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ABSTRACT

Escherichia coli is a commensal resident of the human gastrointestinal
tract that can also cause disease at multiple extra-intestinal body sites. E. coli is
globally recognised as a pathogen of concern due to the high prevalence of an-
timicrobial resistance (AMR) present within the species. However, the prevalence
of AMR is not uniform across the enormously diverse E. coli population. Some E.
coli lineages remain largely susceptible to antibiotics, whilst others are resistant
to many antibiotic classes and are therefore multi-drug resistant (MDR). A wide
spectrum of resistance phenotypes have been observed in strains from through-
out the E. coli phylogeny, meaning that the ability to acquire and accumulate
resistance determinants is not an exclusively vertically-inherited trait. A simple
explanation for the phylogenetic spread of MDR phenotypes could be that the
lineages that encounter antibiotics more frequently are more resistant. Yet thisis
not the case, as multiple longitudinal studies have shown that large, stable pro-
portions of E. coli bloodstream and urinary tract infections are caused by lineages
that do not exhibit high levels of resistance. Compounding the problem, MDR
E. coli are adept at colonising the gastrointestinal tracts of healthy humans who
are not taking antibiotics. Studies of international travellers have documented
colonisation with MDR E. coli occurring within days of arriving in AMR endemic

areas.



Specific MDR clones being responsible for the majority of resistant infec-
tions, in addition to their rapid colonisation capabilities, pose interesting evo-
lutionary questions. What prerequisites are required for a lineage to become
MDR? How are MDR E. coli able to displace commensals so rapidly? Are there
background genomic features that can potentiate the evolution of resistance?
Understanding why AMR is concentrated in specific lineages and how these

clones are transmitted will aid efforts to prevent the spread of MDR E. coli.

In this study, large-scale and high-resolution genomic approaches have
been employed to investigate the success of significant MDR E. coli lineages.
We hypothesised that antagonistic type VI secretion systems (T6SSs) are not re-
sponsible for MDR E. coli displacing resident commensals and, as a result, effi-
ciently colonising the human gut. Testing this hypothesis revealed the loss of
T6SS components occurring within clades containing MDR lineages. We then
demonstrate that lineages of E. coli do not evolve in the same way, using a specif-
ically developed comparative pangenomics technique. E. coli lineages have the
potential to act as genetic sources and sinks for one another and lineage core
genomes are enriched in distinct biological processes. This extends to sequence
variation in core metabolic genes being present between lineages. Finally, we
test the capability of machine learning algorithms to use sequence variation data
to predict an MDR genotype. This thesis contributes a greater understanding of
how MDR E. coli have evolved and highlights the importance of gene-level vari-

ation in this process.
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Chapter One

Introduction

Sections of this chapter are taken from the following publications:

Cummins EA* Snaith AE* McNally A, Hall RJ. The role of potentiating mutations
in the evolution of pandemic Escherichia coli clones. European Journal of Clini-

cal Microbiology & Infectious Diseases. 202 1.

Cummins EA* Hall RJ* Mclnerney JO, McNally A. Prokaryote pangenomes are

dynamic entities. Current Opinion in Microbiology. 2022;6.



Introduction

1.1 Escherichia coli

Escherichia coli is a Gram-negative rod-shaped bacterium that was discovered
in 1886 by the paediatrician Theodor Escherich [180], whom it is now named
after. Today, E. coliis widely considered to be one of the most extensively studied
organisms and is frequently used as a model organism in scientific research. Be-
yond the laboratory, E. coli exhibits a vast array of variable lifestyles, including en-
vironmental, commmensal, and pathogenic organisms. The species also accom-
modates a huge breadth of intra-specific variation, and a lifestyle spectrum from
commensal to globally disseminated pathogenic clones [32]. The diversity con-
tained within thisspecies, due to the habitation of multiple distinct and disparate

niches, is reflected by its complex population structure.

1.1.1 Population structure

Phylogroups

E. coli can be divided into eight main phylogroups (A, B1, B2, C, D, E, F, and Q)
alongside additional cryptic clades I-V. The main phylogroups represent major
ancestral divergences inthe E. coli population and are shown in Figure 1.1. A, B1,
B2, and D were the first four groups to be established [73], with further groups
proposed as sequencing technologies developed [36, 37, 191]. A method of
phylotyping using a triplex polymerase chain reaction (PCR) was proposed in
2000 by Clermont and colleagues [34]. This has since been superseded by Cler-
monTyping, a bioinformatic tool that provides an ‘in silico PCR assay' to phylo-
type E. coli assemblies [7]. Phylogroups can be a good indicator of various iso-
late properties, including genome size [9], host organism [191], and pathotype
[48]. This information can provide insight into whether a trait has arisen inde-

pendently on multiple occasions across the phylogeny or is strictly vertically in-
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herited.

Tree scale: 0.01

B2

Bl

Figure 1.1: Phylogenetic tree of E. coli. Representative sampling of the data set
used in this work to demonstrate the species population structure. The major
phylogroups are coloured and labelled.

Sequence types

Multi Locus Sequence Typing (MLST) is a technique used to delineate clonal
groups within a phylogroup. MLST involves the comparison of nucleotide se-
guences from multiple well conserved chromosomal house-keeping genes.
There are three available MLST schemes; Warwick [210], Pasteur [80], and Michi-
gan [163]. The combination of alleles of scheme-specific house-keeping genes

constitute a profile that is referred to as an isolate's Sequence Type (ST). The
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number and type of loci used to type an isolate varies by MLST scheme, but all
loci were chosen as they are conserved across the E. coli population. The War-
wick Achtman seven gene scheme is the most commonly used and has been
deemed the most phylogenetically accurate [35]. Unlike phylogroups, a ST does

not usually encompass a spectrum of pathotypes.

1.1.2 Pathotypes of E. coli

Pathogenic E. coli can cause a range of diseases based on their genetic factors
and physical location in the body. Broadly, they can be divided into intestinal
pathogenic E. coli (INPEC) or extraintestinal pathogenic E. coli (EXPEC), both of
which are found throughout the E. coli phylogeny. There are a variety of patho-
types within INPEC, including enteropathogenic E. coli (EPEC), enterohemor-
rhagic E. coli (EHEC), enterotoxigenic E. coli (ETEC), enteroaggregative E. coli
(EAEC), and enteroinvasive E. coli (EIEC). EPEC were the first pathogenic E. col,
identified in 1945 [22], and are characterised by the attaching and effacing le-
sions they cause on intestinal epithelial cells [48]. EHEC and ETEC are charac-
terised by their specific Shiga toxin stx and enterotoxin genes. EAEC and EIEC
can be defined by their specific pathogenicity behaviours, the former adheres
to intestinal epithelial cells whilst the latter invades the epithelial cells. All INPEC

pathotypes are found across multiple phylogroups [48].

ExPEC isthe dominant pathotype of multi-drug resistant (MDR) E. coliand
will be the main focus of this thesis. EXPEC are commonly categorised based
on their target organ or host. For example, uropathogenic E. coli (UPEC) target
the urinary tract and neonatal meningitis E. coli (NMEC) is found in the cere-
brospinal fluid of newborns. Some ExPEC pathotypes are associated with spe-
cific phylogroups. For example, avian pathogenic E. coli (APEC) cause disease in

birds and are often specifically associated with phylogroup G [36]. Generally, B2
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isthe dominant phylogroup for EXPEC but they are also found in A, D, and F [48].
EXPEC can reside in the host gut without causing disease and are often found
in healthy individuals, therefore earning the label of ‘facultative pathogen’ [144].
Some have hypothesised that EXPEC pathogenicity is an accidental outcome
of enhanced intestinal colonisation capabilities [100, 102]. Colonisation factors
can include adhesins, iron uptake systems, fimbriae, and secretion systems [65,
114,131, 141].

1.2 Antibiotics

Antibiotics are compoundsthat target bacterial cellsto either inhibit their growth
(bacteriostatic) or induce cell death (bactericidal). Antibiotics can be classified
based on the cellular processes and bacterial structures that they target. The
antibiotic classes relevant to this thesis are aminoglycosides, beta-lactams, fluo-
roguinolones, polymyxins (which are considered a ‘last-resort’ treatment option
for Gram-negative multi-drug resistant (MDR) infections), and rifamycins. The
cellular targets and modes of action of these antibiotic classes, alongside exam-
ples are shown in Table 1.1. Unfortunately, antibiotics are not a final solution to

bacterial infections as bacteria have evolved mechanisms to evade these drugs.
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Table 1.1: Characteristics of antibiotics relevant to this thesis.

Antibiotic class Example Target Moc.le of Ref.
Action
. . . 30S ribosomal Inhibit protein
Aminoglycosides Kanamycin cUbURnit S [198]
Transpeptidase
enzymes
Beta-lactams Cefotaxime mvolvgd n Inhibit cell . [1006]
cross-linking wall synthesis
peptidoglycan
chains
Inhibit DNA

replication and
transcription by  [75]
preventing DNA
unwinding
Increase
permeability

of outer
membrane
Beta subunit of Inhibit RNA
RNA polymerase  synthesis

DNA gyrase or

Fluoroquinolones Ciprofloxacin :
topoisomerase IV

Polymyxins Colistin Outer membrane [156]

Rifamycins Rifampicin [139]

1.3 Antibiotic resistance

The phenomenon of antimicrobial resistance (AMR) is a significant problem in
modern medicine. Resistance to antibiotics hinders treatment of bacterial in-
fections. Human pathogens have been evolving resistance to clinical antibiotic
treatments for over 60 years [186], but AMR genes have been shown to predate
antibiotics by millions of years in studies of ancient permafrost [165]. There are

NnuMerous resistance mechanisms that bacteria can use to evade antibiotics.

Many antibiotics target essential cellular processes, such as transcription
(rifamycins), DNA replication and repair (fluoroguinolones), and cell wall synthe-

sis (beta-lactams). The antibiotics act by occupying binding sites used in these
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cellular processes which inhibits overall activity. Bacteria can evade this strategy
by acquiring mutations in antibiotic target sites which reduce antibiotic binding,
allowing the essential cellular processes to proceed uninhibited. For example,
specific mutations in gyrA and gyrB encoding DNA gyrase and parC and parE
encoding topoisomerase |V provide fluoroguinolone resistance in E. coli [152].
Bacteria can also actively modify an antibiotic to reduce its binding capability.
This resistance mechanism is carried out by production of a specific enzyme that
will alter the structure of the antibiotic, making it less efficient at binding to the
targeted active site. For example, E. coli can become resistant to beta-lactam
antibiotics by producing beta-lactamase enzymes that hydrolyse the functional
group (beta-lactam ring) of this antibiotic class [27]. Using alternatives to an-
tibiotic targets is another route to resistance in bacteria. Resistance can be con-
ferred via acquisition of alternative genes. For example, E. coli can become resis-
tant to sulphonamides through acquisition of exogenous sul genes that encode

alternative, sulphonamide-resistant dihydropteroate synthase enzymes [184].

Increased efflux or decreased membrane permeability confer resistance
by lowering the concentration of antibiotic within a cell [15]. Mutations in the
porin-encoding ompfF in E. coli reduce the absorbance of beta-lactam antibi-
otics. Efflux pumps can provide resistance to a large range of antibiotic classes
due to their non-specificity [15]. In E. coli, multi-drug efflux pumps provide re-
sistance to several classes of antibiotics, including macrolides, tetracyclines, and

aminoglycosides [15].

Antibiotic resistance is increasing within E. coli and this species currently
ranks third in the World Health Organisation (WHQ) list of priority pathogens
[208]. Insome cases pathogens have evolved to become resistant to multiple dif-
ferent classes of antibiotics, gaining the title ‘multi-drug resistant’ (MDR). Multi-
drug resistance furthersthe difficulty in managing the spread and dissemination

of human pathogens.
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1.3.1 Multi-drug resistance in E. coli

The emergence of MDR E. coli clones has been rapid, with a notable rise in the
last three decades that is attributed widely to increased global travel [4, 11, 19]
and the current usage of antimicrobials in humans and animals. MDR E. coli are
typically ExPEC, and the pandemic E. coli ST131 lineage is the dominant cause
of MDR EXPEC infections across the globe [151, 185]. Infections of this type in-
clude urinary tract infections and bloodstream infections. Clinical causes of con-
cern are extended-spectrum beta-lactamase (ESBL)-producing E. coli, resistant
to beta-lactam antibiotics including penicillins, cephalosporins and monobac-
tams [110], and carbapenem resistant E. coli (CREC). The increasing presence
of CREC further limits antibiotic treatment options, with colistin being one of
the few remaining drugs of last resort. Intriguingly, multi-drug resistance is only
observed in some E. coli lineages and can be restricted to specific clones within
them [185]. Understanding this restricted distribution of multi-drug resistance

in E. coliisessential if we are to predict and prevent the emergence of new clones.

There are particular STs of interest in the context of multi-drug resistance
that will be discussed in detail throughout this work. These STs either contain a
MDR clone (ST131 and ST410), or the lineage itselfis generally MDR (ST648 and
ST167).

ST131

ST131 belongs to phylogroup B2 and is a widely studied lineage of E. coli, capa-
ble of frequent inter-species transmission and containing within it several impor-
tant pandemic MDR clones [130]. The most recent common ancestor (MRCA)
of ST131 is estimated to have emerged in the mid 1800s [185] (Figure 1.3).
The ST131 phylogeny hasathree-clade structure that corresponds with the pos-
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session of different fimH alleles; H4 1, H22, and H30 (alternatively referred to as
clades A, B, and C in the Petty classification) [151, 185] (Figure 1.2A). A promi-
nent sub-lineage, ST131-C/H30 incorporates a H30S (susceptible) basal com-
ponent (known alternatively as CO), which gave rise to the ST131-C/H30R (resis-
tant) clade [8, 56, 82, 128].

ST131-C/H30R, characterised by the FimH30 allele, is thought to have di-
verged from the drug-susceptible H30S basal component in 1982, before split-
ting into parallel sister sub-clades H30R1 and H30Rx [8, 86]. Both
ST131-C/H30R1 and ST131-C/H30RXx clones are fluoroquinolone resistant and
carry blacrx.m genes that confer resistance to ESBLs [158, 185]. ST131-C/H30R,
possessing blacrxm-14, WaAs prevalent in the early 2000s but numerous studies
indicate that it has since been superseded by ST131-C/H30R1 (blacmxm-27) and
ST131-C/H30ORX (blactxm-as) [13, 90, 127, 128, 134]. The extent of the preva-
lence of these different ESBLs varies by geography and study location (e.g. com-
munity, hospital) [13, 90, 127, 128, 134]. The ST131-C/H30Rx subclade carries
blactxm-15 [158, 185]. Global nosocomial infections of ST131-C/H30Rx were re-
ported by 2008 and this clone has since become dominant [128, 142, 143].
ST131 is perhaps an unusual lineage because it is a successful pathogen whilst
encoding multiple plasmid-encoded resistance genes, thereby contradicting the
expectation that fitness costs associated with plasmid carriage would decrease
pathogenicity [142]. Plasmids carrying ESBL genes have been shown to incur
no general fitnesscostin ST131,and in some cases even increase virulence prop-

erties [161].

