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Abstract

Antimicrobial resistance (AMR) is a persistent and growing threat to

global health. Whole genome sequencing (WGS) has the potential to

dramatically improve our ability to detect, understand, and monitor

AMR. However, microbial diversity and complexity means that the anal-

ysis and interpretation of their genomes is challenging. In this thesis, I

explore applications of de Bruijn graphs (DBGs) to the analysis of these

data.

First, I present a tool, Mykrobe predictor, that uses DBGs to rapidly

identify species and AMR from WGS data. I show that it is accurate,

flexible, and efficient.

Next, I explore an extension of Mykrobe predictor to long read se-

quencing of direct clinical samples of M. tuberculosis . In doing so, I

show that one could reduce the turn-around time for susceptibility test-

ing of an M. tuberculosis isolate from 2 weeks to 12 hours.

Finally, I explore the challenges of DNA search in very large collections

(millions) of microbial data sets. In particular, I address the super-linear

scaling of existing k -mer indexing tools and present a novel representa-

tion and implementation of a probabilistic coloured de Bruijn graph,

“Coloured Bloom Graph” (CBG). I demonstrate its scalability by build-

ing a CBG of all publicly accessible microbial WGS data (almost half a

million samples) and use it to run millisecond searches in these data.
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Chapter 1

Introduction

1.1 Antimicrobial resistance

Infectious diseases caused by microbial pathogens are a persistent threat to global

health. The need to improve testing, surveillance, and understanding of these dis-

eases is particularly pressing now, because of the growing threat of a phenomenon

which may cast us back into the dark ages of medicine: antimicrobial resistance.

Modern medicine has relied on e�ective antibiotics|that is, drugs that treat serious

infections|since the mass production of penicillin began in 1945 (Aminov 2010).

However, our reliance on these `miracle' drugs is at risk. Once-potent drugs are

becoming increasingly ine�ective and there are few new drugs arriving to take their

place (Bartlett et al. 2013; Smith et al. 2015). Now, once treatable infectious dis-

eases include nearly untreatable strains (Brown et al. 2016). People are dying as

a result, with approximately 700,000 deaths from drug-resistant infections in 2014

(O'Neill et al. 2014).

1



1. Introduction

Antimicrobial resistance is present globally, and multi-drug-resistant (MDR)

isolates have been seen across a wide range of bacterial species, including:My-

cobacterium tuberculosis, Enterococcus faecium, Staphylococcus aureus, Klebsiella

pneumoniae, Neisseria gonorrhoeae, Acinetobacter baumannii, and Pseudomonas

aeruginosa (Nathan et al. 2014). Resistance to carbapenems (e.g., meropenem)

and polymyxins (e.g., colistin), two of classes of our \drugs of last resort", have

been observed in gram-negative bacteria, such asEscherichia coli and Klebsiella

pneumoniae(Liu et al. 2016; Yong et al. 2009). Worryingly, convergence of multi-

drug-resistance and hyper-virulence|traits that cause both aggressive and di�cult

to treat infections|has recently been observed in a highly transmissible strain of

Klebsiella pneumoniae. The �ve patients infected did not respond to any antibiotic

treatment and died over the course of several weeks (Gu et al. 2017).

The economic and societal consequences of widespread AMR would be enormous.

It is estimated that by 2050, unless action is taken, 10 million people may die

annually as a result of antimicrobial resistance, more than from cancer (O'Neill et

al. 2016). The resulting cumulative global cost to economic output could exceed

100 trillion USD (O'Neill et al. 2016).

Antimicrobial resistance has been noted as an imminent threat and a strategic

priority by many countries and global institutions (McArthur et al. 2017; World

Health Organization 2012). The causes of spreading antibiotic resistance are com-

plex and the strategies to combat it are multi-faceted, including: raising awareness

through improvements in public health policy and communication, in particular

amongst prescribers; improved hygiene to prevent spread; reduction of the use of
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antimicrobials in agriculture; improved surveillance and monitoring; development

of new rapid diagnostics for improved treatment decisions; development and use of

vaccines; improved training of AMR stewards; increased funding for basic research;

accelerating the drug discovery process for novel antibiotics; and greater global col-

laboration to address the problem (Livermore et al. 2013; O'Neill et al. 2016; Spell-

berg et al. 2013; World Health Organization 2012). Most of these topics, although

vital to addressing AMR, are outside the scope of this thesis. Understanding and

utilising the underlying genetic mechanisms of resistance can aid the surveillance of

antimicrobial resistance, by identifying and tracking the relevant genes and variants,

and is a potential avenue toward rapid diagnostic tests through molecular testing

or DNA sequencing, and this is what my thesis will focus on.

The process of testing bacteria for susceptibility has been largely unchanged in

decades, often using processes which are over 100 years old. The vast majority of

antimicrobial prescriptions are made without using a diagnostic tool and \empiric"

therapies, which are prescribed based on intuition and professional judgement. This

is not due to irrationality of clinicians|there simply are not su�cient accurate,

rapid, and a�ordable tests. It is often cheaper, faster, and less risky to prescribe

broad-spectrum antimicrobials `just in case'.

Bacteria must be cultured for 24 hours or more to con�rm the type of infection

and the drugs to which they are susceptible|far too long for many clinical decisions.

Thus, many patients are given antimicrobials that they do not need, and others are

given antimicrobials that are ine�ective against the infecting pathogen, resulting in

further delays and potentially additional ine�ective empiric therapies. As a result,
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the World Health Organisation (WHO), the UK Longitude Prize, and others have

called for new rapid point-of-care diagnostics. Whole-genome sequencing, a new

technology which brings unprecedented resolutions into the genetics of bacteria o�ers

a potential route to this goal, as well as to improvements in surveillance of the genetic

mechanisms of resistance, both of which I will discuss further below.

1.2 Mechanisms of resistance

It is important to note that, although exacerbated by human activity, antimi-

crobial resistance is not a human creation|it is a natural adaptation, evolved for

defence against other organisms in the bacterias' niches (Davies et al. 2010). As a

result, there are sources of antibiotic resistance mechanisms that have existed long

before the prevalent use of antimicrobials. For instance, a bacterial penicillinase was

identi�ed before penicillin had been introduced as a therapeutic (Abraham et al.

1940), analysis of� -lactamase genes show that they have existed for millions of

years (Barlow et al. 2002), and genes for� -lactam, tetracycline, and glycopeptide

resistances have been isolated from 30,000 year old DNA (D'Costa et al. 2011).

Resistance to antibiotics is driven by a number of mechanisms: antibiotic per-

meability, where the antibiotics are excluded by an impermeable barrier; alteration

of target molecules, where mutations in a protein inhibit the binding of an antibiotic

to its target or enhance binding to o�-target elements; enzymatic degradation of the

antibiotics, where the bacteria's cell machinery dismantle the antibiotic molecule;

and e�ux of antimicrobials from the cell, where the antimicrobials are rejected from
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the cell via a chemical pump (Wright 2003). Our extensive use of antimicrobials in

medicine and agriculture has accelerated the appearance and spread of resistance

(Davies et al. 2010).

In large part, this escalation is made possible due to some remarkable genetic

capacities that bacteria have. Although bacteria can acquire resistance from de novo

mutations, which are then passed on to o�spring by descent, many mechanisms are

acquired by horizontal gene transfer | the acquisition of DNA from another unre-

lated bacterium | via mobile genetic elements such as plasmids or transposons that

can rapidly be exchanged between bacteria (Davies et al. 2010). Importantly, mobile

genetic elements, which can carry genes that encode for antimicrobial resistance, can

be exchanged between members of di�erent species of bacteria. This phenomenon

of horizontal gene transfer has profound implications for the surveillance of antimi-

crobial resistance, as it means that many antimicrobial resistance mechanisms are

not limited to the clade (a group of lineal descendants from a common ancestor) in

which they are �rst observed.

Mobile genetic elements exist in various forms and can be seen in the `core

genome' (the non-conjugative chromosome(s) that are conserved within a species)

as tranposons or integrative conjugative elements, or in the `accessory genome' as

plasmids or phagues (Brown-Jaque et al. 2015; Stokes et al. 2011; Touchon et al.

