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Sooner or later you’ll have to see
The cause and effect
So many things still left to do
But we haven’t made it yet

–Neil Young, ‘Transformer Man’
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Abstract

Human infections with Shiga-toxin (Stx)-producing E. coli (STEC) vary in severity of ill-

ness. The pan-genome of a bacterial species contains a shared, essential core genome, and

a variably distributed accessory genome. While single nucleotide changes likely influence

virulence in STEC, horizontal gene transfer (HGT) on elements such as bacteriophage are

thought to be most important. My thesis objectives were to: 1) develop tools for the pan-

genomic analyses of bacterial genomes; 2) describe the phylogeny of STEC and; 3) deter-

mine if the evolution of the Stx2-bacteriophage parallels that of its bacterial host. For this

thesis, the software program Panseq was created and used to identify pan-genomic differ-

ences among STEC. Whole-genome phylogenies showed all serotypes as discrete clusters,

with O157:H7 having three distinct lineages and grouping separately from all other STEC.

Finally, the phylogenies of Stx2-bacteriophage and their bacterial hosts were largely con-

cordant, with occasional instances of HGT having led to novel pathogen emergence.
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Chapter 1

Introduction

My thesis was broadly constructed around the following objectives: 1) Develop tools for the

analyses of bacterial genomes in a pan-genomic context; 2) Describe the overall phylogeny

of Eschericha coli O157:H7 and other Shiga toxin-producing E. coli (STEC); 3) Determine

if the evolution of the Shiga-toxin 2 producing bacteriophage parallels that of its bacterial

STEC host. The following is an overview of my thesis, which briefly highlights how each

chapter addresses these objectives.

In Chapter 2, ‘Everything at once: Comparative analyses of the genomes of bacterial

pathogens’, I review the comparative genomics of bacterial pathogens that affect humans.

I discuss how whole-genome sequencing (WGS) is influencing the definition of clusters of

genetically and phenotypically related organisms and how it is used in molecular epidemi-

ology to ‘fingerprint’ disease agents and determine sources. The use of WGS in identifying

genes or genomic regions that may be responsible for phenotypic attributes such as viru-

lence or niche specialization is discussed, as is elucidating the mechanisms of emergence

and evolution of pathogenic microorganisms. Lastly, the evolution of both epidemiology

and novel gene discovery, current methods of whole-genome analyses and the influence of

low-cost, high-throughput sequencing on microbiology are discussed.

In Chapter 3, ‘A review of Shiga-toxin producing E. coli virulence and genomic evolu-

tion’, I discuss the major virulence factors of STEC, including Shiga-toxins, the locus of

enterocyte attachment and effacement and other chromosome- and plasmid-encoded vir-

ulence factors. The composition of the STEC genome is discussed in terms of parallel

evolution and the dynamics of STEC evolution are briefly discussed. This chapter high-

lights the heterogeneous makeup of STEC and the need for whole-genome comparisons to

fully understand the population structure and evolution of the pathogen.
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In Chapter 4, ‘In silico genomic analyses reveal three distinct lineages of Escherichia

coli O157:H7, one of which is associated with hyper-virulence’, I discuss the E. coli

O157:H7 lineages and their stepwise emergence from E. coli O55:H7, as well as the molec-

ular typing methods that have traditionally been used to assess population structure and

diversity of the serotype. In this study an in silico comparison of six different genotyping

approaches was performed on 19 E. coli genome sequences from 17 O157:H7 strains and

single O145:NM and K12 MG1655 strains to provide an overall picture of diversity of the

E. coli O157:H7 population, and to compare genotyping methods for O157:H7 strains. I

determined that by combining six individual typing methods in silico into a supernetwork

representation that three distinct clusters of O157:H7 strains were observed, and that each

of these O157:H7 strain clusters was lineage-specific. Additionally, a clade of O157:H7

associated with hyper-virulence was found to be part of O157:H7 lineage I/II. These lin-

eage I/II strains clustered closest on the supernetwork to E. coli K12 and E. coli O55:H7,

O145:NM and sorbitol-fermenting O157 strains. The results of my study highlighted the

similarities in relationships derived from multi-locus genome sampling methods and sug-

gested that a ‘common genotyping language’ should be used for population genetics and

epidemiological studies. It is now clear that WGS has become the de facto standard geno-

typing language for bacteria, and the subsequent chapters of my thesis adopt this paradigm

for analyses.

In Chapter 5, ‘Pan-genome sequence analysis using Panseq: an online tool for the

rapid analysis of core and accessory genomic regions’, I discuss the concept of the pan-

genome and how WGS allows an unprecedented examination of bacterial pan-genomes.

The pan-genome of a bacterial species contains a shared, essential core genome, and a

variably distributed accessory genome. The remainder of the chapter describes Panseq, the

pan-genomic software that I created, and its use in analyzing the pan-genome of bacterial

groups, identifying regions unique to a genome or group of genomes, identifying single-
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nucleotide polymorphisms (SNPs) in the core genome, and constructing phylogenies based

on the presence / absence of accessory regions as well as SNPs within shared core genomic

regions. I also describe the use of Panseq as a loci selector that calculates the most variable

and discriminatory loci among sets of accessory loci or core genome SNPs. I demonstrate

the utility of Panseq for a number of bacterial species and show that branch support suc-

cessively increased between trees created from multi-locus sequence typing, core-genome,

and pan-genome loci among Salmonella enterica strains.

In Chapter 6, ‘A comparison of Shiga-toxin 2 bacteriophage from classical enterohe-

morrhagic Escherichia coli serotypes and the German E. coli O104:H4 outbreak strain’, I

discuss how Stx2-bacteriophage are mobile and often contain ‘passenger genes’ that can

account for large amounts of horizontal-gene transfer among STEC. Because of this I hy-

pothesized that the Stx2-bacteriophage evolutionary history would not necessarily mimic

that of their bacterial hosts. To test this, I used Panseq to analyze the phylogeny of 52 Stx2-

bacteriophage from 42 STEC, and compared the phylogeny to that of the whole-genome

STEC phylogeny. I found that all serotypes in the whole-genome tree formed discrete

clusters, and that the tree was divided into two separate branches, with O157:H7 strains

comprising one branch, and all other STEC strains the other. Within the large O157:H7

branch, three sub-groups that corresponded to genetic lineages I, I/II and II were observed.

Despite the expectation that Stx2-phage would be highly heterogeneous, most were highly

concordant with the core-genome phylogenetic trees of their bacterial hosts, suggesting

that the host and phage had stably co-evolved for significant periods of time. I found that

of the 42 whole-genomes examined, only E. coli serotype O111 strains, and an O145:H2

strain were placed differently on the whole-genome tree compared to the phylogeny of the

Stx2-phage, likely indicating horizontal acquisition of the phage from bacteria with differ-

ent evolutionary histories. Lastly I examined the WGS from the German E. coli O104:H4

strain and its Stx2-bacteriophage from the outbreak in 2011 and found that among the E.
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coli Stx2-phage sequences studied, the Stx2-bacteriophage from O111:H- strain JB1-95

was most closely related phylogenetically to the Stx2-phage from the O104:H4 outbreak

strain. This observation indicated that Stx2-phage are capable of integrating into diverse E.

coli genomic backgrounds and of qualitatively transforming health risks associated with E.

coli strains from other pathogroups such as enteropathogenic E. coli and enteroaggregative

E. coli.

In Chapter 7, the ‘Thesis summary’ chapter, I discuss the major contributions of my

thesis. I place the thesis into the context of current whole-genome sequencing availability

and pricing, and software that will be needed in the future to perform routine biological

studies. I also place the results of my STEC investigations into the wider picture of the E.

coli species as a whole and suggest avenues for continued work in both bioinformatics and

comparative genomics of STEC.
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Chapter 2

Everything at once: Comparative analyses of bacterial
pathogen genomes

2.1 Preface

This chapter was previously published as: Laing CR, Zhang Y, Thomas JE, Gannon VP.

‘Everything at once: comparative analysis of the genomes of bacterial pathogens’. Vet

Microbiol. 2011 Nov 21;153(1-2):13-26. doi: 10.1016/j.vetmic.2011.06.014. [5]

2.2 Introduction

This review focuses on the comparative genomics of both human and animal bacterial

pathogens. Comparative genomics has found a growing use in: (1) the definition of clus-

ters of genetically and phenotypically related organisms that previously were not captured

by taxonomic schemes based on a limited number of attributes such as biotype, serotype,

phage type, etc., (2) molecular epidemiology for use in the ‘fingerprinting’ of disease agents

and in determining their likely source, (3) in identifying particular genes or genomic re-

gions that may be responsible for phenotypic attributes such as virulence or niche special-

ization, and (4) for elucidating the mechanisms of emergence and evolution of pathogenic

microorganisms. While simple phenotypic and genetic assays that rely on a limited num-

ber of informative loci will continue to play an important role in medical and veterinary

microbiology, the availability of whole-genomic sequences at reduced costs has revolu-

tionized our ability to discriminate among and characterize bacterial strains and bacterial

strain clusters. In addition, comparative genomics enhances our ability to understand the

complex genetic systems that are responsible for differences in phenotypes among bacte-
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ria beyond what has been possible with simple gene deletion and complementation studies.

While high-throughput genomic sequencing technology has presented us with many oppor-

tunities, software tools capable of handling these data are just beginning to be developed.

In this review we will discuss the evolution of both epidemiology and novel gene discov-

ery, discuss current methods of whole-genome analysis and briefly examine the profound

influence low-cost, high-throughput sequencing will have in the field of veterinary micro-

biology.

2.3 The Pan-genome

The sum of unique genes in all genomes of a species is referred to as the pan-genome

[6]. Variation within the pan-genome forms the basis of genotyping techniques, such as

pulsed-field gel electrophoresis (PFGE) [7] and repetitive-sequence-based (rep)-PCR [8, 9].

However, the large amount of variation that has been observed through whole-genome se-

quencing of pathogenic bacteria was not anticipated in the pre-genomics era. This variation

among the genomes of strains from the same or related species is largely attributable to hor-

izontal gene transfer (HGT) [10]. In addition to single nucleotide polymorphisms (SNPs)

and small insertion / deletion (indel) regions, large-scale indel events were observed when

the first two completely sequenced bacterial genomes of the same species, Helicobacter

pylori, were compared [11]. Subsequent comparisons of strains from the same bacterial

species found HGT to be commonplace among taxa such as Escherichia coli [12, 13],

Streptococcus [14, 15] and Salmonella [16]. Such variation in the ‘accessory’ genome, or

those genes outside the ‘core’ set shared by all members of the species, are presumed not

to be necessary for basic cellular function; however, they may contribute to phenotypes

that allow survival in specific niches or environmental conditions [17]. These large in-

sertions of DNA containing clusters of genes are known as ‘genomic islands’, and those
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specifically associated with virulence as ‘pathogenicity islands’ to differentiate them from

‘fitness islands’, which are thought to play more of a role in niche adaptation [18]. Oc-

casionally, fitness enhancing genes in one host may increase the virulence of some strains

in other incidental hosts such as humans [19]. Genomic islands conferring ecological or

metabolic advantages can therefore be thought of generally as adaptive islands. Not all

bacterial species studied have exhibited such genomic mosaicism, for example strains of

the obligate intracellular pathogen Chlamydia [20] and human / animal pathogen Bacillus

anthracis [21] differ mainly in core gene mutations rather than the gain or loss of large

accessory genomic regions. Such genomic similarity is thought to be due to genetic iso-

lation in specific niches, which dampens the ability of bacteria to acquire new genes from

related organisms [10]. The mechanisms by which HGT takes place among many bac-

teria are thought to be largely bacteriophage related, although examples of plasmid- and

transposon-mediated exchange are also observed [22, 23]. Temperate bacteriophages are

distinguished by their propensity to transfer virulence factors. For example, the Shiga-

toxin(s) in Shiga-toxin producing E. coli [24], the cholera toxin in Vibrio cholera [25] and

the diphtheria toxin in Corynebacterium diphtheria [26] all reside on bacteriophage-related

genomic islands. These accessory genome elements are often the reason why certain mem-

bers of a taxonomic group are pathogenic, while other closely related members are not;

therefore the accessory genome is of great importance to microbiologists. During the evo-

lutionary process, accessory genes that provide a selective advantage in a particular niche

soon become established in clusters of related strains and thus become part of the core

genome for these specific groups. Despite the frequently advantageous role of HGT, not

all foreign DNA is beneficial to a microorganism. Many bacteria with high rates of HGT,

such as Pseudomonas and E. coli, contain genetic mechanisms to silence genes acquired

through HGT, as the acquired genes may negatively affect the cell through disturbance

of essential gene expression networks, or otherwise create genome instability [27, 28].
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While the importance of ‘novel-gene’ acquisition cannot be overstated, SNPs in the core

genome can also influence phenotype, such as fluoroquinolone resistance in Salmonella

enterica serovar Typhi [29] and the decreased ability to cause necrotizing fasciitis in group

A Streptococcus [30]. Additionally, the loss of accessory genes can sometimes lead to the

expression of a pathogenic phenotype through the activation of a pathway that was inhib-

ited by a particular gene. In this way, not only gene acquisition, but also gene loss may

give rise to a more virulent phenotype, which may have occurred with species of Rick-

ettsia [31]. Other more virulent subgroups of a species often show genome reduction, but

gene loss cannot be absolutely said to explain increased virulence; for example Mycobac-

terium ulcerans, the causative agent of Buruli ulcer has a reduced genome in comparison

to the fish-pathogen and likely-ancestor, Mycobacterium marinum, but has also acquired a

large plasmid that produces the toxin present in ulcer-producing strains [32]. In this case,

genome loss and plasmid acquisition may both be associated with adaptation to a specific

niche. Identifying differences within the pan-genome of virulent and avirulent members of

the same species can help elucidate potential genetic mechanisms that explain phenotypic

differences among strains. This type of comparison has been and will continue to be greatly

facilitated by high-throughput genomic sequencing.

2.4 Molecular Genotyping via Phenotypic Differences

Differences in biochemical activities among bacteria, or biotyping, have been used since

the beginnings of bacteriology to separate strains into phenotypically distinct groups. Rel-

atively few biochemical tests are needed to identify groups of bacteria at the species level

and occasionally they can be used to identify sub-types within a species [33]. In the case

of animal or human pathogens, pathogenic and non-pathogenic strains can occasionally be

identified by biotyping, but often pathogens and non-pathogens belong to the same biotype.
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While a small number of biochemical tests may not be suitable for pathogen discrimi-

nation, interest in biotyping has been revived with the use of phenotypic arrays, such as the

OmniLog system (Biolog, Hayward, CA), which can test isolates for nearly 2000 pheno-

typic traits. Despite this impressive coverage, in many cases single-gene molecular finger-

printing methods such as 16S rRNA gene sequence analysis have been shown to be superior

to phenotypic analysis in the discrimination among groups of bacterial strains [34]. Other

strain typing methods that provide additional discrimination include serotyping, phage typ-

ing, plasmid profiling, colicin typing and antimicrobial resistance typing. Plasmid based

methods of bacterial typing, such as plasmid profiling [35] and colicin typing [36] of En-

terobacteriaceae strains have proven useful, though they have been largely supplanted by

other more discriminatory, and largely chromosomal, based methods.

Serotyping is based upon the reactions of antibodies with cell-surface antigens. It is

useful in delineating subgroups within species; however, it is time-consuming, expensive

and requires designated reference laboratories to reliably carry out the procedure. Despite

these limitations, serotyping is widely used in the typing of human and animal pathogens.

Phage typing relies on a standard set of bacteriophage and is based on the ability of each

specific phage in the panel to lyse the bacterial strain under investigation [37]. The par-

ticular phage type (PT) of a strain depends on a number of factors including the ability to

replicate once inside the bacterium. Phage typing does not require specialized training or

equipment, but the upkeep of a standardized set of bacteriophage is required. Phage typing

is often useful in grouping phenotypically related strains, but less useful in determining

relationships in space and time, as is required in outbreak investigations. Additionally,

changes may occur in PT during laboratory storage [38], due to loss of a plasmid [39] or a

change in super-infection immunity through loss of an integrated bacteriophage [40].

Antimicrobial resistance (AMR) typing is used to test the resistance of bacterial strains

to multiple antibiotics through growth on agar plates supplemented with antibiotic disks
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[41]. Similar to phage typing, AMR typing is useful for broad categorization of phenotypi-

cally related bacteria, but also suffers from the possibility that the AMR type might change

over time, as AMR is often encoded on plasmids or mobile elements that can easily be lost

or exchanged among bacteria in a population [42].

2.5 Molecular genotyping using the accessory genome

Methods of genotyping that rely on the accessory genome include pulsed-field gel elec-

trophoresis (PFGE), amplified-fragment length polymorphism (AFLP) analysis, multi-locus

variable number tandem repeat analysis (MLVA), microarray comparative genomic hy-

bridization (mCGH) and comparative genomic fingerprinting (CGF). The basis for all of

these methods is variation in the genome at the specific sites that are used in the anal-

ysis. The most important drawback for these analyses is that phenotypically important

differences that exist among genomes may not be captured by the analysis of variation in

only a limited number of loci. PFGE is still considered the ‘gold standard’ of DNA-based

genotyping methods and involves digesting whole-genomes with rare-cutting enzymes and

visualizing the resulting banding patterns through gel electrophoresis; the choice of en-

zyme(s) varies depending on the organism and the amount of resolution required [43, 44].

The banding pattern for a strain is then used as a fingerprint to identify and compare to

other similar strains. PFGE has been an invaluable tool in outbreak detection and inter-

vention. Government-sponsored organizations, such as PulseNet, provide an international

database that stores PFGE patterns, and to which contributors can rapidly compare sam-

ples [7]. Despite its proven usefulness, PFGE requires specially trained staff, is highly

labor intensive, is dependent upon complex graphical analysis and requires extensive stan-

dardization to ensure that results can be accurately compared among laboratories [45, 46].

Additionally, studies have found that temporally and spatially unrelated strains of E. coli
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O157:H7 occasionally have identical fingerprints [47]. In addition, for species such as

Staphylococcus aureus, closely related subtypes are often impossible to distinguish [48].

Another, less labor intensive method, AFLP also relies on restriction digests, where both

a rare- and frequent-cutting enzyme are used to digest genomic DNA, after which DNA-

adapters of known sequence are ligated to the ends of the resulting fragments [49]. Based

on the adapter sequences, these fragments created from both a rare- and frequent-cutting

enzyme are amplified by polymerase-chain reaction (PCR) and the amplified DNA visual-

ized on an agarose gel. Just as in PFGE, the pattern is the unique fingerprint for a strain.

AFLP typing schemes exist for a number of pathogens, with PFGE generally giving better

discrimination within a phenotypically related group of strains [50]; however, a study on

S. enterica serovar Enterica found AFLP and PFGE to be comparable [51]. The usefulness

of a particular analytical method therefore also depends on the species under investigation,

with bacteria harboring fewer evolutionary changes requiring a deeper genomic analysis to

identify differences. A number of PCR-based discrimination procedures have been used to

exploit the variation in repeated DNA sequences in the bacterial genome. These techniques

include random amplification of polymorphic DNA (RAPD) [52], enterobacterial repeti-

tive intergenic consensus sequence (ERIC) [53], repetitive extragenic palindromic (REP)

and BOX element PCR assays [54], analysis of the 16S-5S rDNA intergenic spacer regions

[55] and the analysis of variable number tandem repeats (VNTR) [56]. Among these, multi-

locus VNTR analysis, or MLVA, has become one of the most popular because it provides

a high level of discrimination among strains [57]. It has resolution equal to or greater than

that of PFGE while being significantly easier to perform, and since only a limited number

of alleles need to be analyzed per locus, it does not require software capable of complex im-

age analysis. For these reasons, it was suggested that MLVA will be the successor to PFGE

as the new ‘gold standard’ in PulseNet [58]. MLVA, when used in tracking the source of E.

coli O157:H7 during human-associated outbreaks related to leafy greens [59], and for de-
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termining the source of Listeria monocytogenes [60], was found to be more discriminatory

than PFGE. MLVA was also able to discriminate among B. anthracis strains, a pathogen

known to be extremely homogeneous genetically [61]. Although it provides very good

discrimination among strains, it only captures a small proportion of the genetic variability

among them and is unlikely to be useful for localizing phenotypically relevant differences

among the genomes. Methods for examining the presence / absence of the entire acces-

sory genome of strains, or a subset of genes therein include mCGH and CGF respectively

[62]. In mCGH, a solid support (frequently glass) contains an ordered matrix of oligonu-

cleotide probes representative of every gene for a known strain or a number of strains. By

fluorescently labeling DNA from the reference strains used to create the slide and compar-

ing them through hybridization to a test strain labeled with a different fluorescent dye, the

presence and absence / divergence of every known gene can be obtained for the test strain.

The mCGH approach has been used to examine populations of Campylobacter jejuni [63],

enterohemorrhagic E. coli (EHEC) [64], and the important but little-studied animal and hu-

man pathogen Lactococcus garvieae [65], among others. Although mCGH offers excellent

resolution, it is limited to knowledge about the presence or absence of the genes present

with respect to the reference strain(s) used for probe design; it is also expensive and labor

intensive to perform, all of which limit its applications to basic science and it has of yet not

been used as an epidemiological tool.

CGF utilizes the most variable regions of the accessory genome based on whole-genome

comparisons using mCGH or whole-genome sequencing [66]. A small set (usually 2040)

of loci are chosen from those found to be the most variable, that also provide the best dis-

crimination among strains and are best able to differentiate among clades of the organism

identified through phylogenetic analysis of whole-genome comparisons. CGF has been

shown to discriminate between molecular sub-types and evolutionary lineages of E. coli

O157:H7 [66] and to detect clusters of epidemiological significance among populations of
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C. jejuni strains [67, 68, 69]. It has also been used to identify lineages and clades of E. coli

O157:H7 that appear to differ in virulence, such as those that are bovine-associated and

SNP clade 8 strains that are thought to be ‘hyper-virulent’ [70, 71]. Due to its ease of use,

relative low cost, and binary data generation, CGF can be performed in most modern mi-

crobiology laboratories and data can easily be shared among laboratories without the need

for image analysis or extensive standardization. Drawbacks associated with CGF include

the need for whole-genome population data from which to identify the most variable loci.

Comprehensive population genomic studies using Sanger sequencing technology and mi-

croarrays are time consuming and expensive. However, as the cost of genome sequencing

continues to decrease and consequently, as the rate of whole-genome sequence deposition

in public databases continues to increase in an exponential manner, the initial comparative

genomics step has become trivial.

2.6 Molecular genotyping using the core genome

Much phenotypic variation can be explained by examination of the accessory genome;

however, many researchers feel that selectively neutral changes in the core genome such

as single nucleotide alterations in codons that do not result in a change in the amino acid

sequence of polypeptides (synonymous mutations) represent a molecular clock that pro-

vides a more accurate record of strain evolution. The most common genotyping methods

utilizing the core genome include multi-locus sequence typing (MLST), SNP genotyp-

ing and whole-genome sequence analysis. The choice of typing tool depends upon the

sequence being analyzed and the questions being asked; genetically monomorphic bacte-

ria with highly conserved genomes such as B. anthracis may require an analysis of the

entire genome to find loci which allow differentiation among strains [21], while highly

recombination-prone bacteria such as Streptococcus pneumoniae can be effectively differ-

13



entiated using the presence or absence of a small number of genomic loci [72]. Much of

bacterial taxonomy has been based solely upon the 16S ribosomal RNA gene (rRNA). This

single-gene rRNA approach has been useful in constructing the complete tree of life, as

the rRNA genes are required by all organisms for protein synthesis [73]. The presence of

multiple copies of the rRNA operon in bacterial genomes and the high level of identity

among their sequences suggests that they are the result of duplication events and not lateral

gene transfer. Therefore, they are assumed to be conserved and relatively stable among

members of a given species. However, owing to this stability they are not generally useful

for finding differences among closely related strains [74]. MLST attempts to overcome

single-gene limitations by analyzing a number of genes with essential function or house-

keeping genes. They are believed to be conserved because of their essential nature to the

survival of the organism, but unlike rRNA genes, they usually occur in single copies [57].

MLST has been used to differentiate S. pneumoniae isolates and estimate rates of recom-

bination within them [75]; to offer support for the parallel evolution of virulence traits in

enterohemorrhagic E. coli [76]; to uncover the phylogeny and population structure of Vib-

rio parahaemolyticus, a pathogen frequently associated with raw seafood and the leading

cause of human food-poisoning [77]; and to demonstrate clonal population structure of

Clostridium perfringens isolates from both healthy chickens and broiler chicken popula-

tions associated with outbreaks of necrotic enteritis [78]. Recent work has shown that a

recapitulation of the historical migration of populations in the Pacific region is provided in

the phylogenies of H. pylori strains isolated from people in the region today. These phylo-

genies, based on sequence variations in seven conserved genes of H. pylori, show that two

waves of migration occurred; one to Australia and New Guinea and a much later migration

from Taiwan into Melanesia and Polynesia [79]. However, MLST is not without its lim-

itations. At least five to seven loci are typically used in the analysis because phylogenies

for individual loci are not always congruent and may not only differ from each other but

14



also from phylogenies inferred by rRNA sequences. To get around this, an average phy-

logeny can be determined by simply splicing house keeping gene sequences together in a

continuous string, known as a concatenome. Intriguingly, it has been shown that there is a

significant difference among individual MLST loci in their ability to predict the phylogeny

based on analysis of the concatenome of all core loci. Certain ‘best performing genes’ have

been identified based on the results of whole-genome comparative studies. Konstantinidis

et al. (2006) showed that as few as three loci were capable of reproducing a phylogeny con-

sistent with the whole-genome analysis [80]. Loci that do not perform well with respect

to reproducing the phylogeny may well have been derived from lateral gene transfer from

unrelated members of the same species. As a result of this, C. jejuni strains that have dif-

ferent MLST types have been shown to be highly similar in other regions of their genomes

and strains with the same MLST type have been shown to have significant differences in

their genomes when analyzed by mCGH [81]. On the other hand, differentiation among

strains within a taxon using MLST may not be possible for bacteria that have relatively

stable core genomes but have high rates of accessory HGT such as with E. coli O157:H7

[82]. SNP genotyping is the core genome analogue of CGF, where informative SNPs from

either whole-genome comparisons or multiple SNPs in core genes of interest are analyzed

to determine if they are ‘informative’ with respect to strain differentiation. A number of

software programs have been designed to assist with choosing the SNPs with the appropri-

ate discriminatory power [83, 84]. The SNP approach is much more discriminatory than

MLST because it relies on sequence differences in many more core genes. SNP typing has

been used to identify a number of clades within E. coli O157, including a ‘hyper-virulent’

clade 8 associated with high levels of hospitalization and the hemolytic uremic syndrome

[70]; has led to the development of a rapid and highly discriminatory genotyping method

for C. jejuni and C. coli [85]; and provided a way to easily differentiate Mycobacterium tu-

berculosis strains (which like B. anthracis strains are highly similar genetically), into one
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of the eight known clonal complexes and to identify those associated with greater virulence

[86]. The ease and low cost with which whole-genome sequence data can now be obtained

from multiple isolates in bacterial populations has led to a blossoming of both short- and

long-term epidemiological studies that have harnessed the power of this technology to allow

levels of differentiation / discrimination among genomes that were previously not possible.

