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Timothy M. Walker, Oriel College, Oxford. 

In 2013 an estimated 9 million patients were diagnosed with tuberculosis across 
the globe, leading to 1.5 million deaths. In the UK, just under 8,000 cases were 
notified. Where resources allow, tuberculosis control is based on the 
identification of outbreaks, and the timely diagnosis and appropriate treatment 
of infected patients. However, current methods for identifying tuberculosis 
outbreaks are limited in their specificity, whilst the definitive diagnostic tests 
remain culture-dependent and can hence take weeks before producing a result. 
Whole-genome sequencing (WGS) technology is now affordable, rapid and 
accurate, and in this thesis I explore its potential both for detecting transmission 
and for identifying the genetic variation underlying drug resistance.  

Understanding the degree of M. tuberculosis genetic diversity within and 
between epidemiologically related individuals is a prerequisite to using WGS to 
identify Mycobacterium tuberculosis transmission. In chapter 3 I outline how this 
diversity is rarely greater than 5 nucleotide variants and also describe how the 
pattern of genetic diversity within an outbreak relates to the epidemiologically 
recognised transmission patterns. In chapter 4 I apply the findings from chapter 
3 to all tuberculosis cases in Oxfordshire over a 6-year period to show that 
although most patients with tuberculosis were born in a high-incidence country, 
the odds of transmission among UK-born patients are in fact greater. These 
findings have contributed to the decision by Public Health England to invest in 
the routine whole-genome sequencing of M. tuberculosis from 2015. In chapter 
5 I explore whether the potential utility of future sequence data can be 
increased by also predicting phenotypic drug susceptibility. I therefore devise 
an algorithm to characterise relevant genetic variation associated with 
phenotypic drug resistance or susceptibility. 

I conclude that WGS has a significant contribution to make towards improving 
patient outcomes and decreasing onward transmission of disease.  
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1.4 DECLARATIONS AND ATTRIBUTIONS 

Studies like those detailed in this thesis are by their nature collaborative and 

involve a large number of people. The bioinformatics pipeline that assembled 

the raw sequence data and filtered for variant calling was created and run by a 

specialist bioinformatics team. I had no role in this. However, each chapter is 

based on work that I did under the supervision of Professors Tim Peto, Sarah 

Walker and Derrick Crook. All figures and tables were made by me unless 

stated otherwise in sections 1.4.1 to 1.4.3 below, or in the individual figure / 

table legends.  

1.4.1 CHAPTER 3 ATTRIBUTIONS 

Sarah Walker and Tim Peto initiated the study design before I joined the group, 

identifying the need to explore within-host diversity through both cross-sectional 

and longitudinal sampling, as well as between-host diversity in family / 

household, and community clusters. I defined these groups and selected the 

samples for each. I cultured the samples and extracted the DNA. I travelled to 

meet with the relevant TB nurses across the Midlands to discuss each 

community cluster, and worked closely with Ruth Harrell who did the same for 

the outbreaks in Birmingham. I used existing python scripts within the MMM 

group to analyse the whole-genome sequencing (WGS) data, draw 

phylogenetic trees, and explore the sequence data manually to characterise the 

patters of nucleotide variants in each cluster. I designed the transmission 

networks under the supervision of Tim Peto. The thresholds of 5 and 12 SNPs 

were a product of discussions with Tim Peto who drew the original version of 

Figure 11. Tim Peto also wrote the STATA programme for Figure 13, whereas 
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Daniel Wilson wrote the R script from which I produced Figure 12. Ruth Harrell 

produced component B and C of Figure 15. I wrote the chapter and the 

published manuscript the chapter is based on. 

1.4.2 CHAPTERS 4 ATTRIBUTIONS 

Derrick Crook suggested I undertake a population study of Oxfordshire. I 

designed the geographical boundaries of the study, the period to be studied and 

identified all cases to be included. I retrieved and cultured the samples and 

extracted the DNA. I obtained the epidemiological data through interviews with 

other health professionals and co-analysed it with the genetic data. I decided 

the analysis should be based on a dichotomy between birth in high or low 

incidence countries, rather than the usual ‘UK born / non-UK born’ dichotomy, 

or on the basis of ethnicity, as has been done in other studies. I built the logistic 

regression model under the supervision of Sarah Walker and Tim Peto. Maeve 

Lalor generated Figure 19 on the basis of data I provided. I wrote the chapter 

and the published manuscript the chapter is based on. 

1.4.3 CHAPTER 5 ATTRIBUTIONS 

Georgia Kapatai started a small study to predict phenotypic resistance from 300 

UK based sequences I had used for the study in chapter 3. She sought to 

identify known resistance determinants from de novo assembled sequences, 

but she left the group before completing the study. I took over from her, and 

together with Tim Peto designed a far larger, more ambitious study. The study 

design was an iterative process of many long conversations over one to two 

years over which the scope and size of the study steadily expanded as new 

samples became available. The design of the algorithm was a synthesis of 
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discussion between myself and Tim Peto, with valuable input from Sarah 

Walker as well. I extracted DNA for almost all the UK based samples included 

in this study. The other samples were donated by collaborators. 

Carlos Del Ojo Elias wrote the python script that extracted the relevant 

sequence data from VCF (variant calling format) files for me. Zam Iqbal and 

Phelim Bradley ran the samples through Cortex to identify the indels. I selected 

the 23 candidate genes based on a catalogue of resistance determinants 

supplied by Silke Feuerriegel. I learnt to manipulate large data sets in STATA, 

and wrote the scripts to run the analysis under the supervision of Tim Peto and 

Sarah Walker. I created a phylogenetic tree of 3651 samples in RaxML from 

which Jessica Hedge identified and quantified all the homoplasic loci. I 

incorporated Jess’s output into my analysis using STATA. Sarah Walker 

designed the suggested workflow in Figure 32 and Kate Niehaus created Figure 

29 from data I provided. I wrote the chapter as well as the manuscript (now 

ready for submission) that this chapter is based on.      
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1.6 ABBREVIATIONS 

BCG, Bacille Calmette-Guerin 

CTAB, cetyltrimethylammonium bromide 

DNA, Deoxyribonucleic Acid 

DST, Drug Susceptibility Testing 

ETS, Enhanced Tuberculosis Surveillance 

GTR, General time-reversible (model) 

H, Isoniazid 

HIV, Human Immunodeficiency Virus 

IGRA, Interferon-γ Release Assays 

IPT, Isoniazid Preventive Therapy 

IUATLD, International Union Against Tuberculosis and Lung Disease 

LJ, Loewenstein-Jensen 

LPA, Line-probe assay 

LTBI, Latent tuberculosis infection 

MDG, Millennium Development Goals 



! 17!

MDR-TB, Multi Drug Resistant Tuberculosis 

MGIT, Mycobacterial Growth Indicator Tube 

MIC, Minimum Inhibitory Concentration 

MIRU-VNTR, Mycobacterial Interspersed Repetitive Unit – Variable Number 

Tandem Repeat 

MMM, Modernising Medical Microbiology 

MODS, Microscopic Observation Direct Susceptibility Test 

MRC, Medical Research Council (MRC) 

NHS, National Health Service 

NICE, National Institute for Health and Care Excellence 

ONS, Office of National Statistics 

OUH, Oxford University Hospitals 

PAS, Para-aminosalicylic Acid 

PCR, Polymerase-catalase Chain Reaction 

PHE, Public Health England (formerly the HPA, Health Protection Agency) 

R, Rifampicin 

RFLP, Insertion Sequence-based Restriction Fragment Length Polymorphisms 
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S, Streptomycin 

SNP, Single Nucleotide Polymorphism 

T, Thiacetazone 

TST, Tuberculin Skin Test 

WHO, World Health Organization 

XDR-TB, Extensively Drug Resistant Tuberculosis 

Z, Pyrazinamide 
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2 BACKGROUND AND LITERATURE REVIEW 

2.1 HISTORY 

The Henle-Koch postulates, 50 years in their conception and laid out by Robert 

Koch in 1890, state that (1) a “parasite” must be found in each instance of 

disease in conjunction with the expected pathology, that (2) the parasite must 

not be found as a bystander in unrelated disease, and that (3) the parasite must 

evoke disease when isolated from an afflicted host, cultured and inoculated into 

a hitherto healthy host. On this basis, Koch argued, the parasite could be 

considered as the causative organism of disease, and not as an artefact of the 

disease itself.[1] 

When Koch addressed the Berlin Physiological Society in 1882, it was to report 

on an organism he had successfully stained, visualized through microscopy and 

isolated in culture, which satisfied his postulates as the causative agent of 

tuberculosis.[2] He had conducted 13 animal experiments to demonstrate how 

pathology followed host inoculation, how the causative organism could be 

isolated in culture from lesions identified on necropsy, and how that culture 

could in turn cause disease in additional hosts upon fresh inoculation. 

Just 18 years earlier in his 1864 paper to the Boston Society for Medical 

Observation, “Is consumption ever contagious, or communicated by one person 

to another in any manner?”, Henry Bowditch argued that although Galen and 

Aristotle both feared contagion from consumption, latter day opinion “assured 

that contagion, …, is, at least in this country, a delusion”.[3] Koch’s findings thus 

constituted a paradigm shift from the accepted wisdom that consumption was a 
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diathesis, less a contagion, as acknowledged in his 1906 Nobel lecture that 

prior to his discovery, “…even in its most dangerous form, pulmonary phthisis, 

was not considered infectious”.[4]  

Phthisis (pulmonary tuberculosis) was the cause of one in four deaths in 

London between 1790-1810,[5] but its contribution to the overall death rate 

declined over the subsequent 100 years, as it did in other western European 

settings, largely prior to Koch’s discovery (Figure 1).[6] Reasons for this decline 

are disputed but hypotheses range from improvements in living standards to the 

isolation of ‘consumptives’ in Poor Law infirmaries or sanatoria,[5,6] policies 

whose unforeseen consequences will have been to interrupt transmission.  

 

Figure 1: Percentage of phthisis deaths to total deaths from all causes, London 1631-
1910. Taken from Leonard G Wilson, Commentary: Medicine, population, and 
tuberculosis, International Journal of Epidemiology 2005; 34: 521-524[5] 

A genome-sequence based analysis of the evolutionary history of 

Mycobacterium tuberculosis has suggested the pathogen emerged around 

70,000 years ago in Africa and was spread around the globe as Homo sapiens 

migrated to other continents.[7] It is argued that M. tuberculosis adapted to 

increases in population density by more rapid onward transmission between historians’ ignorance of medicine to create an enraptured
audience of almost perfect gullibility. In the past quarter century
the situation has changed. Tuberculosis has returned with a
vengeance. The AIDS epidemic combined with drug addiction
has been accompanied in American cities by a sharply increased
frequency of the disease. The indiscriminate use of anti-
tuberculosis drugs has led to the emergence of drug-resistant
strains of tubercle bacilli. In hospitals, physicians are obliged
to resort to strict isolation of patients with drug-resistant
tuberculosis. In Minnesota, tuberculosis appears frequently
among immigrants, especially those from Southeast Asia and
Africa. Tuberculosis is one of the most serious diseases
confronting physicians in the large city hospitals of Minneapolis
and Saint Paul. Small epidemics have occurred. In a Saint Paul
high school, a teacher with unrecognized active tuberculosis
infected a large number of students. Another epidemic occurred
among the regular patrons of a bar in Minneapolis. Such
epidemics demonstrate that, if not checked; tuberculosis can
spread rapidly and easily. Fortunately, physicians and public
health officials are prepared to take prompt and vigorous
measures to treat the victims of tuberculosis and prevent its
spread. Today tuberculosis remains a highly contagious and

extremely dangerous disease. Its continued serious threat to
public health makes the pronouncements of Thomas McKeown
a quarter century ago seem faintly absurd. Like P–G Wodehouse,
who wrote so amusingly about the life of the British aristocracy,
McKeown did not let facts, or even improbabilities, interfere
with the telling of a story. However, Wodehouse knew that
what he was writing was fiction, even fantasy. The haunting
question about McKeown is whether he knew that what he was
writing was nonsense. McKeown ignored evidence that bore
directly upon the questions he posed. He distinguished what he
called the modern rise of population since 1750 from earlier
growth in population without demonstrating any change in rate
of growth in the 18th century from earlier centuries. He
misconstrued the causes of population growth as requiring
changes in birth rates or death rates, when neither is necessary.
Nevertheless, he gave preference to decline in the death rate
and emphasized the significance of the decline in tuberculosis
mortality after 1838. He did not raise the question of whether
tuberculosis was rising or falling before 1838. For McKeown,
the chief question was to explain ‘the early, rapid and
continuous decline of mortality from tuberculosis’, and he cited
his and Record’s 1962 paper that the decline ‘was due mainly to
a rising standard of living, particularly of nutrition’.13

McKeown did not mention that the standard of living was rising
also in France, Ireland, Norway, and the United States of
America, but in these countries tuberculosis mortality was not
declining. It did not begin to decline until physicians began to
urge medical measures against the disease after Robert Koch’s
discovery of the tubercle bacillus in 1882. In Minnesota, a
prosperous agricultural state with a high standard of living and
an abundance of food, the incidence of tuberculosis rose during
the 19th century. Between 1900 and 1912, the tuberculosis
mortality rate in Minnesota rose almost 20%.11 In 1908, when
the Sixth International Congress on Tuberculosis met in
Washington, DC, tuberculosis represented a growing epidemic.
At the congress, Minnesota physicians heard Arthur
Newsholme from England tell how the segregation of
tuberculosis patients in workhouse infirmaries and hospitals
had resulted accidentally in the steady decline of tuberculosis
in England and Wales. Similarly, Newsholme noted that the
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hosts. Industrialization, urbanization and population growth will thus have 

provided favourable conditions for the spread of tuberculosis in Europe from the 

early to mid 18th century.[8] Although the detection of ancient DNA has 

confirmed the presence of M. tuberculosis in Africa, Asia and the Americas prior 

to European colonisation,[9] the modern epidemic curves on these continents 

appear to have lagged behind that in Europe.[10] A likely explanation is the re-

introduction of the disease from European colonisers at the height of the 

European pandemic. Troop and population movements associated with colonial 

conquest will have contributed to outbreaks of infectious disease, including 

tuberculosis.[11,12] For example, it was observed that tuberculosis was more 

common among British troops than “natives” in India in the late 19th 

century.[13] The increase in incidence among Indians over the subsequent 

decades may well therefore relate to a surge in British troop numbers after the 

1857 Indian mutiny, further facilitated by the building of the railways that will 

have provided efficient channels of transmission for disease.[14-16]  

Today, tuberculosis remains a disease of poverty in high and low/middle 

income countries alike, with the global burden felt most acutely in Africa, Asia 

and South America where many of the world’s two billion people infected with 

latent or active tuberculosis can be found (Figure 2).[17] 
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Figure 2 Estimated tuberculosis incidence rates, 2012. Taken from the World Health 
Organization Global Tuberculosis Report 2013 [18] 

2.2 PATHOGENESIS AND IMMUNOLOGY 

M. tuberculosis is transmitted via pulmonary aerosols and phagocytosed by 

alveolar macrophages within each new host.[19] Although a small subset of 

hosts are thought to clear the infection at this early stage, in the great majority 

of hosts the ensuing adaptive immune response leads to the formation of 

granulomas.[20,21] The primary pulmonary granuloma and associated draining 

lymph nodes are known as the “Ghon complex”,[22] which can be radiologically 

apparent and may be associated with symptoms if primary disease is 

manifested.[23,24] Granulomas can subsequently evolve in one of three ways. 

In necrotising granulomas the bacilli survive in a hypoxic environment made up 

of macrophages, monocytes and neutrophils, surrounded by an outer layer of 

lymphocytes and fibroblasts. The centre, described as “caseous”, is filled with 
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necrotic material from dead cells. Alternatively, granulomas also exist in a non-

necrotising state, predominantly composed of macrophages, or lastly in a 

fibrotic state as a conglomeration of fibroblasts (Figure 3).[20,25,26] 

Although the bacilli may be contained within granulomas for the host’s entire 

lifetime in what is termed “latent” tuberculosis infection (LTBI), the infection can 

also re-activate at a later date, either spontaneously or as a result of an 

immunosuppressive episode. The blockade of Tumour Necrosis Factor (TNF) 

with monoclonal antibodies for a number of autoimmune diseases has been 

associated with reactivation of tuberculosis and represents one such 

mechanism, albeit iatrogenic, through the inhibition of normal macrophage 

function.[27,28] 

  

Figure 3: Tuberculous granulomas, taken from Clifton E. Barry et. al., The spectrum of 
latent tuberculosis: rethinking the biology and intervention strategies, Nature Review 
Microbiology; 7, 845-855 (2009).[25] Non-necrotising granulomas are usually 
associated with active disease and fibrotic granulomas with latent infection, whilst 
necrotising granulomas are associated with either state. 

Nature Reviews | Microbiology

a  Caseous granuloma b  Non-necrotizing granuloma

c  Fibrotic granuloma

Caseum

Fibroblast

B cell

CD8+ T cell

CD4+ T cell

Neutrophil M. tuberculosis

Macrophage

Hypoxic response
Changes in gene expression 
induced by the incubation of 
Mycobacterium tuberculosis 
under anaerobic conditions. 
This comprises an initial 
transient response (by the 
DosR hypoxia regulon) 
followed by the enduring 
hypoxic response involving 
expression of a set of 230 
genes.

Hypoxia regulon
A cluster of 48 genes that 
are controlled by the 
transcriptional regulator DosR, 
which is upregulated in 
response to hypoxia but also 
during exposure to nitric oxide, 
carbon monoxide, sodium 
dodecyl sulfate or low pH.

surrogate for HIV) in cynomolgus macaques could 
potentially address these questions. Similarly, the role 
of CD8+ T cells can be studied using CD8-depleting 
antibodies in cynomolgus macaques. Although CD8+ 
T cells have been implicated in the control of TB in 
humans, there are no direct data showing that these 
cells are necessary for the containment of initial or 
latent infection. Finally, TNF neutralization, which is 
used to treat certain inflammatory diseases in humans, 
substantially increases the risk of TB reactivation30. 
Similar studies in cynomolgus macaques recapitulate 
the human data (L. Lin and J.F., unpublished observa-
tions) and therefore facilitate the study of the mecha-
nisms by which TNF is important in the control of 
M. tuberculosis infection.

These studies, along with the investigation of the 
phenotypes and functions of immune cells in human 
granulomas from lung resection studies in combina-
tion with PET and CT imaging, provide a new look at 
the important host factors that work in concert with 

bacterial factors to determine the outcome of infec-
tion and maintenance of latent infection. It is likely that 
numerous host factors contribute to the initial con-
tainment of infection and prevention of reactivation. 
Although the balance of factors that contribute to these 
states may differ between hosts, they may lead to the 
same outcome. Mathematical modelling can provide 
insights into the balance of host responses as well as 
the relative importance of each response in acute and 
latent infection31–33.

Characterization of subpopulations in latent TB
Much of the work on the transcriptional response of 
M. tuberculosis to various environmental conditions 
has focused on the hypoxic response, largely based on 
the pathologists’ intuitive deduction that some tuber-
culous lesions appeared hypoxic. Analyses of mRNA 
transcripts from human lesions have indicated that 
the micro environment supports differential responses 
by the bacteria, and this depends on the location of 
the bacilli relative to the outer lesion wall34,35. Specific 
stresses or conditions can lead to major metabolic rea-
lignment that also translates into important changes 
in drug susceptibility36–39. These observations, coupled 
with the introduction of a simple in vitro system for 
hypoxic adaptation of M. tuberculosis, led to a hypoth-
esis that latent TB is a reservoir of organisms that are 
encased in caseous lesions under hypoxic conditions, 
whereas active TB is typified by bacilli replicating 
aerobically at the margin of liquefied cavities.

Although whole genome gene expression data are 
available from infected mice and from macrophages 
infected in vitro40–43, evidence relating to the hypoxia 
hypothesis often relies on an interpretation of envi-
ronmental conditions inferred from transcriptome 
analysis of just a handful of genes. This inference 
is complex for three reasons. First, transcriptional 
responses to different environmental cues often 
involve overlapping gene sets. For example, the two-
component response regulator DosR, which is con-
trolled by the sensor kinases–DosS and DosT and is 
central to hypoxic adaptation, is also upregulated by 
exposure to nitric oxide44; the siderophore-encoding 
mycobactin biosynthetic genes are upregulated by 
hypoxia and by iron limitation45; and genes of the 
methyl citrate cycle are regulated by hypoxia, low pH 
and iron restriction45,46. As a result the DosR hypoxia 
regulon is strongly induced even within apparently 
aerobic macrophage infections40. Second, it is now 
recognized that the hypoxia regulon comprises at least 
two subsets of genes that are differentially upregu-
lated during initial adaptation and extended expo-
sure to hypoxic environments40,44,47. The relevance of 
these adaptive responses has been validated by gene 
knockout studies in mice48–52, although it should be 
noted that this animal model reproduces neither the 
pathology nor the complexity of human lesions21. In 
addition, expression data from human samples only 
give bulk, averaged signals and don’t represent accu-
rately the behaviour of bacterial subpopulations that 
are present in a single lesion35.

Figure 3 | Tuberculous granulomas. There are several granuloma types that can be 
found among humans and non-human primates, even within the same individual.  
a | The classic tuberculous granuloma, found in active disease and latent infection, 
is the caseous granuloma, which is composed of epithelial macrophages, 
neutrophils, a cuff of lymphocytes (CD4+ and CD8+ T cells and B cells) and 
sometimes surrounded by peripheral fibrosis. The centre of this type of granuloma  
is caseous, a necrotic state that probably consists of dead macrophages and other 
cells. This area is hypoxic. Mycobacteria in this granuloma can be found in 
macrophages (either in contact with T cells or not) in the hypoxic centre or possibly 
even in the fibrotic rim; this provides the mycobacteria with different 
microenvironments. b | The non-necrotizing granuloma is usually seen in active 
disease and consists primarily of macrophages and some lymphocytes; this lesion 
can be seen in guinea pigs and mice, albeit with more lymphocytes. M. tuberculosis 
bacilli are within macrophages in this lesion. c | Fibrotic lesions are seen mostly in 
latent tuberculosis but also in active disease and are composed almost completely 
of fibroblasts, with a minimal number of macrophages. Although it is possible to 
culture bacilli from some fibrotic lesions, it is not clear where the bacilli reside 
(possibly in macrophages or in the fibrotic area) or what the microenvironment is like.

REVIEWS

NATURE REVIEWS | MICROBIOLOGY  VOLUME 7 | DECEMBER 2009 | 849



! 24!

Reactivated tuberculosis can affect almost any anatomical site.[29] It can 

manifest as post-primary disease in the upper lobes of the lung as an exudative 

pneumonia, cavities can form as pulmonary granulomas breakdown to release 

bacilli into major airways, or the bacilli can migrate from the lungs via the 

lymphatics or vasculature to other organs.[30] In the case of tuberculous 

meningitis, the bacilli disseminate to the meninges or brain parenchyma to form 

what are known as Rich foci. When these foci rupture into the subarachnoid 

space, meningitis ensues.[31] In other forms of disease such as spinal 

tuberculosis, also known as “Pott’s disease”, there is direct infiltration into bone 

from adjacent lymph nodes, or via a vascular route.[32] If widespread, such a 

vascular dissemination of bacilli from a pulmonary focus to multiple organs, 

resulting in a large number of necrotic lesions, is known as “miliary” 

tuberculosis.[33,34] The term dates back to 1700 when Jean-Jacques (John 

Jacob) Manget likened the lesions on autopsy to millet seeds.[35]  

Of all the forms of disease, only pulmonary tuberculosis is transmissible and will 

thus ultimately ensure the evolutionary success of the organism. The hyper-

conservation of T-cell epitopes in M. tuberculosis has been used to argue that 

this facilitates immune recognition, leading to either latent infection or cavity 

formation. Both may advantage the pathogen as periods of latency could be a 

means of transmitting to future generations, whereas cavity formation can aid 

the onward transmission when active disease develops.[36]  

The role of T-cells in determining the course of the disease is best illustrated by 

the impact of CD4+ T-cells diminishing in number or function, as in the context 

of the Human Immunodeficiency Virus (HIV).[37] Perhaps the most dramatic 
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example to date of rapid progression to disease is the outbreak of extensively 

drug resistant (XDR) tuberculosis among HIV co-infected patients in Tugela 

Ferry, KwaZulu Natal, South Africa, where 52 of 53 patients died within a 

median of 16 days (IQR 6-37) of diagnosis.[38] Both in vitro and in vivo data 

indicate that M. tuberculosis specific CD4+ T-cells are relatively more 

susceptible to HIV than, for example, cytomegalovirus specific T-cells, leaving 

HIV-infected hosts preferentially at risk of tuberculosis.[39] Indeed, the role of 

CD4+ T-cells in the formation of granulomas is suggested by an association 

between the CD4 count and the frequency of cavitation in pulmonary disease, 

and consequently the diminished infectiousness of HIV co-infected patients.[40] 

If CD4+ T-cells thus contribute towards disease control in latency as well as 

cavity formation in active disease, their relative deficiency leaves patients 

susceptible to a more rapid progression to disease, but renders them relatively 

less infectious. 

The memory T-cell responses evoked by the Bacille Calmette-Guerin (BCG) 

vaccine have been shown to protect infants from disease, especially meningitis, 

but have been less successful at protecting adults from pulmonary disease.[41] 

Named after Albert Calmette and Camille Guerin, BCG is a live strain of 

Mycobacterium bovis attenuated through passage. It was first used in 1920, is 

part of the WHO expanded immunization programme, and has been given to 

more than 4 billion recipients.[42] Although other vaccines are in development 

and have been tested in clinical trials, none has yet proven an adequate adjunct 

or replacement for BCG.[43]   
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T-cell responses are also the basis for both tuberculin skin tests (TST) and 

interferon-γ release assays, each of which are designed to identify patients 

infected with tuberculosis but not manifesting clinical disease. The TST involves 

an intradermal injection of tuberculin purified protein derivative with the extent of 

any delayed-type hypersensitivity reaction manifesting as induration of the skin 

to be read between 48 and 72 hours later. The test was developed in 1907 by 

Charles Mantoux on the back of work by Robert Koch and Clemens von 

Pirquetto,[44] with a similar test based on multiple adjacent punctures of the 

skin developed by Frederick Heaf in 1951.[45] Although the latter is less 

operator-dependent, it is also less specific because the increased dose of 

tuberculin involved is more likely to evoke a hypersensitivity response among 

patients exposed to non-tuberculous mycobacteria.[46] Both versions of the 

TST suffer from a lack of specificity in BCG vaccinated individuals due to cross-

reactivity, as well as poor sensitivity in patients with impaired cellular immunity. 

The newer interferon-γ release assays (IGRA) instead measure T-cell 

responsiveness to the M. tuberculosis specific antigens (ESAT-6 and CFP-10) 

encoded by the region of difference 1 (RD1) that was lost through passage in 

BCG.[47] 

2.3 CLINICAL FEATURES 

The classic constitutional symptoms of tuberculosis include fevers, night sweats 

and weight loss, all typically reported over a period of weeks to months.[48] In 

addition, the disease will be associated with localized symptoms according to 

the form the disease takes. Pulmonary disease will thus normally present with a 

cough or haemoptysis and eventually breathlessness; central nervous system 
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disease with a headache, neck stiffness and altered consciousness; and Pott’s 

disease with back pain, sometimes a gibbus, and eventually paralysis. Some 

patients with pulmonary disease may be asymptomatic despite having culture 

positive disease.[49]  

Based on data from the pre-chemotherapy era, the estimated case fatality rate 

of smear positive and smear negative pulmonary tuberculosis in the absence of 

treatment is approximately 70% and 20% respectively.[50] Some extra-

pulmonary manifestations of disease such as miliary tuberculosis or tuberculous 

meningitis are universally fatal if left untreated,[35,48] whereas the natural 

history of other forms of disease such as intra-thoracic lymph node disease can 

be more benign.[51] 

The disease is transmitted by patients with pulmonary disease, of whom those 

with cavities that function as open reservoirs from which large numbers of bacilli 

can be coughed up and aerosolised, are theoretically the most infectious of 

all.[52] However, the infectiousness of different patients can vary and some 

highly infectious patients do not have cavities.[53,54] In patients in whom LTBI 

reactivates as active disease, about half manifest as pulmonary disease, of 

whom about half in turn are sputum smear-positive and hence considered most 

infectious.[55]  

2.4 MICROBIOLOGY 

The Mycobacteriaciae, a genus of Actinobacteria, are characterized by a 

hydrophobic, mycolic acid (lipid) rich cell wall that is resistant to decolourisation 

with alcohol or weak acids after staining with carbol fuchsin.[56,57] As of 20th 
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August 2014 there were 169 species of mycobacteria with standing in the 

nomenclature, 11 new species having been approved in 2013 and one in 

2014.[58] As part of the Runyon classification scheme, the species have 

traditionally been divided into rapid and slow growers according to their ability to 

grow visible colonies within seven days in culture.[59] It is among the slow 

growers that the most prolific mammalian pathogens are found, including 

Mycobacterium leprae (the causative organism of leprosy), and the sub-species 

within the Mycobacterium tuberculosis complex (the organisms causing clinical 

tuberculosis). Although M. tuberculosis sensu strictu is the most common 

human pathogen within the complex, M. bovis, M. africanum, M. canettii, M. 

microti, M. caprae and M. pinnipedii can all cause similar disease in a variety of 

mammalian hosts.[60] In nutrient rich conditions the replication time for M. 

tuberculosis is about 20 hours.[61] 

2.5 MICROSCOPY 

The characteristic microbiological features of M. tuberculosis provide diagnostic 

targets for laboratory based testing. It was through the application of dye and 

the use of slide microscopy that M. tuberculosis bacilli were first visualized. 

Robert Koch’s initial staining protocol involved prolonged exposure to 

methylene blue and then Bismarck brown, a technique that was modified after 

Paul Ehrlich’s observation that the bacilli were “acid-fast” (resistant to 

decolourisation), Franz Ziehl’s use of carbolic acid and Edward Rindfleisch’s 

heating of the slide to facilitate uptake of dye through the thick cell wall. 

Friedrich Neelsen then combined fuchsin and carbolic acid in solution.[62] 

Although this “Ziehl-Neelsen” technique remains in use, fluorescent light 
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microscopy is now the method of choice for the examination of primary clinical 

samples in many laboratories.[63] Because the auramine dye used in 

fluorescent light microscopy in place of carbofuchsin provides a stronger 

contrast against a counter stained background, the microscopy time has more 

than halved and the sensitivity increased by an average of 10% over the 

conventional Ziehl-Neelsen method.[64] More recent advances of importance to 

high burden settings have demonstrated how auramine based microscopy can 

now even be automated.[65] Because of their similar cell wall, the presence of 

any species of mycobacteria in sufficient quantity will result in positive smear 

microscopy, but in the right clinical context a microscopy result can 

nevertheless prove a valuable diagnostic indicator. Indeed, in many low-income 

settings it is the only available test.[64] 

2.6 CULTURE 

It was only in the 1950s that M. tuberculosis culture was widely adopted for 

diagnostic purposes. Although it remained common to culture M. tuberculosis in 

live guinea pigs until the early 1970s,[66] culture media were also widely used. 

Initially egg-based in the form of Loewenstein-Jensen (LJ) slopes, liquid culture 

media containing antibiotics selective for mycobacteria (Middlebrooks broth) 

proved a significant advance in the early 1970s.[67] Performing microscopy on 

M. tuberculosis cultures meant visualization of the characteristic serpentine 

cords of M. tuberculosis, apparent when sufficient biomass is at hand, thereby 

differentiating M. tuberculosis from other mycobacteria (although M. chelonae 

and M. kansasii can produce a similar appearance).[68,69]  
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Culturing mycobacteria also facilitated the development of biochemical and 

phenotypic tests by which to identify M. tuberculosis. In 1956 Kiyoshi Konno 

suggested that the production of niacin in culture was unique to M. tuberculosis 

among the mycobacteria.[70] In fact it is M. tuberculosis’ inability to metabolize 

niacin that leads to its accumulation, a characteristic shared by a few other 

species including M. simiae,[71,72]  but the observation nevertheless led the 

first of a range of biochemical tests to identify M. tuberculosis.[70,71] Ernest 

Runyon’s eponymously named phenotypic classification system, based on 

speed of growth, colonial morphology and pigmentation, was introduced three 

years later, in 1959.[70]  

In 1977 Gardner Middlebrook developed 7H12 liquid medium containing C14 

labelled palmitic acid in which mycobacterial growth could be detected by 

radiometric readings.[73] This approach detected of M. tuberculosis in clinical 

samples faster than solid media, and was further updated in the late 1990’s with 

the introduction of the fully automated BACTEC 960 system that dispensed with 

the need for radioactive material or manually operated instruments. Since then 

the 7ml of Middlebrook’s broth contained in the BACTEC Mycobacterial Growth 

Indicator Tube (MGIT) has become the initial culture medium of choice in many 

laboratories.[74] More recent innovations have been proposed to further reduce 

the time to culture positivity through the addition of ascorbic acid to standard 

culture media and the use of a micro-aerophilic environment, but these have yet 

to be widely implemented.[75] 
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2.7 PHENOTYPIC DRUG SUSCEPTIBILITY TESTING 

Phenotypic drug susceptibility testing aims to identify whether a particular strain 

of M. tuberculosis is either sensitive or resistant to a given drug. Georges 

Canetti and colleagues sought to define the terms ‘sensitive’ and ‘resistant’ in 

their 1963 WHO bulletin:  

“ “Sensitive” strains are those that have never been exposed to the main anti-
tuberculosis drugs (“wild” strains) and that respond to these drugs, generally in 
a remarkably uniform manner. “Resistant” strains are those that differ from 
sensitive strains in their capacity to grow in the presence of higher 
concentrations of a drug. This definition of resistance is based on the laboratory 
response; strains that are resistant in this sense do not necessarily fail to 
respond to the usual doses of the drug in the lesions of the patient. However, a 
diminished clinical response is likely to occur whenever resistance is 
demonstrated in the laboratory....”[76]   

There are three traditional types of phenotypic drug susceptibility testing (DST) 

endorsed by the WHO, which are broadly interpreted according to the principle 

set out by Canetti et. al.. The absolute concentration method estimates the 

minimum inhibitory concentration (MIC) of drug on growth of M. tuberculosis 

through serial two-fold dilutions of a drug, incorporated into agar or liquid 

medium. Resistance is assessed according to the number of colonies growing 

above a critical concentration of the drug (e.g. more than 20 colonies).[77] The 

critical concentration is set at a level where the drug inhibits 95% or more of 

previously unexposed wild-type strains.[78] The resistance ratio method adds a 

known susceptible control isolate to the equation, allowing a ratio of the MICs of 

the test and control isolates to be calculated. A ratio of less than 2, or more than 

8 signifies susceptibility or resistance, respectively. Both these approaches are 

dependent on the size of the inoculum, upon which the third method, the 

proportion method, is less dependent. It measures the proportion of colonies 
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growing on both drug containing and drug free media, using a set threshold 

(commonly 1%) for the inferred proportion of resistance organisms present in 

the original clinical sample of interest. In liquid culture, where colonies cannot 

be counted, the proportion method involves inoculating drug containing media 

with the sample of interest, and control media with a 100-fold dilution, and 

calculating the ratio of the two growth indices.[77]    

What each of these three approaches share is their slow turnaround time and, 

in less than expert hands, poor reproducibility. A number of newer DST 

methods have been endorsed by the WHO for use in reference laboratories.[79] 

The Microscopic Observation Direct Susceptibility (MODS) test uses a micro-

titre plate in which M. tuberculosis can be cultured from clinical specimens 

simultaneously to DST for a range of drugs. An inverted light microscope is 

used to identify the characteristic serpentine cords M. tuberculosis forms from 

an early stage in liquid culture.[69] Colorimetric micro-titre plates use the colour 

change that results from the reduction of indicators such as alamar blue or 

resazurin in the presence of mycobacterial growth at different concentrations of 

drug to determine MICs.[80] The reduction of nitrate by M. tuberculosis growth 

can also be used to trigger a colour change.[79] 

2.8 TREATMENT 

In classical times fresh air and high altitude had been considered therapeutic for 

consumptives.[81] The idea re-emerged in 1854 with Hermann Brehmer’s 

founding of a sanatorium in Silesia with the controversial aim of curing patients. 

Although initially decried as heretical, the approach became popular and the 

sanatorium movement lasted over a century. First conceived of to provide cold, 
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fresh mountain air and exercise-based therapy, later sanatoria focused on rest 

and gave less credence to the importance of altitude.[82] There may 

nevertheless have been a beneficial effect from the exposure to sunlight that 

might have increased vitamin D levels, contributing to healthy macrophage 

activity.[83] However, their main impact on public health may have been 

through the isolation of infectious cases away from the wider community rather 

than to alter the natural history of disease in infected individuals 

themselves.[84]  

Drug treatments were also pioneered in the years prior to 1945, including gold 

and sulphone compounds[85] but the introduction of streptomycin (S) in 1945 

heralded the start of the modern chemotherapy era for tuberculosis.[67] The 

efficacy of streptomycin, which is administered by intra-muscular injection and 

inhibits DNA translation by binding 16s ribosomal RNA,[86] for the treatment of 

pulmonary tuberculosis was assessed in the 1946-8 Medical Research Council 

(MRC) study, the first ever randomized control trial of its kind (streptomycin vs. 

bed rest). Although the study found a clear mortality benefit in the treatment 

arm as well as evidence of radiological and clinical improvement over 6 months, 

the improvements slowed over the duration of the study and by 6 months 35 of 

41 patients produced culture positive specimens highly resistant to 

streptomycin.[87] A parallel MRC investigation into the efficacy of streptomycin 

in tuberculous meningitis also demonstrated some benefit, this time with 

comparatively little drug resistance emerging.[88] 

In response to reports from Sweden about the apparent efficacy of a new oral 

drug and the rapid evolution of streptomycin resistance observed in the first 
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1948 trial, the MRC conducted follow-up studies into the use of para-

aminosalicylic acid (PAS) as monotherapy, and in combination with 

streptomycin. The mechanism of action of PAS remains poorly understood.[86] 

Published in 1950 and 1952 these studies demonstrated that PAS was 

efficacious, albeit not as efficacious as streptomycin, but also that combination 

therapy reduced the emergence of drug resistance in a dose dependent 

manner: 40-50% of patients given lower-dose treatment (5g and 10g daily 

respectively) developed streptomycin resistance after four months of therapy, 

compared to just 15% at the a higher dose (20g).[89,90]  

Isoniazid (H) and pyrazinamide (Z), both orally administered pro-drugs, were 

introduced in 1952. Isoniazid is converted to its active form by the 

catalase/peroxidase enzyme encoded by the katG gene. It inhibits mycolic acid 

synthesis by interfering with the inhA derived NADH-dependent enoyl-ACP 

reductase. Pyrazinamide is activated by the pncA-encoded 

pyrazinamidase/nicotinamidase enzyme, and accumulates within bacilli under 

acidic conditions, inhibiting membrane transport. It can therefore act against 

non-replicating bacilli.[86] Early reports of both in vitro and in vivo resistance to 

both these drugs led to warnings about the use of any anti-tuberculosis drugs in 

general as monotherapy.[91] Isoniazid was subjected to an MRC trial 

comparing it to the established combination of streptomycin and PAS. Although 

clinical outcomes were similar between the two groups, 10%, 50% and 70% of 

patients on isoniazid monotherapy developed resistance after 1, 2 and 3 

months of therapy respectively.[92] The trial was expanded to include an 

additional arm receiving streptomycin and isoniazid combination therapy. 

Patients in both combination therapy arms then fared better than those on 
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isoniazid monotherapy, with 4%, 9% and 13% of patients on combination 

therapy developing resistance to isoniazid 1, 2 and 3 months into their 

treatment.[93] The authors drew a series of still apposite conclusions, that no 

drug should be used as monotherapy; that drug susceptibility testing should be 

performed where possible to avoid functional monotherapy in the event of pre-

existing resistance to one drug; and that the history of the patient or their 

contacts should be explored for evidence of previous treatment or drug 

resistance prior to the commencement of therapy where it is not reasonable to 

await the results of susceptibility testing.  