2014). Some transposons can jump from the chromosome to plasmids, and back

again (Stokes et al. 2011; Touchon et al. 2014). These complex genetic mechanisms

pose signi�cant challenges to analysis and surveillance.
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1.3 Clinical microbiology for patient

management

One of the key goals of clinical microbiology is rapid characterisation of isolates

in order to direct the management of individual infected patients. To oversimplify,

clinicians need to know (as quickly as possible):

� What organism is causing my patient's infection?

� What drugs can be used to treat it and which are the most appropriate?

� How is the pathogen related to other similar infections?

As a result, species identi�cation, typing, antimicrobial susceptibility testing, and

subsequent recording and auditing of the results are central to both the treatment of

serious bacterial infections and the ongoing monitoring of antimicrobial resistance.

To answer these questions there are a diverse and fragmented set of assays (Didelot et

al. 2012). The detailed methodologies required to characterise a pathogen are often

species- and source-speci�c and require highly knowledgeable and skilled technicians

to implement. These processes, many of which are up to a hundred years old, are

often laborious, complex, and slow (Didelot et al. 2012; K•oser et al. 2012b).

In bacteria, these tests principally involve: sample collection (e.g., blood/faeces),

culturing in media, species identi�cation, susceptibility testing, and epidemiologi-

cal typing (Figure 1.1). The culture step can be complex and depends on many

factors, including the sample origin, the likely pathogen species, and growth time.
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1.3. Clinical microbiology for patient management

Figure 1.1: A typical work
ow for processing bacterial pathogens. These tests gen-
erally involve species-speci�c processes for culture, species identi�cation, drug sus-
ceptibility testing, and strain typing. Culture depends on sample type. For instance,
samples that are likely to be contaminated with other 
ora may require selective
media to encourage the growth of the suspected pathogen. The sample's species is
then identi�ed via gram-staining and other biochemical testing or via MALDI-TOF.
Susceptibility testing, typically via growth inhibition, is then performed, often with
species-speci�c considerations. Strain typing is not routinely performed in the ma-
jority of cases and is performed in an ad-hoc manner to follow up a subset of isolates
for outbreak investigation. From Didelot et al. 2012. Reproduced with permission.

Species identi�cation can be performed with a broad range of tests, which deter-

mine expressed phenotypes of the organism, including: colony morphology; growth

(e.g., growth only in certain contexts); gram-staining, which di�erentiates groups of

pathogens based on constituents of their cell-wall; rapid biochemical reactions, such

as polymerase chain reaction (PCR); serology, where antibodies are used to detect

the presence of particular proteins; and mass spectrometry (e.g. MALDI-TOF),

which detects patterns of molecules uniquely present in the di�erent species. These
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techniques are of variable cost, speed, resolution, and complexity, but all provide

limited additional information about the sample, such as antibiotic susceptibility or

virulence.

From the perspective of patient management, determining the antimicrobial re-

sistance pro�le, or \antibiogram", is of utmost importance. Falsely recording an

organism as susceptible to an antibiotic, a false negative (\very major error" in the

antimicrobial resistance susceptibility testing nomenclature (US-FDA et al. 2007)),

presents the serious risk of the patient being given ine�ective treatment. The re-

verse, a false positive resistance call (or \major error"), risks the patient being given

a non-optimal treatment, which could be less e�ective or have greater side e�ects.

The vast majority of antimicrobial susceptibility tests are based on growth

inhibition of the bacteria when exposed to the varying concentrations of the de-

sired drug, determining the \minimum inhibitory concentration" (MIC). Typically,

\breakpoints" (MIC thresholds) are then used to de�ne a binary (resistant or sus-

ceptible) result (EUCAST 2017). Testing based on growth inhibitionin vitro has

advantages because it is, in theory, independent of mechanism and gives information

on both resistance and susceptibility to drugs. However, even with `gold standard'

susceptibility testing, the in vitro MIC of an isolate is likely to di�er from the clin-

ical, in vivo, MIC. Molecular tests also exist, for example, detection ofmecA to

determine methicillin resistance inS. aureus(Bode et al. 2012) and Hain line probe

assays to detect single-nucleotide polymorphisms (SNPs) predicting resistance in

M. tuberculosis (Abreu Maschmann et al. 2013; Chryssanthou et al. 2012; Miotto

et al. 2012; Rodwell et al. 2014). However, they are often species- and mechanism-
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1.4. Clinical microbiology for pathogen surveillance

speci�c and cannot be updated quickly as new mechanisms become understood.

1.4 Clinical microbiology for pathogen

surveillance

Tracing the source of disease outbreaks and their mode of transmission is vital

to prevent further spread. Key questions include:

� What is the prevalence of antimicrobial resistance mechanisms in a popula-

tion?

� Are the mechanisms changing over time?

� Which of the mechanisms are being transmitted, and to where?

� Have similar strains been seen before? If so, where and when? What are the

imminent risks to public health?

Pathogen surveillance and outbreak investigations are typically supported by

reference laboratory genotyping (K•oser et al. 2012b). Turnaround times of at least

a week, along with additional delays due to batching, mean that timely evidence of

the introduction and transmission of a new strain is di�cult to obtain (K•oser et al.

2012b). The limited resolution of current typing tools (e.g., spa-typing and pulsed-

�eld gel electrophoresis) mean many samples are likely misclassi�ed and many out-

breaks are missed (Didelot et al. 2012; Sch•urch et al. 2010). In addition, only a
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few laboratories globally perform routine typing, in most cases isolates are chosen

extemporaneously, and the data are often siloed making national or global collabo-

ration on surveillance challenging.

1.5 Whole-genome sequencing in clinical

microbiology

Whilst current microbiology assays can answer some of the vital questions above,

they are often fragmented, non-digital and slow. Individual, often species-dependent

tests, are required to answer each biological question. However, in theory, the

genome of a bacterium contains a tremendous amount of information, which could

be used in order to manage patients and track outbreaks, although how to inter-

pret these data is not always known. Once decoded, the genome of a pathogen, in

principle, reveals a host of clinically relevant information, including: species, resis-

tance to di�erent drugs, relatedness to pathogens isolated from other patients or the

environment, and ability to cause illness or virulence. Potential for antimicrobial

resistance is mediated by key genes or mutations, and as such, is encoded in the

DNA of the bacteria.

Whole-genome sequencing (WGS), a process that reads the entire genome of

a sample, has recently become fast and a�ordable and has advantages over the

100-year-old phenotypic tests: it is versatile, accurate, and digital. WGS gives un-

precedented resolution to the genomics of pathogens and the relationship between
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them. There are now technologies which provide high-throughput, fast, a�ordable,

and portable WGS (Bradley et al. 2015; Didelot et al. 2012; K•oser et al. 2012b;

Pankhurst et al. 2016; Quick et al. 2016). These include: sequencing by synthe-

sis, single-molecule real-time sequencing, and nanopore sequencing, amongst oth-

ers. The two technologies discussed in this thesis are: sequencing-by-synthesis and

nanopore sequencing. Sequencing-by-synthesis (patented by Illumina) fragments

the genome into short `reads' (fragments of DNA sequence) 50-600 bp long which

are then read with high accuracy, high throughput and low cost. Nanopore sequenc-

ing (Oxford Nanopore Technologies) reads longer DNA fragments (1kbp-1Mbp) by

measuring voltage change as the `read' is pulled through a biological `pore', but with

lower accuracy and throughput.

These technologies raise the potential of replacing or augmenting the plethora of

current tests with a single rapid assay, normally following culture, which can then

be cheaply stored, shared, compared, and interrogated in a multitude of di�erent

ways using software. Since WGS data can be stored and interrogated digitally, it

is well suited to be used in a collaborative system for surveillance systems to track

disease trends and enable large-scale bacterial genome-wide association studies.

As a result, WGS is now commonplace in pathogen genomic research. The

combination of rapidly declining cost (now< $40/bacterial WGS data set) and

speed (now< 24 hours for a high-throughput run) means that WGS is likely to

soon become part of routine clinical microbiology (K•oser et al. 2012b). WGS has

already found many applications, including: elucidating infectious disease outbreaks

(Gardy et al. 2011; Grad et al. 2012), uncovering novel antimicrobial resistance
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determinants (Billal et al. 2011; Walker et al. 2015), and investigating virulence

(Harris et al. 2010), amongst others (K•oser et al. 2012b; Olsen et al. 2012). A WGS-

based work
ow is currently being piloted by Public Health England's Tuberculosis

Section in parallel to its existing work
ow. However, there are still many challenges

to overcome before it becomes part of routine care or surveillance.

