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Abstract 

Understanding diversity of bacterial populations at the lineage level can offer insight 

into the success of pathogenic species and their potential to diversify to occupy new 

niches. This can be implemented in the design of control strategies such as bespoke 

vaccines to reduce levels of infection in diverse environmental species such as, 

Campylobacter. Vaccines are the best method of control for bacteria and are 

effective against monomorphic organisms sharing similar antigenic variation. 

However, challenges arise in vaccine design for diverse, multi-niche species due to 

1) high diversity of antigen variation and, 2) high evolvability of lineages, making 

serotype replacement likely. This dissertation describes a novel approach to 

estimate empirical rates of molecular evolution in Campylobacter species using 

closely related pairs of isolates and applies these rates, along with population 

genomics and a coalescent approach analogous with the well-known statistical 

birthday problem to understand diversity of lineages in the wild over short 

evolutionary timescales. The same methodology was applied to multiple pathogenic 

bacterial species with different transmission ecologies. Finally, this information, 

along with genomic methods, was used to inform the design and manufacture of an 

autogenous poultry vaccine to control Campylobacter levels entering retail and 

predict the long-term effects over time. Novel synonymous rates of molecular 

change (molecular clock) were estimated for C. coli and C. jejuni and the effects of 

horizontal gene transfer assessed to reveal high rates of recombination. Total rates 

of nucleotide change were also estimated and used alongside comparative 

genomics approaches to reveal the high maintenance of successful C. jejuni 

ancestral lineages over time along with recent rapid diversification of C. coli 

lineages. These results indicate that a vaccine targeting Campylobacter lineages 

would quickly be replaced by non-vaccine-specific lineages. The use of 

bioinformatics and increased availability of whole genome sequences has opened 

up an area of research where new options for disease control, along with the 

processes that underpin adaptation, can be explored.  
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Chapter 1 

Introduction 

 

There is enormous abundance and diversity of bacteria on earth (Louca et al., 

2019). The vast majority are harmless or beneficial to humans but a small number 

are pathogenic, resulting in global mortality and morbidity (Dadgostar, 2019). 

Understanding the emergence of these species and strains has pre-occupied 

microbiologists for decades and remains a major priority in modern health care. The 

increase in availability of next generation sequencing (NGS) technologies have 

provided great insight into better understanding the relationships between microbes 

and their hosts and environments. The implementation of evolutionary theory to 

microbial research is also paramount in designing control strategies. Each chapter 

in this dissertation has its own introduction and research area. Therefore, the 

following general introduction will aim to explain the basic principles of bacterial 

comparative genomics and the evolutionary processes that generate and maintain 

the variation in natural populations. Additionally, how an understanding of these 

processes, along with state-of-the-art genomic analyses, can be used in control 

strategies such as vaccines with a particular focus on controlling levels of a diverse 

and environmental pathogen such as, Campylobacter. 

 

Bacteria are abundant  

Bacteria are single-celled microscopic organisms that are distinct from Eukaryota 

by the lack of a membrane-bound nucleus and other organelles such as the 

chloroplast and mitochondria. They can range in size but are typically between 0.2 

– 5 µm in length. Other defining characteristics are the differences in morphology: 

bacterial shapes include rods, cocci and spirals depending on the selective 

advantage in a particular environment (Young, 2007). Bacteria also require specific 

environmental conditions for optimal growth and survival e.g. ideal oxygen levels, 

temperature, time, nutrients and pH. This varies within and between species making 

some bacteria more successful at occupying specific environments than others. 

There are over 600,000 known bacterial species worldwide (Louca et al., 2019) that 

at some point in the past diverged from a single shared common ancestor. Bacteria 

were among the earliest life forms on earth and remain one of the most successful 
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organisms in existence. A characteristic of their success is that they have adapted 

(in very high numbers) to every existing environment on earth. Many bacteria are 

also host-associated, with well-studied species living inside of and on human 

bodies. Some of these exist commensally and can be helpful to life (Hasan Mohajeri 

et al., 2018; Zheng et al., 2020), however, other species can invade the human body 

and cause disease (pathogens). This can also occur if the normal resident 

microbiome is disrupted and outcompeted by harmful species, for example, 

Clostridium difficile (Klaas Smits et al., 2016). Harmful or not, bacteria are hugely 

important to life on earth and without them the quantity and quality of life would be 

extremely compromised (Gilbert and Neufeld, 2014). 

 

Different species have different host ranges 

The potential for a species to occupy a niche is determined by the nature of plasticity 

of the genome under evolutionary forces. One explanation for the vast abundance 

of bacteria on earth despite high levels of competition is that speciation levels are 

much higher than extinction levels, meaning new species form faster than old ones 

can disappear by extinction. This leads to an accumulation of species occupying 

niches over time (Dykhuizen, 1997). Due to the enormity of competition of bacterial 

populations, the ability to adapt rapidly and occupy a specific niche is paramount for 

success and survival. The nature of niche occupancy therefore differs greatly 

between species. For example, some species are restricted by single hosts such as 

clinical or obligate human pathogens and must live in a human to survive, such as 

Bordetella pertussis (Trainor et al., 2015), Neisseria gonorrhoea (Tobiason and 

Seifert, 2006) or Mycobacterium tuberculosis (Brites and Gagneux, 2015). Others 

have broader host ranges and are essentially considered “environmental” but can 

still cause infection in humans accidently or opportunistically like Staphylococcus 

aureus (Coates et al., 2014), Salmonella enterica (Kurtz et al., 2017), Escherichia 

coli (Braz et al., 2020). Specialism at the lineage level can occur within species 

whereby lineages are restricted largely by host. A good example of this is 

demonstrated by the population structure of Campylobacter where some genetically 

distinct lineages are associated with, and regularly isolated from specific hosts. For 

example, some lineages of C. jejuni are mainly isolated from poultry, wild birds or 

cattle separately (Sheppard et al., 2010; Sheppard et al., 2011; Griekspoor et al., 

2013) (Figure 1.1).  
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Figure 1.1. Host specialism and generalism of Campylobacter jejuni lineages. A 

Maximum-likelihood phylogeny of 1,824 whole genomes (S2.1 Table) constructed using the 

same methods as for Figure 2.1. Host specialism is observed for the cattle-associated ST-

61 (blue), wild bird-associated ST-1325 (green) and chicken-associated ST-206, ST-257, 

ST-353 and ST-354 clonal complexes (CCs) (yellow). These CCs are commonly isolated 

from the same source reservoirs. Host generalist lineages, ST-21 and ST-45 CCs can 

colonise, and are commonly isolated from multiple host-niches (grey dashed line). Scale 

bar represents the number of substutions per site. 

 

Important factors influencing host specialisation are through mechanisms such as 

phase variation in order to alter the expression of genes in response to their 

changing environment (Atack et al., 2018), reduced rates of evolution to change 

(Bonneaud et al., 2019) and the ability to gain or lose accessory genes due to high 

rates of recombination (Didelot and Maiden, 2010). This was observed in a study 

involving outbreaks of Salmonella enterica serovar Agona which were isolated over 

several outbreaks, as well as from isolated cases and the environment. Little 

difference was found in the core genome when strains were compared but variation 

was observed in the accessory genome due to the gain and loss of prophages and 

other mobile genetic elements (MBEs) (Zhou et al., 2013). However, host 
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generalism can also occur within species where the host range of some lineages is 

much broader, facilitating the colonisation and persistence in multiple host niches 

(Woolhouse et al., 2001; Sheppard et al., 2014; Dearlove et al., 2016; Woodcock et 

al., 2017). Interestingly, even when generalist lineages enter a new host, they are 

not found to be outcompeted by the pre-existing specialist lineage (Atterby et al., 

2018). Occupancy of a niche shared between host generalists and host specialists 

can be explained by recombination between the two whereby host generalists 

acquire the host-associated genetic elements required by specialist strains to 

colonise and survive in the novel host (Sheppard et al., 2014). The ability to occupy 

multiple hosts facilitates the spread of populations and could be an indicator of 

ecological success. Another example of host-restricted lineages within a species 

can be observed in S. aureus with lineages specialised to humans, cows, sheep, 

goats, pigs or poultry as well as rodents and bats (Peton and Le Loir, 2014; Mrochen 

et al., 2018; Fountain et al., 2021). However, host shifts have been documented in 

the S. aureus clonal complex 5 (CC5) lineage following pandemic emergence from 

humans to chickens due to the acquisition of an MBE (Lowder et al., 2009). The 

definition of the term “lineage” used here and throughout this dissertation is the 

same as been previously described by Achtman and Wagner, 2008 as a 

metapopulation that extends through time which evolves independently from other 

lineages.  

 

The occupation of new niches can also be observed as the ability to adapt to 

pressures within a host. For example, human invasive pathogens can develop ways 

to evade the immune system, or become resistant to antimicrobials (Jiang et al., 

2019). Other environmental factors such as the ability to adapt to different 

temperatures, metabolise different nutrients, adapt to different levels of oxygen or 

atmospheric gases are challenges faced by bacterial species. It is also assumed 

that species multiply to fill available niches. Therefore, the potential for new species 

or lineages to emerge is only possible when more niches are available to fill (due to 

competition). The effects of anthropogenic change such as those associated with 

intensive agriculture, are also believed to have contributed significantly to the 

creation of new niches for species to occupy (Mourkas et al., 2020). This opens up 

scenarios for zoonotic spillover from benign host reservoirs to become human 

pathogens, such as suspected for the emergence of COVID-19 (Mackenzie and 

Smith, 2020). 
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Genetic variation is linked to bacterial adaptation  

Bacterial species are asexual and reproduce clonally. However, populations change 

(evolve) over time under the influence of natural selection, which favours individuals 

with variation that makes them fitter in a given niche. If we imagine a theoretical 

population with no variation, i.e. in a strict clonal model, bacteria will not be able to 

expand beyond the niche of their parent population. There are two processes of 

generating variation into the genome: the first being point mutation through DNA 

replication error. This is responsible for the introduction of variation into the genome 

via single base substitutions or single nucleotide polymorphisms (SNPs) e.g. A to T. 

This can also occur through the insertion of a nucleotide or the deletion of an existing 

nucleotide in the genome (INDELS) (Hershberg, 2015). The second process 

involves large amounts of variation containing whole genes or sections of genes 

being recombined into or removed from the genome via genetic exchange among 

and between bacterial populations. This is known as non-homologous 

recombination (Didelot and Maiden, 2010; Hanage, 2016). There are three 

mechanisms of horizontal gene transfer (HGT): 1) transformation – the uptake of 

foreign genetic material from the environment, 2) transduction – the transfer of DNA 

from one bacterium to another via bacteriophage infection (Zinder and Lederburg, 

1952) and 3) conjugation – the movement of mobile genetic elements (MGEs) 

between a donor and recipient bacterium along a pilus structure (Lederburg and 

Tatum, 1946; Grohmann et al., 2003; Thomas and Nielsen., 2005). Scenarios where 

HGT occurs between closely related lineages can result in the exchange and 

replacement of genes or sequences with a variant of the same sequence. This 

process is known as homologous recombination and can act as an important 

mechanism for DNA repair (Michod et al., 2008; Vos, 2009) (Figure 1.2).  

 

A direct measure for the rate of the introduction of nucleotide change (NC) into the 

genome via recombination in comparison to de novo point mutation, the r/m ratio, 

provides a simple way of quantifying the effects of recombination on the evolution 

of a species (Guttman and Dykhuizen, 1994; Vos and Didelot, 2009). In some 

bacterial species, recombination is the major driving force of evolution (high r/m). 

Some are less recombinogenic and are classed as “clonal” or genetically 

monomorphic (Vos and Didelot, 2009; Shapiro, 2016). A comparison study of 

bacterial homologous recombination rates based on mutli-locus sequence typing 
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(MLST) (Maiden et al., 1998) revealed Vibrio parahaemolyticus to have the highest 

r/m value (39.8) and one of the lowest being Staphylococcus aureus (0.1) (Vos and 

Didelot, 2009). However, this study only focussed on 7 highly conserved genes 

whereas the rates are far more likely to vary across a whole genome (Didelot et al., 

2012; Croucher et al., 2013). Multiple software programs have been developed in 

order to detect regions of bacterial genomes having undergone recombination such 

as Gubbins (standing for “Genealogies Unbiased By recomBinations In Nucleotide 

Sequences“) (Croucher et al., 2015) and ClonalFrameML (Didelot and Wilson, 

2015).  

 

Figure 1.2. Mechanisms of HGT. Conjugation (A) is the process involving the transfer of 

DNA from a donor cell to a recipient cell via a plasmid (red) during cell-to-cell contact; 

Transduction (B) involves the transfer of DNA from a donor cell to recipient cell via a phage 

or bacteriophage; Transformation (C) is the genetic alteration of a bacterial cell via the 
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uptake of foreign DNA from the environment. Homologous recombination occurs between 

similar bacterial strains and is the replacement of genetic sequence between a recipient 

and donor cell. Non-homologous recombination is the exchange of genetic sequences 

which could be lost or inserted and could lead to gene duplication in some circumstances. 

Figure inspired by Sheppard et al., 2018.  

 

Comparative genomic studies of thousands of bacterial isolates from different 

species identified differences in gene content not only between species, but also 

between lineages. These differences are facilitated by the movement of accessory 

genes between strains and recombination events. Isolates belonging to the same 

species usually share very similar chromosomal content, this is termed the core 

genome. In other circumstances, the chromosomal content can differ considerably 

between strains. This significant difference in chromosomal content is termed the 

accessory genome. Together the core and accessory genome make up the 

pangenome (Azarian et al., 2020). The function of accessory genes are usually 

associated with increased survival through virulence factors or multi-drug resistance 

(MDR) (McNally et al., 2016), which can be shared among prokaryotic life to even 

be regarded as a “public good” (McInerney et al., 2020). The size of pangenomes 

can vary considerably between lineages. A study comparing the genome sizes of 

only eight Streptococcus agalactiae isolates (Group B Streptococcus) identified a 

core genome size of 1,806 core genes and 439 accessory genes, highlighting the 

significant variation of pangenome size even within small sample sets (Tettelin et 

al., 2005). Pangenome analysis on larger scales (thousands of genomes) have 

provided information on the extent of diversity in accessory genome content and 

over short evolutionary timescales, this provides important information on the 

adaptation of bacterial species. Such studies have shown that not only are 

pangenomes extremely diverse among species but also dependent greatly on 

bacterial lifestyle (Ochman and Davalos, 2006; McInerney et al., 2017). One study 

summarised this diversity and compared with bacterial lifestyle to find pangenome 

sizes ranged from 974 genes in the obligate intracellular pathogen, Chlamydia 

trachomatis to a colossal 40,362 genes in species with more diverse lifestyles such 

as the agricultural, semiaquatic Oryza sativa (McInerney et al., 2017). The ratio of 

accessory genome to the total pangenome length (“genome fluidity”) can also vary 

with the smallest proportion of accessory genes of 8% from O. sativa to the largest 
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of 83% accessory gene content from S. enterica (Kislyuk et al., 2011; McInerney et 

al., 2017).   

 

Some genetic change provides evidence for natural selection 

The effects of NC on the expression of a phenotype can differ whereby synonymous 

substitutions (or “silent” mutations) can occur and result in no predicted change to 

the amino acid and therefore, the protein produced. On the other hand, 

nonsynonymous substitutions do result in an alteration to the amino acid sequence 

and changes to the protein. There are two theoretical approaches to explain patterns 

of molecular evolution observed in bacterial populations: 1) most of the variation 

arising in bacterial populations are neutral (synonymous) and explained by genetic 

drift, and 2) lineages adapted to a particular niche are selected for (Schierup and 

Wiuf, 2010). The neutral theory of evolution suggests that the vast majority of NCs 

introduced into the genome are selectively neutral (Kimura, 1968) and would have 

no effect on evolutionary fitness. Gradually, genetic drift would lead to either the 

spread of the variant throughout a population leading to fixation, or could be lost. 

This offers a contrast to the idea that the fate of the majority of evolutionary changes 

are determined by natural selection. A relatively constant accumulation of NC over 

time can be termed a “molecular clock” and represents a valuable tool in bacterial 

evolution studies. It has been suggested in the past that a universal molecular clock 

is shared by all life on earth. However, advances in genetic technologies have 

deemed this too simplistic, as rates of molecular evolution are observed to vary a 

lot among species (Ho, 2008). The idea of the “relaxed” molecular clock was 

introduced to account for the variation of rates among lineages. When the clock rate 

is determined, this can then be applied to sequence data of closely related 

organisms to date important evolutionary and ecological events (Figure 1.3). 
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Figure 1.3. Dating a two-step emergence of systemic disease of Streptococcus suis. 

Example of a time-calibrated phylogeny of 515 S. suis whole genomes sampled from pigs 

and humans. Ancestral nodes (black circles) were dated using estimated clock rates and 

least-squares criteria (To et al., 2016) to date the emergence of disease in pigs coinciding 

with rapid growth in agriculture. This led to respiratory disease in pigs (step 2) and to the 

emergence of systemic disease in humans (grey dashed square) over 2,458 years (grey 

dashed arrow). The emergence of the human cluster was estimated at the year 1974 (red 

dashed line). Scale bar represents substitutions per site per year. [N.B. This an original 

figure produced by the author of this dissertation in collaboration with Dr Ben Pascoe, 

University of Bath, Bath, UK]. Methods can be found in chapter 1 appendix. 

 

The effects of selection on a phenotype can be measured by estimating the ratio of 

substitution rates at synonymous (dS) and nonsynonymous (dN) sites of a genome 

(Nei and Gojobori, 1986). The most popular method of testing the selective 

pressures on coding regions of the genome is the dN/dS ratio (Kryazhimskiy and 

Plotkin, 2008). The ratio can be explained by the assumption that synonymous 

substitutions are neutral and do not result in an amino acid change and therefore, 
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in the absence of selection, the dN/dS ratio will = 1 as there will be no difference in 

the per site rates of the two mutation effects. It is also assumed that genetic drift 

would be the main driver of evolution at these loci. If dN/dS is >1, this can indicate 

positive selection of an advantageous nonsynonymous substitution. On the other 

hand, if the observed rate of synonymous substitutions is higher than that of 

nonsynonymous, this can indicate purifying (or negative) selection against 

deleterious nonsynonymous substitutions and is equal to dN/dS <1 (Hurst, 2002). 

Originally the dN/dS ratio was developed for the analysis of divergent species 

(Kimura, 1977; Goldman and Yang, 1994; Muse and Gaut, 1994) however, it has 

been abundantly applied to genomes belonging to single populations including 

many bacterial populations (Feil et al., 2003; Holden et al., 2004; Holt et al., 2008; 

Castillo-Ramirez et al., 2011). Although this approach has been useful for detecting 

adaptation in many bacterial genomes, there are limitations to its usage (Toft and 

Andersson, 2010). For example, evidence suggests that selection operates not only 

on protein-coding sequences but also on factors such as the arrangement of genes, 

the distribution of coding sequences on lagging and leading strands and GC skew 

and codon usage, all of which may go undetected by dN/dS (Bentley and Parkhill, 

2004). 

 

Bacterial Effective population size (Ne) is a measure of evolutionary success 

The effectiveness of natural selection on adaptation resulting in increased fitness is 

influenced by the effective population size (Ne) (Kirchberger et al, 2020). Ne is 

classified as the size of an idealised population that would be reduced in diversity 

at a rate equal to that of the observed population (Charlesworth, 2009; Sheppard et 

al, 2018). In simple terms, it is the number of individuals in a population which will 

contribute genes to the next generation (Kirchberger et al, 2020). Learning about 

the Ne of bacterial species can: (i) reveal insights into the evolutionary success of 

the organism; (ii) quantify this success in a particular environment and, (iii) quantify 

the stability of populations over time. For example, bacterial species with a large Ne 

have greater potential for adaptability to new niches than those with a smaller Ne 

(Vonaesch et al, 2018). Theoretical considerations imply that the adaptive routes 

taken by organisms vary depending on the size of Ne. For example, bacteria with 

large effective population sizes generate much larger amounts of allelic variation 

per subsequent generation, allowing a more thorough exploration of the adaptive 
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landscape (Zheng et al, 2019; Kirchberger et al, 2020). Populations with a smaller 

Ne however, are much more likely to be under the influence of genetic drift whereby 

the chance of each loci reaching fixation is random (Bobay and Ochman, 2017; 

Bobay and Ochman, 2018). However, Ne, when applied to bacteria differs due to 

the nature of bacterial genomes i.e. small genome sizes (fewer genes than 

eukaryotes), rapid growth rates, varying recombination event rates, less non-coding 

DNA than eukaryotes and large natural population sizes, making estimates 

particularly difficult to achieve (Bobay and Ochman, 2018). 

 

Availability of large bacterial genome collections is improving understanding 

of adaptation 

Since the sequencing of the first complete bacterial genomes of Haemophilus 

influenzae and Mycoplasma genitalium in 1995 (Fleischmann et al., 1995; Fraser et 

al., 1995), the rapid increase in availability of genomic technologies has been 

monumental to understanding bacterial communities and how they function (Loman 

and Pallen, 2015). Whole-genome sequencing (WGS), along with data analysis 

using bioinformatics methodology have revolutionised our understanding of how 

bacteria evolve and their interactions with hosts, each other and their surroundings. 

Due to the decreased costs of WGS and increase in rapid accessibility of genomic 

information in real-time, these approaches are now being integrated into clinical 

settings (Zhang et al., 2019). There are real applied advantages of genomic 

epidemiology, especially when the identification of a novel outbreak strain cannot 

be identified using traditional culture-based methods or a diagnostic test has not yet 

been developed. For instance, a metagenomics study (involving the direct 

sequencing of DNA extracted from environmental samples) was successfully 

designed to investigate an on-going outbreak of Shiga-Toxigenic E. coli independent 

of cultured methods (Loman et al., 2013). It has also been possible to apply such 

methodologies in order to study emerging infectious diseases in real time. For 

example, during large viral outbreaks of Ebola, Zika and SARS-CoV-2 (Gire et al., 

2014; Quick et al., 2017; Romano and Melo, 2021). Genomics has also contributed 

to advances in the design of new drugs (Spreafico et al., 2020; Sonehara and 

Okada, 2021) and other methods of control such as vaccines through reverse 

vaccinology methods (Sette and Rappuoli, 2010). It has also provided an 

understanding of the genetic basis for the variation of phenotypes using genome-
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wide association studies (GWAS) (Sheppard et al., 2013; Chewapreecha et al., 

2014; Laabei et al., 2014) which requires multiple strains from comparable 

populations to in order to identify genetic traits that are statistically associated with 

a particular phenotype (Read and Massey, 2014; Chen and Shapiro, 2015). GWAS 

studies have been successful in identifying important genes associated with 

virulence (Laabei et al., 2014; Pascoe et al., 2015; Berthenet et al., 2018; Collins et 

al., 2018; Meric et al., 2018; Kachroo et al., 2019; Lees et al., 2019), host 

specialisation (Sheppard et al., 2013; Yahara et al., 2017) and antibiotic resistance 

(Farhat et al., 2013; Earle et al., 2016; Farhat et al. 2019; Ma et al., 2020). The 

accessibility of genomic data is made easier by the public availability of databases 

that collectively contain millions of assembled bacterial whole-genomes along with 

important metadata such as: pubMLST (Jolley and Maiden, 2018), Bacterial Isolate 

Genome Sequence Database (BIGSdb) (Jolley and Maiden, 2010), Enterobase 

(Zhou et al., 2020) and GenBank distributed by the National Center for 

Biotechnology Information (NCBI) (Clark et al., 2016). Other databases are 

designed to assess the likely antimicrobial resistance (AMR) of an organism 

(National Database of Antibiotic resistant Organisms (NDARO), ResFinder 

(Bortolaia et al., 2020) and PointFinder (Zankari et al., 2020), The Comprehensive 

Antibiotic Resistance Database (CARD) (Alcock et al., 2020)) by aligning genetic 

sequences against sequences stored in the database associated with antimicrobial 

resistance. It is now much easier to process and analyse genomes of 

epidemiological importance in real time using graphical user interface (GUI) tools 

such as pathogen watch and Nextstrain (Hadfield et al., 2018). Genomes are also 

being used to complement laboratory work but cannot completely replace existing 

laboratory techniques (Kobras et al., 2020). Recent genomics studies revealed that 

the sequencing of a common C. jejuni reference laboratory strain collected from 

different labs around the UK revealed differences in SNPs between strains (Pascoe 

et al., 2019) this highlights the advantage of genome sequencing but also the 

possible flaws in laboratory work as all studies using the lab reference strain should 

be standardised. 
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Genomics is improving understanding of the enteric bacteria, Campylobacter 

Bacteria belonging to the genus Campylobacter are Gram-negative, spiral (or rod)-

shaped and belong to one of twenty species and subspecies (Fernandez et al., 

2008). They can range in cell size but usually fall between 0.5 and 5 µm and favour 

microaeophilic conditions in temperatures of 37-42ºC for optimal growth (Kaakoush 

et al., 2015). They are ubiquitous in nature and can be isolated from multiple 

environmental sources including soil and water (Bronowski et al., 2014), as well as 

found commensally in the guts of the majority of mammalian and avian species 

(Waldenstrom et al., 2002; Sheppard et al., 2011; Bronowski et al., 2014; Cody et 

al., 2015; Sheppard and Maiden, 2015). However, they are mainly associated with 

agriculture, in particular chicken which serves as the main source reservoir for 

human infection (Wilson et al., 2008; Sheppard et al., 2009; Strachan et al., 2009; 

Dearlove et al., 2016; Rosner et al., 2017; Thepault et al., 2017). The two most 

important species of Campylobacter to human health are C. coli and C. jejuni and 

together are the leading cause of bacterial foodborne gastroenteritis worldwide. 

Symptoms can range from bloody diarrhoea to stomach cramps and nausea and 

vomiting but are usually self-limiting. Occasionally more serious complications can 

occur in the form of neurological conditions which cause temporary paralysis via 

Guillain-Barre syndrome (GBS) and Miller Fisher syndrome (McCarthy and 

Giesecke, 2001). In rare cases death can occur in immunocompromised people. As 

the majority of Campylobacter infections are self-limiting, the need for medical 

intervention is minimal. However, in circumstances where the patient is 

immunocompromised or an infection is persisting, fluoroquinolones are used as the 

main treatment (Allos, 2001; Smith and Fratamico, 2010). Although Theodor 

Escherich first described Campylobacter in the year 1886 (Vandamme, 2000; King 

and Adams, 2008; Vandamme et al., 2010), a thorough understanding of 

pathogenesis in humans remains limited (Silva et al., 2011).   

 

Campylobacter is associated with poultry and intensive livestock production 

The greatest source reservoir associated with human infections of C. coli and C. 

jejuni is farmed poultry (Newell and Fearnley, 2003; Kalupahana et al., 2013). Broiler 

houses undergo rigorous cleaning and biosecurity so the initial introduction of 

Campylobacter into houses remains unclear. However, Campylobacter has been 

isolated from the surrounding environment of farms (Ellis-Iversen et al., 2012). 
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Campylobacter is spread horizontally through broiler flocks via the faecal oral route 

and is facilitated by the close proximity of broiler birds sharing one house. A single 

flock (~20,000 chickens), remains in the same house until slaughter and if one 

chicken becomes contaminated, this very rapidly spreads throughout the flock within 

a week (Beery et al., 1988; Shanker et al., 1990; Newell et al., 2011).  

 

Figure 1.3. Poultry farm settings promoting the spread of Campylobacter lineages. 

Campylobacter can be isolated from poultry farm settings (A). The same isolates can be 

found within the chicken houses where broiler birds are placed after hatch (B) and remain 

in the same house until slaughter. Campylobacter is spread via the faecal oral route and 

due to the close proximity of birds (C), can rapidly colonise an entire house of approximately 

20,000 birds (D).   