Fifteen recent studies in which this high-throughput sequencing has been performed are

provided in Table 2.2. It is apparent from these studies that the sequencing of hundreds

of strains per study is now possible, as with the study of S. pneumoniae PMEN clone 1,

where 240 isolates were sequenced [72]. Also apparent is that the most informative studies

combine whole-genome SNP analysis and the presence / absence of specific factors in the

accessory genome with additional metrics, such as the study that used social network anal-

ysis in the elucidation of M. tuberculosis transmission [87], and geographical distribution

in the intercontinental transmission of hospital-associated methicillin-resistant S. aureus

strains among patients [88]. Lastly, even the investigation of outbreaks is changing due to

whole-genome analysis, with single-molecule sequencing and SNP typing used to identify

the likely geographical source of the Haitian cholera outbreak [89] and the real-time out-

break investigation in Canada of a processed-meat associated outbreak of listeriosis [90].

SNP genotyping relies on mutations in conserved genes, and is useful for differentiating

among members of highly clonal taxa that rarely undergo HGT. However, in other species,

HGT is responsible for ten fold or more genetic changes than that attributable to single

base mutations and makes SNP genotyping less suited for strain fingerprinting and for use

in outbreak investigations than methods that sample more frequently occurring types of ge-

nomic variation. Whole-genome sequencing allows the study of the entire pan-genome in

silico, and is based on sequence alignments of the core genes, the binary presence / absence

of accessory genes, or a combination of the two. It is the most data-rich of all genotyping

methods, and until recently was also the most expensive to perform. Additionally, software
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tools for the large-scale comparison of many genomes are just beginning to be created, as

many programs designed for the analysis of one or a few genomes do not scale well to

pan-genomic studies. The use of variation in the hundreds and in some cases thousands of

genes in the core genome should provide a better estimate of phylogeny than methods that

only sample a few loci such as MLST. This type of broad-based genomic analysis suggests

a step-wise evolution for E. coli O157:H7 [91, 92]; that the genus Listeria has evolved

with limited gene acquisition and loss [93]; and indicates how serovar-associated differ-

ences in the genome of the porcine respiratory pathogen Actinobacillus pleuropneumoniae

contribute to virulence [94].

As previously discussed, the accessory genome can have a significant influence on phe-

notype, and whole-genome sequencing allows a comparison of accessory genes among

groups of strains. Pseudomonas aeruginosa strains can metabolize a large number of sub-

strates; however, only some of these strains are associated with human disease. An analysis

of the P. aeruginosa accessory genome identified specific genes responsible for adaptation

to particular niches [28]. S. aureus genome phylogenies constructed using core sequences

suggest that strains from sequence type (ST) ST5, which were responsible for a pandemic

infection of broiler chickens, emerged from a human clade of the organism within the last

60 years [95]. These ST5 S. aureus strains are thought to have acquired avian-specific

accessory genome elements responsible for the resistance to chicken heterophils, and to

have lost human-specific genes performing a similar function. Both aligned core data and

binary presence / absence data were used to construct a phylogeny of L. monocytogenes

and identify defective / absent genes in L. monocytogenes lineage III, strains of which are

rarely isolated from human clinical cases [96].

While comparative genomics is now firmly based on whole-genome DNA sequence

analysis, comparisons also extend to gene expression and the emerging field of compara-

tive transcriptomics, which has been facilitated by recently developed approaches such as
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RNA-Seq analysis [97]. The choice of comparative genomics tool for a particular experi-

ment depends on the needs of the investigator, but should be balanced against the cost and

technical requirements to generate data, and need for data dissemination and assay repro-

ducibility, particularly where image-based methods are used. In addition, many methods

require the use of sets of reference pathogenic microorganisms as controls and standards.

The maintenance and acquisition of these reference strains has become increasingly diffi-

cult as a result of international import and export restrictions and the need to meet enhanced

laboratory biosecurity requirements.

While single-locus methods for strain genotyping, such as serotype, are less informa-

tive than multi-locus ones, these methods often provide a reasonable estimate of strain

relationship and virulence. Their wide-spread use is likely to continue for some time for

historical as well as legislative reasons. A recent study comparing many of the common

molecular typing methods for E. coli O157:H7 found that most suggested very similar phy-

logenies and relationships among strains; therefore a method that is easy to perform and

from which data can easily be shared could theoretically be selected as a ‘common typing

language’, so that comparative genomics data from multiple genotyping methods could be

easily compared and built upon [71]. However, in the very near future the de facto com-

mon molecular typing language for bacteria will most likely be whole-genome sequencing,

and so efforts to best utilize these data should be undertaken, rather than determinations of

which lower-resolution method is best. We have recently demonstrated that results which

would be expected from low-resolution genotyping methods can readily be derived from

whole-genome sequence data in silico [71].
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2.7 Software for Whole-genome Analyses

Whole-genome sequencing was the inevitable outcome of an increasingly large number

of gene sequencing projects. The ability to determine nucleotide sequences was first de-

veloped by Sanger using dye-termination fluorescent sequencing [98], and by Maxam and

Gilbert using chemical modification of nucleotides [99]. Due to its use of toxic chemicals

and inefficiency in scaling, the Maxam and Gilbert method was largely abandoned and the

Sanger method became the standard sequencing technique until high-throughput random

shotgun sequencing methods became available. Sanger sequencing generates reads of ap-

proximately 800 bp and has the benefit of a known starting position for the sequencing read;

thus, if subsequent sequencing reads continue from the end of previous reads, a complete

sequence with no gaps is produced. In contrast, massively parallel sequencing platforms

such as the Roche (GS-FLX Titanium) [100], Illumina Solexa (HiSeq 2000) [101] and Ap-

plied Biosystems (5500xl) [102] are based on amplification of short regions and generate

anywhere from 500 Mbp of 400 – 600 bp reads for the GS-FLX Titanium machine, to over

200 Gbp of up to 150 bp reads for the HiSeq 2000 machine.

IonTorrent offers a semi-conductor based sequencing platform called the Personal Genome

Machine (PGM) that produces a projected 1 Gbp of 200 bp reads per run. This low-cost

platform is upgradeable, can generate genome sequence data in two days and has lower

memory and processing requirements than light-based systems. This and a number of

other companies hope to entice users away from the use of high-throughput core facilities

to laboratory-based sequencing in a manner analogous to the move away from mainframe

to personal computing. The PGM played a key role in the near real-time sequencing of the

E. coli O104:H4 strain responsible for the large and deadly outbreak of hemorrhagic colitis

and hemolytic uremic syndrome in Germany in 2011. Single molecule sequencing, which

requires no amplification, is currently available from Pacific Biosystems, with read lengths

on average of ¿1000 bp, with the possibility of increasing this to 10 kbp in the near future.
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In addition, at least fifteen other companies are in the process of bringing single molecule

sequencing technology to market [103].

Moores law states that the number of transistors that can be fit onto a circuit board

doubles every two years, leading to a concordant increase in computing power. Until the

advent of multi-parallel sequencing technology, the rate of DNA sequence acquisition also

doubled approximately every two years, which allowed information technology to keep

pace with the processing requirements for data analysis. Now, sequence information is

being gathered at rates orders of magnitudes faster than corresponding growth in computer

processor speed and the availability of data storage, creating an information bottleneck at

the level of raw data analysis. New more efficient software algorithms are now needed

to compensate for the lack of computer processing brute force. For example, the cost of

massively parallel sequencing has fallen to the point that on the Illumina platform, which

currently generates the most sequence information for the least amount of money, the cost

to sequence 1 Mbp is $0.10 [104].

Although the draft genome assemblies of the relatively short reads contain gaps that

cannot be fully resolved, the data are of sufficient quality to allow meaningful whole-

genome comparisons. Typically, multiple large contigs are obtained that cannot be un-

equivocally joined because of sequence ambiguities associated with short reads of repeti-

tive sequence. While a closed genome would be much preferred to a collection of contigs,

the cost and labor to join these ambiguous regions using Sanger sequencing is often not felt

to be worth the effort.

Irrespective of the platform used, the main areas that still require improvement are in

the correct identification of bases (reducing sequencing error) and in the assembly of small

reads into large contiguous regions [105]. Even in systems with low sequencing error rates,

it is advisable that regions with rare-variants be re-sequenced for confirmation [106]. With

the trend to longer and longer reads for all platforms, reads of 10- or 20-kbp may become
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routine and the assembly of a completed genome free of gaps will become trivial. It is

also thought that base-calling will be significantly improved and that there will no longer

be a need to resequence. Some of the most interesting and powerful scientific studies now

require analyses of whole genomes, and often comparisons among and between groups

of genomic sequences. To fully understand a taxonomic group or a species, sometimes

hundreds of whole-genome sequences are required to ensure that the coverage of genetic

variation in the population is complete. Multiple-sequence alignment programs such as

MUSCLE [107], T-coffee [108], CLUSTAL W [109] and others perform very well when

aligning one gene with a large number of variants of that gene; however, due to the size of

whole-genomes and insertions / deletions within them, these programs do not scale well.

MUSCLE is particularly efficient in searching due to its progressive alignment algorithm,

which requires less time and computer memory to generate results equivalent to those us-

ing other programs. Searching a database for a particular sequence is a common task in

genomics-based research and was pioneered by the FASTA and FASTP programs [110],

and is now nearly synonymous with the basic local alignment search tool (BLAST) suite

of programs [111]. These are hosted online by the National Center for Biotechnology In-

formation in the United States and also available for download for standalone use [112].

Implementations of the BLAST algorithm utilizing graphical processing units (GPUs) or

alternative search strategies have been released and include GPU-BLAST [113], which

utilizes the GPU of a computer for faster traditional BLAST searches. The BLAST-like

alignment tool (BLAT) is optimized for fast protein alignments [114] and WU-BLAST,

from Washington University, provides additional statistical information about searches and

offers a unique gapped-alignment algorithm [115]. New algorithms continue to be devel-

oped for local database searches; promising new ones include UBLAST and UCLUST,

which are part of a standalone package reportedly hundreds of times faster than BLAST,

with near-identical specificity for closely related searches, but not for more distant ones
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[116]. Allowing for longer sequence alignments than BLAST has also been an area of

study, with the recent Burrows–Wheeler transform algorithm allowing up to 1 MB of con-

tiguous sequence to be aligned, while being more accurate and several times faster than

BLAT [117].

Although BLAST is one of the most cited resources for searching and alignment of

similar sequences, it does not perform in silico subtractive hybridization. That is, rather

than searching a sequence against a database for regions of similarity, searching a sequence

against a database for regions that do not match. Programs with this exact functionality

using the BLAST algorithm have been created; FindTraget [118] and nWayComp [119]

are standalone downloads with this ability, but they have largely been superseded by the

very fast and massively parallel web-server, mGenomeSubtractor [120]. Programs de-

signed specifically for whole-genome comparisons built upon previous sequence alignment

knowledge include Mauve [121] and progressiveMauve [4], which allow for the identifica-

tion of genome duplications and rearrangements as well as core genome SNPs; MUMmer

[122] and MUMmer GPU [123], which perform very efficient whole-genome alignments

based on suffix-trees and can find SNPs in aligned sequences; MISHIMA [124] is a new

method for whole-genome comparison that uses a divide-and-conquer heuristic approach

that is faster than the traditional pairwise-comparison method, but is only useful if the

genomes are closely related. Another segmentation-based aligner to recently emerge is

Mugsy [125], which relies on the suffix-tree algorithm of MUMmer and an implementa-

tion of the T-coffee tool for segmentation alignment [126]; Mugsy is very fast and useful

in the alignment of many genomes. The software Panseq also makes use of the MUMmer

suffix-tree algorithm for whole-genome alignments, but presents results in the context of

the pan-genome [127]. Panseq allows unique genomic regions to be found in genome data

from groups of strains, determines the non-redundant pan-genome of a group of genomes

based on a percent sequence identity cutoff and finds the SNPs in the derived core genome
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and the binary presence / absence of each locus in the accessory genome.

2.8 Examples of WGS Comparisons Using Current Meth-

ods

We will consider pan-genomic analyses performed with the programs Mauve, MUMmer

and Panseq. Mauve provides multiple genome alignments allowing for rearrangements

using local co-linear blocks. These blocks are nicely visualized and provide a graphi-

cal overview of the similarities between strains. This approach works well for genomes

from a small number of strains that can be grouped easily into a single-page graphic, as

has been done with five Francisella tularensis strains, where sequence inversions between

high and low virulence strains are readily apparent [128]. In a separate study, where two

strains of Mycoplasma hyopneumoniae, one pathogenic and the cause of enzootic pneumo-

nia in pigs and the other non-pathogenic, as well as one strain of the poultry pathogen My-

coplasma synoviae were compared, Mauve was used for global genome alignments [129].

This helped identify regions of horizontal gene transfer, and genomic regions that differed

between the pathogenic and non-pathogenic isolates. Specific regions identified in this way

were probed using protein-specific BLAST searches.

MUMmer is command-line based only, and can produce graphics such as a dot-plot

of the sequence similarity between strains. It has been used to align the genomes of the

sheep pathogen Brucella ovis, to the zoonotic members of the genus Brucella [130]. The

results from this MUMmer-based comparison showed that B. ovis has undergone genome

reduction, which could account for its reduced host range and tissue specificity. In a recent

study of the plague-associated Yersinia pestis strain Angola, use of MUMmer allowed com-

parisons to other Yersinia genomes from Y. pestis and Yersinia pseudotuberculosis [131].

Using SNPs and differences in the accessory genome determined through MUMmer, strain
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Angola was shown to have a genome composition and an inferred evolutionary position

intermediate between most other Y. pestis and Y. pseudotuberculosis strains. The chimeric

virulence plasmid of strain Angola appears to comprise portions of two other Y. pestis spe-

cific plasmids, and several novel genomic sequences that significantly increased the size of

the Y. pestis pan-genome.

Panseq allows for single-step analyses of a group of genomic sequences. It determines

either the composition and distribution of the pan-genome, or genomic regions specific to

a strain or group of strains. In the first instance, Panseq was used to find the pan-genome

of six L. monocytogenes strains, where the phylogeny built from the concatenated core

genome was shown to be very similar to the concatenated binary values for the presence /

absence of the accessory genome, suggesting that both the core and accessory genome re-

flect the evolutionary history of these organisms [127]. In the second instance, the genomic

sequence of an adherent-invasive E. coli (AIEC) associated with Crohns disease was com-

pared with other AIEC strains and to other pathotypes of E. coli using the Novel Region

Finder of Panseq [132]. It was shown that this AIEC strain possessed 21 genomic regions

not found in other members of the same phylogenetic cluster, and that it contained two

specific regions not found in any other E. coli genomes in Genbank. While these programs

can perform similar types of analyses, the ultimate choice among them comes down to the

unique features required by the investigator to address specific scientific questions. For

identifying SNPs for evolutionary reconstructions, and for identifying genes responsible

for unique phenotypic traits, any of the three above programs can be used. Mauve pro-

vides both agraphical user interface and graphical output of whole-genome alignments, but

its alignment algorithm is slower than MUMmer. Panseq automates genomic subtraction,

which can be done manually from the output of the other programs. Although MUMmer

provides one of the fastest alignment algorithms, it is completely command-line based and

runs exclusively on Linux operating systems. Where the programs differ substantially is in
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defining clusters of strains that are genomically similar and in creating fingerprints useful

in molecular epidemiology. Mauve can be used for a broad graphical overview of simi-

lar clusters, but only Panseq can specifically produce pan-genomic output. Additionally,

Panseq can also be used for determining the most discriminatory set of loci from SNP or

accessory genome presence / absence data, something which the other programs do not

currently do.

2.9 Conclusion

The goals of genotyping and sequence comparison are to identify unique signatures or fin-

gerprints for individual strains while at the same time identifying closely related groups

of strains. These goals are extremely important and need to be addressed with as much

information as possible. In an epidemiological context, source-attribution and outbreak

investigations require as much certainty as possible, not rough estimates based on limited

information, as the outcomes of these analyses have wide-ranging economic and social

consequences. In a population genomics context, the identification of core and accessory

regions is imperative if accurate phylogenies are to be constructed and if accessory genomic

regions implicated in novel phenotypes are to be discovered. Future population-based stud-

ies of microbial pathogen populations will in some cases be based on hundreds of fully

sequenced genomes. The problem has now shifted from sequencing the full genome of

strains to acquiring the appropriate isolates to sequence, as the difficulty in international

strain transfer, and acquiring isolates from specific individuals or environments often inter-

feres with this. Further, the downstream task of effective analyses of the myriad genomic

data generated by modern sequencing platforms will require increasingly innovative soft-

ware tools.
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Table 2.1: A summary of 15 recent whole-genome based studies.
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Chapter 3

A review of Shiga-toxin producing E. coli virulence and
genomic evolution

3.1 Introduction

Escherichia coli are gram-negative, facultative anaerobic bacteria normally found as com-

mensal organisms within the intestines of warm-blooded animals [142]. In humans, the

composition of normal microbiota, including E. coli and other bacterial strains, is deter-

mined in the first week of life [143], with continuous changes in composition occurring

due to the environment and consumed food, with meat being a particularly large contribu-

tor [144]. The E. coli species has been classified into four large phylogenetic groups based

on multi-locus enzyme electrophoresis profiles, designated A, B1, B2 and D. Commensal

strains comprise most of group A, and pathogenic isolates are distributed among the other

phylogenetic groups [145]. While most E. coli are a normal constituent of the human mi-

crobiota, certain serotypes have been shown to be pathogens responsible for gastrointestinal

and extra-intestinal infections in humans [146].

E. coli that cause diarrhea and intestinal illness have been classified into six categories:

enteropathogenic E. coli (EPEC), enterotoxigenic E. coli (ETEC), enteroinvasive E. coli

(EIEC), enteroaggregative E. coli (EAEC), diffusely adherent E. coli (DAEC), and Shiga-

toxin producing E. coli (STEC), also known as verocytotoxin-producing E. coli (VTEC)

[147]. A subset of STEC that cause hemorrhagic colitis (HC) are known as enterohemor-

rhagic E. coli (EHEC). Many of these pathogenic E. coli are of human origin while others

such as STEC are zoonotic pathogens that are found as part of the microflora of healthy

ruminants. Cattle in particular have been identified as reservoirs of pathogenic E. coli as-

sociated with human disease [146].
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STEC are of particular concern for humans due to the frequency and severity of disease

that they cause. Human infection has been documented from the consumption of under-

cooked meat [147], raw milk and cheeses [148], vegetables [149], fruit juices [150] and

recreational and drinking water [151, 152]. STEC are characterized by the production of

Shiga-toxins (Stx), which are compound toxins characterized by a catalytic A subunit that

inhibits host ribosome function and a pentameric B subunit that binds to host GB3 recep-

tors in intestinal cells [153]. In humans, Stx damages endothelial cells in the gut, causes

cytokine release, and inflammation, which can lead to the formation of microthrombi that

cause blockage of small blood vessels in the brain, pancreas, kidney and intestine [154].

STEC infection in humans can be asymptomatic or cause disease ranging from mild diar-

rhea to HC and the hemolytic uremic syndrome (HUS).

STEC by definition are capable of producing one or more Stx, but not all STEC cause

disease in humans [155]. The subset that cause bloody diarrhea, possess a 60 kDa large

virulence plasmid and produce attaching and effacing (A/E) lesions on epithelial cells are

referred to as enterohemorrhagic E. coli (EHEC) [156]. Karmali et al. (2003) defined

five groupings of STEC strains based on their frequency and severity of human disease,

deemed ‘seropathotypes’, which are defined as follows: Seropathotype A strains consist

only of serotype O157:H7 and O157:NM strains, which are frequently associated with out-

breaks and the most serious forms of disease, such as HUS; seropathotype B include strains

of serotypes O26:H11, O103:H2, O111:NM, O121:H19 and O145:NM, and are associated

with outbreaks and severe illness, but less frequently than group A; seropathotype C in-

cludes strains from ten serotypes, among them O91:H21 and O113:H21, which have been

implicated in sporadic cases of HUS but rarely with outbreaks; seropathotype D includes

strains from serotypes associated with diarrhea only; and seropathotype E strains are from

serotypes that have not been implicated in human disease [157].

Many STEC appear to be part of the normal microflora of adult cattle, but certain
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STEC serotypes also cause disease in young food-production animals, creating substan-

tial economic loss. In the dairy industry, neonatal calf diarrhea, and in the swine industry,

post-weaning diarrhea and edema are frequently associated with specific STEC serotypes

[158, 159]. Despite the presence of Stx in strains associated with neonatal diarrhea in an-

imals, the role of Stx itself is unclear, as strains lacking Stx from serogroups such as O5,

O26, and O111 are also frequently associated with diarrhea in calves [160].

The most studied STEC serotype to date has been O157:H7, which is responsible for

approximately half of all STEC related illness in humans, and the majority of HUS cases

worldwide [161]. Serotype O157:H7 has been the focus of numerous studies, and its ge-

nomic composition as well as its evolution from a toxin-negative EPEC O55:H7 ancestor

is supported by numerous studies [162, 163, 164, 165]. While the importance of O157:H7

strains is clear, the importance of non-O157 STEC has most likely been underestimated. It

is currently unclear whether this has been due to the inadequacy of the methods historically

used for the isolation and detection of non-O157 STEC in human infection, or whether

illness associated with non-O157 STEC is actually increasing [166].

Human infections caused by non-O157 STEC are generally less frequent and severe

than those caused by O157:H7 strains, but the infections are generally indistinguishable

from E. coli O157:H7 infections [156]. Although historically under-reported, improve-

ments and use of cultural methods now allow a better determination of the frequency of

illness associated with particular non-O157 serotypes [167, 142, 168].

Studies in Europe have long recognized the importance of many serovars of STEC in

human disease [169, 170, 171, 172]. In North America, the predominance of O157:H7

and relative paucity of other serotypes associated with human illness led to a focus on

serotype O157:H7. Recently the Centers for Disease Control in the United States reported

that the following serotypes were responsible for cases of gastrointestinal illness among 43

states at the following prevalence: O26 (22%), O111 (16%), O103 (12%), O121 (8%), O45
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(7%), and O145 (5%) [167]. This, and other reports, prompted the United States Depart-

ment of Agriculture to implement routine verification testing for six non-O157 serotypes:

O26, O45, O103, O111, O121, and O145 in raw beef trimmings [173]. To facilitate this,

rapid detection schemes based on both biochemical and molecular markers have been de-

vised, though there is currently no single, standardized method to easily detect all possible

serotypes associated with human infection [174, 175, 176, 177].

Although humans may become seriously ill when infected with STEC, the virulence

factors that contribute to this illness likely initially arose to enhance the ability of the

bacteria to survive in their natural environment, the bovine intestinal tract. Humans are

thought to be only ‘accidental’ hosts and a ‘sink’ habitat that receives bacteria from the

bovine ‘source’. The evolutionary pressures in the bovine reservoir are thought to be the

governing forces shaping the acquisition and retention of novel virulence attributes [178].

In this review I will discuss the common virulence attributes, examine their apparent

evolutionary acquisition and discuss the factors acting to shape the genomes of STEC, a

diverse group of human pathogens.

3.2 Main Virulence Factors

3.2.1 Shiga-toxins

STEC are characterized by the production of Stx, which are so called due to their similarity

to the toxin produced by Shigella dysenteriae type 1. Stxs are alternatively referred to as

Vero-toxins due to their damaging effects on Vero cells (derived from the kidney epithelial

cells of the African Green Monkey) [179]. Stx are thought to be the greatest contributors

to severe human illness such as HC and HUS. In both Shigella and E. coli, the Stx genes

are thought to have been introduced through lysogenic conversion by temperate lambdoid
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bacteriophage [161, 180]. In certain STEC lineages these prophage have become defective

and can no longer be induced into the lytic cycle. There is also evidence that while many

STEC lineages have maintained stable prophage over multiple generations, other lineages

and species have acquired Stx through horizontal gene transfer [181, 161].

In addition to E. coli and Shigella, Stx genes have also been found in species of Cit-

robacter, Enterobacter and Acinetobacter [181, 182]. There are two main antigenic forms

of the toxin: Stx1 and Stx2 [183]. Stx1 differs by a single amino acid from the Stx pro-

duced by Shigella dysenteriae, but shares only 55-60% identity with Stx2 at the nucleotide

and amino acid level respectively [184, 183]. Toxicity studies using Vero cells have shown

Stx1 to be more cytotoxic than Stx2 on an equivalent weight basis; however, when toxicity

was tested on human renal endothelial cells, Stx2 was found to be a thousand times more

toxic than Stx1 [185]. Although the toxins are thought to share the same receptors, the dif-

ferential toxicity has been shown to be based on the affinity for the membrane-bound GB3

receptor, and discrete responses to the activated components of the endoplasmic reticulum

stress response [186, 187].

It is thought that because of this difference in toxicity, STEC producing Stx2 are more

frequently associated with human disease, and with more severe manifestations of human

disease such as HUS. In the bovine environment stx1 is most often found in E. coli strains

isolated from calves with diarrhea [188], whereas stx2 is most often found in isolates from

adult cattle [189].

Multiple sequence variants exist within each toxin type. Stx1 gene subtypes include

stx1, stx1c and stx1d, with the stx1 variant associated with human disease, while the latter

two variants have only been found in STEC from cattle [161]. Stx2 gene subtypes include

stx2a, stx2b, stx2c, stx2d, stx2e, stx2f and stx2g, with stx2a being the most frequently associated

with human disease [190].

STEC O157:H7 strains encode only two variants, stx2a and stx2c, with the others be-
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ing found among non-O157 STEC strains. Variant stx2c is usually associated with strains

isolated from the bovine host (O157:H7 lineage II), but has also been found in combina-

tion with stx2a in certain O157:H7 lineage I/II clade 8 strains. Those infected with the

latter type have an increased risk of developing HUS [70]. Also implicated in an increased

risk of HUS is stx2d, an activatable Stx that is cleaved by elastase in the intestinal mucus,

increasing its activity a thousand fold [191]. STEC producing stx2e are associated with

edema disease in pigs, and are only occasionally isolated from humans with gastrointesti-

nal illness [183]. Stx2f producing STEC have traditionally been most frequently isolated

from pigeons, and only sometimes isolated from human disease [192, 193]; however, re-

cent work has shown this Stx-subtype to be prevalent among many E. coli strains originally

classified as atypical EPEC, indicating it could be a more important virulence factor in hu-

man disease than previously thought [194]. Stx2g is a recently described variant carried

by STEC of serotypes O2, O15, O136 and O175 strains that also express a heat-stable

enterotoxin and may constitute an emerging pathogenic group [195].

Stxs are bipartite molecules consisting of two distinct subunits. The catalytic A subunit

of 32 kDa enzymatically cleaves host rRNA, inhibiting host ribosome function and leading

to cell death. The five B subunits in each toxin molecule form a pentameric hollow ring, to

accommodate a single A subunit. Each of these 7.7 kDa B-subunits bind to globotriaosylce-

ramide (GB3) receptors, which are embedded in lipid rafts present in the host cytoplasmic

membrane [153]. In contrast to humans, tissues in the gastrointestinal tract of cattle have

been found to lack the GB3 receptor, and it is thought that for this reason they can act as

asymptomatic hosts for STEC [196].

