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Abstract 

Understanding the transmission dynamics of infectious diseases is important to well-

informed public health policy, responsive infection control and individual patient 

management. The on-going revolution in whole-genome sequencing provides 

unprecedented resolution for detecting evidence of recent transmission and 

characterising population-level transmission dynamics. In this thesis, I develop and 

apply evolutionary approaches to investigating transmission, focusing on three globally 

important pathogens. 

 

Hepatitis C virus (HCV) is a major cause of liver disease affecting 150 million people 

and killing 350,000 annually. I conducted a meta-analysis of twentieth-century HCV 

epidemics, finding that the age of the epidemic can be predicted by genetic diversity. 

Using the coalescent, I fitted classic susceptible-infected (SI), susceptible-infected-

susceptible (SIS) and susceptible-infected-recovered (SIR) epidemiological models. Most 

epidemics showed signatures of SI dynamics, but three, from Argentina, Hong Kong 

and Thailand, revealed complex SIR dynamics. 

 

Norovirus is the leading viral cause of diarrhoea, estimated to cost the NHS around £115 

million annually. I analysed whole norovirus genomes via a stochastic transmission 

model, finding that up to 86% of hospital infection was attributable to transmission from 

another patient in the hospital. In contrast, the rate of new introductions to hospital by 

infected patients was extremely low (<0.0001%), underlining the importance of ward 

management during outbreaks. 

 

Campylobacter is the most commonly identified cause of bacterial gastroenteritis 

worldwide. I developed a zoonotic transmission model based on phylogeography 

approaches to test whether three strains previously associated with multiple host 

species were in fact aggregates of strongly host-restricted sub-strains, or genuine 

generalists. Members of the same strain isolated from different host species were often 

more closely related than those isolated from the same host species. I estimated 419, 389 

and 31 zoonotic transmissions in ST-21, ST-45 and ST-828 respectively, strongly 

supporting the hypothesis that these strains are adapted to a generalist lifestyle. 
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Chapter 1: Introduction  

1.1 Motivation 

The title of this thesis is ‘Genome Evolution and Epidemiology of Human Pathogens’ - 

bringing together the fields of infectious disease, epidemiology, genomics and 

evolution. In the past, these have been studied as separate fields, but the vast amounts 

of pathogen sequence data now available have the ability to revolutionise how we 

understand infectious disease dynamics, and therefore they are rapidly converging. This 

is where the focus of this thesis lies: in developing combined epidemiological and 

population genetic methods, with the view to understanding the dynamics of infectious 

disease from the initial infection all the way to end of an epidemic. In this chapter, I first 

provide a brief overview of each subject in its own right, before outlining what this 

thesis aims to add. 

 

1.2 The Nature and Importance of Infection 

1.2.1 Brief History of Infectious Disease 

Modern understanding of infectious disease is based on germ theory. This was 

developed in the nineteenth century, and radically altered man’s relationship to public 

health (Gilchrist 1998; Mendelson 2002). The theory developed gradually, and a deeper 

discussion of its development and the main players is given by Gaynes (2011). Anthony 

van Leeuwenhoek's pioneering development of the microscope in the late seventeenth 

century allowed him to describe and investigate single-celled organisms, which he 

named animalcules, and which we now know as microorganisms. However, his 
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reluctance to publish restricted spread of this knowledge until decades after his death 

(Dobell 1932; Gaynes 2011). It was not until Agostino Bassi that a link was first proposed 

between microscopic cells and infectious disease in humans (Porter 1973); his germ 

theory soon found support from the experiments and observations of Louis Pasteur in 

the early 1860s, and Pasteur presented germ theory to the French Academy of Sciences 

on April 29th, 1878 (Pasteur et al. 1878). Robert Koch brought the theory of germ-spread 

disease to the attention and practice of the wider medical community, and is known in 

bacteriology for his four postulates – a series of scientific principles used to establish the 

aetiological relationship between a particular microorganism and a disease (Koch 1878; 

Koch 1891). From this point, germ theory has been a widely accepted explanation for 

human disease, and further developments, such as the revolution of surgery practices 

by Joseph Lister, have all occurred in the context of a scientific community which has 

come to accept this theory. 

 

Infection has impacted upon global history in dramatic ways over the ages (Dobson and 

Carper 1996a). The outbreak of the bubonic plague (Yersinia pestis) between the sixth 

and eighth centuries, known as the Justinian Plague, contributed to the end of the Late 

Antique world, the rise of Islam, and ultimately contributed to the rise of the 

Carolingian state (Little 2007; Bos et al. 2012; Harbeck et al. 2013; Wagner et al. 2014). 

The Black Death, a subsequent Y. pestis pandemic, killed up to half of the European 

population and up to 200 million worldwide in the thirteenth century, and is seen 

historically as one of the definitive transitions between the medieval and renaissance 

worlds, ushering in new economic and social orders (Benedictow 2004). The 1918 
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influenza pandemic killed more people than died from all causes in World War I (1914-

18), with estimates upwards of 50 million (Johnson and Mueller 2002; Taubenberger and 

Morens 2006). Today, despite improved scientific understanding and refined global 

capacity to combat outbreaks, infectious disease and its treatment remains an important 

factor in shaping human society. Whilst some diseases such as smallpox have been all 

but eradicated (Henderson 1976), others continue to be a major threat to public health: 

human immunodefiency virus (HIV) has infected 35 million people and has no known 

cure, a third of the global population is infected by tuberculosis with ~8 million new 

cases annually, and antimicrobial resistance is increasing at an alarming rate in bacterial 

pathogens (Bloom and Murray 1992; Neu 1992; Fauci 2001). 

 

1.2.2 What Causes Infectious Disease? 

There are five main groups of pathogens that can cause disease: fungi, protists, bacteria, 

viruses and prions. Of these, only fungi, protists and bacteria are considered living 

organisms in a conventional sense, able to autonomously replicate by copying their 

nucleic acid-based genetic code using their own cellular machinery. Viruses (Ivanowski 

1892; Beijerinck 1898) have a nucleic acid-based genetic code commonly contained 

within protein and lipid layers, but they are obligate parasites that are unable to 

replicate without co-opting the machinery of a host cell. Prions (Prusiner 1982) do not 

have a genetic code at all, taking instead the form of a communicable misfolding of a 

host-encoded protein. By triggering other susceptible proteins in healthy cells to misfold 

they cause damage by the build-up of protein plaques, often leading to cell death 
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(Prusiner 1991). In this thesis, I will consider three bacterial and viral pathogens of 

global significance, so I will explain these groups in greater detail. 

 

Bacteria are prokaryotes: single celled organisms that have a less complicated structure 

than the eukaryotic cells which make up animals, plants, fungi and protists. Bacteria are 

smaller than eukaryotes, lack organelles such as mitochrondia, and contain a circular 

nucleic acid-based genetic code not contained within a nucleus. Other features of 

bacteria include a cell wall for protection; plasmids, which carry genes that are not 

essential for reproduction such as antibiotic resistance; pili, which are extracellular 

filaments involved in the attachment of the cell to other bacteria or the host; and flagella, 

which are similar to pili and help with locomotion (Berg and Anderson 1973; Bullitt and 

Makowski 1995).  

 

Many of the pathogenic bacteria were classified in the late nineteenth and early 

twentieth century according to readily observable traits (Schleifer 2009) including the 

colony structure (clusters, pairs, individual cells), cell shape (for example, rod shaped 

bacilli, spherical cocci, coiled spirochaetes), the structure of the cell wall (susceptible to 

staining using Gram's method (Gram 1884) or not), the environment in which the 

bacteria were found and their growth requirements (e.g. aerobic, anaerobic). These 

classifications were summarised for easy reference in Bergey's Manual of Systematic 

Bacteriology, and bacterial nomenclature formalised (Buchanan et al. 1947). It was soon 

apparent, however, that such methods did not sufficiently resolve closely related taxa, 

with problems often occurring due to features being lost and gained when culturing the 
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same strain, and the effects of lateral gene transfer (Ferguson Wood 1949). Accordingly, 

modern classification increasingly turned to molecular techniques such as the guanine-

cytosine ratio, genome-genome hybridisation and sequencing of the 16S ribosomal 

ribonucleic acid (RNA) gene (Wayne et al. 1987; Woese 1987; Olsen et al. 1994; Cho and 

Tiedje 2001). In practice, modern classification relies on a combination of traditional 

techniques and genetic sequencing. With the advent of whole genome sequencing (see 

Section 1.5) unprecedented levels of information are available to aid taxonomy, and this 

is reviewed in Thompson et al. (2013).  

 

Viruses are generally much smaller than bacteria. They are acellular, containing their 

genetic material within a protective protein capsule, and thus rely on host cells to be 

able to replicate. Classification of viruses was standardized by the Baltimore 

classification system (Baltimore 1971). This scheme uses a number of key features of the 

nucleic acid in the viral genome – deoxyribonucleic acid (DNA) versus ribonucleic acid 

(RNA), single versus double stranded, positive or negative sense –  and the method of 

replication (Table 1.2.1). The sense of a virus genome refers to how it is read. Positive 

sense RNA genomes can be read directly by the ribosome, the cellular apparatus that 

translates the genetic code into protein sequences. In this respect it is similar to 

messenger RNA (mRNA) expressed by the host cell. Negative sense RNA genomes are 

complimentary to the messenger RNA, and need to be transcribed into positive sense 

RNA using their RNA-dependant RNA polymerase before they can be translated. Both 

viruses studied in this thesis, hepatitis C virus and norovirus, are negative sense RNA 

viruses, and replicate in this way. Retroviruses such as HIV (Group VI) first reverse 
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transcribe their positive-sense RNA into DNA, which is then spliced into the host 

genome for reproduction.  

 

Table 1.2.1: The Baltimore classification of viruses (Baltimore 1971). 

Group Features 

I Double stranded DNA 

II Positive sense single stranded DNA 

III Double stranded RNA 

IV Positive sense single stranded RNA 

V Negative sense single stranded RNA 

VI Positive sense single stranded RNA, with replication through a DNA 

intermediate in the life cycle. 

VII  Double stranded DNA, with replication through a DNA intermediate in 

the life cycle 

 

 

1.2.3 Epidemiology 

The term ‘epidemiology’ is derived from the Greek epi, upon and demos, the people, and 

thus translates as ‘the study of what is on the people’. As a modern subject, it represents 

the study of the distribution of disease and health, and their determinants, in the human 

population (though it can equally be applied to other species). Taken a step further, this 

definition includes the prevention, surveillance and control of disease and also extends 

to environmental and genetic factors (Susser 1979). 

 

The modern study of epidemiology can be dated to the mid-nineteenth century. During 

a cholera outbreak in London in 1854, John Snow pioneered a methodology of 

observation, isolation and intervention that was able to identify a water pump as the 

focus of infection, and which has contributed to medical efforts to combat the spread of 
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disease ever since (Snow 1855). William Farr, a physician and statistician who worked 

alongside Snow, studied mortality in a range of demographic groups and their 

relationship to disease in his position as Registrar General; the UK Office for National 

Statistics has developed directly from his work (Farr 1852; Langmuir 1976; Webb and 

Bain 2011). Florence Nightingale is notable for her role in observing, recording (in 

particular, her polar-area graphs) and responding to her findings during the Crimean 

war, creating a plan to reform nursing as a result (Nightingale 1858; Nightingale 1859; 

Nightingale 1860). Over the course of the late nineteenth and into the twentieth century, 

epidemiological practices became informed by broader developments in the scientific 

community; Darwin's theory of evolution (see Section 1.3.1), Pasteur's theories 

concerning microbes (Section 1.2.1), and advances in genetics, have all improved 

understanding of the biology of infectious disease. By definition, epidemiology requires 

the recording and interpretation of public health data, and thus, while it is considered a 

branch of science in its own right, it has a long history of fruitful cross-fertilization of 

ideas with the principles and methods of statistics (discussed in much greater detail 

than afforded here in Sections 2.2.1 and 2.3) informing the medical community's ability 

to describe and predict the behaviour of complex populations and groups. Now, thanks 

to the greater resolution of information that widely-affordable genetic sequencing has 

provided, in combination with descriptive mathematical models, we are at the cusp of a 

new age in society's ability to predict and react to infectious outbreaks (see Section 1.6). 
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1.2.4 Nucleic Acids, Amino Acids and Proteins 

The structure of a nucleotide is made up of three main parts – a sugar, a phosphate and 

a base. There are four possible nucleotides at a given site in a single strand of DNA, each 

consisting of the sugar-phosphate backbone covalently-bonded to one of four bases – 

adenine (A), cytosine (C), guanine (G) and thymine (T). They pair A to T and C to G via 

hydrogen bonds to form a double-stranded helix (Watson and Crick 1953). In the case of 

(typically single-stranded) RNA, thymine is replaced by uracil (U). The nucleic acid 

carries the information necessary for life, providing the template to synthesising many 

important components an organism needs to reproduce (Benzer and Champe 1961; 

Crick et al. 1961). This template is read in groups of three bases known as triplets as 

mRNA, and these are recognised as code for a particular amino acid by the ribosomes in 

the cell. Amino acids are transported to the ribosome by transporter RNA (tRNA), and 

matched to the codon on the mRNA by complimentary base pairing (for example, CGG 

would match to GCC).The amino acids are then joined together to synthesise the protein 

(Yanofsky et al. 1964). The central dogma of molecular biology, promoted by Francis 

Crick in 1958, asserts that nucleic acid can be transcribed into proteins (either directly 

from RNA, or from DNA via RNA), but not vice versa (Figure 1.2.1) (Crick 1970). 
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Figure 1.2.1: The central dogma of molecular biology. DNA (through RNA) and RNA can 

transcribe to protein (solid line), but protein cannot be translated back into nucleic acid. Dashed 

lines represent transfers that have only been observed under special conditions, for example, in 

the laboratory. 

 

There are 20 possible amino acids, and three stop codons. The genetic code is therefore 

degenerate, as there are 64 possible triplets of nucleotides and thus more than one triplet 

can code for a single amino acid (Crick et al. 1961). A coding sequence (CDS) is a 

sequence of nucleotides that starts with a start codon (usually methionine, ATG), and 

finishes with a stop codon (TAA, TAG, TGA). Frequently in eukaryotes, and 

infrequently in prokaryotes, it may consist of multiple exons (coding regions) separated 

by introns (non-coding regions) and spliced together into a contiguous RNA transcript 

during gene expression (Forsdyke 2006). The CDS is usually identified through the 

mRNA (cDNA) sequence, and is an important step in annotating and understanding 

functional genes (Furuno et al. 2003). An open reading frame (ORF) is a bioinformatic 

prediction of a CDS from the DNA sequence by scanning for start and stop codons, but 

has not been confirmed as coding.  

 

 

DNA 

Protein 

RNA 
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1.2.5 What is a genome? 

The genome refers to the heritable genetic material of an organism, encoded by nucleic 

acid, including coding and non-coding regions (see Section 1.2.4). The unit of the 

genome is a chromosome (Morgan et al. 1915). Frequently in eukaryotes, and 

occasionally in prokaryotes, there are multiple chromosomes. Homologous 

chromosomes may be present in multiple copies, and the number (known as the ploidy) 

varies between taxonomic groups. Humans, for example, have 23 pairs of chromosomes 

in the nucleus, and thus have a ploidy of two (diploid), having received one copy of 

each chromosome from their mother, and one from their father (Tjio and Levan 1956). In 

contrast, bacteria and viruses are haploid, meaning that they only have a single version 

of the genome in their cells. The bacterial genome is usually circular and mainly 

contained in the nucleoid (free in the cytoplasm, unlike the membrane bound nucleus of 

eukaryotes), though some non-functional genes may be found in the cytoplasm on small 

circular chromosomes known as plasmids (Thanbichler and Shapiro 2006). Viral nucleic 

acid is more likely to be linear, and is sometimes surrounded by a protein capsid known 

as a nucleocapsid. 

 

1.2.6 Molecular Epidemiology 

Detailed investigation of infectious disease outbreaks relies on the identification of 

related cases. Traditionally, pathogens such as bacteria and viruses isolated from 

infected patients were characterized by observable traits, known as phenotypes – for 

example by size, shape and antimicrobial resistance profiling – and compared to 

determine close similarity or otherwise. With the advent of molecular typing methods, 
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such as gel electrophoresis, the field of molecular epidemiology was born. Molecular 

typing methods, particularly modern genetic typing methods including multilocus 

sequence typing (MLST) and whole genome sequencing (WGS), provide a rich source of 

traits on which pathogens can be classified and compared, allowing for better 

understanding of the relationships between isolates in investigating outbreaks and 

evolution (Gould 1986; Maiden et al. 1998; Medini et al. 2008).  

 

Gel electrophoresis uses differences in the size and charge of molecules isolated from an 

organism to obtain a molecular signature that can be used in its classification (Smithies 

1955; Thorne 1966). Originally applied to differentiate allelomorphs of the same enzyme 

(known as allozymes), nowadays pulsed field gel electrophoresis (PFGE) is used in 

conjunction with restriction endonucleases to digest DNA into fragments (Schwartz and 

Cantor 1984). The DNA fragments are then separated by passing an electric current 

through a gel in which the samples are suspended, during which the voltage of the gel 

is switched in three directions. This allows for the separation of larger DNA fragments, 

up to 2000 kilobases (kb) in length which can be used as a barcode for identification. 

However, there have been many studies citing difficulties in reproducibility and 

therefore comparison of results (Cookson et al. 1996; van Belkum et al. 1998). An 

overview of PFGE is given in Goering (2010).  

 

From the late 1990s, MLST, based on dideoxynucleotide sequencing (see Section 1.5), 

provided greater sensitivity and reproducibility to detect bacterial diversity than had 

been achieved before, providing several advantages over other techniques including 
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serotyping, PFGE and flagellin typing (Harrington et al. 1997; Wassenaar et al. 1998; 

Steinbrueckner et al. 2001). MLST was originally demonstrated in typing Neisseria 

meningitidis, and distinguishes isolates based on 400-600 base regions of six to ten 

housekeeping genes (Maiden et al. 1998). MLST allowed insights in to more slowly 

accumulating global diversity, and was easily reproducible and shared between 

laboratories across the globe helping to ensure consistency; see Maiden (2006) for an in-

depth review of MLST. 

 

1.2.7 Genomic Epidemiology 

In the last few years, inexpensive whole genome sequencing has begun to revolutionize 

molecular epidemiology, and in particular clinical microbiology (Pallen et al. 2010; 

Didelot et al. 2012a; Loman et al. 2012; Didelot 2013). Clinical microbiology has two 

main roles: diagnosis of disease, and the detection and monitoring of outbreaks (Didelot 

et al. 2012a). Despite the widespread use of molecular techniques in epidemiology, they 

remain time-consuming compared to the simple phenotypic tests that are available 

(Table 1.2.2), as they depend on the usual culturing time in addition to sequencing. For 

this reason, and their relative expense, they are not generally the first port of call in 

diagnostic microbiology laboratories, where taxonomic identification and antibiotic 

resistance profiling is often urgently needed for the care of critically ill patients.  

 

However, whole genome sequencing has already begun to transform clinical 

microbiology (Pallen et al. 2010; Didelot et al. 2012a; Loman et al. 2012; Wilson 2012; 

Didelot 2013), offering an organism independent approach with rapid turnover and 
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ever decreasing costs (Section 1.5). Pilot studies have begun to illustrate just how real-

time sequencing can change microbiology practice (Rasko et al. 2011; Rohde et al. 2011; 

Eyre et al. 2012; Köser et al. 2012). However, issues remain before it can be rolled out as 

a nationwide program (Robinson et al. 2013). 

 

Table 1.2.2: Phenotypic methods for clinical microbiology. 

Purpose Available Phenotypic Methods 

Taxonomic identification  Gram staining (Gram 1884). 

 Observation of growth in selective media.  

 Coagulase testing (Sperber and Tatini 1975). 

 Antibody tests. 

 Matrix-assisted laser desorption/ionization–time of flight 

(MALDI–TOF) mass spectronomy (Seng et al. 2009). 

Resistance typing  Measuring growth in the presence of specific 

antimicrobials.  

 MecA testing in Staphylococcus aureus (Bode et al. 2012). 

 Hain testing in tuberculosis (Barnard et al. 2008). 

Detecting determinants 

of virulence 

 Antibody tests. 

 Polymerase chain reaction. 

 

1.3 Evolutionary Biology 

1.3.1 Natural Selection and the Tree of Life 

Underpinning the interpretation of molecular and genomic epidemiology is the theory 

of evolution. To the extent that germ theory revolutionised understanding of infectious 

disease, Darwin’s theory of natural selection (Darwin 1859) fundamentally changed how 

we view the entire living world. Ernst Mayr (1982) distilled Darwin’s thesis in The 

Origin of Species down to a series of facts and inference: 
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Fact 1 – all species have great potential fertility and if all individuals born 

produced offspring, then their population size would continue to grow 

exponentially. 

Fact 2 – despite fluctuations, populations usually remain stable. 

Fact 3 – there are limited natural resources, but in a stable environment, they 

remain relatively constant. 

Inference 1 – since more offspring are produced than can be supported by natural 

resources, and the population size stays stable, then there must be a struggle for 

existence with only a small number of offspring surviving each generation. 

 

Fact 4 – every population shows a wide amount of diversity. 

Fact 5 – this variation is passed from one generation to the next. 

Inference 2 – survival in the struggle for existence is not random, but partly 

depends on the traits they have inherited. The survival being shaped in this way 

forms the process of natural selection. 

Inference 3 – over time, this process causes a gradual change in the population, 

and leads to the production of new species. 

 

In this way, the large differences in traits between species could be explained by an 

accumulation of smaller changes throughout time, and that the diversity and abundance 

of life can be traced back to a common ancestor through a branching process. This 

brought to the fore the concept of an evolutionary tree, where extant organisms (the 

leaves on the tree) are not distinct independent beings, but rather have descended from 

a common ancestor (the trunk or root of the tree) through a slowly changing continuum. 

This analogy of Darwin’s theory was popularised by Ernst Haeckel, who drew several 

versions of the evolutionary tree of life and was the first to use the term ‘phylogeny’ 

(see, for example, Haeckel (1866)). 
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Darwin was not the first to propose a hierarchical organization of the natural world 

in the form of a tree, but he was the first to propose a plausible mechanism for how 

species diversify over time. Lamarck had proposed a two part system for evolution 

based on two laws: 1) ‘use’ increasing a trait, and ‘disuse’ reducing a trait, and 2) the 

inheritance of acquired characteristics, which could therefore accumulate over a 

number of generations to cause a large shift in trait. The most often cited example is 

that of giraffe’s necks; Lamarck’s theory was that since food is high up, the giraffe’s 

neck gets longer to reach it, and then this acquired length is passed on, thus leading 

to even longer necks in subsequent generations (Lamarck 1809). Lamarck’s view of 

the tree of life did not branch, per say, instead being made up of a number of 

parallel lines along which species would evolve from simple to complex.   

 

Morphological traits had been considered for many years before Darwin to 

understand relationships between species. Carl Linnaeus developed an approach to 

organising species together in a hierarchy (domains are divided into kingdoms, 

which in are turn divided in to phyla and species). As a result, Linnaeus had a 

profound influence on biological nomenclature, giving unique identifying names to 

many species that continue to be used until this day (Linnaeus 1758). Systematic 

methodology for evolutionary trees, showing the ancestral relationships between 

species and taxa was pioneered by Willi Hennig (Hennig 1950; Hennig 1966). 

Cladistics, as the methods based on his approach are now known, groups organisms 
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together according to traits (including morphology, physiology, behaviour and 

ecology) that have been inherited from a distant ancestor.  

 

The advent of molecular typing gave more traits on which a phylogenetic tree could 

be built (see Section 1.4), taking comparisons from less than 100 traits to 1000s of 

possibilities (Zuckerkandl and Pauling 1965; Delsuc et al. 2005). In particular, 

molecular observations of extremely highly conserved ribosomal RNA sequences 

(across both eukaryotes and prokaryotes) by Carl Woese gave rise to the hypothesis 

of three domains of life on the tree of life: Eukaryota, Bacteria, and Archea (Woese and 

Fox 1977; Woese et al. 1990). Here, life refers to cellular organisms, and there has 

been much debate as to whether the tree of life should include viruses, and if so, 

where they fit (Moreira and López-García 2009). Whilst a formal discussion is out of 

the scope of this thesis, it is worth mentioning that the discovery of viruses such as 

Mimivirus, which infects amoebae but resembles a gram-negative coccus bacteria (La 

Scola et al. 2003), has blurred the distinction between viruses and bacteria, adding heat 

to the debate (Raoult and Forterre 2008; Moreira and López-García 2009; Boyer et al. 

2010).  

 

1.3.2 The Modern Synthesis 

In the early twentienth century, there were two schools of thought in genetics: 

saltationism and the biometry school. Saltationism, led by William Bateson, was based 

on the idea that Mendelian genetics could not be compatible with the gradual evolution 

of natural selection proposed by Darwin (Bateson 1894). The biometry school, including 
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Francis Galton, Karl Pearson and Walter Weldon, believed the opposite, and that the 

discrete nature of Mendelian inheritance could not explain their evidence of continuous 

evolution (Welden 1895; Galton 1897; Pearson 1898). In 1918, R. A. Fisher showed that it 

was possible to derive the observations found by the biometry school using Mendelian 

principles (Fisher 1918). From here, Fisher, J. B. S. Haldane and Sewall Wright all 

showed that natural selection could act within the framework of Mendelian inheritance 

(Fisher 1930; Wright 1931; Haldane 1932). This step in understanding is referred to as 

Neo-Darwinism or the modern synthesis, and between them, Fisher, Haldane and 

Wright founded the new discipline of population genetics, taking a mathematical 

approach to evolution.  

 

The modern synthesis inspired a new way of thinking about inheritance and evolution, 

quickly spreading into evolutionary biology through Julian Huxley’s book on modern 

systematics, and spawning much new practical research as a result (Huxley 1942).  

 

1.3.3 Forces Driving Evolution 

There are five forces of micro-evolutionary change: mutation, selection, drift, migration 

and recombination. 

 

Mutation. Mutation provides the raw material for evolution. A mutation refers to any 

heritable change to the genome due to, for example, copying error or environmental 

damage. There are many types of mutation event that can take place, but in this thesis 

point mutations are of most relevance, since in general they will only have a modest 
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effect, and it remains possible to identify regions of homology for alignment (Section 

1.4.1). In addition, they are amenable probabilistic modelling. 

 

A point mutation is a change from one nucleotide base to a different one, for example C 

to T. This change might be genic or inter-genic. If it falls in a genic region, the mutation 

can be synonymous (does not affect the sequence of the amino acid), non-synonymous 

(does change the amino acid sequence and thus the resulting protein; for example, a 

substitution from …AAG… to …AAA… still reads as lysine, whereas …AAG… to 

…AAC… would change the amino acid to asparagine), or nonsense (causes a premature 

stop codon). Whilst not directly having an impact on protein synthesis, inter-genic 

mutations may have an effect in a regulatory region such a transcription factor binding 

site.  

 

An insertion occurs when one or more additional nucleotides are added between two 

sites in the genome, such as …AATG… becoming …AACGCTG… A deletion is when 

one or more nucleotides are lost from the genome, such as …TAGCGT… to …TGT… 

When the number of nucleotides affected by an insertion or deletion is not a multiple of 

three and occurs in a genic region, the reading frame is shifted. This frameshift has a 

high chance of causing non-synonymous and nonsense mutations, the latter of which 

leads to protein synthesis being stopped prematurely. 

 

Selection. Mutations that are beneficial (for example, a mutation conferring resistance 

against the antibiotic being used as treatment) will tend to increase in frequency in the 
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population. This is known as positive selection. Equally, mutations that are harmful are 

likely to leave fewer offspring in the population, and over time these mutations will 

tend to be lost from the population (negative or purifying selection). Mutations that 

have no effect on whether they will be inherited in the next generation are known as 

neutral. In pathogens, one of the strongest sources of selective pressure is the host 

immune system.  

 

Genetic drift. The stochastic component of evolutionary change from one generation to 

the next is distinct from the deterministic component driven by selection and migration, 

and this stochastic process is known as genetic drift (Haldane 1924). Drift can cause the 

loss of otherwise beneficial traits simply due to fluctuations in the population. Beneficial 

traits are particularly susceptible to loss when they are at low frequency, such as when 

they first arise. Haldane gives the probability of a beneficial trait being lost by drift as 

approximately equal to 1 − 2𝑠, where 𝑠 is the selective advantage (Haldane 1927). On 

the other hand, inherited mildly deleterious traits might persist and sweep through the 

population despite selection due to drift. The stronger the selective advantage or 

disadvantage of a trait in the population, the less it is affected by drift. The fate of 

neutral mutations in the population is a result drift (Kimura 1955). 

 

Migration. Migration is the movement of an individual from one population to another. 

Migration can increase genetic diversity through the introduction of new alleles. This 

can drive changes in gene frequency. Migration can also limit divergence between 
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populations that have split by homogenizing them (Wright 1931; and see review in 

Rhymer and Simberloff 1996).  

 

Horizontal gene transfer. In contrast to migration, horizontal gene transfer is the 

movement of genetic material from one bacterial cell to another, not through inheritance 

from mother to daughter cell (Freeman 1951). This can happen in three ways: 

 Transformation – uptake of nucleic acid in the environment. 

Conjugation – transfer of plasmids or transposons via specialised pili. 

Transduction – transfer via infectious bacteriophage. 

Once foreign genetic material has entered the cell, it can be integrated into the genome 

via the mechanism of recombination. If it is integrated into the same location in the 

genome, this is known as homologous, otherwise it is known as illegitimate. From an 

evolutionary point of view, recombination is often used as shorthand to refer to all types 

of horizontal gene transfer, as well as similar processes in eukaryotes and viruses. 

Horizontal gene transfer is the mechanism through which antibiotic resistance can 

rapidly spread through a bacterial population (Naik et al. 1994; Varga et al. 2012).  

 

Homology versus homoplasy 

Homology describes a characteristic (or nucleotide, in the context of sequencing) that is 

the same or similar in two organisms due to it being inherited from the same common 

ancestor. In contrast, homoplasy implies that a trait was not inherited from a common 

ancestor. The term homoplasy was first used by Lankester, to described convergent 

evolution, whereby two species have evolved the same trait independently (Lankester 
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1870). Nowadays, traits whose patterns of inheritance are incompatible with the tree 

owing to repeat mutation, back mutation, or HGT (i.e. reticulate evolution) are all 

considered homoplasies, as in Maynard Smith and Smith (1998)). The use of homoplasy 

to detect recombination is discussed in more detail in Section 2.7. 

 

1.4 Molecular Phylogenetics 

1.4.1 Alignment-Based Approaches 

The use of molecular traits for phylogenetics, as opposed to the phenotypic traits used 

in cladistics (Hennig 1950; Hennig 1966), was originally met with resistance by leading 

systematists including Ernst Mayr, Theodosius Dobzhansky and George G. Simpson 

(see review in Suárez-Díaz and Anaya-Muñoz 2008). Indeed, a debate about whether 

morphological or molecular methods were more informative about different 

evolutionary problems persisted into the 1990s (Patterson et al. 1993). However, 

molecular methods give greater resolution than possible with phenotyping, and in 

organisms such as viruses that do not have a fossil record offer the only window into 

the past, and thus have taken over in phylogenetic understanding (Gould 1986). 

 

As seen in Section 1.3.3, there are many forces that give rise to variation in the genome. 

Molecular phylogenetics exploits the signals left in the genome from these processes, 

allowing regions of similarity in the genome to be used to infer homology. Homologous 

regions are then carefully aligned to specify the nucleotide-level patterns of common 

descent. There are many difficulties in aligning sequences, particularly if the sequences 

are relatively divergent, have a history of recurrent insertion and deletion, and consist of 
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long repetitive regions. The loss of homology due to processes such as insertion or 

deletion, is represented as a gap, ‘-‘. In this way, alignment is a base-by-base 

representation of the homology between sequences.  

 

There are many computational tools available to aid with alignment. A good overview 

of the numerous alignment tools, and the algorithms underlying them, is given in Table 

3.1 of Higgins and Lemey (2009). Table 2 of Edgar and Batzoglou (2006) gives a range of 

scenarios, and which aligners are most suitable. In this thesis, I used two alignment 

programs. MUSCLE (Edgar 2004) is a good all round alignment tool, suitable for large a 

number of sequences (Blackshields et al. 2006). I also utilised the Geneious alignment 

tool in Chapter 3, as this allowed sequences to be easily collated and organised into a 

personal database (Kearse et al. 2012). 

 

1.4.2 The Concept of a Molecular Clock 

Before long, phylogenetic systematicists began to use patterns of molecular similarity to 

reconstruct, not only the relative degrees of relatedness between individuals, but also 

the relative divergence times between splits in the phylogenetic tree. Zuckerlandl and 

Pauling (1965) reasoned that the more traits had diverged along the branch of a 

phylogenetic tree, the more amount of time was likely to have passed. If one assumes 

that these traits accumulated at a consistent rate, then it is possible to obtain relative 

divergence times. However, this idea was considered controversial, with early critics 

highlighting that external forces such as selection and population size are not constant 
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over time, and therefore there was no reason for the accumulation of mutations to be 

constant over time too (see, for example, the review of Dietrich and Skipper 2007). 

In his neutral theory of molecular evolution, Kimura developed a model of evolution 

that would predict a molecular clock (Kimura 1983). Firstly, he assumed that adaptation 

is rare, and therefore that most differences between species at the molecular level are not 

a result of positive selection. He also assumed that selection is strong, so that deleterious 

mutations do not contribute to divergence (due to being removed), and any 

polymorphism is neutral. Under these assumptions, Kimura showed mathematically 

that the rate of divergence is dependent on the mutation rate, and independent of 

population size (Kimura 1968). 

 

From its outset, the molecular clock, and particularly the neutral theory, were 

controversial (Dietrich and Skipper 2007). Early objections included the question of 

whether the clock measured calendar time or generations, and the relative importance 

of neutral evolution versus adaptation. Empirical evidence shows that the strict 

molecular clock is not always biologically appropriate, and that rates of evolution vary 

across species, as shown for RNA viruses in Jenkins et al. (2002) and discussed more 

generally by Kumar (2005). There are many potential sources of rate variation, including 

generation time, replication mechanisms and selection (Kimura 1986; Bromham and 

Penny 2003). Inevitably, selection is of importance to pathogen populations, not least 

because there may be selective pressure imposed by changing environments, the host 

immune system, host jumps associated with zoonosis, and interventions such as 

antimicrobials. Although the strict neutral theory allows for adaptation, it assumes it is 
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rare and has no influence on genetic variability within species. With the advent of whole 

genome sequencing, the hundreds, or even thousands, of sequences available within a 

species, and the inherent within-species level of molecular epidemiology, puts strain on 

the assumptions underlying the neutral theory. Despite this, the strict molecular clock is 

often favoured as the simplest possible model in the absence of evidence against clock-

like evolution, justified by Occam's Razor. Tests for strict clock-like evolution are 

available in many phylogenetic software including PAML (Yang 2007), Tree Puzzle, 

(Schmidt et al. 2002) and BEAST (Drummond et al. 2006; Drummond and Rambaut 

2007). 

 

1.4.3 Phylogenetic Trees 

The concept of a phylogenetic tree for representing evolutionary relationships has been 

introduced informally already with Darwin’s theory of natural selection and the 

cladistics of Hennig and his peers. Indeed, the only illustration included in On the 

Origin of Species by Darwin was a representation of evolution among species in the 

recognisable form of what we now define as a phylogenetic tree (Darwin 1859). In this 

section, I more formally introduce the mathematical concept of phylogenetic trees and 

how they can be reconstructed. 

 

A phylogenetic tree is an acyclic graph which represents the relationships between 

sequenced individuals. Edges of the graph represent evolutionary lineages and an 

internal vertex represents the common ancestor of the edges that it joins. External nodes 

(i.e. those with only one connecting edge) represent extant individuals for which 
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sequences are available. Sequences that are more closely related will have a shorter 

distance or path between them on the graph. A clade is a sub-tree representing an 

ancestor and all its descendants. The branching structure of the tree, setting aside the 

lengths of those branches, is known as the topology. Two topologies are considered 

different if the only way of constructing one from the other involves removing one or 

more branches and relocating them elsewhere.  

 

An unrooted phylogenetic tree is an undirected graph, which does not imply the 

direction of ancestry along a branch, and simply shows the amount divergence of 

individuals from common ancestors. In contrast a rooted tree is directed, with a concept 

of time from root to tip. A rooted tree can be obtained from an unrooted tree in two 

ways – by adding an outgroup (a taxon that is close to the individuals in the sample, but 

more divergent than the samples are from one another), or by applying a molecular 

clock for mid-point rooting (Felsenstein 1981).  

 

Phylogenetic trees can be reconstructed either through distance methods, or using a 

probabilistic model of evolution (Saitou and Nei 1987; Huelsenbeck and Ronquist 2001; 

Swofford 2003; Criscuolo et al. 2006; Drummond and Rambaut 2007; Guindon et al. 

2010). Distance methods start from a pairwise matrix of distances, either enumerated 

directly or corrected using an implicit evolutionary model, for example the Jukes-Cantor 

correction (Jukes and Cantor 1969). The resulting matrix is then used to reproduce the 

phylogeny via a hierarchical clustering approach such as the unweighted pair group 

method with arithmetic means (UPGMA) or Neighbour-joining (NJ) (Sokal and 
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Michener 1958; Saitou and Nei 1987). These clustering methods output only a single 

possible tree. Since the pairwise distance matrix is a lower dimensional summary of the 

whole sequence data, and clusters are found using a simple algorithm, such methods are 

computationally inexpensive, even for a large number of sequences (Kuhner and 

Felsenstein 1994). However, since only the distance matrix is retained from the original 

data, some information is lost and these methods therefore do not make the most 

statistically efficient use of the data for reconstructing the phylogeny. Furthermore, the 

ad hoc clustering algorithms employed by distance-based methods are not typically 

based on a principled, probabilistic model of sequence change, and therefore the 

phylogenies they produce are difficult to interpret from both an evolutionary and 

statistical standpoint. 

 

In contrast, full sequence-based methods such as parsimony, maximum likelihood and 

Bayesian approaches retain the original information for each site in the alignment. 

Rather than based on a simple algorithm, these all use criterion-based optimization 

approaches and thus have to overcome the computationally intense problem of 

searching for the optimal tree. Parsimony methods attempt to find the topology with the 

minimum amount of evolutionary change required to recover the observed sequences, 

whereas maximum likelihood and Bayesian methods use a probabilistic substitution 

model (Huelsenbeck and Ronquist 2001; Drummond and Rambaut 2007; Guindon et al. 

2010). The number of possible trees grows rapidly with the number of sequences 

(Cavalli-Sforza and Edwards 1967), so that it is infeasible to look at all possible trees for 

datasets with much more than 10 sequences (known as an NP complete problem). There 
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are various strategies of identifying reasonable parts of the tree space, including nearest 

neighbour interchange, sub-tree pruning and regrafting, and tree-bisections and 

reconnection (Felsenstein 2004). However, there is no algorithm that guarantees finding 

the optimal topology for more than a handful of sequences. The maximum likelihood 

and Bayesian methods used to infer phylogenetic trees in this thesis are described in 

greater detail in Section 2.8. 

 

1.4.4 Gene Trees versus Species Trees 

Phylogenetic methods were predominantly developed to understand the relationship 

between individuals in different species. However, in epidemiology the relationships 

that are of main interest are almost exclusively within a species. In fact, the topology of 

the tree relating individuals from different species may not be the same as the tree 

between the species themselves. This mismatch is known as the incomplete lineage 

sorting problem (see, for example, Avise et al. 1983; Pamilo and Nei 1988; Takahata 

1989; Doyle 1992; Maddison 1997). It arises when the most recent common ancestor of 

individuals in the same species is not more ancestral than the split of the two different 

species (Figure 1.4.1). Therefore, it is possible for individuals to have a most common 

ancestor that is more closely related to a member of a different species than of the same 

species. One prominent example of incomplete lineage sorting is the separation of 

humans from orang-utans and gorillas (see, for example, Chen and Li 2001). 
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Figure 1.4.1: The incomplete lineage sorting problem. Given three species (A, B and C), the gene 

tree (black lines) can differ from the species tree (grey).  

 

There are methods available that model the relationship within species, based on 

population genetics theory. In the next chapter I will go on to describe coalescent theory, 

an important branch of population genetics that allows mathematical models to be 

applied to drive evolutionary inference (Kingman 1982a; Kingman 1982b) and that I use 

in Chapters 3 and 5. Broadly, coalescent theory allows us to describe how processes at 

the population level affect the relatedness, or genealogical histories, underlying genetic 

samples and their variation, within a well-defined statistical framework, as a prior on a 

rooted tree. Coalescent inference is based on an explicit population genetics model, the 

standard neutral model. Importantly, this means that statements about biologically 

interpretable model parameters can be made, which represents an advance over post 

hoc interpretation of a phylogenetic tree. Although coalescent methods were developed 

to model relationships within species, they are sometimes applied at higher taxonomic 

levels (Degnan and Salter 2005; Liu 2008). An alternative phylogenetic method for 
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modelling the relatedness between different species is the Yule birth-death model (Yule 

1924).  

 

For more complicated evolutionary patterns, such as those that arise through 

recombination, the full evolution of samples cannot be represented simply on a tree. 

Instead, relationships need to be represented by a reticulated network, such as that 

modelled by the Ancestral Recombination Graph (ARG), an extension of the coalescent 

in the presence of recombination, or more generally a phylogenetic network (Hudson 

and Kaplan 1988; Griffiths and Marjoram 1996; Huson and Bryant 2006). These issues 

are considered in more detail in Chapter 5, Section 5.3.4. 

 

1.5 Sequencing Methodologies 

1.5.1 Sanger Sequencing 

DNA sequencing originated in the late 1960s and 1970s, pioneered by Sanger (Sanger et 

al. 1965; Brownlee et al. 1967; Barrell and Sanger 1969; Sanger et al. 1973; Sanger et al. 

1974; Sanger and Coulson 1975). In their seminal paper, Sanger et al. (1977) describe a 

method using termination nucleotides and electrophoresis that allowed sections of 

sequence to be read. The first step in sequencing protocol is to denature the DNA to 

make it single stranded; for RNA sequencing, a copy of complementary DNA (cDNA) is 

made from the mRNA. The polymerase chain reaction can be used to create more 

starting nucleic acid material if necessary. Single stranded DNA is then added to a 

reaction containing a termination nucleotide (say, for A), and all other bases as standard 

nucleotides (C, G and T in this example). The termination nucleotides differ from 
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standard nucleotides in that there is only a single hydrogen atom attached to the 3’ 

carbon, as opposed to a hydroxyl group, OH. This means that new nucleotides can no 

longer attach to the chain, so the synthesis of the complementary strand is terminated as 

soon as a termination nucleotide is attached. Thus, at the end of this step, each reaction 

contains different length fragments all ending in the same base. These are then put into 

separate lanes, and separated by gel electrophoresis. Smaller fragments will move 

further through the gel, and the resulting bands on the plate can be read from smallest 

fragment to longest, with the nucleotide base at each site identified by the lane in which 

the band appears. 

 

One of the limitations of Sanger sequencing as explained above is that the length of 

sequence able to be read is restricted by the distance from the starting end. Reads for 

sequences more than 1 kilobase (kb) in length tend to be cut short due to a terminal 

nucleotide being attached prematurely. Shot-gun sequencing overcomes this issue by 

first shearing or using a restriction endonuclease to break the DNA into smaller 

fragments (Anderson 1981). These fragments are then cloned into a vector, and a 

number of these templates are randomly sampled and sequenced according to the 

protocol described above. These fragments, known as reads, are then assembled, using 

the overlapping ends to help, similarly to the methods described in Section 1.5.3 (Staden 

1979). Thus it was possible to use Sanger sequencing to look at whole genomes. 

