2014] using a smaller k-mer size kd and

requiring 2X coverage of a node for inclusion in the graph.

A path start kd-mer is generated by successively querying the first kd kd-mers

from the original padded slice in the inferred mosaic sequence in the de Bruijn graph

until one is found. In the same way a path end kd-mer is generated working from

the end of the slice in the inferred mosaic sequence. If both a start and end kd-mer

exist in the de Bruijn graph, a depth first search is performed to find paths between
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them. These paths are enumerated by walking the depth first search tree, killing

walks if they become too long (∼70bps) or if more than kd nodes on the path have

less than 10% the expected coverage. If too many paths (∼ 30) are found, a stricter

requirement for the coverage on nodes is enforced. The filters at each step ensure

that the method can complete with reasonable time and memory requirements, and

that the graph does not become oversaturated with improbable alleles.

The initial code to identify and extract read slices was written collaboratively by

Michael, Robyn and I. Since then, Michael has fully implemented this method in C++

in Pandora and is currently in the process of testing different parameter choices.

6.6.2.1 Performance improvements to Pandora subsequent to this thesis

Subsequent to the work described in this thesis, the performance of Pandora has been

drastically improved by Leandro Ishi Soares De Lima. He has addressed many of the

redundancies identified in this thesis and more. Namely, he has implemented mem-

oization during indexing, improved some data structures and added multi-threading

capabilities. At the point of submission the command pandora index -w 19 -k 31

-t 16 <PanRG> required a total of 19.8 GB and 1 hour to reindex the E. coli PanRG

used throughout this thesis (down from more than a week). Genotyping a single sam-

ple with pandora map now typically takes 35 minutes and requires 10.9 GB RAM.

The comparison of 151 K. pneumoniae samples (each with 45X Illumina data) with

pandora compare as considered in the next chapter now requires a total of 13.5 GB

and completes in just over 5 hours on 16 threads.

100



Chapter 7

Applications

The primary purpose of the PanRG data structure and the Pandora software package

is to enable comparison of diverse sets of bacterial genomes, including base-level

resolution across the pangenome and from Nanopore reads. In this section we will

apply Pandora to investigate a number of questions. Firstly we investigate whether

the accessory genome can add resolution the analysis of an outbreak dataset. Secondly

we apply our methods to investigate the site frequency spectrum outside of the core

genome. Finally we apply our methods to investigate the population structure in K.

pneumoniae.

7.1 Case Study 1: Outbreak of carbapenem resis-

tant E. coli

7.1.1 Introduction

In Section 6.3.2.1 we used samples from a hospital outbreak published in [Decraene

et al., 2018]. This study initially included samples from the clonal E. coli outbreak

which was concentrated in 2 wards, and was later extended to include additional

carbapenem resistant E. coli collected over an 8 year period across the the wider

Central Manchester University Hospital NHS Foundation Trust (CMFT). The paper

described the effects of different measures implemented to control the outbreak, as

well as describing how the samples in the outbreak were related to the additional

environmental and contextual samples.

The software Pandora both enables genotyping from Nanopore sequence data, and

provides a framework for calling variation in the accessory part of the pangenome.

For a subset of 16 closely related samples from the clonal outbreak for which we

have Nanopore sequence data, we therefore first compare the phylogenies constructed
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based on core SNPs from Illumina or Nanopore sequence data are equivalent, then

show how the relationship between samples varies when SNPs within accessory genes

are included.

7.1.2 Methods

7.1.2.1 Data

The Nanopore and PacBio sequence data were generated as described in section

6.3.2.1 and the Illumina data was generated as described in [Decraene et al., 2018].

Since Illumina read files are sometimes sorted, we randomly downsampled 45X cov-

erage of reads to input to Pandora using a python script.

7.1.2.2 Running Pandora

We used Pandora to compare the 16 samples separately using Nanopore data, and

Illumina data as follows:

singularity exec shub://rmcolq/pandora:pandora pandora index -w 19 -k 31 <PanRG>

singularity exec shub://rmcolq/pandora:pandora pandora compare

-p <PanRG>

-w 19 -k 31

-r <illumina_read_index>

--genotype

--illumina

singularity exec shub://rmcolq/pandora:pandora pandora index -w 14 -k 15 <PanRG>

singularity exec shub://rmcolq/pandora:pandora pandora compare

-p <PanRG>

-w 14 -k 15

-r <nanopore_read_index>

--genotype

--max_covg 40

7.1.2.3 Processing results and generating trees

Genes were categorized as ‘core’ or ‘accessory’ based on the pangenome matrix de-

scribing their presence or absence in each sample genome. Those loci present in all

16 samples were identified as ‘core’ and all others ‘accessory’.