 

Possible routes for the introduction Campylobacter into broilers houses on farms 

are via wild animals, insects, farm personnel or equipment (Hald et al., 2004; Silva 

et al., 2011; Allain et al., 2014). Campylobacter colonises the caeca of broilers at 

the highest concentrations (109 cells/gram) compared with the rest of the gut as it is 
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thought it can evade the immune system here (Figure 1.4). However, there is 

seasonality variations in the colonisation levels of broiler birds with the highest levels 

observed in the summer months which may be due to the increase in temperature 

and humidity (Baali et al., 2020). Multiple strains within and from different species 

of Campylobacter can circulate within a caeca and therefore, per farm (Sheppard et 

al., 2014).  

 

Figure 1.4. Photograph of a removed chicken caecum. Campylobacter colonises at 

highest levels in the caeca (red arrows). The caeca are two tubular structures which are 

attached to the large and small intestines indicated by black arrows.   

 

The relationship of Campylobacter with chickens is different to that of humans and 

is defined as commensal whereby Campylobacter infection isn’t necessarily harmful 

to broilers. However, one study claimed that Campylobacter infection can cause 

chronic inflammation and diarrhoea (Humphrey et al., 2014) which highlights issues 

of poultry welfare.   
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Infection in humans is mainly due to the ingestion of improperly cooked chicken that 

has been contaminated with Campylobacter. This is thought to be due to the 

contamination of meat during carcass processing in the abattoir (Neimann et al., 

2003; Allen et al., 2007; Sheppard et al., 2009; Seliwiorstow et al., 2015). Despite 

efforts to prevent spillage, the demand and amount of chickens entering one poultry 

abattoir of approximately 1 million broiler birds a week makes it almost impossible 

to control levels of Campylobacter entering the food chain. There are certain stages 

of processing expected to initiate the spread during poultry processing. For 

example, bleeding, defeathering, washing and chilling (Seliwiorstow et al., 2016). 

The most critical step in terms of microbial safety is the evisceration step, where the 

contents (intestines, offal etc.) of the bird are removed and this causes leaking and 

spillage of the contents of the intestines onto equipment (Figure 1.5) (Seliwiorstow 

et al., 2016).  

 

 

Figure 1.5. Points of meat contamination with Campylobacter during factory 

processing. The evisceration stage of poultry processing (removal of internal organs) (A) 

is a critical point for contamination of the chicken carcass due to the damp and warm 

conditions of the evisceration room (B), close proximity of carcass to removed organs and 

spilt intestinal contents on equipment (C and D). 
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Despite best efforts, the washing, the heat and the high amount of chickens passing 

through equipment in a short space of time are conditions promoting the persistence 

of Campylobacter lineages through the food chain. Studies have explored the 

survivability of Campylobacter strains through poultry processing as Campylobacter 

is microaerophilic and not expected to survive. A bacterial GWAS was carried out 

to compare strains isolated from farms with strains surviving processing to end up 

on meat in retail to find genes associated with survival through the industrial process 

(Yahara et al., 2017). Campylobacter have also developed survival mechanisms 

that allow persistence through AMR, biofilm formation (Pascoe et al., 2015) and a 

viable but nonculturable state. The persistence and proliferation of Campylobacter 

lineages with chicken agriculture has proven to be a tight-knit relationship.  

 

Campylobacter is a highly evolvable pathogen  

Campylobacter lineages evolve rapidly and have huge potential to adapt, owing to 

success as an essentially environmental organism ubiquitous in nature (Wilson et 

al., 2009). The two species most involved in human infections are C. coli and C. 

jejuni, with the latter responsible for 90% of disease in humans (Wilson et al, 2009). 

The phylogenetic structure of C. jejuni is composed of distinct clades more 

commonly called clonal complexes (CCs) which is defined by nomenclature based 

on genetic similarity of usually seven housekeeping genes (MLST). The link 

between host ecology and lineage structure has been particularly studied in 

Campylobacter. There are multiple distinct CCs that are specialised to distinct 

niches such as the chicken-associated ST-257, ST-354, ST-443, ST-573, ST-574, 

ST-206 CCs and cattle and sheep associated ST-262, ST-42, ST-61 CCs (Figure 

1.1) (Sheppard et al., 2009). These could have become specialised due to the 

separation of bacterial populations from a current ancestral pool of gene sharing 

(also defined as “ecological barriers” to recombination) to diversify into distinct 

ecotypes with unique recombination accessory gene pools (Sheppard et al., 2010; 

Sheppard et al., 2011). More interestingly there are CCs that have evolved to be 

generalists such as the C. jejuni ST-21 CC, ST-45 CC (Figure 1.1) and the C. coli 

ST-828 CC (Sheppard et al., 2014) which are observed to occupy multiple hosts 

(Woolhouse et al., 2001). The Campylobacter lineage structure is a good example 

of the effects of anthropogenic change on the divergence of multiple lineages. For 

example, the expansion of chicken-associated lineages (results in the majority of 
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human clinical infections) with the onset of intensive poultry farming and the genetic 

similarity of wild hosts with farmed animals (Sheppard et al., 2011). Whole-genome 

sequencing has revealed a lot about the population biology and evolution of 

Campylobacter. The emergence of C. jejuni ecotypes occurred after the divergence 

from C. coli which has been estimated to have happened as far back as the Neolithic 

era (<6,500 years ago), according to phylogenetic dating (Wilson et al., 2009) and 

using the same time scale, the divergence of C. coli clades expected to have 

occurred 1,000-1,700 years ago with the more recent development of the structure 

of CCs (Sheppard et al., 2010). These estimates fit in with the timeline of the origins 

of agriculture in Europe (Ammerman and Cavalii-Sforza, 1984; McCorriston and 

Hole, 1991; Zvelebil and Dolukhanov, 1991) (between 5000 and 3000 BC) and 

suggests an anthropogenic effect on the lineage expansion in Campylobacter. 

However, in order to understand lineage divergence within a species, it is important 

to incorporate mutation rate with the genetic relatedness of tree branches. Studies 

have attempted to date the emergence of lineages in Campylobacter using inferred 

clocks (Dearlove et al., 2016; Llarena et al., 2016; Mourkas et al., 2020). However, 

challenges remain for accurate calibration of genome-wide molecular clock rates in 

bacteria due to the effects of recombination and the variation of substitution rates at 

different loci. Previous studies using MLST have estimated the molecular clock rate 

of C. jejuni at 2.79 x 10-5 substitutions per site per year (s/s/y) (Wilson et al., 2009). 

However, these rates were calibrated using sequences of only 7 loci and may not 

be representative of the variation of whole genomes. Recombination is also 

considered to be an important driving force of Campylobacter evolution and is 

estimated to introduce substitutions into the genome at twice the rate of de novo 

point mutation. This means that C. coli and C. jejuni have the potential to evolve 

rapidly, hence the observed number of hosts associated with these species.         

 

Campylobacter is difficult to control 

Poultry continues to be consumed in colossal numbers around the world, with an 

estimated 137 million tonnes consumed in 2020 according to the Food and 

Agricultural Organisation (FAO) of the United Nations. The broiler poultry production 

process is therefore well-structured and controlled and consists of roughly five key 

stages: placement of chicks on farms, transportation of broilers to the abattoir, 

slaughter, carcass processing, retail and consumption. The extreme numbers of 
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broiler birds on farms and entering poultry processing, coupled with peak gut 

colonisation of Campylobacter at time of slaughter (Achen et al., 1998) provides 

multiple sources for cross-contamination and makes it extremely difficult to control 

Campylobacter infection ending up on retail meat. There have been multiple 

attempts and strategies employed to reduce levels of Campylobacter at all stages 

of the poultry process of which a summary will be discussed (Soro et al., 2020). 

There are many benefits to controlling infection at the farm level to prevent the chain 

of spread and spillover into onward stages. Good biosecurity practices in broiler 

houses and surrounding farm areas such as protective clothing of farmers, frequent 

disinfecting of boots and good hygiene practice have been shown to limit the 

contamination of flocks (Georgiev et al., 2016), however this is difficult to maintain 

and employ at such large scales (Hermans et al., 2011). Adding probiotics to 

chicken feed have also been shown to be an effective strategy at reducing 

Campylobacter gut colonisation in young chicks (Kogut, 2018). Some studies have 

reported a reduction of colonisation by as high as 9 log CFU/g using mixtures of 

probiotics (Baffoni et al., 2017). The bactericidal effects of bacteriocins have also 

served as a possible option infection control at the farm level when added to drinking 

water and feed (Umaraw et al., 2017). Other options at the farm level have been 

tried including, bacteriophages (Wagenaar et al., 2005; Loc-Carrillo et al., 2005; 

Moye et al., 2018) and feed and water chemical additives (Metcalf et al., 2011; 

Skoufos et al., 2019). Transportation from the broiler farm to abattoir can cause high 

amounts of stress and in turn, exacerbates levels of gut Campylobacter (Whyte et 

al., 2001). This complicates control strategies and also diminishes the reductive 

effects of control strategies carried out on the farms. As previously mentioned, the 

evisceration stage which involving the removal of offal from the carcass is performed 

by machinery and this is a crucial stage in contamination of equipment if the offal is 

ruptured and leakage occurs (Figure 1.5). Therefore, optimal use of equipment can 

play a role in contamination control. Other control strategies involve scalding (Yang 

et al., 2001; Whyte et al., 2003) but the effects are inconclusive (Figure 1.6).  

 

Air chilling (Figure 1.6) or immersion in cold water (Nagel et al., 2013, steaming 

(Whyte et al., 2003) and applying antimicrobials on meat surface post-chilling (Chen 

et al., 2014) are methods of reducing levels on carcasses prior to retail. Other 

preventative measures before consumption include properly cooking chicken, good 

hygiene and not washing raw meat before cooking (Wagenaar et al., 2013). 
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However, no existing commercial method to eliminate or control levels of infection 

due to cost or unwillingness to incorporate into existing processes exist. 

 

 

Figure 1.6. Examples of methods for the control of Campylobacter at the factory level. 

Scalding (A) of carcasses after plucking and evisceration is a common method used at 

processing to reduce levels of Campylobacter contamination on carcasses. New methods 

of flash-freezing carcasses have also been attempted (B, C and D). 

 

Comparative genomics can inform understanding of disease epidemiology 

An understanding of the evolutionary and genetic processes of host adaptation is 

vital for controlling infection or informing the design of control strategies to prevent 

the emergence of infective lineages. In particular, the identification of genetic 

signatures associated with the adaptation of a pathogen to a specific host and 

functional analyses can reveal clues behind the biology of a successful host jump. 

This could lead to the discovery of novel therapeutic targets associated with 

important interactions between the host and pathogen (Sheppard et al., 2018). 
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Understanding the rates of NC and effects from HGT is vital for dating important 

evolutionary events such as outbreak detection (Walker et al., 2013), the emergence 

of novel infectious lineages (Sheppard et al., 2010; Mourkas et al., 2020) and 

understanding global transmission events such as for cholera (Mutreja et al., 2011). 

Comparative genomics has also been useful for tracing the primary source of 

campylobacteriosis infection outbreaks through source attribution studies (Wilson et 

al., 2008; Strachan et al., 2009; Rosner et al., 2017). An understanding of the 

genetic exchange between bacterial strains, along with evolution studies, can also 

inform the likelihood of the occurrence of AMR (Fitzgerald, 2019). The ability for E. 

coli to evolve AMR has been observed in real time in laboratory settings via 

experimental evolution (Baym et al., 2016; Card et al., 2021). The identification of 

the genetic underpinnings resulting in pathological traits is promoting the 

identification of novel therapeutics in order to treat infections. Additionally, the 

application of evolution theory to vaccine design is paramount in understanding 

timescales of when, or if, a vaccine target will become resistant (Reid et al., 2019). 

 

Vaccines provide an important defence against bacterial infections 

Vaccines have revolutionised public health, in that an estimated 2-3 million lives are 

saved each year by current vaccination programmes (World Health Organisation 

(WHO), 2020). Since national initiatives to immunise the public were established in 

the 1960s, the devastating effects of life-threatening childhood diseases such as 

diphtheria, capsular group C meningococcus, polio, measles and pertussis have 

been prevented (Pollard and Bijker, 2020). They also act as an effective alternative 

to antimicrobial treatments, especially as the threat of AMR increases. Similarly to 

vaccines against viral infections, bacterial vaccines work by introducing whole (or 

parts of) microbial cells to the immune system to trigger the body into producing 

microbial-specific antibodies without causing infection. This specific immune 

response remains active in the body to prevent the body from future infections. 

Traditional human vaccines can be made from killed (inactivated) microbes or from 

microbes that have been attenuated (live) so as not to cause infection. Other 

vaccine types such as subunit vaccines use single surface antigen proteins to elicit 

an immune response. However, the lasting effects of immune responses elicited by 

subunit vaccines are much less than live attenuated.  
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Sequencing an organism’s genome reveals all of the genetic information available 

which makes identification of available antigens incredibly exciting for vaccine 

design. This offers many advantages over traditional vaccine design where the 

availability of antigen is based off known features of the pathogen (Seib et al., 2012). 

Genomics has great potential for informing vaccine design and as bacterial genomic 

data becomes more readily available, this can be used as a way of identifying 

potential antigen candidates. This has opened up a new field of research termed 

‘reverse vaccinology’ which uses genomic sequences to find new potential vaccines, 

with ‘reverse’ referring to the use of expressed DNA rather than the original method 

of using purified proteins from a microorganism (Rappuoli, 2000; Moxon et al., 2019; 

Enayatkhani et al., 2020). Pangenome approaches have been used to identify 

potential candidate genes encoding vaccine antigens in 2,000 Streptococcus 

pyogenes genomes (Davies et al., 2019). Difficulties in designing a vaccine for S. 

pyogenes stem from antigen and strain diversity so potential vaccine antigen 

candidates would be universal across all strains and would encounter low levels of 

variation. Results from the study successfully identified 13 out of 28 antigens which 

met this criteria, highlighting the benefits of genomic approaches in vaccine design. 

Traditional vaccine methods, although extremely effective, require specific 

laboratory conditions for growth in living cells which is not always straightforward 

and can be time consuming which may even take years to refine. This is 

unfavourable, especially as the threat of emerging pathogens can be unforeseen 

making the need for vaccines imminent. This has been the case for the COVID-19 

pandemic where genomics has been integral to the design of RNA vaccines which 

have offered huge potential and served as an effective vaccine for the pandemic 

(Polack et al., 2020). The design approach uses viral messenger RNA (mRNA) to 

trick the human immune system into creating SARS-CoV-2-specific protein which 

primes the immune system (Polack et al., 2020). Vaccines made with mRNA offer 

many advantages over traditional vaccines due to increased speed of manufacture, 

reduced costs and lesser need for large laboratory spaces. 

 

In cases of infection where the clinical case reservoir is from food-producing animals 

(zoonoses), it is sometimes beneficial to immunise the source reservoir directly 

rather than humans. This is certainly favourable when the severity of disease is not 

life-threatening to humans or pathogenesis in humans is unknown. It also protects 

the welfare of animals by preventing or reducing illness. A good example of this was 
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the introduction of an immunisation programme into flocks of laying hens to reduce 

Salmonella incidence on eggs, which was a major source of Salmonella infection in 

humans (Desin et al., 2013; MacLennan et al., 2014). A safe and effective vaccine 

for Campylobacter infection in humans has yet to be produced due to the limited 

understanding of pathogenesis in humans and risk from GBS. Therefore, the safest 

and most cost effective way of reducing infection in humans would be to vaccinate 

the biggest source reservoir, poultry.  

 

Rapidly evolving bacteria including Campylobacter can escape vaccines 

Numerous attempts have been made to design a poultry vaccine for Campylobacter 

(Zoete et al., 2007; Cuccui and Wren, 2015; Kobierecka et al., 2016; Nothaft et al., 

2016; Meunier et al., 2017; Vandeputte et al., 2019). However, there is yet to be an 

effective commercial vaccine due to the enormous variation of the poultry-

associated Campylobacter population structure and high evolvability of strains. This 

leads to difficulties in the design of a vaccine to target all infective strain variants 

due to variation of antigens among lineages, as well as eliciting a long enough 

immune response to keep infection levels down. There are two main concerns for 

resistance for vaccines targeting diverse bacterial pathogens: i) replacement of the 

population with non-vaccine strains, and, ii) high evolvability of strains through de 

novo mutation and HGT (Figure 1.7).  
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Figure 1.7. Vaccine-induced strain replacement in bacterial populations. Vaccines 

targeting diverse bacterial species (A) are less effective due to antigenic variation between 

strains. This is likely to result in the colonisation of strains over time which are less effective 

against the vaccine. Monomorphic species share more antigenic variation (B) making 

vaccines more effective and post-vaccine strain replacement less likely over time.    

 

Non-vaccine serotype replacement has been a common problem for the 7-valent 

pneumococcal conjugate vaccine against Streptococcus pneumoniae infection 

which colonises the human nasopharynx (Greenwood, 2000; Hanage, 2008; 

Hanage et al., 2010). There are over ninety known pneumococcal serotypes and 

the vaccine targets seven of these to prevent their carriage, removing them from the 

population (Ghaffar et al., 2004). This reduces competition between serotypes in the 

nasopharynx and results in the colonisation and increase in prevalence of non-

vaccine serotypes. However, vaccines are generally more effective at targeting 

monomorphic species where variation among antigens is low, like for B. pertussis 

(Mooi, 2009). Comparative and population genomics have huge potential for the 

future design of vaccines and have been used to successfully predict potential 
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vaccine candidates (Meunier et al., 2017). These approaches have also been used 

to design optimised vaccines against S. pneumoniae to prevent serotype 

replacement (Colijn et al., 2020) and monitor the effects post-vaccine (Croucher et 

al., 2013). This opens up a window of research for population genomic approaches 

to be applied to the design of a vaccine for a highly diverse and evolvable pathogen 

such as Campylobacter, which makes up a major theme of this dissertation.  
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Aims of thesis 

The work of this dissertation aims to better understand the variation of bacterial 

populations over time and offers important information on the potential for 

pathogenic bacterial species with different transmission ecologies to diversify and 

occupy new niches. A novel approach of estimating rates of molecular change in 

species with diverse population structures was also explored using Campylobacter 

species as an example. Information on the rate at which C. coli and C. jejuni 

accumulate molecular change over time, along with insight into the longevity of 

lineage structure was used to inform the design of an autogenous vaccine for use 

in poultry. This work demonstrates the utility of comparative genomics in 

understanding the evolution of diverse bacterial species, which can be used to 

inform the implementation of control strategies.    

1. In chapter 2, large collections of C. coli and C. jejuni genomes were collected 

and compared over 46 years of sampling time to identify pairs of isolates over 

which to estimate rates of NC. This offers a novel approach to estimate 

empirical rates of molecular evolution, including molecular clock rates. Rates 

were then used with a comparative genomics and coalescent approach to 

reconstruct the population history of both species over the sample time 

frame. The following questions will be investigated: 

 Are Campylobacter lineages are rapidly evolving?  

 Are Campylobacter jejuni lineages maintained at higher levels than C. coli 

over time? 

 

2. Chapter 3 focuses on understanding the diversity of population variation of 

bacterial species over time and how this varies between species with different 

transmission ecologies. This chapter extends upon chapter 2 and applies the 

same population genomics methodology to compare both the maintenance 

and diversification of lineages between species with narrow (clinical) and 

broad (environmental) host ranges. The following questions will be explored: 

 Will clinical species have lower levels of maintained lineages than diverse, 

environmental species over time?   
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 Will lineages belonging to clinical species have a greater potential to diversify 

at faster rates than lineages belonging to environmental species?  

 

3. Chapter 4 addresses the implications of vaccine design for species such as 

Campylobacter with significant antigen variation between lineages. An 

understanding of the rate at which Campylobacter lineages acquire genetic 

change from chapter 2, as well as an improved understanding of lineage 

diversification and maintenance from chapter 3 was used to inform the 

outcome of rational design of an autogenous vaccine for Campylobacter in 

poultry. The vaccine was designed using genomic approaches for inclusion 

of four strains likely to survive poultry processing and cause infection in 

humans. The following questions will be discussed: 

 Are Campylobacter strains that have a high chance of survival through 

poultry processing effective vaccine targets to reduce levels surviving on 

retail meat?  

 Will strains knocked out by the effects of the vaccine be rapidly replaced by 

vaccine-resistant strains? 
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Chapter 2 

 

 

 

Quantifying bacterial evolution in the wild: a birthday problem for 

Campylobacter lineages. 

 

The work presented in this chapter has been peer-reviewed and accepted for 

publication at the time of dissertation submission:  

 

Calland JK, Pascoe B, Bayliss SC, Mourkas E, Berthenet E, Thorpe HA, et al. 

2021. Quantifying bacterial evolution in the wild: A birthday problem for 

Campylobacter lineages. PLoS Genet 17(9): e1009829 

doi.org/10.1371/journal.pgen.1009829 

 

 

Commentary text 

The work in this chapter uses large genomic datasets of two important 

Campylobacter species (C. coli and C. jejuni) along with a novel approach to 

estimate empirical rates of molecular change using closely related pairs of isolates 

accounting for the effects of genomic recombination and selection. We then used 

this to estimate the effective number of lineages using a coalescent approach and 

reconstruct the theoretical population history and accumulation of ancestors over 

time. This is an important gap in the bacterial genomics toolkit which has relevance 

to many other pathogens, including many of the worst hospital opportunistic 

pathogens. Understanding the propensity for change and adaptability in 

Campylobacter species also informs the design of control intervention strategies 

such as vaccines. The statement of authorship for this chapter can be found in the 

Appendix supplementary form SF2. 
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Abstract 

Measuring molecular evolution in bacteria typically requires estimation of the rate at 

which nucleotide changes accumulate in strains sampled at different times that 

share a common ancestor. This approach has been useful for dating ecological and 

evolutionary events that coincide with the emergence of important lineages, such as 

outbreak strains and obligate human pathogens. However, in multi-host (niche) 

transmission scenarios, where the pathogen is essentially an opportunistic 

environmental organism, sampling is often sporadic and rarely reflects the overall 

population, particularly when concentrated on clinical isolates. This means that 

approaches that assume recent common ancestry are not applicable. Here we 

present a new approach to estimate the molecular clock rate in Campylobacter that 

draws on the popular probability conundrum known as the ‘birthday problem’. Using 

large genomic datasets and comparative genomic approaches, we use isolate pairs 

that share recent common ancestry to estimate the rate of nucleotide change for the 

population. Identifying synonymous and non-synonymous nucleotide changes, both 

within and outside of recombined regions of the genome, we quantify clock-like 

diversification to estimate synonymous rates of nucleotide change for the common 

pathogenic bacteria Campylobacter coli (2.4 x 10-6 s/s/y) and Campylobacter jejuni 

(3.4 x 10-6 s/s/y). Finally, using estimated total rates of nucleotide change, we infer 

the number of effective lineages within the sample time frame – analogous to a 

shared birthday – and assess the rate of turnover of lineages in our sample set over 

short evolutionary timescales. This provides a generalizable approach to calibrating 

rates in populations of environmental bacteria and shows that multiple lineages are 

maintained, implying that large-scale clonal sweeps may take hundreds of years or 

more in these species. 
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Introduction 

Theoretical models of a relatively constant rate of molecular change over time 

(Kimura, 1968), the molecular clock, have become fundamental to explaining the 

evolution in bacteria (Kuo and Ochman, 2009; Didelot et al., 2016). Spurred by the 

increasing availability of population-scale genome datasets, it is now common for 

comparative genomic studies to describe not only the relatedness of isolates but 

also how long ago they diverged (Kidgell et al., 2002; Mutreja et al., 2011; McAdam 

et al., 2012; Cui et al., 2013; Mourkas et al., 2020). This can provide valuable 

information when combined with host, habitat or ecosystem data. For example, it is 

possible to investigate how events such as host transitions or global dissemination 

have influenced the emergence and spread of lineages that may display important 

phenotypes, including pathogenicity.  

 

There are significant challenges when applying molecular clocks to date lineage 

diversification in natural bacterial populations. In particular, it is necessary to 

determine the rate at which the clock ‘ticks’ and the uniform accumulation of 

nucleotide change (NC) over time. However, this is not simply a reflection of the 

background point mutation rate (associated with replication error) and the 

generation time of the bacterium (Weller and Wu, 2015; Gibson et al., 2018), but is 

also influenced by HGT that can introduce several NCs in a single event (Vos and 

Didelot, 2009). Furthermore, the rate at which NCs accumulate in the population is 

influenced by the population size (Bromham, 2009) and selection (positive and 

stabilizing) on different fitness effects (Eyre-Walker and Keightley, 2007).  

 

While debate continues about NCs that are effectively neutral, and hence provide 

accurate clock estimates (Gibson and Eyre-Walker, 2019), there is clear utility for 

even approximations of the rate of genome change over time (Drummond et al., 

2003; Biek et al., 2015). This has allowed the development of time-calibrated 

phylogenies explaining molecular evolution in numerous well-known pathogen 

species (Kidgell et al., 2002; Mutreja et al., 2011; McAdam et al., 2012; Cui et al., 

2013). However, even with large genome datasets and increasingly sophisticated 

models (Drummond and Rambaut, 2007; Suchard et al., 2018), the accuracy of 

molecular evolution estimates is dependent upon the data from which they are 

derived, and two important considerations remain. First, the data should represent 
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a longitudinal sample set (Drummond et al., 2003; Drummond and Rambaut, 2007; 

Biek et al., 2015; Suchard et al., 2018; Arnold and Hanage, 2018). Second, the data 

should be representative of the population as a whole.  

 

It is conceptually simple to understand how a long time frame between collection of 

the earliest and latest sample would increase the number of NCs recorded, and how 

sampling at consistent intervals could help to determine if accumulation was linear 

over time. Comparisons between modern samples and DNA from the stomach of a 

5,300 year old frozen iceman ‘Otzi’ have been used to investigate the emergence 

of modern Helicobacter pylori lineages (Maixner et al., 2016). However, ancient 

pathogen samples are rarely available. More frequently, molecular clock rates are 

estimated using collections of contemporary isolates that often share a common 

ancestor older than the sample frame. Convincing estimations have been possible 

for medically important bacteria, through comparison of large numbers of closely 

related isolates (Didelot et al., 2012; Walker et al., 2013; Mathers et al., 2015; 

Menardo et al., 2019) but for many pathogens sampling of outbreaks may not 

provide an adequate representation of the bacterial population.  