 

Sanger sequencing became the primary technology for sequencing, and a major 

achievement of the method came in 1995 with obtaining the first bacterial genome 
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Haemophilus influenzae, (Fleischmann et al. 1995). The development of radioactive and 

fluorescent markers for the terminating nucleotides allowed the possibility of reading 

bases optically (Smith et al. 1985; Smith et al. 1986). These markers mean that nowadays 

only one single reaction is needed, as opposed to one for each base; each nucleotide 

gives off a different wavelength of light, which can then be read automatically. 

 

In the last decade there has been a rapid development of new, so-called second 

generation, sequencing techniques. These have allowed DNA to be sequenced at a much 

higher rate and lower cost, facilitating a wide range of new studies (Pallen et al. 2010; 

Loman et al. 2012). However, there are downsides, with these techniques prone to 

higher per base error rates and shorter read lengths (see, for example, Kircher et al. 

(2009) and Dohm et al. (2008)). Prominent technologies include the 454 Genome 

Sequencer (Roche Applied Science; Basel, Switzerland), the Illumina platform (Illumina; 

San Diego, USA) and the SOLiD platform (Applied Biosystems; Foster City, California, 

USA). Since Illumina sequencing was used to sequence isolates for this thesis, I will only 

explain that method in further detail.  

 

1.5.2 Illumina High Throughput Sequencing 

The development of the visual optics technology and processing was a key innovator in 

high throughput sequencing. The first step is library preparation, where the sample is 

purified and then the DNA is split into fragments using either restriction endonucleases, 

sonication, nebulization or shearing (Syed et al. 2009; Davey et al. 2011; Myllykangas et 

al. 2011). Adaptors are added to each end of these fragments, and then one end is bound 
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to a surface known as a flow cell. The free end then links to a matching adaptor also on 

the flow cell, forming a bridge. A bridge polymer chain reaction is used to amplify the 

DNA fragments (Adessi et al. 2000; Fedurco et al. 2006), with the resulting double 

stranded fragments being denatured to leave numerous clusters of similar single strands 

fixed to the flow cell at one end (Shendure and Ji 2008). To obtain the sequence from this 

single stranded DNA, a modified DNA polymerase and nucleotides are required. Each 

different type of nucleotide has a fluorescent label, and during each cycle of the 

sequencing reaction these are added to the sequence and photographed with a laser. A 

terminator ensures that only one base is read at a time, and is cleaved afterwards to 

allow the next base to be read in the sequence. This is repeated many times, until the 

entire cluster has been photographed (Metzker 2010).  

 

As in shotgun sequencing, the resulting reads represent overlapping sections of the 

original DNA. To obtain the whole genome sequence, these reads need to be either 

mapped to a reference, or de novo assembled. 

 

1.5.3 Read Mapping and Assembly 

There are two main methods for obtaining a consensus genome from second-generation 

sequence reads: reference-based mapping, and de novo assembly. De novo assembly aims 

to reconstruct the sequence without any information on what it should resemble (in 

contrast to reference-based mapping, below), and thus of the two options is the more 

desirable. Software for this purpose includes Velvet (Zerbino and Birney 2008) and 

Cortex (Iqbal et al. 2012). De novo assembly can be compared to putting together a very 
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complicated jigsaw puzzle without a picture to refer to; difficulty arises not from lacking 

the picture, but due to many pieces being similar because of inherent repetitiveness in 

the genome. As a result, obtaining a whole genome is rare, instead often resulting in 

many isolated fragments of contiguous sequences, known as contigs, without any 

context of how they fit together. In bacterial genomics, where coverage per base is 

typically high, this is a fundamental problem; the presence of repeat regions (either 

tandem repeats, or multiple copies of the same gene in different parts of the genome) 

cause a large number of short contigs when reads are shorter than the length of the 

repeat. There may also be missing pieces owing to transient drop off in coverage, which 

itself varies depending on local factors including GC content. This can make comparing 

large numbers of sequences difficult, as they first need to be aligned (Section 1.4.1) and 

the fragments from different sequences may have been constructed differently and not 

overlap. 

 

Mapping approaches exploit a high quality fully-sequenced, closed reference genome 

(often obtained by Sanger sequencing), to solve the problem that sequencing short reads 

alone may not allow the genome to be closed into a single contig. Reads are lined up 

against the reference using an algorithm, for example Stampy (Lunter and Goodson 

2011) or BWA (Li and Durbin 2009). For each base in the alignment, the total number of 

reads is known as the coverage, and it may be the case that all, none, or some of the 

reads match the reference. A decision is then made as to which base is most likely to be 

correct and output in the final assembled genome using the base quality score. This is a 
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statistic concerning the error, calculated using information about the number of reads 

supporting that base, the sequencing quality, and the total coverage.  

 

The main disadvantage to mapping is the reliance of the approach on the reference 

genome used. The best reference will be very similar to the sample; however this is not 

always possible, especially when assembling emerging outbreak strains or disparate 

strains. In addition, if the genome of interest has gained extra material relative to the 

reference genome, such as integrated mobile elements, then this information will be lost 

in the form of reads that cannot be mapped. A major strength of mapping comes when 

comparing many sequences, since they can be all aligned against the same reference, 

avoiding a large and computationally costly whole-genome multiple alignment step. 

 

1.6 Using Genomics for Epidemiology 

There are two main challenges in epidemiology that genomics can help study, and both 

are considered in this thesis. The first challenge is to resolve relatedness between 

samples isolated by different patients to help resolve transmission. Several proof of 

concept studies have begun to show how high throughput sequencing can be used for 

this purpose, but some thought is required to make best use of this data, and presenting 

it appropriately for use in the clinic (Rasko et al. 2011; Rohde et al. 2011; Eyre et al. 2012; 

Köser et al. 2012).  

 

The second challenge is to use genetic information for estimation of epidemiological 

parameters to elucidate disease dynamics during the course of an outbreak. If 
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systematic monitoring has taken place throughout an epidemic, then important 

parameters such as the basic reproductive number (the average number of new 

infections caused by a single index case; denoted 𝑅0), can be estimated directly, for 

example in the 2001 British foot and mouth outbreak (Ferguson et al. 2001), and in the 

severe respiratory syndrome outbreaks in Asia 2002-3 (Lipsitch et al. 2003). Such 

parameters have an important and time-dependant role in the understanding of 

unfolding disease dynamics, and informing potential intervention strategies (Anderson 

and May 1991). Alongside these traditional methods, genetic analysis previously has 

been used to gain insight into the epidemic history of a pathogen when reliable 

surveillance data is unavailable – as in the 2009 H1N1 influenza epidemic (Fraser et al. 

2009; Smith et al. 2009) – or to add information about the origin of an outbreak in 

process, as in the Haitian cholera outbreak in 2010 (Chin et al. 2011). With real-time 

genomic sequencing becoming widely available in the near future, it is clear that 

genetics will have an increasingly important role in infectious disease outbreak 

understanding and response. 

 

Genetic approaches are well-established for investigating the epidemic history of 

pathogen populations. Generally these methods stem from interpreting an evolutionary 

tree - where the topology may reveal unforeseen relationships between isolates and 

reveal transmission pathways (Cottam et al. 2008; Lieberman et al. 2011), and the shape 

may allude to overall population dynamics (Grenfell et al. 2004). More sophisticated 

models allow the genetic and epidemiological contributions to infectious disease to be 

explicitly modelled. One such example is the coalescent model, which is readily adapted 
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for different demographic models (see Section 2.5.3) and has been used to infer historical 

changes in population size (Slatkin 1977; Pybus et al. 2000; Nordborg 2008). In 

particular, these changes in population size have been used to infer historical prevalence 

in viruses (Pybus et al. 2001). More recently, whole genome sequencing has revealed 

new levels of diversity in bacteria, creating a wider need for combined population 

genetic and epidemiological inference (Wilson 2012). 

 

1.7 Aims of the Thesis 

This thesis presents three methods for joint genetic and epidemiological inference into 

the roles of transmission and evolution in human pathogens. In Chapter 3, I first explain 

a method for inferring population-level transmission rates based on integrated 

coalescent epidemiological models, before applying it to Hepatitis C epidemics from 

across the world to explore how genetic and demographic factors affect genetic diversity 

and transmission. This modelling is at a population level, and facilitates inference of the 

historical dynamics of an epidemic and formal comparison to other epidemics, for 

example to see the effect of different intervention strategies, or as here, to identify what 

is driving genetic diversity.   

 

In contrast, Chapter 4 uses a stochastic approach to investigate transmission at the level 

of individual patients within a single NHS Trust in England. In this chapter I focus on a 

single strain of norovirus, and use a stochastic epidemiological model to reconstruct 

patient transmissions according to what is known about their ward movements and 

genetic information from whole genome sequenced samples. This reconstruction can 
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then be used to assess the relative importance of visitors, contamination and wards in 

the norovirus transmission chain, providing evidence towards useful strategies for 

reducing spread in future epidemics.  

 

In Chapter 5 I consider transmission between populations of bacterial in different 

species, using a zoonotic model of transmission. I focus on a leading bacterial cause of 

gastroenteritis, Campylobacter, and exploit the power of whole genome sequencing to 

investigate zoonotic transmission in three strains that appear, on the basis of MLST, to 

be generalists capable of living in multiple hosts including chicken, cattle and pig. In 

addition, I infer the source population for a number of human isolates, providing whole 

genome support to the importance of the food production line. 

 

Finally, in Chapter 6, I summarise the key results of this thesis. I will then highlight the 

uniting themes of this work, and put the study into the wider context by discussing 

developments in the field during the last three years and what the future holds. 



38 

Chapter 2: Methods for Analysis 

2.1 Introduction 

This thesis presents analyses for understanding the evolution and transmission of 

human pathogens. Whilst the individual techniques used within each chapter are 

diverse, much of the underlying theory is shared. This chapter reviews background 

theory and methods for the forthcoming results chapters. First, an overview of statistical 

inference is given (both maximum likelihood and Bayesian), and then the focus shifts to 

specific methods for understanding pathogen evolution and ancestral relationships, 

including software where appropriate. 

 

2.2 Statistical Inference 

In general, statistical inference involves the estimation of unknown parameters from a 

population of interest – for example the prevalence of infection at a certain time. 

Inference is made about these unknown parameters using data and a statistical model. 

There are two main schools of statistical inference, frequentist (or classical) and Bayesian 

(Fienberg 2006). A philosophical difference exists between the schools. In frequentist 

statistics, the unknown parameters are assumed to be fixed (Neyman 1937), whereas in 

Bayesian inference the unknown parameters are seen as random variables, so that 

uncertainty about their value can be modelled by some probability distribution (Bayes 

and Price 1763). While this distinction may appear slight, it leads to practical differences 

between frequentist methods (such as maximum likelihood) and Bayesian methods. 

Notably, Bayesian inference requires specification of a ‘prior distribution’. This prior 
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distribution is chosen to reflect information (or lack thereof) that is known about the 

parameter before any data is observed, and can be based on previous modelling or 

expert opinion (O’Hagan 1998). Current knowledge about a parameter is updated using 

the observed data to obtain a posterior distribution representing the uncertainty 

surrounding parameters. An overview of the main statistical inference methods used in 

the rest of the thesis, both Bayesian and frequentist, is given in Chapter 2. 

 

2.2.1 Maximum Likelihood 

Maximum likelihood (ML) is a frequentist method for estimating parameters, by finding 

the values at which they give the highest probability of describing some observed data. 

The probability density function (PDF) describes the relative probability of observing 

any given value of the data, 𝑋, given the parameters 𝜃, and is written by 𝑓(𝑋|𝜃). To 

estimate the unknown parameters given an observed sample of data, the likelihood is 

first denoted as 𝐿(𝜃|𝑋) = 𝑓(𝑋|𝜃). The likelihood is then maximised with respect to 𝜃 to 

estimate the unknown parameters. If the data are a sample of independent and 

identically distributed random variables 𝑋 = 𝑥1, 𝑥2, … , 𝑥𝑛, then the maximum likelihood 

estimate of the parameters, denoted 𝜃, is given by: 

𝜃 = arg max
𝜃

𝐿(𝜃|𝑋) 

= arg max
𝜃

[∏ 𝑓(𝑥𝑖|𝜃)

𝑛

𝑖=1

]. 

 

(2.1) 

Often it is easier to find the maximum using the log-likelihood. This gives the same 

parameter estimate since 𝐿(𝜃|𝑋) and ln 𝐿(𝜃|𝑋) are monotonically related and thus their 

maxima occur at the same value. For simple distributions, the maximum can be found 
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analytically, but when there are many parameters, this is not generally possible. Instead, 

numerical optimization methods are required to iteratively converge on a maximum. 

 

2.3 Bayesian Inference 

Underlying Bayesian statistics is Bayes’ Theorem (Bayes and Price 1763). It states that, if 

the probabilities of events 𝐴 and 𝐵 occurring are greater than zero, then the probability 

of 𝐴 conditional on 𝐵 is given by 

𝑝(𝐴|𝐵) =  
𝑝(𝐵|𝐴)𝑝(𝐴)

𝑝(𝐵)
. (2.2) 

𝑝(𝐴) can be thought of as the initial or prior probability of event 𝐴 taking place, and 

𝑃(𝐵|𝐴) is the likelihood of 𝐵 happening given 𝐴 has already been observed. It is usually 

more conventional to denote the unknown parameters by the vector 𝜃, and the data by 

𝑋. As before, the likelihood function is equal to the probability of observing the data 

given the parameters. In addition, some prior information known about the parameters 

𝜃 can be represented by the prior distribution, 𝑝(𝜃). As such, Equation (2.2) becomes: 

𝑝(𝜃|𝑋) =  
𝑝(𝑋|𝜃)𝑝(𝜃)

𝑝(𝑋)
. (2.3) 

The posterior represents a re-weighting of the prior information, 𝑝(𝜃), by the likelihood 

of the observed data, 𝑝(𝑋|𝜃). It may be that very little prior information is available, and 

in this case it is usual to use a non-informative prior, such as a uniform distribution (all 

possibilities have equal probability) or a vague prior with a large variance to represent 

the wide uncertainty. The term on the denominator of Equation (2.3) is known as the 

marginal distribution of 𝑋. It is often hard to obtain, but since it is only a normalising 

constant it is usually sufficient to calculate: 
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Since the posterior is a full distribution, it is necessary to summarize it in order to obtain 

point estimates and estimates of uncertainty. Possible point estimates include the mean, 

median and mode, which coincide for symmetrical unimodal distributions. A credible 

interval is useful to assess the range of distribution and accuracy of a point estimate. A 

100(1 − 𝛼)% credible interval is any interval [𝑎, 𝑏] such that the posterior probability 

between 𝑎 and 𝑏 is 100(1 − 𝛼)%. Many such intervals may satisfy this requirement. One 

possible interval is the range of values that lie between the 100(𝛼/2) and 100(1 − 𝛼/2) 

percentiles of the posterior distribution. In this thesis, 95% credible intervals will usually 

take this form, representing the 2.5% and 97.5% points. An alternative to using 

percentiles is the highest posterior density (HPD) interval, representing the narrowest 

interval [𝑎, 𝑏] containing 100(1 − 𝛼)% of the posterior density.  

 

The credible interval is sometimes used as a form of hypothesis testing. For example, if a 

credible interval does not contain zero, that may be considered appreciable evidence 

that the parameter is non-zero. Similarly, if two credible intervals are non-overlapping, 

that is usually considered to be good evidence that the parameters are different. It is 

worth noting here that credible intervals are different to confidence intervals in 

frequentist statistics. A 100(1 − 𝛼)% confidence interval refers to the interval that, if 

calculated after repeated sampling, would contain the true value of the parameter 

𝑝(𝜃|𝑋) ∝ 𝑝(𝑋|𝜃)𝑝(𝜃) (2.4) 

i.e. 
 

       posterior ∝ likelihood × prior.  
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100(1 − 𝛼)% of the time. The Bayesian concept of a credible interval does not appeal to 

the concept of repeated sampling, but rather represents uncertainty in the parameter 

when considered as a random variable. Therefore it depends on the prior distribution. 

 

2.3.1 Markov Chain Monte Carlo 

In most cases, the posterior distribution cannot be solved analytically. Even if random 

samples can be drawn from the prior distribution, the parameter space in phylogenetics 

is, in general, extremely large due to the number of possible tree topologies. The chance 

of simulating a tree compatible with the observed data in this way is highly remote. 

Therefore the chance of sampling the posterior densely enough to gain useful inference 

is very small. Instead, approximate computational techniques can be used, such as 

Markov Chain Monte Carlo (MCMC). Informally, the idea is to sample a point from a 

known proposal distribution that is designed to produce parameters compatible with 

the observed data, and then decide whether this point is indeed sufficiently compatible 

with the target distribution. 

 

A Markov chain is a stochastic process consisting of a set of random quantities defined 

in some state space 𝜃, where the current state only relies on the state immediately prior 

to it (Markov 1971). This is known as the Markov property and, considering a draw of 

state 𝜃(𝑡) at iteration 𝑡, implies that the previous state (𝜃(𝑡−1)) and next one (𝜃(𝑡+1)) are 

independent conditional on the current one, such that 

𝑝(𝜃(𝑡+1)|𝜃(1), 𝜃(2), … , 𝜃(𝑡)) = 𝑝(𝜃(𝑡+1)|𝜃(𝑡)). (2.5) 
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Therefore Markov chains ‘remember’ only where they were are the last step. Under 

certain conditions, Markov chains can be constructed that will converge on some target 

distribution, and will do so regardless of where the chain started. The idea of MCMC is 

to devise a Markov chain whose stationary distribution will converge on the posterior 

distribution, and sample parameters from that distribution.  

 

One method of constructing such a chain is via the Metropolis-Hastings algorithm 

(Metropolis et al. 1953; Hastings 1970), and this is explained here as it is the algorithm 

that underlies the software BEAST used in later chapters. The chain is started at an 

arbitrary point 𝜃(𝑖). The proposed value for the next state, denoted 𝜃∗, is drawn from the 

proposal distribution, 𝑞(𝜃). The next step is to decide whether the current or proposed 

value for 𝜃 is most likely to have come from the posterior density. This ratio is used to 

calculate an acceptance probability for the proposed value: 

If 𝜃∗ is more likely to be obtained under the posterior than the previous value 𝜃(𝑖), the 

ratio will be greater than one and thus the probability of acceptance is taken to be one – 

meaning that a better proposal will always be accepted. Otherwise, the proposal is 

accepted with probability equal to the ratio of the target densities. If the proposal is 

rejected, then the chain stays at the current state. This strategy is repeated to obtain a 

long chain of values – the more iterations run, the more accurate the estimate of the 

posterior density will be. Informally, the algorithm works since more samples will be 

kept from high density regions of the posterior (due to the ratio in Equation (2.6)), and 

𝑝(accept 𝜃∗) = min [1,
𝑝(𝜃∗|𝑋)𝑞(𝜃(𝑖)|𝜃∗)

𝑝(𝜃(𝑖)|𝑋)𝑞(𝜃∗|𝜃(𝑖))
] . (2.6) 
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thus the amount of time the chain spends in a particular parameter space once it has 

reached the stationary distribution is proportional to the posterior probability. 

 

2.3.2 Metropolis Coupling 

The aim of MCMC is to sample from across the whole parameter space; however if there 

are a number of disjoint regions, or modes, all with high posterior probability, the chain 

might get stuck in a local peak and not sample the other regions of similar density. This 

is known as a mixing issue, and often occurs when the parameter space is large and 

complex, such as that representing tree topologies. A useful method to detect mixing or 

convergence issues is to run two or more chains, and test whether the chains converge 

to different topologies, and this is done when using Bayesian methods in all three 

results chapters presented in this thesis.  

 

Metropolis coupling (Geyer 1991) uses several parallel chains to improve mixing and 

therefore help make jumps between peaks, and is implemented in BEAST from version 

1.7 onwards (Drummond et al. 2012). As an overview, the ‘cold’ chain samples from the 

posterior distribution, whilst ‘heated’ chains sample from a distribution of the posterior 

which has been ‘flattened’ by mathematically raising the distribution to a power less 

than one. These heated chains produce smoother distributions than the posterior, which 

facilitates mixing and swapping between peaks. Swaps are also proposed between two 

randomly chosen chains, and these are accepted in a manner similar to the Metropolis-

Hasting acceptance probability. When a swap to the cold chain is accepted, this can 

allow jumps between local peaks, facilitating better mixing. Since only the cold chain 
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represents the posterior distribution, the samples from the heated chains are discarded 

at the end of the analysis and only samples from the cold chain are retained. 

 

2.3.3 Diagnosing the MCMC 

The MCMC algorithm needs to explore the whole parameter space efficiently, and it is 

important to ensure that this has been the case and that it has successfully converged to 

the stationary distribution. Tracer (Rambaut and Drummond 2009) is a program that 

helps to visualise the results from multiple MCMC chains, providing both graphical and 

numerical methods to assess the performance of the algorithm. Particularly useful is the 

construction of a trace plot – a time series graph of a sampled parameter or statistic for 

each sample from the MCMC plotted against the iteration number. 

 

Burn-in. Since the analysis starts at an arbitrary initial value, the posterior density is 

likely to be low and it may take a while for the chain to sample from the highest density 

regions of the posterior. This initial period is called the burn-in, and it is common to 

discard these samples from the analysis as it makes samples closer to the stationary 

distribution and less dependent on the starting point. Therefore the duration of burn-in 

used varies, depending on how close the initial value is to the stationary distribution. As 

the chain reaches the stationary distribution, the posterior density and parameter 

estimates begin to plateau, shown by the trace appearing horizontal. Comparing the 

results from multiple MCMC runs (particularly from different initial values) helps 

reveal whether chains are converging on the same posterior distribution.  
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Thinning. It is usual to only save a fraction of the samples from a long MCMC chain at 

regular intervals, in order to save on disk space and computer memory. Although this 

process, known as thinning, wastes some information, it is relatively efficient because 

there is a natural dependency between adjacent samples from the chain. If there is high 

dependency across a chain of draws, through correlation or periodicity, then multiple 

samples add very little to a single sample. An effective sample size (ESS) can be 

calculated by taking the chain length minus the period of burn in, and dividing it by the 

autocorrelation time given by the average number of states needed to separate two 

samples for them to be considered independent. Low ESS values suggest that there is 

high correlation between samples, and the chain should be run for longer. 

   

2.4 Model Selection 

Model selection is a key part of statistical inference and scientific hypothesis testing. 

Often there are multiple competing hypotheses, and some assessment is required to 

choose which of these models is ‘best’. In general, models with more parameters will 

more closely fit the data. However, this can be computationally intensive, and with 

more parameters estimation tends to decrease in accuracy. As such, which model is 

considered best comes from a balance of the scientific relevance (the biological 

plausibility), the goodness of fit, and complexity (Steel 2005).  

 

2.4.1 Bayes Factor Tests 

The Bayes factor (BF) gives the relative evidence in favour of one model compared to 

another in the Bayesian setting, similar to the role of the likelihood ratio test in 
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frequentist statistics. A quantity known as the marginal likelihood, 𝑝(𝑋|𝑀), measures 

the average fit of a model 𝑀 to the data 𝑋, averaged over all possible values of the 

parameters. The Bayes’ factor is  defined as the ratio of the marginal likelihoods of the 

two models (Kass and Raftery 1995):  

BF =
𝑝(𝑋|𝑀2)

𝑝(𝑋|𝑀1)
. (2.7) 

A Bayes factor significantly greater than one implies that there is more support for 𝑀2 

than 𝑀1. Whilst there is no formalism equivalent to a classical hypothesis test for 

interpreting the Bayes factor, Jeffreys (1961) and Kass and Raftery (1995) provide a 

guide to its interpretation, suggesting that Bayes Factors greater than 20 show strong 

evidence in favour of 𝑀2.  

 

2.5 Coalescent Theory 

The coalescent model describes the genealogy of a sample of genes under a simplifying 

set of assumptions known at the standard neutral model (Kingman 1982a; Kingman 

1982b). It has theoretical and practical advantages over other approaches that describe 

the genealogy of an entire population, such as the Wright-Fisher (Fisher 1930; Wright 

1931) and Moran (Moran 1957) models. Whereas these traditional approaches describe 

the evolution of a population forwards in time, the coalescent is defined backwards in 

time, as a retrospective description of the genealogy of a finite sample. The main 

advantage of the coalescent over the Wright-Fisher and Moran models is that only the 

history of the sample need be considered. This greatly simplifies the model and makes it 

much more tractable for statistical inference. It is also very flexible and readily adaptable 
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for various deviations from the standard assumptions (Nordborg 2008), of which those 

relevant to this thesis are explained in the following sections. 

 

2.5.1 The Standard Coalescent 

First, consider a finite population containing a total of N individuals. The standard 

neutral model upon which the coalescent is based makes three core assumptions: 

 the population is panmictic,  

 it has a constant population size through time, and  

 it is not subject to selection.  

The retrospective view that the coalescent takes begins by considering the relationship 

between individuals in the current population and their parents in the previous 

generation. Lineages (which describe the ancestry or relatedness of individuals through 

from parent to offspring) can be traced from the current generation to the previous one. 

When an individual is the sole offspring of a parent, the lineage extends backwards one 

generation.  When there are two or more individuals with the same parent, their 

lineages merge or coalesce in the previous generation. 

 

For a locus with ploidy 𝑃, there are 𝑃𝑁 copies of the gene in the population. 

Accordingly, the probability that copies of the gene in the current generation have the 

same parent is, under the standard neutral model, 1 𝑃𝑁⁄ . In other words, the probability 

that two lineages coalesce in the previous generation is 1 𝑃𝑁⁄  and the probability that 

they do not coalesce in any of the preceding 𝑃𝑁𝑡 generations is  (1 − 1 𝑃𝑁⁄ )𝑃𝑁𝑡. As the 

population size gets large (formally as 𝑁 → ∞) this probability is well approximated by 
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the asymptotic limit  𝑒−𝑡. This indicates that the waiting time (in units of 𝑃𝑁 

generations) until a pair of lineages coalesce can be modelled by an exponential 

distribution with rate equal to one. Assuming further that coalescent events are rare and 

can therefore be deemed independent, the total coalescence rate when there are 𝑘 

lineages is given by 𝑘(𝑘 − 1) 2⁄ . Note that it is standard practice, when using the 

coalescent, to scale time in units of 𝑃𝑁 generations. Since the organisms covered in this 

thesis are haploid, 𝑃 = 1 will be taken for what follows. 

 

Now, consider a sample of 𝑘 genes sampled in the present. The coalescent can be 

described in terms of the following generative process. Initially there are 𝑘(𝑘 − 1) 2⁄  

possible coalescent events, with each pair of lineages equally likely to be involved in the 

coalescence. The waiting time to this coalescence in exponentially distributed with rate 

equal to 𝑘(𝑘 − 1) 2⁄ . The process then continues with one fewer lineage until only a 

single lineage, the most recent common ancestor of the sample, remains. The coalescent 

is thus computationally efficient for simulation purposes, as for a sample of size 𝑛 only 

𝑛 − 1 independent exponential random variables need to be sampled alongside 

randomly selecting a pair of lineages to coalesce at each event. On average, as the 

number of lineages decreases, the waiting time between coalescence events increases. 

This leads to genealogies with coalescence events occurring predominantly near the tips, 

and longer waiting times towards the root of the tree.  
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2.5.2 Effective Population Size 

It is inevitable that a simplified mathematical model such as the coalescent cannot fully 

accurately describe a natural population; it is necessary to balance the biological realism 

of any model with practical concerns such as the tractability of the model for 

mathematical analysis and computational inference. However, two assumptions of the 

standard coalescent model that are frequently likely to be unrealistic are random mating 

and a constant sized population. Remarkably, many extensions to the standard neutral 

model exert their effect through a straightforward shift in the population size. For this 

reason, the notion of an effective population size – denoted 𝑁𝑒 – is broadly applicable and 

widely used. 

 

The effective population size is a parameter that allows the coalescent model to be 

applied to real world problems – essentially mapping the features of a more complex 

natural population to a simpler and well formulated model with known results and well 

understood behaviour (Sjödin et al. 2005). If 𝑁 is considered the census population size, 

then 𝑁𝑒 is the size of an idealized population that would produce similar dynamics in 

the simplified model. One way in which population dynamics are quantified is through 

genetic diversity. In the standard coalescent, genetic diversity is proportional to the 

population size. This relationship allows 𝑁𝑒 to be calculated by finding the ideal 

population size under the standard neutral model that produces the same diversity as 

observed in the natural population. Two examples of using the effective population size 

are given below. 
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Variation in Reproductive Success. As a consequence of the assumptions underlying the 

standard neutral model, the number of offspring of each potential parent in one 

generation is Poisson distributed with mean one (so that the population size stays 

constant), and variance also equal to one. Now, in real life there will often be greater 

variance in reproductive success than expected under the standard assumption that 

every potential parent is equally fit. This is likely even if that variation in fitness is not 

inherited, for example because of differences in access to resources. Then, the variance 

might be given by some value of 𝜎2, where 1 < 𝜎2. So long as fitness differences are not 

heritable, this situation converges to the standard coalescent with time scaled by the 

variance, so that the effective population size is given by 𝑁𝑒 = 𝑁/𝜎2. Intuitively, this 

happens because higher variance in reproductive success results in a smaller gene pool 

contributing to the next generation. The effective population size is therefore smaller 

than the census size, coalescence occurs relatively faster, and genetic drift is seen to 

operate more strongly (Nordborg 2008). 

 

Strong Migration Limit. Another useful result concerning the effective population size 

arises from structured populations with strong migration between sub-populations. It is 

worth mentioning briefly here, as similar principles will be revisited in Section 3.3.2 

when looking at a coalescent model for metapopulations. Suppose the population has 

some geographical structure, so that it is divided into smaller sub-populations with 

migration occurring between them. The strong migration limit arises when the sub-

populations are relatively large so that coalescent events are rare compared to migration 

of lineages between sub-populations. With sufficiently strong migration, lineages 
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migrate at such a high frequency the population appears to be essentially panmictic 

(Wakeley 2004a). Thus the waiting time until two lineages coalesce depends primarily 

on the probability that they happen to be in the same place at the same time. Further, the 

location of a lineage at any time is effectively independent of its location at any other 

time. The population structure therefore becomes unimportant except that it decelerates 

the rate of coalescence by some factor  that depends on the number of sub-populations 

and the migration rates between them. The structured coalescent with strong migration 

therefore converges on the standard coalescent model with effective population size 

𝑁𝑒 = 𝑁/𝛼 (Nordborg 2008). 

 

2.5.3 Demographic Change 

As noted above, in the coalescent model, the rate at which lineages coalesce is 

determined by the population size. If the population is large, then the probability of two 

lineages having the same parent is small, and thus the rate of coalescence is slower than 

in a small population. Fluctuations in the population size can be modelled as a standard 

coalescent process with a time-varying coalescence rate that depends on the population 

size (Griffiths and Tavaré 1994; Donnelly and Tavaré 1995).  

 

At any time 𝑡, the rate of coalescent relation to that at time 0 can be defined as  

λ(𝑡) =
𝑁0

𝑁𝑡
, (2.8) 

where 𝑁0 and 𝑁𝑡 are the number of individuals in the population at time 0 and 𝑡 

respectively. Then the pairwise cumulative rate of coalescence, Λ(𝑡), from the present to 

time 𝑡 is defined as 
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Λ(𝑡) = ∫ 𝜆(𝑢)𝑑𝑢
𝑡

0

. (2.9) 

The time until a pair of lineages coalesces becomes an inhomogeneous waiting time 

process with probability density function 

p(𝑡) = 𝜆(𝑡) exp(−Λ(𝑡)). (2.10) 

More generally, for a sample of 𝑘 lineages, probability density function for the time to 

the next coalescence becomes  

p(𝑡) = (
𝑘

2
) 𝜆(𝑡) exp (− (

𝑘

2
) Λ(𝑡)). (2.11) 

 

Due to the changing population size, the waiting times until coalescence are 

inhomogeneous, and are related to the standard coalescent using a non-linear rate of 

coalescence scaled according to Λ(𝑡). This means that simulation of a coalescent model 

with varying population size is straightforward, only requiring a transformation of the 

times simulated under a standard coalescent model (Hein et al. 2005). This 

transformation is given by 𝑡′ = Λ−1(𝑡), where 𝑡′ is the waiting time required for the 

changing population size, and 𝑡 is simulated under a demographically stable population 

of size 𝑁0. It is often possible to find Λ−1(𝑡) in closed form; however if the 

transformation is more complicated then numerical methods may be used. This method 

is used in Section 3.3.6 to implement the coalescent SIR model in BEAST. 

 

2.5.4 Mutation 

Mutation is simple to incorporate into the coalescent because of one of the key 

assumptions: selective neutrality. Under selective neutrality, the population birth-death 
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process is unaffected by the mutational state, and therefore the mutation process is 

independent of the genealogical process. This is important for simulating data under the 

coalescent because it means that the mutation process can be superimposed on a 

previously simulated coalescent tree (Hein et al. 2005).  

 

Assuming a constant mutation rate, the mutations that occur on the tree follow a 

Poisson process with rate 𝜃/2, where 𝜃 is the scaled mutation rate 2𝑁𝜇 and 𝜇 is the 

average number of mutations differing from offspring to parent. This means that the 

expected number of mutations will increase linearly with branch length, and between a 

pair of individuals equals 𝜃. The frequency of coalescence events tends to decrease 

towards the root of the tree, when only a few lineages remain, such that mutations 

occurring within these lineages tend to dominate the sequence divergence much more 

than mutations occurring near to the tips of the tree.    

 

2.6 Modelling Evolution 

A model in which mutations are assumed to occur independently and at a constant rate, 

as in the previous section, and each mutation alters a previously unmutated site, is 

known as an infinite sites model (Kimura 1969). The infinite sites model may be 

appropriate when the locus under investigation is composed of many nucleotides, and 

mutation is sufficiently rare so at any single nucleotide in the sequence, at most only one 

mutation is likely to occur. These assumptions make the model analytically tractable, 

but limit it in two distinct ways. First, the model assumes that repeat mutations at a 

single site in the genome are not allowed. Whilst this may be reasonable over a short 
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timescale with a slow mutation rate, the model is limited and its application to datasets 

with multiple alleles per site is problematic, a situation regularly encountered for viral 

pathogens with relatively small genomes and fallible replication processes. Secondly, it 

does not take into account the current allelic state, and thus does not account for how 

this might affect the rate of mutation. This section looks at more elaborate nucleotide 

substitution models, with examples of some of the most widely used models in 

phylogenetics. 

 

2.6.1 Nucleotide Substitution Models 

Nucleotides are split into two biochemical classes – the purines (adenosine and guanine) 

and the pyramidines (cytosine, thymine and uracil). Mutation events can be classed into 

two types (Figure 2.6.1); transitions are mutation events that do not change the 

nucleotide class type (so, from adenosine to guanine, for example), whereas transitions 

are mutations events that do change the nucleotide class (such as adenine to guanine).  

 

In the simplest model of nucleotide evolution, the Jukes-Cantor model (Jukes and 

Cantor 1969), the four nucleotides are assumed equally common and mutation rates 

between any pair are the same. Multiple mutations can, however, occur at the same 

position. Empirically, however, transitions are observed to occur more often than 

transversions, despite there being twice as many possible transversions. The Kimura 

two-parameter model (Kimura 1980) is the simplest nucleotide model that takes this 

phenomenon into account via the transition:transversion ratio, usually represented by 

the parameter 𝜅. 
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Figure 2.6.1: Classification of nucleotide substitutions. There are six possible substitutions. 

Transitions occur when a nucleotide is replaced with one of the same class, and transversions 

occur when a nucleotide is substituted with one of a different type. For RNA substitutions, 

thymine (T) is replaced with uracil (U). 

 

The process of nucleotide substitution (when one nucleotide mutates to, or is 

substituted, by another) can be represented mathematically using a Markov process 

with instantaneous rate matrix, 𝐐 (Strimmer and von Haeseler 2009). The Markov 

property arises naturally from an assumption that the rate of substitution from one 

nucleotide to another is only dependant on its current state, and independent of any 

changes that have occurred at the site previously. By convention, the rate matrix is 

ordered alphabetically according to nucleotides for row and columns (A, C, G, T), so 

that element 𝑄𝑖𝑗 refers to the rate of a nucleotide 𝑖 being replaced by 𝑗 at a given site.  

 

In a general time-reversible model, the non-diagonal elements are given by the product 

of the mean substitution rate (𝜇), the relative rate of nucleotide 𝑖 mutating to 𝑗 (by 

construction, 𝑅𝑖𝑗 = 𝑅𝑗𝑖) and the frequency of the nucleotide to which the current one is 

mutating (𝜋𝑗). The diagonal of 𝐐 represents the rate at which the current state mutates 

to an (observably) different nucleotide, and is easily calculated since the sum of each 

A G 

T C 
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Pyramidines 

Transition 

Transition 

Transversions 
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row must equal zero. It is also assumed that the relative frequencies of the four 

nucleotides are at equilibrium, and that ∑𝜋𝑖 = 1. The probability of a given nucleotide 

mutating to any other during a time 𝑡 is then given by the transition probability matrix:  

𝐏(𝑡) = exp(𝐐𝑡). (2.12) 

 

While the most general model of substitution of this form is the general time reversible 

(GTR) model (Tavaré 1986), it may be simplified by placing restrictions on the differing 

rates of transitions and transversions. In the TN93 model, Tamura and Nei (1993) define 

the parameters 𝜅 and 𝛾 as the ratio of transitions to transversions, and ratio of purine to 

pyramidine transition rates, respectively. The HKY85 model (Hasegawa et al. 1985) is a 

simplification of this, with 𝛾 = 1, and the Kimura 2-parameter model (Kimura 1980), 

K80, further reduces the number of parameters by assuming that all of the nucleotide 

frequencies are equal. As mentioned previously, the simplest model of substitution is 

the Jukes-Cantor model (Jukes and Cantor 1969), where there are equal proportions of 

each nucleotide base, and all possible substitutions are deemed to be equally likely. 

  

When parameter estimation is required, there is the usual trade-off between the 

biological complexity of a particular model, and computational time required. The 

matrix 𝐐 must be exponentiated to obtain the transition probability matrix 𝐏(𝑡), and 

while this is possible analytically for the HKY85 model, it is not possible for the GTR 

model.  In addition, more complex models can lead to large variation in the estimated 

number of substitutions per site (Rzhetsky and Nei 1995), though this is less of an issue 

with whole genome datasets. Nei and Kumar (2000) show that up to 0.5 expected 
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substitutions per site, the Tamura (an extension of the K80 model allowing for high or 

low GC contents by Tamura (1992)), K80 and Jukes-Cantor models all give a reasonable 

approximation when the nucleotide evolution is known to follow the TN93 model, and 

thus support the use of the simplest model for samples of closely related sequences.  

 

More generally, however, software exists to assess which model offers the best fit 

according to the number of parameters in the model. ModelTest (Posada and Crandall 

1998) takes input in the form of the log-likelihood for each model such as those output 

from the tree-building software PAUP* (Swofford 2003), and then uses hierarchical 

likelihood ratio tests alongside the Akaike Information Criterion (Akaike 1974) and 

Bayesian Information Criterion (Schwarz 1978) to rank the models according to best fit. 

 

2.6.2 Rate Heterogeneity 

So far, it has been assumed that the rate of substitution is constant over all sites. This 

assumption can be relaxed to allow sites to mutate at different rates – for example in a 

codon model where the second and third positions mutate at a faster rate than the first. 

This heterogeneity is often represented by the gamma distribution with mean equal to 𝜇 

and a flexible parameter 𝛼 for the shape. When 𝛼 is less than one, the gamma 

distribution is L-shaped. This is equivalent to strong rate variation, where some sites 

have high rates of substitution, but the majority have a low rate. For 𝛼 > 1, the 

distribution of rates around the mean becomes tighter, and as 𝛼 tends to infinity, the 

model converges to the constant rate substitution model. Using a continuous gamma 

distribution of rates is computationally intensive, so it is standard to assume a discrete 
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gamma distribution with four to eight rate categories of rates as a reasonable 

approximation (Yang 1994). 

    

2.7 Recombination 

A recombinant genome is one in which different parts of the genome have different 

ancestral histories, i.e. different genealogies. This means that the genome is made up of 

a mosaic of sources with varying evolutionary histories. Recombination in a sample 

means that the evolutionary tree is not identical for all sections of a nucleotide sequence, 

and thus a single tree cannot represent the ancestral relationships between samples. This 

conflict in ancestry in an alignment is known as a genetic incompatibility (Figure 2.7.1), 

and can be identified with Hudson’s four gamete test (Hudson and Kaplan 1985).  

 

 

 

Figure 2.7.1: Diagram illustrating genetic incompatibility. For two loci 𝐴 and 𝐵, a maximum of 

two mutations (depicted with crosses) are expected under the infinite sites model, and thus a 

maximum of three haplotypes (𝐴𝐵, 𝐴𝑏 and 𝑎𝐵) can be obtained (black). The fourth haplotype 𝑎𝑏 

is only possible through recombination (dashed red line), or recurrent mutation (red cross). 
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If there are two loci, one with alleles 𝐴 and 𝑎, and the other with alleles 𝐵 and 𝑏, there 

are four possible combinations (or haplotypes): 𝐴𝐵, 𝐴𝑏, 𝑎𝐵, 𝑎𝑏. Under the infinite sites 

model (Kimura 1969), it is impossible to observe all four haplotypes in a sample of 

sequences. Therefore an incompatibility is either the result of recombination having 

occurred or more than one mutation taking place at a single site.   

 

2.8 Reconstructing Phylogenies 

In this thesis, PhyML (Guindon et al. 2010) was used to estimate phylogenies by 

maximum likelihood, and BEAST (Drummond et al. 2012) was used for Bayesian 

phylogenetic inference. 

 

2.8.1 Maximum Likelihood Phylogenetic Methods 

Maximum likelihood methods involve finding the tree and evolutionary parameters 

that maximise the probability of observing the sequence data. The likelihood of a tree 

topology and branch lengths given the observed sequence data can be found using 

Felsenstein’s pruning algorithm (Felsenstein 1981). This starts at the tips of the tree, and 

works along the tree towards the root calculating the probability of the sequences given 

the tree so far, and multiplying across sites in the sequences. The branch lengths can be 

optimised using numerical computation techniques. The main problem is quickly 

exploring the tree space, since for large datasets there are a vast number of possible 

topologies.  
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Various moves for exploring phylogenetic tree space have been developed. Full-tree 

rearrangement starts with an initial tree, and then generates a ‘neighbourhood’ of trees 

around this (Schmidt and von Haeseler 2009). For each tree in the neighbourhood, the 

one with the highest likelihood is found, and taken as the starting tree in the next 

iteration. If no trees in the neighbourhood are better than the current one, then the 

current tree is taken to be the optimal one. There are three main rearrangement methods 

for obtaining the neighbourhood of trees: nearest neighbour interchange, sub-tree 

pruning and regrafting, and tree-bisections and reconnection (Felsenstein 2004). PhyML 

3.0 uses sub-tree pruning and regrafting alongside parsimony methods to find the tree 

which maximises the likelihood function (Guindon et al. 2010).   

 

2.8.2 Bayesian Phylogenetic Methods 

Phylogenetic inference in the Bayesian framework involves finding the posterior 

distribution for a set of evolutionary parameters given the sequence data, where 

parameters include the phylogenetic tree topology and branch lengths, and elements of 

the substitution model. The parameters are sampled using the Metropolis-Hastings 

MCMC algorithm (Section 2.3.1). To accelerate convergence, a starting tree is usually 

proposed using a fast tree building method such as UPGMA (Sokal and Michener 1958). 

Once the MCMC run has reached convergence, the post burn-in samples are taken as an 

approximation to the posterior distribution (Section 2.3.32.3.3). Bayesian methods have 

the advantage that by sampling from a posterior distribution, there is no need to 

condition on a single tree when making inference, as in the distance based and 

maximum likelihood methods. This means that all of the uncertainty in the topology, 
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branches, and evolutionary models can be taken into account. Methods for summarising 

a Bayesian analysis are given in Section 2.8.6. 