For each category of genes, relevant records in the multisample VCF were iden-

tified. These records were filtered based on allele lengths (restricting to only SNPs).

An alignment was constructed for each sample by concatenating the alleles called in

that sample. For each record, each alignment sequence was updated with the allele

called in that sample, or ’N’ if no call was made for that sample.
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We used FastTree [Price et al., 2009], [Price et al., 2010] to construct generalized

time-reversible maximum-likelihood trees for each alignment.

fasttree -gtr -nt <alignment_file> > <tree_file>

In R, alignment-based trees were loaded and rooted using a known outgroup

(H151080744) with package ape.

load_my_tree <- function(tree_file, outgroup="H151080744"){
tree <- read.tree(file=tree_file)

tree <- root(tree, outgroup=outgroup, resolve.root = TRUE)

dend <- chronos(tree)

dend <- as.dendrogram(dend)

return(dend)

}

The pangenome matrix file was hierarchically clustered using packages cluster,

tidyverse and factoextra and used to construct a tree based on the presence or

absence of accessory elements.

load_my_matrix <- function(df_file){
df <- read.csv(df_file, row.names=1, header=TRUE, strip.white = TRUE)

dft <- as.data.frame(t(df))

res.dist <- dist(dft, method = "euclidean")

hc <- hclust(res.dist, method = "ward.D2" )

dend <- as.dendrogram (hc)

return(dend)

}

We used package dendextend to construct tanglegrams for pairs of trees, colouring

labels on both trees based on groups defined by cutting the left hand tree.

facing_trees <- function(left_tree, right_tree, k=5){
left_tree_a <- color_labels(left_tree, groupLabels=TRUE, k=k)

left_cols <- labels_colors(left_tree_a,labels=TRUE)

left_labels <- labels(left_tree)

right_labels <- labels(right_tree)

right_cols <- left_cols[order(left_labels)][rank(right_labels)]

right_tree_a <- color_labels(right_tree, col=right_cols)

dl <- dendlist(left_tree_a, right_tree_a)

tanglegram(dl,

common_subtrees_color_lines = FALSE,

common_subtrees_color_branches = FALSE,

highlight_distinct_edges = TRUE,

highlight_branches_lwd=FALSE,

margin_inner=7, lwd=2)

}
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All work processing the output files from Pandora were completed in a jupyter

notebook. We used a minimal threshold for genotype confidence, set to 10 for the

results with Illumina sequence data, and 20 with Nanopore. We included only SNP

sites which had been called in at least 80% of the samples in the core, or at least 20%

of samples when considering both core and accessory genes.

7.1.3 Results

(a) Phylogenetic tree based
on core SNPs identified
from Illumina data.

(b) Phylogenetic tree based
on core SNPs identified
from Nanopore data.

(c) Phylogenetic tree from
[Decraene et al., 2018],
downsampled in dendro-
scope.

(d) Phylogenetic trees based on core
SNPs identified from Illumina data (left)
and Nanopore data (right).

(e) Phylogenetic trees based on core
SNPs (left) and all SNPs (right) identi-
fied from Illumina data.

Figure 7.1: Comparison of phylogenetic trees constructed with FastTree based on
SNPs identified with Pandora from either Illumina or Nanopore sequence data.
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We first compared the core SNP trees identified by Pandora to the tree con-

structed during the initial analysis of the published outbreak. Figures 7.1a and 7.1b

show the maximum likelihood phylogenetic tree generated from the Pandora results

with Illumina and Nanopore data respectively. Figure 7.1c shows the outbreak tree

constructed by Hang Phan, downsampled to our subset in Dendroscope [Huson and

Scornavacca, 2012]. All three trees contain a single outlying sample, H151080744. In

the analysis in [Decraene et al., 2018], this was sample was identified as belonging to

a different clade to the remaining samples in this dataset, as a result of a 1Mb recom-

bination event. They identified that the remaining samples were extremely closely

related (≤65 SNPs separating the 112 isolates of which these are a subset). We note

that the trees constructed from Pandora VCFs show more discrimination between the

remaining samples. This is possibly because a smaller set of genes were core to the

larger set of samples, but could also potentially indicate that Pandora found variation

in genes that were absent from the reference genome used for the outbreak analysis

but common to samples.