As a result of the rapidly declining cost of sequencing, the bottleneck for imple-

mentation is shifting toward software and analysis of these large data sets (Didelot

et al. 2012; Green et al. 2011; Olsen et al. 2012; Pop et al. 2008). Bacterial genomes

are comparatively small when compared with human genomes, but their genomes are

highly complex and plastic, making interpretation demanding. Although analysis

challenges are varied, in this thesis I will focus on those surrounding the computa-

tional analysis of WGS data, in particular addressing the speed, accessibility, and

scalability of these analyses.

1.5.1 Whole-genome sequencing for species identi�cation

and drug susceptibility testing

Making better use of the limited antibiotics we have is of critical importance.

As a result, a key step in the process of using WGS in routine clinical practice

is making antimicrobial resistance predictions from these data easy, fast, accurate,

and quickly updateable when new information becomes available. Until a clinician

is aware of the species and antibiotic resistance pro�le of the pathogen infecting

their patient, they must resort to an empiric therapy of broad spectrum antibiotics.
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Figure 1.2: Timelines for sequencing-based analysis and culture-based drug suscep-
tibility testing (DST) Staphylococcus: Both culture-based (i) and sequencing-based
(ii) options involve 12h of blood culture. After this, the culture-based approach
(at Oxford University Hospitals clinical laboratory) follows with a direct coagu-
lase test (Coag.) that provides a presumptive species identi�cation at 4h (marked
`A'). Concurrently, blood culture is subcultured to blood agar, and MALDI-TOF
con�rms the species at 12h (`B'). A disc di�usion test for �ve antimicrobials (in-
cluding methicillin) is performed directly from a positive blood culture providing
�rst-line susceptibility information 18{24h later (`C'), assuming an acceptable in-
oculum. Finally, post-subculture samples undergo extended susceptibility testing
by automated broth microdilution (brandname `Phoenix'), giving �nal results after
another 18{24h (`D'). For the sequencing-based work
ow (ii), the DNA extraction
plus sample preparation takes 7.5h because samples are from blood culture, not
colony isolates. With the Illumina MiSeq v3 reagents, a 16.5h run is possible (giv-
ing paired 75 bp reads, adequate for this purpose), giving full susceptibility results
at the same time as direct disc tests provide results for �ve drugs. From Bradley
et al. 2015. 13
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Figure 1.3: Timelines for sequencing-based analysis and culture-based DSTM. tu-
berculosis: i) The culture-based process (in a typical UK reference laboratory) starts
with two weeks of mycobacterial growth indicator tube (MGIT) culture, followed
by a species identi�cation test (`X'). If the species belongs to the MTBC, then DST
is run in MGIT, and at decision point `Y'. If, at this point, the sample tests suscep-
tible to all �rst-line drugs, no further testing is done. MGIT DST is repeated for
pyrazinamide if the �rst test revealed resistance to this drug. If there is resistance
to any other drug, then solid culture DST is performed. If these tests show there
is resistance to rifampicin then another round of MGIT culture followed by MGIT
DST is done for second-line drugs. For sequencing-based approaches I show time-
lines for an HiSeq work
ow (ii) and a MiSeq alternative (iii), which would reduce
time-to-results to just over 2 weeks. \This study" refers to Bradley et al. 2015,
which is discussed in more detail in chapter 2.
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This risks that the empiric therapy is inadequate, providing insu�cient treatment,

or increasing exposure of the pathogen to antibiotics and the patient to unnecessary

side e�ects.

There are two primary situations where a WGS-based drug susceptibility test-

ing would be of immediate bene�t. Firstly, when the microbe is di�cult to grow,

phenotypic drug susceptibility testing can be slow and demanding (e.g.,M. tubercu-

losis). Secondly, WGS-based drug susceptibility testing is of bene�t whenever the

mechanism of resistance, or potential for resistance, informs clinical decisions. For

example,S. aureuscan be induced to be clindamycin resistant, if �rst treated with

erythromycin and if its genome encodeserm genes (Lewis et al. 2005). Therefore,

the presence oferm would lead to a decision to not treat with clindamycin, if the

patient was already exposed to erythromycin, and perhaps not at all. Another ex-

ample is when a resistance gene can exist on either a plasmid or on the chromosomes;

plasmid-mediated resistance can a�ect the decision to implement infection control

measures. There are also many other reasons why sequencing of clinical samples

may become routine, such as typing for outbreaks and surveillance. If this is the

case, and since the data would already be available, WGS for drug susceptibility

testing may be used in other contexts faster than would otherwise be expected.

At present, phenotyping tests take at least 1{2 days to complete for rapidly grow-

ing bacteria, such asS. aureus (Gordon et al. 2014), and they can take weeks in

slow-growing bacteria, such asM. tuberculosis(Lee et al. 2017). A WGS-based test

could be done in a similar time frame as phenotyping tests for fast growing organ-

isms, such asS. aureus(with su�ciently fast bioinformatic analysis) (see Figure 1.2),
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but has the capacity to dramatically decrease the time taken for antimicrobial re-

sistance prediction for slow growing organisms, likeM. tuberculosis(Figure 1.3), as

well as providing other useful information such as species and relatedness (Didelot

et al. 2012). Sequencing-by-synthesis runs can take between 16{48 hours with Illu-

mina technologies and a variable length of time with `random access' technologies

like Oxford Nanopore's MinION (where the user has control over the sequencing

time). Typically, this is done after a short culture step to improve innoculum size.

However, there are \direct-from-sample" extraction methods in development, which

would allow turnaround times of less than 24 hours (Brown et al. 2015). I dis-

cuss this in more detail in chapter 3, where I applyk-mer based drug susceptibility

testing from WGS to M. tuberculosis isolates sequenced directly from sputum.

The key challenge in using WGS to predict antimicrobial resistance is under-

standing the genotype to phenotype correspondence. We need a model that can

use genotypic information to accurately and rapidly predict phenotype, and which

will need to be updated as novel resistance mechanisms arise. Perhaps surprisingly,

for many species/drug combinations we already have a su�ciently comprehensive

understanding of the genetic mechanisms of resistance in order to infer antibiograms

with high accuracy. For example, Gordon et al. 2014 achieved a 97% (95%{97%)1

sensitivity and 99% (99%-100%) speci�city predicting resistance to a panel of 12

drugs inS. aureus, Walker et al. 2015 achieved 92.3% (90.7%{93.7%) sensitivity and

98.4% speci�city (98.1%{98.7%) forM. tuberculosis resistance prediction, Stoesser

et al. 2013 achieved 96% (0.94%{0.98%) sensitivity and 97% (0.95%{0.98%) speci-

195% con�dence intervals
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�city in Escherichia coli and Klebsiella pneumoniae. There are also ongoing e�orts

to improve genotype to phenotype models using genome-wide association studies

(Earle et al. 2016) and machine learning (Davis et al. 2016).

In addition to an accurate model, we also need reliable, fast, and easy-to-use

bioinformatic tools to infer the presence/absence of the relevant genetic features.

A lack of user-friendly and automated software is a signi�cant barrier to the use

of WGS in routine settings (Fricke et al. 2014; K•oser et al. 2012b; T•or•ok et al.

2012). Several methods have been proposed for this purpose but broadly speaking

they follow two general strategies: 1) reference-based read mapping and 2) de novo

assembly. Most of these methods perform adequately.

However, assembly followed by BLAST for genes and variants (Gordon et al.

2014; Leopold et al. 2014) is computationally intensive and assumes the sequence

is derived from a clonal sample|potentially ignoring low frequency strains which

may have important clinical information. Mapping to a reference genome to detect

point mutations of genes (Kohl et al. 2014; K•oser et al. 2013) assumes that data

comes from a single haploid genome (Pop 2009), and so it is ill-suited for mixed

samples, and mapping to a single reference results in error rates that depend on

genetic distance of the sample from the reference (Bertels et al. 2014).