 

One of the most widely used implementations of Bayesian phylogenetic inference is 

BEAST (Bayesian Evolutionary Analysis by Sampling Trees). BEAST takes input in the 

form of an XML file that describes the data to be analysed, the model to use, information 

about the MCMC process (such as the number of iterations, and proposal distribution), 

and the desired output (Drummond et al. 2012). For commonly used models, the easiest 

way to format this file is to use the graphical user interface, BEAUTi, which is 

distributed in BEAST. More complicated combinations of models must be edited in to 

the XML file directly. Other Bayesian phylogenetic approaches such as MrBayes 

(Huelsenbeck and Ronquist 2001), LAMARC (Kuhner 2006) and BATWING (Wilson et 

al. 2003) are also in wide usage. However, in this thesis I used BEAST because it 

supports a wide range of models, and is open to development so that new 

methodologies are readily incorporated. 

 

2.8.3 Relaxed Clocks 

An alternative to the strict molecular clock described in is to assume the evolutionary 

rates are independent for each individual branch. Unrooted trees can be interpreted in 

these terms since branch lengths are estimated in units of the expected evolutionary 

change per site, a compound quantity representing the product of the branch length in 

years and the yearly substitution rate (Felsenstein 1981). Whilst methods are widely 

used to infer unrooted phylogenies (Huelsenbeck and Ronquist 2001; Swofford 2003; 
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Felsenstein 2005), a limitation is that it is not possible to individually estimate the 

molecular rate and branch length if they are both allowed to vary independently over 

branches. Moreover, the position of the root cannot be identified without assuming a 

suitable out-group. One source of information allowing the deconvolution of these 

quantities is the sampling time, which can be used to estimate rooted trees using 

software such as BEAST.  

 

BEAST implements a number of molecular clock models sitting between the two 

extremes represented by the strict clock and unrooted model. Local molecular clocks 

estimate different rates for user-defined clades within the tree (Hasegawa et al. 1989; 

Rambaut and Bromham 1998; Yoder and Yang 2000). However, such methods are 

clearly not ideal for large numbers of isolates, or topologies with large amounts of 

uncertainty – and thus their use is restricted to situations where certain taxa are known 

to have rates different to the rest of the tree. Drummond et al. (2006) introduced a new 

class of relaxed clock models, where the evolutionary rate is allowed to vary among 

branches according to some distribution defined by the user. Previous attempts at 

relaxing the clock assumed that closely related taxa have similar evolutionary rates. This 

is known as the autocorrelated relaxed clock, and assumes that the rate of evolution on a 

branch is dependent on the rate of the parental branch immediately before it (Thorne et 

al. 1998; Aris-Brosou and Yang 2002). Drummond et al. proposed an uncorrelated 

relaxed clock that does not make this assumption, so that rates on closely related 

branches do not have to be correlated. The uncorrelated relaxed clock is currently 
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implemented in BEAST under the log-normal and exponential distributions 

(Drummond and Rambaut 2007). 

 

Further, Drummond et al. (2006) show that assuming a strict clock for data in which 

there is heterogeneity in rates across branches gives generally poor results, with the true 

rate included in the 95% HPD only 3-11% of the time. However, uncorrelated relaxed 

clock models still performed well when the true clock model had a fixed rate across the 

tree. In BEAST, it is possible to use the Bayes factor to identify the best fitting of two or 

more different clock models (Li and Drummond 2012).  

 

2.8.4 Serially Dated Samples 

A measurably evolving population is one that has accumulated a significant number of 

observable mutations between dated samples (Drummond et al. 2003b). This definition 

covers both species which have a slow evolutionary rate, but for which ancient samples 

have been obtained and thus cover a long period of time (Barnes et al. 2002; Shapiro et 

al. 2004), and those that evolve rapidly such as RNA viruses which adapt quickly to 

their environment and thus are likely to have measurable diversity between sampled 

isolates, even those collected close in time. 

 

In the clinical setting, it is highly likely that samples have been collected over a period of 

time as isolates are collated during the course of an outbreak, or routinely as people 

enter the hospital, and these temporal data can be exploited to give insights into the 

demographic history and dynamics of the population (Drummond et al. 2003a). The use 
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of dated tips in BEAST allows the rate of substitution (𝜇) to be separated from the 

evolutionary time (𝜃), thus allowing the time scale of the phylogeny to be estimated in 

terms of real time (e.g. the substitutions per site per year) as opposed to just the 

expected number of substitutions per site (Drummond et al. 2002). The timescale can 

then be used to date specific events in the ancestry of a data set, for example the time to 

the most recent common ancestor, and to compare these to known historical 

occurrences, such as the use of certain treatments. 

 

2.8.5 Evaluating Uncertainty in a Tree 

Bootstrapping (Efron 1979; Efron and Tibshirani 1994) is commonly used in 

phylogenetics to evaluate the uncertainty in a point-estimate of a phylogeny (Felsenstein 

1985), especially when using maximum likelihood and distance based methods. In the 

case of phylogenetic trees, bootstrapping usually takes the form of resampling from the 

columns of the original sequence alignment with replacement to obtain a new dataset 

the same size as the original. Given an alignment where rows represent isolates, and 

columns are sites in the genome, the columns are randomly resampled with 

replacement to obtain a new alignment of sites with the same length, making the 

assumption that sites in the alignment have evolved independently. The new alignment 

is known as a bootstrap sample, and typically a bootstrap analysis will involve up to 

1000 such resamples of the original data (Pattengale et al. (2010) discuss how many 

bootstraps should be performed for accuracy versus computational cost). Each bootstrap 

sample is used to construct a bootstrap tree using the same method as for the original 

tree, which can then be compared to the phylogeny constructed from the original data – 
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for example to investigate the proportion of trees in which the same clade is identified. 

Metrics for the comparison of tree topologies included the Robinson-Foulds metric, or 

symmetric difference, (Robinson and Foulds 1981), and Branch Score Distance (Kuhner 

and Felsenstein 1994), both of which are implemented in TreeDist in PHYLIP 

(Felsenstein 2005). Theoretically, the bootstrap samples capture the variation that would 

have been obtained if it had been possible to sample many such evolving data sets, and 

therefore is an estimate of the error in the original phylogeny.  

 

2.8.6 Summarising a Posterior Distribution of Trees 

Unlike in maximum likelihood methods where a point estimate of the tree is obtained, 

Bayesian analyses produce a posterior distribution of phylogenies. In most cases, it is 

desirable to summarise this distribution for visualisation and to make inferences about, 

for example, divergence times between isolates. There are several ways to summarise a 

Bayesian phylogenetic analysis and obtain the posterior probabilities of ancestral 

relationships. Majority consensus methods construct the summary tree so that it 

contains all the clades that occur in 50% or more of the posterior samples (Margush and 

McNorris 1981). The remaining clades that are not well supported are given as collapsed 

nodes (polytomies) that have more than two branches descending from them. The 

extended majority consensus tree, also known as the greedy consensus tree, takes this 

further, and gives a fully resolved tree whereby the remaining clades are added in order 

of decreasing probability, as long as they are in agreement with the previously resolved 

clades (Bryant 2003). The limitation of these methods is that it is possible for the 

resulting consensus tree to have a topology that was never sampled in the posterior, or 
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only sampled at low frequency (Cranston and Rannala 2007; Drummond 2010). Thus 

whilst some clades will have high support, the topology may not best represent a 

biologically viable or realistic scenario. 

 

Alternatively, a maximum a posteriori tree can be found. Drummond (2010) notes that 

the definition of the maximum a posteriori tree has previously been defined as the tree in 

the posterior samples associated with the highest density, but that this is problematic as 

the high posterior probability density may be due to the fit of the branch lengths rather 

than the topology. Instead, he suggests that the maximum a posteriori tree should be the 

topology that has the highest posterior density, averaged over the other parameters. For 

well resolved sets of data with few taxa, this is the topology which is most sampled in 

the MCMC analysis. However, with large datasets it is likely that sampled trees have 

unique topologies and thus methods exist to estimate the probability of a particular tree 

topology. The maximum clade credibility (MCC) tree is defined as the one that 

maximises the product of the clade posterior probabilities, and the maximum credibility 

tree is the one that maximises the sum of the clade posterior probabilities. 

 

In this thesis, I have used TreeAnnotator (distributed with BEAST) to summarise a 

sample of trees obtained using BEAST, and obtain posterior statistics such as credible 

intervals around the node heights. The summary phylogenies were then visualised and 

annotated using Figtree (available from: http://tree.bio.ed.ac.uk/software/figtree/).   
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Chapter 3: Coalescent Inference for Infectious Disease 

3.1 Introduction 

Hepatitis C virus (HCV) is one of the most intensively studied organisms in the context 

of joint evolutionary and epidemiological inference. Indeed, HCV was the first pathogen 

for which coalescent analyses were formally used to investigate epidemic behaviour 

(Pybus et al. 2001), and it has since stayed in the spotlight both due to its medical 

importance (see Section 3.2) and amenability to genetic analysis. Previously, coalescent 

inference has been used to date the emergence of HCV (for example, by Verbeeck et al. 

(2006), Magiorkinis et al. (2009), Pouillot et al. (2008) and Pybus et al. (2009)) , and to 

provide evidence for the roles of poor medical practice (Pybus et al. 2003) and drug use 

in transmission (Pybus et al. 2005). 

 

However, the underpinnings of the most widely used coalescent models for 

epidemiological inference have recently been called into question, casting doubt on their 

interpretation. Traditionally it has been assumed that the effective population size is 

directly proportional to the prevalence of infection, allowing changes in the population 

size to be used in the estimation of 𝑅0 (Pybus et al. 2001; Pybus et al. 2003). Theoretical 

work has shown that this is only valid at dynamic equilibrium (Koelle and Rasmussen 

2012) and not more generally (Volz et al. 2009; Frost and Volz 2010). 

 

This chapter begins with an overview of the epidemiology and evolution of hepatitis C, 

for context. I then present robust population genetic inference for compartmental 
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models in epidemiology, using a metapopulation model to represent the pathogen 

population, as described in Dearlove and Wilson (2013). This coalescent epidemiological 

approach will then be utilised to investigate the hypothesis that underlying 

epidemiological processes (such as the growth rate) and demographics of the host 

population are driving the genetic diversity of HCV epidemics. This will be tested 

through conducting a meta-analysis of previously published HCV datasets, enabling a 

direct comparison of the different dynamics of epidemics from across the world, 

including the effect of subtype. Such a modelling approach offers a better view to the 

long-term epidemiology of disease across multiple epidemics, adding an extra facet to 

the global understanding of a highly complex disease.  

 

3.2 Hepatitis C Virus 

A member of the genus Hepacivirus in the Flaviviridae family, HCV is one of the major 

causes of progressive liver disease, leading to the virus being among the most frequent 

reasons for liver transplantation. It affects over 150 million people worldwide, with an 

estimated three to four million new cases and 350,000 deaths due to HCV-related liver 

disease each year (Kim et al. 2013). High prevalence of disease is found in the countries 

of Africa, Asia and South America (Shepard et al. 2005); the highest reported prevalence 

of HCV antibody is in Egypt at 14.7% (El-Zanaty and Way 2009). However, HCV is not 

restricted to these areas and the developing world; it is the most common chronic 

infection in the US affecting up to 3 million individuals (Kim 2002), causing an 

estimated 8,000 to 10,000 deaths annually (Centers for Disease Control and Prevention 

1998) and representing an annual cost of $744 million (Kim et al. 2002). The impact of 
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disease is only set to rise in the next twenty to thirty years, and thus will continue to be a 

huge global burden on public health. 

 

HCV was first cloned and identified in 1989, after the discovery of a hepatitis that was of 

neither A nor B type (Choo et al. 1989). So far, the virus has not been found to naturally 

infect species other than humans, although chimpanzees can be experimentally infected 

with the virus and do show symptoms (Bassett et al. 1998). Attempts to study the 

disease were limited for a number of years by the inability to culture the virus in vitro, 

but this hurdle was overcome in 2005, when a complete infectious cell-culture system 

was established (Lindenbach et al. 2005; Wakita et al. 2005). Work continues to establish 

a mouse model to study HCV entry and replication in greater detail (Mercer et al. 2001; 

Bissig et al. 2010; Dorner et al. 2011). 

 

3.2.1 Structure and Evolution 

HCV is an enveloped virus, thought to have an outer diameter of around 55nm (Wakita 

et al. 2005). It has a positive-strand ribonucleic acid (RNA) genome of around 9.6kb, 

representing a single open reading frame (ORF) flanked by untranslated regions (UTRs) 

(Fusco and Chung 2012). The ORF is approximately 3,300 codons long, and encodes a 

polyprotein made up of three structural proteins (core, E1, and E2) and seven non-

structural proteins (Figure 3.2.1). It has been suggested that the envelope glycoproteins 

E1 and E2 are attached to a double-layer lipid membrane surrounding a nucleocapsid 

containing copies of the core protein and the RNA genome (Moradpour et al. 2007). E2 

is made up of three hypervariable regions shown to be under strong selective pressure, 
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Figure 3.2.1: Structure of hepatitis C genome. The hepatitis C genome is made up of a single 

open reading frame, split into ten proteins. The structural proteins include the core, and two 

envelope proteins (E1 and E2). The RNA-dependant RNA polymerase is found within NS5B. 

Adapted from Figure 3 in Moradpour et al. (2007). 

 

which is unsurprising given the role the glycoprotein has in the immune response 

(Troesch et al. 2006). Of the seven non-structural proteins, NS3/4A encodes (amongst 

other enzymes) a serine protease responsible for downstream cleaving (Yao et al. 1999; 

Wölk et al. 2000), and NS5B encodes the RNA-dependant RNA polymerase (RdRp) 

required for replication (Behrens et al. 1996). Due to their role in virus replication and 

assembly, these proteins have been among the main focal points in drug development 

(Lamarre et al. 2003; Powers et al. 2006).   

 

HCV is split into seven subgroups, labelled 1 through 7, and is further classified by 

subtypes denoted with lower case letters, for example, 1a (Nakano et al. 2012). The virus 

is known to be one of the most diverse human viral pathogens, exhibiting more than 

30% nucleotide divergence over the genome between the six defined subgroups. 

Further, subtypes within a subgroup show 20-25% nucleotide diversity (Simmonds et al. 

2005). Despite the global coverage of HCV, there remains an extensive difference in the 

global distribution of subtypes. Genotypes 1a, 1b and 3a are circulated widely in the 

developed world, and constitute most of the infections seen in the clinical setting 

(Simmonds 2004). The other subtypes are more distinct in their geographical coverage. 

core E1 E2 

p7 

NS2 NS3 

NS4A 

NS4B NS5A NS5B 

Structural  Non-Structural  
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Infections in West Africa are most often found to be of subgroup 2 (Jeannel et al. 1998; 

Candotti et al. 2003), whereas subgroup 4 is associated with Central Africa and the 

Middle East (Fretz et al. 1995; Chamberlain et al. 1997; Ndjomou et al. 2003), and 

subgroups 3 and 6 with East Asia (Pybus et al. 2009).   

 

The high diversity in subtypes is in part due to the mechanism of replication. The RNA-

dependent RNA polymerase allows rapid replication but due to a lack of proof-reading, 

is also error prone (Ortín and Parra 2006). The estimated mutation rate varies widely 

according to study, region of the genome, and method used; a brief literature review 

yields rates from 3 × 10−4 to 1.0 × 10−3 substitutions per site per year (Tanaka et al. 

2002; Pybus et al. 2005; Magiorkinis et al. 2009; Gray et al. 2011). Together with a 

generally high rate of viral production, between  1010 to 1012 virions per day, and an 

estimated half-life in serum of two to three hours, this can result in a rapid accumulation 

of mutations (Neumann et al. 1998). Indeed, it has been suggested that HCV circulates 

as a population of closely related virions, that some refer to as “quasi”-species (Martell 

et al. 1992), although this term does not imply levels of diversity on a par with that of 

the species, or even with that of subtypes (Holmes 2010). 

 

3.2.2 Transmission 

There are a number of risk factors attributed to the spread of HCV, including the 

increased use of blood products (such as transfusion), tissue transplantation 

(particularly the liver), haemodialysis, and non-sterile needle use (Pereira et al. 1991; 

Hauri et al. 2004; Pybus et al. 2005; Goedert et al. 2007; Nelson et al. 2011). Before routine 
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screening was introduced in developed countries in the 1990s, it was estimated that one 

in every 50 units of blood transmitted Hepatitis C (Alter et al. 1981; Colombo et al. 1987). 

Now, the figure is estimated to be less than one in 250,000 (Allain 2003), with the 

predominant cause of infection shifting to injecting drug use. This is evidenced by a 

distinction in circulating subtypes. In the US and Europe, subtype 1a is generally found 

in younger individuals, with injecting drug use as the main risk factor, whereas subtype 

1b is more commonly found in older individuals who have had a blood transfusion 

(Pawlotsky et al. 1995). 

 

However, in the developing world healthcare associated transmission remains high. 

Between 2001 and 2002, six million units of blood were not screened for blood-borne 

infectious diseases, and 68 out of 131 countries were not screening all units of blood 

(World Health Organisation 2004; Prati 2006). By 2004, this had reduced to 37 countries 

out of 147 that responded, but this still remains a significant risk (World Health 

Organisation 2008). Contaminated injections also pose a fundamental risk, with reuse of 

non-sterile syringes common, and many injections being unnecessary due to the 

possibility of medication easily being taken in other forms (Simonsen et al. 1999; Hutin 

et al. 2003).   

 

Other modes of transmission include tattoos, especially those done in non-professional 

settings (Jafari et al. 2010), community barbershops (Bari et al. 2001), and vertical 

transmission from mother to baby during pregnancy (Lam et al. 2010). Unlike hepatitis 

B virus and human immunodeficiency virus, transmission of HCV through sexual 
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contact is much less efficient than other routes and therefore relatively rare, with 

transmission between long term sexual partners more likely to be due to common 

exposure to other risk factors (Stroffolini et al. 2001; Vandelli et al. 2004).  

  

3.2.3 Clinical Infection and Diagnosis 

HCV infection tends to manifest in two ways: either appearing self-limited with 

spontaneous viral clearance, or persisting to chronic disease. After infection, the acute 

phase of disease has an incubation period of up to 20 weeks. After this time, clinical 

symptoms, if they occur, tend to be unspecific including fatigue, abdominal pain, 

nausea and jaundice (Hoofnagle 1997). The generality of these symptoms means that 

few acute infections are reported, limiting the study of spontaneous viral clearance. 

However, epidemiological cohort studies have shown that infection is chronic (having a 

duration of at least 6 months) in 75-85% of cases (Chen and Morgan 2006).  

 

Chronic HCV infection is often asymptomatic for the first several years of infection, 

though can be associated with fatigue (Poynard et al. 2002). Later in the course of 

infection, there may be inflammation of the liver, which can proceed to liver fibrosis (an 

excess of fibrous tissue due to repair) and cirrhosis (scarring). Amongst patients with 

HCV infection and cirrhosis, there is a 1-8% chance of developing hepatocellular 

carcinoma (HCC), a type of liver cancer. The risk of HCC is increased in those who are 

male, were infected at an older age, have coinfection with hepatitis B or HIV, or 

consume high amounts of alcohol (Fassio 2010). Studies on the progression of chronic 

infection are limited, as it requires decades of follow up (Alter and Seeff 2000).  
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Since it is common for patients to remain asymptomatic for years, many only discover 

that an infection has taken place many years later during health screening, for example 

for a blood transfusion (Contreras et al. 2010). Initial diagnosis is usually by either 

serological assay such as the immunoblot, which detects four antibodies to HCV using 

nitro-cellulose strips coated in viral antigen, or molecular assay, which detects any viral 

nucleic acid that is present (van der Poel et al. 1991; Ghany et al. 2009). Quantitative 

molecular assays, including polymerase chain reaction (PCR), transcription-mediated 

amplification (TMA) and branched DNA assay, allow the amount of HCV RNA in the 

blood, known as the viral load, to be estimated, which is useful in predicting response to 

treatment (see also Section 3.2.4) (Strader et al. 2004).  Despite the high sensitivity of all 

these methods (Colin et al. 2001), one shortcoming is that they only assess the presence 

of HCV for diagnosis, and do not give an assessment of the severity of disease 

progression (Pawlotsky 2002). For prognostic assessment, a liver biopsy is most useful 

and is considered the ‘gold standard’. However, this also has shortcomings, as it relies 

on medical expertise for correct interpretation, has a higher cost and is not without risk 

(Cadranel et al. 2000; Ghany et al. 2009).  

  

3.2.4 Treatment 

The current standard of care treatment for HCV is combined pegylated interferon alpha 

and ribavirin, with treatment lasting from 24 weeks for genotypes 2 and 3 to 48 weeks 

for genotype 1 and 4 (Fusco and Chung 2012). The treatment is associated with severe 

side effects, including fever, muscle pains, anorexia, hair loss, anaemia, thyroid 

problems and depression, and thus patients often choose or are forced to discontinue 
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with medication. Overall response rate in those who do proceed with treatment is 33-

82%, but rates vary according to dose, genotype, gender, age when infection occurred 

and race (Manns et al. 2001; Fried et al. 2002). Early response to treatment, with a steep 

decline in HCV RNA by four weeks into treatment, is associated with a positive 

outcome (Ballesteros et al. 2004; Napoli et al. 2005), and patients are said to have cleared 

infection if they continue to have undetectable levels of HCV RNA 24 weeks after 

finishing treatment. However, those patients who fail to see greater than a 100-fold 

reduction in HCV RNA by week 12 are known as null responders, and treatment is 

discontinued due to the low chance of cure (Ghany et al. 2009). There are two other 

possibilities: partial responders show good decline until week 12, but do not clear HCV 

RNA by the end of the treatment period, and relapsers are those who had cleared 

infection by the end of treatment but show evidence of HCV RNA again within the 24 

week follow-up period (Fusco and Chung 2012). 

 

There are three additional treatments that can be used alongside interferon and/or 

ribavirin therapy to increase the chances of viral clearance. Boceprevir and telaprevir are 

protease inhibitors, which selectively bind to the viral enzymes involved in the breaking 

down of proteins, therefore blocking viral production; boceprevir targets the NS3 serine 

protease, and telaprevir targets the NS3/4A protease (Lin et al. 2006; Bogen et al. 2009). 

Both inhibitors are specific to HCV genotype 1, and have increased the response in 

chronic HCV genotype 1 infection (in both previously treated and untreated 

individuals), compared to standard interferon and ribavirin therapy alone 

(McHutchison et al. 2009; McHutchison et al. 2010; Bacon et al. 2011; Jacobson et al. 2011; 
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Poordad et al. 2011). Sofobuvir works slightly differently, metabolising to a substrate 

that inhibits the activity of the RNA polymerase in the NS5B protein, therefore 

restricting replication (Sofia et al. 2010). It can be used with ribavirin for interferon-free 

treatment of genotypes 1, 2, and 3, and can also be used alongside pegylated interferon 

to treat genotype 4 (Gilead 2013). Two of the major advantages of interferon-free 

sofobuvir treatment is that side effects tend to be less adverse and the dosage is taken 

orally rather than by subcutaneous injection, helping patient treatment adherence (Gane 

et al. 2013; Lawitz et al. 2013). 

 

3.3 Modelling 

3.3.1 Metapopulation Model for Pathogen Populations 

Populations may be subdivided into a fixed number of subpopulations, or ‘demes’ 

(here, the terms are used interchangeably, following the notation of Wakeley as in, for 

example, Wakeley (1998)). Subpopulations may be completely or partially isolated from 

each other and the remainder of the population, perhaps physically or reproductively. 

Consequently the individuals within a subpopulation are seen to be more alike than the 

rest of the population, and this needs to be accounted for.  

 

A metapopulation is classically defined as a ‘population of populations’ (Levins 1968a; 

Levins 1968b), and is taken here as a population that can be subdivided into a number of 

demes. Previously the notion of a metapopulation has been used to describe 

heterogeneity in pathogen species caused by host or strain structure (May and Nowak 

1994; Bahl et al. 2011). However, the idea can be used in a more fundamental sense, as 
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members of a pathogen population can be split into subpopulations according to the 

individual they infect. In this scenario, demes then refer to infected individuals or hosts, 

and the total pathogen population is the aggregate of these demes. The main advantage 

of thinking about a pathogen population as a metapopulation, as opposed to merely a 

structured population, is that it allows for a deme to go extinct, and subsequently be re-

colonised by other demes (Slatkin 1977). Under this framework, transmission is thus 

equivalent to an organism migrating from one host to another. Primary infection occurs 

when an empty deme (host) is colonised, and secondary infection when the deme has 

already been colonised (Figure 3.3.1). Recovery occurs when the pathogen population is 

cleared, and thus when a deme goes extinct.   

 

 

Figure 3.3.1: Metapopulation dynamics for infectious disease. Pathogen populations are split 

into subpopulations according to the individual they infect. Colonisation of a susceptible host is 

known as primary infection, and any further transmission events are referred to as secondary 

infection. 



79 

One of the advantages of using a metapopulation model is the wealth of understanding 

already available in the literature (Wright 1940; Levins 1968a; Levins 1968b; Slatkin 1977; 

Pannell and Charlesworth 1999).  Wakeley derived a number of coalescent 

approximations for structured populations (Wakeley 1998; Wakeley 1999; Wakeley 

2001), and the main result for his work on metapopulations  (Wakeley and Aliacar 2001; 

Wakeley 2004b) is summarised in the next section. 

 

3.3.2 Metapopulation Coalescent 

For large numbers of demes (interpreted as having a sample size much smaller than the 

number of demes), the genealogy can be split into two main stages that Wakeley and 

Aliacar (2001) denote the scattering phase and the collecting phase. During the 

scattering phase, demes containing more than one lineage are reduced to a single 

lineage backwards in time through a Wright-Fisher process. This is due to a 

combination of coalescence within each deme, and extinction and migration events to 

other subpopulations that do not already contain lineages ancestral to the sample. At the 

end of this phase, ready for the start of the collecting phase, each different lineage that 

remains is in a separate deme.  

 

Since each deme only contains a single lineage, during the collection phase migration 

and extinction events are essentially the same – simply moving the lineage to a different 

deme. When the number of demes, 𝐷, is large, most of the time is spent waiting for two 

separate lineages to enter the same deme. Since migration occurs with much higher 

frequency than coalescence, the probability of this occurring in the same deme is in the 
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order of 1 𝐷⁄  and therefore rare. Once two lineages have entered the same deme, they 

can coalesce or migrate. When coalescence is rare the majority of migration events do 

not result in a coalescent event, and therefore on the whole time scale the migration 

events relevant to the genealogy lead to instantaneous coalescence. Thus, only migration 

events linked to coalescence events need to be considered explicitly, and the collecting 

phase to the time of the most recent common ancestor (MRCA) converges to a standard 

coalescent with a change in time scale. Moreover, since the collecting phase relies on 

rarer events than the scattering phase, it lasts for a much higher proportion of the 

history. Indeed, as the number of demes tends to infinity, the length of the scattering 

phase becomes negligible compared to that of the collecting phase.  

 

So far the metapopulation coalescent has been thought about backwards in time. Since it 

will be used later in this chapter to model infection, it makes more sense to consider 

parameters forwards in time. Then, extinction is equivalent to colonisation (primary 

infection) forwards in time, and migration is equivalent to secondary infection. The 

many-demes limit (Wakeley and Aliacar 2001; Wakeley 2004b) gives the effective 

population size as: 

𝑁𝑒 =
𝐷

2(𝑒0 + 𝑚)𝐹
 , (3.1) 

where 
 

𝐹 =
1 + 𝑒0𝑁𝑃 𝑘⁄

1 +  𝑒0𝑁𝑃 𝑘⁄ + 2𝑚𝑁𝑃
.  

In these equations, 𝐷 is the number of demes as mentioned previously,  𝑒0 is the rate of 

colonisation, 𝑚 is the rate of migration, 𝑁𝑃 is the pathogen population size within a host, 

and 𝑘 is the number of genotypes in the founding population. 𝐹 is known as the 
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inbreeding coefficient, and represents the probability of two lineages sampled from the 

same host are descended from the same transmission event (or equivalently, coalesced 

during the scattering phase). 

 

3.3.3 Epidemiological Models 

Compartmental models are important tools for modelling infectious disease dynamics, 

and have been widely applied in the understanding of infectious disease dynamics in 

host populations (Hethcote 2000). In the simplest case, the SI model, the population is 

split into the proportion of hosts who are susceptible, 𝑆, and those who are infectious, 𝐼. 

It is natural to expect that the primary rate of infection is dependent on the current 

density of infectious individuals and a transmission coefficient (𝛽1), known as strong 

proportionate mixing (Anderson and May 1991). This transmission coefficient combines 

all of the external factors that may affect transmission, such as environmental and social 

factors, and is unaffected by changes in epidemiology. In the SIS model, individuals 

recover and return to the susceptible group with the clearance rate 𝛾, whereas in the SIR 

model, recovered hosts become immune from re-infection (Kermack and McKendrick 

1927). The average length of infection is given by the inverse of the clearance rate, 1/𝛾. 

All of these scenarios are illustrated in Figure 3.3.2. 

 

 One addition to these standard compartmental models, with a view to the 

metapopulation model, is the ability for already infected individuals to gain further 

infections, known as mixed, co- or secondary infection. Under strong proportionate 

mixing, secondary infection is dependent on the square of the number of infectious  
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Figure 3.3.2: Compartmental models. The a) SI, b) SIS and c) SIR models can be modelled using 

differential equations for the change in the proportion of individuals susceptible (𝑆), infected (𝐼) 

or recovered (𝑅). In all three models, the proportion of infected hosts increases at rate 𝛽1𝑆𝐼, where 

𝛽1 is the primary transmission coefficient. In the SIS model, individuals clear infection and return 

to the susceptible group. In the SIR model, individuals instead recover and are no longer 

susceptible. Note that dependency on time is suppressed for clarity of notation. 

individuals and a transmission co-efficient, 𝛽2. This secondary infection does not affect 

the overall prevalence given by 𝐼, as the individual is already included in the infected 

population. 

 

Figure 3.3.3 illustrates the dynamics of the SI, SIS and SIR models. At the start of an 

epidemic, the prevalence is low and there is a high availability of susceptible hosts.  The 

proportion of infected hosts then rapidly increases, growing exponentially with the 

intrinsic growth rate, 𝑟0. In the SI model, the intrinsic growth rate is equal to 𝛽1, and in 

the SIS and SIR models, 𝑟0 = 𝛽1 − 𝛾. However, as the susceptible population gets 

exhausted, the prevalence increases at a slower rate. In the SI and SIR models, this 

continues until no susceptible individuals remain. In the SIS model, the infection 

continues to persist in dynamic equilibrium, where the rate that susceptible individuals 

become infected is balanced by those who clear infection and return to the susceptible 

group.  In the SIR model, once the susceptible population has been depleted the  
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Figure 3.3.3: Epidemiological dynamics of compartmental models. The dynamics for the 

proportion of individuals susceptible (black), infected (red) and recovered (blue) change over 

time. In the SI model (a) eventually all of the population becomes infected. In SIS model (b), 

dynamic equilibrium is attained, and in the SIR model (c), the infection dies out and eventually 

the whole population becomes immune. 

epidemic peaks and burns out as individuals recover. Modelling prevalence with 

deterministic differential equations in this way assumes that the number of infected 

hosts is large. This is clearly an approximation because there cannot be a large number 

of infected hosts at the start of an epidemic. However, previous work suggests that such 

approximations are still useful for epidemiological inference (Ferguson et al. 2001; 

Lipsitch et al. 2003; Fraser et al. 2009).  

 

As previously mentioned, one important parameter in quantifying the dynamics of 

infectious disease is the basic reproductive number, 𝑅0. As well as comparing the 

transmissibility of disease, it can also be used to determine the effect that treatment or 

vaccination intervention is having (Anderson and May 1991). When 𝑅0 is less than one, 

there is not enough transmission between individuals to sustain the infection, and the 

disease will eventually go extinct. Hence an infection can only persist in the host 

population if 𝑅0 is greater than or equal to one. The basic reproductive number is 

undefined in the SI model, and is given by 𝑅0 = 𝛽1 𝛾⁄  in the SIS and SIR models.  

c) b) a) 
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3.3.4 Combined Epidemiological and Coalescent Inference  

The previous section introduced compartmental modelling for epidemiology; these 

parameters are now used to specify the coalescent metapopulation model from Section 

3.3.2. For reference, all parameter definitions used in the Modelling section of this 

chapter can be found in Table 3.3.1.  

 

Letting the total number of infected hosts be denoted 𝑁𝐻, the  number of occupied 

(infected) demes, 𝐷, is given by 𝑁𝐻𝐼. The rates of primary transmission (colonisation) 

and secondary transmission (migration) are 𝑒0 =  𝛽1𝑆 and 𝑚 = 𝛽2𝐼 respectively. Then 

the equation for the effective population size of the pathogen population given in 

Equation (3.1) becomes 

𝑁𝑒 =
𝑁𝐻𝐼

2(𝛽1𝑆 + 𝛽2𝐼)𝐹
 , (3.2) 

where 
 

𝐹 =
𝑁𝑃

−1 + 𝛽1𝑆 𝑘⁄

𝑁𝑃
−1 +  𝛽1𝑆 𝑘⁄ + 2𝛽2𝐼

 .  

The effective population size is given by a complex function of several epidemiological 

parameters. In particular, the inbreeding coefficient, 𝐹, and the primary and secondary 

rates of infection all depend on the prevalence.  This dependency on the prevalence 

resolves the conflicting observations about the proportionality of prevalence and the 

effective population size at equilibrium (Koelle and Rasmussen 2012), but increases in 

prevalence do not linearly increase the effective population size (Frost and Volz 2010). 
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Table 3.3.1: Summary of parameters used in combined metapopulation and epidemiological 

coalescent inference. 

Parameter Description 

Epidemiological variables 

 𝑆 Proportion of hosts that are susceptible 

 𝐼 Proportion of hosts that are infected 

 𝑅 Proportion of hosts that are recovered 

Epidemiological parameters 

 𝑁𝐻 Total number of hosts 

 𝑆0 Proportion of hosts susceptible in the present 

 𝛽1 Primary transmission coefficient 

 𝛽2 Secondary transmission coefficient 

 𝛾 Rate of clearance of infection 

 𝑅0 = 𝛽1 𝛾⁄  Basic reproductive number (SIS and SIR models ) 

Metapopulation parameters 

 𝑁𝑒  Effective population size of the metapopulation 

 𝐹 Inbreeding coefficient 

 𝐷 = 𝑁𝐻𝐼 Total number of infected hosts 

 𝑒0 = 𝛽1𝑆 Rate of primary transmission per infected host 

 𝑚 = 𝛽2𝐼 Rate of secondary transmission per infected host 

 𝑁𝑃  Pathogen population size within an infected host 

 𝑘 Number of haploid pathogens transmitted during 

primary infection 

SI model: coalescent parameters* 

 
𝑁0 =

𝑁𝐻(1 − 𝑆0)

2𝛽1𝑆0
  

Effective population size of the metapopulation at 

the present 

 𝑟0 = 𝛽1 Intrinsic growth rate of the epidemic 

SIS model: coalescent parameters* 

 
𝑁0 =

𝑁𝐻(1 − 𝑆0)

2𝛽1𝑆0
 

Effective population size of the metapopulation at 

the present 

 𝑟0 =  𝛽1 − 𝛾 Intrinsic growth rate of the epidemic 

 

𝑡50 =  −
log (

𝛽1 − 𝛾
𝛾(1 − 𝑆0)

− 1)

𝛽1 − 𝛾
 

Time at which Ne reached half its maximum 

SIR model: coalescent parameters* 

 

𝑁0 =
𝑁𝐻 (1 − 𝑆0 +

𝛾
𝛽1

log(𝑆0))

2𝛽1𝑆0
 

Effective population size of the metapopulation at 

the present 

 𝑟0 =  𝛽1 − 𝛾 Intrinsic growth rate of the epidemic 

 𝑡𝑝𝑒𝑎𝑘 = 𝑆−1 (
𝛾

𝛽1
) Time of peak prevalence. 𝑆−1(𝑠) represents the 

time at which the proportion of susceptibles 

equals s, which must be computed numerically. 

   

* Assuming co-infection is negligible (i.e. 2 = 0). 
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It is worth noting that when co-infection is rare, there is little within-host diversity. This 

means that recombination will have little to no effect on either the genealogy or genetic 

diversity. However, when secondary infection is present, the number of mixed 

infections will increase as the epidemic grows in size.  This causes the effective 

recombination rate to increase, as more lineages will have the ability to come into 

contact and thus exchange genetic information. For the rest of this chapter, it is assumed 

that co-infection is negligible (𝛽2 = 0), an assumption that is both reasonable in many 

cases of interest, and substantially reduces the difficulty in estimating from real data. In 

the absence of recombination, all sequences sampled from the same individual must 

have descended from the founding ancestor when infection took place, and therefore 

the inbreeding coefficient 𝐹 equals one. 

 

3.3.5 Coalescent SI and SIS Models 

The SI and SIS models can be solved in closed form through integrating the equations 

given in Figure 3.3.2. Note that by setting the present time (the time of sampling) at 𝑡 =

0, and working backwards in time with 𝑡 > 0, the rate of change must be negative to 

ensure the epidemic decreases in size back towards the origin. For the SI model,  

𝑆 =
𝑆0

𝑆0 + (1 − 𝑆0)𝑒−𝛽1𝑡
 

𝐼 = 1 − 𝑆, 

(3.3) 

and for the SIS model, 

𝑆 =
𝛽1𝑆0 − 𝛾 + 𝛾(1 − 𝑆0)𝑒−(𝛽1−𝛾)𝑡

𝛽1𝑆0 − 𝛾 + 𝛽1(1 − 𝑆0)𝑒−(𝛽1−𝛾)𝑡
 

𝐼 = 1 − 𝑆. 

(3.4) 
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The parameter 𝑆0 is interpreted as the proportion of individuals susceptible in the 

present. These equations can then be put in to Equation (3.2) to obtain a simplified form 

for the effective population size under the metapopulation model. For the SI model, the 

effective population size simplifies to: 

𝑁𝑒 = 𝑁0𝑒−𝑟0𝑡 , (3.5) 

where  

𝑟0 =  𝛽1 

𝑁0 =
𝑁𝐻(1 − 𝑆0)

2𝛽1𝑆0
. 

 

This is an exponential growth curve, where 𝑟0 is the intrinsic growth rate, and 𝑁0 is the 

effective population size at present. For the SIS model, the effective population size 

becomes: 

𝑁𝑒 = 𝑁0

1 + 𝑒−𝑟0𝑡

1 + 𝑒𝑟0(𝑡50−𝑡)
 , (3.6) 

where 

𝑟0 = 𝛽1 − 𝛾 

𝑁0 =
𝑁𝐻(1 − 𝑆0)

2𝛽1𝑆0
 

𝑡50 =
−log (

𝑟0

𝛾(1 − 𝑆0)
− 1)

𝑟0
. 

This is a logistic growth curve with parameters 𝑟0 and 𝑁0 defined as before, and 𝑡50, the 

time at which the effective population sized has reached half its carrying capacity.  

 

Equations (3.5)and (3.6) show that under standard mixing assumption and negligible 

secondary transmission, the SI and SIS models resemble two standard coalescent 

demographic models widely used in analyses of pathogen dynamics (Pybus et al. 2000; 
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Nakano et al. 2004; Pybus et al. 2005). However, the growth curves for the effective 

population size are simpler and have one fewer parameter than those describing 

changes in the prevalence over time. As a result, there is not a one-to-one 

correspondence between the coalescent and epidemiological parameters. Importantly, 

this means that an independent estimate of one of the epidemiological parameters is 

required to separate the others to, for example, reconstruct the historical prevalence of 

infection.  This differs from the results of Pybus et al. (2001), who do not require an 

independent estimate to recover the trajectory of prevalence; however, the method 

outlined here agrees that a) the intrinsic growth rate 𝑟0 in an SIS model can be estimated 

by a logistic growth curve for the effective population size, and b) that an independent 

estimate of an epidemiological parameter is required to obtain a value of 𝑅0.   

 

3.3.6 Coalescent SIR Model 

Unlike in the SI and SIS models, the SIR model cannot be solved analytically for 𝑆. 

However, the system of differential equations given in Figure 3.3.2 can be simplified to a 

single ordinary differential equation by assuming that the number of recovered (or 

immune) individuals is zero at the start of the epidemic, implying the relationship: 

𝐼 = 1 − 𝑆 +
𝛾 log(𝑆)

𝛽1
. (3.7) 

Then, the following equation can be solved numerically:  

𝑑𝑆

𝑑𝑡
= 𝛽1𝑆(1 − 𝑆) + 𝛾𝑆 log(𝑆) . 

(3.8) 

As explained in Section 2.5.3, when considering demographic growth in the coalescent, 

the pairwise coalescent rate is equal to the inverse of the effective population size, and 
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the cumulative rate of coalescence is given by Λ(𝑡) = ∫ 1/𝑁𝑒(𝑢)𝑑𝑢
𝑡

0
. Assuming no co-

infection, this integral can be written as a differential equation:  

𝑑Λ

𝑑𝑡
=

1

𝑁𝑒
=

(1 − 𝑆0 +
𝛾 log(𝑆0)

𝛽1
) 𝑆

𝑁0𝑆0 (1 − 𝑆 +
𝛾 log(𝑆)

𝛽1
)

 , (3.9) 

where  

𝑁0 =
𝑁𝐻 (1 − 𝑆0 +

𝛾 log(𝑆0)
𝛽1

)

2𝛽1𝑆0
. 

 

Since the effective population size is dependent on 𝑆, Equations (3.8) and (3.9) define a 

system of differential equations that can be solved together. Importantly, unlike for the 

SI and SIS models, there is no confounding – meaning that the epidemiological 

parameters including 𝑅0 can be estimated from the genetic analysis alone. 

 

3.4 Methods 

3.4.1 Genetic Data 

I performed a literature search for hepatitis C datasets with a well-described sampling 

frame, and for which information about subtype, sampling location, prevalence and 

NS5B gene sequences were available online. From an initial search, 28 datasets were 

identified (Table 3.4.1); this was further narrowed to 18 due to the exclusion of any with 

a sample size fewer than 20 sequences (NakBra1a,  NakUS1b and AkkTha6n), evidence 

of recombination (NakUS1a, NakVie1a, NakBra1b, NakChiA1b,  TanSoA5a and 

FuChi6a), or were found to have questionable sampling on more thorough investigation 

(NakChiB1b). Genbank accession numbers for the sequences in all these datasets are 

given in Appendix A.  
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Table 3.4.1: Summary of hepatitis C datasets collated after literature review. 

