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Abstract  

  

Campylobacter jejuni is a leading cause of gastroenteritis in the world. Widespread use of 

macrolide and fluoroquinolone antibiotics in animals and humans has resulted in the 

evolution of antimicrobial resistance (AMR) within Campylobacter, leading to increased 

costs in healthcare. The objective of this study is to provide insight into the contributions 

of populations genetics factors including mutation, recombination, and population size 

and structure on the evolution of virulence and AMR. These processes are investigated to 

evaluate the potential for local hotspots to contribute disproportionally to antimicrobial 

resistance in Campylobacter. To test these predictions, 1789 assemblies of 

Campylobacter jejuni from all across Canada were analyzed to assess rates of 

recombination and its effect on resulting population structure, and in particular its 

association antimicrobial resistance alleles. A thorough exploratory analysis has provided 

limited evidence of positive selection in virulence genes, evidence for one or a few 

origins of fluoroquinolone resistance as well as high levels of recombination and complex 

population substructure across the Campylobacter genome.  
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Chapter 1: Introduction  

 1.1  Summary  

Campylobacteriosis, the most common zoonotic disease in Canada, is caused by species 

within the Campylobacter genus when they access the gut or intestinal tracts of a host 

(Silva & al, 2011).  Campylobacter is known to colonize the digestive tract and was first 

extracted from the stool samples of patients with diarrhea in the 1800’s. Since then, even 

with a large body of research given to the subject of campylobacteriosis, and despite 

efforts being made to contain pathogenic strains, rates of global infection are still 

increasing worldwide and in Canada (Public Health Ontario,2020). For example, cases of 

Campylobacter enteritis in Ontario have not shown a significant decrease in the past few 

years (Figure 1).   

  
Figure 1. Recent cases of campylobacteriosis in Ontario, Canada. Data was obtained from the Public 

Health Ontario website.  
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In a majority of cases, the disease can be treated through antibiotics and replenishment of 

electrolytes, although some complications can arise. Some examples of these 

complications are the Guillain-Barré syndrome and reactive arthritis (Nachamkiri, 2002). 

Source attribution has shown that transmission can link back to numerous foodborne 

sources such as poultry, cattle, swine, and birds. Moreover, the presence of  

Campylobacter is not restricted to food as it can also be found in environmental locations 

such as surface water and soil (Silva & al, 2011). The ability of Campylobacter to 

proliferate and infect so many host environments is one of the key factors which leads to 

its high contagion rate (Yu & al, 2010). Epidemiological evidence suggests that strains 

derived from poultry, and perhaps cattle, are particularly important for human disease.  

However, it is unclear what genetic mechanisms underlie this pattern (Webb & al, 2018).   

  

Chronic and severe infections are often treated with fluoroquinolones, primarily in 

animals, leading to resistance that has recently been identified as one of the twelve 

gravest bacterial threats to global human health by the World Health Organization 

(WHO, 2020). Campylobacter can acquire antibiotic resistance by spontaneous mutations 

and horizontal gene transfer via natural transformation, transduction, and conjugation 

(Kumar et al., 2016). Evidence of these mechanisms is shown by the occurrence of the 

plasmid-borne gene tetO, which is known to cause resistance to tetracyclines (Wilson & 

al, 2009). Although previous research has shown that there are genetic markers such as 

mutations including T86I in the gyrA  gene which are known to be associated with 

fluoroquinolone resistance, evidence of networks of additional resistance mutations are 

still unknown (Wilson & al, 2009).   
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Population structure and genetic diversity of Campylobacter in an epidemiological 

context involves efficiently tracking and identifying the various subtypes within the 

observed isolates obtained from various hosts. Most approaches so far have used 

phylogenetic approaches to measure the relatedness between isolates (Biek & al, 2015). 

Recently, studies have shown that lateral gene transfer and point recombination influence 

the evolution of this genus and should therefore be included in overarching models. (Ritz 

& al, 2017) (Lin & al, 2019) (Arenas & al, 2018). Most importantly, different regions of 

the genome have different evolutionary histories due to recombination events. In this 

context, it is important to note that the rate of highly localized recombination often 

surpasses that of point substitution in bacteria, which supports the hypothesis that 

recombination rates in Campylobacter  play an essential role in determining levels and 

patterns of diversity (Arnold & al, 2019).   

  

Specific Aims:   

(1) Infer population genetic parameters for Campylobacter jejuni, including 

measures of diversity, recombination, linkage disequilibrium and population structure.   

(2) Evaluate the influence of these population genetic factors on the evolution of 

antimicrobial resistance in Campylobacter jejuni.  

  

 1.2  The Campylobacter Genus  

Campylobacter species are Gram-negative spiral, rod-shaped, or curved bacteria with a 

large variety in flagellar mechanisms depending on the species. Campylobacter species 

are also non-spore-forming bacteria which belong to the family Campylobacteraceae, the 
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order Campylobacterales, the class Epsilonproteobacteria, and the phylum Proteobacteria. 

Since its first taxonomic description in 1963 the taxonomic structure of the genus 

Campylobacter has experienced extensive changes because of advances in identification 

techniques as well as molecular typing methods. The World Health Organization states 

that there are currently at least 17 species and 6 subspecies, but it is still clear that further 

investigations will be required if the scientific community is to truly resolve the 

taxonomic diversity of the genus (Galanis & al, 2014)   

Campylobacter has the capacity to grow under microaerobic conditions and are 

chemoorganotrophs that harness multiple sources of energy including amino acids and 

tricarboxylic acid cycle intermediates. In fact, it is their non-fermentative metabolism 

alongside their microaerophilic growth environments, which led to their distinction from 

Vibrio spp. (On, 2001).   

 1.2.1  Laboratory Isolation  

Laboratory diagnosis of Campylobacter infection requires the use of culture-dependent 

and/or culture-independent methodologies. In culture-dependent methodologies, bacterial 

colonies are cultured in a laboratory setting and subsequently subjected to biochemical 

and molecular tests to measure distinctive traits. In contrast, most culture independent 

methods are achieved by sequencing methods followed by molecular typing schemes that 

identify unique genetic profiles, which can then be matched to specific species. Both 

methods are still common today and are used based on the needs and goals of a specific 

research endeavour.  
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The conventional culture dependent method for isolating the common enteric 

Campylobacter species C. jejuni and C. coli from faeces is primary plating on selective 

media and incubation at 42 °C in a microaerobic atmosphere. Some other species such as 

C. sputorum, C. concisus, C. mucosalis, C. curvus, C. rectus and C. hyointestinalis 

require an enriched hydrogen atmosphere to properly grow (Granato, 2010). A more 

robust method named the Cape Town Protocol requires filtration of homogenized clinical 

samples through membrane filters onto vancomycin selected blood agar. The plates are 

then incubated at 42 °C under microaerobic conditions enriched with CO2 and H2  

(Lastovica, 2001). This protocol has been used successfully to isolate a range of 

Campylobacter species from fecal, intestinal, and several other hosts. Once the cultures 

are sufficiently stable it is possible to use several enzyme immunoassays are also 

available for the detection of C. jejuni and C. coli in clinical samples (Granato, 2010). 

Furthermore, a number of real-time assays are also available for the detection of 

Campylobacter species which are capable of detecting more than one species at a time, 

including C. jejuni, C. coli, and C. lari. For example, detection of L-alanine 

aminopeptidase activity can be employed to differentiate between Campylobacter, 

Helicobacter, and Arcobacter species and other Gram-negative bacteria (Lastovica,  

2009).   

 

In culture-independent methodologies, sequence data can be isolated from samples or 

from environmental samples. A genetic scheme or markers of the organism can then be 

sequenced by PCR amplification of the gene of interest, for example, the 16S rRNA gene. 

The 16S rRNA gene has been used extensively for rapid detection of many bacterial taxa, 

including Campylobacter species (Maher, 2003). Owing to sequence similarity among 
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Campylobacter species, the 16S rRNA gene sequence cannot be used to differentiate 

between very closely related species, such as C. jejuni and C. coli. The larger 23S rRNA 

gene and the internal transcribed spacer (ITS) region, a region which lies between the 16S 

and 23S rRNA genes, have also been used to differentiate between Campylobacter 

species and strains (Eyers & al, 1993). The 23S rRNA genes contain strain-specific 

intervening sequences, whereas the ITS region is highly variable in size and sequence 

composition depending on the species (Maher, 2003).   

Nowadays, it is possible to sequence whole bacterial genomes relatively cheaply and at a 

high pace from a pure culture. This allows for whole genomes to be readily available for 

analysis. Phylogenetic analyses of the single nucleotide polymorphisms that discriminate 

between species and subtypes are now the standard for a comprehensive view of the 

genetic variability.  

 

 1.3  Risk Factors, Transmission and Carriers  

The most common species of Campylobacter associated with human illness are C. jejuni 

and C. coli, with the former representing a high percentage of total cases. Campylobacter 

bacteria have the ability to colonize many hosts, but they are primarily found in the 

digestive tracts of animals, which allows for the bacteria to infiltrate the food chain and 

ultimately infect humans. However, many other factors play a role in Campylobacter 

transmission such as travel, contaminated water, direct contact with animals or with 

contaminated feces, and person to person transmission (Humphrey et al., 2007). Here I 

will describe the process of infection in the most common source of human illness, 
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poultry, and follow with a comparison to other environmental reservoirs as is shown 

below in figure 2.  

  

Figure 2. Visual description of the most common pathways of infections and reservoirs of 

Campylobacter.  

  

 1.3.1  Campylobacter spp. in Poultry  

The ubiquitous consumption of contaminated chicken in human populations worldwide is 

implicated in a large majority of campylobacteriosis outbreaks. Most of the cases are 

associated with handling and consumption of raw poultry. This is due to the potential for 

Campylobacter to survive under various conditions such as the skin of animals and 

humans as well as storage temperatures of 4 ̊C. This knowledge reinforces the need for 

health and safety protocols for properly handling and storing chicken. Safety measures 

should also be increased during the summer as many studies have shown that temperature 

has an effect on the likelihood of survival of C. jejuni (Wills and Murray, 1997). 

Furthermore, although the most frequent species found in poultry are C.coli and C.jejuni, 



   17  

it is also an important reservoir of other Campylobacter species, such as C. lari, C. 

upsaliensis, and C. concisus (Kaakoush & al, 2014). Recent estimates have shown that 

close to 40% of retail chicken is contaminated with C. jejuni (CFIA, 2016).  

One of the biggest questions concerning the presence of Campylobacter in chicken is to 

find when in the production cycle is the infection taking place and why. Some of the 

hypotheses is that a contaminated intestinal tract may leak, or rupture and the contents are 

transferred to the skin of the carcass (Berrang et al., 2001). Campylobacter spp are then 

able remain in a liquid film on the skin only to be caught in its crevices  

(Chantarapanontet al., 2003) which provides a favorable environment for transmission to 

humans (McMeekin et al., 1984).   

  

Horizontal transmission from the environment is considered to be the most likely source 

of Campylobacter spp. to broilers. Although Campylobacter spp. are very sensitive to dry 

conditions it is important to remember that both the shared water and feed source can act 

as a vehicle for horizontal transmission in a farm setting (ACMSF, 2020). On the other 

hand, the overall contribution of vertical transmission, the spread of an infectious agent 

from a parent to a progeny, is still being investigated in poultry. Studies done by Clark 

and Bueschkens (1985) found that 11% of the resulting chicks at hatch had the inoculated 

C. jejuni in their intestinal tract. Lindblomet al. (1986), demonstrated that chickens raised 

under laboratory conditions without exposure to any farm environment continued to 

become colonized by C. jejuni. Moreover, the presence of Campylobacter in eggs and 

hatchery fluff may indicate the possibility of vertical transmission. However, research did 

not find any evidence of vertical transmission of Campylobacter to the approximately  

60,000 progeny parent breeders that were hatched from eggs coming from  
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Campylobacter positive parents (Callicott et al, 2006). Although vertical transmission is a 

definite possibility it is still considered to have relatively low relevance.   

  

 1.3.2  Campylobacter Spp. In Other Foods and Other Reservoirs  

Although chicken remains the primary source of infection in humans, studies have shown 

that both domesticated and wild animals as well as natural environments can harbor 

various Campylobacter species. The other largest reservoirs are found in livestock as the 

digestive tract of healthy cattle and pigs have been demonstrated to contain a high 

number of Campylobacter specie,m although there seems to be a large variation between 

studies (Atabay and Corry, 1998). In addition to cattle and pigs, commercial dairy cows, 

turkeys, duck, and lamb can also serve as reservoirs of C. jejuni and C. coli (Humphrey et 

al, 2007). Sheep and goats have also been investigated for their rates of carriage of 

Campylobacter species even if their rates are generally lower than other animals (Zweifel 

and Stephan, 2004).   

Domesticated animals are also carriers of Campylobacter species (Baker & al, 1999). 

Around 60% of healthy dogs and almost all diarrheic dogs surveyed have been 

determined to be positive for Campylobacter species (Chaban & al, 2010). Interestingly, 

C. upsaliensis appears to be one of the major Campylobacter species colonizing dogs and 

cats, however, C. coli, C. concisus, C. fetus, C. gracilis, C. helveticus, C. jejuni, C. lari, 

C. mucosalis, C. showae, and C. sputorum have also been detected in these animals 

(Chaban & al, 2010). Other domesticated animals that have been investigated as potential 

reservoirs of Campylobacter species include hamsters (Fox & al, 1981), ferrets (Fox & al, 

1983) and pet reptiles (Giacomelli & al, 2014).   
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Wild animals are also potential reservoirs of Campylobacter species. Among all the 

species studied, avian species were found to be the main carrier of Campylobacter 

species. By observing the cecal contents in wild ducks from Colorado it was found that 

35% tested positive for C. jejuni (Luechtefeld, 1980). Studies of other types of wild birds 

have reported lower Campylobacter carriage rates. For example, a study examined fecal 

samples from 924 barnacle geese and reported prevalences of C. jejuni to be 11.5% and 

23.1% in 2011 and 2012, respectively (Llarena & al, 2015). These results indicate that the 

prevalence of Campylobacter species varies greatly depending on the type of wild birds 

and their geographic regions. Other wild animals tested for the presence of  

Campylobacter species include small rodents, deer, moose, reindeer, boars, porcupines, 

duikers, and turtles—all were found to have low levels or to be free of Campylobacter 

species (Lilehaug & al, 2005) (Sippy & al, 2012). Overall, current studies indicate that 

only some species of wild birds have high rates of carriage of Campylobacter species and 

that, currently, insufficient evidence exists to determine whether these strains play a role 

in transmission to humans.  

Several studies have assessed the prevalence of Campylobacter species in different water 

sources, supporting a role for contaminated water in the direct transmission of 

Campylobacter species to humans. Canadian individuals who utilize private wells or 

drink untreated water from contaminated rivers and lakes are at a higher risk of 

developing campylobacteriosis (Galanis & al, 2014). Farms that utilize private water 

supplies as a water source for their cattle are more likely to have cattle that test positive 

for Campylobacter, indicating that contaminated water can also serve as a means of 

transmission of Campylobacter to domesticated animals (Ellis-Iverson & al, 2009). 
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Furthermore, it has been reported that cattle were more likely to test positive for 

Campylobacter following an outdoor grazing period in spring, when the water supply was 

lake water, than when they were confined indoors in winter, when their water supply was 

municipal chlorinated tap water (Hanninen & al, 2003).   

  

 1.3.3  Other Sources of Infection  

Several other risk factors contribute to the susceptibility of humans to 

campylobacteriosis. Although it is not as common, another potential source of 

transmission is person-to-person transmission via a fecal oral route. The Health  

Protection Agency of Canada found that person-to-person transmission was the source of outbreaks in 

only a small minority of cases. More specifically, a study conducted in New Zealand that combined 

detailed epidemiological and genotyping data concluded that person-to-person transmission was 

responsible for 4% of campylobacteriosis cases in that country (Gilpin & al, 2013). Other studies, 

conducted in Australia and the Netherlands, provided similar figures for the contribution of person-to-

person transmission to campylobacteriosis.  

Unpasteurized milk sourced from dairy cattle has also been implicated in a number of 

campylobacteriosis outbreaks (CDC, 2013). It was reported that in Canada the incidence 

rate was of 29.3 cases per 100,000 people in 2012 in Canada, contributing significantly to 

the enteric illness burden (Christidis & al, 2016). Unpasteurized milk may also serve as a 

source of several other Campylobacter species, including C. hyointestinalis, C.fetus, and 

C.ureolyticus. Genomic analyses indicate that the presence of Campylobacter species in 

milk can be attributed to fecal contamination (Revez & al, 2014).  
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Another risk factor involved in contracting that international travel was a risk factor for 

infection, with up to 20–30 % of all reported cases in Canada. Moreover, 

campylobacteriosis was found to be the main cause of travel-related disease in Canada 

from 2005 to 2009, being responsible for 27.6% (123/446 cases) of cases (Ravel, 2016).  

A  meta-analysis suggested that the locations with the highest levels of risk are Southeast 

Asia (32.4%; 162/500 cases), South Asia (7.8%; 39/499 cases), Africa (4.6%; 54/1,177 

cases), and Latin America (2.5%; 51/2,031 cases) (Mughini & al 2014).   

Several other transmission sources, including insects, have been investigated as reservoirs 

of Campylobacter species. For example, flies have been suggested to play a role in the 

transmission of Campylobacter species from contaminated sources to broiler chickens 

(Jonsson & al, 2012). Studies have also suggested that microbial eukaryotes can act as a 

nonvertebrate reservoir of Campylobacter species in the environment. For example, C.  

jejuni was found to survive longer when it was cocultured with the protozoan  

Acanthamoeba polyphaga than when it was cultured alone (Axelsson-Olsson & al, 2005). 

C. jejuni was found to aggregate in vacuoles within amoebae, and it could be detected 

following rupture of the eukaryotic cells (Axelsson-Olsson & al, 2005). Since a diverse 

range of microbial eukaryotic organisms are found in the poultry drinking water systems 

on farms, it is possible that eukaryotes infected with Campylobacter can play a role in the 

transmission of this organism to chickens and ultimately humans.  

 1.4  Gastroenteritis  

Campylobacteriosis caused by C. jejuni and C. coli is clinically indistinguishable between 

the two species. Most patients with C. jejuni or C. coli infection experience acute 
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symptoms such as diarrhea, polymorphonuclear leukocytes and blood (gross or 

microscopic). Another consequence of C. jejuni exposure is a robust systemic and 

mucosal immune response. While infection with C. jejuni or C. coli can occur in patients 

of all ages, clinical reports show that infection is more prevalent in children and young 

adults compared to other age groups. A lower incidence of infection has been observed in 

infants whose mothers had colostral Campylobacter specific secretory immunoglobulin A  

(IgA) anti-bodies detected in breast milk. Studies have also shown that infections with C. 

jejuni and C. coli are more common during the summer months (Nielsen & al, 2013). 

Although C. coli is less prevalent than C. jejuni in many geographic regions, C. coli 

infections can contribute as many as 25% of all gastroenteritis cases caused by 

Campylobacter species although results tend to vary (Thomas & al, 2014). Interestingly, 

an immunocompetent adult experimentally infected with C. jejuni experienced 

recrudescence of the infection at the conclusion of antibiotic therapy, suggesting that the 

potential for immunity may be overestimated (Inglis & al, 2014).  

Patients infected with other species generally experience milder symptoms, with fewer 

individuals reporting fever, chills, weight loss, and mucus and blood in their stools than 

those infected with C. jejuni and C. coli (Man, 2011).  One of the associated factors 

related to the milder severity of symptoms has been found to correlate with the lower 

levels of fecal calprotectin in those infected with C. concisus compared to those infected 

with C. jejuni or C. coli (Nielsen & al, 2013). It is also important to note that symptoms 

associated with C. concisus infection tend to be more persistent than those of C. jejuni or 

C. coli infection, with 80% of patients reporting diarrhea that lasted 14 days or more, 
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whereas only 32% of those infected with C. jejuni or C. coli reported prolonged 

symptoms (Nielsen & al, 2013).  

  

 1.4.1  Estimating the True incidence of Campylobacteriosis:  

There are multiple factors which affect the total number of cases from different 

geographical regions and those rates vary greatly. For example, the rate of cases in 

Ontario (Figure 1) has not shown any signs of significant signs of decrease. These 

variations are consequences of the different programs and methodologies surrounding the 

identification of Campylobacter. The variation can also be attributable to demographics, 

the amount of testing as well as food practices and availability of reservoirs.  

An additional factor that has been hypothesized to influence the prevalence of  

Campylobacter infections is herd immunity (Havelaar & al, 2009). Herd immunity refers 

to the host immune response against an infection within a population that can provide 

protection against transmission of an infection and/or disease for unprotected individuals. 

At the population level, this can have impacts on the epidemiology and risk assessment of 

campylobacteriosis. In most countries, infections are usually overrepresented in children, 

with the potential for illness decreasing with age. This ascertainment allows for the 

hypothesis that early life exposure might lead to the development of immunity (Havelaar 

& al, 2009). This might reflect the possibility for many individuals to be asymptomatic 

carriers.  
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 1.5  Surveillance and Source Attribution  

A well designed surveillance program for Campylobacteriosis backed by public health 

organizations consists in providing information to advise public health decisions and 

regulations by determining the incidence of Campylobacteriosis in Canada compared 

with other zoonotic infections, as well as tracking the source of the cases to help identify 

the most likely pathway of transmission (Casey, 2018). This evaluation can help measure 

the magnitude of the health issues so that the correct policies are adopted. These 

programs should also provide relevant data recorded in all regions, including case 

notifications, relevant geographical and temporal information as well as culturing and 

sequencing of isolates from both cases and animal reservoirs. The monitoring efforts and 

the goal of proper characterization of the disease and its source should be supported by 

big data which optimizes sample size and statistical power to ensure accuracy in 

subsequent decision making. Surveillance can also identify an increase in the number of 

reported cases above the expected baseline, triggering an investigation into the possible 

outbreak so that the source can be correctly identified and controlled (Casey, 2018). This 

surveillance improves management and prevention, such as attribution of infections to 

particular reservoirs. Finally, surveillance can track trends over time, measuring the 

impact of control and prevention efforts and alerting when reports deviate from the 

baseline.  