Serotypes O26 and O111 have been associated with gastrointestinal disease in calves,

and O157:H7 causes epithelial cell damage in the bovine intestine, inducing an innate im-

mune response and production of antibodies [197, 198]. However, it is likely that this re-

sponse is caused by LEE-associated factors rather than Stx, as Stx-negative, LEE-positive
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O26 and O111 strains also cause diarrhea in calves and Stx-negative O157:H7 mutants

have been found to colonize the recto-anal junction of cattle [199, 200].

Human intestinal epithelial cells contain globotetraosylceramide (GB4), as well as less

abundant quantities of GB3 [201]. GB4 is an alternate receptor of lower affinity for Stx and

to which subtype stx2e, the porcine edema disease-associated toxin, preferentially binds.

Stxs belong to a family of ribosome-inactivating proteins, which are found nearly uni-

versally in plants, and include well known toxins such as ricin, produced by the castor

oil plant Ricinus communis [202]. Upon being released in the intestinal tract, the Stx B-

subunit binds to the GB3 gangliosides found in lipid rafts of the host epithelial plasma

membrane. After binding, Stx enters the cell through receptor-mediated endocytosis [203];

either through a clathrin-coated pit-dependent mechanism, or by inducing plasma mem-

brane invaginations without the aid of host-cell machinery [204, 205].

Once taken into the host cell, Stx is passed through the trans-Golgi network via ret-

rograde transport from the endosome, where Stx localizes, through the Golgi apparatus to

the endoplasmic reticulum (ER)[206, 207]. The toxin is activated by cleavage of the C-

terminus of StxA by the endoprotease furin, which is membrane associated and thus likely

takes place in the early endosome [208]. The activated StxA subunit remains attached via a

disulphide bond to the remaining StxA/B complex, which is eventually reduced in the ER

lumen, where the cleaved and reduced StxA subunit is transported into the cytosol via the

ER-associated protein degradation pathway [209, 210]. Interestingly, only about 4% of the

transported toxin is reduced and transported trans-membrane into the cytosol [211]. Once

in the cytosol, 28S rRNA is cleaved at the 4324 base adenine residue by the glycosidase

activity of StxA, inhibiting amino acid chain elongation [212, 213]. The mechanism of

action of Stx is thought to be similar to that of ricin, where cleavage of 28S rRNA results

in the ‘ribotoxic stress response’ [214]. This response activates the stress-activated protein

kinases, which in turn upregulate a number of proinflammatory cytokines. For example,
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internalized Stx has been shown to induce the release of interleukin-8 by host enterocytes

[215], and results in inflammation and leukocyte migration into the sub-mucosa [216]. It is

thought that the toxins are bound to the leukocytes, which then enter the blood stream and

are free to bind other sites in the body rich in the GB3 receptor, such as the small vessels

in the kidneys and brain [217].

This results in death of endothelial cells lining these vessels and activation of the in-

flammatory response, which is characterized by up-regulation of cellular kinase pathways

and expression of P-selectin on the membranes of epithelial cells. P-selectin binds to and

activates complement factor 3 via an alternate inflammatory pathway[218]. Initiation of

the complement-mediated coagulation cascade culminates in attachment of fibrin to vessel

walls, clumping of platelets and the formation of microthrombi. These thrombi obstruct

micro-circulation blood flow and lead to hypoxic damage of tissues and organs such as the

large-intestine, kidney, pancreas and brain [219]. Clinical manifestations of this include

HC, kidney failure and neurological disturbances.

Regulation of toxin production in STEC is not fully understood, and significnat differ-

ences in toxin production between two strains of the same toxin-variant can be observed

[220].

Although Stx has adverse effects on incidental human hosts, in the natural ruminant

reservoir, Stx-production has been linked to enhanced bacterial fitness in terms of increased

colonization [221], and in surviving predation by protozoan bacteriovores inside the bovine

host [222, 223]. A possible benefit to both sheep and cattle harboring Stx-producing bacte-

ria may be the anti-viral activity of the toxin against the oncogenic bovine leukemia virus

(BLV), which, although widely distributed among ruminants, rarely exhibit clinical signs

of BLV disease [224].
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3.2.2 Stx-containing Bacteriophage

Stx production is mediated by lytic conversion of temperate bacteriophage integrated in the

chromosome of STEC strains [225]. These bacteriophage are of the lambda phage family,

comprised of dsDNA, have an icosahedral head, and a tail of heterogeneous size. The

lambda phage itself is approximately 48.5 kb in size; however, most of the characterized

Stx-phage are up to 50% larger and contain additional DNA that is thought to be of benefit

to the host bacterium.

STEC can harbor one or more Stx-containing inducible prophage [226]. The lambda

bacteriophage has been described as an ordered set of interchangeable modules, which in-

creases the propensity of ‘mosaic’ bacteriophages to occur among related bacterial strains

[227]. Many of the Stx-phages encode the Red recombinase system, which is an order

of magnitude more efficient than the native E. coli recombinase system, increasing the

potential for multiple genetic mosaics to be created [228]. Due to the highly efficient re-

combination machinery and the possibility of multiple Stx-phages within a single genome,

recombination between different phage within a single cell is possible.

Stx genes are found within the late-gene region of the bacteriophage, downstream of the

Q anti-terminator gene [228]; thus, the toxin genes are expressed whenever the phage enter

the lytic cycle, without need for a separate secretion system to export the toxin, as the host

bacterial cell is no longer intact following lysis. Two variants of the Q anti-terminator have

been identified in E. coli O157:H7 strains, with the largely cattle-associated strains that

possess Q21 found to produce lower amounts of Stx2 than strains with the more frequently

human-associated Q933 allele [229].

Activation of the bacterial SOS response implies the impending death of the bacterium,

and as such there is an advantage to the temperate bacteriophage in entering the lytic cycle

[230]. In STEC, the bacterial SOS stress response is activated by factors including envi-

ronmental stress, DNA damage, exposure to fluoroquinolone drugs, and reactive oxygen
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species, which are released by predatory protozoa and cells that are components of the

human innate immune system, such as neutrophils and leukocytes [223, 231, 232, 233].

Antimicrobials are not recommended in the treatment of STEC infection for this rea-

son, as their usage is often accompanied by a surge in toxin production. Additionally,

Stx-production has been shown to increase survivability of STEC O157:H7 within human

macrophages [234].

The integrated bacteriophage of STEC are also unstable, and are completely lost from

the bacterial host genome approximately 10% of the time during the course of human in-

fection, in strains associated with HUS [235]. Thus, after host-passage, a former STEC

strain may no longer harbor the defining feature of its virulence. In addition to escaping

their STEC hosts, Stx-bacteriophage are frequently transferred to other susceptible bacte-

ria in the intestinal environment, even converting former commensal organisms into toxin-

producers [236]. During an infection, the amount of Stx produced can be increased by an

order of magnitude or more simply by the stx-containing bacteriophage causing lytic con-

version of additional bacterial hosts [237]. Bacteriophage are more resistant to chlorination

and pasteurization than their bacterial hosts, and recovered phage from the environment

are capable of infecting new cells [228]. Thus, the potential for Stx-bacteriophage transfer

among bacteria means that phage can outlive their original bacterial hosts.

The mechanism by which Stx-phages recognize compatible cells differs between phage

with short and long tails. Phage with long tails have previously been shown to recognize

bacterial surface receptors such as the OmpC protein [238], while short-tailed Stx-phages

recognize the YaeT membrane protein, which is involved in inserting other proteins into the

cell membrane, and is highly conserved across the gram-negative bacteria due to its essen-

tial function [239]. Around 70% of all short tailed Stx-phages possess tail-spike proteins

with identical or highly conserved YaeT sequences. The ubiquity of this surface protein is

thought to have facilitated the spread of Stx-phages among gram-negative bacteria.
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3.2.3 Role of Shiga-toxin

The production of Stx confers an advantage to a population of bacteria as a whole while

being lethal to the individual cells that undergo lytic conversion to facilitate Stx produc-

tion. Non-Stx containing bacteria in the same environment tend to undergo lytic, rather

than lysogenic conversion; the sacrifice of a few STEC can cause an orders-of-magnitude

increase in the amount of environmental Stx, while at the same time decimating Stx-naive

bacterial populations [240, 241]. This allows the population to harbor the bacteriophage in

a lysogenic state until a response to a threat is required, be it competing bacteria, protozoan

predators or human immune cells.

The resistance to predation conferred to a bacterial population by expression of Stx

may also facilitate increased environmental persistence and re-uptake of the bacteria by

their bovine hosts, allowing a single-clone to dominate in a herd [242]. The increased en-

vironmental persistence of these strains also makes them more prone to infecting humans.

3.2.4 The Locus of Enterocyte Attachment and Effacement

(LEE)

STEC are defined by their major virulence factor, but it is not solely responsible for the

variation in virulence observed among different seropathotypes. It is thought that mobile

genetic elements acquired through horizontal gene transfer (HGT) combine in serotype and

strain-specific combinations that lead to different pathogenic outcomes [161]. Perhaps the

most critical ability related to causing human disease is that of the bacteria to intimately

attach to enterocytes (simple columnar epithelial cells) in the intestine. In many pathogenic

STEC, most notably in EHEC, this characteristic is encoded by a chromosomal gene clus-

ter known as the locus for enterocyte attachment and effacement (LEE) [243]. The LEE
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is comprised of five operons: LEE1-3 encode a type III secretion system (T3SS), seven

effector proteins and the LEE-encoded regulator (Ler), which is encoded by the first gene

of LEE1 and regulates expression of the entire locus; LEE4 encodes the EPEC-secreted-

proteins EspA, EspB, EspD, and EspF (EspC is encoded outside of the LEE and is cy-

totoxic, but requires a type V secretion system working in concert with the T3SS to be

translocated into epthelial cells [244]); LEE5 encodes intimin, the translocated intimin re-

ceptor (Tir) and the Tir-chaperone protein CesT [245, 246].

Attaching and effacing lesions are characteristic of colonization by LEE-encoding bac-

teria, and require the T3SS, which acts as a molecular syringe [247]. These lesions form

following the creation of a pore in the host-cell membrane, where EscF molecules form the

needle and EspA polymerizes to form a syringe linking EscF to the host cell membrane

[248, 249]. EspB and EspD are then injected through the EspA syringe and integrate into

the host membrane, which completes the pore formation between the host and bacterium,

Tir and a number of other LEE and non-LEE encoded effectors (Nles) are injected into

the cell using this secretion system. Once in the host-cell cytoplasm, Tir localizes to the

plasma membrane, which it spans and subsequently exposes its central domain to the cell-

surface; this domain interacts with the LEE-encoded intimin protein present on the surface

of the bacteria to tightly attach the bacterium to the host cell [250, 243]. Microtubules

supporting the epithelial cell-surface structure are altered to form a cup-like structure and

the microvilli are destroyed (effaced) in sites of bacterial colonization, and an actin-based

pedestal is formed, which is known as an attaching and effacing (A/E) lesion. Symptoms

of watery diarrhea in patients are thought to be caused by inflammation resulting from the

effacement of microvilli and the secretion of chloride into the large intestine. There are

19 known variants of the eae gene, which encode intimin within STEC; this variation may

in part be responsible for the different host-tissue and host-organism specificities that are

observed [251, 252]. The most commonly isolated serotypes from humans have intimin
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types with a high specificity for both human and bovine tissue [253].

The expression of LEE genes is under global repression by a histone-like nucleoid-

structuring (H-NS) protein, which can be relieved through interaction with Ler, itself an

H-NS-like protein [254]. The expression of ler is regulated by a number of global and

LEE-specific regulators, with integration host factor (IHF) being essential to the activation

of ler by binding upstream of the promoter [255].

Other global positive regulators of LEE expression include the ribosome binding pro-

tein BipA [256], the factor for inversion stimulation, IHF [257], and the stress-response

alternate sigma factor RpoS [258]. Hha appears to be a global negative regulator (so called

due to the strain it was discovered in) [259]. GrlA and GrlR are an activator and repressor

of LEE expression, respectively, encoded within the LEE, which also regulate expression

of flagellar genes and enterohemolysin (ehx) [260]. GrlA and Ler are also activators for

each other’s expression, mutually activating the transcription of the other and creating a

positive-feedback expression loop [261] .

Induction of LEE expression can be in response to contact of fimbrial adhesins (Hcp,

Ecp, Efa) with host enterocytes, high osmolarity, bicarbonate ions, epinephrine, nore-

pinephine, the bacterial SOS response and quorum sensing [185]. Quorum sensing (QS) is a

form of communication within and between members of bacterial species [262]. Hormone-

like chemicals are produced as signals to other bacteria regarding environmental conditions

such as bacterial population density and nutrient availability. The QS molecules act as reg-

ulators of gene expression. In STEC, QS in carried out using the luxS system, where QseA

(quorum-sensing E. coli regulator A), activates transcription of a number of genes includ-

ing ler in the LEE locus [263]. Other quorum sensing factors include the histidine kinases,

QseC and QseE, which respond to epinephrine and norepinephrine and regulate LEE ex-

pression positively and negatively, respectively [264]. It has been hypothesized that QS

suppresses expression of LEE until the organism reaches a suitable site for colonization
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in the bovine intestine. Regulatory factors include RgdR, which requires the expression

of Ler, but enhances LEE expression [265]. Classical EPEC strains that also possess LEE

also typically have a plasmid-encoded PerC locus, which is needed for ler to be expressed.

EHEC strains do not have a PerC-encoding plasmid, but five chromosomally encoded perC

homologues (pch) have been identified [266, 267]. Two of these genes, pchA and pchB di-

rectly control LEE expression and are under positive regulation from the LysR-homologue

A gene product LrhA, which is also involved in regulation of chemotaxis, the production

of flagella, and motility [268, 269]. In addition to the Tir protein injected by T3SS of

the bacteria, host-cell encoded nucleolin is thought to act as a receptor for LEE-encoded

intimin [270]. Stx has been shown to up-regulate LEE gene expression and promote intesti-

nal colonization in mice, in part by causing enhanced expression of nucleolin by host-cells.

However, it has also been shown that Stx2-bacteriophage integrated into the genome of E.

coli O157:H7, and specifically the CII gene encoded by this phage, repress LEE expression.

These apparently contradictory findings may at least in part be explained by the need for

a coordinated, staged approach to allow colonization. It is theorized that initially Stx up-

regulates nucleolin expression by host cells and suppresses LEE expression. Subsequently,

in the absence of Stx expression, LEE-encoded intimin is produced and binds to nucleolin.

This regulation and coordination of LEE operons by Stx-bacteriophage elements may be

important in limiting the host immune response and in determining the anatomical site and

extent of colonization by these pathogens [271].

Lastly, post-transcriptional and post-translational control of LEE gene expression may

allow fine-level adjustment of transcript levels [272]. Regulatory elements responsible for

this may include RNA-binding proteins such as carbon-storage regulator A (CsrA), which

in EPEC acts in a concentration dependent manner to activate (low CsrA levels) and repress

(high CsrA levels) LEE expression [273]. In EHEC, Hfq represses LEE expression through

two mechanisms: in the exponential growth phase Hfq interacts with the transcribed grlRA
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operon, causing lower levels of GrlA and thus reduced expression of Ler; in the stationary

phase, Hfq represses translation of the ler transcript directly [274]. RNase E also regulates

LEE expression, by degrading mRNA transcripts of the LEE4 operon [275]. The non-

coding RNA DsrA up-regulates expression by pairing with H-NS and RpoS mRNAs in the

presence of Hfq [276, 277]. The most well characterized post-translational regulator of

LEE expression is ClpXP, which is an ATP-dependent protease, which is thought to induce

expression of ler by regulating the levels of GrlR and RpoS expression [258].

In addition to LEE-encoded proteins, non-LEE encoded effectors (NLE) operate by

modifying signal transduction pathways and can influence the amount of bacterial attach-

ment, cytotoxicity and protection from phagocytosis [278]. Over 100 such proteins have

been identified or proposed to exist [279, 280]. Nles are encoded on the genome outside

of the LEE pathogenicity island, typically in prophage or genomic islands with lambda

phage remnants. Nles exploit the LEE T3SS apparatus and are injected into the host cell

via the LEE T3SS [157, 281]. The function of the majority of these effectors is unknown.

The largest family of NLEs are the NleG homologues, of which 14 have been identified

[282]. These effectors have been identified as E3 ubiquitin ligases, but their role in human

infection has not yet been discovered. Other NLEs appear to suppress the host innate im-

mune response, such as NleC and NleH1 / NleH2, which suppresses the pro-inflammatory

transcription factor NF-kB interleukin-8 release [283, 284]. NleA localizes to the Golgi

apparatus and has been shown to play a role in the destruction of the tight junctions of

epithelial cells; transcriptional activation of this effector is enhanced by bacterial starvation

conditions [285, 286].
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3.3 The STEC Genome

The first sequenced genome of Escherichia coli was that of K-12 strain MG1655 in 1997

[287]. This strain was originally isolated from the feces of a healthy human and has be-

come a common laboratory strain [288]. This 4,639,221 bp genome was found to contain

many areas associated with horizontal gene transfer (HGT), including insertion sequence

elements and bacteriophage elements. The extent to which HGT was responsible for alter-

ing the E. coli genome and contributing to pathogenicity was not fully apparent until the

first two pathogenic strains of E. coli were sequenced and compared to K-12 MG1655.

Both of these strains were of serotype O157:H7; one was isolated from a foodborne

outbreak related to radish sprouts in 1996 from the city of Sakai, Japan [12]; the second

was isolated from a hamburger-related outbreak in 1982 from the state of Michigan in the

United States [13]. The O157:H7 genomes were found to be 5,498,450 bp and 5,528,445

bp in size respectively. The O157:H7 and K-12 genomes shared approximately 4.1 Mbp,

and there were nearly 1400 genes unique to the O157:H7 strains, and roughly 530 genes

unique to K-12, with an estimated most recent common ancestor 4.5 million years ago

[287]. As more genomes of E. coli have been sequenced, nearly 16 000 gene families have

been identified, with only 6% being shared among all genome sequences of E. coli, and

genomic regions specific to individual strains nearly always identified [289].

The unique regions interrupting the syntenic backbone were called ‘genomic islands’

and were found to largely contain genes known or thought to be related to virulence in

humans. These islands also suggested that large-scale changes in phenotype could be ac-

quired via a single gene transfer event among phylogenetically unrelated organisms. Such

an occurrence was most recently observed in the 2011 E. coli O104:H4 outbreak in Ger-

many, where the bacteriophage encoding Stx2 was transfered from an EHEC strain into

the human-adapted enteroaggregative E. coli O104:H4 genomic background, resulting in

previously unseen levels of STEC-associated human illness [290].
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Many STEC serotypes are thought to be distantly related to E. coli O157:H7 based

on multi-locus enzyme electrophoresis (MLEE); however, they may have adapted to exis-

tence in the ruminant gastrointestinal tract through the acquisition of highly related genetic

elements such as Stx-encoding phage, the LEE and adherence-conferring pathogenicity is-

lands and plasmids [291]. This intra-STEC transfer may be facilitated by the close spatial

proximity of numerous STEC strains within the bovine intestinal tract.

Even though these groups diverged long ago, they have independently acquired the

requisite virulence attributes that seem to enhance survival in the ruminant intestine and /

or the environment that ruminants live in. The LEE pathogenicity island, which is inserted

in the selC locus in both E. coli O55:H7 EPEC and O157:H7 EHEC strains, encodes the

gamma-intimin variant. This locus is instead inserted in the pheU locus in O111:H8 and

O26:H11 strains and encodes the beta-intimin variant. The apparent parallel evolution

suggests that similar selective pressures have acted on bacterial populations of different

evolutionary lineages to form common features in STEC [76].

Parallel evolution is evident not only in LEE-containing, but also in LEE-negative

STEC [292]. LEE-negative STEC are the most common STEC isolated from adults in

Germany [293], and consist of serotypes such as O113:H21 that are associated with severe

disease indistinguishable from that caused by STEC O157. A comparison of 17 diverse

LEE-negative STEC using MLST showed multiple evolutionary lineages, suggesting LEE-

negative pathogenic STEC have emerged multiple times [292]. In a separate study of LEE-

negative STEC O174 strains, similar virulence gene content in unrelated clonal groups of

the serovar was demonstrated [294]. Genes from the urease genomic island were rarely

found in these strains, suggesting that the selective pressures in the ruminant environment

act to select a particular phenotype, rather than the same genomic makeup in every STEC

group. When examining individual genes on the large plasmid of LEE-negative STEC,

different evolutionary histories were found for each of those studied, highlighting the role
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of HGT in the acquisition of common virulence determinants. Additionally, putative ad-

hesins and toxins found on the large plasmid of LEE-negative strains, that are not found

on the large plasmid of O157:H7 strains, were shown to have homologs on the O157:H7

chromosome. Such multiple occurrences of pathogenically similar, yet evolutionarily dis-

tinct groups, suggest that STEC virulent to humans may arise when a given set of virulence

genes arrive in an E. coli host, and that these virulence genes likely play a common role in

the ecology of the organism, and subsequently the pathogenesis of human infections.

STEC are etymologically confined to the E. coli group possessing at least one Shiga-

toxin; however, just as there are STEC that are LEE-negative, there are EPEC that possess

the LEE but do not produce Stx. EPEC also typically possess a plasmid encoded bundle

forming pili gene (bfp) that helps stabilize microcolony formation [295]. Similarly, when

the evolution of the E. coli enterohemolysin gene, ehx was examined, it appeared to have

been acquired on at least three separate occasions by HGT: the first by eae-positive strains

(including both EPEC and STEC); the second by most eae-negative STEC strains; and the

third by a specific subgroup of eae-negative STEC. Although six subtypes were identified,

selective pressures have maintained a highly conserved locus [296]. The ehxA gene on

the pO113 and pO157 plasmids were also found to have been acquired separately, and

the plasmids themselves were shown to have separate evolutionary histories [292]. When

EPEC and STEC isolates from New Zealand were characterized by intimin typing, strain

groups comprised of isolates with the same intimin type (beta, zeta or theta), were identified

from both EPEC and STEC groups, and from humans, cattle and sheep, with the exception

of theta strains, which were only isolated from cattle and sheep [297]. This suggests that

HGT has occurred between strains harboring highly related LEE loci to create strains that

we currently classify as both STEC and EPEC.

Examinations of other virulence genes have revealed the same extensive HGT among

distinct clonal groups. Phylogenetic analysis of both stx1 and stx2 from STEC associated
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with disease outbreaks showed an uneven distribution of these stx genes, suggesting that

a specific background was required for the maintenance and expression of stx. When the

phylogeny of EspP was examined, four distinct alleles that were not serotype specific were

discovered among 56 separate STEC serotypes, with only two alleles encoding proteins

capable of proteolysis [298].

Combined, these independent observations are highly suggestive that multiple events,

rather than a single one. were necessary for the evolution of STEC virulence, and that

STEC have evolved in parallel through HGT of multiple virulence genes. It also suggests

that a phylogeny created from only shared genes among all STEC may not be able to

identify strain groups that have the same virulence profiles or disease potential to humans,

including STEC that have already been identified as clinically important.

3.3.1 Acid Resistance

STEC have evolved a number of acid resistance mechanisms that allow them to survive

transit from the stomach into the small intestine. Acid resistance is thought to be an im-

portant determinant of infectious dose. Epidemiological studies suggest that the infectious

dose for certain STEC may be fewer than 100 CFU [299]. STEC have acquired at least

three acid resistance systems that allow this: ie., arginine and glutamate decarboxylase-

dependent systems and an oxidative glucose catabolite system [300]. The latter two are

mediated by the expression of an alternate RNA polymerase sigma factor RpoS, which is

a master regulator of over 30 genes that are expressed in response to environmental stress

[301]. Despite this master role of RpoS, clinical STEC isolates with rpoS mutants have

been identified and a range of functional heterogeneity of rpoS expression has been doc-

umented, suggesting the existence of an independent acid response system [302]. These

RpoS mediated systems are of particular concern for food-production and food preserva-
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tion. Acid resistance also plays an important role in survival of bacteria within animal

reservoirs [302].

Additional acid resistance can be conferred through the urease gene cluster (ureA -

ureG), which can help neutralize gastric acid through the enzymatic breakdown of urea;

however, only a small subset of STEC produce functional urease [303]. Despite this func-

tional paucity, the urease gene cluster is significantly associated with increased intestinal

colonization and its presence is highly linked with the presence of the LEE [304, 303].

3.3.2 Adherence and Additional Virulence Factors

Adherence to epithelial cell surfaces such as those lining the gastrointestinal tract, is es-

sential for bacterial colonization of the host. As previously discussed, most EHEC possess

the LEE T3SS and adhere to host cells through this A/E mechanism. Non-O157 STEC,

LEE-negative strains appear to have evolved alternative adherence factors to make up for

this deficiency [305]. These other adhesins include the chromosomally encoded iha, the

iron-regulated gene A homologue adhesin, which is present in a wide range of STEC

serotypes [306], and efa1 and cah, which have been associated with increased attach-

ment and with STEC serotypes most commonly associated with severe disease [157, 307].

A novel immunoglobulin-binding protein, EibG, associated with chain-like adherence to

human-epithelial cells has also been identified in non-O157 STEC strains [308].

PagC appears to be important in establishing infections. Wild type STEC strains that

harbor this gene have higher population densities or competitive indices in mice when co-

administered with isogenic pagC-mutants [234]. The presence of this gene has also been

shown to aid in the survival of bacteria inside human macrophages in strains of STEC as

well as Salmonella [309]. ChuA and FepC are involved in heme-transport [310], which

along with genes irp2 and fyuA, found on the non-O157 STEC high-pathogenicity island,
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may enhance the fitness of strains under iron limitation [311]. This probable toxin gene has

a high level of similarity to set, encoded by Shigella spp and is found on a genomic island

along with the Nle factors, nleB, and nleE [312]. A factor associated with A/E lesions in

pigs, the porcine A/E associated factors, paa, has also been identified in STEC [313].

3.4 Plasmid-encoded Virulence Factors

STEC typically carry one or two large plasmids, ranging from 90 to 205 kbp in size, which

are typically named after the serogroup that they were originally found in, e.g. pO157,

pO113, pO26 etc. [161, 314]. These large virulence plasmids are highly heterogeneous

and mosaic in form, and while they are variable, encode a subset of virulence factors that

are common to many large STEC plasmids. A recent study found that 95% of all STEC

strains carried at least one plasmid, with approximately half carrying a single plasmid 90

kbp in size and the other half containing additional plasmids, some with as many as six

plasmids [315]. Small plasmids that code for little more than plasmid replication and main-

tenance genes, as well as those containing antibiotic resistance determinants have also been

characterized in STEC [316].