Dataset 

Sub 

Type Country 

Study 

Period N 

Recombination tests  

r2 |D'| G4 Source 

MatBel1a 1a Belgium 2009 45 0.971 0.854 0.841 a 

NakBra1a 1a Brazil 2009 18 0.721 0.875 0.862 b 

NakInd1a 1a Indonesia 2004-2007 30 0.793 0.644 0.630 b 

NakUS1a 1a US 2004-2007 24 0.211 0.658 0.001 b 

NakVie1a 1a Vietnam 1991-2002 27 0.036 0.215 0.229 b 

PhaVie1a 1a Vietnam 2005 21 0.42 0.584 0.723 c 

PybUK1a 1a UK 2000 52 0.509 0.255 0.188 d 

TanUS1a 1a US 2000 30 0.81 0.849 0.868 e 

FuChi1b 1b China 1999-2002 120 0.447 0.195 0.133 f 

KurMon1b 1b Mongolia 1999-2002 60 0.647 0.466 0.457 g 

NakBra1b 1b Brazil 2002 26 0.001 0.57 0.627 b 

NakChiA1b 1b China 2002 35 0.039 0.69 0.692 h 

NakChiB1b 1b China 1999-2002 30 0.304 0.165 0.253 h 

NakInd1b 1b Indonesia 1999-2002 37 0.103 0.935 0.925 b 

NakUS1b 1b US 1999-2002 17 0.011 0.771 0.727 b 

NakVie1b 1b Vietnam 1999-2002 32 0.594 0.714 0.712 b 

TanSpa1b 1b Spain 1999-2002 33 0.273 0.166 0.136 e 

ReArg2c 2c Argentina 1999-2002 75 0.538 0.093 0.112 i 

MatBel3a 3a Belgium 2008 47 0.115 0.705 0.746 a 

PybUK3a 3a UK 2008 63 0.368 0.087 0.097 d 

TanEgy4a 4a Egypt 1997-2001 47 0.867 0.957 0.954 e 

HenFra5a 5a France 1997-2001 150 0.067 0.762 0.799 j 

TanSoA5a 5a South Africa 1999-2008 24 0.044 0.916 0.917 e 

FuChi6a 6a China 2000-2003 77 0.004 0.28 0.405 f 

PhaVie6a 6a Vietnam 2000-2003 24 0.533 0.917 0.925 c 

TanHon6a 6a Hong Kong 2000-2003 23 0.435 0.631 0.638 e 

AkkTha6f 6f Thailand 2000-2003 39 0.073 0.638 0.552 k 

AkkTha6n 6n Thailand 2000-2003 16 0.382 0.176 0.162 k 

Abbreviations: n Number of sequences. Source: a Matheï et al. (2008). b Nakano et al. (2004).  

c Pham et al. (2009).  d Pybus et al. (2005). e Tanaka et al. (2006). f Fu et al. (2011). g Kurbanov et 

al. (2007). h Nakano et al. (2006). i Ré et al. (2011). j Henquell et al. (2011). h Akkarathamrongsin 

et al. (2010). Red highlights the reason for exclusion from final analysis.  
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Recombination contradicts the modelling assumptions and is problematic in 

phylogenetic analyses when not explicitly counted for as the resulting phylogeny looks 

star-like – a feature that is also seen under exponential growth (Schierup and Hein 

2000). This is clearly a problem when trying to assess growth rates. Recombination also 

provides evidence of co-infection, which is assumed to be negligible (Section 3.3.4).  To 

assess evidence of recombination in each dataset, a simple permutation test was used. 

Permutations of the sequences are made by randomly reordering the nucleotide 

positions, and the observed correlation between physical distance in the genome and 

three measures of linkage disequilibrium (𝑟2, |𝐷′| and G4) is calculated as a part of 

omegaMap (Wilson and McVean 2006). Under the null hypothesis of no recombination, 

all nucleotide sites must be equally likely to be linked, regardless of how far apart they 

are located in the genome. A dataset was excluded from the final analysis if the null 

hypothesis was rejected at the 5% level by any of the three tests (highlighted in red in 

Table 3.4.1). The Geneious v.5.6 (Kearse et al. 2012) alignment tool was used to produce 

a global alignment of sequences across all of the datasets, and, where an alignment was 

not available, for sequences in the same dataset. These alignments are available online in 

Dataset S1 of the supplementary material of (Dearlove and Wilson 2013). 

 

3.4.2 Model Averaging Approach 

The Bayes factor (see Section 2.4.1) is a standard method of model selection in the 

Bayesian setting. Whilst the simplest method of estimating the marginal likelihood is the 

harmonic mean estimator (HME), only requiring the posterior samples from an MCMC 

run (Newton and Raftery 1994), it can be biased by samples with small likelihoods  
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leading to an overestimate of the true marginal likelihood (Xie et al. 2011). Since other 

methods such as stepping-stone sampling and path sampling (Baele et al. 2012) were not 

available in BEAST at the time of analysis, a mixture model was implemented.  Letting 

𝑋 be the observed data, 𝑀 the model, and 𝜃 the union of all model parameters including 

the genealogy, the posterior is given by: 

𝑝(𝜃|𝑋) = ∑ 𝑝(𝜃, 𝑀|𝑋)
𝑀

 

=  ∑
𝑝(𝑋|𝜃, 𝑀)𝑝(𝜃|𝑀)𝑝(𝑀)

𝑝(𝑋)𝑀
 , 

 

(3.10) 

where 𝑝(𝑋|𝜃, 𝑀)is the likelihood of the data conditional on the model parameters 𝜃 

given by Felsenstein's pruning algorithm. The marginal likelihood, which gives the 

evidence towards the model in question, is 

𝑝(𝑋|𝑀) = ∫ 𝑝(𝑋|𝜃, 𝑀)𝑝(𝜃|𝑀)𝑑𝜃
𝜃∈Θ

,  (3.11) 

which can be estimated using importance sampling with a proposal distribution, 𝑞(𝜃): 

𝑝(𝑋|𝑀) = ∫ 𝑝(𝑋|𝜃, 𝑀)
𝑝(𝜃|𝑀)

𝑞(𝜃)
 𝑞(𝜃)𝑑𝜃

𝜃∈Θ

 

≈
1

𝑛
∑ 𝑝(𝑋|𝜃(𝑖), 𝑀)

𝑝(𝜃(𝑖)|𝑀)

𝑞(𝜃(𝑖))

𝑛

𝑖=1
, 𝜃(𝑖)~𝑞(𝜃).  

 

(3.12) 

Setting the proposal distribution as 𝑝(𝜃|𝑋) in Equation (3.10), yields  

𝑝(𝑋|𝑀) ≈
1

𝑛
∑

𝑝(𝑋|𝜃(𝑖), 𝑀)𝑝(𝜃(𝑖)|𝑀)

∑ 𝑝(𝑋|𝜃(𝑖), 𝑀)𝑝(𝜃(𝑖)|𝑀)𝑝(𝑀) 𝑚′ 𝑝(𝑋)⁄  

𝑛

𝑖=1
,  

𝜃(𝑖)~ 𝑝(𝜃|𝑋).  

(3.13) 

Therefore, it can be shown that an importance sampling estimate of the posterior 

probability of model 𝑚 can be calculated as: 
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𝑝(𝑀 = 𝑚|𝑋) =
𝑝(𝑀 = 𝑚)𝑝(𝑋|𝑀)

𝑝(𝑋)
 

≈
1

𝑛
∑

𝑝(𝑋|𝜃(𝑖), 𝑀 = 𝑚)𝑝(𝜃(𝑖)|𝑀 = 𝑚)𝑝(𝑀 = 𝑚)

∑ 𝑝(𝑋|𝜃(𝑖), 𝑀 = 𝑚′)𝑝(𝜃(𝑖)|𝑀 = 𝑚′)𝑝(𝑀 = 𝑚′)𝑚′

𝑛

𝑖=1
 , 

(3.14) 

where  

𝜃(𝑖)~𝑝(𝜃|𝑋). 
 

This equation can be further simplified, since 𝑝(𝑋|𝜃, 𝑀 = 𝑚) = 𝑝(𝑋|𝜃). Using this 

method, many models can be compared in a single MCMC run, and there is no 

requirement that they need be nested (for example, the SI model is nested in both the SIS 

and SIR models by setting 𝛾 = 0, but neither the SIS or SIR can be simplified in such a 

way that gives the other). When parameters are shared between models, it is also 

possible to obtain estimates of parameters averaged over all of the possible models. 

When a model has a high posterior probability, this will dominate the overall parameter 

estimate and the model averaging will not have a huge effect, whereas in a situation 

with less conclusive evidence towards the best model the averaging may hint towards 

why a clear distinction cannot be made. 

 

3.4.3 BEAST Analysis 

Five different analyses were run for each dataset – the endemic (implying a constant 

effective population size), SI, SIS and SIR models, and one under the model averaging 

approach given in Section 3.4.2. The SIR model was implemented as an extension to 

BEAST in Java by Daniel Wilson, using a fifth-order Cash-Karp Runge-Kutta method 

with adaptive stepsize control (Press et al. 2002).  A re-parameterisation of the default 

logistic growth model was also implemented by Daniel Wilson, so that 𝑁0 gives the 

effective population size at the present, as opposed to the default which gives the 
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carrying capacity. The model averaging approach uses functions already implemented 

in BEAST, but requires some extra coding in the input XML file. An outline of how to 

edit the standard demographic model for this purpose is given in Appendix B. 

 

The analysis was performed in BEAST v1.7 (Drummond et al. 2012). An improper log-

uniform prior was assumed for 𝑁𝑒, an exponential prior with mean one year for 𝑟0, an 

exponential prior with mean one year for 𝛾 and an exponential prior with mean 50 years 

for 𝑡50 and 𝑡𝑝𝑒𝑎𝑘. The HKY85 model of nucleotide substitution (Hasegawa et al. 1985) 

was used with a fixed mutation rate of 5.8×10-4 substitutions per site per year (Tanaka et 

al. 2002) for calibration purposes, since not all of the datasets had information regarding 

sampling dates. This rate was estimated for the NS5B gene, and was deemed reasonable 

given that it had previously been applied to a number of the datasets covered by this 

analysis. A log-normal prior with a mean of 1.0 and standard deviation of 1.25 on the 

logarithmic-scale was assumed for the transition:tranversion ratio, 𝜅, with a uniform 

distribution on the nucleotide frequencies. Equal prior probabilities for each model were 

assumed for the model averaging approach. 

 

Two independent Markov Chain Monte Carlo (MCMC) chains were run for each 

analysis. For the model averaging approach and SIR model, the MCMC was run for a 

chain of 100 million steps, with samples taken every 1000 iterations and the first 10% of 

samples discarded as burn in. All other models were run for 50 million iterations.  

Results quoted use the median for point estimates, and the 2.5% and 97.5% quantiles for 

credible intervals. For the meta-analysis, the effective population size at the time of 
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sampling (𝑁0), intrinsic growth rate (𝑟0) and time to most recent common ancestor were 

estimated using the model averaging approach. The doubling time was calculated as 

(log(2)/𝑟0). 

 

3.4.4 Investigating Hepatitis C Diversity 

The genetic diversity for each HCV dataset was measured using 𝜋, the mean number of 

pairwise differences between sequences in the same dataset. To identify which 

epidemiological processes have a significant association with diversity, a linear 

regression was used. Demographic covariates of interest included the host population 

size and density, reported prevalence and HCV subtype. Estimates for the host data and 

prevalence were taken to be those of the country in which the data was sampled (unless 

in the case of prevalence there was a clear local discrepancy), and where possible, were 

obtained from the same sampling time frame as the sequence data. Whilst prevalence in 

terms of the model is taken to be the proportion of the population who are infected at 

any point in time, the reported prevalence here (given in Table 3.5.1) includes studies of 

seropositivity as well as disease. The seroprevalence is the proportion of people in 

which antibodies to HCV are detected, and thus is subtly different to the prevalence, as 

it represents everyone who has been infected in their lifetime, rather than just those 

infectious at the current time (Gelberg et al. 2012). However, such studies represent a 

‘best guess’ for the true disease incidence in the population, which is often otherwise 

infeasible to estimate (Shepard et al. 2005).   
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The median of the model averaged posterior distributions of the time to most recent 

common ancestor, 𝑇𝑀𝑅𝐶𝐴, intrinsic growth rate, 𝑟0, and effective population size, 𝑁0, 

obtained in the BEAST analysis were also included in the regression. A stepwise 

regression approach using the F-test criterion was taken to decide the explanatory 

variables that should remain in the model in addition to 𝑟0, which was included due to a 

strong prior interest in the effect of the intrinsic growth rate. 

 

3.5 Results 

3.5.1 Diversity of Hepatitis C Epidemics 

The geographical location and subtypes of the final 18 datasets are summarised in 

Figure 3.5.1a, with colours differentiating between datasets of the same subtype. The 

maximum likelihood genealogy of the global alignment in Figure 3.5.1b shows that 

subtypes form distinct monophyletic groups, which would be expected given the high 

diversity between groups (see overview in Section 3.1). However, this is not always the  

 

Figure 3.5.1: Summary of hepatitis C datasets. a) The geographical location of the HCV datasets 

analysed, annotated by subtype. Colours are used to differentiate between datasets of the same 

subtype. b) A maximum likelihood genealogy of all sequences based on a global alignment of the 

NS5B gene. Colours are as in a). To aid with visualisation, a square root transformation was 

applied to branch lengths. Pre-print: Dearlove and Wilson (2013). 

a) b) 
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case for the ancestral histories of datasets within subtypes. In subtype 6a, the two 

datasets form distinct clusters of a single colour, whereas in subtypes 1a and 1b there is 

much more overlap in relatedness between datasets. 

 

Table 3.5.1 shows the collated demographic data for the linear regression, including the 

genetic derived data and the host population data. The average pairwise nucleotide 

diversity was found to vary widely across the 18 datasets, ranging from 38.2 nucleotide 

differences per kilobase for subtype 3a in Belgium to 84.3 for subtype 4a in Egypt. The 

model averaged 𝑇𝑀𝑅𝐶𝐴 is seen to be less than 100 years in all but one case (subtype 4a in 

Egypt). 

 

The results of fitting the regression model are given in Table 3.5.2 and plotted in Figure 

3.5.2. Note that the quoted p-values should be taken with caution, due to the overlap in 

ancestry within some subtypes. The strongest predictor of diversity was the time to the 

most recent common ancestor, 𝑇𝑀𝑅𝐶𝐴. For each 10 years in the age to the MRCA, 

diversity increases by nearly 4.6 nucleotide differences per kilobase. In contrast, 

population density had a negative relationship with diversity, with an increase in  

population density for a dataset causing a decrease in the diversity; for every extra 100 

people per square kilometre the diversity is expected to decrease by 2.87 nucleotides per 

kilobase. In the subtypes where there was more than one observation, subtype 1b had 

the highest diversity with, on average, 7.33 nucleotides per kilobase more than subtype 

6a, which had the lowest diversity. There was no significant relationship between 

diversity and the intrinsic growth rate, 𝑟0, after adjusting for the other factors. 
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Table 3.5.1: Demographic data for investigating diversity in HCV. 

 Sequence derived data Population data 

Dataset 
𝝅 

(kb-1) 

𝑻𝑴𝑹𝑪𝑨 

(years) 

𝒓𝟎 

(year-1) 

𝑵𝟎 

(103) 

Size 

(106) 

Dens. 

(km-3) 

Prev. 

(%) 

MatBel1a 45.0 
64.42 

(54.06, 77.12) 

0.09 

 (0.05, 0.16) 

0.72 

(0.35,1.59) 
10.4 340.7 0.9 

NakInd1a 47.5 
52.03 

(36.92, 74.31) 

0.10 

 (0.05, 0.23) 

0.68 

(0.23, 2.48) 
218.7 114.8 2.1 

PhaVie1a 54.4 
79.25 

(63.99, 98.47) 

0.06 

 (0.03, 0.12) 

0.65 

(0.23, 2.12) 
81.5 245.7 6.1 

PybUK1a 47.7 
57.14 

(49.21, 66.76) 

0.15 

 (0.11, 0.19) 

6.86 

(2.64, 20.05) 
59.7 243.8 1.0a 

TanUS1a 49.5 
58.19 

(48.16, 70.90) 

0.15 

 (0.10, 0.23) 

12.40 

(1.70, 126.41) 
293.6 30.5 1.8 

FuChi1b 63.9 
82.66 

(70.63, 97.58) 

0.08 

 (0.06, 0.10) 

3.47 

(2.27, 5.56) 
1300.1 135.8 3.0 

KurMon1b 63.0 
75.79 

(66.88, 86.77) 

0.15 

 (0.11, 0.20) 

259.54 

(24.15, 2677.83) 
2.5 1.6 15.0b 

NakInd1b 59.0 
71.31 

(58.65, 87.47) 

0.11 

 (0.08, 0.17) 

11.79 

(2.15, 81.35) 
218.7 114.8 2.1 

NakVie1b 47.3 
59.70 

(43.41, 82.44) 

0.08 

 (0.04, 0.17) 

0.61 

(0.23, 2.01) 
81.5 245.7 6.1 

TanSpa1b 62.4 
76.53 

(65.64, 90.69) 

0.14 

 (0.09, 0.21) 

86.65  

(5.56, 2405.77) 
42.5 84.0 2.5b 

ReArg2c 63.1 
81.18  

(71.71, 92.88) 

0.14 

 (0.10, 0.20) 

5.04 

(1.52, 17.48) 
37.9 13.6 5.8c 

MatBel3a 39.5 
49.59 

(42.48, 60.69) 

0.29 

 (0.08, 0.67) 

0.55 

(0.35, 1.38) 
10.4 340.7 0.9 

PybUK3a 47.8 
56.71 

(50.62, 64.35) 

0.17 

 (0.13, 0.24) 

31.93 

(4.28, 153.26) 
59.7 243.8 1.0a 

TanEgy4a 84.3 
104.80 

(93.25, 118.89) 

0.11 

 (0.08, 0.15) 

347.78 

(21.88, 5199.30) 
73.4 73.3 16.3d 

HenFra5a 55.9 
78.77 

(69.73, 89.94) 

0.12 

 (0.10, 0.15) 

60.37 

(16.53, 147.12) 
60.0 108.8 1.3b 

PhaVie6a 49.5 
78.19 

(58.60, 103.11) 

0.08 

 (0.04, 0.15) 

1.60 

(0.51, 7.90) 
81.5 245.7 6.1 

TanHon6a 38.2 
41.14 

(33.30, 51.37) 

0.37 

 (0.17, 1.22) 

0.25 

(0.06, 1.22) 
6.8 159.2 0.5 

AkkTha6f 41.8 
46.64 

(40.92, 53.92) 

0.26 

 (0.18, 0.42) 

14.63 

(1.28, 699.01) 
63.8 124.3 5.6 

Abbreviations. 𝝅 The average pairwise nucleotide diversity per kilobase. TMRCA Time to most 

recent common ancestor. 𝒓𝟎 Intrinsic growth rate. 𝑵𝟎 Effective population size. Dens. Population 

density. Population size and density obtained from Population Reference Bureau (2004). Prev. 

Reported prevalence. Estimates of prevalence from World Health Organisation (1999), unless 

indicated: a Esteban et al. (2008). b Kurbanov et al. (2007). c Mengarelli et al. (2006). d Pybus et al. 

(2003). 
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Table 3.5.2: Coefficients of the linear regression to understand HCV diversity. 

Coefficient Estimate s.e. F-test T-test p-value 

Intercept 25.3 5.93 - - - 

𝑇𝑀𝑅𝐶𝐴  0.456 0.0719 40.2 - 0.0004 

Population density -0.0287 0.00638 20.2 - 0.0028 

Subtype: 

- 1b versus 1a 

- 2c versus 1a 

- 3a versus 1a 

- 4a versus 1a 

- 5a versus 1a 

- 6a versus 1a 

- 6f versus 1a 

- 

3.04 

0.222 

0.981 

12.6 

-3.05 

-4.33 

-2.85 

- 

1.48 

2.73 

2.07 

3.68 

2.43 

2.01 

2.34 

6.48 

- 

- 

- 

- 

- 

- 

- 

- 

2.06 

0.081 

0.473 

3.41 

-1.26 

-2.15 

-1.22 

0.0124 

0.0782 

0.9374 

0.6507 

0.0112 

0.2495 

0.0682 

0.2631 

𝑟0  6.373 11.7 0.297 0.297 0.6027 

 

 

 

 

Figure 3.5.2: Meta-analysis of HCV diversity. Linear regression of nucleotide diversity (𝜋) 

versus time to most recent common ancestor (𝑇𝑀𝑅𝐶𝐴), subtype, population density and intrinsic 

growth rate (𝑟0). a) Scatterplot of 𝜋 against 𝑇𝑀𝑅𝐶𝐴, with lines showing the effect of subtype where 

there were at least two observations. b) Plot of fitted diversity against observed diversity. 

Preprint: Dearlove and Wilson (2013). 

 

a) b) 
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3.5.2 Historical Effective Population Size 

Reconstructing historical changes in 𝑁𝑒 using the model averaging approach revealed 

that most datasets showed strong exponential growth corresponding to the SI model, as 

shown by the dominance of linear trajectories on the logarithmic scale in Figure 3.5.3. 

For each dataset, the posterior probability (PP) for each model (endemic, SI, SIS or SIR) 

was calculated, and the posterior probabilities for the latter three models are inset as a 

bar chart and also given in Table 3.5.3. The endemic model was rejected for all datasets 

(PP≤0.002) and thus is not shown in the plot. The preference for the SI model in 14 of the 

18 datasets suggests that the dynamics in these epidemics have neither reached dynamic 

equilibrium (as in SIS) nor begun to burn out (as in SIR). 

 

Only one example had the SIS model as most probable, Belgium subtype 3a (PP=87.9%), 

shown by the trajectory smoothing off from 1970 onwards. Interestingly, in the subtype 

1a dataset from Belgium, SI dynamics had the highest posterior probability (PP = 44.0%), 

but there was also high support for the SIS (PP = 36.0%) and SIR (PP = 20.0%) models. 

Subtype 3a appears to be a much newer epidemic in Belgium that has reached dynamic 

equilibrium, whereas subtype 1a appears to be older and still growing. The high 

posterior probabilities for the SIS and SIR models might suggest, however, that the 

growth subtype 1a is on the verge of slowing down.  Both of these observations are in 

stark contrast to the distinctly SI dynamics of the same subtypes in the UK, with 

posterior probabilities for the SI model equal to 92.5% and 61.6% in 1a and 3a 

respectively.  
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Figure 3.5.3: Reconstructed historical effective population size. For each of the 18 datasets, the 

reconstructed effective population size calculated by model average is plotted against time. Each 

dataset is labelled with the subtype and sampling location, and plotted against the same log10 

scale. The grey lines show the quantiles of the posterior distribution of 𝑁𝑒 averaged over all 

models (endemic, SI, SIS and SIR) at 5% increments. Quantiles closer to the median are darker. 

The red circle and error bar gives the time of the MRCA and associated 95% credible interval. 

Inset for each dataset is a bar plot giving the posterior probability of the SI, SIS and SIR models. 

The endemic model is not included at it was less than 0.2% for every dataset. Preprint: Dearlove 

and Wilson (2013). 
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Table 3.5.3: Posterior probabilities for the endemic, SI, SIS and SIR models. 

 Posterior Probability (%) 

Dataset Endemic SI SIS SIR 

MatBel1a 0.00  43.98  35.99  20.04 

NakInd1a 0.01 81.70  13.29  5.00 

PhaVie1a 0.23  62.75  25.71  11.30 

PybUK1a 0.00  92.51  5.05  02.44 

TanUS1a 0.00 69.71  18.21  12.09 

FuChi1b 0.00 98.90  0.63  0.47 

KurMon1b 0.00 73.92  15.50  10.58 

NakInd1b 0.00 67.48  20.35  12.17 

NakVie1b 0.07 77.56  16.61  5.77 

TanSpa1b 0.00 65.301  20.60  14.09 

ReArg2c 0.00 0.84  45.37  53.79 

MatBel3a 0.00 5.44  87.93  6.64 

PybUK3a 0.00 61.56  22.93  15.51 

TanEgy4a 0.00 64.54  21.21  14.25 

HenFra5a 0.00 77.37  14.97  7.66 

PhaVie6a 0.00 71.59  18.17  10.24 

TanHon6a 0.00 0.30  28.69  71.01 

AkkTha6f 0.00 22.28  38.09  39.64 

 

 

3.5.3 Examples of SIR Dynamics 

In three cases, the SIR model was found to be the best – subtype 2c in Argentina, 6a in 

Hong Kong and 6f in Thailand. As mentioned in Section 3.3.6, in the SIR model the 

epidemiological parameters can be directly estimated from the genetic data. Therefore, 

for these three datasets it was also possible to estimate the historical prevalence of these 

epidemics, and to obtain an estimate for 𝑅0. Due to the known relationship between 𝑁0 

and 𝑁𝐻 in Equation (3.9), the total number of hosts infected throughout the epidemic can 
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be also be calculated and plotted alongside the prevalence (given as a proportion). These 

are both shown for all three epidemics with SIR dynamics in Figure 3.5.4. 

 

The PP of the SIR model for subtype 2c in Argentina was 53.4%, with the SIS model the 

next likely with a PP of 45.4%. The 𝑇𝑀𝑅𝐶𝐴 was estimated to be between the years 1915 

and 1936, with an initial doubling time of between 3.6 and 6.7 years (Table 3.5.4). The 

peak of the epidemic was estimated to have occurred between 1962 and 2002, and the 

prevalence has fallen since. HCV subtype 2c is generally uncommon; yet, in the Córdoba 

province of Argentina where this dataset was sampled, it is the most dominant - 

estimated to cause more than 50% of cases (Mengarelli et al. 2006; Ré et al. 2011). The 

 

 

Figure 3.5.4: Reconstructed SIR dynamics for the number of infected hosts and prevalence. For 

subtypes 2c in Argentina, 6a in Hong Kong and 6f in Thailand, the model averaging approach 

showed preference for the SIR model. Under the SIR model, changes in the number of infected 

hosts and prevalence can be estimated directly from the genetic analysis. For each dataset, both 

of these are shown. The grey lines show the quantiles of the posterior distribution at 5% 

increments. Quantiles closer to the median are darker. The intersection of the red lines represents 

an independent point estimate of prevalence (World Health Organisation 1999; Mengarelli et al. 

2006). Preprint: Dearlove and Wilson (2013). 
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subtype is also common in Italy, from where many people emigrated to central 

Argentina from the 1880s to 1920s (Mengarelli et al. 2006). 

 

Out of the three epidemics with SIR dynamics, subtype 6a in Hong Kong had the 

highest support (PP=71.0%). The most recent ancestor was dated to between 1952 and 

1962. The doubling time for this epidemic was much quicker than that for Argentina – 

estimated to be between 0.7 and 3.8 years. The epidemic was estimated to have peaked 

in 1986 with a credible interval spanning thirty years from 1963 to 1993. Subtype 6a 

accounts for 23.6% of all HCV infections in Hong Kong; this figure increases to 58.6% 

when considering infection in intravenous drug users (Zhou et al. 2006). The previous 

rarity of subtype 6a in China (Lu et al. 2005) has led to the suggestion that the HCV-6a 

epidemic was introduced from Vietnam, where it is dominant, through immigration 

(Zhou et al. 2011). The estimate of the most recent common ancestor from this new 

analysis is a little earlier than the immigration of the Vietnamese boat people in 1978- 

 

Table 3.5.4: Epidemiological parameter estimates for SIR dynamics. 

Parameter 2c Argentina 6a Hong Kong 6f Thailand 

Intrinsic growth rate, 𝒓𝟎 (year-1) 
0.139 

(0.103, 0.193) 

0.358 

(0.182, 0.944) 

0.271 

(0.191, 0.507) 

Doubling time, 𝐥𝐨𝐠(𝟐) /𝒓𝟎 

(years) 

4.987 

(3.591, 6.730) 

1.936 

(0.734, 3.809) 

2.558 

(1.367, 3.629) 

Basic reproductive number, 𝑹𝟎 
1.20 

(1.04, 5.51) 

1.44 

(1.08, 13.17) 

1.42 

(1.07, 19.02) 

Average duration of 

infectiousness, 𝜸 (years) 

1.745 

(0.274, 27.027) 

1.244 

(0.264, 14.085) 

1.553 

(0.275, 40.000) 

Current prevalence, 𝑰𝟎 (%) 
0.534 

(0.021, 20.137) 

0.191 

(0.002, 6.235) 

1.568 

(0.051, 40.922) 

Present effective population 

size, 𝑵𝟎 (𝟏𝟎𝟑)  

3.4 

(1.4, 13.3) 

0.2 

(0.1, 0.8) 

6.9 

(0.9, 135.0) 
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1982 and 1987-1997 cited by Zhou et al. (2011); however it does concur with it being 

cited as a relatively recent epidemic by Tanaka et al. (2006). 

 

There are many subtypes of HCV-6 found distributed around Asia. Subtype 6f seems to 

be restricted to Thailand, where again it is the most common causing 56% of HCV cases 

(Akkarathamrongsin et al. 2010). This analysis showed marginally greater support for 

the SIR model compared with the SIS model (PP=39.6% versus PP=38.1%). The difficulty 

in separating the two models is due to a very recent peak and subsequent deceleration 

of the epidemic. This is fitting with research showing a decline between 2005 and 2008 

in intravenous drug use, a major risk factor for HCV infection in Thailand (Jatapai et al. 

2010). The 𝑇𝑀𝑅𝐶𝐴 was dated to between 1955 and 1968, with the peak prevalence 

occurring between 1964 and 2008. The doubling time was found to be similar to that of 

subtype 6a in Hong Kong – between 1.4 and 3.6 years.  

 

In all three datasets exhibiting SIR dynamics, an independent point estimate of 

prevalence was compared to the estimated prevalence from the genetic analysis, and 

shown by the intersection of the red lines in Figure 3.5.4. In all three cases, the 

independent estimate fell within the 95% credible interval of the trajectories. This 

suggests that in the case of SIR dynamics, genetic data alone can provide reasonable 

estimates of prevalence.   
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3.6 Discussion 

This chapter uses a new metapopulation model of pathogen populations for combined 

epidemiological and genetic inference to understand the dynamics of 18 HCV datasets 

from across the globe, and to investigate the possible processes influencing genetic 

diversity. Somewhat surprisingly, there was no significant relationship between 

diversity and the intrinsic growth rate, 𝑟0, after adjusting for the other factors (p-value: 

0.6027). The time to the MRCA had the strongest predictive power out of the covariates 

included in the linear regression model (Table 3.5.2). This is explained by the rapid 

epidemic growth in all of the datasets, resulting in star-shaped genealogies due to 

branch lengths being long near the tips. In this scenario, the MRCA is only slightly 

younger than the epidemic, and it follows that diversity within an HCV dataset can be 

used as a good indicator of the age of an epidemic.  

  

All except one of the epidemics (subtype 4a in Egypt) appear to have emerged in the last 

100 years (Table 3.5.1). This result highlights the importance of 20th century phenomena 

such as blood transfusion and needle sharing in the spread of HCV (Pybus et al. 2003; 

Pybus et al. 2005).  This analysis covers countries with a range of economic 

development, and the main transmission routes tend to differ according to wealth. In 

developed countries such as the United States and United Kingdom, intravenous drug 

use is the main risk factor; in economically developing countries transmission is more 

likely to have occurred through medical practices including surgery, haemodialysis, 

contaminated immunisation injections and other parenteral therapies (Pybus et al. 2003; 

Aslam et al. 2005; Shepard et al. 2005). Whilst the fact that these epidemics are recent is 
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not striking in itself (previously reported by Magiorkinis et al. (2009) and Shepard et al. 

(2005) amongst others), it is interesting that there is no obvious difference in dynamics 

according to route. 

 

Type 1 was the most represented type in the meta-analysis (10 out of 18 datasets, Table 

3.4.1), and all were found to have SI dynamics (Table 3.5.3). In only one case (Belgium 

subtype 1a) was there reasonable support towards the SIS or SIR models (SIS PP: 35.0%; 

SIR PP: 20.0%). The dynamical modelling used in this analysis shows that prevalence 

either reaches dynamic equilibrium (SIS), or falls as the number of susceptible hosts is 

exhausted (SIR). Why neither of these appear to have occurred in type 1 epidemics is 

difficult to pin down, though may depend on environmental, cultural and social factors 

relating to the viability of transmission. The differing dynamics of subtypes 1a and 3a in 

Belgium might hint at the effectiveness of treatment playing a part, as trials have shown  

that HCV types 2, 3 and 6 respond better to treatment than type 1 (Manns et al. 2001; Yu 

and Chuang 2009).  

 

Three of the datasets showed SIR dynamics. Whilst they originate from different 

countries, and involve different subtypes, it is clear that these epidemics are linked in 

that they are globally rare, but locally dominant. In two of these datasets, there was also 

high support for the SIS model (PP=53.4% for the SIR versus PP=45.4% for the SIS in 

Argentina subtype 2c, and PP=39.6% versus PP=38.1% in Hong Kong subtype 6a). This 

suggests a recent peak in infection and subsequent slowing of the epidemic, though it is 

noted that whilst model selection singles out SIR dynamics as the best fit of the models 
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investigated, there may be other parametric forms that fit better, for example a step 

function. Despite the Subtype 6 epidemics in Hong Kong and Thailand having faster 

intrinsic growth rates than that in Argentina, similar estimates were obtained for all 

three datasets for the basic reproductive number (1.20-1.44), and mean duration of 

infectivity (1.24-1.55 years). Whilst there is considerable uncertainty in the estimates for 

both parameters, the basic reproductive number is noticeably lower than calculated 

previously. This can be attributed to the average period of infectivity being estimated to 

be much shorter than the 10-30 years used in the past (Pybus et al. 2001). The estimate of 

the duration of infectivity is surprising given that hepatitis C infection is chronic in 80% 

of people, and has lifelong infectivity (Lavanchy 2011). It is possible that the low 

estimates here allude to the majority of transmission occurring in the first year and a 

half of infection – perhaps representing the period before which a diagnosis is 

confirmed and any intervention in patient behaviour has taken place. In this scenario, 

we interpret the ‘recovered’ population not only as those who have cleared infection or 

have been removed from the model through death, but also as those who are no longer 

‘actively’ infectious by interacting with those ‘at risk’ in the susceptible population (for 

example, by practicing safe and sterile needle use after diagnosis). This definition of 

‘recovered’ individuals actually just being ‘removed’ and no longer partaking in the 

disease dynamics perhaps better represents the known biology of HCV. However, it 

should also be noted that the wide credible intervals are consistent with infectious 

periods of up to 27, 14 and 40 years for subtypes 2c, 6a and 6f respectively (Table 3.5.4).  
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Of course, there may be some bias in this estimation of 𝑅0, as the detection of SIR 

dynamics is only possible once the epidemic has passed its peak. Moreover, this point is 

likely to occur sooner when 𝑅0 is smaller. The results here suggest that the majority of 

epidemics have not yet reached that peak, and thus in time it is likely that the estimate 

will be refined as more epidemics begin to decelerate. However, there are shared 

features between the three datasets used to estimate 𝑅0 here. The Hong Kong and 

Argentinean epidemics both appear to originate with migration events to the locale, and 

the Thai and Hong Kong epidemics have appeared recently. 

 

For the analysis, a fixed mutation rate of 5.8 × 10−4 substitutions per year was used with 

the HKY85 substitution model (Hasegawa et al. 1985). This rate had been previously 

applied to a number of datasets included in the analysis. However, there is evidence to 

suggest that the true rate could be nearly double this, around 1.0 × 10−3 substitutions 

per site per year (Magiorkinis et al. 2009; Gray et al. 2011). Underestimating the 

substitution rate would cause the historical timeline of the epidemic to be systematically 

overestimated. This analysis also neglected to take into account possible heterogeneity 

in the molecular evolution rate between sites, codon positions, or branches of the tree.  

There has been work done suggesting that evolution in the NS5B gene follows a relaxed 

clock, and that evolution of the third codon position is relatively slower than the first 

two positions (Magiorkinis et al. 2009; Gray et al. 2011). Not taking this into account 

may mean that the estimates for some of the parameters and dates here are anti-

conservative. Nevertheless, an advantage of implementing the analyses in BEAST is that 

this complexity can be incorporated in future work. 
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A model averaging approach was used to assess the fit of each of the endemic, SI, SIS 

and SIR models to each dataset. Whenever fitting models, it is important to be aware of 

balancing complexity with biological relevance. While it is clear that all three models 

represent simplifications of true epidemiological processes, they capture fundamental 

processes featuring in epidemics – including the exponential growth, equilibrium and 

deceleration phases. Although the SI model was preferred in 13 out of 18 datasets, there 

was little statistical support towards even the small elaborations of the SIS and SIR 

models (Table 3.5.3). It is possible that none of the five models included in the 

comparison adequately fitted the true population history of the data. In this case, it may 

make sense to include the Bayesian skyline plot (Drummond et al. 2005) alongside the 

parametric models being considered. This gives the option for the parametric models to 

be rejected, and may help inspire the development of novel, more realistic parametric 

models with the metapopulation approach.  

 

Nevertheless, it should be noted that the Bayesian skyline plot only estimates the 

product of effective population size and generation time, and thus is difficult to directly 

interpret given that the effective population size is only directly proportional to the 

prevalence of disease at dynamic equilibrium (Volz et al. 2009; Frost and Volz 2010; 

Koelle and Rasmussen 2012). Whilst a skyline plot may have power to identify atypical 

and unanticipated trajectories in the effection population size over time, when 

appropriate, parametric models allow for epidemiological parameters to be estimated 

directly, making them more intuitive, easier to interpret and more statistically efficient. 

This is pertinent, because specialists in areas other than population genetics, such as 
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epidemiology and medicine, need to be able to easily interpret the results of these 

analyses.  

 

The combined epidemiological and genetic approach outlined in Section 3.3 shows how 

it is possible to implement coalescent SI, SIS and SIR models for data analysis. However, 

there are a number of limitations to the method. Whilst it was found that the predicted 

prevalence from the SIR model was good when compared with independent estimates, 

the SIR model can only be fitted once the peak of the epidemic has been observed and 

thus is less useful when analysing an outbreak in real time. Calculating 𝑅0 is also limited 

to the SIR model, as the transmission coefficient 𝛽1 and rate of clearance of infection 𝛾 

are confounded in the SIS model, and 𝑅0 is undefined in the SI model. The intrinsic 

growth rate is a ready substitute for 𝑅0, exhibiting equivalent threshold behaviour: 

when 𝑟0 ≥ 0 infection will persist in the population (𝑅0 ≥ 1), and when 𝑟0 < 0 the 

epidemic will eventually die out (𝑅0 < 1). The growth rate is well identified in the 

exponential growth phase of an epidemic, and can be used to compare two epidemics 

(for example to examine the effect of an intervention strategy); however it is not able to 

predict how the epidemic will unfold over time without other information such as the 

rate of recovery or present prevalence. As a result, the role of such modelling is to 

complement rather than replace traditional epidemiological approaches.  

 

One of the main assumptions underlying the metapopulation coalescent is that the 

number of infected hosts is large. This assumption is consistent with the deterministic 

compartmental models used, but cannot be true at the start of an epidemic. One way of 
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overcoming this is to allow for stochasticity. Rasmussen et al. (2011) have used particle 

MCMC to fit a stochastic SIR model, though currently the genealogy is assumed fixed 

and ignores uncertainty around the true topology. An alternative to the coalescent 

might be to consider branching processes, though this method has so far been limited to 

simple birth-death processes (Leventhal et al. 2012; Stadler et al. 2012). 

 

Theoretical work has shown that changes in contact networks affect epidemiological 

dynamics, and therefore genetic diversity (Campos and Gordo 2006; Volz 2008; Gordo et 

al. 2009; Koelle and Rasmussen 2012). This means that the assumption of random 

mixing is difficult to justify, despite it being commonly cited in compartmental 

modelling. It is possible that the variance in social mixing may be accounted for using a 

more general metapopulation formulation than used here (Wakeley and Aliacar 2001), 

which would allow for different classes of hosts. For example, this method could allow 

for the concept of a super shedder with a higher rate of infectivity to be modelled 

alongside standard host types. The assumption of negligible co-infection is harder to 

include, as co-infection means that recombination can occur.  Evidence of recombination 

was seen in several HCV datasets from the literature review (Table 3.4.1), and these 

were simply excluded from this analysis. Whilst there have been attempts for 

recombination to be included in a population genetic framework (Bloomquist and 

Suchard 2010), it still remains computationally infeasible and such methods are rarely 

applied in practice.  
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The metapopulation basis to the model presented here is open to extension, and 

provides abundant grounding for future work. The host population size was fixed, but 

changes in demography could be incorporated. This might be desirable, for example, in 

the situation where data is available to analyse host and pathogen genetic diversity side 

by side. In this analysis, it was assumed that the samples in the datasets included 

contained no more than one sequence sampled per host. In this case it is easy to account 

for serial sampling using the standard method for tip dating implemented in BEAST 

(Rodrigo and Felsenstein 1999; Drummond et al. 2002). When there is more than one 

sequence per host, the collecting and scattering phases explained in Section 3.3.2 must 

be taken explicitly into account. These phases can approximately be taken to represent 

the within- and between-host evolution, and new apparatus would be required for 

inference. 
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Chapter 4: Evolution and Transmission of GII.4 Norovirus 

4.1 Background to Norovirus 

Noroviruses are positive-strand RNA viruses that form a genus in the Caliciviridae 

family – a family that also contains the genera sapovirus, vesivirus, and logovirus 

(Nilsson et al. 2003). Norovirus is most well-known for causing gastroenteritis in 

settings where individuals come into close contact – for example hospitals and nursing 

homes (Khanna et al. 2003; Calderon-Margalit et al. 2005; Schmid et al. 2005), schools 

and children’s day care centres (Gallimore et al. 2004a; Button Gomez 2008), cruise ships 

(Widdowson et al. 2004; Vivancos et al. 2010), and military bases (Sharp et al. 1995; 

McCarthy et al. 2000). It affects people from all age groups, and has been detected 

worldwide throughout the year. The number of outbreaks tends to peak in the winter 

months - hence the alternative name ‘winter vomiting disease’. However, in summer 

months of 2002 in England and Wales there was evidence suggesting a second peak in 

confirmed cases, disrupting the usual seasonal pattern (Lopman et al. 2003). 

 

The first norovirus, Norwalk Virus, was identified in 1972, via immune electron 

microscopic (IEM) examination of experimentally infected volunteers after a recorded 

outbreak in Norwalk, Ohio in 1968 (Adler and Zickl 1969; Kapikian et al. 1972). The 

norovirus genome was first sequenced in the early 1990s, allowing a reverse-

transcription polymerase chain-reaction (RT-PCR) method to be developed for 

diagnostic purposes (Jiang et al. 1990; Jiang et al. 1992; Ando et al. 1995). However, until 

recently, much work on the evolution and transmission of norovirus in humans has 
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been limited by the inability to grow in culture and lack of animal model resulting in a 

deficiency in virus stocks for experimentation (Atreya 2004). Whilst murine norovirus 

can be successfully grown in mouse dendritic cells and macrophages (Wobus et al. 

2004), these cell lines have been shown to be unsuitable for growing human norovirus 

(Lay et al. 2010). Human duodenal tissues have been successfully infected with GII.4 

strains, with foetal ileum cells showing limited viral replication after infection (Leung et 

al. 2010), but there is still a way to go until in vitro cell culture is possible (Papafragkou 

et al. 2013). 

 

4.1.1 Structure and Evolution 

Small, round and non-enveloped, noroviruses have a diameter of approximately 27-

38nm, and a genome of length around 7.5kb (Jiang et al. 1990). The genome is split into 

three open reading frames (ORFs), as shown in Figure 4.1.1. ORF1 contains the code for 

non-structural proteins (including the RNA-dependant RNA polymerase, RdRp), 

whereas ORF2 and ORF3 code for VP1, a major capsid protein, and VP2, a minor capsid 

protein, respectively (Hardy 2005). The VP1 region shows the highest diversity within 

the genome, and is made up of the conserved shell region (S), and the protruding  

 

 

Figure 4.1.1: The norovirus genome. The norovirus genome is split into three open reading 

frames. ORF1 makes up the first two thirds of the genome, and is labelled with the non-structural 

replicase proteins. In ORF2, VP1 is made up of the shell (yellow), P1 (blue) and P2 (red). ORF3 

codes for the minor structural proteinVP2. Adapted from Figure 1a in Donaldson et al. (2010). 

ORF1 ORF3 

p22 p18 VPG RdRp NTP ORF2 3C 
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domains P1 and P2. Of the protruding domains, P2 is found on the exterior of the capsid 

and contains a number of motifs that have a role in host cell binding and, as a result, 

viral antigenicity (Tan et al. 2004; Siebenga et al. 2007). 

 

The norovirus genus shows high diversity, infecting a range of species, and is split into 

five main genogroups labelled GI to GV, as seen in Figure 4.1.2. Genogroups are further 

classified into subgroups using a point and number representing the subgroup, for 

example GII.4. Only three genogroups (GI, GII and GIV) have been found to infect 

humans (Koopmans 2008). However, these genogroups are not exclusive to humans - 

strains from GII are also found in swine (Wang et al. 2005; Oka et al. 2013), and strains 

from GIV in dogs and lions (Martella et al. 2007; Martella et al. 2008). Of the remaining 

two genogroups, GIII infects cattle and sheep (Oliver et al. 2003; Wolf et al. 2009), and  

 

Figure 4.1.2: Diversity of norovirus. Phylogeny of 32 norovirus genotypes based on the VP1 

sequence, showing the diversity of the main norovirus genogroups. Sequences from: Martella et 

al. (2008), Martella et al. (2007), Wang et al. (2005), Oliver et al. (2003), Karst et al. (2003), 

Fankhauser et al. (2002), Vinjé and Koopmans (2000), Sugieda et al. (1998) and Green et al. (1995). 
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GV is found in mice (Karst et al. 2003). Genotyping has generally been done in the past 

using two main sections of the genome: the polymerase gene in ORF1, and VP1 in ORF2, 

either through RT-PCR in the lab (Vinjé et al. 2004), or after sequencing using a BLAST 

search and tree-building (Kroneman et al. 2011). There is 45-60% divergence  in amino 

acids across the genogroups, and 14-45% between genotypes (Zheng et al. 2006). 