It has been suggested that mutationsin gene regulatory regions may com-
pensate for plasmid fitness costs and contribute to the dominance of ST131 as
an MDR pathogen in the clinical setting [55, 66, 130, 131]. Analysis of gene
regulatory regions across ST131-A/H41, ST131-B/H22 and ST131-C/H30 has
shown that the alleles found in ST131-A/H41 and ST131-B/H22 are more sim-
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ilar to one another than those of ST131-C/H30, suggesting that the long-term
presence of multi-drug resistance plasmids in the latter could be the influential
factor [130]. Numerous studies have shown that the genetic background of the
recipient heavily influences the fitness impact of a plasmid, although more work
is needed to pinpoint the specific epistatic features that enable these clones to

carry multi-drug resistance plasmids so efficiently [50, 66, 97].

ST131-C/H30RX is thought to be particularly proficient in acquiring and
maintaining large multi-drug resistance plasmids [131]. Acquisition of the
blacrxm-15 gene via Fli-type plasmids was a key evolutionary event in the forma-
tion of ST131-C/H30Rx, a subclade of ST131-C/H30R [167, 185]. The dominant
variant harboured by ST131-C/H30RX is blacrxm-15, but other variants includ-
ing blacrxm-14 and blacrxm-27 can be found within ST131-C/H30R1 at lower fre-
guencies [185]. Beyond resistance, ESBL plasmids can also influence beneficial
colonisation traits including biofilm formation, further solidifying the repertoire

of enhanced survival capabilities [130, 175].

Pathogenic lineages of E. coli are heavily shaped by foothold genetic
changes that can be considered primary events that give rise to phenotypes
favouring colonisation [51]. A key factor that shapes the ability of E. coli lin-
eages to colonise a novel niche, particularly their transition fromm commensal to
pathogenic, is their complement of virulence factors (VFs). VFs can be intro-
duced via mobile genetic elements or located on chromosomal pathogenicity
islands [44], with the former being particularly problematic. A mobile VF that
improves the fitness of a pandemic clone may result in rapid spread through a

community or healthcare setting.

ExPEC-specific traits, such as enhanced iron-uptake and adhesion to ex-
traintestinal tissue, are encoded by VFs that provide ST131 with a competitive
advantage in host colonisation [131, 153, 175]. ST131 clones can successfully

overcome host restriction of iron availability, a commmon defence strategy to com-
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bat bacterial pathogens [74]. Siderophores are secreted by a clone to bypass this
nutritional immunity as siderophores bind to Fe3t with a greater affinity than the
host proteins, transferrin and lactoferrin, to relinquish sequestered iron [74]. E.
coliST131 clones are known to encode siderophore-related genes including the
aerobactin siderophore receptor iutA [153]. VFs may therefore increase the like-
lihood that a clone will colonise successfully through their contribution to cellular
invasion and adhesion [126, 177].

Alongside colonisation, proficient metabolic capabilities are required for
wider dissemination of a clone. Genes involved in anaerobic metabolism were
found to be more diverse in the drug-resistant ST131-C/H30 in comparison to
the drug-susceptible ancestral clades [131]. For example, seven variants of the
eutA gene, encoding an ethanolamine ammonia-lyase reactivase that acts in
the ethanolamine degradation pathway, were found in ST131-C/H30 genomes.
A distinct allele of the cobW gene, involved in the biosynthesis of the cofactor
cobalamin, was also found in the drug-resistant clade. Together, these imply
selection for anaerobic metabolism [131]. A recent study has also found that,
in the presence of antibiotics, strains of E. coli from clinically relevant lineages
will develop mutations in core metabolic genes [112]. This includes mutations
in the icd gene that encodes isocitrate dehydrogenase, a key enzyme within the
tricarboxylic acid (TCA) cycle. That variation can occur in core central metabolism
geneswhen under selection pressure from antibiotics underscores the likeliness
of a relationship between metabolism and resistance that should be explored

further.
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A) STI31 B) ST410

A/H53

B1/H24

B2/H24R
C/H30S

B3/H24Rx
C/H30R1

C/H30R
C/H30Rx B4/H24RxC

Figure 1.2: Representative phylogenies demonstrating the clade structure of
MDR lineages. A) The three clade structure of ST131: A/H41 (purple), B/H22
(blue), C/H30 (pink). B) The two clade structure of ST410: A/H53 (light green)
and B/H24 (dark green). Not drawn to scale.

ST410

ST4 10 belongs to phylogroup A and has a two-clade phylogenetic structure (A
and B, the latter of which contains an MDR clone, Figure 1.2B). Like ST131, it is
estimated to have emerged in the 1800s, with key clones, specifically B2/H24R
and B3/H24Rx, arising in the 1980s [167] (Figure 1.3). This was followed by the
emergence of the carbapenem-resistant clone ST410-B4/H24RxC, carrying the
blaoxa-1s1 and blaypm.s carbapenemase genes in addition to the blacrxm-15 en-
coded by ST410-B3/H24Rx [60, 167]. Crucially, multiple polymorphisms have
been identified that have influenced the evolution of ST410-B4/H24RxC and
that are associated with acquisition of these carbapenemase genes. These po-
tentiating mutations include porin genesompC and ompF, and the beta-lactam
target ftsl [148]. The acquisition of a blactm.15 gene, via an Fll-type plasmid, is
another feature of ST410-B4/H24RxCin common with ST131 clones[167,185].
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Clones within the ST410 lineage display other parallelisms with ST131
pandemic clones in several regards. ST410-B4/H24RxC is for example able to
sequester iron from lactoferrin [60], a property which promotes gut colonisa-
tion. The genetic causes of this key phenotype are single nucleotide polymor-
phisms (SNPs) and clone-specific core gene alleles, most notably a unique al-
lele of fhuA, encoding the ferrichrome porin responsible for ferric hydroxam-
ate uptake [120]. In this instance, the unique fhuA allele was introduced via a
homologous recombination event early in the formation of the clone. ST410-
B4/H24RxC is also associated with distinct clone-specific alleles of fimH, Fim24
[167], and fimbriae-like protein yadC [60]. The speculation that the FimH30
allele of ST131-C/H30Rx improves fitness of the clone may reasonably be ex-
tended to ST410-B4/H24RxC and FimH24. Another mirrored trait between
ST410 and ST131 pandemic clones is the observation that ST410-B4/H24RxC
does not show an augmented virulence phenotype in comparison to other iso-
lates of the ST410 lineage [60].

Furthermore, there is evidence for clone-specific SNPs in anaerobic
metabolism loci in ST410-B4/H24RxC [60] that mirror prior findings within
ST131 [130]. Specifically, a study of clinical CREC strains identified 382 SNPs in
ST410-B4/H24RxC, of which 60 were non-synonymous mutations in 48 genes
[60]. The authors note that the majority of these genes function in metabolism,
including araAB (L-arabinose degradation), thiBPQ (thiamine transport), and
three genesinvolved in anaerobic metabolism, lueB, IpdA, and the putative shiki-
mate dehydrogenase gene. In another parallelism with ST13 1, fluorogquinolone
resistance (FQR), arising from mutationsin gyrA and parC, is known to be present
iNn ST410 clones [167].

The ST410-B4/H24RxC MDR clone is further distinguished from the rest
of the ST410 lineage by specific SNPs in genetic loci involved in gene regulation

[60]. The intergenic regions in which these SNPs have been found include those
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upstream of fhuA, and downstream of sgrR and sgrT, the regulator and inhibitor,
respectively, of a glucose transporter [60]. Intergenic SNPs, including those re-
lated to metabolic processes, may therefore be considered as a species-wide evo-
lutionary marker of an MDR clone, given the parallelisms between ST410 and

ST131.

ST167

ST167 is, like ST410, a lineage within phylogroup A. ST167 emerged from the
ST10 clonal complex and has only been reported clinically within the last 10
years [215]. It is now a significant CREC lineage that is known to carry the car-
bapenemase gene blaypu.s [215, 220]. The evolution of ST167 parallels ST131-
C/H30 in the diversity exhibited in its anaerobic metabolism genes [43]. It is
known to encode, for example, unique alleles of tdcD, a propionate kinase that
functions in the anaerobic degradation of L-threonine [220]. A clone-specific al-
lele of eutA is present in ST167, a reactivase that also has clone-specific alleles
present within ST131 [131, 220]. While ST410-B4/H24RxC is known to have
a unique allele of fhuA, ST167 possesses a variant of fhuB, encoding an iron(ll)
hydroxamate ATP-binding cassette (ABC) transporter membrane subunit [220].
These variations, and that observed in the anaerobic metabolism related genes
of other MDR clones, may contribute to an increased fitness in the environment

of the mammalian gut, and to the overall success of a pandemic clone.

In a similar manner to clones of ST131 and ST410, SNPs also likely played
arolein the expansion of the ST167 lineage. ST167 exhibits clone-specific com-
pensatory mutations in intergenic regions, namely IGRO012 and IGRO014, mir-
roring observations in ST131 and ST410. These mutations in intergenic regions
are proposed to be an evolutionary event underpinning the successful integra-

tion of large AMR plasmids and hence the emergence of multi-drug resistance
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[220].

This CREC lineage is also known to have acquired mutations that link to
resistance, notably fts/ which encodes the penicillin-binding protein 3. This has
high similarity to an allelic variation of the same gene that is present in car-
bapenem resistant ST410 strains [148, 220]. It could therefore be concluded
that ST167 displays many of the same hallmarks of multi-drug resistance evolu-

tion that are epitomised in ST13 1.

ST648

ST648 is a globally disseminated EXPEC that is known to encode resistance to
ESBLs [177,212,219] that was first reported in 2009 [181] (Figure 1.3). ST648
is known to harbour more virulence-associated genes than the mostly commen-
sal ST10 lineage [175]. This includes VFs that promote colonisation, a trait ob-
served in ST131 pandemic clones. VFs that relate to colonisation and compet-
itiveness and that are common to both lineages include the previously men-
tioned iutA and ompT [177]. The ST648 pandemic lineage also exhibits en-
hanced curli fiber production in comparison to ST10, aiding adherence to ep-
ithelial cells, and biofilm formation [175]. This phenotype is particularly inter-
esting given that the ST648 isolates investigated by Schaufler and colleagues
were found to lack certain genes, including the pap operon, that are typically as-
sociated with urinary tract infections [175]. There are however other isolates of
ST648 that are predicted to encode pap genes [218], indicating there may be
interesting differences within this lineage. ST648 has been shown experimen-
tally to have colonisation capabilities comparable with ST131 in a chicken in vivo
assay [175]. STe48 is categorised into phylogroup F, demonstrating that multi-
drug resistance can be found across the E. coli phylogeny. As yet, little is known

about the potential for important metabolic variations within STe48. Given the
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observations surrounding SNPs in anaerobic metabolism genes in other E. coli
lineages, this should be investigated as a priority in ST648 to establish whether

metabolic variation is an important part of its evolution.

1960: Suggested
ST131-H30S divergence *

1800s: Emergence
ST410 lineage *

1987: 5T410 B2/H24R (gyrA and parQ)
and B3/H24Rx {blacrxm1s) emergence *

1980: Alternative suggested
ST131-H30S divergence *

2003: Suggested 5T410
B4/H2RxC {blaoxa-1s1) emergence *

2008:5T131
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continents
2014:5T410
H24RxC (blacxa1s
& blanpms) *
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Figure 1.3: Key evolutionary dates for ST131 (yellow), ST410 (blue), and ST648
(purple). Timeline demonstrates emergence dates estimated by studies using
time-scaled phylogeny techniques (*). Examples of key dates first reported (1)
and first observed (3) in published papers are also noted. Estimated dates vary
between different datasets and these have been included as alternative sugges-
tions. Key references are provided at the relevant points in text. Adapted from
[43].

1.4 Colonisation capabilities of MDR E. coli

Assessing the colonisation capabilities of MDR E. coli is essential for implement-
ing knowledge-driven prevention strategies to reduce transmission. Multiple
travel studies sampling participants prior to and following travel have provided

insight into the colonisation capabilities of these pathogens. An observation
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study of travellers to South Asia reported extensive colonisation by
ESBL-producing E. coli with 89% of the cohort carrying blacrx.m positive strains
post travel that were all blac.v negative prior to travel [11]. The Carriage Of
Multi-resistant Bacteria After Travel (COMBAT) study reported similar findings
with a much larger cohort [4]. This study also investigated household transmis-
sion post-travel, reporting a 12% probability of passing an ESBL-producing En-
terobacteriaceae to another household member, highlighting a further threat
posed by these pathogens [4]. Pre- and post-travel sampling however cannot
capture colonisation dynamics during travel. Kantele, Kuenzli, Dunn and col-
leagues carried out a study on 20 participants travelling from Switzerland to
Laos for a medical course in 2015 [89]. Over the duration of this study, daily
faecal samples were provided and cultured to examine the real-time dynamics
of intestinal colonisation by MDR bacteria. They found that all participants be-
came colonised by MDR bacteria within days of arriving at their destination. In
initial pre-travel sampling of the cohort only 35% were positive for MDR bacteria,
showing that this colonisation process occurs rapidly. The ability to rapidly dis-
place susceptible commensals has been hypothesised to be a result of variation

in Mmetabolic capabilities [55].

It is important to note that clonal success may not depend purely on the
possession of a resistant phenotype. A recent study of surveillance isolates col-
lected in Norway found that the largely drug-susceptible ST131-A/H41 of ST131,
notably lacking blacrxm and FQR genes, was well-established and dominant,
relative to more resistant ST131-B/H22 isolates [68]. If resistance was the sole
driver of the success of a clone, one might expect that the MDR clone, here from
ST131-C/H30, would over time become the dominant isolate. A reanalysis of
this dataset has found that 61 of the 75 ST131-A/H41 genomes did however
encode non-blactx.v beta-lactamases, raising the question of whether ST131-
A/H41 can in fact be defined as drug-susceptible [107]. Further, a longitudinal
study of E. coli isolates in Oxfordshire, UK (2008-2018) has found that the pres-
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ence of AMR genes is linked to increasing incidences of bloodstream infections
[108]. The drivers of E. coli clonal success are therefore likely to be multifaceted,

and with AMR not necessarily essential for the success of a clone [68].