The problem of drug resistance was quantified in 1955-6 when the MRC 

conducted the first national survey, reporting a 2.5%, 2.6% and 1.3% 

prevalence of resistance to streptomycin, PAS and isoniazid respectively. The 

higher prevalence of resistance to the first two drugs was considered a 

consequence of their earlier introduction and more widespread use. But it was 

also noted that patients with drug resistant strains were more likely to have 

been contacts of other patients treated with and resistant to the relevant drug, 

suggesting the presence of both primary and acquired drug resistance in the 

community.[94]  

Concern also remained about the optimal duration of therapy, especially in 

patients with cavitatory disease. This led the MRC to set up a further study in 

1955 (published in 1962), randomising patients to between six months and four 

years of PAS+H or PAS+H plus six weeks of daily streptomycin. Not only did 

the triple therapy arm perform better, but patients receiving chemotherapy for 

up to two years suffered fewer relapses.[95] The need for three drugs was also 
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investigated in a parallel study conducted by the International Union Against 

Tuberculosis and Lung Disease (IUATLD), published in 1964. Here patients 

were treated with streptomycin, PAS and isoniazid for 28 weeks and then with 

either PAS and isoniazid, or just isoniazid for a further 24 weeks. The success 

led to a three month regimen of in-patient based triple therapy followed by 9 

months follow-on PAS and isoniazid being widely practiced throughout Europe 

thereafter, despite the high cost of both PAS and of hospitalisation, and the high 

drop-out rate from the study.[96,97]  

The high financial cost of both PAS and streptomycin led to a search for 

alternative drugs to partner isoniazid. The anti-tuberculosis activity of 

thiacetazone (T), a pro-drug that is activated by ethA and inhibits mycolic acid 

cyclopropanation, was established in 1946, as were its toxic side effects seen at 

higher doses.[98] The drug was tested at lower doses in a series of trials in 

Kenya, Uganda and Tanzania between 1960 and 1970 as a cheaper alternative 

to PAS.[99,100] These established the efficacy of thiacetazone as a partner for 

isoniazid and that 8 weeks of initial daily streptomycin improved outcomes in 

patients with more advanced cavitatory disease.[100] The findings were further 

replicated at the Madras (now Chennai) Chemotherapy Centre where home 

therapy was pioneered over lengthy sanatoria stays. Patients treated at home 

with isoniazid and PAS (later thiacetazone) had the same outcome as in-

patients (90% remained culture negative after 5 years follow-up) with no 

additional risk to household contacts.[101,102] Compliance was tested using 

urine ferric chloride testing (for PAS) as well as stock count, but the problem of 

how to efficiently maximise compliance was the catalyst for new studies 

exploring both intermittent and “short-course” therapy.[67]   
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The introduction of orally administered ethambutol (E) (active against cell wall 

arabinogalactan synthesis) and rifampicin (R) (which binds the β-subunit of 

RNA-polymerase),[86] and the revisiting of pyrazinamide (originally released in 

1952), allowed new, shorter and potentially better tolerated regimens to be 

explored. A 6-month combination of isoniazid plus ethambutol (HE) was initially 

trialled by Japanese researchers in 1966, achieving a 97.6% culture conversion 

rate compared to 88.8% of patients in the control group receiving PAS and 

isoniazid.[103] Further studies conducted by the MRC demonstrated the 

effectiveness of one-year courses of HR, HE and H+PAS, each with 

streptomycin as an initial supplement.[104] Between 1972 and 1974 the MRC 

reported on the progress of their study comparing six month regimens of SHR, 

SHZ, SHT, and SH, to the established East African regimen of 2STH/16TH over 

18 months. At 18 months follow-up the relapse rates were 3% for the rifampicin 

and 8% for the pyrazinamide containing arms, comparing favourably with the 

standard 18-month regimen (3%). The thiacetazone and dual therapy arms 

fared significantly worse.[105]  

These studies were rapidly followed by a further MRC trial in East Africa 

exploring the benefits of initial intensive therapy within the 6-month regimens, 

and of the added value, if any, of streptomycin to a regimen containing both 

isoniazid and rifampicin. Six-month regimens of HR, SHR, SHRZ/TH and 

SHRZ/SHZ were compared, with the results demonstrating little difference 

across the study arms, and consequently little benefit from adding streptomycin 

to H+R. Pre-existing isoniazid resistance was however identified as a predictor 

of poor treatment outcome.[106] A follow-up study published in 1980 

demonstrated the importance of pyrazinamide in the initial intensive treatment 
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phase, as well as the benefit of continuing the treatment for 8 months in total, 

with no patients having been given two months of SHRZ and 6 months of 

follow-on TH having relapsed at 19 months.[107] The importance of 

pyrazinamide was once again underlined in 1982 by a Hong Kong / MRC 

collaboration that showed equivalence between the 6-month regimens 

containing HRSZE, HRSZ, and HREZ, but not that containing HRSE.[108] In 

1984 the British Thoracic Society then compared 2HRE/7HR with 2HRSZ/4HR 

or 2HREZ/4HR, demonstrating equivalence across the regimens and again 

providing assurance that 6 months of therapy was sufficient, recommending 

either 2HRSZ/4HR or 2HREZ/4HR as standard regimen.[109]  

Motivated by the cheaper cost of ethambutol and the danger of blood borne 

virus transmission from the reuse of needles on administration of streptomycin 

in some low-income settings, the Pasteur Institute in Madagascar compared 

2HRZE/4HR to 2HRZS/4HR. The ethambutol-containing regimen was just as 

effective without loss of compliance, as had been feared.[110,111] This new, 

fully oral four drug, six-month regimen was subsequently recommended by the 

WHO as the preferred option for treatment naive patients.[112] Attempts to 

either prolong this regimen to eight months to spare the use of rifampicin 

(2HREZ/6HE), or to reduce it to four months substituting isoniazid or 

ethambutol with moxifloxacin (M) or gatifloxacin (G) respectively have since 

failed.[113-115] 

2.8.1 SURGICAL TREATMENTS 

Surgical treatments for tuberculosis were pioneered in the early 19th century. 

These evolved from the drainage of cavities to so called ‘collapse therapies’ 
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aimed at starving the pathogen of oxygen.[116] Carlo Forlanini was the first to 

widely publicise artificial pneumothorax therapy in 1882, the same year as 

Koch’s discovery.[117] It is estimated that over 100,000 patients received this 

treatment over the next quarter of a century. Thoracoplasty (the removal of ribs) 

was also introduced in the late 19th century, with some survival benefit 

suggested from observational studies, as was induced phrenic nerve palsy and 

extra pleural pneumonolysis (the implantation of material in the extra pleural 

space to collapse the upper lobe of the lung). Surgical lobectomies or 

pneumonectomies were widely performed from the 1930s into the 1950s and 

1960s, but became less frequent as the evidence of drug treatments of 

tuberculosis accumulated.[116] 

With the emergence of XDR tuberculosis, surgery is again being considered an 

important anti-tuberculosis therapy today. Indications for surgical resection 

including persistence of sputum smear and culture positivity despite optimal 

drug therapy, localised disease, and adequate respiratory reserve.[118] 

2.9 EPIDEMIOLOGY 

2.9.1 GLOBAL 

Over the course of the 20th century the incidence of tuberculosis across much 

of the northern hemisphere fell steadily but the burden of disease in many 

southern, low-income countries remained high.[75,119,120] Whilst this had led 

to tuberculosis being relatively neglected as a research and public health 

priority in high-income countries, in 1990 it was still estimated to be responsible 

for 2.6 million deaths a year in “developing” countries.[121]  
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The emergence of the HIV pandemic in the 1980s resulted in an increase in 

incidence and mortality from tuberculosis in sub-Saharan Africa and a greater 

awareness in Europe and North America.[122,123] At a similar time the steady 

downward trend in incidence in eastern Europe since World War Two was 

reversed as countries transitioned from Soviet / communist rule towards market 

economies, with the consequent economic decline impacting on healthcare 

systems and the availability of drugs.[124] These factors not only contributed to 

an increase in the global incidence of disease, but also to the prevalence of 

drug resistant / multi-drug resistant (MDR) disease.[124,125] Against this 

background the World Health Organization (WHO) declared tuberculosis a 

global public health emergency in 1993, predicting 30 million deaths from the 

disease over the following decade in the absence of urgent 

intervention.[126,127] 

Following the WHO’s emergency declaration a plan was outlined to achieve 

70% case detection and 85% cure rate for smear positive cases by 2000. It 

involved encouraging governments to commit political will and adequate 

resources to control tuberculosis by investing in the acquisition of drugs, in 

passive case finding among symptomatic patients, in standardized, directly 

observed treatment, and in reliable reporting and monitoring systems.[128] This 

became known as the “Directly Observed Therapy, Short-course” (DOTS) 

strategy and by 2000 had been adopted in 148 countries.[129] The year 2000 

also saw the introduction of the millennium development goals (MDG), of which 

number 6 is to reverse the rising incidence of tuberculosis by 2015.[130] 
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The 2014 World Health Organization report estimates 9 million people were 

diagnosed with tuberculosis in 2013, with 1.5 million deaths attributable to the 

disease. 1.1 million (13%) patients were co-infected with HIV. About 480,000 

patients are estimated to have had MDR disease, with an estimated 210,000 

attributable deaths (44%). The majority of cases were in low-income countries, 

with 56% in the WHO South-East Asian and Western Pacific regions (24% in 

India alone), and 29% in the African region. Although the WHO European 

region stretches to the eastern border of Russia, it accounts for just 4% of 

global cases.[131] Within the European region 84% of incident cases were in 

territories formerly under Soviet influence, or in Turkey.[132] Overall these 

findings demonstrate a steady but slow decline in global incidence, in line with 

the MDG target. However, it is also reported that only 45% of estimated MDR-

TB cases are being detected, threatening long-term control.[131]  

2.9.2 NATIONAL 

A similar pattern has been described in the UK. After a steady rise in incidence 

through the 1990s, rates have stabilised since 2005,[133] but remain among the 

highest in western Europe, measuring 12.3 cases per 100,000 population in 

2013.[134] The majority of cases in the UK were identified in urban areas, with 

London alone accounting for 38% of notified cases in 2013, an incidence of 36 

per 100,000 population (Figure 4).[134] Incidence varied within London as well, 

with the highest rates reported in the boroughs of Brent and Newham (100 and 

117 per 100,000 respectively).[135] The incidence among London’s more than 

3,000 homeless is 300 per 100,000.[136] 
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In 2013 almost 60% of UK cases were aged between 15 and 44, and 72% of 

patients were born outside of the UK. The incidence among the non-UK born 

population was 70 per 100,000, compared to 4 per 100,000 in the remaining UK 

born population. 60% of patients born outside of the UK were born in South 

Asia. 52% of patients were reported to have had a pulmonary focus. 59% of all 

cases had culture confirmed disease, rising to 71% among those with 

pulmonary infection. 7% had an organism resistant to a first line drug, and 1.6% 

had MDR disease.[134]  

2.9.3 INDIVIDUAL RISK FACTORS 

At the level of the individual, about 5% of hosts who do not manifest symptoms 

of primary infection progress to disease within the first 18 months of infection 

and a further 5% at some subsequent point in their lifetime.[29] This expected 

10% lifetime risk of reactivation from LTBI rises to 10% per year in individuals 

infected with HIV.[17] 

Risk factors for acquisition of the disease are multiple. Lönnroth et. al. 

distinguish between proximate and up-stream risk factors.[137] The former are 

factors that either increase the risk of exposure to the disease or impede the 

immune response. These include exposure within domiciliary spaces or 

workspaces with limited air circulation and a high background prevalence of the 

disease, such as prisons. But they also include HIV, diabetes, malnutrition, 

smoking and in-door air pollution. Up-stream risk factors are the social 

determinants of some proximate risk factors, and include socio-economic status 

and long-term demographic changes such as urbanisation.      
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Figure 4: Three year mean tuberculosis incidence by local authority, UK (2011-2013) 
Taken from Public Health England’s “Tuberculosis in the UK: 2014 report”[134]    

Tuberculosis in the UK: 2014 report 

11 

Figure 1.4: Three-year average tuberculosis rates by local authority (England), 
health board (Scotland and Wales) and country (Northern Ireland), UK, 2011-
2013. Box shows enlarged map of London area. 
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2.10  TRANSMISSION 

Although doubts about whether tuberculosis was a contagion were settled after 

1882, it was in the late 1950s that a series of landmark papers by William Wells 

and Richard Riley investigated its mode of transmission. Wells and Riley 

created a closed-circuit ventilation system around patient isolation rooms on a 

tuberculosis ward in Baltimore and placed guinea pigs in the ventilation 

systems. A mean 156 guinea pigs were exposed at any one time, with 

tuberculin skin tests being performed on a monthly basis and animals with 

positive reactions replaced by unexposed ones. At two years 71 guinea pigs 

were infected, with the average time to infection being 10 days.[53,138] 

Wells and Riley calculated the infectious ‘quantum’ (dose) contaminating air in 

their experiment. Each guinea pig was estimated to breathe 8ft3 of air per day, 

with 156 guinea pigs collectively breathing 12,480ft3 over 10 days. As at least 

one guinea pig was infected every 10 days, it was estimated that at least one 

quantum of tuberculosis infection capable of infecting a guinea pig must be 

contained within 12,000ft3 of room air. This number was related to the volumes 

of air breathed by nurses working on tuberculosis wards as estimated in the 

pre-chemotherapy era, where the average exposure time before tuberculin skin 

test conversion was 6-18 months. One infectious quantum was thus estimated 

to be contained in 24,000ft3 of air breathed by a nurse working on a tuberculosis 

ward for 1,200 hours a year (40 30 hour weeks) and breathing 20ft3 of air per 

hour.[138] 

One notable observation from the Wells-Riley experiments was the differential 

infectiousness of patients. Of 22 guinea pigs infected within a given time frame, 
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19 were infected by just 2 of 62 patients admitted to the ward during this 

period.[53] When the experiment was repeated some 50 years later in Lima, 

Peru, a similar phenomenon was reported, with 108 of 125 guinea pigs infected 

by just one patient.[54] This is of interest as a meta-analysis of pooled data 

from 41 studies quantified the risk of infection among household contacts of 

patients with ‘open’ tuberculosis at 50% for developing LTBI and less than 5% 

for active disease.[139] Based on these numbers each patient with open 

tuberculosis must have the unlikely equivalent of over 20 household contacts to 

result in one further infectious case if each patient were equally infectious 

(Figure 5). Hyper-infectious individuals, as reported here as well as in different 

community outbreak settings,[140-143] thus offer a potential explanation.  
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Figure 5: Proportion of household contacts likely to develop infectious tuberculosis 

Taking such variability into account, Riley later defined a formal model of the 

infectiousness of airborne pathogens indoors over time. What has become 

known as the Wells-Riley equation states that the probability of transmission (P) 

is related to the number of infectious individuals (I) in a confined space, their 

breathing rate (p) and the rate with which they produce infectious quanta (q), 

the exposure time (t), and the ventilation rate within the defined space (Q).[144]  

! = 1 − !!!"#$/! 

More recently this model was adapted to account for variation in the quantum 

concentration as measured by changing CO2 levels within the indoor 

non-infectious hosts has managed to infect one in three

individuals on the planet remains poorly understood. Patients

with latent tuberculosis infection have an expected 10%

lifetime risk of reactivation (this rises to 10% per year if the

patients are infected with human immunodeficiency virus) [5].

Among patients with active tuberculosis, approximately half

have pulmonary disease; half of these are sputum smear-

positive [8] and are hence considered to be infectious. In a

meta-analysis of pooled data from 41 studies, the risk of

infection among household contacts of these patients with

‘open’ tuberculosis has been quantified at 50% for the

development of latent tuberculosis infection and <5% for the

development of active disease [9]. Thus, on average, each

patient with open tuberculosis must have the unlikely equiv-

alent of >20 household contacts to result in one further

infectious case (Fig. 1). Reports that hyperinfectious individuals

can be responsible for a large amount of secondary cases in

community outbreaks [10–13] and in experimental settings

[14,15] may offer a potential explanation. Indeed, mathematical

modelling has predicted that if the success of tuberculosis can

be attributed to ‘super-spreaders’, their identification and

treatment will be key not only to the control of outbreaks, but

also to combating the disease as a whole [16]. However, the

degree to which super-spreaders account for transmission in

any given community has so far been difficult to quantify.

Public Health Control Measures

Mobile mass X-ray screening was introduced as a tuberculosis

control measure in industrialized countries in the 1930s. By the

1970s, a realization that most patients with active tuberculosis

seek healthcare for their symptoms led to the phasing out of

mass screening and a greater focus on diagnostic services [17].

Although screening remains relevant among patients who are

less likely to seek healthcare [18], targeted contact investiga-

tions to identify ‘source’ and ‘secondary’ cases within outbreaks

are now standard public health practice. Guidance varies across

Europe and the USA, with some countries initiating contact

investigations only for potential ‘source cases’ (patients with

smear-positive pulmonary tuberculosis) and others recom-

mending contact investigations for ‘index cases’ in general,

regardless of whether they are considered to be plausibly

infectious [19,20]. The standardmodel for contact investigations

has been to trace potentially exposed individuals across

widening ‘concentric circles’ until the rate of positive screening

test results reflects the background community prevalence of

disease [21]. Most contact investigations focus on household

contacts first, and are extended into thewider community only if

at-risk individuals are identified or if a wider outbreak is

suspected. These environments include schools andworkplaces,

both of which are relatively structured settings in which to

conduct contact investigations, but also pubs/bars or homeless

shelters, where attendees are more transient [18]. Investiga-

tions are dependent on the contacts being named by an index

case and the proportion of ‘close contacts’ that screen positive

for latent or active disease on initial investigation. Because

patients from some of the social groups at highest risk of

tuberculosis may not know the names of their contacts or may

be reluctant to volunteer names, owing to social stigma or

concerns about the legal implications of naming associates, this

approach has its limitations [18,22,23].

FIG. 1. Proportion of household

contacts likely to develop the infectious

form of the disease.
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space.[121] Incorporating the fraction of inhaled air that has been exhaled by 

another occupant of the room (f ̅), and taking account of the total number of 

(infectious and non-infectious) people in the room (n), the equation was 

adapted to    

! = 1 − !!!! ̅!"#/! 

One application has been to estimate the relative annual risk of infection across 

different modes of public transport in Cape Town, South Africa. Here the risk for 

daily commuters was highest in shared taxis, which were also found to have the 

highest CO2 concentrations at around 2,000 parts per million, almost twice that 

seen in trains and buses. Commuters using these taxis regularly had a 5% 

annual risk of acquiring tuberculosis.[145] The risks of regular exposure to 

public transport were also assessed in Lima, Peru and Houston, Texas, USA, 

with a similarly increased risk observed.[146,147] 

The model has also been used to quantify the risk to children of household 

exposure to infectious adults in Cape Town townships. More than the early 

diagnosis of adults through active case finding, improved household ventilation 

was predicted to be key to reducing transmission to children. Given the 

overcrowded conditions, cold winters and poor housing quality in the townships, 

the model implicated poverty of infrastructure in transmission more than 

inadequacies in healthcare provision.[148] Taken to an extreme, such as in an 

overcrowded South African prison, the annual risk of infection approaches 90%, 

depending on the number of hours prisoners are locked up with infectious 

cases in their cells each day (Figure 6).[149] A critical threshold for infection 
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was however derived from a study of overcrowded township classrooms, where 

the same group estimated a threshold of 1.6% rebreathed CO2 (f ̅), 

corresponding to 1,000 parts per million room air, for tuberculosis 

transmission.[150]  

Despite the Wells-Riley inspired models of exposure, in practice the so-called ‘8 

hour rule’ is still commonly applied. It considers a minimum threshold of 8 hours 

exposure to be necessary before contact tracing is initiated and is based on a 

study of a patient with MDR-TB who infected up to 15 fellow passengers on a 

flight from Chicago to Honolulu in 1994, but not on a shorter connecting flight 

between Baltimore and Chicago.[151] It has since been incorporated into WHO 

guidelines for air travel as well as National Institute for Health and Clinical 

Excellence (NICE) guidelines for hospital infection control.[152,153] 

  

Figure 6: The annual risk of tuberculosis transmission via shared prison cell occupancy 
with an infectious tuberculosis case, Pollsmoor prison, Cape Town. Taken from 
Johnstone-Robertson et. al., Tuberculosis in a South African Prison – a transmission 
modelling analysis, S Afr Med J 2011[149] 

811November 2011, Vol. 101, No. 11  SAMJ

totally free flow of air through the cell and a 10 km/h wind directed 
towards the window.26 International recommendations for prison 
ventilation22 based on the floor area of this cell would recommend  
1.8 - 3.58 ACH, and the World Health Organization (WHO) 
recommends 12 ACH for health settings and congregate settings 
where TB is prevalent.23 Four values of ACH were therefore modelled: 
the status quo of 1 ACH (poor ventilation); 3 ACH (minimum 
international recommended ventilation); 8 ACH (intermediate 
ventilation); and 12 ACH (optimal ventilation).

A wide range of estimated values for the rate of production of 
infectious TB quanta (q) have been reported. Laryngeal TB is highly 
infectious with ‘q’ estimated at 60 infectious quanta per hour.16 In a 
workplace outbreak due to an untreated smear-positive pulmonary 
case, ‘q’ was estimated at 12.7 infectious quanta per hour.18 Over a 
2-year period in a TB ward, ‘q’ was directly measured at 1.25 infectious 
quanta per hour.15 A study applying molecular strain characterisation 
to track airborne TB transmission from HIV/TB-infected inpatients 
to guinea pigs demonstrated markedly variable infectiousness.27 
Values of ‘q’ for infectious cases varied between 3 and 12 and 2.5 and 
226 quanta per hour for individuals with drug-sensitive and MDR-TB 
respectively. In order to be conservative, ‘q’ was modelled at a mean 
value of 1 infectious quantum per hour.

The mean respiratory rate of adults (p) was estimated to be 360 
litres per hour corresponding to a normal adult respiratory minute 
volume of 6 litres per minute.24

A key parameter of the model, the period of infectiousness (Δ), 
has a strong inverse association with the TB control programme 
effectiveness of case finding. Δ is a composite of delays, including 
time to access medical care, diagnostic delay and time to commence 
chemotherapy. The diagnostic delay period during which an adult 
may be infective is variable, but is frequently reported to be 60 - 90 
days.21 However, delays in accessing treatment within this prison were 
reported to be very prolonged; therefore analyses were performed 
with values of Δ from 1 day up to 180 days.

Passive case finding depends on individuals with symptoms of TB 
self-presenting for investigation. It was modelled that with increased 
TB awareness health messaging, minimal delay in accessing TB 
services, expeditious diagnosis and rapid initiation of chemotherapy, 
the period of infectiousness (Δ) could be reduced to 60 days. Active 
case finding (regular seeking out symptomatic prisoners) and rapid 
diagnostic testing28 was modelled with values of Δ of less than 60 
days.

Results
We explored the impact of cell occupancy on TB transmission 
probabilities. Transmission probabilities at existing levels of 
overcrowding, the recommended minimum South African and 
international recommended occupancy are shown across a spectrum 
of time periods of infectiousness of source cases (Δ) from 1 to 
180 days in Fig. 1. Transmission probabilities under prevailing 
conditions of incarceration were estimated at 90% per annum 
for all values of Δ (>60 days) currently implementable by the 
prison TB control programme. The benefits of decreasing cell 
crowding were proportionate at all values of Δ. Implementing current 
South African recommended cell minimum levels of occupancy 
would reduce transmission by 30% and implementing international 
recommendations would reduce transmission by over 50%, even with 
current levels of TB case finding.

The effect of decreasing lock-up time (period restricted to cells 
each day) is shown for the existing conditions of 23 hours per day and 
for reductions to 12 and 8 hours per day respectively in Fig. 2. The 
benefits of decreasing lock-up time are modest at current values of Δ 

(approximately 180 days).  However, the benefits of decreased lock-
up times are amplified by improving case finding with consequent 
reductions in Δ. When Δ is reduced to 60 days, reduction of lock-up 
time to 12 and 8 hours would reduce TB transmission by 10% and 
20%, respectively.

The effect of cell ventilation on TB transmission probability is 
shown in Fig. 3.  Three levels of ventilation were modelled in addition 
to the current reported estimate of 1 ACH: 3 ACH; 8 ACH; and 12 
ACH. Improved ventilation markedly decreases TB transmission 
probabilities at all values for Δ. However, improvements in ventilation 
are amplified when accompanied by reductions in the value of Δ 
which could be achieved by improved case finding.

Finally, we explored effects of improved case finding in three 
different scenarios (Fig. 4): scenario 1 – status quo; scenario 2 – 
current South African regulations for imprisonment with modest 
increase of ventilation to 3 ACH fully implemented; and scenario 3 
– international standards for imprisonment together with ventilation 
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Fig. 1. !e e"ect of prison cell overcrowding on TB transmission probabili-
ties is plotted against time periods of infectiousness up to 180 days. !ey 
are shown for 3 levels of overcrowding; 250% approximates the current level 
cell occupancy;13 100% represents implementation of current South African 
statutory minimum occupancy of 3.44 m2 of #oor space per inmate,7-10 and 
50% corresponds to international space recommendations.22
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Fig. 2. !e e"ect of length of period of restriction in prison cell per day on TB 
transmission probabilities is plotted against time periods of infectiousness 
up to 180 days, shown for 3 time periods of cell occupancy during a 24-hour 
period; 23 hours per day, 12 hours per day and 8 hours per day. NB: 23 hours 
per day is the current period of restriction to cells in Pollsmoor prison.13
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2.11  PUBLIC HEALTH CONTROL MEASURES 

Aside from improvements in infrastructure that make buildings and public 

transport less conducive to transmission, public health control measures 

targeted at the individual include isolation, contact tracing and case finding, 

prophylaxis and treatment of cases and their contacts, and vaccination.  

Sanatoria served, if not by design then in effect, to isolate infectious patients 

from their immediate community.[84] Isolation of known cases remains an 

integral part of national tuberculosis guidelines, which in the UK recommend 

isolation of sputum smear positive hospital in-patients in single rooms until the 

completion of two weeks of therapy or hospital discharge.[153] 

2.11.1 CASE FINDING 

Case finding can be either passive, where patients seek out medical help, or 

active, where patients with tuberculosis are sought within the community.[154] 

In the UK and other industrialised countries the use of mobile mass x-ray 

screening was introduced in the 1930s but phased out again by the 1970s after 

the realisation that most patients with active tuberculosis were seeking 

healthcare for their symptoms.[155] London’s ‘Find and Treat’ mobile x-ray 

service remains an exception, screening the city’s homeless, high-risk and 

vulnerable populations as these ‘hard-to-reach’ patients are less likely to seek 

healthcare promptly themselves.[136]  

Targeted Contact Investigations to identify source and secondary cases within 

outbreaks are however standard public health practice. Guidance varies across 

Europe and the USA with some countries initiating contact investigations only 
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for potential ‘source cases’ (patients with smear-positive pulmonary 

tuberculosis) and others recommending contact investigations for ‘index cases’ 

in general, regardless of whether they are considered plausibly 

infectious.[156,157] The standard model for contact investigations has been to 

trace potentially exposed individuals across widening ‘concentric circles’ or 

‘ripples in the pond’ until the rate of positive screening tests reflects the 

background community prevalence of disease.[158] Most contact investigations 

focus on household contacts first, and are extended into the wider community 

only if at-risk individuals are identified or if a wider outbreak is suspected. These 

environments include schools and workplaces, both of which are relatively 

structured settings in which to conduct contact investigations, but also pubs, 

bars or homeless shelters where attendees are more transient.[136] As 

investigations extended beyond the more structured settings they are 

increasingly dependent on contacts being named by index cases. This can 

pose difficulties for pubic health services if the homeless do not know the 

names or whereabouts of their associates, if substance misusers are reluctant 

to divulge the names of other misusers for fear of the law, or if recent migrants 

from high-incidence countries are mistrustful of the authorities, fear deportation 

for being undocumented, or are inhibited by social stigma.[136,159,160] 

Social network analyses augment the traditional model of tracing named 

contacts by linking patients to one another as well as to places of social 

aggregation to better uncover transmission networks.[158] As such they have 

the potential to aid contact investigations even where patients are unwilling to 

name their contacts, and to link individuals who themselves may not even have 

been aware of social connections, and to identify super-spreaders.[141]  
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2.11.2  SCREENING AND PROPHYLAXIS 

The desired outcome of contact investigations is the treatment of identified 

active cases and the prophylaxis of contacts screening positive for LTBI. To 

prevent reactivation of disease, NICE guidance is to offer treatment of latent 

disease to patients aged 35 or under, or to all healthcare workers or HIV 

positive patients, who screen positive on either TST (in the absence of BCG 

vaccination) or by IGRA. Treatment options include either 6 months of isoniazid 

preventive therapy (IPT) or 3 months of isoniazid and rifampicin combination 

therapy.[153] Guidelines in the United States prefer 9 months of IPT.[157]  

The efficacy of IPT has been weighed against the risks of drug-induced 

hepatitis, the reason for NICE recommending an age cut-off of 35.[161] A study 

of 28,000 patients in the early 1980s compared 12, 24 and 52 weeks of IPT in 

patients with presumed LTBI and found that 24 weeks prevented most cases of 

tuberculosis relative to the number of cases of hepatitis caused.[162] This 

regimen was also found to be more cost-effective than treating for the full 52 

weeks.[163] However the efficacy of IPT-based interventions does appear to be 

contingent on the incidence of the setting. A recent study was conducted 

among 78,000 South African miners to investigate the value of mass screening 

and treatment of LTBI. In this very high incidence setting, with a case 

notification rate of between 3,000 and 4,000 per 100,000 miners, IPT was only 

effective for the duration the therapy was given.[164] 

In the UK one of the highest risk groups for LTBI are recent migrants. A health 

economic analysis of screening and IPT for new entrants to the UK was 

performed in 2011. Although screening all new entrants would identify close to 
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100% of LTBI in this population, restricting screening to migrants from countries 

with an incidence of 250 or more per 100,000 was found to be most cost 

effective.[165] Nevertheless, national practice in the UK is variable and the 

screening that is offered has been found to be inversely proportional to the local 

burden of disease.[166]  

Although the treatment of active cases has been guided by the WHO’s DOTS 

strategy as outlined above since 1993, the directly observed treatment 

component is not mandated by NICE in the UK for patients other than those 

considered at high-risk of non-adherence.[153] The management of patients is 

however monitored as part of routine quality assurance for tuberculosis control 

programmes in the US, and now in the UK, in a process of cohort review that 

involves collective, quarterly review of the management of all tuberculosis 

cases. The consequences of cohort review have been to improve treatment 

completion rates, follow-up and data collection, which in New York in particular 

have coincided with a dramatic drop in the incidence since inception in 

1993.[167,168]  

2.12  VACCINATION 

BCG vaccination was introduced in the UK as a public health measure in 1953 

and phased out from the routine vaccination schedule in 2005.[169] It provides 

60-80% protection against disseminated disease and tuberculous meningitis to 

infants, although its protective capacity against pulmonary disease varies by 

geography, interestingly by latitude, in older patients.[41,170,171] Its use in the 

UK is therefore now restricted to infants of up to 12 months of age considered 

at high risk of tuberculosis. This includes those born in areas with an incidence 
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over 40 cases per 100,000, or those born to parents or grandparents 

themselves born in areas with an incidence in excess of 40 per 100,000.[169] 

Current evidence suggests that there is little benefit in repeatedly vaccinating 

patients over time.[171] 

2.13  MOLECULAR ADVANCES 

The discovery of life’s basic hereditary material, nucleic acid, dates back to the 

1860s when Gregor Mendel published the results of his breeding experiments 

with peas, Ernst Häckel suggested the cell nucleus as the source of heritable 

traits, and Friedrich Miescher isolated precipitates from leukocytes nuclei that 

“could not be dissolved … and therefore do not belong to any known type of 

protein.” He termed these precipitates “nuclein”.[172] In 1953, 84 years after 

Miescher’s observation, James Watson and Francis Crick, in collaboration with 

Rosalind Franklin and Maurice Wilkins, described the molecular structure of 

deoxyribonucleic acid (DNA).[173] In 1977, papers by Fred Sanger, Nicklen and 

Coulson, and by Allan Maxam and Walter Gilbert each described methods for 

sequencing short strands of DNA around 100 nucleotides in length.[174,175] 

There followed in 1979 the development of the first computer programmes to 

assemble multiple short sequences of DNA into larger contiguous sequences 

based on overlapping reads,[176] and in 1981 a method for fragmenting 

genomes into multiple pieces in an untargeted way for what has become known 

as ‘shotgun sequencing’.[177] Kary Mullis and Fred Faloona published their 

method of polymerase-catalase chain reaction (PCR) for the amplification of 

nucleic acid sequences in 1987.[178] The first complete M. tuberculosis 

genome was sequenced using Sanger technology and published in 1998.[179]  
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What has become known as ‘next-generation’ sequencing, or whole-genome 

sequencing, technology can be traced back to the year 2000 and a report on 

massively parallel signature sequencing.[180] This early technology was based 

on the random fragmentation of DNA strands and the cloning of these on the 

surfaces of micro beads to achieve an amplified fluorescence-based signal 

indicating the nucleic acid sequence. By 2005 a number of parallel technologies 

were evolving, of which the cyclic-array sequencing-by-synthesis approach has 

since gone on to dominate. Building on the early whole-genome sequencing 

(WGS) techniques, the 454 Life Sciences (later Roche), and also Solexa (now 

Illumina) technologies were based on the clonal amplification of short fragments 

of DNA, using polymerases to add nucleotides to single strands of DNA.[181] 

Illumina platforms have come to dominate the market, producing about 90% of 

all sequence data in the world in 2012.[182] Although third-generation, single 

stranded nanopore sequencing has been heralded as having the potential to 

provide future advances, it remains in its experimental phase. It avoids any 

need for amplification and instead passes long strands of DNA through fluid 

filled, charged nanopores registering the changes in electrical current 

nucleotide-by-nucleotide.[183] 

Illumina sequencing technology starts with the preparation of a sequencing 

library during which genomic DNA is fragmented, sheared ends are repaired, 

and adaptors are ligated to the denatured molecules. Unique indices are 

introduced to identify the DNA and subsequent sequencing reads throughout 

the process. Cluster generation then involves a size-selected subset of 

molecules being washed over a flow cell lane where each is immobilised by 

adaptors hybridising to the first of two types of primers fixed to the base of the 
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flow cell lanes. A polymerase enzyme extends the sequence from the fixed 

primers, thereby generating a complement to each hybridising molecule. The 

two complementing strands are subsequently denatured, and the hybridising 

strand removed. Each fixed, single stranded molecule now arches over so that 

its free adaptor can hybridise with the second type of fixed primer in the flow 

cell lane. With the formation of each arch, or ‘bridge’, a polymerase forms a 

complementary arch in an isothermic reaction to produce forward and reverse 

strands of complementary DNA, each fixed to the flow cell. These are 

denatured and new bridges are formed as part of a cyclical process leading to 

massive clonal amplification.  

The generation of clusters through amplification is important to ensure a 

sufficiently intense signal can be produced from each cluster when sequencing-

by-synthesis is commenced. However, as each cluster is made up of both 

forward and reverse strands, an inherently mixed signal would emanate upon 

sequencing. To avoid this the reverse strands are first cleaved and removed, 

exposing just the forward strands. A sequencing primer is hybridised to the 5’-

end of the strands and fluorescently labelled nucleotides are washed over the 

flow cell in equal proportion to compete for their addition to the complementary 

sequence before the unsuccessful bases are washed away. The cycle is 

repeated base-by-base with the fluorescent tags on each emitting a colour 

signal that is captured by a camera. The number of cycles corresponds to the 

length of the reads and the sequence of fluorescent signals to the nucleotide 

sequence on the read. To sequence the corresponding reverse strands, bridges 

are again formed with the free adaptors now binding the second of the two 

types of fixed primers on the flow cell. A polymerase produces a 
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complementary strand, the reverse strand, with the forward strands 

subsequently being cleaved and removed this time. The reverse strands are 

then sequenced-by-synthesis in the same way as the forward strands were 

(Figure 7).[184,185] 

     

Figure 7: From left to right, the images demonstrate the process of bridge-amplification, 
clustering, and sequencing-by-synthesis as fluorescently labeled nucleotides are 
added to he flow cell and base-specific signals are emitted. Figures taken from 
reference [185] (Illumina technology spotlight product information).  

The assembly of millions of reads produced by massively parallel sequencing 

on Illumina, and other platforms, poses a bioinformatic challenge. To generate a 

‘genome sequence’ the reads can be either mapped to a pre-existing reference 

genome or they can be assembled, de novo, into multiple ‘contigs’ on the basis 

of overlapping sequence.[186,187] The closer the sequence of interest to the 

reference genome of choice, the greater the opportunity for identifying variant 

nucleotide sites, or single nucleotide polymorphisms (SNPs) by direct 

comparison. Where no reference is available or where it is believed to diverge 

significantly from the sample of interest, a de novo approach is preferable.[188] 

However, neither mapping nor de novo assembly can overcome the problem of 

repetitive sequences that exceed the read length generated.[189] Whilst raw 
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data are generic, approaches to the trade-off between maximising the 

proportion of the genome covered and optimising the precision with which 

nucleotide variants are called therefore differ.[190] 

2.14  MOLECULAR TECHNIQUES APPLIED TO M. TUBERCULOSIS 

Advances in molecular techniques have contributed both to the diagnosis of 

tuberculosis and to our understanding of its transmission and epidemiology. 

PCR has enabled the targeted amplification of M. tuberculosis specific 

sequences for species identification as well as the identification of SNPs 

underlying drug resistance,[191,192] and has also been key to the 

Mycobacterial Interspersed Repetitive Unit-Variable Number Tandem Repeat 

(MIRU-VNTR) genotyping approach.[193]  

2.14.1  SPECIES IDENTIFICATION 

Two commercial kits using PCR to amplify M. tuberculosis complex specific 16s 

ribosomal RNA, the Gen-Probe MTD (Mycobacterium tuberculosis Direct) test 

and the Roche Amplicor and Cobas Amplicor, were introduced and licensed by 

the US Food and Drug Administration in the mid 1990s.[191] To further 

distinguish between species within the M. tuberculosis complex on the basis of 

16s and 23s ribosomal RNA, the RD1 deletion and SNPs within the gyrB gene, 

a commercial line probe assay (LPA) based on PCR and reverse hybridisation 

was introduced by HAIN Lifesciences in 2003.[194] Each of these tests reduces 

the time to diagnosis but are still dependent on an initial culture step, at least in 

a routine setting. The Cepheid MTB/RIF GeneXpert was introduced as a point-

of-care assay for the rapid identification of M. tuberculosis complex (as well as 

markers of rifampicin resistance) from primary clinical samples without the need 
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for culture or complex laboratory procedures, and was first assessed in a multi-

centre study between 2008-2009.[195] It has since been adopted widely in both 

high and low-income settings.[196]  

2.14.2  DRUG RESISTANCE TARGETS 

With the new PCR technique to hand, our understanding of PCR targets for the 

detection of drug resistance evolved rapidly during the 1990s. As isoniazid is a 

pro-drug, the absence of a functioning katG gene prevents its transformation 

into its active form.[86] The deletion of the katG gene, encoding catalase and 

peroxidase, was identified as a source of isoniazid resistance in 1992, with 

particular codon mutations at position 315 identified as conferring resistance 

five years later.[197,198] Subsequent mutations in inhA, necessary for fatty acid 

synthesis, were described as conferring isoniazid resistance in 1994.[199] In 

1993 rifampicin resistance in M. tuberculosis was related to a number of 

mutations within rpoB, which encodes the β-subunit of RNA polymerase,[200] 

and the region determining rifampicin resistance in rpoB has since been 

extended to 81 consecutive codons.[201] Mutations at codon 306 in the embB 

gene were confirmed as conferring resistance to ethambutol in 1997, whereas 

mutations conferring resistance to second line drugs such as the 

aminoglycosides and fluoroquinolones were described in rrs, rpsL and gyrA 

between 1994 and 1998.[202-205]  

Most of these mutations have since been incorporated onto commercial LPAs. 