 

Most disease-causing bacteria are not obligate human pathogens. In this case, large 

reservoirs of isolates from which infection can arise may be infrequently sampled, 

despite their potential importance as emergent pathogenic strains. For example, 

Campylobacter jejuni and C. coli are among the most common causes of bacterial 

gastroenteritis worldwide but exist principally as commensal organisms in the gut of 

mammals and birds (Waldenstrom et al., 2002; Sheppard et al., 2011; Bronowski et 

al., 2014; Cody et al., 2015; Sheppard and Maiden, 2015). Human infection results 

primarily via food contaminated with strains from wild and agricultural animals, 

especially chickens (Wilson et al., 2008; Sheppard et al., 2009; Strachan et al., 

2009; Dearlove et al., 2016; Rosner et al., 2017; Thepault et al., 2017). In multi-host 

(niche) transmission scenarios such as this, where the pathogen is essentially an 

environmental organism, sampling is often sporadic and rarely reflects the overall 

population, particularly when concentrated on clinical isolates (Marin and Hedges, 

2018). 
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Overcoming the problem of sporadic or unrepresentative sampling for molecular 

clock estimation requires that sufficient numbers of isolates are collected to ensure 

that there are pairs that share a recent common ancestor (within the sampling 

period). However, with the enormous effective population size of environmental 

bacteria populations, questions remain about how many isolates need to be 

sampled to achieve this. This is analogous to the well-known probability theory 

conundrum known as the birthday problem (Mathis, 1991). This puzzle asks how 

many randomly chosen people need to be sampled so that a pair of them will share 

the same birthday. To be sure, requires a sample size of 366 (the number of possible 

birthdays), assuming that all birthdays are equally common, but a 99.9% probability 

is achieved with just 70 people and 50% with 23 people. This may seem counter 

intuitive but can be explained by considering that rather than comparing the birthday 

of a single individual to everyone else’s, in fact comparisons are made between 

every pair of individuals, 23 x 22/2 = 253. The result is greater than half the number 

days in the year, hence the 50% probability. Clearly, there are challenges in relating 

this conceptual model to bacteria. First, it is not known how many possible lineages 

(here equivalent to birthdays) there are in natural bacterial populations. Second, 

how to define lineages or isolate pairs with recent common ancestry. Third, just as 

with birthdays, some lineages are far more common than others. For example, of 

>72,000 C. coli and C. jejuni isolates archived in the pubMLST database (Jolley et 

al., 2018), >50% belong to just 5 CCs (out of 45). 

 

Together, factors relating to isolate sampling and genome analysis conspire such 

that it may be difficult to distinguish NCs that reflect the passage of time (Didelot 

and Falush, 2007; Biek et al., 2015). Here, we take a multi-layered approach to 

estimate the rate of molecular evolution of C. coli and C. jejuni using a large genome 

collection (2,425 genomes) representing isolates sampled over a 46-year period. 

We begin by identifying closely related isolate pairs in which the most recently 

sampled isolate has accumulated NCs over time. We then quantify synonymous and 

non-synonymous polymorphisms to take (some) account of selection, both within 

and outside of recombinant regions of the genome, and use synonymous 

polymorphisms to quantify clock-like diversification in Campylobacter (Kimura, 

1987; Gojobori et al., 1990). Finally, using estimated rates of nucleotide change we 

assess the rate of turnover of lineages in our sample sets over short evolutionary 

timescales. This provides a generalizable approach to calibrating rates in 
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populations of environmental bacteria and clues about lineage diversification in two 

important enteric pathogens.  

 

Results 

There is a weak temporal signal in C. coli and C. jejuni phylogenies  

Core genome phylogenies revealed little evidence of clustering by collection date 

(Figure 2.1). Isolates belonging to common sequence types (STs) and CCs were 

sampled over the 46-year period. For C. coli and C. jejuni respectively, 1, 16, 3, 211, 

370 and 41, 3, 34, 469, 1277 isolates were sampled over 50, 40, 30, 20, and 10 

years ago. These included poultry associated ST-353, ST-354 and ST-257 

complexes, cattle associated ST-61 and ST-42 complexes, and host generalist ST-

21, ST-45, ST-828 (C. coli) complexes (Rieux and Balloux, 2016) (Figure 2.1 and 

S2.1 Table). Linear regression of root-to-tip distances and sampling dates of C. coli 

and C. jejuni phylogenies (S2.1 and S2.2 Figures), using TempEst software, 

provided very weak evidence of a temporal signal when the best-fitting root was 

estimated. The R2 values were low for both C. coli (R2 = 0.176, slope = 3 x 10-5) and 

C. jejuni (R2 = 9.5 x 10-2, slope = 6.4 x 10-5) phylogenies (S2.3 and S2.4 Tables). 

Root-to-tip regression analysis was also run for C. coli and C. jejuni on three 

separate phylogenetic trees which were built from core gene alignments with the top 

1, 5 and 10% most and least variable core genes (alleles / locus) filtered and 

removed. However, temporal signal remained poor for both C. coli (Avg. R2 = 2.4 x 

10-2) and C. jejuni (Avg. R2 = 1.3 x 10-2) (S2.3 Figure). Consistent with some other 

studies (Sheppard et al., 2014), this poor branch-length to isolation date correlation 

suggests that estimation of the molecular clock rate from the entire dataset may be 

difficult. However, the accumulation of polymorphisms exhibited a positive 

correlation with sampling date in all datasets (S2.1 and S2.2 Figures) implying the 

maintenance of multiple STs and CCs through time.  
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S2.1 Figure. Root-to-tip linear regression of C. coli implemented in the software, 

TempEst. Root-to-tip genetic distance (y axis) is correlated with sampling time (x axis) for 

phylogenies of (A) 601 C. coli and (B) 8 sub-lineages of the ST-828 clonal complex. Only 3 

out of 8 sub-lineages had strong temporal signal (R2 > 0.5).   
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S2.2 Figure. Root-to-tip linear regression of C. jejuni implemented in the software, 

TempEst. Root-to-tip genetic distance (y axis) is correlated with sampling time (x axis) for 

phylogenies of (A) 1,824 C. jejuni and (B) 18 sub-lineages representing C. jejuni CCs. Only 

5 out of 18 sub-lineages had strong temporal signal (R2 > 0.5). 
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S2.3 Figure. Root-to-tip linear regression of C. coli and C. jejuni using TempEst 

software, after removal of the most variable core genes. Core gene alignments were 

constructed from 601 (C. coli) and 1,824 (C. jejuni) isolates. The most and least 1, 5 and 

10% of variable loci (alleles/loci) were removed and phylogenies were analysed with 

Tempest. Root-to-tip genetic distance (y axis) is correlated with sampling time (x axis) to 

reveal poor temporal signal (R2 < 0.5) in all six scenarios.     
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Figure 2.1. Little evidence of clustering of isolate sampling dates in Campylobacter 

phylogenies. Maximum likelihood (ML) core genome phylogenetic trees of C. coli (A) (n = 

601) and C. jejuni (B) (n = 1,824) constructed using FastTree version 2.1.8 (Price et al., 

2010) and the GTR model of nucleotide evolution. Both phylogenies show the distribution 

of the sample time frame used in this study with major Campylobacter CCs identified and 

terminal nodes coloured according to isolation decade (orange = 1970s, yellow = 1980s, 

white = 1990s, green = 2000s, blue = 2010s). Scale bars represent the estimated number 

of NCs per site. Terminal nodes sampled from different decades can be seen scattered 

throughout both trees with little evidence of clustering by decade. Isolates sampled from the 

2000s and 2010s are most abundant within each dataset. The position of the C. jejuni 

(NCTC11168) and C. coli (YH501) reference genomes are indicated on the phylogeny. 

These were sampled in 1977 and 2016 respectively.  

 

Analyses of temporal signal can be improved in bacterial genomes by the removal 

of recombined regions where multiple genetic variations may be introduced in a 

single evolutionary event (Duchene et al., 2016). Masking recombination in this way 

is challenging for large genome datasets such as those used in this study. 

Therefore, we conducted root-to-tip regression analysis on sub-lineages (tree 

clusters) within C. coli and C. jejuni where recombination events could be efficiently 

excluded (S2.3 and S2.4 Tables). Consistent with previous studies (Duchene et al., 
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2016), any lineage with an R2 value >0.5 was described as having a strong temporal 

signal and was used in subsequent Bayesian evolutionary analysis. There were 

large differences in the strength of the temporal signal across all sub-lineages with 

the lowest R2 value found in the host generalist C. jejuni ST-45 clonal complex (R2 

= 0.0229, slope = 1.89 x 10-5) and highest in C. coli ST-1090 (R2 = 0.8603, slope = 

7.07 x 10-5) (S2.3 and S2.4 Tables). However, only 3 out of 8 C. coli and 5 out of 18 

C. jejuni sub-lineages exhibited strong temporal signal with R2 >0.5.   

 

Bayesian evolutionary analyses were performed on sub-lineages where temporal 

signal was strong (R2 > 0.5) using BEAST2 (Bouckaert et al., 2019). This excluded 

species-wide datasets but included 3 C. coli and 5 C. jejuni sub-lineages for which 

rate estimates were obtained (S2.3 and S2.4 Tables). Mean rate estimates were 

similar for all 3 C. coli lineages averaging at 7.82 x 10-4 s/s/y but varied from 8.20 x 

10-5 (ST-661 clonal complex) to 1.00 x 10-3 s/s/y (ST-22 clonal complex) for C. jejuni 

(S2.3 and S2.4 Tables). In part because of the poor temporal signal in the species-

wide analyses and most sub-lineages, we developed an alternative method using 

paired isolates.  

 

Sampling matched isolate pairs allows estimation of the rate of nucleotide 

change 

Nucleotide change (NC) is introduced into the bacterial genome by recombination 

resulting from HGT, and point mutation. For clarification, we use the empirical term 

‘nucleotide change’ to describe any nucleotide variation resulting from these two 

processes, consistent with previous studies (Ho et al., 2005). Estimation of 

molecular clock rates requires comparison of isolates from related, or preferably the 

same, lineages that have accumulated NCs over time. To achieve this there is a 

necessary balance between maximizing the time between sampling and 

accumulated NCs whilst ensuring comparisons are made between related strains. 

Therefore, we plotted NC difference against time difference to determine criteria for 

choosing comparable isolate pairs (Figure 2.2). The sample time difference was 

chosen to maximize the time between sampling and the number of comparable pairs 

belonging to the same lineage. Pair selection criteria were standardised for both 

species so that isolate pairs were included where the sampling time difference was 

>8 years and there were <5000 SNPs between them (Figures 2.2, S2.2 and S2.5 
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Tables). Based upon these criteria, there were 18 C. coli and 74 C. jejuni isolate 

pairs (S2.5 Table). However, for consistency between the species we chose the 20 

C. jejuni pairs with the highest nucleotide identity, hence those with the strongest 

evidence of recent common ancestry. Therefore 18 C. coli and 20 C. jejuni pairs 

comprised the dataset for NC rate calibration. These belonged to the ST-21, ST-22, 

ST-45, ST-1332, ST-828 CCs and isolate pairs had a difference in sampling date of 

8 to 11 years (C. coli) and 8 to 36 years (C. jejuni) (Figure 2.3 and S2.2 and S2.5 

Tables).  

 

 

Figure 2.2. Pair selection criteria curves for inclusion in rate estimates. Visual 

representation of possible pairs of isolates at all time cut-offs across the sample time frame 

for C. jejuni (B) and C. coli (D). As time difference between pairs increases, distinguishing 

between individual curves becomes distorted. Therefore, a selection of years were plotted 

(A and C) (black = all pairs >1 year difference, blue = >2 years, pink = >4 years, purple = 

>6 years, orange = >8 years, red = >10 years, green = >15 years). All isolates were paired 

with the nearest isolate (genetic distance), matched according to difference in year of 

isolation (coloured lines) for both C. jejuni (A) and C. coli (C) (orange line). Dashed boxes 

(A and C) show magnified images of the closest pairs from all curves. The 20 and 18 pairs 

used in rate calibration are highlighted by a black oval (A) and every orange pair in dashed 
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box (C). Grey scale bars (B and D) indicate the time difference cut-off of each curve for 

every time point in the sample date frame. 

 

 

Figure 2.3. Scatter plots of individual pair NC rates for C. coli and C. jejuni. Three 

different NC rates were determined per pair for C. coli (grey circles) (18 pairs) and C. jejuni 

(black circles) (20 pairs): (A) all S (synonymous) and N (nonsynonymous) NCs, excluding 

those in recombined regions; (B) S NCs only, excluding those in recombined regions 

(molecular clock); (C) all NCs including those resulting from recombination (total NC rate). 

Variation was greatest among total NC rates. This demonstrates the impact of 

recombination, introducing the majority of NC’s into Campylobacter genomes. All remaining 

information on isolate pairs can be found in S2 Table. 

 

Estimation of a molecular clock rate requires that NCs accumulate over time, 

defined here as NCs per site per year (s/s/y). It is also possible that branch 

shortening can occur where there are fewer NCs in the more recent isolate of a pair. 

While not specifically describing branch shortening, negative rates of NC have 

previously been observed (Duchene et al., 2016). In this study, 13 out of 18 C. coli 

and 11 out of 20 C. jejuni isolate pairs exhibited branch lengthening, that is to say 

more total NCs (within and outside recombined regions) were found in the more 

recent isolate (S2.2 and S2.6 Tables). Only pairs having undergone measurable 

evolution (branch lengthening) were included in further analysis of the accumulation 

of NCs over time. While this may inflate our estimate of the NC rate, it was necessary 

to ensure a positive rate for calculating the number of effective lineages. For 

measurably evolving isolate pairs, the total NC rate was calculated as well as the 

rates within and outside of recombined regions (Table 2.1, S2.7 Table).  The mean 

NC rate for non-recombined regions was 6.36 x 10-6 and 8.45 x 10-6 s/s/y but ranged 
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from 1.60 x 10-6 – 1.50 x 10-6 and 1.00 x 10-7 – 3.60 x 10-5 s/s/y for C. coli and C. 

jejuni respectively, or 11.46 and 13.53 average NCs per genome per year (s/g/y) 

(Table 2.1). 

 

Table 2.1. Average rate calibrations for C. coli and C. jejuni 

 

 

*all NCs from including (inc) and excluding (exc) recombination (rec); **NCs per site per 

year (C. jejuni = 1.6 Mbp, C. coli = 1.8 Mbp); S = synonymous NCs, N = nonsynonymous 

NCs; rate units are in substiutions per site per year (s/s/y). 

 

Recombination drives molecular evolution in Campylobacter 

NCs in coding sequence based on gene definitions in the reference C. coli (YH501) 

and C. jejuni (NCTC 11168) isolate genomes introduced an average of 1569 and 

242 NCs in C. coli and C. jejuni paired genome datasets respectively. Of these, an 

average of only 222 (C. coli) and 106 (C. jejuni) were inferred to be the result of 

point mutation, with the remainder resulting from recombination (S2.2 Table). 

Recombination is therefore the major source of sequence variation in both species 

(Figure 2.4, S2.2 Table), introducing nearly six times as many NCs in C. coli than in 

C. jejuni – consistent with previous estimates based upon MLST (Wilson et al., 

2009).  

 

 

 

 

 

 C. coli C. jejuni   

Rates of nucleotide change Min Mean Max Min Mean Max  

Total* 1.7 x 10-6 6.3 x 10-5 3.0 x 10-4 4.8 x 10-8 8.8 x 10-6 2.3 x 10-5 

S and N (exc. rec) 1.6 x 10-6 6.4 x 10-6 1.5 x 10-6 1.0 x 10-7 8.5 x 10-6 3.6 x 10-5 

S (inc. rec) 4.9 x 10-6 3.1 x 10-4 1.8 x 10-3 2.1 x 10-7 1.9 x 10-6 7.6 x 10-6 

S (exc. rec) (molecular clock) 2.1 x 10-7 2.4 x 10-6 7.7 x 10-6 3.8 x 10-8 3.4 x 10-6 1.7 x 10-5 

N (inc. rec) 4.4 x 10-8 2.4 x 10-5 1.1 x 10-4 5.0 x 10-8 1.4 x 10-6 4.8 x 10-6 

N (exc. rec) 4.8 x 10-7 3.2 x 10-6 7.8 x 10-6 3.1 x 10-7 4.8 x 10-6 1.6 x 10-5 
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Figure 2.4. Mutation and recombination in C. coli and C. jejuni. Average genome-wide 

NC positions (red dots = synonymous NCs, blue dots = nonsynonymous NCs) per isolate 

pair in relation to inferred recombined regions (grey blocks). Each plot represents one pair 

of isolates considered in rate calibration for C. coli (A) and C. jejuni (B) and are ordered 

according to S2 Table. y axis = number of NCs in relation to particular bp position of the 

reference genome (C. coli = YH501, C. jejuni = NCTC11168) and varies between pairs. x 

axis = position of reference genome in bins of 10,000 bp. The cladogram shows the 

relatedness of isolate pairs based on nucleotide identity, scale bar indicates NCs per site. 

It is evident from both A and B that recombination is the main source of variation in C. coli 

and C. jejuni. 

 

The effects of recombination on effective genotypes over successive generations 

were simulated for C. coli and C. jejuni. For both species, simulations provided 

results consistent with observations using our method on real data (Figure S2.5) in 

several ways. First, simulation of Campylobacter evolution under different 

recombination rates demonstrates how elevated nucleotide change (due to 

recombination) affects the number genotypes in successive generations. Second, 

the increase in the number of genotypes (and isolate pairs) is observed in both real 
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and simulated data with evidence that rate slows over time. Third, the number of 

genotypes carried over to the next generation was higher for C. coli than C. jejuni in 

simulations at different recombination rates. 

 

Figure 2.5. Lineage expansion in C. jejuni and C. coli. (A) Number of effective lineages 

(y axis) at each time point within the sample time frame (x axis) for C. coli (grey) and C. 

jejuni (black). (B) Diagrammatic representation of lineage expansion in C. coli and C. jejuni 

showing contrasting lineage diversification scenarios.  

 

To assess the effect of NCs on amino acid sequences we quantified non-

synonymous (N) and synonymous (S) NCs and determined the ratio per site (dN/dS) 

for all isolate pairs in recombined and non-recombined sequence (S2.2 Table). Point 

mutation on average accounted for an unequal amount of N and S polymorphism 

both within and between species (C. coli, N = 99, S = 123; C. jejuni, N = 63, S = 43) 

(S2.2 Table). While recombination introduced many more NCs than point mutation, 

in both species these were biased towards synonymous changes. Specifically, 
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around six times as many S than N NCs were introduced by recombination in C. coli 

and approximately twice more in C. jejuni (C. coli, N = 546, S = 801; C. jejuni, N = 

59, S = 77) (S2.2 Table). Overall, average dN/dS ratios were consistent between 

species within recombined (C. coli 0.492, C. jejuni 0.490) and non-recombined (C. 

coli 0.594, C. jejuni 0.509) portions of the genome. However, because of the relative 

importance of recombination (r/m = 37.240 (C. coli), r/m = 5.098 (C. jejuni)), on 

average N NCs were similar for C. jejuni from recombination and point mutation (59 

and 63 respectively). However, recombination introduced 5.5 times more N NCs 

than point mutation in C. coli (S2.2 Table). Variation in dN/dS was observed 

between isolate pairs but was mostly indicative of purifying selection (dN/dS<1). 

Evidence of positive selection (dN/dS>1) was only observed within recombined 

sequence in 6 isolate pairs (S2.2 Table). It is important to note that, while dN/dS 

comparisons have been made between closely related bacteria within the same 

species (Rocha et al., 2006; Castillo-Ramirez et al., 2011), this method was 

originally intended for between species comparisons (Kryazhimskiy and Plotkin, 

2008).  

 

Additional analysis of the distribution of recombination events revealed that an 

average of 13% (C. coli) and 2% (C. jejuni) of the genome has undergone 

recombination in at least one isolate pair since divergence from the common 

ancestor of each sub-tree (S2.2 Table). Recombination was distributed across the 

genome in both species but was elevated in certain regions of C. coli introducing 

more NCs at potential recombination hotspots (Yahara et al., 2014). However, 

recombination remained the main source of variation in both species (Figure 2.4).  

 

Molecular clock estimates for C. coli and C. jejuni  

Molecular clock estimates require that NCs accumulate at a consistent rate over 

time. We maximized the chance of identifying this signal in several ways. First, 

genomic variation within recombined regions was discounted as multiple NCs can 

be introduced in a single evolutionary event – distorting clock estimates (Didelot and 

Falush, 2007; Wilson et al., 2009; Croucher et al., 2011). Second, non-synonymous 

NCs were discounted as selection may be more likely to influence the frequency of 

variation at these sites. Third, only pairs in which the most recently sampled isolate 

contained more NCs (branch lengthening) were used as they displayed measurable 
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evolution over time. Based on these criteria, a similar average molecular clock rate 

was obtained for C. coli, 2.4 x 10-6 s/s/y (4.27 s/g/y), and C. jejuni, 3.4 x 10-6 s/s/y 

(5.42 s/g/y) (Table 2.1) but ranged from 2.1 x 10-7 – 7.7 x 10-6 and 3.8 x 10-8 – 1.7 x 

10-5 s/s/y.  

 

Coalescence and maintenance of lineages over time 

Molecular clock estimates can vary within a population. Therefore the applicability 

of generalized clocks depend upon how much of the population has been sampled. 

To quantify this we estimated the average total NC rate (µ) (C. coli = 77.292 s/g/y, 

C. jejuni = 14.101 s/g/y), including all NCs within and outside recombined sequence. 

These rates were used to determine the number of coalescences in the population 

at a given time point (here referred to as ‘effective lineages’) within the dataset. The 

maximum time frame for comparison was 37 years for C. coli and 46 years for C. 

jejuni (short in evolutionary terms). This provided information about the number of 

ancestral strains and the rate of turnover of lineages within the dataset. The total 

number of potential pairs without accounting for genetic similarity (Y), was equal to 

the square of the total number of isolates (n2) divided by two (to avoid double 

counting of isolate pairs), 180,600 and 1,663,488 for C. coli and C. jejuni 

respectively. 

 

Having determined the total NC rate, we were able to predict the expected number 

of NCs over a given period of time. For example, 14 in 1 year for C. jejuni. We then 

subsampled all isolate pairs (Y) to determine how many isolate pairs had <14 NCs 

between them – 76 isolate pairs. This is the possible number of isolate pairs that 

have arisen in 1 year. This process was repeated for each time cut-off, up to a 

maximum of 37 and 46 years for C. coli and C. jejuni respectively (S2.8 Table), to 

give the number of possible pairs for every time cut-off (X) (Figures 2.2B and 2.2D). 

Dividing Y/X resulted in the number of coalescences (effective lineages) at a given 

time interval in the past (Z) (S2.8 Table). For example, if the total NC rate was 14 

s/g/y and we were interested in the number of birthdays within 5 years of our dataset, 

we would multiply the NC rate by 5 to result in 70 NCs of evolution over 5 years. 

The number of potential pairs (Y = 1,663,488) / possible pairs (X = 174) = ~9,560 

coalescences (ancestors) within this time period (S2.4 Figure and S2.8 Table).  
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S2.4 Figure. Methods for calculating the number of effective lineages within the 

population. (A) The total number of C. coli and C. jejuni isolates in the population and all 

potential pairwise comparisons between putative ancestral (black) and contemporary 

(white) strains to give the total number of potential isolate pairs, Y. (B) Isolate pair selection 

based on divergent sampling date (>8 years) and a nucleotide identity threshold <5000 

SNPs. (C) Total rate of nucleotide change ( µ ) calculated for all chosen pairs. The rate of 

accumulation of all synonymous (S), nonsynonymous (N) NCs, within (rec) and outside 

(mut) of recombined regions, was estimated since the most recent common ancestor 

(MRCA, red circle). The difference in NCs between each pair was divided by the difference 

in isolation years (t = time) to give µ. (D) The  total NC rate was used to estimate the number 

of NCs that were to accumulate over a time period and the number of possible isolate pairs 

at given time intervals (t1, t2,t3….tn) for each species.  

 

The number of effective lineages at a given time-point can also be interpreted as 

the number of lineages that gave rise to those that are seen today. This provides 

valuable information about how the population is maintained over time and the 

extent to which it has diversified. For example, 1,263 C. coli lineages 37 years ago 
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gave rise to an estimated 22,575 one year ago and 4,726 C. jejuni lineages 46 years 

ago gave rise to 21,888 lineages one year ago. This equates to an average increase 

in the number of effective lineages of 576 and 373 per year for C. coli and C. jejuni 

respectively. For C. jejuni it is clear that a considerable proportion (22%) of all 

lineages have been maintained throughout the 46 year sampling period and 

probably much longer (Figure 2.5). In contrast, only 6% of all effective lineages were 

present in the C. coli population 37 years ago. Perhaps the most striking finding is 

that the C. coli population has rapidly diversified in recent years. For example, there 

has been an 800% increase in the number of effective lineages in the last 10 years, 

over 3 times the rate of increase observed in C. jejuni (Figure 2.5 and S2.4 Figure). 

This provides a basis for considering evolution in the wild but a longer sample time 

frame and more varied collection of isolates will improve representation of the 

natural Campylobacter population. 

 

Discussion 

The increasing availability of large genome datasets has great potential for 

improving molecular clock estimates in bacteria. However, significant challenges 

remain. While it is clear that the frequency of NCs can vary between different 

species and strains (von Mering et al., 2007; McAdam et al., 2012; Cui et al., 2013; 

Li et al., 2015; Duchene et al., 2016; Gibson et al., 2018; Menardo et al., 2019), the 

extent to which nucleotide variation represents an intrinsic molecular clock is often 

less apparent. Biological factors such as generation time, population size and 

recombination rate, and ecological factors including cellular responses to habitat 

variation or stress and the strength of natural selection, influence the rate at which 

NCs accumulate in populations (Denamur and Matic, 2006). Therefore, obtaining a 

robust molecular clock estimate from natural bacterial populations requires an 

appropriate sample frame and careful consideration of the nature of observed 

sequence variation.  

 

In cases where there is a clear temporal signal among isolates, it may be possible 

to obtain a robust molecular clock estimate by applying models to large genome 

datasets (Menardo et al., 2019). However, analysing all C. coli and C. jejuni 

genomes gave a weak temporal signal. This is likely related to the population 

structure and biology of these organisms that is in stark contrast to many obligate 
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human pathogens (Menardo et al., 2019). Consistent with many other zoonotic or 

environmental bacteria, Campylobacter is a diverse genus with multiple lineages 

(STs and CCs) inhabiting multiple hosts/niches. This required a more targeted 

approach to microevolutionary analysis consistent with that used to investigate 

transmission in similarly variable organisms (Didelot et al., 2012).  

  

Sub-sampling within the isolate collection, sampled over 46 years, identified closely 

related pairs of isolates with divergent sampling dates. Clearly, calibration of the 

molecular clock requires that NCs accumulate over time. This was not the case in 

all isolate pairs. In some cases, the most recently sampled isolate had accumulated 

fewer NCs than the comparator strain leading to a negative NC rate. A negative 

slope of the root-to-tip regression line has been interpreted as evidence for a lack 

of temporal signal or for a large dispersion of the rate of change (Duchene et al., 

2016; Menardo et al., 2019). Furthermore other studies have described the time-

dependency of molecular evolution (Ho et al., 2007; Ho et al., 2011) and it can be 

the case that deleterious NCs in the older isolate have been purged leading to 

differences in long and short term molecular clock estimates (Duchene et al., 2014; 

Bouckaert et al., 2019). To simplify interpretation in our study, isolate pairs where 

the most recent isolate had not accumulated NCs were excluded from the analysis. 

While this might inflate the NC rate estimate, in organisms with complex ecology 

such as Campylobacter, it is also possible that closely related isolates occupy 

different sub-niches and experience different selection pressures even when 

sampled from the same host.  

 

Returning to the birthday problem analogy, considering the number of isolate pairs 

(equivalent to people with the same birthday) obtained from the original genome 

dataset can provide clues about the extent of lineage diversity in the natural 

population. Using total NC rates, we were able to assess the nature of coalescence 

across the sample time frame for each species. The coalescence we refer to here 

is equivalent to the number of ancestral strains at a particular time point (effective 

lineages) in the natural environment from which contemporary strains emerged. 

Effective population size (Ne) is commonly used to reflect the number of individuals 

in a population that contribute to subsequent generations (Kirchberger et al., 2020). 

This has been used to investigate bacteria but contrasting approaches can provide 
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different estimates depending on the method used (von Mering et al., 2007; Cui et 

al., 2015). The idea of effective lineages, described in this study, is related to Ne but 

is more specific for organisms that reproduce clonally. Rather than typical Ne 

estimates for sexual populations, where the mating of two individuals is largely 

independent of what happened in previous generations, the number of effective 

lineages in a bacterial population reflects the number of distinct lineages that will 

survive and therefore contribute to future generations. This provides information on 

the genetic inertia of the population, i.e. the limitations for future evolutionary 

pathways based on the number of successful ancestors at a particular point in time.  