  

 In  countries such as Canada,  surveillance  is  most  often  conducted  through  reporting  

of  laboratory-diagnosed  infections in a population, and thus  depends critically  on  routine  

diagnostic practices in  the  health  care  system and efforts made by national institutions 
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to document and subtype the different cases. Efforts to improve subtyping methods to get 

a more accurate representation of the genetic diversity associated with disease have seen 

significant improvements. For example, multi loci sequence typing (MLST) of essential 

genes for each species were designed with the intent of resolving the main subtypes 

responsible for disease. Since then more comprehensive schemes have been developed, 

such as comparative genomic fingerprinting (CGF) which combines the 7 genes normally 

used in MLST studies combined with 40 other genes which are common in Campylobacter 

species (Taboada & al, 2012).  

  

Recent generation of whole-genome sequence (WGS) data for pathogen isolates will help 

establish relationships among clinical isolates at very high resolution; however, these 

early investigations only examined isolates known to be similar by previous analysis with 

multi loci sequence typing (MLST). Furthermore, single-nucleotide polymorphism-based 

methods employed to generate detailed consensus phylogenies are time-consuming, 

computationally intensive, and sensitive to the effects of horizontal gene transfer 

(Kaakoush & al, 2015). Consequently, although these approaches cannot be readily 

applied to clinical data in real time, they will allow for additional analyses to resolve 

unanswered questions about pathogenicity, antibiotic resistance and source attribution 

(Kaakoush & al, 2015).  

The goal of surveillance of disease is not only to track cases but also to estimate the 

public health burden of Campylobacter in a population (Nachamkin & al, 2008). This 

endeavor requires information about the severity of illness, such as the number days of 

school or work lost, whether the patient was admitted to hospital, and whether the patient 
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died. Another factor which must be considered is the number of undiagnosed illnesses 

(Nachamkin & al, 2008). One way to approximate this number is by gathering reliable 

information on the health-care-seeking behavior of people with diarrheal illness, and on 

the frequency with which Campylobacter diagnostic tests are performed. Collecting 

systematic reports of investigated common source outbreaks of campylobacteriosis is 

another kind of surveillance that can help quantify the burden of disease not only on 

humans but also on the food industry by examining the costs of treatments and potential 

other alternative therapy (Nachamkin & al, 2008).  

  

 1.6  Treatments and Vaccine Development  

Most Campylobacter infections require little to no intervention other than maintenance of 

hydration and electrolytes. However, antibiotics are employed for patients whose immune 

systems are weak or in cases where symptoms are severe or persistent, and those with 

extraintestinal infections (Smith & al, 2010). One of the most common antibiotics used 

for treatment of gastroenteritis is ciprofloxacin, a fluoroquinolone. Quinolones have 

specific molecular targets, DNA gyrase and topoisomerase IV, which are enzymes 

essential for DNA replication, transcription, recombination, and repair. Another class of 

drugs which are commonly used are macrolides. Macrolides bind to the 23S rRNA in the 

50S ribosomal subunit, which results in blockage of the translocation step of protein 

synthesis, thereby preventing release of tRNA after peptide bond formation and resulting 

in a premature termination of the peptide chain. The reason for the presence of resistance 

to those classes of antibiotics is probably due to their overuse in the food industry as a 

measure to lower C. jejuni infections. The other commonly used class of antibiotics used 
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to fight the disease are tetracyclines which have a similar molecular target as they 

primarily bind to the ribosome during translation to impede protein synthesis (Smith & al, 

2010). This suggests that the choice of antibiotic administered should be informed by the 

knowledge of the presence of the antibiotic resistant alleles in the Campylobacter 

populations causing infections.  

  

A few studies have looked at the possibility for vaccination of humans and chicken to 

potentially reduce Campylobacter levels as well as the number of overall cases. While a 

range of vaccine candidates have been proposed in the last few years, including the use of 

flagellar proteins, formalin-inactivated C. jejuni, C. jejuni inner membrane antigen, and 

killed C. jejuni, delivered intranasally, orally, orally using a Salmonella carrier, and 

intraperitoneally, respectively, none of these vaccines have completely prevented 

Campylobacter colonization in chickens (Annamalai, 2013). Interestingly, a recent study 

by Annamalai and colleagues which observed the influence of nanoparticle-encapsulated 

outer membrane proteins (OMP) of C. jejuni as a vaccine in chickens has shown 

significant promise (Annamalai, 2013). In birds that received subcutaneous vaccination, 

C. jejuni colonization levels in cecal and cloacal contents were found to be completely 

eradicated after seven days whereas the control groups showed various degrees of 

colonization. Based on their study, Annamalai and colleagues considered the 

subcutaneous route of vaccination, using encapsulated OMP or OMP alone, to be 

efficacious in eliciting protective antibody responses and preventing colonization of C. 

jejuni in chickens (Annamalai, 2013).  
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 1.6.1  Post Illness Sequalae  

Although Campylobacteriosis is normally successfully treated with replenishment of 

electrolytes and antibiotics, there are several complications which can arise if the disease 

resists conventional treatment or if the illness remains untreated. This section will 

describe the major groups of postinfectious events which can greatly augment the burden 

of disease. These conditions can be broken divided into those that affect the 

gastrointestinal tract and extra-gastrointestinal manifestations.  

  

The first type of postinfectious disease which can be caused by C. jejuni and other  

Campylobacter species are called postinfectious functional gastrointestinal disorders 

(PFGD). Recent research has shown particular interest in characterizing irritable bowel 

syndrome (IBS) (Saps & al, 2008) and functional dyspepsia (FD) (Futagami & al, 2015).  

IBS is defined by a set of symptoms which include recurrent abdominal pain or 

discomfort associated with bowel problems such as diarrhea and constipation (Saps & al, 

2008). Studies exclusively investigating C. jejuni are associated with postinfectious IBS 

with percentages ranging from 9.0 to 13.8% (Saps & al, 2008).  

  

Several studies have provided evidence for an association between Campylobacter 

infection and a risk of postinfectious functional dyspepsia, most commonly known as an 

indigestion. A meta-analysis of 19 studies found that following infections with several 

pathogens, including C. jejuni, Salmonella spp., Escherichia coli O157, the prevalence of 

postinfectious FD were 9.6 and 30.5% in adults and children, respectively (Futagami & 

al, 2015). Of particular interest, Campylobacter species and E. coli O157 can be 
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identified in blood tests and stool cultures from postinfectious FD patients (Futagami & 

al, 2015). Overall, there is good evidence to suggest a link between Campylobacter 

infection and IBS or FD.  

  

Inflammatory Bowel Diseases are chronic inflammatory conditions of the gastrointestinal 

tract which include Crohn's disease (CD) and ulcerative colitis (UC). The phenotype in 

patients with CD is characterized by transmural lesions that may occur in any site along 

the gastrointestinal tract, while patients with UC are affected by continuous submucosal 

inflammation restricted to the colon. Despite extensive research, the etiology of IBD has 

yet to be elucidated; however, a study provided evidence that indicated an association 

between C. jejuni infection and an increased risk of IBD (Gradel & al, 2009).   

Increasing evidence indicates that dysbiosis of the gut microbiota contributes to the 

development of colorectal cancer. A recent study investigated the metatranscriptome data 

obtained from colorectal cancer and control tissues, demonstrated that Campylobacter 

species, predominantly C. showae, coaggregate with Fusobacterium and Leptotrichia 

species (Warren & al, 2013). This finding is of particular interest because previous 

studies have shown that Fusobacterium species are overrepresented in colorectal tumors 

compared to control specimens) reported a specific microbial profile, characterized by 

significant increases in Bacteroides, Enterococcaceae, Fusobacterium, and  

Campylobacter species. Although these studies provide an indication that Campylobacter 

species are present in patients with colorectal cancer, further studies will be required to 

determine if any relationship between Campylobacter and the development of colorectal 

cancer exists.  
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In addition to gastrointestinal infection, Campylobacter species also cause a range of 

clinical manifestations in other parts of the body. These manifestations include 

GuillainBarré syndrome, brain abscesses and meningitis, bacteremia, sepsis, endocarditis 

and myocarditis and reactive arthritis. The clinical importance and epidemiology of these 

extra gastrointestinal manifestations as a result of Campylobacter infection are discussed 

in the following sections (Kaakoush & al, 2015).  

  

The Guillain-Barré syndrome (GBS) is an ademyelating disorder resulting in acute 

neuromuscular paralysis and is a serious sequela of Campylobacter infection. GBS is a 

neurologic condition characterized by a progressive symmetrical weakness in the limbs, 

with or without hyporeflexia, which can also affect respiratory and cranial 

nerveinnervated muscles (van Doorne, 2008). An estimated one case of GBS occurs for 

every 1,000 cases of campylobacteriosis. GBS is a postinfectious disease, and the major 

source of this disease is C. jejuni infection, where annual rates of GBS and 

campylobacteriosis cases are in direct correlation. Furthermore, studies have shown that 

there is a significant correlation between the rate of campylobacteriosis and reports of 

GBS (Jackson & al, 2009). The underlying mechanism of the nerve damage associated 

with GBS is reported to be due to cross-reactivity between antibodies produced in 

response to C. jejuni lipooligosaccharide (LOS) and human gangliosides, such as the 

GM1 ganglioside (Jackson & al, 2009).  
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One of the most common extra gastrointestinal manifestations of Campylobacter species 

is bacteremia, which is predominantly associated with C. jejuni, C. coli, and C. fetus 

infections (Ajene & al, 2013). Campylobacter species, mainly C. jejuni and C. fetus, have 

also been found to be highly correlated with a range of cardiovascular diseases, including 

endocarditis, myocarditis, pericarditis, atrial fibrillation, and aortitis. Reactive arthritis is 

another form of sequelae, which can cause arthritis in a patient ages 30 to 50 following 

gastrointestinal infections. This condition can affect joints, such as knees and ankles, as 

well as the eyes and the genital, urinary, and gastrointestinal systems. Among a total of 

63,206 patients infected by Campylobacter, 573 developed reactive arthritis, generating 

an incidence rate of 9 reactive arthritis cases per 1,000 cases of Campylobacter infection  

(Ajene & al, 2013).  

  

The potential burden of long-term health complications attributed to these diseases is 

important in considering the high worldwide incidence of campylobacteriosis. Even using 

the low estimates for the proportion of cases that develop reactive arthritis, IBS or GBS, 

there is the potential for many sequalae cases yearly in Canada alone. Considering the 

severity of these associated health complications is urgent as they could have a 

considerable negative effect on the quality of life and add a significant burden on health 

care systems worldwide.  

  

 1.7  Antimicrobial Resistance  

Antibiotics have been indiscriminately used in animal production for decades in order to 

control, prevent and treat infections and enhance animal growth (Rožynek et al., 2008). 

This approach has led to a dramatic increase in antibiotic resistance in several human 
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pathogens that originate from domesticated animals, including Campylobacter species. 

There is strong evidence to support the observation that fluoroquinolone use in food 

animals is associated with increased numbers of infections with resistant strains of 

Campylobacter in humans. For example, therapeutic fluoroquinolone administration to 

poultry has selected for ciprofloxacin-resistant C. jejuni in poultry (Gupta & al, 2004). 

However, an increase in antibiotic resistance in Campylobacter isolates from poultry is 

not restricted to C. jejuni. Many studies have shown the dominant source of resistance 

was C. coli irrespective of the antimicrobial agents tested although the results vary based 

on the source and the type of production (Qin & al, 2011).   

  

The rate of macrolide resistance has been found to be high in C. coli isolates from pigs 

and poultry. In fact, the use of tylosin, erythromycin, and tilmicosin is considered a major 

driving factor of resistance to macrolides in pigs (Juntunen & al, 2011). While antibiotic 

use in agriculture is still commonplace in many countries, a number of countries have 

implemented bans on the nonmedicinal use of antimicrobials in livestock. Results from 

these attempts have shown a wide array of variability in the degree of success and so 

further research is needed to elucidate the propensity for the resistant bacteria to phase 

out of the population once the selective pressure is gone.  

  

1.7.1  Antimicrobial Resistance Profiles Derived from Sequence Data  

In Campylobacter spp., as in other Gram-negative bacteria, the main mechanism of 

fluoroquinolone resistance is chromosomally mediated through mutation of gyrA by 

variation of threonine to isoleucine at position 86. Campylobacter spp carrying the T86I 

mutation in the A subunit of DNA gyrase can persist in the absence of antimicrobial 
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selection pressure. Furthermore, other resistance-associated mutations include T86K, 

A70T and D90N, which are less common and do not confer FQ resistance as high as that 

observed for the T86I mutation. In addition to the mutations in GyrA, the multidrug 

efflux pump, CmeABC, also contributes to FQ resistance by reducing the accumulation 

of the agents in Campylobacter cells (Zhang & al,2009). In Campylobacter spp., 

resistance to tetracycline is primarily mediated by a ribosomal protection protein (TetO) 

that is transferred as a plasmid-encoded gene (Padungton & al, 2003). Resistance to 

ampicillin and other beta-lactams is widely reported among Campylobacter spp. isolated 

from humans and poultry (Grigs & al, 2009). Resistance to beta-lactams in 

Campylobacter spp. can be mediated by OXA-61 beta-lactamase, which is encoded by 

the blaOXA-61 gene, but other beta-lactamases also exist and the mutations that may 

cause resistance are still unknown (Alfredson & al, 2005). Gentamycin is the one of the 

only alternatives to fluoroquinolones and macrolides, for systemic infections caused by 

Campylobacter spp. (Aarestrup and Engberg, 2001).  

Aminoglycoside (gentamicin) resistance occurs through the presence of genes including 

aph(2”)-IF, aac/aphD, aph(2”)-Ig and aacA4 (Hong & al, 2017). High-level macrolide 

resistance is mediated through mutation of the 23S rRNA by the nucleotide change at  

A2075G (Padungton & al, 2003).  

  

The increasing rate of human infections caused by overuse of antibiotics in the Canadian 

food chain causes further burdens on the health system and it is difficult to predict the 

impact of multi-drug resistant strains which might impose far greater problems in the 

future. In fact poultry contaminated with C.coli and C. jejuni strains already show 
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resistance to multiple antibiotics, such as macrolides and fluoroquinolones, tetracyclines 

and aminoglycosides. The prevalence of these strains in humans in Canada are still 

relatively low for most antibiotics at around 10%, although resistance to tetracycline still 

resides close to the 50th percentile (PHAC, 2016). It is still important to note that any 

increases in these strains could impact the rate of human disease (Qin & al, 2011). These 

concerns are validated given that infections with Campylobacter species which are 

resistant to antibiotics have been associated with a longer duration of illness, an increased 

risk of invasive disease and death, and increased health care costs (Nelson & al, 2004).  

  

 1.8  Pathogenesis  

Campylobacter jejuni strains can recombine and readily take up DNA through horizontal 

gene transfer, resulting in high genetic diversity (Young et al., 2007). Because of this 

genetic diversity, C. jejuni expresses a wide variety of toxins and genes depending on the 

host, the surrounding microbiota and their own genetic background. Virulence 

mechanisms have not yet been clearly elucidated for Campylobacter spp. probably due to 

the lack of a distinctive pathogenic profile between it and other pathogens (Dastia et al., 

2010). However, the next few paragraphs will detail the known mechanisms which allow 

for infection as well as their relative roles.  

  

Cytolethal distending toxin (CDT) is widely distributed among Gram-negative bacteria 

(Ge et al., 2008). In Campylobacter spp, it has been described as an important virulence 

factor (Asakura et al., 2008).  The CDT holotoxin is composed of three subunits encoded 

by cdtA, cdtB and cdtC, which can causes eukaryotic cell death by preventing the cell 
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from entering mitosis (Ge et al., 2008; Zilbauer al., 2008). The roles of CdtA and CdtC is 

the essential step of delivery of CdtB into the host cell (Lara-Tejero and Galan, 2001). 

The toxins do this by binding to the cell membrane and allow for the CdtB active subunit, 

to induce DNaseI-like activity, which subsequently damages by the DNA by inflicting 

double strand breaks. induces host DNA damage by breaking its double strand (Ge et al., 

2008). According to some authors, the cdt gene clusters are ubiquitously distributed in C. 

jejuni and C. coli in a species-specific manner (Asakura et al., 2008). Other virulence 

secretion systems are an important aspect of the overall pathogenicity. Systems such as 

type III (T3SS), type IV (T4SS), and type VI (T6SS) secretion systems – encoded by 

flhB, virB11, and hcp, respectively – which transport protein toxins from the bacterial 

cytoplasm into the host or transport extracellular factors (Koolman et al., 2015).  Besides 

the direct expression of toxin genes, such as cdt, C. jejuni has multiple other factors that 

determine pathogenicity, such as those that affect motility, chemotaxis, adhesion and 

cellular invasion (Bolton, 2015).  In particular, hcp (hemolysin co-regulated protein), 

which encodes the T6SS, was recently found to play roles in virulence by influencing cell 

adhesion, cytotoxicity toward red blood cells, and colonization (Harrison et al., 2014). 

Another study has shown that patients infected with hcp-positive C. jejuni develop 

bloody diarrhea more frequently than patients infected with hcp-negative C. jejuni 

(Harrison et al., 2014). As a microaerophilic microbe, Campylobacter is susceptible to 

oxidative stress in the food-production chain, and thus studies of genes such as csrA, 

katA, sodB, perR, and htrA, which are involved in stress resistance, are needed to better 

understand the potential pathogenicity to hosts  (Kim et al., 2015). Flagella-mediated 

motility, bacterial adherence to intestinal mucosa, chemotaxis, cellular invasion 

capability has been also been identified as virulence factors (Guerry, 2007).   
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Research has shown that flagella are required for the colonization of the small intestine; 

after that it moves to the target organ, which is the colon (Guerry, 2008). Motility, which 

increases under highly viscous conditions, is essential for colonization of the small 

intestine (Guerry, 2007). Moreover, the role of flagella under different chemotactic 

conditions is essential for bacterial survival in the gastrointestinal tract (Jagannathan and 

Penn, 2005).The C. coli flagellum is composed of two highly homologous flagellins, flaA 

which is the major one, and flaB the minor one(Guerry, 2007). The flaA gene is regulated 

by promoter 28 while flaB gene is regulated by the dependent promoterσ54(Jagannathan 

and Penn, 2005). The flaA gene seems to be essential for the invasion of epithelial cells, 

since it has been reported that a mutation in this gene leads to a truncated flagellar 

filament which imposes a reduction in motility (Guerry, 2007). However, a mutation in 

flaB appears to have no significance compared with a structurally normal flagellum 

(Guerry, 2007). The flaA gene is responsible for the expression of adherence, 

colonization of the gastrointestinal tract and invasion of the host cells (Jain et al.,2008). 

In fact, it is believed that flagella possess another characteristic which is the ability to 

secrete non-flagellar proteins that may be associated with the virulence phenomenon 

itself (Poly and Guerry, 2008). In contrast, C. jejuni possesses a polar flagellum that is 

composed of O-linked glycosylated flagellin; a two-component system comprised of the 

sensor flgS and the response regulator flgR which are central for the regulation of the C. 

jejuni flagellum (Dastia et al., 2010).  

  

Many other bacterial genetic factors also contribute to the colonization of  
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Campylobacter. These include DnaJ (heat shock protein), CiaB (Campylobacter invasin 

antigen B), PldA (phospholipase A), CadF (Campylobacter adhesin to fibronectin), 

CmeABC (multidrug efflux pump), CmeR (a pleiotropic regulator), MCP (a 

methylaccepting chemotaxis protein), RpoN (sigma factor), the CPS locus (capsule 

biosynthesis proteins), the Pgl locus (protein glycosylation system), SOD (superoxide 

dismutase), Fur (ferric uptake regulator), a lipoprotein encoding gene, FucP (a fucose 

permease), CbrR (a bile resistance response regulator), and poly P (inorganic 

polyphosphate) (Dalton, 2015). The network of expressed genes involved in infection is 

likely far from completely resolved which suggests that more genomic studies are needed 

to advance knowledge on this particular subject.  

  

 1.9  Population genetics  

In order to understand genetic variation in Campylobacter, and its adaptation to different 

environments and antibiotics, we must look at the best methods for modeling its 

evolution. The study of population genetics focuses on the relative roles of processes 

such as mutation, recombination, population structure, natural selection and both the 

lateral and vertical transmission of genetic material. The last fifty years of studying these 

processes has brought about a strong body of work that can be used as a framework to 

investigate the rates and mechanisms underlying genetic variation in organisms. 

Advances in molecular typing has led to a renewed interest in elucidating the relationship 

between these processes since it is now possible to use large data sets consisting of core 

genomes and single nucleotide polymorphisms as a means of achieving high resolution 

and avoiding issues of small sample sizes.  
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The next few sections will provide a brief overview of some of the important population 

genetic models. One of the first models to introduce these notions was the Fisher Wright 

model which was conceived in 1930-1931 (Fisher, 1930). This model contains many 

assumptions such as a constant and finite population size as well as a freely panmictic 

population. Beyond these assumptions, the model also does not take into account 

numerous other factors such as selection, mutation, migration and overlapping 

generations (Tataru & al, 2016).  