In addition, the currently available tools that use the two strategies above require

high levels of expertise to install and run, and typically assume a contamination-

free isolate (Inouye et al. 2014; Leopold et al. 2014; Steiner et al. 2014). However,

contamination-free data are di�cult to obtain with bacterial WGS and will become

increasingly challenging as we move to culture-free sequencing for diagnostics. As a
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result, there is still work to be done to enable fast and accurate resistance prediction

in an easy-to-use software, which is also 
exible and takes into account the needs of

clinicians and the complexities of the data for various species. I describe my work

on improving antimicrobial resistance prediction software from WGS in chapter 2.

1.5.2 Whole-genome sequencing for pathogen surveillance

Traditional typing techniques have limited resolution as they typically only in-

terrogate small regions of the genome. In contrast, WGS provides the ultimate

resolution of the relationships between pathogens. For instance, strains that look

identical under virulence gene content, serotyping, multilocus sequence typing, rep-

PCR, pulsed-�eld gel electrophoresis, optical mapping, and antimicrobial suscepti-

bility testing can be resolved using WGS, helping to elucidate the epidemiology of

an outbreak (Grad et al. 2012). There are many other examples where WGS has

provided vital insight (Dettman et al. 2013; Gardy et al. 2011; Harris et al. 2010;

Holden et al. 2013; Snitkin et al. 2012).

Moving to WGS-based diagnostics opens unprecedented opportunities for data

acquisition, surveillance, and discovery of antimicrobial resistance determinants.

The rise of cloud computing, the declining cost of sequencing, and the increasing

utility of WGS for diagnostics mean we have the capacity to collect, analyse, and

learn from potentially millions of bacterial WGS data sets. This will feed back into

the WGS-based drug susceptibility testing which, in order to match the sensitivity

of existing phenotypic-based tests, will require comprehensive databases of genetic
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data linked with clinically relevant metadata. However, there are many technical

challenges to overcome in order to make these databases accessible, scalable, and

rapidly updating.

Although databases of bacterial WGS data do exist, for example the European

Nucleotide Archive with close to 500,000 bacterial data sets, these are almost entirely

inaccessible to sequence search and have limited structured metadata. Consequently,

it is challenging to use them to rapidly compare any isolate with the corpus of

existing data, search for genes or mobile genetic elements of interest, or use them

in applications such as surveillance or genome-wide association studies.

Surveillance databases such as the National Antimicrobial Resistance Monitor-

ing System for Enteric Bacteria (NARMS) have more extensive metadata than the

SRA/ENA archives, however it comprises a limited number of data sets and the data

are siloed and di�cult to link to the genomic archives. Being able to utilise and

collaborate on large collections of data in order to gain insight into the genomics of

phenotypic traits is a vital component to make best use of sequencing in the clinic,

for public health, and for science.

So far, the applications of WGS to surveillance of pathogens, have primarily

been retrospective analyses of outbreaks, usually consisting of less than a thousand

isolates (Dettman et al. 2013; Gardy et al. 2011; Harris et al. 2010; Holden et al.

2013; Snitkin et al. 2012). It seems that cheap WGS may be bringing the Malthusian

principle to genomics: our capacity to generate data may be outstripping our ability

to interpret it at equivalent scales. There is considerable work required to build a

genomic surveillance database and link WGS data with extensive clinical metadata.
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However, the potential bene�ts of such a system could be tremendous. Enabling

alerts when, for example, a plasmid is �rst seen in a new country or in a new species

would have global signi�cance. However, despite the large quantity of data we have

already collected we are far from enabling this type of alert without considerable

focused e�ort. In chapter 4, I describe a novel method to index and search millions

of data sets with the goal of opening progressively larger data sets for analysis.

1.6 Clinical microbiology bioinformatics

A major challenge in making the applications described above a reality is to

develop fast, scalable data structures and algorithms that can handle the exabytes

of data expected to be generated in the coming years. Thanks to their comparably

small genome, bacteria can be sequenced quickly and cheaply and, as a result, are

relatively accessible to interrogation by WGS. However, their diversity and com-

plexity means that analysis and interpretation are challenging. Contamination is a

persistent problem with microbial WGS data, from cohabiting microbes, the host,

or the technician performing the sequencing. It is also possible for samples to have

mixed populations of the same species, involving two or more strains of the microbe

simultaneously (Tarashi et al. 2017). This is a result of the fact that, unless perform-

ing single-cell sequencing (which I will not consider in this thesis), the sequencing

data represent genomes of cell populations, which are not necessarily identical.

Perhaps due to our anthropocentric bias, the majority of bioinformatics tools for

analysis of resequencing data (WGS from a species with a reference genome), which

20



1.6. Clinical microbiology bioinformatics

were designed with human genomes in mind, have been based on the assumption

that any given individual genome can be treated as a small perturbation away from a

reference genome. This is mostly true for human genomes, where the diversity is low,

but in bacteria levels of diversity can be much higher, genomic rearrangements are

more common, and problems are caused by the presence/absence of variation of re-

gions containing entire genes, which leads to the concept of a pan-genome|breaking

the small perturbation assumption. In order to make our analysis consistent with

the biology of bacteria this complexity must be considered.

1.6.1 Reference mapping

A standard approach to the analysis of bacterial WGS is to map and align se-

quencing reads to a reference genome|an exemplar of the population from which

data can be compared (K•oser et al. 2012a; Li et al. 2010a; Snitkin et al. 2012; Wyres

et al. 2014). This approach is primarily suited to identifying positions where the

sample contains simple variant sequences: discovery and genotyping of SNPs; and

short insertions or deletions. The popularity of the mapping approach is likely a

result of the primary current use case of WGS: the detection of pathogen transmis-

sion events and the investigation of outbreaks. Here, we are primarily interested

in the identi�cation of discriminatory simple variants in the core genome in order

to rule patients into, or out of, an outbreak (Harris et al. 2013). Mapping is well

established as an accurate method of doing so (Gardy et al. 2011; Grad et al. 2012;

Harris et al. 2013; Li et al. 2010a; Lunter et al. 2011). However, the popularity of
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reference mapping may also be driven by the fact that the relevant tools are popular

and well-validated due to their application in other areas of genomics.

This approach has limitations though, in particular when applied to bacterial

data sets, as horizontal transfer events mean that the sample may be highly diverged

from the reference (Beiko et al. 2005; Ge et al. 2005). The breaking of the small

perpetuation assumption and reference bias from mapping to a single representative

genome is also a problem outside of microbial genomics (Dilthey et al. 2015; Novak

et al. 2017).

It has led to the development of \population reference graphs" (Novak et al.

2017), which include multiple samples within the reference, represented as a graph.

These have been shown to improve the ability to analyse variation in areas of high

sequence diversity, such as the major histocompatibility complex region (Dilthey

et al. 2015), and complex regions in malaria (Maciuca et al. 2016), amongst others.

1.6.2 De Novo assembly

A second approach isde novo assembly. De novo assembly involves merging

the sequencing reads in order to reconstruct the original sequence, which does not

require a reference. However, this approach also has limitations. First, assembly

tools almost exclusively focus on consensus assembly, treating the sequence as if it

is clonal and removing any sequence which is at a low frequency. This is a rea-

sonable assumption in human data, where normally it can be expected that all the

cells have the same genome (with the exception of cancer genomes). However, in
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bacteria, these low frequency genotypes can have important clinical consequences.

For example, a study of 
uoroquinolone resistance found that only 50% of resis-

tant samples had a single �xed (> 95% frequency) mutation, while the others had

evidence for multiple alleles (Eilertson et al. 2014). Deep sequencing to detect low-

frequency alleles improved their power to detect resistance by 19% (Eilertson et al.

2014). Also, bacterial samples are intrinsically a mixture of multiple genomes. As a

result, methods will need to take into account in-host diversity, minor populations,

accessory elements, and metagenomics in order to give an accurate representation of

a pathogen's potential for resistance, virulence, or transmission|information which

can be lost in consensus assembly.