The first of these, in 1997, was the Inno-LiPA Rif.TB (Innogenetics) assay which 

probed a 69-nucleotide sub-section of the rifampicin resistance determining 

region of rpoB.[206] The Genotype MTBDR (HAIN Lifesciences) LPA then 
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incorporated mutations at katG315 to probe for isoniazid resistance (2005), and 

the MTBDRplus additionally probed for mutations in the upstream region of 

inhA (2009).[207,208] The MTBDRsl was the first LPA to include second line 

drugs, probing not only for ethambutol resistance but also for resistance to 

fluoroquinolones and aminoglycosides other than streptomycin.[209] The most 

recent LPA, the AID assay (Autoimmun Diagnostika, GmbH), also includes rpsL 

mutations relevant to streptomycin.[210] Although not based on reverse 

hybridization, the Cepheid GeneXpert also uses PCR to identify mutations in 

the rifampicin resistance determining region.[195]  

2.14.3  GENOTYPING 

Over the past two decades, genotyping has been used to augment 

epidemiological investigations by matching isolates from patients with culture-

confirmed tuberculosis. Early examples of genotyping include phage typing and 

comparisons between susceptibility profiles, but neither had sufficient 

discriminatory power.[211] The first widely used technique to identify stable, but 

repetitive, sequences within the M. tuberculosis genome is Insertion Sequence-

based Restriction Fragment Length Polymorphisms (RFLP) typing, focusing in 

particular on insertion sequence IS6110. Although this was a useful adjunct to 

contact investigations, RFLP typing is technically laborious, cannot be used to 

distinguish isolates with low IS6110 copy numbers and produces results that 

are difficult to compare across laboratories.[193] It has since been superseded 

by 15, and now 24-locus MIRU-VNTR typing as the current standard. MIRU-

VNTR typing, which is based on nucleic acid amplification of short repeats, or 

‘mini-satellites’ at designated loci within the genome, is less time consuming, 
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can be performed regardless of the number of repeats at each locus, and 

produces a digital profile that can be readily compared across laboratories.[212]  

With 24 different MIRU-VNTR loci being explored, the number of potential 

combinations is large, as demonstrated in a Belgian study that found 610 

unique profiles among 802 consecutively sampled patients over a three-year 

period.[213] Although usual practice would be only to investigate potential 

epidemiological links between patients whose isolates share identical MIRU-

VNTR profiles (i.e. contain the same number of repeats across all loci), where 

an outbreak is suspected contact investigations may be extended to also 

include patients with isolates that differ at a single locus. Genotyping can thus 

be understood as a means of corroborating or refuting proposed transmission 

events between patients with epidemiological connections, and of linking further 

cases that might usefully be included in any contact investigation. As a link to a 

transmission network can be ruled out by genotyping with greater certainty than 

it can be ruled in,[214,215] public health teams must judge how intensively to 

search for a possible epidemiological link between MIRU-VNTR-matched 

patients in the knowledge that none might exist. While scarce resources need to 

be used efficiently, ending an investigation prematurely risks further community 

transmission.  

2.15 THESIS OUTLINE 

In this thesis I explore how WGS technology can contribute to our 

understanding of tuberculosis transmission, how it can guide public health 

control measures and how it might influence policy decisions, as well as how 

the sequence data can be used to identify genetic variation underlying drug 
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resistance. In Chapter 3 I examine the within-host and between-host genetic 

diversity seen in M. tuberculosis infection and estimate the levels of genetic 

relatedness suggestive of recent transmission, comparing predictions based on 

WGS data to those made by the current standard, 24-locus MIRU-VNTR typing. 

I also explore the potential of WGS to elucidate the structure of an outbreak, 

including the direction of transmission within that outbreak. In chapter 4 I apply 

the metrics for transmission established in chapter 3 to a population study of 

Oxfordshire over a six-year period to estimate the amount of disease that is 

locally transmitted, and the proportion that is most likely acquired overseas. 

Understanding the balance between these scenarios has been a key question 

for Public Health England, and could help to inform decisions to allocate 

resources to new-entrant screening and contact tracing respectively. During the 

course of this thesis a decision was been made by Public Health England to 

implement WGS into routine practice in England, replacing MIRU-VNTR typing 

for the purpose of detecting transmission. The routine sequencing of every 

isolate in the country for disease surveillance and outbreak detection presents 

an opportunity to exploit the sequence data for additional analyses, at no extra 

cost. In chapter 5 I therefore explore the potential to predict drug susceptibility, 

and to identify genetic variation in the form of SNPs, insertions and deletions 

underlying phenotypic resistance from WGS data. I describe a two-step 

algorithmic approach, first deriving a set of plausible resistance-determining 

alleles from a training data set and then testing these against an independent 

data set as a means of validation.   
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3 CALIBRATING WGS DATA AS AN EPIDEMIOLOGICAL TOOL 

3.1 INTRODUCTION 

Controlling the spread of Mycobacterium tuberculosis can be challenging even 

in well-resourced countries. The incidence of tuberculosis in the UK was 11.4 

per 100,000 population in 2000, peaked at 14.4 per 100,000 in 2011, and was 

last reported as 12.3 per 100,000 in 2013,[55,134] with non-UK born individuals 

accounting for the increase in cases over this time.[216] In the UK, detection of 

tuberculosis outbreaks has been guided by 24-locus MIRU-VNTR genotyping 

since 2010.[55] Although it is thought that MIRU-VNTR typing can reliably 

exclude transmission between cases whose genotypes differ, epidemiological 

data is still required to confirm outbreaks among cases whose genotypes 

match.[214,215] Collecting this epidemiological data is difficult where patients 

are unwilling or unable to volunteer information, as is commonly the case in 

some of the social groups most at risk of tuberculosis.[159,217] Even where 

genotyping does lead to outbreak detection, it offers no additional insights into 

the underlying pattern of transmission.  

As an alternative to MIRU-VNTR typing, WGS promises to detect 

microevolution within MTB lineages as they are transmitted between 

hosts.[189,211,218,219] Because backward mutations are rare,[220] the 

pattern of accumulated mutations can in theory suggest direction of 

transmission within an outbreak. This principle was outlined in 2010 by Schürch 

et. al. who sequenced three patient isolates from a large IS6110-RFLP-based 

outbreak in the Netherlands. The pattern of cumulative acquisition of SNPs 

suggested a direction of transmission that corroborated the epidemiological 
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data.[218] Prior to the work presented in this chapter, WGS had otherwise only 

been applied to a single outbreak of tuberculosis in Vancouver, Canada, where 

the authors combined their analysis of the sequence data with a social network 

analysis. The study’s authors demonstrated the greater resolution of WGS over 

MIRU-VNTR data and argued that MIRU-VNTR had failed to show that two 

independent outbreaks were actually co-evolving within the same 

community.[141] However, no measure of the degree of relatedness that could 

suggest transmission had occurred was offered. The work presented in this 

chapter was the first attempt at exploring this question.  

The M. tuberculosis isolates chosen for this chapter were selected from across 

the Midlands region of the UK. This includes both Birmingham and Leicester, 

where all the global clades are represented among an ethnically diverse 

population,[221,222] and where the annual tuberculosis incidence has been as 

high as 50 to 70 cases per 100,000 population.[55] The main aim was to 

estimate the genetic diversity between epidemiologically related strains and 

investigate whether similar levels of diversity could be applied as a threshold to 

guide community outbreak investigations. 

3.2 METHODS 

3.2.1 SAMPLE SELECTION 

I pre-specified four groups of isolates within which to investigate within host and 

between host diversity that could be considered compatible with transmission: 

(i) cross-sectional diversity within individuals (pulmonary vs. non-pulmonary 

isolates obtained within 6 months of each other), (ii) longitudinal diversity within 

individuals (patients with multiple pulmonary isolates more than 6 months 
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apart), (iii) diversity between individuals in known household clusters, and (iv) 

MIRU-VNTR-based community clusters. Figure 8 shows an outline of the 

selection process, detailing the number of missing isolates and those isolates 

common to multiple groups. As 24-locus MIRU-VNTR was only introduced into 

routine service in the UK in 2010,[55] clusters were matched at either 15 or 24 

MIRU-VTNR loci according to the typing protocol at the time of referral. As this 

study had funding to sequence between 400 and 500 samples, I attempted to 

sequence specific numbers of isolates within each group. 

I first searched the archive database of over 13,000 frozen cultures (1994-2011) 

held at the Public Health England (PHE) West Midlands Public Health 

Laboratory for the Midlands, South Yorkshire and Humberside for all isolates 

meeting the above criteria. From these groups, specific isolates were selected 

for sequencing as below. Where initially selected samples could not be found or 

did not grow, replacements were selected in the same way as the initial 

samples. In some cases the freezer location was not listed in the database so 

the isolate could not be retrieved; in other cases there was no vial present in the 

specified freezer location; other vials contained non-viable bacteria, which was 

unsurprising given the age of some of the samples. 

(i) I chose cross-sectional paired isolates at random, until I had obtained 50 

pairs of DNA preparations ready for sequencing (in total I identified 74 pairs for 

locating in freezers and growing). As no data were available on likely within-

host diversity at the time the choices were made, the target sample size was 50 

to ensure that if no SNPs were observed between any pair, then the upper 
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97.5% confidence limit around the observation of 0% with one or more SNPs 

was 7%. 

(ii) I selected longitudinal samples within individuals to maximise the time period 

between first and last isolate for each patient, as I considered longitudinal 

diversity over time to be most relevant to onward transmission. I also included 

any intervening samples from these patients for sequencing. No data were 

available on likely diversity over time when I chose the samples, so I made the 

arbitrary decision to sequence 100 isolates within this group, a similar number 

to those previously used to estimate molecular clock rates in other 

species.[223] 

(iii) I aimed to sequence all isolates from all household outbreaks known to the 

surveillance laboratory (93 isolates in total). I defined these outbreaks on the 

basis of a shared address and a matching 15 or 24-locus MIRU-VNTR profile. 

(iv) I selected community clusters on the basis of the samples sharing MIRU-

VNTR profiles in order to specifically investigate what additional benefits WGS 

might provide over and above MIRU-VNTR. Ten reasonably sized (6-47 

patients) 15 or 24-locus defined MIRU-VNTR-based community clusters were 

identified by the public health teams as containing some cases where direct 

case-to-case transmission was supported, and others where it was uncertain 

(207 isolates in total). In addition, 46 isolates from 18 patients that were 

sequenced as part of groups (i), (ii), and (iii), also belonged to a very large 

MIRU-VNTR-defined cluster containing over 280 patients.[224] I analysed these 

18 patients as an 11th community cluster even though selection for sequencing 

was not based on this cluster membership. Three clusters were characterised 
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by school outbreaks, six by community-based substance abuse, one by a 

regionally dispersed ethnic group, and one by Mycobacterium bovis infection. 

To relate school clusters to their community, all available local 24-locus MIRU-

VNTR matching cases were also sequenced. To investigate potential clustering 

across 24-locus MIRU-VNTR types, four clusters were extended to include 

isolates mismatching at 2 or fewer loci (see Table 1 p.71, for details of each 

cluster). 

Of note, both failure to be located and failure to grow were strongly related to 

duration of storage. As expected, the longer the duration of storage the more 

likely an isolate could not be located, and, if it was located, that it failed to grow. 

For example, among the cross-sectional isolates the mean time since original 

isolation among the missing isolates was 8 years and among the isolates that 

failed to re-grow it was 9 years. This contrasted to 5 years for the successfully 

cultured isolates. Among the longitudinal isolates the mean time was 10 years 

for missing isolates and 8 years for those that failed to re-grow, compared with 

6 years for successfully cultured isolates. For groups (i), (ii) and (iii) missing 

data from one isolate sometimes meant that other sequences were also 

excluded (eg if one of two longitudinal isolates from a patient in (ii) could not be 

located or failed to grow, then the patient could not contribute any data to (ii)). 

All missing data was assumed to be completely at random in the analysis, with 

sequenced cases assumed to represent the underlying population. This 

assumption was felt to be reasonable by the PHE reference laboratory, where 

they have not seen any marked variation in the type of cases over the last 

decade, so length of storage is therefore not a plausible confounder. The global 
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lineages of sequenced strains reflect those prevalent in the Midlands, as would 

be expected from essentially random sampling. 
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3.3 CULTURE AND DNA EXTRACTION 

I cultured samples from frozen stocks, first in MGIT until ample growth was 

visible, and then on LJ slopes. All cultures were incubated at 37°C until I 

perceived mature growth.  

I used the cetyltrimethylammonium bromide (CTAB) method to extract DNA for 

the samples. This method is based on that described by van Soolingen et. al. in 

1991.[225] The procedure was carried out in the category 3 safety laboratory at 

the West Midlands Public Health Laboratory in Birmingham.   

1. Harvest two loops of culture from the LJ and suspend in 400ul of 1xTE in 

a 1.5ml screw-cap micro-centrifuge tube. 

2. Place the tube in a covered water bath at 80°C for 20 minutes. 

3. Add 50ul of lysozyme (10mg/ml) to the tube, vortex for 10 seconds, and 

incubate overnight at 37°C. 

4. The following day, add 75ul of 10% SDS / proteinase K solution, gently 

invert, and incubate for 30 minutes at 65°C. 

5. Add 100ul of 5 Mol NaCl 

6. Add 100ul of CTAB/NaCl solution warmed to 65°C and vortex until the 

tube content appears opaque.  

7. Incubate for 10 minutes at 65°C 

8. Add 750ul of chloroform/isoamyl alcohol and invert gently for 10 

seconds. 

9. Centrifuge for 8 minutes at 12,000g 



! 70!

10. Transfer the supernatant to a fresh micro-centrifuge tube using a pipette 

small enough to avoid picking up any of the pelleted debris (e.g. a 200ul 

tip). 

11. Add 450ul of 0.6 volume isopropanol. 

12. Gently manually rock each tube to encourage a nucleic acid precipitate 

to form. 

13. Incubate at -20°C for 30 minutes 

14. Centrifuge for 15 minutes at 12,000g to pellet the DNA 

15. Remove supernatant, leaving 20ul of liquid covering the pellet 

16. Add 1ml of 70% ethanol chilled in the -20°C freezer and rock the tube 

carefully to wash the DNA precipitate.  

17. Centrifuge for 5 minutes at 12,000g. 

18. Remove supernatant, leaving 20ul of liquid covering the pellet 

19. Centrifuge for 1 minute at 11,000g 

20. Remove the remaining supernatant with a 20ul pipette. 

21. Dry the pellet at room temperature for 15 minutes or until the ethanol has 

evaporated completely. 

22. Re-suspend the pellet in 50-100ul of 1xTE, depending on pellet size.  

I quantified DNA concentrations with the Tecan Infinite 2500 Pro using 

PicoGreen, a fluorescent dye that intercalates with DNA.[226] Concentrations of 

18ng/ul in 100ul were considered acceptable, with 36ul being used for 

sequencing. 
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3.4 WHOLE GENOME SEQUENCING AND BIOINFORMATICS PIPELINE 

Isolates were sequenced at the Wellcome Trust Sanger Institute in Hinxton, 

Cambridge using Illumina HiSeq platforms (Illumina, San Diego, California, 

USA). Libraries were prepared by staff at the sequencing-centre.   

Raw sequencing reads in the form of FASTQ files were returned to Oxford 

where paired-end reads were mapped to the H37Rv M. tuberculosis reference 

genome (GenBank NC_000962.2) using Stampy v1.0.22,[227] but without 

Burrows-Wheeler Aligner pre-mapping, and using an expected substitution rate 

of 0.01. Repetitive sequences were identified by self-self-BLAST, accounting for 

7% of the reference genome. As repetitive regions cannot be reliably mapped 

given the current length of sequencing reads, these regions were masked to 

further analysis.  

A consensus of greater than or equal to 75% of reads was required to support 

high confidence nucleotide variant calls made using SAMtools mpileup[228] 

which had to be homozygous under a diploid model. Only variants supported by 

5 or more reads, including one in each direction, were 

accepted.[229,230][176,177] Sites where minority variants represented more 

than 10% of read depth were defined as mixed and no variant was called. 

Nucleotide calls at sites in the top 97·5 percentile for depth were excluded. 

Consistency of the sequencing, assembly and data filtering process was 

evaluated by re-sequencing 59 patients’ isolates and the H37Rv reference 

genome on different flow cells as technical replicates.  
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Pipeline outputs include BAM files, which are reads mapped to the reference 

genome, variant calling format (VCF) files, detailing the quality scores and 

filtering results at each nucleotide position in the genome, and FASTA files, 

representing the final consensus sequence for each sample.   

3.5 SEQUENCE DATA ANALYSIS 

I used bespoke python scripts, created by members of the Modernising Medical 

Microbiology (MMM) consortium, to identify variant calls and observed pairwise 

SNP distances across selected FASTA files.  

The micro-evolutionary mutation rate, known as the molecular clock, was 

estimated by maximum likelihood from pairs of isolates within individuals and 

families under a coalescent model[231] assuming a Poisson distribution for the 

accumulation of mutations. Confidence intervals were obtained by parametric 

bootstrap. I constructed phylogenetic trees from concatenated variable sites 

across clustered genomes using Maximum-likelihood (PhyML 3.0)[232] in 

Seaview,[233] and rooted using other isolates in the collection. I manually 

inspected uncalled sites where variants had been identified in other samples for 

evidence of minority variants suggestive of mixed infection. I did not take 

insertion and deletions, known as “indels”, into account in this analysis. 

After the analysis described here was complete (and published) the pipeline 

parameters were updated, removing the depth-filter that excluded nucleotide 

calls at sites in the top 97.5 percentile of depth. When I re-ran the analysis on 

the results of this updated pipeline, the outcome did not change. However, for 

the purposes of the data presented here, nucleotides at variant sites initially 
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excluded due to excessive high-quality read depth were manually re-inserted as 

an additional filtering step. 

I assigned samples to different M. tuberculosis lineages on the basis of MIRU-

VNTR profiles, following a schema approved by the Health Protection Agency 

(now Public Health England).[222] 

3.5.1 EPIDEMIOLOGICAL INVESTIGATION 

Clinical, demographic and microbiological data was available for all isolates. I 

gathered epidemiological data through interviews with public health teams and 

supplemented it by case record review for every new index case. UK guidelines 

for contact tracing recommend screening household contacts, ‘at risk’ 

individuals, and any other named contacts in the community where the index 

case is considered infectious.[153] I graded epidemiological relationships within 

clusters as ‘linked’ (patients were known to have shared time and space with 

each other or a third party), ‘possibly linked’ (known to have shared space, but 

not at the same time), or as having ‘no known link’ (no known shared space). I 

summarised epidemiological relationships, SNP differences, and differences in 

isolation date in network diagrams representing the links between patients in 

each cluster in a way that maximises epidemiological and genetic proximity. I 

represented patients as ‘nodes’ and links between patients as ‘edges’. To avoid 

double counting, I chose the most parsimonious number of connecting ‘edges’ 

(number of nodes (n) minus one) needed to represent the most plausible 

transmission network within each cluster. I constructed networks starting with 

the first patient to be diagnosed. One isolate per patient was used except where 

indicated (Figure 9, cluster 9). I first sought to draw an edge to another patient 
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with a ‘known’ epidemiological link. If there was more than one patient to 

choose from, I chose the patient with an isolate closest in SNPs, and where this 

failed to identify a unique edge, the patient closest in time (as judged by date of 

isolation of sample). If no ‘known’ epidemiological link existed, I sought 

‘possible’ linkage before ‘no known’ linkage, in each instance prioritising by 

SNPs and time as described. The second edge and all subsequent edges were 

determined by the same rules until the network was complete.    

Although school outbreaks have often been caused by particularly infectious 

individuals who are the source of many secondary cases,[140] an important 

question is whether so-called super-spreaders are also the source of many 

community outbreaks.[141] Because M. tuberculosis evolves by 

descent,[234,235] there is an a priori expectation that a star-like phylogenetic 

topology with several secondary cases branching directly from a common node 

would be apparent when an individual with several contacts remains infectious 

for some time. I assessed whether this approach might be able to contribute to 

the identification of super-spreaders in the community.  

3.6 RESULTS 

3.6.1 SEQUENCING AND STRAIN SUMMARY 

390 separate isolates from 254 patients were successfully sequenced. Mean 

reference genome coverage was 88.5% (range 86.5-89.5%). There were no 

discrepancies across the 59 technical replicates, suggesting highly specific 

SNP calling. The European-American and Central Asian lineages were most 

heavily represented in the data set, but isolates from the Beijing and East-
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African Indian lineages were also identified, along with M. bovis and M. 

africanum (Figure 10).[222] 

The mean number of isolates from each of the 30 longitudinally sampled 

patients was 3.7 (range 2-9) and the mean length of time between the first and 

the last isolate was 30 months (range 6-102). For the household isolates, 25 

households each provided a mean of 3.4 isolates (range 2-19) to the analyses 

from a mean of 2.5 patients (range 2-5). The household outbreaks lasted a 

mean of 20 months (range 0-125). Of the community clusters, three were 

characterised by school outbreaks, six by community-based substance misuse, 

one by a regionally dispersed ethnic group, and one by M. bovis infection 

(Table 1). Mean duration of community outbreaks was 81 months (range 9-

144). 
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S6. Summary of colour-coded epidemiological links within 11 community clusters: green = known link; orange 
= possible link; red = no known link. Each patient is depicted by a study number within a red node. Edges 
linking the nodes are annotated by the minimum SNPs/months between patient isolates. 

The networks are an attempt to summarise the links between patients in each cluster in a way that maximises 
epidemiological and genetic proximity. To avoid double counting we restricted the number of connecting edges 
to the number of nodes minus one. Methods used to produce network diagrams were as follows: For each cluster 
we started with the first patient to be diagnosed. We sought to draw a link (an ‘edge’) to another patient with a 
‘known’ epidemiological link. If there was >1 patient to choose from, we chose the patient with an isolate 
closest in SNPs, and where this failed to identify a unique edge, we chose the patient closest in time (as judged 
by date of isolation of sample). If no ‘known’ epidemiological link existed, we sought ‘possible’ linkage before 
‘no known’ linkage, in each instance prioritising by SNPs and time as described. The second edge and all 
subsequent edges were determined by the same rules until the network was complete.    
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Figure 9: Eleven network diagrams, one for each cluster, showing the relationship 
between patients according to epidemiological linkage, SNP distance and timing of 
diagnosis. Nodes are coloured in red with patients represented as “P” plus their 
corresponding study number. Edges are coloured green where an epidemiological link 
was known, yellow where one was though possible, and red where no link was known. 
Each ‘edge’ is annotated with the number of SNPs/months separating isolates. P227 in 
Cluster 9 is represented by two isolates due to the large SNP distance between them.  
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Figure 10: A maximum-likelihood phylogeny of 195 isolates typed to 24-MIRU-VNTR 
loci. MIRU-VNTR profiles and their subtypes are grouped by colour. Each isolate is 
labelled by a patient number (P) and a roman numeral indicating the MIRU-VNTR type. 
Each subtype listed differs from the main type at a single MIRU-VNTR locus (* 2 loci 
where the subtype is asterisked). Global MTB lineages are defined by MIRU-VNTR 
type.[222] Lineages: Beijing XXVI; European American II-VIII, X-XVI; Central Asian 
XVII, XIX-XXV; East-African Indian XXVII-XXIX; Unassigned I, IX-X, XVIII, XXVI; M. 
bovis XXX; M. africanum not shown. 

! 3!

S1. Maximum likelihood tree of 195 isolates typed at 24-MIRU-VNTR loci: 

 

 

MIRU-VNTR profiles and their subtypes are grouped by colour. Each isolate is labelled by a patient number (P) 
and by a roman numeral indicating the MIRU-VNTR type. Each subtype listed differs from the main type at a 
single MIRU-VNTR locus (* 2 loci where the subtype is asterisked).  
Global MTB lineages by MIRU-VNTR type (based on HPA approved schema**): 
Beijing: XXVI 
European American: II-VIII, X-XVI 
Central Asian: XVII, XIX-XXV 
East-African Indian: XXVII-XXIX 
Unassigned: I†, IX-X, XVIII, XXVI 
M. Bovis XXX 
 
** see reference 14 in main paper 
† Isolates from this outbreak have been identified as part of the European American lineage by spoligotyping 
(see reference 27 in main paper) 

220 SNPs 
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3.6.2 GENETIC DISTANCE WITHIN INDIVIDUALS AND BETWEEN INDIVIDUALS 

The greatest genomic diversity expected within individuals was estimated by 

sequencing paired pulmonary and non-pulmonary isolates from 49 patients, and 

110 longitudinal isolates from 30 patients (Figure 11). In three cases a second 

infection with a different strain, rather than within-host evolution, was likely as 

475, 1032 and 1096 SNPs separated isolates. In one patient with TB meningitis 

and a normal CT chest, paired cerebrospinal fluid and sputum isolates were 11 

SNPs apart and in four individuals who developed drug resistance over seven 

to ten years of persistent pulmonary infection, maximum distance ranged from 

6-10 SNPs. All 71 other pairwise comparisons (i.e. cross-sectional and 

longitudinal isolates) differed by 5 SNPs or fewer. There were significantly fewer 

SNPs in paired than longitudinal isolates (37 of 47 (79%) vs. 11 of 24 (46%) 

had 0 SNPs respectively; ranksum p=0·009). 

The genetic distances between individuals in known recent transmission chains 

were estimated from the sequences of 86 isolates (63 individuals) from 25 

household-defined outbreaks. All 38 links (number of patients minus number of 

outbreaks) between patients were within 5 SNPs. There was no evidence that 

the distribution of SNPs below this threshold differed from longitudinal isolates 

(ranksum p=0.16, Figure 11). Overall, after excluding differences of greater than 

400 SNPs, 109 of 114 (96%) paired isolates from within individuals and 

household outbreaks differed by 5 SNPs or fewer, 108 of 114 (95%) by 4 SNPs 

or fewer and 103 of 114 (90%) by 3 SNPs or fewer.  
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Figure 11: Time-unadjusted pairwise genetic distances in SNPs. 22 of the 38 links within the 
25 household clusters also occur within community clusters (i.e., ‘known linkage’) but are shown 
with household isolates and not with community isolates. Top horizontal dashed line indicates 
the threshold above which direct transmission can be judged to be unlikely. The bottom 
horizontal dashed line indicates the threshold below which the possibility of transmission should 
be investigated.  *Isolates had substantially different MIRU-VNTR profiles. † Pair of M. 
africanum isolates represented as 2 SNPs apart.  

The rate of microevolution of M. tuberculosis over time was estimated from the 

first and last sequenced isolates of the 30 longitudinally sampled patients and 

from the 25 household outbreaks. A molecular clock rate of 0.5 SNPs per 

genome per year was inferred by maximum-likelihood (95% confidence interval 

0.3-0.7) (Figure 12). All longitudinally sampled patients received anti-

tuberculosis drug therapy. Although HIV testing was not systematically 

performed until 2011 (only eight results were available, all negative), UK rates 

of HIV-tuberculosis co-infection are relatively low, declining steadily from 9% in 
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within the variation we recorded, some rates were con-
sistent with latent infection. All longitudinally sampled 
patients received antituberculosis drug treatment. HIV 
testing was not systematically done until 2011 (only eight 
results were available, all negative); however, UK rates of 
co-infection are fairly low, declining steadily from 9·0% 
in 2003, to 4·9% in 2010.28 We recorded weak evidence 
that the initial genetic diversity and rate of change in 
DNA sequences might vary be tween household 
outbreaks and longitudinally sampled individuals (joint 
vs separate models, p=0·08). However, the mu tation rate 
was lower in individuals followed up longitudinally 
(0·3 SNPs per genome per year [95% CI 0–0·6]) than in 
those in household outbreaks (0·6 SNPs per genome per 
year [0·3–0·9]), and the initial diversity was higher 
(1·2 SNPs [0·3–1·9] vs 0·2 SNPs [0·008–0·7]).

We used these results to construct two thresholds 
against which to assess the MIRU-VNTR-based 
community clusters. We expected epidemiological link-
age consistent with transmission to exist between isolates 
diff ering by fi ve or fewer SNPs, and not to exist between 
isolates diff ering by more than 12 SNPs. We deemed 
pairs diff ering by six to 12 SNPs to be indeterminate.

The 11 community clusters were defi ned by their MIRU-
VNTR profi le (or up to two locus mismatches; table). 
Starting from the fi rst case in each cluster, we constructed 
11 networks (one for each cluster), accounting for 
157 potential transmissions (edges; appendix). Within the 
three clusters centred on schools, 17 (85%) of 20 patients 

could be epidemiologically linked (table), with no link 
confi rmed in three MIRU-VNTR-matched community 
isolates (the community-based case in cluster three was 
35 SNPs away from the school isolates). In clusters six 
and seven, 27 (79%) of 34 patients could also be 
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substantially diff erent MIRU-VNTR profi les. †Pair of Mycobacterium africanum isolates are represented two SNPs apart.
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2003 to 4.9% in 2010.[55] There was weak evidence that the initial diversity and 

molecular clock might vary between household outbreaks and longitudinal 

outbreaks (p=0.08 comparing joint vs. separate models). However, if anything 

the mutation rate was lower within individuals followed longitudinally (0.3 SNPs 

per genome per year (95% CI 0.03-0.6)) than in those in household outbreaks 

(0.6 SNPs per genome per year (95% CI 0.3-0.9)), and the initial diversity 

higher (1.2 SNPs (95% CI 0.3-1.9) vs. 0.2 SNPs (95% CI 0.008-0.7) 

respectively).  

 

Figure 12: The rate of change in DNA sequences estimated by coalescent-based 
maximum likelihood from the first and last isolates from individuals with persistent open 
tuberculosis and from households. 
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within the variation we recorded, some rates were con-
sistent with latent infection. All longitudinally sampled 
patients received antituberculosis drug treatment. HIV 
testing was not systematically done until 2011 (only eight 
results were available, all negative); however, UK rates of 
co-infection are fairly low, declining steadily from 9·0% 
in 2003, to 4·9% in 2010.28 We recorded weak evidence 
that the initial genetic diversity and rate of change in 
DNA sequences might vary be tween household 
outbreaks and longitudinally sampled individuals (joint 
vs separate models, p=0·08). However, the mu tation rate 
was lower in individuals followed up longitudinally 
(0·3 SNPs per genome per year [95% CI 0–0·6]) than in 
those in household outbreaks (0·6 SNPs per genome per 
year [0·3–0·9]), and the initial diversity was higher 
(1·2 SNPs [0·3–1·9] vs 0·2 SNPs [0·008–0·7]).

We used these results to construct two thresholds 
against which to assess the MIRU-VNTR-based 
community clusters. We expected epidemiological link-
age consistent with transmission to exist between isolates 
diff ering by fi ve or fewer SNPs, and not to exist between 
isolates diff ering by more than 12 SNPs. We deemed 
pairs diff ering by six to 12 SNPs to be indeterminate.

The 11 community clusters were defi ned by their MIRU-
VNTR profi le (or up to two locus mismatches; table). 
Starting from the fi rst case in each cluster, we constructed 
11 networks (one for each cluster), accounting for 
157 potential transmissions (edges; appendix). Within the 
three clusters centred on schools, 17 (85%) of 20 patients 

could be epidemiologically linked (table), with no link 
confi rmed in three MIRU-VNTR-matched community 
isolates (the community-based case in cluster three was 
35 SNPs away from the school isolates). In clusters six 
and seven, 27 (79%) of 34 patients could also be 
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I used these results to construct two thresholds against which to assess the 

MIRU-VNTR community clusters. I expected epidemiological linkage consistent 

with transmission to exist between isolates differing by 5 or fewer SNPs, and 

not to exist between isolates differing by more than 12 SNPs. I considered pairs 

differing by 6 to12 SNPs to be indeterminate. 

3.6.3 GENETIC DISTANCE ACROSS MIRU-VNTR-BASED CLUSTERS 

Eleven community clusters were defined by their MIRU-VNTR profile, or up to 

two locus mismatches (Table 1). These clusters accounted for 217 isolates (168 

patients) and had a median duration of 88 months (range 9-144). Starting from 

the first case in each cluster, we constructed 11 networks (one for each cluster), 

accounting for 157 potential transmission events (edges) (Figure 9). Within the 

three clusters centred on schools, 17 of 20 (85%) patients could be 

epidemiologically linked (Table 1), with no link confirmed in the three MIRU-

VNTR-matched community isolates. Indeed, the community-based case in 

cluster 3 was 35 SNPs away from the school isolates. In clusters 6 and 7, 27 of 

34 (79%) patients could also be epidemiologically linked, whereas in the 

remaining six clusters, including one associated with a recent African immigrant 

community (cluster 10), only 25 of 103 (24%) patients could be 

epidemiologically ‘linked’ (Table 1). 

None of the 69 epidemiologically linked patients and only 2 of 13 (15%) possibly 

epidemiologically linked patients were separated by more than 5 SNPs (7 and 

12 SNPs respectively). Conversely, 13 of 75 (17%) epidemiologically ‘unlinked’ 

patients were separated by over 5 SNPs, and 7 of 75 (9%) by more than 12 

SNPs (three-way comparison Fisher’s exact test p<0.0001). However, 22 of 69 
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potential transmissions known to be epidemiologically linked featured in both 

household and community outbreaks. Excluding these, the number of 

epidemiologically linked patients differing by 5 SNPs or fewer was 47 (p=0.003).  

Of interest, 62 patients without epidemiological links were separated by fewer 

than 5 SNPs and seven by 6-12 SNPs. The ability to identify cryptic outbreaks 

was most evident in cluster four, where fewer than 5 SNPs separated 38 

individuals with a background of substance misuse for whom contact tracing 

had been difficult (Table 1). The ability to rule transmission out was particularly 

evident in cluster 10 where more than 30 SNPs separated five individuals from 

a recent immigrant community and one British born individual from the next 

nearest patient. However, in this cluster, isolates from ten patients across two 

cities 45 miles apart, with no known epidemiological links, could also be 

genetically linked by 5 SNPs or fewer, demonstrating its potential as a “rule in” 

to trigger wider contact investigations.  

To explore the potential for 24-locus MIRU-VNTR typing to miss genuine 

transmission, we assessed the proportion of sequenced isolates matching at 22 

or 23 MIRU-VNTR loci that were genetically linked by 5 SNPs or fewer (Figure 

13). Among 195 isolates typed at 24-loci, 14 pairs differed at 1 or 2 loci (i.e. 

were matched at 22 or 23 loci). Three pairs of isolates were from individuals 

and three from households, all within one SNP of each other. Of the four 

instances where mismatching isolates were included in a community cluster, 

two had ‘possible’ epidemiological links to the cluster (within 4 and 12 SNPs) 

and two had ‘no known’ link to the cluster (0 and 5 SNPs apart). The remaining 

four pairs had no known epidemiological links and were separated by 25, 94, 96 
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and 275 SNPs respectively (Fisher’s exact p=0.03 comparing 6 of 6 ‘known’ vs. 

3 of 8 other links within 5 SNPs). No isolates matching at 21 MIRU-VNTR loci or 

fewer were genetically linked within 5 SNPs (Figure 13). 

  

Figure 13: Comparison of all isolates with complete 24-locus MIRU-VNTR profiles. As 
each isolates was compared to each other isolate, the number of SNPs and MIRU-
VNTR loci at which they diverge was recorded. Results are plotted on a log scale. 
Circle sizes are proportionate to the number of pairs diverging by a specific number of 
loci and SNPs. The dashed red box includes isolates that differ by five or fewer SNPs.  

3.6.4 PATTERNS OF TRANSMISSION 

Whilst school outbreaks are often caused by particularly infectious individuals 

responsible for a large proportion of secondary cases,[140] one important 

question is whether so-called super-spreaders are also the source of many 

community outbreaks.[141] A star-like phylogenetic topology was apparent in all 

non-school outbreaks except for cluster eight (Figure 14). The possible 

presence of a super-spreader was supported clinically and epidemiologically in 
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within the variation we recorded, some rates were con-
sistent with latent infection. All longitudinally sampled 
patients received antituberculosis drug treatment. HIV 
testing was not systematically done until 2011 (only eight 
results were available, all negative); however, UK rates of 
co-infection are fairly low, declining steadily from 9·0% 
in 2003, to 4·9% in 2010.28 We recorded weak evidence 
that the initial genetic diversity and rate of change in 
DNA sequences might vary be tween household 
outbreaks and longitudinally sampled individuals (joint 
vs separate models, p=0·08). However, the mu tation rate 
was lower in individuals followed up longitudinally 
(0·3 SNPs per genome per year [95% CI 0–0·6]) than in 
those in household outbreaks (0·6 SNPs per genome per 
year [0·3–0·9]), and the initial diversity was higher 
(1·2 SNPs [0·3–1·9] vs 0·2 SNPs [0·008–0·7]).

We used these results to construct two thresholds 
against which to assess the MIRU-VNTR-based 
community clusters. We expected epidemiological link-
age consistent with transmission to exist between isolates 
diff ering by fi ve or fewer SNPs, and not to exist between 
isolates diff ering by more than 12 SNPs. We deemed 
pairs diff ering by six to 12 SNPs to be indeterminate.

The 11 community clusters were defi ned by their MIRU-
VNTR profi le (or up to two locus mismatches; table). 
Starting from the fi rst case in each cluster, we constructed 
11 networks (one for each cluster), accounting for 
157 potential transmissions (edges; appendix). Within the 
three clusters centred on schools, 17 (85%) of 20 patients 

could be epidemiologically linked (table), with no link 
confi rmed in three MIRU-VNTR-matched community 
isolates (the community-based case in cluster three was 
35 SNPs away from the school isolates). In clusters six 
and seven, 27 (79%) of 34 patients could also be 
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substantially diff erent MIRU-VNTR profi les. †Pair of Mycobacterium africanum isolates are represented two SNPs apart.
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Dashed red box includes isolates that diff er by fi ve or fewer SNPs. SNP=single nucleotide polymorphism. 
MIRU-VNTR=mycobacterial interspersed repetitive-unit–variable-number tandem-repeat.
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clusters five and seven, but there was insufficient data to confirm or refute this 

in the other clusters. 

In cluster five, the nine isolates were sequenced in two separate HiSeq runs. 

Phylogenetic analysis of the first six isolates demonstrated a vacant central 

node in the genetic tree, consistent with a potentially still un-sequenced 

common source isolate. One of the three isolates from the subsequent HiSeq 

run matched this predicted sequence precisely (orange nodes in Figure 14). It 

belonged to a treatment non-compliant drug-dealer with cavitating, pulmonary, 

smear-positive tuberculosis. This likely super-spreader had been diagnosed 

early in the outbreak, had interacted with many contacts and was eventually 

detained under public health law in the interests of public safety.  

In cluster seven, the centrally placed individual was treatment non-compliant for 

four years, had cavitating, pulmonary, smear-positive disease and had “known” 

or “possible” epidemiological links to all other infected individuals, as illustrated 

in Figure 15. This individual tended to drink at the homes of some of the 

secondary cases in the cluster, as well as in a local pub that other secondary 

cases also used to frequent. As such it is plausible that all other secondary 

cases in the cluster spent prolonged periods sharing the same air as the 

suspected index case, regardless of whether they had made social 

acquaintances with the individual.  

In addition to being the first patient to be diagnosed, having clinical disease 

compatible with being infectious, and having confirmed or plausible 

epidemiological links to the secondary cases in the cluster, and being centrally 

placed on the phylogenetic tree, the suspected super-spreader also had a 
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mixture of base-calls at variant sites that were representative of the genetic 

variation observed between isolates from secondary cases at those sites. A 

plausible explanation is that a so-called cloud of genetically related but different 

strains may have evolved in the individual over the years of non-compliance 

with treatment, but that a bottle-neck at the point of transmission allowed for 

only one strain to infect each secondary case (Figure 15). 

 

Figure 14: Genetic distances estimated with maximum likelihood. Each blue circle 
represents a node of people who were infected with isolates separated by 0 SNPs. 
Each number within a circle is one patient, and the value of the number indicates the 
year of the outbreak they were diagnosed in (the first patient being diagnosed at year 0 
in each case). For patients with several isolates, only the closest in SNPs to the next 
patient is included. 
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epidemiologically linked (table). However, in the 
remaining six clusters, including one associated with an 
African immigrant community (cluster ten), only 25 (24%) 
of 103 patients could be epidemiologically linked (table).

None of 69 epidemiologically linked and two (15%) of 
13 possibly epidemiology linked patients were separated 
by more than fi ve SNPs (seven and 12 SNPs respectively); 
conversely, 13 (17%) of 75 epidemiologically un linked 
patients were separated by more than fi ve SNPs and seven 
(9%) by more than 12 SNPs (three-way comparison exact 
p<0·0001; table). However, 22 potential transmissions of 
the 69 known to be epidemiologically linked featured in 
both household and community outbreaks. Excluding 

those, the number of epidemiologically linked patients 
diff ering by fi ve SNPs or fewer was 47 (p=0·003).