  

The model can be defined so that we let A and a denote two alleles segregating at a locus 

in a given population. The Wright-Fisher model is a discrete-time Markov chain that 

projects the evolution of the count of one of these alleles in time. Let Xt be the count of 

the A allele in a population with N diploid individuals at generation t. The state space of 

this Markov chain is the set of possible counts of the A allele i.e. Xt {0,1,…,2N}. Each 

generation, a collection of alleles are sampled, with replacement, from the current 

population at generation t to form a new population at generation t+1.This process 

describes the binomial sampling of alleles each generation gives the probability transition 

matrix for a Makov Chain which can then be used to measure the probability of 

transitioning from an allele count of i, at generation t−1, to an allele count of j, at 

generation t, can be computed from binomial probability mass function with size 2N and 

success probability being equal to the frequency of the A allele at time t−1. This process, 

the Wright-Fisher model, provides a baseline for studying how other evolutionary forces 

can affect this relatively basic model.  
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Population genetics can also be understood through the lens of coalescent theory, which 

studies the reverse-time process by which all alleles at a locus coalesce together into a 

common ancestor. The two seminal papers by Kingman (1982a, 1982b) showed that the 

joining of lineages can be explained through a mathematical method which he named the 

n-coalescent. The coalescent model considers the evolutionary processes backward in 

time where each allele is comprised of a given number of coalescing events. This 

procedure is used until all lineages have fused into a final lineage that is considered to the 

most recent common ancestor. Kingman described the original model as a combination of 

three insights. The first is the possibility of tracing back the ancestry of genes,   

the second is that the structure of the genealogy does not depend on reproductive 

mechanisms, and finally that the coalescent treats mutations as statistically independent 

from the resulting genealogy.   

  

The coalescent theory has been so far been mostly employed in applications to eukaryotes 

since the major model organisms for population genetics research have historically been 

eukaryotes, such as Drosophila and humans (Clark, 2007). The coalescent theory has also 

shown in more recent times to be applicable to bacteria by providing powerful framework 

for analyzing patterns in sampled DNA sequences.  

  

 1.9.1  Genetic Drift, Mutation Rate and Selection  

Kimura (1967) postulated that most of the variation observed in organisms is neutral – 

that is, that most segregating mutations have little to no impact on fitness (Futuyma, 

2015). When under selectively neutral conditions, one of the main effects which drives 
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evolution is genetic drift. Genetic drift is a process in which allele frequencies within a 

population change by chance alone because of sampling error from generation to 

generation (Whitney and Garland, 2010). In other words, genetic drift is a random 

process that can lead to genetic alterations in populations over a period of time. Random 

drift is increased in small populations, or as a result of severe reductions in population 

size called bottlenecks and founder events where a new population starts from a small 

number of individuals. Drift is common in populations that undergo regular cycles of 

extinction and colonization. Genetic drift, once quantified, allows for a baseline by which 

it is possible to distinguish loci that are under selection (Whitney and Garland, 2010).  

However, for the role of genetic drift to be quantified, the researcher must also estimate 

the rate of this drift so that proper conclusions can be drawn about the likelihood of the 

degree of polymorphisms caused by this force. These polymorphisms can be considered 

to have a potential impact on the fitness of the organism if a new allele is subsequently 

fixed in the population.   

However, the chance of fixing an allele due to genetic drift depends on the effective 

population size as well as the frequency distribution of alleles at a locus. For the allele to 

be considered completely fixed, this allele must present at a frequency of 1.0, so that all 

individuals in the population have the same allele at a locus. Large effective population 

sizes and a uniform distribution in allele frequencies tend to decrease the probability that 

an allele will become fixed (Kuo & al, 2009). Rare alleles, on the other hand, are at a 

disadvantage in the process of genetic drift. Low-frequency alleles face a higher 

probability of extinction under a scenario of pure genetic drift (Kuo & al, 2009).  
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 Another important process to characterise in population genetics is the mutation rate. In 

general, the mutation rate in unicellular eukaryotes (and bacteria) is roughly 0.003 

mutations per genome per cell generation. This is the lowest mutation rate observed in 

nature so far, being about 75× lower than in other eukaryotes with a similar genome size, 

and even 10× lower than in most prokaryotes. Noting that the vast majority of mutations 

are deleterious, it was proposed that mutator alleles are indirectly selected against through 

associations with the detrimental alleles that they generate elsewhere in the genome 

(Lynch, 2016). Under this view, a new mutator allele progressively acquires an excess 

equilibrium mutation load that is defined by the opposing forces of mutations, selection 

and recombination. As discussed, some genomic properties can also have very localized 

effects on the mutation rate. Because of this it is important to apply mathematical 

approximations of mutation rate through estimations from whole genome sequences or 

through laboratory methods such as the mutation accumulation experiment.  

A principle of population genomics, that neutral loci follow a consistent distribution and 

loci influenced by selection can be detected as outliers, applies to measures of variability 

within populations as well as differentiation between populations. When selection fixes a 

new advantageous allele, genetic diversity in the surrounding sequence is reduced 

through a selective sweep (Lynch, 2016). This selective sweep causes a shift in the 

distribution of allele frequencies by increasing the proportion of the swept allele and its 

linked loci. These events are detectable by measures such as Tajima’s D that are sensitive 

to the abundance of rare substitutions relative to overall molecular diversity, and on 

linkage disequilibrium (Kornelussien & al, 2013).  
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Many statistics are used as a measure of divergence from neutrality. For example, the 

fixation index (FST) is expected to be drawn from the same distribution for all neutral loci 

and is determined by the balance between mutation, drift and gene flow (Sheppard & al, 

2018). Therefore, loci under divergent selection in different populations are expected to 

have higher FST, with the actual value dependent on the strength of selection but higher 

than the neutral expectation. Neutral loci closely linked to loci under selection will also 

have higher levels of divergence (Sheppard & al, 2018). In this study, the availability of 

numerous markers allows for detection of genomic regions influenced by selection 

because these loci will have outliers when compared to the neutral distribution. This logic 

can be applied to a number of other statistics that informs the separation of markers into 

two categories, neutral or influenced by selection and provides a means by which 

candidate regions of local adaptation can be identified.   

To understand the degree to which selection can influence diversity, it must be 

appreciated that whenever a selection coefficient drops below the power of random 

genetic drift, evolution enters the realm of effective neutrality. This points to the 

conclusion that there arises a stochastic balance of power between selective advantage, 

random genetic drift, and/or biased mutation pressure towards mutators (Lynch, 2012). If 

this hypothesis is correct, the very process that is necessary to produce adaptive 

mutations is selected against, with the drive for evolution in bacteria simply being an 

emergent result of a flawed process.  
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 1.9.2  Population size and structure  

Population dynamics also play a large part in determining the evolution of a population, 

such that the size and the number of distinctive subpopulations often explains the 

taxonomic diversity found within a genus. For example, organisms with large effective 

population sizes (Ne) evolve under effective selection, preventing most deleterious alleles 

from reaching fixation in the population, and those with small Ne are more susceptible to 

genetic drift, whereby alleles can sometimes reach fixation irrespective of their adaptive 

value. Like other traits, the structure of genomes is shaped by selection and drift, such 

that organisms with smaller Ne accumulate weakly deleterious sequences, such as mobile 

elements, intergenic DNA, and introns (Rocha EP, 2010). Conversely, in species with 

large Ne, deleterious sequences have a low probability of reaching fixation through 

stochastic processes and are eliminated by selection. Thus, the genomes of species with 

large Ne would be expected to have enough purifying selection to avoid fixing 

deleterious mutations. For these reasons, Ne is believed to be a main parameter driving 

the evolution of genome size and overall diversity in bacteria (Kuo, 2009).  

  

Multiple forces contribute to differences in Ne across organisms. Naturally, population 

size and its fluctuation over time are the primary determinants of Ne. Population 

substructure can reduce Ne since divergence between bacteria has been shown to reduce 

the likelihood for genetic exchanges. However, the determinants of Ne remain largely 

unanswered for bacteria. Whereas microbes often reach enormous census population 

sizes, estimates of their effective population sizes are usually many orders of magnitude 

lower (Coe & al, 2014). This discrepancy between predicted and observed population 
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sizes suggests that demographic fluctuations and other mechanisms of genetic exchange 

also contribute their genetic diversity.  

  

Because of the relationships mentioned above it is also important to estimate population 

size and population subdivision. Estimating the effective population sizes of bacterial 

species has been considered challenging for several reasons. For example, mathematical 

methods used to estimate Ne rely on segregating alleles at neutral sites, which allows for 

erroneous conclusions due to the risk of misidentifying strictly neutral sites. Moreover, 

the effects of selection are time-dependent, which suggests that Ne estimates should 

consider adjusting for divergence time. Furthermore, due to clonality and genomic 

linkage, both background selection against deleterious alleles and selective sweeps of 

beneficial alleles result in a loss of diversity. These processes also have a strong impact 

on most common estimators of Ne in recombining organisms (Price & al, 2015). Finally, 

Ne estimates also depend on the population in question, in this case Campylobacter 

where the delineation of the phylogeny between the two most pathogenic species e,g, 

C.coli and C. jejuni and their main subtypes have been known to cause difficulties since 

recombination between these individuals are possible (Sheppard & al, 2008).  

  

 1.9.3  Recombination and Lateral Gene Transfer  

Bacteria are organisms that have a mostly clonal nature although they occasionally 

exchange fragments of DNA with one another. This genetic exchange can be separated 

into two categories, nonhomologous and homologous recombination (Vos 2009). 

Nonhomologous recombination occurs when a novel segment of DNA from the donor 
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cell is inserted into the genome of the recipient cell. On the other hand, homologous 

recombination happens when the genetic material from the donor cell replaces its 

homolog in the genome of the recipient cell. In homologous recombination, the recipient 

cell then replaces the homologous section of its DNA with the foreign DNA segment. 

The general mechanisms of homologous recombination are common to all organisms 

studied to date. It involves a central step of strand-invasion and strand-exchange 

catalyzed by RecA or a similar homolog (Veaute & al, 2005). RecA is ubiquitous and 

highly conserved in sequence. Strand exchange is preceded by the action of enzymes. 

These presynaptic enzymes act on DNA to render it accessible to RecA and thus allow 

the formation of a RecA filament, which is single-stranded DNA covered with RecA 

molecules. The steps that follow strand exchange and result in the formation of a viable 

recombinant molecule are termed postsynaptic and are mainly the resolution of the 

recombination intermediate made by RecA (Veaute & al, 2005).   

  

Many hypotheses have been formulated to explain the evolutionary benefits of 

homologous recombination. The DNA repair hypothesis states that foreign DNA serves 

as a template to repair double-stranded breaks. According to another hypothesis, 

incorporation of foreign DNA in the genome is a by-product of the uptake of DNA for 

metabolism (Redfield, 2001). Third, by allowing allelic recombination between closely 

related strains, it assorts adaptive mutations and purges deleterious mutations hitchhiking 

with them. Finally, intrachromosomal homologous recombination between large repeated 

regions can be adaptive, allowing the generation of genotypic diversity (Hanage & al,  

2006).  
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Recombination has been shown to be a fundamental driver of bacterial evolution and has 

been implicated in the acquistion of antibiotic resistance (Chang & al, 2015). Due to the 

importance of recombination, a variety of methods have been developed to estimate the 

parameters of bacterial recombination from sequence data. These approaches vary greatly 

in their methodology and their ability to employ the large sequencing datasets. These data 

sets generally require assemblies with reliable depths and coverage so that a reliable 

genome can be produced. Most basic exploratory methods use Bayesian and maximum 

likelihood methods to generate a phylogeny. However, ignoring recombination altogether 

when reconstructing a bacterial phylogeny is likely to be misleading. This is due to the 

fact that recombination causes different sites in the genome to have different inheritance 

histories so that different genes might vary and form a mixed ancestry (Didelot & al, 

2010).  

One of the main ways by which recombination in bacteria is quantified is through 

estimations of linkage disequilibrium (LD), which can be defined as the non-random 

association between loci. LD between a pair of sites is expected to decrease as more and 

more recombination events affect exclusively one or the other site, so that LD is often 

correlated to the physical distance between pairs of sites. In bacteria on average LD 

decreases down when pairs of sites are considered that are farther and farther away from 

each other on the genome (Fearnhead & al, 2005). Another important quantification is 

homoplasy, which is said to occur when given a known tree, a site could not have arisen 

without either recombination or repeat mutation (Hedge & al, 2014). The probability of a 

site being homoplasic increases with the number of recombination events affecting the 

site. For this reason, homoplasy is commonly used as an indicator of the prevalence of 
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recombination. Incompatibility between pairs of sites is often used to identify 

recombination events (Hedge & al, 2014).   

Another approach to identify homologous recombination events and rates from sequence 

data is to apply the coalescent with gene conversion. This is possible since prokaryotes 

have circular chromosome which requires double crossover event to exchange a DNA 

fragment, so that recombination can be considered as an event analogous to meiotic gene 

conversion. This method then estimates the relative probabilities that a nucleotide is 

changed as the result of recombination relative to point mutation (r/m), which is a direct 

measure of the relative impact of recombination on sequence diversification (Didelot & al 

,2010).  

Lateral gene transfer (LGT) can also contribute to genetic variation in bacterial genomes. 

LGT is common in most species including the Campylobacter genus and follows two 

requirements. First, a DNA donor achieves delivery of genetic material into the recipient 

cell. Second, the acquired sequences must then be transcribed either by incorporation into 

the recipient's genome or through other autonomous mechanisms of replication. These 

two steps are largely indiscriminate regarding the new properties encoded by the 

transferred genes. In this manner there are three main mechanisms which are known to 

occur in Campylobacter: transformation, transduction and conjugation (Gardner & al, 

2012).  

Transformation can be defined as the uptake of genetic material from the environment 

and has the potential to transmit DNA between very distantly related organisms. Novel 

genetic material can be also introduced into a bacterium by a bacteriophage that has 
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replicated within a donor microorganism and contains genetic fragments. The likelihood 

for successful transduction is itself dependent on the microorganisms and whether its 

receptors are recognized by the bacteriophage (Sheppard & al, 2015). Like 

transformation, transduction does not require donor and recipient cells to be close in 

space and time. In fact, phage-encoded proteins not only mediate the delivery of 

doublestranded DNA into the recipient cell but can also cause the incorporation of DNA 

into the genome. The final mechanism, conjugation, involves physical contact between 

donor and recipient cells and can mediate the transfer of genetic material between 

microorganisms.  

In most cases, DNA is transferred from a donor to a recipient strain by either a 

selftransmissible or mobilizable plasmid (Sheppard & al, 2015).  

Through these mechanisms, genetic material from eukaryotes and microorganisms can be 

transferred to, and between, bacteria (Lefébure & al, 2010). The availability of complete 

core genomes provides an opportunity to measure and compare the cumulative amount of 

laterally transferred sequences in diverse bacterial genomes. Naturally, our study will 

focus and bias towards genes which impart pathogenic and antibiotic resistance on the 

recipient organism. Potentially foreign genes are identified by the presence or absence of 

certain single nucleotide polymorphisms, after correcting for genes whose variations are 

solely due to genetic drift. Bacterial species display a wide degree of variation in their 

overall GC content, but the genes in a particular species genome are fairly similar with 

respect to their codon bias and other summary statistics (Thomas & al, 2005). 

Consequently, sequences that are new to a bacterial genome, in other words, those 

introduced through lateral gene transfer, retain the sequence characteristics of the donor 
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genome and thus can be distinguished by reconstructing the ancestral sequences. 

Therefore, although gene comparisons and their phylogenetic distributions are useful for 

detecting lateral transfer, the DNA sequences of each gene have the potential to provide a 

unique origin and ancestry within a genome based on the likelihood of an LGT event at a 

given loci (Thomas & al, 2005).   

 1.9.4  Inference of population genetic parameters  

Population genetic parameters can be inferred from genome-wide datasets using a 

number of software packages, including ClonalFrame, Bacter and FastSTRUCTURE.  

  

ClonalFrameML, involves the estimation of the clonal genealogy of the C. jejuni whole 

genomes. The ClonalFrame software attempts to reconstruct this tree of clonal 

relationships between isolates by detecting the location of recombined regions on each 

branch. The second approach, fastSTRUCTURE, allows for the resolution of the 

population structure and effective population size based on the single nucleotide 

polymorphisms of whole genomes. This is done through variational Bayesian inference. 

The last model BACTER, attempts to infer a bacterial recombination graph and 

associated parameters. The algorithm uses a novel Bayesian Markov chain Monte Carlo 

algorithm to perform phylogenetic inference under by taking accounting for a clonal 

frame model while also applying gene conversion events.  
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Chapter 2: Methods  

  

 2.1   Data Curation, Assembly, and Annotation  

The data set used for this study was provided by the Taboada group at the Public Health  

Agency of Canada (PHAC) and is composed of 2346 bacterial isolates sequenced on the 

NextSeq platform and assembled using the Unicycler pipeline (Wick & al, 2017). This 

method of assembly uses an optimized version of the SPAdes algorithm which is 

commonly used in assembling bacterial genomes (Bankevich & al, 2012). The study was 

then conducted by using multiple schemes to analyse the sequence data. First as a 

preliminary analysis, we assigned an MLST subtype to each isolate using the PubMLST 

online resource. This scheme of eight essential genes allows for an accurate assignment 

of species and targets some of the most well characterized genetic variation. Following 

the preliminary analysis, a core genome of C. jejuni which consisted of 736 genes from 

1790 assemblies was created. The other assemblies were excluded from the downstream 

analysis although their assemblies were scanned for presence of antibiotic resistance. 

Single nucleotide polymorphisms were then extracted from the core genome so that 

patterns of variation can be resolved.   

  

  

Figure 3. Broad overview of the steps involved in the curation of a population level bacterial data set.   
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The data obtained from the PHAC were first analyzed to ensure that all assemblies were 

derived from C. jejuni. This process was achieved through numerous different methods 

such as observations of the GC content, gene trees and taxa assessment. First, assemblies 

were examined for quality and for association to specific species using Quast and 

Bandage (Wick & al, 2015: Gurevich & al, 2013). This allowed us to exclude all 

assemblies which had a low NG50 statistic, as well as assemblies that were outside of the 

margin of a credible GC content, which in the case of C.jejuni is close to 31%. To 

further resolve the taxonomic differences so as to include only C. jejuni, gene trees were 

generated by using the neighbor joining maximum likelihood algorithm. Seven of the 

housekeeping MLST genes were used for generating the gene trees and outgroup clades 

were investigated to see which C. jejuni isolates were excluded from further analysis.   

  

With the remaining annotated genomes, the pipeline from the SuperCRUNCH set of 

python scripts (Figure 4) was used for several essential steps (Portik, 2020). First, a taxa 

assessment was made to ensure that the previous steps of filtering based on species had 

been entirely successful. Second, the loci were parsed so that all isolates could be 

separated based on specific genes. From this step I obtained over 3327 genes with a large 

variation in the number of copies of genes for each isolate. Considering the population 

level data, the retained sequences were then further selected by ensuring that each 

sequence in each parsed gene file was at least 100 base pairs in length and that it could be 

successfully translated. The sequences for each gene were then aligned using the MAFFT 

alignment software (Katoh & Standley, 2013). MAFFT was chosen to perform the 

alignments compared to other aligners due to its high accuracy and its low runtime 

considering the scale of the data set. Each alignment was then trimmed using trimAL to 
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remove all sites containing more than 30% gaps and to ensure that all sequences within 

the alignments were of the exact same length (Guttierez & al, 2009).   

  

From the resulting trimmed sequences, the core genome and the core and accessory 

genome for all 1789 remaining isolates were concatenated in FASTA and PHYLIP 

format for downstream analysis. The core genome was generated by removing all genes 

which were found in less than 95% of total isolates. The accessory genome was generated 

using the same filtering method with a lower threshold of conservation at 50%.  From the 

core genome alignment which contained 736 genes, it was possible to extract the single 

nucleotide polymorphisms (SNPs) using the snp-sites (Page & al, 2016)  program and 

then perform a quality analysis with SAMtools and BCFtools (Li & al, 2014).   

  

 2.2  Inference of Antimicrobial Resistance Profiles  

In order to identify antimicrobial resistance (AMR) determinants in the assembled 

genomes, I used StarAMR (Zankari & al, 2012, 2017: Cattaroli & al, 2014) to search 

three databases, Pointfinder, Resfinder and Plasmidfinder. Following the classification of 

resistance, it was then possible to use clustering methods to explore the potential for 

separation of the antimicrobial resistant isolates from the others. Pointfinder looks for 

point mutations in C. jejuni for the following genes: gyrA, 23S ribosomal protein, cmeR, 

rplV, rpsL which have known involvement in the formation of resistance to quinolones, 

macrolides, and spectinomycin. The second database used was Resfinder, another 

resistance detection software often used in combination with PointFinder which looks 

genes which are known for antibiotic resistance such as gyrA. Resfinder is useful for 
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detecting ampicillin, chloramphenicol, gentamicin, penicillin, sulfamethoxazole, 

streptomycin, tetracycline, trimethoprim and ceftiofur. Finally, the last software that was 

used is PlasmidFinder which focuses on databases which catalogue plasmids.   

  

From the results obtained by StarAMR it was then possible to test whether the isolates 

which contained antimicrobial resistance alleles could be classified from basic clustering 

methods into distinct populations. A number of different standardized clustering methods 

were used of various standardized methods of clustering such as the k-means method, the 

principal components analysis and hierarchical clustering. Although explaining the 

algorithms behind these methods is beyond the scope of this thesis it is important to note 

that all of the analyses were performed from the resulting distance matrix, which was 

obtained by applying the hamming distance to the core genome sequence alignment. 

These analyses served as a basis to form distinct groups from the set of isolates which 

could then be further demarcated by the estimation of population genetics parameters.  

  

 2.3  Descriptive Statistics  

As a means of better characterizing the core genome I utilized numerous tools to calculate 

summary statistics, some of which inform on deviations from neutral equilibrium. These 

statistics allow for a basic characterization of the genetic parameters of the C. jejuni 

population. In this context, basic statistics such as the number of bi and polyallelic sites 

as well as the number of gaps and the transition/transversion ratio were estimated. These 

characteristics provided metrics to evaluate the quality of the alignments so that any 

truncated sequences could be removed. One of the ways was to check the number of gaps 



   54  

in each alignment since truncated sequences often introduces several alignments. Other 

measures which have been shown to measure such as Tajima’s D, Fst, Fu Li F, and Fu Li 

D were estimated with the POPGENOME package (Pfeifer & al, 2014). Tajima’s D can 

be defined as the normalized difference between two measures of genetic diversity: the 

mean number of pairwise differences and the number of segregating sites, each scaled so 

that they are expected to be the same under neutral equilibrium (Tajima, 1983). Another 

statistic, the fixation index (Fst) is the proportion of the total genetic variance contained 

in a subpopulation (the S subscript) relative to the total genetic variance (the T subscript). 