Next we compared the two core SNP trees constructed from Pandora VCFs with

Illumina and Nanopore data. The tanglegram in Figure 7.1d shows that, aside from

the outlier, the remainder of each Pandora phylogenetic tree looks different with each

technology. Part of this variation can be explained as a consequence of slight variation

in the genes identified as present with each type of data. From the Illumina data,

Pandora identified 5298 core genes, and 1258 accessory genes, by comparison with

5178 core genes and 1643 accessory genes from Nanopore data. Given how closely

related these samples are, it is likely to also reflect the different precision and recall

rates in each technology. We know that we have a higher rate of false positives when

using Nanopore data from the analysis in the previous chapter.

Finally, we compared the tree inferred from core SNPs to the tree inferred from

all SNPs as shown in Figure 7.1e for Illumina data. Extending from core SNPs to

all SNPs added a further 717 bases to each sample SNP alignment, extending from

107007bps to 107724bps in length (note that Pandora includes reference calls, and

we included all PanRG SNP sites in analysis, even when they were non-segregating).

We found that the topology of the tree with the extended panel of SNPs was well

preserved when additional sites were included. However the additional bases resulted

in improved resolution at the deepest level of the tree, with a slight rearrangement of

4 samples.
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7.1.4 Discussion

In this section we used Pandora to describe variation between 16 closely related

samples from an outbreak. We showed that the inclusion of SNP variation in a larger

panel of core genes added resolution to the tree by comparison with the original

downsampled outbreak tree. Further, we showed that the inclusion of additional

SNP variation within the accessory genome added resolution to the tree structure at

the deepest level of the tree.

We also demonstrated that in this context, where samples are all very closely

related, the topology of inferred trees is very sensitive to the data included. In it’s

current state, Pandora has a moderate false positive rate for both SNP and gene

presence/absence calls with both technologies, but especially with Nanopore, and

this was reflected in the different tree topologies inferred with each. With hindsight,

evaluating our methods with such a discriminating dataset was a poor choice.

We have shown that the additional accessory SNP or indel information made

accessible with Pandora could be included in phylogenetic analyses of such datasets.

However, given pangenome-wide single nucleotide resolution variation of a less related

dataset, a single phylogenetic tree will no longer be sufficient to describe the complex

genetic relationships that exist between samples. One possible way to explore a

larger and more diverged dataset would be to restrict downstream analysis of the

output VCF to a smaller subset of genes for the full dataset, and larger subsets

when considering specific clades, or sequence types found. This approach of ‘zooming

in/out’ is already used for surveillance datasets such as [Gorrie et al., 2017], but

currently requires many steps classifying samples into sequence types, and performing

separate variant calling with lineage specific references for each cluster. The next

problem to be solved is how best to describe these relationships (ideally pictorially)

in such a way that is both biologically accurate and enables useful inferences to be

made.

7.2 Case Study 2: Site Frequency Spectrum in ac-

cessory genes

7.2.1 Introduction

Variation within a collection of genomes is often used to infer the ancestral relation-

ships between those genomes as well as the nature of evolution within the species.

In both of these cases, models are used to describe how such variation arises in the
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population. Estimation of the model parameters from a dataset allows us to either

construct a tree with appropriate branch lengths, or to study the rates of mutation,

genetic drift, selection and recombination within the species.

In [Baumdicker et al., 2010], a model was introduced to describe the gene frequency

spectrum in the pangenome and results were shown to provide a realistic fit for a small

set of 9 Prochlorococcus genomes despite simplifying assumptions. In [Baumdicker,

2015], an extension of this work described a model for the site frequency spectrum

outside of the core genome and proved that in this context, both Watterson’s and

Tajima’s estimators for mutation rate are negatively biased. However, the model was

not demonstrated to be realistic on a dataset, perhaps due to the difficulty of calling

variation outside of the core genome.

Pandora provides a framework in which variation can be described across the

pangenome. In this section there therefore use a datset of 151 diverse Klebsiella

pneumoniae, to investigate whether there is evidence to support this model.