The ability to identify cryptic outbreaks was most evident 
in cluster four, in which fi ve SNPs or fewer separated 
38 individuals with a background of substance misuse for 
whom contact tracing had been diffi  cult (table). The ability 
to rule out transmission was par ticularly evident in cluster 
ten, in which more than 30 SNPs separated fi ve individuals 
from a recent immigrant community and one British-
born individual from the next nearest patient. In this 
cluster, isolates from ten patients from two cities 45 miles 
apart, with no known epidemiological links, could be 
genetically linked by fi ve or fewer SNPs.
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Figure 4: Genetic distances within 11 community clusters
Genetic distances estimated with maximum likelihood. Each blue circle represents a node of people who were infected with isolates separated by no SNPs. Each number 
within a circle is one patient, the number indicates at which year during the outbreak they were diagnosed (the fi rst infected is represented by 0). For patients with 
several isolates, the closest in SNPs to the next patient is included. Black circles are added when patients within blue circles are separated by more than one SNP; one black 
circle represents a diff erence of one SNP. Dashed lines in clusters three and ten show larger SNP distances (not to scale), with numbers representing the SNP diff erence. 
Arrows indicate the next closest isolate in the sequenced collection. Cluster fi ve has three red nodes that were sequenced after the blue nodes; the existence of the central 
red node was suggested by the constellation of surrounding blue nodes. SNP=single nucleotide polymorphism. *Two isolates from one patient.
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As well as signalling super-spreaders, phylogenetic topology was indicative of 

the sampling density within MIRU-VNTR clusters. For example, fewer vacant 

black nodes can be seen in cluster four, where isolates from 47 of 52 patients 

clustered by MIRU-VNTR were sequenced, than in cluster nine, where only 18 

(6%) of over 280 were sequenced (Figure 14).  

 

  

Figure 15: (A) Genetic tree and matrix of nucleotide variants. Genetic distances 
estimated with maximum likelihood. Each blue circle represents a node of people who 
were infected with isolates separated by no single nucleotide polymorphisms. Numbers 
within nodes are patients numbers and years of sample isolation are given in 
parentheses. The matrix shows nucleotide variants. (B) Time of onset of symptoms, 
diagnosis and treatment. (C) Sputum smear positive samples show probable infectious 
periods.  
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To explore the potential for 24-locus MIRU-VNTR typing 
to miss genuine transmission, we assessed the proportion 
of sequenced isolates matching only at 22 or 23 MIRU-
VNTR that were genetically linked by fi ve or fewer SNPs. 
Of 195 isolates typed at 24 loci, 14 pairs were matched at 
22–23 loci. Three pairs of isolates were from individuals 
and three from households, all within one SNP of each 
other. Of four mismatching isolates in com munity 
clusters, two had possible epidemiological links to the 
cluster (four and 12 SNPs) and two had no known link to 
the cluster (none and fi ve SNPs). The remaining four pairs 
had no known epidemiological links and were separated 
by 25, 94, 96, and 275 SNPs (exact p=0·03 comparing six of 
six known links [individuals and households] vs three of 
eight other links of fi ve or fewer SNPs). No isolates 
matching at up to 21 MIRU-VNTR loci were genetically 
linked by fi ve or fewer SNPs (fi gure 3, appendix).

The star-like pattern that would be expected with a 
super-spreader was apparent in all non-school outbreaks 
except for cluster eight (fi gure 4). The possible presence 

of a super-spreader was supported clinically and epi-
demiologically in clusters fi ve and seven. In cluster fi ve, 
the nine isolates were sequenced in two separate HiSeq 
runs. Phylogenetic analysis of the fi rst six isolates 
identifi ed a vacant central node in the genetic tree, which 
is consistent with a potentially still unsequenced com-
mon root (isolate). One of the three isolates from the 
subsequent HiSeq run matched this predicted sequence 
precisely (fi gure 4). The isolate belonged to a treatment 
non-compliant drug dealer with cavitating, pulmonary, 
smear-positive tuberculosis. This probable super-
spreader had been diagnosed early in the outbreak, had 
interacted with many contacts, and was eventually 
detained under public health law in the interests of 
public safety. In cluster seven, the centrally placed 
individual was treatment non-compliant for 4 years, and 
had cavitating, pulmonary, smear-positive disease and 
known or possible epidemiological links to all other 
infected individuals. Notably, variants in other patients’ 
sequences were present as mixed base-calls in this 
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3.7 DISCUSSION 

These findings demonstrate how WGS can delineate both the margins and the 

structure of tuberculosis outbreaks with unprecedented resolution. 96% of M. 

tuberculosis isolates were within 5 SNPs of another isolate taken from the same 

individual or from a household contact. This finding provides essential context 

for the diversity expected from closely related isolates in transmission chains. In 

a low HIV prevalence setting, I estimated a molecular clock of 0.5 SNPs per 

genome per year, similar to estimates in macaques,[61] predicting a maximum 

of 5 SNPs at three years and 10 SNPs at ten years. I then applied a metric 

based on two thresholds, fewer than or equal to 5 SNPs and greater than 12 

SNPs, to 11 MIRU-VNTR-based community clusters to examine the potential of 

WGS to identify outbreaks more effectively and direct contact tracing more 

efficiently. Across 157 potential transmissions in these 11 clusters, all 69 

epidemiologically ‘linked’ patients could be genetically linked within 5 SNPs, 

with only two of 13 patients classed as ‘possibly’ epidemiologically linked in the 

intermediate range of 6-12 SNPs. The only genetic links to exceed 12 SNPs 

involved 7 of 75 patients with ‘no known’ epidemiological links. These results 

suggest that within MIRU-VNTR defined clusters, WGS offers sufficient 

resolution to identify outbreaks where they occur and to discount them where 

they do not.  

The idea that SNP thresholds can be set as a guide to inferring transmission 

was criticised soon after this data was published. In a study of 97 

epidemiologically linked pairs of M. tuberculosis sequences from the 

Netherlands, the authors argue that the variability in the molecular clock over 
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the short time period that is relevant to transmission studies precludes any 

setting of arbitrary thresholds. The authors instead argue that inferences about 

transmission should be made on the basis of “deep sampling of a phylogenetic 

cluster”.[236] There are a number of problems with their critique. First, their 

data broadly corroborates mine. The mean molecular clock is similar to that 

estimated in this thesis, at 0.3 SNPs per sequenced genome per year, whereas 

the SNP distances separating epidemiologically related pairs was 0 in 37 

instances, and greater than 5 in only 3 instances (6, 7 and 8 SNPs 

respectively). Second, the thresholds of 5 and 12 SNPs are not designed to 

represent a biological truth that can be countered by their (and my own) 

observation that there is some variability within the molecular clock. They are 

instead suggested decision making guides that are (a) easy for end users to 

understand and (b) accommodate most of variability in microevolution that has 

been observed in this thesis as well as in the study from the Netherlands. Third, 

one can only use the phylogeny to understand transmission after the outbreak 

has occurred. To paraphrase Karl Marx, “phylo-geneticists have only interpreted 

clusters in various ways; the point, however, is to change them” *. If outbreaks 

are to be prevented then public health teams have to be able to make a 

decision about the relatedness of the first two sequenced isolates before 

additional data emerges that might enrich any phylogenetic signals, but that 

also represents failure of public health control. With two samples at hand, all 

one has to relate them to one another is genetic distance.        

!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!
*!“The! philosophers! have! only! interpreted( the!world,! in! various!ways;! the! point,!
however,!is!to!change!it.”!The!11th!of!Marx’s!Theses!on!Feuerbach!(1845)!
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There have been a number of articles published since that use WGS to study 

within-host genetic variation or outbreaks. To assess the maximum within-host 

diversity, Laura Pérez-Lago et. al. sequenced isolates from individuals and 

outbreaks where at least one isolate could be differentiated by RFLP or MIRU-

VNTR patterns.[237] Despite the deliberate selection of unusual cases, 42 of 54 

(78%) pairwise comparisons were within 5 SNPs. More recently, papers by 

Josephine Bryant et. al. and Afonso Guerra-Assunção et. al. explored the utility 

of WGS to distinguish relapsed infection from reinfection in high-incidence 

settings.[238,239] The study by Bryant et. al. focussed on patients enrolled in 

the REMoxTB trial,[114] identifying 33 of 47 pairs of isolates from patients with 

a second episode of disease as relapses. Of these relapsed pairs, 27 of 33 

were separated by 0 SNPs, whilst 3 were separated by 1 SNP, 2 by 2 SNPs 

and 1 by 6 SNPs. Guerra-Assunção’s study asked the same question of a 

population in Karonga, northern Malawi, over a 14-year period (1996-2010). 

They found that 51 of 66 patients with a second episode of disease had 

suffered a relapse of their earlier infection, of which 29 pairwise comparisons 

were 0 SNPs, 48 were within 5 SNPs, and the remaining three were separated 

by 6, 7 and 8 SNPs respectively.  

Although Bryant et. al. [236] caution the use of SNP thresholds for the 

transmission, and Pérez-Lago[237] and Guerra-Assunção[239] challenge the 

level of my suggested thresholds, the data presented in these subsequent 

studies nevertheless remain consistent with my findings. Consequently, it is 

reasonable to assess the clinical utility of these thresholds by sequencing M. 

tuberculosis strains prospectively, as is due to start in the Midlands in early 
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2015. To the best of my knowledge this will be the first study to assess the 

added value of sequence data to public health control of tuberculosis infection.                 

Aside from providing SNP distances between isolates, sequence data might 

also resolve the structure of some transmission networks,[240] which could 

benefit public health if contact investigations can be focussed around the most 

infectious individuals. Within the eight non-school community clusters I was 

able to identify two possible super-spreaders by inspecting the genetic trees for 

nodes from which multiple lineages diverge. Although super-spreaders have 

previously been hypothesised, there has previously been no direct genetic 

evidence for them.[54,141,241] In both cases the individuals whose isolates 

were placed centrally on the tree were also epidemiologically the most likely 

source for secondary cases in their respective clusters.  

The relationship between the first six sequences in cluster 5 implied the 

existence of a source case, or isolate that had not been sequenced. This was of 

particular interest not only as the prediction was confirmed by the subsequent 

sequencing of additional isolates, but also because the epidemiological data 

implied that the individual in question was the super-spreader. Current typing 

methods provide no insight into the existence of undiagnosed cases, which is a 

potential problem as patients who remain undiagnosed have many 

opportunities to infect secondary cases. Indeed, as the natural history of 

disease suggests, some patients may never seek medical attention at all.[50] 

Although in these specific examples the central node/source case was actually 

diagnosed early in each outbreak, the findings suggest that public health teams 

could use WGS data in real-time to target active case finding efforts where the 
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existence of undiagnosed individuals is predicted by the evolving genetic 

topology of the outbreak.  

There are good theoretical reasons to be cautious when attempting to make 

inferences about the direction of transmission in a cluster from the phylogenetic 

relationships. First, because of the bottlenecks involved in sample production, 

any degree of genetic diversity within the donor at a single time point could lead 

to different, albeit closely related strains being transmitted to a recipient case 

and being sequenced as part of the diagnostic process, as was hypothesised 

by Midori Kato-Maeda.[242] Even if the full range of diversity is captured in a 

clinical sample, the process of culturing an isolate prior to DNA extraction and 

sequencing could favour one strain over another.[243] Second, incomplete 

sampling frames can result in inaccurate inferences if the true donor is not 

sampled, or if the donor is sampled only after micro-evolutionary changes that 

distinguish the transmitted strain from the sampled strain.[244]  

Despite appropriate theoretical caution, a number of publications have since 

also described super-spreaders at the centre of genetic networks or 

phylogenetic trees. Kato-Maeda reported on nine sequenced cases from an 

outbreak in San Francisco where the SNP-based network corroborated the 

epidemiological hypothesis that a single super-spreader was responsible for the 

secondary cases.[242] Thomas Kohl et. al. argued that an individual at the 

centre of their tree of sequences from an outbreak in Hamburg was the index 

case, with epidemiological links to at least one patient within 5 of 8 secondary 

nodes as they appear on the tree.[245] Likewise, Stucki et. al. describe an 

outbreak in Berne where the epidemiology and genomic signals both indicate a 
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particular individual as the super-spreader.[246] In fact, to the best of my 

knowledge, there are no published examples of outbreaks where good 

epidemiological data was available and where the sequence data implicates a 

different super-spreader than the epidemiology. As the number of outbreaks 

sequenced increases one will be able to attribute a sensitivity and specificity to 

such genomic predictions, publication bias allowing. Similarly, as experience of 

interpreting the topology of genetic trees develops, one hopes that this will not 

only become a useful tool for the identification of potential super-spreaders, but 

also for assessing the completeness of outbreak investigations and determining 

the likelihood of on-going transmission.  

Although MIRU-VNTR typing has been an effective way of identifying outbreaks 

of tuberculosis,[214,215,224,247] the genomic diversity within some MIRU-

VNTR genotypes[220,248] can leave public health teams uncertain how 

intensively to investigate clusters where the epidemiological links are 

unapparent. My results, which support the recent observation that micro-

evolutionary events can change a MIRU-VNTR genotype within a host,[249] 

add to this uncertainty. The consequences are long and costly contact tracing 

efforts that may ultimately be futile. Cluster 10 illustrates this dilemma best. 

Although all but one patient in the cluster were from the same country of origin 

in east Africa, and although all patients had the same 24-locus MIRU-VNTR 

profile, the patients were resident across four different towns in the Midlands 

and north of England. No patient volunteered an epidemiological link to another 

case that extended beyond the immediate household, yet public health teams 

were also aware of a prevailing social stigma that could explain such apparent 

reticence. It was only when the sequence data was first presented that the 
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public health teams discovered they had not only in some cases expended time 

searching for epidemiological links between genomically unrelated patients, but 

that there were also genomically linked cases resident in towns separated by 

the boundaries within which Health Protection Units operate. Whether the 

greater certainty afforded by WGS would have resulted in the identification of 

additional links in cluster 10, had the data been available during the 

epidemiological investigations, is a matter of speculation. However, similar data 

did inform on-going investigations into cluster 7, helping identify additional 

contacts who then received isoniazid and rifampicin prophylaxis after screening 

positive for LTBI by interferon-γ release assays. 

A study of M. tuberculosis infection in nine macaques compared the molecular 

clock rate between latent disease and active disease with the rate observed in 

culture, finding no evidence that the rate (0.5 SNPs per sequenced genome per 

year) differed significantly between the different scenarios.[61] Within the 

variation I recorded, some instances were consistent with the slower mutation 

rate expected in latent infection, such as the 0 SNP difference over 7 years in 

cluster 2 (Figure 14), even though this rate is still within the margins of the 

credibility intervals on the mean clock rate calculated in this chapter (also 0.5 

SNPs per sequenced genome per year) (Figure 12). Since the data in this 

chapter was published, similar clock rates have been calculated by Bryant et. 

al., ~0.3 SNPs per genome per year based on repeatedly sequenced 

individuals, and by Roetzer et. al., ~0.4 SNPs per genome per year based on a 

transmission chain in Hamburg.[236,250] Although there appears to be 

convergence on a clock rate across these studies, whether the clock rate is 
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genuinely no slower in what is commonly thought of as ‘latent infection’ still 

needs corroborating as the original macaque study was very small.   

Along with the molecular clock, the 5 SNPs and 12 SNP thresholds are agnostic 

to the incidence of the study setting. As the sampling frame for my study 

included an ethnically diverse population in whom all main global diversity of M. 

tuberculosis were represented, and of whom many originated from high 

transmission countries, these results are likely to be valid in high incidence 

settings beyond the Midlands, UK. Indeed, the recent sequencing-based study 

of within host diversity in Malawi demonstrated similar SNP differences between 

paired sequences to those described in this chapter.[239]     

However, the utility of these findings to a high incidence setting does still need 

to be formally assessed, as they indeed do for low-incidence settings. In theory, 

in a low-income, high-incidence setting where patients might remain 

undiagnosed, or receive inadequate treatment, there is the potential for these 

cases to transmit tuberculosis as super-spreaders to many recipients, leading to 

larger cluster sizes. Were public health teams able to conduct contact 

investigations in such circumstances, it is possible that they would derive more 

benefit from ruling out recent transmission than they do from linking cases 

within 5 SNPs of each other, because the number of intermediary cases within 

3 years of evolution may still be large. To this end it would have been 

informative to characterise cluster 9 in more detail as over 280 patients were 

linked to it by historical RFLP and MIRU-VNTR typing. Unfortunately the 

resources were not available to sequence this cluster in its entirety at the time. 

However, in a recent study of a township in South Africa, where the incidence is 
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an enormous 2,000 cases per 100,000 population, RFLP-typing defined 87 

independent clusters among 478 patients with a genotypic match, 

demonstrating numerous small clusters instead of a single uncontrolled 

circulating clone.[251] 

Whether or not the transmission in high-incidence settings follows the pattern of 

many smaller or of few larger outbreaks that might render small SNP distances 

harder to interpret, it should nevertheless be possible to identify phylogenetic 

signals for potential super-spreaders. The phylogenetic topology in cluster 4, 

from which we sequenced 47 of 52 patient isolates, is consistent with more than 

one super-spreader, although the epidemiological history of this outbreak was 

insufficiently characterised to be able to draw any further conclusions. Where 

infectious individuals remain undiagnosed, the mycobacterial subpopulations 

evolving within these individuals over time may contribute to their identification 

as super-spreaders upon diagnosis, as would have been the case for the index 

case with the mixed-base calls observed in cluster 7.   

Potential limitations of this study include the failure to sequence all isolates from 

the community-based clusters, as some were unavailable. However, where 

isolates that diverge by 5 or fewer SNPs were sequenced, any missing 

intermediate cases would make transmission more, not less plausible. Real-

time contact investigations also have to deal with missing data, using existing 

information to judge the plausibility of additional, intermediary cases. Another 

limitation, due in part to the relatively short read lengths, is that only ~88% of 

each genome could be accurately mapped. This excluded repetitive segments 

within the reference genome such as the regions defining MIRU-VNTR. 
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Although additional diversity may therefore be masked from my analysis, it is 

unclear how much additional resolution this would provide.  

The decision by PHE to pilot WGS technology for routine tuberculosis public 

health practice in the Midlands in 2015 has been made against a background of 

rapidly declining costs of WGS technologies and recent advances that have 

improved turnaround-times significantly.[189] Costs are now in the region of 

£40 per sequence, similar to the costs of MIRU-VNTR typing. I predict that 

WGS will likely be of benefit in complex community outbreaks where 

epidemiological data is difficult to obtain, and where SNP distances alone can 

be used to either include or exclude individuals from a transmission chain. This 

could by itself save public health teams time and money by preventing 

unnecessary investigations, as was the case in cluster 10. In some cases the 

phylogeny might provide information for more targeted contact investigations. 

Based on what we know already, the impact on how public health surveillance 

and intervention is practiced in the UK is likely to be substantial. 
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4 TUBERCULOSIS TRANSMISSION IN OXFORDSHIRE, 2007-

2012. 

4.1 INTRODUCTION 

Having defined a metric for transmission based on genomic distance in chapter 

3, I applied the method to a population study of Oxfordshire to investigate 

transmission patterns at a regional level. Such a study is of interest as the 

burden of tuberculosis in the UK is among the highest in Western Europe, with 

~8000 cases diagnosed in 2013.[132,134] Although the incidence fell to 12.3 

cases per 100,000 population in 2013, it had risen by over 20% from 11.4 per 

100,000 in 2000 to 14.4 per 100,000 in 2011.[55,134] These additional cases 

have been accounted for by patients born overseas,[216] but the role of inward 

migration in local transmission remains unclear. Designing control measures to 

sustain the reverse in incidence trends requires a better understanding of the 

relative contributions of reactivated versus newly acquired infections to overall 

disease.  

Population studies of this kind have been undertaken in the past, most notably 

by Allix-Beguec[214] and by Roetzer[252], albeit using MIRU-VNTR genotyping. 

Such studies would have been possible in the UK after the National Strain 

Typing Project introduced routine 24-locus MIRU-VNTR in 2010, but these were 

not done.[55] However, as chapter 3 has demonstrated, MIRU-VNTR cannot 

distinguish recent from historical transmission as reliably as WGS data can. 

Although WGS has been shown to be a more appropriate technique with which 

to address such questions,[141,236-238,250,253] prior to the study outlined in 
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this chapter, it had not yet been exploited for a population-based study to more 

accurately quantify transmission of tuberculosis within a defined region over a 

fixed period of time. 

Oxfordshire has a population of 760,000 and is a low-incidence region with 8.4 

cases per 100,000 population. Like the UK as a whole, most cases are 

restricted to a small number of urban centres.[133,254] In this chapter I present 

the findings of an investigation into the contribution of tuberculosis cases arising 

from transmission in Oxfordshire, and whether the rate of transmission events 

varies between those born in high-incidence and those born in low-incidence 

countries. 

4.2 METHODS 

4.2.1 CULTURE AND DNA EXTRACTION 

I cultured the majority of samples from frozen stocks, first in MGIT until ample 

growth was visible, and then on LJ media. Where sufficient culture was 

apparent in archived freezer vials, I transferred culture directly onto LJ medium. 

Where I identified cultures for sequencing prior to archiving, I subbed these 

directly from MGIT to LJ, without having been frozen. All cultures were 

incubated at 37°C until mature growth was obtained.  

The CTAB method described in the previous chapter was laborious, taking two 

days to process just 24 samples, and necessitating a fume cabinet because of 

the chloroform. I therefore developed an alternative, cleaner and more efficient 

method for the extraction and purification of DNA in this study. The protocol is 

based on the commercial Fuji Quickgene DNA extraction kit (Kurabo Bio-
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Medical, Osaka, Japan). I adapted the manufacturer’s protocol to optimise the 

DNA yield from M. tuberculosis, primarily by introducing a mechanical disruption 

step, as had been done by colleagues in my laboratory working on other 

pathogens. All samples processed in Oxford were subject to this method, with 

only the few samples not archived in Oxford and supplied by the PHE National 

Mycobacterial Reference Unit being processed in London using the CTAB 

method. 

As the Quickgene method was new to our laboratory, experiments were first 

required to demonstrate its safety, ensuring the cultures were no longer viable 

before removing them from the containment level 3 laboratory for further 

processing. I undertook a heat-kill experiment whereby mature cultures were 

harvested from 36 LJ slopes, suspended in 400ul of 0.85% saline or 1XTE in a 

1.5ml or 2ml screw-top micro-centrifuge tube, sonicated for 20 minutes at 

35kHz (60W), and placed in a heat block set at 95°C. I repeated the experiment 

three times, heating the samples for 10, 30 and 120 minutes respectively. After 

heating I re-inoculated the cultures into MGIT and incubated these for 40 days 

or until the automated MGIT system indicated growth. Only among the 36 

cultures heated for 120 minutes did all MGITs remain negative for growth at 40 

days. 120 minutes was therefore taken forward as the preferred protocol.    

The protocol was as follows: 

1. Within the containment level 3 laboratory, take a 10ul plastic loop to 

harvest colonies from the LJ slope, and suspend them in 0.85% saline in 

a 1.5ml screw-cap micro-centrifuge tube. 
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2. Sonicate the tubes in the fume extraction cabinet for 20 minutes at a 

frequency of 35 kHz (60W). 

3. Heat sonicated tubes in the heat block at 95°C for 2 hours. The samples 

are now ready to be removed form the containment level 3 laboratory.  

4. To each sample add 20ul EDT (Proteinase K) and 300ul LDT buffer from 

the Quickgene kit  

5. Transfer entire content of the sample tube to Lysing Matrix B for 

mechanical disruption with silica beads on the FastPrep-24 homogenizer 

(MP Biomedicals, Santa Ana, California, USA).   

6. Run the FastPrep for 40 seconds at a frequency of 6 meters/second.  

7. Repeat after a 5-minute interval. 

8. Remove the lysing matrix B tube and centrifuge at 13600 rpm for 10 

minutes 

9. Transfer supernatant to a fresh tube, carefully avoiding transferring 

beads with the supernatant. 

10. Place the fresh tube containing the supernatant on a heat block at 70°C 

for 10 minutes. 

11. Add 240ul of 99% EtOH to the tube and vortex for 15 seconds. 

12. Set up Quick-Gene machine: Place discard tubes in the front row and 

final tubes to catch the purified DNA in the back row. Filters are placed in 

the movable rack. 

13. Transfer the entire sample content into the filter, making sure the filter is 

overlying the discard tube. 
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14. Turn the handle to operate the Quickgene machine. Air pressure is 

applied to the filters until all the fluid had gone through into the discard 

tubes. The DNA is selectively bound to the filter membrane.  

15. Add 750ul WDT (supplied with the Quickgene kit) to each filter and turn 

the handle again until all the WDT has passed through the filter. Repeat 

this washing step three times in total (twice more). 

16. Transfer the movable rack backwards so that the filters are overlying the 

final catch tubes. 

17. Elute with 50-100ul of CDT (supplied with the Quickgene kit). Optimal 

results are obtained if the CDT is pre-warmed to 50-70°C. Once the CDT 

is added to each filter, wait 2-minutes before running the machine to 

elute the DNA through the filter and into the catch tube. 

I quantified DNA concentrations with the Tecan Infinite 2500 Pro using 

PicoGreen, a fluorescent dye that intercalates with DNA.[226] Concentrations of 

18ng/ul in 100ul were considered acceptable, with 36ul being used for 

sequencing. 

4.3 NEXT GENERATION SEQUENCING, BIOINFORMATICS PIPELINE AND 

ANALYSIS 

Isolates were sequenced at the Wellcome Trust Centre for Human Genetics in 

Oxford using Illumina HiSeq and MiSeq platforms (Illumina, San Diego, 

California, USA). The sequencing libraries were prepared by staff at the 

sequencing centres. As in the previous chapter, paired-end reads were mapped 

to the H37Rv M. tuberculosis reference genome (GenBank NC_000962.2) with 

Stampy v1.0.22.[227] Updating the pipeline described in chapter 3, the depth-
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filter was removed, allowing sites of unusual (above the 97.5th percentile) depth 

to pass, increasing mean coverage from 88% to 92% of the genome. This did 

not impact on previously described thresholds of genetic relatedness or 

introduce false-positive variant calls.[253] All other described aspects of the 

pipeline remained the same. Mean high-quality read depth was 106 (range 25-

195) and within strain standard deviations on the mean read depth varied 

between 9 and 55. False variant calls were assessed by re-sequencing isolates 

on different flow cells as technical replicates. Pairwise comparisons identified 

only a single false positive variant call across 202 genomes.  

I applied bespoke, in-house python scripts to FASTA files to identify variant 

calls and quantify the observed pairwise SNP-distances across selected 

sequences. In contrast to chapter 3, phylogenetic trees, reconstructed using 

PhyML under a general time-reversible (GTR) model,[232] were based on 

whole-genomes rather than just variant sites. To maximise computational 

efficiency by sparing the PhyML software the need to impute nucleotide 

sequences in over 7% of the genome, invariant sites where no base was called 

were assumed to be the same as the reference. This included all previously 

masked repetitive sequences. Although the use of whole genome length 

sequence data allows for the nucleotide substitution rate to be calculated more 

accurately, this effected longer branch lengths on the phylogenetic trees but 

made no material difference to the topology or interpretation of trees for clusters 

of closely genetically related isolates.   
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4.3.1 CASE IDENTIFICATION AND SAMPLE SELECTION 

I identified all residents of Oxfordshire postcodes with a M. tuberculosis culture 

or a clinical diagnosis of tuberculosis between 1st January 2007 and 31st 

December 2012 from three sources. Relevant diagnostic codes and 

microbiology results were identified from the Oxford University Hospitals (OUH) 

Patient Safety Server, a warehouse of all microbiology tests and OUH 

admissions. The OUH Trust provides all microbiology laboratory services, over 

99% of acute care, and over 90% of specialist services in the county. This was 

supplemented by a review of all records kept by the Thames Valley Health 

Protection Unit and local specialist tuberculosis nurses. All identified cases 

were then checked against the national Enhanced Tuberculosis Surveillance 

(ETS) database. Additional demographic (age, sex, social risk factors, year of 

UK entry, country of birth), clinical (pulmonary vs non-pulmonary) and 

microbiological data (microscopy and culture results) were also derived from 

ETS.  

I sought at least one M. tuberculosis complex culture for each patient with 

microbiologically confirmed disease. Where possible, cultures were obtained 

from the OUH microbiology laboratory, from a frozen archive if isolated between 

2007-2010, and collected prospectively from 2011 onwards. I retrieved cultures 

referred to other hospitals from the mycobacterial reference laboratories in 

London, Birmingham, Newcastle or Edinburgh. 

4.3.2 EPIDEMIOLOGICAL AND GENOMIC CLUSTER ANALYSIS 

The specialist tuberculosis nurses, the lead Infectious Diseases physician for 

the Oxfordshire tuberculosis service, and the local Consultant for 
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Communicable Disease Control independently identified epidemiological 

linkage, defined as shared space and time, blinded to WGS, with discrepancies 

resolved by consensus. Assessments were based on previous national 

guideline-directed cluster investigations.[153,255] Genomic clusters were 

determined independently of the epidemiological data, and were defined where 

no more than 12 SNPs in isolates separated a patient from at least one other 

patient in the cluster. I used the upper threshold of 12 SNPs, based on the 

maximum within and between-host genetic diversity described in chapter 3, to 

maximise the sensitivity for identifying clusters. I constructed plausible 

transmission networks for each genomic cluster, and epidemiological cluster 

with sequence data available, as described in chapter 3.[253] In brief, the first 

patient diagnosed in each cluster was defined as the index case, with links to 

subsequent cases assigned first by any epidemiological linkage, then by 

genetic distance, and then by timing of diagnosis. Hence the total number of 

links in each cluster is the number of patients in that cluster minus the index 

case.  

I calculated incidence by postcode using denominator data from the Office of 

National Statistics (ONS). Incidence specific to country of birth was calculated 

using a regional ONS denominator, as data on countries of birth by postcode 

were unavailable. Countries of birth with an incidence of 50 cases per 100,000 

population per year were classified as high incidence, and those below this 

threshold were classified as low incidence.[256] I assessed the association 

between high incidence versus low incidence country of birth and disease 

characteristics or clustering by epidemiology or genomics using logistic 

regression in STATA version 13.1 (StataCorp, 2013). All analyses were 
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adjusted for age and gender, because other factors had moderate amounts of 

missing data.   

4.4 RESULTS 

390 Oxfordshire residents had a M. tuberculosis culture or clinical tuberculosis 

diagnosis. Six were excluded as their isolates were considered laboratory 

contaminants, leaving 384 cases. 269 had culture positive disease, 112 culture 

negative disease, and the status of three patients diagnosed overseas could not 

be ascertained. In total 22 of 269 (8%) cultures did not grow, could not be 

retrieved, or failed WGS quality control, leaving 247 patients with sequence 

data available (Figure 16). 

  

Figure 16: Flow chart of sample selection. *Three laboratory contaminants were 
identified previously and three by use of whole-genome sequencing. 
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Methods
Case identifi cation and sample selection
We identifi ed all residents with Oxfordshire postcodes 
with an M tuberculosis culture or a clinical diagnosis of 
tuberculosis between Jan 1, 2007, and Dec 31, 2012, from 
three sources. Relevant diagnostic codes and 
microbiology results were identifi ed from the Oxford 
University Hospitals (OUH) Patient Safety Server, a 
warehouse of all microbiology tests and OUH 
admissions. The OUH Trust provides all microbiology 
laboratory services, more than 99% of acute care, and 
more than 90% of specialist services in the county. 
Additionally, we reviewed all records kept by the Thames 
Valley Health Protection Unit, Chilton, UK, and local 
specialist tuberculosis nurses. All identifi ed cases were 
then checked against the national Enhanced Tuberculosis 
Surveillance (ETS) database. Additional demographic 
(age, sex, social risk factors, year of UK entry, and country 
of birth), clinical (pulmonary vs non-pulmonary), and 
microbiological data (microscopy and culture results) 
were also obtained from ETS. 

At least one M tuberculosis complex culture was sought 
for each patient with microbiologically confi rmed disease. 
Where possible, cultures were obtained from the OUH 
microbiology laboratory (from a frozen archive 2007–10 
and obtained prospectively from 2011 onwards). Cultures 
referred to other UK hospitals were retrieved from the 
mycobacterial reference laboratories in London, 
Birmingham, Newcastle, or Edinburgh. 

DNA preparation and sequencing
All cultures were grown in Mycobacterial Growth Indicator 
Tubes (Becton–Dickinson, Oxford, UK) containing 
modifi ed Middlebrooks 7H9 liquid medium and on 
Löwenstein–Jensen agar (Media for Mycobacteria, Wales, 
UK). Mature cultures were suspended in 400 μL of 0·85% 
saline, sonicated at 35 kHz for 20 min and heated to 95°C 
for 2 h to render them non-viable. DNA was extracted and 
purifi ed by use of the Fuji Quickgene kit (Kurabo Bio-
Medical, Osaka, Japan) with an added mechanical 
disruption step using the Fastprep homogeniser and 
Lysing Matrix B (MP Biomedicals, Santa Ana, CA, USA). 
All samples were processed in Oxford except where the 
Public Health England National Mycobacterial Reference 
Unit, London, processed archived samples with the cetyl 
trimethylammonium bromide method.9 

Libraries were prepared by use of Nextera kits and 
sequenced on HiSeq platforms (both Illumina, San Diego, 
CA, USA) at the Wellcome Trust Centre for Human 
Genetics, Oxford. Paired-end reads were mapped 
with Stampy (version 1.0.22)10 to the H37Rv 
(GenBank NC000962.2) reference genome as previously 
described.5 7·4% of the H37Rv genome was identifi ed as 
repetitive by use of self–self BLAST and was masked. 
Variant calls in non-repetitive regions were made with 
SAMtools mpileup (version 0.1.18),11 providing they were 
supported by at least fi ve reads, including one in each 
direction. Sites where minority variants represented more 
than 10% of read depth were defi ned as mixed and no base 
called. Mean high-quality read-depth was 106 
(range 25–195). Within-strain read depth varied with a 
range of SD of 9–55. After update of the previous bio-
informatics mapping and fi ltering processes, sites in the 
top 2·5 percentiles of read depth and within 12 nucleotides 
of another variant were included, which increased mean 
coverage from 88% to 92% of the genome without aff ecting 
previously described thresholds of genetic relatedness or 
introducing false-positive variant calls.5 Consistency in 
variant calling was assessed by resequencing isolates on 
diff erent fl ow cells as technical replicates. Pairwise 
comparisons were used to identify only a single false-
positive variant call across 202 genomes. Short-read data 
were deposited in the European Nucleotide Archive.

Epidemiological and genomic cluster analysis
The specialist tuberculosis nurses (LP, SC, and KB), lead 
infectious diseases physician for the Oxfordshire tuber-
culosis service (CPC), and local consultant for com-
municable disease control (NDM) independently identifi ed 
epidemiological linkage, defi ned as shared space and time, 
masked to WGS, with discrepancies resolved by consensus. 
Assessments were according to previous national guideline-
directed cluster investi gations.12,13 Genomic clusters were 
ascertained independently of the epi demiological data, and 
were defi ned where no more than 12 single-nucleotide 
polymorphisms (SNPs) separated a patient isolate from that 
of at least one other patient in the cluster. For our sequence 

Figure 1: Flow chart of sample selection
*Three laboratory contaminants were identifi ed previously and three by use of whole-genome sequencing. 

390 patients identified from databases

384 cases confirmed

269 culture-positive disease

256 had samples sequenced

6 excluded as likely to be laboratory contaminants*

 3 diagnosed overseas, culture status not known
 112 culture-negative disease

13 excluded because samples not 
 found or could not be cultured

9 excluded because of low-quality data

247 with sequences for analysis

For the European Nucleotide 
Archive see http://www.ebi.

ac.uk/ena/data/view/PRJEB5162
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4.4.1 EPIDEMIOLOGICAL ANALYSIS 

Median patient age was 34 years (range 1-89), with 255 (67%) born in a high-

incidence country, 103 (27%) in the UK and 22 (6%) in another low-incidence 

country (Figure 17). The place of birth was not known for four patients, including 

one with culture-positive disease. For non-UK born patients, a median five 

years (IQR 2-9) had elapsed from UK entry to tuberculosis diagnosis (Figure 

18). The 6% of Oxfordshire’s population born in a high-incidence country had 

an annual tuberculosis incidence of 109 cases per 100,000 persons compared 

to 3.5 per 100,000 persons for those born in a low-incidence country. Among 

these the incidence was 3.0 per 100,000 if UK-born, and 7.2 per 100,000 

persons for those born in a low-incidence country other than the UK. Three 

postcodes (OX3 [n=43000], OX4 [n=62000] and OX16 [n=47000]) accounted 

for 20% of the population and 233 (61%) of 383 cases for whom the postcode 

was known (Figure 19). 178 (77%) of 232 cases residing in these postcode 

areas were born in high-incidence countries, versus 77 (52%) of 148 who were 

living elsewhere (p<0.0001). The country of origin was unknown for one patient 

in the three higher incidence postcodes.  
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assembling and fi ltering pipeline, 12 SNPs were the 
previously defi ned upper threshold of genomic relatedness 
noted within hosts and between epi demiologically related 
hosts.5 Plausible transmission networks were constructed 
for each genomic cluster, and epi demiological cluster with 
available sequence data, as previously described.5 Briefl y, 
the fi rst patient diagnosed in each cluster was defi ned as the 
index case, with links to subsequent cases assigned fi rst by 
use of any epidemiological linkage, then by genetic distance, 
and then by timing of diagnosis. Hence, the total number of 
links in each cluster is the number of patients in that cluster 
minus the index case. 

Incidence was calculated according to the postcode with 
denominator data from the Offi  ce of National Statistics. 
Incidence specifi c to country of birth was calculated using a 
regional denominator from the Offi  ce of National Statistics 
because data for countries of birth by postcode were 
unavailable. Countries of birth with an incidence of 
tuberculosis of more than 50 cases per 100 000 population 
per year were classifi ed as high incidence, and those below 
this threshold were classifi ed as low incidence.14 
Phylogenetic trees were built in PhyML15 (version 3.0) using 
a generalised time reversible model and whole genomes 
under the assumption that null calls at non-variant 
positions were the same as the reference. The association 
between high-incidence versus low-incidence country of 
birth and disease characteristics or clustering by 
epidemiology or genomics was assessed with logistic 
regression in Stata (version 13.1). All analyses were adjusted 
for age and sex (availability of the other factors varied).

The Health Protection Regulations 2010 require the 
notifi cation of all tuberculosis cases, and the 2003 Health 
Protection Agency Act and 2002 Statutory Instrument 1438 

provide legislative cover to undertake follow-up of notifi ed 
cases of tuberculosis, including their contacts. Because 
this study was done jointly with Public Health England as 
an assessment of service delivery, including contact 
tracing, no research ethics committee application was 
required.5

Role of the funding source
The sponsors of the study had no role in the study design, 
gathering, analysis, or interpretation of data, or the writing 
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Figure 2: Country of birth of patients with tuberculosis in Oxfordshire, UK, 2007–12
Country of birth was not known for four patients. High and low incidences defi ned according to WHO.14

Figure 3: Time interval between entry to the UK and diagnosis of tuberculosis
Data for year of entry to the UK were not available for 12 patients.
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Figure 17: Country of birth of patients with tuberculosis in Oxfordshire, 2007-2012. 
Country of birth was not known for four patients. High and low incidences were defined 
according to the WHO.[256]  

197 (52%) of 380 evaluable patients had pulmonary disease (the disease site 

was unknown for 4 patients), and those born in a low-incidence country were 

more likely to have pulmonary disease (odds ratio, OR=1.8; 95% confidence 

interval, CI 1.2-2.9; p=0·009), but possibly less likely to have culture positive 

disease (OR=0.6; 0.4-0.99; p=0.045). Social risk factors (alcohol or drug 

misuse, homelessness or time served in prison) were present in 36 (14%) of 

261 evaluable patients, and were also more prevalent in those born in low-

incidence countries (OR=4.4; 2.0-9.4; p<0.0001). There was no difference in 

the proportion of patients with available data on social risk factors from high and 

low-incidence countries of birth (87 (70%) of 125 cases and 174 (68%) of 255 

cases, respectively; p=0.81) (Table 2). There were no significant differences in 

the odds of pulmonary disease, social risk factors or epidemiological linkage 

between UK-born patients and those born in other low-incidence countries 

(p>0.4) (Table 3), nor did their age differ (ranksum p=0.99) (Figure 20). 
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Figure 18: Time interval between entry to the UK and diagnosis of tuberculosis. Data 
for year of entry to the UK were not available for 12 patients.  
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assembling and fi ltering pipeline, 12 SNPs were the 
previously defi ned upper threshold of genomic relatedness 
noted within hosts and between epi demiologically related 
hosts.5 Plausible transmission networks were constructed 
for each genomic cluster, and epi demiological cluster with 
available sequence data, as previously described.5 Briefl y, 
the fi rst patient diagnosed in each cluster was defi ned as the 
index case, with links to subsequent cases assigned fi rst by 
use of any epidemiological linkage, then by genetic distance, 
and then by timing of diagnosis. Hence, the total number of 
links in each cluster is the number of patients in that cluster 
minus the index case. 