Large plasmid associated virulence factors include ehxA (also known as hlyA), which

codes for an enterohemolysin that frees hemoglobin and iron from red blood cells for bac-

terial use [317]. It may be required for human infections and is often found in bovine STEC

strains, and is more commonly isolated from STEC strains bearing the intimin (eae) gene

rather than LEE-negative STEC [296, 318]. The ehxA gene is also commonly found in

environmental E. coli that lack well recognized virulence factors such as Stx and intimin,

suggesting a role in survival and / or persistence outside of the intestinal tract, where trace

elements such as iron are required but rare [296].

The plasmid borne EHEC enterohemolysin operon has > 60% identity to the alpha-
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hemolysin gene of E. coli. Like alpha-hemolysin, enterohemolysin has the gene order

ehxCABD [319]. EhxA is synthesized in an inactive form that must be acylated by EhxC,

and its secretion from the cell requires EhxB and EhxD. The toxin forms multimeric, ring-

shaped pores in the host-cell membrane. Enterohemolysin has been shown to lyse sheep

red blood cells and bovine lymphoma cell line leukocytes, as well as provoke the release of

a pro-inflammatory cytokine interleukin-1B response in human leukocytes. The cytotoxic

extracellular serine protease and autotransporter, EspP, is another EHEC plasmid-encoded

gene. The activity of EspP is thought to be synergistic with that of ExhA during infection

[320]. EspA cleaves pepsin A and human coagulation factor V and has at least four distinct

alleles; however, only two of these alleles encode functional proteins. These functional

alleles of the protein have been found in the non-O157 serovars O26, O111 and O145,

which are classified as seropathotype B and frequently associated with human infections.

A novel AB(5) STEC toxin, encoded by subAB is similar in sequence and mechanism of

action to subtilase, found in Bacillus subtilis. The gene encoding the toxin is found on the

large virulence plasmid of certain non-O157 STEC [298]. This toxin is normally associated

with STEC that lack the LEE, but has recently been found in the chromosome of E. coli

strains lacking stx genes and is associated with a phenotype typical of enteroinvasive E. coli

[321]. Rather than disrupting ribosome function like Stx, this toxin cleaves the endoplasmic

reticulum chaperone protein BiP/GRP78 [298].

Another virulence determinant of STEC is a catalase peroxidase coded for by katP,

which is in addition to two other peroxidases, KatG and KatE, is found in most E. coli,

including non-pathogenic strains [322]. KatP is active only when bacteria are exposed to

high levels of peroxide, and helps protect the bacterium from peroxide-mediated oxidative

damage. It has been shown that KatP is statistically more efficient at scavenging peroxide

than the KatG and KatE, even though the latter two were sufficient for complete protection

against peroxide damage [323]. KatP protection is independent of the rpoS regulator, while
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KatG and KatE are rpoS-dependent.

In addition to peroxidases, E. coli O157:H7 has been found to contain a plasmidic

second copy of lipid A myristoyl transferase on the ecf (E. coli attaching and effacing

gene-positive conserved fragments) operon. This operon is responsible for altering the

lipid-membrane structure of the bacterium, and has been shown to be critical for passage

through the bovine gut, survivability in water troughs, susceptibility to antibiotics and de-

tergents, and motility [324]. A zinc metalloprotease, StcE, under control of the LEE master

regulator, Ler, also contributes to the alteration of the bacterial membrane by recruiting an

inflammatory regulator, C1 esterase inhibitor, and increasing intimate adherence of STEC

through the destruction of host glycoproteins [325, 326].

In the absence of LEE, other factors have been acquired that allow STEC to attach to

host cells. These include the additional adherence factor ToxB, which is required for full

adherence to host cells [327]; and the STEC autoagglutinating adhesin (saa), long polar

fimbriae (lpf ), and an auto-transporter involved in biofilm formation (sab) [12, 57]. The

presence of eae and saa appear to be mutually exclusive in all strains studied to date [92].

These factors allow for bacterial attachment in the absence of the LEE and therefore strains

expressing them do not cause the characteristic A/E lesions of LEE-positive strains.

The rapid accumulation of anti-microbial resistance (AMR) by certain STEC is in-

creasing and is of concern from a public-health perspective. STEC worldwide have shown

resistance to multiple, structurally unrelated antibiotics including aminoglycosides, fluoro-

quinolones, and cephalosporins [328, 329, 330, 331]. The prevalence of non-O157 STEC

human infections, as well as AMR, has been increasing in Japan, where AMR in non-O157

and O157 STEC was found to be at 40% and 10%, respectively [332]. A study of dairy

calves in India found that all STEC strains isolated were resistant to at least three of 11 an-

tibiotics tested, most of which were cephalosporins and fluoroquinolones [159]. Extensive

resistance to enrofloxacin, a fluroquinolone prescribed for human use was also observed.
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In a study of cow-calf herds in Canada, 89% of all E. coli isolated contained resistance to

at least one antibiotic, with 48% of the strains containing stx genes and / or the eae gene

[333]. A separate study of AMR in STEC isolated from human and animal waste-water in

Spain found 92% of strains from 32 STEC serotypes resistant to at least one antibiotic, and

50% resistant to 5 or more [334]. Interestingly, strains that were susceptible to the most

antibiotics carried more than one stx gene.

Interestingly, both induction of temperate phage into the lytic cycle and HGT can be en-

hanced in the presence of antibiotics such as fluoroquinolones. Phage induction is mediated

through the bacterial SOS response and would be expected to increase the amount of lytic

bacteriophage in the gut following antibiotic exposure, including those encoding Stx [334].

This in turn increases the chances of disseminating toxin genes to other bacteria. Use of

antibiotics in animal production as a growth promoting factor, and in veterinary medicine

provides selective pressure to acquire AMR, which may be inadvertently enhancing the

dissemination of bacteriophage-encoded toxins and other virulence genes, contributing to

the emergence of new pathogens through the spread of bacteriophage-encoded virulence

genes. This is especially important for STEC, as human-pathogenic strains appear to have

emerged independently multiple times by acquiring virulence factors through HGT.

3.5 Evolutionary Dynamics

The natural STEC reservoir consists of ruminants, of which cattle are the major contribu-

tors of STEC to the environment and contaminated consumables based on their abundance

[335, 149, 336]. Therefore, the evolutionary forces acting to select for particular traits are

those that confer an advantage in the bovine host, or the ‘source’ habitat. Humans are

thought to be largely incidental hosts. While cases of human to human transmission occur

during outbreaks, STEC typically persists in human stools for only a few weeks following
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infection. Since the organism cannot sustain itself in humans and eventually succumbs to

the harsh environment, traits that favor survival in humans are unlikely to be maintained

in the population and therefore humans represent a ‘sink’ habitat [178]. In the source /

sink evolutionary model, the source habitat selects for long-term evolutionary change and

the sink habitat allows proliferation over a limited time-scale, with clearance from the sink

habitat being the eventual result. Thus, even though small-scale evolutionary changes may

occur in a sink environment, they will be lost along with the sink population.

The bovine intestinal environment allows ample opportunities for horizontal gene trans-

fer to facilitate adaptation of the organism to this niche in the reservoir host. A multitude of

prokaryotic and eukaryotic organisms, along with bacteriophage inhabit the intestinal tract.

The intestinal lining is covered with a protective mucus layer, which consists of extracellu-

lar polymeric substances (polysaccharides, DNA, proteins, lipids) and provides a physical

barrier for the bacteria that reside within and represents an impediment to pathogens at-

tempting to reach the host cells [337]. This protective layer is important in signaling and

ensuring nutrient availability for both pathogens and beneficial, host-associated bacteria.

In the host, it is mucosal signaling that initializes the inflammatory response to a perceived

pathogen.

The ability of human pathogens to form their own biofilms has been linked to increased

virulence. In E. coli O157:H7, it was found that strains that were deficient in forming

biofilms adhered poorly to intestinal epithelial cells [338]. Other work has shown that

clades of E. coli that are good biofilm producers are able to survive in the environment

longer than clades that do not produce biofilms [339]. In the context of a cattle herd,

biofilm formation may also allow environmentally-adapted strains to become established

within the cattle population by persisting in niches outside of the bovine host. Additionally,

the virulence of the 2011 O104:H4 outbreak strain was thought to in part be due to its ability

to form aggregative biofilms within the host gastrointestinal tract [340], and it was recently
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shown that the virulence gene expression by this strain was highest within an established

biofilm [341].

The rate of HGT is up to 104 times more frequent in a biofilm than in the planktonic

form of bacteria, owing to closer proximity of strains and the fact that one of the major

components of the biofilm extra-cellular matrix is extra-cellular DNA [342]. The bovine

intestinal environment has been home to the evolution of similar virulence characteristics

among STEC strains multiple times. It is not currently known whether different serotypes

of STEC compete with each other for sites within the ruminant host, or if infection by

one type allows a greater chance of infection by another type. Future research is needed

to understand the relationship among STEC, other members of gastrointestinal microflora

and the host.

In addition to facilitating HGT, lytic bacteriophage also prey upon STEC, a relation-

ship that has been shown to exhibit classic predator / prey relationships [343, 344]. Thus,

selective forces are acting not only for optimal interaction with the bovine host, but also for

avoidance of lytic bacteriophage. To this end, E. coli, and bacteria in general, have evolved

methods of predator evasion that include: preventing adsorption of the bactriophage to the

bacterial cell surface; restriction-modification systems that degrade viral DNA upon entry

into the cell; abortive infection systems that lead to cell death and prevent viral replication;

superinfection immunity conferred to the bacterial cell by a previously integrated bacte-

riophage, which prevents entry of other similar bacteriophage ; and the clustered regularly

interspaced short palindromic repeats (CRISPRs) and the CRISPR-associated (cas) genes

that target foreign nucleic acids in a manner similar to RNA-interference [345].

These microorganisms appear to be engaged in an arms-race situation, where bacteria

evolve defenses against bacteriophage, which in turn evolve means around these defenses.

Experimentally, co-propagation of E. coli and predatory bacteriophage have resulted in

increased mutation rates in both bacteria and bacteriophage and observable resistance to
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infection and increased growth rates by the bacteria [346]; multiple outcomes have been

observed from these experiments ranging from complete bacterial resistance to the phage

to the persistence of both phage and bacteria [347]. Examples of this arms-race include

the CRISPR / cas evolution in bacteria, and the retaliative anti-CRISPR genes recently

discovered in bacteriophage [348]; and the toxin / anti-toxin systems that confer resistance

to bacteriophage and the production of novel anti-toxins by bacteriophage that overcome

these defenses [349].

3.6 Conclusions

Humans are the unfortunate incidental hosts of STEC that appear to be continually evolving

to best suit their source environment. STEC are capable of causing devastating disease via

virulence attributes that have been acquired multiple times through parallel evolutionary

history, and through the use of different virulence factor combinations that yield similar

pathogenic outcomes in humans. This suggests selective pressures in the bovine host for

the phenotypes conferred by these genetic elements. Due to the wide diversity of genomic

elements and virulence factors within STEC, they pose a difficult public health problem,

with many cases of infection likely being overlooked simply because important charac-

teristics of the etiological agent are not being targeted by laboratory tests. Many of the

current laboratory tests and detection methods are targeted to detect specific serotypes such

as O157:H7, and are not ubiquitous among STEC. In the future, as surveillance and knowl-

edge of virulence mechanisms become more complete, it may be possible to reduce the

human-health cost associated with all STEC.
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Chapter 4

In silico genomic analyses reveal three distinct lineages of
Escherichia coli O157:H7, one of which is associated with
hyper-virulence.

4.1 Preface

This chapter was previously published as Laing CR, Buchanan C, Taboada EN, Zhang Y,

Karmali MA, Thomas JE, Gannon VP. ‘In silico genomic analyses reveal three distinct

lineages of Escherichia coli O157:H7, one of which is associated with hyper-virulence.’

BMC Genomics. 2009 Jun 29;10:287. doi: 10.1186/1471-2164-10-287 [71].

4.2 Introduction

Escherichia coli O157:H7 is the most commonly implicated serotype of Shiga-toxin pro-

ducing E. coli (STEC) or enterohemorrhagic E. coli (EHEC) associated with hemorrhagic

colitis and the hemolytic uremic syndrome (HUS) [350, 351]. It is recognized world-wide

as an important cause of both sporadic cases and outbreaks of food- and waterborne disease.

Genomic diversity within populations of this pathogen is extensive and genome compar-

isons have revealed many DNA insertion / deletion and recombination events which are

thought to be driven primarily through bacteriophage-mediated and other mechanisms of

lateral gene transfer [352, 228, 22].

Three genetic lineages of E. coli O157:H7 have been described using octamer-based

genome scanning (OBGS) and microarray-based comparative genomic hybridization (mCGH).

Lineage I strains are commonly isolated from both cattle and clinically ill humans, lineage

II strains are isolated primarily from cattle and intermediate lineage I/II strains are less
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well characterized with respect to phenotype and host distribution [353, 354, 355]. Addi-

tional studies on the evolution, population structure and genetic diversity of Escherichia

coli O157:H7 have been carried out using a number of different genotyping approaches,

each of which is based on targeting polymorphisms in a particular locus or set of loci. For

example, the presence of Shiga-toxin (Stx) containing bacteriophage integration sites has

been used to describe sixteen E. coli O157:H7 genotypes (with the majority associated

with strains of bovine origin) [356]. Multi-locus variable number tandem repeat analysis

(MLVA), which targets the number of repeats at nine genetic loci in the method proposed

for PulseNet, has recently been used for epidemiological typing of O157:H7 strains [58].

mCGH, which examines the presence or absence of every gene in the genome of a ref-

erence strain or strains, has been used to elucidate the stepwise emergence of O157:H7

strains from an O55:H7-like ancestor [163] and by our laboratory to first characterize lin-

eage I/II strains [354]. Single-nucleotide polymorphism (SNP) typing examines the single

nucleotide changes throughout the E. coli O157:H7 genome; SNPs in 96 loci have been

used to delineate 39 genotypes in over 500 strains, which have been partitioned into nine

evolutionary clades [70]. One of these clades (clade 8) was found to contain putative hyper-

virulent strains, including those implicated in the 2006 spinach- and lettuce-associated out-

breaks in the United States. Comparative genomic fingerprinting (CGF), which examines

the presence or absence of the most common variable loci within the genome, has recently

been used with 23 loci to analyze 79 O157:H7 strains, and to group them into lineages and

epidemiologically and phenotypically related clusters [66].

The various methods have proved useful on their own but in most cases the strain group-

ings from one method are not easily relatable to another, and none of these methods has yet

achieved the ‘gold standard’ status to be used as a common genotyping method. Because

each of these genotyping approaches can provide important information on isolates with

different pathogenic and virulence characteristics, the need to replicate each of these meth-
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ods using a common group of reference strains has arisen. However, present restrictions

on international strain exchange make the acquisition of certain reference strains nearly

impossible for researchers outside the country of origin of the strains. While the step-

wise emergence of E. coli O157:H7 from an O55:H7-like serotype has been well supported

[163, 357], the relationship among E. coli O157:H7 lineages and clades incorporating data

from standard and more advanced genotyping methods has not been evaluated. Thus, dis-

coveries such as the recently described hyper-virulent clade of E. coli O157:H7 strains [70]

are framed only in the context of the individual study.

Recently, three complete E. coli O157:H7 strain sequences and 11 whole genome shot-

gun sequences have become available in Genbank. With the additional sequencing of one

O157:H7 and one O145:NM strain by our group, the availability of multiple whole-genome

sequences has allowed us to apply several molecular typing schemes in silico to a group of

E. coli O157:H7 and related strains. We have applied six molecular typing methods to dif-

ferentiate among E. coli O157:H7 strains to a panel of nineteen genome-sequenced strains:

Stx-bacteriophage insertion site typing [356], CGF [66], mCGH [354, 163], SNP genotyp-

ing [70], genomic in silico subtractive hybridization (GISSH) (Laing et al. in preparation)

and MLVA [58].

In this study we provide a view of the relationships among E. coli O157:H7 strains

based on a supernetwork representation of these six separate molecular typing methods. We

also show how hyper-virulent clade 8 E. coli O157:H7 strains fit into this scheme and sug-

gest the use of genotyping approaches that are relatable as part of a ‘common genotyping

language’ until whole genome sequencing becomes routine in bacterial strain genotyping.
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4.3 Materials and Methods

4.3.1 Genome-sequenced Strains Used in the Analyses

Our analyses utilized the complete and fully annotated genomes of K12 MG1655 and E.

coli O157:H7 strains EDL933 and Sakai. Additionally, 14 E. coli O157:H7 whole-genome

shotgun sequences from GenBank were included in the study, along with two whole-

genome shotgun sequences that were sequenced in-house: EC71074, an E. coli O157:H7

strain and EC33264, an E. coli O145:NM strain (Table 4.1).

4.3.2 In silico Lineage Typing

The LSPA6 primer sequences [355] were utilized for in silico polymerase chain reaction

(is-PCR) experiments to determine the lineage types of the strains in Table 4.1. The is-PCR

method involved BLASTN searches [111] of the primer sequences combined with data

processing in Microsoft Excel to determine the expected band size; any primer sequence

with less than 80% sequence identity in a BLASTN search was considered absent.

4.3.3 Shiga-toxin Encoding Bacteriophage Insertion Site Typ-

ing

As described by Besser et al. [356] the primer sequences targeting regions of bacterio-

phage insertion were subjected to is-PCR, using a sequence identity of 80% as a positive

threshold. Data were given discrete character scores, with 0 representing absence and 1

representing an amplified band. In cases where bands of more than one size were found for

the same primer set, the digits 2 through 5 were used to denote bands of additional size.
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4.3.4 Comparative Genomic Fingerprinting (CGF)

Twenty-three of the most variable loci among E. coli O157:H7 strains were targeted by

the comparative genomic fingerprinting method of Laing et al. [66]. The 80 strain binary

dataset from the Laing et al. study was used, along with is-PCR results from the strains in

Table 4.1, using a sequence identity of 80% as a positive threshold. The is-PCR data were

converted to binary characters, with 0 for absence and 1 for presence.

4.3.5 Genomic in silico Subtractive Hybridization (GISSH)

The method for determining the existence of 417 genomic regions larger than 500 bp that

are absent from the genomes of EDL933 and Sakai but present in other E. coli O157:H7

whole genome shotgun sequences will be described in detail elsewhere (Laing et al. in

preparation). Each of the novel regions was split into contiguous segments of 500 bp,

creating 1456 segments representing the original set of novel regions.

BLASTN was used to determine the distribution and these 1456 novel regions among

the strains in Table 4.1. A segment containing less than 80% total sequence identity was

considered absent and denoted by a 0, while a region containing greater than or equal to

80% total sequence identity was considered present and denoted by a 1.

4.3.6 Single Nucleotide Polymorphism (SNP) Analysis

Manning et al. [70] recently described the existence of 96 SNPs among E. coli O157:H7

strains. The sequence of each SNP-containing locus in E. coli O157:H7 strain Sakai was

used to conduct BLASTN comparisons of all 96 SNPs in each genomic sequence. Data

were scored as single-letter nucleotides for either version of the SNP as put forth by Man-

ning et al. with the following exception: in the Manning et al. study, E. coli O157:H7 strain
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Sakai locus ECs0606 is listed as having a SNP of A117G, whereas our data analysis found

the SNP to be A117C.

4.3.7 Microarray Comparative Genomic Hybridization (mCGH)

Zhang et al. [354] conducted a comprehensive microarray analysis of 31 E. coli O157:H7

strains using probe hybridization data for 6057 open reading frames. Analysis of those data

found that the 50 mer probes used in the microarray experiments shared sequence identity

of at least 80% to one or more of the three control strains (K12 MG1655, EDL933 and

Sakai) in 6021 of the 6057 probes. The positive threshold used for in silico microarray

hybridization was 80% and therefore the 36 ORFs with probes having less than 80% ho-

mology in all three control strains were not used. The in silico microarray hybridization

used BLASTN to test the presence of each ORF in every strain in Table 4.1. Probes with

identity greater than or equal to 80% were scored as present and everything else as diver-

gent. Results were converted to a binary format for subsequent analyses with 1 representing

a present ORF and 0 a divergent one.

Zhang et al. used the used the same MWG probe set as Wick et al. [163], which

was used to determine the stepwise emergence of O157:H7 strains from an O55:H7-like

ancestor. In their study, Wick et al. included two sorbitol-fermenting strains (CB2755 and

493/89) and three O55:H7 strains (Dec 5d, TB182A and 5905) that were absent from the

study by Zhang et al. To expand the scope of our study, binary data for these five strains

were included, with any loci not included in the Wick et al. study scored as missing and

denoted by ‘?’.
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4.3.8 Multi-locus Variable Number Tandem Repeat Analy-

sis (MLVA)

The MLVA PCR scheme described by Hyytia-Trees et al. [58] was used in silico to identify

the number of repeats at each locus, which is based on the number of repeats at nine variable

loci within the O157:H7 genome. In accordance with the reference, partial repeats were

rounded to the nearest whole number to generate the final set of data.

4.3.9 Construction of Dendrograms

The character data for each of the six methods were converted to Nexus format [358] and

imported to PAUP* v4.0 [359], where the data were analyzed using maximum parsimony.

The tree space was thoroughly sampled using 1000 random sequence additions, with 10

trees kept per search using the following PAUP* command: ‘hsearch enforce = no start

= stepwise addseq = random nreps = 1000 nchuck = 5 chuckscore = 1’. The maximum

parsimony tree for each set of data was saved and visualized in SplitsTree v4.0, where K12

was used as the outgroup.

4.3.10 Construction of Supernetworks

The six maximum parsimony trees representing the six datasets comprised of the 19 strains

in Table 4.1 were imported to Splitstree v4.0 and a supernetwork was created using Z-

closure with 1000 iterations and the unweighted mean distance of each tree to generate

an equal angle representation of the data. A second supernetwork was created in an anal-

ogous fashion; however the CGF and microarray trees included data from the previously

published studies of Laing et al. [66], Wick et al. [163] and Zhang et al. [354].
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4.4 Results

4.4.1 Lineage Typing

The is-PCR LSPA6 typing of the E. coli O157:H7 strains in Table 4.1 designated strains

EC4501 and TW14588 as lineage I, eleven of the 14 GenBank strains and the in-house

strain EC71074 as lineage I/II, and strain EC869 as lineage II.

4.4.2 Stx-phage Insertion Site Typing

Besser et al. [356] found greater diversity within O157:H7 strains isolated from cattle than

those from human clinical illness, but the relationship between their typing scheme and

lineage groupings was not explored. In Table 4.1 it is evident from in silico analysis that all

genotypes based on the Stx-phage integration site typing can be related to mCGH lineage.

All lineage I strains were of genotype 3 in that they possessed both stx1 and stx2 and

both bacteriophage integration sites yehV and wrbA were occupied. Additionally, they all

possessed the ‘K’ form of the N135K polymorphism in the FimH mannose binding pocket,

lacked stx2c, had the ‘T’ form of the T238A polymorphism in tir and were positive for the

Q-stx2 junction of phage 933W.

All lineage I/II strains were of genotype 1 in that they contained stx2 but not stx1 and

contained an occupied yehV and an intact wrbA bacteriophage integration site. Addition-

ally, they all possessed the ‘N’ form of the N135K polymorphism in the FimH mannose

binding pocket and the ‘T’ form of the T238A polymorphism in tir. However, the Q-stx2

junction of phage 933W and stx2c were variably present among the lineage I/II strains.

Lineage II strain EC869 was of genotype 6. It contained both stx1 and stx2 had the

variant-R form of the yehV bacteriophage right junction and an intact wrbA integration

site. EC869 possessed stx2c, the ‘A’ form of the T238A polymorphism in tir, the ‘N’ form
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of the N135K polymorphism in the FimH mannose binding pocket and was negative for the

Q-stx2 junction of phage 933W. The raw data for this and all other in silico typing methods

are provided (supplementary material at: http://www.biomedcentral.com/content/

supplementary/1471-2164-10-287-s1.xls).

4.4.3 SNP Genotyping

The clade of each strain based on SNP typing was determined as described by Riordan et

al. [360] where SNPs in the four genes ECs2357, ECs2521, ECs3881 and ECs4130 allow

the delineation of the four most common clades of E. coli O157:H7. Our analysis typed

EDL933 as clade 3 (SNP profile in the gene order given above as CGCT), Sakai as clade

1 (SNP profile CTTT), TW14588 and EC4501 as clade 2 (SNP profile CGTT), EC869 as

one of clades 47 (SNP profile CGCC) and the remaining O157:H7 strains as members of

the hyper-virulent clade 8 (SNP profile AGCC) (Table 4.1).

4.4.4 GISSH-based Novel Region Distribution

Zhang et al. used a microarray based on lineage I strains EDL933 and Sakai and the K12

strain MG1655, so it is not surprising that the lineage I strains were found to contain more

of the lineage I markers than strains from the other lineages [354] . To account for novel

genomic regions present in other O157:H7 strains, but not found in EDL933 or Sakai,

an in silico subtractive hybridization was performed on every O157:H7 sequence in Table

4.1 against EDL933 and Sakai [127]. The study found 417 separate regions comprising

1456 segments of approximately 500 bp in length ( 0.8 Mbp of novel DNA sequence).

The distribution of these segments in silico is shown in Figure 4.1 and highlights the fact

that lineage I strains possess genomic regions not represented in the original microarray
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probe set, as well as the fact that there are other lineage I/II and lineage II specific genomic

regions.

4.4.5 Combined Analysis

The maximum parsimony trees from each method shared a number of commonalities (sup-

plementary material at: http://www.biomedcentral.com/content/supplementary/

1471-2164-10-287-s2.pdf). All three lineages grouped distinctly with the following

methods: CGF, SNP genotyping, mCGH and GISSH-based novel region typing. Stx-phage

insertion site typing distinguished lineage I strains as a separate cluster but lineage II strain

EC869 did not form a distinct cluster from the lineage I/II strains. Similarly, MLVA put

lineage II strain EC869 on its own branch, whereas the lineage I/II and lineage I strains

did not group separately with this method. All of the genotyping methods except mCGH

identified lineage I/II strains EC508 and EC71074 as a separate cluster, which was placed

into a group close to the lineage I strains in the CGF and Stx-phage insertion site based

maximum parsimony trees and was placed between lineage I strain Sakai and the other

three lineage I strains in the maximum parsimony tree based on MLVA data.

In order to obtain a more complete understanding of the relationships among E. coli

O157:H7 strains, the maximum parsimony trees derived using in silico data from the six

separate molecular typing methods included in this study were combined to form a super-

network. We accomplished this by combing the six maximum parsimony trees generated

using PAUP* instead of concatenating the data into a single matrix and generating a sin-

gle most parsimonious tree. This ensured a method with many data points such as mCGH

did not outweigh a method like MLVA that contains few data points. The supernetwork

based on the six trees given equal weighting (Figure 4.2) shows competing signals, rather

than an inferred absolute tree [361]. As can be seen, the 19 strains were distributed into

69



four main groups. One contained strains K12 MG1655 and O145:NM EC33264 and an-

other the single lineage II strain EC869. The remaining two groups of the supernetwork

were lineage-specific, comprising one cluster of lineage I strains and another of lineage I/II

strains. The distribution of the four lineage I strains was consistent with the clade break-

down of Manning et al. [70], as the clade 2 strains TW14588 and EC4501 were more

closely related to each other than clade 3 strain EDL933 or clade 1 strain Sakai.