Values are normalized so that a high degree of Fst implies considerable differentiation 

amongst populations. The statistics from Fu’s and Li’s work D can be defined as the 

differences between (he), the total number of mutations in external branches of the 

genealogy, and (h), the total number of mutations. On the other hand, F is defined as the 

difference between (hs), the  number  of  singletons (unique mutations within the 

alignment),  and  (k),  the  average  number  of nucleotide  differences  between  pairs  of  

sequences (Fu  and  Li , 1993). From these statistics it was possible to compare the 

between the genes involved in virulence, antimicrobial resistance, housekeeping genes 

and the core and accessory genome to test for a significant variation in their distributions.  

  

 2.4  Linkage Disequilibrium:  

Linkage disequilibrium (LD) can be defined as the non-random association of alleles in a  

given genome at any two or more loci. The term was coined by (Lewontin and 

Kojima,1960) who devised a series of equations to define the mathematical relationship 
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between the alleles in a given population. Since then, numerous other statistical methods 

of calculating LD have been proposed with different experimental aims.   

The most basic measure of LD is D, which is the difference between the frequency of 

gametes carrying the pair of alleles A and B at two loci and the product of the frequencies 

of those alleles which can be represented by the following equation:  𝐷𝑎𝑏 = 𝑃𝑎𝑏 − 𝑃𝑎𝑃𝑏 

(Lewontin, 1964). This equation can be extended for D to include any number gametes 

for the analysis of multiple loci. The final statistics which determine the significance of D 

is D’ where D is compared to the maximal possible value of D where 𝐷’ = 𝐷/𝐷𝑚𝑎𝑥. This 

final D’ value is now normalized to a range of -1 to 1 and inferences can be made about 

linkage when the values differ from 0 where 1 and -1 would represent a high linkage 

between allele A and B (Haubold & al, 1998). Another way of calculating LD and the one 

which will be implemented in this paper is r2 and the equation below gives a sense for 

how this variable is obtained. r2 is a correlation coefficient between 0 and 1 where the D 

value obtained from the aforementioned equation is normalized over the product of the 

frequency of gametes A and B multiplied by the difference of those same frequencies 

(Slatkin, 2008).   

  

Since the inception of the D and r2 statistics, more refined measures have been used to 

characterize linkage disequilibrium that rely on both the strength of association between 

each pair of loci and the frequency of mutant alleles at each locus. The overall genetic 

association between polymorphic sites can also be measured by the ZnS statistic (Kelly 

1997), which is the average of r2 (Hill and Robertson 1968) over all pairwise 

comparisons, where S is the number of polymorphic sites and ri,j is the r estimator (Hill 
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and Robertson 1968) between sites i and j. The effect of intragenic recombination on 

nucleotide variation was considered by analyzing the degree linkage disequilibrium 

between polymorphic sites in relation to their physical distance. The final two test 

statistics used in this study are, ZZ, that is defined as ZZ = ZA-ZnS where ZnS is the 

Kelly (1997) statistic. The ZA statistic is the average of r2 (Hill and Robertson 1968), but 

only between adjacent polymorphic sites. This choice of comparing adjacent loci to the 

average allows for a more accurate representation of linkage disequilibrium since LD 

decays with physical distance due to recombination events. Therefore, the ZZ statistic is 

expected to increase with the rate of recombination.  
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 2.5  Population genetic models:  

  

Figure 4. A more detailed overview of the workflow needed for the estimation of population genetics 

parameters.  

  

To have accurate estimates of the various population genetics parameters such as 

mutation rate, recombination rate, and the effective population size and structure, I used 

three software packages, ClonalFrameML, Bacter (a Beast package) and 

fastSTRUCTURE. The first model which was used to estimate the levels of mutation and 

recombination is ClonalFrameML (Didelot and Wilson, 2015). This program takes a 

multiple sequence alignment and a Newick phylogenetic tree with branch lengths, which 

is then to be the initial clonal genealogy. I inferred a phylogeny using RAxML using 
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parameters of the model, which closely resembles the fastTREE model (Stamatakis, 

2014). A dynamic programming algorithm is then applied for maximum-likelihood 

reconstruction of the set of all ancestral amino acid sequences in the initial phylogeny. A 

Baum-Welch Expectation-Maximisation (EM) algorithm is used to obtain maximal 

likelihood estimates of the recombination parameters and the branch lengths of the clonal 

genealogy. The maximum likelihood for each event of an imported gene segment is 

inferred at every site using a Viterbi algorithm. The algorithm is then iterated using a 

bootstrapping method to quantify the uncertainty in the model. The output then includes 

the ratio of recombination and mutation rates, the mean length of imports and the average 

distance of the recombined genetic imports.  

  

The second software which was used is fastSTRUCTURE, as a means of characterizing 

population structure and effective population size (Raj & al, 2014). This algorithm uses a 

method of Variational Bayesian (VB) inference that formulates the problem of computing 

multiple posterior distributions into an optimization problem. The central aim is to find an 

element of a tractable family of probability distributions, called variational distributions, 

that is closest to the true intractable posterior distribution. This is done by computing 

minimum of the Kullback–Leibler (KL) divergence between pairs of distributions p(x) 

and q(x). Furthermore, we observe empirically that this approximation achieves 

reasonably accurate estimates of lower-order moments (e.g., posterior mean and variance) 

when the true posterior is replaced by the variational distributions (e.g., when computing 

prediction error on held-out entries of the genotype matrix). For each simulated data set, 

we evaluate the accuracy of each algorithm using two metrics: accuracy of the estimated 
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admixture proportions and the prediction error for a subset of entries in in the genotype 

matrix that are held out before estimating the parameters. The output of the program can 

then be used to visualize the different populations and their level of admixture.  

  

The last package which was used in this study is BACTER, a program that specifically 

tries to improve on modeling the recombination rates in bacteria through ancestral 

recombination graphs (Vaughan & al, 2017). This mathematical concept was also 

recently applied by Ansari and Didelot (2014), who exploit the Markov property of the 

model with regard to the active conversions at each site along an aligned set of sequences 

to enable rapid simulation under the model. These simulations were used in an 

approximate Bayesian computation scheme (Beaumont et al. 2002) to infer the 

homologous recombination rate, tract lengths, and scaled mutation rate from full genome 

data, as well as to assess the degree to which the recombination process favors DNA from 

donors closely related to the recipient. Bacter on the other hand specifically focuses on 

applying a Bayesian method for jointly reconstructing the ancestral recombination graph, 

the homologous conversion events, the expected conversion rate and tract lengths, and the 

population history from genetic sequence data. Their approach assumes the  

ClonalOrigin model of Didelot et al. (2010), extended to allow for the piecewise-constant 

or piecewise-linear variations in population size. The algorithms use a MCMC algorithm 

which implements a carefully designed set of proposal distributions to make traversing 

the vast state space of the model tractable for practical applications. Unlike earlier 

methods, the algorithm jointly infers the clonal genealogy so that the inference is a 

single-step process. This has several advantages such as improving the quality of the 
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resulting uncertainty estimates when phylogenetic signal is low and allowing the 

phylogeny to be inferred under a more realistic model of evolution which takes into 

account homologous gene conversion. In addition to the inference method, researchers 

used a basic technique for summarizing the sampled ARG posterior based on a previous 

method (Heled and Bouckaert 2014). This allows for an accurate summary of the 

phylogeny which includes well supported conversion events.  
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Chapter 3: Results  

 3.1  Quality Filtering  

I implemented several quality control measures to ensure that all subsequent analyses 

used high quality C. jejuni genomes. These genomes were obtained from various sources 

from all across Canada with regions including Ontario, Alberta, Saskatchewan, Midwest, 

Atlantic, Quebec and British Columbia. Furthermore, it is important to note that these 

isolates were sequenced over a period of multiple years ranging from 2016 to 2019. 

Analysis of GC content indicated that some of the assemblies were inconsistent with C. 

jejuni, due to GC contents substantially higher than 31% (Figures 5 and 6). Figure 5 

shows the GC content for all the contigs from all of the assemblies included in the 

original data set provided by PHAC. The results are largely consistent with the expected 

value of GC in the desired species C. jejuni. The histogram shows that %GC for the 

majority of assemblies falls within 30% to 31%. Measuring the GC content is a good 

measure to infer which of the assemblies might be excluded from further analysis. Figure 

6 shows the occurrence of the assemblies which had above the 35% GC threshold that 

was used to further examine these sequences. These assemblies show a large variation in 

their GC content which suggest contamination of the samples by other bacteria. BLAST 

searches using genes from suspect assemblies found hits to other genera, such as 

Bacteroides and Shigella, as well as other species of Campylobacter.  

These 557 assemblies were subsequently removed from the analysis.   
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Figure 5. 2346 bacterial assemblies and their GC content.   
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Figure 6. The 36 bacterial assemblies with GC content above 35%.  

  

Several statistics are commonly used to evaluate the quality of the assemblies so that only 

informative contigs and scaffolds are used in the analysis. One of the main statistics 

derived from assemblies is NG50 which describes the assembly in terms of its contiguity. 

NG50 is the length for which the collection of all contigs of that length or longer covers 

at least 50% of the estimated genome length based on the reference assembly  

NCTC11351. This was also calculated at the 75% percent threshold as is seen from figure  

7 which shows the NG75 statistic. The last statistic which is incorporated in this study is  

the L50 (figure) which is defined as the number of contigs equal to or longer than NG50.  
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In other words, L50, is the minimal number of contigs that cover half the assembly.  

Figure 7. Histogram of the NG50 statistic of all 2346 assemblies evaluated.  

 

  

Figure 8. Histogram of the L50 statistic of all 2346 assemblies evaluated.  

  

 3.2  Core and Accessory Genome analysis   

Protein-coding genes were predicted using Prokka. A total of hundreds of thousands of 

genes were predicted for all the 2348 assembled genomes. Among these genes, it was 

possible to select all genes which belonged to C. jejuni based on the approach outlined in 

the methods section which consisted of selecting genes obtained from the superCRUNCH 

pipeline. This allowed for 1234 genes to be selected and aligned using MAFFT. From 

these aligned sequences a further subset was devised based on the number of individuals 

in each alignment so that only alignments, which contained 95% of the isolates used in 

the set, would be chosen for further analysis. Although there are many genes which were 

found multiple times in some assemblies, suggesting gene duplication or assembly 
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artifacts, only one gene for each locus was chosen per isolate. It is important to note that 

this selection may have introduced bias in the downstream analysis. Some of the genes 

which are most likely affected by this deletion of repeats are flagellum related genes since 

they are known for being repeated due to their importance in mobility, adherence, and 

pathogenesis. Finally, we chose the 736 core genes which passed the filtration method 

described above. These genes were then concatenated for downstream analysis. The 1789 

concatenated genomes which remained after several steps of filtering only contained two 

of the sources found in the original set, humans and chicken while all other animals such 

as cattle and pigs were unknowingly excluded based on the filtration steps described 

above. In fact, most of the isolates present in the downstream analysis, 87%, were 

sampled from chicken while the human isolates accounted for around 9%, while the rest 

are unknown.  

  

 3.3  Presence of antimicrobial resistance  

A number of antimicrobial resistance genes were identified in the assemblies (figure 9). 

1674 assemblies were predicted to encode genes for ampicillin resistance, which proved 

to be the most common occurrence of resistance from the strains. It was also shown that 

tetracycline resistance is found in more than half of the assemblies due to the presence of 

the tetO gene. Various other resistances were found from searching all assemblies against 

the Resfinder, PlasmidFinder and PointFinder databases, such as kanamycin, 

streptomycin, clindamycin, erythromycin, and others. For the purposes of this study, 

ciprofloxacin I/R, nalidixic acid resistance which is caused by the I86T mutation in gyrA 

is particularly relevant since it was the only marker which was present in any of the 
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isolates selected for the core genome.  Appendix A shows the names and the mutation 

present for each of the resistant isolates as well as their location on the phylogenetic tree 

produced by raxML (figure 11). Figure 10 on the other hand shows that most of the 

isolates present in the downstream analysis had numerous markers of antimicrobial 

resistance ranging from 1 to more than 5. This suggests a high prevalence for AMR in the 

observed sequences which reinforces the need for further investigation into the origins 

and propagation of these alleles and plasmids.  

  

  

Figure 9. Prevalence of antimicrobial resistance in isolates from Southern Alberta obtained from 

scanning against the star-amr databases.  
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Figure 10. Number of Antimicrobial Resistance Markers per isolates in the subset of 1789 core 

genomes.  

  

 3.4  Phylogenetic reconstruction of C. jejuni  

To explore the diversity of Campylobacter genomes, we conducted phylogenetic 

reconstruction based on the core genome alignments for all collected Campylobacter 

genomes in order to provide an overview of relationship between the isolates. As shown 

in figure 10 and 11, the Campylobacter jejuni genus exhibits genomic differences at the 

species level since it is possible to observe multiple different clades. The low resolution 

between the different clades suggests that more analysis is required to elucidate the 

relationship between the core genes of C. jejuni. This could potentially be done by using 

alternative methods such as an expanded core genome or a pan genome. A total of 
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744954 sites were used for generating this phylogeny, accounting for close to 45% of 

each genome. A good number of the first few branches showed good bootstrap support 

values although they decreased in quality as they go down the tree. As expected, the 

resolution of the ClonalFrameML tree within the C. jejuni was higher than that of raxML  

tree.  

  

It is also interesting to note that the fluoroquinolone resistance strains (FQR) seemed to 

cluster mostly in one main groups with a few exceptions. For example, in both trees 

below it is possible to observe that there is a large clade which includes a majority of all 

isolates which are FQR. This suggests that generating a tree containing only the FQR 

isolates would provide insight into the differences between the large cluster and the few 

outliers found in other clades. The cluster of FQR isolates also suggests that these isolates 

share more than the mutation in Gyrase A since a single mutation would not be a strong 

enough genetic signal to impact this phylogeny. Further research is required to see 

whether the source of the cluster is simply based on the T86I mutation in the Gyrase 

subunit A or if there are other linked markers.  
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Figure 11. Phylogenetic tree of the 1789 isolates and their core genome consisting of 736 genes. The 

phylogeny was generated from the raxML software. The red markers represent the isolates which 

were found to have resistance to fluoroquinolones.  
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Figure 12. Phylogenetic tree of the 1789 isolates and their core genome consisting of 736 genes. The 

phylogeny was generated from the ClonalFrameML software. The black markers represent the 

isolates which were found to have resistance to fluoroquinolones.  
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 3.5  Summary Statistics  

To gain information on levels and patterns of genetic diversity in C. jejuni, I estimated 

several summary statistics. This was done for three groups of genes. First, housekeeping 

genes, which are part of the multi loci sequence typing scheme, which were themselves 

chosen based on their essentiality to the organisms. Furthermore, housekeeping genes are 

also a part of the MLST scheme due to the fact that they are present in all organisms. 

These genes were chosen as comparison since they represent some of the most researched 

and known genes of the organisms so as to provide a baseline to compare to other loci of 

interest. MLST genes were chosen based on the expectation that they are unlikely to be 

subject to significant levels of positive selection. The second group is the whole of the 

core genome which is represented by the 723 genes that were not part of the MLST or 

known for virulence. I additionally selected a subset of 18 genes (Supplementary Table 2) 

found in the literature as being related to disease or colonization in C. jejuni. These 

genes, although they vary largely in their function and their impact on virulence, were 

chosen as a comparison to test whether it is possible to use summary statistics to 

differentiate between virulent genes and the other two groups.   

  

First, the number of segregating sites was found to vary largely between loci even after 

the exclusion of all sequences which had a length below the threshold of 95% of the 

mean length for each alignment. Because of this large variation I used another measure to 

normalize the segregating sites statistic by dividing by the length of the gene. Differences 

in mean S/L (the ratio of number of segregating sites to gene length; Figure 13) were 

evaluated using an ANOVA test. The descriptive statistic S/L was the only one to have a 

p value above the significance threshold. This supports the notion that virulence genes 
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have more segregating sites than the other core genes. On the other hand, the mean did 

not significantly differ between the groups for the statistic Tajima’s D with all group 

means close to 0. This indicates little to no deviation from expectations under neutral 

equilibrium for any of the groups under investigation. However, it is important to note 

that more outliers were observed for the virulence genes, which implies that if more 

power of the analysis was higher that the results might have differed substantially. Fu’s 

and Li’s D and F were also taken under consideration and no difference was found from 

an ANOVA test.    

  

Linkage disequilibrium was calculated based on three equations which look at the 

difference in linkage between all pairwise sites, adjacent sites and the difference between 

the two. Figure 15 shows a moderate amount of linkage for all three groups of genes. 

Furthermore, the most striking observation from the above figure is that although the 

means for all three groups are relatively similar it is clear that there is a significance 

between the means between the group of virulence genes and the others for both ZA and 

ZnS as is shown by the results obtained by the ANOVA tests. This is consistent with a 

history of recent sweeps among virulence loci, increasing within-locus LD. However, for 

the statistic ZZ, which is the difference between ZA and ZnS we see that there is little 

differentiation between the groups. In this case only the value of Roza’s ZZ can be 

interpreted as an analog to the level of recombination according to (Rozas & al, 2001) 

since it normalizes the variation in LD between adjacent sites versus the loci wide LD 

calculated from ZnS. Therefore, although we observe a significant difference in means 

for both ZZ  
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Table 1. Anova Tests for the difference in means between the three observed groups, housekeeping 

genes, virulence genes and the rest of the loci. The ANOVA test was employed for all for descriptive  

statistics.  

Variable  Df  Sum Sq  Mean Sq  F value  Pr(>F)  

Tajima's D  2  0.6  0.03027  0.289  0.749  

Watterson's Theta  2  775  387.3  1.707  0.182  

Fu.Li.F  2  1.9  0.9412  0.313  0.731  

Fu.Li.D  2  17  8.527  1.056  0.349  

S/L  2  0.065  0.03244  5.45  0.00447   

Rozas'ZZ  2  0.0063  0.003154  1.275  0.28  

Roza's ZA  2  0.609  0.30433  12.92  3.04e-06   

Kelly's ZnS  2  0.5  0.25004  11.57  1.13e-05   
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Figure 13. Boxplot of the summary statistics S/L which is the number of segregating sites divided by 

the length of the gene. The analysed genes are separated in three groups, 7 housekeeping genes, 18 

virulence genes and 723 core genes.  

  

  
Figure 14. Boxplot of the summary statistics Tajima’s D, Watterson’s θ, Fu and Li’s D and F. The 

analysed genes are separated in three groups, 7 housekeeping genes, 18 virulence genes and 723 core 

genes.  
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Figure 15. The estimation of Kelly’s ZnS statistic for all genes within the 736 core genome genes. Over 

18 genes associated with virulence were also included for comparison alongside 7 housekeeping genes.  

  

 3.6  ClonalFrameML Analysis  

The analysis conducted with ClonalFrameML was done under two different but equally 

relevant models. The first utilizes default gamma priors, which are implemented as 

pseudocounts in the likelihood, and which can be modified by specifying a mean and 

standard deviation for the prior. The main parameters which are estimated are the 

following: R/theta (relative rate of recombination to mutation), 1/delta (inverse mean  

DNA import length), nu (mean divergence of imported DNA) and mean branch length 

(Table). The default values which were used for this modeling were distributions with 

means of R/theta = 0.1, 1/delta = 0.001, nu = 0.1 and mean branch length of 0.0001. The 

result from this first model (figure 16) shows that there is widespread recombination 

across the core genome of most of the isolates present in the analysis, as is shown by the 
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recombination plot. However, from looking at both figure 16 and 17, although 

recombination seems to be ubiquitous, it is important to understand that recombination 

might be overrepresented in this analysis due to the use of only core sites. However, this 

is an assumption since it is quite possible that some of the loci which are outside this core 

genome could be potential hotspots of recombination. In fact, it is likely that only a 

portion of the whole genome would have such high rates of recombinatory events. This 

model can also be iterated to evaluate the confidence in the estimated parameters. 

Therefore, the parameters were estimated iteratively a hundred times and the relative rate 

of recombination to mutation which can be observed in figure shows a mean of  

0.6230527 and a very small variance of 1.12605e-05.  

  

Table 2. The three estimated parameters from the 100 iterations of the ClonalFrameML software 

under the em model. The statistics R/theta is relative rate of recombination to mutation, delta is the 

mean DNA import length and nu is the mean divergence of imported DNA.  

Variable  Mean   95% CI  

r/m   0.62  0.622-0.623  

delta   52.34  52.30-52.38  

nu   0.21  0.2130-0.2131  

  

The second model used for the ClonalFrameML analysis (figure 17) is per-branch which 

means that the parameters are estimated at every branch of the tree. Although this model 

increases the running time it is useful to discern which of the isolates are particularly 

prone to recombination and whether the FQR isolates have any significant difference in 

their recombination parameter. In regard to the difference based on visual inspection of 

figure 16 and 17 generated from the two models it is clear that there is a substantial 
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amount of recombination in both of the right graphic as the blue dots represent regions of 

recombination. However, it seems as though the different models did find completely 

different values for the R/theta parameters as the embranch models had a mean of 

1.36169 which is more than double that of the model observed in table 2.  

  

Figure 16. Phylogeny and recombination plot from the 1789 sequences of length 117940 core sites of 

736 protein coding genes consisting of 736 genes using the gamma priors for all parameters. The blue 

color represents recombination the likelihood of recombination events along the genome.  
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Figure 17. Phylogeny and recombination plot from the 1789 sequences of length 777754 core sites of 

736 protein coding genes using the embranch models which calculates the parameters for all branches 

in the tree. The blue color represents recombination the likelihood of recombination events along the 

genome.  