 

As in Hepatitis C, the high diversity found across norovirus genotypes is in part due to 

the fallible nature of their replication mechanism, the RNA-dependant RNA 

polymerase. Estimation of an evolutionary rate has so far been limited, with rates 

calculated between 1.9-8.98 × 10−3 substitutions per nucleotide per year using either 

just the capsid or the partial RdRp (Bok et al. 2009; Bull et al. 2010; Siebenga et al. 2010). 

Whilst not all mutations will result in viable offspring, some will enable new strains to 

emerge with phenotypes providing potentially better fitness, allowing these strains to 

co-circulate with or even dominate existing ones. Inter-genotypic recombination has also 

been reported to occur in the capsid gene and at the interface between ORF1 and ORF2 

(Bull et al. 2005; Rohayem et al. 2005; Eden et al. 2013).  

 

4.1.2 Pathogenesis and Transmission 

Symptoms of norovirus include nausea, abdominal cramps and other muscle pain, 

vomiting and diarrhoea. The incubation period is relatively short, between 24 and 60 

hours, and symptoms are generally cleared within 3 days (Lopman et al. 2003). The 

advised treatment is usually rest and drinking plenty of fluids to prevent dehydration; 

more severe cases may require electrolytes to be given intravenously (Hutson et al. 
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2004). Despite symptoms being resolved within the space of a few days, asymptomatic 

shedding of virions may last much longer (Aoki et al. 2010). Norovirus has a median 

infectious dose of 18 virions required for an adult to develop infection (Teunis et al. 

2008). It is estimated that a single bolus of vomit contains 30 million virions (Caul 1994); 

so this coupled with prolonged shedding after infection and low infectious dose means 

that norovirus is highly contagious and easily spread through a number of routes.  

 

Transmission most commonly occurs directly through contact with an infected 

individual via the faecal-oral route. Indirect transmission can be caused by contact with 

a contaminated surface or consumption of contaminated food, as seen by the food 

handler being the source of the outbreak described de Wit et al. (2007). Food and water 

may not necessarily be directly contaminated by an infected individual, for example 

filter feeders located near sewage and waste water outlets can carry the virus and be 

consumed (Nenonen et al. 2008; Schaeffer et al. 2013). If there is high prevalence of 

vomiting, aerosolisation may be attributed for transmission routes via infectious droplet 

contamination in the local environment (Jones et al. 2007; Repp and Keene 2012). It has 

also been shown that aerosolisation can occur with toilet flushing (Barker and Jones 

2005; Johnson et al. 2013). 

 

4.1.3 Susceptibility and Immunity 

Histoblood group antigens (HBGAs) have been suggested to play a strong role in the 

susceptibility of humans to norovirus. HBGAs are carbohydrates found on the epithelial 

cells, and form binding and possible receptor sites for norovirus. There are three major 
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types of HBGAs that affect norovirus binding – ABO, secretor and Lewis – and it is 

suggested that they are recognised by different norovirus strains (Huang et al. 2003; 

Huang et al. 2005; Tan and Jiang 2005). The presence or expression of most HBGAs is 

due to the presence of the FUT2 gene in the human genome, which codes for 

fucosyltransferase. Around 20% of the population do not have the FUT2 gene, and this 

gives them immunity to GI.1 infection, though may allow infection with other 

genogroups (Lindesmith et al. 2003). In addition, it has been shown that individuals 

with blood group O are more likely to become infected with GI.1 norovirus (the subtype 

containing the originally identified Norwalk Virus), whereas those with blood type B 

are less at risk of becoming infected and showing symptoms (Hutson et al. 2002). GII.4 

strains are thought to be highly prevalent (see Section 4.2.1) in part due to the fact they 

can bind A, B and O secretors, representing around 80% of the population (Debbink et 

al. 2012b). In contrast to GI.1, a study of GII.4 in China suggested that individuals with 

blood type A had an increased risk of infection, whereas blood type O had a decreased 

risk (Tan et al. 2008). Therefore understanding susceptibility of norovirus to humans 

remains complicated; whilst susceptibility to a specific norovirus strain may be 

restricted within the human population by, for example, blood type, the sheer diversity 

of strains and HBGA binding types mean that individuals are most likely susceptible to 

at least one circulating strain. 

 

There is much debate on the length of immunity acquired after infection. It has been 

shown that GI.1 gives short-term immunity of at least a few weeks (Wyatt et al. 1974; 

Parrino et al. 1977). However, evidence towards long term immunity has been less 
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decisive, with subjects re-challenged with norovirus less conclusively immune after a six 

month period (Johnson et al. 1990; Atmar et al. 2011), and all individuals symptomatic 

within 27-42 months (Parrino et al. 1977). Bull et al. (2011) argue that there is some 

evidence for long term immunity for GII.3 norovirus, citing the slow evolutionary rate 

and limited number of variants in the last 40 years. They also argue that recent work 

supports the immunity lasting six to twelve months, and during this period there is 

sufficient time for a new antigenic variant to emerge. It is worth noting, however, that 

having immunity to one strain does not necessarily imply a lesser risk of being infected 

with a different strain of norovirus (Wyatt et al. 1974). All of the above have contributed 

to the difficulties in developing a norovirus vaccine (Donaldson et al. 2010). 

 

4.1.4 Management in the Clinical Setting 

Due to a general lack of timely diagnostic testing facilities, outbreaks of gastroenteritis 

in clinical environments due to norovirus are usually identified according to the Kaplan 

criteria (Kaplan et al. 1982a; Kaplan et al. 1982b). These are a set of clinical and 

epidemiological guidelines for diagnosing norovirus as the underlying agent as 

opposed to bacterial causes of gastroenteritis. The criteria suggest that the following are 

indicative of norovirus: vomiting in more than 50% of cases, an average of a 24-48 hour 

incubation period, an average duration of illness of 12-60 hours, and no bacterial 

pathogens isolated from stool culture. As genetic diagnosis (either by real time genomic 

sequencing or by RT-PCR) becomes mainstream in general practitioners’ offices and 

hospitals, the reliance on this scheme will decrease. However, until that time comes, 
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Turcios et al. (2006) indicate that the Kaplan criteria are the strongest method of 

identifying norovirus outbreaks.   

 

The cost of norovirus outbreaks to health services can be huge, and are estimated to cost 

the National Health Service (NHS) in England £115 million each year (Lopman et al. 

2005). A single outbreak in 2002 in Eastbourne was estimated to have cost £279,115, with 

lost bed days, cancelled surgery, staff sickness and cleaning of the local environment 

being among the most expensive factors (Cooke et al. 2003). As with any nosocomial 

pathogen, cleaning of hospital wards is important in reducing transmission of 

norovirus. Noroviruses are environmentally stable; they can survive in temperatures 

between 0 and 60℃, concentrations of chlorine up to 5000ppm, ethanol solutions less 

than 70% and a wide pH range (Barker et al. 2004; Duizer et al. 2004). This is likely due 

to the lack of lipid envelope in norovirus, therefore making it less affected by lipophilic 

chemicals at the concentrations used for disinfection (Springthorpe and Sattar 1990). In 

addition, alcohol hand sanitizers, used both in hospitals and in the community for rapid, 

accessible disinfection, have been shown to be less effective against norovirus than other 

pathogens, with hand washing a better alternative where viable (Liu et al. 2010). As a 

result, clearing virions from an affected area quickly is difficult, especially in a busy 

clinical setting where staff, patients, visitors and equipment move between wards. To 

aid with the control of norovirus in hospitals, current practice involves patient isolation, 

ward closure and restricting visitor access (Greig and Lee 2009; Norovirus Working 

Party 2012). The impact of such intervention strategies and deep cleaning is unknown 
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(Weber et al. 2010), so understanding the main transmission routes and sources of 

infection of norovirus is of great importance. 

 

4.2 Motivation  

Of the 19 norovirus GII subgroups, GII.4 has been the most dominant since the early 

1990s, despite continued co-circulation of other genotypes. In Europe, the Foodborne 

Viruses in Europe Network estimate that GII.4 represents over 83% of reported 

norovirus cases in hospitals and residential institutions between 2001 and 2006, and 

almost 50% of all other outbreaks including those occurring in schools and from catering 

(Kroneman et al. 2008). Further, the genotype has caused up to 80% of outbreaks and 

sporadic cases globally and is the cause of at least five major documented pandemics in 

recent years (Bull and White 2011). This means that GII.4 is a key target for vaccine and 

therapy development (Parra et al. 2012). Insights into norovirus microbiology such as 

the replication process, protein structure and function, and interaction with the host 

immune system have been problematic due to the inability to culture (Atreya 2004). 

However, until these methods catch up, detailed investigation of the genetic 

epidemiology of disease can begin to untangle both the evolution and transmission of 

disease side by side (Grenfell et al. 2004), to improve the understanding of norovirus 

microbiology from a second perspective and predict the effects of the microbiology of 

norovirus.  
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4.2.1 Current Understanding of GII.4 Norovirus 

For ease of identification, new and emerging norovirus strain types are named after the 

place and year that they were first isolated or confirmed. The first well-documented 

GII.4 strain emerged in the USA in 1995-6 and persisted into the late 1990s (Noel et al. 

1999). In 2002 a new strain, Farmington Hills, spread throughout Europe, causing an 

increase in year round outbreaks, in contrast to the general winter peak of prevalence 

(Widdowson et al. 2004). Further global outbreak strains have included Hunter 2004 

(Bull et al. 2006a), Den Haag 2006b (Tu et al. 2008; Eden et al. 2010), and New Orleans in 

2009 to 2010 (Yen et al. 2011). There are also many other localised strains, which are 

notably divergent from the common global strains, but appear to be more 

geographically limited.     

 

There have been a number of papers inspecting the rapid evolution of the GII.4 major 

capsid proteins (ORF2) between the major epidemic strains mentioned above (Siebenga 

et al. 2007; Lindesmith et al. 2008; Bok et al. 2009; Bull et al. 2010; Siebenga et al. 2010). 

These have shown that the majority of mutations the have occurred in the P2 

subdomain, which is located on the exterior of the capsid, altering the antigenicity. 

Lindesmith et al. (2011) further showed that there has been a significant amount of 

evolutionary change in the antibody epitopes between major strains (for example, 

showing that antibodies from the 2006 GII.4 pandemic strain failed to recognise GII.4 

virus-like particles from 2007 and 2008). They conclude that this was most likely to be in 

response to herd immunity – a view reiterated by Debbink et al. (2012a). However, these 

studies only focus on a small fraction of the genome, with ORF2 representing only 
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approximately 1,600b, or 21%, of the whole norovirus genome (Hardy 2005). Large-scale 

full genome studies have so far been limited, with very few whole GII.4 genome 

sequences available until the last three to five years (Siebenga et al. 2010).  

 

Since the spring of 2012, a new strain has spread worldwide – Sydney 2012. This strain 

is believed to have caused one of the biggest winter outbreaks of norovirus in the UK, 

and has been isolated in locations across the globe including Austria, China, Denmark, 

Italy, Switzerland, and USA (Fonager et al. 2013; Giammanco et al. 2013; Huttner et al. 

2013; Mai et al. 2013; Maritschnik et al. 2013; van Beek et al. 2013). In the UK, the Health 

Protection Agency (now Public Health England) reported a 49% increase in infection 

compared to the average number of cases over the previous five years, with a 44% 

increase in the number of hospital outbreaks recorded (Adams 2013). The majority of 

this increase was due to an earlier than usual peak in cases – with 356 outbreaks 

reported between October and November 2012, compared to 140 reported during the 

same period in 2011 – and this dominance over the previously circulating strain is in line 

with estimates of increased prevalence from the emergence of other GII.4 pandemic 

strains (Hall et al. 2013). Over the Christmas period, hospital outbreaks garnered much 

media attention, since 194 wards were closed during the last four weeks of 2012 due to 

control measures, restricting visitor access (Health Protection Agency 2013).   

 

4.2.2 Hospital Transmission 

Ward closures and restriction of visitors are common practice during clinical outbreaks 

of norovirus (Greig and Lee 2009; Norovirus Working Party 2012), with the main aim of 



125 

reducing transmission to other parts of the hospital. Infection can take place in a number 

of ways; the patient may have entered the hospital already infected, or was infected in 

the hospital through direct person-to-person transmission (patient, staff or visitor) or 

environmental contamination. Identifying which of these scenarios has occurred is 

problematic, yet this information could inform improved methods of intervention when 

outbreaks occur. For example, closing wards and restricting movement around the 

hospital (leading to the cancellation of, for example, scheduled surgery (Cooke et al. 

2003)) might prove unnecessary if a large outbreak was in fact due to a number of 

isolated independent introductions in to the hospital with very little onwards infection, 

and not due to rapid transmission of a single strain throughout individual wards. 

 

 Partial sequencing of select regions of the norovirus genome have been used previously 

in outbreak analysis to link cases (Dingle and Norovirus Infection Control in 

Oxfordshire Communities Hospitals 2004); however the resolution of whole genome 

sequencing allows the possibility of tracking transmission at a finer scale. Recent work 

tracing the spread of an outbreak via the accumulation of mutations across the genome 

shown that most Clostridium difficile infection cannot, in fact, be explained by direct 

transmission from symptomatic patients within the hospital (Eyre et al. 2013; Walker et 

al. 2012; Cule and Donnelly, submitted), and has been used to show the directionality of 

transmission in five immunodeficient patients with norovirus (Kundu et al. 2013). In this 

chapter, I go beyond previous studies of norovirus transmission by investigating 

norovirus outbreaks using whole genome sequencing in Oxfordshire hospitals over a 
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four year period, in order to address the question of the main sources of norovirus 

infection in the hospital setting. 

 

The Oxford University Hospitals (OUH) NHS Trust is made up of four hospital sites, 

and annually covers over 670,000 outpatient appointments (Oxford University Hospitals 

NHS Trust 2012). In 2009, my colleagues in the Modernising Medical Microbiology 

Consortium initiated a study into the transmission and evolution of norovirus in OUH. 

One of the key features of this study is the concurrent collection of both genetic and 

epidemiological data, the latter accessible via infrastructure put in place by the 

Infections in Oxfordshire Research Database (IORD). This database contains 

anonymised hospital records, including admission and ward movements, alongside 

laboratory information for any collected samples (Finney et al. 2011). This represents an 

extraordinary resource for a single NHS trust, and a unique opportunity for 

investigating norovirus transmission dynamics via a combined genomic and 

epidemiological approach. 

 

4.2.3 Chapter Aims 

In this chapter, I investigate GII.4 norovirus at three levels. I first investigate GII.4 

norovirus globally, to calibrate the rate of evolution using whole genome sequencing. 

This is fundamental to detecting transmission through a comparison of norovirus 

genomes, because the approach relies on the interpretation of genetic relatedness in 

terms of recent transmission, something that is assisted by an estimate of the real-time 

rate of genomic divergence. Secondly, I look at genetic diversity within a single season, 



127 

to test whether the unusual dynamics of the winter 2012-2013 season are reflected in 

norovirus genomes isolated during the same period. These both lead to the main focus 

of this chapter, where I use a stochastic model to combine genetic data with electronic 

patient records to test the hypothesis that the majority of patient transmission in 

Oxfordshire hospitals over four seasons from 2009 to 2013 is due to infection acquired 

from another patient within the hospital.  

 

4.3 Methods 

4.3.1 Evolutionary Analyses 

To investigate the evolution of GII.4 norovirus, I downloaded all norovirus sequences 

that were at least 7kb in length and had a known year of sampling from GenBank. I then 

typed these using the NoroNet genotyping tool (Kroneman et al. 2011), and I discarded 

any sequences found to be from subgroups other than GII.4. This resulted in 401 

sequences (Appendix C), which I then aligned using MUSCLE under the default 

parameters (Edgar 2004). I also obtained a smaller dataset of only a single reference 

genome per major strain type of GII.4 as defined in Eden et al. (2013) and aligned in the 

same way (these sequences are indicated with an asterisk in Appendix C). I inferred 

norovirus phylogenies using PhyML 3.0 (Guindon et al. 2010), under the HKY85 model 

of nucleotide substitution (Hasegawa et al. 1985). 

 

4.3.2 Winter 2012-2013 Dataset   

Between October 2012 and January 2013, colleagues collected samples from across the 

United Kingdom and Jersey (Figure 4.3.1). This specific period covers the unusually 
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early arrival of norovirus in the UK, before the new Sydney 2012 strain responsible had 

been identified and reported in the literature (van Beek et al. 2013).  Samples were taken 

from patients with symptoms of vomiting or diarrhoea in hospital, and community 

outbreaks identified as having likely been caused by norovirus using the Kaplan criteria 

(Kaplan et al. 1982b). 

 

RNA from the whole stool samples were sequenced, since norovirus is non-culturable 

and therefore difficult to isolate, using the protocol in Batty et al. (2013). In that paper, 

mapping was used for assembling the genomes after sequencing to distinguish 

norovirus sequence reads from those of other organisms within the sample. However, 

the extensive genetic diversity between norovirus strains makes mapping-based 

 

 

Figure 4.3.1: Norovirus sampling locations for the winter 2012-13 dataset. Map showing the 

locations from which samples were obtained during the winter 2012-13 outbreak. The value in 

brackets next to each location indicates the number of samples from both the community and 

hospital that could be adequately sequenced and used in further analysis. 
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approaches problematic due to their dependence on a specific reference genome chosen 

to map against – for example, it was found that sequencing reads from a New Orleans 

2009 type strain did not map well to the Sydney 2012 reference strain (accession number 

JX459908). With this dataset, there could have been new, distinct variants and therefore 

a more robust de novo assembly pipeline was developed by Dr David Wyllie to remove 

the need for mapping to multiple references and for better identification of recombinant 

sequences (Wong et al. 2013). Firstly in his approach, for each sample, all sequenced 

reads were compared to 91 norovirus reference sequences using blast (Wong et al. 2013). 

Only reads with a good match to at least one of these reference sequences were kept, 

and these were then de novo assembled using VICUNA (Yang et al. 2012). This resulted 

in 22 full genome sequences covered by a single contig, which I aligned using MUSCLE 

(Edgar 2004) under the default parameters prior to further analysis. The reads for these 

22 sequenced are deposited in the European Nucleotide Archive Sequence Read Archive 

under study accession number PRJEB4318 (minus C00014392). 

 

4.3.3 Oxford Norovirus Outbreak and Patient Data 2009-2013 

Outbreaks of norovirus in OUH are identified according to the Kaplan criteria (Kaplan 

et al. 1982a; Kaplan et al. 1982b). The criteria include vomiting in more than 50% of 

cases, an average incubation period of 24 to 48 hours, an average duration of illness of 

12 to 60 hours, and no bacterial pathogens isolated from stool culture (implying that the 

outbreak is likely to be caused by norovirus). Standard protocol involves diagnosing 

samples using an immunoassay test, which gives a positive result in less than twenty 

minutes, although only up to a maximum of six samples per identified possible 
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outbreak are tested until the first positive result. Since these tests have poor sensitivity, 

samples are also sent for PCR at the reference laboratory.   

 

Outside of this standard protocol for identifying patients with norovirus, stool samples 

were obtained for whole genome analysis whenever possible in collaboration with the 

nursing stuff. Samples were whole genome sequenced and de novo assembled using the 

methods described for the winter 2012-13 isolates in Section 4.3.2. For inclusion in the 

analysis, I required that sequences were at least 7.5kb in length and assembled into a 

single contiguous sequence. In the case of more than one isolate being whole genome 

sequenced for a patient, the sample with the earliest date was used for further analysis; 

if multiple samples were taken on this date, then one was chosen at random. I aligned 

sequences using MUSCLE (Edgar 2004). Since the ends of the contigs tended to be of 

low quality, I trimmed the alignment to include only the three open reading frames.  

 

From September 2009 to July 2013, any patients that had norovirus infection confirmed 

via immunoassay, PCR or whole genome sequencing methods were automatically 

recorded in the IORD database as being symptomatic. Any unconfirmed patients, but 

with symptoms of diarrhoea and vomiting most likely due to norovirus – for example, 

due to known contact with someone who has confirmed infection, or is known not to 

have bacterial cause of infection – were also recorded in the extract from IORD. 

  

For each symptomatic patient, epidemiological data about the hospital admission 

during which they had norovirus were obtained from IORD by Prof Tim Peto, curator of 
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the database. These data included the day on which symptoms first appeared, the date 

of any confirmed test results and genetic samples, the specific wards that patients 

visited, and the start and end times of these ward stays. Any patients for which ward 

stay information was unknown were removed from the analysis, as were those with 

obvious database errors such as admission times chronologically later than discharge 

times. These types of errors are inevitable in large databases such as those for a whole 

NHS trust, and are therefore just deemed as missing at random.   

 

For the stochastic transmission model (see next section), information is required about 

the number of susceptible patients in the hospital at any point in time, in addition to 

those who are infected. Only wards visited by a symptomatic patient are relevant to the 

analysis, as susceptible patients in other wards would not have had the potential for 

transmission in the same way as those who shared wards with an infectious individual. 

For these wards, the only data obtained from IORD were the admission and discharge 

times for each patient that had visited.  

 

4.3.4 Bayesian Analysis of Transmission in OUH 

To investigate patterns of transmission in OUH, I used a stochastic transmission model 

developed by Dr Madeleine Cule and Prof Peter Donnelly (Cule and Donnelly, 

submitted), adapted for norovirus. In what follows, I give a brief overview of the 

original model which was used to investigate the epidemiology of C. difficile 

transmission, along with details of how this was adapted to take into account the known 

and distinctive biology of norovirus.    
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Original Model for C. difficile 

Cule and Donnelly’s model is based on a stochastic SIR model; such models have 

previously been applied to small datasets such as one or two wards, as in Forrester et al. 

(2007) and Cooper et al. (2008). The different states of infection that a patient is assumed 

to progress through are shown in Figure 4.3.2a. Initially, all patients are assumed to be 

susceptible (𝑆). After infection, a susceptible patient first becomes colonised (𝐶), a state 

which represents the incubation period before a patient becomes symptomatic and 

therefore infectious. The rate at which this occurs depends on whether the patient has 

already been admitted to hospital. The infectious period is split into three states: 𝐼1 is the 

infectious population that have not yet had a confirmed diagnosis, 𝐼2 corresponds to 

those infectious within a fixed window around the diagnosis time, and 𝐼3 the infectious 

population after the test has taken place, aiming to capture the effect of patient isolation. 

  

Figure 4.3.2: Stochastic compartmental SIR model. Patients are classed as either susceptible (𝑆), 

colonised (𝐶), infected (𝐼) or recovered (𝑅). In the original model for C. difficile, the infected 

compartment is split into pre-test (𝐼1), near-test (𝐼2) and post-test (𝐼3), and recovery can either be 

slow or rapid. This is simplified in the norovirus model, retaining only a single infectious state 

with a record time to test. Adapted from: Cule and Donnelly (submitted). 
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Random mixing is assumed among individuals in the same ward, so that any patient is 

equally likely to infect any other. Outside of wards, patients are considered equally 

likely to infect patients in the same hospital. Recovery (and subsequent removal from 

the model) can either be fast or slow, depending on the length of infectiousness (labelled 

as 𝐼3𝑎 and 𝐼3𝑏 respectively in Figure 4.3.2a). Definitions for all parameters associated 

with moving through these states are given in Table 4.3.1. 

 

Cule and Donnelly developed a Gibb-sampling MCMC approach to estimate the model 

parameters in which the source of colonisation (infection in our simpler model) is 

tracked for each patient. This can either be from the background, either inside or outside 

the hospital, or due to another patient in the hospital. Transmission can only be inferred 

as compatible between two patients if the genetic sequence types (ST) of samples 

isolated from the two patients are the same. When this is true, the source is then broken 

down into the ward stay during which the transmission event took place, and the 

transmission route. In the full model, there are therefore nine possible patient-patient 

routes: contact on the same ward (either directly, or environmental), contamination 

attributed to a patient after they have left a ward, and within the hospital (but not in the 

same ward) for each of the pre-test (𝐼1), near-test (𝐼2) and post-test (𝐼3) infectious states. 

 

Stochastic Model for Norovirus Transmission 

The model in this chapter was adapted by Dr Cule for norovirus, as depicted in Figure 

4.3.2b. The infectious states around the test are much simplified, allowing for only a 

single rate of infectiousness rather than rates varying according to whether the patient is  
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Table 4.3.1: Summary of parameters in the stochastic SIR model. 

Parameter Description 

Rates of transmission 

* 𝛽0 Background rate of infection in hospital 

* 𝛽1 Rate of patient-to-patient transmission within a ward (no 

difference between pre- or post-test) 

 𝛽2 Rate of transmission due to post-discharge contamination 

* 𝛽3  Rate of colonisation when outside hospital 

 𝛽4  Rate of transmission due to direct contact before 𝑇 − 𝑎, where 

𝑇 is the test time and 𝑎 is fixed 

 𝛽5  Rate of transmission in an interval [𝑇 − 𝑎, 𝑇 + 𝑏], where 𝑇 is the 

test time and 𝑎, 𝑏 are fixed 

 𝛽6  Rate of transmission after time 𝑇 + 𝑏 but before recovery, 

where 𝑇 is the test time and 𝑏 is fixed 

Multipliers  

 𝛼𝑖  Relative infectiousness of sequence type 𝑖 

 𝜂  Relative rate of transmissions between wards compared to 

within wards 

* 𝜓  Relative infectiousness of contamination compared to direct 

contact 

Rates of disease progression within a patient 

* 𝜆1  Time from colonisation to test, with no incubation period 

 𝜆1𝑎  Time from colonisation to start of infectious period, inside the 

hospital 

 𝜆1𝑏  Time from colonisation to start of infectious period, outside the 

hospital 

 𝜆2  Time from colonisation to start of infectiousness 

 𝜆2𝑎  Time from colonisation to onset of infectiousness, inside the 

hospital 

 𝜆2𝑏  Time from colonisation to onset of infectiousness, outside the 

hospital 

 𝜆3  Time spent in 𝐼1 

* 𝜇1  Duration of recovery (single rate for all patients) 

 𝜇1𝑎  Duration of recovery (for slow recovering patients) 

 𝜇1𝑏  Duration of recovery (for fast recovering patients) 

* 𝜇2  Duration of post-discharge contamination 

Other  

 𝜃  Proportion of fast recovering patients 

* 𝜙  Probability of being colonised on admission 

* Only these parameters were included in the norovirus analysis. 
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pre-, near- or post-test. This is sensible, since there is little to suggest the rates of 

infection attributed to a particular patient differ according to whether or not norovirus 

has been confirmed – unlike C. difficile, norovirus treatment does not require specific 

drugs targeting the pathogen, instead focusing on rehydration. Further, testing is not 

consistently performed across patients and so a true test date is unknown in most cases. 

However, for presenting the results, I used the date of first confirmed symptoms as the 

nominal test date, and, where this information is not recorded but a sample was taken 

for analysis, the sample collection date. Consistent with this change, the time from 

colonisation to infection, 𝜆1, is now interpreted as the time it takes for symptoms to be 

recorded after initial infection, and the total duration of infection is given by the 

reciprocal of the total infection rate due to all possible routes of infection. Finally, a 

single rate of recovery is assumed. This simplified model resembles the deterministic 

SIR model applied in Chapter 3.   

 

In the stochastic model, genetic information is incorporated alongside the 

epidemiological model in the form of a sequence type (ST); transmission can only be 

inferred between two patients if they are infected by the same ST. In order to apply the 

stochastic model to norovirus, it was necessary to define norovirus STs, a concept that is 

not routinely used in the norovirus literature. All strains were the same genogroups 

(GII.4), the lowest taxonomic level in common usage in norovirus. Therefore I defined 

groups of similar sequences using a clustering algorithm, whereby each isolate is a 

maximum number of single nucleotide polymorphisms (SNPs) from at least one other 

member of the same cluster. This is equivalent to finding the unrooted phylogeny of all 
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sequences, and then cutting all branches which have a length greater than the SNP cut-

off value, and defining clusters according to the subtrees of isolates remaining.  

Choosing an appropriate cut-off is difficult, and it might be reasonably expected to have 

an effect on the results, so I implemented models using thresholds of 1, 3 and 10 SNPs, 

which we will see correspond to 9, 28 and 91 days of norovirus evolution respectively, 

to investigate the robustness of results.  

 

The stochastic SIR model assumes that the rates of colonisation, infection and recovery 

are constant. Clearly this may not be the case for norovirus infection over a period of 

several years, due to the known periodicity of a peak in winter cases and very little 

infection taking place over the summer (Mounts et al. 2000). Therefore, I split the four 

years of data into seasons to allow the rates of transmission to be estimated 

independently and compared across years. I defined a season as starting at midnight on 

1st September and ending at 11:59pm on 31st August the following year, as this point 

falls during the period of fewest reported cases of norovirus in the UK (Health 

Protection Agency 2013).  

 

I ran two independent MCMC chains for each combination of SNP threshold and 

season, starting from different initial values to check for convergence. I ran the MCMC 

for a chain of 500,000 steps, with samples taken every 500 iterations and the first 10% of 

samples discarded as burn in. All of the priors are assumed to be gamma distributed, to 

facilitate the Gibbs sampling algorithm, and are given in Table 4.3.2. The gamma 

distributions assumed a priori for 𝜆1, 𝜇1and 𝜇2 all have a median of five days, as this is a 



137 

conservative estimate of duration of symptoms to occur, recovery period and 

contamination respectively, given what is currently known about the epidemiology of 

norovirus infection (Weber et al. 2010). Results quoted use the median for point 

estimates, and the 2.5% and 97.5% quantiles for credible intervals. 

   

Table 4.3.2: Scale and shape parameters for the gamma distributed priors. 

 Gamma prior parameters 

Parameter Scale Shape 

𝛽0, 𝛽1, 𝛽3 1.00 0.001 

𝜓  1.00 1.00 

𝜆1  2.31 0.10 

𝜇1, 𝜇2 1.38 0.10 

 

 

4.4 Results 

4.4.1 Evolutionary Relationship between Global GII.4 Strains 

The phylogeny of the dominant GII.4 strains since the 1970s reveals an interesting 

dynamic of recurrent strain emergence (Figure 4.4.1a). Unlike, for example, the ladder-

like trees associated with seasonal influenza virus (Bedford et al. 2011), new norovirus 

strain types do not appear to emerge from the most recently circulating variation. 

Instead, new strains seem to be more closely related to the major strains from at least 

two seasons previously. For instance, the most recent Sydney 2012 strain (and related 

Hong Kong 2012 strain, isolated around a similar time (Chan and Chan 2013)) is far 

more closely related to the Osaka 2007 and Asia 2003 strains, than the previously 

circulating New Orleans 2009 strain. Another such example includes Den Haag 2006b 

being more closely related to strains that originally emerged in 2001-2, than to Hunter  
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Figure 4.4.1: Evolution of GII.4 Norovirus. a) Maximum likelihood tree showing the ancestral 

relationships of 16 major GII.4 strains. b) Scatterplot showing the evolutionary distance in 

expected substitutions per site between 400 GII.4 norovirus sequences and an ancestral CHDC 

strain from 1974. The gradient of the regression line represents the evolutionary rate in 

substitutions per site per year. 

2004, Yerseke 2006a or either of the strains from 2007. This suggests that old strains 

succeed in persisting despite a dominant new strain, evolving phenotypes that give 

them a distinct advantage over the currently circulating strain, results that update and 

extend the observations of Bull and White (2011) on the VP1 capsid gene. 

 

Despite the punctuated emergence of new strains over time, the rate of molecular 

evolution over the last 40 years has been remarkably clock-like. In Figure 4.4.1b, the 

expected evolutionary distance of 400 GII.4 sequences (Appendix C) to an ancestral 

CHDC strain from 1974 (GenBank accession number: FJ537134; Bok et al. (2009)) is 

plotted against time. The gradient of the regression line estimates the mutation rate in 

GII.4 norovirus to be 5.29 × 10−3 substitutions per site per year, with a nominal 95% 

confidence interval of  (5.09, 5.48) × 10−3. Note that this confidence interval is only a 

a) b) 
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guide to the uncertainty in the estimate of the mutation rate, due to the non-

independence caused by shared evolutionary history. 

 

Assuming a genome length of 7,560b, the genome-wide mutation rate is approximately 

3 mutations per month, or 1 mutation every 9 days. It is worth noting that the majority 

of isolates that I downloaded from GenBank were sampled from 2006-2008. To 

investigate the influence of this apparent oversampling, I resampled sequences from 

these years at a lower frequency and re-calculated the gradient of the regression line. 

Reassuringly, no significant change in the estimate was seen (p-value ≤ 0.0001). 

 

4.4.2 Circulating Strains in England and Jersey, Winter 2012-2013 

Prior to the emergence of the Sydney 2012 strain, the previously dominant global GII.4 

lineage was the New Orleans 2009 strain (Yen et al. 2011; van Beek et al. 2013). These 

two lineages are relatively divergent, differing at 803 nucleotides, or 11% of the genome. 

To gauge the relationships between recent local norovirus outbreaks and the globally 

circulating strains, I compared 22 newly-sequenced norovirus genomes from England 

and Jersey isolated during winter 2012-13 to New Orleans 2009 and Sydney 2012, 

focusing on the sites that distinguish the two reference genomes. For each sequence on 

the y-axis, Figure 4.4.2 shows whether each site along the x-axis is the same as the 

Sydney 2012 reference in blue, the New Orleans 2009 reference in yellow, or different to 

both references in turquoise. Two of the 22 genomes, Jersey 10/Dec/2012 and 

Southampton 21/Dec/2012, are clearly more closely related to the New Orleans 2009 

reference strain, and 18 more closely resemble the Sydney 2012 reference strain.  
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Figure 4.4.2: Comparison of isolates from winter 2012-13 with the last two most recent global 

strains. Graph depicting all 803 single nucleotide variants between New Orleans 2009 and 

Sydney 2012 along the x-axis, and the UK Winter 2012-13 samples and reference strains along the 

y-axis. The relative positions of the ORFs have been shown for reference. Nucleotides identical to 

the Sydney 2012 variant are displayed in blue, whilst nucleotides identical to New Orleans 2009 

are depicted in yellow. Turquoise indicates variants that that differ from both Sydney 2012 and 

New Orleans 2009. Grey depicts bases that were not called. 

Interestingly, two sequences (Medway 19/Nov/2012 and Oxford 18/Dec/2012) appeared 

to be New Orleans-Sydney hybrids, as judged by their mosaic genomes in which the 

majority of sites match those in New Orleans 2009, but where sites towards the end of 

the genome match the Sydney 2012 reference strain. This mosaicism implies that the two 

sequences represent recombinant sequences with a recombination breakpoint around 

the ORF1/ORF2 overlap, the same location found by Fonager et al. (2013). 

 

Evidence of phylogenetic incongruence between ORF1 and ORF2/ORF3 (Figure 4.4.3) 

supports this observation. The New Orleans 2009-like and Sydney 2012-like strains are 

found in monophyletic clusters (indicated by yellow and blue, respectively) in both the 

ORF1 and ORF2/ORF3 trees. The two previously identified recombinant sequences, 
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Medway 19/Nov/2012 and Oxford 18/Dec/2012, are found together in both trees, as 

shown in red. However, in ORF1 these sequences cluster with New Orleans 2009, and in 

ORF2/ORF3 they are most closely related to Sydney 2012, confirming a difference in 

ancestry between the open reading frames.  

 

Notably, there is no obvious spatio-temporal structuring in the phylogenies in Figure 

4.4.3. Sequences similar to both the Sydney 2012 and New Orleans 2009 strains are 

isolated throughout the October 2012-January 2013 period, and the Sydney 2012 strain is 

widely spread. In Southampton, both Sydney 2012-like and New Orleans 2009-like 

sequences were found within a four day period from 17th December 2012 to 21st  

 

Figure 4.4.3: Ancestral relationships in ORF1 and ORF2/3 of winter 2012-13 isolates. Mid-point 

rooted maximum likelihood trees for ORF1 (left) and ORF2/ORF3 (right) regions of the genome 

for the 22 isolated and the two reference sequences. Clades are coloured by the reference 

sequence with which they cluster: New Orleans 2009 is shown in yellow and Sydney 2012 in 

blue, as in the previous figure. The two sequences indicated in red switch clusters according to 

ORF, and thus are deemed recombinant. 

ORF1 ORF2/ORF3 
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December 2012. The two recombinant sequences were sampled a month and around 

280km apart, and despite having evidence for a common recombination breakpoint, 

have 85 substitutions between their genomes. Further, there is remarkable diversity in 

the Sydney 2012 strain type within a single location. In Birmingham, three sequences 

were sampled over a three day period. Between those sampled on the 5th and 6th 

January, there is only a single nucleotide difference; however, there are at least 98 

differences between those and the isolate from 4th January. Such divergence is unlikely 

through mutation alone using the rate calculated in Section 4.4.1, so this suggests that 

there were multiple introductions of the virus in Birmingham. 

 

4.4.3 Epidemiology of Norovirus in Oxfordshire Hospitals 

The number of patients infected with norovirus varied widely in Oxfordshire hospitals 

across the four seasons covered, from 2009 to 2013 (Table 4.4.1). The highest number of 

cases attributed to norovirus occurred in the 2009-10 season, with 207 symptomatic 

patients. This was followed by 126 cases in 2010-11, and 148 cases in 2011-12. In these 

first three years 43, 42 and 39 wards respectively were host to a patient that was 

infectious during the same hospital visit (not necessarily infectious when they visited 

the ward), with at least 14 of those wards confirmed to have hosted a patient when 

symptoms occurred.  

 

Nationally, there was an early peak of cases in 2012-13, followed by typical prevalence 

throughout the remainder of the winter season (Adams 2013), but a different pattern 

was seen in OUH. There were only 22 symptomatic cases and 4 confirmed affected 
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wards - the lowest by far for all four seasons. Figure 4.4.4 and Figure 4.4.5 show the 

times of the hospital admission and discharge for each patient (i.e. the length of their 

entire hospital stay), coloured by the ward they were in when symptoms were first 

reported in the database. 

 

Table 4.4.1: Summary of norovirus patients 2009-2013 

 2009-10 2010-11 2011-12 2012-13 

Number of patients     

Symptomatic 207 126 148 22 

Sequenced 22 34 51 8 

Number of wards affected     

Hosted infected patienta 43 42 39 12 

Confirmed infected patientb 23 14 21 4 

Number of ward staysc  

Symptomatic patients only 594 380 438 60 

All patients 124,588 119,912 70,708 57,755 

GII.4 variants sequenced     

New Orleans 2009 22 (100%) 34 (100%) 51 (100%) - 

Sydney 2012 - - - 4 (50%) 

Recombinants - - - 4 (50%) 

Genetic clusters (cut off: 1 SNP)    

Total 15 21 36 7 

Max. sequences per cluster 5 4 7 2 

Genetic clusters (cut off: 3 SNPs)    

Total 12 8 13 3 

Max. sequences per cluster 10 9 16 4 

Genetic clusters (cut off: 10 SNPs)    

Total 6 8 8 2 

Max. sequences per cluster 17 9 19 4 

a. Wards which hosted a patient who were infected, had been, or who later became infected, 

during the same hospital visit. b. Wards where patient symptoms were first reported in the 

database. c. Number of patient ward stays (of any length) on a ward which hosted a patient who 

was infected, had been, or who later became infected, during the same hospital visit. 
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Figure 4.4.4: Hospital stays for symptomatic patients with norovirus for a) 2009-10 and b) 2010-

11 seasons. Each horizontal line represents a hospital stay, defined as from the first day a patient 

was admitted to hospital until the day they were discharged. Circles denote the time at which 

symptoms were first reported - black if a sample was sequenced, and grey otherwise. Colours 

represent the ward on which they were staying when symptoms were reported in the database.  

a) 

b) 
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Figure 4.4.5: Hospital stays for symptomatic patients with norovirus for a) 2011-12 and b) 2012-

13 seasons. Each horizontal line represents a hospital stay, defined as from the first day a patient 

was admitted to hospital until the day they were discharged. Circles denote the time at which 

symptoms were first reported - black if a sample was sequenced, and grey otherwise. Colours 

represent the ward on which they were staying when symptoms were reported in the database.  

a) 

b) 
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Obtaining samples for sequencing was difficult at the start of the study, so only 22 

isolates were obtained and sequenced to high quality for 2009-10. However, the study 

gathered momentum, with 34 and 51 samples sequenced in 2010-11 and 2011-12. All of 

these isolates were typed to be of the New Orleans 2009 strain (Table 4.4.1). In 2012-13, 

eight samples were sequenced. Of these, half were found to be of the Sydney 2012 type, 

and the remaining four were recombinants with a New Orleans 2009 ORF1 and Sydney 

2012 ORF2/ORF3, revealing a mixed strain epidemic.   

 

The diversity of the genetic data for each season is captured in the form of a heat map in 

in Figure 4.4.6 and Figure 4.4.7. Each sequence along the x-axis is compared to those 

along the y-axis, and the colour of their intersecting square indicates the number of 

single nucleotide polymorphisms (SNPs). Pairs of sequences that are identical or have 

high similarity are coloured dark teal, whereas as pairs of sequences which are most 

diverse are coloured dark brown (1000 or more SNPs). In between these extremes, the 

palest cream represents around 570-600 nucleotide differences. The sequences are 

ordered according to similarity via hierarchal clustering, as shown by the dendrogram. 

These are not phylogenetic trees, but do give a view towards the relatedness of 

sequences as defined by the SNP differences. There is clearly one highly diverse 

sequence in the 2011-12 season, with a minimum of 963 and maximum of 1166 

differences from the samples sequenced from other patients. In 2012-13, the brown and 

teal sections represent the dissimilarity between the four Sydney 2012 strains on the 

right, and the four recombinants on the left.   
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Figure 4.4.6: Heat map showing the pairwise number of SNP differences between patient 

sequences for the a) 2009-10 and b) 2010-11 seasons. Dark teal represents sequences that have 

the highest similarity, and dark brown those that have the greatest diversity (up to 1166 SNPs). 

The dendrogram gives the clustering of sequences by SNP distance. 

a) 

b) 
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Figure 4.4.7: Heat map showing the pairwise number of SNP differences between patient 

sequences for the a) 2011-12 and b) 2012-13 seasons.  Dark teal represents sequences that have 

the highest similarity, and dark brown those that have the greatest diversity (up to 1166 SNPs). 

The dendrogram gives the clustering of sequences by SNP distance. 

a) 
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b) 
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I grouped patients with sequences together into clusters or ‘STs’ so that each isolate is a 

maximum number of from at least one other member of the same cluster. I investigated 

three different thresholds the SNP cut off: 1, 3, and 10 SNPs across the whole genome. 

Using the evolutionary rate of 5.29 × 10−3 substitutions per site per year from Section 

4.3.1, these represent a time period of 9, 28 and 91days respectively. Norovirus is a self-

limiting disease, with symptoms usually lasting around 3-5 days, so these thresholds 

should be conservative in allowing transmission between patients, despite the small 

possibility of sequencing error. The season with fewest genetic clusters was 2012-13, 

reflecting the fact that this season had the fewest sequences sampled (Table 4.4.1). In 

2009, even at 10 SNP cut off, the 22 sequences were split across 6 clusters, five of which 

represented singletons that had no other sequence within 10 SNPs, showing that strain 

types were relatively divergent.  