Because only a relatively small number of strains have been sequenced, we repeated the

analysis including experimental microarray [354, 163] and CGF data [66] for which lineage

information was available to provide a larger context for our in silico analysis. This added

83 strains to the 19 strain in silico dataset and included data for three E. coli O55:H7 strains

and two sorbitol-fermenting E. coli O157:H- strains (Table 4.2), allowing us to frame the

resulting supernetwork within the context of the proposed stepwise emergence of E. coli

O157:H7 [163]. The supernetwork in Figure 4.3 again showed four main groups. All

lineage I and II strains formed discrete branches in the supernetwork, while the lineage I/II

strains formed a cluster that was closest to E. coli K12 and strains of O55:H7, O145:NM

and sorbitol-fermenting O157:H-.

4.5 Discussion

The acquisition and loss of genetic elements in E. coli O157:H7 is thought to affect the

virulence of this pathogen in humans [362, 363, 64]. While attributes like the Stxs [364,

365, 366] and the locus of enterocyte attachment and effacement (LEE) [367] are well

known, other less well characterized elements such as non-LEE effectors (NLE)s [279]

may contribute to the spectrum of virulence that has been captured for STEC within the

seropathotype classification [157].

This genomic diversity can largely be attributed to bacteriophages [228, 368] and other
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mobile elements [369] that cause DNA segment insertion and deletion events, rather than

single-nucleotide changes [368]. The best characterization of diversity within E. coli O157:H7

must therefore take both single-nucleotide changes and large region turnover events into

consideration. Whole genome sequencing is the best method for such analysis, but until

the number of completely sequenced strains increases and whole genome sequencing be-

comes both routine and cost-effective, an estimation of whole genomic change based on

sampling of polymorphisms or variability at a number of specific loci will have to suffice.

A number of molecular genotyping methods have recently emerged that target different

regions and types of variation, so the combination of data from these methods can offer a

picture that is greater than the sum of their individual views. It can be argued that lateral

gene transfer obscures the relationship among bacterial strains; however, once mobile el-

ements are acquired and if they are stably maintained, they can be especially valuable in

assessing strain relationships. We therefore advocate the use of genotyping methods that

rely on multiple spatially distinct loci to provide a robust view of the O157:H7 population

structure. Each individual multi-locus method in our study pointed to a similar tree struc-

ture and the combination of methods in the supernetwork (Figure 4.3) showed three distinct

lineages, two of which were originally proposed by Kim et al. [353] and the third by Zhang

et al. [354], adding confidence to the conclusion that these lineages exist.

The results of SNP genotyping over 500 O157:H7 isolates found hyper-virulent clade

8 strains, the causative agents in the spinach- and lettuce-related outbreaks of 2006 in the

United States, to be most closely related to sorbitol fermenting E. coli O157:NM strains

[70]. Based on our in silico analyses, these clade 8 strains, which appear to be increasing

in prevalence and have a greater association with HUS than other strains [70], are members

of lineage I/II (Table 4.1). Interestingly, E. coli O157:H7 strain TW14588 was designated

as clade 8 in the initial publication on variation in virulence among the clades [70], but

all in silico analyses conducted during this study on the whole-genome shotgun sequence

71



available from GenBank (NZ ABKY) suggests it belongs to clade 2 (lineage I).

It must be recognized that the publicly available genome sequences are not error-free

and that this could have affected the architecture of trees that are highly dependent on single

nucleotide changes in sequences of target genes, such as SNP-genotyping. However, the

in silico tree architecture was very similar to that described by Manning et al. [70] based

on experimental data; therefore we suspect that this was not a significant source of error in

this study.

Differences between lineage I and lineage II strains have been described [370, 371,

372], but much less is known about lineage I/II strains with respect to host / disease asso-

ciation or expression of virulence attributes. We have recently demonstrated in a study of

E. coli O157:H7 strains in Canada that certain phage types (PT)s are specific to O157:H7

lineages [370]. In the latter study, PT2 strains were shown to belong exclusively to lineage

I/II, however, others strains in lineage I/II belonged to PTs that were not lineage-restricted

e.g. PT23, PT8 and PT1, suggesting that this lineage is widespread and also diverse. Such

diversity was also apparent in the examination of the novel regions of O157:H7 DNA,

presented in Figure 4.1.

The Stxs, which are bacteriophage-encoded and the primary virulence factors of E. coli

O157:H7 [364] show differential distribution among the lineages. The stx2 gene was found

in nearly all O157:H7 lineage I and lineage I/II strains [70, 370], while the stx1 gene was

absent in lineage I/II strains but present in nearly all other strains studied. Additionally,

Ziebell et al. [370] found the stx2c gene in 96.7% of lineage II strains, 50.0% of lineage I/II

strains and 1.8% of lineage I strains, while Manning et al. [70] found stx2c to be present in

57.6% of clade 8 strains. This SNP genotyping study also found a significant relationship

between the presence of stx2 in conjunction with stx2c among strains of clade 8, in that no

other clade associated with human illness displayed this combination. This is not surprising

as lineage I strains only rarely contain stx2c despite their high association with human
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disease and lineage II strains nearly always contain stx2c despite a rare association with

human disease [353]. It is unlikely that the combination of stx2 and stx2c alone is the reason

for the hyper-virulence of lineage I/II strains, as the presence of stx2c is nearly ubiquitous

among bovine-associated lineage II strains. The SNP genotyping study cited above only

considered isolates associated with human disease; therefore it is likely that few lineage

II strains were included in the study. A study by Friedrich et al. [373] examining stx2

subtypes and their association with clinical symptoms found stx2c to be the only subtype

besides stx2 present in strains isolated from cases of HUS, but found no correlation between

the presence of stx2c and the development of HUS. It has recently been shown that the level

of Stx2 production is greater in lineage I strains than lineage II strains [33] so it may be

that lineage I/II strains implicated in cases of HUS simply produce more toxin than other

O157:H7 strains. However, it is possible that other factors possessed by the hyper-virulent

lineage I/II group strains are responsible for their greater virulence in humans, and remain

to be discovered.

The findings in this study highlight the need for a common genotyping approach, as it

is evident that the same groups of genetically related strains have been given multiple des-

ignations based on the use of different comparative genotyping methods. This need exists

for epidemiological studies of outbreak strains, where strain discrimination is the primary

focus, as well as for population genetic studies where genomic information is of central im-

portance. The value of being able to compare a pattern produced in a particular laboratory

to one found in a national central database has made PFGE and PulseNet very useful in

tracking outbreaks that are widely disseminated [59], despite the fact that PFGE is labour

intensive and difficult to standardize [46]. As this common approach in identifying out-

break strains has been useful for a pattern-based method such as PFGE, approaches based

on a multi-locus sampling of the genome could take this centralized database concept and

extend it to contain presence / absence data for specific loci, SNPs, and other measures of
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heterogeneity. In this way, whether the goal is identifying an outbreak source or using in-

formation for a population-based study, the data would be available in a central repository.

This type of system would be important in monitoring and identifying the emergence of

new clones of O157:H7, such as the hyper-virulent lineage I/II / clade 8 strains and recog-

nizing other changes in the population when genotyping E. coli O157:H7 strains associated

with disease outbreaks.

The availability of whole genome sequence information has led to the development of

new genotyping methods that are easier to perform than traditional methods, more discrim-

inatory and more informative with respect to genotype and phenotype. It is interesting that

the approaches targeting genetic polymorphisms within conserved genes and those target-

ing genetic changes based on gene insertion / deletion events converge to give a similar

picture of E. coli O157:H7 strain relationships. Such concordance of methods has been

previously demonstrated with mCGH and MLST for Campylobacter jejuni [81] and Strep-

tococcus pneumoniae [374]. However, given that methods differ greatly in terms of the

time required for the analysis, labour and equipment required, need for expertise, freedom

from subjectivity in interpretation of the data and portability of the genotyping results from

one laboratory to another, there is considerable advantage in selecting a method that is sim-

ple, extensible and easily portable. While some typing methods are better than others in

these aspects, most of the multi-locus typing methods examined produced a similar tree

architecture. This suggests a ‘common typing language’ is possible at least in the con-

text that genotypes derived using different methods can be integrated and communicated

in a broader framework. While it was shown that multiple methods converge to provide

a similar picture of the O157:H7 population structure, we are not advocating the routine

use of multiple genotyping methods but rather the use of methods based on comparative

genomics.

With the genomic sequencing revolution well under way, the ability to harvest novel
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sequence information in a timely fashion from new genomic sequences will become in-

creasingly important and the ability to include and compare in silico results to those from

traditional laboratory experiments will become necessary.

The results of this study suggest that genotyping approaches based on common com-

parative genomic data are likely to form the basis for the next-generation of analytical tools

used for both population-based comparative genotyping and epidemiological studies.
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Table 4.1: The 19 E. coli strains analyzed in silico in this study.

Strain Serotype Sequence source LSPA6
lineage

SNP
clade

Stx-phage
insertion site
genotype

EC4024 O157:H7 NZ ABJT00000000 I/II 8 1
EC4042 O157:H7 NZ ABHM00000000 I/II 8 1
EC4045 O157:H7 NZ ABHL00000000 I/II 8 1
EC4076 O157:H7 NZ ABHQ00000000 I/II 8 1
EC4113 O157:H7 NZ ABHP00000000 I/II 8 1
EC4115 O157:H7 NZ ABHN00000000 I/II 8 1
EC4196 O157:H7 NZ ABHO00000000 I/II 8 1
EC4206 O157:H7 NZ ABHK00000000 I/II 8 1
EC4401 O157:H7 NZ ABHR00000000 I/II 8 1
EC4486 O157:H7 NZ ABHS00000000 I/II 8 1
EC508 O157:H7 NZ ABHW00000000 I/II 8 1
EC71074 O157:H7 Public Health Agency of Canada I/II 8 1
EC869 O157:H7 NZ ABHU00000000 II uncertain 6
EC4501 O157:H7 NZ ABHT00000000 I 2 3
TW14588 O157:H7 NZ ABKY00000000 I 2 3
EDL933 O157:H7 NC 002655.2 I 3 3
Sakai O157:H7 NC 002695.1 I 1 3
EC33264 O145:NM Public Health Agency of Canada NA NA NA
MG1655 K12 NC 000913.2 NA NA NA
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Table 4.2: The 102 E. coli O157:H7 strains used in the construction of the supernetwork in
Figure 4.3

Strain Lineage Strain Lineage Strain Lineage
AA10002 I H2727 I EC4113 I/II
AA10021 I H2731 I EC4115 I/II
APF593 I H432 I EC4196 I/II
2328 I H435 I EC4206 I/II
23339 I H4420 I EC4401 I/II
58212 I H451 I EC4486 I/II
63154 I H453 I EC508 I/II
70490 I H454 I EC71074 I/II
813601 I H568 I R1388 I/II
93111 I H571 I Zap0046 I/II
97701 I H572 I AA6192 II
EC4501 I H573 I AA9952 II
EC980120 I H574 I E12491 II
EC980121 I LN6374 I EC19920026 II
EC980122 I LRH6 I EC869 II
EC980125 I LRH73 I EC970520 II
EDL933 I LS110 I F1081 II
F1082 I LS236 I F12 II
F1095 I M01MD3265 I F1305 II
F1103 I OK1 I FRIK1985 II
F1299 I R1195 I FRIK1990 II
F2 I S23021 I FRIK1999 II
F30 I S2628 I FRIK2001 II
F5 I S3722 I FRIK920 II
F732 I Sakai I LRH13 II
F744 I TS97 I LS68 II
H2160 I TW14588 I R1797 II
H2161 I 09601Fe046.1 I/II 493/89 O157:H-
H2163 I 32511 I/II CB2755 O157:H-
H2164 I 59243 I/II Dec5d O55:H7
H2176 I EC4024 I/II TB182A O55:H7
H2704 I EC4042 I/II 5905 O55:H7
H2718 I EC4045 I/II EC33264 O145:NM
H2723 I EC4076 I/II MG1655 K12
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Figure 4.1: The distribution of 1456 regions approximately 500 bp in size among 17 E.
coli O157:H7 strains and the O145:NM strain EC33264 and K12 strain MG1655. Regions
are not necessarily contiguous and are defined as novel based on less than 80% sequence
identity to the genome of either EDL933 or Sakai. Black indicates the presence of a region
and white indicates the absence of a region.
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Figure 4.2: The supernetwork created from the combination of each maximum parsimony
tree from the following typing methods: Stx-phage insertion site typing, MLVA, CGF,
SNP genotyping, mCGH, and GISSH-based novel region distribution typing. Maximum
parsimony trees were combined using the unweighted mean distance and Z-closure with
1000 iterations; the resulting supernetwork was displayed using the equal angle method.
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Figure 4.3: The supernetwork created from the combination of each maximum parsimony
tree from the following typing methods: Stx-phage insertion site typing, MLVA, CGF,
SNP genotyping, mCGH, and GISSH-based novel region distribution typing. Both mCGH
and CGF datasets included the in silico data from the strains in Table 4.1 in addition to
experimental data from the remaining strains in Table 4.2. Maximum parsimony trees were
combined using the unweighted mean distance and Z-closure with 1000 iterations; the
resulting supernetwork was displayed using the equal angle method.
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Chapter 5

Pan-genome sequence analysis using Panseq: an online
tool for the rapid analysis of core and accessory genomic
regions

5.1 Preface

This chapter contains the previously published paper Laing C, Buchanan C, Taboada EN,

Zhang Y, Kropinski A, Villegas A, Thomas JE, Gannon VP. ‘Pan-genome sequence analysis

using Panseq: an online tool for the rapid analysis of core and accessory genomic regions.’

BMC Bioinformatics. 2010 Sep 15;11:461. doi: 10.1186/1471-2105-11-461. [127] and

Laing C, Villegas A, Taboada EN, Kropinski A, Thomas JE, Gannon VP. ‘Identification

of Salmonella enterica species- and subgroup-specific genomic regions using Panseq 2.0’

Infect Genet Evol. 2011 Dec;11(8):2151-61. doi: 10.1016/j.meegid.2011.09.021. Epub

2011 Oct 1. [375].

5.2 Introduction

The field of genomics has blossomed as a result of the fast rate of whole-genome sequence

data acquisition. The pace of genome data growth continues to increase as the cost to ac-

quire the data continues to decrease. This has been led in large part by massively parallel

sequencing platforms such as the 454 Genome Sequencer FLX (Roche Applied Science),

the Illumina (Solexa) Genome Analyzer and the ABI SOLiD System (Applied Biosystems),

which generate tens of millions of base pairs of information in short reads 30 to several

hundred base pairs in length [376, 377]. These reads must be combined into large con-

tiguous DNA sequences by dedicated software such as Newbler (Roche) and MAQ [377].
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Although these ‘contigs’ can stretch into the megabase-pair (mb) range, the sequencing of

an entire organism by any one of these techniques invariably leaves gaps in the reassembled

sequence [378]. The finishing of a sequence requires gap-closure by sequencing of PCR

products and the resolution of sequencing errors. Sequencing efforts are primarily driven

by the discovery of novel genes and, as gap closure is time-consuming and expensive, many

researchers now use unfinished draft sequences of genomes in their analyses [379].

Tettelin et al. [15] used the term ‘pan-genome’ to refer to the full complement of genes

within a bacterial species. Comprising the pan-genome are the core complement of genes

common to all members of a species and a dispensable or accessory genome that is present

in at least one but not all members of a species. As more whole-genome sequences of

a species or group within a species become available, the size of the pan-genome of that

species or group will usually increase, due to an increase in the number of accessory genes.

Based on mathematical models, it is predicted that new genes will be discovered within the

pan-genome of many free-living bacterial species even after hundreds or possibly thousands

of complete genome sequences have been characterized [6]. While originally applied to an

entire species, any group of related strains can be said to contain a ‘core’ and ‘accessory’

set of genes. As such, tools that extract the new pieces of information from an extremely

large pool of data and that can be used to determine the pan-genome and its distribution

among strains will be invaluable in the study of genotypic and phenotypic traits in bacterial

populations.

Regardless of whether an investigator uses a draft or finished sequence, software tools

able to efficiently extract relevant information are critical. A number of programs have

been designed to assist with the analysis of DNA sequence data. These include pro-

grams designed for multiple sequence alignments such as CLUSTAL W [109], T-COFFEE

[108] and MUSCLE [107]; programs for local sequence comparison including FASTA

[380] and BLAST [111]; and programs designed for whole-genome comparisons such as
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MUMmer [122], MAUVE [121] and MISHIMA [124]. Pre-computed alignments of com-

pleted genomes are available online from Web-ACT [381] (which also allows up to five

user-submitted comparisons), the map-viewer and gMap database features from the Na-

tional Center for Biotechnology Information [382], the MOSAIC web-server [383] and the

prokaryotic gene-order database PSAT [384].

Programs designed specifically to find mobile genomic islands as opposed to regions

of differing sequence between or among genomes using comparative genomic approaches

include MobilomeFINDER [385] and IslandPick [386]. Three programs offering in silico

subtractive hybridization among genomes using BLAST are available: FindTarget [118],

mGenomeSubtractor [120] and nWayComp [119]. See (supplementary material at: http:

//www.biomedcentral.com/content/supplementary/1471-2105-11-461-s1.xls) for

a comparison of features among many of these programs.

Despite the myriad program options available, there is no comprehensive package for

pan-genome analysis. Prior to the advent of the current generation of sequencing platforms,

the number of genome sequences available for intra-species comparative genomic analysis

and for the determination of ‘accessory’ genes was limiting; consequently, tools specifically

designed for the analysis of the pan-genome have not been available.

Most studies have used one or two reference genomes, which include the core elements

but are missing much of the accessory genome of the species in study. In the laboratory, se-

lective subtractive hybridization [371, 387] and population surveys using microarray com-

parative genomics [354, 388] have been used to examine / define accessory genome con-

tent. With the current explosion in availability of whole-genome draft sequences, it would

be highly desirable to exploit this information through in silico analysis to separate the

novel accessory component of the genome from previously identified core sequence with-

out the requirement for a finished assembly. Identifying novel accessory sequences in this

way has application in characterizing novel metabolic pathways, virulence attributes [389],
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and molecular fingerprinting targets useful in epidemiological and population genetic stud-

ies [66]. Finally, both the core and accessory genomes can be helpful in elucidating the

evolutionary history of organisms [390].

Until recently, studying the pan-genome of a taxonomic-group was limited by genome

sequence availability; however, thanks to the low costs associated with high-throughput ge-

nomic sequencing, this technological limitation no longer exists. This has opened the door

to studies on the evolutionary history of many taxonomic groups. Whole-genome evolu-

tionary analysis of the genus Listeria has demonstrated that it evolved from a pathogenic

ancestor into multiple non-pathogenic clades, and that overall the evolution of the genus

was characterized by a loss of virulence traits [93]. This is in contrast to groups like Es-

cherichia coli O157:H7, which as demonstrated by Leopold et al. seem to have evolved via

the acquisition of virulence traits [91, 92].

New epidemiological insights have been made possible due to the availability of com-

plete genome sequence information. For example, the world-wide dissemination of Yersinia

pestis from China to the rest of the world occurred in a series of distinct radiations, and

each geographical location was found to contain a population of strains distinguished by

radiation-specific SNPs [140]. In a study combining both whole-genome comparisons and

social network analysis, the transmission routes of a tuberculosis outbreak in a Canadian

community were identified through SNPs in the genomes of strains from infected individu-

als and specific social interactions and events such as increased crack cocaine usage in the

community [87]. These long- and short-term epidemiological studies would not have been

possible without low-cost, high-throughput sequencing technology.

In this study we describe a pan-genome sequence analysis program, Panseq, that ex-

tracts novel regions with respect to a sequence or group of sequences, determines the core

and accessory regions of sequences based on sequence identity and segmentation length

parameters, creates files based on the core and accessory genome for use in phylogeny
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programs and determines the most discriminatory and variable set of loci from a dataset.

The software allows for the core genome to be user-defined, where an investigator might

wish to look for group-dominant (<100%), rather than group-specific (100%) genetic loci

in collections of strains (present in many, rather than all of the strains). This feature helps

deal with strains that may have lost ‘core’ elements and are not phenotypically represen-

tative of the group, strains that may have lost genetic elements in the laboratory that are

maintained by selective pressure in nature, and draft genome assemblies with incomplete

sequence coverage. More importantly, it allows new sub-groups to be identified which

share a subgroup-specific core that is distinct from the core possessed by the entire group

of strains. These subgroups are not only likely to share a common ancestry, but to also be

phenotypically divergent from other strains in the group.

5.3 Implementation and Methods

The pan-genome sequence analysis program (Panseq) was written in Perl with BioPerl

[391] modules and is available at http://lfz.corefacility.ca/panseq/. As a web-

server it is platform independent and makes use of the NCBI GenBank database for pre-

existing nucleotide FASTA files. The core genome threshold option has the ability to output

the accessory genome table as percent sequence identity or nucleotide sequence. The soft-

ware incorporates the use of multiple-cores, allowing parallel processing and the reduction

of computation time. A standalone version configurable by the simple editing of a single

file has been made available, allowing the full functionality of the web-server version on a

standalone machine. Extension of the scripts are possible by those with knowledge of Perl,

provided proper attribution is cited. The Perl scripts and all future updates are available

from: https://github.com/chadlaing/Panseq
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5.3.1 Novel Region Finder (NRF)

The NRF module compares an input sequence(s) to a database of sequence(s), and contigu-

ous regions not present in the database but present in a user-defined combination of input

sequences are extracted. This is accomplished using the MUMmer alignment program

[122] with the ‘novel’ sequences extracted into a file with sequence location information

added to the FASTA header. This process is iterative, adding the initial sequence examined

to the database before examining the second sequence, and so on until all sequences have

been examined. Because the algorithm examines all matches given user-specified criteria,

regions of high sequence identity will also be matched independent of their order (non-

syntenic). A summary file indicating the size distribution of fragments and total number of

novel nucleotides is created, as well as a graphical representation of the novel regions dis-

tributed among all input sequences in scalable vector graphic (SVG) form. Default Nucmer

parameters used by the NRF module are: b:200, c:50, d:0.12, g:100 and l:20; where accord-

ing to the MUMmer manual (http://mummer.sourceforge.net/manual/\#nucmer), b:

the distance an alignment will extend poor scoring regions; c: the minimum cluster length;

d: the maximum diagonal difference (diagonal difference/match separation); g: the max-

imum gap between two adjacent matches in a cluster; l: the minimum length of an exact

match.

5.3.2 Core and Accessory Genome Finder (CAGF)

The CAGF module considers for the purposes of analyses the ‘pan-genome’ to be com-

prised of sequences selected as input to the program. Panseq initiates using a single se-

quence file as a seed to which all other sequences are compared using MUMmer. If a

segment greater than the ‘Minimum Sequence Size’ is found in a sequence other than the

seed, that segment is added to the ‘pan-genome’. This newly-added-to ‘pan-genome’ is
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used as the reference for subsequent comparisons and the process continues iteratively un-

til all sequences have been examined. Panseq next fragments the entire pan-genome into

segments of user-defined length and determines the presence or absence of each of these

fragments in each of the original sequences based on the percent sequence identity cut-

off using the BLASTn algorithm [111], with the following default parameters: blastall -p

blastn -W 11, -b (2*number of input sequences) -v (2*number of input sequences) -e 0.001,

-F F. Fragments above the cutoff found in every original sequence are considered part of

the ‘core’ genome, while fragments below the cutoff in at least one strain are considered

part of the ‘accessory’ genome.

The core genome for each input sequence is concatenated into a single sequence and

a multiple sequence alignment is produced. The accessory genome is reported in a tab-

delimited table, where binary (0 for absence, 1 for presence) data indicate the state of each

fragment in the original sequences. A NEXUS formatted file [358] for both the accessory

and core genomes are output for use in downstream phylogenetic applications. Panseq also

produces a SNP file containing core segments with sequence variability; a tabular file listing

each SNP, its position, and value among each original sequence; ‘core’ and ‘accessory’

genomes output to separate FASTA files; and a scalable vector graphic depicting the pan-

genome and its presence/absence among all of the original input sequences.

5.3.3 Loci Selector (LS)

The LS module constructs loci sets that are maximized with respect to the unique number

of fingerprints produced among the input sequences as well as the discriminatory power

of the loci among the input sequences. The LS module iteratively builds the final loci

set, in the following steps, given a tab-delimited table with loci names in the first column,

sequence names in the first row, and single character data filling the matrix:
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(1) Each potential available locus is evaluated for the number of unique fingerprints

that would result from its addition to the final loci set. All loci that would generate the

maximum number of unique fingerprints in this respect are evaluated in step (2).

(2) All loci from step (1) are evaluated for their discriminatory power among the se-

quences, which is given as points of discrimination (POD). The POD for a locus is calcu-

lated as follows.

A listing of all possible pair-wise comparisons is constructed; for example, if the input

table consisted of three sequences, A, B and C, the list would consist of A-B, A-C and B-C.

Next, it is determined whether or not the sequences in each pair-wise comparison contain

the same single character denoting the locus state. If they do, a value of 0 is assigned;

if they differ a value of 1 is assigned. The POD is then the summation of all pair-wise

comparisons that differ for that locus. With our previous example, if A-B = 1, A-C = 1 and

B-C = 0, the POD for that locus would be 2.

(3) The locus with the highest value from step (2) is selected for addition to the final

loci set and removed from the pool of candidate loci. If two or more loci tie in value, one

is randomly selected. If all possible unique fingerprints have been found, the algorithm

continues with (4); if additional unique fingerprints are possible, the algorithm continues

with (5).

(4) Sequence pairs for which the allele of the locus chosen in (3) differ are excluded

from the analysis. This ensures loci that differ between other pairs of strains are preferen-

tially considered. Consider our A, B and C example with pair-wise comparisons of A-B =

1, A-C = 1 and B-C = 0. In the case of this locus being chosen, the sequence pairs A-B and

A-C would be temporarily removed from the analysis (‘masked’), leaving only loci that

differed between B-C as viable options.

(5) Once a locus has been chosen:

a) the specified number of loci has been reached (all unique fingerprints in the case of
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‘best’) and the algorithm terminates; or

b) the specified number of loci has not been reached and there are remaining fingerprints

possible, or sequence pairs for which differences exist. The algorithm returns to (1); or

c) there are no remaining fingerprints possible and no sequence pairs for which dif-

ferences exist. At such time, all sequence pairs are again considered part of the analysis

(‘unmasked’). If no differences among any sequence pairs exist at this point, the algorithm

terminates; if differences remain, the algorithm returns to (1).