 

Figure 18. Log likelihood approximations of the relative rate of recombination to mutations R/theta 

over 1000 iterations of the ClonalFrameML software.  
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 3.7  Population Structure from analysis with fastSTRUCTURE  

Population size and structure analyses were carried out with fastSTRUCTURE using 

117754 core genome SNPs. These were analyzed under a simple model using a flat beta 

prior over population-specific allele frequencies at each locus, p(Plk) = Beta(1, 1). The 

analysis was then implemented using three different numbers of populations k, as a 

preliminary exploration of the degree of population subdivision. There is a substantial 

amount of admixture between populations irrespective of the K value (Figures 19-21). 

For example, in the analysis with K=2 it is possible to observe that some isolates show 

membership in multiple populations, indicating admixture. This suggests that the 

structure of the population might be complex since we know that there is a high 

likelihood for genetic exchange between members of the same species. Finally, it was 

clear based on the marginal log likelihood obtained from running the python script 

chooseK which is part of the fastSTRUCTURE software that the most accurate 

representation of the population structure was with K being equal to two based on the 

amount of components used to explain the model. However, the marginal log likelihood 

is higher at k = 7 being -0.2155096060 compared to -0.2337448339 for K = 5 and - 

0.2680348699 for K = 3.  
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Figure 19. Representation of the admixture between the two populations (humans and chicken) from 

the SNP’s in the core alignment. The model used in this fastSTRUCTURE are simple uniform priors 

with the K set at 2.  
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Figure 20. Representation of the admixture between two populations (FQR and non-FQR) from the 

SNP’s in the core alignment. the model used in this fastSTRUCTURE are simple uniform priors with 

the K set at 2.  

  

Figure 21. Representation of the admixture between seven populations from the SNP’s in the core 

alignment. The model used in this fastSTRUCTURE are simple uniform priors with the K set at 7.  

  

 3.8  Population size analysis using Bacter  

Finally, the population size was assessed by the Bacter model which was implemented in 

the BEAST2 software. BEAST2 offers a wide range of specifications and parameters 

which can be estimated by the subsequent algorithm. In the case of the results generated 

in figure 22-24 the parameters used were a strict clock rate, a general time reversable 

model and a chain length of one million iterations. The results in figure 23 were 

calculated from the estimate of Neμ since we are using haploid data, where μ is the 
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substitution rate per site per generation. A skyline plot was also generated to observe the 

effective population size which is based on the number of lineages found from the most 

recent common ancestor.  

Figure 23. Histogram of the estimated population size from evaluation of Neμ where μ is the 

substitution rate per site per generation obtained by analysis with the Bacter model implemented in  

BEAST2.  

Figure 24. Posterior of the log likelihood from the Bacter model using the BEAST evolutionary 

software. The analysis was iterated one million times.  
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Figure 25. Skyline plot of the resulting phylogeny obtained from the Bacter model using the BEAST 

evolutionary software. The age axis is a relative range based on the branch lengths.  

 

Chapter 4: Discussion  

The recent increase in the presence of antibiotic resistance in Campylobacter has brought 

renewed interest in questions surrounding the population genetic processes, which drive 

these patterns. These concerns, alongside the continued burden of campylobacteriosis in 

Canada, have motivated research into the population genetics surrounding this genus. 

Because of this, I aimed to investigate the mechanisms, which influence evolution in C. 

jejuni, such as recombination, mutation and population structure. More specifically, we 

assessed the rate of these mechanisms, as well as their relative roles in the evolution of 

virulence and of resistance to fluoroquinolones.   
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We began our investigation by resolving the core genome of C. jejuni to generate 

summary statistics from the resulting multiple sequence alignment. The core genome 

consisted of 736 genes which were found to be present in over 95% of the isolates. These 

estimates, although of a far greater resolution than that of the MLST scheme, was far 

smaller than was found in both (Cody & al, 2017) and (Wilkinson, 2018) who had found 

the core genome to be 1365 and 1271 respectively. This discrepancy can be due to a few 

factors, which range from the quality of the assemblies to the severity of the quality 

filtering steps included in the superCRUNCH pipeline. It is also important to note that 

close to 200 more genes were right below the 95% threshold as they were found in at 

least 90% of the isolates. From this core genome it was possible to test the hypothesis that 

virulence genes have different evolutionary histories from the rest of the genome, perhaps 

due to recent selection. Various summary statistics, including Watterson’s theta, Fu and 

Li’ F, and the LD measure ZZ, did not differ on average between virulence genes, and 

housekeeping or other genes. However, Table 1, also suggests that the virulence may be 

higher for the S/L measure amongst the virulence genes than for the other groups of 

genes. This may suggest a greater diversity amongst the virulence genes compared to the 

rest of the core genes.   

 Table 3. Overview of the descriptive statistics for gyrA.  

 

 

 

The gyrA gene is of particular interest because of its importance in resistance to 

fluoroquinolones. Based on the results it is important to note that most of the descriptive 

Loci  Tajima's D  Watterson's θ  Fu & Li’s F  Fu & Li’s D  trans.transv.ratio  

gyrA  -0.81  26.04  -1.57  -2.09  14.00  
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statistics shown above exhibit a difference from the mean of the core genes. For example, 

the mean of Tajima’s D for all core loci is -0.57 while the one for gyrA is -0.81 which 

only falls close to the 60th percentile of the whole genome distribution. This pattern is 

repeated for all the statistics above although it is important to note that they do not differ 

by a full standard of deviation from the whole genome mean in any measurement. Thus, 

there is little evidence for a recent sweep at the gyrA locus. However, it is important to 

note that we would not expect to see a large variation in neutrality statistics for this one 

locus. In fact, the hypothesis that only the only one mutation, T86I in Gyrase A, causes 

fluoroquinolone resistance and its low representation in since it was only found in about 

11% of our core set shows that this mutation has not swept to fixation. A comparison of 

variation between T86I alleles and FQ-susceptible alleles is warranted. 

Table 4. Comparison of the r/m statistic with the original research conducted with ClonalFrame.  

Study  n loci  r/m  95% CI  Reference  

(Vos & Didelot, 2009)  7  2.2  1.7–2.8  pubmlst.org  

(Bédard, 2020)  736  0.62  0.6223-0.6237  PHAC  

  

The second aim of our project was to estimate a credible rate of recombination across the 

core genome of C. jejuni. This was done to assess the role of the recombination parameter 

to influence the potential for generating alleles which have This was done by iteratively 

running through the ClonalFrame model a hundred times and estimating the 

recombination rate over mutation rate per generation at each iteration of the algorithms. 

Our estimate of r/m was ~0.62, with a mean tract length of about 52 base pairs suggesting 

that homologous recombination is a powerful force in shaping the genetic diversity in 

C.jejuni as it is able to significantly alter genomes over relatively short period of time in 
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the evolutionary timescale. That is, it is about half that of the process of mutation (that is, 

r/m>1) in our study and well above that threshold when analyzing only the MLST scheme 

as is seen in table 4.   

  

From these results it is possible to compare to previous estimates of r/m in the literature. 

As is seen in table 6 there is a substantial variation in homologous recombination rate 

between this study and the one originally described by Vos and Didelot in 2009. The r/m 

point estimates found by the original study was approximately 3.5 times more than what 

was estimated by our study. The size of the dataset under analysis might explain the 

difference between the r/m estimates in the two studies. In the analysis done by (Vos and 

Didelot, 2009) the scheme contained only the seven sequenced loci aspA, glnA, gltA, 

glyA, pgm, tkt and uncA. This means that the level of recombination could only be 

assessed for this small set of loci, which greatly reduces the potential accuracy of the 

estimation. In contrast, calculating these statistics from hundreds of thousands of sites 

offers far more resolution to have an accurate representation of the real genome wide rate 

of recombination. However, it is important to recognize that including only a subset of 

the protein coding sequence can also misrepresent the rate of recombination. If the true 

rate is to be determined further studies should include all loci as well as the intergenic 

sequences. Furthermore, geographical differences may have influenced the results of this 

study, since all of our isolates were sampled in Canada, while the ones analysed in the 

original study were obtained from British isolates through the PubMLST database. The 

other factor which might have had a large influence on r/m is the source of the isolates.  
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For example, our study obtained isolates from various hosts such as humans and poultry. 

On the other hand, although they mention that their isolates come from a variety of 

sources, they do not specify which. This leads to the conclusion that thedifference in the 

number and distribution of sources might have influenced the observed variation.      

  

This study also assessed the prevalence of resistance of C. jejuni isolates to antimicrobial 

agents and found a high degree of resistance markers. These findings are consistent with 

published data from a recent study of Campylobacter isolates from across Canada which 

show high levels of antimicrobial resistance to a series of antibiotics (Dramé & al, 2020). 

Our results are also consistent by showing that the resistance to antibiotics overlaps 

mainly between the two groups of chicken and human since they are the only ones that 

share the resistance to fluoroquinolones (Dramé & al, 2020).    

  

The high incidence of resistance to tetracycline in both C. jejuni and C. coli indicates that 

this drug would be of little use for the treatment of campylobacteriosis. In this study 

period which spanned from 2018 to 2019 the combined prevalence of tetracycline 

resistance in the isolates was 45.7% (1073/2346 samples) and 71% for ampicillin while 

the prevalence of erythromycin which is currently used as an alternative treatment to 

campylobacteriosis only has resistance in 1.7% of cases (39/210 samples). These levels of 

resistance are likely to be under the acceptable threshold frequency which would allow 

for a recommendation for therapeutic use especially when it comes to tetracycline and 

ampicillin. These levels of resistance are similar to the ones found in  (Dramé & al, 2020) 
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where we observed a that 8% of the total assemblies were resistant to fluoroquinolones 

compared to 6.6% in their study which looked at isolates from 2013 to 2014.  

  

The high levels of antimicrobial resistance cannot be accounted for exclusively by high 

numbers of a particular group of resistant genotypes. Rather, there is evidence for 

widespread acquisition of resistance among relatively distantly related lineages from 

retail poultry. This is consistent with our study of C. jejuni isolated since we can see that 

for example, although the cluster of FQR isolates is mainly located within one cluster, 

that there are other small pockets which indicates that different genotypes can evolve the 

same resistance. Therefore, it is quite likely that mutations that confer antimicrobial 

resistance have occurred in multiple lineages. This can be explained by the fact that 

intraspecific exchange of genetic material is common in C. jejuni through horizontal gene 

transfer. For example, horizontal gene transfer can involve recombination between 

lineages, or acquisition of plasmids, which has been demonstrated to be the main 

mechanism of tetracycline resistance in Campylobacter through the introduction of the 

plasmid TetO. Resistance to fluoroquinolones is most usually the result of a single 

mutation in the gyrA region. In conclusion, the widespread antimicrobial resistance in the 

Campylobacter populations, is likely to be the result of horizontal gene transfer as well as 

multiple independent mutation events.  

  

The final aim of our study was to estimate to population structure and size through the 

implementation of the fastSTRUCTURE and BEAST2 software packages. An 

exploratory analysis of population structure shown in figures 18 to 20 provides an 
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indication that there is a substantial admixture between the different populations found by 

the algorithms. It is also clear that there is a substantial amount of population subdivision 

since the likelihood of the model with seven potential populations proved to be far more 

than that of five and three, which suggest that there are multiple distinct lineages which 

might be based on source and geographical location. Further studies will inform on the 

provenance of the populations found by fastSTRUCTURE to infer whether they 

correspond to a certain host or to the presence or absence of antimicrobial resistance.  

  

Population size was measured through the analysis of the MLST genes in all the isolates 

through the model Bacter (figure 22) that reconstructs the ancestral recombination graph. 

In order to visualize the results from the Bayesian chain, figure Many researchers use 

what are called skyline plots to represent the evolution in time since the most recent 

common ancestor (TMRCA). As is seen in Figure 24, the TMRCA of the population 

under examination was extremely recent when compared to other evolutionary events 

such as the last speciation event, which would have taken place on the order of thousands 

of years ago. In figure 25 it is possible to observe that the effective population size seems 

to have increased since these isolates were sequenced.  

  

In this study I characterized the population genetics factors which drive the evolution of 

virulence and antimicrobial resistance in C. jejuni. We found that there are substantial 

levels of recombination in Campylobacter as is seen in table 2. This provides a good 

baseline to infer that recombination has a strong effect on the diversity observed in the 

phylogeny (figure 16). However, it is clear that more research is required to correctly 

assess the role of recombination specifically for clades who show signs of antimicrobial 
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resistance. This can be achieved by comparing the branch by branch estimates of r/m so 

that it is possible to test the hypothesis that there is more recombination in these isolates 

compared to nonresistant ones. The second part of the project consisted in assessing the 

difference between virulence genes and the rest of the core loci. Differences in some 

measures of linkage disequilibrium compared to that of other genes suggests recent 

selection, although further work would be needed to confirm this hypothesis. However, it 

is clear that the T86I FQR mutation gyrA has not swept through the population, since it is 

only found in a small subset of the total set. In order to correctly assess the difference 

between virulence genes and core genes, research should focus on improving the 

statistical power of the analysis by including more loci which have virulence potential.  

  

Finally, this study assessed the population structure of the 1789 isolates used in the 

downstream analysis and a high degree of population admixture and substructure was 

found. From looking at three different potential population subdivision, 2, 3, 5 and 7, I 

found that the best representation of the population structure was at K = 2 based on the 

number of parameters which best explained the data. Further research is still required in 

order to find the best estimate of K until the likelihood value stops increasing 

appreciably. Furthermore, using the logistic priors compared to the simple one would also 

provide a better framework for analysis and would potentially improve the resolution of 

the population structure. In the end, the most important step to improving this analysis 

would be to include more isolates so that the it is possible to use big data to truly resolve 

the distribution of the parameters that could explain the observed variation. Further 

studies could also include different types of analysis such as observing the codon bias for 
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each gene as an indicator of localized recombination. Another analysis which could have 

been investigated is the ratio of synonymous to non-synonymous mutations which can 

inform on the likelihood for selection. 

Appendices  

Appendix A    

Supplementary Table 1. A description of the accessions which have the mutation associated with 

resistance to fluoroquinolones.  

Accession  Mutation  %Identity  %Overlap  HSP Length/Total Length  

FPMGNGBK  gyrA (T86I)  99.11  99.77  2586/2592  

CKAKLFGA  gyrA (T86I)  99.5  99.77  2586/2592  

CBEALIDC  gyrA (T86I)  99.58  99.77  2586/2592  

DOMNAIEN  gyrA (T86I)  99  100  2592/2592  

NAGEKGGI  gyrA (T86I)  99.19  100  2592/2592  

IOCKBAFI  gyrA (T86I)  99.19  100  2592/2592  

EKHNDHCL  gyrA (T86I)  99.19  100  2592/2592  

AGDGJHGJ  gyrA (T86I)  99.19  100  2592/2592  

OGGKKCJN  gyrA (T86I)  99.27  100  2592/2592  

MGAAHOEI  gyrA (T86I)  99.46  100  2592/2592  

IALLAPIG  gyrA (T86I)  99.46  100  2592/2592  

FADPPDOH  gyrA (T86I)  99.46  100  2592/2592  

OLPILJHL  gyrA (T86I)  99.5  100  2592/2592  

ACJDEOBD  gyrA (T86I)  99.5  100  2592/2592  

CADCAPIE  gyrA (T86I)  99.54  100  2592/2592  

LJONHMGM  gyrA (T86I)  99.61  100  2592/2592  
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KPKJOPKM  gyrA (T86I)  99.61  100  2592/2592  

KLKDBMGH  gyrA (T86I)  99.61  100  2592/2592  

IGDJMJKI  gyrA (T86I)  99.61  100  2592/2592  

IDJBGGJN  gyrA (T86I)  99.61  100  2592/2592  

FPNJBPNP  gyrA (T86I)  99.61  100  2592/2592  

FKIBMKGC  gyrA (T86I)  99.61  100  2592/2592  

 

BNJNKNAE  gyrA (T86I)  99.61  100  2592/2592  

AELKGMPD  gyrA (T86I)  99.61  100  2592/2592  

AAJIMAOP  gyrA (T86I)  99.61  100  2592/2592  

APDIBFBH  gyrA (T86I)  99.73  100  2592/2592  

DKCEPDEF  gyrA (T86I)  99.85  100  2592/2592  

KKFNFOEL  gyrA (T86I)  99.92  100  2592/2592  

DPDIKLCG  gyrA (T86I)  99.92  100  2592/2592  

PJCNFKEM  gyrA (T86I)  99.96  100  2592/2592  

PHHGJNPH  gyrA (T86I)  99.96  100  2592/2592  

PFMBECNG  gyrA (T86I)  99.96  100  2592/2592  

PEMDAAAC  gyrA (T86I)  99.96  100  2592/2592  

OOPINKNF  gyrA (T86I)  99.96  100  2592/2592  

OKAEDLKL  gyrA (T86I)  99.96  100  2592/2592  

OGIBLFPL  gyrA (T86I)  99.96  100  2592/2592  

OFFBKCLG  gyrA (T86I)  99.96  100  2592/2592  

OEBDDIOL  gyrA (T86I)  99.96  100  2592/2592  

NPGAJCPD  gyrA (T86I)  99.96  100  2592/2592  
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NMOEMANP  gyrA (T86I)  99.96  100  2592/2592  

NLDIAKBI  gyrA (T86I)  99.96  100  2592/2592  

NFEHJPMA  gyrA (T86I)  99.96  100  2592/2592  

NEBBMCHH  gyrA (T86I)  99.96  100  2592/2592  

NBLGKAKD  gyrA (T86I)  99.96  100  2592/2592  

NAOGFPKA  gyrA (T86I)  99.96  100  2592/2592  

MLKCOBMG  gyrA (T86I)  99.96  100  2592/2592  

MBFIPENH  gyrA (T86I)  99.96  100  2592/2592  

MACAMAED  gyrA (T86I)  99.96  100  2592/2592  

LOMGJGNF  gyrA (T86I)  99.96  100  2592/2592  

LMGHLJGI  gyrA (T86I)  99.96  100  2592/2592  

LGKKLDND  gyrA (T86I)  99.96  100  2592/2592  

LGALAMGK  gyrA (T86I)  99.96  100  2592/2592  

LFNLMICN  gyrA (T86I)  99.96  100  2592/2592  

LDDDKGDB  gyrA (T86I)  99.96  100  2592/2592  

KJNMGPOM  gyrA (T86I)  99.96  100  2592/2592  

KJJJJOIL  gyrA (T86I)  99.96  100  2592/2592  

KHCKPBAK  gyrA (T86I)  99.96  100  2592/2592  

KFNOPBKG  gyrA (T86I)  99.96  100  2592/2592  

KFBEPLOK  gyrA (T86I)  99.96  100  2592/2592  

KAOABJFB  gyrA (T86I)  99.96  100  2592/2592  

JPJMOLJH  gyrA (T86I)  99.96  100  2592/2592  

JNMFMAJA  gyrA (T86I)  99.96  100  2592/2592  
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JLEBDKPE  gyrA (T86I)  99.96  100  2592/2592  

 

JKDNNKBG  gyrA (T86I)  99.96  100  2592/2592  

JEDMODGI  gyrA (T86I)  99.96  100  2592/2592  

JDADDKCI  gyrA (T86I)  99.96  100  2592/2592  

IMLBAHPH  gyrA (T86I)  99.96  100  2592/2592  

IKOHFPJL  gyrA (T86I)  99.96  100  2592/2592  

IKKCNBJE  gyrA (T86I)  99.96  100  2592/2592  

IHHOKEGG  gyrA (T86I)  99.96  100  2592/2592  

IHBNDMCN  gyrA (T86I)  99.96  100  2592/2592  

ICPJELKB  gyrA (T86I)  99.96  100  2592/2592  

ICIKCNPL  gyrA (T86I)  99.96  100  2592/2592  

IBGMHJNP  gyrA (T86I)  99.96  100  2592/2592  

HPHBDKDP  gyrA (T86I)  99.96  100  2592/2592  

HODLFDPB  gyrA (T86I)  99.96  100  2592/2592  

HDCHMFFE  gyrA (T86I)  99.96  100  2592/2592  

HDABKDDB  gyrA (T86I)  99.96  100  2592/2592  

HCIHGLPN  gyrA (T86I)  99.96  100  2592/2592  

GIHPEFGO  gyrA (T86I)  99.96  100  2592/2592  

GGMKPOKA  gyrA (T86I)  99.96  100  2592/2592  

GANKKGHG  gyrA (T86I)  99.96  100  2592/2592  

FLPDPFDI  gyrA (T86I)  99.96  100  2592/2592  

FIFOMFFC  gyrA (T86I)  99.96  100  2592/2592  

FEDDIENJ  gyrA (T86I)  99.96  100  2592/2592  
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FBHNGKLA  gyrA (T86I)  99.96  100  2592/2592  

EMANOCOI  gyrA (T86I)  99.96  100  2592/2592  

EIKNJINI  gyrA (T86I)  99.96  100  2592/2592  

EGMCCCID  gyrA (T86I)  99.96  100  2592/2592  

EFNBCAPE  gyrA (T86I)  99.96  100  2592/2592  

DOLKPPCA  gyrA (T86I)  99.96  100  2592/2592  

DOLHGHMC  gyrA (T86I)  99.96  100  2592/2592  

DOAPLMAC  gyrA (T86I)  99.96  100  2592/2592  

DMHCOODN  gyrA (T86I)  99.96  100  2592/2592  

DHDPHHIN  gyrA (T86I)  99.96  100  2592/2592  

DDGEMFDE  gyrA (T86I)  99.96  100  2592/2592  

DBEBMPLC  gyrA (T86I)  99.96  100  2592/2592  

CPJMCENC  gyrA (T86I)  99.96  100  2592/2592  

CLBGMBGO  gyrA (T86I)  99.96  100  2592/2592  

CIKALCEG  gyrA (T86I)  99.96  100  2592/2592  

CAPDILMF  gyrA (T86I)  99.96  100  2592/2592  

CANEFFJG  gyrA (T86I)  99.96  100  2592/2592  

BPEKMLBA  gyrA (T86I)  99.96  100  2592/2592  

BIIBGCGA  gyrA (T86I)  99.96  100  2592/2592  

 