7.2.2 Background

7.2.2.1 The Kingman coalescent

The Kingman coalescent (or n-coalescent) defined in [Kingman, 1982] is a continuous

time Markov process {Rt : t ≥ 0} on Πn, the set of partitions of {1, ..., n} with

infinitesimal generator Q = {qξη : η ∈ Πn} defined such that

qξη =

 −
k(k−1)

2
, ξ = η

1, ξ ≺ η
0, otherwise

where k = ‖ξ‖ and ξ ≺ η if and only if η is obtained by combining two equivalence

classes in the partition ξ.

It describes the construction of a binary tree, starting with n leaf nodes and going

backwards in time. Branch lengths represent waiting times between coalescence events

and are exponentially distributed with rate
(
k
2

)
. At a coalescence event, 2 lineages

are picked uniformly and merged.

7.2.2.2 Modelling the gene frequency spectrum for the pangenome of a
species

Baumdicker et al. [2010] introduced a model to describe the gene frequency spectrum

seen in the pangenome. They divide the pangenome into the core genes which are

essential for survival and are always conserved, and the dispensable genes which can

107



be gained and lost. These definitions allow some dispensable genes to appear in

every genome within a sample from the population and hence differ subtly from the

definitions of the core and accessory components of the pangenome seen in previous

sections.

Reproduction is assumed to follow a neutral Wright-Fisher model with fixed pop-

ulation of size N . Before reproduction of an individual, ‘mutation’ is allowed in the

form of gene gain, where with probability µ a new gene (never before seen) is taken

up from the environment, and gene loss, where each gene in the dispensable genome

of an individual is lost with probability ν.

After a time re-scaling by N , the genealogy of a sample of size n under the Wright-

Fisher model converges to the Kingman coalescent started with n lines e.g. [Durrett,

2008]. Setting θ1 = limN→∞ 2Nµ and ρ = limN→∞ 2Nν, genes are gained in the

population at rate θ1/2 and lost at rate ρ/2. This infinitely many genes model can

be considered to be equivalent to the infinitely many sites when ρ = 0.

For dispensable genome G, and n sample genomes B1, ..., Bn, the gene frequency

spectrum {G1, ..., Gn} is defined as

Gk = ‖{g ∈ G : g ∈ Bi for exactly k different i}‖.

Under this model, Baumdicker et al. proved that the expected values of the gene

frequency spectrum are

E[Gk] =
θ1

ρ

n · · · (n− k + 1)

(n− 1 + ρ) · · · (n− k + ρ)
, k = 1, ..., n.

7.2.2.3 Modelling the site frequency spectrum of the dispensable genome
of a species

For an essential gene (the core genome) C, the classical population genetics model

assumes that the ancestry of the gene in n sampled genomes can be modelled with a

coalescent tree. Mutations occur at rate θ2/2 along the branches of this tree. As a

result, the expected number of mutated sites present in exactly s = 1, .., n− 1 out of

the n genomes is given by

E[Cs] =
θ2

s
.

Building on their gene frequency spectrum result [Baumdicker, 2015] describe the

joint gene and site frequency spectrum in the dispensable genome. Suppose as before

that genes are gained at rate θ1/2 and lost with rate ρ/2. Let Gk,s describe the number
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of mutated sites occurring in exactly s gene sequences, while the corresponding gene

is present in exactly k out of n genomes. The expectation of Gk,s for k < s is

E[Gk,s] =
θ1

k

(n− k + 1) · · ·n
(n− k + ρ) · · · (n− 1 + ρ)

θ2

s

k

n

(
n− 1

s

)−1 n−s−1∑
j=0

j + 1

j + 1 + ρ

(
n− j − 2

s− 1

)
and for k = s

E[Gk,s] =
θ1

k

(n− k + 1) · · ·n
(n− k + ρ) · · · (n− 1 + ρ)

θ2

s
sk

n−s+1∑
j=1

1

j(j − 1 + ρ)

(
n

j

)−1(
n− k
j − 1

)
.

For gene g, let F (g) be the number of individuals which contain g out of the n

genomes. Let Sgs be the number of mutated sites in gene g present in exactly s

genomes. The conditional site frequency spectrum for gene g, present in exactly k

genomes out of n with s < k is:

E[Sgs |F (g) = k] =
θ2

s

k

n

(
n− 1

s

)−1 n−s−1∑
j=0

j + 1

j + 1 + ρ

(
n− j − 2

s− 1

)
and for k = s

E[Sgs |F (g) = k] =
θ2

s
sk

n−s+1∑
j=1

1

j(j − 1 + ρ)

(
n

j

)−1(
n− k
j − 1

)
.