5.3.4 Construction of Salmonella enterica Phylogenies

Aligned core genomes were generated using the Panseq Core / Accessory Genome Analysis

module. All aligned sequences were analyzed under maximum likelihood in PhyML with

the approximate likelihood ratio test for branch support using the following command:

PhyML 3.0 linux64 –p –m HKY85 [392]; under maximum parsimony in TNT with 100

bootstrap replicates using the following command: ‘hold 10000, taxname=, resample boot

replications 100 savetrees’ [393]; under the neighbour-joining algorithm in Phylip v 3.69

[2] with 100 bootstrap replications by using the seqboot program with default settings to

generate 100 bootstrap replicates, then by using the dnadist program with default settings to

generate a distance matrix for each bootstrap replicate, and finally by using the neighbour

program to generate a neighbour-joining tree for each replicate. The consense program of

Phylip was used to generate a majority-rule tree for each dataset. Phylogenies from each

method were visualized using Dendroscope [394].
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5.3.5 In Silico MLST of Salmonella enterica genomes

The in silico multi-locus sequence typing was carried out utilizing the seven genes de-

scribed by Kidgell et al. [3]. The reference genes were obtained from the serovar S. Ty-

phimurium strain LT2 (NC 003197) and used to BLASTn query all 39 genomes, with an

e-value of 0.1 and a word size of 7 [111]. Alignments based on the BLAST results were

used to create a seven-gene concatenome which was analyzed and visualized in an identical

manner to the core genomes.

5.4 Results and Discussion

We have used a number of examples to highlight the functionality of Panseq, many of

which could be carried forward as complete studies of their own; however, our intention is

to demonstrate that Panseq is capable of finding and extracting useful data from sequences,

which can be used as the basis for hypothesis generation and future investigations.

5.4.1 Novel Region Finder (NRF) Module

Alignment programs are capable of finding regions of similarity between sequences, and

regions of uniqueness can be inferred from the gaps between areas with high sequence

similarity. However, a number of steps are required using alignment programs to identify

genomic regions that are unique with respect to other sequence(s). These steps include

the location of the sequence coordinates for each sequence of interest and the subsequent

location of the corresponding sequence in a sequence editor. Panseq automates this pro-

cess, creating FASTA files of all unique regions of a given sequence or sequences as well

as presenting a graphical overview of the locations of the novel regions, based on the re-

sults of sequence comparisons made using the MUMmer algorithm. MUMmer was chosen
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as the sequence alignment engine because of its use of suffix-trees, which allow it to per-

form operations up to 100 times faster than similar alignment programs in whole-genome

comparisons [122].

Determining putative functions for the regions identified by the NRF module can be ac-

complished by comparing the translated nucleotide sequences to known protein sequences

using the Panseq links to NCBI BLASTx [111] or the UniProt database [395]. This linking

allows the genomic information to be easily queried and is a logical first step in connecting

genotype to phenotype in comparative genomics analyses.

5.4.1.1 The NRF Module in Genomic Island Identification

Novel regions have the potential to affect virulence and niche specificity of pathogenic

microorganisms. In 2000, Perna et al. [13] published the complete genomic sequence of the

pathogenic E. coli O157:H7 strain EDL933 and compared it to the previously sequenced,

non-pathogenic laboratory E. coli K12 strain MG1655. Genomic regions found in E. coli

O157:H7 EDL933 but not in K12 were called ‘O-islands’ and genomic regions present in

K12 but not EDL933 were termed ‘K-islands’. Perna et al. found 177 O-islands greater

than 50 bp in E. coli O157:H7 EDL933, constituting 1.34 Mb and 234 K-islands greater

than 50 bp in the K12 strain MG1655, representing 0.53 Mb. They determined the presence

of these islands using a custom modification of the MUMmer program [122] and found that

many of the genomic regions in strain EDL933 were bacteriophage-related and suggested

that they may play a role in the virulence of the organism.

Using Panseq, we re-analyzed the genome sequence data used in these experiments with

the NRF module, checking ‘Unique among the sequences selected’ to generate both sets of

genomic islands in a single step. Perna et al. [13] defined islands as regions with less than

90% sequence identity over 90% of the sequence length. We found that genomic islands
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identified in this previous analysis can extend into conserved regions, combining multiple

islands into a single contiguous sequence that is interspersed with regions of high sequence

identity. Similarly, genomic islands may be misclassified as core regions simply because

of heterogeneous composition with interspersed core and accessory sequences in regions

of high heterogeneity. Panseq uses parameters optimized for high-resolution comparison

of genomic sequences and we found that it more stringently defined islands unique to a

genome sequence.

With default program settings (Nucmer values of b:200, c:50, d:0.12, g:100, l:20) and a

minimum novel region size of 50 bp, Panseq identified 214 K- and 304 O-islands, compared

with the 234 K- and 177 O-islands of Perna et al. [13]; a detailed comparison of the findings

can be found (supplementary material at: http://www.biomedcentral.com/content/

supplementary/1471-2105-11-461-s2.xls). As a result of differences in the strin-

gency between the two methods, present but heterogeneous islands such as K-Island #4

were not identified as islands by Panseq; K-island #4 matches at 90% sequence identity for

84 bp at positions 111429 - 11511 in K-12 and 116035 - 116118 in EDL933. This rep-

resents an example of modest differences in core sequence rather than of ‘novel’ regions

that comprise the accessory genome (see also below the discussion of identity thresholds).

Additionally, islands identified by Perna et al. with interspersed regions of high sequence

identity were split and refined into separate islands by Panseq; for example O-island #7

was split into four unique islands, eliminating the regions of high sequence identity. These

results demonstrate that Panseq can correctly identify and rapidly extract novel genomic

sequences.

Two-way comparisons similar to those used for E. coli strains K-12 and EDL933 have

been used to identify genetic attributes which confer distinct phenotypes on many other

taxonomically related strain pairs. This type of analysis has allowed researchers to iden-

tify elements unique to each strain and suggest putative functions for these elements in
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the life cycles of the respective organisms, their virulence and their ability to survive in

different niches. Examples of such studies include the identification of genetic differences

between the human-restricted Salmonella enterica subspecies enterica serovar Typhi, and

Salmonella enterica subspecies enterica serovar Typhimurium, which is a murine pathogen

but is not host-restricted [396]; and the differences between the host-restricted causative

agent of plague, Yersinia pestis and the enteric pathogen Yersinia pseudotuberculosis [397].

While these types of two strain comparison studies have been extremely insightful, stud-

ies using programs such as Panseq will greatly facilitate these comparisons and also allow

comparisons between multi-strain groups.

5.4.1.2 The NRF Module in Multiple Sequence Comparisons

To demonstrate a comparison of recently sequenced genomes to previously completed ‘ref-

erence’ genomic sequences, we used the two draft genome sequences of Listeria monocy-

togenes F6900 and 10403S and compared them to the four complete L. monocytogenes

genomes in GenBank: Clip81459, EGD-e, HCC23 and 4bF2365 (Table 5.1). The NRF

module found 45 novel regions 500 bp, constituting 126858 bp of genomic DNA not

present in the four reference L. monocytogenes genomes. The size distribution of the novel

regions from the output file is presented in Figure 5.1. In addition to the summary file,

the novel regions are output in FASTA format with sequence location and size information

found in the header. These files are suitable for additional bioinformatic or phylogenetic

analysis. In addition to the FASTA file, an SVG graphics file showing the location of

the novel regions in each strain is optionally provided. As can be seen in Figure 5.1, the

greatest number of novel regions was found in the 1000 -2000 bp range, with 38 of the 45

regions less than 4000 bp in size.
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5.4.1.3 Experimental Confirmation of Outputs from the NRF

Module

We wished to experimentally confirm the uniqueness of the novel regions extracted by

Panseq. To do this, we determined genomic regions present in at least one of 14 E. coli

O157:H7 whole genome sequences (Table 5.2) but absent from the two O157:H7 reference

genomes EDL933 and Sakai. We designed primers targeting 65 of these novel regions

and examined the distribution of the regions among a population of 60 E. coli O157:H7

strains. All of the primer pairs generated amplicons in at least one but not all of the E. coli

O157:H7 strains other than EDL933 and Sakai, and all failed to amplify DNA from E. coli

O157 EDL933 and Sakai, as predicted by Panseq (data not shown). This experimentally

demonstrated that the sequences identified by Panseq represent novel accessory regions not

found in the two reference E. coli O157:H7 genomes.

5.4.2 Core/Accessory Genome Finder (CAGF) Module

The Panseq CAGF module uses a combination of fragmentation and sequence identity

thresholding to define accessory and core genomic regions. To determine the effect of the

sequence identity cutoff on core/accessory genome size, we examined groups of L. monocy-

togenes, E. coli O157:H7, Clostridium difficile and C. jejuni genomes with a fragmentation

size of 500 bp ( half the size of an average gene) over a range of sequence identity cutoffs

(Figure 5.2). The size of the estimated accessory genome increased as the sequence identity

threshold was raised, and the size of the estimated core genome decreased proportionally;

however, this increase was observed to have two distinct phases: an initial linear growth in

accessory genome size that was followed by an exponential increase in accessory genome

size. The transition between the two stages occurred in the 80 - 90% sequence identity
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cutoff range for each species, suggesting that with values below 80% Panseq primarily

identified accessory genome segments that were variably absent or present whereas above

this threshold Panseq identified core genome segments with sequence heterogeneity.

5.4.2.1 The CAGF Module in SNP Analysis of the Core Genome

Accessing the core genome is important for phylogenetic studies, which have used ‘core’

gene concatenates ranging in size from a few genes in multi-locus sequence typing (MLST)

schemes for Campylobacter jejuni [398] and L. monocytogenes [1] to all known ‘core’

genes in E. coli O157:H7 [91]. In addition to offering the best available data for assessing

the phylogenetic reconstruction of the evolutionary history of an organism, a small number

of single nucleotide polymorphisms (SNPs) can be useful in defining clusters of epidemio-

logically related strains [399, 400, 360].

We analyzed the six L. monocytogenes strains in Table 5.1 with the CAGF module of

Panseq, using a fragmentation size of 500 bp and a sequence identity cutoff of 85%. The

resulting concatenated core data, which include all conserved nucleotides and SNPs, were

used to construct a maximum parsimony (MP) tree using Phylip v3.69 [2]. A MP tree was

also generated in silico for the same six strains using the L. monocytogenes MLST protocol

outlined by Nightingale et al. [1], for comparative purposes (Figure 5.3). The symmetric

distance between the two trees shows that the overall topology of the trees differ between

that created from MLST data and that based on the entire concatenated core. This is likely

due to the fact that the MLST protocol only considers seven genes, where disproportionate

variation among these few loci and the relative paucity of loci compared to that of the

entire core genome can reduce the ability of this method to capture the overall relationships

among strains. With the continued increase in sequencing throughput, settling for rough

approximations of true tree topologies may no longer be necessary.
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5.4.2.2 The CAGF Module in the Analysis of the Accessory

Genome

While SNP analysis has proven to be an extremely useful tool, the ideal reconstruction of

an evolutionary history would take into account not only the heterogeneity among all core

genomic regions, but also the presence or absence of regions in the accessory gene pool,

especially since the accessory genes can directly affect phenotype (e.g. niche specificity,

antimicrobial resistance, virulence, etc.).

Traditional methods of estimating bacterial phylogenies rely on SNPs within the core

genome, but it has been shown for C. jejuni [81], E. coli O157:H7 [289] and Streptococcus

pneumoniae [374] that the distribution of accessory genes provides a very similar overall

tree topology to methods based on variability in the core genome. Although variation in

the core genome among a small number of loci may be sufficient for identifying clusters

of related strains, discrimination among strains is often more difficult because there is less

variation and fewer phylogenetically informative loci, leading to fewer genotypes. Acces-

sory genome content, which can be highly variable among strains, appears in many cases

to be consistent with phylogenetic analyses of core genes and as a result of greater variabil-

ity provides a higher degree of discrimination among strains. Analysis of accessory gene

content thus presents an opportunity to integrate valuable links to phenotype into a genetic

classification scheme.

To examine the performance of accessory genome information for phylogenetic recon-

struction, we used the binary presence/absence data of the accessory genome computed

for the set of six L. monocytogenes strains above, and constructed a MP tree (Figure 5.3).

When comparing the tree topology of this accessory-based tree to that of the SNP-based

core tree and the MLST tree, we found that the core- and accessory-based MP trees had

an identical topology, but differed from the MLST-based tree in the placement of the two
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strains 10403S and F6900. Further studies will be required to determine the extent of

the phylogenetic concordance between the core genome and the accessory genome among

other bacterial groups.

5.4.2.3 The CAGF Module in the Examination of Pan-Genomic

Differences

As well as producing a concatenated core, the CAGF module also produces a table listing

each SNP and its location and allele within each original sequence. This can be useful

in examining individual differences or for hierarchical clustering of data. To demonstrate

how the results of Panseq can be visualized, both tabular output files from the Listeria core

/ accessory analysis were used to create hierarchical clustering dendrograms: one based on

the SNP character data from the core regions (Figure 5.4) and the other based on the binary

presence / absence data of the accessory regions (Figure 5.5). Both dendrograms have the

same tree topology, and the underlying data for both core and accessory regions shows only

the differences among the genomic sequences, making comparisons between strains clearer

than they might be from whole-genome comparisons where conserved as well as variable

loci are considered in the analysis.

5.4.2.4 Selectable Core Stringency

Thirty-nine genomes of Salmonella enterica, 16 closed, 23 draft, were used to demonstrate

the selectable core stringency of Panseq (Table 5.3).

Th phylogenetic analysis of all strains under study can reveal sub-groups that share a

common evolutionary history. Such sub-groups often share similar genomic content that

may be ‘core’ for the sub-group but not for all members of the species. It has previously
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been shown that sub-group specific loci often confer an advantageous phenotype to the

sub-group, such as the ability to colonize and persist in a particular niche, the ability to me-

tabolize novel molecules, or the propensity to contain specific virulence genes [401, 402].

Even if a phenotype is shared by a sub-group of strains, this does not mean that every

strain in the group has the same genetic content; the accessory genome has been shown to

vary even within an apparently phenotypically homogeneous bacterial group [403]. Ad-

ditionally, the genes responsible for the predominant phenotypic characteristics within a

sub-group of bacteria may not be present in all members of the group due to factors in-

cluding inherent instability of the locus, redundancy of function, lack of ongoing selection

and / or divergence in phenotype within the sub-group. Draft genomes may also not be

completely closed, and loci that are shared by all members of a group may be missing.

Panseq therefore allows the user to adjust the number of genomes in which a locus must

be present in for it to be designated ‘core’. This allows both group-dominant and group-

specific genomic elements to be identified and is designated the ‘core genome threshold’.

In contrast, if a locus is not present in the user-selected number of genomes, it will be con-

sidered part of the accessory genome. Using this feature of the CAGF module in Panseq,

we determined how the size of the core genome of 39 S. enterica genomes was affected by

varying the core genome threshold from 1 to 39 genomes. We also examined the effect on

core genome size of varying the percent sequence identity cutoff from 40 100 % at each

core genome threshold (Figure 5.6). As can be seen, the size of the pan-genome for these 39

strains was 9.03 mbp, with about 2.5 mbp belonging to strain-specific loci. Another approx-

imately 1 mbp of core genome was specific to 6 or fewer of the strains examined. While

the Typhi and Paratyphi genomes have been well described (Baker and Dougan, 2007; Holt

et al., 2009), as have comparisons between S. enterica strains ([404, 405, 406, 407]), to our

knowledge the complete pan-genome of this many diverse members of S. enterica has not

been previously calculated.
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Following the initial steep decline in the size of the core genome with an increase in

the number of strains, the core genome size decreased approximately linearly with the in-

crease in core genome threshold, such that from core genome thresholds of 6–34, the size

of the core genome only dropped from > 5 mbp to > 4 mbp. At thresholds greater than

34 genomes, a marked decrease in core genome size was evident. This suggests that rela-

tively few loci are core to all S. enterica strains; however, many loci are found in a large

proportion of the strains. For example, the difference between core genome size using a

threshold of all strains and a threshold of all but one strain at the same sequence identity

cutoff is over 1 mbp in size. Such a large drop in core genome amount suggests that the

core gene set present in all S. eneterica strains is relatively small, or alternatively some

of these genomic areas were not present in the draft genome sequences. Based on our

examination of the percentage of the total pan-genome present in each strain (Table 5.3),

incomplete sequence coverage does not appear to be a problem, as no single strain stands

out as having a disproportionately small genome size. The inclusion of S. enterica subsp.

arizonae strain RSK2980 caused a large increase in the size of the pan-genome, with many

genomic regions being specific to this subspecies or strain. This was the only Salmonella

strain not of subspecies enterica to be analyzed and it also contained the largest percent

of the entire S. enterica pan-genome [408]. These results indicate that significant amounts

of genomic diversity exist between these subspecies of S. enterica. This genetic isolation

has previously been described, where it was shown that recombination among S. enterica

subsp. enterica serovars was common, but recombination between subspecies enterica and

other subspecies was rare [409]. Additionally, a study using a resequencing array compris-

ing approximately 10% of the S. enterica pan-genome showed five genetic lineages, and

recombination was found predominantly among members of the same lineage, possibly

indicating that these lineages are already incipient species that have diverged significantly

[410].
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We used Panseq to determine the effects on the inferred phylogeny that changing the

core-genome threshold would have. We generated SNP-containing aligned concatenomes

using the CAGF module of Panseq at a threshold of 39 genomes (the core genome) and at

one genome (equivalent to the entire pan-genome). We also created aligned concatenomes

based on the multi-locus sequence typing (MLST) scheme used to type S. enterica strains

[3]. Each of these three datasets was used to construct phylogenies using maximum parsi-

mony, maximum likelihood and the neighbour-joining algorithm with branch support val-

ues.

The dendrograms show that the phylogeny created based on the pan-genome (Figure

5.7-5.9), and the phylogeny created based only on the core genome of all 39 S. enterica

strains (Figure 5.10-5.12) were largely concordant. In each dendrogram, all Typhi strains

formed a monophyletic group, as did the Paratyphi A strains, which together formed a

terminal branch separating the human host-restricted strains from all others. The boot-

strap values for the pan-genome trees were significantly higher than the bootstrap val-

ues of the core genome trees. Strains of the same serovar tended to group together in

both the core and pan-genome trees, and the overall tree architecture was very similar.

Four strains found on branches bearing the lowest support values in the core-genome

trees were found on topologically different branches with high branch support on the pan-

genome trees: Hadar RI 05P06601, Virchow SL49102, Saintpaul SARA2901 and Wel-

tevreden HI N05 53701.

Although serovars tended to be clustered together, the overall tree architecture was

much different in the MLST trees than the core- or pan-genome trees (Figure 5.13); most

notably the human host-restricted strain groups Typhi and Paratyphi A no longer formed a

distinct branch in all of the MLST trees. The large discrepancy in MLST trees compared

with either the core or pan-genome trees is likely due to gene recombination within one or

more of the seven loci. If recombination occurs with a phylogenetically unrelated strain,
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the resulting MLST tree can be greatly affected. In the core or pan-genome trees, many

more loci are considered, and the erroneous phylogenetic signal of a few genes can be

compensated for by hundreds or thousands of other loci that all share the same evolutionary

history.

A phylogenetic tree created from the entire pan-genome would be expected to best de-

scribe strain relationships, as it takes into account the evolution of the group and subgroup

specific core genomes, which are brought about by a range of events from single nucleotide

changes to horizontal gene transfer. In our examination of the 39 S. enterica genomes,

branch support successively increased between trees, from MLST to core-genome to pan-

genome trees.

In GenBank there are significantly more draft bacterial genomes than closed bacterial

genomes, and the gap will continue to increase as draft genomes provide enough infor-

mation for most studies, which simply compare them to a closed reference genome, and

that massively parallel sequencing makes obtaining draft sequences cheap and easy, while

the process of closing gaps requires significantly more time and money. Panseq has been

designed to effectively utilize both draft and closed genomes, and the results of this study

demonstrate that building a phylogeny from all of the available information can lead to

sub-groups with greater branch support than a phylogeny built only from core genomic

regions present in every strain in a group. This has previously been demonstrated with the

family Pasteurellaceae, where using �160 genes was shown to provide a robust phyloge-

netic tree with high branch support, even in the presence of missing data [411]. A concern

commonly expressed is that horizontally acquired genes introduce erroneous phylogenetic

signal; however, if the acquired elements provides a selective advantage they are likely to

be maintained. These acquired elements often define a sub-group, and their phylogenetic

signal would be lost if only core genes were considered. Another approach advocated by

Philippe and Douady is the creation of a core phylogenetic tree based on nucleotide se-
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quence differences, and subsequent addition of the binary presence / absence of the acces-

sory genome to provide additional phylogenetic information [412]. This type of analysis is

possible in Panseq by simply combining the aligned core sequence and accessory presence

/ absence output files from the CAGF module

5.4.3 The Loci Selector (LS) Module

Molecular fingerprinting methods such as SNP analysis, multi-locus variable number tan-

dem repeat analysis (MLVA) and comparative genomic fingerprinting (CGF) [66] often rely

on a small number of loci to differentiate among a large number of bacterial strains. De-

termining which loci to use in a scheme requires selecting from, in some cases, thousands

of loci. While manual inspection of a dataset is required to determine biologically relevant

loci, Panseq provides an automated way to empirically determine the most variable and

discriminatory loci from an investigator-defined set of variable character data which can

range from SNPs to sequence presence/absence data.

5.4.3.1 The LS Module in the Comparison of Randomly Gen-

erated Data

The approach of the LS module in Panseq is to iteratively build the final loci set, including

only the loci that produce the most unique fingerprints, and offer the most variability among

input sequences at each step. This allows it to efficiently examine datasets that would be

computationally prohibitive if all possible combinations were considered.

To test the Panseq LS module, we created a random binary dataset of 100 loci among 10

sequences in Microsoft Excel (supplementary material at: http://www.biomedcentral.

com/content/supplementary/1471-2105-11-461-s3.txt). We subsequently ran Panseq
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with the ‘best’ option and found that 4 loci generated a unique profile for all 10 sequences,

and that the four loci: locus84, locus40, locus79 and locus29 provided the maximum pos-

sible discrimination of 100 POD for the dataset. While these loci cannot be guaranteed

to be the only four loci to generate the same results, they will always be one of the most

discriminatory sets.

We then ran the same dataset through a Perl script that generated all possible 4-loci com-

binations, outputting those that produced 10 unique sequence profiles (supplementary ma-

terial at: http://www.biomedcentral.com/content/supplementary/1471-2105-11-461-s4.

txt). We found that 99132 unique combinations of 4 loci from the dataset yielded 10

unique sequence profiles. Evaluating every possible combination required 449 s on a com-

puter running Ubuntu 9.10 with 3.6 GB of available RAM and AMD Phenom 8450 triple-

core processors. Panseq was able to sort through the data to generate a single group of loci

that contained not only the most unique profiles, but that provided the most discrimination

among the input sequences, completing the task in one s.

5.4.3.2 The LS Module in the Analysis of SNP Genotyping

Data

Any variable character data can be used as inputs in the LS module. To illustrate the func-

tionality of the LS module, we used a set of 96 SNPs identified from E. coli O157:H7

by Manning et al. [70], for which the nucleotide value of each SNP was determined

among a set of 17 E. coli O157:H7 genomic sequences [71]. This dataset was first mod-

ified to represent any unknown character with the ‘?’ symbol, and to replace any locus

described by two characters with a single character (supplementary material at: http:

//www.biomedcentral.com/content/supplementary/1471-2105-11-461-s5.txt).

This dataset was analyzed by the LS module to give the 20 best loci from the 96 avail-
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able. The results are presented in Table 5.4, and show that the first locus selected by

Panseq was ECs2696, a locus with three alleles and therefore more initial fingerprints than

any other locus except ECs2006, which also had three alleles among the strains. How-

ever, ECs2696 provided more POD among the strains than ECs2006 and was thus selected

by Panseq as the initial locus. The eighth locus added (ECs5359) was the last to pro-

vide unique strain sequence profiles. This locus differentiated the K-12 strain and E. coli

O157:H7 strains EC508 and EC71074. Every subsequent locus (9-20) was chosen by the

program for its ability to offer discrimination among the remaining strain pairs, while en-

suring that highly variable loci that contain very similar allele patterns among strains (i.e

are not informative) did not replace loci in the set that offered discrimination among fewer,

but nevertheless diverse strains.

5.4.4 Advantages of Panseq over Other Related Programs

While many sequence analysis programs exists, some with overlapping capabilities, no two

are identical with respect to the tasks they perform. With enough time and knowledge one

can parse the output of a sequence alignment program such as BLAST or MAUVE manu-

ally, but there is a considerable time savings and ease of use with a program such as Panseq

that automates the process. Panseq is unique in its single-step novel region finding options

among groups and specific to individual sequences, which other in silico subtractive pro-

grams such as mGenomeSubtractor [120] and nWayComp [119] lack. Panseq also provides

a comprehensive analysis of the pan-genome, automatically generating analyses that can

only be partially accomplished by any other single program; e.g. With MAUVE [4] a list of

SNPs can be generated and a display of the similarities/differences between the genomes

is produced, but the underlying nucleotide sequence is not automatically extracted. With

Panseq, the underlying sequence data is automatically extracted, the segments compared
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among all sequences and presented in tabular form and input files for phylogenetic pro-

grams are automatically created. Further, the SNP table or binary presence/absence table

of the accessory genome can be used directly in the LS module, for the selection of the

most discriminatory loci.

5.5 Conclusions

We have developed Panseq, a freely available online program to quickly find and extract

strain- or group-specific novel accessory genomic information as well as the complete pan-

genome for a group of genomic sequences. Panseq produces alignments of the core genome

of each sequence and determines the distribution of accessory regions among all sequences

analyzed. Panseq makes use of the MUMmer alignment algorithm for whole genome com-

parisons and the BLASTn algorithm for local sequence comparisons and can efficiently

compute values for large numbers of sequences. Additionally, Panseq is able to rapidly

identify the most variable and discriminatory locus set in an iterative manner from single

character tabular data.

5.6 Availability and Requirements

Project name: Panseq

Project home page: http://lfz.corefacility.ca/panseq

Source code: https://github.com/chadlaing/Panseq

Operating system(s): Platform independent

Programming language: Perl

Other requirements: Firefox 2.0+, Internet Explorer 6.0+, Google Chrome or compatible

web-browser
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License: Freely available
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Table 5.1: The six Listeria monocytogenes genomic sequences analyzed, with RefSeq ac-
cession numbers and genomic sequence status.

RefSeq Accession No. Strain Genome Status
NC 002973 4b F2365 Complete
NC 003210 EGD-e Complete
NC 011660 HCC23 Complete
NC 012488 Clip81459 Complete
NZ AARU02 F6900 Draft
NZ AARZ02 10403S Draft
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Table 5.2: The 14 E. coli O157:H7 strains compared by Panseq to the E. coli O157:H7
reference strains EDL933 and Sakai for novel accessory genomic regions.

RefSeq Accession No. Strain
NZ ABJT EC4024
NZ ABHM EC4042
NZ ABHL EC4045
NZ ABHQ EC4076
NZ ABHP EC4113
NZ ABHO EC4196
NZ ABHK EC4206
NZ ABHR EC4401
NZ ABHS EC4486
NZ ABHT EC4501
NZ ABHW EC508
NZ ABHU EC869
NZ ABKY TW14588
NC 011353.1 EC4115
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Table 5.3: The 39 Salmonella enterica genome sequences analyzed, and the proportion of
the 9.03 mbp pan-genome of the 39 strains present in each genome.