BEGLJNNC  gyrA (T86I)  99.96  100  2592/2592  

BDJBECGP  gyrA (T86I)  99.96  100  2592/2592  

BDDALIOO  gyrA (T86I)  99.96  100  2592/2592  

ALOEOJND  gyrA (T86I)  99.96  100  2592/2592  



   96  

AJBKAAKD  gyrA (T86I)  99.96  100  2592/2592  

AIPIJLPB  gyrA (T86I)  99.96  100  2592/2592  

AICGNMIH  gyrA (T86I)  99.96  100  2592/2592  

AHDDDGJJ  gyrA (T86I)  99.96  100  2592/2592  

AFEKJAKL  gyrA (T86I)  99.96  100  2592/2592  

AFBOBPGA  gyrA (T86I)  99.96  100  2592/2592  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Appendix B     

Loci Label 

1_DEOXY_D_XYLULOSE_5_PHOSPHATE_REDUCTOISOMERASE  Core Genes 

1_DEOXY_D_XYLULOSE_5_PHOSPHATE_SYNTHASE  Core Genes 
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1_PYRROLINE_5_CARBOXYLATE_DEHYDROGENASE  Core Genes 

10_KDA_CHAPERONIN  Core Genes 

10_KDA_CHAPERONIN  Core Genes 

2_AMINO_4_HYDROXY_6_HYDROXYMETHYLDIHYDROPTERIDINE_PYROPHOSPHOKINASE  Core Genes 

2_DEHYDRO_3_DEOXYPHOSPHOOCTONATE_ALDOLASE  Core Genes 

2_IMINOACETATE_SYNTHASE  Core Genes 

2_IMINOBUTANOATE_2_IMINOPROPANOATE_DEAMINASE  Core Genes 

2_ISOPROPYLMALATE_SYNTHASE  Core Genes 

2_OXOGLUTARATE_CARBOXYLASE_LARGE_SUBUNIT  Core Genes 

2_OXOGLUTARATE_CARBOXYLASE_SMALL_SUBUNIT  Core Genes 

2_OXOGLUTARATE_OXIDOREDUCTASE_SUBUNIT_KORA  Core Genes 

3_DEHYDROQUINATE_DEHYDRATASE  Core Genes 

3_DEHYDROQUINATE_SYNTHASE  Core Genes 

3_DEOXY_D_MANNO_OCTULOSONATE_8_PHOSPHATE_PHOSPHATASE_KDSC  Core Genes 

3_DEOXY_D_MANNO_OCTULOSONATE_8_PHOSPHATE_PHOSPHATASE_KDSA  Core Genes 

3_HYDROXYACYL_[ACYL_CARRIER_PROTEIN]_DEHYDRATASE_FABZ  Core Genes 

3_ISOPROPYLMALATE_DEHYDRATASE_LARGE_SUBUNIT  Core Genes 

3_ISOPROPYLMALATE_DEHYDRATASE_SMALL_SUBUNIT_1  Core Genes 

3_ISOPROPYLMALATE_DEHYDRATASE_SMALL_SUBUNIT  Core Genes 

3_ISOPROPYLMALATE_DEHYDROGENASE  Core Genes 

3_ISOPROPYLMALATE_DEHYDROGENASE  Core Genes 

3_OCTAPRENYL_4_HYDROXYBENZOATE_CARBOXY_LYASE  Core Genes 

3_OXOACYL_[ACYL_CARRIER_PROTEIN]_REDUCTASE_FABG  Core Genes 

3_OXOACYL_[ACYL_CARRIER_PROTEIN]_SYNTHASE_2  Core Genes 

3_OXOACYL_[ACYL_CARRIER_PROTEIN]_SYNTHASE_3  Core Genes 

3_OXOACYL_[ACYL_CARRIER_PROTEIN]_SYNTHASE_3_PROTEIN_1  Core Genes 

3_PHOSPHOSHIKIMATE_1_CARBOXYVINYLTRANSFERASE  Core Genes 

30S_RIBOSOMAL_PROTEIN_S1  Core Genes 

30S_RIBOSOMAL_PROTEIN_S10  Core Genes 
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30S_RIBOSOMAL_PROTEIN_S11  Core Genes 

30S_RIBOSOMAL_PROTEIN_S12  Virulence 

30S_RIBOSOMAL_PROTEIN_S13  Core Genes 

30S_RIBOSOMAL_PROTEIN_S14_TYPE_Z  Core Genes 

30S_RIBOSOMAL_PROTEIN_S15  Core Genes 

30S_RIBOSOMAL_PROTEIN_S16  Core Genes 

30S_RIBOSOMAL_PROTEIN_S16  Core Genes 

30S_RIBOSOMAL_PROTEIN_S17  Core Genes 

30S_RIBOSOMAL_PROTEIN_S17  Core Genes 

30S_RIBOSOMAL_PROTEIN_S18  Core Genes 

30S_RIBOSOMAL_PROTEIN_S19  Core Genes 

30S_RIBOSOMAL_PROTEIN_S2  Core Genes 

30S_RIBOSOMAL_PROTEIN_S2  Core Genes 

30S_RIBOSOMAL_PROTEIN_S20  Core Genes 

30S_RIBOSOMAL_PROTEIN_S21  Core Genes 

30S_RIBOSOMAL_PROTEIN_S3  Core Genes 

30S_RIBOSOMAL_PROTEIN_S3  Core Genes 

30S_RIBOSOMAL_PROTEIN_S4  Core Genes 

30S_RIBOSOMAL_PROTEIN_S5  Core Genes 

30S_RIBOSOMAL_PROTEIN_S6  Core Genes 

30S_RIBOSOMAL_PROTEIN_S7  Core Genes 

30S_RIBOSOMAL_PROTEIN_S7  Core Genes 

30S_RIBOSOMAL_PROTEIN_S8  Core Genes 

30S_RIBOSOMAL_PROTEIN_S9  Core Genes 

34_KDA_MEMBRANE_ANTIGEN  Core Genes 

34_KDA_MEMBRANE_ANTIGEN  Core Genes 

4_DIPHOSPHOCYTIDYL_2_C_METHYL_D_ERYTHRITOL_KINASE  Core Genes 

4_DIPHOSPHOCYTIDYL_2_C_METHYL_D_ERYTHRITOL_KINASE  Core Genes 

4_HYDROXY_3_METHYLBUT_2_ENYL_DIPHOSPHATE_REDUCTASE  Core Genes 
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4_HYDROXY_TETRAHYDRODIPICOLINATE_REDUCTASE  Core Genes 

4_HYDROXY_TETRAHYDRODIPICOLINATE_SYNTHASE  Core Genes 

4_HYDROXYBENZOATE_OCTAPRENYLTRANSFERASE  Core Genes 

4_HYDROXYTHREONINE_4_PHOSPHATE_DEHYDROGENASE  Core Genes 

4_SULFOMUCONOLACTONE_HYDROLASE  Core Genes 

5__DEOXYNUCLEOTIDASE_YFBR  Core Genes 

5__NUCLEOTIDASE  Core Genes 

5__NUCLEOTIDASE_SURE  Core Genes 

5_HYDROXYBENZIMIDAZOLE_SYNTHASE  Core Genes 

5_HYDROXYISOURATE_HYDROLASE  Core Genes 

5_HYDROXYISOURATE_HYDROLASE  Core Genes 

5_METHYLTETRAHYDROPTEROYLTRIGLUTAMATE__HOMOCYSTEINE_METHYLTRANSFERASE  Core Genes 

50S_RIBOSOMAL_PROTEIN_L10  Core Genes 

50S_RIBOSOMAL_PROTEIN_L10  Core Genes 

50S_RIBOSOMAL_PROTEIN_L11  Core Genes 

50S_RIBOSOMAL_PROTEIN_L121  Core Genes 

50S_RIBOSOMAL_PROTEIN_L13  Core Genes 

50S_RIBOSOMAL_PROTEIN_L14  Core Genes 

50S_RIBOSOMAL_PROTEIN_L15  Core Genes 

50S_RIBOSOMAL_PROTEIN_L16  Core Genes 

50S_RIBOSOMAL_PROTEIN_L17  Core Genes 

50S_RIBOSOMAL_PROTEIN_L17  Core Genes 

50S_RIBOSOMAL_PROTEIN_L18  Core Genes 

50S_RIBOSOMAL_PROTEIN_L18  Core Genes 

50S_RIBOSOMAL_PROTEIN_L19  Core Genes 

50S_RIBOSOMAL_PROTEIN_L20  Core Genes 

50S_RIBOSOMAL_PROTEIN_L23  Core Genes 

50S_RIBOSOMAL_PROTEIN_L24  Core Genes 

50S_RIBOSOMAL_PROTEIN_L24  Core Genes 
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50S_RIBOSOMAL_PROTEIN_L25  Core Genes 

50S_RIBOSOMAL_PROTEIN_L25  Core Genes 

50S_RIBOSOMAL_PROTEIN_L27  Core Genes 

50S_RIBOSOMAL_PROTEIN_L27  Core Genes 

50S_RIBOSOMAL_PROTEIN_L28  Core Genes 

50S_RIBOSOMAL_PROTEIN_L29  Core Genes 

50S_RIBOSOMAL_PROTEIN_L31  Core Genes 

50S_RIBOSOMAL_PROTEIN_L32  Core Genes 

50S_RIBOSOMAL_PROTEIN_L33_1  Core Genes 

50S_RIBOSOMAL_PROTEIN_L35  Core Genes 

50S_RIBOSOMAL_PROTEIN_L4  Core Genes 

50S_RIBOSOMAL_PROTEIN_L5  Core Genes 

50S_RIBOSOMAL_PROTEIN_L5  Core Genes 

50S_RIBOSOMAL_PROTEIN_L6  Core Genes 

50S_RIBOSOMAL_PROTEIN_L7_L12  Core Genes 

50S_RIBOSOMAL_PROTEIN_L9  Core Genes 

60_KDA_CHAPERONIN  Core Genes 

7_CYANO_7_DEAZAGUANINE_SYNTHASE  Core Genes 

8_AMINO_7_OXONONANOATE_SYNTHASE  Core Genes 

ABC_TRANSPORTER_ATP_BINDING_PERMEASE_PROTEIN_YOJI  Core Genes 

ABC_TRANSPORTER_ATP_BINDING_PROTEIN_UUP  Core Genes 

ABC_TRANSPORTER_GLUTAMINE_BINDING_PROTEIN_GLNH  Core Genes 

ACETATE_KINASE  Core Genes 

ACETOLACTATE_SYNTHASE_ISOZYME_3_LARGE_SUBUNIT  Core Genes 

ACETOLACTATE_SYNTHASE_ISOZYME_3_SMALL_SUBUNIT  Core Genes 

ACETYL_COENZYME_A_CARBOXYLASE_CARBOXYL_TRANSFERASE_SUBUNIT_ALPHA  Core Genes 

ACETYL_COENZYME_A_CARBOXYLASE_CARBOXYL_TRANSFERASE_SUBUNIT_BETA  Core Genes 

ACETYL_COENZYME_A_SYNTHETASE  Core Genes 

ACETYLGLUTAMATE_KINASE  Core Genes 
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ACETYLORNITHINE_AMINOTRANSFERASE  Core Genes 

ACETYLTRANSFERASE_YPEA  Core Genes 

ACONITATE_HYDRATASE_B  Core Genes 

ACYL_[ACYL_CARRIER_PROTEIN]__UDP_N_ACETYLGLUCOSAMINE_O_ACYLTRANSFERASE  Core Genes 

ACYL_CARRIER_PROTEIN  Core Genes 

ADAPTIVE_RESPONSE_SENSORY_KINASE_SASA  Core Genes 

ADENINE_DNA_GLYCOSYLASE  Core Genes 

ADENINE_PERMEASE_ADEQ  Core Genes 

ADENINE_PHOSPHORIBOSYLTRANSFERASE  Virulence 

ADENOSYLMETHIONINE_8_AMINO_7_OXONONANOATE_AMINOTRANSFERASE  Core Genes 

ADENYLATE_KINASE  Core Genes 

ADENYLOSUCCINATE_LYASE  Core Genes 

ADENYLOSUCCINATE_SYNTHETASE  Core Genes 

ADP_HEPTOSE__LPS_HEPTOSYLTRANSFERASE_2  Core Genes 

ADP_L_GLYCERO_D_MANNO_HEPTOSE_6_EPIMERASE  Core Genes 

AEROBIC_C4_DICARBOXYLATE_TRANSPORT_PROTEIN  Core Genes 

AEROTAXIS_RECEPTOR  Core Genes 

AGMATINE_DEIMINASE  Core Genes 

ALANINE__TRNA_LIGASE  Core Genes 

ALKYL_HYDROPEROXIDE_REDUCTASE_C  Core Genes 

AMIDOPHOSPHORIBOSYLTRANSFERASE  Core Genes 

AMINO_ACID_CARRIER_PROTEIN_ALST  Core Genes 

AMINODEOXYFUTALOSINE_DEAMINASE  Core Genes 

AMINODEOXYFUTALOSINE_NUCLEOSIDASE  Core Genes 

AMINODEOXYFUTALOSINE_SYNTHASE  Core Genes 

AMINOPYRIMIDINE_AMINOHYDROLASE  Core Genes 

ANAEROBIC_C4_DICARBOXYLATE_TRANSPORTER_DCUA  Virulence 

AP_4_A_PHOSPHORYLASE  Core Genes 

ARGININE__TRNA_LIGASE  Core Genes 
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ARGININOSUCCINATE_LYASE  Core Genes 

ARGININOSUCCINATE_SYNTHASE  Core Genes 

ASPARTATE_AMINOTRANSFERASE  Core Genes 

ASPARTATE_AMMONIA_LYASE  Core Genes 

ASPARTATE_CARBAMOYLTRANSFERASE  Core Genes 

ASPARTATE_GLUTAMATE_LEUCYLTRANSFERASE  Core Genes 

ASPARTATE_KINASE  Household 

ASPARTATE_SEMIALDEHYDE_DEHYDROGENASE  Core Genes 

ATP_DEPENDENT_CLP_PROTEASE_ADAPTER_PROTEIN_CLPS  Core Genes 

ATP_DEPENDENT_CLP_PROTEASE_ATP_BINDING_SUBUNIT_CLPA  Core Genes 

ATP_DEPENDENT_CLP_PROTEASE_ATP_BINDING_SUBUNIT_CLPX  Core Genes 

ATP_DEPENDENT_CLP_PROTEASE_PROTEOLYTIC_SUBUNIT  Core Genes 

ATP_DEPENDENT_DETHIOBIOTIN_SYNTHETASE_BIOD  Core Genes 

ATP_DEPENDENT_DNA_HELICASE_PCRA  Core Genes 

ATP_DEPENDENT_HELICASE_NUCLEASE_SUBUNIT_A  Core Genes 

ATP_DEPENDENT_PROTEASE_ATPASE_SUBUNIT_CLPY  Core Genes 

ATP_DEPENDENT_PROTEASE_SUBUNIT_HSLV  Core Genes 

ATP_DEPENDENT_ZINC_METALLOPROTEASE_FTSH  Core Genes 

ATP_PHOSPHORIBOSYLTRANSFERASE  Core Genes 

ATP_SYNTHASE_EPSILON_CHAIN  Core Genes 

ATP_SYNTHASE_GAMMA_CHAIN  Core Genes 

ATP_SYNTHASE_SUBUNIT_A  Household 

ATP_SYNTHASE_SUBUNIT_ALPHA  Core Genes 

ATP_SYNTHASE_SUBUNIT_B_  Core Genes 

ATP_SYNTHASE_SUBUNIT_BETA  Core Genes 

ATP_SYNTHASE_SUBUNIT_C  Core Genes 

BACILLIBACTIN_EXPORTER  Core Genes 

BACTERIAL_HEMOGLOBIN  Core Genes 

BACTERIAL_NON_HEME_FERRITIN  Core Genes 
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BETA_SLIDING_CLAMP  Core Genes 

BICYCLOMYCIN_RESISTANCE_PROTEIN  Core Genes 

BIFUNCTIONAL_DIHYDROPTEROATE_SYNTHASE_DIHYDROPTEROATE_REDUCTASE  Core Genes 

BIFUNCTIONAL_DNA_DIRECTED_RNA_POLYMERASE_SUBUNIT_BETA_BETA_  Core Genes 

BIFUNCTIONAL_ENZYME_ISPD_ISPF  Core Genes 

BIFUNCTIONAL_LIGASE_REPRESSOR_BIRA  Core Genes 

BIFUNCTIONAL_PROTEIN_FOLD_PROTEIN  Core Genes 

BIFUNCTIONAL_PROTEIN_HLDE  Core Genes 

BIFUNCTIONAL_PROTEIN_TRPGD  Core Genes 

BIFUNCTIONAL_PURINE_BIOSYNTHESIS_PROTEIN_PURH  Core Genes 

BIOFILM_DISPERSION_PROTEIN_BDLA  Core Genes 

BIOPOLYMER_TRANSPORT_PROTEIN_EXBD  Core Genes 

BIOSYNTHETIC_ARGININE_DECARBOXYLASE  Core Genes 

BIOTIN_CARBOXYL_CARRIER_PROTEIN_OF_ACETYL_COA_CARBOXYLASE  Core Genes 

BIOTIN_CARBOXYLASE  Core Genes 

BIOTIN_SYNTHASE  Core Genes 

BRANCHED_CHAIN_AMINO_ACID_AMINOTRANSFERASE  Core Genes 

C4_DICARBOXYLATE_TRANSPORT_PROTEIN  Core Genes 

CARBAMOYL_DEHYDRATASE_HYPE  Core Genes 

CARBAMOYL_PHOSPHATE_SYNTHASE_LARGE_CHAIN  Core Genes 

CARBAMOYL_PHOSPHATE_SYNTHASE_SMALL_CHAIN  Core Genes 

CARBAMOYLTRANSFERASE_HYPF  Core Genes 

CARBONIC_ANHYDRASE_1  Core Genes 

CARBOXY_S_ADENOSYL_L_METHIONINE_SYNTHASE  Core Genes 

CARBOXY_TERMINAL_PROCESSING_PROTEASE_CTPB  Core Genes 

CARBOXYNORSPERMIDINE_CARBOXYSPERMIDINE_DECARBOXYLASE  Core Genes 

CARBOXYNORSPERMIDINE_SYNTHASE  Core Genes 

CATALASE  Core Genes 

CBB3_TYPE_CYTOCHROME_C_OXIDASE_SUBUNIT_CCON1  Core Genes 
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CBB3_TYPE_CYTOCHROME_C_OXIDASE_SUBUNIT_FIXP  Core Genes 

CCA_ADDING_ENZYME  Core Genes 

CDP_DIACYLGLYCEROL__GLYCEROL_3_PHOSPHATE_3_PHOSPHATIDYLTRANSFERASE  Core Genes 

CELL_DIVISION_PROTEIN_DEDD  Core Genes 

CELL_DIVISION_PROTEIN_FTSA  Core Genes 

CELL_DIVISION_PROTEIN_FTSZ  Core Genes 

CHAPERONE_PROTEIN_CLPB  Core Genes 

CHAPERONE_PROTEIN_DNAJ  Virulence 

CHAPERONE_PROTEIN_DNAK  Core Genes 

CHAPERONE_PROTEIN_HTPG  Core Genes 

CHAPERONE_SURA  Core Genes 

CHEMOTAXIS_PROTEIN_CHEV  Core Genes 

CHEMOTAXIS_PROTEIN_CHEW  Core Genes 

CHEMOTAXIS_PROTEIN_CHEY  Core Genes 

CHEMOTAXIS_PROTEIN_POMA  Core Genes 

CHEMOTAXIS_RESPONSE_REGULATOR_PROTEIN_GLUTAMATE_METHYLESTERASE  Core Genes 

CHORISMATE_DEHYDRATASE  Core Genes 

CHORISMATE_SYNTHASE  Core Genes 

CHROMOSOMAL_REPLICATION_INITIATOR_PROTEIN_DNAA  Core Genes 

CITRATE_SYNTHASE  Household 

COBALT_ZINC_CADMIUM_RESISTANCE_PROTEIN_CZCB  Core Genes 

COENZYME_A_BIOSYNTHESIS_BIFUNCTIONAL_PROTEIN_COABC  Core Genes 

COMPETENCE_PROTEIN_COMM  Core Genes 

COPPER_EXPORTING_P_TYPE_ATPASE  Core Genes 

COPPER_SENSING_TRANSCRIPTIONAL_REPRESSOR_CSOR  Core Genes 

CRISPR_ASSOCIATED_ENDONUCLEASE_CAS1  Core Genes 

CTP_SYNTHASE  Core Genes 

CURVED_DNA_BINDING_PROTEIN  Core Genes 

CYCLIC_DEHYPOXANTHINE_FUTALOSINE_SYNTHASE  Core Genes 
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CYCLIC_PYRANOPTERIN_MONOPHOSPHATE_SYNTHASE  Core Genes 

CYCLOHEXADIENYL_DEHYDROGENASE  Core Genes 

CYSTEINE__TRNA_LIGASE  Core Genes 

CYSTEINE_DESULFURASE_ISCS  Core Genes 

CYSTEINE_SYNTHASE  Core Genes 

CYTOCHROME_B  Core Genes 

CYTOCHROME_BD_I_UBIQUINOL_OXIDASE_SUBUNIT_1  Core Genes 

CYTOCHROME_BD_I_UBIQUINOL_OXIDASE_SUBUNIT_2  Core Genes 

CYTOCHROME_C_552  Core Genes 

CYTOCHROME_C_553  Core Genes 

CYTOCHROME_C_BIOGENESIS_PROTEIN_CCSA  Core Genes 

CYTOCHROME_C_TYPE_PROTEIN_NRFH  Core Genes 

CYTOCHROME_C551_PEROXIDASE  Core Genes 

CYTOSOL_AMINOPEPTIDASE  Core Genes 

CYTOSOL_NON_SPECIFIC_DIPEPTIDASE  Core Genes 

D_3_PHOSPHOGLYCERATE_DEHYDROGENASE  Core Genes 

D_METHIONINE_BINDING_LIPOPROTEIN_METQ  Core Genes 

DCTP_DEAMINASE  Core Genes 

DELTA_AMINOLEVULINIC_ACID_DEHYDRATASE  Core Genes 

DEMETHYLMENAQUINONE_METHYLTRANSFERASE  Core Genes 

DEPHOSPHO_COA_KINASE  Core Genes 

DIACYLGLYCEROL_KINASE  Core Genes 

DIAMINOPIMELATE_DECARBOXYLASE  Core Genes 

DIAMINOPIMELATE_EPIMERASE  Core Genes 

DIHYDROOROTASE  Core Genes 

DIHYDROXY_ACID_DEHYDRATASE  Core Genes 

DIPEPTIDE_TRANSPORT_SYSTEM_PERMEASE_PROTEIN_DPPB  Core Genes 

DIPEPTIDE_TRANSPORT_SYSTEM_PERMEASE_PROTEIN_DPPC  Core Genes 

DITP_XTP_PYROPHOSPHATASE  Core Genes 
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DNA_BINDING_PROTEIN_HU  Core Genes 