1.6.3 K -mer methods

K -mer based methods involve fragmenting the sequencing reads into smaller

sequences of �xed length (k) and performing analysis on these short sequences. If the

k-mers overlap byk � 1 bases, then they form a de Bruijn graph, which I will discuss

below. Although less popular than mapping or de novo assembly approaches, they

can be useful for some applications, in particular where computational e�ciency

is paramount. For example,kraken (Wood et al. 2014), a popular metagenomic

sequence classi�er, shreds reads into constituentk-mers, which it can rapidly classify,

and KvarQ (Steiner et al. 2014) usesk-mers to identify antimicrobial resistance

variants in M. tuberculosis.
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Figure 1.4: A toy example of a de Bruijn Graph. Here, we show the resulting 6-mer
de Bruijn graph from 2 reads (R1,R2). Single nucleotide di�erences will cause the
graph to form \bubbles".

1.6.4 Graph methods

In this thesis, I will examine a strategy based on genome graphs. Genome

graphs o�er both computational e�ciency and the 
exibility to represent diversity

in collections of genomes. Genome graphs involve the representation of sequencing

data as graphs, nodes of DNA strings, connected by edges. These nodes can be reads

in the case ofoverlap graphs(Kececioglu et al. 1995), arbitrary sequence in the case

of sequence graphs(Novak et al. 2017), ork-mers in the case ofde Bruijn graphs

(Chaisson et al. 2008; Zerbino et al. 2008), which is the data structure underlying

the methods discussed in future chapters. Since I will focus on de Bruijn graphs,

it could also be considered ak-mer centric approach. I will demonstrate that de

Bruijn graphs can be used to e�ciently and accurately achieve many of the goals of

our analysis, including species identi�cation, genotyping for AMR prediction, and

indexing very large collections of sequence data for search.
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1.6.4.1 De Bruijn Graphs

De Bruijn graphs are the fundamental data structure underlying much popular

assembly software (Butler et al. 2008; Chaisson et al. 2008; Chikhi et al. 2013b;

Simpson et al. 2009; Zerbino et al. 2008). Their use in bioinformatics was pioneered

by Idury, Pevzner, and Waterman (Idury et al. 1995; Pevzner et al. 2001) using

graph theory originally developed by de Bruijn in the context of combinatorial

mathematics (Bruijn 1946).

De Bruijn graphs are straightforward to construct. DNA sequence reads are

broken into chains of consecutivek-mers which overlap byk-1 bases. Edges linkk-

mers that are neighbours in the underlying read data, see Figure 1.4. Construction

requires looking up exact matches betweenk-mers and, as a result, can be performed

in linear time using a hash table which allows for constant timek-mer lookups. Due

to their simplicity and performance, de Bruijn graphs have become a popular tool

in bioinformatics|in particular for genome assembly (Butler et al. 2008; Chaisson

et al. 2008; Chikhi et al. 2013b; Simpson et al. 2009; Zerbino et al. 2008).

Although computationally e�cient, de Bruijn graphs can require a lot of memory.

Since there is a node for every uniquek-mer in the genome, de Bruijn graphs of

large eukaryotic genomes can have billions of nodes, requiring hundreds of gigabytes

of memory (Simpson et al. 2009). In addition, each sequencing error will create

unique, erronousk-mers|increasing the memory burden.

Coloured de Bruijn graphs extend classical de Bruijn graphs by `colouring' nodes

in the graph by the samples in which they are seen (Iqbal et al. 2012). It is inter-
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esting to note that an implicit coloured de Bruijn graph, where edges are not stored

explicitly, is equivalent to an inverted index|where k-mers are mapped to the data

sets which contain them. Inverted indexes are commonly used in text search (Brin

et al. 2012; Goodwin et al. 2017), a fact I will explore more in Chapter 4. Coloured

de Bruijn graphs su�er from similar memory challenges as de Bruijn graphs, since

the union of unique nodes in all colours needs to be stored. If thek-mers are shared

amongst many of the colours in the graph, then the memory burden is similar to

that of a single-colour de Bruijn graph. However, if the union of uniquek-mers is

much larger than the uniquek-mers in any colour (e.g., in a bacterial pan-genome),

then the memory required can be signi�cantly greater.

Several approaches have been suggested to manage the high memory require-

ments, including: error cleaning, distributed computing, and compressed or prob-

abilistic encodings. Error cleaning of the erroneous can signi�cantly reduce the

memory requirement of the graph (Iqbal et al. 2012; Li et al. 2010a). Distributed

computing can spread the memory load across multiple machines (Simpson et al.

2009). And novel encodings such as succinct data structures (Belk et al. 2016),

sparse bit vectors (Conway et al. 2011), bloom �lters, or compression by segregation

patterns, (Almodaresi et al. 2017) can decrease the memory requirement perk-mer

(Chikhi et al. 2013b).
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1.7 Overview of this work

In this thesis, I describe novel data structures and algorithms, and explore ap-

plications of graphs, speci�cally de Bruijn graphs and coloured de Bruijn graphs, to

some of the computational challenges discussed in the previous sections. In chapter

2, I use de Bruijn graphs to rapidly determine species and antimicrobial resistance

from short read WGS of cultured clinical isolates. I present a tool, \Mykrobe pre-

dictor", that can be used to rapidly identify species and antimicrobial resistance

from WGS data sets, forM. tuberculosisand S. aureus. It is easy to use, extremely

e�cient, and can be augmented with new antimicrobial resistance catalogues easily

(Bradley et al. 2015).

In chapter 3, I explore the additional issues encountered applying this approach

to sequencing of direct clinical samples ofM. tuberculosiswith the goal of reducing

the time required for the end-to-end test (Votintseva et al. 2017). This includes

applications to data from noisy, long nanopore reads.

In chapter 4, I explore the challenges in scaling coloured de Bruijn graphs, or

\inverted k-mer indexes" to very large collections (millions) of data sets with ap-

plications to DNA sequence search. In particular, I address the superlinear scaling

with number of samples of existing tools with and present a novel representation

and implementation of a probabilistic coloured de Bruijn graph, a \Coloured Bloom

Graph", that can scale sequence search to millions of bacterial sequence data sets.

I demonstrate the scalability of this tool by building a Coloured Bloom Graph of

all publicly accessible microbial WGS data, almost half a million samples, and use
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it to run sub-millisecond k-mer searches in this data.

Finally, I conclude by discussing a potential framework for combiningMykrobe

predictor , or similar tools, with Coloured Bloom Graphs and other probabilistic

data structures to create a distributed, scalable, cloud-based bacterial surveillance

platform and o�er concluding remarks.
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Chapter 2

Rapid antibiotic resistance predictions

from high throughput genome sequence

data
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2.0.1 Publication note and acknowledgements

The majority of the work described in this chapter was previously published

in Bradley et al. 2015. I brie
y discuss some extensions and projects involving

Mykrobe predictor , of which I am a co-author (Lipworth et al. 2017; Mason et al.

submitted; Quan et al. 2017) in section 2.9. Figures 2.1 { 2.14 and some of the text

in this chapter comes from this publication. Although the work was collaborative

in parts, the work described here is the sole work of myself, with the guidance of

my supervisors, unless otherwise speci�ed below:

� The S. aureus and M. tuberculosis phenotyping described in Section 2.10.2

was performed by N. Claire Gordon and Laura Dunn.

� The nanopore sequencing described in Section 2.10.6 was performed by Maria

Teresa de Cesare and Paolo Piazza.

� Luke Anson and Antonina A. Votintseva performed sample preparation for

MinION and MiSeq.

� Sarah Earl and Tanya Golubchik ran the RaxML to generate theS. aureus

and M. tuberculosisphylogenies.

� The Windows and Mac interface shown in Figures A.1 { A.3 was created by

Simon Heys.
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2.1 Introduction

In this chapter, I consider the problem of predicting the species and antibiotic

resistance of a pathogen from whole-genome sequencing (WGS) in a clinical setting.

I consider two exemplar species:M. tuberculosis, a slow growing microbe which

evolves resistance via point mutations during the course of infection; andStaphy-

lococcus aureus, a fast growing organism which has a diverse range of mechanisms,

from point mutations in core and accessory genes to mobile genetic elements.