1.5 Microbial genomics

A new era of microbiology began with the emergence of microbial genomics,
driven by rapid advancements in sequencing technologies. The first complete
microbial genome was sequenced in 1995 [62] and there are now over 660,000
genomes publicly available [14], on top of read data that is increasingly being
submitted without associated assemblies. Two key milestones in the era of mi-
crobial genomics were the development of next-generation sequencing (NGS)
and third-generation sequencing (TGS). NGS, exemplified by Illlumina, was de-
veloped in the Mmid-2000s and enabled rapid, parallel sequencing of DNA frag-
ments. The reads produced are relatively short in length (~ 100 bp) [111]. A
caveat ofthismethod isthat genomic repeat sequences longer thanread lengths
are difficult to resolve at the assembly stage. NGS was then followed by the de-
velopment of TGS, exemplified by PacBio and Oxford Nanopore technologies,
which overcame previous limitations of NGS by producing longer reads (~ 100
kb) and real-time data with bacterial genomes being sequenced in a matter of
hours. TGS can also enhance genome assembly and help to resolve complex
genomic structures through hybrid assembly, where long and short read se-
guencing data are used in combination [95]. These sequencing technologies
have led to an exponential increase in the volume of microbial genome data
available. Consequently, this has motivated advances in bioinformatic tools and

techniques to facilitate the analysis and interpretation of data.
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1.5.1 Pangenomes

The field of pangenomics emerged with the acceleration of genome sequencing
and the observation of intra-specific genomic variation. It is therefore a young,
rapidly expanding area of research. As the union of all genes occurring within a
set of genomes, the pangenome is often considered in terms of two major ‘sec-
tions’. The inter-sectional area is referred to as the core genome and all genes
outside of thisintersection are classified as the accessory genome (Figure 1.4), al-
though in practise a defined core genome is often not this strict. Shell and cloud
are common subdivisions within the accessory genome that classify genes at
more specific presence thresholds [94]. Shell genes are moderately conserved
and present at intermediate frequencies, whereas cloud genes have very low fre-

guencies or are uniquely present in a single genome [94].

- Accessory genes

Core genes

| |
Pangenome

Figure 1.4: Schematic of a pangenome as a Venn diagram.

The first pangenome study in prokaryotes was carried out in 2005 [192].
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Mathematical analysis concluded that the size of the S. agalactiae pangenome
was essentially infinite; every genome sequenced was predicted to add approx-
imately 33 new genes to the pangenome [192]. Since the publication of this
work the pangenome concept has been applied to multiple phylogenetic clas-
sifications including genus and super kingdom [99, 101]. When the size of a
pangenome expands with every addition of an independent strain it is described
as an ‘open’ pangenome. E. coli is considered to possess an open pangenome

as it displays an extensive range of genetic diversity [64].

The pangenome has been a great boon for evolutionary discoveries. The
seminal work by Rasko and colleagues in 2008 identified few pathotype-specific
genes, providing evidence that pathogenic lineages have evolved multiple times
within E. coli. Comparisons including the first human commensal genome (HS)
shed light onthe ‘mosaic structure’ of HS and the lack of HS-unique genes which
pointed towards commensal strains acting as genetic repositories for virulence
factors [162]. More recent studies have uncovered significant associations be-
tween resistance and the accessory genome [137] and between multi-drug re-
sistance and purine metabolism [149] in the E. coli pangenome. There have
been multiple pangenomic studies with specific focuson ST131 [47, 130, 131].
Allelic diversity of anaerobic metabolism genes, alongside other colonisation fac-
tors, in the ST131 pangenome have been shown to correlate with multi-drug
resistance [131]. Pangenome studies have also been applied to pathotypes.
An APEC pangenome also revealed variation in metabolism, this time linked to

pathogenicity, alongside AMR, toxicity, and heat shock response genes [121].

1.6 Microbial genome evolution

Genome evolution is driven by mutations, gene acquisition via horizontal gene

transfer (HGT), and extensive gene loss [159, 195]. Bacterial genomes have high
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mutation rates and a strong bias toward deletions [135]. Gene loss can occur via
two evolutionary processes; selection or genetic drift. Adaptive loss, caused by
selection, is the removal of specific genes due to their fitness cost or unnecessary
functional burden in a given environment. Conversely, random mutations arise
all the time, and in the absence of selection or during inefficient selection, these
mutations may persist. The accumulation of random mutations may eventu-
ally result in gene inactivation. These evolutionary concepts are important when
considering antibiotic resistance as recent studies on E. coli have established
that the genetic background and potentiating mutations arising in genes not
usually associated with AMR in response to antibiotic treatment influence evo-
lution of resistance [29]. This thesis focuses on identifying genes that have ac-
cumulated mutations that alter function, and identifying associations between

these events and multi-drug resistance.

1.6.1 Functional gene divergence

Profile hidden Markov models (HMMs) are statistical models informed by multi-
ple sequence alignments to capture the probabilities of observing specific
residues (amino acid or nucleotide) at each position in the alignment, there-
fore acting as a position-specific scoring system [58]. Delta-bitscoring is a profile
HMM-based method developed by Wheeler and colleagues to measure the im-
pact of sequence variation on protein function that is suitable for use in large
comparative genomic studies [205]. Examining functional disruption of genes
may provide better insight for predicting genomic shifts that relate to a change
in phenotype, as subtle mutations can be detected prior to the more obvious sig-
nature of complete gene loss [98]. A successful application of the delta-bitscore
method was able to identify signatures of host adaption in Salmonella enterica
[205]. Delta-bitscore output was used as training variables for a machine learn-

ing model that correctly identified loss of function mutations in genes involved
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in metabolic pathways as being a signature of invasive serovars.

In E. coli, mutations in metabolic genes have been linked to antibiotic re-
sistance, although the functional impact of these mutations have yet to be ex-
plored in depth. McNally and colleagues have shown that ST131 clade C has ac-
guired and maintained muilti-drug resistance plasmids through compensatory
mutations that possibly offset plasmid fitness cost [130]. A pangenome associ-
ation analysis within the same study revealed 292 metabolism loci that signifi-
cantly associated with ST131 compared to non-ST131 E. coli genomes. A follow
up study in 2019 identified diversity in anaerobic metabolism genes within the
MDR clade C that was not present elsewhere in the lineage [131]. Other studies
have found distinct alleles of anaerobic metabolism genes in the MDR lineages
ST167 [220] and ST410 [60]. This diversity was initially thought to be a signa-
ture of metabolic flexibility [43, 55], but further analysis suggests this diversity
may be a reflection of loss of function mutations through recombination [40].
Metabolic streamlining is a well established evolutionary trajectory in bacterial
pathogens [38, 129, 205]. To exemplify, a study in Yersinia, the model organism
for pathogen evolution, revealed reduction in metabolic capacity as a hallmark of
pathogenicity that was attributed to functional gene loss and pseudogenisation
[164].

1.7 Microbial genomics in the era of machine learn-

ing

The amount of sequencing data produced as a result of the development of
NGCS and TGS has spurred the exploration of new methods to analyse big data
in the field of microbial genomics. Machine learning has emerged as a powerful

tool, facilitating the analysis and interpretation of complex biological data. It has
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been speculated that machine learning could bring a new era of data-driven,
rather than knowledge-driven, science, where mining for meaningful relation-
ships in genomic data replaces the need for hypothesis generation [93]. There
are numerous machine learning algorithms that have been developed for clas-
sification problems, a common application within biological sciences. Two al-
gorithms which are gaining popularity in this area are the random forest and

gradient boosting algorithmes.

Random forests were developed in 2001 [23] and are a method of ensem-
ble learning. The term forest’ isan intuitive name as the algorithm works by com-
bining the votes of individual decision trees, that are weak predictors, into a com-
posite forest of trees with high performance. Random forests are well suited to
tackling biological data as they account for interactions between variables which
is essential for capturing epistasis [33]. Gradient boosting algorithms are also
frequently used for the interpretation of biological data [137, 149, 178]. Cradi-
ent boosting is a relatively older concept, introduced by Schapire in 1990 [173].
Also an ensemble learning technique, gradient boosting works by building de-
cision trees based on the errors of the previous trees and can be described as

‘self-correcting’.

Both models have been successfully used on E. coli datasets to accurately
predict resistance. Moradigaravand and colleagues found that the accessory
genome was the most informative feature for predicting resistance for both ran-
dom forests and gradient boosting trees, although further work was not done
to interpret any specific gene interactions [137]. Pearcy and colleagues went
a step further, using gradient boosting to identify known resistance genes and
multiple genes relating to various metabolic processes that were enriched in re-
sistant populations [149]. These studies are of particular interest, as k-mer and
SNP-based input data was used to allow identification of mutations as genetic

determinants for resistance.
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Other machine learning applications using mutation-focused input data
have provided accurate predictions and successfully elucidated the biological
mechanisms behind these predictions. Wheeler and colleagues have success-
fully combined random forest models with delta bitscores to identify loss of func-
tion mutations that delineate invasive and gastrointestinal Salmonella enterica
serovars [204] and extraintestinal and gastrointestinal strains of Campylobacter
Jjejuni [206]. A focus of this thesis will be to apply this same technique to iden-
tify potentiating mutations in the E. coli pangenome that give rise to multi-drug

resistance.

1.8 Thesis aims

There are multiple successful globally disseminated MDR E. coli clones that are
adding to the multi-faceted burden of MDR infections. Evidence from travel
studies demonstrates that MDR E. coli are efficient colonisers. This insight pro-
vides a potential alternative phenotype to drug-resistance to target in the efforts
to reduce transmission and overall success of these pathogens. Work to deter-
mine the genetic factors responsible for their enhanced colonisation capabilities
is needed first to elucidate potential targets for intervention. Firstly, we hypothe-
sise that displacement via cell-to-cell contact killing, facilitated by type VI secre-
tion systems, is responsible for the rapid colonisation capabilities of MDR E. coli.

Chapter 2 will test this hypothesis by:

1. Assessing the prevalence of type VI secretion system genes across the E. coli
phylogeny. There will be further focus on the prevalence of structural T6SS

genes in known MDR clones.
2. Providing the first characterisation of the T6SS loci in MDR clones.

3. Usingin vitrocompetition assays to assess whether the MDR clone of ST131
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out-grows E. coliMG1655 better than its non-MDR ancestor that possesses

a differing T6SS.

We further hypothesise, based on existing literature, that genes relating to
anaerobic metabolism, and metabolism more broadly, are under selective pres-

sure in MDR E. coli. Chapter 3 will test this hypothesis by:

1. Developing a method of comparative pangenomics to assess whether cer-

tain STs are enriched in specific biological processes.

2. Assessing the level of metabolic variation across ST pangenomes.

and Chapter 4 will test this hypothesis by:

1. Looking for core gene loss of function mutations that differ in prevalence

between MDR and non-MDR populations.

2. Assessing how well loss of function mutations can act as predictors for multi-

drug resistance using machine learning models.

1.8.1 Wider importance

Understanding how MDR E. coli rapidly displace commensal E. coli and colonise
hosts is critical for developing targeted approaches to obstruct transmission of
MDR E. coli. This knowledge is necessary to tackle the growing threat these
pathogens pose to global health. De-colonising or preventing colonisation by
MDR E. coli are alternative strategies to antibiotic treatments that won't exacer-
bate the increasing problem of antibiotic resistance. Information gained about
an already well-studied species may be applicable to other pathogens and aid

tackling MDR bacteria more generally.
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Chapter Two

Parallel loss of type VI secretion
systems in two multi-drug resistant

Escherichia coli lineages

The work described in this chapter is taken from the following publication:

Cummins EA Moran RA, Snaith AE, Hall RJ, Connor CH, Dunn SJ, McNally A. Par-
allel loss of type VI secretion systems in two multi-drug-resistant Escherichia coli

lineages. Microbial Genomics. 2023;9(11).
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Parallel loss of type VI secretion systems in two multi-drug resistant Escherichia
coli lineages

2.1 Introduction

Escherichia coli has been ranked globally as the number one causal pathogen of
deaths associated with bacterial antimicrobial resistance (AMR) [140] and AMR
has been declared by the World Health Organisation as a top ten global public
health threat (www.who.int/news-room/fact-sheets/detail/antimicrobial-res
istance). The emergence and evolution of multi-drug resistant (MDR) E. coli is
a pressing and relevant issue for global healthcare as their extensive resistance

profiles result in diminishing therapeutic options for treating infections.

A trait increasingly ascribed to MDR E. coli lineages is the ability to rapidly,
and asymptomatically, colonise the human intestinal tract [40]. Multiple travel
studies have now shown that people travelling from areas of low AMR incidence
to AMR endemic regions become colonised by extended spectrum beta-lactam
(ESBL)-resistant or MDR E. coli during travel [4, 11, 89]. Furthermore, genomic
analysis has shown that the gain of MDR E. coli was due to the acquisition of a
new MDR strain and not the preceding commensal E. coli becoming MDR [11].
The ability to displace and colonise may be attributed to the MDR phenotype
itself, but longitudinal studies from the UK and Norway [68, 86] have shown that
multi-drug resistance alone is not a sufficient driver for epidemiological success
of E. coli. Recent metagenomic analysis has also revealed that colonisation by
MDR E. colidoes not disrupt the wider gut microbiome's composition or diversity
[45].

One possible hypothesis for the ability of drug-resistant E. coli to displace
resident commmensal E. coli so rapidly is a result of the drug-resistant E. coli pos-
sessing a type VI secretion system that allows contact-dependent Killing of the
resident commensal E. coli. The type VI secretion system (T6SS) is a
multi-functional apparatus that some Gram-negative bacteria possess to facil-

itate nutrient uptake [125], manipulation of host cells [160], and the killing of
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competing bacteria [10, 170, 187, 196]. Type VI secretion systems (T6SSs) are
multi-protein complexes that are situated on the inner and outer membrane
of some Proteobacteria. The system contains a contractile sheath, that upon
contraction releases an inner tube that contains effector proteins that are re-
leased into a target cell or extracellular space. This machinery has been likened
to the contractile tail of bacteriophage [84]. The secretion apparatus is encoded
by at least 10 genetic sub-units, the exact number of which varies depending
on the particular sub-type of T6SS. T6SS distribution varies by environment [91,
197] and the presence of T6SSs varies on all taxonomic levels [1, 67, 197] with
over-representation in Gammayproteobacteria [12]. T6SS genes can be gained
and lost via horizontal gene transfer (HGT) [67, 170] and T6SS presence may
be influenced by genomic incompatibilities, either between mobile genetic el-
ements, donor and recipient bacteria, or via assembly of multiple T6SSs [197].
TeSSs are particularly prevalent in complex microbial commmunities that are host-
associated [67,91] and are commonly found in pathogens, including E. coli [46,
84, 117, 197]. There are multiple sub-types of TeSSs that occur and vary in

prevalence between species.

T6SSs are found in most E. coli and can be assigned into three sub-types
based on the presence and order of their genetic sub-units (Figure 2.1). All sub-
types have been shown to be directly involved in pathogenesis and antibacterial
activity [84]. Sub-types T6SS-1 and T6SS-2 are more commonly found in chro-
mosomes than TeSS-3 [115]. The majority of genes encode structural compo-
nents, alongside vgrG that encodes a spike protein and regions of variable effec-
tor proteins, some of which include recombination hotspot (rhs) genes (T6SS-
2 only). The GC content of T6SS regions in E. coli varies from that of the core
genome, which suggests that they may have been acquired by horizontal gene
transfer (HGT) [84]. E. coli is a relatively understudied organism within the re-
search field of T6SSs, with many studies only focusing on specific pathotypes
[25,46,117].
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Figure 2.1: Genes encoding the three distinct phylogenetic sub-types of T6SSs
found in E. coli. Colouring represents gene homology. Variable regions indicated
by blank bracketed segments are not drawn to scale. Figure adapted from [84].