DNA_DIRECTED_RNA_POLYMERASE_SUBUNIT_ALPHA  Core Genes 

DNA_DIRECTED_RNA_POLYMERASE_SUBUNIT_OMEGA  Core Genes 

DNA_GYRASE_SUBUNIT_A  Core Genes 

DNA_HELICASE_II  Core Genes 

DNA_LIGASE  Core Genes 

DNA_POLYMERASE_I  Core Genes 

DNA_POLYMERASE_III_SUBUNIT_ALPHA  Core Genes 

DNA_PROTECTION_DURING_STARVATION_PROTEIN  Core Genes 

DNA_REPAIR_PROTEIN_RADA  Core Genes 

DNA_REPAIR_PROTEIN_RECN  Core Genes 

DNA_TOPOISOMERASE_1  Core Genes 

DNAJ_LIKE_PROTEIN_DJLA  Core Genes 

DUAL_SPECIFICITY_RNA_METHYLTRANSFERASE_RLMN  Core Genes 

EFFLUX_PUMP_MEMBRANE_TRANSPORTER_BEPE  Core Genes 

ELECTRON_TRANSPORT_COMPLEX_SUBUNIT_RSXB  Core Genes 

ELONGATION_FACTOR_4  Core Genes 

ELONGATION_FACTOR_G  Core Genes 

ELONGATION_FACTOR_P  Core Genes 

ELONGATION_FACTOR_TS  Core Genes 

ELONGATION_FACTOR_TU  Core Genes 

ENDONUCLEASE_MUTS2  Core Genes 

ENDORIBONUCLEASE_YBEY  Core Genes 

ENOLASE  Core Genes 

ENOYL_[ACYL_CARRIER_PROTEIN]_REDUCTASE_[NADH]_FABI  Core Genes 

ENOYL_[ACYL_CARRIER_PROTEIN]_REDUCTASE_[NADPH]_FABL  Core Genes 

EXODEOXYRIBONUCLEASE_7_LARGE_SUBUNIT  Core Genes 

EXODEOXYRIBONUCLEASE_7_SMALL_SUBUNIT  Core Genes 

EXODEOXYRIBONUCLEASE  Core Genes 
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FE_S_BIOGENESIS_PROTEIN_NFUA  Core Genes 

FERREDOXIN_DEPENDENT_GLUTAMATE_SYNTHASE_1  Core Genes 

FERREDOXIN_TYPE_PROTEIN_NAPG  Core Genes 

FERREDOXIN_TYPE_PROTEIN_NAPH  Core Genes 

FERRIC_ANGUIBACTIN_TRANSPORT_SYSTEM_PERMEASE_PROTEIN_FATC  Core Genes 

FERRIC_ENTEROBACTIN_TRANSPORT_ATP_BINDING_PROTEIN_FEPC  Core Genes 

FERRIC_UPTAKE_REGULATION_PROTEIN  Core Genes 

FERROUS_IRON_EFFLUX_PUMP_FIEF  Core Genes 

FLAGELLAR_ASSEMBLY_FACTOR_FLIW  Core Genes 

FLAGELLAR_BASAL_BODY_ROD_PROTEIN_FLGB  Core Genes 

FLAGELLAR_BASAL_BODY_ROD_PROTEIN_FLGC  Core Genes 

FLAGELLAR_BASAL_BODY_ROD_PROTEIN_FLGG  Core Genes 

FLAGELLAR_BIOSYNTHESIS_PROTEIN_FLHA  Core Genes 

FLAGELLAR_BIOSYNTHETIC_PROTEIN_FLHB  Virulence 

FLAGELLAR_BIOSYNTHETIC_PROTEIN_FLIP  Core Genes 

FLAGELLAR_HOOK_BASAL_BODY_COMPLEX_PROTEIN_FLIE  Core Genes 

FLAGELLAR_L_RING_PROTEIN  Core Genes 

FLAGELLAR_M_RING_PROTEIN  Core Genes 

FLAGELLAR_MOTOR_SWITCH_PROTEIN_FLIG  Core Genes 

FLAGELLAR_MOTOR_SWITCH_PROTEIN_FLIM  Core Genes 

FLAGELLAR_MOTOR_SWITCH_PROTEIN_FLIN  Core Genes 

FLAGELLAR_P_RING_PROTEIN  Core Genes 

FLAGELLAR_SECRETION_CHAPERONE_FLIS  Core Genes 

FLAGELLUM_SITE_DETERMINING_PROTEIN_YLXH  Core Genes 

FLAGELLUM_SPECIFIC_ATP_SYNTHASE  Core Genes 

FLAVIN_DEPENDENT_THYMIDYLATE_SYNTHASE  Core Genes 

FLAVODOXIN_2  Core Genes 

FORMATE_DEHYDROGENASE_IRON_SULFUR_SUBUNIT  Core Genes 

FORMYLTETRAHYDROFOLATE_DEFORMYLASE  Core Genes 
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FRUCTOSE_BISPHOSPHATE_ALDOLASE  Core Genes 

FUMARATE_HYDRATASE_CLASS_II  Core Genes 

FUMARATE_REDUCTASE_CYTOCHROME_B_SUBUNIT  Core Genes 

FUMARATE_REDUCTASE_FLAVOPROTEIN_SUBUNIT  Core Genes 

GAMMA_GLUTAMYL_PHOSPHATE_REDUCTASE  Core Genes 

GLUCONATE_2_DEHYDROGENASE_FLAVOPROTEIN  Core Genes 

GLUTAMATE__TRNA_LIGASE_1  Core Genes 

GLUTAMATE__TRNA_LIGASE  Core Genes 

GLUTAMATE_5_KINASE  Core Genes 

GLUTAMATE_ASPARTATE_IMPORT_PERMEASE_PROTEIN_GLTK  Core Genes 

GLUTAMATE_PYRUVATE_AMINOTRANSFERASE_ALAC  Core Genes 

GLUTAMATE_RACEMASE  Core Genes 

GLUTAMATE_SYNTHASE_[NADPH]_SMALL_CHAIN  Core Genes 

GLUTAMINE__FRUCTOSE_6_PHOSPHATE_AMINOTRANSFERASE_[ISOMERIZING]  Core Genes 

GLUTAMINE_SYNTHETASE  Household 

GLUTAMINE_TRANSPORT_ATP_BINDING_PROTEIN_GLNQ  Core Genes 

GLUTAMYL_TRNA_REDUCTASE  Core Genes 

GLUTATHIONE_REGULATED_POTASSIUM_EFFLUX_SYSTEM_PROTEIN_KEFC  Core Genes 

GLYCERALDEHYDE_3_PHOSPHATE_DEHYDROGENASE  Core Genes 

GLYCINE__TRNA_LIGASE_ALPHA_SUBUNIT  Core Genes 

GLYCINE__TRNA_LIGASE_BETA_SUBUNIT  Core Genes 

GMP_SYNTHASE_[GLUTAMINE_HYDROLYZING]  Core Genes 

GROUP_3_TRUNCATED_HEMOGLOBIN_CTB  Core Genes 

GTP_BINDING_PROTEIN_TYPA_BIPA  Core Genes 

GTP_CYCLOHYDROLASE_1  Core Genes 

GTP_CYCLOHYDROLASE_1_TYPE_2  Core Genes 

GTP_CYCLOHYDROLASE_2  Core Genes 

GTP_PYROPHOSPHOKINASE  Core Genes 

GTPASE_OBG  Core Genes 
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GUANYLATE_KINASE  Core Genes 

HEAT_INDUCIBLE_TRANSCRIPTION_REPRESSOR_HRCA  Core Genes 

HEMIN_TRANSPORT_SYSTEM_PERMEASE_PROTEIN_HMUU  Core Genes 

HIGH_AFFINITY_BRANCHED_CHAIN_AMINO_ACID_TRANSPORT_ATP_BINDING_PROTEIN_LIVF  Core Genes 

HIPPURATE_HYDROLASE  Core Genes 

HISTIDINE__TRNA_LIGASE  Core Genes 

HISTIDINE_BIOSYNTHESIS_BIFUNCTIONAL_PROTEIN_HISB  Core Genes 

HISTIDINE_BIOSYNTHESIS_BIFUNCTIONAL_PROTEIN_HISIE  Core Genes 

HISTIDINOL_DEHYDROGENASE  Core Genes 

HOLLIDAY_JUNCTION_ATP_DEPENDENT_DNA_HELICASE_RUVA  Core Genes 

HOLLIDAY_JUNCTION_ATP_DEPENDENT_DNA_HELICASE_RUVB  Core Genes 

HOLO_[ACYL_CARRIER_PROTEIN]_SYNTHASE  Core Genes 

HOMOSERINE_DEHYDROGENASE  Core Genes 

HOMOSERINE_KINASE  Core Genes 

HTH_TYPE_TRANSCRIPTIONAL_REGULATOR_CYMR  Core Genes 

HYDROGENASE_MATURATION_FACTOR_HYPB  Core Genes 

HYDROGENASE_MATURATION_FACTOR_HYPD  Core Genes 

HYDROGENASE_UREASE_MATURATION_FACTOR_HYPA  Core Genes 

HYDROXYMETHYLPYRIMIDINE_PHOSPHOMETHYLPYRIMIDINE_KINASE  Core Genes 

IMIDAZOLE_GLYCEROL_PHOSPHATE_SYNTHASE_SUBUNIT_HISF  Core Genes 

IMIDAZOLE_GLYCEROL_PHOSPHATE_SYNTHASE_SUBUNIT_HISH  Core Genes 

INDOLE_3_GLYCEROL_PHOSPHATE_SYNTHASE  Core Genes 

INNER_MEMBRANE_PROTEIN_YJJP  Core Genes 

INNER_MEMBRANE_PROTEIN_YOHD  Core Genes 

INNER_MEMBRANE_PROTEIN_YQAA  Core Genes 

INNER_MEMBRANE_TRANSPORT_PROTEIN_YAJR  Core Genes 

INORGANIC_PYROPHOSPHATASE  Core Genes 

INOSINE_5__MONOPHOSPHATE_DEHYDROGENASE  Core Genes 

IRON_SULFUR_CLUSTER_CARRIER_PROTEIN  Core Genes 
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IRON_UPTAKE_PROTEIN_A1  Core Genes 

ISOCITRATE_DEHYDROGENASE_[NADP]_2  Core Genes 

ISOLEUCINE__TRNA_LIGASE  Core Genes 

ISOPRENYL_TRANSFERASE  Core Genes 

KINASE_A_INHIBITOR  Core Genes 

KIPI_ANTAGONIST  Core Genes 

KTR_SYSTEM_POTASSIUM_UPTAKE_PROTEIN_A  Core Genes 

KTR_SYSTEM_POTASSIUM_UPTAKE_PROTEIN_B  Core Genes 

L_ASPARAGINASE_2  Core Genes 

L_CYSTINE_BINDING_PROTEIN_FLIY  Core Genes 

L_CYSTINE_TRANSPORT_SYSTEM_PERMEASE_PROTEIN_YECS  Core Genes 

L_CYSTINE_UPTAKE_PROTEIN_TCYP  Core Genes 

L_LACTATE_DEHYDROGENASE  Core Genes 

L_LACTATE_PERMEASE  Core Genes 

L_THREONINE_AMMONIA_LYASE  Core Genes 

LACTATE_UTILIZATION_PROTEIN_A  Core Genes 

LACTATE_UTILIZATION_PROTEIN_B  Core Genes 

LACTATE_UTILIZATION_PROTEIN_C  Core Genes 

LEU_ILE_VAL_BINDING_PROTEIN  Core Genes 

LEUCINE__TRNA_LIGASE  Core Genes 

LEUCYL_PHENYLALANYL_TRNA__PROTEIN_TRANSFERASE  Core Genes 

LIPID_A_BIOSYNTHESIS_LAUROYLTRANSFERASE  Core Genes 

LIPID_A_DISACCHARIDE_SYNTHASE  Core Genes 

LIPID_A_EXPORT_ATP_BINDING_PERMEASE_PROTEIN_MSBA  Core Genes 

LIPID_II_FLIPPASE_MURJ  Core Genes 

LIPOPOLYSACCHARIDE_EXPORT_SYSTEM_ATP_BINDING_PROTEIN_LPTB  Core Genes 

LIPOPOLYSACCHARIDE_EXPORT_SYSTEM_PROTEIN_LPTA  Core Genes 

LIPOPOLYSACCHARIDE_HEPTOSYLTRANSFERASE_1  Core Genes 

LIPOPROTEIN_28  Core Genes 
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LIPOPROTEIN_RELEASING_SYSTEM_ATP_BINDING_PROTEIN_LOLD  Core Genes 

LIPOPROTEIN_RELEASING_SYSTEM_TRANSMEMBRANE_PROTEIN_LOLC  Core Genes 

LIPOPROTEIN_SIGNAL_PEPTIDASE  Core Genes 

LON_PROTEASE  Core Genes 

LOW_MOLECULAR_WEIGHT_PROTEIN_TYROSINE_PHOSPHATASE_YFKJ  Core Genes 

LPS_ASSEMBLY_PROTEIN_LPTD  Core Genes 

LYSINE__TRNA_LIGASE  Core Genes 

MACROLIDE_EXPORT_ATP_BINDING_PERMEASE_PROTEIN_MACB  Core Genes 

MACROLIDE_EXPORT_PROTEIN_MACA  Core Genes 

MAGNESIUM_TRANSPORT_PROTEIN_CORA  Core Genes 

MAJOR_CELL_BINDING_FACTOR  Core Genes 

MAJOR_OUTER_MEMBRANE_PROTEIN  Core Genes 

MALATE_DEHYDROGENASE  Core Genes 

MALONYL_[ACYL_CARRIER_PROTEIN]_O_METHYLTRANSFERASE  Core Genes 

MALONYL_COA_ACYL_CARRIER_PROTEIN_TRANSACYLASE  Core Genes 

MANGANESE_TRANSPORT_SYSTEM_MEMBRANE_PROTEIN_MNTB  Core Genes 

MEMBRANE_BOUND_LYTIC_MUREIN_TRANSGLYCOSYLASE_C  Core Genes 

MEMBRANE_LIPOPROTEIN_TPN32  Core Genes 

MEMBRANE_PROTEIN_INSERTASE_YIDC  Core Genes 

METALLOPROTEASE_MMPA  Core Genes 

METHIONINE__TRNA_LIGASE  Core Genes 

METHIONINE_AMINOPEPTIDASE_1  Core Genes 

METHIONINE_AMINOPEPTIDASE  Core Genes 

METHIONINE_BINDING_LIPOPROTEIN_METQ  Core Genes 

METHIONINE_IMPORT_ATP_BINDING_PROTEIN_METN  Core Genes 

METHYLATED_DNA__PROTEIN_CYSTEINE_METHYLTRANSFERASE  Core Genes 

MODIFICATION_METHYLASE_FOKI  Core Genes 

MODULATOR_OF_DRUG_ACTIVITY_B  Core Genes 

MODULATOR_OF_FTSH_PROTEASE_YCCA  Core Genes 
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MOLYBDATE_BINDING_PROTEIN_MODA  Core Genes 

MOLYBDENUM_COFACTOR_GUANYLYLTRANSFERASE  Core Genes 

MOLYBDOPTERIN_ADENYLYLTRANSFERASE  Core Genes 

MOLYBDOPTERIN_GUANINE_DINUCLEOTIDE_BIOSYNTHESIS_ADAPTER_PROTEIN  Core Genes 

MOLYBDOPTERIN_MOLYBDENUMTRANSFERASE  Core Genes 

MOLYBDOPTERIN_SYNTHASE_CATALYTIC_SUBUNIT  Core Genes 

MOTILITY_PROTEIN_B  Core Genes 

MULTICOPPER_OXIDASE_MCO  Core Genes 

MULTIDRUG_EXPORT_PROTEIN_ACRE  Core Genes 

MULTIDRUG_RESISTANCE_PROTEIN_MDTC  Core Genes 

MULTIDRUG_RESISTANCE_PROTEIN_YKKD  Core Genes 

MUREIN_DD_ENDOPEPTIDASE_MEPM  Core Genes 

MUREIN_DD_ENDOPEPTIDASE_MEPS_MUREIN_LD_CARBOXYPEPTIDASE  Core Genes 

N_ACETYL_GAMMA_GLUTAMYL_PHOSPHATE_REDUCTASE  Core Genes 

N_CARBAMOYL_D_AMINO_ACID_HYDROLASE  Core Genes 

N5_CARBOXYAMINOIMIDAZOLE_RIBONUCLEOTIDE_MUTASE  Core Genes 

NAD_DEPENDENT_PROTEIN_DEACYLASE  Core Genes 

NAD_KINASE  Core Genes 

NADH_QUINONE_OXIDOREDUCTASE_SUBUNIT_6  Core Genes 

NADH_QUINONE_OXIDOREDUCTASE_SUBUNIT_D  Core Genes 

NADH_QUINONE_OXIDOREDUCTASE_SUBUNIT_J  Core Genes 

NADH_QUINONE_OXIDOREDUCTASE_SUBUNIT_K  Core Genes 

NADH_QUINONE_OXIDOREDUCTASE_SUBUNIT_M  Core Genes 

NADP_DEPENDENT_3_HYDROXY_ACID_DEHYDROGENASE_YDFG  Core Genes 

NADP_DEPENDENT_MALIC_ENZYME  Core Genes 

NADPH_DEPENDENT_7_CYANO_7_DEAZAGUANINE_REDUCTASE  Core Genes 

NICOTINATE_NUCLEOTIDE_ADENYLYLTRANSFERASE  Core Genes 

NICOTINATE_PHOSPHORIBOSYLTRANSFERASE_PNCB2  Core Genes 

NITRATE_REDUCTASE  Core Genes 
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NUCLEOID_ASSOCIATED_PROTEIN  Core Genes 

NUCLEOSIDE_DIPHOSPHATE_KINASE  Core Genes 

OCTAPRENYL_DIPHOSPHATE_SYNTHASE  Core Genes 

OLIGOPEPTIDE_BINDING_PROTEIN_APPA  Core Genes 

OROTATE_PHOSPHORIBOSYLTRANSFERASE  Core Genes 

OUTER_MEMBRANE_LIPOPROTEIN_CARRIER_PROTEIN  Core Genes 

OUTER_MEMBRANE_PORIN_F  Core Genes 

OUTER_MEMBRANE_PROTEIN_ASSEMBLY_FACTOR_BAMA  Core Genes 

OUTER_MEMBRANE_PROTEIN_ASSEMBLY_FACTOR_BAMD  Core Genes 

OXYGEN_INDEPENDENT_COPROPORPHYRINOGEN_III_OXIDASE  Core Genes 

P_PROTEIN  Core Genes 

PENICILLIN_BINDING_PROTEIN_1F  Core Genes 

PEPTIDE_CHAIN_RELEASE_FACTOR_2  Core Genes 

PEPTIDE_CHAIN_RELEASE_FACTOR_RF1  Core Genes 

PEPTIDE_DEFORMYLASE  Core Genes 

PEPTIDE_METHIONINE_SULFOXIDE_REDUCTASE_MSRA  Core Genes 

PEPTIDE_TRANSPORTER_CSTA  Core Genes 

PEPTIDOGLYCAN_ASSOCIATED_LIPOPROTEIN  Core Genes 

PEPTIDOGLYCAN_GLYCOSYLTRANSFERASE_MRDB  Core Genes 

PEPTIDYL_PROLYL_CIS_TRANS_ISOMERASE_B  Core Genes 

PEPTIDYL_PROLYL_CIS_TRANS_ISOMERASE_D  Core Genes 

PEPTIDYL_TRNA_HYDROLASE  Core Genes 

PERIPLASMIC_NITRATE_REDUCTASE  Core Genes 

PERIPLASMIC_SERINE_ENDOPROTEASE_DEGP  Core Genes 

PHENYLALANINE__TRNA_LIGASE_ALPHA_SUBUNIT  Core Genes 

PHENYLALANINE__TRNA_LIGASE_BETA_SUBUNIT  Core Genes 

PHOSPHATE_IMPORT_ATP_BINDING_PROTEIN_PSTB  Core Genes 

PHOSPHATE_TRANSPORT_SYSTEM_PERMEASE_PROTEIN_PSTC_1  Core Genes 

PHOSPHATIDYLGLYCEROPHOSPHATASE_A  Core Genes 
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PHOSPHATIDYLSERINE_DECARBOXYLASE_PROENZYME  Core Genes 