 

I ran the transmission model using all three SNP thresholds to investigate what effect, if 

any, the choice had on the results. Since, in general, the parameter estimates appeared to 

be robust to the choice of SNP threshold, here I only present the results of the most 

stringent (1 SNP) threshold. Results of the analyses under the 3 and 10 SNP thresholds 

are summarised in Appendix C. 

 

4.4.4 Comparison of Norovirus Dynamics 

Stochastic transmission model results revealed that transmission events traced to 

another known patient in the hospital represented the greatest risk of infection. For ease 

of notation, this will be referred to as ‘patient-to-patient transmission’, though it is 
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important to consider that such transmission events need not only to have occurred 

through actual contact, but also through a shared environment. The next greatest risk of 

infection came from the background within the hospital, followed by the background 

infection outside the hospital. The posterior distributions for the rate of infection via 

each of these routes are shown in Figure 4.4.8. The rate of patient-to-patient 

transmission, 𝛽1, was estimated at up to 164 infections per 10,000 patient bed days 

(Table 4.4.2). Background infection within the hospital from unidentified sources was 

estimated to occur at a rate, 𝛽0, up to 2.16 per 10,000 patient days in 2011-12. 

Background infection rates outside the hospital, 𝛽1, accounted for less than 0.0005 

infections per 10,000 patient days in all four seasons. This negligible rate of transmission 

from outside in the hospital was underlined by the low probability of colonisation on 

entry to the hospital, which was less than 0.001% in all four seasons.  

 

Across seasons, the rate of patient-to-patient transmission varied from 65 infections per 

10,000 patient bed days in 2012-13, to 165 in 2011-12. These rates differed significantly, 

as evidenced by the non-overlapping credible intervals in Table 4.4.2, suggesting that, as 

a susceptible patient on the same ward as someone infectious, the risk of being infected 

varied as much as 2.5-fold over the four year period. A different pattern was seen across 

seasons for the background rate of infection within the hospital, which ranged from 0.98 

infections per 10,000 patient days in 2009-10 to 2.16 in 2011-12. Again, this shows 

evidence of a significant difference in rate, with the risk of infection increasing two-fold 

over the three seasons from winter 2009 to summer 2012. 
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Patient-to-patient transmission was modelled as occurring either directly, or from 

contamination remaining in the ward after the donor patient has been discharged. This 

distinction was made via the contamination multiplier, 𝜓. It was estimated that 

contamination remaining in the ward after the donor patient has been discharged 

accounted for 21-37% of the number of direct infections.  

 

 

Figure 4.4.8: Comparison of parameter distributions for four seasons of the transmission 

model. Marginal posterior distributions for all parameters in the analysis; the prior distribution 

is shown with a dash black line, and the posteriors for the 2009-10, 2010-11, 2011-12 and 2012-13 

seasons are in red, blue, orange and purple respectively. 
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Table 4.4.2: Summary of transmission parameter estimates by season. 

Parameter 2009-10 2010-11 2011-12 2012-13 

𝛽0 (infections per 

104 patient days) 

0.98 

(0.59, 1.48) 

1.22 

(0.80, 1.77) 

2.16 

(1.52, 2.89) 

1.54 

(0.75, 2.70) 

𝛽3 (infections per 

106 patient days) 

0.04 

(0.01, 0.09) 

0.02 

(0.01, 0.06) 

0.05 

(0.02, 0.14) 

0.01 

(0.00, 0.07) 

𝛽1 (infections per 

104 patient days) 

134.39 

(107.82, 165.98) 

133.85 

(102.74, 170.76) 

163.89 

(126.27, 211.15) 

65.38 

(34.64, 114.41) 

𝜓 

 

0.21 

(0.07, 1.53) 

0.37 

(0.08,  1.04) 

0.24 

(0.02, 1.03) 

0.31 

(0.01, 2.22) 

𝜆1 

(days) 

0.64 

(0.48, 0.85) 

0.83 

(0.56, 1.15) 

0.57 

(0.41, 0.79) 

1.27 

(0.78, 2.23) 

𝜇1 

(days) 

1.64 

(1.23, 2.16) 

1.26 

(0.87, 1.85) 

1.76 

(1.24, 2.43) 

2.95 

(1.47, 6.85) 

𝜇2 

(days) 

9.52 

(1.53, 21.29) 

4.63 

(2.19, 11.13) 

3.43 

(1.56, 10.58)  

6.38 

(1.92, 45.03) 

𝜙 

(× 10−3) 

0.06 

(0.00, 0.30) 

0.01 

(0.00, 0.03) 

0.01 

(0.00, 0.05) 

0.01 

(0.01, 0.06) 

Parameters are defined in Table 4.3.1. Inf. /𝟏𝟎−𝟒 pat. days Infections per 10,000 patient days.  

The duration of infection within a patient was broken down into the time from 

colonisation to symptoms being reported, and then until recovery. The duration of 

infection before symptoms were reported in the patient database was estimated to be 

between 0.57 days in 2011-12 to 1.27 days in 2012-13. This represents more than a two-

fold increase from one season to another. The time from symptoms to recovery ranged 

from 1.26 days in 2010-11 to 2.95 days in 2012-13.  

 

The duration of contamination was variable both within a season and across years, 

ranging from 3.43 days in 2010-11, to 9.52 days in 2009-10. The estimated duration of 

contamination in 2012-13 fell in the between of these estimates, but it was much more 

variable, with the 95% CI extending to 45 days.  
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4.4.5 Main Routes of Norovirus Transmission 

I interpreted the results to identify the dominant routes of norovirus transmission. 

Across all the four seasons, the dominant route of infection inferred was that of a patient 

acquiring disease from another known infectious case in the hospital (Figure 4.4.9). The 

highest proportion of cases attributed to direct patient transmission was 76% in the 

2009-10 season. This proportion falls successively in subsequent seasons to a low of 59% 

in 2012-13.  

 

I split direct transmissions further into those that occurred before symptoms were 

reported, and those that took place after (Table 4.4.3). In 2009-10 and 2011-12, the 

majority of infection took place after symptoms had been reported. This fits with the 

biology of norovirus, since diarrhoea and vomiting cause a vast dispersal of virions. 

 

Figure 4.4.9: Sources of norovirus infection. Posterior distributions for the proportion of 

individuals infected from an unexplained source (either inside or outside the hospital), directly 

by another patient, or via contamination remaining after a patient has left a ward. Colours denote 

seasons: 2009-10 in red, 2010-11 in blue, 2011-12 in orange, and 2012-13 in purple. 
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However, infections attributed to a patient before symptoms are reported were inferred 

to account for up to 41% of transmission in 2010-11, compared to only 29% after they 

have been reported.   

 

Ward contamination following discharge of infected patients did not appear to be an 

important route of transmission. Despite the high rate of transmission directly between 

patients, the proportion of infections due to the contamination remaining on a ward 

after a patient had been discharged was less than 10% in all four years.  

 

 

Table 4.4.3: Posterior probabilities for the source of infection by season. 

Source 2009-10 2010-11 2011-12 2012-13 

Background: 
0.140 

(0.115, 0.169) 

0.230 

(0.214, 0.262) 

0.310 

(0.297, 0.331) 

0.409 

(0.364, 0.455) 

 
Inside hospital 

0.121 

(0.096, 0.150) 

0.214 

(0.198, 0.246) 

0.290 

(0.276, 0.310) 

0.409 

(0.364, 0.455) 

 
Outside hospital 

0.019 

(0.019, 0.019) 

0.016 

(0.016, 0.016) 

0.021 

(0.021, 0.021) 

- 

Direct: 
0.763 

(0.715, 0.797) 

0.706 

(0.675, 0.738) 

0.655 

(0.607, 0.683) 

0.591 

(0.545,  0.591) 

 Pre-reported 

symptoms 

0.314 

(0.251, 0.386) 

0.413 

(0.325, 0.500) 

0.310 

(0.255, 0.372) 

0.318 

(0.227, 0.455) 

 Post-reported 

symptoms 

0.449 

(0.357, 0.517) 

0.294 

(0.206, 0.381) 

0.338 

(0.269, 0.400) 

0.273 

(0.136, 0.364) 

Contamination: 
0.097 

(0.053, 0.145) 

0.055 

(0.024, 0.095) 

0.034 

(0.007, 0.083) 

0.00 

(0.00, 0.045) 

 Pre-reported 

symptoms 

0.024 

(0.005, 0.058) 

0.047 

(0.008, 0.079) 

0.007 

(0.00, 0.034) 

0.00 

(0.00, 0.045) 

 Post-reported 

symptoms 

0.072 

(0.034, 0.116) 

0.008 

(0.000, 0.040) 

0.028 

(0.00, 0.069) 

- 
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4.5 Discussion 

The aim of this chapter was to identify the dominant routes of transmission of norovirus 

in the hospital setting, and contextualise that within the wider evolution and 

epidemiology of GII.4 norovirus. I found that direct person-to-person contact was 

overwhelmingly the dominant route of infection for norovirus on hospitals, responsible 

for up to 76.3% (71.5, 79.7) of new infections in 2009-10 (Table 4.4.3). Almost all of this 

transmission occurred during overlapping ward stays, ruling out an important role for 

ward contamination as a vector of norovirus transmission (PP< 0.145 in all four 

seasons). This high rate of nosocomial transmission contrasts with recent work carried 

out by my colleagues in OUH, in which they discovered that 75% of C. difficile cases in 

Oxfordshire could not be attributed to direct transmission from other symptomatic cases 

in the hospital (Eyre et al., 2013; Walker et al., 2012; Cule and Donnelly, submitted). 

 

As a susceptible patient, the risk of infection was up to 100 times higher when sharing a 

ward with someone infectious compared to the background rate elsewhere in the 

hospital (2009-10 and 2010-11 seasons, Table 4.4.2). This background rate includes 

unsampled sources of infection such as asymptomatic carriage, visitors, staff and 

contamination not attributed to a patient. Further, the rate of infection due to patients 

becoming infected outside of the hospital was negligible, estimated to be less than 1.4 ×

10−7 for all seasons. This is an important result for infection management, as it suggests 

that independent introductions of norovirus to the hospital are generally rare; however, 

the presence of an infectious patient on a ward increases the risk of onward 

transmission hugely. The high proportion of cases attributed to a patient source is in 
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agreement with the results of Teunis et al. (2013), who showed 72% of cases in 

Netherlands had a direct transmission link using a transmission probability matrix. 

Gallimore et al. (2004b) found that 26% of staff and 33% of patients during an outbreak 

were asymptomatic, so this could explain how outbreaks of norovirus are initiated from 

within the hospital, rather than being brought in by symptomatic patients on admission. 

 

I detected a different dynamic in the 2012-13 season compared to the other seasons, 

particularly the 2011-12 season preceding it. This was pertinent due to the emergence of 

the new Sydney strain of GII.4 norovirus in March 2012 and subsequent global spread 

(van Beek et al. 2013). The risk of infection for a susceptible patient from sharing a ward 

with an infectious patient was only 65.38 (34.64, 114.41) infections per 10,000 patients, 

the lowest by far of all four seasons covered in this study. This could have been due to 

the small sample size, but given sampling intensity increased as the seasons progressed, 

it more likely suggests that the 2012-13 strains were less transmissible, on average, than 

those in previous seasons, resulting in fewer secondary cases. This conclusion is 

supported by the high proportion of infections attributed to background pressures in 

the hospital compared to other seasons (PP = 40.9% (36.4, 45.5) in 2012-13, compared to 

PP = 31% (30, 33) in 2011-12, the season with the second highest proportion).  

 

Interestingly, around 41.3% (32.5, 50.0) of infections in 2010-11 and 31.8% (22.7, 45.5) in 

2012-13 were attributed to have come from patients before they were confirmed to be 

symptomatic. Norovirus is most easily spread through diarrhoea and vomiting (Caul 

1994; Patel et al. 2009), so such a high prevalence of infection occurring before these 
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symptoms had been noted is unusual. However, it could reflect the lag between a 

patient experiencing symptoms, and nursing staff recording them in the patient 

database. 

 

I assumed a single rate of recovery in this model, but there is evidence to suggest that 

shedding of norovirus can continue in some individuals for many weeks after 

symptoms have been resolved (Siebenga et al. 2008). If two patterns of infectiousness 

(symptomatic versus prolonged shedding) had occurred without having been explicitly 

accounted for, the posterior distribution for the time from test to recovery would have 

had a wide, possibly multi-modal, distribution. The 2012-13 season showed evidence for 

more variable recovery times than the other seasons, but the 95% credible interval was 

between one and seven days, and thus not consistent with long-term shedding patterns. 

Instead, I propose that the apparent slower recovery rate in 2012-13 was due to the 

prevalence of the Sydney 2012 strain. Four of the eight sequenced samples were typed to 

be this strain, and the remaining four were recombinants with a New Orleans ORF1 and 

Sydney 2012 ORF2/ORF3. A previous study in China by Mai et al. (2013) has suggested 

that symptoms are more severe when infected with the Sydney 2012 strain compared to 

previously circulating variants, and this might support a longer period of recovery. 

While the 2012-13 genomes were not exclusively Sydney 2012 variants, the presence of a 

dynamically different strain could explain the differences in recovery time and low 

secondary transmission rates. 
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One of the fundamental challenges with reconstructing transmission using whole 

genome sequences is interpreting genetic divergence in epidemiological terms. In this 

study, I defined strains or ‘STs’ in order to rule out transmission between patients 

infected by less closely related viruses. I defined the STs according to a SNP threshold, 

the choice of which could plausibly have affected the results. Choosing a threshold that 

was too stringent could have meant that isolates representing a transmission were not  

linked, prematurely ending a transmission chain and leading to an underestimate of 

patient-patient transmission (either directly or via a contaminated environment). On the 

other hand, an overly lenient threshold could have caused false inference of 

transmissions, and therefore led to an overestimate of the number of patient-patient 

transmissions, and an underestimate of infections coming from outside of the hospital. 

To test the robustness of inference under the model, I compared three SNP thresholds. 

Generally, there was good concordance in estimates (Appendix D), so I presented only 

the results from the 1 SNP threshold in this chapter. In 2010-11, 2011-12 and 2012-13, the 

1 SNP threshold produced a slightly higher estimate of background rate of unexplained 

transmission compared to the 3 and 10 SNP thresholds, and in 2012, the 1 SNP threshold 

gave decreased estimates of direct transmission compared to the more relaxed 

thresholds. The posterior distributions in both scenarios overlapped, suggesting that the 

threshold choice did not have a substantial effect on parameter estimates. This shows 

the importance of choosing a SNP threshold relevant to the question. Here I was 

interested in the amount of direct patient transmission, and the most stringent 1 SNP 

threshold represented the most conservative estimate of this.  
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Splitting the study by season allowed dynamics to be compared across years. Most 

notably, the results alluded to differences in infection dynamics due to the strain type of 

GII.4 norovirus. In the first three seasons of the study period, all sequenced isolates were 

of the New Orleans 2009 strain type. However, no strains of this type were detected in 

2012-13, when Sydney 2012 and New Orleans-Sydney recombinants took over (Table 

4.4.1). This reiterates the importance of studying evolution and transmission side by 

side.  

 

Previous estimates of the evolutionary rate have focused on only a limited region of the 

genome, and vary from 2 to 6 substitutions per genome per month (Bok et al. 2009; Bull 

et al. 2010; Siebenga et al. 2010). The rate calculated in this chapter fits at the low end of 

those estimates, which is to be expected given that I calculated a rate averaged over the 

whole genome, compared to previous estimates focusing on the diverse VP1 region or in 

vitro studies of the fallible RNA-dependant RNA polymerase. Most importantly, this 

updated rate gives a starting point for understanding norovirus transmission from a 

whole genome perspective. 

 

Recombination is clearly important in the evolution of norovirus, with two recombinant 

sequences observed in a small sample of only 22 isolates from winter 2012-13, and a 

further four out of eight isolates in the transmission study from the same season. The 

inferred recombination breakpoint fits with other recent studies including Fonager et al. 

(2013), who found similar results to those presented here in Denmark, and a much 

larger study by Eden et al. (2013), who identified intragenotypic recombination events in 



160 

major GII.4 norovirus strains. An advantage of the clustering method here is that it does 

not make any assumptions regarding recombination, which would make relatedness 

testing via phylogenetic methods problematic, and therefore confers a degree of 

robustness to outbreak analyses even when emerging, possibly recombinant, strains are 

suspected to be involved. 
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Chapter 5: Zoonotic Transmission of Campylobacter 

5.1 Campylobacter 

Campylobacter is a genus of 18 species of bacteria, and is one of the most commonly 

identified causes of bacterial gastroenteritis – causing diarrhoeal disease up to seven 

times more frequently than other species including Salmonella, Shigella and Escherichia 

coli (Allos 2001). Campylobacter species are gram-negative, spiral-shaped bacteria that 

thrive in low oxygen, warm conditions – growing optimally in air with around 5% 

oxygen content (Park 2002). The cells range in size from 0.5 to 8.0𝜇m long, and 0.2 to 

0.5𝜇m wide (Taylor 1992). They are motile due to the presence of either one or two 

flagella on the poles, which causes their movement to be corkscrew-like due to their 

spiral shape and appears to be suited to viscous environments (Ferrero and Lee 1988).  

 

Campylobacter may have been discovered by Escherich in 1886, and was first cultured in 

the first part of the twentieth century after being recognised as a cause of abortions in 

sheep (Escherich 1886; McFadyean and Stockman 1913). However, it was not until the 

1950s that the disease was associated with human gastroenteritis, and in 1963 the group 

of organisms were first separated from the Vibrionaceae group and the new genus named 

Campylobacter from the Greek for ‘curved rod’ (King 1957; King 1962; Sebald and Véron 

1963). Despite this, Campylobacter has only fully been recognised as an important human 

pathogen in the last 30-40 years (Dekeyser et al. 1972).  Of the campylobacter species 

that are pathogenic in humans, 90% is caused by C. jejuni, with the next most prevalent 
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cause of disease being C. coli. For the purposes of this section and the remainder of this 

thesis, the focus of discussion will remain on these two main species.  

 

5.1.1 Epidemiology and Incidence 

Campylobacter is a widespread zoonotic species, carried (often asymptomatically) in a 

range of mammalian and avian species.  It is also regularly isolated from environmental 

sources such as marine waters and sewage, probably due to faecal contamination (Jones 

2001; Lund et al. 2004; Bull et al. 2006b). The ideal temperature for growth appears to be 

37-42℃ in host species, but in the environment the bacteria survive best in cooler, damp 

conditions (Hazeleger et al. 1998; Park 2002). In temperate conditions, there appears to 

be a peak in incidence in the summer, and possibly also in spring and autumn, though 

reasons for this pattern have not yet been fully established (Nylen et al. 2002; Louis et al. 

2005; Meldrum et al. 2005).  

 

The main risk factor for human Campylobacter infection in developed countries is 

handling and consuming poultry (Corry and Atabay 2001; Wingstrand et al. 2006). This 

is unsurprising, given that a study in South Wales found that 75% of sample of raw 

chicken from local supermarkets was contaminated with Campylobacter (Harrison et al. 

2001), and a similar study in the US found 71% of retail raw chicken samples were 

contaminated (Zhao et al. 2001). In addition, it has been suggested there may be up to 

500 infectious organisms in a single drop of chicken juice (Allos 2001), with up to 103.91 

C. jejuni cells recovered from a single chicken wing (Kinde et al. 1983). Human disease is 

also often associated with other farm species such cattle, sheep and pig (Wilson et al. 
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2008; Sheppard et al. 2009), and case-control studies have found that eating out at 

restaurants, red meat, pork, seafood, barbecues and unpasteurised milk are all potential 

risk factors  (Kapperud et al. 2003; Neimann et al. 2003; Friedman et al. 2004). In 

contrast, the disease is hyper-endemic in developing countries. The prevalence in young 

children is particularly high, affecting up to 40-60% of children under the age of five 

(Calva et al. 1988). This may be attributable to weaning, as the child no longer receives 

antibodies from the mother’s milk, and has not yet developed immunity of their own 

(Nachamkin et al. 1994; Coker et al. 2002). Asymptomatic infections are common in 

developing countries, as are those with multiple strains (often alongside other enteric 

pathogen species) despite these observations being rare in developed nations (Glass et 

al. 1983; Taylor et al. 1988; Taylor et al. 1993). 

 

The true number of Campylobacter cases is unknown, as it relies on individuals both 

seeking medical attention and a sample being taken to confirm the diagnosis. In the US, 

it has been estimated that only 1 in 38 cases of infection are actually reported (Mead et 

al. 1999). In the UK, it is suggested that nearer to 50% of affected patients go to their 

general practitioner, but still less than half of those cases go on to be laboratory 

confirmed (Frost 2001). Figure 5.1.1 shows the number of laboratory reported cases in 

England and Wales from 2000 to 2011, plotted by month. The seasonal pattern is clear, 

with peaks occurring in the summer months. There is an upwards trend from 2005 

onwards, which fits with patterns seen in other developed countries such as the US 

(Gilliss et al. 2013).   

 



164 

 

Figure 5.1.1: Reported cases of Campylobacter in England and Wales. The monthly number of 

Campylobacter cases (all species) reported to the Health Protection Agency from 2000 to 2011 

(black), and 12 monthly moving average (red). Data from: Health Protection Agency (2012). 

5.1.2 Characteristics of Human Infection 

The infectious dose of Campylobacter is much higher than Shigella or Giardia, with 800 to 

1,000,000 organisms required to cause infection in up to 50% of people (Black et al. 

1988). Due to this, human to human transmission is rare (Allos 2001). Unlike norovirus, 

which has a low infectious dose, outbreaks of Campylobacter are rare in day care centres 

and health care institutions. Sporadic cases are thought to make up as many as 99% of 

cases, and outbreaks are usually due to a contaminated water or food source as opposed 

to a long chain of human transmission (Moore et al. 2005). 

 

Infection with Campylobacter displays the usual symptoms of gastroenteritis within 2-5 

days of colonisation: diarrhoea (containing blood or leukocytes), fever and abdominal 

cramps (Gillespie et al. 2006). In this sense, infection resembles that of other such 

bacterial pathogens including Salmonella, Shigella and Yersinia. Many patients also suffer 
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from fever, with temperatures over 40℃. Similarly to norovirus, treatment usually 

focuses on rehydration, though antibiotics may be given under certain circumstances, 

including if the patient is immunocompromised or suffering particularly bad symptoms 

(Blaser 1997). Identification of Campylobacter as the infective agent is done by culturing 

the organism from stool sample and PCR analysis (Stonnet and Guesdon 1993). 

Culturing is a slow process, requiring up to five days before a result may be produced 

complete with antibiotic sensitivity analysis, and detection of species may be limited 

according to the medium used (Moore et al. 2005). 

 

Symptoms usually last for around a week, regardless of whether antibiotics have been 

given. However, infection has been known to last for several weeks in some cases, and 

bacterial shedding can persist several weeks after symptoms have cleared, unless 

antibiotics have been prescribed (Kapperud et al. 1992). Whilst most cases are self-

limiting, there are possible secondary effects of infection as the result of the bacteria 

spreading further afield from the gut. Bacteraemia are generally rare, with a low case-

fatality rate (estimated to be 0.05 per 1000 infections), and are of greatest risk in patients 

such as the young, elderly and immunocompromised (Skirrow et al. 1993). Infection 

with Campylobacter can also lead to more serious complications including Guillain-Barré 

syndrome (Nachamkin et al. 1998), Miller Fisher syndrome (Taboada et al. 2007), and 

reactive arthritis (Pope et al. 2007).   

 

Until the late 1990s, fluoroquinolines and macrolides were the preferred antibiotic 

treatment, as they were also able to treat other pathogens with similar symptoms such 
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as Salmonella and Shigella in the time before a diagnosis was laboratory confirmed. 

However, strains of Campylobacter resistant to both of these treatments have been 

discovered, and the increase in their prevalence is synonymous with overuse in human 

and veterinary prescribing, particularly of food animals (Sam et al. 1999; Piddock et al. 

2000; Allos 2001; Engberg et al. 2001). Resistance to erythromycin continues to be low, 

around 5%, despite continued medical and veterinary use (Allos 2001; Wimalarathna et 

al. 2013). Whilst this is good news, the limited number of treatments available for both 

humans and livestock is of great concern (Moore et al. 2006). 

 

5.1.3 Evolution 

The C. jejuni reference genome is around 1.6Mb in length, which is relatively small 

compared to E. coli, which has a genome of ~4.6Mb. This limited genome size may 

explain the lack of ability to obtain energy from carbohydrates (either through 

fermentation or oxidization), and the resulting difficulties in finding a suitable culturing 

medium for growing Campylobacter in the laboratory (Griffiths and Park 1990). The small 

genome also means that Campylobacter does not have the DNA repair mechanisms found 

in many larger bacterial genomes, which may contribute to fallible replication and rapid 

variation in sequences, possibly resulting in diversity within a host resembling a 

quasispecies (Parkhill et al. 2000). Parkhill et al. (2000) also noticed variable regions 

consisting of homopoly (repetitive single nucleotide sequences), which they noted may 

be important in survival.  
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The highly diverse genome of Campylobacter has proved problematic in understanding 

how it evolves, even for the ‘core’ genome (the genes present in all strains). Wilson et al. 

(2009) used a combined population genetics and phylogenetic approach to show that C. 

jejuni evolves rapidly, though purifying selection removed up to 60% of the resulting 

mutants, yielding an estimated mutation rate of 3.23 × 10−2 mutations per kilobase per 

year. However they suggest that despite this slow rate, the large effective population 

size means that novel mutations can occur at any site in the population after only a 

week. In addition, recombination has been found to be very important in maintaining 

the genomic diversity in Campylobacter, occurring both within a species, and between 

them – particularly between C. jejuni and C. coli (Dingle et al. 2005; Fearnhead et al. 2005; 

Sheppard et al. 2008).  Indeed, recombination has been estimated to generate diversity at 

twice the rate of mutation (Wilson et al. 2009). 

 

5.1.4 Multilocus Sequence Typing and Genomic Sequencing 

Multilocus sequence typing (MLST) for C. jejuni and C. coli is based on seven 

housekeeping genes: aspA, glnA, gltA, glyA, pgm, tkt, and uncA (Dingle et al. 2001; Dingle 

et al. 2005). These loci are 402 to 507 base pairs in length, and are spread around the 

reference sequence with a minimum gap size between positions of 70kb. The seven loci 

have been chosen such that there is sufficient diversity to be useful in typing, both 

specific and sensitive enough to discriminate between isolates, but also not influenced 

by positive selection or recombination which would make the resulting data less 

amenable to population genetic methods.  
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At each locus, the alleles are assigned an arbitrary numeric label, and thus each isolate 

has a profile of seven numbers. Each unique allelic profile is known as a sequence type 

(ST), and thus represents the full resolution of MLST. Clonal complexes represent 

groups of closely related sequence types, differing in alleles at three or fewer of the loci. 

Thus these complexes ideally give groups of sequences that have a more recent common 

ancestor with other members of the group compared to those strains outside it (Smith et 

al. 1993; Maiden et al. 1998). 

 

The allocation of sequence types enabled work into host association and sources of 

human disease, and the genetic evolution within and across Campylobacter species 

(Wilson et al. 2008; Sheppard et al. 2009; Wilson et al. 2009). However, understanding 

ancestral relationships with MLST is not necessarily straightforward in a complex 

species such as Campylobacter. The sharing of alleles in clonal complexes is likely to 

imply recent shared ancestry, but the effect of recombination means that alleles at 

different loci may not have been inherited via the same route.  

 

Campylobacter was first whole genome sequenced in 2000 (Parkhill et al. 2000). To date, 

the majority of studies using whole genome data have been limited to the 

announcement of one or two new sequences, and comparison to those sequences 

already publically available (Fouts et al. 2005; Pearson et al. 2007; Poly et al. 2007; 

Takamiya et al. 2011; Jerome et al. 2012; Wu et al. 2013). There have been three main 

studies with larger datasets. Lefébure et al. (2010) analysed 43 strains of C. jejuni and 42 

strains of C. coli to investigate the species-specific core genes and identify a finite pan-
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genome of similar size in both C. jejuni and C. coli. Sheppard et al. (2013a) analysed 26 

new strains of C. coli to demonstrate the introgression of C. jejuni genes into C. coli. Both 

of the aforementioned datasets were combined with a further 80 genomes in an 

association study by Sheppard et al. (2013b), identifying genes involved with vitamin B5 

biosynthesis as frequently present in cattle, but absent in chicken. 

 

5.2 Motivation 

Many new and emerging human pathogens are zoonotic, making a crucial leap from 

being well established in animal populations to being able to transmit to humans. 

Viruses that have successfully achieved this and gone on to cause serious epidemics in 

humans include severe acute respiratory syndrome (SARS), Ebola fever, and various 

strains of influenza (Parrish et al. 2008). However, zoonosis is not limited to viruses, and 

there are a number of well-known bacterial zoonoses including E. coli O157:H7, 

Salmonella enteritidis, Plague (Yersina pestis), brucellosis and bovine tuberculosis (Corbel 

1997; Caprioli et al. 2005; Duplantier et al. 2005; Velge et al. 2005; de la Rua-Domenech 

2006). Parrish et al. (2008) describe three stages that take place during the emergence of 

new zoonoses. Firstly, a few pathogens gain the ability to be able to transfer into the 

new host, but with little or no further transmission. Then, occasionally, some of these 

will be transmit further throughout the host population in localised outbreaks, and 

finally, this extends into sustained transmission between hosts.  

  

The chance of zoonosis is dependent on many factors in both the pathogen and the new 

host (see, for example, the reviews in Parrish et al. (2008) and Blancou et al. (2005)), but 
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of clear importance is the role of a change in interaction between original and new host, 

whether demographic, social or behavioural (Garnett and Holmes 1996; Dobson and 

Carper 1996b). In emerging human zoonoses, this interface can be either through direct 

(wildlife, pets) or indirect (foodborne) contact (Cleaveland et al. 2001; Daszak et al. 2001; 

Blancou et al. 2005). The capability of colonising more than one species clearly increases 

the scope of transmission and therefore survival of the pathogen, but it also relies on 

being able to rapidly adapt to the new host. Yet, this adaptation can come at a cost; 

research has shown that adaptation to one environment may cause reduced fitness in 

others (Giraud et al. 2001).   

 

The genus Campylobacter comprises several widely distributed species of zoonotic 

pathogens, carried, often asymptomatically, in the gut microbiota of a range of 

mammalian and avian species, including, notably, those found on farms. As a 

consequence, opportunities for contamination of products including meat, poultry and 

unpasteurised milk with Campylobacter species can take place at any time from farmyard 

to consumption (Neimann et al. 2003).  Traditional epidemiological analysis has been 

used to investigate the major sources of Campylobacter species infection in humans, but 

this has proven difficult because of unusual transmission dynamics. In contrast to other 

common gastroenteric pathogens such as E. coli, Salmonella and norovirus, Campylobacter 

infection in humans is sporadic, and rarely manifests as large outbreaks where a single 

infective source can be identified with confidence (Pebody et al. 1997). When large 

outbreaks of Campylobacter have occurred, they are usually associated with 

contaminated drinking water (for example, as described in Clark et al. (2003), Engberg et 
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al. (1998) and Palmer et al. (1983), amongst others) and there has been very little 

evidence towards direct human-to-human transmission (Allos 2001). Therefore, 

attention has focused on attributing human cases – at the level of population – to 

various reservoir populations, including animals farmed for meat and poultry, wild 

birds and mammals, and the environment (Wilson et al. 2008).  

 

Genetic analysis through multilocus sequence typing (MLST) has proven useful in 

understanding the source of human infection, exploiting genetic differences that exist 

between Campylobacter strains that live in different reservoirs (McCarthy et al. 2007). 

Replicated in independent studies in England, Scotland and New Zealand, this 

approach has revealed that over 95% of human cases can be attributed to meat sources 

(chicken, cattle, sheep and pig), with 56-76% of cases attributed to poultry alone (Wilson 

et al. 2008; Mullner et al. 2009; Sheppard et al. 2009). While at the population level, 

MLST has the power to reveal the dominant sources of Campylobacter infectious to 

humans, at the level of individual cases there often remains considerable uncertainty as 

to the source population. Although some sequence types (STs) are statistically 

associated with a specific source - for example, some wild bird species are colonised 

with phylogenetically distinct Campylobacter lineages (Sheppard et al. 2011; Griekspoor 

et al. 2013), and ST-257 and ST-61 are associated with chicken and ruminants 

respectively (Sheppard et al. 2011) - others appear associated with numerous host 

species. Indeed, some of the most common lineages associated with human disease 

including ST-21, ST-45 and ST-828 are found frequently in both chicken and cattle. This 

has led some to argue that STs of Campylobacter differ in their level of host specificity, 
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with some designated as specialists and others generalists, for example as in Gripp et al. 

(2011). 

 

With the advent of whole genome sequencing, there is new hope of detecting fine-scale 

genetic structure below the level of ST (Enright and Spratt 2011; Wilson 2012). This 

could reveal previously undetected associations between sub-strains and particular 

hosts, potentially revealing that STs such as ST-21, ST-45 and ST-828 are not in fact 

genuine generalists, but are merely an aggregate of host-restricted sub-strains that 

appear to be generalists due to the limited resolution of MLST (Schouls et al. 2003). The 

improved resolution afforded by whole genome sequencing would then lead to more 

accurate source attribution, and provide further evidence to inform public health 

strategies and subsequently help reduce the current upwards trend in cases (Figure 

5.1.1) as occurred after MLST analysis implicated poultry as the main source of infection 

in New Zealand (Sears et al. 2011). Yet, there is another possibility: STs such as ST-21, 

ST-45 and ST-838 commonly isolated from more than one host reservoir may actually be 

genuine generalists, capable of living on and transmitting between multiple host species 

or environments. In this scenario, whole genome sequences should reveal little or no 

clustering with reservoir even below the level of ST; instead we would conclude that 

these strains are indeed able to colonise hosts with a broad spectrum of physiological 

traits, including different immune systems, digestive tracts and body temperatures 

(Palmer et al. 2005). 
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5.2.1 Chapter Aims 

In this chapter, I use whole genome sequencing to test the hypothesis that isolates from 

ST-21, ST-45 and ST-828, three of the most common human disease-causing sequence 

types of C. jejuni and C. coli, are in reality strongly host-restricted below the level of 

sequence type, and whether it is possible to use this information to infer the source 

population of human isolates more accurately.  This analysis provides additional 

insights into the rate of zoonotic migration of these sequence types between source 

populations.  

 

5.3 Methods 

5.3.1 Overview 

To test the hypothesis of sub-ST host restriction in Campylobacter, I will estimate the 

number and rate of zoonotic transmissions in the ancestral history of isolates sampled 

from various sources including chicken, cattle, pig and wild birds. If strains are perfectly 

host restricted below the level of ST, we would expect to see isolates sampled from the 

same source reservoir clustering into one or a small number of distinct clades within the 

phylogeny. Under the general hypothesis, Campylobacter isolates from the same source 

population will be scattered throughout the tree, interspersed with isolates from 

different source populations, and there will be no association between source and 

evolutionary lineage.  

 

Central to the analysis is the estimation of the number of migration events between 

source populations, which will be low when isolates are host restricted. At one extreme, 
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only a single transmission event is required for the initial founding of each source 

population. At the other extreme, if lineages are transmitting freely between source 

populations, there will be numerous transmissions between source populations. 

Formally, I will adapt the phylogeography approach of Lemey et al. (2009), treating 

source populations as if they were distinct geographic entities. The phylogeography 

approach, which is implemented in BEAST (Drummond et al. 2012) treats the 

population to which an ancestral lineage belongs as a discrete trait that evolves along 

the phylogeny according to the migration rate matrix. 

 

5.3.2 Isolate Collections and Whole Genome Sequencing 

Three sequence types were chosen as the focus of the study, ST-21, ST-45 of C. jejuni, 

and ST-828 of C. coli, because they are among the most common lineages that cause 

disease in humans, but unambiguous attribution of a source population has proven 

difficult using MLST data (Wilson et al. 2008; Sheppard et al. 2009). Isolates from these 

three STs were chosen from MLST collections (www.pubmlst.org/campylobacter, Jolley 

and Maiden (2010)), sequenced and assembled according to the protocol described in 

Sheppard et al. (2013b), and their exact isolate numbers are given in Appendix E. In 

total, 30, 28 and 42 sequences were obtained for ST-21, ST-45 and ST-828, respectively 

(Table 5.3.1). Chicken and cattle are the reservoirs most associated with human 

infection, so in all three STs these were sampled at with highest frequency. Since wild 

bird isolates were available for ST-45 and pig isolates for ST-828 these were also 

included, though they are known to be much less likely to cause human infection. MLST 
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shows there is little evidence for there being an environmental source of infection, so no 

environmental samples were taken.  

 

Table 5.3.1: Source populations of isolates by ST. 

Host Species ST-21 ST-45 ST-828 

Chicken 13 13 13 

Cattle  7 9 10 

Pig - - 6 

Bird - 3 - 

Human 10 3 13 

Total 30 28 42 

 

After Illumina sequencing, the high coverage short reads of 25-50bp in length were de 

novo assembled using Velvet (Zerbino and Birney 2008), and the resulting contiguous 

sequences (‘contigs’) stored using BIGSdb (Jolley and Maiden 2010). These contigs were 

then compared to the NCTC11168 reference sequence (Genbank accession number: 

AL111168) to identify genes using a BLAST search. A reference sequence is a 

representation of the genes found in a species, often used as a baseline for comparison of 

newly sequenced genomes. NCTC11168 was the first Campylobacter genome to be 

sequenced and annotated in 2000 (Parkhill et al. 2000). It was subsequently updated and 

re-annotated in 2007, making it an important resource for locating and aligning 

Campylobacter genes (Gundogdu et al. 2007). Orthologous genes to the reference 

sequence were defined as homologous genes that had 70% or greater nucleotide 

identity, and less than 50% difference in alignment length. Genes for all isolates were 

then aligned using MUSCLE (Edgar 2004), and concatenated into a single sequence per 

sample, including gaps for missing genes relative to the reference. The resulting fasta 
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file of these sequences was the start point of my analysis, along with information on the 

host species from which the isolate was sampled.  

 

5.3.3 BEAST Analysis 

The analysis was implemented in BEAST v1.7.5 (Drummond et al. 2012), using a 

zoonotic transmission reconstruction model to infer the source of the infection (host 

species) along the branches (see Section 5.3.5 for further details). Given that human to 

human transmission is rare (Allos 2001), an ambiguity code was set up in the zoonotic 

model to allow the human isolates to have an ‘unknown’ source population. For each 

human isolate, the other host species in the analysis were given equal prior probability 

and thus most likely source of the human isolates could be inferred. This is edited in to 

the BEAST xml file by adding an <ambiguity> to the <generalDataType> as in the 

example below, where state 9 can be inferred to be either of states 1 or 2: 

 <generalDataType id="host.dataType"> 

  <!-- Number Of States = 2 --> 

  <state code="1"/> 

  <state code="2"/> 

  <ambiguity code="9" states="12"/> 

 </generalDataType> 

 

A constant population was assumed, due to computational efficiency compared to more 

complicated models of demographic change in what is already a complex model. All 

parameters were scaled in terms of the effective population size, 𝑁𝑒, by setting it to 1.0. 

The population scaled clock rate was 𝜃 2⁄ . For the zoonotic transmission reconstruction 

model, a uniform prior from 0.0 to 100.0 was assumed for the host migration rate, a 

gamma prior with mean 1.0 and scale 1.0 for the relative rates of migration, and a 

uniform (Dirichlet) prior for the host population equilibrium frequencies. The HKY85 
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model of nucleotide substitution (Hasegawa et al. 1985) was used with an uncorrelated 

log-normal relaxed clock and gamma rate heterogeneity with four categories 

(Drummond et al. 2006). A log-normal prior with a mean of 1.0 and standard deviation 

of 1.25 on the logarithmic-scale was assumed for the transition:tranversion ratio 𝜅, and 

an exponential prior with mean 1.0 was utilized for the gamma shape parameter 𝛼. For 

the log-normal relaxed clock parameters, a uniform prior between 0.0 and 10.0 was 

assumed for the mean, and an exponential with mean 1.0 for the standard deviation. A 

uniform (Dirichlet) prior was used for the nucleotide frequencies. To calculate the 

number of discrete zoonotic transmissions across the branches, Markov jumping was 

performed using BEAST (Minin and Suchard 2008a; Minin and Suchard 2008b; Talbi et 

al. 2010). 

 

The MCMC was run for 500 million iterations, with samples taken every 5000 iterations 

after discarding the first 10% of iterations as burn in. For each ST, the analysis was 

repeated four times with different initial values to check convergence and mixing, and 

these runs were combined for the final results. Unless otherwise stated, the posterior 

median was used for point estimates and the (2.5%, 97.5%) quantiles for credible 

intervals. The inferred ancestral host type for each branch in the phylogeny was taken to 

be the one with the highest posterior probability, and the trees were visualised using 

FigTree v1.4 (Rambaut and Drummond 2009). Due to a lack of sample date information, 

the analysis is given in coalescent time (denoted 𝜏). However, this is calibrated in to 

years using an independent estimate of the mutation rate in Campylobacter of 3.23 × 10-5 

substitutions per site per year from Wilson et al. (2009). 
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5.3.4 Accounting for Ancestral Recombination  

There is much evidence to suggest that novel diversity in Campylobacter is generated 

frequently by the continued movement of genes between lineages more so even than by 

the evolution of new variants through mutation (Wilson et al. 2009; Sheppard et al. 

2010). A high level of recombination leads to mosaic genomes with differing ancestral 

histories, and the full evolution of samples cannot be represented by a coalescent 

geneology. Instead, relationships can be represented using the more complex Ancestral 

Recombination Graph (ARG) or phylogenetic network (Hudson and Kaplan 1988; 

Griffiths and Marjoram 1996; Huson and Bryant 2006). Software such as SMARTIE can 

infer the most likely ARG of a sample, and to count to number of recombination events, 

but such implementations are limited to a small number of sequences (Bloomquist and 

Suchard 2010). Preferably, an analysis would be performed such as the one 

implemented by ClonalFrame (Didelot and Falush 2007), which identifies the clonal 

history of isolates in the sample whilst also estimating when and where recombination 

events took place. However, there are a number of limitations with such programs, not 

least being that they offer limited models of demography (such as not implementing the 

phylogeography model for understanding migration between hosts), have a lack of 

robust methods for comparison (Arenas et al. 2008), and involve a not-inconsiderable 

amount of computational time with whole genome sequence data. Thus, there are 

advantages in favour of using a phylogenetic tree building approach.  

 

During preliminary analyses using BEAST, a relaxed clock model and gamma site 

heterogeneity were used to try and account for the effect of recombination. Informally, 
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this assumes that a recombination event resulting in high sequence diversity on a 

branch is equivalent to that branch having a relatively high mutation rate when 

compared to branches with no or low diversity recombination events, and is a step 

towards the model underlying ClonalFrame with the model flexibility of BEAST. 

However, these analyses diagnosed difficulties in the mixing of MCMC algorithm 

underlying BEAST, even notwithstanding the ClonalFrame-like model, with multiple 

runs of the same analysis frequently converging to different topologies. To overcome 

this, and account for the effect that recombination has in skewing the branch lengths of 

the dominant phylogenetic tree (Schierup and Hein 2000), homoplasious sites 

incompatible with the maximum likelihood tree were identified and removed, as well as 

sites with more than two alleles (Pupko et al. 2000; Guindon et al. 2010).  

 

For the final dataset, only the biallelic sites compatible with the inferred phylogeny were 

included in the alignment, alongside all of the non-variable sites. The removal of 

homoplasies in this way resolved the mixing issues with BEAST. 

 

5.3.5 Zoonotic Transmission Reconstruction 

Recently, Lemey et al. (2009) have developed a model for phylogeographic inference 

and implemented it in BEAST. This method has been used in a number of geographic 

applications (Carnieli et al. 2011; Véras et al. 2011; Zehender et al. 2011; Lycett et al. 