As an aside, we note that there is a standard simplifying assumption in popula-

tion genetics that a genome can be represented by the interval [0, 1], and under the

infinitely many sites model a mutation occurs at a position along this interval that

has never before been mutated. Baumdicker therefore models each gene as an interval

(0, 1], and so his model does not include a parameter to control for the length of a

gene. Instead, it models mutations as occurring at some rate dependant on the time

that the gene is in the population for.

7.2.3 Methods

7.2.3.1 Dataset

We made use of 151 samples of from a study into gastrointestinal carriage and infection

with K. pneumoniae in an at-risk cohort at an intensive care unit [Gorrie et al., 2017].

This dataset contains a lot of diversity, including more than 20 characterized sequence

types.
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7.2.3.2 PanRG construction

We make use of the dataset of 285 annotated K. pneumoniae genome assemblies

from [Holt et al., 2015]. Orthologous gene clusters were identified with Roary [Page

et al., 2015] and intergenic regions identified were then clustered using Piggy [Thorpe

et al., 2018] with min percentage length identity of len id = 10. Multiple sequence

alignments were then generated for each cluster with MAFFT [Katoh and Standley,

2013]. This work was done by Harry Thorpe.

We constructed a local graph from each MSA in parallel using the Nextflow [Di

Tommaso et al., 2017] pipeline available at https://github.com/rmcolq/make_prg

with default parameters.

7.2.3.3 Variant calling with Pandora

We ran pandora index and compare in parallel over chunks of 4000 genes and merged

the resulting pangenome matrix and VCF files to get a single result.

7.2.3.4 Finding the Gene Frequency Spectrum

We used the pangenome matrix output by Pandora to count the frequency of each

orthologous gene cluster from the PanRG in the samples.

7.2.3.5 Finding the Site Frequency Spectrum

For genes at each frequency within the dataset, we probed the VCF for biallelic

segregating SNPs in these genes, and counted how many samples each allele was

present in. For gene g which is present in exactly k samples, we do not know the

ancestral allele at any given site and so cannot distinguish between SNP sites at

frequency s and at frequency k − s in the population. We therefore combine these

and for s = 1, ..., bk/2c we define

S̃gs =

{
Sgs + Sgk−s, s < k/2
Sgs , s = k/2.

From these counts, we could summarize the mean number of SNP sites with an allele

present in s or k− s samples over genes which were present in exactly k samples out
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of n. Note that

E
[ 1

‖{g ∈ G : F (g) = k}‖
∑

g∈G:F (g)=k

S̃gs
]

=
1

‖{g ∈ G : F (g) = k}‖
∑

g∈G:F (g)=k

E[S̃gs |F (g) = k]

= E[S̃gs |F (g) = k].

We performed a least squares fit of parameters between the observed mean frequencies

and this expectation.

7.2.3.6 Estimating model parameters

We first performed a least squares fit between the observed values of Gk and E[Gk] to

estimate model parameters θ1 and ρ. This was implemented using using the python

‘scipy.optimize’ module. We plot the observed gene frequency spectrum and the

expected gene frequency spectrum using different loss functions defined in the module.

We then used the same method to perform a least squares fit between observed

average values of Sgs over dispensable genes g at frequency k, and E[S̃gs |F (g) = k],

to estimate model parameters θ2 and ρ. For a range of gene frequencies k, we plot

the average site frequencies seen in genes at frequency k and the expected conditional

site frequency spectrum with parameters again estimated using different loss functions

defined in the module.

In all cases, we constrained parameter estimates to be non-negative.

7.2.4 Results

(a) (b)

Figure 7.2: (a) Distribution of the number of genes identified in each sample by Pandora.
(b) Gene frequency spectrum with fits estimated using least squares regression.
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Figure 7.2a shows the number of genes identified in each of the 151 samples with

Pandora. Most fall within the expected range for K. pneumoniae of 3500-6000 genes,

and the 29 samples which had gene counts falling outside this range were excluded

from further analysis.

Figure 7.2b shows the gene frequency spectrum seen in this subset of 122 samples.