 

These analyses highlighted the importance of appropriate sampling when 

calibrating NC rates and can help in determining the extent to which samples 

represent the population as a whole. Specifically, by considering the number of 

coalescences in a random population, we can look back through the sample time 

frame to estimate the number of effective lineages across a randomly sampled 

dataset. For example, suppose we would like to know if our contemporary isolates 

have a common ancestor in 1980. We know that a proportion of these ancestors 

gave rise to the diversity we see today but many lineages would go extinct and 

therefore not contribute (Louca et al., 2018). Based on an average NC rate of 14 

s/g/y for C. jejuni, there would be 560 NCs over 40 years total evolution between a 

strain pair. So, one can then ask how many pairs are close enough genetically for 

that to be the case. This gives an estimate of the effective number of ancestors in 

1980 that gave rise to the contemporary dataset - equivalent to the number of 

birthdays.  

 

Our estimate of effective lineages aims to better account for both unobserved 

lineages and lineages that co-exist over a long period of time. Both of these 

estimates are strongly affected by the sample frame and, while we have relatively 

large isolate collections from livestock and humans, the same cannot be said for the 

vast number of other potential host and environmental sources. Therefore, our 

estimate of effective lineages is more useful as an estimate of the number of 

ancestors that have given rise to the diversity of strains that we see today. For 

Campylobacter, it is clear that multiple lineages have persisted over a long period 

of time. This indicates that although the population is large, the strains are not 
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turning over at a particularly fast rate. The absence of lineage replacement is 

inconsistent with some models of bacterial evolution that predict periodic population 

bottlenecks (Koeppel et al., 2008) but this can be explained in several ways. First, 

it is possible that the 37/46 year sampling period in this study is not sufficient time 

to out-compete a rival strain. Second, bacteria occupy different niches that are 

sustained so strains are not in direct competition. Third, the fitness differences 

among strains are not great enough for one lineage to out-compete another. 

 

As well as the maintenance of multiple lineages, there is also evidence for variation 

in the number of effective lineages that contributed to successive generations 

between the two major pathogenic Campylobacter species. While, demographic 

inference and estimates of the number of generations using BEAST were similar for 

C. coli and C. jejuni (S2.3 and S2.4 Tables), the number of effective lineages was 

shown to be consistently higher for C. jejuni throughout much of the sample frame. 

Furthermore, there was evidence for a rapid increase in the number of C. coli 

lineages that began around 8 years ago (Figure 2.5). The reason for this is unclear. 

The average synonymous NC rate estimates were similar for C. jejuni and C. coli, 

3.4 x 10-6 and 2.4 x 10-6 s/s/y respectively, equating to approximately 5.4 (C. jejuni) 

and 4.3 (C. coli) NCs per genome per year. This is somewhat lower than previous 

estimates for C. jejuni calculated from 7-locus MLST (2.79 x 10-5 s/s/y) (Wilson et 

al., 2009) but is within the range of molecular clock estimates calculated from 

genomic variation for Enterococcus faecium (9.35 x 10-6 s/s/y) and Y. pestis (1.57 x 

10-8 s/s/y) (Duchene et al., 2016). Although average synonymous NC rates were 

consistent with other estimates, rates ranged from 2.10 x 10-7 to 7.70 x 10-6 s/s/y in 

C. coli and 3.80 x 10-8 to 1.70 x 10-5 s/s/y for C. jejuni. This implies uncertainty 

around the estimate. However, rate heterogeneity among lineages is not uncommon 

in bacterial species (den Bakker et al., 2008) potentially reflecting differences in the 

evolution and ecology of different species and strains.   

 

While the average NC rate was consistent for C. coli and C. jejuni, the relative 

number of NCs introduced by homologous recombination and mutation (r/m) 

differed markedly, with on average 37-fold (C. coli), compared to 5-fold (C. jejuni), 

greater impact on sequence variation. HGT is known to be an important driver of 

genome evolution in Campylobacter (Wilson et al., 2009; Sheppard et al., 2010) but 
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these estimates are considerably higher than previous ones using 7-locus MLST 

(Vos and Didelot, 2009). Recombination introduced nearly twice as many 

synonymous than non-synonymous NCs, but even taking this into account, 

recombined sequence accounted for around 79% of all non-synonymous variation. 

This highlights the importance of HGT in rapidly evolving Campylobacter genomes 

and provides evidence that recombination may have been an important factor in the 

recent diversification of C. coli (Sheppard et al., 2008; Sheppard et al., 2011; 

Sheppard et al., 2012), potentially associated with an adaptive radiation (Rainey and 

Travisano, 1998; Flohr et al., 2013) linked to the colonization of agricultural niches 

(Thakur et al., 2006). However, this should be balanced against the evidence of 

purifying selection within recombined sequence (dN/dS = 0.492 for C. coli and 0.49 

for C. jejuni) and the removal of non-synonymous NCs through negative selection 

(Rocha et al., 2006). 

 

Finally, throughout this study we have emphasized the importance of sampling so 

that measures of molecular evolution are obtained by comparing recent samples 

with a true ancestor. The uneven distribution of lineages within the population and 

the possibility that they differ in key evolutionary measures (r/m and dN/dS), means 

that our molecular clock estimate may not be applicable to all Campylobacter 

lineages (Didelot et al., 2012; Croucher et al., 2013; Didelot et al., 2013; Everitt et 

al., 2014). Perhaps this is best illustrated by considering two host-specialist C. jejuni 

lineages, one associated with chickens and the other with cattle (Sheppard et al., 

2011; Mourkas et al., 2020). There are 19 billion chickens on earth compared to 1.3 

billion cattle (Bar-On et al., 2018) and C. jejuni colonizes up to 80% of chickens 

(Dhillon et al., 2006) with much lower rates in cattle. As the efficiency by which 

natural selection acts on sequence variation is related to effective population size 

(Gojobori et al., 1990), the rate of fixation and removal of NCs will be much faster in 

C. jejuni in chickens. Furthermore, chickens have a higher body temperature than 

cattle therefore the C. jejuni will grow faster, have a shorter generation time, and 

accumulate NCs at a higher rate (Weller and Wu, 2015). From this simple example, 

which ignores many important factors (eg. subniche structure, host transition bottle 

necking, resident microbiome) it is clear molecular evolution can be influenced by 

population-scale forces down to the physiology of the individual cell. The approach 

employed in this study goes some way towards mitigating effects that confound 

generalized molecular clock estimates. Focussing on well-defined closely related 
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isolate pairs inevitably reduces the number of comparisons from which the mean 

molecular clock rate is estimated. However, consideration of the distribution of 

effective lineages within the population is essential for identifying robust molecular 

clock estimates in environmental bacteria with complex multi-host ecology and 

massive effective population sizes.  
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Materials and Methods 

Isolate sampling, genome sequencing and assembly 

The accuracy of molecular clock estimates are improved by analysing large 

numbers of isolates sampled over long time periods. While very large isolate 

genome collections exist for Campylobacter (see below), many of these were 

sampled within the last 20 years. Therefore, to extend the sample time frame we 

assembled an isolate collection comprising 53 isolates sampled between 1978 and 

1985 (12 C. coli, 41 C. jejuni) derived from multiple sources (human, duck, cattle, 

dog, turkey, wild bird and pig (S2.1 Table)). These samples were streaked onto 

mCCDA (PO0119A Oxoid Ltd, Basingstoke, UK) with CCDA Selective Supplement 

(SR0155E Oxoid Ltd, Basingstoke, UK) and incubated at 37˚C for 48h in a 

microaerobic atmosphere (85% N2, 10% CO2, and 5% O2) using CampyGen 

Compact sachets (Thermo Fisher Scientific Oxoid Ltd, Basingstoke UK). Single 

colonies from each plate was then sub-cultured onto Mueller Hinton (MH) (CM0337 

Oxoid Ltd, Basingstoke, UK) agar and grown for an additional 48h at 37˚C and 

stored in 20% glycerol stocks at -80˚C. 

 

DNA was extracted using the QIAamp DNA Mini Kit (QIAGEN, Crawley, UK), 

according to manufacturer’s instructions. DNA was quantified using a Nanodrop 

spectrophotometer before sequencing on an Illumina MiSeq sequencer using the 

Nextera XT library preparation kits with standard protocols. Paired end libraries were 

sequenced using 2 × 300 bp 3rd generation reagent kits (Illumina). Short read data 

was assembled using the de novo assembly algorithm, SPAdes (version 3.10.0 35) 

(Bankevich et al., 2012) generating an average of 49 contigs (range: 2 -115) for a 

total average assembled genome size of 1.69 Mbp (range: 1.62-1.80). The average 

N50 was 189,430 bp (range: 81,283-974,529). These isolate genomes were 

augmented with 1,783 C. jejuni and 589 C. coli genomes archived in BIGSdb (Jolley 

and Maiden, 2010) representing isolates sampled from multiple sources (human, 

cattle, chicken, cat, dog, duck, environmental waters, farm environments, geese, 

lamb, rabbit, sand, seal, wild birds, turkey, pig) between 1970 and 2016 (S2.1 

Table). The total isolate collection comprised 2,425 Campylobacter genomes, 

including C. jejuni belonging to 286 STs and 36 CCs, and C. coli to 125 STs and 1 

clonal complex. For C. coli, much of the genetic variation is within three ancestral 

clades, thought to have diversified before major introgressions with C. jejuni 
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(Sheppard et al., 2008; Sheppard et al., 2012; Skarp-de Haan et al., 2014). 

However, isolates from these clades are not a major cause of human infection. In 

fact, ~96% of all disease-causing C. coli strains (PubMLST, 16/08/2021), belong to 

the (introgressed) ST-828 clonal complex analysed in our study. For this reason we 

focused on the ST-828 complex (Jolley and Maiden, 2018)).  All assembled 

genomes and raw reads have been deposited in the NCBI repository associated 

with BioProject: PRJNA524315. Individual accession numbers can be found in S2.1 

Table. Assembled genomes of all isolates used in the study are available in 

FigShare DOI: 10.6084/m9.figshare.7886810. 

 

Simulating evolution in Campylobacter genomes 

We performed forward-time simulations of neutral evolution on populations of C. coli 

and C. jejuni using a Wright-Fisher model in order to test the impact of recombination 

and point mutation on the effective genotypes over successive generations (time) 

using Bacmeta (Sipola et al., 2018). Starting population sizes of 1000 bacteria 

represented by 10 loci of length 1 kb were simulated for 60,000 generations to 

represent ten years of Campylobacter doubling time (Konkel et al., 2001). Mutation 

rates were set at 1 x 10-5 and 1 x 10-6 base-1 generation-1 for C. coli and for C. jejuni 

respectively and simulations were run three times with high (35.641), medium 

(13.058) and low (0.191) r/m values. Recombination events were exchanged as 

complete loci (S2.5 Figure).     
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S2.5 Figure. Simulated migration of Campylobacter genotypes over successive 

generations using Bacmeta software. Plots show the increase in the number of 

genotypes (y axis) over 60,000 generations (x axis) representing ten years of 

Campylobacter doubling time for C. coli (A) and C. jejuni (B). Forward simulations were run 

with mutation rates reflecting estimates from this study and three different r/m values (high 

(35.641) (dotted line), medium (13.058) (dashed line), low (0.191) (block line)) to monitor 

the effects of recombination on genotype frequency from one generation to the next.  

Simulated data was compared to the number of possible isolate pairs with fewer SNPs than 
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predicted based on the total NC rate (X) at a given time for C. coli and C. jejuni (red dashed 

line).  

 

C. coli and C. jejuni phylogenies and assessing temporal signal and ‘clock-

likeness’ 

Phylogenies were constructed for 601 C. coli and 1,824 C. jejuni isolates (S2.1 

Table and Figure 2.1). Gene-by-gene alignments were produced with comparison 

to reference C. coli (YH501, accession number NZ_CP015528.1) and C. jejuni 

(NCTC11168, accession number NC_002163.1) isolate genomes, sampled in 2016 

and 1977 respectively. These reference genomes, belonging to the ST-828 and ST-

21 CCs, were chosen as those most commonly used in Campylobacter comparative 

population genomics studies (Ghatak et al., 2017; Pascoe et al., 2019). For some 

bacteria the use of a lineage specific reference genome may increase the pool of 

core genes identified. However, we do not to take this approach for two reasons. 

First, all C. coli in this study belong to a single lineage, the ST-828 clonal complex, 

so there would be little benefit to creating separate reference pangenomes for 

already closely related isolates. Second, much of the advantage of creating lineage-

specific pangenomes in Campylobacter is lost due to extensive recombination 

between divergent lineages (Wilson et al., 2009). For example, after comparison of 

all isolate genomes to the ST-21 complex NTCT11168 C. jejuni reference, the 

average number of core genome SNPs identified for non-ST-21 complex strains 

(255) was not significantly different compared to ST-21 complex strains (217) (T-

test, Welch’s correction, p=0.683).  

 

Homology to the reference genome (C. coli YH501; C. jejuni NCTC11168) was 

determined using MAFFT, with default parameters of minimum nucleotide identity 

of 70% over >50% of the gene and a BLAST-n word size of 20. Core genes (2,014 

for C. coli and 1,668 for C. jejuni), shared by all isolates within a species were 

concatenated and used to construct Maximum likelihood (ML) trees using FastTree 

version 2.1.8 and the Generalised time-reversible (GTR) model of nucleotide 

evolution (Price et al., 2010). Isolates were analysed to test for a temporal signal of 

the accumulation of genetic variation over time (S2.1 and S2.2 Figures). This was 

carried out prior to NC rate analysis using a phylogeny of genetic distances and 

sampling dates, and root-to-tip regression implemented in the software TempEst 
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v1.5.1 (Rambaut et al., 2016) with the best fitting root selected to maximise the 

coefficient, R2. Core genome phylogenies contained dated-tip isolates sampled 

between 1970 and 2016 for C. coli and C. jejuni.  

 

Root-to-tip regression analyses to identify a temporal signal in bacteria rely on the 

removal of recombination as this is often the main source of genetic variation. Such 

analyses have been performed on small genome collections (15-189 isolates) of 

multiple bacterial species (Duchene et al., 2016). However, for Campylobacter, this 

would not be sufficient to represent diversity within the species as there are >40 

known CCs within C. jejuni alone. Using existing methodology, it was not possible 

to exclude recombining regions and perform root-to-tip regression on the entire C. 

jejuni (1824 isolates) and C. coli (601 isolates) genome collections.  

 

To account for this, we also assessed temporal signal in the whole datasets after 

removal of outlier genes that likely reflect recent recombination. Specifically, using 

a comparative gene-by-gene approach (Sheppard et al., 2012), we determined the 

number of alleles per locus in all genomes through comparison with the reference 

genomes (C. coli YH501; C. jejuni NCTC 11168). Three new concatenated genome 

alignments were constructed for each species after removal of 1%, 5% and 10% of 

the most variable loci (most/least alleles per locus) of respective core genome length 

of 1522 (1.11 Mbp), 1398 (1.02 Mbp), 1238 (0.89 Mbp) (C. coli) and 1268 (1.2 Mbp), 

1164 (1.04 Mbp), 1034 (0.91 Mbp) (C. jejuni) core genes. Consistent with analyses 

of complete masked core genome alignments, TempEst analysis of reduced 

alignments (1%, 5%, 10%) also revealed poor temporal signal. Therefore, we 

conducted analyses on sub-lineages within C. coli and C. jejuni.   

 

In order to identify temporal signal using TempEst, individual subsets of 

Campylobacter lineages were chosen from our datasets for C. coli (ST-825, ST-827, 

ST-828, ST-830, ST-872, ST-1090 and ST-1541 of the clonal complex, ST-828) and 

C. jejuni (ST-1325, ST-1034, ST-206, ST-21, ST-22, ST-257, ST-353, ST-354, ST-

42, ST-433, ST-45, ST-464, ST-48, ST-52, ST-574, ST-61, ST-658 and ST-661 

CCs). Core genes were identified for each sub-lineage by comparison to C. coli 

(YH501) and C. jejuni (NCTC 11168) reference genomes using MAFFT (as 



70 
 

described above). Individual ML phylogenies were constructed from core gene 

alignments using FastTree. Recombined regions were inferred using 

ClonalFrameML with basic model parameters (Didelot and Wilson. 2015) and 

removed using a cfml-mask script and replaced with gaps 

(https://github.com/kwongj/cfml-maskrc). Recombination-masked trees of individual 

lineages were subsequently tested for temporal signal using TempEst software 

v1.5.1.    

 

Bayesian evolutionary analysis 

Analysis with BEAST2 v2.5.0 (Bouckaert et al., 2019) was performed using a 

method previously described for Campylobacter (Mourkas et al., 2020). SNP 

alignments were constructed from variable sites of the whole datasets of 601 (C. 

coli) and 1824 (C. jejuni) isolates and for the sub-lineages which exhibited the 

strongest temporal signal using snp-sites v2.5.1 (Page et al., 2016). A time-scale 

phylogeny was constructed using BEAST2 v2.5.0 (Bouckaert et al., 2019) based on 

variable sites, using the GTR +G4 model of DNA substitution. The relaxed log-

normal clock with Bayesian skyline model was used as previously described 

(Mourkas et al., 2020). Input xml files were prepared using BEAUti2 v2.5.0 

(Bouckaert et al., 2019). A prior on the clock rate was set as a log-normal distribution 

with a mean value of 1 x 10-6 mutations per site per year with a lower value of 1 x 

10-8 and an upper value of 1 x 10-3. Markov chains were run for 50 million 

generations, sampled every 10,000 generations with the first 5,000,000 generations 

(10%) discarded as burn-in. 

 

Selection of closely related isolate pairs 

An ideal dataset for rate analysis would include isolate pairs with divergent sampling 

dates, sufficient to measure NC rates over time, while remaining close enough 

(clustering on the tree) to share reliable recent common ancestry. Furthermore we 

required as many pairs as possible for confidence in average rates. In order to 

achieve this, pairwise nucleotide identity and year between isolation date matrices 

were constructed separately for 601 (C. coli) and 1,824 (C. jejuni) isolates. Using a 

bespoke R script (https://github.com/SionBayliss/CallandMolClock), the distribution 

of nucleotide identity was determined for isolate pairs within sequential isolation date 

https://github.com/kwongj/cfml-maskrc
https://github.com/SionBayliss/CallandMolClock
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categories of 1 year or more (1-37 for C. coli, 1-46 for C. jejuni) by comparing every 

isolate to all other isolates (Figure 2.2). In each analysis, isolates were used only 

once as the ancestral or derived strain. Large numbers of divergent isolate pairs can 

be identified from distant time points reflecting genome evolution over time (Figure 

2.2). However, our analysis required inference of recent common ancestry (<5,000 

SNPs) to define isolate pairs. Specifically, we needed closely related isolates with a 

large difference between sample dates. To provide a quantitative basis for selecting 

pairs we compared the nucleotide identity of each isolate pair at given sampling time 

difference thresholds. Isolates with sample dates >8 years apart (Figure 2.2) were 

chosen for calibrating a rate of nucleotide change because there was an enrichment 

of closely related pairs at this threshold. An arbitrary threshold of <5000 SNPs was 

selected for candidate isolate pairs to be included in the NC rate calibration analysis 

based on the pair selection curves. The final number of pairs used in the analysis 

included the 20 most closely match pairs for C. coli and C. jejuni (Figure 2.2A). 

 

Recombination and nucleotide change inference 

The raw reads of genomes (S2.1 Table) of isolate pairs (S2.2 Table) were mapped 

to the complete reference genomes: C. coli YH501 (accession: NZ_CP015528.1) 

and C. jejuni NCTC 11168 (accession: NC_002163.1) using the BWA-MEM 

algorithm (Li, 2013). Variants were called using Freebayes v1.1.0-dirty (Garrison 

and Marth, 2012) and NC effects predicted and annotated using SnpEff version 4.3 

(Cingolani et al., 2012) (S2.6 Table). These tools were included in the haploid 

variant calling pipeline, ‘snippy’ v3.0 (https://github.com/tseemann/snippy). Core 

genome sub-tree alignments were constructed using snippy-core. NCs introduced 

by point mutation and recombination were inferred on the alignments using Gubbins 

v2.4.1 (default settings) (Croucher et al., 2015) for each isolate pair (S2.6 Table). 

The snippy pipeline was used to identify synonymous and non-synonymous NCs 

within and outside of inferred recombinant regions (Cingolani et al., 2012). dN/dS 

ratios were calculated for sites across the core genome using the synonymous/non-

synonymous analysis program (SNAP) v2.1.1 based on the Nei and Gojobori 1986 

method (Nei and Gojobori,1986; Korber, 2000) (www.hiv.lanl.gov). Rates were 

calculated by reconstructing the NCs on internal branches (inferred using Gubbins) 

leading to the MRCA shared by a pair of isolates. By quantifying point mutation and 

recombination and synonymous and nonsynonymous NCs per branch, we were 

https://github.com/tseemann/snippy
http://www.hiv.lanl.gov/
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able to infer different molecular evolution rate estimates based on the difference in 

isolation time between isolates pairs (S2.4 Figure C). These included (i) the total NC 

rate, used to calculate the number of effective lineages and (ii) the rate of 

accumulation of synonymous NCs occurring outside of recombinant regions, used 

to estimate the molecular clock. Hotspots of recombination occurring across multiple 

isolate pairs were observed.  

 

Estimating the number of coalescences at yearly intervals (Birthday problem) 

To consider the extent to which a given sample set represented genetic diversity 

within the population we developed a pipeline that calculated the number of 

coalescences (effective lineages, Z) at yearly time intervals (Z1, Z2, Z3….Zn) within 

the datasets. This is described by the equation Z = Y/X, Where: Y = all potential 

isolate pairs (n2/2); X = the number of possible pairs for each time interval (t1, 

t2,t3….tn) that is less than the predicted number of NCs that have occurred over a 

given time interval (µ(t(1-n)); µ = rate of nucleotide change; t = time interval between 

sampling dates, 1-46 and 1-37 years for C. jejuni and C. coli respectively. The 

resultant Z value for each time period is the estimated number of effective lineages 

(Birthdays) at each time cut-off, equivalent to the number of lineages sharing a 

common ancestor at a particular time interval (S2.4 Figure).  
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Chapter 3 

 

 

 

 

Reconstructing the population history of multiple bacterial pathogenic 

species 

 

 

 

 

 

 

 

 

 

Commentary text 

This chapter extends on the work from the chapter 2 which uses comparative 

genomics and empirical mutation rates to reconstruct the population history of 

Campylobacter species. One benefit of this approach is the potential to be carried 

out on other bacterial species, in particular some of the worst human bacterial 

pathogens. The potential for species to adapt to a new niche relies significantly on 

the size of the population. A better understanding of how the effective lineage size 

is maintained over time provides insight into the potential for species to diversify as 

well as the rate at which this could occur. Therefore, the same method of population 

history reconstruction from chapter 2 was applied to fourteen important human 

bacterial infections with different transmission ecologies. The statement of 

authorship for this chapter can be found in the Appendix supplementary form SF3. 

 



83 
 

Abstract 

Bacterial species have enormous natural population sizes which have diversified 

over time to adapt and fill niches through evolutionary processes such as 

recombination, selective sweeps or genetic drift. There are fundamental questions 

about the size of bacterial populations that help us to understand the dynamics of 

disease caused by different pathogens. Such as, what causes the potential to 

expand and proliferate to high numbers to potentially cause outbreaks and spread 

across the world, and what has been around for a long time? Obtaining realistic 

estimates of population variation history requires genomes collected over long 

periods of time, large genomic sample sizes representative of the natural population 

structure and an estimate of the rate at which molecular change accumulates over 

time. This is difficult in bacteria due to the effects of recombination and inconsistency 

of fitness acting on different lineages. We analysed large genomic isolate collections 

(10,959 isolates) from fourteen different bacterial pathogens over substantial 

sample time frames (6,497 years), along with published rates of nucleotide change 

to measure effective lineage size using a coalescent approach specific to clonal 

organisms. We then compared the existing levels of lineage variation maintained 

over time, as well as rates of diversification between the different species. Questions 

also remain regarding how many samples are required to understand pathogen 

emergence and spread for individual species. We accounted for this by measuring 

the amount of time required to obtain 50% of diversity within a sample set and 

compared this for species with different transmission ecologies.  
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Introduction 

With more than 600,000 bacterial species described (Louca et al., 2019), they are 

arguably the most successful order of life on Earth. Selection has moulded diversity 

within and between bacterial species, influenced by population bottlenecks and 

driven by adaptation to novel hosts and niches (Darwin, 1859). In bacteria, genetic 

variation is introduced by mutation and recombination, which can initiate bursts of 

evolution. 

 

The nature of specialisation to certain habitats differs for each species, whereby 

some species are restricted to single hosts such as obligate human pathogens 

(Tobiason and Seifert, 2006; Haley and Gaddy, 2015; Allen et al., 2019), and others 

can successfully occupy multiple host niches and are essentially “environmental” 

(Dirk van Elsas et al., 2011; Dearlove et al., 2016; Richardson et al., 2018). Niche 

occupancy (specialism) in pathogenic bacterial species can also be a result of the 

direct impact of transmission. For example, obligate human pathogens such as 

Mycobacterium tuberculosis must cause disease in its host in order to survive and 

be transmitted, opportunistic pathogens such as Vibrio cholerae and Pseudomonas 

aeruginosa can survive outside of a host and be transmitted between hosts without 

causing disease but may cause disease when the immune system of a host is 

compromised (Nelson et al., 2009; Moradali et al., 2017). Some ‘accidental’ 

pathogens such as Neisseria meningitidis do not intend to cause disease as this 

limits transmission to the next host. Equally, this specialism can occur at the lineage 

level within species where individual strains are restricted to specific hosts. 

Campylobacter jejuni is an example of a species exhibiting host-specificity within 

lineages. Some specialist lineages have adapted to occupy one host such as 

chickens, cattle and wild birds (Sheppard et al., 2010; Sheppard et al., 2011; 

Griekspoor et al., 2013), while other lineages belonging to the same species can 

have much wider host occupancy and have evolved to occupy multiple host niches 

(“generalists”) (Woolhouse et al., 2001; Sheppard et al 2014; Dearlove et al., 2016; 

Woodcock et al., 2017). 

 

Evidence suggests that the expansion and diversification of lineages has been 

impacted by or associated with changes in human activity over time (Hendry et al., 

2017). As new host niches diverge or arise, as do opportunities for new species to 
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occupy this new niche. Anthropogenic changes such as intense agriculture, use of 

antibiotics, climate change, habitat fragmentation, medicine and urbanisation 

(Hoffmann and Sgro, 2011; Hutchins and Fu, 2017; Flandroy et al., 2018; Cavicchioli 

et al., 2019), have all been associated with driving the expansion of microbial 

diversity and resulted in the adaptation, extinction, replacement or diversification of 

many different ecotypes. Recent genomic evolutionary studies have demonstrated 

the impact of intensive farming on driving the emergence of cattle-associated 

Campylobacter lineages (Mourkas et al 2020), associated with the emergence of 

zoonotic diseases (Daszak et al. 2000; Cutler et al. 2010; Jones et al. 2013). 

 

Measuring population diversity in bacterial species over time is key in understanding 

the success of an organism, as well as being an indicator of ecology and function. 

There are also fundamental questions about the size of bacterial populations that 

help us to understand the dynamics of diseases caused by different pathogens. 