PHOSPHO_2_DEHYDRO_3_DEOXYHEPTONATE_ALDOLASE  Core Genes 

PHOSPHO_N_ACETYLMURAMOYL_PENTAPEPTIDE_TRANSFERASE  Core Genes 

PHOSPHOETHANOLAMINE_TRANSFERASE_EPTA  Core Genes 

PHOSPHOGLUCOSAMINE_MUTASE  Core Genes 

PHOSPHOGLYCERATE_KINASE  Core Genes 

PHOSPHOGLYCOLATE_PHOSPHATASE  Core Genes 

PHOSPHOHEPTOSE_ISOMERASE_1  Core Genes 

PHOSPHOHEPTOSE_ISOMERASE  Core Genes 

PHOSPHOMANNOMUTASE_PHOSPHOGLUCOMUTASE  Household 

PHOSPHOPANTETHEINE_ADENYLYLTRANSFERASE  Core Genes 

PHOSPHORIBOSYLAMINE__GLYCINE_LIGASE  Core Genes 

PHOSPHORIBOSYLAMINOIMIDAZOLE_SUCCINOCARBOXAMIDE_SYNTHASE  Core Genes 

PHOSPHORIBOSYLFORMYLGLYCINAMIDINE_CYCLO_LIGASE  Core Genes 

PHOSPHORIBOSYLFORMYLGLYCINAMIDINE_SYNTHASE_SUBUNIT_PURL  Core Genes 

PHOSPHORIBOSYLFORMYLGLYCINAMIDINE_SYNTHASE_SUBUNIT_PURQ  Core Genes 

PHOSPHORIBOSYLFORMYLGLYCINAMIDINE_SYNTHASE_SUBUNIT_PURS  Core Genes 

PHOSPHORIBOSYLGLYCINAMIDE_FORMYLTRANSFERASE  Core Genes 

PHOSPHOSERINE_AMINOTRANSFERASE  Core Genes 

PHOSPHOSERINE_PHOSPHATASE  Core Genes 

PLASMINOGEN_BINDING_PROTEIN_PGBA  Core Genes 

POLYPHOSPHATE_KINASE  Core Genes 

POLYRIBONUCLEOTIDE_NUCLEOTIDYLTRANSFERASE  Core Genes 

POLYSIALIC_ACID_TRANSPORT_ATP_BINDING_PROTEIN_KPST  Core Genes 

POLYSIALIC_ACID_TRANSPORT_PROTEIN_KPSD  Core Genes 

POLYSIALIC_ACID_TRANSPORT_PROTEIN_KPSM  Core Genes 

PORPHOBILINOGEN_DEAMINASE  Core Genes 

PRIMOSOMAL_PROTEIN_N_  Core Genes 

PROLINE__TRNA_LIGASE  Core Genes 
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PROLINE_BETAINE_TRANSPORTER  Core Genes 

PROLIPOPROTEIN_DIACYLGLYCERYL_TRANSFERASE  Core Genes 

PROTEASE_HTPX  Core Genes 

PROTEIN_DISULFIDE_OXIDOREDUCTASE_DSBI  Core Genes 

PROTEIN_GLYCOSYLATION_K  Core Genes 

PROTEIN_GRPE  Core Genes 

PROTEIN_L_ISOASPARTATE_O_METHYLTRANSFERASE  Core Genes 

PROTEIN_METHIONINE_SULFOXIDE_REDUCTASE_CATALYTIC_SUBUNIT_MSRP  Core Genes 

PROTEIN_NUCLEIC_ACID_DEGLYCASE_3  Core Genes 

PROTEIN_RECA  Core Genes 

PROTEIN_SPHX  Core Genes 

PROTEIN_TOLB  Core Genes 

PROTEIN_TRANSLOCASE_SUBUNIT_SECA  Core Genes 

PROTEIN_TRANSLOCASE_SUBUNIT_SECD  Core Genes 

PROTEIN_TRANSLOCASE_SUBUNIT_SECF  Core Genes 

PROTEIN_TRANSLOCASE_SUBUNIT_SECY  Core Genes 

PROTEIN_YCEI  Core Genes 

PROTEIN_YFFB  Core Genes 

PROTEIN_YRDA  Core Genes 

PUTATIVE_2_HYDROXYACID_DEHYDROGENASE  Core Genes 

PUTATIVE_AAA_DOMAIN_CONTAINING_PROTEIN  Core Genes 

PUTATIVE_ABC_TRANSPORTER_ATP_BINDING_PROTEIN_YBIT  Core Genes 

PUTATIVE_ABC_TRANSPORTER_ATP_BINDING_PROTEIN_YKNY  Core Genes 

PUTATIVE_ABC_TRANSPORTER_SOLUTE_BINDING_PROTEIN_YCLQ  Core Genes 

PUTATIVE_ACID__AMINE_LIGASE_YGIC  Core Genes 

PUTATIVE_ACYL_COA_THIOESTER_HYDROLASE  Core Genes 

PUTATIVE_ADENYLYL_SULFATE_KINASE  Core Genes 

PUTATIVE_CHROMOSOME_PARTITIONING_PROTEIN_PARB  Core Genes 

PUTATIVE_DUAL_SPECIFICITY_RNA_METHYLTRANSFERASE_RLMN  Core Genes 
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PUTATIVE_FAD_LINKED_OXIDOREDUCTASE  Core Genes 

PUTATIVE_FLUORIDE_ION_TRANSPORTER_CRCB  Core Genes 

PUTATIVE_FMN_FAD_EXPORTER_YEEO  Core Genes 

PUTATIVE_GLUTAMINE_ABC_TRANSPORTER_PERMEASE_PROTEIN_GLNM  Core Genes 

PUTATIVE_GLUTAMINE_ABC_TRANSPORTER_PERMEASE_PROTEIN_GLNP  Core Genes 

PUTATIVE_GTP_BINDING_PROTEIN_ENGB  Core Genes 

PUTATIVE_HIT_LIKE_PROTEIN  Core Genes 

PUTATIVE_LIPID_II_FLIPPASE_MURJ  Core Genes 

PUTATIVE_MANGANESE_EFFLUX_PUMP_MNTP  Core Genes 

PUTATIVE_MEMBRANE_TRANSPORTER_PROTEIN_YFCA  Core Genes 

PUTATIVE_MFS_TYPE_TRANSPORTER_YCAD  Core Genes 

PUTATIVE_MOLYBDENUM_COFACTOR_GUANYLYLTRANSFERASE  Core Genes 

PUTATIVE_PEPTIDOGLYCAN_DD_TRANSPEPTIDASE_PENA  Core Genes 

PUTATIVE_PEPTIDOGLYCAN_GLYCOSYLTRANSFERASE_FTSW  Core Genes 

PUTATIVE_PEPTIDYL_PROLYL_CIS_TRANS_ISOMERASE  Core Genes 

PUTATIVE_PEROXIREDOXIN_BCP  Core Genes 

PUTATIVE_PHOSPHOLIPID_BINDING_LIPOPROTEIN_MLAA  Core Genes 

PUTATIVE_PRE_16S_RRNA_NUCLEASE  Core Genes 

PUTATIVE_PROTEASE_YDCP  Core Genes 

PUTATIVE_PROTEIN_YQEY  Core Genes 

PUTATIVE_RACEMASE_YGEA  Core Genes 

PUTATIVE_RIBONUCLEOTIDE_TRANSPORT_ATP_BINDING_PROTEIN_MKL  Core Genes 

PUTATIVE_SUGAR_PHOSPHATE_ISOMERASE_YWLF  Core Genes 

PUTATIVE_TAUTOMERASE  Core Genes 

PUTATIVE_TRANSCRIPTIONAL_REGULATORY_PROTEIN  Core Genes 

PUTATIVE_TRNA_DIHYDROURIDINE_SYNTHASE  Core Genes 

PUTATIVE_UBIX_LIKE_FLAVIN_PRENYLTRANSFERASE  Core Genes 

PUTATIVE_ZINC_PROTEASE  Core Genes 

PYRIDOXAL_PHOSPHATE_HOMEOSTASIS_PROTEIN  Core Genes 
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PYRIDOXINE_5__PHOSPHATE_SYNTHASE  Core Genes 

PYROPHOSPHATASE_PPAX  Core Genes 

PYRROLINE_5_CARBOXYLATE_REDUCTASE  Core Genes 

PYRUVATE_KINASE  Core Genes 

PYRUVATE_SYNTHASE  Core Genes 

QUEUINE_TRNA_RIBOSYLTRANSFERASE  Core Genes 

QUINONE_REACTIVE_NI_FE_HYDROGENASE_B_TYPE_CYTOCHROME_SUBUNIT  Core Genes 

QUINONE_REACTIVE_NI_FE_HYDROGENASE_LARGE_CHAIN  Core Genes 

QUINONE_REACTIVE_NI_FE_HYDROGENASE_SMALL_CHAIN  Core Genes 

RECOMBINATION_PROTEIN_RECR  Core Genes 

REGULATORY_PROTEIN_ATOC  Core Genes 

REPLICATIVE_DNA_HELICASE  Core Genes 

RESPONSE_REGULATOR_MPRA  Core Genes 

RIBOFLAVIN_BIOSYNTHESIS_PROTEIN_RIBBA  Core Genes 

RIBOFLAVIN_BIOSYNTHESIS_PROTEIN_RIBF  Core Genes 

RIBOFLAVIN_SYNTHASE  Core Genes 

RIBOFLAVIN_TRANSPORTER  Core Genes 

RIBONUCLEASE_3  Core Genes 

RIBONUCLEASE_HI  Core Genes 

RIBONUCLEASE_HII  Core Genes 

RIBONUCLEASE_J  Core Genes 

RIBONUCLEASE_R  Core Genes 

RIBONUCLEASE_Y  Core Genes 

RIBONUCLEOSIDE_DIPHOSPHATE_REDUCTASE_1_SUBUNIT_ALPHA  Core Genes 

RIBONUCLEOSIDE_DIPHOSPHATE_REDUCTASE_SUBUNIT_BETA  Core Genes 

RIBOSE_PHOSPHATE_PYROPHOSPHOKINASE  Core Genes 

RIBOSOMAL_LARGE_SUBUNIT_PSEUDOURIDINE_SYNTHASE_B  Core Genes 

RIBOSOMAL_LARGE_SUBUNIT_PSEUDOURIDINE_SYNTHASE_D  Core Genes 

RIBOSOMAL_PROTEIN_L11_METHYLTRANSFERASE  Core Genes 
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RIBOSOMAL_PROTEIN_S12_METHYLTHIOTRANSFERASE_RIMO  Core Genes 

RIBOSOMAL_RNA_LARGE_SUBUNIT_METHYLTRANSFERASE_H  Core Genes 

RIBOSOMAL_RNA_SMALL_SUBUNIT_METHYLTRANSFERASE_A  Core Genes 

RIBOSOMAL_RNA_SMALL_SUBUNIT_METHYLTRANSFERASE_E  Core Genes 

RIBOSOMAL_RNA_SMALL_SUBUNIT_METHYLTRANSFERASE_F  Core Genes 

RIBOSOMAL_RNA_SMALL_SUBUNIT_METHYLTRANSFERASE_H  Core Genes 

RIBOSOMAL_RNA_SMALL_SUBUNIT_METHYLTRANSFERASE_I  Core Genes 

RIBOSOMAL_SILENCING_FACTOR_RSFS  Core Genes 

RIBOSOME_BINDING_ATPASE_YCHF  Core Genes 

RIBOSOME_BINDING_FACTOR_A  Core Genes 

RIBOSOME_MATURATION_FACTOR_RIMM  Core Genes 

RIBOSOME_MATURATION_FACTOR_RIMP  Core Genes 

RIBOSOME_RECYCLING_FACTOR  Core Genes 

RIBULOSE_PHOSPHATE_3_EPIMERASE  Core Genes 

RNA_POLYMERASE_BINDING_TRANSCRIPTION_FACTOR_DKSA  Core Genes 

RNA_POLYMERASE_SIGMA_54_FACTOR  Core Genes 

RNA_POLYMERASE_SIGMA_FACTOR_FLIA  Core Genes 

RNA_POLYMERASE_SIGMA_FACTOR_RPOD  Core Genes 

RNA_PYROPHOSPHOHYDROLASE  Core Genes 

ROD_SHAPE_DETERMINING_PROTEIN_MREB  Core Genes 

S_ADENOSYLMETHIONINE_SYNTHASE  Core Genes 

S_RIBOSYLHOMOCYSTEINE_LYASE  Core Genes 

SEC_INDEPENDENT_PROTEIN_TRANSLOCASE_PROTEIN_TATA  Core Genes 

SEC_INDEPENDENT_PROTEIN_TRANSLOCASE_PROTEIN_TATB  Core Genes 

SEC_INDEPENDENT_PROTEIN_TRANSLOCASE_PROTEIN_TATC  Core Genes 

SECRETED_FLAGELLIN_C  Core Genes 

SELENOCYSTEINE_SPECIFIC_ELONGATION_FACTOR  Core Genes 

SENSORY_TRANSDUCTION_PROTEIN_REGX3  Core Genes 

SEPTUM_FORMATION_PROTEIN_MAF  Core Genes 
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SERINE__TRNA_LIGASE  Core Genes 

SERINE_HYDROXYMETHYLTRANSFERASE  Household 

SERINE_THREONINE_TRANSPORTER_SSTT  Core Genes 

SERINE_TRANSPORTER  Core Genes 

SHIKIMATE_KINASE  Core Genes 

SIGNAL_PEPTIDASE_I  Core Genes 

SIGNAL_RECOGNITION_PARTICLE_54_KDA_PROTEIN  Core Genes 

SIGNAL_RECOGNITION_PARTICLE_PROTEIN  Core Genes 

SIGNAL_RECOGNITION_PARTICLE_RECEPTOR_FTSY  Core Genes 

SINGLE_STRANDED_DNA_BINDING_PROTEIN  Core Genes 

SINGLE_STRANDED_DNA_SPECIFIC_EXONUCLEASE_RECJ  Core Genes 

SPERMIDINE_EXPORT_PROTEIN_MDTI  Core Genes 

SPERMIDINE_EXPORT_PROTEIN_MDTJ  Core Genes 

SPORULATION_INITIATION_INHIBITOR_PROTEIN_SOJ  Core Genes 

SSRA_BINDING_PROTEIN  Core Genes 

SUCCINATE__COA_LIGASE_[ADP_FORMING]_SUBUNIT_ALPHA  Core Genes 

SUCCINATE__COA_LIGASE_[ADP_FORMING]_SUBUNIT_BETA  Core Genes 

SUCCINYL_DIAMINOPIMELATE_DESUCCINYLASE  Core Genes 

SULFUR_CARRIER_PROTEIN_FDHD  Core Genes 

SUPEROXIDE_DISMUTASE_[FE]  Core Genes 

TETRAACYLDISACCHARIDE_4__KINASE  Core Genes 

THIAMINE_MONOPHOSPHATE_KINASE  Core Genes 

THIAMINE_PHOSPHATE_SYNTHASE  Core Genes 

THIAZOLE_SYNTHASE  Core Genes 

THIOL_DISULFIDE_OXIDOREDUCTASE_RESA  Core Genes 

THIOL_PEROXIDASE  Core Genes 

THIOREDOXIN_1  Core Genes 

THIOREDOXIN_REDUCTASE  Core Genes 

THREONINE__TRNA_LIGASE_2  Core Genes 
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THREONINE_SYNTHASE  Core Genes 

THREONYLCARBAMOYLADENOSINE_TRNA_METHYLTHIOTRANSFERASE_MTAB  Core Genes 

THYMIDYLATE_SYNTHASE  Core Genes 

TOXIN_A  Core Genes 

TOXIN_AND_DRUG_EXPORT_PROTEIN_A  Core Genes 

TRANSALDOLASE  Core Genes 

TRANSCRIPTION_ANTITERMINATION_PROTEIN_NUSB  Core Genes 

TRANSCRIPTION_ELONGATION_FACTOR_GREA  Core Genes 

TRANSCRIPTION_FACTOR_FAPR  Core Genes 

TRANSCRIPTION_REPAIR_COUPLING_FACTOR  Core Genes 

TRANSCRIPTION_TERMINATION_ANTITERMINATION_PROTEIN_NUSA  Core Genes 

TRANSCRIPTION_TERMINATION_ANTITERMINATION_PROTEIN_NUSG  Core Genes 

TRANSCRIPTION_TERMINATION_FACTOR_RHO  Core Genes 

TRANSCRIPTIONAL_REGULATORY_PROTEIN_OMPR  Core Genes 

TRANSKETOLASE  Household 

TRANSLATION_INITIATION_FACTOR_IF_1  Core Genes 

TRANSLATION_INITIATION_FACTOR_IF_3  Core Genes 

TRANSLATIONAL_REGULATOR_CSRA  Core Genes 

TRIGGER_FACTOR  Core Genes 

TRIOSEPHOSPHATE_ISOMERASE  Core Genes 

TRNA_5_METHYLAMINOMETHYL_2_THIOURIDINE_BIOSYNTHESIS_BIFUNCTIONAL_PROTEIN_MNMC  Core Genes 

TRNA_DIMETHYLALLYLTRANSFERASE  Core Genes 

TRNA_MODIFICATION_GTPASE_MNME  Core Genes 

TRNA_N6_ADENOSINE_THREONYLCARBAMOYLTRANSFERASE  Core Genes 

TRNA_PSEUDOURIDINE_SYNTHASE_A  Core Genes 

TRNA_PSEUDOURIDINE_SYNTHASE_B  Core Genes 

TRNA_PSEUDOURIDINE_SYNTHASE_D  Core Genes 

TRNA_SPECIFIC_2_THIOURIDYLASE_MNMA  Core Genes 

TRNA_THREONYLCARBAMOYLADENOSINE_DEHYDRATASE  Core Genes 
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TRNA_U34_CARBOXYMETHYLTRANSFERASE  Core Genes 

TRNA_URIDINE_5_CARBOXYMETHYLAMINOMETHYL_MODIFICATION_ENZYME_MNMG  Core Genes 

TRYPTOPHAN__TRNA_LIGASE  Core Genes 

TRYPTOPHAN_BIOSYNTHESIS_PROTEIN_TRPCF  Core Genes 

TRYPTOPHAN_SYNTHASE_ALPHA_CHAIN  Core Genes 

TRYPTOPHAN_SYNTHASE_BETA_CHAIN  Core Genes 

TUNGSTATE_BINDING_PROTEIN_TUPA  Core Genes 

TYPE_III_PANTOTHENATE_KINASE  Core Genes 

TYROSINE__TRNA_LIGASE  Core Genes 

UBIQUINOL_CYTOCHROME_C_REDUCTASE_IRON_SULFUR_SUBUNIT  Core Genes 

UBIQUINONE_MENAQUINONE_BIOSYNTHESIS_C_METHYLTRANSFERASE_UBIE  Core Genes 

UDP_2_ACETAMIDO_2_DEOXY_3_OXO_D_GLUCURONATE_AMINOTRANSFERASE  Core Genes 

UDP_24_DIACETAMIDO_24  Core Genes 

UDP_3_O_ACYL_N_ACETYLGLUCOSAMINE_DEACETYLASE  Core Genes 

UDP_3_O_ACYLGLUCOSAMINE_N_ACYLTRANSFERASE  Core Genes 

UDP_4_AMINO_46_DIDEOXY_N_ACETYL_BETA_L_ALTROSAMINE_TRANSAMINASE  Core Genes 

UDP_GLUCOSE_4_EPIMERASE  Core Genes 

UDP_N_ACETYL_ALPHA_D_GLUCOSAMINE_C6_DEHYDRATASE  Core Genes 

UDP_N_ACETYLBACILLOSAMINE_N_ACETYLTRANSFERASE  Core Genes 

UDP_N_ACETYLBACILLOSAMINE_TRANSAMINASE  Core Genes 

UDP_N_ACETYLENOLPYRUVOYLGLUCOSAMINE_REDUCTASE  Core Genes 

UDP_N_ACETYLGLUCOSAMINE_1_CARBOXYVINYLTRANSFERASE  Core Genes 

UDP_N_ACETYLMURAMATE__L_ALANINE_LIGASE  Core Genes 

UDP_N_ACETYLMURAMOYL_L_ALANYL_D_GLUTAMATE__26_DIAMINOPIMELATE_LIGASE  Core Genes 

UDP_N_ACETYLMURAMOYL_TRIPEPTIDE__D_ALANYL_D_ALANINE_LIGASE  Core Genes 

UDP_N_ACETYLMURAMOYLALANINE__D_GLUTAMATE_LIGASE  Core Genes 

UNDECAPRENYL_DIPHOSPHATASE  Core Genes 

UNDECAPRENYL_DIPHOSPHOOLIGOSACCHARIDE__PROTEIN_GLYCOTRANSFERASE  Core Genes 

UNDECAPRENYL_PHOSPHATE_NN__DIACETYLBACILLOSAMINE_1_PHOSPHATE_TRANSFERASE  Core Genes 
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URACIL_PHOSPHORIBOSYLTRANSFERASE  Core Genes 

URIDYLATE_KINASE  Core Genes 

UROPORPHYRINOGEN_DECARBOXYLASE  Core Genes 

UTP__GLUCOSE_1_PHOSPHATE_URIDYLYLTRANSFERASE  Core Genes 

UVRABC_SYSTEM_PROTEIN_A  Core Genes 

UVRABC_SYSTEM_PROTEIN_B  Core Genes 

UVRABC_SYSTEM_PROTEIN_C  Core Genes 

VALINE__TRNA_LIGASE  Core Genes 

XANTHINE_PHOSPHORIBOSYLTRANSFERASE  Core Genes 

CYTOLETHAL_DISTENDING_TOXIN_SUBUNIT_B  Virulence 

PUTATIVE_METHYLTRANSFERASE  Virulence 

PUTATIVE_PHOSPHOLIPASE_A1  Virulence 

PUTATIVE_TYPE_II_SECRETION_SYSTEM_PROTEIN_F  Virulence 

SUPEROXIDE_DISMUTASE_[FE]  Virulence 

TRANSLATIONAL_REGULATOR_CSRA  Virulence 

TYPE_II_SECRETION_SYSTEM_PROTEIN_F  Virulence 

TYPE_IV_SECRETION_SYSTEM_PROTEIN_VIRB1  Virulence 

TYPE_IV_SECRETION_SYSTEM_PROTEIN_VIRB11  Virulence 

TYPE_IV_SECRETION_SYSTEM_PROTEIN_VIRB4  Virulence 

TYPE_IV_SECRETION_SYSTEM_PROTEIN_VIRB8  Virulence 

TYPE_IV_SECRETION_SYSTEM_PROTEIN_VIRB9  Virulence 
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