The existing connection between T65Ss and multi-drug resistance in Acine-
tobacter baumanii where MDR plasmids repress T6SSs to enable their dissem-
ination [199, 201] makes T6SSs in E. coli an intriguing avenue of exploration in
the context of pandemic MDR clones and how they become successful. Here,
we assess the prevalence of TeSS genes across E. coli and identify no associa-
tion with MDR, or indeed any, lineages. We characterise the T6SS loci within
MDR lineages ST410 and ST131 and show that successful MDR clones ST410-
B4/H24RxC and ST131-C2/H30Rx have lost a functional T6SS through deletion
and insertion event respectively, thus disproving the hypothesis that MDR E. coli

use T6SSs to rapidly displace commensal E. coli.
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2.2 Methods

2.2.1 E. coli dataset curation

Existing dataset

An existing dataset of 19,571 E. coli genome assemblies from EnteroBase pro-
vided the majority of genome data used throughout this work. The 19,571
genomes were previously selected by Dr. Connor [40] to cover multiple highly re-
sistant lineages (ST131,ST167,5T648) and also comparator lineages that share
the same pathogenic characteristics without the MDR phenotype (ST73, ST95)
[44, 124, 166]. Other pathotypes, including enterohemorrhagic E. coli (EHEC)
and enteropathogenic E. coli (EPEC) (ST3, ST11, ST17, ST21, ST28) were also
represented alongside the generalist and commensal lineage ST10. In total, the
existing dataset covered 20STs: 3,10,11,12,14,17,21,28,38,69,73,95,117,
127,131,141, 144,167,372 and 648. These lineages span six phylogroups A,
B1, B2, D, E, and F (see Table 3.1). Phylogroup G is an intermediate group be-
tween B2 and F that was characterised in 2019 by Clermont et al. [36]. The
introduction of phylogroup G succeeded the date of data collection for this work
and is therefore not included in our phylogroup assignments. The diversity cap-
tured within this dataset will ensure that any observations are not unique to a
specific resistant lineage and will therefore generalise to multiple resistant pop-
ulations. However, the emerging MDR EXPEC lineage ST4 10 was not included in
the original dataset, and due to the nature of its global dissemination and muilti-

drug resistance [60, 167] we wanted to include this lineage in our analyses.
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Additional 1,089 ST410 genome assemblies downloaded from EnteroBase

All available ST410 genome assemblies along with associated metadata were
downloaded from EnteroBase [217] using a python script [github.com/C-Con
nor/EnterobaseGCenomeAssemblyDownload]. EnteroBase is a freely acces-
sible online public database of enteric bacterial genomes. The data is formed
by pulling reads from publicly available sequencing repositories, such as NCBI,
SRA and ENA, which are then processed using a custom pipeline to generate
genome assemblies. All genome assemblies available on EnteroBase undergo
quality checks to remove significantly contaminated or poor quality assemblies,
by passing the following quality criteria: being between 3.7 and 6.4 Mbp, having
an N50 value above 20 kb, having fewer than 800 contigs, being less than 3%

scaffolding placeholders, and having above 70% of contigs assigned to a species.

In line with the methods used for the initial curation of the dataset [40],
the possibility that identical isolates may be present within EnteroBase due to re-
peated sequencing was accounted for. The 1,089 downloaded ST410 genome
assemblies were dereplicated using Mash (v1.1.1) with the default parameters
[147] and a custom R script [github.com/C-Connor/MashDistDeReplication].
Mash provides a method of large scale whole genome comparison and cluster-
ing by condensing genomes into short k-mer sketches before computing a dis-
tance matrix for all isolates. The sketches contain only the most important and
unigue k-mers from genomes, making the data much smaller and faster to work
with. The distance matrix was analysed with the custom R script to select a single
representative genome from clusters of genomes with O mash distance. Using
this established dereplication pipeline, 83 genome assemblies were removed
from further analysis, adding a total of 1,006 ST410 genome assemblies to the

overall dataset (Table 3.1).

31


github.com/C-Connor/EnterobaseGenomeAssemblyDownload
github.com/C-Connor/EnterobaseGenomeAssemblyDownload
github.com/C-Connor/MashDistDeReplication

Parallel loss of type VI secretion systems in two multi-drug resistant Escherichia
coli lineages

2.2.2 T6SS database creation and interrogation

The SecReT6 [104, 213] experimentally validated database was retrieved and re-
formatted so that sequence identifiers were a suitable format for a custom ABRI-
cate database. ABRicate (v0.9.8) was run using the default 75% minimum nu-
cleotide sequence identity to obtain a list of T6SS genes that are present across
our 21 E. coli sequence types. The results were summarised and partial hits (in-
stances where a gene hit was split over multiple contigs) were accounted for
and processed with a custom Python script [github.com/lillycummins/InterP
angenome/blob/main/process_partial_hits.py]. A gene was determined as
present in a genome if at least 85% of the gene was covered with a nucleotide
sequence identity above 75%. For the focused functional gene unit analysis, any
matches to genes annotated as effector or immunity protein-encoding were re-

moved from the search results.

2.2.3 Genomic screening for insertion and deletion event se-

quences, bacteriocins, and phage

The following method was used to identify the prevalence of specific insertion
and deletion events. Gene Construction Kit (v4.5.1) (Textco Biosoftware, Raleigh,
USA) was used to annotate and visualise DNA sequences. Insertion sequences
(ISs) were identified using the ISFinder database [182]. Target site duplications
(TSDs) flanking ISs were identified manually. Two junction sequences specific for
a given insertion were generated by taking 100 bp contiguous sequences that
span the left and right ends of the insertion. Each junction sequence was com-
prised of 50 bp of the target IS and 50 bp of its adjacent sequence. To generate
an ancestral sequence in silico, the interrupting IS and one copy of its associated
TSD were removed manually. A 100 bp sequence that spanned the insertion

point was taken to represent the naive site. Databases of all ST131 and ST410
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genomes in the collection was generated for screening with standalone BLASTN
[28]. The database was queried with insertion-junction sequences and the naive
site sequence to determine whether an insertion was present, with only com-
plete and identical matches to the 100 bp query sequences considered positive
matches. Identical matches were required to pinpoint the exact IS and location
of the insertion event. The same 100 bp indicator sequence method was used

to identify deletion events.

Cenomes were screened for bacteriocins and prophage regions using the

BACTIBASE [72] online database and PHASTER [5, 216], respectively.

2.2.4 Strains and culture conditions

Three E. coli isolates were selected based on their phenotypic resistance profiles
to allow for selective differential growth after co-culture. The strains used in this
study are described in Table 2.1. E. coli strains were grown in Lysogeny broth (LB)
at 37°C shaking or on LB agar plates. Strains were grown in the presence of 30

na/mL kanamycin, 4 ng/mL cefotaxime or 100 pg/mL rifampicin as relevant.

The reads for MG1655-GFP (ENA accession: ERR1957959) and UTI62
(ENA accession: ERR062295) were downloaded and assembled with SPAdes
(v3.12.0) with the default parameters and the careful flag. No existing sequence
data was available for USVAST219. (The long read sequencing was performed
by Dr. Snaith but details are included in this section for completeness). There-
fore, DNA was extracted using the Monarch Genomic DNA Extraction Kit (New
England Biolabs, Massachusetts, USA) before sequencing with MinlON (Oxford
Nanopore Technology, UK) using R9.4.1 flow cells. The data was basecalled with
Guppy (v6.0.1) [github.com/nanoporetech/pyguppyclient] and adapters were
trimmed with gcat (v1.1.0) [github.com/nanoporetech/qgcat]. Short-read

genome sequencing data was provided by MicrolbesNG [microbesng.com]; DNA
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was prepared using the Nextera XT kit (Illumina, San Diego, CA, USA) and se-
guencedon the lllumina HiSeq platform (Illumina). Long and short-read data are
both available within BioProject PRINA943186. A hybrid assembly using both
the long and short-read sequencing data was created with Unicycler (v0.4.8)
[209]. A complete genome of USVAST219 was needed to describe a complete

T6SS locus of ST131 clade A/B as our reference region.

Table 2.1: Strains used in this study.

Strain Lineage Isolation Se!ectlve Ref.
resistance
MGC1655 ST10 - Kanamycin [21]
Urine sample from
USVAST219 ST131-A/H41 Veterans Affairs Medical  Rifampicin  [39]

Centre, Michigan (2011)
Urine agar plate from

UTle2 ST131-C2/H30Rx Nottingham University  Cefotaxime [41]
Hospitals (2008-09)

To generate arifampicin-resistant mutant, 100 plL of USVAST2 19 overnight
culture was spread on a LB plate containing 100 ug/mL rifampicin and incu-
bated at 37 °C overnight. The following day, a single colony was chosen to inoc-
ulate 5 pL LB + rifampicin (100 pg/mL) broth. The broth was incubated at 37 °C

overnight and a glycerol stock was stored at -80 °C the following day.

2.2.5 Competition assay

Overnight cultures of E. coli strains were diluted to an ODggy of 1.0, mixed ata 1:1
ratio on sterile filters and placed on LB agar plates. After four hours incubation
at 37 °C, bacteria were harvested from the filter by vigorous vortexing followed
by centrifugation at 12100 x g for two minutes. Harvested cells were then seri-

ally diluted and plated onto LB agar plates supplemented with the appropriate
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antibiotic to enumerate the surviving E. coli. All plates, including samples from
time point O, were incubated at 37 °C overnight and CFUs were counted the
following day. Relative fold change in growth was calculated as the four-hour
growth (cfu/ml) of a strain following incubation in isolation divided by the four-
hour growth of the strain following co-incubation. In a separate experiment, the
supernatant was extracted from UTI62 overnight culture with a 0.2 um sterile
syringe filter. K-12 MG1655 was grown for four hours at 37 °C in the presence
and absence of UTI62 supernatant to test for the presence of potentially lethal
phages, bacteriocins, or excreted metabolites. Significant differences in growth
were determined by one way ANOVA performed using the f_oneway function in

scipy.stats.

2.3 Results

2.3.1 Distribution of T6SS genes in E. coli

T6SS gene presence varies between and within phylogroups and sequence

types

All 20,577 E. coli genomes interrogated contained at least one T6SS gene from
the SecReT6 experimental database [104, 213]. There was variation in the av-
erage number of T6SS genes present per ST and the average number of genes
per ST within phylogroups (Figure 2.2). ST131 exhibited the largest range (2 to
29) of TeSS genes, highest number of T6SS genes in a single genome (n = 29),
and highest average number of T6SS genes (joint with ST12, ST14, ST17, and
ST127). The distribution of the number of T6SS genes present per genome did
not align with phylogroups. STs known to contain MDR lineages, ST131,ST167,
ST410, and STe48, did not possess a similar range or average of T6SS genes
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(Figure 2.2). Grouping genes into functional units is therefore necessary to gain
insight into how many potentially functional T6SSs are present within STs and

whether this may correlate with multi-drug resistance.
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Figure 2.2: Distributions of the number of type VI secretion system (T6SS) genes
from the SecReT6 experimentally validated database [104, 213] across 21 se-
qguence types of E. coli shows gene carriage varies by sequence type and phy-
logroup. Sequence types are colour coded according to their respective phy-
logroups: orange = A; green = B1; purple = B2; light blue = D; blue = E; red = F. A
gene isdetermined as present if it exceeds a DNA sequence identity of 75% and
a coverage of 85%.

Presence of structural T6SS genes in lineages containing MDR clones

We examined T6SS gene units in STs containing MDR clones in greater detail.
The MDR clones ST131-C2/H30Rx and ST410-B4/H24RxC were selected for fur-
ther investigation due to their global distribution and clinical burden [68, 86,
151, 167]. Figure 2.3 displays the presence of structural T6SS genes within
ST410 (Figure 2.3a)and ST131 (Figure 2.3b) with the corresponding clades high-
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lighted on the phylogenies. Structural genes were the focus of this search be-
cause they are well characterised and vary less in comparison to effector proteins
[84]. In both STs, we found a correlation between clades possessing MDR clones

and the absence of structural T6SS genes (Figure 2.3).
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Figure 2.3: Presence of structural experimentally validated type VI secretion
genes taken from the SecReT6 database [104, 213] across (A) 1,006 ST410
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2.3.2 Genomic analysis of ST410 T6SS

Presence of structural T6SS genes in ST410

Within ST410, tssABCDEFGHIIKLM, (henceforth referred to as the tss region)
was present in 91.89% (n = 34) of clade A/H53 (Figure 2.3a). The organisation
of genes in this region classifies the system as T65S-2. Of the three genomes
that did not contain a full tss region, one genome was missing tssH due to poor
sequence coverage (coverage < 10x for the three contigs spanning tssH). In the
two other genomes vgrG was missing, caused by a combination of low coverage
and the presence of multiple vgrG genes, which is known to lead to sequence
fragmentation. We conclude that the native T6SS of ST410-A/H53 is conserved

across the clade.