Such as, what causes the potential to expand and proliferate to high numbers to 

potentially cause outbreaks and spread across the world and what has been around 

for a long time? More interestingly, how does this differ in bacterial species with 

different or similar transmission ecologies?  

 

Estimations of population size over time have been inferred for numerous organisms 

(Li and Durbin, 2011). The rules of population genetic theory designed around 

eukaryotic organisms is based on the assumption that the differences in 

reproductive success is small when compared to the number of individuals in the 

population (Eldon and Wakeley, 2006). However, the same theory is less clear when 

applied to bacteria for a number of reasons such as differences in the way bacteria 

reproduce and maintenance of fitness over generations spreading at different rates 

in different lineages (Smith et al., 1993). Additionally, most bacterial species 

generate genetic variation through recombination of horizontally transferred genetic 

material (HGT) making estimations of effective population size (Ne) difficult to 

distinguish. Previous studies analysed diverse microbial community composition 

using large-scale environmental shotgun sequencing and maximum likelihood (ML) 

to reveal the stability of habitat preference in distinct microbial clades over time (von 

Mering et al., 2007). The genetic structure of Asian Vibrio parahaemolyticus was 

assessed by calculating the Ne in two different ways (Cui et al., 2015): one method 
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looked at Ne from the level of the gene pool whereby members of the population 

contribute DNA to the gene pool of future generations regardless of whether this 

originated from recombination or inherited clonally. The second method, the 

genealogical Ne, is based on the organism as a whole and characterised by the 

number of clones in a population that successfully produce progeny to carry on into 

future generations. It has also been observed that Ne can differ between bacterial 

species with different transmission ecologies. For example, disease-causing 

species such as V. cholerae can colonise at high rates resulting in huge population 

sizes within a host which can result in a reduction in Ne due to severe bottlenecks 

from transmission between hosts (Kirchberger et al., 2020). As a contrast, free-living 

bacteria such as Prochlorococcus marinus can be found in widespread panmictic 

populations with a large population size and Ne but can also undergo selective 

sweeps that reduce both population size and Ne, or experience spatial and 

ecological niche alteration with large population size, lowering Ne (Kirchberger et 

al., 2020). 

 

To better understand population dynamics of outbreaks and transmission we 

typically require: i) detailed information of the variation among bacterial strains. This 

gives us a snapshot of the population genomic structure; ii) Information about how 

these populations change over time and iii) representative isolate collections of 

different species. i) and ii) are now easy due to the increasing availability of genomic 

sequence collections along with mature methods for dating phylogenies but 

obtaining genome collections representative of whole species (iii) remains difficult. 

For example, questions remain that ask how many isolates do we need to sequence 

to be able to understand pathogen emergence and spread? For an outbreak of 

obligate pathogens such as M. tuberculosis, where the host range is small, we may 

need few isolates to get species-wide representative estimates (Hershberg, 2016), 

but for more diverse species such as E. coli, or other organisms that are effectively 

environmental bacteria, we may need to sample many more to track the expansion 

of new pathogenic strains (Kropinski et al., 2013). As well as this, measuring 

population sizes in bacteria using traditional models of Ne remains difficult for 

multiple reasons such as a small genome sizes (fewer genes than eukaryotes), 

rapid growth rates within large natural population sizes and varying rates of 

recombination (Bobay and Ochman, 2018). 
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Therefore, to overcome this, described before at the lineage level for Campylobacter 

coli and C. jejuni (Calland et al., 2021), we estimate the effective lineage size over 

6,497 years of bacterial evolution for fourteen species (10,959 genomes) with 

different transmission ecologies using large datasets and total rates of nucleotide 

change (NC). The effective lineage size approach is more specific to clonal 

organisms and is different from traditional models of Ne. It also provides a simpler 

way of looking at population size variation using lineages instead of genetic variation 

and estimates the number of clones which survive and contribute to future 

generations (Louca et al., 2018) (Figure 3.1).  

 

 

Figure 3.1. Effective lineage schematic. Variation of bacterial population size through 

time. Diagram showing effective lineages (black dots) at a particular point in time (x axis) 

which survive and give rise to progeny to the next time point (year). Some lineages will be 

unsuccessful and become extinct (grey dots) and will therefore not contribute progeny to 

the next generation. The total population size is equal to the sum of both the effective and 

extinct lineages. Different evolutionary scenarios can occur depending on particular 

pressures at that time. A shows the survival and maintenance of the same lineages and is 

indication of success, B shows the influx of many new lineages (heightened diversification) 

and could indicate a scenario of new niches, and C could be an indication of a bottleneck 

or scenario or reduction of available niches.     
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Materials and Methods 

Isolate collection 

Whole-genome isolate collections were assembled for fourteen bacterial species of 

human clinical importance (Table 3.1 and Figure 3.2A). Datasets were curated for 

this study and representative of the known population structure of each species and 

required longitudinal sampling to achieve a long sample time frame. Isolate 

collections consisted of: Bordetella pertussiss (1920-2018, n = 343), Clostridium 

difficile (1900-2018, n = 334), Yersinia pestis (2782(BC)-2012(AD), n = 407), 

Escherichia coli (1885-2017, n = 418), Helicobacter pylori (3284(BC)-2019(AD), n = 

431), Vibrio cholerae (1934-2019, n = 495), Vibrio parahaemolyticus (1951-2020, n 

= 496), Staphylococcus aureus (1967-2015, n = 566), Mycobacterium tuberculosis 

(1106(AD)-2014, n = 598), Campylobacter coli (1978-2015, n = 601), Salmonella 

enterica (4477(BC)-2018(AD), n = 1,055), Campylobacter jejuni (1970-2016, n = 

1,824), Streptococcus pneumoniae (1916-2019, n = 1,942) and Neisseria 

gonorrhoeae (1928-2019, n = 1,450). All isolates were originally isolated from 

multiple sources (human, poultry, pig, cattle, environmental, wild bird, seal, dog, 

lamb, goose, rabbit, cat, aquatic animal, invertebrate, rodent) and from 73 different 

countries from 6 continents (S3.1 Table). Read accession numbers and original 

source can be found in S3.2 Table. 

 

Table 3.1. Isolate collection summary 
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Figure 3.2. Summary of isolate collections and sampling dates. Heatmap showing the 

14 bacterial species analysed in this study (y axis) (A) and the abundance of genomes 

collected at different time points (years) in the past (x axis), the total sample time frame 

ranged from 4477 BC to 2020 AD (6,497 years). Key on the bottom right shows the colour 

indicating genome abundance at a particular time point ranging from white (0 genomes) to 

dark red (>250 genomes). The majority of genomes were sampled after the year 2000 which 

is expected due to the timely development of NGS methods. Isolates were originally 

collected from multiple sources. The abundance of each source per species is shown using 

pie charts (B). Some species are host-restricted human obligate pathogens (pink), while 

other species are more “environmental” and can be isolated from multiple source reservoirs. 

The colour key to the right indicates the different source categories.     
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Phylogenies 

Neighbour-joining phylogenies were constructed for all species (Figures 3.3 and 

3.4). Genomes from each dataset were aligned against a species-specific reference 

genome (B. pertussis: NC_018518.1, C. difficile: NZ_LN614756.1, Y. pestis: 

NC_017168.1, E. coli: NZ_CP027599.1, H. pylori: NZ_LS483488.1, V. cholerae 

chromosome 1: NZ_AP014524.1, V. cholerae chromosome 2: NZ_AP014525.1, V. 

parahaemolyticus chromosome 1: NZ_CP014046.2, V. parahaemolyticus 

chromosome 2: NZ_CP014047.2, S. aureus: NC_007795.1, M. tuberculosis: 

NC_000962.3, C. coli: NZ_CP015528.1, S. enterica: NZ_CP014051.2, C. jejuni: 

NC_002163.1, S. pneumoniae: NZ_LN831051.1, N. gonorrhoeae: 

NZ_CP012028.1) using MAFFT with default parameters (minimum nucleotide 

identity of 70% over >50% of the gene and BLAST-n word size 20) to result in 14 

individual alignments (two of which had been previously published (Calland et al., 

2021)). Neighbour-Joining (NJ) trees were constructed using a search heuristic 

method and the Jukes-Cantor (JC) model of evolution implemented in the software 

RapidNJ version 2.3.2 (Simonsen et al, 2008).   
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Figure 3.3. Phylogenies of environmental bacterial species (non-human 

transmission). Neighbour-Joining (NJ) core genome phylogenetic trees of eight 

“environmental” (non-human-to-human transmission) bacterial species constructed using 

rapidNJ version 2.3.2 (Simonsen et al, 2008) and the Jukes-Cantor (JC) model of nucleotide 

evolution. Scale bar represents substitutions per site. 
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Figure 3.4. Phylogenies of clinical-associated bacterial species (human-human 

transmission). Neighbour-Joining (NJ) core genome phylogenetic trees of six “clinical” 

(human-to-human transmission) bacterial species constructed using rapidNJ version 

version 2.3.2 (Simonsen et al, 2008) and the Jukes-Cantor (JC) model of nucleotide 

evolution. Scale bar represents substitutions per site. 
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Quantifying rates of recombination 

The impact of HGT on the clonal frame of each population was estimated by inferring 

the number (and size) of recombined regions in the genomes using Gubbins version 

2.4.1 (Croucher et al., 2015), with default settings. The rate of nucleotide change 

introduced by recombination, relative to mutation (r/m) was estimated and an 

average r/m was estimated for each of the fourteen species (Table 3.2).  

 

Estimating effective lineage size over the sample time frame 

Using published total rates of NC for each species (Table 3.1), and a 

microevolution approach (Calland et al., 2021) we predicted the number of 

coalescences at each time point over the total sample time frame for each isolate 

collection for each species. This provided information about the number of 

ancestral strains for each year and the rate of turnover of lineages within each 

species. The previously published pipeline calculated the number of coalescences, 

also known as effective lineages (Z) for every year within each dataset (Z1, Z2, 

Z3…Zn). The equation used to describe the method is Z = Y/X. Y are all the 

potential isolate pairs calculated for each dataset collection (n2/2), X is equal to the 

number of possible pairs at each time point (t1, t2, t3…tn) that is less than the 

number of substitutions that have occurred over a given time point (µ(t(1-n)) (µ = 

substitution rate, t = time interval between sampling dates). The Z value produced 

by the equation is the predicted number of effective lineages at each time point 

(year), which can also be described as the number of successful ancestors which 

will give rise to progeny in the next generation (S3.3 Table).  
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Table 3.2. Average r/m values for each species 

 

 

 

Species  Average r/m  (This study) r/m  range (This study) Published r/m  (MLST) Dataset size*

B. pertussis 15.05 0.70 - 71.97 0.2 (Vos and Didelot, 2009) -

C. difficile 57.71 0.40 - 1364 0.63-1.13 (He et al., 2010) 30

Y. pestis 21.3 1.28 - 471 - -

E. coli 34.41 0.50 - 457.75 0.7 (Vos and Didelot, 2009) -

H.pylori 1.44 0.0007 - 88.6 22.32 (Didelot et al., 2013) 97

V. cholerae(chrom1; 2) 16.04;  6.88 0.108 - 209.20; 0.14 - 110.83 37 (Esteves et al., 2015) 109

V. parahaemolyticus(chrom 1; 2) 7.65; 4.86 0.09 - 145.25; 0.114 - 95.42  12 (Esteves et al., 2015) 89

S. aureus 14.975 0.18 - 459 0.83 (Everitt et al., 2014) 95

M. tuberculosis 23.91 0.56 - 356.46 0.48 (Namouchi et al., 2012) 24

C. coli 21.46 0.08 - 1187 - -

S. enterica 8.11 0.011 - 1666 30.2 (Vos and Didelot, 2009) -

C. jejuni 12.18 0.07 - 519 ST-21 7.5 (Mourkas et al., 2020)

S. pneumoniae 6.39 0.14 - 102.73 8.89 (Chaguza et al., 2016) 439

N. gonorrhoeae 14.25 0.62 - 156.75 2 (Vigue and Eyre-Walker, 2019) 15

*Previously published r/m  values were calculated from these datasets
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Results 

Isolate collections and sampling 

There has been an explosion of evolutionary genomics studies on bacterial species 

in recent years but most of the available genomes from important human pathogens 

were isolated after the 1990s (Figure 3.2A). Only 13% of our total genome 

collections were isolated before the year 1990. The availability of large collections 

of genomes that represent species-wide genetic diversity, over a long enough 

sample time frame is rare, despite increasingly reduced costs and improved 

accessibility of NGS technologies. In total, we analysed 10,959 genomes, 

composed of smaller, species-specific collections. The smallest collection was of 

334 C. difficile isolates; and the largest of 1,942 S. pneumonia isolates (Table 3.1 

and S3.1 Table). Sample time frames also varied considerably between species, 

with the shortest being 37 years (C. coli) and the longest 6,497 years (S. enterica). 

Results from dating studies can be improved with the excavation of ancient samples. 

Anything dating back before the year 1900 was classified as ancient (42 isolates) 

and in this case we were able to obtain ancient samples for C. difficile, Y. pestis, E. 

coli, H. pylori, M. tuberculosis and S. enterica which provided the longest sample 

time frames out of all species datasets (Table 3.1 and S3.1 Table). 

 

Bacterial species are diverse 

To reconstruct reliable population ancestry, it is necessary that isolate collections 

are representative of the natural source reservoirs for each species. Environmental 

sampling is dispersed and sporadic, with collections often inflated by inclusion of 

human clinical cases from hospital settings. All human species (B. pertussis, C. 

difficile, H. pylori, M. tuberculosis, S. pneumoniae and N. gonorrhoeae) consisted of 

only human-derived isolates. However, we attempted to collect from as many 

representative source reservoirs as possible (Table 3.2) for the remaining species 

which were essentially environmental. Although we managed to collect samples 

originating from twenty different sources (chicken (n = 1,090), rodent (n = 124), 

aquatic settings (n = 373), environmental (609), other agricultural animals (n = 161), 

invertebrates (n = 85), domestic pets (n = 36), wild bird (n = 108), other wild animals 

(n = 32), food products (n = 404) and other unidentified sources (n = 834)), human 

made up the majority of the total collections (n = 7,381) in eleven cases, followed 

by agricultural samples and environmental (Figure 3.2B).  
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Whole-genome phylogenies were constructed for fourteen species (sixteen 

including chromosome 1 and 2 for V. cholerae and V. parahaemolyticus) and divided 

into two categories: 1) “environmental” (Figure 3.3) whereby infections in humans 

are essentially accidental or opportunistic for example by consumption of 

undercooked contaminated food (C. coli, C. jejuni, E. coli, V. cholerae, V. 

parahaemolyticus, S. enterica), and 2) “clinical” (Figure 3.4) species that are either 

obligate human infections or isolated from nosocomial infections (C. difficile). There 

was a clear difference in topological diversity between and within the two categories 

(environmental and clinical). All bacterial populations exhibited different total rates 

of NC ranging from 0.08 substitutions per genome per year (s/g/y) (Y. pestis) to the 

highest of 77 s/g/y (C. coli) (Table 3.1). Rates were measured over species-specific 

genome lengths with the lowest average core gene size of 1,315 (H. pylori) and 

highest of 4,061 (V. parahaemolyticus) (Table 3.2). Phylogenies of environmental 

species differed in size and phylogenetic structure with some clustering into distinct 

lineages (C. coli, C. jejuni, E. coli, V. cholerae and S. aureus) while V. 

parahaemolyticus displayed a circular, deep branching phylogeny with all branches 

of a similar length and a common central ancestor (Figure 3.3). Additional 

differences in phylogenetic size and structure was observed within the clinical 

species (Figure 3.4). When all species were scaled to 0.003 substitutions per site, 

H. pylori had the largest phylogeny while M. tuberculosis and B. pertussis showed 

the smallest. A circular phylogeny with deep branches of similar length as seen in 

V. parahaemolyticus was observed for H. pylori, S. pneumonia and N. gonorrhoeae 

with M. tuberculosis, B. pertussis and C. difficile showing lineage-specific clustering 

(Figure 3.4).  

 

On average, substitution rates were higher in the environmental species (13 s/g/y) 

than the clinical species (3.5 s/g/y) (Table 3.1). However, the effects of 

recombination on the introduction of variation into the genomes (r/m) of each 

species was also accounted for. Values of r/m differed for each species and ranged 

considerably from almost clonal evolution (1.44) in H. pylori to 57.71 in the C. difficile 

dataset where recombination introduced NC into the genome approximately 57 

times more than point mutation (Table 3.2).   
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Measuring the extent of lineage diversity over time (Coalescence) 

The number of effective lineages at a given time point is an indication of the number 

of successful ancestors that gave rise to the lineages in the successive time interval 

(Figure 3.1). We plotted the number of effective lineages across the sample time 

frame for each species to provide insight into the population history (Figure 3.5). 

The shape of the curve can reveal clues about the evolutionary potential of each 

species and act as an indicator for success and maintenance of lineages, or rate 

turnover of lineages over time. We used two measurements from the curves to 

compare i) maintenance of lineages over time and ii) diversification of lineages 

between species. We then made observations of differences in these 

measurements between species with different transmission ecologies. 

 

Figure 3.5. Individual birthday plots with different scales. Number of effective lineages 

(y axis) at each time point within the sample time frame (x axis) for the fourteen bacterial 

species analysed in this study. Lineage expansions differ for each species. Purple – blue 

indicate clinical bacterial species, green – yellow are environmental (primary reservoir non-

human). Maintained effective lineages are observed in the flat line occurring before lineage 

diversification. 
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A reliable way of comparing population history between species is to compare the 

proportion of lineage variation maintained over time (flat line of curve) with the total 

variation that observed at the most recent time point, which occurred after lineage 

expansion. If the proportion maintained is high, this indicates that lineage diversity 

has been high through history and the species was likely successful in occupying 

multiple host-niches. An example of this was seen in E. coli which showed the 

highest strain variation over time at 61% (S3.3 Table and Table 3.3), the % increase 

after expansion time was low (63%) compared with other species at only eight new 

lineages per year which gives an indication that this is an already successful 

species. On the other hand, S. enterica showed the lowest lineage variation over 

time (2%) (S3.3 Table, Table 3.3 and Figure 3.5) but had the highest lineage 

expansion in the past 200 years of 4,700% increase expansion in lineage size which 

equates to a rate of 136,230 new lineages per year. Clinical species showed the 

lowest strain variation over time (C. difficile = 14%, N. gonorrhoeae = 13%, M. 

tuberculosis = 12%, S. pneumoniae = 12%) except for H. pylori (30%), but in 

contrast had the highest % increase in new effective lineages from time of expansion 

(C. difficile = 585%, N. gonorrhoeae = 662%, M. tuberculosis = 700%, S. 

pneumoniae = 750%) (S3.3 Table and Table 3.3 and Figure 3.5).  

 

The point in time where the effective lineage size rapidly diversified was the furthest 

in to the sample time frame for Y. pestis (3,000 years ago) which suggests instability 

in the success of lineages in unstable niches over thousands of years. We observed 

a potential bottleneck (flat line) during the period of the Black Death (1346-1352) 

which could indicate the spread of the same successful clones during the pandemic 

(Figure 3.5). Alternatively, the most recent point of diversification of lineages was 8 

years for S. aureus and C. coli. However, as the species are built from different 

timescales and collection sizes, it is difficult to make reliable observations between 

species (Table 3.3). 

 

Species with varied population histories require a larger sampling effort 

The D50 gives an estimate to the number of years of sampling required to achieve 

50% of the total diversity observed within each dataset. If this number is high then 

there is likely to be more admixture in the population history and requires a longer 

time and more sampling effort to capture the full diversity. The highest values were 
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found in Y. pestis (1958 years), E. coli (~100 years), M. tuberculosis (8 years) and 

H. pylori (7 years) which could be an indicator of a more varied population history. 

The lowest D50 value was 1.5 years (average of both chromosomes) and found in 

V. cholerae and V. parahaemolyticus (Table 3.3 and Figure 3.5) implying that most 

of the variation seen today diversified in recent years.   
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Table 3.3. Information on population diversity for each species 

 

Species D50* (years) Time of exponential growth (yrs ago) Maintained lineage size** %increase of diversification Lineages per year increase
B. pertussis 6 unresolved curve unresolved curve unresolved curve unresolved curve

C. difficile 4.5 30 14% 585% 814

Y. pestis 1958 3000 31% 220% 3

E. coli ~100 115 61% 63% 8

H.pylori 7 25 30% 224% 437

V. cholerae (chrom1, chrom 2) 1.5 10; 20 21%; 28% 361%; 249% 1680; 84

V. parahaemolyticus (chrom1, chrom 2) 1.5 20; 20 13%; 19% 660%; 417% 1068; 275

S. aureus 2 8 17% 458% 5479

M. tuberculosis 8 125 12% 700% 2510

C. coli 3 8 14% 613% 5717

S. enterica 4 60 2% 4700% 136230

C. jejuni 3 10 36% 175% 4031

S. pneumoniae 2.5 12 11% 750% 332768

N. gonorrhoeae 2.5 12 13% 662% 7772

*How many years sampled back to get 50% of maximum diversity in this sample set

**% of variation of the total variation of the lineages maintained before the point in time where lineage expansion occurs
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Discussion 

The ability to understand the variation of bacterial population history has been 

improved by the increase in available genomes from archived isolate collections, 

including ancient bacterial DNA isolated from mummified humans (Bos et al., 2014; 

Kay et al., 2014; Maixner et al., 2016; Eerkens et al., 2018; Sabin et al., 2020). This 

allows for an extended and more realistic sample time frame over which to infer 

common ancestry. Previous studies have used population genomics to study the 

effective population sizes of different bacterial species (von Mering et al., 2007; Cui 

et al., 2015). However, difficulties remain in obtaining representative reconstructions 

of bacterial population history. Therefore, we applied a method to estimate the 

number of effective lineages (successful ancestors) using a coalescent approach 

and empirical mutation rates (Calland et al., 2021) over genome collections sampled 

over ~7,000 years. We then compared the maintenance of variation over time, along 

with diversification rates, in order to measure the extent of niche occupancy for each 

species. The amount of samples required to achieve 50% of maximum diversity in 

natural populations was also explored. These measurements offer valuable 

information on the success of an organism and potential to rapidly diversify to fill 

new niches. There are multiple factors influencing the success and ability to adapt 

to fill a niche. These include, the ability to generate enough genetic information to 

adapt (high recombination rates), genome plasticity and the availability of 

unoccupied niches. For example, the emergence of new hosts or niches through 

pathogen spillover from animal source reservoirs to humans (McMichael, 2004; 

Woolhouse et al., 2005).  

 

The diversity of bacteria on the planet is so large that the amount of sequenced 

genomes is effectively zero in comparison (Microbiology by numbers, 2011). A 

problem that still remains in most population genomics studies of bacteria is 

sampling enough variation to capture the natural population structure of a species. 

This was easier for the obligate human or clinical species that have limited host 

ranges. However, this was more difficult for the species with multiple host reservoirs 

(Figure 3.2). Although we obtained a diverse collection of sources, the source 

collection for E. coli was low (four host samples: human 27%, chicken 62%, cattle 

5% and other 7%) compared with the natural host range (Jang et al., 2017) (Figure 

3.2). This leaves the question of whether the results from the ancestral 
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reconstruction for E. coli lineages will only be a snapshot of the true diversity. 

However, despite this, phylogenies exhibited the same species-specific topological 

structure typically seen in previous studies (Figures 3.3 and 3.4).  

 

The number of effective lineages at a given time-point can also be interpreted as 

the number of ancestral lineages that gave rise to those that are seen in the present 

day. This can offer important information about how the population variation is 

maintained through time, as well as the extent to which it has diversified. The 

number of maintained “effective lineages” can be interpreted as such: if low, it 

means there are strains now that could move to high frequencies quickly across the 

world. If high, it could take a long time for lineages to get to high frequencies 

because of the weight of the population structure in the world and niches already 

occupied. A striking example of this in our results was that seen in S. enterica which 

is a species commonly associated with poultry production but can be isolated from 

other environmental sources (Tanner and Kingsley, 2018). The maintained effective 

lineage size was low at 2% over thousands of years, however, the lineage 

expansion in last 200 years increased immensely with an increase of 4,700% of new 

lineages (Table 3.3 and Figure 3.5). This could be an example of the effects of 

anthropogenic influence on the increase of niche availability for Salmonella species 

due to the intensification of poultry agriculture in the last 200 years (Tanner and 

Kingsley, 2018; Rohr et al., 2019; Bawn et al., 2020). On the other hand, the 

maintained effective lineage size of E. coli was much higher than the other species 

(61%) and this can be explained as a lesser availability of E. coli niches as they are 

already filled (Table 3.3). This is reflected by the small expansion of lineages of 63% 

which translates as a rate of 8 new effective lineages per year. These results are a 

strong indicator of the success of E. coli at filling and maintaining niches. This is 

also observed in the literature where E. coli is described as an essentially 

environmental organism that can occupy multiple host-niches (S3.4 Table) (Jang et 

al., 2017). Similar results were also found for C. coli and C. jejuni which share a 

similar host range to E. coli (Chapter 2; Calland et al., 2021)). 

 

The lowest levels of effective lineage maintenance over time was observed in the 

clinical and human obligate species (C. difficile = 14%, N. gonorrhoeae = 13%, M. 

tuberculosis = 12%, S. pneumoniae = 12%) except for H. pylori (30%), but in 
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contrast had the highest % increase in new effective lineages from time of 

expansion. The low effective lineage maintenance size is an indication for the 

potential of rapid acceleration of lineages to occupy new niches if available. This 

could act as a point of concern from a public health point of view as this suggests 

obligate human pathogens have the flexibility to expand quickly and fill niches 

(Dykhuizen, 1997). This could lead to the emergence of outbreak strains, resistance 

to treatments or acquisition of antimicrobial resistance (AMR) (Jiang et al., 2019; 

Mourkas et al., 2020). This is already an area of concern for the nosocomial 

infection, C. difficile where AMR has played an important role in outbreaks within 

and outside of hospital settings (Imwattana et al., 2019; Sholeh et al., 2020). Similar 

observations were made for S. aureus (low effective maintained lineage size, high 

diversification (13,348 new lineages per year)) and although this species is not 

restricted to human hosts, but in fact, found on the skin of multiple species (Peton 

and Le Loir, 2014; Mrochen et al., 2018; Fountain et al., 2021) (S3.4 Table) it 

remains an important pathogen to human health, especially due to the increase in 

AMR (Laabei et al., 2014). 

 

The most distinctive curve-pattern resulted from Y. pestis, where the stable 

maintenance of lineages over time was short (5,000-4,000 years ago) in comparison 

with species of a similar sample time frame (H. pylori, S. enterica). The number of 

ancestors increased exponentially for 3,000 years until the curve reached stability 

for a period of approximately 1,000 years (Figure 3.5). Interestingly, this periodic 

maintenance of effective lineage size falls within the time of the Black Death (or 

bubonic plague) (Benedictow, 2004) where lineages of Y. pestis emerged with rapid 

dissemination around Europe killing large proportions of the population (Bos et al., 

2011). This could be evidence for the full occupancy of niches with dominant 

circulating Y. pestis lineages at this time (Figure 3.1).        