First, I describe how we can use coloured de Bruijn graphs to build clinically

informed taxonomy `probe sets' and use these to rapidly infer complex, species, and

strain in a targeted manner. Metagenomic classi�cation tools such as Kraken (Wood

et al. 2014) aim for a balance of sensitivity and speci�city across a broad taxonomic

range with no prior on which species are most likely. In contrast, our goal with

Mykrobe predictor was to tune sensitivity and speci�city for clinical considerations

where there is a prior knowledge of the likely pathogen and where some error modes

have more impact than others. For example, misidentifying species or lineage within

MTBC has limited impact on choice of treatment, but it would be more problematic

to misidenti�ying a M. tuberculosisas a nontuberculous mycobacterium (NTM).

I then describe how, by using a catalogue of diverse resistance elements, I built a

reference de Bruijn graph and used it to rapidly genotype our sample. I used these

genotypes to infer antibiograms that are as accurate as phenotypic assays inStaphy-

lococcus aureus, and line probe assays inM. tuberculosis (Abreu Maschmann et al.

2013; Chryssanthou et al. 2012). Using depth of coverage information contained
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in the de Bruijn graph, I show that Mykrobe predictor can detect contamination

and minor populations, and that these could have clinical consequences. The soft-

ware, Mykrobe predictor , was implemented with an easy-to-use \drag and drop"

interface and I discuss the performance of this software as well as its impact since

publication in 2015, including its inclusion in Public Health England's routineM.

tuberculosispipeline.
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Figure 2.1: Phylogeny ofStaphylococcussamples used in evaluating resistance pre-
diction, with tips marked orange or blue to represent samples in training set (StA1,
n=495) or validation set (StB 1, n=471). Drug resistance is indicated in concentric
rings around the phylogenetic tree; plasmid-mediated resistance (erythromycin in
purple, tetracycline in black) is distributed across the whole tree. The two multi-
drug-resistant clades are in UK hospital clonal complexes CC22 and CC30.

2.2 Staphylococcus and Mycobacterium data

sets represent global diversity

2.2.1 Overview of Staphylococcus aureus data sets

In order to train and validate our species and drug susceptibility prediction

software Mykrobe predictor for S. aureus, I used a collection of 1,423S. aureus
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isolates. I used a training set (StA1) of 495 and a validation set (StB 1) of 471

S. aureus isolates that had been sequenced and phenotyped after being collected

in Bristol, UK, and Oxfordshire, UK, for resistance prediction. These collections

were supplemented with 457 coagulase-negative staphylococci (CoNS) for species

identi�cation analysis. See Section 2.10.2, Figure 2.16, and Table 2.4, for an overview

of the data sets and associated metadata.

2.2.1.1 Staphylococcus aureus phylogeny

I show a tree constructed fromStA1 and StB 1 in Figure 2.1, which also displays

membership of training or validation sets and phenotypic drug resistance. The

training (orange tips) and validation (blue tips) samples are distributed across the

phylogeny, which includes all major clonal complexes (Figure 2.2). The collection is

enriched for the UK hospital-associatedS. aureusclonal complexes (CC22/CC30),

where multidrug resistance is prevalent.

2.2.2 Overview of M. tuberculosis data sets

In order to train and validate Mykrobe predictor for M. tuberculosis I used

a collection of 4,056Mycobacterium isolates. I use a `training' data setMTBC A

of 1,920 M. tuberculosis complex (MTBC) isolates with Illumina sequence data

and associated drug susceptibility test (DST) data (Figure 2.16, Table 2.4) from

Oxfordshire, Birmingham, Sierra Leone, and South Africa to train the resistance

prediction algorithm. I used a separate data set (MTBC B ) of 1,609 further isolates
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Figure 2.2: Counts of each clonal complex inStaphylococcustraining set StA1 and
validation set StB 1. All major clonal complexes were represented.

from Uzbekistan, Germany, South Africa, and the UK for the validation data set.

All of these samples had previously been collected for an independent study on the

discovery of mutations predictive of resistance (Walker et al. 2015). For species iden-

ti�cation training and validation these were supplemented with an additional 527

non-tuberculosis mycobacterium (NTM) data setsMY COSRA and MY CORET RO

(see Extended Methods).

2.2.3 M. tuberculosis phylogeny

Figure 2.3 shows a phylogeny ofMTBC A and MTBC B , with training and val-

idation samples coloured at the branch tips in orange and blue, respectively (see

Section 2.10.3.1 for details on construction). The validation set shows some clus-
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Figure 2.3: Phylogeny of MTBC samples with phenotype data, with tips marked or-
ange or blue to indicate training set (MTBC A , n=1,920) or validation set (MTBC B ,
n=1,609). Drug resistance is shown in concentric rings around the phylogenetic tree.
Resistance exists across the phylogeny, especially against isoniazid (light blue), with
a clustering of multi-drug resistance in the Beijing lineage.
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tering within the phylogeny due to the large number of samples from Uzbekistan in

the validation set, with a resulting high number of XDR TB in the validation set.
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2.3 Species identi�cation from WGS data using

coloured de Bruijn graphs

Our goal with Mykrobe predictor's species identi�cation was to develop soft-

ware that was sensitive to di�erences between highly similar species and lineages,

but also lightweight enough to be run locally on computers with limited resources.

In order to ensure sensitivity to low frequency contaminating species, we wanted to

use more than one probe (as opposed to common methods based on single genes,

e.g., rpoB, gyrA, etc.), which contained more sequence than a single gene.

2.3.1 Species probe generation

To achieve this, I developed a system for designing a hierarchy of markers (con-

tigs), which separated phylogroups (e.g.,S. aureusfrom coagulase-negative Staphy-

lococci, or MTBC from NTM). I �rst built a de Bruijn graph by pooling several

hundred samples from both phylogroups, and pulled out all unique and unambiguous

contigs (\unitigs") with cortex .

For each group I calculated the frequency of each contig in each phylogroup

(e.g., the frequency of each contig within MTBC and NTM). I chose the 2,000

most highly di�erentiated contigs to form marker panels to distinguish the groups.

This process was run to �nd contigs informative at the complex (e.g., MTBC), sub-

complex (e.g.,Mycobacterium aviumcomplex), species (e.g.,M. tuberculosis), and

lineage/sub-species level (e.g., European/AmericanM. tuberculosis), using the tree
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structure of the phylogeny.

2.3.2 Staphylococcus species identi�cation

The above process was applied to 731 staphylococcal isolates in training set

StA , which combines data setsStA1 (532 clinical S. aureusisolates) andStA2 (199

coagulase-negative staphylococci (CoNS) isolates), usingcortex (Iqbal et al. 2012)

with kmer-size 15, to produce probes (contigs) for phylogroups (S. aureusversus co-

agulase negative staphylococci) and species (S. aureus, S. epidermidis, S. haemolyti-

cus, other coagulase-negative species). I used presence of the catalase gene to con-

�rm presence of staphylococci. I plotted the proportion of sequence in the probe

panel found in each training sample (\recovery") , and ignored extreme outliers

as possible errors in the SRA metadata. Detection thresholds were chosen based

on recovery in the training set: 90% forS. aureus, 30% for S. epidermidis and S.

haemolyticus, 10% for other staphylococci, and 20% for the catalase gene.

I then evaluated our predictions on a separate validation set (StB ), combining

471 S. aureussamples (StB 1) and 221 CoNS (StB 2), and show the results in Fig-

ure 2.4. This con�rmed an appropriately low rate of missing a trueS. aureussample

(0/492, upper 97.5% CI 0.7%). I studied the 3 non-S. aureussamples that appeared

to be misclassi�ed byMykrobe predictor as S. aureus, and concluded that they

were mislabelled in the NCBI Short Read Archive (SRA) (our \truth"), as both

BLAST(Altschul et al. 1990) andOneCodex(Minot et al. 2015) agreed withMykrobe

predictor that these wereS. aureus.
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Figure 2.4: A confusion matrix showing species predictions forStaphylococcusvs
our \Truth" from SRA metadata: species classi�cation results on species validation
set StB (n=692). Red shading of box indicates errors we wish to minimise. Ab-
breviations: S.aur: S. aureus, S.epi: S. epidermidis, S.hae: S. haemolyticus, O.st :
other staphylococcus, Non-st: Non staphylococcal. \Truth (SRA)" is the species as
annotated in the SRA metadata, which was used as truth for comparisons.