The distribution has the characteristic U-shape we expect (see Figure 2.2). Least

squares parameter fits using each of the loss functions look to have a sensible fit, and

estimate the parameters of θ̂1 and ρ̂ as described in Table 7.1. Each of these estimates

is of the same order of magnitude, but there is a degree of variation between them

Loss model θ̂1 ρ̂
Linear 2347 0.7401
Soft L1 1641 0.1469
Huber 1896 0.1591
Cauchy 1786 0.8632
Arctan 784.5 0.5497

Table 7.1: Estimates for θ1 and ρ parameters using different loss functions in a least squares
fit.

Next we estimate the parameters of ρ and θ2 based on the site frequency spectrum,

with results shown in Table 7.2. These estimates are all much more consistent, with

ρ̂ ≈ 0.25, within the range estimated using the gene frequency spectrum, and θ̂2 ≈
0.84.

Loss model ρ̂ θ̂2

Linear 0.2789 0.8469
Soft L1 0.2528 0.8364
Huber 0.2785 0.8468
Cauchy 0.2299 0.8271
Arctan 0.2239 0.8313

Table 7.2: Estimates for ρ and θ2 parameters using different loss functions in a least squares
fit.

Figure 7.3 shows the fit of the site frequency model using these estimated param-

eters to the observed mean site frequency spectrum for genes present in 10, 40, 60,

80, 100 and 120 samples within the population of 122. In many cases, the fit seems

reasonable, although the observed mean site counts remain noisy. The fit appears less

good for genes at lower frequencies. This could be because genes at higher frequencies
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contributed more data to the least squares fit. Even if this is the case, it suggests

that the model is not explaining all of the site frequency variation we see.

(a) Gene count 20 (b) Gene count 40

(c) Gene count 60 (d) Gene count 80

(e) Gene count 100 (f) Gene count 120

Figure 7.3: Site frequency spectrum for genes at 6 frequencies within the population.

7.2.5 Discussion

In this section we investigated whether the site frequency distribution model proposed

in [Baumdicker, 2015] was supported by the variation seen in a real population of
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Klebsiella pneumoniae. Using parameters estimated from the data, we fit the model

and found that it did capture the general shape of the distribution remarkably well

for genes at intermediate to high frequencies within the population. It is entirely

unsurprising that such a simple model should not be able to explain all of the site

frequency variation which we see: it is only by fitting models such as these, we

are able to begin to look for signatures of recombination and selection on variation

within the dispensable genome. By providing a structured framework in which fine

scale variation can be described across the pangenome of a species, Pandora provides

a starting point from which such further analyses can be performed.
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Chapter 8

Conclusion

Comparison of bacterial genomes is fundamental to our understanding of bacterial

populations and how they evolve or adapt. As sequencing technologies have be-

come cheaper and more accessible, increasingly larger and more diverse collections

of genomes are being sequenced. However, the extensive structural diversity within

many species presents a real challenge for variant calling.

In this thesis, we have extended the concept of a population reference graph to

bacterial pangenomes. In this way, we have introduced hierarchical framework in

which all variation between sets of bacterial genomes can be described. This facili-

tates the comparison of more diverse collections of genomes by describing nucleotide

level variation throughout the pangenome, not just in the core. In particular, it en-

ables variation calling in the accessory genome for the first time. As a result, we

have shown that whilst single reference genotypers progressively fail when comparing

increasing numbers of diverse genomes, our PanRG approach is able to consistently

achieve a considerably higher recall. Our methods are applicable to both Illumina and

Nanopore sequence data, and we have shown that they outperform the only published

Nanopore variant caller.

We have only briefly touched on the many possibilities that such analyses open

up. We have shown that we can call variation in a collection of 151 K. pneumoniae

genomes collected by routine surveillance during admission to a hospital ward. With

this K. pneumoniae dataset, we were able to measure the site frequency spectrum

in dispensable genes for the first time, and to estimate the parameters for a model

proposed in [Baumdicker, 2015]. By fitting such models we can start to look more

widely for signatures of selection or for recombination hotspots within species.

As improvements are made to the scalability of our methods, we will be able to

perform comparisons of 1000s of possibly unrelated genomes of a species. This could

be used for example for surveillance purposes, or to investigate asymptomatic vs
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symptomatic enteropathogenic E. coli. With this variation accessible and quantified,

we will have to find new ways to best interpret and represent the genetic relationships

between such diverse genomes.
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