2012a; McAdam et al. 2012), but it can be used for any discrete trait or phenotype, such 

as gene reassortment between subtypes (Lycett et al. 2012b; Ward et al. 2013) and the 

identification of important ancestral hosts (Haß et al. 2011). Here, I used it to represent a 
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migration model between different reservoirs of Campylobacter defined by host species 

(Figure 5.3.1). Using the method, it is possible to report the posterior probability of any 

node in the tree being a particular state (for example, to infer the trait of the MRCA), 

and also to obtain relative rates of transition between states, for example to see if there is 

an association with certain traits being more likely to switch. In this chapter, the method 

is used to reconstruct the number of zoonotic transmission events of Campylobacter 

throughout the tree, and to obtain estimates for rates of migration between host species. 

 

Lemey et al. (2009) model transitions between the discrete states as a Markov process, 

and thus the discrete traits model is analogous to the setup of a standard nucleotide 

substitution model as described in Section 2.6.1. A matrix 𝚲 (equivalent to the 𝑸 matrix) 

is constructed from three main components: 𝜇, the instantaneous transition rate, which 

acts to scale the trait transition rates into the units used for the tree; a matrix 𝑺, which 

determines the rates of transition between each pair of states, relative to every other pair 

of states; and a diagonal matrix 𝚷, which contains the equilibrium frequencies of the 

traits of the time reversible model. The finite-time transition probabilities are then 

obtained by exponentiating 𝚲 = 𝜇𝑺𝚷 (cf. Equation (2.12) in Section 2.6.1).  
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Figure 5.3.1: Zoonotic model of transmission. A schematic of the zoonotic transmission model 

implemented in BEAST, analogous to the nucleotide substitutions in Figure 2.6.1. Solid arrows 

represent the rates of transmission between hosts, 𝑆𝑖𝑗. Dashed lines represent transmissions into 

humans – these are modelled as ambiguous states at the tips of the tree, and are inferred in each 

iteration of the analysis and summarised at the end to give a posterior probability. 

 

 

5.3.6 Markov Jump Counting 

The discrete traits model can be used to identify the most likely trait that would have 

been observed for a branch in the tree, but it does not by default output what proportion 

of the branch length has been spent as that trait, nor how many swaps there have been 

to and from other traits (source populations) in that time. In other words, the 

evolutionary path of the discrete trait is hidden. Minin and Suchard (2008a) showed that 

it is possible to find an analytical solution for the moments of the counting process of 

discrete traits, allowing the number of transitions (or ‘Markov jumps’) across a branch to 

be recorded. This method was extended to a whole tree in Minin and Suchard (2008b), 

alongside tracking when the Markov jumps occurred. This latter extension allows the 

length of time spent in each trait along a branch to be calculated (known as the ‘Markov 

rewards’).  
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The method of Minin and Suchard (2008b) is simulation-free, meaning that it is much 

more computationally efficient than alternative, simulation-based methods such as the 

stochastic mapping of Nielson (2002), where histories of characteristics have to be 

repeatedly simulated and discarded if not compatible with the data. Talbi et al. (2010) 

implemented Markov jump counting in BEAST, where it can be run in conjunction with 

the discrete traits phylogeographic method of Lemey et al. (2009).  

 

5.4 Results 

5.4.1 Evidence for Ancestral Recombination 

As noted, I included three STs of Campylobacter in the analysis, two of C. jejuni (ST-21 

and ST-45) and one of C. coli (ST-828). Samples from chicken and cattle were obtained 

for all three STs, as previous work using MLST has shown these are the most common 

reservoir species for human infection. Wild bird isolates were also collected for ST-45, 

and pigs for ST-828. It is known that, even within an ST, there is evidence for 

considerable recombination detected using whole genome sequencing in C. jejuni and C. 

coli (Biggs et al. 2011). Recombination is problematic for phylogenetic analyses as it 

skews branch lengths in the tree, and leads to an overestimate in the substitution rate 

heterogeneity and loss of molecular clock (Schierup and Hein 2000). Therefore, I 

required that only polymorphic sites in the genome that represented the dominant 

underlying phylogeny should be used for the full analysis. This left sequence 

alignments with 51.7% of the original polymorphism in ST-21, 50.3% in ST-45, and 12.6% 

in ST-828 (Table 5.4.1). Whilst this clearly removes a sizable fraction of the polymorphic 

sites, a virtue of full-length genome sequencing is that the remaining sites are highly 
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informative about the underlying ancestral tree. MLST covers less than 0.5% of the 

genome with up to 21.2% genetic diversity (Dingle et al. 2001), so even the 12.6% 

polymorphism remaining in ST-828 offers vastly superior resolution than is available 

with MLS. The reason for so much more of the polymorphism being homoplasious in 

ST-828 compared to the two C. jejuni STs (50% compared to 87%) is unknown, and open 

to speculation.  

 

Table 5.4.1: Summary of sequence data for the three STs. 

 ST-21 ST-45 ST-828 

Genome length: 

Non-polymorphic sites 

Polymorphic sites 

1529913 

1487590 

42323 

1401300 

1356574 

44726 

1289142 

1219277 

69865 

Biallelic sites: 

Without missing data 

Compatible with ML tree 

41378 

27668 

21875 

43730 

28093 

22499 

67547 

24928 

8821 

Total sites used in analysis 1515258 1379073   1228098 

 

 

5.4.2 Fine-scale Phylogenetic Structure within Sequence Types 

For all three sequence types, samples isolated from different host species are often more 

closely related than those isolated from the same host species (Figure 5.4.1). If the 

isolates were host restricted, we would expect to see distinct clusters of the same 

coloured branches together. However, this is clearly not the case, with branches of the 

same colour – representing the reconstructed reservoir population of that lineage – 

scattered throughout the tree in all STs. Further, one might expect that isolates from 

mammals would be more closely related than those from avian species due to a more 

closely related physiology. Again, this is not true, with bird isolates in ST-45 and pig 
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isolates in ST-828 being closely related to both chicken and cattle isolates. This would 

suggest that the ability to colonise a specific host has either evolved several times 

throughout the tree, most plausibly through horizontal gene transfer given that 

mutation is rare, or that the isolates bear the innate ability to infect all types of host in 

the sample. 

 

Much of the ancestral history of all lineages is inferred to have occurred within the 

chicken population, shown by the dominance of yellow branches. The MRCA of all 

three sequence types is inferred to be a chicken strain, with posterior probabilities of 

0.611, 0.504 and 0.387 for ST-21, ST-45 and ST-828 respectively. Considering the 

ancestral dominance of chicken throughout the tree, these values show generally low 

support for the MRCA and thus must be taken with caution. 

 

5.4.3 Rates of Zoonotic Transmission in Campylobacter 

Under the host restricted hypothesis, isolates sampled from the same source reservoir 

will cluster into a single clade within the phylogeny. Since there are only two states in 

ST-21, this represents a minimum of one host migration on a branch within the tree. In 

ST-45 and ST-828, two migration events must occur under the same hypothesis, to result 

in three distinct clades. In fact, the total number of migration events for all three STs is 

estimated to be much higher than these minimum values, with 419.037 (99.629, 

1168.663), 389.369 (82.112, 1286.315) and 31.463 (10.526, 321.469) migration events for ST-

21, ST-45 and ST-828 respectively (Table 5.4.2). Since the minimum number of changes is 

not included in any of the credible intervals, this is strong evidence towards rejecting  
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Table 5.4.2: Parameter estimates for each ST. 

Parameter ST-21 ST-45  ST-828  

Substitution rate    

(10−3 /site /𝜏) 1.916  

(1.138, 3.112) 

2.191  

(1.263, 3.558) 

2.012 

(1.042, 3.200) 

TMRCA    

Coalescent time, 𝜏 

 

Years 

 

0.880 

(0.384, 2.442) 

52.120 

(22.778, 144.855) 

0.868 

(0.401, 2.587) 

58.878 

(27.201, 175.481) 

0.649 

(0.228, 2.717) 

40.427 

(14.202, 169.245) 

Host switching rate    

/𝜏 

 

/year 

65.051 

(16.126, 98.373) 

1.097 

(0.272, 1.658) 

59.527 

(13.486, 97.946) 

0.878 

(0.199, 1.444) 

6.589 

(1.640, 60.836) 

0.106 

(0.026, 1.009) 

Number of migrations   

 419.037 

(99.629, 1168.663) 

389.369 

(82.112, 1286.315) 

31.463 

(10.526, 321.469) 

Estimated host frequencies   

Chicken 

 

Cattle 

 

Wild bird 

 

Pig 

 

0.614  

(0.384, 0.812) 

0.386  

(0.188, 0.616) 

- 

 

- 

0.506 

(0.316, 0.694) 

0.341 

(0.176, 0.535) 

0.140 

(0.043, 0.312) 

- 

0.356 

(0.071, 0.681) 

0.324 

(0.104, 0.619) 

- 

 

0.290 

(0.102, 0.602) 

Relative migration rates between host species  

Chicken-Cattle 

 

Chicken-Wild Bird 

 

Chicken-Pig 

 

Cattle-Wild Bird 

 

Cattle-Pig 

0.692 

(0.026, 3.699) 

- 

 

- 

 

- 

 

- 

 

0.770 

(0.034, 3.748) 

 

0.612 

(0.022, 3.333) 

- 

 

0.751 

(0.042, 3.674) 

- 

0.346 

(0.010, 2.359) 

- 

 

0.335 

(0.010, 2.443) 

- 

 

1.561 

(0.232, 5.164) 

Using the mutation rate 3.23 × 10-5 substitutions per site per year (Wilson et al. 2009) for 

calibration with the median evolutionary rate from the BEAST analysis, one unit of coalescent 

time (𝜏) is equal to: 59.318 years in ST-21, 67.832 years in ST-45, and 62.291 years in ST-828. The 

median value was used for estimating all other parameters in years.    
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the host specific hypothesis in favour of the STs being generalists. However, it is noted 

that the number of migration events in ST-21 and ST-45 is over ten times that of ST-828, 

suggesting that there may be some difference between the C. jejuni and C. coli strains. 

This pattern is also seen in the overall migration rate, where again the rate is in the order 

of nine to ten times higher in ST-21 and ST-45 than in ST-828. Using a mutation rate of  

3.23 × 10-5 substitutions per site per year (Wilson et al. 2009) for calibration, this 

corresponds to approximately one host migration event every nine years for ST-828 

compared to one every 12 or 13 months in ST-21 and ST-45. 

 

However, the credible intervals are wide, particularly for the C. jejuni sequence types, 

showing that there is much uncertainty in the estimates. It is important to note that the 

posterior distribution for the overall migration rate for ST-21 and ST-45 does not have a 

peak value, and the highest posterior density (HPD) interval contains the maximum 

value. Other priors with a wider distribution were tried, but this observation continued 

to be the case. This suggests that the true value tends to infinity, and that the rate 

reported here is an underestimate. Thus, I propose that the rate of migration is so rapid 

in ST-21 and ST-45 that there is no association between genetic structure and host 

species, and thus that isolates are equally able to transmit between species as within 

them. Statistically, this is equivalent to randomly assigning individuals to host species 

according to their probability in the original sample, which is illustrated by the 

estimated host frequencies being very close to the frequency of hosts in the original 

sample (Table 5.4.2). This adds to the evidence of these sequence types being true 

generalists. 
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5.4.4 Tracing the Source of Human Infection 

In Figure 5.4.1, the human cases at the tips of the tree are represented with black circles, 

and the posterior probability of the sources for the human isolates are illustrated by the 

bar plots and also given in Table 5.4.3. It is clear that in ST-21, ST-45 and ST-828 all but 

one of the 26 human cases were attributed to a chicken source (96%), and the remaining 

human case was found to be most likely from a cattle source (PP: 63.7%). Whilst this fits 

with results found using MLST data (for example the findings of Wilson et al. (2008), 

Sheppard et al. (2009) and Mullner et al. (2009)), there remains much uncertainty in the 

estimates. Even when human isolates are most closely related to chicken-only clades, 

there is 30-40% uncertainty in the host allocation. This is most likely to be due to the 

high switching rates noted in the previous section, and likely also alludes to the 

predominance of chicken isolates in the original sample. However, this uncertainty is 

still comparable to the 36% error rate of correctly assigning isolates to their source 

population using the model of Wilson et al. (2008) with MLST data, and in some human 

cases gives much more precise estimates.   
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Table 5.4.3: Posterior probabilities for the source of human infection. 

  Posterior Probability of Source  

Isolate Number ST Chicken Cattle Bird Pig 

29 21 60.91 39.09 - - 

117 21 61.13 38.87 - - 

116 21 71.95 28.05 - - 

182 21 60.97 39.03 - - 

189 21 61.71 38.29 - - 

195 21 61.00 39.00 - - 

36 21 64.86 35.14 - - 

34 21 64.11 35.89 - - 

37 21 61.17 38.83 - - 

60 21 68.23 31.77 - - 

55 45 81.73 13.04 5.23 - 

119 45 70.05 21.48 8.47 - 

32 45 55.19 31.92 12.89 - 

159 828 11.24 63.70 - 25.06 

170 828 57.80 21.34 - 20.85 

169 828 65.85 19.78 - 14.37 

161 828 76.49 13.68 - 9.83 

162 828 76.52 13.62 - 9.86 

160 828 64.71 19.88 - 15.41 

163 828 64.74 19.86 - 15.40 

167 828 64.69 19.92 - 15.39 

156 828 64.64 19.98 - 15.38 

168 828 64.70 19.92 - 15.38 

165 828 66.58 17.87 - 15.56 

2 828 91.98 4.10 - 3.93 

19 828 65.32 18.38 - 16.31 

 

 

5.5 Discussion 

This chapter investigated the source of Campylobacter infection in humans using whole 

genome sequencing, focusing on STs that appeared to be weakly host-associated on the 

basis of MLST. I tested whether these STs were in reality aggregates of strong host-



190 

restricted sub-groups, or whether they represented genuine generalists (Gripp et al. 

2011). I estimated rates of zoonotic transfer between Campylobacter reservoir 

populations, and attributed individual human cases to potential animal sources.  

 

In summary, I found fine-scale genetic structure below the level of ST that does not, 

however, appear to be host associated. I therefore concluded that these strains represent 

genuine generalists, adapted to live on multiple host species, and freely transmitting 

zoonotically between animal hosts. This flexible lifestyle may represent a niche in its 

own right in environments such as farms, where multiple mammalian and avian species 

routinely come into close contact. 

 

The picture is slightly different for the C. coli ST-828 strain, where there was evidence for 

relatively slower rates of zoonosis, compared to the C. jejuni ST-21 and ST-45 strains 

(Table 5.4.2). Even in ST-828 however, I was able to strongly reject the hypothesis of a 

unique host jump founding the population in each new species, evidenced by the 

scattering of isolates sampled from different sources throughout the phylogeny. 

 

With the rapid host-switching even below the level of individual STs, and the sparse 

sampling of potential source isolates compared to MLST studies (in which hundreds to 

thousands of isolates were available (Wilson et al. 2008; Mullner et al. 2009; Sheppard et 

al. 2009)), there was no clear additional information regarding source of infection 

provided by the whole genome sequence in the majority of human cases. This tells us 

that there is a fundamental trade-off between the number of samples and the number of 
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loci sequenced, and that the approximately thousand-fold increase in sequence 

information afforded by whole genomes over MLST does not on its own trump the need 

for detailed sampling of the potential source populations. The one exception to this 

trend was in ST-828, where I was able to confidently attribute a human case to a cattle, 

rather than a chicken, source (Table 5.4.3). It is fair to say that while this case provides 

evidence of the potential for whole genome sequencing to provide greater resolution in 

tracking the source of infection in individual cases of Campylobacter infection, there is no 

substitute for intensive sampling of source populations. 

 

My results show that cross-species transmission occurred at different rates in different 

STs, with far more frequent zoonotic transfer in ST-21 and ST-45 than in ST-828. I 

estimated that there were 419 migration events across the tree in ST-21 and 389 in ST-45, 

compared to only 31 in ST-828, in all cases significantly greater than the minimum 

number of migration events required under hypothesis of strong host restriction (Table 

5.4.2). In addition, the overall migration rate was around once per year in ST-21and ST-

45, with a strong possibility that this was an underestimate, but only 0.1 in ST-828. Even 

taking into account the effect of total tree length on the number of migration events, 

there was clearly a different pattern of host migration between the C. jejuni and C. coli. 

sequence types. 

 

The cause of the different overall rates of migration can be explained by the relative 

rates of transitions between species. In ST-45, there was very little difference in the 

relative rates of transmission between hosts (Table 5.4.2). This similarity in migration 
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rates between different host species suggests that it is irrelevant what type of host 

transmission event is taking place. However, in ST-828, switches are nearly five times 

more frequent between cattle and swine compared with the rates of exchange between 

these species and chicken. This distinction between inter-mammalian and mammalian-

avian exchange rates suggests that zoonosis is fundamentally different in ST-828 

compared to ST-21 or ST-45. This may be due to less a restrictive route of transmission 

between the mammalian species, either through opportunity, (say, the two mammal 

species may be more likely to share the same environment that ST-828 isolates occupy), 

or through affinity (ST-828 isolates may be more specialized to mammalian versus avian 

hosts than ST-21 and ST-45 isolates). The shorter genome of ST-828 compared to ST-21 

and ST-45 suggests that the latter is a distinct possibility.  

 

Recently Sheppard et al. (2013b) used a genome wide association study to show that the 

genes required for vitamin B5 biosynthesis show an association with cattle, and are more 

variable with regards to presence in isolates from chicken. They suggest that this may be 

due to the levels of vitamin B5 being lower in grass, the main diet of cattle, than in the 

cereals and grains that constitute the main chicken diet. This provides circumstantial 

support for a possible genomic basis for the difference in host specialism versus 

generalism in ST-828 versus ST-21 and ST-45. 

 

The effect of recombination even within individual Campylobacter STs is profound, and 

is challenging for phylogenetic inference. Several steps were taken to overcome the 

effects of recombination, including the removal of homoplasious sites incompatible with 
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the maximum likelihood tree to leave only sites representing the dominant underlying 

phylogeny. This led to the removal of up to 82% of the polymorphism in the case of ST-

828 (Table 5.4.1). Discarding data is obviously not ideal, however it is important to note 

that the remaining resolution is still far greater than MLST, and overcomes the issue of 

recombination which otherwise would be highly problematic in a BEAST analysis. 

There are software available (for example ClonalFrame (Didelot and Falush 2007)) that 

allow ancestral relationships to be inferred alongside recombination events. However, 

such methods tend to be limited in their model choice (for example, regarding a 

changing population size), and are often computationally slow, especially for large 

numbers of genomes. Unlike ClonalFrame, the approach described in this chapter 

identifies all homoplasious sites, with the distinct advantage that it allows for a range of 

phylogenetic analyses to be performed.  

 

The issues surrounding recombination have plagued phylogenetic inference in bacterial 

genomics in the whole genome sequencing era, so this general approach could pave the 

way for many new applications. In addition to investigating zoonotic transmission in 

numerous other species, the migration model could be used to compare categories of 

human hosts – for example, carriage and disease-causing isolates, or differences in 

hospital and community samples. In addition to migration, the dissipation of 

phenotypes could be compared throughout a phylogeny, including antibiotic resistance 

and symptoms of disease. 
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All but one of the human isolates were allocated to a chicken source; the remaining 

isolate, from ST-828, was attributed to a cattle source (Table 5.4.3). This supports the 

conclusion of numerous previous studies, including both those using MLST to 

investigate the source population, and epidemiological studies, that campylobacters 

attributable to chicken account for the majority of human illness (Harris et al. 1986; 

Wingstrand et al. 2006; Wilson et al. 2008; Mullner et al. 2009; Sheppard et al. 2009). This 

reiterates the importance of measures aimed at controlling food-borne disease in the 

agricultural industry. At the same time, this result suggests that without equally 

intensive sampling of Campylobacter reservoirs as undertaken in previous MLST studies, 

whole genome sequencing does not add sufficiently greater resolution to 

unambiguously attribute the source of individual human cases.   

 

An important limitation of the approach is that it is only possible to attribute human 

cases to sources already present in the sample – however distantly related they might 

actually be. Both the range of species and number of isolates collected from those 

species were modest in this analysis, although the former was at least informed by 

previous MLST work. Since, in phylogenetic terms, the inferred source population of a 

human isolate will be that of its closest non-human relative, the tips need to be very 

densely sampled to get the most accurate results. The high zoonosis rates estimated here 

underline this point. Ideally, the make-up of a sample needs to reflect that of the 

bacterial population at large, but this aspiration ignores practical concerns such as the 

availability of access to sampling locations, personnel and sequencing budget. As these 
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challenges are overcome, this phylogenetic method will shed more light on the 

transmission dynamics of Campylobacter since it is easily scalable for larger datasets.  
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Chapter 6: Summary 

Infectious disease represents a burden on modern society, impacting both individual 

health and the economy. Whole genome sequencing has the power to revolutionise how 

we understand the dynamics of infectious disease and its management (Chan et al. 2012; 

Wilson 2012; Didelot 2013). Patterns of diversity between isolates can be used to 

reconstruct evolutionary relationships within and between outbreaks, allowing us to 

track the epidemiology from a different perspective. In this thesis, I have presented 

approaches that exploit the greater resolution afforded by genomic sequencing to 

answer important questions about the evolution and transmission of three major human 

pathogens: hepatitis C, norovirus and Campylobacter.  

 

In this final chapter, I first summarise the key findings for each results chapter, before 

highlighting the overarching themes and limitations of the thesis. I then take a step back 

to put this work into the broader context, and survey the impact of future developments 

in the field. 

 

6.1 Thesis Summary 

6.1.1 Coalescent Inference for Infectious Disease 

In Chapter 3, I investigated whether differences in genetic diversity between hepatitis C 

virus (HCV) epidemics could be explained by the underlying epidemiological processes. 

I found that the age of the epidemic had the strongest predictive power, followed by 

population density and subtype (Table 3.5.2). I dated all but one of the epidemics to 
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within the last century (Table 3.5.1), reiterating the importance of 20th century 

phenomena such as blood transfusion and needle sharing in the spread of HCV 

(Shepard et al. 2005). Model selection showed that pathogen effective population sizes 

have increased exponentially in keeping with the SI model in most epidemics, but in 

three localised epidemics more complex SIR dynamics were detected (Table 3.5.3). For 

these epidemics, I was able to estimate the prevalence of infection, basic reproductive 

number and mean duration of infection from genetic data alone (Table 3.5.4). Despite 

the chronic nature of HCV, my results suggest that most secondary transmission occurs 

shortly after infection, with a much shorter duration of infection (1.24-1.55 years) than 

previously estimated (Pybus et al. 2001; Lavanchy 2011). 

 

The analysis in Chapter 3 was based on combined epidemiological-coalescent models 

implemented in BEAST. This approach allows epidemiological parameters such as the 

intrinsic growth rate to be estimated using genetic data alone. This has advantages over 

traditional methods when comprehensive monitoring during an outbreak is infeasible 

but contemporary sampling of isolates for sequencing is possible, allowing a direct 

comparison of growth rates between outbreaks to identify common patterns, and 

investigate the effect of any interventions taking place (for example, the introduction of 

a vaccine or treatment). The approach is also readily extendable, allowing greater 

biological complexity to be incorporated in future analyses as and when required. The 

meta-population model under a more general formulation permits heterogeneity in host 

types (Wakeley and Aliacar 2001), enabling the investigation, for example, of super 

shedders within outbreak situations. These mean that the model could easily be applied 
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to a range of pathogens, allowing genetic analyses to complement epidemiological 

approaches in the prediction and comparison of real-time outbreaks. 

 

I introduced a model averaging approach in Section 3.4.2, to help overcome the 

problems associated with using the harmonic mean estimator to estimate the marginal 

likelihood for the Bayes factor test (Xie et al. 2011). Two other marginal likelihood 

estimators have since been implemented in BEAST: stepping-stone sampling and path 

sampling (Baele et al. 2012). Like the model averaging approach I presented here, these 

can be used to compare models of molecular evolution and demographic change. 

However, in order to calculate the marginal likelihood, these methods require a second 

MCMC based upon the posterior from the BEAST run and thus remain computationally 

intense. A comparison of all three methods was out of the scope of this thesis, though it 

would be interesting to investigate how they compare in terms of both accuracy and 

total computational time. 

 

6.1.2 Evolution and Transmission of GII.4 Norovirus  

In Chapter 4, my analysis focused on the evolution and transmission of GII.4 norovirus. 

This single genotype is responsible for more than 80% of global epidemics, and is an 

enormous burden to health services (Cooke et al. 2003; Lopman et al. 2005; Bull and 

White 2011). Emerging strains were found to be most closely related to strains 

circulating two or more seasons previously, rather than the previously circulating strain 

Figure 4.4.1b. I estimated the genome-wide rate of evolution at approximately 1 

substitution every 9 days, which is in line with estimates calculated from either the 
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capsid or the partial RdRp (Bok et al. 2009; Bull et al. 2010; Siebenga et al. 2010). Using a 

stochastic model of transmission, I found that up to 86% of infection in Oxford 

University Hospitals from 2009-2013 was attributable to another patient in the same 

ward, mainly due to transmission attributable to another patient in the hospital (Table 

4.4.3). The rate at which patients entered the hospital infected with norovirus was very 

low, estimated at less than 0.05 infections per 10,000 patient days (Table 4.4.2). In 

contrast, sharing a ward with an infectious patient increased the transmission risk 100-

fold above background hospital risk, highlighting the importance of ward management 

during outbreaks. Knowledge of this sort can prove valuable in assessing the efficacy of 

outbreak investigation and control measures. 

 

Direct transmission in the nosocomial spread of norovirus has long been thought 

important (Teunis et al. 2013). However, the stochastic model applied to GII.4 norovirus 

provided unprecedented depth, inferring the relative risk of alternate transmission 

routes and allowing prediction of the impact of future outbreaks. The stochastic 

transmission model used here could be readily extended to find the relative 

transmission risk between ward types, which could provide insights in to the way 

norovirus is controlled – for example informing different strategies in according to 

wards that are at most risk. The model is not just limited to norovirus; it could be 

applied to other nosocomial diseases, including Staphylococcus aureus, Escherichia coli and 

enterococci, to learn about disease incidence and dominant transmission routes. 
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As part of the analysis in Chapter 4, I estimated the most up-to-date genome-wide 

evolutionary clock rate yet reported (Section 4.4.1). Previous studies have focused on the 

VP1 region alone, due to its role in host cell binding and viral antigenicity, but this 

represents only represents 21% of the genome (Bok et al. 2009; Bull et al. 2010; Siebenga 

et al. 2010). In this chapter, I summarised the evolutionary rate over the entire genome, 

despite the capsid area being thought of as more diverse than the rest of the genome. 

Future work could investigate variation in the clock rate across the genome by using 

hierarchal phylogenetic models. These are now available in BEAST, and can be used 

to analyse sequences that have been partitioned (by ORF, for example). Hierarchal 

phylogenetic models allow segments of the genome to have different topologies and 

allow better precision of estimates within partitions by pooling information, but also 

allow for overall estimates across partitions (i.e. rates for individual ORFs in 

addition to an average across the whole genome) (Suchard et al. 2003). 

 

6.1.3 Zoonotic Transmission of Campylobacter 

In the final results chapter, I investigated zoonosis and the source of human disease 

with Campylobacter. The increased resolution of whole genome sequencing revealed fine-

scale genetic structure below the level of ST, but this did not appear to be host 

associated (Figure 5.4.1). I concluded that ST-21, ST-45 and ST-828 represent genuine 

generalists, adapted to live in multiple animal hosts, and able to freely transmit 

zoonotically between them. I detected variation in cross-species transmission rates, with 

far more frequent zoonotic transfer in C. jejuni strains ST-21 and ST-45 than in the C. coli 

strain ST-828 (Table 5.4.2). In ST-828, the rate of zoonosis between cattle and swine was 
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nearly five times that of cattle and chicken or swine and chicken, whereas in ST-45, there 

was very little difference in the relative rates between avian and mammal species. 

Although 24 of the 25 human cases were attributed to chicken (Table 5.4.3), the ability to 

detect a specific case of cattle-associated human infection in ST-828 demonstrates the 

potential impact and extraordinary resolution of whole genome sequencing on source 

attribution in Campylobacter and elsewhere. 

 

The number of sequences used in this Campylobacter study (30, 28 and 42 of ST-21, ST-45 

and ST-828 respectively) was small compared to the thousands of sequences that have 

been used in previous studies using MLST (Wilson et al. 2008; Mullner et al. 2009; 

Sheppard et al. 2009). Nevertheless, the method I developed for reconstructing zoonotic 

transmission is readily extendable to much larger datasets, and this would be the logical 

next step in examining zoonosis in the three Campylobacter STs studied here.  First, 

whole genome sequencing of more intensively sampled isolates is required, covering all 

possible reservoirs of disease, in order to obtain the most accurate rates of zoonosis and 

attribution for the source of human disease.   

 

The MLST collections for Campylobacter (www.pubmlst.org/campylobacter, Jolley and 

Maiden (2010)) are a rich resource, not only for MLST of each isolate, but also 

information including the host species, type of disease presented (e.g. carrier, 

gastroenteritis), isolation date, and known epidemiology (whether the isolate was a 

sporadic case, or part of a large outbreak). Assuming whole genomes follow this lead as 

more of them become available, the analysis presented in Chapter 5 could easily be 
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extended to take into account this added information, for example, using the time of 

sampling, to better calibrate evolutionary time with days, months and years. If sampling 

is deep enough, there is the potential to narrow down when (and even where) migration 

events most likely took place throughout the tree, making it possible to elucidate 

whether it is genetic or environment barriers having an effect on mammal-avian 

transmission in ST-828. 

 

6.2 Uniting Themes 

The methods that I have developed and applied in this thesis represent tentative steps 

towards fully exploiting the potential of ever-increasing volumes of epidemiological and 

pathogen genome data to make inference about infectious disease dynamics. The field is 

rapidly growing, and there is a trend towards work, such as that presented in this thesis, 

that jointly considers evolution and transmission side by side (Hedge et al. 2013; 

Jombart et al. 2014; Kühnert et al. 2014; Rasmussen et al. 2014). Each of the methods 

considered in this thesis was developed with the aim of contributing new tools for 

understanding infectious disease. However, the assumptions that were necessary to 

make progress in each setting has, to a greater or lesser extent, rendered the methods 

somewhat specific to particular problems – the deterministic metapopulation models in 

Chapter 3 are appropriate for understanding population-level dynamics such as the 

emergence of new pathogens over decades, but do not account for inherent stochasticity 

at the level of person-to-person transmission, an important force when considering 

norovirus transmission in hospitals, for example (Chapter 4). Currently, there is no one 

‘catch-all’ approach as there are in other areas, for example in phylogenetics where 
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flexible software such as BEAST caters for a spectrum of inferential problems united 

within a coalescent-based framework. The lack of a general toolbox currently limits the 

accessibility of joint epidemiological and evolutionary inference for specialists less 

familiar with genetic epidemiological inference, but for whom these sorts of model 

would hold useful information, such as public health epidemiologists and clinicians. A 

solution to this problem may be some way off, but the challenge represents an exciting 

opportunity to strive towards a goal that, if met, would likely have far-reaching benefits. 

 

A recurring difficulty in this thesis, and indeed the field at large, is the question of how 

to account for the effect of recombination on phylogenetic analyses. Homologous 

recombination is a major driver of pathogen evolution (Didelot et al. 2012b) that has 

several consequences for phylogenetic reconstruction. The differing ancestral histories 

of segments in the genome cannot be represented on a single genealogy, and instead, 

require an Ancestral Recombination Graph (ARG) or phylogenetic network (Hudson 

and Kaplan 1988; Griffiths and Marjoram 1996; Huson and Bryant 2006). A common 

approach is to brush aside the question of recombination, and apply phylogenetic 

methods to pathogen genomes irrespective of detectable levels of recombination. This is 

a clear instance of model mis-specification, and its effects have been investigated, with 

Schierup and Hein (2000) showing that recombination skews branch lengths and growth 

rates, making phylogenies appear star-like, and also leads to an overestimate in the 

substitution rate heterogeneity and loss of molecular clock. Recombination was a clear 

issue in the analyses both of hepatitis C virus and Campylobacter. In these chapters, I 

followed a common approach which is to remove data (sequences or regions of the 
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genome) with evidence of recombination. In Chapter 3, this led to the removal of six 

collections of sequences from the meta-analysis (Table 3.4.1), and in Chapter 5, the 

removal of homoplasious sites left only 12.6% of the original polymorphism in ST-828 

(Table 5.4.1). Although in both cases there was still plenty of data available from which 

to draw conclusions, it would be preferable to use all the data available. In Chapter 4, 

the stochastic model was defined by sequence types, and thus did not require 

recombinant samples to be removed. However, the presence of recombinants in the 

2012-13 season (Table 4.4.1) did highlight that two diverse isolates need to come into 

contact for recombination to have taken place, which plausibly represents the 

convergence of two transmission chains in a single patient.  

 

As genome sequencing becomes more widespread, it is likely that a history of 

recombination will be detected in more and more pathogens. Indeed, even over the 

course of my time as a D.Phil. student, the importance of recombination in norovirus 

has begun to be revealed by influential papers showing how recombination in the 

ORF1/ORF2 may facilitate emergence of new strains (Mathijs et al. 2011; Eden et al. 2013; 

Fonager et al. 2013; Martella et al. 2013; Wong et al. 2013). This is a direct result of there 

being more whole genome sequences publically available. Current methods for inferring 

the ancestral history of a sample, such as ClonalFrame (Didelot and Falush 2007) and 

SMARTIE (Bloomquist and Suchard 2010) need to become faster and offer a wider scope 

of models in response, with room for the development of methods that can cope with 

even more data. 
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6.3 Future Directions 

There have been dramatic advances in phylogenetic methodology and sequence 

availability which have taken place during the course of my D.Phil studies, and the 

pace of change shows no sign of slowing. In the following, I consider recent 

developments to the field as whole, and how my work corresponds to these, with 

views to the future. 

 

Perhaps the most striking trend is the continuing decreasing costs and turnaround 

times for whole genome sequences (Nature 2010). Much of the focus has been on 

sequencing the human genome, but of greater relevance to this thesis is the potential 

for whole genome sequencing to transform clinical microbiology (Pallen et al. 2010; 

Didelot et al. 2012a; Loman et al. 2012; Wilson 2012; Didelot 2013). It is now possible 

to track the transmission of infectious disease within patients (Cramer et al. 2011; 

Young et al. 2012), at a ward, hospital and community level (Rohde et al. 2011; Eyre 

et al. 2012; Köser et al. 2012), and relate these outbreaks to global dynamics. Whilst 

such studies have tended to be localised within research institutions in the past, new 

nationwide initiatives such as the UK 100K genomes project 

(http://www.genomicsengland.co.uk/) will widen the scope and impact of 

sequencing on clinical microbiology. This extends the concept of ‘personalised 

medicine’ to being personal to an individual’s microbiome as well as their human 

genome.   
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High throughput sequencing has already begun to change microbiology, but new 

technologies are pushing the revolution further. In 2012, Oxford Nanopore Technologies 

announced a new sequencing platform in which a molecule of replicating DNA is 

passed through a protein nanopore, and the nucleotides are read using changes in 

electrical conductivity (Check Hayden 2012). It is suggested that 200-400 bases can be 

read per second, with contiguous read lengths of up to tens of kilobases (Didelot et al. 

2012a). Whilst this has not yet been released commercially (although an early access 

program has just been rolled out), reads lengths ten to one thousand times longer than 

currently achieved by industry leader Illumina have the potential to completely 

overcome the difficulties associated with genome assembly, which struggles to produce 

completely closed genomes in the presence of repetitive regions (Zerbino and Birney 

2008; Iqbal et al. 2012). The ability to quickly obtain high-quality closed genomes would 

speed up the computational pipeline required to go from sampling to the sorts of 

analyses presented in this thesis (Loman et al. 2012), and make accessible repetitive 

parts of the genome that are currently out of reach of short-read sequencing platforms. 

This is particularly important because many genes of paramount importance in host-

pathogen interactions, such as adhesins and toxins, are typically repetitive (Giesemann 

et al. 2008; Linhartová et al. 2010). Among other potential benefits is the prospect of 

untangling mixed samples more easily, paving the way for an improved understanding 

of within-host dynamics. 

 

Most striking is the dawning reality of taking a sample from a patient, and having 

genomic results available a few hours later – a stark contrast to current practice that 
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often requires the culture of slow-growing pathogens (Didelot et al. 2012a; Köser et al. 

2012). These results can shed light on the species identity of the aetiological agent, 

possible barriers to treatment (for example, notification of any resistance mutations), 

early warning of virulent strains, and the relationship to other cases in hospital (for 

example, whether cases on same ward are the result of direct transmission). 

However, these results need to be readily accessible to non-specialists if they are to 

be used on a routine basis at the local, national and global level. It is hoped that the 

methodologies developed in this thesis represent a step towards this goal by 

facilitating joint epidemiological and genomic inference, and that they will be used 

as part of a wider program of understanding how joint genetics and epidemiological 

modelling can further our knowledge of disease dynamics. 

 

6.4 Final Remarks 

As genomic sequencing of patient samples becomes routine in hospital microbiology 

and public health laboratories, the ability to integrate population genetic inference and 

epidemiology will become only more valuable in the fight against infectious disease. 

The work presented in this thesis shows how the vast amounts of data generated as a 

result can be exploited to understand the transmission of disease, at the global, local and 

individual levels. Ultimately, it is hoped that this knowledge will be used to improve 

outbreak investigation, enhance individual patient management, and inform public 

health strategies.  
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Appendix A: Hepatitis C Sequences 

Table A.1.1: Genbank accession numbers for the meta-analysis of hepatitis C. 

Dataset Accession numbers 

MatBel1a DQ363039-DQ3630083 

NakBra1a AY224831-AY224848 

NakInd1a AY224849-AY224878 

NakUS1a AY224780-AY224803 

NakVie1a AY224804-AY224830 

PhaVie1a FJ768812- FJ768831, FJ7688905 

PybUK1a AY100123-AY100193 

TanUS1a AB204625-AB204654 

FuChi1b GQ205760-GQ205855, GQ206012-GQ206036 

KurMon1b AB295119-AB295178 

NakBra1b AY224911-AY224936 

NakChiA1b AY835005-AY835039 

NakChiB1b AY834975-AY835004 

NakInd1b AY224937-AY224973 

NakUS1b AY224974-AY224990 

NakVie1b AY224879-AY224910 

TanSpa1b AB204592-AB204624 

ReArg2c JF511062- JF511136 

MatBel3a DQ363084-DQ363130 

PybUK3a AY100037-AY100041, AY100056-AY100113 

TanEgy4a AB103424-AB103457, AF271800-AF271812 

HenFra5a FN553283-FN55432 

TanSoA5a AB204662-AB204685 

FuChi6a GQ205935-GQ206010, GQ206011 

PhaVie6a FJ768777- FJ768799,FJ768906 

TanHon6a AB204686-AB204708 

AkkTha6f FJ859264- FJ859267; FJ859270- FJ859283; FJ859285, FJ859287, 

FJ859288, FJ859291, FJ859292, FJ859296, FJ859298, FJ859299, 

FJ859302, FJ859303, FJ859307, FJ859308, FJ859310, FJ859311, 

FJ859317, FJ859318, FJ859320, FJ859322, FJ859326, FJ859327, 

FJ859334 

AkkTha6n FJ859268, FJ859269, FJ859284, FJ859290, FJ859294, FJ859300, 

FJ859301, FJ859306, FJ859309, FJ859312- FJ859315, FJ859324, 

FJ859330, FJ859332 
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Appendix B: Mixed Model for Model Comparison 

This appendix gives an outline of how the BEAST XML file should be edited to replicate 

the analysis from Section 3.4.3 for each of the five models: endemic, SI, SIS, SIR and 

model averaging approach. 

 

B.1 Endemic Model 

<constantSize id="coalescentEndemic" units="years"> 

 <populationSize> 

  <parameter id="demog.popSize" value="1.0" lower="0.0"  

   upper="Infinity"/> 

 </populationSize> 

</constantSize> 

 

B.2 SI Model 

<exponentialGrowth id="coalescentSI" units="years"> 

 <populationSize> 

  <parameter id="demog.popSize" value="1.0" lower="0.0"  

   upper="Infinity"/> 

 </populationSize> 

 <growthRate> 

  <parameter id="demog.growthRate" value="100.0" lower="0.0" 

   upper="Infinity"/> 

 </growthRate> 

</exponentialGrowth> 

 

B.3 SIS Model 

<logisticGrowthN0 id="coalescentSIS" units="years"> 

 <populationSize> 

  <parameter id="demog.popSize" value="1.0" lower="0.0"  

   upper="Infinity"/> 

 </populationSize> 

 <growthRate> 

  <parameter id="demog.growthRate" value="100.0" lower="0.0" 

   upper="Infinity"/> 

 </growthRate> 

 <t50> 
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  <parameter id="demog.t50" value="50.0" lower="0.0"  

   upper="Infinity"/> 

 </t50> 

</logisticGrowthN0> 

 

B.4 SIR Model 

<epidemicSIR id="coalescentSIR" units="years" minPrevalence="0.000001"> 

 <populationSize> 

  <parameter id="demog.popSize" value="1.0" lower="0.0"  

   upper="Infinity"/> 

 </populationSize> 

 <growthRate> 

  <parameter id="demog.growthRate" value="100.0" lower="0.0" 

    upper="Infinity"/> 

 </growthRate> 

 <peakTime> 

  <parameter id="demog.tpeak" value="50.0" lower="0.0"  

   upper="Infinity"/> 

 </peakTime> 

 <clearanceRate> 

  <parameter id="demog.clearance" value="10.0" lower="0.0" 

   upper="Infinity"/> 

 </clearanceRate> 

</epidemicSIR> 

 

B.5 Mixed Model for Model Averaging and Model Comparison 

For the analyses utilising model averaging in Section 3.5.1, the models share the same 

tree and evolutionary parameters, though this does not necessarily need to be the case. 

Careful attention must be paid to the id (to define a new parameter) and idref (to refer 

to an existing parameter) tags. The models are specified as below: 

<constantSize id="coalescentEndemic" units="years"> 

 <populationSize> 

  <parameter id="demog.popSize" value="1.0" lower="0.0"  

   upper="Infinity"/> 

 </populationSize> 

</constantSize> 

<exponentialGrowth id="coalescentSI" units="years"> 

 <populationSize> 

  <parameter idref="demog.popSize"/> 

 </populationSize> 

 <growthRate> 
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 <parameter id="demog.growthRate" value="100.0" lower="0.0"  

  upper="Infinity"/> 

 </growthRate> 

</exponentialGrowth> 

<logisticGrowthN0 id="coalescentSIS" units="years"> 

 <populationSize> 

  <parameter idref="demog.popSize"/> 

 </populationSize> 

 <growthRate> 

  <parameter idref="demog.growthRate"/> 

 </growthRate> 

 <t50> 

  <parameter id="demog.t50" value="50.0" lower="0.0"  

   upper="Infinity"/> 

 </t50> 

</logisticGrowthN0> 

<epidemicSIR id="coalescentSIR" units="years" minPrevalence="0.000001"> 

 <populationSize> 

  <parameter idref="demog.popSize"/> 

 </populationSize> 

 <growthRate> 

  <parameter idref="demog.growthRate"/> 

 </growthRate> 

 <peakTime> 

  <parameter idref="demog.t50"/> 

 </peakTime> 

 <clearanceRate> 

  <parameter id="demog.clearance" value="10.0" lower="0.0" 

   upper="Infinity"/> 

 </clearanceRate> 

</epidemicSIR> 

 

A separate coalescent likelihood calculation is required for each demographic model, for 

example: 

<coalescentLikelihood id="EndemicLikelihood"> 

 <model> 

  <constantSize idref="coalescentEndemic"/> 

 </model> 

 <populationTree> 

  <treeModel idref="treeModel"/> 

 </populationTree> 

</coalescentLikelihood> 

<coalescentLikelihood id="SILikelihood"> 

 <model> 

  <constantSize idref="coalescentSI"/> 

 </model> 

 <populationTree> 
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  <treeModel idref="treeModel"/> 

 </populationTree> 

</coalescentLikelihood> 

<coalescentLikelihood id="SISLikelihood"> 

 <model> 

  <constantSize idref="coalescentSIS"/> 

 </model> 

 <populationTree> 

  <treeModel idref="treeModel"/> 

 </populationTree> 

</coalescentLikelihood> 

<coalescentLikelihood id="SIRLikelihood"> 

 <model> 

  <constantSize idref="coalescentSIR"/> 

 </model> 

 <populationTree> 

  <treeModel idref="treeModel"/> 

 </populationTree> 

</coalescentLikelihood> 

 

To get the marginal likelihood across models, an <integratedMixtureModel> must be 

included in the <prior> section. This gives the model-averaged likelihood, with prior 

model probabilities being specified by the compound parameter "modelPriors". This is 

the only place in the <prior> block that the coalescent likelihoods should appear. It is 

necessary that parameters not appearing in every model have a proper prior 

distribution for the analysis to be valid. 