2.3.3 M. tuberculosis species identi�cation

Species within theM. tuberculosis complex (MTBC) cause tuberculosis, but

clinical samples may consist of other mycobacterial species. Co-infection with both

MTBC and NTM, which is known to occur (Jun et al. 2009; Maiga et al. 2012),

should be reported, if present. Consequently, we chose to identify 4 MTBC species

(M. tuberculosis, M. africanum, M. bovis, M. caprae) and 40 NTM species (See

Section 2.10.4).

In terms of desired error pro�le, the main aim was to minimize misclassifying a

MTBC as a NTM, or vice versa. Misidentifying species within MTBC has limited

impact on choice of treatment, except thatM. bovis is known to be intrinsically re-
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Figure 2.5: A confusion matrix showing species predictions forM. tuberculosis:
Species classi�cation results on a validation set (MTBC A2 + Myco Retro, n=1304).
Colours indicate misclassi�cations between NTM/MTBC (red), concordance with
\truth" (dark green), or greater resolution from Mykrobe predictor than PCR (light
green). Abbreviations: M.tb.: M. tuberculosis, M.af.: M. africum, M.bv.: M. bovis.

sistant to pyrazinamide, and some substrains of the Bacille Calmette{Gu�erin (BCG)

strain of M. bovis are known to be resistant to isoniazid.

Marker panels were generated for MTBC and NTM (\phylo groups") as well as

for individual species within those groups, using the same method as for staphylo-

cocci (Section 2.3.1) based on a training set consisting of data setsMTBC A1 (338

MTBC clinical isolates) and MY COSRA (380 Mycobacterium samples downloaded

from the Short Read Archive (SRA)).

The required percentage of probe sequence to be found in each of the \phylo

group" panels was set as 70% for MTBC, 25% for the NTM panel, and 30% for all

species panels. Above this threshold the phylo group or species was predicted to be
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present. I also used the lineage-informative SNPs de�ned by Stucki et al. (Stucki et

al. 2012) to assignM. tuberculosis lineages: Beijing/East Asia, East Africa/Indian

ocean, Delhi/Central Asia, European/American, West Africa 1 & 2, or Ethiopian.

I then evaluated species prediction on the union of data setsMTBC A2 (1157

MTBC clinical isolates) and MY CORET RO (147 Mycobacterium isolates), where

species had been identi�ed by Hain assay, showing results in Figure 2.5. No samples

were misclassi�ed between MTBC and NTM, but there were fourM. africanum

and two M. tuberculosis samples that were only resolved to MTBC, and oneM.

tuberculosissample misidenti�ed asM. africanum. Finally, I tested our identi�cation

of the lineages as de�ned by Comas et al. 2013 by comparing with the lineage as

identi�ed by their tool, KvarQ (Steiner et al. 2014) and found 100% concordance

between the two tools. These lineages' probesets have recently been extended and

validated by Lipworth et al. 2017 usingMykrobe predictor .
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2.4 Using population genome graphs for

genotyping

Once a sample has been identi�ed asM. tuberculosisor S. aureus, the next step

is to genotype a set of variants or genes from which its antibiogram can be inferred.

Various methods have been used for genotyping resistance features: mutations and

genes have been detected by whole genome assembly (Gordon et al. 2014), genes by

assembly and BLAST (Leopold et al. 2014), or SNPs and indels by mapping (Kohl

et al. 2014; K•oser et al. 2013). As I discussed in section 1.5, these approaches have

risks of bias, so here I take a reference graph approach.

In Figure 2.6, I show a cartoon of the genetic diversity in a bacterial species

and two options for building a reference variation structure. In option i) I show a

standard approach, similar to that taken by Kohl et al. 2014 and K•oser et al. 2013,

where we select an arbitrary strain (Strain 1) to be the reference genome, along with

one copy of each plasmid gene. This approach (option i), whereby sequence reads

are mapped to the reference genome and genes, requires the mapping and inference

to cope with the divergence between sample strains and the reference.

With Mykrobe predictor , we take a reference graph based approach, shown in

option ii). We start with a curated knowledge base of resistant/susceptible alleles,

and assemble a de Bruijn graph (Iqbal et al. 2012; Turner et al. 2017) of them on

di�erent genetic backgrounds, along with many examples of resistance genes. This

forms our reference graph. In Figure 2.6b, I show the corresponding analyses of a
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Figure 2.6: Representation and analysis of bacterial genetic variation. (a) Refer-
ence construction methods. Left: chromosomes with SNPs (black circles) and genes
(coloured blocks) from strains of a bacterial species. Option (i) picks strain 1 to
be reference, plus one example of each plasmid resistance gene. In option (ii), our
method is to build the de Bruijn graph of all strains, restrict to loci of interest,
and annotate resistance (red) and susceptible (green) alleles. For SNPs, local graph
topology is determined by adjacent SNPs (black dots) and indels (black blocks).
(b) Mixed infection read analysis. Left: sequence data from a clinical sample har-
bouring major (90%) and minor (10%) strains. Right: option (i) maps the reads
to the reference genome to detect SNPs and genes. In option (ii), our approach,
we construct the de Bruijn graph of the sample and compare with the reference
graph. We see a speci�c SNP is present both in the sample and the reference graph
(marked X,Y). Both the resistant (red) and susceptible (green) alleles are present
in the sample, and within-sample frequency is estimated from sequencing depth on
each allele.
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mixed sample. Our approach (option ii) directly compares the de Bruijn graph of the

sample with the reference graph. This results in statistical tests for the presence of

resistance alleles that are unbiased by choice of reference or assumptions of clonality.

Moreover, these tests will improve as the catalogue of diversity in the species grows.

In order to control memory use, the implementation ofMykrobe predictor �rst

builds a target graph from the genes, alleles, and species identifying contigs, and

then only loads sample data that intersects it, restricting RAM use to less than

100Mb, regardless of the size of the sample's data. The inverse could also be done,

where the sample's de Bruijn graph is built and the reference graph of resistance

elements is intersected with it. This would mean that memory use would be much

higher, but it would have the advantage that the data structure could be also be

used to perform variant discovery. Since our goal withMykrobe predictor is only

to genotype an existing catalogue of genomic elements, I report results using the

former method only.

2.4.1 Genotyping at mutations

2.4.1.1 Constructing variant probe sets

In order to use a de Bruijn graph to genotype a catalogue of variants we �rst

convert the list of variant sites into a set of sequence `probes' of length 2k+1. If the

resistance mutations are de�ned in amino acid space, we �rst convert these into a

set of possible codon changes in DNA space. In the simple case, we then represent

these DNA SNPs into two short sequences (of length 2k+1), one \reference" or
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\susceptible" allele, and the other \alternate" or \resistant" allele. However, if

there is common variation within k bases of the variant site, any sample with this

variation would have di�erent susceptible or resistant allele sequence. In order to

be more robust to this variation, we also build equivalent susceptible or resistant

alleles for each variant within k bases of our SNP of interest, in any sample in the

training set. These leads to at least two alleles for each SNP, but often several more.

From this set of probes, we construct our reference de Bruijn graph and calcu-

late the percentage ofk-mers with depth of coverage at least 1, and the median

depth on each probe. For all mutations in the panel we iterate through all possible

nucleotide changes that would generate the speci�ed amino acid change (if appro-

priate), and �nd the resistant allele and susceptible allele with the highest coverage.

We then compare three competing models: pure susceptible, minor resistant (fre-

quency=10%), and major resistant (we used frequency=75%, but we expect that

values from 60%-100% would result in identical model choice). In this and subse-

quent sections, a subscript MAJ, MIN, or S refers to the major resistant, minor

resistant or susceptible models|also referred to as 1/1, 0/1, and 0/0, respectively.

We use the following simple Poisson model for the likelihoods for all three models.

Susceptible model: Likelihood speci�ed by Poisson coverage on S allele, plus errors

driving both coverage loss on S allele and coverage on R allele.