The tss region was present in just 0.83% (n = 8) of clade B/H24 genomes.
Two ST410-B/H24 genomes did not contain tssiAgrG and four genomes did
not contain tssLM, but these otherwise contained all tss region genes. While
isolates from clade A/H53 are largely drug susceptible, clade B/H24 contains
the globally-distributed multi-drug resistant clone ST410-B4/H24RxC, which is
highlighted in Figure 2.3a [60, 167]. In the eight rare instances where a full tss
region was present within the B/H24 clade, five genomes contained tss regions
most closely related (> 98% nucleotide identity) to that of the F-type plasmid
PSTEC299_1 (GenBank accession: CP022280) when comparing to the NCBI
non-redundant database. The tss region of two of the remaining three genomes
were closely related (> 98% nucleotide identity) to chromosomal TeSS-1 regions
from other E. coli (GenBank accessions: CP062855, CP091020, AP023237).
These findings together suggest that, although rare, independent acquisitions

of distinct tss regions have occurred within ST410 clade B/H24.
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Characterisation of the ST410 type VI secretion locus

We resolved the structure of the complete 28.3 kb T6SS locus of ST410-A/H53
using a draft ST410-A/H53 assembly (EnteroBase assembly barcode:
LB4500AA_AS), partially scaffolded (Figure 2.4) using the complete genome of
ST88 E. coli RHBSTW-00313 (GenBank accession: CP0O56618). ST88 belongs
to the same clonal complex as ST410 (CC23) and was used because there is no
complete reference genome for ST410-A/H53 and we were unable to access a
strain to generate a closed genome. The complete T6SS region contained 18
open reading frames (ORFs), 16 of which could be assigned functions (Figure
2.5). Among these were representatives of all 13 tss genes required for synthesis
of a type VI secretion apparatus (tssA to tssM), along with two additional differ-
ent tssA and tssD genes. The recombination hotspot rhsG gene, which is known
to encode a toxin [116], is located downstream of vgrG and is the likely deter-
minant for this systems’ effector protein. The locus also contains a gene for an
FHA-domain containing protein, which is known to be involved in T6SS activa-
tion in Pseudomonas aeruginosa [183]. The structure of this region is indicative
of a TeSS-2 type system [84] and we conclude that this region of the ST410-
A/H53 chromosome includes all determinants necessary for the production of a

functional T6SS.
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Figure 2.4: Scaled schematic showing the alignment of tss region sequences
in the draft ST410 genome (EnteroBase assembly barcode LB4500AA_AS and
the complete ST88 genome (GenBank accession CP0O56618) that was used as
a scaffold when determining the structure of the region in ST410 clade A. Hori-
zontal lines represent sequences, connected by grey shading indicative of align-
ments with > 99.9% nucleotide identity. Contig numbers in LB4500AA_AS are
indicated below, and the highly fragmented ‘recombination hot spot’ region is
labelled. The boundaries of the tss region are marked with ISEc1 on the left and
tssD2 on the right, and the extent of the sequence shown in Figure 2.5 is indi-
cated above.
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Figure 2.5: The ST410-A/H53 chromosomal T6SS locus. The extents and ori-
entations of open reading frames are indicated by labelled arrows, with colours
corresponding to protein types as outlined in the key below. The part of the se-
guence for which sequence from ST88 was used as a scaffold is indicated by the
dotted black line above. FHA: forkhead-associated. Drawn to scale from Enter-
oBase assembly barcode: LB4500AA_AS and GenBank accession: CPO56618.

41



Parallel loss of type VI secretion systems in two multi-drug resistant Escherichia
coli lineages

Deletion events account for the loss of T6SS in ST410-B/H24

To explain the absence of TESS genes in ST410-B/H24, we annotated the chro-
mosomal region of reference strain SCEC020026 (GenBank accession
CP056618) that corresponds to where the tss region characterised in ST410-
A/H53 is located. Adjacent to the tssA2 and tssD2 genes, which are present in
the majority of ST410-B/H24 genomes (Figure 2.6a), we found remnants of rhsG
and tssM (Figure 2.6b). Relative to the complete tss region in clade A/H53, clade
B/H24 has lost 21.0 kb between rhsG and tssM in a deletion event. As there are
no mobile genetic elements present at the deletion site, which is located within
a recombination hotspot, we believe the deletion event was most likely the re-
sult of recombination. To determine whether this deletion event was responsi-
ble for the loss of the tss region in other ST410-B/H24 isolates, we queried their
genomes with the unique 100 bp sequence found at the rhsG-tssM junction
in SCEC020026. The junction sequence (G-M) was present in the majority of
ST410-B/H24 genomes (n = 941 out of 969; Figure 2.6a), indicating that this
deletion event likely occurred as a single event early in the evolution of ST410-

B/H24 and not as multiple independent events within this clade.

Ofthe 28 ST410-B/H24 genomesthat did not contain the rhsG-tssM junc-
tion sequence, 20 were clustered in the phylogeny and also lacked tssA (Fig-
ure 2.6a). This suggests that a different or additional deletion event may have
occurred in a small sub-clade of ST410-B/H24. To determine this, we anno-
tated a contig from one of these 20 genomes (EnteroBase assembly barcode:
ESC_HA8479AA_AS), which contained tssD2 and exhibited a different tss region
configuration. To confirm the structure of this region, we used the
ESC_HA8479AA_AS tss contig to query GenBank and found an identical se-
guence in a complete ST410 genome (strain E94, accession: CP199740) that
had been published after our dataset was assembled. This revealed the absence

of a 19.8 kb segment of the tss region between tssD1 and tssA2 (Figure 2.6¢).
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The presence of the same tssD-tssA junction sequence (D-A) in all 20 clustered
genomes indicated that this deletion event was responsible for the absence of

tss genes in this sub-clade of ST410-B/H24.
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Figure 2.6: (A) ST410 phylogeny. Genomes are shaded according to their clade
and fimH allele. The presence of tss region genes and 100bp deletion event in-
dicator sequences is shown by blue shading to the right of the phylogeny. (B)
Deletion of 21.0 kb segment of tss region between rhsG and tssM. (C) Deletion
of 19.8 kb segment of tss region between tssD1 and tssA2. Chromosomal se-
guence is shown as thin black lines, with open reading frames indicated by ar-
rows beneath. Dotted black lines indicate sections of region where sequence
from ST88 was used as a scaffold.
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2.3.3 Genomic analysis of ST131 T6SS

Presence of structural T6SS genes in ST131

Within ST131, the ancestraland more drug-susceptible clades A/H41 and B/H22
possess a gene labelled Vt4E from the SecReT6 database, which is not present in
clade C/H30 (Figure 2.3b). To deduce the function of Vt4E, we used BLASTN to
search [28] the GenBank non-redundant nucleotide database, which revealed
that Vt4E shared 100% sequence identity with vaskK. The vasK gene is a ho-
mologue of tssM/icmF [96, 114] which is a component of the inner membrane
complex of T6SSs [84]. The absence of a functional VasK protein has been shown

to render the T6SS non-functional in Vibrio cholerae [96].

Characterisation of the ST131 type VI secretion locus

To facilitate comparative analyses, we characterised the TeSS-determining re-
gion of the ancestral ST131 lineage, ST131-A/H41. First, we mapped the com-
plete and uninterrupted T6SS locus found in a 39,211 bp region of the
USVAST219 chromosome (GenBank accession: CP120633) which was flanked
by copies of a perfect 41 bp repeat sequence (Figure 2.7). The region contained
27 ORFs, 22 of which could be assigned functions (Figure 2.7). Among these
were representatives of all 13 tss genes required for synthesis of a type VI se-
cretion apparatus (tssA to tssM), along with the structural gene taglL and a sec-
ond, different tssA gene. Genes for Hcp (tssD) and PAAR-domain containing pro-
teins, along with three different vgrG (tssl) genes, encode the core and spike of
the secretion apparatus in ST131-A/H41. Downstream of each vgrG, we found
ORFsthatencode putative TeSS effector proteins; a M23-family peptidase, a lytic
transglycosylase and proteins with DUF4123 and DUF2235 domains, which

have been associated with TeSS effectors [169]. This aligns with prior research
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by Ma and colleagues that identified diverse effector/immunity modules within
vgrG modules [114]. Together, the presence and order of these components
classify this locus as encoding a T6SS-1 type system [84]. We conclude that this
region of the ST131 chromosome includes all determinants sufficient for pro-

duction of a functional T6SS.

Reference strain EC958 (GenBank accession: HG941718) [63] was used
to represent ST131-C2/H30Rx in comparisons with ST131-A/H41. The T6SS re-
gions of USVAST219 and EC958 were almost identical, differing by just seven
single nucleotide polymorphisms (SNPs) (shown in Figure 2.7). The only SNP lo-
cated in a structural gene (tssH) was silent. We therefore conclude that this chro-
mosomal region encodes the native TeSS of ST131, and is conserved in clades
A, B, and C, consistent with the presence/absence data shown in Figure 2.3b.

However, the EC958 T6SS region does not encode TssM.

CCA>TCT -
A>C T>C 2,000 bp

A>C G>A G>A
B s = —— - >3 > > — PP |
tssB,C, K, L taglL tssD tssH tssl1 tssl2 tssi3 tssM tssAl tssf, G, J,E, A2
(hep) (clpV)  (vgrGT) (vgrG2) (vgrG3)
= structural 9 Hcp 9 VgrG PAAR putative effector hypothetical 1 41-bp repeat

Figure 2.7: The ST131 chromosomal T6SS locus. The extents and orientations of
open reading frames are indicated by labelled arrows, with colours correspond-
iNng to protein types as outlined in the key below. SNPs that differentiate clade
C/H30 strain EC598 from clade A/H4 1 strain USVAST219 are shown in black text
above. M23: M23-family peptidase, Itg: lytic-transglycosylase. Drawn to scale
fromm GenBank accession CP120633.

tssM is interrupted by ISEc12 in ST131-C/H30

To determine the cause of tssM loss in ST131-C/H30, we examined the complete
genome of reference strain EC958 [63] in further detail. We found that tssM had
been interrupted by a copy of ISEc12, which was flanked by the 5 bp target site
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duplication ACTGC (Figure 2.8). The tssM reading frame was split approximately
in half by the insertion, with 1,570 bp located to the left of ISEc12,and 1,768 bp
to the right. To deduce whether other tssM homologues were present in EC958,
and could encode replacements for the interrupted tssM, we used tBLASTN to
guery the complete EC958 chromosome with the TssM sequence encoded by
USVAST219. This query did not return any hits, apart from the fragmented se-
guences produced by the ISEc12-interrupted tssM. It has been proven that the
deletion of tssM prevents TeSS activity in E. coli [114] and the importance of tssM
homologues for TeSS functionality in other species is well described [118, 214].
The ISEc12 insertion has rendered tssM non-functional in EC958, and in the ab-
sence of tssM redundancy, it appears most likely that the entire T6SS itself is also

non-functional.

From the EC958 genome, we generated 100 bp sequences that span the
left and right ends of the ISEc12 insertion (marked M-l and I-M in Figure 2.8b),
and from the USVAST219 genome a 100 bp sequence that represents an an-
cestral tssM uninterrupted by this insertion (marked M-M in Figure 2.8b). To
determine whether the same insertion event was responsible for the absence
of tssM in all clade C/H30 genomes, we screened the ST131 collection for the
three 100 bp sequences. The naive M-M sequence was absent in just 2.97% (n
= 21) of clade A/H41 and B/H22 genomes, confirming that almost all of them
contained uninterrupted tssM (Figure 2.8a). 2,462 out of the 2,478 (99.48%)
clade C/H30 genomes lacked the M-M sequence but contained one or both of
the left and right ISEc12 junction sequences M-I and I-M (Figure 2.8a). Of the
16 remaining clade C/H30 genomes, three genomes contained M-M, and 13
genomes did not include either M-M or either of the ISEc1 2 junction sequences
(Figure 2.8a). Manual inspection of the 13 genomes that lacked indicator se-
guences revealed that in six the ISEc12 insertion was present, but low assembly
quality had resulted in truncated contigs that were too short for recognition with

the strict threshold used for junction sequence detection. The remaining seven
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genomes were excluded from further analysis, as low coverage appears to have
resulted in highly-fragmented assemblies such that the structure of the T6SS re-
gion was impossible to determine accurately. Thus, while tssM is uninterrupted
in 97.03% (n=687) of ST131 clade A/H41 and B/H22 genomes, it has been in-
terrupted by ISEc12 at exactly the same position in 99.78% (n = 2465) of clade
C/H30 genomes. We conclude that the loss of tssM in ST131-C/H30 was the

result of a single ISEc12 insertion event that occurred in an ancestral strain.
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Figure 2.8: (A) ST131 phylogeny. Genomes are shaded according to their clade
and fimH allele. The presence of the tss region and 100 bp ISEc12 insertion
event indicator sequences is dictated by blue shading to the right of the phy-
logeny. (B) Interruption of tssM by ISEc12. Chromosomal sequence is shown as
a thin black line, and ISEc12 as a thicker green line, with open reading frames
indicated by arrows beneath. The positions of target site duplication sequences
and extents of indicator sequences are shown above. Drawn to scale using se-
guence obtained from GenBank accessions: CP120633 and HG94718.
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The tss region is conserved in other phylogroup B2 lineages

Other pathogenic lineages of E. coli were examined to investigate whether an
incomplete tss region was specific to clades containing MDR clones or a general
feature of successful ExXPEC. ST73 and ST95 were selected as comparators due
to their documented prevalence in clinical settings in the UK [86, 108]. They and
ST131 belong to phylogroup B2, which would also allow us to address any phy-
logenetic signal influencing the presence of the tss region. The tss region was
found to be consistently present in both lineages (Figure 2.9a and b), demon-
strating that TeSS presence varies between pathogenic E. coli lineages within

phylogroup B2.

49



Parallel loss of type VI secretion systems in two multi-drug resistant Escherichia
coli lineages

A B 9
g &
i -
P T =
1
¢
{g:% — . —
B

-
g
£
El
&

tssl (vgrG)

tssE
tssF
tssG
tssH
tssJ
tssK
tssL
tssM

D Absent

Figure 2.9: Presence of structural experimentally validated type VI secretion
genes taken from the SecReT6 database [104, 213] across (A) 873 ST73
genomes and (B) 758 ST95 genomes.
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The tss region is conserved in other MDR lineages

Other MDR lineages of E. coli were also examined to investigate whether an in-
complete tss region was consistent across lineages and clades containing MDR
clones . ST167 and ST648 were selected as comparators due to their docu-
mented high levels of multi-drug resistance [175, 220]. The tss region was found
to be generally present in both lineages (Figure 2.10a and b), with no obvious
correlation between phylogenetic structure and gene absence. This demon-
strates that T6SS presence does not consistently dissociate with multi-drug re-

sistance.
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Figure 2.10: Presence of structural experimentally validated type VI secretion
genes taken from the SecRelT6 database [104, 213] across (A) 115 ST167
genomes and (B) 382 ST648 genomes.
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2.3.4 Competitive growth of strains with and without a type

VI secretion system
ST131-H30Rx out-competes without a complete T6SS

To determine whether USVAST219 (ST131-A/H41, T6SS+) and UTI62 (ST131-
C2/H30Rx, T6SS-) exhibit differential T6SS-mediated antibacterial activity, we
used a kanamycin-resistant K-12 MG1655 strain as prey in bacterial killing as-
says. Growth during co-incubation was compared to growth in monoculture for
each strain in all experiments. A significant reduction in growth of MG1655 was
observed after a four-hour co-incubation with UTI62 compared to monoculture
(Figure 2.11a). Co-incubation of MG1655 with USVAST219 did not show a sig-
nificant reduction in growth when compared to monoculture of MG1655 (Fig-
ure 2.11b). Our results show that the growth of ST131-C2/H30RXx strain UTI62
(T6SS-) out-competes MG1655 (T6SS-) in vitro but the ancestral ST131-A/H41
strain USVAST219 (T6SS+) does not.
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Figure 2.1 1: Pairwise competition assays. Measurements taken after 4 hours in-
cubation. (A) Growth of MG1655 in monoculture (mono.) and in the presence
of UTIe2 (T6SS-). (B) Growth of MG1655 in monoculture and in the presence
of USVAST219 (TeSS+). (C) Growth of MG1655 in monoculture and in the pres-
ence of liquid supernatant of UTI62 (T6SS-). Significance determined by one-way
ANOVA, *x: p = 0.003.