Serovar and strain RefSeq ID % of pan-genome
subsp. arizonae 62 z4 z23 RSK2980 NC 010067 59.23
Agona SL483 NC 011149 46.29
Choleraesuis SC B67 NC 006905 46.62
Dublin CT 02021853 NC 011205 45.10
Enteritidis P125109 NC 011294 46.77
Gallinarum 287 91 NC 011274 47.02
Heidelberg SL476 NC 011083 44.50
Newport SL254 NC 011080 45.30
Paratyphi A AKU 12601 NC 011147 49.03
Paratyphi A ATCC 9150 NC 006511 49.04
Paratyphi B SPB7 NC 010102 45.01
Paratyphi C RKS4594 NC 012125 45.50
Schwarzengrund CVM19633 NC 011094 46.97
Typhi CT18 NC 003198 47.34
Typhi Ty2 NC 004631 47.34
Typhimurium LT2 NC 003197 43.82
4 5 12 i CVM23701 NZ ABAO 44.02
Hadar RI 05P066 NZ ABFG 46.07
Heidelberg SL486 NZ ABEL 46.56
Javiana GA MM04042433 NZ ABEH 48.93
Kentucky CDC 191 NZ ABEI 47.28
Kentucky CVM29188 NZ ABAK 46.43
Newport SL317 NZ ABEW 44.74
Saintpaul SARA23 NZ ABAM 45.74
Saintpaul SARA29 NZ ABAN 44.88
Schwarzengrund SL480 NZ ABEJ 47.54
Tennessee CDC07 0191 NZ ACBF 45.85
Typhi 404ty NZ CAAQ 53.03
Typhi AG3 NZ CAAY 52.48
Typhi E00 7866 NZ CAAR 47.70
Typhi E01 6750 NZ CAAS 52.51
Typhi E02 1180 NZ CAAT 47.48
Typhi E98 0664 NZ CAAU 50.18
Typhi E98 2068 NZ CAAV 49.63
Typhi E98 3139 NZ CAAZ 48.92
Typhi J185 NZ CAAW 47.86
Typhi M223 NZ CAAX 47.02
Virchow SL491 NZ ABFH 45.31
Weltevreden HI N05 537 NZ ABFF 44.58
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Figure 5.1: The size distribution of regions novel to one or both Listeria monocytogenes
strains F6900 and 10403S with respect to the four L. monocytogenes strains Clip81459,
EGD-e, HCC23 and 4bF2365. The minimum extracted novel region size was 500 bp.
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Figure 5.2: The size of the accessory genomes for groups of Listeria monocytogenes
strains (F6900, 10403S, Clip81459, EGD-e, HCC23 and 4bF2365); E. coli O157:H7 strains
(EDL933, Sakai, EC4115, TW14539); Clostridium difficile strains (630, CD196, R20291,
BI9); Campylobacter jejuni strains (RM1221, 81-176, 81116, NCTC 11168, 269.97) over
sequence identity cutoff values of 10 - 100%. Genomes were fragmented into 500 bp seg-
ments.
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Figure 5.3: The maximum parsimony (MP) trees generated for the six Listeria monocy-
togenes strains F6900, 10403S, Clip81459, EGD-e, HCC23 and 4bF2365 using a) multi-
locus sequence typing as described by Nightingale et al., 2005 [1]; b) the binary presence
/ absence data of the accessory genome found using the Panseq Core/Accessory Genome
Analysis module with fragmentation size of 500 bp and sequence identity cutoff value of
85%; c) the aligned core genome found with the parameters of b). MP trees were created
using Phylip v3.69 [2] with the PARS function. The inset table depicts the symmetrical tree
distances between each pair of trees, calculated using the TREEDIST function of Phylip.
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Figure 5.6: Core genome size of 39 S. enterica genomes over varying thresholds of core
genome membership and percent sequence identity cutoff. Each plot represents the core
genome size distribution at a particular core genome threshold, with the bottom of the plot
representing a 100 % sequence identity cutoff and the top a 40 % sequence identity cutoff;
the shape of the plot represents the size distribution among the range of intervening percent
sequence identity cutoffs. For reference, the core genome size at an 80% sequence identity
cutoff is shown for each core genome threshold.
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Chapter 6

A comparison of Shiga-toxin 2 bacteriophage from
classical enterohemorrhagic Escherichia coli serotypes and
the German E. coli O104:H4 outbreak strain

6.1 Preface

This chapter was previously published as Laing CR, Zhang Y, Gilmour MW, Allen V, Johnson R,

Thomas JE, Gannon VP. ‘A comparison of Shiga-toxin 2 bacteriophage from classical enterohem-

orrhagic Escherichia coli serotypes and the German E. coli O104:H4 outbreak strain.’ PLoS One.

2012;7(5):e37362. doi: 10.1371/journal.pone.0037362. [413]

6.2 Introduction

A novel Escherichia coli O104:H4 strain was associated with a widespread and severe foodborne

disease outbreak in Germany between early May and July, 2011 [414]. Among the more than

4000 individuals from which the pathogen was isolated, approximately 800 people developed the

life-threatening hemolytic uremic syndrome (HUS) and 50 people succumbed to their illness. Epi-

demiological studies eventually pointed to a single lot of imported Fenugreek seeds used to prepare

sprouts for salads as the source of the organism [415].

The E. coli O104:H4 outbreak strain exhibited characteristics typical of other enteroaggrega-

tive E. coli (EAEC), including the presence of a paa-containing virulence plasmid, production of

enteroaggregative adherence fimbriae (AAF) I, and formation of the stacked-brick adherence pat-

tern on intestinal epithelial cells [416]. The genome of the outbreak strain was also very similar to

the EAEC O104:H4 reference strain 55989, which was isolated in Africa in 2002 [417]. The 2011

outbreak isolates were shown to be clonal and part of multi-locus sequence type ST678, which

is unique to E. coli O104:H4 strains, and part of the E. coli phylogenetic group B1, which con-

tains a variety of other pathogenic serotypes [340]. The outbreak strains also acquired an antibi-
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otic resistance plasmid, conferring resistance to all penicillins, cephalosporins and co-trimoxazole

[416, 418]. Unusually, the outbreak-associated E. coli O104:H4 isolates also produced Shiga-toxin

2 (Stx2) and consequently were classified as Shiga-toxin producing E. coli (STEC). Stx production

has only rarely been reported among EAEC strains. Prior to the outbreak, only seven sporadic cases

of infections with E. coli O104:H4 strains that produced Stx2 had been reported worldwide in the

preceding ten years [419].

Prior to this outbreak, HUS in Germany and elsewhere was most frequently associated with

STEC infections in children and the elderly, and only 1.5%10% of all reported STEC cases in

Germany between 2006 and 2010 resulted in HUS in adults [420]. By contrast, in the E. coli

O104:H4 outbreak, illness occurred predominantly in otherwise healthy adults and approximately

20% of the cases resulted in HUS, and severe neurological complications were also observed in a

large number of cases [416, 421]. E. coli O104:H4 had previously been associated with only two

cases of HUS; one in a woman from Tokyo and one from a child in Germany [416].

STEC can harbour one or more stx-genes which are encoded by inducible lambda phage inte-

grated into their genomes, and the entire phage and specific regions within the phage can be gained

or lost through horizontal gene transfer [225]. The E. coli O104:H4 outbreak isolates contained two

integrated Stx-like phages, one of which contained the Stx2 A and B subunit genes and another that

did not [340].

Whole-genome phylogenies place the E. coli O104:H4 outbreak strain as most closely related

to other E. coli O104:H4 and EAEC strains, whether they have acquired the Stx2-phage or not

[340, 422]. Because Stx-bacteriophage are mobile, their evolutionary history may differ from that

of their bacterial host [236]. This raises the question as to the possible origin of the Stx2-phage

found in the E. coli O104:H4 outbreak strain.

In this study, we analyzed the Stx2-phage sequences from the E. coli O104:H4 outbreak strain

and compared it among 51 other Stx2-phage sequences from GenBank and those obtained using de

novo DNA sequence analysis. We demonstrate that the E. coli O104:H4 Stx2-phage is most closely

related to the Stx2-phage from E. coli O111:H- strain JB1-95, and that a recent common ancestor

likely gave rise to both it and the phage present in the outbreak strain. Additionally we show that
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Stx2 production by an E. coli O104:H4 outbreak-related isolate is significantly greater than that of

two other outbreak-related E. coli O157:H7 strains following addition of mitomycin-C to cultures.

6.3 Materials and Methods

6.3.1 Identification and Isolation of Stx2-bacteriophage Se-

quences

The Stx2 subunit A nucleotide sequence from E. coli O157:H7 strain EDL933 (NC 002655.2 1352290..1353249)

was used to identify Stx2-bacteriophage containing bacteria within GenBank, both the closed and

whole-genome shotgun sequence databases. These sequences were downloaded and the Stx2-bacteriophage

sequence was identified using PHAST [423]. Only continuous phage sequences of 20 kb from a sin-

gle contig or closed-genome were used in subsequent analyses; Stx2-positive draft genomes that did

not meet these criteria were excluded. The Stx1-like phage from Shigella dysenteriae was included

as an outgroup for the analyses. The names, sources and accession numbers of all 52 bacteriophage

sequences used in this study are presented in Table 6.2.

6.3.2 Phylogenetic Relationships Among Stx2-bacteriophage

A non-redundant Stx2-bacteriophage pan-genome of the 52 phage-genomes of this study was cre-

ated, and fragments 500 bp present in at least three of the Stx2-phage genomes were aligned using

the standalone-version of the Panseq program (http://lfz.corefacility.ca/panseq/) with

the following settings: ‘minimumNovelRegionSize’ = ‘500’, ‘fragmentationSize’ = ‘500’, ‘nucB’

= ‘200’, ‘nucC’ = ‘50’, ‘nucD’ = ‘0.12’, ‘nucG’ = ‘100’, ‘nucL’ = ‘11’, ‘percentIdentityCutoff’ =

‘85’, ‘coreGenomeThreshold’ = ‘3’ [127]. The aligned fragments were visualized in SplitsTree 4,

using the uncorrected P distance and the neighbor-net algorithm [361]. We have previously shown

these fragmentation and sequence identity threshold parameters to be appropriate choices for E. coli
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[127]. Figure S1 depicts the neighbor-nets of the same data fragmented from 50 bp – 1000 bp at

both an 85% and 95% sequence identity cutoff, all of which show similar relationships among strain

groups.

A maximum-likelihood tree using the aligned Stx2-bacteriophage pan-genome described above

was created using PhyML 3.0 with the following settings: PhyML 3.0 linux64 -p -m HKY85 -s

BEST –rand start –n rand starts 5 –r seed 5 [392]. The resulting tree file with approximate likeli-

hood ratio test (aLRT) branch support values was visualized in Dendroscope [394].

The Stx2-bacteriophage that were closest to the E. coli O104:H4 outbreak isolates in Figures 6.1

and 6.2 were aligned using MAFFT v6.857b with the command: mafft –maxiterate 1000 –clustalout

–thread 22 [424]. Unlike the non-syntenic Panseq alignment, the MAFFT alignment was based on

uninterrupted, whole bacteriophage genomes. The MAFFT-aligned genomes were subjected to

maximum likelihood phylogenetic analysis as previously described and visualized in Dendroscope

[394].

6.3.3 Whole-genome Phylogeny

A non-redundant pan-genome of 42 STEC and Shigella dysenteriae whole-genomes was created,

and fragments �500 bp present in at least three of the genomes were aligned using the standalone-

version of the Panseq program (http://lfz.corefacility.ca/panseq/) with the following set-

tings: ‘minimumNovelRegionSize’ = ‘500’, ‘fragmentationSize’ = ‘500’, ‘nucB’ = ‘200’, ‘nucC’ =

‘50’, ‘nucD’ = ‘0.12’, ‘nucG’ = ‘100’, ‘nucL’ = ‘20’, ‘percentIdentityCutoff’ = ‘85’, ‘coreGenomeThresh-

old’ = ‘3’ [127]. A maximum-likelihood tree with aLRT branch support values was created using

PhyML as described above [392].

6.3.4 Quantification of Stx2 Production

Three Stx2-producing strains were used for the quantification of Stx2 production; two were E. coli

O157:H7 strains associated with large outbreaks (strains Sakai [12] and EDL933 [13]) and were
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obtained from the American Type Culture Collection, and one a travel-associated isolate from the

German 2011 E. coli O104:H4 outbreak (strain ON-2011 [425]). The amount of Stx2 produced by

each strain was quantified as previously described using an enzyme-linked immunosorbent assay

(ELISA) [370], with the following modification: cells were lysed by incubation with 0.5 mg/ml

polymyxin B (Sigma) at 37C for 60 min, rather than 1.5 mg/ml for 5 min. The values of three inde-

pendent experiments, each with two replicates, were used to determine the average toxin production

for each strain.

6.3.5 Antibiotic Induction

Overnight cultures of each strain from single colonies were inoculated in 1 ml of BHI medium and

incubated at 37C with shaking at 150 rpm in 2 ml microfuge tubes for 17 hours. The overnight

culture was diluted 1:100 in fresh BHI medium and incubated at 37C with shaking at 150 rpm for

3 hours after which optical density at 600 nm was measured. Cultures were diluted in two serial

dilutions by factors of two to reach final optical densities 0.6. Antibiotic concentrations of 0.015625

g/ml ciprofloxacin and 0.125 g/ml norfloxacin were used for the induction of EDL933; 0.0625

g/ml ciprofloxacin and 0.125 g/ml norfloxacin were used for the induction of Sakai; 0.0625 g/ml

ciprofloxacin and 0.25 g/ml norfloxacin were used for the induction of ON-2011. A concentration

of 0.5 g/ml mitomycin was used for all three strains. Cultures were incubated at 37C with shaking at

150 rpm for 18 hours, which Vareille et al. (2007) found to be critical for maximum Stx2 expression

[426]. Optical density at 600 nm was measured with ten-fold dilutions of culture.

6.3.6 RNA Isolation

One ml of overnight culture was transferred to RNase-free 1.5 ml microfuge tubes and spun for 5

minutes at 13000 rpm in a Legend Micro 21 R (Sorvall). Following centrifugation, 990 l supernatant

was removed, filtered using 0.20 um filters (Corning), and stored at -20C for use in ELISA. The

bacterial pellet was dissolved in 1.0 ml of RNAprotect Bacteria Reagent (Qiagen) and incubated for
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5 min at room temperature (RT) and subsequently centrifuged for 10 minutes at 5000 g to remove

supernatant. The pellet was re-suspended in 100 l TE buffer (10 mM Tris:1 mM EDTA pH 8.0) with

1 mg/ml lysozyme, and incubated for 5 minutes at RT, with vortexing in 2 minute intervals. The

RNeasy Mini Kit (Qiagen) was used to complete the RNA extraction and eluted RNA was stored at

80C.

6.3.7 cDNA synthesis

Reverse transcription of isolated RNA was performed using 1 g RNA. The genomic DNA elimina-

tion reaction consisting of 18 l template RNA in DNase, RNase-free water (Qiagen) and 3 l of 7

gDNA Wipeout Buffer from the QuantiTect Reverse Transcription Kit (Qiagen) was incubated for

2 minutes at 42C in a Mastercycler pro (Eppendorf). The reverse transcription reaction was con-

ducted in a reaction mixture containing the 21 l gDNA elimination reaction, 6 l of 5X Quantiscript

RT Buffer (Qiagen), 1.5 l RT Primer Mix (Qiagen), and 1.5 l Quantiscript Reverse Transcriptase.

The mixture was incubated in a Mastercycler pro (Eppendorf) using a 2-stage program: 15 minutes

of incubation at 42C followed by 3 minutes at 95C. The cDNA was stored at 20C until needed.

6.3.8 Detection of gnd and stx2 Gene Expression by RT-

PCR

RT-PCR reactions were performed using a Rotor Gene Q (Qiagen) in reaction volumes of 25 l

consisting of: 9.25 l DNase, RNase-free water (Sigma), 12.5 l PerfeCTa FastMix II (Quanta Bio-

sciences), 1 l of standard or cDNA, 7.5 pmol of each primer and probe. The probes were conjugated

at the 5 end with fluorescent reporter dyes 6-carboxyfluorescein (FAM) and proprietary fluorophore

VIC for stx2 and gnd probes respectively. Both probes were also conjugated at the 3end with the

Black Hole Quencher BHQ-1 (Alpha DNA). The gnd housekeeping gene of E. coli was used to nor-

malize values between RNA samples. Standard curves were generated using three concentrations
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(0.1 ng/l, 0.01 ng/l, and 0.001 ng/l) of plasmids pStx2R-1 and pAY01 containing stx2 and gnd genes

respectively. The RT-PCR cycling conditions used were: a hold for 2 minutes at 55C preceding

a hold for 2 minutes at 95C and 45 cycles of 15 seconds at 95C followed by 45 seconds at 60C.

Gain optimization was set to the first tube for both Green (FAM) and Yellow (VIC) Channels and

acquisition occurred during the 60C step in cycling. The values of three independent replicates were

used to determine average mRNA copy numbers.

6.3.9 Statistical Analyses

Students unpaired two-tailed t-test in Microsoft Excel was used to test for significance the differ-

ences between Stx2-toxin production and Stx2-mRNA production among strains.

6.4 Results

The neighbor-net in Figure 6.1 depicts the Stx-phage distribution among STEC strains and Shigella

dysenteriae. The phage in S. dysenteriae was most distantly related to those in the rest of the strains.

The E. coli O157:H7 Stx2-bacteriophage were clustered based on both genetic lineage and Stx2 /

Stx2c-toxin sub-type. All Stx2c-bacteriophage from E. coli O157:H7 lineage I/II strains were from

hosts that also contained a second integrated Stx2-bacteriophage. The E. coli O104:H4 outbreak

Stx2-phage were situated as a separate cluster, nearest to the Stx2-phage from E. coli O111:H- strain

JB1-95.

The maximum-likelihood tree of the same data used to construct Figure 6.1 depicts the rela-

tionship among the Stx2-phage in tree form (Figure 6.2). Most Stx2-phage grouped together with

other Stx2-phage isolated from bacteria of the same serotype, with the exception of E. coli serotype

O111 strains. Again, the O157:H7 Stx2-bacteriophage were clustered based on both genetic lineage

and Stx2 / Stx2c-toxin sub-type. The E. coli O104:H4 outbreak isolate Stx2-phage are most closely

situated on the tree to the Stx2-phage from E. coli O111:H- strain JB1-95, and more distantly to

Stx2-phage from other O111, O103 and O91 serotypes.
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As Stx2-phage are mobile, we compared the relationships among the host bacterial genomes

to determine the concordance of the Stx2-phage with that of their host-genome (Figure 6.3). The

groupings of Stx2-phage and host Stx2-genomes were surprisingly similar, with the notable excep-

tion of Stx2-phage and bacterial genomes from serogroup O111, which formed a discrete cluster in

the whole-genome tree, but were more widely distributed in the Stx2-phage tree. All serotypes in the

whole-genome tree of Figure 6.3 formed discrete clusters. The tree was divided into two separate

branches, with O157:H7 strains comprising one branch, and all other STEC strains the other. Within

the large O157:H7 branch of Figure 6.3, three sub-groups that corresponded to genetic lineages I,

I/II and II were observed. O145:H2 strain 4.0967 and O103:H2 strain 12009 formed a distinct group

in contrast to the Stx2-bacteriophage tree (Figure 6.2), where the O145:H2 strain 4.0967 Stx2-phage

was part of the O157:H7 lineage I Stx2 group and O103:H2 strain 12009 Stx2-phage was most

closely grouped to O111:H- strain 11128.

We wished to more thoroughly examine the relationships of the entire, intact Stx2-phage se-

quences from those that most closely resembled the Stx2-phage from the E. coli O104:H4 outbreak

isolates. Figure 6.4 shows the Mauve aligned complete Stx2-phage sequences of a selection of

Stx2-bacteriophage that were closely related in Figures 6.1 and 6.2. There were common conserved

regions among the strains, and Stx2-phage such as O103:H2 strain 12009 and O157:H7 71074 had

what appeared to be a very similar phage structure to the O104:H4 outbreak phage, despite not being

as evolutionarily conserved at the nucleotide level, as demonstrated by the phylogenetic analyses

of this study. Conversely, the O111:H- strain JB1-95 Stx2-phage was grouped most-closely to the

O104:H4 Stx2-phage cluster in Figures 6.1, 6.2 and 6.5, but showed the absence of a phage region

beginning at the 45 kb region of its phage that was conserved in all the Stx2-phage except O111:H-

strain 11128. The O111:H- strain 11128 Stx2-phage was the least similar to the O104:H4 outbreak

Stx-2 phage among those examined in Figure 6.4.

Figure 6.5 shows the maximum likelihood phylogram of the sequences depicted in Figure 6.4

after MAFFT alignment; the alignment file is available as Dataset S1. This ML tree showed the E.

coli O111:H- strain JB1-95 Stx2-bacteriophage to be most closely situated to the Stx2-bacteriophage

from the German E. coli O104:H4 outbreak isolates, and the O111:H- strain 11128 to be most
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distantly related among the strains in Figure 6.5. The Stx2-phage from O111:H- strain JB1-95 was

located on the tree between the O104:H4 outbreak cluster and a cluster of Stx2-phage from E. coli

O157:H7 lineage I/II strain 71074, O103:H2 strain 12009, and O111:NM strain OK1180.

Lastly, we compared the Stx2-production by E. coli O104:H4 outbreak-related strain ON-2011

with that of two other outbreakassociated strains of E. coli O157:H7, EDL933 and Sakai. As shown

in Figure 6.6, Stx2-production of ON-2011 was significantly lower than that of the two O157:H7

strains (P < 0.01). However, after the addition of mitomycin C, Stx2-production by ON-2011 was

significantly greater than for both of the E. coli O157:H7 strains (P < 0.01).

Stx2-mRNA levels were also compared between O104:H4 strain ON-2011 and O157:H7 strain

EDL933 after induction by ciprofloxacin, norfloxacin and mitomycin C (Figure 6.7). All three

treatments increased Stx2-mRNA production in the strains, with the mitomycin C treatment causing

the largest increase in Stx2-mRNA production by both strains. The amount of Stx2-mRNA produced

by ON-2011 after mitomycin C treatment was significantly greater than that produced by EDL933

(P < 0.05).

6.5 Discussion

6.5.1 Pan-genomic Comparison

The E. coli O104:H4 outbreak strain is thought to be derived from an E. coli O104:H4 progenitor

that recently acquired the Stx2-phage [422]. Seven isolates of this outbreak strain were used in

this study, but a detailed description of differences among these and other isolates can be found

in the study by Grad et al. (2012) [427]. Stx-phage are temperate lambdoid phage, which exist

as an ordered set of interchangeable modules that have a high propensity to recombine into novel

mosaic configurations in the laboratory [227]. As Stx2-phage can be readily horizontally transferred,

the evolutionary history of the phage and its bacterial host would not be expected to be highly

concordant. We wished to identify the Stx2-phage most closely related to the E. coli O104:H4

outbreak Stx2-phage, by considering the bacteriophage sequence independently of that of the host
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bacteria.

Given the potential for high levels of recombination among Stx2-bacteriophage, we initially ex-

amined the phylogenetic relationship of Stx2-phage from 51 E. coli strains and Shigella dysenteriae

using a network, where competing phylogenetic signals would be shown. We also chose to limit the

Stx2-phage pan-genome to loci present in at least three strains, as loci present in two or fewer are

typically not informative phylogenetically [428].

Brzuszkiewicz et al. [340] had previously found that the VT2phi 272 O157:H7 bacteriophage

from E. coli strain 71074 was closely related to the Stx2-phage from the E. coli O104:H4 outbreak

strain. This was particularly interesting to us, as strain 71074 is known to be from a clade of

E. coli O157:H7 lineage I/II strains that has been termed hyper-virulent due to its more frequent

association with severe human infections compared to other E. coli O157:H7 genotypes [71, 70].

However, it was unclear how many Stx2-phage sequences had been examined in the Brzuszkiewicz

et al. [340] study, so we repeated the analysis using 51 Stx2-phage sequences and the outgroup

Shigella dysenteriae phage sequence.

Both the neighbour-net and ML-tree examination of the pan-genomic data grouped the Stx2-phage

from the O104:H4 outbreak isolates as a cluster, with the common closest phage being from O111:H-

strain JB1-95. While the phage from O157:H7 lineage I/II strains bear a structural similarity to the

phage from the O104:H4 outbreak strain, our study suggests the possibility of a lateral gene transfer

event from an STEC host more closely related to JB1-95 than any of the O157:H7 strains.

6.5.2 Evolutionary Concordance of Stx2-bacteriophage and

Host-genomes

Despite the expectation that Stx2-phage would be highly heterogeneous, most were highly concor-

dant with the phylogenetic trees of their bacterial hosts, suggesting that the host and phage had

stably co-evolved for significant periods of time. This suggests that the lysogen offers an advantage

to its host in the natural environment of the bacteria that is greater than the evolutionary cost of the
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bacterium continually copying the DNA of the foreign bacteriophage genome. The natural reservoir

of most Stx2-producing bacteria is the ruminant intestine [429]; therefore, the evolutionary forces

acting to select for particular traits are those that confer an advantage in the ruminant host, or the

‘source’ habitat [178]. Humans are largely incidental hosts, with infection and clearance lasting

only a few weeks and represent a ‘sink’ habitat. In this source / sink evolutionary model, the source

habitat selects for long-term evolutionary change and the sink habitat allows proliferation over a

limited time-scale, with eventual clearance.

In the case of Stx, it may aid in the colonization of the gut [270] and has also been suggested to

defend the population against grazing protozoa that inhabit the bovine intestinal tract [222]. This re-

sistance to predation may also facilitate increased environmental persistence and re-uptake by rumi-

nants, allowing a single-clone to dominate in a herd, as has been shown in E. coli O157:H7 [242, 66].

The increased environmental persistence if associated with toxin production would increase the risk

of human infection by increasing the probability of exposure. Once infected, the amount of toxin

produced may also help the pathogen survive the human immune response, as Stx production has

been shown to allow proliferation of E. coli O157:H7 within human macrophages [234]. Addition-

ally, immunity to predatory bacteriophages in the rumen gut could also select for the persistence of

lysogenic Stx-bacteriophage in E. coli hosts.

We observed in the whole-genome tree of Figure 6.3 that serotypes invariably clustered together,

suggesting that the discordance between the Stx2-phage and E. coli host whole genome trees was

caused by recent acquisition (horizontal transfer) of the Stx2-phage. The evolution of pathogenicity

in E. coli is thought to be driven by events such as phage-mediated horizontal gene transfer and

our results suggest that once a phage has been acquired, it can be stably propagated along with the

bacterial lineage [430]. This is most evident in the case of the O157:H7 strains, where the whole-

genomic sequences in Figure 6.3 are clearly distributed among the three lineages, and the Stx2-phage

also group according to lineage (Figures 6.1 and 6.2), even in the case where a single strain has two

integrated Stx2-phage (Stx2 and Stx2c). The grouping of non-O157:H7 Stx2-phage with O157:H7

Stx2-phage on the same branch of the tree, as was the case for the O145:H2 strain and O157:H7

lineage I Stx2-phage, likely indicates horizontal transfer of the phage between organisms. In the
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case of the O111 Stx2-bacteriophage, their wider distribution among STEC strains also suggests at

least one horizontal transfer event.