<prior id="prior"> 

... 

 <integratedMixtureModel id="coalescentMixture" normalize="true"> 

  <coalescentLikelihood idref="EndemicLikelihood"/> 

  <coalescentLikelihood idref="SILikelihood"/> 

  <coalescentLikelihood idref="SISLikelihood"/> 

  <coalescentLikelihood idref="SIRLikelihood"/> 

  <compoundParameter id="modelPriors"> 

   <parameter value="0.25"/> 

   <parameter value="0.25"/> 

   <parameter value="0.25"/> 

   <parameter value="0.25"/> 

  </compoundParameter> 

 </integratedMixtureModel> 

</prior> 
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Finally, the coalescent likelihoods must be written to the log file so that they can be used 

in calculating the posterior model probabilities. Thus the log element should now 

resemble: 

<log id="fileLog" logEvery="1000" fileName="mcmc.log.txt" 

 overwrite="false"> 

... 

 <coalescentLikelihood idref="EndemicLikelihood"/> 

 <coalescentLikelihood idref="SILikelihood"/> 

 <coalescentLikelihood idref="SISLikelihood"/> 

 <coalescentLikelihood idref="SIRLikelihood"/> 

</log> 
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Appendix C: GII.4 Norovirus Sequences from Genbank 

An asterisk (*) indicates sequences used as the reference genome for major strain type of 

GII.4 norovirus. 

 

Accession Year 
Sequence 

Length 
Description 

AB220921.1 2005 7535 Norovirus Hu/Chiba/04-1050/2005/JP 

AB220922.1 2005 7559 Norovirus Hu/Sakai/04-179/2005/JP  

AB447427.1 2006 7533 Norovirus Hu/GII-4/Hokkaido1/2006/JP  

AB447428.1 2006 7511 Norovirus Hu/GII-4/Hokkaido2/2006/JP  

AB447429.1 2006 7511 Norovirus Hu/GII-4/Hokkaido3/2006/JP 

AB447430.1 2006 7511 Norovirus Hu/GII-4/Hokkaido4/2006/JP 

AB447431.1 2006 7511 Norovirus Hu/GII-4/Hokkaido5/2006/JP 

AB447434.1 2006 7511 Norovirus Hu/GII-4/Aomori4/2006/JP 

AB447435.1 2006 7511 Norovirus Hu/GII-4/Aomori5/2006/JP 

AB447436.1 2006 7511 Norovirus Hu/GII-4/Akita1/2006/JP  

AB447437.1 2006 7511 Norovirus Hu/GII-4/Akita2/2006/JP  

AB447438.1 2006 7511 Norovirus Hu/GII-4/Akita4/2006/JP  

AB447439.1 2006 7511 Norovirus Hu/GII-4/Akita5/2006/JP 

AB447440.1 2006 7511 Norovirus Hu/GII-4/Miyagi2/2006/JP  

AB447441.1 2006 7511 Norovirus Hu/GII-4/Miyagi4/2006/JP  

AB447442.1 2006 7511 Norovirus Hu/GII-4/Miyagi5/2006/JP 

AB447443.1 2006 7511 Norovirus Hu/GII-4/Toyama1/2006/JP 

AB447444.1 2006 7511 Norovirus Hu/GII-4/Toyama4/2006/JP 

AB447445.1 2006 7511 Norovirus Hu/GII-4/Toyama5/2006/JP 

AB447446.1 2006 7511 Norovirus Hu/GII-4/Aichi3/2006/JP  

AB447447.1 2006 7511 Norovirus Hu/GII-4/Aichi4/2006/JP  

AB447448.1 2006 7511 Norovirus Hu/GII-4/Sakai2/2006/JP  

AB447449.1 2006 7511 Norovirus Hu/GII-4/Sakai3/2006/JP  

AB447450.1 2006 7511 Norovirus Hu/GII-4/Sakai4/2006/JP  

AB447451.1 2006 7511 Norovirus Hu/GII-4/Hiroshima1/2006/JP 

AB447452.1 2006 7511 Norovirus Hu/GII-4/Hiroshima2/2006/JP 

AB447453.1 2006 7511 Norovirus Hu/GII-4/Ehime1/2006/JP  

AB447454.1 2006 7511 Norovirus Hu/GII-4/Ehime2/2006/JP  

AB447455.1 2006 7511 Norovirus Hu/GII-4/Ehime5/2006/JP  

AB447456.1 2006 7511 Norovirus Hu/GII-4/Saga1/2006/JP  

AB447457.1 2006 7511 Norovirus Hu/GII-4/Saga4/2006/JP  

AB447458.1 2006 7511 Norovirus Hu/GII-4/Saga5/2006/JP  

AB447459.1 2006 7511 Norovirus Hu/GII-4/Kumamoto1/2006/JP 

AB447460.1 2006 7511 Norovirus Hu/GII-4/Kumamoto2/2006/JP 

AB447461.1 2006 7511 Norovirus Hu/GII-4/Kumamoto3/2006/JP 
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AB447462.1 2006 7511 Norovirus Hu/GII-4/Kumamoto4/2006/JP 

AB447463.1 2006 7511 Norovirus Hu/GII-4/Kumamoto5/2006/JP 

AB541201.1 2007 7511 Norovirus Hu/GII-4/Aichi1/2007/JP 

AB541202.1 2008 7509 Norovirus Hu/GII-4/Aichi1/2008/JP 

AB541203.1 2007 7509 Norovirus Hu/GII-4/Aichi2/2007/JP 

AB541204.1 2008 7509 Norovirus Hu/GII-4/Aichi2/2008/JP 

AB541205.1 2007 7509 Norovirus Hu/GII-4/Aichi3/2007/JP 

AB541206.1 2008 7509 Norovirus Hu/GII-4/Aichi3/2008/JP 

AB541207.1 2007 7509 Norovirus Hu/GII-4/Aichi4/2007/JP 

AB541208.1 2008 7509 Norovirus Hu/GII-4/Aichi4/2008/JP 

AB541209.1 2007 7509 Norovirus Hu/GII-4/Aichi5/2007/JP 

AB541210.1 2008 7509 Norovirus Hu/GII-4/Aichi5/2008/JP 

AB541211.1 2007 7509 Norovirus Hu/GII-4/Akita1/2007/JP 

AB541212.1 2008 7509 Norovirus Hu/GII-4/Akita1/2008/JP 

AB541213.1 2008 7404 Norovirus Hu/GII-4/Akita2/2008/JP 

AB541214.1 2007 7509 Norovirus Hu/GII-4/Akita3/2007/JP 

AB541215.1 2008 7509 Norovirus Hu/GII-4/Akita3/2008/JP 

AB541216.1 2008 7509 Norovirus Hu/GII-4/Akita4/2008/JP 

AB541217.1 2007 7509 Norovirus Hu/GII-4/Akita5/2007/JP 

AB541218.1 2007 7509 Norovirus Hu/GII-4/Aomori1/2007/JP 

AB541219.1 2008 7509 Norovirus Hu/GII-4/Aomori1/2008/JP 

AB541220.1 2007 7509 Norovirus Hu/GII-4/Aomori2/2007/JP 

AB541221.1 2008 7509 Norovirus Hu/GII-4/Aomori2/2008/JP 

AB541222.1 2007 7404 Norovirus Hu/GII-4/Aomori3/2007/JP 

AB541223.1 2008 7509 Norovirus Hu/GII-4/Aomori3/2008/JP 

AB541224.1 2007 7509 Norovirus Hu/GII-4/Aomori4/2007/JP 

AB541225.1 2008 7509 Norovirus Hu/GII-4/Aomori4/2008/JP 

AB541226.1 2007 7509 Norovirus Hu/GII-4/Aomori5/2007/JP 

AB541227.1 2008 7509 Norovirus Hu/GII-4/Aomori5/2008/JP 

AB541228.1 2007 7509 Norovirus Hu/GII-4/Chiba1/2007/JP 

AB541229.1 2008 7509 Norovirus Hu/GII-4/Chiba1/2008/JP 

AB541230.1 2007 7509 Norovirus Hu/GII-4/Chiba2/2007/JP 

AB541231.1 2008 7509 Norovirus Hu/GII-4/Chiba2/2008/JP 

AB541232.1 2007 7509 Norovirus Hu/GII-4/Chiba4/2007/JP 

AB541233.1 2008 7509 Norovirus Hu/GII-4/Chiba4/2008/JP 

AB541234.1 2007 7497 Norovirus Hu/GII-4/Chiba5/2007/JP 

AB541235.1 2008 7509 Norovirus Hu/GII-4/Chiba5/2008/JP 

AB541236.1 2007 7509 Norovirus Hu/GII-4/Ehime1/2007/JP 

AB541237.1 2008 7509 Norovirus Hu/GII-4/Ehime1/2008/JP 

AB541238.1 2007 7509 Norovirus Hu/GII-4/Ehime2/2007/JP 

AB541239.1 2007 7509 Norovirus Hu/GII-4/Ehime3/2007/JP 

AB541240.1 2008 7509 Norovirus Hu/GII-4/Ehime3/2008/JP 

AB541241.1 2007 7509 Norovirus Hu/GII-4/Ehime4/2007/JP 

AB541242.1 2008 7509 Norovirus Hu/GII-4/Ehime4/2008/JP 

AB541243.1 2008 7509 Norovirus Hu/GII-4/Ehime5/2008/JP 

AB541244.1 2008 7509 Norovirus Hu/GII-4/Fukui1/2008/JP  
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AB541245.1 2007 7509 Norovirus Hu/GII-4/Fukui2/2007/JP  

AB541246.1 2008 7509 Norovirus Hu/GII-4/Fukui2/2008/JP  

AB541247.1 2007 7509 Norovirus Hu/GII-4/Fukui4/2007/JP  

AB541248.1 2008 7509 Norovirus Hu/GII-4/Fukui4/2008/JP  

AB541249.1 2007 7509 Norovirus Hu/GII-4/Fukui5/2007/JP  

AB541250.1 2008 7509 Norovirus Hu/GII-4/Fukui5/2008/JP  

AB541251.1 2007 7509 Norovirus Hu/GII-4/Hiroshima1/2007/JP  

AB541252.1 2008 7509 Norovirus Hu/GII-4/Hiroshima1/2008/JP  

AB541253.1 2007 7509 Norovirus Hu/GII-4/Hiroshima2/2007/JP  

AB541254.1 2008 7509 Norovirus Hu/GII-4/Hiroshima2/2008/JP  

AB541255.1 2007 7509 Norovirus Hu/GII-4/Hiroshima3/2007/JP  

AB541256.1 2008 7509 Norovirus Hu/GII-4/Hiroshima3/2008/JP  

AB541257.1 2007 7509 Norovirus Hu/GII-4/Hiroshima4/2007/JP  

AB541258.1 2008 7509 Norovirus Hu/GII-4/Hiroshima4/2008/JP  

AB541259.1 2008 7509 Norovirus Hu/GII-4/Hiroshima5/2008/JP  

AB541260.1 2007 7509 Norovirus Hu/GII-4/Hokkaido1/2007/JP  

AB541261.1 2008 7509 Norovirus Hu/GII-4/Hokkaido1/2008/JP  

AB541262.1 2007 7509 Norovirus Hu/GII-4/Hokkaido2/2007/JP  

AB541263.1 2008 7509 Norovirus Hu/GII-4/Hokkaido2/2008/JP  

AB541264.1 2008 7509 Norovirus Hu/GII-4/Hokkaido3/2008/JP  

AB541265.1 2007 7509 Norovirus Hu/GII-4/Hokkaido4/2007/JP  

AB541266.1 2008 7509 Norovirus Hu/GII-4/Hokkaido4/2008/JP  

AB541267.1 2007 7509 Norovirus Hu/GII-4/Hokkaido5/2007/JP  

AB541268.1 2008 7509 Norovirus Hu/GII-4/Hokkaido5/2008/JP  

AB541269.1 2008 7509 Norovirus Hu/GII-4/Iwate1/2008/JP 

AB541270.1 2007 7509 Norovirus Hu/GII-4/Iwate2/2007/JP 

AB541271.1 2007 7509 Norovirus Hu/GII-4/Iwate3/2007/JP 

AB541272.1 2008 7509 Norovirus Hu/GII-4/Iwate3/2008/JP 

AB541273.1 2007 7509 Norovirus Hu/GII-4/Iwate4/2007/JP 

AB541274.1 2008 7509 Norovirus Hu/GII-4/Iwate4/2008/JP 

AB541275.1 2007 7509 Norovirus Hu/GII-4/Iwate5/2007/JP 

AB541276.1 2008 7506 Norovirus Hu/GII-4/Iwate5/2008/JP 

AB541277.1 2007 7509 Norovirus Hu/GII-4/Kumamoto1/2007/JP 

AB541278.1 2007 7509 Norovirus Hu/GII-4/Kumamoto2/2007/JP 

AB541279.1 2007 7509 Norovirus Hu/GII-4/Kumamoto3/2007/JP 

AB541280.1 2007 7509 Norovirus Hu/GII-4/Kumamoto4/2007/JP 

AB541281.1 2007 7509 Norovirus Hu/GII-4/Miyagi1/2007/JP 

AB541282.1 2007 7509 Norovirus Hu/GII-4/Miyagi2/2007/JP 

AB541283.1 2007 7509 Norovirus Hu/GII-4/Miyagi3/2007/JP 

AB541284.1 2008 7509 Norovirus Hu/GII-4/Miyagi5/2008/JP 

AB541285.1 2008 7509 Norovirus Hu/GII-4/Miyazaki10/2008/JP 

AB541286.1 2008 7509 Norovirus Hu/GII-4/Miyazaki12/2008/JP 

AB541287.1 2008 7509 Norovirus Hu/GII-4/Miyazaki13/2008/JP 

AB541288.1 2007 7509 Norovirus Hu/GII-4/Miyazaki1/2007/JP 

AB541289.1 2008 7509 Norovirus Hu/GII-4/Miyazaki1/2008/JP 

AB541290.1 2007 7509 Norovirus Hu/GII-4/Miyazaki2/2007/JP 
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AB541291.1 2008 7509 Norovirus Hu/GII-4/Miyazaki2/2008/JP 

AB541292.1 2007 7509 Norovirus Hu/GII-4/Miyazaki3/2007/JP 

AB541293.1 2008 7509 Norovirus Hu/GII-4/Miyazaki3/2008/JP 

AB541294.1 2007 7509 Norovirus Hu/GII-4/Miyazaki4/2007/JP 

AB541295.1 2008 7509 Norovirus Hu/GII-4/Miyazaki4/2008/JP 

AB541296.1 2007 7509 Norovirus Hu/GII-4/Miyazaki5/2007/JP 

AB541297.1 2008 7509 Norovirus Hu/GII-4/Miyazaki6/2008/JP 

AB541298.1 2008 7509 Norovirus Hu/GII-4/Miyazaki7/2008/JP 

AB541299.1 2008 7509 Norovirus Hu/GII-4/Miyazaki8/2008/JP 

AB541300.1 2008 7509 Norovirus Hu/GII-4/Miyazaki9/2008/JP 

AB541301.1 2007 7263 Norovirus Hu/GII-4/Nagano1/2007/JP 

AB541302.1 2008 7509 Norovirus Hu/GII-4/Nagano1/2008/JP 

AB541303.1 2007 7509 Norovirus Hu/GII-4/Nagano2/2007/JP 

AB541304.1 2008 7509 Norovirus Hu/GII-4/Nagano2/2008/JP 

AB541305.1 2007 7509 Norovirus Hu/GII-4/Nagano3/2007/JP 

AB541306.1 2008 7512 Norovirus Hu/GII-4/Nagano3/2008/JP 

AB541307.1 2008 7509 Norovirus Hu/GII-4/Nagano4/2008/JP 

AB541308.1 2007 7509 Norovirus Hu/GII-4/Nagano5/2007/JP 

AB541309.1 2007 7509 Norovirus Hu/GII-4/Niigata1/2007/JP  

AB541310.1 2008 7509 Norovirus Hu/GII-4/Niigata1/2008/JP  

AB541311.1 2007 7509 Norovirus Hu/GII-4/Niigata2/2007/JP  

AB541312.1 2008 7509 Norovirus Hu/GII-4/Niigata2/2008/JP  

AB541313.1 2007 7509 Norovirus Hu/GII-4/Niigata3/2007/JP  

AB541314.1 2008 7509 Norovirus Hu/GII-4/Niigata3/2008/JP  

AB541315.1 2007 7509 Norovirus Hu/GII-4/Niigata4/2007/JP  

AB541316.1 2008 7509 Norovirus Hu/GII-4/Niigata4/2008/JP  

AB541317.1 2007 7509 Norovirus Hu/GII-4/Niigata5/2007/JP  

AB541318.1 2008 7509 Norovirus Hu/GII-4/Niigata5/2008/JP  

AB541319.1* 2007 7509 Norovirus Hu/GII-4/Osaka1/2007/JP 

AB541320.1 2008 7509 Norovirus Hu/GII-4/Osaka1/2008/JP 

AB541321.1 2007 7509 Norovirus Hu/GII-4/Osaka2/2007/JP 

AB541322.1 2008 7509 Norovirus Hu/GII-4/Osaka2/2008/JP 

AB541323.1 2007 7509 Norovirus Hu/GII-4/Osaka3/2007/JP 

AB541324.1 2008 7509 Norovirus Hu/GII-4/Osaka3/2008/JP 

AB541325.1 2007 7509 Norovirus Hu/GII-4/Osaka4/2007/JP 

AB541326.1 2008 7509 Norovirus Hu/GII-4/Osaka4/2008/JP 

AB541327.1 2007 7509 Norovirus Hu/GII-4/Osaka5/2007/JP 

AB541328.1 2008 7509 Norovirus Hu/GII-4/Osaka5/2008/JP 

AB541329.1 2008 7509 Norovirus Hu/GII-4/Osaka6/2008/JP 

AB541330.1 2007 7509 Norovirus Hu/GII-4/Saga1/2007/JP 

AB541331.1 2008 7509 Norovirus Hu/GII-4/Saga1/2008/JP 

AB541332.1 2007 7509 Norovirus Hu/GII-4/Saga2/2007/JP 

AB541333.1 2008 7509 Norovirus Hu/GII-4/Saga2/2008/JP 

AB541334.1 2008 7509 Norovirus Hu/GII-4/Saga3/2008/JP 

AB541335.1 2007 7509 Norovirus Hu/GII-4/Saga4/2007/JP 

AB541336.1 2008 7509 Norovirus Hu/GII-4/Saga4/2008/JP 
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AB541337.1 2007 7509 Norovirus Hu/GII-4/Saga5/2007/JP 

AB541338.1 2008 7509 Norovirus Hu/GII-4/Saga5/2008/JP 

AB541339.1 2007 7509 Norovirus Hu/GII-4/Sakai1/2007/JP 

AB541340.1 2008 7509 Norovirus Hu/GII-4/Sakai1/2008/JP 

AB541341.1 2007 7509 Norovirus Hu/GII-4/Sakai2/2007/JP 

AB541342.1 2007 7509 Norovirus Hu/GII-4/Sakai3/2007/JP 

AB541343.1 2008 7509 Norovirus Hu/GII-4/Sakai3/2008/JP 

AB541344.1 2007 7509 Norovirus Hu/GII-4/Sakai4/2007/JP 

AB541345.1 2008 7509 Norovirus Hu/GII-4/Sakai4/2008/JP 

AB541346.1 2007 7509 Norovirus Hu/GII-4/Shimane1/2007/JP 

AB541347.1 2007 7509 Norovirus Hu/GII-4/Shimane2/2007/JP 

AB541348.1 2008 7509 Norovirus Hu/GII-4/Shimane2/2008/JP 

AB541349.1 2007 7401 Norovirus Hu/GII-4/Shimane3/2007/JP 

AB541350.1 2008 7509 Norovirus Hu/GII-4/Shimane3/2008/JP 

AB541351.1 2007 7509 Norovirus Hu/GII-4/Shimane4/2007/JP 

AB541352.1 2007 7509 Norovirus Hu/GII-4/Shimane5/2007/JP 

AB541353.1 2008 7509 Norovirus Hu/GII-4/Shimane5/2008/JP 

AB541354.1 2007 7509 Norovirus Hu/GII-4/Toyama1/2007/JP  

AB541355.1 2007 7509 Norovirus Hu/GII-4/Toyama2/2007/JP  

AB541356.1 2008 7509 Norovirus Hu/GII-4/Toyama2/2008/JP  

AB541357.1 2007 7509 Norovirus Hu/GII-4/Toyama3/2007/JP  

AB541358.1 2008 7512 Norovirus Hu/GII-4/Toyama3/2008/JP  

AB541359.1 2007 7509 Norovirus Hu/GII-4/Toyama4/2007/JP  

AB541360.1 2008 7509 Norovirus Hu/GII-4/Toyama4/2008/JP  

AB541361.1 2007 7509 Norovirus Hu/GII-4/Toyama5/2007/JP  

AB541362.1 2008 7509 Norovirus Hu/GII-4/Toyama5/2008/JP  

AB543808.1 2010 7509 Norovirus Hu/GII-4/FUMI/2010/JP 

AF145896.1* 1994 7509 Camberwell virus  

AY032605.1 1987 7555 Human calicivirus Hu/NLV/GII/MD145-12/1987/US 

AY502023.1* 2002 7556 Norovirus Hu/NoV/Farmington Hills/2002/USA  

AY485642.1 2002 7559 Human calicivirus NLV/GII/Langen1061/2002/DE 

AY581254.1 2003 7558 Human calicivirus Hu/NLV/Oxford/B5S22/2003/UK 

AY587983.1 2002 7558 Norovirus Hu/NLV/Oxford/B4S2/2002/UK 

AY587984.1 2002 7558 Norovirus Hu/NLV/Oxford/B4S5/2002/UK 

AY587985.1 2002 7558 Norovirus Hu/NLV/Oxford/B4S6/2002/UK 

AY587986.1 2002 7558 Norovirus Hu/NLV/Oxford/B4S4/2002/UK 

AY587987.1 2002 7558 Norovirus Hu/NLV/Oxford/B4S7/2002/UK 

AY587988.1 2002 7558 Norovirus Hu/NLV/Oxford/B4S1/2002/UK 

AY587989.1 2002 7558 Norovirus Hu/NLV/Oxford/B2S16/2002/UK 

AY741811.1* 1997 7558 Norovirus Hu/NLV/Dresden174/pUS-NorII/1997/GE 

DQ078814.2* 2004 7555 Norovirus Hu/GII.4/Hunter504D/04O/AU 

DQ369797.1* 2003 7559 Norovirus Hu/Guangzhou/NVgz01/CHN 

DQ658413.1 2004 7558 Norovirus Hu/GII.4/MD-2004/2004/US 

EF187497.2* 2006 7558 Norovirus Hu/GII.4/Kenepuru/NZ327/2006/NZL 

EF684915.2* 2006 7559 Norovirus Hu/GII.4/Shellharbour/NSW696T/2006/AUS 

EU310927.1* 2002 7560 Norovirus Hu/Houston/TCH186/2002/US 
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EU921344.2 2006 7559 Norovirus Hu/Pune/PC15/2006/India 

EU921388.2 2007 7559 Norovirus Hu/Pune/PC51/2007/India 

FJ514242.1 2008 7559 Norovirus Hu/GII-4/CUK-3/2008/KR 

FJ537134.1 1974 7559 Norovirus Hu/GII.4/CHDC5191/1974/US 

FJ537135.1 1974 7580 Norovirus Hu/GII.4/CHDC2094/1974/US 

FJ537136.1* 1988 7576 Norovirus Hu/GII.4/CHDC3967/1988/US 

FJ537137.1 1987 7580 Norovirus Hu/GII.4/CHDC4108/1987/US 

FJ537138.1 1977 7580 Norovirus Hu/GII.4/CHDC4871/1977/US 

GQ845024.2 2007 7580 Norovirus Hu/GII.4/Rathmines/NSW287R/2007/AUS 

GQ845366.2 2008 7562 Norovirus Hu/GII.4/Westmead/NSW3639/2008/AUS 

GQ845367.2* 2008 7560 Norovirus Hu/GII.4/Orange/NSW001P/2008/AUS 

GQ845368.2* 2007 7559 Norovirus Hu/GII.4/Sutherland/NSW505G/2007/AUS 

GQ845369.3 2008 7559 Norovirus Hu/GII.4/Armidale/NSW390I/2008/AUS 

GU325839.2 2009 7560 Norovirus Hu/GII.4/HS194/2009/US 

GU445325.2 2009 7560 Norovirus Hu/GII.4/New Orleans1805/2009/USA 

GU991353.1 2008 7559 Norovirus Hu/GII/Shanghai/SH2/2008/CHN 

GU991354.1 2009 7555 Norovirus Hu/Shanghai/SH5/2009/CHN 

HM748971.2 2009 7511 Norovirus Hu/GII.4/Beecroft/NSW305P/2009/AUS 

HM748972.2 2009 7560 Norovirus Hu/GII.4/Teralba/NSW881Z/2009/AUS 

HM748973.2 2009 7559 Norovirus Hu/GII.4/Turramurra/NSW892U/2009/AUS 

HQ009513.1* 2008 7560 Norovirus Hu/GII.4/JB-15/KOR/2008 

JN400599.1 2006 7558 Norovirus Hu/GII-4/CGMH01/2006/TW 

JN400600.1 2006 7509 Norovirus Hu/GII-4/CGMH02/2006/TW 

JN400601.1 2006 7509 Norovirus Hu/GII-4/CGMH03/2006/TW 

JN400602.1 2006 7509 Norovirus Hu/GII-4/CGMH04/2006/TW 

JN400603.1 2006 7509 Norovirus Hu/GII-4/CGMH05/2006/TW 

JN400604.1 2006 7509 Norovirus Hu/GII-4/CGMH06/2006/TW 

JN400605.1 2006 7509 Norovirus Hu/GII-4/CGMH07/2006/TW 

JN400606.1 2006 7509 Norovirus Hu/GII-4/CGMH08/2006/TW 

JN400607.1 2006 7509 Norovirus Hu/GII-4/CGMH09/2006/TW 

JN400608.1 2006 7509 Norovirus Hu/GII-4/CGMH10/2006/TW 

JN400609.1 2006 7509 Norovirus Hu/GII-4/CGMH11/2006/TW 

JN400610.1 2007 7509 Norovirus Hu/GII-4/CGMH12/2007/TW 

JN400611.1 2007 7509 Norovirus Hu/GII-4/CGMH13/2007/TW 

JN400612.1 2007 7509 Norovirus Hu/GII-4/CGMH14/2007/TW 

JN400613.1 2007 7509 Norovirus Hu/GII-4/CGMH15/2007/TW 

JN400614.1 2007 7509 Norovirus Hu/GII-4/CGMH16/2007/TW 

JN400615.1 2007 7509 Norovirus Hu/GII-4/CGMH17/2007/TW 

JN400616.1 2008 7509 Norovirus Hu/GII-4/CGMH18/2008/TW 

JN400617.1 2009 7509 Norovirus Hu/GII-4/CGMH19/2009/TW 

JN400618.1 2009 7509 Norovirus Hu/GII-4/CGMH20/2009/TW 

JN400619.1 2010 7476 Norovirus Hu/GII-4/CGMH21/2010/TW 

JN400620.1 2010 7500 Norovirus Hu/GII-4/CGMH22/2010/TW 

JN400621.1 2010 7509 Norovirus Hu/GII-4/CGMH23/2010/TW 

JN400622.1 2010 7509 Norovirus Hu/GII-4/CGMH24/2010/TW 

JN400623.1 2010 7509 Norovirus Hu/GII-4/CGMH25/2010/TW 
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JN400624.1 2010 7509 Norovirus Hu/GII-4/CGMH26/2010/TW 

JN400625.1 2010 7509 Norovirus Hu/GII-4/CGMH27/2010/TW 

JN400626.1 2010 7509 Norovirus Hu/GII-4/CGMH28/2010/TW 

JN595867.1 2010 7509 Norovirus Hu/GII.4/New Orleans/2010/USA 

JQ613552.2 2010 7559 Norovirus Hu/GII.4/NSW123B/2010/AU 

JQ613570.1 2009 7559 Norovirus Hu/GII.4/Rockdale/NSW006D/2009/AU 

JQ613571.1 2010 7559 Norovirus Hu/GII.4/Miranda/NSW817L/2010/AU 

JQ613572.1 2010 7559 Norovirus Hu/GII.4/StVincents/NSW217I/2010/AU 

JQ613573.1 2010 7560 Norovirus Hu/GII.4/Helensburgh/NSW295E/2010/AU 

JQ622197.1 2007 7559 Norovirus Hu/GII-4/CBNU2/2007/KR 

JQ798158.1 2004 7583 Norovirus Hu/GII.4/5M/USA/2004 

JQ911595.1 2009 7558 Norovirus Hu/GII/10002/2009/VNM 

JQ911596.1 2009 7511 Norovirus Hu/GII/10003/2009/VNM 

JQ911597.1 2009 7511 Norovirus Hu/GII/10012/2009/VNM 

JQ911598.1 2009 7510 Norovirus Hu/GII/10037/2009/VNM, complete genome. 

JX023286.1 1974 7511 Norovirus Hu/GII.4/CHDC5191/1974/USA 

JX126912.1 2012 7549 Norovirus Hu/GII.4/Ohio/7I/2012/USA 

JX126913.1 2012 7558 Norovirus Hu/GII.4/Ohio/7G/2012/USA 

JX439815.1 2010 7559 Norovirus Hu/GII/Seoul1055/KOR/2010 

JX439816.1 2010 7538 Norovirus Hu/GII/Seoul1072/KOR/2010 

JX439817.1 2010 7537 Norovirus Hu/GII/Seoul1282/KOR/2010 

JX439818.1 2010 7538 Norovirus Hu/GII/Seoul1367/KOR/2010 

JX439819.1 2011 7537 Norovirus Hu/GII/Seoul1488/KOR/2011 

JX448566.1 2010 7538 Norovirus Hu/GII.4/Seoul/1071/2010/KOR 

JX459900.1 2011 7538 Norovirus Hu/GII.4/Randwick/NSW882J/2011/AU 

JX459901.1 2011 7558 Norovirus Hu/GII.4/Caringbah/NSW409G/2011/AU 

JX459902.1 2012 7559 Norovirus Hu/GII.4/Berowra/NSW767L/2012/AU 

JX459903.1 2011 7559 Norovirus Hu/GII.4/Jannali/NSW774M/2011/AU 

JX459904.1 2011 7559 Norovirus Hu/GII.4/Doonside/NSW536I/2011/AU 

JX459905.1 2011 7559 Norovirus Hu/GII.4/Randwick/NSW938K/2011/AU 

JX459906.1 2011 7560 Norovirus Hu/GII.4/Miranda/NSW850K/2011/AU 

JX459907.1 2012 7560 Norovirus Hu/GII.4/Woonona/NSW3309/2012/AU 

JX459908.1* 2012 7560 Norovirus Hu/GII.4/Sydney/NSW0514/2012/AU 

JX989073.1 2010 7564 Norovirus Hu/GII.4/GZ2010-L26/Guangzhou/CHN/2010 

JX989074.1 2011 7559 Norovirus Hu/GII.4/GZ2010-L87/Guangzhou/CHN/2011 

KC013592.1 2004 7559 Norovirus Hu/GII.4/HS191/2004/USA 

KC175323.1* 2012 7556 Norovirus Hu/GII.4/Hong Kong/CUHK3630/2012/CHN 

KC175342.1 2009 7559 Norovirus Hu/Norwalk/10034/2009/VNM 

KC175343.1 2009 7511 Norovirus Hu/Norwalk/10051/2009/VNM 

KC175344.1 2009 7511 Norovirus Hu/Norwalk/10054/2009/VNM 

KC175345.1 2009 7511 Norovirus Hu/Norwalk/10062/2009/VNM 

KC175346.1 2009 7511 Norovirus Hu/Norwalk/10074/2009/VNM 

KC175347.1 2009 7511 Norovirus Hu/Norwalk/10075/2009/VNM 

KC175348.1 2009 7511 Norovirus Hu/Norwalk/10078/2009/VNM 

KC175349.1 2009 7511 Norovirus Hu/Norwalk/10079/2009/VNM 

KC175350.1 2009 7511 Norovirus Hu/Norwalk/10110/2009/VNM 



263 

KC175351.1 2009 7511 Norovirus Hu/Norwalk/10114/2009/VNM 

KC175352.1 2009 7511 Norovirus Hu/Norwalk/10116/2009/VNM 

KC175353.1 2009 7511 Norovirus Hu/Norwalk/10129/2009/VNM 

KC175354.1 2009 7511 Norovirus Hu/Norwalk/10136/2009/VNM 

KC175355.1 2009 7511 Norovirus Hu/Norwalk/10137/2009/VNM 

KC175356.1 2009 7511 Norovirus Hu/Norwalk/10145/2009/VNM 

KC175357.1 2009 7511 Norovirus Hu/Norwalk/10148/2009/VNM 

KC175358.1 2009 7511 Norovirus Hu/Norwalk/10158/2009/VNM 

KC175359.1 2009 7511 Norovirus Hu/Norwalk/10160/2009/VNM 

KC175360.1 2009 7511 Norovirus Hu/Norwalk/10162/2009/VNM 

KC175361.1 2009 7511 Norovirus Hu/Norwalk/10163/2009/VNM 

KC175362.1 2009 7511 Norovirus Hu/Norwalk/10169/2009/VNM 

KC175363.1 2009 7511 Norovirus Hu/Norwalk/10173/2009/VNM 

KC175364.1 2009 7511 Norovirus Hu/Norwalk/10176/2009/VNM 

KC175365.1 2009 7511 Norovirus Hu/Norwalk/10177/2009/VNM 

KC175366.1 2009 7511 Norovirus Hu/Norwalk/10179/2009/VNM 

KC175367.1 2009 7511 Norovirus Hu/Norwalk/10182/2009/VNM 

KC175368.1 2009 7511 Norovirus Hu/Norwalk/10183/2009/VNM 

KC175369.1 2009 7511 Norovirus Hu/Norwalk/10194/2009/VNM 

KC175370.1 2009 7511 Norovirus Hu/Norwalk/10199/2009/VNM 

KC175371.1 2009 7511 Norovirus Hu/Norwalk/10203/2009/VNM 

KC175372.1 2009 7511 Norovirus Hu/Norwalk/10204/2009/VNM 

KC175373.1 2009 7511 Norovirus Hu/Norwalk/10222/2009/VNM 

KC175374.1 2009 7511 Norovirus Hu/Norwalk/10223/2009/VNM 

KC175375.1 2009 7511 Norovirus Hu/Norwalk/10235/2009/VNM 

KC175376.1 2009 7511 Norovirus Hu/Norwalk/10236/2009/VNM 

KC175377.1 2009 7511 Norovirus Hu/Norwalk/10238/2009/VNM 

KC175378.1 2009 7511 Norovirus Hu/Norwalk/10247/2009/VNM 

KC175379.1 2009 7511 Norovirus Hu/Norwalk/10255/2009/VNM 

KC175380.1 2010 7511 Norovirus Hu/Norwalk/10285/2010/VNM 

KC175381.1 2010 7511 Norovirus Hu/Norwalk/10296/2010/VNM 

KC175382.1 2010 7511 Norovirus Hu/Norwalk/10313/2010/VNM 

KC175383.1 2010 7511 Norovirus Hu/Norwalk/10325/2010/VNM 

KC175384.1 2010 7511 Norovirus Hu/Norwalk/10328/2010/VNM 

KC175385.1 2010 7511 Norovirus Hu/Norwalk/10368/2010/VNM 

KC175386.1 2010 7511 Norovirus Hu/Norwalk/10378/2010/VNM 

KC175387.1 2010 7511 Norovirus Hu/Norwalk/10386/2010/VNM 

KC175388.1 2009 7511 Norovirus Hu/Norwalk/20008/2009/VNM 

KC175389.1 2009 7511 Norovirus Hu/Norwalk/20010/2009/VNM 

KC175390.1 2009 7511 Norovirus Hu/Norwalk/20014/2009/VNM 

KC175391.1 2009 7511 Norovirus Hu/Norwalk/20016/2009/VNM 

KC175392.1 2009 7511 Norovirus Hu/Norwalk/20019/2009/VNM 

KC175393.1 2009 7511 Norovirus Hu/Norwalk/20033/2009/VNM 

KC175394.1 2009 7511 Norovirus Hu/Norwalk/20035/2009/VNM 

KC175395.1 2009 7511 Norovirus Hu/Norwalk/20044/2009/VNM 

KC175396.1 2009 7511 Norovirus Hu/Norwalk/20047/2009/VNM 
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KC175397.1 2009 7511 Norovirus Hu/Norwalk/20066/2009/VNM 

KC175398.1 2009 7511 Norovirus Hu/Norwalk/20067/2009/VNM 

KC175399.1 2009 7511 Norovirus Hu/Norwalk/20069/2009/VNM 

KC175400.1 2009 7511 Norovirus Hu/Norwalk/20092/2009/VNM 

KC175401.1 2009 7511 Norovirus Hu/Norwalk/20093/2009/VNM 

KC175402.1 2009 7511 Norovirus Hu/Norwalk/20094/2009/VNM 

KC175403.1 2009 7511 Norovirus Hu/Norwalk/20118/2009/VNM 

KC175404.1 2009 7511 Norovirus Hu/Norwalk/20122/2009/VNM 

KC175405.1 2009 7511 Norovirus Hu/Norwalk/20123/2009/VNM 

KC175406.1 2009 7511 Norovirus Hu/Norwalk/20128/2009/VNM 

KC175407.1 2009 7511 Norovirus Hu/Norwalk/20135/2009/VNM 

KC175408.1 2009 7511 Norovirus Hu/Norwalk/20139/2009/VNM 

KC175409.1 2009 7511 Norovirus Hu/Norwalk/20140/2009/VNM 

KC175410.1 2009 7511 Norovirus Hu/Norwalk/20142/2009/VNM 

KC517361.1 2012 7511 Norovirus Hu/GII-4/Taoyuan/CGMH51/2012/TW 

KC517362.1 2012 7509 Norovirus Hu/GII-4/Taoyuan/CGMH52/2012/TW 

KC517364.1 2012 7509 Norovirus Hu/GII-4/New Taipei/CGMH54/2012/TW 

KC517365.1 2012 7509 Norovirus Hu/GII-4/Taoyuan/CGMH55/2012/TW 

KC517368.1 2012 7509 Norovirus Hu/GII-4/New Taipei/CGMH58/2012/TW 

KC517369.1 2012 7509 Norovirus Hu/GII-4/Taoyuan/CGMH59/2012/TW 

KC517372.1 2012 7509 Norovirus Hu/GII-4/New Taipei/CGMH62/2012/TW 

KC517376.1 2012 7509 Norovirus Hu/GII-4/Taoyuan/CGMH66/2012/TW 

KC517377.1 2012 7509 Norovirus Hu/GII-4/Taoyuan/CGMH67/2012/TW 

KC517378.1 2012 7509 Norovirus Hu/GII-4/New Taipei/CGMH68/2012/TW 

KC576909.1 2011 7509 Norovirus Hu/GII.4/GP2411/2011/USA 

KC576912.1 2011 7509 Norovirus Hu/GII.4/GP13111/2011/USA 

KC631814.1 2011 7509 Norovirus Hu/GII.4/MI001/2011/USA 

KC631827.1 2012 7575 Norovirus Hu/GII.4/Hong Kong/CUHK6080/2012/CHN 

KC810020.1 2010 7559 Norovirus Hu/GII.4/B/GBR/2010 clone PxB240610 

KC810021.1 2010 7538 Norovirus Hu/GII.4/B/GBR/2010 clone PxB040710 

KC810022.1 2010 7546 Norovirus Hu/GII.4/B/GBR/2010 clone PxB190710 

KC810023.1 2010 7545 Norovirus Hu/GII.4/B/GBR/2010 clone PxB230710 

KC810024.1 2010 7016 Norovirus Hu/GII.4/B/GBR/2010 clone PxB230810 

KC810025.1 2010 7558 Norovirus Hu/GII.4/B/GBR/2010 clone PxB270710 

KC810026.1 2010 7560 Norovirus Hu/GII.4/A/GBR/2010 clone PxA280610 

KC810027.1 2010 7557 Norovirus Hu/GII.4/A/GBR/2010 clone PxA040710 

KC810028.1 2010 7557 Norovirus Hu/GII.4/A/GBR/2010 clone PxA120710 

KC810029.1 2010 7219 Norovirus Hu/GII.4/C/GBR/2010 clone PxC270810, 

KC810030.1 2010 7557 Norovirus Hu/GII.4/D/GBR/2010 clone PxD240810 

KC810031.1 2010 7560 Norovirus Hu/GII.4/E/GBR/2010 clone PxE230710 

KC810032.1 2010 7560 Norovirus Hu/GII.4/E/GBR/2010 clone PxE230610 

KC894942.1 2011 7558 Norovirus Hu/GII.4/Guangzhou/GZ2010-L88/CHN/2011 

KC894943.1 2011 7556 Norovirus Hu/GII.4/Guangzhou/GZ2010-L91/CHN/2011 

X86557.1* 1993 7556 Lordsdale virus 
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Appendix D: Robustness of the Norovirus Transmission 

Model to Genetic Clustering Threshold 

D.1 2009-10 Season 

 

Figure D.1.1: Comparison of parameter distributions of the transmission model for 2009-10. 

Marginal posterior distributions for all parameters in the analysis; the prior distribution is shown 

with a dash black line, and the posteriors for the 1, 3, and 10 SNP thresholds shown in grey as 

marked. 
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D.2 2010-11 Season 

 

Figure D.2.1: Comparison of parameter distributions of the transmission model for 2010-11. 

Marginal posterior distributions for all parameters in the analysis; the prior distribution is shown 

with a dash black line, and the posteriors for the 1, 3 and 10 SNP thresholds shown in grey as 

marked. The SNP clustering is the same under the 3 and 10 SNP thresholds, and thus the lines 

are identical in this case. 
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D.3 2011-12 Season 

 

Figure D.3.1: Comparison of parameter distributions of the transmission model for 2011-12. 

Marginal posterior distributions for all parameters in the analysis; the prior distribution is shown 

with a dash black line, and the posteriors for the 1, 3 and 10 SNP thresholds shown in grey as 

marked. 
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D.4 2012-13 Season 

 

Figure D.4.1: Comparison of parameter distributions of the transmission model for 2012-13. 

Marginal posterior distributions for all parameters in the analysis; the prior distribution is shown 

with a dash black line, and the posteriors for the 1, 3 and 10 SNP thresholds shown in grey as 

marked. 
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Appendix E: Campylobacter Sequences 

The sequences used in Chapter 5 are the same as those given in Table S1 from Sheppard 

et al. (2013b), with the following isolate numbers: 

 

ST-21: 34, 36, 37, 40, 59, 60, 62, 63, 65, 71-78, 89, 94, 97, 110, 113, 116, 117, 182, 189, 195, 

202, 203, 211 

 

ST-45: 45, 48, 52, 55, 56-57, 70, 79, 81, 82, 84, 90-92, 100, 102-104, 111, 112, 114, 119,  

124, 128, 131 

 

ST-828: 2, 5, 15, 17-19, 21, 24, 98, 132, 134, 136-157, 159-163, 165, 167-171 
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