Incidence was calculated according to the postcode with 
denominator data from the Offi  ce of National Statistics. 
Incidence specifi c to country of birth was calculated using a 
regional denominator from the Offi  ce of National Statistics 
because data for countries of birth by postcode were 
unavailable. Countries of birth with an incidence of 
tuberculosis of more than 50 cases per 100 000 population 
per year were classifi ed as high incidence, and those below 
this threshold were classifi ed as low incidence.14 
Phylogenetic trees were built in PhyML15 (version 3.0) using 
a generalised time reversible model and whole genomes 
under the assumption that null calls at non-variant 
positions were the same as the reference. The association 
between high-incidence versus low-incidence country of 
birth and disease characteristics or clustering by 
epidemiology or genomics was assessed with logistic 
regression in Stata (version 13.1). All analyses were adjusted 
for age and sex (availability of the other factors varied).

The Health Protection Regulations 2010 require the 
notifi cation of all tuberculosis cases, and the 2003 Health 
Protection Agency Act and 2002 Statutory Instrument 1438 

provide legislative cover to undertake follow-up of notifi ed 
cases of tuberculosis, including their contacts. Because 
this study was done jointly with Public Health England as 
an assessment of service delivery, including contact 
tracing, no research ethics committee application was 
required.5

Role of the funding source
The sponsors of the study had no role in the study design, 
gathering, analysis, or interpretation of data, or the writing 
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Figure 2: Country of birth of patients with tuberculosis in Oxfordshire, UK, 2007–12
Country of birth was not known for four patients. High and low incidences defi ned according to WHO.14

Figure 3: Time interval between entry to the UK and diagnosis of tuberculosis
Data for year of entry to the UK were not available for 12 patients.
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Figure 19: Mean tuberculosis incidence in Oxfordshire (2007-2012). Map based on 383 
of 384 cases. The postcode for one patient was unknown. Crown copyright and 
database rights 2013 Ordnance Survey 100016969. 

Epidemiological investigations had identified 18 clusters (E1-E18) with 46 

patients, accounting for 28 potential transmission events within Oxfordshire 

over six years (Figure 21). All but two epidemiological links were between family 

members, with the remaining hypothesised transmissions occurring in a school 

(E8) and in the community (E10). Although MIRU-VNTR typing was introduced 

in 2010, it did not result in any additional epidemiological clusters being 

identified. Although 10 of 18 epidemiologically defined clusters involved patients 

born in high-incidence countries, cases born in low-incidence countries were 

more likely to be identified as part of an epidemiological cluster (OR=3.3; 95% 
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of the report. MKL, LFA, IA, HLT, TEAP, and ASW had 
access to the demographic data; LSO, LP, SC, KB, NDM, 
and CPC had access to the epidemiological data; ABr, MM, 
KJJ, ICJWB, IFL, ABa, FD, EGS, ASW, TEAP, DWC, and 
CPC had access to components of the microbiological 
data; TG, APG, and CDOE had access to the WGS data. 
The corresponding author had full access to all the data 
and the fi nal responsibility to submit for publication.

Results
390 Oxfordshire residents had an M tuberculosis culture or 
clinical diagnosis of tuberculosis. Six of these individuals 
were excluded because the isolates from them were 
thought to be laboratory contaminants, leaving 384 cases. 
269 patients had culture-positive disease and 112 had 
culture-negative disease, and the status of three patients 
diagnosed overseas could not be ascertained (fi gure 1). 
22 (8%) of 269 isolates could not be cultured or retrieved, 
or failed WGS quality control, leaving 247 patients with 
available sequence data (fi gure 1).

Median age of patients was 34 years (range 1–89), with 
255 (67%) of 380 patients born in a high-incidence country, 
103 (27%) in the UK, and 22 (6%) in another low-incidence 
country (fi gure 2). The place of birth was not known for 
four patients, including one with culture-positive disease. 
For non-UK-born patients, a median 5 years (IQR 2–9) had 
elapsed since entry to the UK to tuberculosis diagnosis 
(fi gure 3). The 6% of Oxfordshire’s population born in a 
high-incidence country had a tuberculosis incidence of 

109 cases per 100 000 population per year compared with 
3·5 cases per 100 000 per year for those born in a low-
incidence country (3·0 cases per 100 000 if UK born and 
7·2 per 100 000 if born in another low-incidence country). 
Three postcodes (OX3 [n=43 000], OX4 [n=62 000], and 
OX16 [n=47 000]) accounted for 20% of the Oxfordshire 
population and 233 (61%) of 383 cases for whom the 
postcode was known (fi gure 4). 178 (77%) of 232 cases 
residing in these postcode areas were born in high-
incidence countries (country of origin was unknown for 
one patient) versus 77 (52%) of 148 who were living 
elsewhere (p<0·0001). 

197 (52%) of 380 evaluable patients had pulmonary 
disease (four cases had unknown site of disease), and those 
born in a low-incidence country were more likely to have 
pulmonary disease (odds ratio [OR] 1·8, 95% CI 1·2–2·9; 
p=0·009), but less likely to have culture-positive disease 
(0·6, 0·4–0·99; p=0·045; table). Social risk factors (alcohol 
or drug misuse, homelessness, or time served in prison) 
were present in 36 (14%) of 261 evaluable patients, and 
were also more prevalent in those born in low-incidence 
countries (4·4, 2·0–9·4; p<0·0001; table). There was no 
diff erence in the proportion of patients with available data 
for social risk factors from high-incidence and low-
incidence countries of birth (87 [70%] of 125 and 
174 [68%] of 255 cases, respectively; p=0·81).

Epidemiological investigations had identifi ed 
18 epidemiological clusters (E1–E18) with 46 patients, 
accounting for 28 potential transmission events within 
Oxfordshire over 6 years (fi gure 5). All but two 
epidemiological links were between family members and 
the remaining hypothesised transmissions occurred in a 
school (E8) and in the community (E10; fi gure 5). MIRU-
VNTR was introduced in 2010, but did not result in the 
identifi cation of any additional epidemiological clusters. 
Although ten of 18 epidemiologically defi ned clusters had 
patients born in high-incidence countries, cases born in 
low-incidence countries were more likely to be identifi ed 
as part of an epidemiological cluster (OR 3·3, 95% CI 
1·4–7·8; p=0·006), independently of potentially con-
founding social risk factors (adjusted OR 3·0, 1·2–7·2; 
p=0·016; table). No signifi cant diff erences were noted in 
the odds of pulmonary disease, social risk factors, or 
epidemiological linkage between UK-born patients and 
those born in other low-incidence countries (p>0·45; 
appendix p 3), or in age (rank sum p=0·99; appendix p 4). 

Children (aged <18 years) were more likely to be born in 
a low-incidence country (p=0·001), and, as expected, were 
more likely to have culture-negative disease (p=0·003), and 
to be epidemiologically linked to a cluster (household or 
school; p<0·0001), although six of 13 UK-born patients 
younger than 10 years were not epidemiologically linked to 
another case (data not shown). 

Assessing pairwise nucleotide diff erences in the 
247 patients with culture-confi rmed disease and whole-
genome sequences, the isolates from 39 patients were 
within 12 SNPs of another isolate, forming 13 genomic 

Figure 4: Mean tuberculosis incidence in Oxfordshire (2007–12)
Map based on 383 of 384 cases: the postcode for one patient was unknown. Crown copyright and database rights 
2013 Ordnance Survey 100016969.
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CI 1.4-7.8; p=0.006), independently of potentially confounding social risk factors 

(adjusted OR=3.0; 95% CI 1.2-7.2; p=0.016) (Table 2).   

Children (aged under 18) were more likely to be born in a low-incidence country 

(p=0.001), and as expected, were more likely to have culture negative disease 

(p=0.003), and to be epidemiologically linked to (household or school) cluster 

(p<0.0001), although six of 13 UK-born patients younger than 10 years old were 

not epidemiologically linked to another case.   

 

 

Figure 20: Age distribution of cases according to incidence in country of birth  
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Supplementary figure 1: Age distribution of cases according to incidence in country of birth  
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4.4.2 GENOMIC ANALYSIS 

Assessing pairwise nucleotide differences across the 247 patients with culture 

confirmed disease and whole-genome sequences, 39 patient isolates were 

within 12 SNPs of another isolate, forming 13 genomic clusters (G1-G13) with 

26 plausible transmission events (Figure 21). The remaining 208 (84%) patients 

could not be genomically linked to another within the 6-year study. Patients 

born in low-incidence countries were more likely to be genomically linked to 

another case (OR 5.8; 95% CI 2.7-12.4; p<0.0001), even after adjustment for 

social risk factors (OR 4.8; 95% CI 1.6-14.8; p=0.006) (Table 2). For patients 

born in low-incidence countries, estimates suggested that UK-born patients 

were more likely to be genomically linked to a cluster but numbers were too few 

to exclude this finding being compatible with chance effects (OR 2.0; 95% CI 

0.3-12.4; p=0.45) (Table 3). 
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Figure 21: All cases in Oxfordshire, 2007-2012, by incidence in country of birth, and by 
epidemiological and genomic clustering. Patients born in low-incidence countries are 
on the left and those born in high-incidence countries are on the right of the figure. 
Four patients whose country of birth was not known are at the bottom of the figure. 
Each shape (triangle or circle) represents a patient. Epidemiological clusters (E1-18) 
are circled in black and genetic links, shown as trees with edges representing the 
genetic distance, are circled in red. Edges in networks are red for distances within 12 
SNPs. Genetic links of interest but greater than 12 SNPs are indicated by black dashed 
lines, representing the SNP distances. Patients in WGS clusters who are zero SNPs 
apart are indicated by shapes that abut each other, whereas distances of at least 1 
SNP are quantified by the number of red lines (separated by small black nodes if >1 
SNP) between patients. Epidemiological or WGS clusters that include patients born in 
low-incidence countries and patients born in high-incidence countries cross the central 
vertical line.  

Observed differences within genomic clusters ranged from 0-7 SNPs (median 1 

SNP; interquartile range, IQR 0-2), despite a pre-defined upper limit of 12 SNPs 

(Figure 22). Excluding secondary cases from each genomic cluster, the median 

pairwise SNP difference between cases in Oxfordshire was 1106 (IQR 857-

1715). No cluster was within 180 SNPs of another (Figure 23).   
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Within these 13 genomically defined clusters, 11 of 26 transmission events had 

been previously identified by epidemiological investigation, with none exceeding 

2 SNPs. Nine of these 11 transmission events were within a household, 

including four between family members born in high-incidence countries 

(G5/E3, G8/E5, G10/E7, and G13/E11) and one between one family member 

born in a high-incidence country and another in the UK (G10/E7) (Figure 21). 

The two non-household cases identified by both epidemiology and sequencing 

were linked within a school (G9/E8) and in the community (G11/E10). In the 

retrospective review of the 15 epidemiologically unpredicted links, three were 

associated with the same homeless shelter (G4), one was related to time spent 

in the same prison (G4), and two had nearby addresses and shared cultural 

backgrounds (G3, G6) (Figure 21). No retrospective explanation could be 

proposed for the remaining nine links, including four between patients born in 

high and low-incidence countries (Figure 21). In all but one case (G6, two 

patients with smear-negative pulmonary disease), the clusters containing these 

possible, but epidemiologically unconfirmed transmissions involved at least one 

patient with smear positive pulmonary tuberculosis. Interestingly, of the seven 

clusters that contained household based transmissions, five also contained 

genomic links to non-household members not identified on contact tracing 

(Figure 21; Table 4). 

I observed 17 epidemiologically identified but genomically unconfirmed 

transmission events. Of these three were genomically unrelated (22, 721 and 

1746 SNPs), 12 could not be assessed due to culture negative disease and two 

because of sample preparation problems (Figure 21). The patient who was 

genomically separated from family members by 22 SNPs migrated to the UK 
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four years after the other cases were diagnosed, making direct transmission 

very unlikely. However, a distance of 22 SNPs is consistent with a dominant 

circulating clone in the family’s region of origin as a common source.[253] A 

similar explanation may apply to two patients separated by 17 SNPs, born in 

different countries in east Africa but not epidemiologically linked (Figure 21).  

  

Figure 22: Minimum genetic distance between isolates, by epidemiological link. 

Considering WGS with a 12 SNP threshold as the gold standard, 

epidemiological investigation had a sensitivity of 0.42 (95% CI 0.23-0.63) and 

specificity of 0.99 (0.96-1.0) for detecting transmissions. The sensitivity of 

epidemiological investigation was 0.46 (0.25-0.67) applying a stricter 

relatedness threshold of 5 SNPs (specificity 0.99 (0.96-1.0)), and 0.59 (0.33-

0.82) with a 1 SNP threshold (specificity 0.98 (0.96-0.99)).  
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outbreak, and one cluster (G2) of four Oxfordshire patients 
was within nine SNPs of an M tuberculosis cluster in the 
Midlands (clusters 11 and fi ve, respectively in Walker and 
colleagues5). No epidemiological links spanning these 
geographical boundaries were previously suspected in 
either case, although patients in the clusters had similar 
social risk factors. 

Discussion
Over 6 years, 2007–12, we noted 26 (11%) of 246 genomically 
defi ned links between evaluable cases. Although more 
patients with tuberculosis were born in high-incidence 
than in low-incidence countries, those born in low-
incidence countries, predominantly the UK, were more 
likely to be part of a genomically defi ned cluster (panel). 

Of the 384 cases identifi ed, 269 had microbiologically 
confi rmed disease and of these 247 had isolates that 
were sequenced. Pairwise SNP distances were used to Figure 6: Minimum genetic distance between isolates
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Figure 5: All cases in Oxfordshire, UK, (2007–12) by incidence in country of birth, and by epidemiological and genomic clustering
Patients born in low-incidence countries are on the left and those born in high-incidence countries are on the right of the fi gure. Four patients whose country of birth 
was not known are at the bottom centre of the fi gure. Each shape (triangle or circle) represents a patient. Epidemiological clusters (E1–18) are circled in black and 
genetic links, shown as networks with edges representing the genetic distance, are circled in red. Edges in networks are red for distances within 12 SNPs. Ge netic links 
of interest but greater than 12 SNPs are indicated by black dashed lines, representing the SNP distances. Patients in WGS clusters who are zero SNPs apart are 
indicated by shapes that abut each other, whereas distances of at least 1 SNP are quantifi ed by the number of red lines (separated by small black nodes if >1 SNP) 
between patients. Epidemiological or WGS clusters that include patients born in low-incidence countries and patients born in high-incidence countries cross the 
central vertical line. SNP=single-nucleotide polymorphism. WGS=whole-genome sequencing.
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Figure 23: Phylogenetic relations between WGS clusters. Maximum-likelihood tree of 
13 clusters as ascertained with whole genome sequencing are represented by red 
circles. SNP distances are annotated on the branches.  

All Oxfordshire isolates were compared to sequences from 254 patients within 

epidemiologically identified clusters in the Midlands detailed in chapter 3. One 

Oxfordshire patient with M. bovis was within 2 SNPs of the nearest patient in a 

Midlands M. bovis outbreak, and one cluster (G2) of four Oxfordshire patients 

was within 9 SNPs of a Midlands M. tuberculosis cluster (clusters 11 and 5 

respectively). No epidemiological links spanning these geographical boundaries 

were previously suspected in either case, although patients in the latter 

example shared social risk factors (alcohol excess).  
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identify plausible transmissions, using a threshold of 
12 SNPs as indication of the maximum pathogen genetic 
diversity previously noted within hosts and between epi-
demiologically related hosts.5 A bimodal picture emerged 
with 24 genomic distances spanning zero to four SNPs, 
218 longer than 30 SNPs, and only four between fi ve and 
30 SNPs, in keeping with previous fi ndings that most 
patients in a transmission chain are within fi ve SNPs of 
another patient.5,19–21 

Although 67% of patients were born in a high-incidence 
country, these patients were less likely to have pulmonary 
disease and more likely to be genetically independent of 
other cases than were patients born in low-incidence 
countries. This result was also noted in previous studies 
based on lower resolution fi ngerprinting methods, 
although these also suggested an overall rate of trans-
mission twice that identifi ed here.17,18,22 Our fi ndings 
suggest that most patients born in high-incidence 
countries reactivate latent infection acquired abroad and 
are not involved in local onward transmission. Unrestricted 
access to diagnostic and treatment services through the 
UK National Health Service (NHS) is likely to have 
contributed to this public health success. As previously 
noted in other European settings, most migrants to the UK 
were diag nosed within 5 years of arrival.23 The patchwork 
nature of new-entrant screening in the UK (individual data 
not available)24 stresses the importance of unrestricted 
access to health care in the early post-migration period in 
particular. Although health care is freely available to all UK 
residents, the services seem to have been less eff ective in 
controlling disease in patients born in low-incidence 
countries. Possible explanations might be that the excess 
of social risk factors in these patients led to inadequate 
health-care-seeking behaviour, or that health-care pro-
fessionals investigate other diagnoses before diagnosing 
tuberculosis in this population. Both out comes could lead 
to increased periods of infectivity and hence greater 
onward trans mission.

There are several limitations to this study. Like all typing 
methods, WGS cannot be used to ascertain the source of 
culture-negative cases. Similarly, we were unable to assess 
the amount of transmission leading to latent tuberculosis, 
as data for interferon-γ release assay results could not be 
linked back to specifi c contact tracing investigations with 
confi dence. However, 45 (73%) of 62 patients with sputum-
smear-positive disease could not be genomically linked to 
any other case of active disease in Oxfordshire between 
2007–12, which supports the intervention programme 
being fairly successful. MIRU-VNTR typing was only 
introduced routinely in the UK in 2010, and between 
2010–12 MIRU-VNTR cluster investigations were 
recommended if clusters reached a defi ned threshold size 
or contained cases with defi ned risk factors. In the study 
population, no additional epidemiological links were 
identifi ed when cluster investigation was done with this 
approach. Because the superior resolution of WGS has 
already been shown,5–7 we did not attempt a further 

comparison.  Were the UK-based social networks of recent 
migrants to span larger geographical distances than were 
those of long-term residents, then recent migrants might 
more frequently be linked to transregional rather than 
regional outbreaks. However, the two genomic links we 
made to the Midlands involved patients born in low-
incidence, not high-incidence, countries.

Panel: Research in context

Systematic review
We searched PubMed with the key words “tuberculosis”, and “whole genome sequencing”, 
“population based”, “transmission”, or “epidemiology” for population-based 
molecular-epidemiology studies of tuberculosis published in English before October, 2013. 
Studies of typing with restriction fragment length polymorphism (RFLP) have been 
reviewed by Houben and Glynn,16 whereas Allix-Beguec17 and Roetzer18 investigated 
unselected populations by use of the more contemporary typing method mycobacterial 
interspersed repetitive unit variable number tandem repeat. More recent studies of the 
genetic diversity of Mycobacterium tuberculosis within and between hosts in outbreak 
settings have shown superior resolution of whole-genome sequencing (WGS) over the 
previous fi ngerprinting methods.5–7,19–21 However, to our knowledge this is the fi rst 
population-based study in which the potential of WGS is used to more accurately quantify 
transmission of tuberculosis within a defi ned locality over a fi xed period.

Interpretation
In our study, metrics of genetic relatedness derived from recent WGS-based tuberculosis 
transmission studies were applied to an unselected population for the fi rst time. Because 
inferences about recent transmission can be made from WGS data with greater certainty 
than has hitherto been possible using molecular fi ngerprinting techniques, we can describe 
the local epidemiology of tuberculosis with unprecedented clarity. This approach has enabled 
us to assess the eff ectiveness of current tuberculosis control measures and to provide data to 
inform the design of future public health interventions. Because patients born in low-
incidence countries (mainly the UK) are more likely to be involved in recent transmission 
chains than are patients born in high-incidence countries, we emphasise the need for 
systematic new entrant screening and continued free access to health care for all.

Figure 7: Phylogenetic relations between whole-genome-sequencing clusters
Maximum likelihood tree of 13 clusters as ascertained with whole genome sequencing are represented by red 
circles. SNP distances are annotated on the branches. SNP=single-nucleotide polymorphism.
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4.5 DISCUSSION 

I identified 384 patients with tuberculosis in Oxfordshire over the six years, 

(2007-2012) of whom 269 had microbiologically-confirmed disease and 247 

could be sequenced. Of a maximum possible 246 genomically defined links 

between patient isolates, I found 26 (11%) that were within the defined 

threshold of 12 SNPs. Although more patients with tuberculosis were born in 

high-incidence than in low-incidence countries, it was those born in low-

incidence countries, predominantly the UK, who were more likely to be part of a 

genomically defined cluster.  

It has been previously well documented that the increase in tuberculosis 

incidence in the UK over the last decade is due to an increase in the number of 

patients born outside of the UK, largely from high-incidence countries.[216] This 

phenomenon is not peculiar to the UK as patients born in high-incidence 

countries also account for over half the cases in other western European 

countries.[257,258] The extent to which immigrant patients contribute to local 

transmission has consequently been explored in a variety of settings, with some 

studies demonstrating a negligible contribution and others a more substantial 

contribution towards local transmission (Table!5 presents a summary).[259]  
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Table! 5:! Summary! of! studies! of! local! transmission! and!migrant! populations,! taken! from!
Garzelli!C!et.$al.!Infect!Genet!Evol!2012;12:610–8.![259]!
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At the one extreme Dahle et. al. used RFLP typing to cluster 12 years’ worth of 

M. tuberculosis cultures from Norway, demonstrating that, although immigrants 

accounted for 69% of cases, immigration was not associated with increased 

transmission of disease.[260] At the other extreme, Borgdorff et. al., using 

RFLP typing in the Netherlands, found that 17% of infections in patients of 

Dutch nationality over a two and a half year period in the mid-1990s were 

secondary to patients with non-Dutch nationality.[261] Such apparent variation 

in results may reflect genuine differences in transmission patterns across 

countries, but it might also reflect differences in analytical approaches. For 

example, the dichotomy drawn by Borgdorff et. al. was based upon nationality, 

whereas that of Dahle et. al. was based upon country of birth (Norway versus 

not Norway). In the Norwegian study it would have been important to quantify 

the number of patients born in Norway as second-generation immigrants as 

these patients may have a higher risk of disease, depending on the incidence in 

the parents’ country of origin. In the Dutch study one would want to know the 

number of patients with Dutch nationality who are first or second-generation 

immigrants, as these patients might also be at higher risk than patients without 

a heritage link to a high-incidence country. The historical pattern of immigration 

is also significant. A long established and sizable immigrant community such as 

those of Surinamese heritage in the Netherlands might have resulted in more 

transmission between Dutch and non-Dutch citizens (e.g. via visiting family 

members, friends, newer migrants from the same community),[261] whereas 

the majority of patients from the more recently established Somali community in 

Norway might have been more homogenously categorised as non-Norwegian 

born.[260] 
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How patients are classified into meaningful groups was therefore an important 

consideration for my analysis. The motivation behind the study was to gain a 

better understanding of local epidemiology with a view to informing decision 

making on appropriate interventions. Because German and UK born patients 

would be expected to share the same risk; because Indian born British citizens 

would have a higher risk than UK born British citizens; and because ethnically 

‘black’ patients from South Africa and Jamaica would have very different risks, I 

used the incidence in the country of birth for each patient as a proxy for the risk 

of developing tuberculosis instead of making a distinction based on UK birth, 

nationality, or ethnicity. Using the country of birth of a patient’s parent might 

have overcome the problem of first-generation immigrant transmitting to 

second-generation family, but this data was not available. Nevertheless, this did 

not detract from the clear findings that birth in a high-incidence country was a 

relative risk factor for disease, but not transmission, and that control measures 

can be designed around this result. Better new-entrant screening would be one 

example.                 

I chose a threshold of 12 SNPs to identify plausible transmissions from pairwise 

comparison of sequences to reflect the maximum genetic diversity observed 

within hosts and between epidemiologically related hosts in the previous 

chapter. I could have defined a less generous SNP threshold for identifying 

clusters, but this would have made very little difference to the conclusions as a 

bimodal picture emerged with 24 genomic distances spanning 0-4 SNPs, 221 

spanning over 12 SNPs, and only one spanning between 5 and 12 SNPs. This 

was entirely in keeping with my own and other previous observations that most 

patients in a transmission chain are within 5 SNPs of another patient.[236-
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238,253] Reducing the relatedness threshold to 5 SNPs, and then to 1 SNP, 

had only a marginal impact on the sensitivity of the epidemiological 

investigations, which increased incrementally from 0.42 to 0.46, and to 0.59. A 

prospective study will help clarify the extent to which the sensitivity can be 

increased if the public health teams conduct their investigations in the 

knowledge that close genomically based links have been shown.  

In this study, 67% of patients were born in a high-incidence country. These 

patients were less likely than those born in low-incidence countries to have 

pulmonary disease, and the genomic analysis showed that they were also more 

likely to be independent of other cases. Comparable previous studies of cities 

or regions that used genotyping, either RFLP or MIRU-VNTR, in combination 

with data from contact investigations, also observed this phenomenon, although 

the overall rate of transmission events was estimated to be higher. Peter Small 

et. al. used RFLP typing to quantify transmission in San Francisco between 

1991 and 1992.[262] Of 473 patients, they found that 191 were linked to one of 

44 different clusters by RFLP-typing, and concluded that at least 31% of their 

incidence was secondary to local transmission. However, only 10% of patients 

were epidemiologically linked to clusters, something the authors ascribe to the 

high proportion of homeless patients in their study. However, this may also be 

because of false-positive clustering by RFLP-typing. Caroline Allix-Béguec et. 

al. used 24-locus MIRU-VNTR-typing to study transmission in Brussels  

between 2002 and 2005.[214] Of 802 identified patients, 96 MIRU-VNTR-based 

clusters were defined that accounted for a total of 288 patients, giving a 23.9% 

clustering rate over the time period. Of these molecular links, 32% were 

epidemiologically confirmed. Andres Roetzer et. al.  performed a similar study in 
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Schleswig-Holzstein, Northern Germany, between 2006-2010.[252] Here they 

calculated a clustering rate of 20.5%, after 75 of 277 isolates were assigned to 

one of 18 24-locus MIRU-VNTR-based clusters. An epidemiological link was 

described for 41 of 75 clustered cases (55%). Each of these three localities has 

its particular features, but, like Oxfordshire, they are all low-incidence regions 

within high-income countries. Although the clustering rates of 31%, 23.9% and 

20.5% are all higher than the 11% observed in Oxfordshire, the percentage of 

links based on molecular typing that were epidemiologically confirmed was 

10%, 31% and 55% respectively, lower than the maximum of 59% for 

genomically-defined links within a 1 SNP threshold in my study. Given the 

greater resolution of WGS over the other typing methods, as demonstrated in 

the previous chapter, these results are consistent with the expectation that 

WGS would result in fewer clusters being defined, but that a greater proportion 

of these would be epidemiologically corroborated.     

The relatively low rate of transmission among patients born in high-incidence 

countries implies that most of these patients reactivate LTBI acquired 

elsewhere – possibly in their country of origin. The observation that most 

immigrant cases are diagnosed within the first years after arrival is a well 

recognised pattern and, to that extent, supports this hypothesis.[263] Although 

53% of patients born in high-incidence countries had extra-pulmonary disease 

and will not have been infectious, unrestricted access to diagnostic and 

treatment services through the National Health Service (NHS) is nevertheless 

likely to have contributed to the relative lack of secondary cases linked to those 

patients with open pulmonary tuberculosis. Appropriate interventions to reduce 
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the overall incidence of tuberculosis might therefore best be focussed on new-

entrant screening.  

Until 2014, new-entrant screening in the UK had focussed on the detection of 

active disease at ports of entry in individuals holding visas for 6 months or 

longer, and from countries with an incidence of at least 40 cases per 100,000 

population.[166] This has been widely criticised as an approach as it is 

insensitive to early infection, is not cost effective and is not practiced 

consistently at all borders.[264] The 2006 NICE guidance is currently being 

updated but recommends that screening for LTBI is performed at a local level 

for children from countries with an incidence of over 40 cases per 100,000 

population, and for younger adults (aged 16 to 35) from countries with an 

incidence in excess of 500 cases per 100,000.[165] It has been argued that the 

recommended incidence thresholds are too high to identify latent infection in 

patients from south Asia who eventually account for the majority of cases of 

migration-associated tuberculosis.[265] Adherence to the guidelines has also 

been found to be both poor and inversely proportional to the incidence in UK 

regions.[166]  

The system of screening at ports of entry has now been replaced by a 

programme of pre-entrant screening to identify active disease as part of the 

process of applying for residency, or for a minimum six-month visa, from any 

country with an incidence of over 40 cases per 100,000 population. Screening 

is for active disease only, and is based upon chest radiography and sputum 

smear and culture.[266] Pareek et. al. have shown that IGRA-based screening 

can be cost effective if implemented for migrants from countries with an 
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incidence of as low as 150 cases per 100,000 population, which would capture 

up to 92% of latently infected migrants to the UK.[165] Were screening to be 

conducted at this threshold for migrants as they register with a primary care 

physician it might not only result in fewer cases of reactivated tuberculosis but 

might also serve to promote consciousness of tuberculosis among GPs who 

might otherwise see very few cases in their practice. That in turn could result in 

improved rates of diagnosis where active disease does arise.[267]     

Despite screening for new entrants, there remain a large number of tuberculosis 

cases among migrants to the UK. Unfettered access to healthcare in the early 

post-migration period may well have contributed to the comparatively little 

transmission that resulted from these cases. Although healthcare is freely 

available to all UK residents, the services appear to have been less effective in 

controlling disease in patients born in low-incidence countries, mainly the UK. 

Possible explanations might be that the excess of social risk factors in these 

patients led to poorer healthcare seeking behaviour, or that healthcare 

professionals may also investigate alternative diagnoses before considering a 

diagnosis of tuberculosis in this population. Both phenomena could lead to 

increased periods of infectivity and hence greater onward transmission. 

One attempt to improve diagnostics for hard-to-reach groups (e.g. the 

homeless, prisoners and those accessing drug treatment services) has been 

the ‘Find and Treat’ initiative in London, whereby a mobile digital x-ray unit 

screens these vulnerable populations in their places of aggregation (hostels, 

prisons etc.).[268] This approach has an estimated sensitivity of 82%, a 

specificity of 99%, and an impressive treatment completion rate of 84%, and 
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manages to screen up to 10,000 individuals a year.[135,268] If the pattern of 

transmission observed in Oxfordshire reflects those elsewhere in the UK, it 

might be worth considering introducing similar services outside of London as 

well. 

There are several limitations to this study. Like all typing methods, WGS cannot 

determine the source of culture-negative cases. Similarly, I was unable to 

assess the amount of transmission leading to latent tuberculosis, as data on 

interferon-γ release assay results could not be linked back to specific contact 

tracing investigations with confidence. However, 45 (73%) of 62 patients with 

sputum smear-positive disease could not be genomically linked to any other 

case of active disease in Oxfordshire between 2007-2012, which supports the 

intervention programme being relatively successful. MIRU-VNTR typing was 

only introduced routinely in the UK in 2010, and between 2010-12 MIRU-VNTR 

cluster investigations were recommended if clusters reached a defined 

threshold size or contained cases with defined risk factors. In the study 

population, no additional epidemiological links were identified when cluster 

investigation was conducted using this approach. Because the superior 

resolution of WGS has already been demonstrated,[141,250,253] I did not 

attempt a further comparison. Finally, were the UK-based social networks of 

recent migrants to span larger geographical distances than those of long-term 

residents, then recent migrants might more frequently be linked to trans-

regional rather than regional outbreaks. However, the two genomic links that 

were made to the Midlands involved patients born in low-incidence, not high-

incidence, countries. 
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This study also highlights several advantages to the future use of WGS. I 

identified 15 plausible but previously unrecognised transmission events within 

the low-incidence setting of Oxfordshire. Interestingly several of these additional 

transmissions were from epidemiologically identified household outbreaks to 

other non-household members. Had these links been identified in near-to-real-

time, more intensive investigation might have found other important routes of 

transmission, possibly resulting in public health action.[269] By genomically 

linking patients in Oxfordshire and the Midlands I also demonstrate the potential 

for identifying previously unrecognised transmission across public health 

regions. The potential for identifying further links is restricted only by the size of 

the database for comparison, and not by geographical boundaries, so this 

technique could be applied to extend future contact investigations across larger 

regions. The consequence would have to be either greater co-ordination 

between public health teams that currently operate within their own Health 

Protection Unit boundaries, or a re-structuring of the way contact investigations 

are performed, by better integrating supra-regional surveillance systems with 

local ‘shoe-leather’ epidemiology.  

In summary, in this chapter I have demonstrated how WGS can quantify M. 

tuberculosis transmission in an unselected, geographically restricted population 

over time. In this low-incidence setting, I show that the burden of disease is 

largely sustained by cases infected either outside of the county or the period of 

study, and that onward transmission within the region is associated with birth in 

a low-incidence rather than a high-incidence setting. Measures targeted at 

disease control would therefore best be focussed on screening new entrants 

from high-incidence settings for active and latent disease and on improving 
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diagnosis in and access to primary healthcare for hard-to-reach groups.  As 

such, these findings should serve to re-emphasise the importance of 

maintaining access to NHS care for new entrants that could facilitate screening 

at GP surgeries, where indicated, as patients register. Such a programme might 

also serve to raise awareness of tuberculosis among GPs, including in low 

incidence areas of the country, resulting in earlier diagnosis of existing cases.  
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5 WGS FOR PREDICTING DRUG-SUSCEPTIBILITY 

5.1 INTRODUCTION 

Over the course of 2015, Public Health England will be piloting routine WGS for 

all mycobacterial cultures obtained from referring centres in the Midlands.[270] 

This project was initially inspired by an early recognition of the potential of WGS 

for tuberculosis surveillance and outbreak detection, as identified in the 

previous two chapters, and that there could be value in sequencing all strains 

for this purpose alone. However, as the same sequence data can be analysed 

to identify mycobacterial species and genetic variants underlying drug 

resistance, at no additional cost to the laboratory, the pilot study aims have 

since been expanded to assess WGS as a source for all three diagnostic 

outputs: species identification, resistance prediction, and genetic relatedness / 

transmission. 

Drug resistance prediction is perhaps the most important challenge of the three. 

The World Health Organization estimated 480,000 new cases of multi-drug 

resistant (MDR) tuberculosis worldwide in 2013.[131] Phenotypic drug 

susceptibility testing (DST) for M. tuberculosis can take many weeks, with 

access to the necessary laboratory facilities limited in many countries with the 

greatest burden of disease.[131] Genotypic assays, based on common 

chromosomally mediated genetic determinants of drug resistance, take hours or 

days and have proven useful predictors of resistance in high and low-income 

countries alike.[271-273] However, as not all genetic determinants of resistance 

are known, molecular DST is currently considered to lack sufficient sensitivity to 

replace culture as the principal means of guiding patient management.[274,275] 
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The potential advantage of WGS over current molecular methods is that near-

complete genomes can be screened for all known resistance-determinants, 

whilst also providing opportunities to identify novel mutations.[271,276,277] 

With unprecedented volumes of sequence data thus expected in the coming 

year, in this chapter I describe an algorithmic approach from which new genetic 

determinants of drug resistance can be iteratively derived from a training data 

set. I assess the success of the algorithmic approach against a ‘validation-set’ 

of independent isolates.  

5.2 METHODS 

5.2.1 SAMPLE SELECTION  

I obtained 3651 M. tuberculosis complex sequences from the UK, Sierra Leone, 

South Africa, Germany and Uzbekistan in two stages. Collectively these 

represented all seven global clades, in addition to three M. orygis strains 

(Figure 24).[7] I first assembled a ‘training set’ of 2099 M. tuberculosis strains 

from isolates sequenced for chapters 3 and 4, in addition to isolates sequenced 

for a population study of Birmingham between 2009 and 2013, and all archived 

strains with phenotypic resistance to isoniazid, or line-probe assay based 

genotypic resistance to isoniazid, or to rifampicin in the absence of isoniazid 

resistance. Sequences from all previously treated, but recurrent cases of 

tuberculosis from Western Area and Kenema districts of Sierra Leone between 

2003 and 2004 were also included,[278] as were isolates from Gauteng 

province, South Africa, that were sequenced as part of a WHO drug resistance 

surveillance project (Table 6). These South African isolates included all drug 

resistant isolates that had been sequenced at the time the training set was 
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assembled, in addition to a similar number of susceptible controls. I later 

assembled a validation set containing 1552 unrelated M. tuberculosis 

sequences. This included further isolates from Gauteng province, South Africa, 

in addition to samples from a population study of Hamburg, Germany and a 

drug resistance survey of Nukus, Uzbekistan (all unpublished). The South 

African samples again included all resistant samples that had been sequenced 

since those for the training set were obtained, together with a similar number of 

susceptible controls. Phenotypic data for one or more of eleven drugs were 

available for all included isolates.   

 

Figure 24: Maximum likelihood tree of 3651 isolates. All major global clades are 
represented. 

! 2!

Methods&
 

S1  
Samples were selected from different and cosmopolitan sources, ensuring representation of 
all global clades seen here in a maximum likelihood tree of all 3651 samples. The tree was 
built from full genome sequences for which nucleotide null-calls at invariant sites were 
substituted with the reference allele.  
 

 
 
 
For the original training-set, all isolates sequenced for population studies of Birmingham 
(2009-2013, unpublished) and Oxfordshire (2007-2012)1 were selected. Samples sequenced 
for a study on tuberculosis transmission2 were also selected, as were all samples 
phenotypically resistant to isoniazid, or mono-resistant to rifampicin, and stored at the Public 
Health Laboratory for the Midlands. Samples from Sierra Leone were selected from a study of 
retreated smear-positive cases in Kenema district, 2003-2004.3 Samples from South Africa 
were sequenced as part of a survey of drug resistance in the country. All phenotypically 
resistant isolates that were available at the time of asking were contributed first to the 
training-set and then at a later date to the validation-set, in each case with matched 
susceptible controls. For the original validation-set, samples were additionally obtained from a 
population study of Hamburg, Germany (2005-2012) and from a drug-resistance survey of 
Nukus, Uzbekistan (2001-2006). 
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Table 6: Samples included in training and validation sets. Samples were excluded if 
they had either no available phenotypic data or where less than 88% of sites in the 
reference genome were called.  

5.2.2 PHENOTYPING 

Phenotypic DST was performed using the automated Mycobacterial Growth 

Indicator Tube (MGIT) 960 system (Becton Dickinson) with the WHO-endorsed 

proportion method at each of the source reference laboratories: UK samples 

were tested by the Public Health England West Midlands Public Health 

Laboratory, Birmingham, or at the National Mycobacterial Reference Unit, 

London, as part of routine patient care.[271] Cultures from Sierra Leone, 

Uzbekistan and Hamburg underwent phenotypic DST at the 

Forschungszentrum Borstel, Germany and South African cultures at the 

National Institute for Communicable Diseases, Johannesburg.  

5.2.3 SAMPLE PREPARATION AND SEQUENCE ANALYSIS 

Samples from the UK were cultured and prepared for sequencing as described 

in chapters 3 and 4. Those from Germany, Sierra Leone and Uzbekistan were 

cultured on LJ slopes and DNA extracted using the CTAB method described in 

chapter 3.[225] Samples from South Africa were cultured in MGIT and DNA 

Training-set Identified Included
Midlands, UK (unselected) 1162 1122
Midlands, UK (outbreaks) 428 412
Midlands, UK (resistance) 95 94
Oxfordshire, UK (unselected) 389 338
Gauteng province, South Africa 80 54
Kenema district, Sierra Leone 80 79
Total 2234 2009

Validation-set Identified Included
Hamburg, Germany 942 841
Nukus, Uzbekistan 277 261
Gauteng province, South Africa 466 450
Total 1685 1552
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extracted using the Nuclisens EasyMag (Biomerieux, France) following the 

manufacturer’s protocol. Sequencing was undertaken on lllumina (San Diego, 

California) platforms at the Wellcome Trust Centre for Human Genetics, Oxford, 

the Wellcome Trust Sanger Institute, Hinxton, the Forschungszentrum Borstel, 

and at the National Institute for Communicable Diseases, Johannesburg. 