UTI62 does not produce lytic phage or bacteriocins

To further deduce the biological mechanism allowing UTI62 to out-compete
MGC1655 wegrew MGC1655 to mid-exponential phase and then challenged with
the filter sterilised supernatant from a UTI62 liquid culture to test for the pro-
duction of lytic phages or bacteriocins by UTI62 that could be responsible for
the reduction in growth of MG1655. Growth during co-incubation was com-
pared to growth during incubation of MG1655 in monoculture. Co-incubation

of MG1655 with the supernatant of UTI62 did not result in a significant reduc-
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tion in growth of MG1655 (Figure 2.11c). This contrasts with our previous result,
where the growth of MG1655 wassignificantly reduced in the presence of UTI62
itself (Figure 2.11a). This finding suggests the production of lytic phages or bac-
teriocins is not responsible for UTI62 out-competing MG1655 in vitro. However,
phages or toxins may be produced under different growth conditions. To inves-
tigate this possibility, the genome of UTI62 was screened for colicin/bacteriocin
genes using the BACTIBASE database [72], and for phages with PHASTER [5,
216]. No bacteriocins were detected and none of the n = 12 prophage regions
detected by PHASTER contained lysis genes. These results suggest that pro-
teinaceous elements do not play a role in the observed reduction of MG1655

growth in the presence of UTIG2.

2.4 Discussion

Extensive work has been done to characterise the T6SS in terms of its structure,
function, variability and prevalence in various genera. However, this is the first
study, to the best of our knowledge, to determine the prevalence of the tss re-
gion within MDR ExPEC lineages. We have particularly focused on ST410 and
ST131 asthey are known to cause infections worldwide [60, 151, 167, 185]. We
have identified the evolutionary events that led to the loss of key structural TeSS
components in these lineages via deletion or insertion events. Our study has
yvielded new insights on the evolution of T6SS functionality in two of the most
clinically-relevant MDR E. coli lineages, and has provided a broader overview of

T6SS determinants in other lineages.

In both ST410 and ST131, we have observed a loss of TESS that appears
to coincide with the acquisition of multi-drug resistance. This suggests we may
have uncovered a common evolutionary trajectory in two MDR lineages. We

have previously described the important role of potentiating mutations involved
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in colonisation factor determinants, anaerobic metabolism genes, and intergenic
regions as being common evolutionary trajectories in MDR clone formation [43].
The loss or degradation of a T6SS could perhaps integrate into the stepwise evo-
lutionary course of ST410-B4/H24RxC and ST131-C/H30Rx. The structural com-
ponents for a complete TeSS were chromosomal and conserved within the an-
cestral clades ST410-A/H53, ST131-A/H41 and ST131-B/H22. We found that
the T6SS in ST410-B/H24 was inactivated by deletion events and that the T6SS
in ST131-C/H30 was inactivated by an insertion event. In ST131, the rare in-
stances where tssM is interrupted in clade A/H41 and B/H22, and uninterrupted
inclade C/H30 (Figure 2.8a), might be explained by inter-lineage horizontal gene
transfer and homologous recombination, but the To6SS region is too
well-conserved (> 99.99% ID between lineages) to accurately detect recombi-
nant sequences. In both ST131 and ST410, the inactivation of TeSS occurring
prior to or during the formation of MDR clades implies that these events may
have contributed to their successful emergence and expansion, but we cannot
generalise to all MDR lineages as further analyses of the common MDR lineages

ST167 and ST648 showed intact TeSS regions.

It has previously been suggested that acquiring multi-drug resistance plas-
mids is a vital step in the evolution of pandemic clones [43]. We speculate that
the lack of a functional T6SS allowed both ST410-B/H24 and ST131-C/H30 to
become more receptive to cell-to-cell contact, and therefore conjugative trans-
fer. The deleterious effect of T6SS on plasmid conjugation has been demon-
strated in Acinetobacter baumanii, where a conjugative plasmid has been shown
to repress the host T6SS in order to increase conjugation rates [199]. While the
A. baumanii experiments involved inhibition of T6SS in donor cells, the absence
of TeSS in potential recipient cells seems likely to increase their permissiveness
to plasmid transfer. The acquisition of conjugative multi-drug resistance plas-
mids by ST410-B/H24 and ST131-C/H30 might therefore have been facilitated
by their loss of functional T6SS.
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Our genomic analyses, combined with existing literature, suggest that the
MDR clone ST131-C2/H30Rx does not have a functional T6SS due to the inter-
ruption of a single gene, tssM. IS-mediated insertion is known to deactivate T6SS
in E. coli [3]. However, the functionality of the uninterrupted tss region in the
ancestral ST131 clades A/H41 and B/H22 has not been verified experimentally.
Further work to determine the functionality of the TeSS in all three ST131 clades
is therefore required. Final experimental validation would require complemen-
tation of tssM to restore function of the T6SS in ST131-C/H30.

A caveat of our experimental work is that appropriate positive and nega-
tive controls were not included. A positive control to demonstrate that a known
T6SS was capable of killing MG1655 and a negative control of a T6SS mutant
should have been included to improve the robustness of our findings. The addi-
tional supernatant experiment could be improved by replacing the monoculture
supernatant of the attacker with the supernatant from the co-culture of attacker
with prey asitis unlikely that the supernatant from the monoculture would have
the same components as those from a co-culture. An in vivo experiment would
be better suited to capture the complex host-associated microbial community of
a mammalian gut, as numerous external factors cannot be applied under stan-
dard laboratory conditions. Interactions with other species within the gut micro-
biome could not be replicated here, although recent research has shown that
the displacement of commmensal E. coli with MDR lineages does not disrupt the
wider gut microbiome [45]. In vivo work may also more accurately replicate the
diversity of nutrients available within the gut and any potential interactions with
host cells. These factors would need to be considered to draw further conclu-
sions on the superior displacement and colonisation capabilities that could be

associated with the loss of T6SSs in MDR lineages.

The data presented here does not support the hypothesis that the abil-

ity of drug-resistant E. coli to displace resident commensal E. coli is due to the
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production of a T6SS. The possible role of phage, colicins, or other diffusible el-
ements in strain displacement are alternative explanations that should also be
considered. By focusing on T6SS, we have uncovered parallel evolutionary out-
comes in ST410-B4/H24RxC and ST131-C2/H30Rx, where T6SS determinants
have been lost by MDR clones. Our work suggests that the loss of functional
T6SS might have contributed to the evolution and success of pandemic MDR E.

coli lineages.
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Chapter Three

Comparative pangenomics
identifies distinct evolutionary

trajectories within sequence types

The work described in this chapter is taken from the following publication:

Cummins EA, Hall RJ, Connor C, Mclnerney JO, McNally A. Distinct evolutionary
trajectories in the Escherichia coli pangenome occur within sequence types. Mi-
crobial Genomics. 2022:8(11).
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3.1 Introduction

The increasing levels of resistance in E. coli has been well documented over re-
cent years [68, 186], and there are now many successful lineages of MDR E. coli
[81,151,167,174,177,185,190]. Multiple longitudinal studies, however, have
suggested that AMR is not the driving factor of these successful MDR lineages.
Kallonen and colleagues observed that the two dominant lineages of E. coli caus-
ing bloodstream infections in the UK, ST73 and ST131, had contrasting antibi-
otic resistance profiles [86]. ST73 is largely drug susceptible whilst ST131 carries
numMerous antibiotic resistance genes conferring resistance to multiple classes
of antibiotics. Gladstone and colleagues conducted a similar longitudinal study
in Norway and found that ST131 was responsible for the largest proportion of
ESBL+ bloodstream infections, but that resistant and susceptible clades within
this lineage were both present, again adding evidence for drug resistance not
being an essential phenotype for success [68]. These studies emphasise that
there are multiple strategies to achieving prevalence that is reflected by the vari-

ation in phenotypes of successful lineages.

Coinciding with rich phenotypic heterogeneity, there is no gene pool bar-
rier within E. coli [69] meaning that genetic material can be freely exchanged
between pathogens and commensals. Therefore, some E. coli STs could conceiv-
ably act as vital genetic repositories in the development of important character-
istics such as pathogenicity or AMR within other STs. The extent to which any
given ST, or group of STs, acts as a reservoir (genetic source) or recipient (genetic
sink) in the exchange of genetic information is currently not well known. The rel-
atively recent development of pangenomics [192] provides a useful perspective
we can use to interrogate the genetic contents of different E. coli STs and gain

further insight into how these gene collections are structured and evolve.

The pangenome represents the set of all genes present in a given pop-
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ulation [24, 192]. Pangenomic studies have been performed to understand E.
coli at the species level [69, 71, 76,77, 162] but comparative pangenomic anal-
yses between STs within this species can potentially add to our understanding
of the evolution of the species. The influence of population structure [77] and
the presence of complex epistatic relationships [207] are increasingly being ac-
knowledged to have a major effect on the evolution of prokaryote pangenomes.
Whelan and colleagues, for instance, noted that asymmetrical gene dependen-
cies (e.g., the presence of geneX first requiring the presence of geneyY, but not
vice versa) cannot be uncovered by the consideration of coincident gene pat-
terns alone. Conditional gene relationships can exist between genes, between
sequence variants, or between genes and variants [52]. Inter-pangenome anal-
ysis - comparative analysis of closely related pangenomes - provides an excellent
mechanism for generating prioritised lists of putative dependencies between
genes. Inter-pangenome analysis can show whether a gene's classification as
coreinone STis also core in a different ST. Inter-pangenome analysis can also as-
sess differences in functional composition between closely related pangenomes.
The functional contents of a pangenome (whether species-level or ST-level) re-
flects the biological processes occurring within the given population, such as
niche adaption [105, 179], or the evolution of important phenotypes, such as

drug resistance [131].

An in-depth study of an ST131 pangenome revealed clade-specific diver-
sity in colonisation and metabolism genes in the accessory genome of the glob-
ally dominant MDR sub-lineage of ST131, clade C (H30Rx) [131]. The reported
diversity was not due to the presence of unigque genes, but rather the presence
of unique alleles. Allelic diversity as a signature of selection has now also been
observed in ST167 [220] and ST410 [60]. Allelic variation in metabolic genes
has been described as an early warning sign of multi-drug resistance, potentially
being a key trait of MDR clones [43]. This allelic variation could be perceived as

metabolic flexibility or conversely, a signature of degradation of metabolic path-
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ways. ST131 isone of the few E. coli STs to have undergone detailed pangenome
analysis [47, 130, 131]. Understanding of E. coli STs on a comparative
pangenome level is currently limited in terms of comparative analyses, with little

known about how ST-level pangenome evolution is occurring.

In this chapter we further develop our understanding of E. coli pangenome
dynamics and evolution by splitting E. coli into its constituent STs and compar-
ing and contrasting the fates of these STs in the context of their respective pan-
genomes. We introduce an ST-focused approach to investigating evolutionary
trends of pangenomic structure and contents, including the presence of seqg-
uence variants of metabolism genes, within E. coli and hypothesise that E. coli
ST pangenomes do not evolve in a uniform way. We address the following objec-
tives: (i) to assess whether ST pangenomes vary in structure, (ii) to evaluate the
potential for STs to act as genetic sources or sinks, (iii) to establish a conservative
E. coli core genome, (iv) to assess the link between antimicrobial resistance and
metabolic gene carriage, (v) to assess whether some ST pangenomes are en-
riched for specific biological processes, and (vi) to assess the level of metabolic
variation across ST pangenomes (given the potential link to multi-drug resis-

tance).

3.2 Methods

3.2.1 Sampling diversity of dataset

Sample source information was collected when available, but the majority of iso-
lates in the dataset had no source of isolate sampling data available on Enter-
oBase. The source sampling diversity of each ST was determined by Shannon

diversity index. The Shannon diversity index for each lineage was calculated us-
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ing the python package ecopy [ecopy.readthedocs.io/en/latest/diversity.html].

3.2.2 Genome annotation, AMR Identification

Genomes were annotated using Prokka (v1.12) [176] with the default param-
eters and the compliant flag. AMR gene content in individual genome assem-
blies was assessed using ABRicate (v1.0.1) [github.com/tseemann/abricate]
and the default NCBI database (May 2023) [59]. For the purposes of this work
strains were classified as MDR if their genome possessed at least one extended-
spectrum beta-lactamase, carbapenemase or mobile colistin resistance gene. It
iswell known that ESBL-resistant E. coli can carry multi-drug resistance plasmids
harbouring carbapenemases and mcr genes [89, 154, 155] and carbapenem-
resistant and extended-spectrum beta-lactamase (ESBL)-producing E. coli are
World Health Organisation priority pathogens [208]. This definition was chosen
to capture human clinically relevant resistance because of the urgent need to de-
velop new antibiotics targeting these pathogens [208], rather than the standard

definition of multi-drug resistance which is not necessarily clinically relevant.

3.2.3 Pangenome assembly

Genomes were grouped by ST (using the EnteroBase classification) for individ-
ual ST-level pangenome analyses using Panaroo (v1.1.2) [194] with a 0.95 se-
guence identity threshold to determine homologous genes and a 0.99 core-
genome sample threshold to allow the inclusion of unique core gene alleles in
the accessory genome. We use the term ‘gene cluster’ to refer to an ortholo-
gous gene group identified by Panaroo. Linear regression was performed on
the pangenome size and ST core genome size data (see Table 3.1) using Python

scikit-learn (sklearn) [150] LinearRegression module and statsmodels.api.0LS
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(ordinary least squares).

3.2.4 Functional pangenome annotation

The linear reference genome provided by Panaroo for each ST pangenome was
split into two lists of its respective core and accessory gene clusters. The nu-
cleotide sequence for each gene cluster was translated using a custom Python
script [github.com/C-Connor/GeneralTools] to obtain a protein sequence for
each cluster. These protein sequences were used to characterise gene function.
Gene clusters were assigned Clusters of Orthologous Groups (COG) functional
categories [189] using eggNOG-mapper (v2.0.8) bestOG assignment [79] and
the eggNOG database [78] with sequence searches performed by DIAMOND
(v2.0.7) [26]. Gene clusters that did not return a match within the eggNOG
database were categorised under '?". Linear regression and multiple testing cor-
rections on the proportion of the core and accessory genomes assigned toa COG
category against the average number of AMR genes per genome or the propor-
tion of that Ilineage classified as MDR were performed using

Python statsmodels.api.0LS and stats.multitest.multipletests.

Heatmaps and clustermaps displaying distribution of COG categories
across STs were made with seaborn (vO.11.2). An ST was labelled as enriched
in COGC category X' if the percentage of ST-core genome designated to category
‘X' lay above the upper quartile plus 1.5 times the inter-quartile range for all ST-
core genomes in that category. Functional domain annotation was performed
with InterProScan (v5) [17, 83].
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3.2.5 Distribution of core genomes

Custom ABRIicate databases were made for the core genome of each ST using
the representative gene cluster nucleotide sequences from Panaroo and the
--setupdb option in ABRicate (v0.8.7) [github.com/tseemann/abricate]. The
bottom 5th percentile of the average coverage distribution for each set of ST-
core genes was removed to ensure any incorrectly called core genes were not
included in our analyses. Mass screening across all 20,577 assemblies was car-
ried out for each ST core database with ABRicate (21 searches in total). The re-
sults were summarised and partial hits (instances where a gene hit was split over
multiple contigs) were accounted for and processed with a custom Python script
[github.com/lillycummins/InterPangenome]. The average proportion of gene

covered for each core gene cluster per ST was calculated.