 

V. cholerae and V. parahaemolyticus have different transmission ecologies to the 

other species compared in this study such that they are free-living, aquatic and can 

easily spread globally (Cui et al., 2015; Osunla and Okoh, 2017) (S3.4 Table). V. 

cholerae is associated with outbreaks in communities usually from water (Nelson et 

al., 2009; Osunla and Okoh, 2017), whereas, V. parahaemolyticus is more 

associated with infection from eating contaminated seafood (Letchumanan et al., 
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2014). Both species have two chromosomes, so for comparison we used an 

average value of the two. The maintenance of lineages was higher for V. cholerae 

(25%) than V. parahaemolytcius (16%) implying that V. cholerae lineages have 

occupied more stable niches than V. parahaemolytcius over time (Table 3.3 and 

Figure 3.5). However, the time of exponential growth was more recent in V. cholerae 

lineages suggesting the rapid expansion of V. cholerae lineages was more recent 

in time than V. parahaemolytcius (Table 3.3 and Figure 3.5). The rate of new V. 

cholerae lineages per year was also higher (average = 882) compared with V. 

parahaemolyticus (average = 672). The maintenance of multiple persisting ecotypes 

of V. parahaemolytcius has been previously described (Cui et al., 2015).  

 

The effective lineage size curve was unresolvable for B. pertussis dataset. Although 

the collection was sampled from multiple studies from different countries (to capture 

a realistic global population structure), the number of ancestors at each time point 

remained stable through much of the sample time frame indicating there was no 

exponential increase in diversification of lineages. The reason for this unclear but 

could be evidence for bottlenecks in the variation of B. pertussis lineages due to the 

effects of vaccination (Xu et al., 2015) (S3.4 Table and Figures 3.1 and 3.5). 

 

The time taken to capture 50% of the total diversity of each dataset (D50) is another 

informative measurement of the complexity of the population structure. The longer 

the sampling time to achieve 50% diversity, the more complex the historical 

population structure. If the number is low, it could indicate that diversification 

occurred more recently over the time scale. If high, the population history 

(ancestors) may have been more diverse and structured earlier on the sample time 

frame. The D50 values were lowest for both of the Vibrio species (1.5 years) and 

highest for Y. pestis (1,958 years), E. coli (100 years), M. tuberculosis (8 years) and 

H.pylori (7 years). However, this number may be elevated due to the length of 

sample time frame. For example, the Vibrio species are sampled over 69-85 years, 

whereas, Y. pestis, E. coli, M. tuberculosis and H. pylori have sample time frames 

>100 years (Table 3.1). Agriculturally-associated species (S. aureus, S. enterica, C. 

coli, C. jejuni) had similar D50s (average = 3 years). However, this is not surprising 

as we would expect to see high diversity earlier into the sample time frame due to 

the recent association with intensification of agriculture. Obligate human pathogens 
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such as N. gonorrhoeae and S. pneumoniae had the same D50 (2.5 years), C. 

difficile which is a human pathogen but doesn’t have to be inside a human to survive 

(spore forming, can survive on surfaces) had a slightly higher D50 at 4.5 years.  

 

Rates of recombination differ between bacterial species whereby for some species, 

recombination is the main driver of evolution, while other species can exhibit clonal 

evolution (Vos and Didelot, 2009). The evolutionary role of recombination can also 

differ between species where in some circumstances, the genetic sequences 

recombined into the genome via HGT can result in the emergence of new lineages 

in order to adapt to a new host (Mourkas et al., 2020). In other scenarios, 

recombination can act to maintain already successful lineages within a population 

(Gupta et al., 1996). In this study, r/m values differed drastically between species 

and ranged from almost clonal evolution in H. pylori (r/m = 1.44) to a high r/m of 

57.71 in C. difficile (Table 3.2). Comparison of r/m values in this study were 

drastically different from previously published results. Values were much lower for 

E. coli (0.7 (Vos and Didelot, 2009)), C. jejuni (7.5 (Mourkas et al., 2020)), S. aureus 

(0.83 (Vos and Didelot, 2009)), C. difficile (0.63-1.13 (Vos and Didelot, 2009)), N. 

gonorrhoeae (2.0 (Vigue and Eyre-Walker, 2019)), B. pertussis (0.2 (Vos and 

Didelot, 2009)) and V. cholerae (37 (Esteves et al., 2015)) but higher for H. pylori 

(22.32 (Vos and Didelot, 2009)), S. pneumoniae (8.89 (Vos and Didelot, 2009)) and 

V. parahaemolyticus (12  (Esteves et al., 2015)). However, three of these estimates 

were based on multi-locus sequence typing (MLST) compared with whole-genome 

sequences used in this study and were also based off smaller genome sizes. This 

suggests that r/m values will differ depending on method used, genome size and 

relatedness of the sample size. For example, the H. pylori r/m value was 

unexpectedly low (1.44) in this study despite being reported as undergoing frequent 

recombination compared with other bacterial species (Falush et al., 2001). This 

could be explained by the panmictic population structure of H. pylori making the 

identification of areas of elevated base substitution density (recombination regions) 

more difficult using Gubbins (Croucher et al., 2015). Previous r/m estimates could 

not be found for Y. pestis and C. coli. Although differences in recombination rates 

were seen between species, there was no direct correlation of r/m with rapid 

diversification of lineages or maintained lineages over time (Table 3.3).  
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Conclusions 

We applied a novel approach to estimating population diversity over time to multiple 

bacterial pathogens. It is clear that species with multiple source reservoirs have high 

levels of maintained lineage variation sustained over time, while more clinical 

species such as obligate human pathogens have lower sustained variation over time 

with a higher potential to diversify at a faster rate than environmental species. This 

could be of concern with regards to the emergence or spread of outbreak strains. 

Although we attempted to provide realistic quantifications of natural population 

sizes, several factors may have effected our results such as, mutation rates may not 

be representative of the population used in this study (E.g. calculated from a specific 

sub-group) and unique biological characteristics of the species (E.g. sporulation, 

latent stages, doubling times (S3.4 Table)). We curated isolate collections to be 

representative of the species as a whole with regards to source, country, and 

lineage sub-groups. However, we were limited by the availability of genomes from 

databases and also by the availability of genomes sampled from different years. 

This study demonstrated the potential for population genomic approaches to better 

understand bacterial population history and how this understanding can be used to 

make predictions about the potential for different species to adapt.  
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Chapter 4 

 

 

 

 

 

Genomics for rational autogenous vaccine design to control Campylobacter 

infection in poultry 

 

 

 

 

Commentary text 

The previous two chapters have focussed on the population genomics of multiple 

bacterial species, in particular genetic and population variation at the lineage level 

over time. Previous poultry vaccines have provided short term reduction in 

Campylobacter intestinal load in chickens but have limited commercial efficacy 

because of high diversity and rapid evolution of strains. This chapter describes the 

design and manufacture of an autogenous vaccine using isolates likely to survive 

poultry processing and cause infection in humans. Information on the rate at which 

Campylobacter accumulates molecular change over time from chapter 2 and an 

understanding of the maintenance of lineages in diverse environmental species from 

chapters 2 and 3 will be used to inform the design of this vaccine. This information 

will be used to discuss predictions about the long-term effects such as the evolution 

of vaccine-resistant strains in chapter 5 (general discussion). This chapter is 

formatted as a draft manuscript but photographs have been added for the purpose 

of this dissertation. These are labelled separately from original figures as 

“(Image_X)”. The statement of authorship for this chapter can be found in the 

Appendix supplementary form SF4. 
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Abstract 

Campylobacter is the leading cause of food-borne gastroenteritis worldwide and the 

most common cause of infection in humans have been linked to the consumption of 

contaminated poultry meat. Previous poultry vaccines have provided short term 

reduction in Campylobacter intestinal load in chickens but have limited commercial 

efficacy because of high diversity and rapid evolution of strains. Genome-wide 

association study (GWAS) of isolates from humans and chicken have identified 

genes associated with survival of Campylobacter through the poultry processing 

chain. These genes represent targets for vaccine design that would be selectively 

neutral within the chicken gut and therefore could be sustained in the population. 

We designed an autogenous vaccine based on isolates with survival-associated 

genes and monitored the efficacy in the chicken and through processing. First, we 

sampled for Campylobacter across five broiler farms feeding into one abattoir in 

Norfolk (UK) and characterized genomic diversity using NGS, including the 

identification of survival genes. Second, the vaccine was developed and given at 

two time-points to a whole farm of breeder chickens. Third, vaccine efficacy was 

monitored at three time points post-vaccination in vaccinated breeders and their 

progeny. The cfu/g reduction in the caecum and neck skin were determined. This 

study demonstrates the potential for NGS in autogenous vaccine design to reduce 

harmful strains of bacteria that are carried commensally in livestock. 
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Introduction 

Campylobacter is the leading cause of gastroenteritis  

Campylobacter jejuni and C. coli are the biggest cause of bacterial food-borne 

gastroenteritis in humans world-wide. Both species are diverse in population 

structure and can be isolated from environmental sources and commensally from 

the guts of mammalian and avian species (Waldenstrom et al., 2002; Sheppard et 

al., 2011; Bronowski et al., 2014; Cody et al., 2015). C. coli and C. jejuni are strongly 

associated with agriculture and act as a reservoir for human infection which usually 

arises as a result of the ingestion of undercooked contaminated poultry meat or 

products (Grant et al., 1980; Lee and Newell, 2006; Wilson et al., 2008; Sheppard 

et al., 2009). Campylobacter infection leads to gastroenteritis which is usually self-

limiting in otherwise healthy individuals but in rare cases, may lead to serious 

sequelae known as Guillain-Barre syndrome (McCarthy and Giesecke, 2001) that 

may lead to paralysis and other neurological disorders (Yuki and Odaka, 2005). 

Although Campylobacter infection is generally considered pathogenic to humans, 

the breed and immune system of chickens can have an effect on infection biology 

and in some cases can lead to disease in chickens; heightening issues of poultry 

welfare (Humphrey et al., 2014). Therefore, controlling Campylobacter levels at the 

source of the infection chain has many benefits for both human and animal health. 

 

Survivability of Campylobacter through poultry processing  

Campylobacter colonises the intestines of broiler birds on farms in high numbers 

and contaminates broiler meat during slaughter and carcass processing (Neimann 

et al., 2003; Sheppard et al., 2009; Colles et al., 2010; Seliwiorstow et al., 2015). 

The growth conditions of Campylobacter are typically microaerophilic which means 

they generally require low levels of oxygen to survive. This raises important 

questions as to what promotes the survival of Campylobacter through the poultry 

processing chain and to survive on the surface of meat to contaminate retail 

products. Increasing availability of WGS along with state-of-the-art analytical tools 

such as bacterial GWAS (Sheppard et al., 2013; Pascoe et al., 2015; Yahara et al., 

2017) and databases have enabled WG analysis of huge numbers of 

Campylobacter isolates. A study by Yahara et al (2017) demonstrated there to be 

many different strains of Campylobacter often found together in a single flock. WGS 

analysis of large numbers of isolates from broilers (pre-slaughter), carcasses 
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(processing plant) and human clinical samples demonstrated that the 

Campylobacter population changes through processing with clinical isolates 

representing a subset of those found on the farm (Yahara et al., 2017). The 

genomes of isolates from cases of human food-poisoning contain “hot-spots” in 

genes associated with persistence in the environment, for example oxygen 

tolerance and biofilm formation. This provides evidence that variation between 

strains can facilitate survival through the processing plant enabling strains to enter 

the food chain. 

 

Campylobacter is difficult to control using traditional methods 

Preventative measures for the reduction of Campylobacter colonising poultry on 

farms have been extensively reviewed (Umaraw et al., 2017; Kashoma et al, 2019) 

and examples of good hygienic and biosecurity measures (Hermans et al., 2011), 

and antimicrobial alternatives such as bacteriocin treatment (Riley et al., 2002), 

probiotics (Mohan, 2015) and phage therapy (Connerton et al., 2008) have been 

employed at the farm level. Control measures to reduce contamination on chicken 

carcasses such as the use of irradiation and chemicals have proven to be 

considerably effective. However, these processes are not considered attractive by 

consumers (MacRitchie et al., 2014). Measures in place at the factory processing 

level to reduce meat contamination involve increased hygiene to prevent intestinal 

spillage, monitored slaughter and appropriate decontamination of carcasses 

(Hermans et al., 2011). Other processes such as washing with hot water and 

freezing therapies of the meat are also in place to reduce the bacterial load in the 

food chain. Besides active measures on the farm and in factory processing, ways of 

reducing the carriage of C. jejuni in poultry have also been tested such as the 

administration of compounds with anti-C. jejuni activity in broiler birds (van Gerwe 

et al., 2010; Skanseng et al., 2010; Metcalf et al., 2011; Hermans et al., 2012; Robyn 

et al., 2013). Although farm and factory-level preventative measures have shown 

reduction in the load of Campylobacter, no effective measures exist commercially 

at the broiler production level to reduce levels of Campylobacter (Hermans et al., 

2011). 
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Vaccines as a control initiative 

The most effective known strategy to control or prevent infectious disease is 

vaccination. Immunisation of birds with inactivated vaccines have shown that 

vaccines can reduce intestinal Campylobacter colonisation by up 2x Log10 (Nothaft 

et al., 2016). However, although multiple attempts have been made (Rice et al., 

1997; Wyszynska et al., 2004; Buckley et al., 2010; Zeng et al., 2010; Cui et al., 

2020), an effective commercial vaccine for Campylobacter infection control in 

poultry has yet to be developed. This is due to the high variation of strains and the 

challenges of inducing an immune response that will cross-protect birds against 

multiple infective variants. A successful vaccine will account for cross-protection 

across numerous strains and a potential way of achieving this would be to use 

autogenous vaccines, also known as auto-vaccines (Nawrotek et al., 2012). 

Autogenous vaccines are widely used by veterinarians in farm settings to control 

emerging pathogens and are prepared from cultures of farm-specific 

microorganisms to elicit strain-specific immune responses to animals from the same 

farm (Nawrotek et al., 2012).  

 

Rational autogenous vaccine design 

The rapid progression of NGS and genomic approaches have generated new hope 

for vaccine development (Lu et al., 2020). The life-span of broiler chickens (~37 

days) is not long enough to elicit an immune response to Campylobacter infection 

and colonisation of the broiler gut generally occurs at least 14 days post-hatch. This 

delay in colonisation is widely considered to be associated with maternally-derived 

IgY antibody (MAB) protecting young birds (Sahin et al., 2003). This offers a window 

of opportunity to target strains which are most likely to survive poultry processing 

(Yahara et al., 2017) through passive immunisation. We developed a vaccine based 

on the “survivor” strains to discourage the colonisation of the gastro-intestinal (GI) 

tract with “non-survivor” strains. We also investigated whether an immune response 

targeting these “survivor” strains will lead to them to be out-competed in the chicken 

gut by other “non-survivor” strains (Pan and Yu, 2014). As the latter strains are less 

able to survive processing, we hypothesise that this strategy could lead to a 

reduction in the total numbers of Campylobacter entering the food chain (Figure 

4.1). We hyper-immunised a whole UK breeder farm with an autogenous vaccine 

containing four C. jejuni strains most likely to survive processing and trialled the 
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effectiveness of the vaccine design over two years in real-time through a poultry 

production system.  

 

 

Figure 4.1. Rational vaccine design. Autogenous vaccine target: “survivor strains”. 

~40,000 breeder chickens from a whole farm in Norfolk (UK) were immunised with a vaccine 

containing 4 “survivor strains” (red circles) (A). Protection of progeny directed at the vaccine 

isolates passed down by vaccine-specific maternal antibodies to eggs for the first two weeks 

post-hatch (B). Broilers aren’t colonised with Campylobacter for the first two weeks of life 

due to maternal antibody protection (C). As protection is offered against strains most likely 

to survive poultry processing and eventually onto the meat, there is opportunity for broilers 

to be colonised with strains less likely to survive due to natural competition in the gut (D).  
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Materials and Methods 

Pre-vaccination sampling of Campylobacter  

The study was divided into two separate stages of sampling for Campylobacter 

isolates. This consisted of stage 1: pre-vaccination sampling, and, stage 2: post-

vaccination sampling. Both stages followed one epidemiological unit throughout the 

poultry processing system, meaning the same progeny flocks coming from one 

vaccinated and one control (unvaccinated) breeder farm were followed from the 

same houses from the same broiler farms through to factory processing and 

subsequent sampling (S4.1 Figure).  

 

Stage 1 (pre-vaccination sampling). Campylobacter isolates were sampled to 

estimate strain variation in caeca and neck skin flaps within the epidemiological unit. 

From these, we could identify candidate “survivor” strains for inclusion in the 

vaccine. Campylobacter is found at highest concentrations in the caecum. 

Therefore, 30 caecal samples from 30 x 34-38 day-old Ross broilers from a UK 

poultry company were sampled on two separate days across 5 broiler farms (150 

samples) leading into one abattoir. 30 x neck flap samples of the same flock were 

also sampled for Campylobacter after 6 days of storage (150 neck skin flaps) to 

replicate the same conditions as packaged meat in supermarkets and maximise the 

likelihood of isolating strains most likely to survive in retail (S4.1 Table). In order to 

better understand strain variation of pre-vaccine isolates, a core gene alignment 

was constructed using MAFFT with default parameters of minimum nucleotide 

identity of 70% over >50% of the gene and a BLAST-n word size of 20 with 

comparison to reference genome NCTC11168 (accession number NC_002163.1) 

of 135 pre-vaccine genomes and an additional 959 genomes belonging to major 

chicken-associated (S4.2 Table). An ML phylogeny was subsequently constructed 

using FastTree version 2.1.8 and the GTR model of nucleotide evolution (Price et 

al., 2010) (Figure 4.2). 
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Figure 4.2. Phylogeny of pre-vaccination genomes with poultry chicken context 

genomes. Neighbour-joining (NJ) phylogeny of chicken-associated C. jejuni genomes to 

identify structural variation of pre-vaccine isolates using RapidNJ (Simonsen et al., 2008). 

Tree consists of 1,094 C. jejuni genomes showing all major chicken-associated CCs (grey 

dashed curves). Isolates collected for pre-vaccination sampling are highlighted with dashed 

ovals and coloured in red (ST-257CC), purple (CC unknown), yellow (ST-206CC) and green 

(ST-443CC). Grey isolates were used for context to better identify the relatedness of pre-

vaccine genomes to other chicken-associated genomes. Pre-vaccine isolates belong to four 

different common CCs (except for purple which is an unknown cluster). Variation can also 

be seen within pre-vaccine CCs. Scale bar represents substitutions per site. 

 

Stage 2 (post-vaccination sampling agenda) 

The impact of administering the vaccine was measured by estimation of 

Campylobacter strain variation in broiler birds’ intestines and persistence on poultry 

meat entering the food chain. Vaccinated and control (unvaccinated) populations 
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were followed from the rearing stages and followed separately in their 

epidemiological units throughout (S4.1 Figure). Sixty x caeca samples from 60 x 37-

day old birds from 5 broiler farms were derived from the vaccinated population at 48 

weeks of age of the parent breeders, this was approximately 30 weeks post-second 

vaccination and peak immunity in the vaccinated parent breeders (300 samples). In 

parallel, 60 neck skin flaps from the same flock were taken after 6 days of shelf life 

(300 samples). Thirty x caeca samples were collected from the control population 

along with 30 x neck skins from the same flock after 6 days of storage (150 

samples). 

 

Culture and isolation 

Caeca and neck skin samples were sent to Microsearch laboratories (Hebden 

Bridge, West Yorkshire, UK) and cultured onto mCCDA (PO0119A Oxoid Ltd, 

Basingstoke, UK) and incubated at 41.5˚C in a microaerobic atmosphere for 48 

hours. Whole plate sweeps of lowest dilution of Campylobacter-positive samples 

(185 out of 300 pre-vaccination, 679 out of 900 post-vaccination) were stored in 20% 

glycerol stocks and transported in a refrigerated van to the University of Bath. Upon 

arrival samples were stored at -80˚C. Samples were cultured from frozen glycerol 

stocks and streaked onto mCCDA (PO0119A Oxoid Ltd, Basingstoke, UK) with 

CCDA Selective Supplement (SR0155E Oxoid Ltd, Basingstoke, UK) and incubated 

at 42˚C for 48h in a microaerobic atmosphere (85% N2, 10% CO2, and 5% O2) using 

CampyGen Compact sachets (Thermo Fisher Scientific Oxoid Ltd, Basingstoke 

UK). Single colonies were isolated and streaked onto mCCDA (PO0119A Oxoid Ltd, 

Basingstoke, UK) without supplement and incubated for 48h at 42˚C in the same 

microaerobic conditions. A single colony from each plate was then sub-cultured onto 

MH (CM0337 Oxoid Ltd, Basingstoke, UK) agar and grown for an additional 48h at 

42˚C ready for DNA extraction. Enumeration of cfu/g were calculated for each ceaca 

and neck skin sample and can be found in S4.3 Table. 

 

Genome sequencing and assembly 

DNA was extracted using the QIAamp DNA Mini Kit (QIAGEN, Crawley, UK), 

according to manufacturer’s instructions. DNA was quantified using a Nanodrop 

spectrophotometer before sequencing. Genome sequencing was performed on an 
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Illumina MiSeq sequencer using the Nextera XT Library Preparation Kit with 

standard protocols. Libraries were sequenced using 2 × 300 bp paired end v3 

reagent kit (Illumina), following manufacturer’s protocols. Short read paired-end 

data was assembled using the de novo assembly algorithm, SPAdes (version 3.10.0 

35) (Bankevich et al., 2012). The average number of contigs was 355.10 (range: 28-

1333) (pre-vaccination) and 863.58 (range: 273-2703) (post-vaccination) for an 

average total assembled sequence size of 1.66 Mbp (range: 1.23 Mbp – 1.98 Mbp) 

(pre-vaccination) and 1.48 Mbp (range: 1.03 Mbp – 2.74 Mbp) (post-vaccination) 

(S4.1 Table). 

 

Identification of survival-associated genetic elements 

Previous GWAS comparing the variation of strain composition of Campylobacter on 

the farm, meat and in clinical cases identified genetic elements associated with 

survival through poultry processing (Yahara et al., 2017). The 70 x 30 bp genetic 

elements with the strongest association with survival (p value > 1.00 x 10-6) (S4.4 

Table) were used to identify isolates with the potential to “survive” through factory 

processing in the pre-vaccination sampling dataset (135 genomes). The 30bp 

“words” were blasted against the pre-vaccine genomes to look for maximum 

likelihood of survival at 100% similarity. A matrix was returned with either a presence 

or absence status in each genome. All genomes were obtained from the 

Campylobacter BIGSdb (Jolley and Maiden, 2010).  

 

Autogenous Vaccine production 

An oil-based autogenous vaccine was produced at Ridgeway Biologicals Ltd (RBL). 

The vaccine comprised four Campylobacter jejuni “survivor” strains each with a final 

cell count of 5x108 cells/ml of finished vaccine product (FVP). The antigen for the 

vaccine was made by using a combination of agar plate and fermenter methods. 

The antigen was inactivated using formalin and blended with ISA 207 R to form a 

low shear water-in-oil-in-water (W/O/W) emulsion. (Image 4.1) A batch of 80x 500 

ml bottles was produced and shipped to the poultry company for vaccination. Upon 

receipt the C. jejuni strains were grown at 37oC on Columbia blood agar plates 

supplemented with yeast extract (CBA+YE) provided by Southern Group 

Laboratory, Corby UK (SGL) in plastic pouches containing CampyGen Compact 
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sachets (Thermo Fisher Scientific Oxoid Ltd, Basingstoke UK) to provide the 

microaerophilic conditions for the growth of C. jejuni (85% N2, 10% CO2, and 5% 

O2). The strains were given an RBL reference according to the table and stored at -

80oC using Microbank cryo beads (Pro-Lab Diagnostics, Toronto Canada) 7916660 

(TW420/17), 7930870 (TW422/17), 7939216 (TW423/17), 7939276 (TW426/17). 

 

 

Image 4.1. A bottle 500 ml bottle of completed vaccine before transportation to the poultry 

company. 

 

One batch of each strain was grown in fermenters. The fermenters used were the 

Electrolab (Tewkesbury UK) Fermac 320 bench-top bioreactor control system with 

10 l vessels (working volume 7 l) (Image 4.2). The C. jejuni strains were recovered 
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from -80oC storage by inoculating a CBA+YE plate with a Microbank bead and 

incubating at 37oC for 2 days in a plastic pouch containing a CampyGen Compact 

sachet. For each strain 4 lawns were prepared by streaking 2-3 colonies to lawns 

on CBA+YE plates and incubating at 37oC for 1 day in a plastic pouch containing a 

CampyGen Compact sachet. 

 

 

Image 4.2. Four fermenters, each growing one of four strains included in the vaccine. 

 

Each fermenter was inoculated by harvesting the 4 lawns into 10 ml of Nutrient broth 

(SGL) using swabs and injecting this cell suspension into the inoculation septa of 

the fermenter. This was done rapidly to minimise the time the cells were exposed to 

air. The media, 7,000 ml of nutrient broth + yeast extract (SGL), was pumped into 

the vessel, prewarmed and incubated for at least 1 day prior to inoculation to check 

for sterility. The vessel was stirred at 300 rpm using six blade Ruston impellers. To 

prevent excessive foaming 10 ml of Antifoam C (Sigma) solution in water (1:4) was 

injected into the vessel at the time of inoculation. Each fermenter batch culture was 

grown for 2 days. 
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Plate grown antigen 

The four C. jejuni “survivor” strains were recovered from -80oC storage by 

inoculating a CBA+YE plate with a Microbank bead and incubating at 37oC for 2 

days in a plastic pouch containing a CampyGen Compact sachet. For each strain a 

lawn was prepared by streaking 1 cm2 of colonies to a lawn on CBA+YE plates and 

incubating at 37oC for 2 days in a plastic pouch containing a CampyGen Compact 

sachet. Each batch of 120 plates was inoculated by harvesting the lawn plate into 

400 ml of Nutrient broth + yeast extract (SGL) using a swab and pipetting 1.5 ml of 

this cell suspension onto 120 CBA+YE plates. This was done rapidly to minimise 

the time the cells were exposed to air. The plates were incubated for 2 days at 37oC 

inside 26 l aluminium tins containing CampyGen sachets (6x 3.5 l and 2x 2.5 l 

sachets) and sealed with duct tape. The cultures were harvested by scraping the 

cell mass into 190 ml of saline containing 0.475% formaldehyde and 0.02% 

thiomersal.  

 

A blend of 41,400 ml of finished vaccine product (FVP) was prepared by combining 

antigen from both plate and fermenter grown batches to give a final cell count for 

each strain of 5x108 cells/ml of FVP. The antigen (752 ml) was blended by stirring 

with saline (19,606 ml), formalin (38.5 ml 39% w/v), thiomersal (303 ml 2%) and 

Montanide adjuvant ISA 207 R (20,700 ml; Seppic, Puteaux France) to form a low 

shear water-in-oil-in-water (W/O/W) emulsion. [N.B. This work was performed in 

collaboration with Dr David Haydon, Ridgeway Biologicals, Newbury, UK]. 

 

Vaccination protocol and antibody production 

A whole farm (4 houses) (Image 4.3) of Ross breeder chickens (~40,000 birds) 

(Image 4.4) were hyper-immunised intramuscularly with the oil-based autogenous 

vaccine (4 strains) (final cell count concentration of 5 x 108 cells/ml) with two doses 

of 0.5ml at 14 and 18 weeks of age (May 2018) (Figure 4.3, S4.1 Figure A). Blood 

samples were wing bled from vaccinated (x30) and control (x30) (unvaccinated) 

breeders after the second dose of vaccine was administered at three time intervals 

(immediately after second immunisation (x10), middle (x10) and peak immunity 

(x10) (~48 weeks of age)). The same number of eggs were also collected at 

matched time intervals from vaccinated and control cohorts (Figure 4.3). When 
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vaccinated breeder flocks had reached peak vaccine immunity age, blood samples 

were wing-bled from broiler progeny of vaccinated and unvaccinated breeder birds 

to monitor the effects of vaccine maternal IgY. Ten samples were taken at each time 

interval of ~2 days after hatch, 2 weeks old and again just before slaughter (~37 

days old) (Figure 4.3).  
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Image 4.3. Vaccination farm. Two out of the four houses (whole farm) housing the 

vaccinated breeder birds.  