Paired-end reads were mapped by Stampy[227] (version 1.0.17) to the H37Rv 

(GenBank NC000962.2) reference genome. Repetitive sections of the genome 

were defined by self-self BLAST and masked. Isolates with less than 88% 

mapped coverage of the reference genome were excluded (i.e. no lower than 

the mean reference genome coverage in chapter 3, where a more conservative 

version of the bioinformatics pipeline was used). Nucleotide calls were made 

with SAMtools mpileup[228] (version 0.1.18), requiring a minimum read depth of 

5, including one read in each direction. Where an alternative base represented 

more than 10% of read depth, mixed base calls were made. These were only 

considered in the downstream analysis if constituting more than 90% of read 

depth in at least one other isolate (i.e. a non-mixed base call). Insertions and 

deletions (“indels”) were identified using Cortex.[279] RAxML[280] (version 

8.0.5) reconstructed the phylogeny under a GTRCAT model.[280] The 

frequency of each single nucleotide polymorphism (SNP) arising in the 

phylogeny was estimated using maximum-likelihood ancestral site 

reconstruction (“homoplasy”).[281,282] 

5.2.4 ALGORITHMIC CHARACTERISATION OF ALLELES 

Genome-wide association studies are ill-suited to identifying resistance-causing 

SNPs in clonal bacteria because of the difficulty in identifying causative alleles 

against a relatively monomorphic background.[283] I therefore first focussed on 
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23 candidate-genes and their promoter regions, each with at least one 

previously described drug-resistance allele (considered as SNPs in promoter 

regions, amino-acids in genes, or as indels). These genes were selected from a 

list of alleles identified in the literature by, and curated by, collaborators Stefan 

Niemann and Silke Feuerriegel in Borstel, Germany (Table 7). I devised an 

algorithm to characterise all alleles affecting these genes in the training set, and 

used these characterised alleles to predict DST for samples in the validation 

set. I then considered the contribution of other genes to phenotypic resistance. 

 

Table 7: Unique pubmed identifiers for the source papers for the 23 candidate genes, 
each gene having been included on the basis of at least one plausible resistance 
determining allele reported previously in the literature. 

To check for bias resulting from the composition of sets, I repeated the 

analyses after switching training and validation-sets, and then again a further 

Genes
aphC 22646308 12654653

eis 21300839

embA 20427375 10639358

embB 20427375 10639358 21300839 9257740 11854934 16641474 22646308

embC 20427375

embR 10639358

fabG1 21300839 21300839 19494067 19494067

gidB 22646308

gyrA 19687244 21300839 21562102

gyrB 19470506 17412727 19721073

inhA 21110864

iniA 10639358

iniC 10639358

katG 9210694 21300839 22646308

manB 10639358

ndh 11408244

pncA 22646308 21300839 16848344 15616332 11641519 10681313 9692180  9056006

9055989 8640557

rmlD 10639358

rpoB 11136757 7759399 8027320 8913484 9003625 10565894 10921994  14729930

15184414 15814606 16229229 16672384 19721079 21300839 22646308

rpsA 21835980

rpsL 8849220 22646308

rrs 21300839 21562102

tlyA 16048924

Pubmed uid
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100 times, randomly allocating samples to training-sets of 1825 samples and 

validation sets of 1826.  

To algorithmically characterise alleles in the training-set, I first assumed that 

synonymous and lineage-defining alleles do not cause resistance, unless the 

latter were associated with lineage-specific resistance such as for pyrazinamide 

in M. bovis.[284] After labelling these alleles as ‘benign’ and setting them aside, 

I considered the remaining alleles within each group of genes relevant to each 

drug in turn (Figure 25).  

 

Figure 25: The subset of genes relevant to each of the 11 drugs. Those coloured red 
are the gene from which the algorithm was able to derive at least one resistance 
determining allele from the training set.    

I characterised an allele as ‘resistance determining’ if it occurred as the only 

allele in at least one phenotypically resistant isolate. As alleles that do not 

cause resistance can clearly co-occur with those that do, I characterised alleles 

as ‘benign’ if they only occurred in phenotypically susceptible isolates, or at 

least where all isolates were phenotypically susceptible when an allele occurred 

alone. These benign alleles were then also set aside and the analysis repeated 

to potentially reveal further resistance-determining alleles.  
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Figure 1 
 

 
 
The number of alleles remaining in genes relevant to each drug after lineage-defining and 
synonymous alleles have been set aside are shown by susceptible and resistant phenotypes 
for 2099 training-set isolates. Genes from which one or more of the 120 resistance-
determining alleles were algorithmically characterised are coloured red.      

Number'of'alleles'
remaining'for'each'drug'

Suscep5ble'phenotype'(%)'
''

Resistant'phenotype'(%)'
''

0' '''''''''7,566'''''''''(84)' ''''''''''33''''''''''''(5)'
1' '''''''''1,111'''''''''(12)' ''''''''518''''''''''(74)'
2' ''''''''''''211'''''''''''(2)' ''''''''130''''''''''(19)'
3' ''''''''''''''61'''''''''''(1)' ''''''''''16''''''''''''(2)'
4' ''''''''''''''21'''''''''''(0)' ''''''''''''3''''''''''''(0)'
5' ''''''''''''''''6'''''''''''(0)' ''''''''''''0''''''''''''(0)'
6' ''''''''''''''''1'''''''''''(0)' ''''''''''''1''''''''''''(0)'
7' ''''''''''''''''0'''''''''''(0)' ''''''''''''0''''''''''''(0)'
8' ''''''''''''''''1'''''''''''(0)' ''''''''''''0''''''''''''(0)'
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Figure'1:'Distribution of number of variants across candidate-genes and their 
promoter-regions in phenotypically susceptible and resistant isolates 
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The principle behind the algorithm is illustrated by the following schematics: 

After each sequence in the training set is mapped to the H37Rv reference 

genome, every nucleotide position in the 23 genes, and 100 upstream base 

pairs, is inspected and identified as either the same as the reference, different 

from it, or ‘null’ (N) where no base could be called (either because of insufficient 

coverage or because of evidence for more than one base at that locus – a 

‘mixed call’). Five hypothetical sequences are shown here (Seq1 – Seq5).  

 

Where ‘N’ was called at a locus in one or more sequences, but all others 

contained the same base call as the reference genome at that locus, the locus 

(be it upstream or within a gene) was set aside and not considered of further 

interest. Loci at which at least one sequence contained a different base call 

from the reference, whether in an upstream region or within a gene, were 

identified for further analysis. Where codons differed from the reference only on 

the basis of one or more sequences that had a synonymous SNP within the 

codon, these were also set aside.    
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S6&
Each step in the algorithm is depicted here as a schematic. First, all sequences were mapped 
to the H37Rv M. tuberculosis reference genome. Across the genes of interest and their 
promoter regions (defined as 100 base-pairs upstream), all base-calls were identified as 
either the same as reference, different from reference, or ‘null’ (N) where no base could be 
called because of insufficient coverage or because there was evidence for more than one 
base (‘mixed-call’). Five hypothetical sequences are shown here (Seq 1-5).   
 
 

 
 
 
 
 
 
Where one or more sequences differed from the reference just on the basis of a null-call, and 
all others are identical to the reference, that locus (be it upstream or within a gene) was set 
aside and not considered of further interest. Loci at which at least one sequence had a SNP 
in a promoter region, or a SNP leading to non-synonymous amino-acid substitution, were 
identified for further analysis. Where codons differed from the reference only on the basis of 
one or more sequences that had a synonymous SNP within the codon were also set aside. 
 

 
 
 
 
 
 
 
 
Among the remaining alleles (SNPs, AA substitutions and indels), some were identified as 
lineage, or phylogeny defining and therefore set aside. Others were only seen in sequences / 

H37Rv) A) C) G) T) C) C) T) T)) G)

Seq1* N* C* G* T* C* C* T* T** G*

Seq2* A* C* T* T* C* C* T* T** A*

Seq3* A* C* G* T* G* C* T* T** G*

Seq4* A* C* G* T* C* C* T* T** G*

Seq5* A* C* G* T* C* C* T* T** G*

All loci in 23 genes that don’t match the reference 

H37Rv) A) C) G) T) C) C) T) T)) G)

Seq1* N* C* G* T* C* C* T* T** G*

Seq2* A* C* T* T* C* C* T* T** A*

Seq3* A* C* G* T* G* C* T* T** G*

Seq4* A* C* G* T* C* C* T* T** G*

Seq5* A* C* G* T* C* C* T* T** G*

All loci in 23 genes that don’t match the reference 

TCC –TGC 
(Ser)  (Cys) 

TTA –TTG 
(Leu)  (Leu) 

Gene (coding region) 

Promoter region 

H37Rv) A) C) G) T) C) C) T) T)) G)

Seq1* N* C* G* T* C* C* T* T** G*

Seq2* A* C* T* T* C* C* T* T** A*

Seq3* A* C* G* T* G* C* T* T** G*

Seq4* A* C* G* T* C* C* T* T** G*

Seq5* A* C* G* T* C* C* T* T** G*

All loci in 23 genes that don’t match the reference 

No coverage SNP/Non-
synonymous 

Synonymous 

All loci in 23 genes that don’t match the reference 

No coverage Synonymous SNP/Non-
synonymous 
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Among the remaining alleles (SNPs, amino acid substitutions and indels), some 

were identified as lineage, or phylogeny defining and therefore set aside. 

Others were only seen in sequences for which the isolate had not been 

phenotyped to the relevant drug. These were also set aside. The remaining 

alleles were then characterised as either resistance determining or as benign. 

 

 

An example is given below. Here, the five of 23 genes relevant to isoniazid are 

shown for a hypothetical resistant isolate. Each coloured vertical line represents 
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to the H37Rv M. tuberculosis reference genome. Across the genes of interest and their 
promoter regions (defined as 100 base-pairs upstream), all base-calls were identified as 
either the same as reference, different from reference, or ‘null’ (N) where no base could be 
called because of insufficient coverage or because there was evidence for more than one 
base (‘mixed-call’). Five hypothetical sequences are shown here (Seq 1-5).   
 
 

 
 
 
 
 
 
Where one or more sequences differed from the reference just on the basis of a null-call, and 
all others are identical to the reference, that locus (be it upstream or within a gene) was set 
aside and not considered of further interest. Loci at which at least one sequence had a SNP 
in a promoter region, or a SNP leading to non-synonymous amino-acid substitution, were 
identified for further analysis. Where codons differed from the reference only on the basis of 
one or more sequences that had a synonymous SNP within the codon were also set aside. 
 

 
 
 
 
 
 
 
 
Among the remaining alleles (SNPs, AA substitutions and indels), some were identified as 
lineage, or phylogeny defining and therefore set aside. Others were only seen in sequences / 

H37Rv) A) C) G) T) C) C) T) T)) G)

Seq1* N* C* G* T* C* C* T* T** G*

Seq2* A* C* T* T* C* C* T* T** A*

Seq3* A* C* G* T* G* C* T* T** G*

Seq4* A* C* G* T* C* C* T* T** G*

Seq5* A* C* G* T* C* C* T* T** G*

All loci in 23 genes that don’t match the reference 

H37Rv) A) C) G) T) C) C) T) T)) G)

Seq1* N* C* G* T* C* C* T* T** G*

Seq2* A* C* T* T* C* C* T* T** A*

Seq3* A* C* G* T* G* C* T* T** G*

Seq4* A* C* G* T* C* C* T* T** G*

Seq5* A* C* G* T* C* C* T* T** G*

All loci in 23 genes that don’t match the reference 

TCC –TGC 
(Ser)  (Cys) 

TTA –TTG 
(Leu)  (Leu) 

Gene (coding region) 

Promoter region 

H37Rv) A) C) G) T) C) C) T) T)) G)

Seq1* N* C* G* T* C* C* T* T** G*

Seq2* A* C* T* T* C* C* T* T** A*
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isolates that had not been phenotyped to the relevant drug. These were also set aside. The 
remaining alleles were then characterised as either resistance-determining or as benign. 

 
 
 
 
Resistance-determinants were identified by focussing on all genes relevant to a drug. In the 
example below, the five genes believed to be relevant to isoniazid are shown for a single 
sample / sequence. Each locus within each gene is marked by a coloured line where the 
reference allele has not been called. After the null-calls are set aside from otherwise invariant 
loci, the synonymous alleles are set aside, and the phylogeny/lineage defining alleles 
(‘PhyloSNPs’) are set aside, only a single allele remains (circled). If this sample in question is 
phenotypically resistant to isoniazid, then this remaining allele is defined as a resistance-
determinant and all other sample containing this allele (genotypically) predicted to be 
resistant on this basis.     
 
 

 
 
 
Were the phenotype to have been susceptible in this example, all other isolates containing 
the circled allele would have had to have been inspected before the allele could be 
characterised. Two scenarios could lead to the allele being characterised as benign. First, if 
all isolates containing the allele were phenotypically susceptible. Second, if all isolates 
containing only that allele were phenotypically susceptible (see below).  
 
 
 
 
 

No coverage Synonymous SNP/Non-
synonymous 

Phylogeny determining SNPs No phenotypes 

✗ ✗ 
Resistance-determinants Benign variants 

fabG1 ahpC inhA katG ndh 

Sample 1 
Drug 1: Isoniazid - R 

Conclusion: SNP   is classified as “resistance-determinant” for isoniazid in sample 1 
 
Prediction: SNP    is a “resistance-determinant” for isoniazid in all other samples in which it’s seen 

Genes 

Nulls dropped 

Synonymous 
dropped 

PhyloSNPs 
dropped 

All loci differing 
from H37Rv 
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a null-call, a synonymous allele, a lineage defining allele, or, as in the last row, 

an allele left for characterisation. 

 

As the loci are dropped in turn according to the rule of the algorithm, only a 

single allele is left. Give the resistant phenotype for this sample, the allele is 

characterised as a ‘resistance determinant’ and all other samples in which this 

allele is seen are consequently predicted to be resistant to isoniazid. 

Had the phenotype for this isolate been susceptible, all other isolates containing 

the remaining circled allele would have had to been inspected before the allele 

could be characterised as benign. Two scenarios could have led such a 

characterisation. First, if all isolates containing the allele were phenotypically 

susceptible, and second is all isolates containing only that allele were 

phenotypically susceptible. The scenarios are depicted in the panels below. 
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isolates that had not been phenotyped to the relevant drug. These were also set aside. The 
remaining alleles were then characterised as either resistance-determining or as benign. 

 
 
 
 
Resistance-determinants were identified by focussing on all genes relevant to a drug. In the 
example below, the five genes believed to be relevant to isoniazid are shown for a single 
sample / sequence. Each locus within each gene is marked by a coloured line where the 
reference allele has not been called. After the null-calls are set aside from otherwise invariant 
loci, the synonymous alleles are set aside, and the phylogeny/lineage defining alleles 
(‘PhyloSNPs’) are set aside, only a single allele remains (circled). If this sample in question is 
phenotypically resistant to isoniazid, then this remaining allele is defined as a resistance-
determinant and all other sample containing this allele (genotypically) predicted to be 
resistant on this basis.     
 
 

 
 
 
Were the phenotype to have been susceptible in this example, all other isolates containing 
the circled allele would have had to have been inspected before the allele could be 
characterised. Two scenarios could lead to the allele being characterised as benign. First, if 
all isolates containing the allele were phenotypically susceptible. Second, if all isolates 
containing only that allele were phenotypically susceptible (see below).  
 
 
 
 
 

No coverage Synonymous SNP/Non-
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Phylogeny determining SNPs No phenotypes 
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Resistance-determinants Benign variants 

fabG1 ahpC inhA katG ndh 
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Drug 1: Isoniazid - R 

Conclusion: SNP   is classified as “resistance-determinant” for isoniazid in sample 1 
 
Prediction: SNP    is a “resistance-determinant” for isoniazid in all other samples in which it’s seen 
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As can be seen in the right hand panel, the benign ‘blue allele’ occurs in one 

phenotypically resistant isolate together with a ‘red allele’. In a second iteration 

of the algorithm, such benign alleles were set aside, exposing alleles such as 

the red allele as the only remaining allele for a resistant phenotype. This 

allowed additional resistance determinants to be characterised, as would be the 

case in the example of an isoniazid resistant strain here:  

 

When new sequences are added to a training set, this has the potential to lead 

to the re-characterisation of alleles. For example, adding an eighth sample 

containing just the ‘blue allele’ to the left hand panel above would lead to the re-! 10!
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As can be seen in the right hand panel, the benign ‘blue allele’ occurs in one phenotypically 
resistant isolate. Benign alleles were therefore set aside before a second iteration of the 
algorithm was undertaken in an attempt to reveal additional lone-standing resisatance-
determinants. The process is illustrated below where the circled allele characterised as 
‘benign’ on the basis of other samples (as in the right hand panel above) is set aside to reveal 
a lone-standing allele that could now be characterised as resistance-determining, in this 
resistant sample.   
 

 
 
When new sequences are added to a training-set, this has the potential to lead to the re-
characterisation of alleles. For example, adding an eighth sample containing the ‘blue allele’ 
to the left hand panel above would lead to the re-characterisation of that allele as ‘resistant’ if 
the phenotype for that eighth sample were resistant. Resistant alleles could however only be 
re-characterised as benign where their original characterisation as ‘resistant’ was dependent 
on another allele being characterised as benign (as immediately above) and where the allele 
is otherwise always associated with a susceptible phenotype when occurring as the only 
allele in a sample (as in the right hand panel above).  
 

S6.1&
The full results of the algorithm as applied to the original training set are shown below. 

Sample 2 

Sample 3 

Sample 4 

Sample 5 

Sample 6 

Sample 7 

Phenotype 

S 

S 

S 

S 

S 

S 

Classified as “sensitive” 

Sample 2 

Sample 3 

Sample 4 

Sample 5 

Sample 6 

Sample 7 

Phenotype 

S 

R 

S 

S 

S 

S 

Classified as “sensitive” 

Sample 2 

Sample 3 

Sample 4 

Sample 5 

Sample 6 

Sample 7 

Phenotype 

S 

S 

S 

S 

S 

S 

Classified as “sensitive” 

Sample 2 

Sample 3 

Sample 4 

Sample 5 

Sample 6 

Sample 7 

Phenotype 

S 

R 

S 

S 

S 

S 

Classified as “sensitive” 

fabG1 ahpC inhA katG ndh 

Sample 8 
Drug 1: Isoniazid - R 

Genes 

Nulls dropped 

Synonymous 
dropped 

PhyloSNPs 
dropped 

All loci differing 
from H37Rv 

“Benign” 

! 10!

 
 
 

!  
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characterisation of the allele as ‘resistant’, given a resistant phenotype. 

Resistant alleles could however only be re-characterised as benign where their 

original characterisation as ‘resistant’ was dependent on another allele being 

characterised as benign (as immediately above) and where the allele is 

otherwise always associated with a susceptible phenotype when occurring as 

the only allele in a sample (as in the right hand panel above).      

Where phenotypic resistance could not be explained by a characterised 

resistance-determinant, I manually searched the sequence data for evidence of 

synergy between alleles, or of co-occurring compensatory alleles.  

Given the binary, non-quantitative nature of the DST data, I made an 

assumption of ‘complete penetrance’ for each resistance determining allele. 

Validation-set isolates containing alleles characterised as resistance-

determining in the training-set were thus predicted ‘resistant’, and those 

containing zero alleles, or only alleles characterised as benign, were predicted 

‘susceptible’. Isolates containing uncharacterised alleles were not predicted 

(labelled ‘unknown’) unless co-occurring with resistance-determinants.  

The predictions made for the validation set on the basis of alleles derived from 

the training set were then compared to the in silico performance of the 

MTBDRplus, MTBDRsl (HAIN Life-sciences, Germany) and AID (AID 

Diagnostika, Germany) line-probe assays (LPA). That is, I prepared a separate 

catalogue of resistance determining alleles based on the alleles these assays 

probe.[208,209,285] After that I combined all 3651 isolates and applied the 

algorithm to these as a whole.  
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As some resistant phenotypes might not be explained by alleles in the 23 

genes, I next explored the remaining genome for potential explanatory alleles. 

As resistance-causing alleles are likely to be under positive selection pressure, 

these alleles are also the most likely to arise repeatedly, independently in the 

phylogeny.[277] Focussing the search for additional resistance determinants on 

homoplasic alleles, I quantified the frequency of homoplasic events for each 

allele in the genome and compared the frequency observed across the 23 

genes and among characterised resistance determinants to that among alleles 

in genes elsewhere in the genome, including all open reading-frames and 

functional RNA molecules.[179]  

Carlos Del Ojo Elias wrote the python script to extract the sequence data from 

the 3651 variant calling format files. Jessica Hedge identified and quantified 

homoplasy for each allele in the genome using ClonalFrameML[286] and R (R 

Development Core Team, 2010).  I used STATA 13.1 (StataCorp, Texas) to 

manipulate the sequence data, write and run the algorithm and associate the 

homoplasy data for each allele in the genome with phenotypic results and allelic 

characterisations.  

5.3 RESULTS 

2099 M. tuberculosis isolates were sequenced as a training-set, within which 

1414 independent strains could be identified by clustering isolates within 5 

SNPs of another, based on the threshold defined in chapter 3. 382 (18%) were 

phenotypically resistant to at least one drug, 91 (4%) MDR and 4 (0.2%) 

extensively drug-resistant (XDR), giving a total of 701 resistant phenotypes.  
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The 23 genes and their promoter regions accounted for 11,473 codon and 

3,838 nucleotide loci respectively, of which 10,007 of 15,311 (65%) loci were 

genetically identical with the H37Rv reference genome in every sequence. Of 

the remaining 5,304 loci, 1,682 had insufficient coverage or a mixed base-call in 

one or more isolates, with the same base as the reference having been called 

in all other isolates at these loci, and 2,466 loci differed from the reference 

genome in one or more isolates due only to synonymous SNPs. All these sites 

were set aside and not considered further (Figure 26).  

After all lineage-defining alleles were then set aside, with the exception of 

pncAH57D and rpsAA440T as these were present in all M. bovis isolates, in genes 

associated with pyrazinamide resistance (see Table 7 and Figure 25). This left 

991 allele/drug combinations for consideration (134 nucleotide, 774 amino-acid 

variants, and 83 indels) across the 11 drugs (Figure 26).   

Exactly one allele remained in 74% of resistant and 12% of susceptible 

phenotypes, whereas zero alleles remained for 84% of susceptible and 5% of 

resistant phenotypes (Table 8). 112 alleles were thereby characterised as 

‘resistance determining’ whilst 772 were characterised as ‘benign’. After setting 

these benign alleles aside, six additional alleles were characterised as 

resistance determining. No further alleles could be characterised by repeating 

the algorithm again. 101 alleles thus remained uncharacterised, of which 60 

only co-occurred with resistance determinants, compatible with a possible 

compensatory role (See appendix S1 for list; Figure 26, unclassified variants are 

in bold boxes). 
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Table 8: The number of alleles remaining in genes relevant to each drug after lineage 
defining and synonymous alleles have been set aside are shown by susceptible and 
resistant phenotypes for the 2099 training set isolates. 

Overall, 146 allele/drug combinations had previously been described as 

resistance determining in the literature, of which 130 were characterised here. 

Of interest, these included 79 of 120 (66%) resistance-determinants, 31 of 772 

(4%) ‘benign’ alleles, 20 of 71 (28%) alleles defining lineages not intrinsically 

drug-resistant, and 16 uncharacterised alleles (see appendix S2 for list). 

The 120 resistance determining alleles, including pncAH57D and rpsAA440T, were 

spread across just 14 candidate genes (Figure 25; alleles are listed in appendix 

S3). At least one was present in 658 of 701 (93.9%) resistant training set 

phenotypes, of which 535 of 701 (76.3%) contained only that allele. 33 of 701 

(4.7%) resistant phenotypes remained unexplained with zero relevant alleles in 

candidate genes and their upstream regions, indicating either resistance 

mechanisms located elsewhere in the genome, or phenotypic or labelling error. 

10 of 701 (1.4%) could not be algorithmically unravelled as they contained more 

than one relevant allele. Six of these contained alleles previously associated 

with resistance in the literature.  
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Figure 1 
 

 
 
The number of alleles remaining in genes relevant to each drug after lineage-defining and 
synonymous alleles have been set aside are shown by susceptible and resistant phenotypes 
for 2099 training-set isolates. Genes from which one or more of the 120 resistance-
determining alleles were algorithmically characterised are coloured red.      

Number'of'alleles'
remaining'for'each'drug'

Suscep5ble'phenotype'(%)'
''

Resistant'phenotype'(%)'
''

0' '''''''''7,566'''''''''(84)' ''''''''''33''''''''''''(5)'
1' '''''''''1,111'''''''''(12)' ''''''''518''''''''''(74)'
2' ''''''''''''211'''''''''''(2)' ''''''''130''''''''''(19)'
3' ''''''''''''''61'''''''''''(1)' ''''''''''16''''''''''''(2)'
4' ''''''''''''''21'''''''''''(0)' ''''''''''''3''''''''''''(0)'
5' ''''''''''''''''6'''''''''''(0)' ''''''''''''0''''''''''''(0)'
6' ''''''''''''''''1'''''''''''(0)' ''''''''''''1''''''''''''(0)'
7' ''''''''''''''''0'''''''''''(0)' ''''''''''''0''''''''''''(0)'
8' ''''''''''''''''1'''''''''''(0)' ''''''''''''0''''''''''''(0)'

Isoniazid Rifampicin Ethambutol Pyrazinamide Ofloxacin 
Moxifloxacin 
Ciprofloxacin 

Streptomycin Amikacin 
Capreomycin 

Kanamycin 

ahpC 
fabG1 
inhA 
katG 
ndh 

rpoB embA 
embB 
embC 
embR 
iniA 
iniC 

manB 
rmlD 

pncA 
rpsA 

gyrA 
gyrB 

rpsL gidB 
rrs 
tlyA 
 

eis 

Figure'1:'Distribution of number of variants across candidate-genes and their 
promoter-regions in phenotypically susceptible and resistant isolates 
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Resistance determining alleles also occurred in 121 susceptible phenotypes. 

Such phenotypic variability was most evident for isolates containing embBM306I 

and rpoBI491F, 34 of 50 and 19 of 23 of which were phenotypically susceptible to 

ethambutol and rifampicin respectively (see appendix S3). Although it is 

possible that alleles elsewhere in the genome might explain such variability 

through epistasis, eight ethambutol resistant isolates were 0 SNPs from at least 

one of ten susceptible isolates, and 3 of the rifampicin resistant isolates were 

also genetically indistinguishable from 3 susceptible isolates, suggesting poor 

phenotypic reproducibility for these alleles at least.[287]  

To assess their accuracy, training set characterisations were used to predict 

phenotypes for an independent validation set (Table 9; Figure 27). Of 1552 

validation set isolates, 449 (28.9%) were phenotypically resistant to at least one 

drug, 284 (18.3%) were MDR and 3 (0.2%) XDR. 58 of 120 (48.3%) alleles 

characterised as resistance determining in the training set, and 175 of 772 

(22.7%) characterised as benign recurred in the validation set. 54 of 58 (93.1%) 

recurring resistance determining alleles, including 12 not known to the literature, 

were accurately predictive of at least one resistant validation set phenotype, of 

which 34 of 54 (63%) were not associated with a single susceptible phenotype 

(see appendix, S4). 

Figure 27 shows the number of phenotypically resistant and susceptible 

phenotypes with which each resistance determinant is seen in both the 

derivation set and validation set. All alleles seen in more than one isolate are 

depicted by drug. Ofloxacin and amikacin are shown as representatives of the 

fluoroquinolones and aminoglycosides respectively. With the exception of 
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pyrazinamide, each drug has one or two dominant, frequently occurring alleles 

and a larger number of comparatively rare ones. For pyrazinamide there was no 

single dominant allele other than the lineage defining alleles in M. bovis.   

89.2% of validation set phenotypes were thereby predicted resistant or 

susceptible with a mean 92.3% sensitivity and 98.4% specificity, using ofloxacin 

and amikacin as representatives of their respective drug-classes (Table 9). The 

presence of uncharacterised alleles prevented predictions in the remaining 

10.8%. Of 94 of 1221 (7.7%) resistant phenotypes wrongly predicted 

susceptible, 20 of 94 (21.3%) were because of alleles characterised as benign 

in the training set, whilst 74 of 94 (78.7%) had zero relevant alleles, suggesting 

either phenotypic or labelling error, or a resistance mechanism outside of 

candidate genes. Of 112 of 6892 (1.6%) susceptible phenotypes wrongly 

predicted resistant, 55 of 112 (49%) contained alleles at embBM306, indicative of 

the associated phenotypic variability. Eight however contained katGS315T, more 

likely to represent labelling than phenotypic error.[271] Appendix S5 lists the 

susceptible phenotypes ‘falsely’ predicted resistant. 
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Figure 27 (above): Histogram of frequency of resistance determinants. The number of 
susceptible and resistant phenotypes associated with each resistance determinant are 
shown in black and grey for the training set and in green and orange for the validation 
set. Alleles probed by an LPA are highlighted in red. Alleles that are only seen once in 
the training set and not again in the validation set (i.e. with no additional information to 
validate them) are not shown. Of the fluoroquinolones and aminoglycosides, only 
ofloxacin and amikacin have been included as representatives of their class. 

To assess whether these results were contingent on the allocation of isolates to 

training and validation sets, I repeated the algorithm using the validation set as 

the training set, and vice-versa. 93.1% of, what were now, validation set 

phenotypes could be predicted with a mean sensitivity and specificity of 92.1% 

and 97.9% respectively. I performed a further 100 iterations of the algorithm, on 

each occasion randomly allocating samples to training or validation sets. Over 

these 100 iterations, the mean proportion of predictable phenotypes was 

92.7%, and the mean sensitivity and specificity 92.4% and 98.2% respectively. 

Detailed results of 100 iterations of the algorithm are listed in appendix S6.    

Given the consistency of these results, I used the original predictions for the 

validation set to compare to the in silico performance of alleles probed by three 

LPAs. Excluding pyrazinamide, for which no LPA exists, these collectively 

predicted validation set phenotypes with a mean 81.6% sensitivity and 98.0% 

specificity, compared to 85.1% and 98.2% respectively for the algorithmically 

characterised alleles. However, unlike the LPAs, the algorithmically 

characterised alleles were also able to unambiguously distinguish between 

benign and uncharacterised alleles, allowing further improvement by restricting 

predictions to the 89.2% of predictable validation set phenotypes. For these the 

mean sensitivity and specificity, excluding pyrazinamide, was 94.6% and 98.0% 

respectively (Table 10). 
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Supplementing the derived resistance determinants with LPA alleles only 

marginally improved overall sensitivity to 78.5%, including pyrazinamide, and to 

94.8%, excluding pyrazinamide. This was largely a consequence of including 13 

additional resistance determinants in rpoB (Table 11). Of these, only rpoBL430P 

and rpoBD435Y, both known to confer low-level resistance, occurred in training 

set sequences, where they were characterised as benign.[278,288] 
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Table 10 (above): Comparison of derived training set alleles to the in silico 
performance of LPA based alleles. Results are shown for the LPA alleles, then for the 
derived alleles (for the same drugs), and then for the combined alleles from the LPAs 
and the training set. Genotypic predictions based on: R (resistance determinant); Rx 
(resistance determinant as a mixed base call); S0 (zero alleles present); Ss (only 
benign alleles present); U (uncharacterised alleles present). Weighted mean sensitivity 
and specificity presented for a subset of drugs to avoid double counting. Ofloxacin and 
amikacin were included as representatives of their antibiotoc classes as these had 
more resistant phenotypes than their related drugs. Pyrazinamide excluded for line-
probe comparison as no LPA exists for pyrazinamide.  

 

 

!

Phenotypically-
resistant-

Phenotypically-
sensitive-

!

!

Resistance2
determinant-

Resistance2
determinant-
as-a-mixed2

call-

Resistance2
determinant-

Resistance2
determinant-
as-a-mixed2

call-

In-training-
set?-

rpoB_A451G! 1! 0! 0! 0! No!
rpoB_D435Y! 2! 0! 0! 0! Yes!
rpoB_H445C! 1! 0! 0! 0! No!
rpoB_H445L! 2! 0! 0! 0! No!
rpoB_L430P! 0! 1! 3! 0! Yes!
rpoB_L443F! 1! 0! 0! 2! No!
rpoB_M434I! 1! 0! 0! 0! No!
rpoB_N437S! 1! 0! 0! 0! No!
rpoB_Q429H! 2! 0! 1! 0! No!
rpoB_Q432L! 1! 0! 0! 0! No!
rpoB_Q432P! 2! 0! 0! 0! No!
rpoB_S441L! 1! 0! 0! 0! No!
rpoB_S450Q! 1! 0! 0! 0! No!

 

Table 11: Number and type of alleles in the rifampicin resistance determining region of 
rpoB that were not characterised / did not occur in training set sequences 

 

I next reran the algorithm for all 3651 isolates, thereby increasing the number of 

alleles characterised as resistance determining from 120 to 232, and as benign 

from 772 to 1634 (Figure 28; appendix S7). Among the resistance determining 

alleles were 3 that had remained uncharacterised in the original training set, 
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and 16 that had originally been characterised as benign but that were re-

characterised because of the addition of phenotypically resistant isolates 

containing only those alleles (see appendix S8). Eight of these 19 (42.1%) had 

been previously described as resistance determining in the literature. As all 

samples were included in this training set, no independent validation set 

remained, but I did make predictions for the entire set itself. 96.1% of 

phenotypes could be predicted with a mean sensitivity and specificity of 94.8% 

and 97.9% respectively (Figure 29; Table 12).  
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Figure 28 (above): Algorithm as applied to all 3651 isolates. *Although in the training 
set rpsAA440T was identified as lineage defining of M. bovis, which is intrinsically 
resistant to pyrazinamide, it is seen independently as a lone-standing (non M. bovis) 
allele in a pyrazinamide sensitive isolate in the validation set, leading to its re-
characterised as benign, and leaving pncAH57D as the remaining resistance determinant 
for M. bovis. 645 alleles were left uncharacterised (highlighted in boxes in bold). 
**Alleles occurring in phenotypically resistant isolates with the other alleles defined as 
‘benign’ in iteration 1. 

 

 

 

 

Figure 29: Antibiograms (phenotypic and genotypic) for all 3651 isolates 

!
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The number of resistant and susceptible phenotypes associated with each ‘resistance-
determinant’ are shown in black and red for the training-set and in grey and orange for the 
validation set. Alleles probed by an LPA are highlighted in red. Alleles that are only seen once 
in the training-set and not again in the validation-set (i.e. with no additional information to 
validate them) are not shown. Of the quinolones and aminoglycosides, only ofloxacin and 
amikacin have been included as representatives of their class. 

 

 

 

 

Figure 3: Antibiograms (phenotypic and genotypic) for all 3651 isolates 

 

  

 

 

 

 

 

 

Figure'4:'An,biograms'(phenotypic'and'genotypic)'for'all'isolates'
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To screen for additional resistance-determining alleles in the rest of the 

genome, I assessed all alleles across the phylogeny of all 3651 samples for 

homoplasy as this might be expected under positive selection pressure from 

drugs. I first characterised the 23 candidate-genes as a comparator for the 

remaining genome. Excluding indels, which were not assessed for homoplasy, 

and counting alleles characterised for more than one drug only once, 292 (0.8% 

of the 23 genes) alleles were homoplasic. These included 54 of 96 (56.3%) 

remaining alleles characterised as resistance-determining, 15 of 82 (18.3%) 

uncharacterised alleles, and 30 of 609 (4.9%) alleles characterised as benign in 

the original training set. Outside of the 23 candidate genes, 5,427 alleles were 

homoplasic, representing 0.1% of the rest of the genome. In contrast to alleles 

in candidate genes, I was not able to identify a correlation between the number 

of homoplasic emergences and phenotypic resistance, leaving candidates 

alleles difficult to identify (Figure 30). 

To increase the probability of finding resistance-determining alleles, I sought 

new candidate-genes from among the 2364 of 3974 (59.6%) genes in the 

genome with at least one homoplasic allele. To identify the most homoplasic 

genes, I summed the frequency with which homoplasic alleles emerged for 

each gene. As expected, ten of the 14 genes providing the 120 resistance 

determinants in the training set were among the top 34 (1.4%) most homoplasic 

genes (median 67 emergences (interquartile range 12-123)). This compared to 

a median of 32 (IQR 8-108) across all 23 candidate-genes, and a median of 4 

(IQR 2-6) in the remaining genes. I therefore searched for alleles in these ‘top 

34’ most homoplasic genes to explain the 33 unexplained resistant phenotypes 

in the training set. Each of these phenotypes was associated with a median of 7 
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(IQR 5-11) alleles in these top 34 genes, too many for my algorithm to 

disentangle. Moreover, given that the median number for all other phenotypes 

in the study was 8 (IQR 4-11), these ‘top 34’ genes did not discriminate 

between resistant and susceptible phenotype.  

 

 

Figure 30: Alleles within the candidate-genes are shown as red (classified as 
resistance determinants) and green (others). Alleles in the rest of the genome are 
shown in grey. Curves represent the mean for alleles across candidate genes and 
across the rest of the genome. The variant katGS315T emerged 180 times but has been 
set to 90, equal to the next most homoplastic variant, to fit all data to the current scale. 
The proportion resistant has not been changed and shape of the curve of the mean for 
candidate-genes remains unaltered.  

A final summary of the number of training set alleles characterised as 

resistance determinants, as benign; the number known to the literature, or not; 

and the number that were homoplasic, is given in Figure 31.   
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Supplementary figure 5: Homoplasy rates against proportion phenotypically resistant for variants in the 23-candidate genes and the rest of the genome. 
Variants within the candidate-genes are shown as red (classified as resistance-determinants) and green (others). Curves represent the mean across 
candidate-genes versus the rest of the genome. The variant katGS315T emerged 180 times but has been set to 90, equal to the next most homoplastic variant,  
to fit all data to the current scale. The proportion resistant has not been changed and shape of the curve of the mean for candidate-genes remains unaltered.  
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!

Figure 31: The number of unique alleles characterised as ‘resistant’ in the training set 
are shown in red and as benign are shown in green. The number of homoplasic alleles, 
alleles described in the literature, lineage-defining alleles and of uncharacterised 
alleles are shown in grey. Indels were not assessed for homoplasy. *Among resistance 
determinants and benign alleles, 15 and 55 indels, and 25 and 371 alleles seen in only 
one isolate respectively, were not / could not be assessed for homoplasy. ** gyrAA384V 
defines the Indian Ocean lineage (all isolates in the lineage have this SNP) but also 
appears in one European American isolate; rpsAA440T defines M. bovis  but also 
appears in one Central Asian isolate. Both are thereby homoplasic. 
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S8.2 
The number of unique alleles characterized as ‘resistant’ in the training-set are shown in red 
and as benign are shown in green. The number of homoplastic alleles, alleles described in 
the literature, lineage-defining alleles and of uncharacterised alleles are shown in grey. Indels 
were not assessed for homoplasy.  
 
 

 
 
*Among resistance-determinants and benign alleles, 15 and 55 indels, and 25 and 371 alleles 
seen in only one isolate respectively, were not / could not be assessed for homoplasy. 
** gyrAA384V defines the Indian Ocean lineage (all isolates in the lineage have this SNP) but 
also appears in one European American isolate; rpsAA440T defines M. bovis  but also appears 
in one Central Asian isolate. Both are thereby homoplasic. 
 
 
 
 
 
 

S9#
Genotypic predictions for all drugs for the training-set itself, and for the validation-set. 
Genotypic predictions based on: R (resistance-determinant); Rx (resistance-determinant as a 
mixed base-call); S0 (zero alleles present); Ss (only benign alleles present); U (unclassified 
alleles present). Weighted mean sensitivity and specificity presented as both an overall figure 
and as that based on characterised alleles only (R, Rx, S0, Ss columns). See below.   
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5.4 DISCUSSION 

I obtained a training-set of 2099 M. tuberculosis sequences from the UK, Sierra 

Leone and South Africa to algorithmically characterise alleles across 23 

candidate genes as either resistance determining or as benign. These 

characterised alleles predicted 89.2% of phenotypes for an independent 

validation set of 1552 isolates from South Africa, Germany and Uzbekistan with 

a sensitivity and specificity of 92.3% and 98.4% respectively.  