S:

Cov(S allele) s Pois(D(1 � ")k) ;
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Cov(R allele) s Pois(
D" (1 � ")k� 1

3
) ;

MAJ:

Cov(R allele) s Pois(D" (1 � ")k) ;

Cov(S allele) s Pois(
D(1 � ")k� 1

3
) ;

and for minor resistant Poisson coverage on both alleles scaled by frequency:

MIN:

Cov(S allele) s Pois(D(1 � f )(1 � " )k) ;

Cov(R allele) s Pois(Df (1 � ")k) ;

whereCov() is a function returning median depth of coverage on an allele,D is the

expected depth of coverage," is the per-base error rate,k is the k-mer size, and the

frequencyf of the resistance allele is 0.1/0.75 for the minor/major resistant model.

The likelihoods of the models are modi�ed by the following indicator functions:

PS = 1 ;

PMAJ = I (perc(R) = 100%) ;

PMIN = I (perc(R) = 100% AND perc(S) = 100%) ;

where I() is an indicator function, andperc(R) and perc(S) are the percentage of

the k-mers in the resistant/susceptible alleles that are seen in the sample. This

ensures that to have a non-zero likelihood for the MAJ and MIN model the relevant
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probes must have 100% coverage. In additional, because, withMykrobe predictor ,

we also have knowledge of the presence of any contaminating species, we ignore the

minor resistant model if any are observed. The maximum likelihood model is chosen.

2.4.2 Genotyping at genes

Because we often have multiple versions of the same gene in our resistance cata-

logue, the �rst step to determine the presence of genes is to choose the gene version

with the most k-mers with non-zero depth. If there are more than one such gene ver-

sion, we choose the version with the highest median depth. The expected proportion

of k-mers in a gene which is observed is:


 = 1 � P(gap) = 1 � exp(� Df ):

We use the following priors:

P rS = 1 ;

P rMAJ;MIN = I [max
Gi

(perc(Gi )) > 
K (G)] ;

where each geneG has multiple exemplarsGi representing diversity of that gene,I

is an indicator function, andperc() is a function returning the percentage ofk-mers

present in the sample. K is the minimum percentage ofk-mers expected to be

recovered for a gene, based on the empirical level of diversity observed in a training

set.
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2.4. Using population genome graphs for genotyping

The likelihoods for major and minor models depends on the probability of having

the observed median coverage across the gene. The likelihood for the major resistant,

minor resistant, and susceptible models are given by:

Cov(gene) s Pois(Df ) ;

where Cov () is a function returning median depth of coverage on the gene,D is

the expected depth of coverage, andf is the expected frequency of the gene where

f (R) = 1 ; f (r ) = 0 :1; f (S) = ", and " is the error rate. The maximum a posteriori

model is chosen.
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2. Rapid antibiotic resistance predictions from high throughput
genome sequence data

2.5 Resistance prediction

A description of the catalogues of genomic elements from which resistance was

inferred can be found in Section 2.10.2.2 and Section 2.10.3.2. From these, I built

variant and gene \probe-sets" whichMykrobe predictor uses to genotype via the

methods described in the previous section. From the genotypes we can infer resis-

tance or susceptibility to the associated drugs.

Performance of resistance prediction is typically assessed via their major error

(ME) and very major error (VME) rates (US-FDA et al. 2007). A major error's

reference (\truth") result is S and prediction result is R. A very major error's ref-

erence (\truth") result is R and prediction result is S. Below I use \major error"

interchangeably with \false positive", and \very major error" with \false negative".

The ME rate is de�ned as:

Major Error Rate =
FP

TN + FP
= 1 � speci�city = 1 �

TN
TN + FP

;

and VMR rate as:

Very Major Error Rate =
FN

TP + FN
= 1 � sensitivity = 1 �

TP
TP + FN

:

The U.S. Food and Drug Administration o�ce requires rates that are< 3% for ME

and < 1:5% for VME. They also require the 95% con�dence interval for VME rates

to be below 7.5% for the upper boundary and below 1.5% for the lower boundary

(US-FDA et al. 2007).
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2.5. Resistance prediction

(a) Whole distribution of MTBC A 1. (b) 0-40% distribution of MTBC A 1.

(c) Whole distribution of MTBC B . (d) 0-40% distribution of MTBC B .

Figure 2.7: Within-sample frequency of resistant alleles in the training set MTBC A 1 and
validation set MTBC B , coloured by associated phenotype. Alleles at frequency> 90% with an
associated susceptible phenotype are as follows (where X means any amino acid): Training set:
embB M306X: 31, fabG1 C-15X: 5, fabG1 G-17X: 1, fabG1 T-8X: 2, gyrA A90X: 3, gyrA D94X:
9, gyrA S91X: 2, katG S315X : 1, rpoB D435X: 3, rpoB H445X: 3, rpoB L430X: 1, rpoB L452X :
3, rpoB S450X: 2, rrs G1484X : 1; Validation set: embB M306X: 54, fabG1 C-15X: 9, katG S315X:
8, rpoB L430X: 3, rpoB L452X: 3, rpoB Q429X : 1, rpoB Q432X: 1, rpoB S450X: 4, rpsL K43R: 6,
rrs A1401X : 7, rrs C1402X : 1, rrs C517X: 1. The dominant mutations, embB M306V and M306I,
are a known phenomenon, as the Minimum Inhibitory Concentration (MIC) of resistance caused
by these mutations os very close to the critical concentration|causing stochastic \
ip-
opping" of
the test, depending on whether resistance is just above or below the threshold. This is an artifact
of forcing a binary classi�cation on a quantitative trait.
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2. Rapid antibiotic resistance predictions from high throughput
genome sequence data

2.5.1 Resistance calling at mutations

If the frequency of the genotyped variant is below a threshold (T, determined

below) Mykrobe predictor reports the mutation but predicts a susceptible pheno-

type. Otherwise it predicts a resistant phenotype, and mentions whether it classi�ed

this as a minor or major population. ForS. aureus, the protocol undergone by sam-

ples in the standard clinical work
ow removed almost all mixture, and so there were

almost no minor alleles to either train or validate on|I set an arbitrary thresh-

old of 10%. ForM. tuberculosis, I did not have enough data to estimate per-drug

thresholds, and we knew that the phenotyping data was imperfect. I examined

the two frequency distributions of resistance alleles present in phenotypically resis-

tant/susceptible samples in the training set (Figures 2.7a and 2.7b, and selected

a single threshold of 10% for all drugs. The corresponding distributions for the

validation set can be seen in Figures 2.7c and 2.7d.

2.5.2 Resistance calling at genes

Genes inS. aureuscan either be in the chromosome, at copy number 1, or on a

plasmid, with higher copy number. In the training set, a threshold frequency was

chosen for each gene, such that above this frequency the sample was more likely

to be resistant than sensitive (see Section 2.10.5). If the gene was genotyped as

Minor Resistant but the gene's estimated frequency (based on median coverage over

overall depth of coverage) was below this threshold a susceptible phenotype was

reported (see Section 2.10.5). Otherwise, a (major or minor) resistant phenotype
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2.5. Resistance prediction

(a) Proportion of resistant Staphylococcus
samples correctly identi�ed as resistant.
VME/FNs in red.

(b) Proportion of susceptible Staphylococ-
cus samples correctly identi�ed as suscep-
tible. ME/FPs in red.

Figure 2.8: Comparison ofMykrobe predictor , Disc, and Phoenix antimicrobial
resistance predictions inStB 1: Mykrobe predictor (orange), disc test (dark blue),
and Phoenix (light blue) compared with consensus, with false negatives in red.
Note the break in the y axis between 80 and over 300 to show penicillin on same
plot. PEN, penicillin; ERY, erythromycin; CIP, cipro
oxacin; METH, methicillin;
FUS, fusidic acid; CLIN, clindamycin; TET, tetracycline; RIF, rifampicin; GEN,
gentamicin; MUP, mupirocin; TRIM, trimethoprim; VAN, vancomycin.

was reported.

2.5.3 Mykrobe predictor Staphylococcus predictions

match consensus phenotype

Considering each resistance mutation and gene in turn, our prediction algorithm

�rst genotypes a sample into one of three categories: clonal-susceptible, minor-

frequency resistant allele, or major-frequency resistant allele following the methods
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