6.5.3 Stx2-bacteriophage Sequence Alignment

E. coli O111:H- strain JB1-95 was found to be more closely related to the E. coli O104:H4 out-

break isolates than the previously reported Stx2-phage from O157:H7 lineage I/II strain 71074

(VT2phi 272) and among the other Stx2-phage sequences examined.

A plausible Stx2-phage evolutionary scenario involves an STEC O111:H- like common ancestor

to O111:H- JB1-95 and the E. coli O104:H4 outbreak isolates undergoing a lateral transfer event to

the O104:H4 outbreak progenitor strain. This would account for the similar evolutionary histories

of the Stx2-phage, as well as account for the region missing from the JB1-95 Stx2-phage sequence

but present in all other closely related strains, which seems to indicate a loss of genetic information

in the O111:H- branch. However, it should be noted that some Stx2-phage sequences were incom-

pletely recovered from the draft whole-genome sequence as a result of the Stx2-phage sequence

being distributed among multiple contigs or the absence of Stx2-phage sequence from the draft-

genome. Assembled genome sequences for all of these strains would be helpful in more precisely

defining these relationships. The proposed evolutionary history of the E. coli O104:H4 bacterial

ancestor giving rise to the 2011 E. coli O104:H4 Stx2-containing strain and EAEC strain 55989 has

recently been presented by Mellmann et al. [422].

Stx2-phage are known to have an integration site preference in host bacteria [431]. Because this

integration is dependent on the host genome, the site occupied by an integrated Stx2-phage can be

used to discriminate among members of the same species [356]. The fact that the Stx2-bacteriophage

in the O104:H4 outbreak strain is inserted in the wrbA locus and other E. coli strains within serotypes

O111:H- and O157:H7 possess Stx2-phage that are significantly different from those of the E. coli

O104:H4 outbreak isolates inserted into other loci, leads us to conclude that the Stx2-phage has been

introduced multiple times within STEC through horizontal transfer.

The parallel evolution of this and other STEC virulence factors has been previously described
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[76]. For example, evidence suggests the locus of enterocyte effacement (LEE) has been ob-

tained through horizontal transfer multiple times in E. coli, giving rise to two distinct groupings of

Stx-negative enteropathogenic E. coli (EPEC) and Stx-positive enterohemorrhagic E. coli (EHEC)

strains that share a LEE insertion site [432]. EPEC typically cause diarrhea in humans, while EHEC

cause hemorrhagic colitis and HUS. These findings and the results of this study support the idea that

multiple genomic backgrounds in E. coli are able to persist in the human gastrointestinal tract, and

in some cases cause illness through a variety of distinct mechanisms; however, it is the Shiga toxin,

and in particular Stx2 that is responsible for severe forms of human disease such as HUS. It is now

clear that Stx2-phage are capable of integrating into diverse E. coli genomic backgrounds and of

qualitatively transforming health risks associated with E. coli strains from other pathogroups such

as EPEC and EAEC.

6.5.4 Stx2-toxin Production

E. coli O157:H7 clade 8 lineage I/II strains are more frequently associated with HUS than other

E. coli O157 genotypes and the incidence of human infection with clade 8 strains is thought to

be increasing [70]. It is interesting to note that the Stx2-phage from these ‘hyper-virulent’ E. coli

O157 strains bear a striking structural similarity to the Stx2-phage from the E. coli O104:H4 out-

break isolates. The E. coli O104:H4 outbreak isolates are also associated with high rates of HUS,

suggesting that these phage share attributes that contribute to increased virulence through mecha-

nisms such as increased expression of Stx2. We have previously shown that lineage I strains of E.

coli O157:H7 produce significantly different amounts of Stx2 in vitro than lineage II strains, and

that within lineage I, strains from humans produce significantly more Stx2 than strains from cattle

[220]. In the current study, we found that an E. coli O104:H4 outbreak-related isolate (ON-2011)

produced significantly more Stx2 and Stx2-mRNA than outbreak-related lineage I E. coli O157:H7

strains after mitomycin C induction. However, without mitomycin C added to the culture, O104:H4

strain ON-2011 produced very little toxin. Stx2 is an extra-cellular toxin and has been shown to be

released from STEC via two specific mechanisms [433]. Therefore, it is unlikely that the high level
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of Stx2 produced by the mitomycin C-treated E. coli O104 strain was the result of differential toxin

release from cell membranes by polymyxin B; however, this possibility cannot be excluded without

further study.

A recent study examining the effect of antimicrobials on isolates from the German O104:H4 out-

break found that ciprofloxacin significantly increased both Stx2 and Stx2-mRNA production [434],

which corroborates our current findings and suggests that the Stx2-phage from the E. coli O104:H4

outbreak strains is induced and undergoes lytic conversion in vivo in a significant proportion of the

bacterial population in the presence of both ciprofloxacin and mitomycin C.

While it can be argued that conditions in the gastrointestinal tract could induce a similar re-

sponse to that obtained with mitomycin C, further study is required to determine if Stx2 production

by E. coli O104:H4 is greater or lesser than for E. coli O157 strains in vivo, particularly since other

work has shown down-regulation of toxin-production by E. coli O157:H7 strains due to microbiota

secreted factors present in the human gut [435].

It is also unknown whether the high-prevalence of serious human disease caused by the O104:H4

outbreak isolates and other Stx2-producing bacteria is due simply to human exposure to high-

numbers of the organism, or whether the production of high-levels of Stx2 are responsible for the

high-levels of serious human disease. Credence is given to the first hypothesis by the ‘supershedder’

phenomenon in cattle, where it has been reported that phage type (PT) 21/28 of E. coli O157:H7

is shed in significantly higher numbers by cattle than other PTs, and PT 21/28 is also the most

commonly associated with serious human disease, suggesting that higher levels of human exposure

to this PT account for its increased association with human disease [242]. Conversely, it may be

that certain strains are more virulent in humans, simply by virtue of the amount of toxin or other

virulence factors they produce. In theory, it would only take one such organism to establish and

proliferate within the human intestine to cause severe human illness. Factors allowing the bacte-

ria to withstand the hardships of the human gut and immune system, such as acid resistance and

toxin-production could significantly influence disease outcomes. We have shown that in cultures

containing mitomycin C, an O104:H4 strain produced significantly higher levels of Stx2 than E.

coli O157:H7 strains. It was also recently shown that O104:H4 outbreak isolates also had a higher
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number of cells survive pH 2.5 conditions than E. coli O157:H7 strain EDL933 [422].

It has also been suggested that the increased virulence of the E. coli O104:H4 outbreak strain

could in part be related to the EAEC bacterial host genome, which has evolved adaptations for at-

tachment and survival in the human intestine and that these adaptations have facilitated the systemic

absorption of Stx2, which in turn increased the risk of developing HUS [416, 290]. If true, it is likely

that the acquisition of any one of the many Stx2-phage would have led to an increase in virulence

of the E. coli O104:H4 host. However, the relative importance of Stx2-phage heterogeneity and

specific Stx2-phage features compared to those of the bacterial host in the virulence of the E. coli

O104:H4 outbreak strain awaits further study.

6.6 Conclusions

It is clear from the German E. coli O104:H4 outbreak that future novel combinations of bacterio-

phage and bacterial host are likely and that their impact on human health could be devastating.

According to the source-sink model, attributes such as Stx production by STEC from ruminants

is thought to provide a selective advantage in the animal reservoir, not in the ‘dead end’ human

host. STEC virulence in humans is therefore not selected for but is an unintended consequence

of accidental infection. As EAEC strains are thought to be human-restricted, the acquisition of

a Stx2-phage from an O111:H- like strain had to occur in an environment where both EAEC and

STEC or their phage were concurrently present. This phenotypic jump could have been in the in-

testine of an animal or human harbouring both E. coli pathotypes, or an environment where both

human and ruminant feces were present. In the case of the E. coli O104:H4 STEC strain, we do not

know if the acquisition of this Stx2-phage has provided a selective advantage for the bacterium in

humans. While the infection was clearly foodborne, it would appear that human to human transmis-

sion has not been sustained and no new cases have been reported. The findings of this study suggest

that efforts to control all E. coli pathogroups associated with enteric disease in both developed and

developing countries as well as Stx2-phage from both human and animal sources are warranted to

prevent the re-occurrence of similar devastating outbreaks.
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Table 6.1: The Stx2-bacteriophage and genomic sequences used in the current study.

Table 6.2: The Stx2-bacteriophage and genomic sequences used in

the current study.

GenBank ID Bacterial Isolate Bacteriophage Source

ABHK O157:H7 EC4206 Stx2, Stx2c J. Craig Venter Institute

ABHM O157:H7 EC4042 Stx2, Stx2c J. Craig Venter Institute

ABHO O157:H7 EC4196 Stx2 J. Craig Venter Institute

ABHP O157:H7 EC4113 Stx2 J. Craig Venter Institute

ABHQ O157:H7 EC4076 Stx2 J. Craig Venter Institute

ABHR O157:H7 EC4401 Stx2 J. Craig Venter Institute

ABHS O157:H7 EC4486 Stx2 J. Craig Venter Institute

ABHU O157:H7 EC869 Stx2c J. Craig Venter Institute

ABHW O157:H7 EC508 Stx2 J. Craig Venter Institute

ABJT O157:H7 EC4024 Stx2 J. Craig Venter Institute

ABKY O157:H7 TW14588 Stx2, Stx2 J. Craig Venter Institute

ADUQ O111:NM OK1180 Stx2 [314]

AE005174.2 O157:H7 EDL933 Stx2 [13]

AERP O157:H7 1044 Stx2 Virginia Bioinformatics Institute

AERQ O157:H7 EC1212 Stx2c Virginia Bioinformatics Institute

AERR O157:H7 1125 ECF Stx2 Los Alamos National Lab

AEZV O111:H- JB1-95 Stx2 J. Craig Venter Institute

AEZX O121:H19 5.0959 Stx2 J. Craig Venter Institute

AEZZ O128:H2 9.0111 Stx2 J. Craig Venter Institute

AF125520.1 n/a Bacteriophage 933W [365]

AFAA O145:H2 4.0967 Stx2 J. Craig Venter Institute

AFAB O147:H- 2.3916 Stx2e J. Craig Venter Institute
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Table 6.2: The Stx2-bacteriophage and genomic sequences used in

the current study.

AFAC O153:H- 3.3884 Stx2 J. Craig Venter Institute

AFDQ O91:H21 B2F1 Stx2 University of Maryland, IGS

AFDR O73:H16 C165-02 Stx2d University of Maryland, IGS

AFDW Ont:H12 EH250 Stx2d University of Maryland, IGS

AFEA O139 S1191 Stx2e University of Maryland, IGS

AFOG O104:H4 TY-2482 Stx2 [436]

AFST O104:H4 C227-11 Stx2 [290]

AFWB O104:H4 CS110 Stx2 Health Protection Agency, UK

AFWC O104:H4 CS70 Stx2 Health Protection Agency, UK

AFWO O104:H4 GOS1 Stx2 [340]

AFWP O104:H4 GOS2 Stx2 [340]

AHZF O104:H4 ON-2011 Stx2 [425]

AP005154.1 n/a Bacteriophage Stx2 II [437]

AP010958.1 O103:H2 12009 Stx2 [314]

AP010960.1 O111:H- 11128 Stx2 [314]

BA000007.2 O157:H7 Sakai Stx2 [12]

CP001164.1 O157:H7 EC4115 Stx2, Stx2c [438]

CP001368.1 O157:H7 TW14359 Stx2, Stx2c [389]

CP002890.1 O147 UMNF18 Stx2e [439]

FM180578.1 n/a Bacteriophage 2851 [440]

HQ424691.1 O157:H7 71074 Stx2 Public Health Agency of Canada

in-house O157:H7 LRH6 Stx2 Public Health Agency of Canada

in-house O157:H7 EC970520 Stx2c Public Health Agency of Canada

NC 003525.1 n/a Bacteriophage Stx2 I [24]

NC 007606.1 Shigella dysenteriae Sd197 Stx1 [441]
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Figure 6.6: Stx2-production by E. coli O104:H4 outbreak-related strain ON-2011 and E.
coli O157:H7 strains EDL933 and Sakai in un-induced, and mitomycin C-induced states
as measured by a Stx2-specific ELISA. Error bars represent standard deviations from three
independent replicates.
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Figure 6.7: Stx2-mRNA copy number differences between E. coli O104:H4 outbreak-
related strain ON-2011 and E. coli O157:H7 strain EDL933 under ciprofloxacin, nor-
floxacin and mitomycin C treatments. NT = no treatment. Error bars represent standard
deviations from three independent replicates.
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Chapter 7

Thesis summary

7.1 Introduction

Understanding the evolution and population structure of bacterial pathogens allows us to answer

fundamental questions related to human virulence. Infection by the same pathogenic species often

results in illness of varying severity, often attributed to the differential carriage and expression of

toxins and factors related to adherence, iron uptake and anti-microbial resistance [442]. The phy-

logenetic distribution of these traits within a population allows one to approach pathogenicity from

an evolutionary perspective. This allows the tailoring of interventions such as vaccines to an appro-

priate lineage, the designing of rapid typing systems to representatively cover an entire population

structure, and determining transmission dynamics of both bacteria within human populations, and

mobile virulence factors within bacterial populations.

Prior to the advent of low-cost whole-genome sequencing (WGS), phylogeny and population

structure of bacteria were inferred using methods ranging from biochemical utilization, banding

patterns produced form genomic amplification or restriction digests, or the sequence of a small

number of housekeeping genes. While all of these methods have proven useful in the past, the

current price of WGS, when run in batch, has fallen from $100 / Mbp in 2008 to $0.10 / Mbp in

2012 Figure 7.1. Thus, while it may not have been feasible to sequence everything of interest a

few years ago, benchtop-sequencers are now being targeted to those in the clinical setting, where

culture-independent, real-time identification of bacterial pathogens may soon become commonplace

[443, 444].

The dramatic drop in sequencing cost is reflected in the progression of this thesis, which started

by analyzing molecular methods that sample whole-genome diversity, to designing software for

whole-genome analyses of bacterial populations and finally using these tools to answer questions

about bacterial populations in a pan-genome context. The pan-genome of a bacterial species consists

of a core and an accessory gene pool. The accessory genome is thought to be an important source of
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genetic variability in bacterial populations and is gained through lateral gene transfer mechanisms

such as bacteriophage, which allows subpopulations of bacteria to better adapt to specific niches.

My thesis was broadly constructed around the following objectives: 1) Develop tools for the

analyses of bacterial genomes in a pan-genomic context; 2) Describe the phylogeny of Eschericha

coli O157:H7 and other Shiga toxin-producing E. coli (STEC); and 3) Determine if the evolution of

the the Shiga-toxin 2 producing bacteriophage parallels that of its bacterial STEC host.

7.2 Major Contributions

7.2.1 Design and Implementation of Pan-genomic Software

Low-cost and high-throughput sequencing platforms have created an exponential increase in genome

sequence data and an opportunity to study the pan-genomes of many bacterial species. While orig-

inally applied to an entire species, any group of related strains can be said to contain a ‘core’ and

‘accessory’ set of genes. As such, tools that extract the new pieces of information from an ex-

tremely large pool of data and that can be used to determine the pan-genome and its distribution

among strains will be invaluable in the study of genotypic and phenotypic traits in bacterial pop-

ulations. Despite the myriad program options available, there is no comprehensive package for

pan-genome analysis. Prior to the advent of the current generation of sequencing platforms, the

number of genome sequences available for intra-species comparative genomic analysis and for the

determination of ‘accessory’ genes was limiting; consequently, tools specifically designed for the

analysis of the pan-genome were not available.

In order to fill the need, I created the pan-genome sequence analysis program, Panseq, that ex-

tracts novel DNA regions in one in one sequence of group of sequences with respect to another

sequence or group of sequences, determines the core and accessory regions of sequences based on

sequence identity and segmentation length parameters, creates files based on the core and accessory

genome for use in phylogeny programs and determines the most discriminatory and variable set of

loci from a dataset. The software allows for the core genome to be user-defined, where an investi-
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gator might wish to look for group-dominant (<100%), rather than group-specific (100%) genetic

loci in collections of strains (present in many, rather than all of the strains). This feature helps in

the analysis of strains that may have lost ‘core’ elements and are not phenotypically representative

of the group, strains that may have lost genetic elements in the laboratory that are maintained by se-

lective pressure in nature, and draft genome assemblies with incomplete sequence coverage. More

importantly, it allows new sub-groups to be identified which share a subgroup-specific core that is

distinct from the core possessed by the other members of the group of strains. These subgroups

are not only likely to share a common ancestry, but to also be phenotypically divergent from other

strains in the group, and to be exploiting a different ecological niche.

Using this software I was able to conduct pan-genomic studies using a number of bacterial

species as test sets. Initially, I confirmed the identity of Escherichia coli O157:H7 and E. coli K-

12 genomic islands. Following this, novel regions identified in 17 newly sequenced Escherichia

coli O157:H7 strains were identified and their distribution was determined by PCR among 125

laboratory strains. Additionally the accessory genome and binary presence / absence data, and

core genome and single nucleotide polymorphisms (SNPs) of six L. monocytogenes strains were

identified by Panseq. The nucleotide core and binary accessory data were also used to construct

maximum parsimony (MP) trees, which were compared to the MP tree generated by multi-locus

sequence typing (MLST). The topology of the accessory and core trees was identical but differed

from the tree produced using seven MLST loci.

In order to determine the effect of using a sequence identity cutoff on the size of the accessory

genome, I examined groups of L. monocytogenes, E. coli O157:H7, Clostridium difficile and C.

jejuni genomes with a fragmentation size of 500 bp (approximately half the size of an average gene)

over a range of sequence identity cutoffs. The size of the estimated accessory genome increased as

the sequence identity threshold was raised; however, this increase was observed to have two distinct

phases: an initial linear growth in accessory genome size that was followed by an exponential

increase in accessory genome size. The transition between the two stages occurred in the 80 - 90%

sequence identity range for each species, suggesting that with values below 80% Panseq primarily

identified accessory genome segments that were variably absent or present, whereas above this
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threshold Panseq identified core genome sequence heterogeneity (SNPs and small indels) among

conserved segments .

I generated SNP-containing aligned concatenomes using the CAGF module of Panseq for 39

genomes of Salmonella enterica at a threshold of 39 genomes (the core genome) and at one genome

(equivalent to the entire pan-genome). I also created aligned concatenomes based on the multi-locus

sequence typing (MLST) scheme used to type S. enterica strains [3]. I found that both the phylogeny

created based on the pan-genome and the phylogeny created based only on the core genome of all

39 S. enterica strains were largely concordant. The bootstrap values for the pan-genome trees

were significantly higher than the bootstrap values of the core genome trees. Strains of the same

Salmonella serovar tended to group together in both the core and pan-genome trees, and the overall

tree architecture was very similar. Four strains found on branches bearing the lowest support values

in the core-genome trees were found on topologically different branches with high branch support

on the pan-genome trees. Contrasting this was the MLST tree, where although serovars tended to be

clustered together, the overall tree architecture was much different; most notably the human host-

restricted strain groups Typhi and Paratyphi A did not form a distinct branch in all of the MLST

trees. The branch support successively increased between trees created from MLST, core-genome,

and pan-genome loci.

Lastly, I used the Loci Selector module of Panseq to find the most variable and discriminatory

combinations of four loci within a 100 loci set among 10 strains in 1s, compared to the 7min re-

quired to exhaustively search for all possible combinations. I was also able to identify the 20 most

discriminatory loci from a 96 loci E. coli O157:H7 SNP dataset.

7.2.2 Population Structure and Phylogeny of E. coli O157:H7

and other STEC

Many approaches have been used to study the evolution, population structure and genetic diversity

of Escherichia coli O157:H7; however, observations made with different genotyping systems are
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not easily relatable to each other. Three genetic lineages of E. coli O157:H7 designated I, II and I/II

have been identified using octamer-based genome scanning and microarray comparative genomic

hybridization (mCGH). Each lineage contains significant phenotypic differences, with lineage I

strains being the most commonly associated with human infections. Similarly, a clade of hyper-

virulent O157:H7 strains (clade 8), implicated in the 2006 spinach and lettuce outbreaks has been

defined using single-nucleotide polymorphism (SNP) typing. I performed in silico comparison of

six different genotyping approaches on the 19 E. coli genome sequences from 17 O157:H7 strains

and single O145:NM and K12 MG1655 strains to provide an overall picture of diversity of the E.

coli O157:H7 population, and to compare genotyping methods for O157:H7 strains.

In silico determination of lineage, Shiga-toxin bacteriophage integration site, comparative ge-

nomic fingerprint (CGF), mCGH profile, novel region distribution profile, SNP type and multi-locus

variable number tandem repeat analysis type was performed and a supernetwork based on the com-

bination of these methods was produced. This supernetwork showed three distinct clusters of strains

that were O157:H7 lineage-specific, with the SNP-based hyper-virulent clade 8 synonymous with

O157:H7 lineage I/II. Lineage I/II/clade 8 strains clustered closest on the supernetwork to E. coli

K12 and E. coli O55:H7, O145:NM and sorbitol-fermenting O157 strains.

These results highlighted the similarities in relationships derived from multi-locus genome sam-

pling methods and suggested that a ‘common genotyping language’ may be devised for population

genetics and epidemiological studies. WGS has now become the genotyping method of choice for

these types of studies. The first near real-time sequencing of bacterial pathogens during an out-

break was implemented for the 2008 Canadian Listeria outbreak related to processed meat, where

two clinical strains were characterized [90]. More recently, WGS was used to determine the source

of the Haitian Cholera outbreak [89], and the emergence of a novel human pathogen during the

German E. coli O104:H4 outbreak [422].

In a later study detailed in Chapter 5, I was able to examine the whole-genome phylogeny of

42 STEC, based on publicly available genomic sequences. I found that all serotypes in the whole-

genome tree formed discrete clusters, and that the tree was divided into two separate branches,

with O157:H7 strains comprising one branch, and all other STEC strains the other. Within the
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large O157:H7 branch, three sub-groups that corresponded to genetic lineages I, I/II and II were

observed. When put into the context of the entire E. coli population, using the same method as

outlined in Chapter 5, we arrive at the picture in Figure 7.2, where there are four main ‘trunks’

in the neighbor-net depiction of the E. coli population, one containing O157:H7, O157:NM and

O55:H7 strains (EHEC1 group), another of non-pathogenic E. coli (Cluster 1), a third containing

extra-intestinal (ExPEC) and avian-pathogenic strains (APEC), and finally one comprised of non-

O157 STEC. The EHEC1 trunk also contains O145:NM strains and Shigella dysenteriae, and the

ExPEC / APEC trunk contains branches containing E. coli strains from urinary tract infections and

pigeons. As can be seen, the four trunks are clearly delineated from one another, supporting previous

results that show a clear distinction between O157:H7 strains and STEC of other serotypes.

7.2.3 The evolution of the Shiga-toxin 2 producing bacte-

riophage and its bacterial STEC host

Stx2-bacteriophage are mobile, exist as an ordered set of interchangeable modules, and often contain

‘passenger genes’ inessential to phage function, which can account for large amounts of horizontal-

gene transfer among bacteria. Therefore the Stx2-bacteriophage evolutionary history would not be

predicted to mimic that of their bacterial hosts. I analyzed the phylogeny and population structure of

52 Stx2-bacteriophage from 42 STEC, and compared it to the aforementioned whole-genome STEC

population structure.

Despite the expectation that Stx2-phage would be highly heterogeneous, most were highly con-

cordant with the core-genome phylogenetic trees of their bacterial hosts, suggesting that the host

and phage had stably co-evolved for significant periods of time. This suggests that the lysogen of-

fers an advantage to its bacterial host in the natural environment, namely the ruminant intestine and

farm environment, which is greater than the evolutionary cost of the bacterium continually copying

the DNA of the foreign bacteriophage genome.

The evolution of pathogenicity in E. coli is thought to be driven by events such as phage-
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mediated horizontal gene transfer and the results of this thesis suggest that once a phage has been

acquired, it can be stably propagated along with the bacterial lineage [430]. This is most evident in

the case of the O157:H7 strains, where the whole-genomic sequences are clearly distributed among

the three lineages, and the Stx2-phage also group according to lineage, even in the case where a

single strain has two integrated Stx2-phage (Stx2 and Stx2c).

I found that of the 42 whole-genomes examined, only E. coli serotype O111 strains, and an

O145:H2 strain were placed differently on the whole-genome tree compared to the phylogeny of

the Stx2-phage, likely indicating horizontal acquisition of the phage from bacteria with different

evolutionary histories.

During this study the E. coli O104:H4 outbreak in Germany had just ended, in which more

than 4000 illnesses and 50 deaths were reported. This outbreak was unusual in that a novel Stx2-

producing serotype O104:H4 strain was implicated as the causative agent, and in which HGT

is thought to have been responsible for bringing the Stx2-bacteriophage into a human-adapted

pathogen associated with mild gastrointestinal disease. I was able to include the WGS and Stx2-

bacteriophage from the outbreak strain into my analyses and found that among the E. coli Stx2-

phage sequences studied, that the Stx2-bacteriophage from O111:H- strain JB1-95 was most closely

related phylogenetically to the Stx2-phage from the O104:H4 outbreak strain. This makes it clear

that Stx2-phage are capable of integrating into diverse E. coli genomic backgrounds and of qual-

itatively transforming health risks associated with E. coli strains from other pathogroups such as

enteropathogenic E. coli and enteroaggregative E. coli.

7.3 Conclusions and Future Directions

The number of genomic sequences of microorganisms being generated is increasing exponentially

thanks to recent advances in sequencing technology. While the computing resources to store, trans-

fer and analyze a small number of genomes currently exist, we are not able to effectively compare

the tens of thousands of bacterial genomes anticipated to soon populate our databases and identify

similarities and differences among them. Further, many of the computer programs are stand-alone
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and dedicated to specific isolated tasks rather than integrated into a logical workflow that meets

end-user needs. In many ways the ‘future of biology’ depends on being able to effectively ask and

answer questions by leveraging the vast amounts of data now being created. Part of my future goals

are to focus on developing computing software to act as a service for those who would like to com-

pare groups of thousands of sequenced bacterial genomes by applying novel algorithms to avoid the

re-computation of data, and using methods that will allow newly sequenced bacteria to be easily

compared to previously analyzed genomes, in near real time.

I would also like to work on the identification of STEC strain clusters associated with human

disease and characterize them in a pan-genomics context. This would enable a more refined method

of identification than serotype alone. The core and accessory genomic markers specific to these

groups would also likely enhance the ability to detect strains with greater potential for causing

human disease. These markers will also be useful for enhancing molecular subtyping schemes

used for epidemiological and population studies relating to STEC, allowing greater public health

emergency response (outbreak investigations), surveillance, source attribution and risk assessment.

The accessory genome loci identified for clusters of human-related strains also offer potential targets

for therapeutics such as vaccines.
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Figure 7.1: DNA Sequencing Costs: Data from the NHGRI Genome Sequencing Program
(GSP) Available at: www.genome.gov/sequencingcosts
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