3.2.6 Core metabolic reconstructions

Metabolic models were constructed for the core genome of each ST using
CarveMe [119]. Representative core gene cluster nucleotide sequences for each
ST were used as input and the CarveMe algorithm was executed using the de-
fault settings. The number of metabolic reactions and metabolites in each ST

core metabolic profile were counted using the Python COBRA package [57].

3.2.7 Identifying unique core metabolic genes

Metabolic reactions uniquely present in a single ST core metabolic reconstruc-
tion were extracted using a custom Python script. Unique reaction names were
manually searched on the BiGG database website [92] to find the related gene

names for each reaction. These related genes of interest (GOIs) were searched

65


github.com/tseemann/abricate
github.com/lillycummins/InterPangenome

Comparative pangenomics identifies distinct evolutionary trajectories within
sequence types

for in the descriptors of the ST-core gene sequences for the ST the related reac-
tion was uniquely present in. These sequences were combined to construct a
custom ABRIicate database to perform a mass screening for the GOls across all
20,577 assemblies with ABRicate. ABRIcate results were summarised and pro-
cessed using the same method previously described for the distribution of core
genomes. A clustermap displaying the varying presence of the GOls across 21

STs was made with seaborn (vO.11.2).

3.3 Results

3.3.1 Dataset properties

Selected lineages span the diversity of Escherichia coli.

The initial dataset was curated so that multiple highly resistant lineages were
included to ensure any observations were common to all resistant populations
and not unique to a specific lineage [40]. The STs including MDR lineages are
the well documented ST131, ST167, ST38, ST648 and additionally ST410 due
toitsrecentdocumented emergence and successasan MDR lineage [167, 174].
Comparative EXPEC lineages that are not associated with multi-drug resistance
but share pathogenic characteristics (ST73 and ST95), STs of additional patho-
types (EHEC, EPEC), and the commensal and generalist lineage ST10 are also
included to capture the diversity of the species. In total, our dataset of assem-
blies retrieved from EnteroBase covers 21 STs that span six distinct phylogroups
(Table 3.1).
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Genomic assemblies are primarily from human sources.

The range of sampled sources per ST varied from one known sample source
(ST14) to nine known sample sources (ST10, ST11, ST410). Isolates with no so-
urce data made up the majority of samplesin all STs, with the exceptionsof ST11,
ST167,and ST410 (Fig. 3.1). The most common sampled source for these three
lineages was human, which was the second largest sampled source for all other
lineagesbarST117.ST117 belongstothe poultry-associated phylogroup G. Phy-
logroup G is an intermediate group between B2 and F that was characterised in
2019 by Clermont and colleagues [36] and is not included in the current anal-
ysis because it was unknown at the time of data collection. The Shannon Diver-
sity Index was calculated as a measure of sampled source diversity for each ST
(Table 3.1). Pangenome size (R? = 0.351, Ordinary Least Squares) nor ST core
genome size (R? = 0.214, Ordinary Least Squares) were a function of sample
source diversity, indicating that sampling source bias should not strongly affect

our pangenome analyses.
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Figure 3.1. Breakdown of sampled source information available from Enter-
oBase for 21 E. coli sequence types. Graph coloured by sample source location.

High rate of AMR gene carriage is concentrated in five lineages.

The number of antibiotic resistance genes present in each genome was assessed
using ABRIicate and the NCBI database (May 2023). The ST167 lineage pos-
sessed the highest average of 11.79 AMR genes per genome and a high overall
carriage rate with 100.00% of genomes carrying at least two AMR genes. The
lowest level of AMR gene carriage was seen in ST11, with 85.73% of sampled
genomes possessing only the native resistance gene blagc with an average car-
riage of 1.75 AMR genes per genome for this lineage. AMR gene carriage did not
align with phylogrouping. We define a genome as being multi-drug resistant if
it possesses at least one extended-spectrum beta-lactamase, carbapenemase,
or mobile colistin resistance (mcr) gene. ESBL carriage co-occurring with multi-

drug resistance plasmids that can carry carbapenemases and mcr genes is well
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described

[154, 155]. This definition was chosen to capture human clinical rel-

evant resistance rather than the standard three classes definition of multi-drug

resistance

which is not always clinically relevant. Five STs were classified as MDR

with our definition: ST131, ST38, ST648, ST410, and ST167. The threshold for

multi-drug resistance is shown in Fig. 3.2 and is not phylogroup specific.

0.81

Proportion of population with =1 MDR gene

0.0 1

0.6

0.4
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Figure 3.2: Proportion of population with >1 multi-drug resistance gene
(extended-spectrum beta-lactamase, carbapenemase, or mcr) against the av-
erage number of antimicrobial resistance genes per genome. Red dotted line
indicates the threshold for a lineage to be classed as multi-drug resistant.
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3.3.2 Pangenome properties
Pangenome structure varies between Escherichia coli sequence types.

To assess the level of variation between ST-level pangenomes we first considered
variation in the context of structure. We assembled the pangenomes of 21 STs
using Panaroo (v1.1.2). Pangenome sizes ranged from 6,825 to 27,634 gene
clusters (Table 3.1), withan average size of 11,653 and core genome sizes ranged
from 3,066 to 4,058 with an average of 3,738 clusters per ST pangenome. E. coli
is known to have an ‘open’ pangenome [162, 188] meaning that more genes
will be added to the pangenome for every genome that is sampled, due to the
diverse nature of the species. Therefore, we need to take the effect of ST sam-
ple size into account. Neither core gene number (R? = 0.005, Ordinary Least
Squares), nor total gene number (R? = 0.249, Ordinary Least Squares) were a lin-
ear function of ST sample size. Consequently, ST pangenomes exhibited variation
in the core gene number as a percentage of the total pangenome size, which
suggests that there is no uniform pangenome structure within E. coli. Variation
in this percentage was highest for those STs with the fewest genomes, but even
when the STs with greater than 100 genomes were considered, the variation in
core gene number as a percentage of the total pangenome size extended from
11.1% (ST10) to 56.86% (ST14) (Table 3.1).
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Table 3.1:  Summary of sampling metrics and pangenome analyses.

(Pangenome size does not include paralogs).

non'’s Diversity Index.

ST. Sequence type, DI: Shan-

Phylogroup ST Genomes DI Core P.an. Core/Pan (%)
genes size
A ST10 2,370 388 3066 27634 11.10
STle7 115 274 3675 9035 40.68
ST410 1,006 349 3272 16,223 20.17
B1l ST17 1,884 2.14 4003 11870 3372
ST21 2,411 198 4,058 10671 38.03
ST3 40 146 3,749 7933 4726
B2 ST12 283 259 38lc 10,531 36.24
ST127 232 264 3891 9696 40.13
ST131 3,186 234 3460 15665 22.09
ST1l4 62 160 3881 6,825 56.86
ST141 91 191 3879 8217 4721
ST144 65 2.15 3908 6,938 56.33
ST28 46 250 3,630 7,346 4941
ST372 54 251 3,752 7514 4993
ST73 873 222 3789 11865 3193
ST95 758 289 3815 11933 3197
D ST38 617 302 3,780 14,443 26.17
STe9 696 256 3771 14808 2547
E ST11 5137 384 3944 12904 30.56
F ST117 269 402 3722 11055 3367
STe48 382 204 3674 11610 31.65

ST10 has the potential to be a genetic source for other Escherichia coli se-

quence types.

Evidence for a phylogroup or ST acting as a genetic source for other E. coli may

arise in the form of an ST pangenome possessing a low (or no) amount of unique

ST-specific core genes (genes that are classified as core in only one specific ST).

To this end, gene clusters that were uniquely core to a specific phylogroup were

examined first. The three ST-pangenomes in phylogroup A considered together

had no unigque core genes (Table 3.2). Alleles including those of flagellar genes

fliDS are present amongst the 52 B1 unique core genes. B2 ST pangenomes
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possessed 99 uni-quely core gene clusters, including alleles of genes involved in
central meta-bolism, sucABCD, fructose metabolism, fruA, and the decarboxy-
lase tabA.The 14 unique core genes of the two phylogroup D ST pangenomes in-
cluded alleles of a putative fimbrial protein, yadNMV. All phylogroup unique core
genes with annotation are described in Appendix Table 1. Extending this analy-
sis from phylogroup to ST, we also considered unique ST-specific core genes. The
number of alleles uniquely core to a single ST varied within and between phy-
logroups, with ST11 (phylogroup E, n = 99), ST14 (phylogroup B2, n = 83), and
ST21 (phylogroup B1,n=74) encoding the largest number of unique core genes
(Table 3.2). This is most likely due to the low sample sizes for these lineages,
where sampling of greater depth would move these unique core genes into the
accessory genome. Whilst phylogroup A has no unique core genes, within this
phylogroup only the ST10 pangenome had no reported unique ST-specific core
genes; theST167 and ST410 pangenomeswere found to have 28 and six unique
core genes, respectively. The ubiquity of the ST10 core genome across all other
STs may be an indicator that this ST is likely to be capable of acting as a genetic

source within E. coll.
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Table 3.2: Numbers of genes uniquely core to a single phylogroup and sequence
type.

Phylogroup Unique core genes Sequence Type Unique core genes

A O ST10 O
ST167 28
ST410 6
B1l 52 ST3 68
ST17 14
ST21 /4
B2 99 ST131 21
ST28 44
ST14 83
ST12 10
ST95 8
ST144 56
ST141 38
ST73 26
ST127 14
ST372 23
D 14 ST38 23
STe9 43
E 99 ST11 99
F 1 ST117 24
ST648 40

3.3.3 Functional pangenomics

A 2,172 gene cluster Escherichia coli core genome.

The size and content of the E. coli core genome has been estimated in previous
studies[31,77,85, 113], but not explicitly using a collection of genomes as large
as the dataset considered in this work. Here, we provide a representative E. coli
core gene list. There were n = 2,172 gene clusters identified that had a mean
percentage coverage above 98% across all 20,577 assemblies. All pangenomes
were functionally annotated with eggNOG e-mapper [78] to assign functional

COCG categories. Grouping these core genes by COG category showed that genes
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of unknown function (category S) were the largest functional group (18.7%). A
breakdown of the functional composition of the core genes can be seen in Fig.
3.3. This large percentage of species-level core genes with unknown functions
highlights that, despite extensive study and characterisation, there is still a great

deal of information to be uncovered regarding core genes of E. coll.

Cell motility -l
Defence mechanisms -l
No annotation available -l
Secondary metabolites biosynthesis, transport and catabolism -
Cell cycle control, cell division and chromosome partitioning -

Lipid transport and metabolism - | N
Intracellular trafficking, secretion and vesicular transport - N N

Post-translational modification, protein turnover and chaperones - NN

Nucleotide transport and metabolism - || NN
Coenzyme transport and metabolism - N
Cell wall/membrane/envelope biogenesis - [ N NN
Transcription - N
Carbohydrate transport and metabolism - || N  EIEIENENGQG
Translation, ribosomal structure and biogenesis _
Energy production and conversion - NN
signal transduction mechanisms - || N R
Amino acid transport and metabolism - NN
Function unknown -

0.0 2.5 5.0 7.5 10.0 12.5 15.0 17.5

Percentage of core genome (%)

Figure 3.3: Functional breakdown of 2,172 core E. coli genes. Functional classes
are based on COG categories.

Multiple accessory genome functions display significant correlations with

AMR gene carriage and multi-drug resistance.

To determine whether any specific biological processes influence the MDR phe-
notype we correlated the proportion of the core and accessory genomes as-
signed toa COG category against the average number of AMR genes per genome
and the proportion of that lineage classified as MDR (possessing at least one

multi-drug resistance gene defined in §3.2.2). Significant correlations were de-
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termined by performing linear regression for all COG categories with multiple

testing correction.

There was no correlation between the core genome and carriage of AMR
genesor multi-drug resistance for any COG category (Tables 3.3 and 3.5). The ac-
cessory genome held multiple significant correlations between COG categories
and either AMR gene carriage or multi-drug resistance (Tables 3.4 and 3.6). Pos-
itive correlations were seen for genes pertaining to inorganic ion transport and
metabolism (P) (Fig. 3.4a and 3.5a), signal transduction mechanisms (T) (Fig-
ures 3.4b and 3.5b), and coenzyme transport and metabolism (H) (Fig. 3.4c and
3.5¢), whilst genes of unknown function (S) displayed a negative correlation with
AMR gene carriage and multi-drug resistance (Fig. 3.4d and 3.5d). Additionally,
amino acid transport and metabolism (E) displayed a significant positive correla-
tion with carriage of AMR genes (Fig. 3.4€) and translation, ribosomal structure
and repair (J) displayed a positive correlation with the proportion of lineage pos-

sessing at least one MDR gene (Fig. 3.5¢e).
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Table 3.3: COG category correlation with carriage of AMR genes for the lineage
core genome. Summary statistics for the correlation between the proportion of
the core functional pangenome assigned to a specific COG category and car-
riage of AMR genes. Rows ordered by ascending p value. Rows highlighted in
bold face are significant after Bonferroni correction (0.002 cut off). Correlations
were assessed using a linear regression.

COG Category R? value o value

M Cell wall/membrane/envelope biogen- 0.43358241 0.00234516
esis

C Energy production and conversion 0.3834215 0.00552213

J Translation, ribosomal structure and 0.14867834 0.16859644%
biogenesis

H Coenzyme transport and metabolism 0.14543825 0.17610001

T Signal transduction mechanisms 0.11540568 0.26379366

L Replication, recombination and repair 0.10602468  0.29951779

I Lipid transport and metabolism 0.09786731 0.33470093

G Carbohydrate transport and 0.08160357 041875963
metabolism

P Inorganic ion transport and 0.07225503 047741516
metabolism

N Cell motility 0.04837784 0.67610645

V defence mechanisms 0.04766584 0.6834465

Q Secondary metabolites biosynthesis, 0.04372776  0.72595313
transport and catabolism

O Post-translational modification, pro- 0.04065199 0.76159413
tein turnover, and chaperones

A RNA processing and modification 0.03864408 0.78613861

E Amino acid transport and metabolism 0.03479031 0.83639548

U Intracellular trafficking, secretion, and 0.03140736 0.88436363
vesicular transport

? No functional annotation available 0.02793729 0.93792349

S Function unknown 0.000276%96 1

K Transcription 0.02388828 1

F Nucleotide transport and metabolism 0.00040124 1

D Cell cycle control, cell division, chromo- 0.00942343 1
some partitioning

W Extracellular structures 0.00013103 1
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Table 3.4: COG category correlation with carriage of AMR genes for the lineage
accessory genome. Summary statistics for the correlation between the propor-
tion of the accessory functional pangenome assigned to a specific COG category
and carriage of AMR genes. Rows ordered by ascending p value. Rows high-
lighted in bold face are significant after Bonferroni correction (0.002 cut off).