The sampling frame was constructed opportunistically. Initially I only had access 

to sequences included in the training set, among which there were too few 

resistant phenotypes for the samples to be productively split into a training and 

validation set. I therefore first devised and applied the algorithm only to these 

samples. As the results needed validation, I then sought and obtained access to 

additional samples through collaborators who had sequenced them for other 

studies. These included further isolates from South Africa, as well as samples 

from two new countries, Germany and Uzbekistan. Training and validation sets 

were consequently mismatched in terms of size, geography and in terms of the 

prevalence of resistant phenotypes, potentially introducing bias. However, I also 

considered that having isolates from different countries in the different sets 

might minimise the risk of validating against isolates closely genetically related 

to those isolates alleles were derived from – also potentially a source of bias. 

Although there were samples from South Africa in both sets as defined, I 

considered the incidence in South Africa sufficiently high to protect against 

excessive serendipitous genetic clustering of samples,[131] given that they had 



! 167!

been randomly selected from a drug resistance survey of an entire South 

African province.  

To address the issue of potential bias, I investigated whether the composition of 

training and validation sets made any material difference to the results. I 

randomly assigned each isolate to one of two sets, and performed 100 

iterations of the algorithm. The proportion of phenotypes predicted was 

marginally higher on random allocation than for the original validation set 

(92.7% vs. 89.2%), possibly due to the effect of genetically related isolates 

having been split between the two sets. The sensitivity and specificity with 

which predictions were made was however remarkably similar.  

I chose a candidate gene approach for two of reasons. First, given the 

proportion of resistance that could be explained by common alleles already 

known to the literature,[289,290] I expected any additionally identified 

resistance determinants to be rare. A genome-wide association study (GWAS) 

might therefore have lacked the power to identify these. Moreover, given that M. 

tuberculosis is a relatively clonal organism,[291] the lack of recombination 

would make it difficult for a GWAS to separate causative SNPs from linked 

genetic variation. What can therefore be identified are, at best, what 

Chewapreecha calls “large haplotype blocks”.[283] Second, the co-segregation 

of phenotypic resistance to particular drugs in tuberculosis might result in alleles 

causing resistance to one drug, being associated with resistance to another 

drug where the two resistant phenotypes frequently co-occur. Both these 

concerns were realised when colleagues Chieh-Hsi Wu and Daniel Wilson 
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subsequently used this same data set for a GWAS (data not included in this 

thesis).   

The selection of candidate genes was clearly central to the outcome of the 

study. The main, publically available, on-line repository of published genetic 

data supposedly underlying tuberculosis drug resistance is the ‘TB Dream 

database’.[292] Here the curators have archived all alleles reported in the 

literature to be associated with resistance, with curatorial effort having gone into 

distinguishing high from low confidence mutations. Although updates are 

currently in progress, the database does not yet include alleles identified since 

2010. To obtain a more up-to-date database I instead relied on the ‘expert 

opinion’ of Silke Feuerriegel and Stefan Niemann at the Forschungszentrum 

Borstel, Germany, where they had collated an (unpublished) catalogue of 

resistance determinants based on alleles published in the literature that they 

considered likely to be causative of resistance. Their curatorial judgement was 

supported by some of their own, unpublished, in-house laboratory 

investigations. The candidate genes I chose were the 23 genes containing all 

the alleles in their catalogue that were relevant to the 11 drugs I had phenotypic 

data for. I expected the algorithm to find established alleles within these, and to 

possibly identify new resistance determining alleles too.  

Despite the selection of these 23 genes, the training set yielded resistance 

determinants from just 14 genes, consistent with the other nine genes playing 

only a minor role in resistance to the drugs studied, or no role at all. 

Nevertheless, because M. tuberculosis lacks the genetic variation of many other 

bacteria[291] the degree of variation across strains was sufficiently small that 
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the inclusion of additional genes did not inhibit the identification of resistance 

determining alleles for the majority of phenotypes.  

Key to the success of the algorithm was the observation that the majority of 

resistant phenotypes only had one non-synonymous, non-lineage defining 

allele, and that the majority of susceptible phenotypes had none. This facilitated 

a straightforward characterisation of alleles that meant compensatory alleles 

were unlikely to be falsely characterised as resistant, but that epistasis will have 

been missed by design. However, as only 10 of 701 resistant phenotypes in the 

training set had alleles observed but none characterised as resistance 

determining, and as six of these contained uncharacterised alleles previously 

identified in the literature, most resistance in these data appears explainable 

without epistasis. Such complex genetic mechanisms of resistance are 

therefore plausibly the exception rather than the rule.  

On one level this is not surprising as the well documented utility of LPAs and 

the Xpert MTB/RIF depend on a straightforward relationship between single 

point-mutations and phenotype.[195,208,209] However, recent work has also 

described more complicated mechanisms of resistance to ethambutol. Safi et. 

al. demonstrate the incremental rise in MIC with the accumulation of both 

synonymous and non-synonymous alleles (nuoDA287S, Rv3792L198L, 

Rv3806cA35E, PPE30A184A, embBT506N, embCP398S, embCQ491R, embCL502P) 

during serial passage of M. tuberculosis strains exposed to different ethambutol 

concentrations, elegantly corroborating these findings through allelic exchange 

experiments. As these data were derived in vitro, it is of course important to 

investigate whether similar phenomena are replicated in vivo. Interestingly, 
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none of these mutations reported to cumulatively lead to high-level ethambutol 

resistance are homoplasic in my data, whereas the canonical mutations at 

embB306 that confer low-level resistance arise 36 times independently in the 

phylogeny.[293] One possible explanation for why the positive selection 

pressure appears greater on variants conferring low-level resistance is a 

differential fitness cost, in vivo and in vitro, for the variants reported by Safi et. 

al..  

Safi et. al. argue they are the first to identify synonymous alleles that contribute 

to drug resistance in M. tuberculosis. Searching my data for synonymous alleles 

that could plausibly play a role in resistance, an allele at fabG1L203L stood out as 

the only convincing candidate. Overall this allele emerged 12 times 

independently in the phylogeny and was associated with isoniazid resistance in 

16 of 17 isolates in which it was identified. 13 of these 16 resistant isolates 

contained an alternative catalogued resistance determinant predicting 

resistance, but three did not, with fabG1L203L plausibly responsible for resistance 

in those. If synonymous alleles were commonly the cause of drug resistance, 

this would significantly undermine the justification for my algorithm. However, as 

this was the only plausible counterexample I was able to identify, I did not 

consider this sufficient cause to rethink my approach to the analysis. 

Whether or not this complex view of drug resistance to ethambutol can be 

corroborated in vivo, this and similar examples may have limited impact on 

diagnostic workflows that are based on non-quantitative DST. Under a 

dichotomous system of phenotypic reporting there is redundancy in identifying 

additional alleles after a threshold of predicting resistance (the breakpoint) has 
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been crossed. Whilst molecular assays are predictors of phenotype, and not of 

patient outcome, it is the ability to predict the former that they will be assessed 

against. However, where quantitative DST is routinely practiced and correlated 

to patient outcome, such complex explanations of resistance may have great 

utility.  

Another type of genetic interaction is seen where the presence of the gyrAA90G 

allele is associated with drug resistance, but its co-existence with the gyrAT80A 

allele – found in the Uganda genotype – is associated with hyper-susceptibility. 

As the latter allele is not probed by the HAIN MTBDRplus assay, this can lead 

to false positive resistance predictions.[294] However, despite the existence of 

at least some complex, cumulative mechanisms of drug resistance and of 

epistasis, the success of my approach to identifying single resistance 

determinants suggests that these at least pose no major hurdle to predicting 

non-quantitative DST.  

Despite the successful identification of a large number of resistance 

determinants and benign alleles, 10.8% of validation phenotypes were either 

associated with alleles that were present but uncharacterised in the derivation 

set, or alleles novel to the validation set. That more novel alleles were not 

present was a consequence of two factors: first, the majority of phenotypes 

were susceptible, and the majority of susceptible phenotypes were not 

associated with any non-synonymous, non-lineage defining alleles. Second, the 

majority of resistant phenotypes contained only one relevant allele, and most 

phenotypic drug resistance is determined by a small number of alleles that arise 
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repeatedly and independently across the phylogeny, and hence also across the 

derivation and validation sets.[271,277]  

This second factor underlies the successful predictions for the validation set, 

even where alleles were derived from UK and sub-Saharan isolates and used to 

predict phenotypes for isolates from Uzbekistan. It is also the reason 

commercial LPAs and the Xpert MTB/RIF are diagnostically useful despite the 

limited number of alleles they probe.[195,208,209,285] Indeed, in one of the 

more successful demonstrations of genotypic predictions, Rodwell et. al. used 

Sanger sequencing and pyro-sequencing of key genes to predict phenotypes 

across a global collection of 417 M. tuberculosis isolates, demonstrating that 

334 of 348 isoniazid resistance phenotypes (96%) could be explained by just 

three alleles (katG315, fabG1-15 and fabG1-17; the latter not being probed by 

commercial LPAs).[208,289] However, the pattern varies across drugs and is 

best exemplified by the difference between isoniazid, where katGS315T alone 

explained 276 of 310 correctly predicted phenotypes, and pyrazinamide where 

no dominant alleles were identified. Although 12 of the 34 pncA resistance-

determinants recurring in validation sequences were associated with 

pyrazinamide resistance on 44 of 45 occasions in which they were seen, their 

sensitivity was just 24% overall. The 32 additional resistance-determinants in 

pncA that were derived from the combined 3651 sequences indicate that many 

rarer alleles underlie pyrazinamide resistance,[295,296] demonstrating the LPA 

model to be poorly suited to pyrazinamide. However, even for drugs with 

canonical alleles such as katGS315T in isoniazid, the proportion of resistant 

phenotypes that are unexplained by these alleles, and hence by LPAs, still 
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exceed any threshold below which one might consider dispensing altogether 

with phenotypic DST (Table 13).   

 

Table 13: My own literature review for the studies assessing the MTBDRplus LPA  

The characterisation of all alleles offers advantages over LPAs and other 

commercial molecular assays. First, WGS data can be screened for all 

resistance determinants, resulting in a higher sensitivity than for the LPA based 

alleles alone.[208,209] Second, whereas LPAs can suggest which drugs to 

avoid by screening a few key resistance-determining alleles, they leave some 

doubt about which to give. By characterising alleles as benign, I can actively 

predict phenotypic susceptibility in some isolates, contrasting them from others 

containing uncharacterised alleles. Third, WGS based DST can be performed 

for additional and even novel drugs at no additional cost, contingent only on the 

Study Location Study,size

Sensitivity Specificity Sensitivity Specificity
Hillemann,2007 Germany 125 92 100 98.7 100
Miotto,2007 Italy 173 79.2 100
Barnard,2008 South,Africa 536 94.2 100 98.9 100
Akpaka,2008 Triniad,and,Tobago 81 34.6 95.8
Lacoma,2008 Spain 62 73 100 91.7 100
Causse,2008 Spain 59 94.6 100
Evans,2009 South,Africa 223 82 98.9 94.5 100
Brossier,2009 France 113 86.3 100 100
AnekMvorapong,2010 Thailand 214 95.3 100 100 100
Huyen,2010 Vietnam 111 92.6 100 93.1 100
Chryssanthou,2011 Sweden 604 87.5 100 100 100
Tolani,2012 India 155 94.9 82 98.6 94
Asencios,2012 Peru 95 97.5 100
Crudu,2012 Moldova 156 95.8 88.9 94.3 96
Jin,2012 China 237 75 100 93.5 100
Maschmann,2013 Brazil 68 60 100 82 94
Felkel,2013 Nigeria 110 86 100 83 100
Ritter,(AID),2013 Switzerland,,South,Africa 156 100 100 100 100
Ocheretina,2013 Haiti 153 100 89.5
Rodwell,2014 India,,Philippines,,Moldova,,South,Africa 417 96 97.3 98 80
Raizada,2014 India 248 72 97 93 94
Aurin,2014 Bangladesh 300 99.5 98.8 100 100
Chen,2014 China 427 76.5 95.4 85.9 93.1
MolinaMMoya,2014 Spain 65 97.8 100 100 100

Total: 4888

Mean: 87.20% 98% 96.20% 96.40%

Isoniazid Rifampicin
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knowledgebase of characterised alleles. This could be helpful when designing 

new treatment regimens.[114,115]  

No resistance determinant was identified for 43 resistant phenotypes in the 

training set, of which 33 contained no candidate alleles at all, suggesting either 

sample mislabelling, phenotypic error, or an alternative mechanisms of 

resistance elsewhere in the genome. It has been argued that the presence of 

the high-level resistance determinant katGS315T in isoniazid susceptible 

phenotypes indicates sample mislabelling, but the rate for these data, 8 of 480 

(1.9%), compares favourably with previous reports,[271,297] and is too low to 

account for all the discordance. The imperfections in phenotypic DST are well 

documented,[78,298] and best illustrated in this data by the weak association 

between embBM306I and ethambutol resistance.[287] Among first-line drugs, 

susceptibility to pyrazinamide is also notoriously difficult to assay accurately as 

it is only active against M. tuberculosis in an acidic environment that is in turn 

unfavourable to the growth of M. tuberculosis.[296,299] Unfortunately there was 

little opportunity to retest phenotypes and no opportunity to perform quantitative 

DST, which may have at least addressed some of the problems concerning 

ethambutol.   

Given the size of the data set, the algorithm was robust to some level of 

mislabelling or error in phenotypic DST for genuinely resistant isolates by 

implicitly up-weighting single observations of resistance over single 

observations of susceptibility. New samples could lead to the re-

characterisation of alleles from benign to resistant, although rarely vice versa for 

reasons outlined in the methods section above. Nevertheless, as base-calling 
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from WGS data is highly reproducible,[300] the phenotypic variability around 

some alleles, whether due to phenotypic error or mislabelling, will become 

apparent in large data sets where predictions could be recast within a Bayesian 

analysis framework.[301]  

 

Figure 32: Suggested work flow integrating WGS based DST into routine laboratory 
diagnostics  

Figure 32 however suggests an alternative, simpler approach to integrating the 

algorithmic characterisations into a routine laboratory workflow. Here, WGS 

based phenotypic predictions would be made for isolates containing resistance 

determinants, only benign alleles, or no relevant alleles. As data accrue, 

confidence in the characterisation of each allele will grow to the point where 

routine phenotyping can be restricted to isolates containing uncharacterised 

alleles that inhibit phenotypic prediction.  

I explored the possibility of resistance mechanisms existing outside of the 23 

candidate genes and their upstream regions, as defined here, by screening the 
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genome for homoplasy, which can represent adaptation to a positive selection 

pressure such as from drugs. Farhat et. al. also used homoplasy to signal 

selection pressure and associate genome-wide alleles with resistance in their 

study of 123 sequenced genomes.[277] Among the alleles identified were two in 

the ponA1 gene (at nucleotide positions 123 C→G and 1095 G→T) which they 

performed allelic exchange experiments on to confirm their role in rifampicin 

resistance. Neither of these alleles were homoplasic in my data, although other 

alleles in ponA1 were (Table 14). Interestingly, despite their homoplasy, none 

were strongly associated with phenotypic resistance unless another resistance 

determining alleles were already present.  

  

Table 14: ponA1 gene alleles and their association with rifampicin resistance 

The data set presented in this chapter is almost 30 times the size of that 

published by Farhat et. al.. Given the finite variation that is possible within a 

genome, homoplasy will inevitably accumulate with the number of different 

isolates sequenced. In this chapter the homoplasic sites outside of the 23 

candidate genes were largely associated with drug susceptibility, suggesting 

either stronger signature for selection from factors other than drug pressure, or 

the inevitable accumulation of ‘low level’ homoplasy (variants emerging 

independently on only a small number of occasions) that flows from a larger 

Phenotypes*for*ponA1*gene*associated*with*rifampicin*resistance:

Variant Maximum*number*of*
emergences*per*variant

Other*resistance<determinant*
identified*in*candidate<gene

Resistant Sensitive

Yes 11 2
No 4 420
Yes 5 0
No 0 1
Yes 0 0
No 0 5

Phenotypes*(n)

43

2

2

ponA1_S631S2(CCG6TGC)

ponA1_G473G2(GGT6GGC)

ponA1_D24N2(GAC6ACC)
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data set. Given the negative slope on the mean in Figure 30, both these factors 

may be relevant to my data. Although I therefore failed to identify further 

genomic variation underlying resistance by using homoplasy as a signal, I was 

able to show that the characterised resistance determinants were enriched for 

homoplasy, consistent with their algorithmic characterisation.  

One of the advantages of my algorithm is the ability to characterise alleles not 

only as resistance determinants, but also to distinguish benign from unknown 

alleles. Although LPAs are able to predict ‘wild-type’ or ‘mutant’ at a small 

number of sites of interest,[208,209] a clean panel of wild-types only implies the 

absence of resistance by those mechanisms and leaves open the potential for 

additional, uncharacterised genetic variation. In a system that predicts 

phenotypes three ways, as benign, resistant or unknown, phenotypic DST can 

be restricted to the unknown category rather than being required for all strains 

that are not resistant.  

Starting at the Public Health England Public Health Laboratory for the West 

Midlands, Public Health England is performing WGS in parallel to current 

workflows to assess its suitability as a one-stop diagnostic platform for 

mycobacterial infection. Parallel phenotypic DST will confirm the status of some, 

and identify further alleles, eventually, restricting phenotypic DST to isolates 

containing uncharacterised alleles, or where insufficient phenotypic data are 

available to characterise alleles confidently (Figure 32), reducing usage over 

time. One benefit provided at no additional cost will be to quantify second-line 

drug resistance prevalence in a population, or indeed any pre-existing 

resistance to novel drugs. As WGS data accumulates globally, our 
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understanding of what determines resistance at a molecular level will expand, 

advancing towards a system where cheaper and faster WGS based DST is in a 

position to gradually replace the sometimes-variable phenotypic assays.    

!

!

  

!
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6 CONCLUSIONS AND FUTURE WORK 

In January 2015 Public Health England published their national tuberculosis 

strategy document motivated by incidence rates that remain among the highest 

in western Europe.[302] It argues that devolution of responsibilities to local ‘TB 

control boards’ would improve diagnostic and treatment services, as well as 

access to them, and would lead to more comprehensive contact tracing, new-

entrant screening and vaccination programmes.   

Whatever the merits of localism versus centralised control of this area, the 

desired outcomes are clearly sensible. The World Health Assembly has set a 

target to end the global tuberculosis epidemic by 2035, reducing the global 

incidence rate to fewer than 10 per 100,000 population, 15 years earlier than 

the WHO’s target to eliminate tuberculosis by 2050 (defined as fewer than 1 

case per million people per year).[131,303]  

All bodies state the urgent need for research and innovation if these targets are 

to be met,[131,302] but it is worth considering where and how new technology 

can contribute to the attainment of these goals. The successful reduction in 

tuberculosis incidence in New York City is one of the best documented case 

studies in recent times. From the mid-1970s to 1992, incidence rates soared, 

reaching 222 per 100,000 population in Harlem.[304] Although increasing inner-

city social deprivation and the HIV pandemic have been identified as factors 

leading to the significant rise in cases, public health interventions managed to 

reverse the trend in tuberculosis incidence without directly addressing these 

causative factors. Frieden et. al. argued that the decline could be largely 

attributed to an aggressive DOTS policy in the city, alongside better infection 
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control in hospitals, the closure of large-scale shelters (some accommodating 

over 800 individuals in a single room), and better medical services in prisons. 

Although they estimate that this came at the price of a ten-fold increase in the 

public health budget, the 6-fold decrease in caseload over the following 10 

years is likely to have saved significantly more money.[304,305]  

It is important to recognise that the success seen in New York City followed 

investment in public health services, and was not a consequence of either 

diagnostic advances or new drug treatments (although Frieden et. al. do point 

to the introduction of the now standard quadruple therapy regimen 6HR/2EZ as 

a possible contributing factor). Interventions were instead informed by an 

understanding that tuberculosis transmission is facilitated by overcrowding and 

poor treatment completion rates, not major new insights into the disease. Robin 

Wood has similarly argued that interrupting transmission in places of 

compulsory indoor aggregation such as schools and prisons would have a 

significant impact on tuberculosis incidence in South Africa. The data linking 

such poorly ventilated indoor spaces to high rates of transmission exist, with 

one model estimating a 90% reduction in transmission in prisons by simple 

measures such as reducing overcrowding and improving airflow.[150,306] 

Transmission in South African mines is also very well described.[164] 

Although technological progress may be a necessary condition to achieving 

WHO targets, it is therefore far from sufficient. The roll out of the Cepheid Xpert 

MTB/RIF constitutes an important case study of both the advantages and 

limitations of expensive, high-tech diagnostic platforms. It is clear that the 

technology works and that it offers additional, valuable diagnostic information to 
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low-income settings that currently rely on smear microscopy 

alone.[195,307,308] However, investigations into the overall impact on patient 

outcome have yielded mixed results. In a multi-centre implementation study, 

Catharina Boehme et. al. found that Xpert MTB/RIF shortened time to treatment 

for smear negative tuberculosis in particular,[307] whereas at the Conference 

on Retroviruses and Opportunistic Infections 2014, Katherine Fielding and 

Gavin Churchyard reported how their XTEND trial evaluating the impact of 

GeneXpert versus two sputum smear microscopy tests in South Africa found no 

shortening of time to treatment, no improvement in follow-up rates, and no 

decrease in mortality (full report yet to be published).[309] They plausibly argue 

that the disappointing results are because of weak healthcare infrastructure 

rather than any failure on behalf of the Xpert MTB/RIF. Without adequate 

resources to follow-up patients or drugs to treat MDR tuberculosis, it is hard to 

obtain benefit from new diagnostic platforms.  

The Xpert MTB/RIF also requires some basic laboratory infrastructure including 

an uninterrupted power supply and an ambient temperature not exceeding 

30oC,[196] militating against its application as a point-of-care test in low-income 

rural settings. In a review of implementation in 22 high burden countries, Qin et. 

al. identify that most Xpert MTB/RIF machines are based in reference or district 

laboratories, rather than nearer the patient,[310] with clear consequences for 

turnaround time and follow-up rates.  

What the New York City and South African experiences both demonstrate is the 

clear need for investment in basic healthcare and public health infrastructure if 

the tuberculosis incidence is to be significantly reduced. However, whilst 
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measures to interrupt on-going transmission were highly effective in New York 

City and could be equally so in South Africa, given sufficient resources, the 

large reservoir of latently infected individuals will be harder to eradicate and 

offers the unfortunate prospect of new cases, and hence outbreaks, emerging 

sporadically over the decades to come.  

In chapter 4 I describe the patterns of transmission in Oxfordshire, where 

tuberculosis is comparatively rare, where the majority of new cases are in 

patients born in high-incidence countries but where the risk of transmission is 

greater among patients born in low-incidence countries (mainly the UK). Most 

clusters are small and genetically unrelated to one another, consistent with the 

sporadic emergence of disease in latently infected individuals, or disease 

imported from outside of the region. Most outbreaks were linked to households, 

but also to a school, a prison and a homeless shelter. Whereas closing large 

shelters for the homeless was an obvious intervention in New York City, closing 

all homeless shelters is not an option, nor is closing schools or prisons. Public 

health minded architecture creating segregated or better-ventilated rooms 

would clearly be ideal, but the cost of large-scale redesign of public buildings in 

a low-incidence setting such as Oxfordshire would be hard to justify. More 

targeted interventions guided by the high-resolution data produced by WGS 

may therefore be preferable, and possibly more cost effective.  

This is not to argue that no role exists for WGS in high-incidence settings, only 

that there may be more pressing interventions that are not technology driven. 

Of course, where uncertainty exists, WGS may be able help identify where 

transmission is occurring, regardless of the incidence. The results described in 
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chapter 4 have helped clarify how the reservoir of latent infection among 

individuals born in high-incidence settings has not contributed towards a large 

amount of local transmission in Oxfordshire. Similarly, if all tuberculosis strains 

in South Africa were to be sequenced, the relative contributions to the overall 

epidemic of transmission in the home, school, the mines, prisons or elsewhere 

would become more apparent.  

The data underlying the SNP thresholds described in chapter 3 has been 

replicated in other settings, and could reasonably guide targeted public health 

interventions in the future.[236,238,239,242,250,253] If outbreaks can thus be 

identified with greater certainty, then more targeted screening, case finding and 

prophylaxis could contribute to the further decline in tuberculosis transmission, 

and eventually in its incidence too. If tuberculosis is to be eliminated, in line with 

WHO targets, then the reservoir of latently infected individuals cannot be 

allowed to contribute towards new infections, and infectious relapsed cases will 

require early diagnosis.  

Early diagnosis requires early presentation, recognition of symptoms and 

efficient, accurate assays. Although the first two factors are dependent on 

patient behaviour and doctor awareness, technological developments are key to 

speeding up diagnostic assays. Whereas the Xpert MTB/RIF identifies the M. 

tuberculosis complex and the presence or absence of mutations in the 

rifampicin resistance-conferring region of rpoB, most other diagnostic assays 

currently have an intrinsic, culture-dependent delay. It might be argued that the 

HAIN MTBDRplus and MTBDRsl LPAs can also be performed on primary 

samples, but their readability is impaired by low bacillary loads, and they are 
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more reliably performed on cultured samples.[311,312] Nevertheless, to obtain 

the full diagnostic information, including species, DST to all required drugs and 

typing results, culture remains necessary and the delay can extend to 

weeks.[189]  

The prospect of therefore obtaining all diagnostic information from a single test 

in the form of WGS data is very appealing given how a number of studies have 

already demonstrated that MiSeq platforms can be used to rapidly provide 

clinically useful data within days of sample collection for a variety of 

pathogens.[229,313] M. tuberculosis has already been successfully sequenced 

from MGIT culture,[275] and a recently published protocol now means this can 

be done reliably from the point at which MGIT cultures flag positive, potentially 

yielding all diagnostic information within 7 to 10 days of sample collection.[314] 

Work on the extraction, purification and sequencing of nucleic acid from primary 

clinical samples is on-going, but the first report identifying M. tuberculosis from 

such as sample was published in 2014.[315]  

Sequencing platforms are themselves evolving, with the latest Oxford Nanopore 

release promising to sequence a human genome in 15 minutes,[316] and 

presumably significantly less time for a mycobacterial genome (3.3x109 vs. 

4.4x106 base pairs). This would not only be faster than the Xpert MTB/RIF, 

which takes 2 hours,[195] but would produce all the required diagnostic 

information at once. Given that Oxford Nanopore’s MinION platform is portable 

– the size of a smart phone – and that it can be powered by a laptop[317] that 

would not require a continuous, uninterrupted power supply and might even be 

powered by solar energy,[318] the prospect of a genuine field-based, random 
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access, point-of-care test that provides full diagnostic information within minutes 

is coming into view. The WHO, who backed the roll-out of Xpert MTB/RIF, have 

described that process as a ‘test case’ for the translation of new technology for 

patient benefit.[196] Although the Oxford Nanopore platforms still require some 

refinement before fulfilling their promise,[183,319] the success of these or 

similar platforms will be dictated as much by price as by their eventual utility. 

With a human genome sequence expected to initially cost $1,000, further 

reductions in cost are likely to lead to wide-spread adoption.[317] Pathogen 

sequences are massively smaller and the cost therefore likely to be less. At 

concessional cost, Xpert MTB/RIF cartridges are currently sold at around 

$10,[320] although the cumulative cost to high-burden countries remains 

high.[321] At a similar price point a MinION-like device would offer more 

information, faster, and might have a more realistic chance of actually being 

deployed as a point-of-care test.  

The cost effectiveness of passive case finding, household based contact 

investigations, and active case finding have recently been assessed in 

Kampala, with household targeted contact investigations being identified as the 

most cost effective.[322] The high prior probability of finding additional active or 

latent cases within households containing patients with a diagnosis of 

tuberculosis raises the question of whether contact investigations targeted by 

WGS might have a similar prior probability of success, and hence similar cost 

effectiveness in low-income settings. This would be an important study for the 

future. However, if WGS is implemented widely as a diagnostic assay, the 

driving force is more likely to be the need for fast and accurate DST, and not 

outbreak investigation. The Xpert MTB/RIF was designed as a screening test 
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for MDR tuberculosis, facilitating point-of-care based decisions on whether to 

include isoniazid and rifampicin in treatment regimens or not. If a mutation in 

rpoB is detected, rifampicin resistance is assumed and isoniazid resistance 

inferred, but unlike WGS data, the result cannot help clinicians decide between 

alternative treatment regimes.  

The results presented in chapter 5 demonstrate that WGS data can already 

predict DST for a wider range of drugs, and across a wider range of alleles 

relevant to those drugs, than either LPAs or Xpert MTB/RIF. Current 

understanding of the genetic causes of drug resistance is therefore already 

sufficiently great that in a hypothetical future where bedside WGS is available, 

the results could provide clinicians with significantly more data to base 

treatment decisions on than is currently provided by the Xpert MTB/RIF.  

Where phenotyping is currently performed, a higher level of understanding of 

the genetic determinants of resistance is required before justifiably replacing it 

completely with WGS. The tuberculosis research community is working towards 

compiling a catalogue of genetic variation encoding all, or nearly all, phenotypic 

resistance to each anti-tuberculosis drug. The work outlined in chapter 5 

presents one approach that involves targeting a small number of candidate 

genes. Although largely successful, it failed to identify any plausible explanatory 

variants for a number of resistant phenotypes, leaving open the possibility that 

they are encoded elsewhere in the genome.  To find these, a strategic grant 

has been submitted (Derrick Crook, Principal Investigator) to the Wellcome 

Trust to facilitate the sequencing and analysis of up to 100,000 M. tuberculosis 

genomes from across the globe, with large scale GWAS and machine learning 
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techniques planned. Genotyping will thus be assessed for its capacity to predict 

phenotypes, although not as a measure of patient outcome for which additional 

studies are required. Chapter 5 describes a schema whereby phenotyping 

could be progressively phased out as the accuracy of genotyping increases. 

Eventually the hope is that all genetic variation can be tightly associated with 

MIC.  

It is unlikely that phenotyping can be entirely dispensed with even in the most 

optimistic of scenarios because of the need to monitor for novel alleles and their 

implications. Once sufficient overall sensitivity and specificity for predicting 

phenotypes has been achieved, it may not be necessary to continue 

phenotyping all isolates with a novel mutation, but it may be worth phenotyping 

strains with novel mutations from patients suffering treatment failure. To 

maintain the requisite expertise in phenotyping after the throughput has fallen 

significantly, one could further centralise the process, making use of the WHO 

network of supra-national reference laboratories. These would then serve to 

monitor trends and respond to the emergence of new clones or resistance 

determinants, and have the responsibility of updating the existing catalogue of 

resistance determinants.      

If the eradication of tuberculosis depends on the prevention of transmission, 

then rapid, accessible and complete molecular DST will contribute by enabling 

more precise tailoring of treatment to individual patients, thereby preventing 

onward transmission of all forms of tuberculosis, including, significantly, drug-

resistant disease. If the data in chapter 4 and that from other studies showing 

how new migrants reactivate their latent tuberculosis within the first few years of 
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arrival in a new country are representative of the incubation period of 

tuberculosis,[263] then 5 to 10 years of an aggressive package of preventing 

transmission through early diagnosis, effective treatment, identifying outbreaks 

and addressing the indoor environments that facilitate transmission has a 

chance of successfully meeting WHO targets.  

In this thesis I have argued that WGS technology can contribute to each of 

these strands of work. Disease control includes outbreak detection and 

intervention, as well as accurate diagnosis and effective treatment. In chapter 3 

I outline a method for relating genome sequences to one another to identify and 

describe transmission events. In chapter 4 I apply these findings to understand 

the relative contributions of recent transmission and reactivated disease to 

overall incidence in a low burden western European setting, and suggest 

possible policy interventions. In chapter 5 I devise an algorithm to identify the 

molecular determinants of drug resistance that would underlie future WGS 

based DST, which in turn has the potential to contribute significantly towards 

the rapid and accurate diagnosis and treatment of both drug susceptible and 

drug resistant tuberculosis, thereby decreasing transmission.  

These findings have been a significant factor influencing PHE to invest in a pilot 

study into the use of WGS as a diagnostic assay in the Midlands, and will form 

the basis of relevant analyses within that study. Over the course of 2015 PHE 

will be assessing the potential of MiSeq platforms to sequence mycobacterial 

cultures from early positive MGITs, as well as the potential of an Oxford based 

bioinformatics infrastructure to identify species, predict DST for members of the 

M. tuberculosis complex, and identify their nearest genetic neighbour from a 
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back catalogue of over 3,000 UK based sequences. If the approach can 

successfully obtain accreditation after the one year long pilot, the plan is to roll 

the technology out across England, replacing components of the current 

workflow such as MIRU-VNTR typing and the LPAs.  

The knowledge and techniques developed in thesis will be built on during the 

pilot study, hopefully contributing towards a knowledge and experience base 

that can be shared with and applied to alternative settings in the future. 
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7 APPENDIX 

7.1 S1!

Uncharacterised alleles that only occur in resistant phenotypes 

Alleles Drug Alleles Drug 
ahpC_54_insGT INH rpoB_389_insATGTCGT RIF 

ahpC_C-54T INH rpoB_A538V RIF 

ahpC_D73H INH rpoB_I480V RIF 

ahpC_E76K INH rpoB_P45S RIF 

ahpC_F108S INH rpoB_Q975H RIF 

ahpC_G-48A INH rpoB_R219C RIF 

ahpC_G-74A INH rpoB_S874F RIF 

ahpC_G32D INH rpoB_V168A RIF 

ahpC_T-42C INH rpoB_V496A RIF 

ahpC_W96C INH embA_68_delC EMB 

fabG1_T-8A INH embA_A813G EMB 

fabG1_T-8G INH embA_C-11A EMB 

inhA_I21V INH embA_C-8T EMB 

inhA_T162S INH embA_G759R EMB 

katG_24_insCA INH embB_G156C EMB 

katG_A-75G INH embB_M423T EMB 

katG_A109T INH embB_W1089R EMB 

katG_A244G INH embC_A387V EMB 

katG_C549S INH embR_458_delG EMB 

katG_D542E INH iniA_N50D EMB 

katG_G34A INH iniA_V544A EMB 

katG_L427F INH iniC_G194R EMB 

katG_Q471R INH iniC_G341V EMB 

katG_R78G INH gidB_504_delC SM 

katG_S211N INH tlyA_C-83T SM 

katG_T579A INH gyrA_D641E CIP 

katG_W149R INH gidB_L108P AK 

katG_Y155S INH gidB_L108P CAP 

ndh_D143A INH gidB_L108P KAN 

ndh_K208E INH 
  ndh_K32E INH 
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7.2 S2!

Alleles previously identified in the literature as resistance determinants. The 

‘literature’ was defined as any allele listed in the Dream TB database project 

(https://tbdreamdb.ki.se/Info/), any allele contained on one of the three line-

probe assays (which also cover those identified by the Cepheid MTB/RIF 

Xpert). An additional manual search was also performed for any of the 120 

resistance determinants that did not match any of these sources. Analysing the 

literature like this of course introduces bias, as I look harder for evidence of the 

resistance determining alleles in the literature than I do for the other alleles. 

However, that lineage-defining alleles have been characterised as resistance 

determinants in the published literature at all is evidence of noise, only more of 

which would be found by a further manual trawl for alleles. Each allele is 

counted for each of the drugs it is associated with (i.e. some alleles are counted 

more than once).   

Allele Drug Characterisation 

   pncA_S104R PZA Resistance-determinant 

gidB_R137W SM Resistance-determinant 

katG_W328L INH Resistance-determinant 

pncA_K96T PZA Resistance-determinant 

rpoB_H445R RIF Resistance-determinant 

rpsL_K43R SM Resistance-determinant 

rpoB_S450F RIF Resistance-determinant 

rpoB_D435V RIF Resistance-determinant 

gyrA_D94A OFX Resistance-determinant 

fabG1_T-8C INH Resistance-determinant 

embB_M306I EMB Resistance-determinant 

gidB_A200E SM Resistance-determinant 

pncA_C138R PZA Resistance-determinant 

rpoB_Q432K RIF Resistance-determinant 

pncA_V180F PZA Resistance-determinant 

embB_G406D EMB Resistance-determinant 

rpoB_D435F RIF Resistance-determinant 

pncA_W68C PZA Resistance-determinant 
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embB_D354A EMB Resistance-determinant 

gyrA_S91P MOX Resistance-determinant 

inhA_S94A INH Resistance-determinant 

embB_Q497R EMB Resistance-determinant 

pncA_V139L PZA Resistance-determinant 

gyrA_D94G CIP Resistance-determinant 

fabG1_C-15T INH Resistance-determinant 

pncA_L4S PZA Resistance-determinant 

rpoB_H445D RIF Resistance-determinant 

katG_S315N INH Resistance-determinant 

rpoB_S450W RIF Resistance-determinant 

pncA_G162D PZA Resistance-determinant 

pncA_D8N PZA Resistance-determinant 

gyrA_D94N MOX Resistance-determinant 

pncA_C14R PZA Resistance-determinant 

rrs_A1401G KAN Resistance-determinant 

pncA_A-11G PZA Resistance-determinant 

rpoB_S431G RIF Resistance-determinant 

rpsL_K88R SM Resistance-determinant 

pncA_Q141* PZA Resistance-determinant 

pncA_L172P PZA Resistance-determinant 

gyrA_S91P OFX Resistance-determinant 

pncA_G97D PZA Resistance-determinant 

rpoB_L452P RIF Resistance-determinant 

pncA_G132D PZA Resistance-determinant 

fabG1_G-17T INH Resistance-determinant 

rrs_A514C SM Resistance-determinant 

rrs_C517T SM Resistance-determinant 

katG_T180K INH Resistance-determinant 

rrs_A1401G CAP Resistance-determinant 

gidB_A134E SM Resistance-determinant 

gyrA_D94N OFX Resistance-determinant 

katG_S315T INH Resistance-determinant 

pncA_H57D PZA Resistance-determinant 

rpoB_I491F RIF Resistance-determinant 

embB_M306V EMB Resistance-determinant 

gyrA_D94A MOX Resistance-determinant 

gidB_A80P SM Resistance-determinant 

rrs_A1401G AK Resistance-determinant 

rpoB_H445N RIF Resistance-determinant 

pncA_D12A PZA Resistance-determinant 

embB_G406S EMB Resistance-determinant 

inhA_I194T INH Resistance-determinant 

embB_G406A EMB Resistance-determinant 

gyrA_A74S CIP Resistance-determinant 

rpoB_S450L RIF Resistance-determinant 

pncA_D8G PZA Resistance-determinant 

gyrA_A90V MOX Resistance-determinant 

rpoB_H445Y RIF Resistance-determinant 
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inhA_I21T INH Resistance-determinant 

gyrA_S91P CIP Resistance-determinant 

pncA_D136N PZA Resistance-determinant 

pncA_L27P PZA Resistance-determinant 

pncA_V125G PZA Resistance-determinant 

eis_G-10A KAN Resistance-determinant 

gyrA_D94G OFX Resistance-determinant 

katG_W191R INH Resistance-determinant 

pncA_Q10* PZA Resistance-determinant 

gyrA_D94G MOX Resistance-determinant 

embB_Q497K EMB Resistance-determinant 

gyrA_A90V OFX Resistance-determinant 

   embR_C110Y EMB Lineage-defining 

katG_R463L INH Lineage-defining 

rmlD_S257P EMB Lineage-defining 

embC_V981L EMB Lineage-defining 

manB_D152N EMB Lineage-defining 

gidB_L16R SM Lineage-defining 

gyrA_S95T OFX Lineage-defining 

embC_N394D EMB Lineage-defining 

embC_R738Q EMB Lineage-defining 

ndh_V18A INH Lineage-defining 

embA_P913S EMB Lineage-defining 

inhA_V78A INH Lineage-defining 

gyrA_S95T CIP Lineage-defining 

gyrA_T80A MOX Lineage-defining 

gyrA_S95T MOX Lineage-defining 

gyrA_T80A OFX Lineage-defining 

gidB_E92D SM Lineage-defining 

embB_E378A EMB Lineage-defining 

embC_T270I EMB Lineage-defining 

gyrA_T80A CIP Lineage-defining 

   iniC_P248A EMB Benign 

ahpC_C-52T INH Benign 

gyrA_D94H MOX Benign 

rpoB_L430P RIF Benign 

pncA_Y64D PZA Benign 

pncA_V21G PZA Benign 

iniA_S501W EMB Benign 

pncA_L35R PZA Benign 

ndh_R268H INH Benign 

gyrA_D94H CIP Benign 

pncA_A146T PZA Benign 

embA_A201T EMB Benign 

pncA_T47A PZA Benign 

embB_M306L EMB Benign 

gyrA_A90G CIP Benign 
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rpoB_D435Y RIF Benign 

gyrA_A90G OFX Benign 

embC_A307T EMB Benign 

embB_F285L EMB Benign 

pncA_V139A PZA Benign 

rmlD_G-71T EMB Benign 

katG_T394A INH Benign 

embA_C-16T EMB Benign 

gyrA_A90G MOX Benign 

embB_L370R EMB Benign 

embB_P430L EMB Benign 

pncA_H71Y PZA Benign 

pncA_T87M PZA Benign 

gyrA_D94H OFX Benign 

katG_M257I INH Benign 

gidB_S70R SM Benign 

   embB_M306T EMB Uncharacterised 

fabG1_T-8A INH Uncharacterised 

rpsL_K88T SM Uncharacterised 

gyrA_A90V CIP Uncharacterised 

embA_C-12T EMB Uncharacterised 

rpoB_I480V RIF Uncharacterised 

ahpC_E76K INH Uncharacterised 

fabG1_T-8G INH Uncharacterised 

embA_C-11A EMB Uncharacterised 

ahpC_G-74A INH Uncharacterised 

inhA_I21V INH Uncharacterised 

katG_D695A INH Uncharacterised 

ahpC_G-48A INH Uncharacterised 

ahpC_C-54T INH Uncharacterised 

katG_Y155S INH Uncharacterised 

ahpC_D73H INH Uncharacterised 
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7.3 S3!!