 

 

Image 4.4. A breeder house on day of vaccination. Approximately 20,000 breeder birds 

present in one house to receive their first dose of the vaccube at 14 weeks of age.  
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Figure 4.3. Timeline of events. Schematic of vaccination program and timeline of events 

corresponding to age of breeder birds relating to vaccine immune response. Breeder birds 

were vaccinated at 14 and 18 weeks of age in spring 2018. Egg and blood samples were 

taken for ELISAs at three timepoints (TP1 = straight after vaccination, TP2 = mid-vaccine 

immunity of breeders, TP3 = peak vaccine immunity). During the period of peak immunity, 

progeny (broilers) of vaccinated and control cohorts were sampled for Campylobacter from 

ceaca and neck skin (kept for 6 days post-slaughter). At the same time, blood was taken 

for ELISA to test for MAB protection at three timepoints (TP1 = just after hatch, TP2 = 2 

weeks of age, TP3 = just before slaughter (~37 days).    

 

Antigen production from whole cells 

Acid-soluble surface proteins of C. jejuni ‘survivor-associated’ strains (TW420/17 

7916660, TW422/17 7930870, TW423/17 7939216, TW426/17 7939276) were 

extracted using the method of McCoy et al, 1975. Cells were harvested, washed 
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twice in phosphate-buffered saline (PBS) and re-suspended in 0.2 M glycine-HCl 

(pH 2.2) (25 ml/g wet wt of cells) for 1 hour at room temperature while rolling. The 

mixture was centrifuged for 10000g x 20 mins (1 hour at 4000rpm) and the 

supernatant was dialyzed over night at 4oC using Slide-A-LyzerTM G2 dialysis 

cassettes against PBS and stored in aliquots at -20C. Protein concentrations for all 

extracts were determined using the Pierce™ BCA Protein Assay Kit. 

 

Enzyme-linked immunosorbent assays (ELISA) 

Serum and egg yolk “anti-survivor” C. jejuni IgY antibodies were monitored using 

Enzyme-linked immunosorbent assays (ELISA). Acid-extracted (glycine 

hydrochloride) antigens of the Campylobacter vaccine strains were used as the 

capture protein, serum samples as the target antibody and an anti-chicken IgY as 

the detection body.  

 

Microtiter plates (Polysorb; Nunc, Denmark) were coated with 2 µg/ml of acid-

extracted surface proteins or 2 µg/ml outer membrane proteins, both at 100ul/well, 

of C. jejuni strains TW420/17 7916660, TW422/17 7930870, TW423/17 7939216, 

TW426/17 7939276 in coupling buffer (0.05M Na2CO3, pH 9.6) overnight at 4oC. 

The wells were washed three times with ELISA wash buffer (0.85% [w/v] NaCl, 

0.05% [v/v] Tween 20) and then probed with 100ul chicken sera diluted (1:200) in 

ELISA diluent (ELISA wash containing 1% [w/v] bovine serum albumin and 0.5% 

[w/v] Tris pH 7.4) for 2 hours at 37oC. A preliminary ELISA (results not shown) 

testing a range of dilutions of sera from 9 weeks old colonised and control birds was 

done and a single dilution factor chosen that gave good discrimination between the 

two groups. The wells were washed as before and then probed with 100ul rabbit 

anti-chicken IgG conjugated to horseradish peroxidase (HRP) (Sigma Ltd.) diluted 

1:3000 in ELISA diluent for 30 min at 37oC. After washing, 100ul of 3,3’,5,5’-

tetramethylbenzidene (Cambridge Veterinary Services, Cambridge, U.K) was 

added to each well and the microplate incubated at room temperature. The reaction 

was stopped after 10 min by the addition of 50 ul 2 M H2SO4. The absorbance was 

read at 450nm with wavelength correction at 620nm on a Tecan Spark 10M 

microplate reader. [N.B. This work was performed in collaboration with Dr Jai Mehat, 

University of Surrey, Surrey, UK]. 
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Results 

High Campylobacter strain variation and abundance on broiler farms pre-

vaccination 

We sampled from 300 broiler birds (150 x caeca and 150 x neck skin) from five 

broiler farms belonging to one poultry company in the UK. Of the 300 sampled, C. 

jejuni was positively cultured from 185 (102 neck skins, 83 caeca) and 135 were 

successfully sequenced. These belonged to four distinct clonal CCs (Figure 4.2), all 

of which (except one) were commonly associated with infection in humans and 

chicken: ST-257 (n = 53), ST-443 (n = 25) and ST-206 (n = 44) CCs. One of the 

CCs had not been assigned with a pre-existing CC (n = 13) (CC-unknown) (Figure 

4.2, S4.1 Table). Each of the known reported CCs were all reported in human 

infections over a four-year period according to the Oxford clinical cases database 

(S4.5 Table), indicating that the CCs surviving factory processing are contributing 

to infection in humans.  

 

Enumeration of Campylobacter was measured for each caecal and neck skin 

sample (Figure 4.4 and Table 4.1). Presence of Campylobacter in the caecum 

varied across the five farms sampled and ranged from 7-100% Campylobacter-

positive samples, with one farm testing completely negative for Campylobacter in 

the caecum (Figure 4.4 C and Table 4.1). Anything below <1000 cfu/g was classed 

as Campylobacter negative (S4.3 Table). Caecal Campylobacter load ranged from 

2.95E+06 - 2.05E+08 cfu/g but averaged at 6.62E+07 (Figure 4.4 B and C and Table 

4.1). All neck skin samples tested positive for Campylobacter (<10 cfu/g were 

classed as negative) and ranged from 32-244 cfu/g (anything greater than 1000 

cfu/g were classed as outliers and removed from analysis (S4.6 Table, S4.2 Figure) 

but averaged at 127 cfu/g (Figure 4.4 A and C and Table 4.1).  
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Figure 4.4 Pre-vaccination Campylobacter enumeration. Enumeration of 

Campylobacter per farm from each neck skin and ceaca sample pre-vaccine. The 

distribution of cfu/g was plotted as a boxplot for neck skin (A) and ceaca (B) separately. 

Five outlier data points >1000 cfu/g were removed for neck skin samples as this made the 

trend difficult to see.  

 

Four C. jejuni strains were included in the vaccine based on survival  

The likelihood of survival of the pre-vaccination isolates through processing stages 

was assessed by the identification of “survival-associated” (SA) genetic elements 

(Figure 4.5). Lineage-specific patterns of presence and absence of SA genetic 

elements was observed with some CCs averaging with greater SA genetic elements 

than others (CC unknown (n = 50), ST-257 CC (n = 63), ST-443 CC (n = 51), ST-

206 CC (n = 63)). Although CC-specific patterns were obvious, strain heterogeneity 

for SA genetic elements within CCs was observed. Four isolates (one from each 

CC) containing the most survival-associated genetic elements were selected for 

inclusion in the vaccine (7939276, 7939216, 7916660, 7930870). 
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Table 4.1. Per-farm average cfu/g and the % of those samples which tested positive for Campylobacter pre- and post-vaccination. 

Avg. (cfu/g) No. of samples collected % Campylobacter +ve Avg. (cfu/g) No. of samples collected % Campylobacter +ve

Farm 1 161 30 83 2.05E+08 30 100

Farm 2 32 30 27 2.95E+06 30 7

Farm 3 147 30 70 9.54E+07 30 73

Farm 4 50 30 63 0 30 0

Farm 5 244 30 97 2.80E+07 30 97

Avg. 126.8 6.62E+07

Avg. (cfu/g) No. of samples collected % Campylobacter +ve Avg. (cfu/g) No. of samples collected % Campylobacter +ve

Farm 1 173 30 53 3.18E+06 30 100

Farm 2 176 30 83 3.07E+07 30 100

Farm 3 113 30 40 8.18E+05 30 100

Farm 4 100 30 87 1.69E+08 30 70

Farm 5 47.5 30 27 1.53E+08 30 100

Avg. 121.9 7.13E+07

Avg. (cfu/g) No. of samples collected % Campylobacter +ve Avg. (cfu/g) No. of samples collected % Campylobacter +ve

Farm 1 77 60 70 9.60E+06 60 100

Farm 2 181 60 98 2.40E+07 60 98

Farm 3 75 60 45 1.17E+06 60 83

Farm 4 50 60 33 1.83E+08 60 77

Farm 5 57 60 50 1.19E+08 60 97

Avg. 88 6.73E+07

Neck skin ceaca

Neck skin ceaca

Pre-vac sampling- understanding strain diversity

Post-vac sampling - unvaccinated (control) cohort

Neck skin ceaca

Post-vac sampling - Vaccinated cohort
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Figure 4.5. Identification of survival-associated genetic elements in pre-vaccintion 

genomes. Distribution of presence or absence of 70 survival-associated genetic elements 

(red blocks if present) throughout all genomes sequenced from pre-vaccine sampling. The 

red blocks are ordered on their frequency in the genomes (left = more frequently found in 

all genomes, right = less abundant). Coloured panel to the left indicates the four CCs 

identified along with their position in the phylogeny (scale bar represents substitutions per 

site). The gene annotation of the survival-associated genetic element is labelled along the 

top x axis. Only genetic elements with an annotated gene name are labelled, the remaining 

locus annotation can be found in S4.4 Table. Variation of a genetic element with the same 

gene annotation are labelled as ‘_1’, ‘_2’, ‘_3’ etc. 

 

Possible vaccine-induced strain replacement in the chicken gut 

Following post-vaccination sampling, 118 out of 679 Campylobacter isolates were 

sequenced from two out of the five farms sampled. Phylogenetic comparison of pre 

and post-vaccination genomes showed only 6 out of 118 genomes belong to the 

CCs found in pre-vaccine populations. The majority of the population variation (112 

out of 118) sampled post-vaccination belonged to the C. jejuni chicken specialist, 

ST-353 CC (n = 33), host generalist CC ST-21 CC (n = 21) and the C. coli generalist 

ST-828 CC (n = 51). This almost complete shift in Campylobacter CCs observed in 

the post-vaccine population compared with the pre-vaccination population could be 
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evidence for strain replacement caused by effects of the vaccine (S4.1 Table, Table 

4.2, Figure 4.6).   

 

Figure 4.6. Comparison of pre- and post-vaccination population structure. Difference 

in population variation between pre and post-vaccine samples. Phylogenetic relationships 

between pre (grey) (n = 135) and post (red) (n = 118) vaccination Campylobacter genomes. 

Each CC is coloured differently. Three CCs that were not found in pre-vac sampling are 

present in post-vac sampling and have replaced pre and C. coli isolates are present now 

but weren’t before. These are: host-generalist C. coli ST-828CC, host-generalist C. jejuni 
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ST-21CC and chicken associated ST-353CC. Scale bar represents substitutions per site. 

Variation can be seen within CCs. 

 

Table 4.2. Comparison of CCs between pre- and post-vaccine genomes and 

also between vaccinated and control. 

 

 

Vaccine does not reduce caecal load but lowers numbers of Campylobacter 

surviving on meat 

Enumeration of Campylobacter isolates present in caecal samples across five farms 

post-vaccination showed little difference in average cfu/g between the control 

(7.13E+07), vaccinated (6.73E+07) (Student’s t-test assuming unequal variances, p 

= 0.872 (not significant)) and pre-vaccination (6.62E+07) cohorts (Figure 4.7 B and 

C and Table 4.1). However, once outliers had been removed based on same criteria 

as in pre-vaccination populations (>1000 cfu/g) (S4.6 Table, S4.3 Figure), there was 

a reduction in average neck skin survival from pre-vaccination (127 cfu/g) to the 

control cohort post-vaccination (122 cfu/g). The reduction of surviving 

Campylobacter was even greater on vaccinated neck skin samples (88 cfu/g) 

(Figure 4.7 A, C and D and Table 4.1). However, the signifance of this reduction 

was low (Student’s t-test assuming unequal variances, p = 0.195). 
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Figure 4.7. Post-vaccination Campylobacter enumeration. Post-vaccination sample 

enumeration. Boxplots were plotted separately for vaccinated and unvaccinated (control) 

cfu/g for neck skin (A) and ceaca (B). Seven vaccinated neck skin and 1 control neck skin 

outliers >1000 cfu/g were removed from the plots (as with pre-vac boxplots) to better resolve 

the spread of sample points.  

 

Vaccinated birds developed a vaccine strain-specific IgY response 

Three sample types were used to monitor the protective effects of the vaccine: 1) 

breeder serum (x10 from each TP) for both vaccinated and control cohorts collected 

at three TPs: TP1 = shortly after vaccination, TP2 = ~30 weeks of age, TP3 = peak 

immunity (~48 weeks); 2) Breeder eggs to match breeder blood TP collection from 

vaccinated and control cohorts, and, 3) At peak age of breeders, broiler blood was 

taken (x10 each TP) from vaccinated and control broilers: TP1 = shortly after hatch, 

TP2 = 2 weeks of age, TP3 = ~37 days old (just before slaughter) (Figure 4.3). 

1) Breeder serum - Vaccine-specific IgY was higher in the vaccinated breeder 

serum samples compared with the control breeder cohort at all TPs but was 

lowest at TP1. Strain-specific concentrations varied at TP1 (7939276 highest, 

7916660 lowest) but averaged at 2.006 OD. This was higher than the control 

cohort (0.133 OD) for this TP. The average concentration almost doubled in 

the vaccinated cohort (average = 3.914 OD) at TP2 with all strains ~4.0 OD, 

the control cohort remained low (average = 0.128). The average IgY 

concentration reduced at TP3 in the vaccinated cohort (3.429 OD). The 

control concentration at this TP remained low (0.130 OD). We predicted TP3 

to be peak immunity age of breeders but a reduction of IgY concentration 

was observed. (Figure 4.8 A, S4.4 Figure). 
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2) Breeder egg yolk (MABs) - Vaccine-specific IgY MAB was highest at TP1 

(1.091 OD) in the breeder egg yolk samples compared with the control group 

(average = 0.126 OD). There was large strain-specific variation with the 

highest concentration from strain 7916660 (2.456 OD) and lowest from 

7939276 (0.309 OD). IgY titres in both vaccinated and control reduced at TP2 

with slightly higher concentrations in the control cohort than vaccinated 

(vaccinated = 0.172 OD, control = 0.327 OD). Vaccinated IgY increased at 

TP3 (average = 0.392 OD) but difference compared with the control cohort 

was small (average = 0.393 OD) (Figure 4.8 B, S4.4 Figure).  

3)  Broiler serum (MABs) - Vaccine-specific IgY was observed in both cohorts 

(vaccinated and control) at all TPs. We would expect to see a higher 

concentration from vaccinated cohorts than control at TP1 but high levels 

were present for both but higher in the control cohort than vaccinated 

(average vaccinated = 2.283 OD, average control = 3.052 OD). There was a 

reduction in both cohorts by TP2, however, there was an increase in vaccine-

specific IgY MAB by TP3 for both cohorts. (Figure 4.8 C, S4.4 Figure). 
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Figure 4.8. Vaccine strain-specific IgY in vaccinated vs. control flocks. ELISA results 

for vaccine-specific IgY. Abundance of vaccine-specific IgY was assessed in breeder blood 

from vaccinated (red) and control (black) cohorts (A). To identify vaccine-specific protection 

in progeny, egg yolk of vaccinated and control cohorts was used to check for MABs (B). In 

order to identify if the vaccine design was successful, broiler blood was checked for the 

presence of vaccine-specific MABs (C). We would expect to see the most MAB in TP1, 

followed by a reduction in TP2 as MAB protection begins to naturally drop. Each strain 

included in the vaccine is represented by a different symbol. (7939276 = circle, 7939216 = 

triangle, 7916660 = square, 7930870 = diamond). 
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Discussion 

The diversity of Campylobacter lineages is large which poses a major challenge in 

developing a poultry-based vaccine to ultimately reduce clinical infection. Despite 

many attempts, a commercial vaccine is yet to be developed for poultry. An effective 

vaccine for Campylobacter would elicit enough cross-protection to combat multiple 

infective variants and would maintain high enough antibody to keep infection under 

control (de Zoete et al., 2007). Using genomic approaches and rational design 

targeting strains surviving processing, we designed and manufactured a farm-

specific autogenous vaccine and trialled its efficacy in real time through a poultry 

distribution and processing system in the UK and monitored its effects over two 

years. There are many reasons why a commercial chicken vaccine would be 

ineffective. One of these being that chicken cellular response remains undefined 

and poorly understood (Wigley, 2013). Therefore, our aim wasn’t in reducing caecal 

load based on vaccine-induced cellular responses but instead, strain population 

manipulation by delaying colonisation of strains likely to survive on meat. 

 

Numerous vaccine types targeting Campylobacter load in poultry have been tested 

including: conjugate (Cui et al., 2020), subunit (Zeng et al., 2010), whole-cell 

(Kobierecka et al., 2016), in ovo (Vandeputte et al., 2019a) and via egg yolk MAB 

IgY (Sahin et al., 2003). To our knowledge, our vaccine design approach is novel. 

However, previous studies have also used whole C. jejuni cells in laying hens and 

successfully used their eggs to protect young chickens against Campylobacter 

infection (Hermans et al., 2014; Vandeputte et al., 2019b). Therefore, immunisation 

of broiler chickens using egg yolk offers possibilities to control C. jejuni from 

colonising broiler flocks.  

 

Lineage-specificity in survival and vaccine isolate selection 

Four isolates that contained the most SA-genetic elements in the pre-vaccine 

genomes (one from each CC) were selected for inclusion in the vaccine. This was 

on the basis of these four isolates having the highest potential to survive poultry 

processing and contaminate meat going into retail. However, numbers of SA-genetic 

elements differed between isolates within the CCs and all isolates in the pre-vaccine 
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dataset contained more than one SA-genetic element. Therefore, the strains not 

included in the vaccine may be also likely to survive.  

 

Possible vaccine-induced strain replacement in the chicken gut 

Clonal Complexes isolated from the neck skin samples matched the CCs found from 

the caeca samples for both pre and post- vaccination sampling stages separately, 

except for the unknown CC which was not present on neck skin samples in the 

vaccinated post-vaccination samples. This is in line with current theories that 

contamination on meat in the factory comes from intestinal spillage during meat 

processing (Rouger et al., 2017). 

 

The caecal strain composition in the pre-vaccination dataset was dramatically 

altered post-vaccination. All CCs pre-vaccination belonged to common chicken-

specific CCs. However, of the two broiler farms sampled post-vaccination, 

completely different CCs were isolated. One of the CCs (ST-353 CC) was a 

common, less invasive chicken-associated CC which is usually characterised by 

commensal carriage in chickens. The remaining CCs belonged to host generalist 

ST-21 CC and the majority of strains sampled belonging to a different species, C. 

coli (ST-828 CC). This could be a direct effect of the vaccine as host-generalist 

species are more plastic in nature and perhaps more likely to evade vaccine-specific 

IgY MAB. The same applies for ST-353 CC as commensal lineages are less likely 

to be effected by a particular cellular response. Infection experiments on different 

C. jejuni strains found ST-21 CC to be highly invasive although slower at colonising 

the GI tract than other host generalist lineages (Chaloner et al., 2014). There was 

no difference in CC type between vaccinated and control houses. However, 

vaccinated and control broilers come from the same farm. This observation could 

be due to the vaccine having a farm-wide effect resulting in the same vaccine-

resistant strains colonising both vaccinated and control houses. Therefore, in this 

case, the comparison of the effects of strain variation is more important pre- and 

post-vaccination. There is evidence to suggest that circulating strains within farms 

alter and replace overtime (Vidal et al., 2016). Therefore, the strains which were 

included in the vaccine may not be circulating at the time the flocks were immunised.  
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Vaccine does not reduce ceacal load but lowers numbers surviving on meat 

Although a change in gut composition was observed between pre and post-

vaccination populations, there was no mean difference in caecal load between pre, 

control and post-vaccination cohorts. Cfu/g averaged at 6.82E+07 for the three 

populations. As our vaccine design was based of the colonisation of the gut with 

strains less likely to survive, we were not expecting a reduction in caecal load and 

wasn’t a factor of vaccine effectiveness. One of main criteria confirming our vaccine 

design had been effective was a reduction of Campylobacter surviving on neck skin 

post-processing. The mean number of cfu/g on neck skin pre-vaccination was 127 

cfu/g across five farms sampled. This reduced slightly post-vaccination on control 

farms (122 cfu/g). However, there was an even greater reduction of surviving cfu/g 

on neck skin from vaccinated cohorts (88 cfu/g). The same CCs in the caeca and 

gut but less surviving on vaccinated cohort neck skin compared to control could be 

an indication that the vaccine is having an effect.  

 

More vaccine-specific antibody in vaccinated cohort 

There was strong evidence from the ELISAs that vaccine-specific IgY was induced 

in vaccinated breeders compared to breeder birds on the control farm (Figure 4.8 

A). However, for our vaccine design to be effective, we expected to observe high 

levels of vaccine-specific IgY MAB in the eggs of vaccinated breeders and see an 

increase in this vaccine-specificity over the course of the breeders’ life where it 

would peak at TP3, ~48 weeks of age (Figure 4.3). However, a large amount of 

vaccine-specific IgY MAB variation was observed in breeder egg yolk at TP1 

compared with control farms, which reduced dramatically by 6 times at TP2 (Figure 

4.8 B). Levels increased again slightly at TP3 (peak immunity age) but were not 

significantly different to control populations suggesting natural infection of breeders 

on control farms and the production of non-specific IgY MABs. In order to identify 

the effects of the vaccine on Campylobacter strain variation, we sampled broiler 

caeca and neck skin at peak immunity of breeders (Figure 4.3) hoping that this 

would coincide with the passing of high IgY MAB. However, the effects of MAB 

appeared to be stronger at TP1. 
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Levels of Campylobacter are negative in the first two weeks of a chicken’s life 

(Berndston et al., 1996; van Gerwe, 2010) and this is presumed to be due to the 

protective effects of maternal IgY antibodies (MAB) (Sahin et al., 2003; Chalghoumi 

et al., 2009; Cawthraw et al., 2010). MAB IgY is transferred from the serum of mother 

to yolk of progeny and protects chicks in the first two weeks until their own immune 

system develops (Chalghoumi et al., 2009). Our vaccine design utilised this window 

and in order for it to be effective, we would expect to see levels of vaccine-specific 

IgY MAB in vaccinated broiler progeny. Vaccine-specific IgY MAB was present in 

vaccinated cohorts but after two weeks (TP2) (Figure 4.8 C), the protective MAB 

levels began to decrease. This has been previously observed and coincides with 

the natural colonisation and increase in Campylobacter levels (Sahin et al., 2003). 

Vaccine-specific IgY MAB increased again at TP3 but this may be due to cross-

reactivity with natural infection from the farm. High levels of vaccine-specific IgY 

MAB in control cohorts of broilers were also observed, but also could be explaind 

by cross-reactivity of vaccine-specific strain antigens with other circulating strains in 

control flocks.  

 

Conclusion 

Vaccines are difficult to design when the target organism is diverse with large 

antigen variation between lineages. This is the case for Campylobacter. For this 

vaccine to have been effective we would expect to see: 1) a reduction of strains 

surviving on meat compared to the pre-vaccination levels, 2) a change in the 

population structure of caeca strains, 3) strain replacement post-vaccination if no 

reduction is observed, and 4) higher breeder IgY levels in the vaccinated cohort and 

MAB IgY in chick progeny <2 weeks of age. We did in fact observe all of these 

expectations and there is evidence that the vaccine has had an effect on strain 

variation and reduction of Campylobacter surviving on meat that would eventually 

end up in retail. However, it is difficult to control all lineages due to high variability of 

Campylobacter and the speed at which infective strains spread across flocks in 

houses (Stern et al, 2001). This study demonstrates how genomics can be 

incorporated into vaccine design strategies.  
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Ethics 

No chickens were killed or infected with Campylobacter for the sole purpose of this 

experiment. Removal of the caeca and neck flap skin was carried out by a trained 

veterinarian and had permission from farm owners. Sampling were discussed 

appropriately between researchers, veterinarians, industrial collaborators and 

farmers prior to sampling procedures. Vaccinations were carried out by trained 

personnel.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



145 
 

References 

Bankevich A, Nurk S, Antipov D, Gurevich AA, Dvorkin M, Kulikov AS, et al. 2012. 

SPAdes: a new genome assembly algorithm and its applications to single-cell 

sequencing. J Comput Biol. 19(5):455-477 

Berndtson E, Dainelsson-Tham ML, Engvall A. 1996. Campylobacter incidence on 

a chicken farm and the spread of Campylobacter during the slaughter process. Int 

J of Food Microbiol. 32, 35–47. 

Bronowski C, James CE, Winstanley C. 2014. Role of environmental survival in 

transmission of Campylobacter jejuni. FEMS Microbiol Lett. 356(1):8–19.   

Buckley AM, Wang J, Hudson DL, Grant AJ, Jones MA, Maskell DJ, et al. 2010. 

Evaluation of live-attenuated Salmonella vaccines expressing campylobacter 

antigens for control of C. jejuni in poultry. Vaccine. 28(4):1094-105. 

Cawthraw SA, Newell DG. 2010. Investigation of the presence and protective effects 

of maternal antibodies against Campylobacter jejuni in chickens. Avian Dis. 54, 86–

93. 

Chalghoumi R, Beckers Y, Portetelle D, Thewis A. 2009. Hen egg yolk antibodies 

(IgY), production and use for passive immunization against bacterial enteric 

infections in chicken: a review. Biotechnol. Agron. Soc. Environ. 13, 295–308. 

Chaloner G, Wigley P, Humphrey S, Kemmett K, Lacharme-Lora L, Humphrey T, et 

al. 2014. Dynamics of dual infection with Campylobacter jejuni strains in chickens 

reveals distinct strain-to-strain variation in infection ecology. Appl Environ Microbiol 

80(20):6366-6372. 

Cody AJ, McCarthy ND, Bray JE, Wimalarathna HML, Colles FM, Jansen van 

Rensburg MJ, Dingle KE, Waldenstrom J, Maiden MCJ. 2015. Wild bird-associated 

Campylobacter jejuni isolates are a consistent source of human disease, in 

Oxfordshire, United Kingdom. Env Micro Reports. 7(5)782-788 

Colles FM, McCarthy ND, Sheppard SK, Layton R, Maiden MCJ. 2010. Comparison 

of campylobacter populations isolated from a free-range broiler flock before and 

after slaughter. Int J Food Microbiol. 137(0):259-264. 

Cui Y, Guo F, Cao X, Wang H, Yang B, Zhou H, Su X. et al. 2020. Immunization of 

Chickens with the Enterobactin Conjugate Vaccine Reduced Campylobacter jejuni 



146 
 

Colonization in the Intestine. Vaccines, 8, 747; 

doi:10.3390/vaccines8040747www.mdpi.com/journal/vaccines 

de Zoete MR, van Putten JPM, Wagenaar JA. 2007. Vaccination of chickens 

against Campylobacter. Vaccine 25, 5548–5557. 

Grant IH, Richardson NJ, Bokkenheuser VD. 1980. Broiler chickens as potential 

source of Campylobacter infections in humans. J Clin Microbiol. 11(5):508-510. 

Hermans D, van Deun K, messens W, Martel A, Van Immerseel F, Haesebrouck F. 

2011. Campylobacter control in poultry by current intervention measures ineffective: 

urgent need for intensified fundamental research. Vet Microbiol. 152(3-4):219-28. 

Hermans D, Martel A, Garmyn A, Verlinden M, Heyndrickx M, Gantois I, et al. 2012. 