120 resistant determinants derived from the training set. Each allele can be 

counted more than once if it is characterised as a resistance determinant to 

more than one drug. The number of resistant and susceptible phenotypes with 

which each resistance determinant is associated is shown, and a pubmed 

identifier is given if the allele has been described as resistance determinants 

before.  

Alleles Drug Resistant Susceptible Total Pubmed link to reference 

previously citing the allele ahpC_C-57T INH 1 0 1 

 eis_G-10A KAN 4 0 4 21300839[uid] 

embB_D354A EMB 1 1 2 20427375[uid] 

embB_G406A EMB 1 3 4 10639358[uid] 

embB_G406D EMB 2 2 4 10639358[uid] 

embB_G406S EMB 3 5 8 10639358[uid] 

embB_H1002R EMB 1 0 1 22646308[uid] ** 

embB_M306I EMB 20 34 54 9257740[uid] 

embB_M306V EMB 18 3 21 9257740[uid] 

embB_Q497K EMB 1 2 3 10639358[uid] 

embB_Q497R EMB 8 4 12 10639358[uid] 

fabG1_C-15T INH 73 6 79 10428945[uid] 

fabG1_G-17T INH 5 1 6 14638486[uid] 

fabG1_T-8C INH 3 3 6 15793126[uid] 

gidB_141_delC SM 1 0 1 

 gidB_202_delG SM 4 7 11 

 gidB_202_insGC SM 1 1 2 

 gidB_A134E SM 1 0 1 17238915[uid] 

gidB_A138T SM 1 0 1 

 gidB_A138V SM 2 1 3 

 gidB_A200E SM 2 0 2 17238915[uid] 

gidB_A80P SM 1 0 1 24102832[uid] 

gidB_G69D SM 3 0 3 

 gidB_H48N SM 2 0 2 

 gidB_L91P SM 1 0 1 

 gidB_P75L SM 1 1 2 

 gidB_R137W SM 1 1 2 21444711[uid] 

gidB_S70N SM 1 0 1 

 gidB_V65G SM 1 0 1 

 gidB_V88A SM 2 0 2 

 gyrA_A74S CIP 2 0 2 17035499[uid] 

gyrA_A90V MOX 2 0 2 8031045[uid] 
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gyrA_A90V OFX 2 0 2 8031045[uid] 

gyrA_D94A MOX 1 0 1 8031045[uid] 

gyrA_D94A OFX 1 0 1 8031045[uid] 

gyrA_D94G CIP 18 1 19 8031045[uid] 

gyrA_D94G MOX 9 4 13 8031045[uid] 

gyrA_D94G OFX 9 3 12 8031045[uid] 

gyrA_D94N MOX 1 0 1 8031045[uid] 

gyrA_D94N OFX 1 0 1 8031045[uid] 

gyrA_S91P CIP 2 2 4 8031045[uid] 

gyrA_S91P MOX 3 0 3 8031045[uid] 

gyrA_S91P OFX 3 0 3 8031045[uid] 

inhA_I194T INH 2 0 2 16495272[uid] 

inhA_I21T INH 2 0 2 14638486[uid] 

inhA_S94A INH 4 1 5 10815738[uid] 

katG_1450_delC INH 1 0 1 

 katG_1910_delA INH 1 0 1 

 katG_471_delG INH 2 0 2 

 katG_L159P INH 1 0 1 

 katG_S315N INH 2 1 3 9210694[uid] 

katG_S315T INH 195 1 196 8537659[uid] 

katG_T180K INH 1 0 1 16870753[uid] 

katG_V633A INH 1 1 2 

 katG_W191R INH 1 0 1 15793126[uid] 

katG_W300C INH 1 0 1 22646308[uid] ** 

katG_W328L INH 1 0 1 9210694[uid] 

katG_W90R INH 1 0 1 

 pncA_177_delC PZA 1 0 1 

 pncA_292_insAT PZA 1 0 1 

 pncA_409_delT PZA 2 0 2 

 pncA_491_insACC PZA 1 0 1 

 pncA_494_delC PZA 1 0 1 

 pncA_528_insGGCCGTCTGGC PZA 1 0 1 

 pncA_570_insCT PZA 2 0 2 

 pncA_A-11G PZA 3 0 3 9056006[uid] 

pncA_C138R PZA 1 0 1 25336456[uid] 

pncA_C14R PZA 1 0 1 9055989[uid] 

pncA_D12A PZA 1 0 1 9055989[uid] 

pncA_D136N PZA 1 2 3 11641519[uid] 

pncA_D49N PZA 1 0 1 

 pncA_D8G PZA 1 0 1 11641519[uid] 

pncA_D8N PZA 1 0 1 25336456[uid] 

pncA_G132D PZA 1 0 1 9692180[uid] 

pncA_G162D PZA 1 0 1 17360809[uid] 

pncA_G78C PZA 1 0 1 

 pncA_G97D PZA 1 0 1 11083630[uid] 

pncA_H57D PZA 11 0 11 9056006[uid] 

pncA_H57R PZA 2 0 2 
 

pncA_K96T PZA 1 0 1 9055989[uid] 

pncA_L172P PZA 1 0 1 9692180[uid] 
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pncA_L27P PZA 1 0 1 17596354[uid] 

pncA_L4S PZA 4 0 4 11083630[uid] 

pncA_Q10* PZA 1 0 1 10390239[uid] 

pncA_Q141* PZA 1 0 1 11641519[uid] 

pncA_S104R PZA 2 0 2 9692180[uid] 

pncA_T-12C PZA 3 0 3 

 pncA_V125G PZA 4 0 4 18573039[uid] 

pncA_V139L PZA 1 0 1 11083630[uid] 

pncA_V180F PZA 1 0 1 11641519[uid] 

pncA_V7L PZA 3 0 3 

 pncA_W68C PZA 1 0 1 25336456[uid] 

rpoB_1396_insATTC RIF 2 0 2 

 rpoB_1427_delTGGCCCC RIF 1 0 1 

 rpoB_D435F RIF 1 0 1 16229229[uid] 

rpoB_D435V RIF 4 0 4 15184414[uid] 

rpoB_H445D RIF 6 0 6 14729930[uid] 

rpoB_H445N RIF 1 4 5 14729930[uid] 

rpoB_H445R RIF 3 0 3 9003625[uid] 

rpoB_H445Y RIF 12 0 12 8027320[uid] 

rpoB_I491F RIF 4 19 23 10565894[uid] 

rpoB_L452P RIF 4 4 8 10921994[uid] 

rpoB_Q432K RIF 1 0 1 8027320[uid] 

rpoB_S431G RIF 1 0 1 17360809[uid] 

rpoB_S450F RIF 4 0 4 15728936[uid] 

rpoB_S450L RIF 59 1 60  7946393[uid] 

rpoB_S450W RIF 3 1 4 7759399[uid] 

rpoB_V170F RIF 2 1 3 

 rpoB_V262A RIF 1 0 1 

 rpoB_V359A RIF 1 0 1 

 rpsA_A440T PZA 11 0 11 

 rpsL_K43R SM 24 0 24 7968530[uid] 

rpsL_K88R SM 11 0 11 7934937[uid] 

rrs_A1401G AK 5 0 5 8971706[uid] 

rrs_A1401G CAP 5 0 5 

 rrs_A1401G KAN 5 0 5 

 rrs_A514C SM 2 0 2 22943573[uid] 

rrs_C513T SM 2 0 2 

 rrs_C517T SM 2 0 2 15567277[uid] 

tlyA_C-83T CAP 1 0 1 

 

      ** publication based on subset of sequences included in this study. 
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7.4 S4!

The performance of alleles characterised as resistance determinants in the 

training set when predicting phenotypes for the validation set. 

  

Phenotypically resistant Phenotypically sensitive 

 Drug Variant Resistance-

determinant 

Resistance-

determinant 

as a mixed-

call 

Resistance-

determinant 

Resistance-

determinant 

as a mixed-

call 

Link to 

previous 

report in the 

literature 

INH ahpC_C-57T 1 0 0 0 N/A 

INH fabG1_C-15T 32 1 9 0 10428945[uid] 

INH fabG1_G-17T 2 0 0 0 14638486[uid] 

INH fabG1_T-8C 5 1 0 0 15793126[uid] 

INH inhA_I194T 3 1 1 0 16495272[uid] 

INH inhA_I21T 1 0 0 0 14638486[uid] 

INH inhA_S94A 0 0 2 0 10815738[uid] 

INH katG_S315N 6 0 0 0 9210694[uid] 

INH katG_S315T 271 5 8 0 8537659[uid] 

INH katG_W191R 1 0 0 0 15793126[uid] 

   

  

   RIF rpoB_1396_insATTC 0 1 0 0 N/A 

RIF rpoB_D435F 1 0 0 0 16229229[uid] 

RIF rpoB_D435V 9 2 0 0 15184414[uid] 

RIF rpoB_H445D 8 1 0 0 14729930[uid] 

RIF rpoB_H445N 0 0 0 1 14729930[uid] 

RIF rpoB_H445R 2 1 0 0 9003625[uid] 

RIF rpoB_H445Y 10 5 1 0 8027320[uid] 

RIF rpoB_L452P 4 0 3 0 10921994[uid] 

RIF rpoB_Q432K 0 0 1 0 8027320[uid] 

RIF rpoB_S450L 224 7 3 0 15728936[uid] 

RIF rpoB_S450W 3 1 1 0 7759399[uid] 

RIF rpoB_V170F 1 1 0 0 N/A 

   

  

   EMB embB_D354A 2 0 1 0 N/A 

EMB embB_G406A 3 0 2 0 10639358[uid] 

EMB embB_G406D 3 0 2 1 10639358[uid] 

EMB embB_G406S 1 0 0 0 10639358[uid] 

EMB embB_H1002R 2 0 1 0 22646308[uid]** 

EMB embB_M306I 38 1 27 2 9257740[uid] 

EMB embB_M306V 94 5 22 4 9257740[uid] 

EMB embB_Q497K 0 0 2 0 10639358[uid] 

EMB embB_Q497R 9 0 4 0 10639358[uid] 

   

  

   PZA pncA_292_insAT 1 0 0 0 N/A 

PZA pncA_494_delC 1 0 0 0 N/A 

PZA pncA_A-11G 15 5 1 0 9056006[uid] 

PZA pncA_C138R 0 2 0 0 25336456[uid] 

PZA pncA_C14R 2 1 0 0 9055989[uid] 
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PZA pncA_D136N 0 1 0 0 11641519[uid] 

PZA pncA_G97D 2 0 0 0 11083630[uid] 

PZA pncA_H57D 7 0 0 0 9056006[uid] 

PZA pncA_Q141* 1 0 0 0 11641519[uid] 

PZA pncA_T-12C 0 1 0 0 N/A 

PZA pncA_V125G 2 2 0 0 18573039[uid] 

PZA pncA_V139L 0 1 0 0 11083630[uid] 

PZA rpsA_A440T 7 0 1 0 N/A 

   

  

   SM gidB_202_delG 4 0 2 0 N/A 

SM gidB_A134E 2 0 0 0 17238915[uid] 

SM gidB_V65G 1 1 0 0 N/A 

SM rpsL_K43R 229 3 7 1 7968530[uid] 

SM rpsL_K88R 16 1 0 0 7934937[uid] 

SM rrs_A514C 19 2 0 0 22943573[uid] 

SM rrs_C517T 6 1 2 0 15567277[uid] 

   

  

   CIP . . . . . 

 

   

  

   MOX gyrA_D94A 1 0 0 0 8031045[uid] 

MOX gyrA_D94G 2 0 0 0 8031045[uid] 

   

  

   OFX gyrA_A90V 0 2 0 0 8031045[uid] 

OFX gyrA_D94G 2 3 0 0 8031045[uid] 

   

  

   AK rrs_A1401G 36 16 1 2 8971706[uid] 

   

  

   CAP rrs_A1401G 31 13 6 4 N/A 

   

  

   KAN rrs_A1401G 3 0 0 0 N/A 
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7.5 S5!!

Susceptible phenotypes predicted resistant in the validation set 

Isolate Drug Resistance-determinant 

------------------------------------------------------------------ 

4751-12 EMB embB_D354A 

------------------------------------------------------------------ 

687-05 EMB embB_G406A 

9703-04 EMB embB_G406A 

------------------------------------------------------------------ 

3004-06 EMB embB_G406D 

677-04 EMB embB_G406D 

1319-05 EMB embB_G406D 

------------------------------------------------------------------ 

4549-04 EMB embB_H1002R 

------------------------------------------------------------------ 

3672-04 EMB embB_M306I 

8121-04 EMB embB_M306I 

7950-05 EMB embB_M306I 

706-05 EMB embB_M306I 

3087-05 EMB embB_M306I 

9546-01 EMB embB_M306I 

688-05 EMB embB_M306I 

7426-01 EMB embB_M306I 

2991-06 EMB embB_M306I 

8660-04 EMB embB_M306I 

6519-01 EMB embB_M306I 

702-05 EMB embB_M306I 

685-05 EMB embB_M306I 

8662-04 EMB embB_M306I 

1603-06 EMB embB_M306I 

TRL0081319-S9 EMB embB_M306I 

8125-04 EMB embB_M306I 

8131-04 EMB embB_M306I 

10849-11 EMB embB_M306I 

TRL0080777-S13 EMB embB_M306I 

TRL0031029-S19 EMB embB_M306I 

8645-04 EMB embB_M306I 

RG00153143-S11 EMB embB_M306I 

5573-01 EMB embB_M306I 

TRL0039671-S15 EMB embB_M306I 

10564-01 EMB embB_M306I 

121-04 EMB embB_M306I 

TRL0078704-S32 EMB embB_M306I 

2383-05 EMB embB_M306I 

------------------------------------------------------------------ 
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8648-04 EMB embB_M306V 

8671-04 EMB embB_M306V 

684-06 EMB embB_M306V 

4539-04 EMB embB_M306V 

8668-04 EMB embB_M306V 

8129-04 EMB embB_M306V 

116-04 EMB embB_M306V 

3082-05 EMB embB_M306V 

9689-04 EMB embB_M306V 

10535-06 EMB embB_M306V 

8644-04 EMB embB_M306V 

2126-06 EMB embB_M306V 

TRL0080791-S14 EMB embB_M306V 

8655-04 EMB embB_M306V 

8128-04 EMB embB_M306V 

TRL0080005-S15 EMB embB_M306V 

2393-05 EMB embB_M306V 

8092-01 EMB embB_M306V 

8650-04 EMB embB_M306V 

10468-07 EMB embB_M306V 

9690-04 EMB embB_M306V 

8661-04 EMB embB_M306V 

10536-05 EMB embB_M306V 

4546-04 EMB embB_M306V 

8647-04 EMB embB_M306V 

677-04 EMB embB_M306V 

------------------------------------------------------------------ 

6810-06 EMB embB_Q497K 

IF00091761-S29 EMB embB_Q497K 

------------------------------------------------------------------ 

701-05 EMB embB_Q497R 

9700-04 EMB embB_Q497R 

2839-11 EMB embB_Q497R 

784-02 EMB embB_Q497R 

------------------------------------------------------------------ 

TRL0036924-S16 INH fabG1_C-15T 

TRL0020863-S23 INH fabG1_C-15T 

1036-06 INH fabG1_C-15T 

10584-09 INH fabG1_C-15T 

9707-12 INH fabG1_C-15T 

646-10 INH fabG1_C-15T 

TRL0057764-S21 INH fabG1_C-15T 

TRL0024410-S8 INH fabG1_C-15T 

3362-12 INH fabG1_C-15T 

------------------------------------------------------------------ 

8844-10 SM gidB_202_delG 

4890-09 SM gidB_202_delG 

------------------------------------------------------------------ 

10584-09 INH inhA_I194T 
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------------------------------------------------------------------ 

1956-05 INH inhA_S94A 

TRL0016331-S16 INH inhA_S94A 

------------------------------------------------------------------ 

1355-10 INH katG_S315T 

12397-12 INH katG_S315T 

735-10 INH katG_S315T 

TRL0022536-S28 INH katG_S315T 

1346-10 INH katG_S315T 

10468-07 INH katG_S315T 

4545-12 INH katG_S315T 

IK00117937-S5 INH katG_S315T 

------------------------------------------------------------------ 

3009-04 PZA pncA_A-11G 

------------------------------------------------------------------ 

TRL0029138-S10 RIF rpoB_H445N 

------------------------------------------------------------------ 

116-04 RIF rpoB_H445Y 

------------------------------------------------------------------ 

925-08 RIF rpoB_L452P 

TRL0029796-S8 RIF rpoB_L452P 

TRL0050689-S4 RIF rpoB_L452P 

------------------------------------------------------------------ 

IF00140841-S30 RIF rpoB_Q432K 

------------------------------------------------------------------ 

TRL0080930-S14 RIF rpoB_S450L 

10468-07 RIF rpoB_S450L 

TRL0077954-S26 RIF rpoB_S450L 

------------------------------------------------------------------ 

12355-12 RIF rpoB_S450W 

------------------------------------------------------------------ 

10468-07 SM rpsL_K43R 

4545-12 SM rpsL_K43R 

853-06 SM rpsL_K43R 

1563-10 SM rpsL_K43R 

4825-07 SM rpsL_K43R 

IF00140841-S30 SM rpsL_K43R 

3826-09 SM rpsL_K43R 

2280-07 SM rpsL_K43R 

------------------------------------------------------------------ 

116-04 AK rrs_A1401G 

3670-04 AK rrs_A1401G 

8132-04 AK rrs_A1401G 

------------------------------------------------------------------ 

10468-07 SM rrs_C517T 

TRL0083637-S3 SM rrs_C517T 
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7.6 S6 

100 iterations of the algorithm were each conducted after randomly assigning 

1825 isolates to training set and 1826 to a validation set. Genotypic predictions 

for the phenotypes in each of the 100 validation sets are shown. As in Table 9, 

algorithmic characterisations are based on: R (resistance determining allele); 

Rx (resistance determinant as a mixed base call); S0 (zero alleles present); Ss 

(only benign alleles present); U (unclassified allele present in the absence of a 

resistance-determining allele). 

Phenotypically-Resistant- Phenotypically-Sensitive-
Genotype- Genotype-

R- Rx- S0- Ss- U- R- Rx- S0- Ss- U-
786$ 30$ 53$ 27$ 98$ 143$ 9$ 6754$ 565$ 591$
786$ 37$ 46$ 14$ 95$ 130$ 12$ 6842$ 504$ 565$
877$ 38$ 52$ 14$ 106$ 147$ 9$ 6754$ 536$ 558$
807$ 37$ 56$ 8$ 106$ 129$ 14$ 6789$ 531$ 540$
783$ 42$ 54$ 18$ 92$ 125$ 38$ 6804$ 487$ 606$
776$ 36$ 44$ 12$ 86$ 131$ 12$ 6780$ 559$ 594$
878$ 44$ 50$ 13$ 97$ 135$ 7$ 6708$ 534$ 535$
848$ 46$ 59$ 11$ 88$ 102$ 14$ 6744$ 546$ 593$
817$ 32$ 56$ 17$ 85$ 124$ 10$ 6783$ 570$ 545$
843$ 39$ 59$ 12$ 97$ 128$ 10$ 6837$ 569$ 503$
850$ 40$ 43$ 13$ 92$ 130$ 12$ 6810$ 510$ 564$
835$ 42$ 53$ 18$ 90$ 118$ 10$ 6746$ 562$ 574$
796$ 36$ 50$ 13$ 100$ 115$ 10$ 6722$ 582$ 558$
828$ 38$ 61$ 18$ 88$ 112$ 6$ 6792$ 552$ 571$
884$ 42$ 58$ 15$ 104$ 129$ 9$ 6762$ 569$ 506$
843$ 35$ 59$ 7$ 130$ 134$ 10$ 6733$ 528$ 628$
882$ 39$ 57$ 16$ 106$ 107$ 10$ 6744$ 531$ 562$
883$ 41$ 37$ 12$ 100$ 114$ 12$ 6791$ 556$ 535$
820$ 42$ 58$ 13$ 93$ 139$ 11$ 6775$ 519$ 595$
850$ 32$ 66$ 22$ 109$ 131$ 15$ 6746$ 590$ 532$
829$ 47$ 65$ 18$ 93$ 124$ 15$ 6738$ 536$ 585$
814$ 31$ 59$ 10$ 97$ 146$ 8$ 6763$ 566$ 568$
812$ 38$ 48$ 12$ 92$ 135$ 7$ 6774$ 544$ 558$
836$ 43$ 58$ 10$ 115$ 122$ 8$ 6743$ 514$ 601$
843$ 33$ 50$ 18$ 87$ 144$ 30$ 6768$ 557$ 517$
822$ 37$ 54$ 18$ 126$ 122$ 13$ 6753$ 605$ 467$
836$ 37$ 60$ 14$ 102$ 133$ 8$ 6837$ 558$ 586$
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816$ 37$ 53$ 11$ 112$ 112$ 11$ 6788$ 511$ 617$
846$ 38$ 52$ 19$ 98$ 112$ 12$ 6776$ 582$ 571$
794$ 39$ 58$ 22$ 90$ 116$ 13$ 6722$ 513$ 622$
827$ 33$ 59$ 16$ 88$ 124$ 12$ 6756$ 548$ 534$
702$ 29$ 57$ 18$ 95$ 116$ 11$ 6872$ 542$ 578$
859$ 36$ 65$ 20$ 79$ 122$ 10$ 6705$ 587$ 540$
846$ 40$ 58$ 22$ 118$ 134$ 9$ 6764$ 526$ 573$
815$ 43$ 39$ 25$ 97$ 107$ 11$ 6784$ 526$ 571$
776$ 34$ 56$ 17$ 91$ 125$ 11$ 6826$ 541$ 583$
865$ 40$ 58$ 15$ 94$ 133$ 9$ 6760$ 563$ 548$
830$ 40$ 57$ 16$ 112$ 120$ 12$ 6782$ 518$ 548$
805$ 38$ 58$ 12$ 90$ 130$ 9$ 6858$ 582$ 520$
844$ 39$ 49$ 22$ 103$ 133$ 14$ 6721$ 549$ 556$
851$ 41$ 52$ 22$ 96$ 131$ 10$ 6703$ 536$ 590$
815$ 42$ 62$ 10$ 104$ 152$ 9$ 6797$ 504$ 582$
851$ 50$ 63$ 28$ 102$ 133$ 10$ 6750$ 523$ 584$
849$ 39$ 60$ 16$ 104$ 132$ 8$ 6787$ 536$ 559$
928$ 40$ 45$ 16$ 99$ 139$ 8$ 6685$ 614$ 501$
838$ 39$ 51$ 10$ 105$ 112$ 5$ 6767$ 519$ 581$
829$ 38$ 61$ 18$ 85$ 120$ 11$ 6804$ 514$ 533$
829$ 38$ 44$ 16$ 111$ 133$ 11$ 6714$ 613$ 568$
842$ 37$ 56$ 13$ 104$ 121$ 6$ 6734$ 531$ 600$
835$ 48$ 61$ 12$ 106$ 127$ 12$ 6721$ 558$ 567$
811$ 34$ 49$ 19$ 105$ 112$ 9$ 6827$ 538$ 536$
884$ 44$ 48$ 18$ 104$ 118$ 10$ 6669$ 560$ 615$
827$ 35$ 58$ 14$ 79$ 137$ 12$ 6807$ 514$ 564$
860$ 37$ 60$ 16$ 122$ 122$ 8$ 6774$ 565$ 535$
807$ 41$ 65$ 13$ 97$ 146$ 12$ 6793$ 559$ 559$
844$ 45$ 48$ 19$ 104$ 133$ 9$ 6775$ 551$ 482$
839$ 48$ 49$ 15$ 107$ 132$ 11$ 6729$ 542$ 577$
838$ 42$ 48$ 14$ 81$ 139$ 31$ 6754$ 508$ 565$
836$ 47$ 42$ 9$ 95$ 136$ 14$ 6788$ 581$ 511$
872$ 31$ 50$ 17$ 109$ 139$ 5$ 6779$ 552$ 524$
830$ 40$ 47$ 17$ 108$ 141$ 6$ 6734$ 621$ 524$
845$ 36$ 60$ 20$ 107$ 125$ 13$ 6753$ 596$ 527$
844$ 35$ 59$ 21$ 87$ 119$ 11$ 6791$ 520$ 558$
872$ 42$ 57$ 24$ 91$ 128$ 11$ 6758$ 542$ 557$
875$ 35$ 60$ 14$ 88$ 128$ 11$ 6792$ 512$ 616$
782$ 39$ 51$ 14$ 98$ 119$ 6$ 6742$ 524$ 563$
781$ 33$ 65$ 17$ 109$ 123$ 8$ 6817$ 578$ 554$
887$ 41$ 48$ 12$ 105$ 124$ 10$ 6728$ 551$ 539$
823$ 32$ 56$ 12$ 99$ 113$ 13$ 6779$ 535$ 532$
878$ 38$ 57$ 9$ 101$ 118$ 13$ 6766$ 539$ 535$
835$ 32$ 45$ 13$ 94$ 115$ 7$ 6812$ 518$ 617$
836$ 32$ 64$ 22$ 95$ 145$ 8$ 6767$ 585$ 540$
825$ 43$ 60$ 11$ 81$ 140$ 14$ 6764$ 567$ 537$
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806$ 39$ 54$ 29$ 106$ 113$ 12$ 6763$ 594$ 551$
844$ 32$ 48$ 11$ 90$ 136$ 9$ 6799$ 546$ 534$
812$ 40$ 55$ 15$ 92$ 126$ 10$ 6729$ 524$ 617$
770$ 37$ 52$ 18$ 96$ 131$ 8$ 6759$ 517$ 583$
808$ 30$ 55$ 19$ 111$ 112$ 8$ 6792$ 568$ 530$
953$ 46$ 57$ 19$ 88$ 134$ 10$ 6690$ 554$ 554$
873$ 39$ 54$ 15$ 108$ 131$ 14$ 6770$ 547$ 513$
847$ 43$ 51$ 22$ 81$ 105$ 8$ 6771$ 566$ 521$
854$ 32$ 58$ 19$ 95$ 121$ 7$ 6737$ 507$ 592$
818$ 36$ 54$ 9$ 103$ 130$ 10$ 6724$ 553$ 587$
811$ 29$ 63$ 17$ 98$ 108$ 10$ 6788$ 605$ 474$
852$ 40$ 57$ 16$ 105$ 117$ 14$ 6825$ 581$ 514$
819$ 49$ 60$ 19$ 87$ 104$ 8$ 6761$ 595$ 530$
832$ 43$ 54$ 17$ 107$ 127$ 7$ 6735$ 525$ 619$
783$ 46$ 48$ 24$ 82$ 113$ 9$ 6874$ 513$ 583$
845$ 32$ 53$ 24$ 112$ 121$ 12$ 6766$ 531$ 589$
800$ 37$ 52$ 12$ 119$ 133$ 6$ 6786$ 553$ 561$
860$ 35$ 50$ 17$ 84$ 136$ 8$ 6744$ 630$ 515$
855$ 35$ 60$ 24$ 99$ 133$ 8$ 6735$ 570$ 502$
832$ 38$ 50$ 24$ 103$ 127$ 10$ 6718$ 502$ 612$
763$ 42$ 54$ 13$ 109$ 141$ 14$ 6748$ 549$ 545$
803$ 41$ 54$ 22$ 105$ 124$ 11$ 6755$ 541$ 541$
849$ 33$ 66$ 17$ 114$ 127$ 8$ 6719$ 500$ 606$
789$ 43$ 55$ 21$ 102$ 123$ 12$ 6751$ 588$ 499$
811$ 36$ 48$ 17$ 102$ 113$ 8$ 6752$ 527$ 622$
837$ 36$ 59$ 14$ 96$ 126$ 10$ 6777$ 530$ 608$
841$ 38$ 57$ 17$ 104$ 129$ 13$ 6769$ 534$ 534$
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7.7 S7!

Resistance determinants derived from the combined training and validation sets 

(i.e. by applying the algorithm to all 3651 isolates). 

Variant Drug Resistant Susceptible 

ahpC_C-57T INH 2 0 

ahpC_C-72T INH 1 1 

eis_G-10A KAN 4 0 

embA_C-12T EMB 12 7 

embA_C-16G EMB 5 1 

embA_C-16T EMB 6 4 

embB_D328Y EMB 2 1 

embB_D354A EMB 3 2 

embB_G406A EMB 4 5 

embB_G406D EMB 5 5 

embB_G406S EMB 4 5 

embB_M306I EMB 59 63 

embB_M306V EMB 117 29 

embB_N1033K EMB 1 0 

embB_Q497K EMB 1 4 

embB_Q497R EMB 17 8 

fabG1_C-15T INH 106 15 

fabG1_G-17T INH 7 1 

fabG1_T-8C INH 9 3 

gidB_141_delC SM 1 0 

gidB_202_delG SM 8 9 

gidB_202_insGC SM 1 1 

gidB_215_delC SM 6 3 

gidB_399_delAAACTCGGTG CAP 1 0 

gidB_399_delAAACTCGGTG SM 1 0 

gidB_451_delG SM 4 4 

gidB_451_insGC SM 1 2 

gidB_A134E SM 3 0 

gidB_A138T SM 1 0 

gidB_A138V SM 2 1 

gidB_A19P SM 1 2 

gidB_A200E SM 2 0 

gidB_A205E SM 1 0 

gidB_A80P SM 1 0 

gidB_C52F SM 1 0 

gidB_D85A SM 3 0 

gidB_E173* SM 1 0 

gidB_G117V SM 2 0 
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gidB_G30D SM 4 0 

gidB_G34V SM 2 0 

gidB_G69D SM 3 0 

gidB_G73A SM 1 0 

gidB_H48N SM 2 0 

gidB_H48Q SM 1 0 

gidB_I11N SM 1 0 

gidB_I162S SM 1 0 

gidB_L26F SM 1 0 

gidB_L79S SM 5 2 

gidB_L79W SM 1 0 

gidB_L91P SM 1 0 

gidB_P75L SM 1 1 

gidB_P75R SM 5 0 

gidB_P93L SM 1 0 

gidB_Q125* SM 1 0 

gidB_R118L SM 1 0 

gidB_R118S SM 3 1 

gidB_R137P SM 2 1 

gidB_R137W SM 1 1 

gidB_R47W SM 1 0 

gidB_R64W SM 1 0 

gidB_R83P SM 1 0 

gidB_S136* SM 1 1 

gidB_S149R SM 1 2 

gidB_S70N SM 1 0 

gidB_V203L SM 1 0 

gidB_V41I SM 1 1 

gidB_V65G SM 3 0 

gidB_V88A SM 2 0 

gidB_Y195H CAP 2 28 

gyrA_A74S CIP 2 0 

gyrA_A90V MOX 2 0 

gyrA_A90V OFX 4 0 

gyrA_D94A MOX 2 0 

gyrA_D94A OFX 1 0 

gyrA_D94G CIP 18 1 

gyrA_D94G MOX 11 4 

gyrA_D94G OFX 14 3 

gyrA_D94H MOX 1 1 

gyrA_D94H OFX 1 1 

gyrA_D94N MOX 1 0 

gyrA_D94N OFX 1 0 

gyrA_S91P CIP 2 2 

gyrA_S91P MOX 3 0 

gyrA_S91P OFX 3 0 
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inhA_I194T INH 6 1 

inhA_I21T INH 3 0 

inhA_S94A INH 4 3 

katG_1157_delT INH 1 0 

katG_121_insTA INH 1 0 

katG_1388_delA INH 2 0 

katG_1450_delC INH 1 0 

katG_1465_delC INH 1 0 

katG_1910_delA INH 1 0 

katG_471_delG INH 2 0 

katG_A109V INH 1 0 

katG_A614E INH 1 0 

katG_D142G INH 1 0 

katG_G125D INH 1 0 

katG_G182R INH 1 0 

katG_G297V INH 1 0 

katG_L141F INH 3 0 

katG_L159P INH 1 0 

katG_L627P INH 1 0 

katG_L704S INH 1 0 

katG_P232R INH 1 0 

katG_R104Q INH 2 0 

katG_S315I INH 1 0 

katG_S315N INH 8 1 

katG_S315T INH 471 9 

katG_S481L INH 1 1 

katG_S700P INH 2 0 

katG_T180K INH 1 0 

katG_V633A INH 1 1 

katG_W191G INH 1 0 

katG_W191R INH 2 0 

katG_W300C INH 1 0 

katG_W300S INH 1 0 

katG_W328L INH 1 0 

katG_W505* INH 1 0 

katG_W90R INH 1 0 

ndh_G225D INH 1 0 

pncA_174_delG PZA 1 0 

pncA_177_delC PZA 1 0 

pncA_285_insCT PZA 1 0 

pncA_292_insAT PZA 2 0 

pncA_409_delT PZA 2 0 

pncA_489_delC PZA 9 0 

pncA_491_insACC PZA 1 0 

pncA_494_delC PZA 2 0 

pncA_528_insGGCCGTCTGGC PZA 1 0 
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pncA_556_insTG PZA 1 0 

pncA_563_insAC PZA 1 0 

pncA_570_insCT PZA 2 0 

pncA_592_delC PZA 1 0 

pncA_617_insTC PZA 1 0 

pncA_A-11G PZA 23 1 

pncA_C138R PZA 3 0 

pncA_C14R PZA 4 0 

pncA_D12A PZA 1 0 

pncA_D136N PZA 2 2 

pncA_D49N PZA 1 0 

pncA_D8G PZA 1 0 

pncA_D8N PZA 1 0 

pncA_F81V PZA 1 1 

pncA_G132D PZA 1 0 

pncA_G162D PZA 1 0 

pncA_G78C PZA 1 0 

pncA_G97C PZA 1 0 

pncA_G97D PZA 3 0 

pncA_G97R PZA 1 0 

pncA_H137R PZA 1 2 

pncA_H51Q PZA 1 1 

pncA_H57D PZA 18 0 

pncA_H57R PZA 2 0 

pncA_H71Q PZA 1 0 

pncA_H71Y PZA 2 1 

pncA_I133T PZA 20 15 

pncA_K48E PZA 1 2 

pncA_K96T PZA 1 0 

pncA_L151S PZA 1 0 

pncA_L159V PZA 1 1 

pncA_L172P PZA 1 0 

pncA_L27P PZA 1 0 

pncA_L4S PZA 4 0 

pncA_M175V PZA 1 1 

pncA_P54L PZA 2 2 

pncA_P54Q PZA 1 1 

pncA_Q10* PZA 1 0 

pncA_Q10P PZA 38 3 

pncA_Q141* PZA 2 0 

pncA_Q141P PZA 5 1 

pncA_S104G PZA 1 1 

pncA_S104R PZA 2 0 

pncA_S32I PZA 1 0 

pncA_T-12C PZA 4 0 

pncA_T114P PZA 1 0 
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pncA_T135P PZA 1 0 

pncA_T47A PZA 1 1 

pncA_V125G PZA 8 0 

pncA_V139L PZA 2 0 

pncA_V180F PZA 1 0 

pncA_V180G PZA 2 0 

pncA_V21G PZA 2 1 

pncA_V7L PZA 3 0 

pncA_W68C PZA 1 0 

pncA_W68R PZA 4 0 

pncA_Y99* PZA 1 0 

rpoB_1377_delG RIF 1 0 

rpoB_1392_insGCCA RIF 2 0 

rpoB_1394_delC RIF 1 0 

rpoB_1396_insATTC RIF 3 0 

rpoB_1398_delT RIF 1 0 

rpoB_1427_delTGGCCCC RIF 1 0 

rpoB_D435F RIF 2 0 

rpoB_D435V RIF 15 0 

rpoB_G981D RIF 1 0 

rpoB_H445D RIF 15 0 

rpoB_H445L RIF 2 0 

rpoB_H445N RIF 1 5 

rpoB_H445R RIF 6 0 

rpoB_H445Y RIF 27 1 

rpoB_I491F RIF 4 19 

rpoB_L430P RIF 3 4 

rpoB_L452P RIF 8 7 

rpoB_M434I RIF 1 0 

rpoB_Q432K RIF 1 1 

rpoB_Q432L RIF 1 0 

rpoB_Q432P RIF 2 0 

rpoB_S441L RIF 1 0 

rpoB_S450F RIF 4 0 

rpoB_S450L RIF 290 4 

rpoB_S450W RIF 7 2 

rpoB_T676P RIF 1 0 

rpoB_V170F RIF 4 1 

rpoB_V359A RIF 1 0 

rpsA_E67D PZA 1 0 

rpsA_V260I PZA 1 16 

rpsL_K43R SM 256 8 

rpsL_K88R SM 28 0 

rrs_A1325C SM 1 0 

rrs_A1401G AK 57 3 

rrs_A1401G CAP 49 10 
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rrs_A1401G KAN 8 0 

rrs_A514C SM 23 0 

rrs_A514T SM 1 0 

rrs_C1402T AK 1 1 

rrs_C1402T CAP 2 1 

rrs_C513T SM 2 0 

rrs_C517T KAN 1 5 

rrs_C517T SM 9 2 

rrs_C905A SM 1 0 

tlyA_C-83T CAP 1 0 
!

!

!

!

!

!

! !
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7.8 S8!

Characterisation of alleles by the original training set and by all the 3651 

samples combined. 

Previously seen 
in the literature 

Characterisation in the 
training-set 

Characterisation in the 
final, combined set of 

3651 

Which isolates 
was the final 
characterisation 
based on? 

Number of 
alleles 

No Allele not seen Resistance-determinant Validation-set 71 

Yes Allele not seen Resistance-determinant Validation-set 26 

No Allele not seen Benign Validation-set 872 

Yes Allele not seen Benign Validation-set 14 

No Allele not seen Uncharacterised Validation-set 528 

Yes Allele not seen Uncharacterised Validation-set 8 

No Resistance-determinant Resistance-determinant Training-set 30 

Yes Resistance-determinant Resistance-determinant Training-set 30 

No Resistance-determinant Resistance-determinant Combined sets 8 

Yes Resistance-determinant Resistance-determinant Combined sets 48 

No Resistance-determinant Benign Combined sets 2 

No Resistance-determinant Uncharacterised Training-set 1 

Yes Resistance-determinant Uncharacterised Training-set 1 

No Benign Resistance-determinant Combined sets 9 

Yes Benign Resistance-determinant Combined sets 7 

No Benign Benign Training-set 607 

Yes Benign Benign Training-set 13 

No Benign Benign Combined sets 113 

Yes Benign Benign Combined sets 11 

No Benign Uncharacterised Combined sets 12 

No Uncharacterised Resistance-determinant Combined sets 2 

Yes Uncharacterised Resistance-determinant Combined sets 1 

No Uncharacterised Benign Combined sets 2 

Yes Uncharacterised Benign Combined sets 1 

No Uncharacterised Uncharacterised Training-set 57 

Yes Uncharacterised Uncharacterised Training-set 9 

No Uncharacterised Uncharacterised Combined sets 24 

Yes Uncharacterised Uncharacterised Combined sets 5 
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