Application of medium-chin fatty acids in drinking water increases Campylobacter 

jejuni colonization threshold in broiler chicks. Poult Sci. 91(7):1733-8. 

Hermans D, van Steendam K, Verbrugghe E, Verlinden M, Martel A, Seliwiorstow 

T, et al. 2014. Passive immunization to reduce Campylobacter jejuni colonization 

and transmission in broiler chickens. Vet. Res. 45, 27–27. 

Humphrey S, Chaloner G, Kemmett K, Davidson N, Williams N, Kipar A, et al. 2014. 

Campylobacter jejuni is not merely a commensal in commercial broiler chickens and 

affects bird welfare. mBio. 5(4):e01364-14. 

Jolley KA, Maiden MCJ. 2010. BIGSdb: Scalable analysis of bacterial genome 

variation at the population level. BMC Bioinformatics 11,595 

Kobierecka PA, Wyszynska AK, Gubernator J, Kuczkowski M, Wisniewski O, 

Maruszewska M, et al. 2016. Chicken anti-Campylobacter vaccine – comparison of 

various carriers and routes of immunisation. Front Microbiol. 7:740. 

Lee MD, Newell DG. 2006. Campylobacter in poultry: filling an ecological niche. 

Avian Dis. 50(1):1-9. 

Lu G, Shan S, Zainab B, He J, Xie Z, Rashid U, et al. 2021. Novel vaccine design 

based on genomics data analysis: A review. Scandinavian Journal of Immunology 

doi.org/10.1111/sji.12986 

MacRitchie LA, Hunter CJ, Strachan NJC. 2014. Consumer acceptability of 

interventions to reduce Campylobacter in the poultry food chain. Food Control. 

35(1):260-266 



147 
 

McCarthy N, Giesecke J. 2001. Incidence of Guillain-Barre syndrome following 

infection with Campylobacter jejuni. Am J Epidemiol. 153(6):610-4 

McCoy EC, Doyle D, Burda K, Corbeil LB, Winter AJ. 1975. Superficial antigens of 

Campylobacter (Vibrio) fetus: characterisation of antiphagocytic component. Infect 

Immun 11(3):517-525. 

Metcalf JH, Donoghue AM, Venkitanarayanan K, Reyes-Herrera IR, Aguiar VF, 

Donoghue DJ. 2011. Water administration of the medium-chain fatty acid caprylic 

acid produced variable efficacy against enteric Campylobacter colonization in 

broilers. Poult Sci. 90(2):494-7. 

Mohan V. 2015. The role of probiotics in the inhibition of campylobacter jejuni 

colonization and virulence attenuation. European Journal of Clinical Microbiology & 

Infectious Diseases, 34, 1503-1513 

Nawrotek P, Czernomysy-Furowicz D, Borkowski J, Fijalkowski K, Pobucewicz A. 

2012. The effect of auto-vaccination therapy on the phenotypic variation of one 

clonal type of Staphylococcus aureus isolated from cows with mastitis. Veterinary 

Microbiology 155(2-4): 434-7. 

Neimann J, Engberg J, Molbak K, Wegener HC. 2003. A case-control study of risk 

factors for sporadic Campylobacter infections in Denmark. Epidemiol Infect. 

130(3):353-66 

Nothaft H, Davis B, Ying Lock Y, Perez-Munoz ME, Vinogradov E, Walter J, et al. 

2016. Engineering the Campylobacter jejuni N-glycan to create an effective chicken 

vaccine. Scientific Reports DOI: 10.1038/srep26511. 

Pan D, Yu Z. 2014. Intestinal microbiome of poultry and its interaction with host and 

diet. Gut Microbes 5(1):108-19 

Pascoe B, Meric G, Murray S, Yahara K, Mageiros L, Bowen R, et al. 2015. 

Enhanced biofilm formation and multi-host transmission evolve from divergent 

genetic backgrounds in Campylobacter jejuni. Environ Microbiol. 17(11):4779-89. 

Price MN, Dehal PS, Arkin AP. 2010. FastTree 2 – Approximately Maximum-

Likelihood Trees for Large Alignments. PLoS One 5(3):e9490. 

Riley MA, Wertz JE. 2002. Bacteriocins: Evolution, ecology and application. Annual 

review of Microbiology 56, 117-137 



148 
 

Robyn J, rasschaert G, Hermans D, Pasmans F, heyndrickx M. 2013. Is allicin able 

to reduce Campylobacter jejuni colonization in broilers when added to drinking 

water? Poult Sci. 92(5):1408-18.  

Rouger A, Tresse O, Zagorec M. 2017. Bacterial contaminants of poultry meat: 

sources, species and dynamics. Microorganisms 5(3):50. 

Sahin O, Luo N, Huang S, Zhang Q. 2003. Effect of Campylobacter-specific 

maternal antibodies on Campylobacter jejuni colonization in young chickens. Appl 

Environ Microbiol. 69(9):5372-9. 

Seliwiorstow T, Bare J, Damme IV, Uyttendaele, Zutter LD. 2014. Campylobacter 

carcass contamination throughout the slaughter process of Campylobacter-positive 

broiler batches. Int J Food Microbiol. 194:25-31. 

Sheppard SK, Dallas JF, Strachan NJC, MacRae M, McCarthy ND, Wilson DJ, 

Gormley FJ, Falush D, Ogden ID, Maiden MCJ, et al. 2009. Campylobacter 

genotyping to determine the source of human infection. Clin Infect Dis. 48(8):1072–

1078. 

Sheppard SK, Dallas JF, MacRae M, McCarthy ND, Sproston EL, Gormley FJ, et 

al. 2009. Campylobacter genotypes from food animals, environmental sources and 

clinical disease in Scotland 2005/6. Int J Food Microbiol. 134(1-2):96-103. 

Sheppard SK, Colles FM, Mccarthy ND, Strachan NJC, Ogden ID, Forbes KJ, Dallas 

JF, Maiden MCJ. 2011. Niche segregation and genetic structure of Campylobacter 

jejuni populations from wild and agricultural host species. Mol Ecol. 20(16):3484–

3490. 

Sheppard SK, Didelot X, Meric G, Torralbo A, Jolley KA, Kelly DJ, et al. 2013. 

Genome-wide association study identifies vitamin B5 biosynthesis as a host 

specificity factor in Campylobacter. PNAS. 110(29):11923-11927. 

Simonsen M, Mailund T, Pederson CNS. 2008. Rapid Neighbour Joining. In 

Proceedings of the 8th Workshop in Algorithms in Bioinformatics (WABI), LNBI 5251, 

113-122, Springer Verlag. 

Skanseng B, Kaldhusdal M, Moen B, Gjevre AG, Johanneseen GS, Sekelja M, et 

al. 2010. Prevention of intestinal Campylobacter jejuni colonization in broilers by 

combinations of in-feed organic acids. J Appl Microbiol. 109(4):1265-73. 



149 
 

Stern NJ, Cox NA, Musgrove MT, Park CM. 2001. Incidence and levels of 

Campylobacter in broilers after exposure to an inoculated seeder bird. J Appl Poultry 

Res. 10, 315-318. 

Tsubokura K, Berndtson E, Bogstedt A, Kaijser B, Kim M, Ozeki M, et al. 1997. Oral 

administration of antibodies as prophylaxis and therapy in Campylobacter jejuni-

infected chickens. Clin. Exp. Immunol. 108, 451–455. 

Umaraw P, Prajapati A, Verma AK, Pathak V, Singh VP. 2017. Control of 

Campylobacter in poultry industry from farm to poultry processing unit: A review. 

Critical reviews in Food Science and Nutrition 57:4, 659-665  

Vandeputte J, Martel A, van Rysselberghe N, Antonissen G, Verlinden M, de Zutter 

L, et al. 2019. In ovo vaccination of broilers against Campylobacter jejuni using a 

bacterin and subunit vaccine. Poult Sci. 98(11):5999-6004.  

Vandeputte J, Martel A, Canessa S, Van Rysselberghe N, De Zutter L, Heyndrickx 

M, et al. 2019b. Reducing Campylobacter jejuni colonisation in broiler chickens by 

in-feed supplementation with hyper-immune egg yolk antibodies. Scientific Reports 

9,8931 

Van Gerwe T, Bouma A, Klinkenberg D, Wagenaar JA, Jacobs-reitsma WF, 

Stegeman A. 2009. Medium chain fatty acid feed supplementation reduces the 

probability of Campylobacter jejuni colonization. Vet Microbiol. 143(2-4):314-8.  

Van Gerwe T, Miflin JK, Templeton JM, Bouma A, Wagenaar JA, Jacobs-Reitsma 

WF, et al. 2009. Quantifying transmission of Campylobacter jejuni in commercial 

broiler flocks. Appl. Environ. Microb. 75, 625–628. 

Waldenström J, Broman T, Carlsson I, Hasselquist D, Achterberg RP, Wagenaar 

JA, Olsen B. 2002. Prevalence of Campylobacter jejuni, Campylobacter lari, and 

Campylobacter coli in different ecological guilds and taxa of migrating birds. Appl 

Environ Microbiol. 68(12):5911–5917. 

Wilson DJ, Gabriel E, Leatherbarrow AJH, Cheesbrough J, Gee S, Bolton E, Fox A, 

Fearnhead P, Hart CA, Diggle PJ. 2008. Tracing the Source of Campylobacteriosis. 

PLoS Genet. 4(9):e1000203. 

Yahara K, Meric G, Taylor AJ, de Vries SPW, Murray S, Pascoe B, et al. 2017. 

Genome-wide association of functional traits linked with Campylobacter jejuni 

survival from farm to fork. Environ Microbiol. 19(1):361-380. 



150 
 

Yuki N, Odaka, M. 2005. Ganglioside mimicry as a cause of Guillain-Barre 

syndrome. Curr Opin Neurol 18, 557–61. 

Zeng X, Xu F, Lin J. 2010. Development and Evaluation of CmeC Subunit Vccine 

against Campylobacter jejuni. J Vaccines Vaccin 1(3):112 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



151 
 

Chapter 5 

Discussion 

 

 

The work presented in this dissertation explored the evolution of bacterial pathogens 

by estimating rates of molecular change and applying this to population genomics 

methods to assess bacterial population variation over time. This information, along 

with NGS and bioinformatics analysis, was applied to inform control strategies for 

diverse species such as Campylobacter. Each chapter had its own research 

narrative and hypothesis but were all examples of how large collections of genomes, 

along with appropriate genomic analyses, can be used to better understand the 

processes underpinning adaptation. Chapter 2 introduced a novel way of estimating 

the molecular clock in a diverse, recombinant species such as Campylobacter and 

how we can use empirical rates of NC change, along with a coalescent approach to 

reconstruct the population history through the sample frame to estimate the 

theorised levels of existing ancestral lineages. Chapter 3 applied the methods in 

chapter 2 to multiple pathogenic bacterial species to compare populations of 

bacteria with different transmission ecologies. Finally, chapter 4 utilised the results 

from chapters 2 and 3 to inform the design and long-term effects of a poultry vaccine 

to control Campylobacter levels entering retail. In this final chapter, I discuss the 

main results from each chapter and apply them to a wider context. Most importantly, 

I aim to discuss how results from chapters 2 and 3 can inform vaccine control 

strategies. I will also discuss why an understanding of the evolution and population 

genomics of bacterial pathogens is integral to infection control, especially in those 

with diverse population structures. This will be vital information and very relevant to 

a world with increasing environmental change.  

 

Is Campylobacter rapidly evolving? 

Estimating rates of molecular evolution is complex in diverse, environmental species 

such as Campylobacter. The availability of large genomic collections has led to 

multiple studies using time-calibrated phylogenies to date important evolutionary 

events (Kidgell et al., 2002; Mutreja et al., 2011; McAdam et al., 2012; Cui et al., 

2013). However, this is easier to achieve in monomorphic species where isolate 
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collections are usually representative of a natural host-range and routinely sampled 

for clinical purposes. However, in more diverse, environmental species estimates 

are often based off sporadically sampled datasets inflated by clinical isolates making 

species-wide rates difficult to obtain. 

 

 The evolution of Campylobacter is also highly influenced by the effects of 

recombination (Wilson et al., 2009; Sheppard et al., 2015), distorting a signal for 

clock-like evolution. This is another reason why using time-calibrated phylogenies 

to date evolutionary events in Campylobacter is difficult. Chapter 2 attempted to 

overcome this by applying a novel microevolution approach using thousands of 

whole genomes sampled over 46 years (the longest available time frame for 

Campylobacter species) to identify isolate pairs that share recent common ancestry 

and estimated the rate of NC for the population. We then identified synonymous 

nucleotide changes excluding recombined regions of the genome to quantify clock-

like diversification for C. coli (2.4 x 10-6 s/s/y) and C. jejuni (3.4 x 10-6 s/s/y). These 

rates fell within a range of previous molecular clock estimates for E. faecium (9.35 

x 10-6 s/s/y) and Y. pestis (1.57 x 10-8 s/s/y) but were lower than previous molecular 

clock estimates for C. jejuni (2.79 x 10-5 432 s/s/y), however, this rate was estimated 

using 7-locus MLST (Wilson et al., 2009). Total average rates of NC (including the 

effects of recombination) were also estimated as 6.3 x 10-5 s/s/y for C. coli and 8.8 

x 10-5 s/s/y for C. jejuni. This equated to approximately 77 s/g/y and 14 s/g/y for C. 

coli and C. jejuni respectively. These total rates of NC were the highest when 

compared with other bacterial species such as H. pylori (9.156 s/g/y Gibson et al., 

2018)), N. gonorrhoeae (6.4 s/g/y (Golparian et al., 2020)), S. enterica (1.37 s/g/y 

(Gibson et al., 2018)) and E. coli (0.644 (Gibson et al., 2018)), with the lowest value 

for Y. pestis (0.077 s/g/y (Gibson et al., 2018)). The high total rate of NC for 

Campylobacter compared with the molecular clock rate suggests that recombination 

has a significant role in the introduction of variation into the genome. This was 

reflected in the recombination analysis in chapter 2 which revealed an r/m value of 

5.098 for C. jejuni and a much higher r/m value for C. coli of 37.240 which translates 

as a 5- and 37- fold greater impact on sequence variation from recombination events 

compared with point mutation. Conclusions from chapter 2 confirm Campylobacter 

is a rapidly evolving species but despite high rates of recombination, much of the 

variation is lost through purifying selection (dN/dS <1) (Wilson et al., 2008). 
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The importance of recombination on Campylobacter lineages 

Horizontal gene transfer has an important role in the emergence of novel lineages 

by transferring an evolved trait in one lineage to the next to promote zoonotic jumps 

or to confer AMR. Campylobacter species have extremely structured populations 

and this is evident in their phylogenies (Figure 2.1). Lineages within Campylobacter 

species can be host-restricted (specialists) or occupy multiple host-niches 

(generalists). In a recent study, we investigated barriers to recombination by 

quantifying the extent to which ecology (host segregation) maintains genetically 

distinct species in recombining bacterial populations within the genus 

Campylobacter (Mourkas et al., 2021). These barriers can be physical whereby a 

physical distance between populations prevents the exchange of genetic material 

(Sheppard et al., 2014). However, multiple strains can cohabit a single host breaking 

down physical barriers to recombination. This can result in introgression between 

species but varies depending on the structure of microniches within a single host 

(Mourkas et al., 2021). However, it was clear that ecological barriers to 

recombination have a key role in the discrete structure of Campylobacter 

populations. Chapter 2 of this dissertation observed the maintenance of C. jejuni 

lineages over time which were at higher levels for C. jejuni than C. coli. This may be 

explained by the results from Mourkas et al 2021 that show how ecological barriers 

play a role of separating distinct multiple lineages. An explanation for the higher 

maintenance of lineages observed in C. jejuni could be reflected by the well-

structured population maintained by both ecological and subniche barriers to 

recombination that maintain discrete lineages and preserve the population structure 

(Sheppard et al., 2014). Lineage-specific barriers to recombination of lineages 

sharing the same niche have also been reported (Epping et al., 2021). The recent 

diversification of C. coli compared with C. jejuni observed in the results from chapter 

2 could also be explained by the importance of HGT in rapidly evolving 

Campylobacter genomes (Sheppard et al., 2008; Sheppard et al., 2011; Sheppard 

et al., 2012), this could have been associated with an adaptive radiation (Rainey 

and Travisano, 1998; Flohr et al., 2013) linked with the colonisation of agricultural 

niches (Thakur et al., 2006). 

 

An improved understanding of how ecology can structure bacterial populations into 

discrete lineages or species is important, especially when applied to the emergence 
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of novel pathogenic lineages or spread of zoonoses. This can occur via spillover 

events from one host to another can be promoted by anthropogenic changes such 

as habitat destruction and the intensification of agricultural practices. 

 

Host adaptation and population diversity 

Bacterial population size effects host adaptation. This can be explained by the 

adaptation of the monomorphic species, B. pertussis, to a single human host. This 

population-wide host-restriction was suspected to have involved a population 

bottleneck (reduction in population diversity) associated with gene loss and 

inactivation due to the expansion of insertion sequence events along with mutation 

(Parkhill et al., 2003). These events are commonly observed in bacteria restricted 

to single hosts (Moran and Plague, 2004). In chapter 3 we compared the differences 

in population diversity over time between host-restricted (clinical) and multi-host 

(environmental) bacterial species to reveal lower levels of maintained variation 

(suspected long-term bottlenecks) (Figure 3.5) in the host-restricted species. On the 

other hand, the environmental species had higher levels of maintained variation due 

to the suspected occupancy of multiple hosts. While the adaptation of host-restricted 

species is governed largely by significant population bottlenecks, less is known of 

the bacterial events underpinning multi-host ecology. S. aureus is a multi-host 

pathogen that is able to undergo multiple host transitions to result in clones harmful 

to human and animal health. Genetic drift is a significant force at the individual 

lineage level following the transmission to a novel host. This can reduce the fixation 

of beneficial mutations which effects the ability to adapt. A recent study on the multi-

host pathogen, S. aureus (Bacigalupe et al., 2019) found that this species is able to 

overcome the forces of genetic drift by the accumulation of beneficial mutations 

during infection which rapidly spread through the population to adapt to distinct 

niches.  

 

Niche adaptation is also thought to have an impact on the structure of pangenomes 

within and between species (McInerney et al., 2020). However, the analyses from 

chapters 2 and 3 on reconstructing the population history of bacterial species were 

based off core genome content within each species. Given the huge difference in 

accessory gene content found within species with different ecologies (McInerney et 

al., 2017), we may be missing out the effects of pangenome variation that could 
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potentially result in different evolutionary trajectories and effect the number of 

effective lineages over time. For example, under adaptive models, accessory genes 

have been found to contribute positively to fitness which is niche-dependent 

(McInerney et al., 2017). This results in the maintenance of genes in some niches, 

where they are beneficial, and lost in scenarios of little benefit. However, predictions 

could still be made in the absence of pangenome analysis based on the association 

of accessory gene size with bacterial species lifestyle. For example, diverse, 

environmental, multi-host species tend to have larger pangenomes, this variation 

decreases in host-restricted species (McInerney et al., 2017). A similar pattern was 

observed in chapter 3 where larger effective lineage sizes were maintained over 

time in diverse species, compared with host-restricted species. One could then 

predict even higher maintained lineages or more rapid diversification in 

environmental species if accessory genome content was accounted for. 

 

Manipulation of population structure using clinical interventions 

One could assume that the introduction of wide-spread vaccination programmes 

would lead to a decrease in population diversity due to the selective pressure of the 

vaccine resulting in a population bottleneck, as lineages which are not targeted by 

the vaccine would survive and persist. This has been seen in studies involving the 

effects of vaccination on B. pertussis populations where a reduction in population 

diversity was observed (Weber et al., 2001; van Loo and Mooi, 2002; Litt et al., 

2009). However, these studies were restricted by geography whereby each of the 

sample sets analysed originated from a single country. Alternatively, one study used 

comparative genomics to assess the global population structure of B. pertussis 

along with the effects of vaccination to find no loss of diversity (measured by 

effective population size) following vaccination (Bart et al., 2014). This result was 

surprising but could be explained by the existence of vaccine-specific strains that 

had not been eradicated in countries where the B. pertussis vaccine had not yet 

become routine, adding to the total global population diversity being analysed. 

Another explanation for the lack in reduction of diversity on a global scale was the 

divergence and selection for novel lineages which were resistant to the vaccine. 

Similar observations were found for the global collection of B. pertussis genomes in 

the results from chapter 3 (Figure 3.5) where the effective lineage size remained 

stable over what can be assumed as the occurrence of two separate bottlenecks. 
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The first bottleneck occurred ~100 years into the sample time frame and lasted ~15 

years, the diversity of successful ancestors then increased by 10,000 lineages and 

remained stable for much of the time frame until present time (Figure 3.5). This could 

be a reflection of the results found in the study by Bart et al 2014 with the increase 

in diversity a result from the emergence of novel vaccine-resistant strains. However, 

the results are not directly comparable as we measured diversity using the number 

of effective lineages rather than allelic variation in the sequence. Reduction of 

population diversity is much easier in populations of monomorphic species such as 

B. pertussis. Therefore, making predictions for the effects of population size 

manipulation using clinical interventions for diverse Campylobacter populations is 

more difficult.    

 

Will vaccines be an efficient control intervention for Campylobacter in 

poultry? 

Resistance to vaccines is well-understood in viruses but it is more difficult to 

understand how bacteria adapt to vaccines due to the slower rates of evolution. 

Chapter 2 provided information about the rate at which Campylobacter lineages 

accumulate variation over time as a result of both point mutation and from the effects 

of HGT. Chapters 2 and 3 used empirical rates of NC to assess the maintenance of 

C. coli and C. jejuni lineages over time. This information can be used to predict the 

longevity of the effects of the vaccine from chapter 4 on Campylobacter chicken 

populations. Vaccine resistance is more likely in species with diverse population 

structures, where lineage replacement is likely to occur with pre-existing strains that 

are ineffective against the vaccine. Additionally, species with highly evolvable 

lineages due to high rates of NC and HGT have the potential to evolve divergent 

lineages away from a population targeted by a vaccine. The results from this 

dissertation have shown that a vaccine for Campylobacter can be used to selectively 

reduce specific lineages surviving on meat, however, due to the high evolvability of 

strains (high rates of NC from chapter 2), the diverse population structure and the 

high variation of successful maintained lineages over history (chapter 2 and 3), the 

reduction in infection levels will soon be offset by the rapid replacement of strains 

with a different antigenic repertoire. This was evident from the results from the study 

in chapter 4 where a total shift in population structure post-vaccination was 

observed. This presents questions of whether a vaccine will ever be possible in 
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eradicating Campylobacter from poultry environments. Hope remains for the utility 

of vaccines at the farm level but due to the enormity of chicken-associated 

Campylobacter population sizes, research into a conserved epitope among all 

lineages is needed. This is an area of research that could be achieved using 

comparative genomic analysis. 
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Conclusions and future work 

This dissertation aimed to better understand the evolution of bacterial species with 

a particular focus on what we can learn about adaptive processes to inform methods 

of infection control. For example, results from chapters 2 and 3 suggest that 

Campylobacter is a rapidly evolving pathogen with a well-maintained population 

structure. Therefore, the likelihood of designing a vaccine to combat all infective 

variants in the chicken populations is difficult. However, the effects of our vaccine at 

targeting multiple Campylobacter lineages can be measured using predictive 

modelling. We plan to compare the genetic variation of pre- and post-vaccination 

genomes with a particular focus on antigens with known chicken immunogenicity. 

We can then make associations of variants using machine learning and use these 

data in a predictive model to identify the number of strains in large chicken 

populations that will be targeted by strains included in the vaccine. This is an area 

of additional research that will offer valuable information on the design of future 

vaccines, including predicting effective antigens as targets. This dissertation has 

offered examples of why an understanding of the evolution and population genomics 

of bacterial pathogens is integral to infection control, especially in those with diverse 

population structures. This will be vital information to apply to future bacterial 

pathogen studies, especially in a world with increasing environmental change and 

is currently experiencing the devastating impact of a pandemic. 
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Appendices 

 

Appendix for chapter 1 

 

Supplementary Tables: 

S1.1. Isolate metadata for dating the emergence of systemic S. suis disease 

in pigs: 10.6084/m9.figshare.17082689  

Figure 1.3 Methods 
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Figure 1.3 Methods 

A time-calibrated phylogeny was constructed for 515 S. suis whole genomes 

sampled from pigs and humans (S1.1 Table) to date the emergence of systemic 

disease in pigs and a potential zoonoses in humans. A gene-by-gene alignment was 

constructed using MAFFT, with default parameters of minimum nucleotide identity 

of 70% over >50% of the gene and a BLAST n-word size of 20. An ML tree was 

constructed using FastTree version 2.1.8 and the GTR model of nucleotide evolution 

(Price et al., 2010). Recombined regions were inferred using ClonalFrameML with 

basic model parameters (Didelot and Wilson, 2015) and removed using a cfml-mask 

script and replaced with gaps (https://github.com/kwongj/cfml-maskrc). Dates of 

internal nodes were estimated with a time-calibrated recombination-free phylogeny 

using least squares criteria (To et al., 2016).    
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Appendix for chapter 2 

 

Supplementary Tables: 

S2.1. Isolate list information: 10.6084/m9.figshare.16669909  

S2.2. Effects of NC from point mutation and recombination on isolate pairs: 

10.6084/m9.figshare.16669237 

S2.3. TempEst root-tip regression and BEAST analysis estimates (C. coli): 

10.6084/m9.figshare.16669282 

S2.4. TempEst root-to-tip regression and BEAST analysis estimates (C. 

jejuni): 10.6084/m9.figshare.16669285 

S2.5. Table. List of all possible pairs >8 years apart and <5000 NCs in 

difference for both C. jejuni and C. coli: 10.6084/m9.figshare.16669291  

S2.6. All annotated NC effects: 10.6084/m9.figshare.16669294 

S2.7. Table. Individual rate of nucleotide change estimates per pair for C. 

jejuni and C. coli (SNPs/year): 10.6084/m9.figshare.16669297 

S2.8. C. coli and C. jejuni "birthday problem" data and estimates of 

coalescence across sample time frame: 10.6084/m9.figshare.16669300 

Supplementary form SF2 
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S4.1 Figure. Epidemiological unit. Overview of poultry distribution system and vaccination 

program. Breeder birds are reared on farms (A) and distributed to breeder farms when old 

enough to begin lay (B). Progeny of breeders are distributed to hatcheries in egg form (C). 

Once hatched, broiler chicks are placed onto broiler farms (D). Broiler birds remain in the 

same house on a farm until they have reached age of slaughter (~37 days) and are then 

sent to the factory for meat processing (E). A whole breeder rearing farm (~40,000 breeder 

birds) were given two x doses of the vaccine at 14-18 weeks of life (left flow chart). For 

experimental purposes, the vaccinated breeders and progeny were followed as one 

epidemiological unit throughout the system (red arrows and blue houses) to be sure 

vaccinated and control populations were not mixed or confused. They will all come from 

one hatchery, distribute to known broiler farms/houses and enter the same abattoir. 
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S4.2 Figure. Pre-vaccination enumeration (raw). Campylobacter enumeration values 

before the removal of five outlier data points >1000 cfu/g from the neck skin samples as this 

made the trend difficult to see. 

 

S4.3 Figure. Post-vaccination enumeration (raw). Campylobacter enumeration values 

before the removal of outliers of seven vaccinated neck skin and one control neck skin 

>1000 cfu/g to better resolve the spread of sample points. 
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S4.4 Figure. Individual ELISAs. Individual plots of IgY titres per vaccine strain for breeder 

blood (A), breeder egg (B) and broiler blood (C). 
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