Correlations were assessed using a linear regression.

COG Category R? value o value

P Inorganic ion transport and 0.62137073 4.39x10°°
metabolism

T Signal transduction mechanisms 0.60509965 6.62x10°°

H Coenzyme transport and 0.59179169 9.16x10°
metabolism

S Function unknown 0.54057051 0.00029264

E Amino acid transport and 0.53295863 0.00034415
metabolism

G Carbohydrate transport and 0.42485379 0.00273468
metabolism

J Translation, ribosomal structure and 0.39215955 0.00477797
biogenesis

M Cell wall/membrane/envelope biogen- 035121604 0.00927926
esis

F Nucleotide transport and metabolismm 0.32795714 0.01332518

V Defence mechanisms 0.29847629 0.02079058

K Transcription 0.1858726 0.1020498

? No functional annotation available 0.15339729 0.15823227

U Intracellular trafficking, secretion, and 0.14466434  0.17794088
vesicular transport

C Energy production and conversion 0.08482257 0.40045474

Z Cytoskeleton 0.05560602 0.60691353

B Chromatin structure and dynamics 0.05335077 0.62751698

O Post-translational modification, pro- 0.05272017 0.63343148
tein turnover, and chaperones

I Lipid transport and metabolism 0.0488452 0.67134286

N Cell motility 0.03881647 0.78398933

L Replication, recombination and repair 0.0360216 0.81986141

Q Secondary metabolites biosynthesis, 0.02357216 1
transport, and catabolism

D Cell cycle control, cell division, chromo- 0.0012945 1
some partitioning

W Extracellular structures 0.02172172 1

A RNA processing and modification 0.00293211 1
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Table 3.5: COG category correlation with multi-drug resistance for the lineage
core genome. Summary statistics for the correlation between the proportion of
the core genome assigned to a specific COG category and the proportion of the
lineage classified as MDR (population possessing at least one multi-drug resis-
tance gene). Rows ordered by ascending p value. Rows highlighted in bold face
are significant after Bonferroni correction (0.002 cut off). Correlations were as-

sessed using a linear regression.

COG Category R? value p value

M Cell wall/membrane/envelope biogen- 0.40648946 0.00375367
esis

C Energy production and conversion 0.3565935 0.00852179

L Replication, recombination and repair 0.12968758 0.21761654

H Coenzyme transport and metabolism 0.12783089 0.22312009

J Translation, ribosomal structure and 0.09132609 0.36608327
biogenesis

K Transcription 0.08026056 0.42666801

I Lipid transport and metabolism 0.06057976  0.56430502

T Signal transduction mechanisms 0.06022103 0.56725534

P Inorganic ion transport and 0.06000214 0.56906457
metabolism

N Cell motility 0.05955692 0.57276595

G Carbohydrate transport and 0.05485834 0.61365095
metabolism

Q Secondary metabolites biosynthesis, 0.05366878 0.62456027
transport, and catabolism

U Intracellular trafficking, secretion, and 0.02971888 0.90983073
vesicular transport

A RNA processing and modification 0.02772102 094142428

S Function unknown 0.00152634 1

E Amino acid transport and metabolismm 0.01153222 1

O Post-translational modification, pro- 0.01530754% 1
tein turnover, and chaperones

F Nucleotide transport and metabolismm  0.00105921 1

? No functional annotation available 0.01984373 1

D Cell cycle control, cell division, chromo- 0.00091333 1
some partitioning

V Defence mechanisms 0.02014155 1

W Extracellular structures 0.00504381 1
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Table 3.6: COG category correlation with multi-drug resistance for the lineage
accessory genome. Summary statistics for the correlation between the pro-
portion of the accessory genome assigned to a specific COG category and the
proportion of the lineage classified as MDR (population possessing at least one
multi-drug resistance gene). Rows ordered by ascending p value. Rows high-
lighted in bold face are significant after Bonferroni correction (0.002 cut off).
Correlations were assessed using a linear regression.

COG Category R? value p value

T Signal transduction mechanisms 0.54576004 0.00026164

S Function unknown 0.5353361 0.00032724

P Inorganic ion transport and 0.51220435 0.00052897
metabolism

H Coenzyme transport and 0.45528401 0.00158565
metabolism

J Translation, ribosomal structure and 0.45153412 0.00169826
biogenesis

E Amino acid transport and metabolism 0.40239729  0.00402347

V Defence mechanisms 0.30922855 0.0177066

G Carbohydrate transport and 0.28503073 0.02534908
metabolism

M Cell wall/membrane/envelope biogen- 0.2421635 0.04689925
esis

F Nucleotide transport and metabolism 0.24107295  0.04762491

U Intracellular trafficking, secretion, and 0.16794093 0.13008456
vesicular transport

K Transcription 0.16215249 0.14064304

B Chromatin structure and dynamics 0.08827868 0.38177218

? No functional annotation available 0.07672631 0.44828494

O Post-translational modification, 0.03944816 0.77618224
tein turnover, and chaperones

Z Cytoskeleton 0.03534936 0.82883052

N Cell motility 0.03395336 0.84790619

C Energy production and conversion 0.02914772 091869537

| Lipid transport and metabolism 0.02293709 1

L Replication, recombination and repair 0.02388672 1

Q Secondary metabolites biosynthesis, 0.00645243 1
transport, and catabolism

D Cell cycle control, cell division,chromo- 0.01054305 1
some partitioning

W Extracellular structures 0.00900226 1

A RNA processing and modification 0.00101983 1
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ST-specific core functions vary between sequence types.

For the purposes of this study, we define three pangenome segments that are
analysed and discussed throughout this work. Firstly, the ‘species core genome’
is the set of genes common to all genomes in this study. Next, the ‘STX-specific
core genome’ is the set of all genes considered core to STX, with the species core
genome removed. Finally, the ‘unique STX-specific core genome'’ is the set of
genes that are found to be core only in STX and not core in any other ST. These
pangenome segments are conceptually visualised in Fig. 3.6. We calculated the
percentage of each ST-specific core genome that was assigned to each of the
COG functional categories. As we were interested primarily in functional differ-
ences between STs, category S (function unknown) and ?’ (no functional anno-
tation available) were masked from visualisation in Fig. 3.7 as they were always

the largest two categories.

Species
accessory
genome

Species core ST core
genome genome

Non-species ST

Ccore genome

Figure 3.6: Depiction of pangenome segments used in this analysis.
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Figure 3.7: Hierarchically clustered heatmap showing percentage of ST-specific
core genomes classified into 20 functional COG categories (clustered by per-
centage presence in core genome row-wise and column-wise using UPGMA
clustering). COG categories that are enriched in a sequence type are outlined
in red (percentage of ST-core genome designated to a COG category lies above
the upper quartile plus 1.5 times the inter-quartile range for all ST-core genomes
in that COG category). Functional COG categories: A - RNA processing and mod-
ification, C - energy production and conversion, D - cell cycle control and mitosis,
E - amino acid metabolism and transport, F - nucleotide metabolism and trans-
port, G - carbohydrate metabolism and transport, H - coenzyme metabolism, |
- lipid metabolism, J - translation, ribosomal structure and biogenesis, K - tran-
scription, L - replication and repair, M - cell wall/membrane/envelope biogenesis,
N - cell motility, O - post-translational modification, protein turnover, chaperone
functions, P -inorganicion transport and metabolism, Q - secondary metabolites
biosynthesis, transport and catabolism, T - signal transduction, U - intracellular
trafficking and secretion, V - defence mechanisms, W - extracellular structures.

Hierarchical clustering of the percentage of each ST-core genome assigned
to 20 COG functional categories highlighted the ST131- and ST10-specific core
genomes as having the most distinct functional profiles, as demonstrated by the

dendrogram to the left of Fig. 3.7. The accessory genomes were also functionally
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categorised, however in all ST pangenomes the accessory genome was domi-
nated by genes of unknown function (data not shown). The data show that ST
pangenomes do not possess uniform core functional profiles and additionally,

this observed variation is not heavily influenced by the identity of the phylogroup.

We also examined variation in ST-specific core genomes, and in particu-
lar their propensity to be differentially enriched in specific biological processes
of a particular function. ST95, ST410, ST648,ST131, and ST10 exhibited func-
tional enrichment in four COG categories in their ST-specific core genomes (see
§3.2.4). ST95 was enriched in genes linked to cell membrane biogenesis (cate-
gory M); ST10 was enriched in genes pertaining to transcription (category K) and
carbohydrate metabolism and transport (category G); ST410 and ST648 were
enriched in energy production and conversion genes (category C); and ST131
was enriched in genes pertaining to cell membrane biogenesis (category M) and
carbohydrate metabolism and transport (category G). These enriched categories
are highlighted in Fig. 3.7. ST11 and ST10 were also reported to be notably en-
riched in categories D (cell cycle control, cell division, chromosome partitioning)
and A (RNA processing and modification), respectively, but the percentage levels
of these categories across all STs was negligible. The enrichment of certain func-
tional categories in specific STs suggest that genes encoding these functions

may be particularly influential in these STs.

The ST131 pangenome has distinct gene presence patterns at phylogroup

and species level.

Further investigation of the presence patterns of genes from ST pangenomes
enriched in specific COG functional categories (outlined in Fig. 3.7) across other
ST pangenomes revealed that the ST131 pangenome displays gene presence

and absence patterns that are distinct from other phylogroup B2 ST pangen-
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omes. The ‘'mhpA’ gene cluster from the ST410 pangenome, or mhpA_1' gene
cluster from the ST648 pangenome, is present in only the ST131 pangenome
out of the ten B2 phylogroup ST pangenomes (Fig. 3.8, Fig. 3.9). mhpA en-
codes a 3-(3-hydroxy-phenyl)propionate hydroxylase involved in phenylalanine
metabolism [211]. Similarly, the ‘mgnA_mngA_1",'mngB’ (Fig. 3.10)and ‘mngR_1’
(Fig. 3.11) clusters from the ST10 pangenome are only present in the ST131
pangenome out of all B2 phylogroup ST pangenomes. In addition to the phylo-
group-unique presence of clustersinthe ST131 pangenome there are also gene
clusters (‘rspA_1’,'hbp’, ‘tsx_1', fimC_1") from the ST95 pangenome that are uniqg-
uely absentinthe ST131 pangenome out of the B2 phylogroup ST pangenomes
(Fig. 3.12).
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Figure 3.8: Hierarchically clustered heatmap of the average presence of energy
production and conversion clusters (COG functional category C) from the ST410
core genome across 2 1 sequence types of E. coli.
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Figure 3.9: Hierarchically clustered heatmap of the average presence of energy
production and conversion (COG functional category C) clusters from the ST648
core genome across 2 1 sequence types of E. coli.
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Figure 3.10: Hierarchically clustered heatmap of the average presence of carbo-
hydrate transport and metabolism clusters (COG functional category G) from the
ST10 core genome across 21 sequence types of E. coli.
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Figure 3.11: Hierarchically clustered heatmap of the average presence of tran-
scription clusters (COG functional category K) from the ST10 core genome across

21 sequence types of E. coli.
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Figure 3.12: Hierarchically clustered heatmap of the average presence of cell
wall/membrane/envelope biogenesis clusters (COG functional category M) from

the ST95 core genome across 21 sequence types of E. coll.
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The ST131 pangenome possesses core genes that are not seen in any
other E. coli considered in this study. Notable presence patterns within ST131's
enriched carbohydrate transport and metabolism core genes (Fig. 3.13) include
the uniquely present ‘group_3501'and'yihP_yicJ_3_yicJ_1"gene clusters. These
clusterswere not detected in any other ST pangenome. Functional annotation of
‘group_3501'suggeststhisgene encodes a glycosyl hydrolase and eggNOG pro-
vided xy/IS as an annotation for this gene cluster. In the KEGG orthology database
[87, 88], xyIS is synonymous with yicl [146]. With this connection, we postulate
that these two gene clusters of the yicJl operon, uniquely present in the ST131
pangenome, are involved in the same xyloside metabolic pathway. The nucl-
eotide sequence was searched against the uniprot [6] database resulting in a
top hit of 85.3% similarity to a putative glycosyl hydrolase from Citrobacter ro-

dentium and Citrobacter freundii.
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Figure 3.13: Hierarchically clustered heatmap of the average presence of carbo-
hydrate transport and metabolism clusters (COG functional category G) from the
ST131 core genome across 2 1 sequence types of E. coll.
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3.3.4 Allelic variations of metabolic genes

ST131 and ST10 pangenomes possess multiple alleles related to carbohy-

drate metabolism and transport.

We have identified two ST-specific core genomes, ST10 and ST131, that are en-
riched in carbohydrate metabolism and transport (category G) genes. To inves-
tigate whether this enrichment was related to metabolic allelic diversity, we ex-
plored the presence of alleles within the category G genes in the ST131 and
ST10 pangenomes. The ST131-specific core genome includes n = 100 gene
clusters linked to carbohydrate metabolism and transport (category G), of which
64% are indicated to have multiple alleles present, as different gene clusters, in
the ST131 pangenome (Appendix, Table 2). These include, but are not limited
to, manRXZ, sorABFM, malPX and gatABCYZ, involved in the mannose, sorbose,
maltose, and galactose phosphotranserfase systems [20, 145, 172, 202]. The
ST10-specific core genes in category G (Appendix, Table 3) that have multiple
alleles present across the ST10 pangenome include mngAB, involved in man-
nose transport and metabolism [171] and sugar efflux transporters setAC [109].
A full summary of the number of genes present as multiple alleles per enriched
COG category is provided in Table 3.7. Beyond multiple alleles of carbohydrate
metabolism genes being present across the pangenome, certain genes were
present as multiple alleles within the ST131 core genome. The ST131-specific
core genome possessed two alleles of each of the following genes: fruA, gatC,
kdgK, nagB, tabA, and uxaA. Multiple alleles of carbohydrate metabolism genes
were not present within the ST10-specific core genome, but there were multiple

alleles present of three transcription genes: glpB, hcaR, and mngR.
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Table 3.7: Numbers of genes and distinct alleles per enriched functional COG
category.

Sequence Enriched Genes Distinct alleles in Distinct alleles in
Type COG category ST pangenome ST-core genome
STe48 C 35 15 2
ST410 C 39 16 6
ST10 K 40 20 7
G 42 28 0
ST131 G 100 o4 12
M 57 21 2
ST95 M 72 18 8

Further investigation revealed that the fructose phosphotransferase sys-
tem (PTS) gene, fruA, beyond being present as two alleles in the ST131-specific
core genome (as clusters fruA_2"'and fruA_3_fruA_1") was in fact present as four
geneclustersacrossthe ST131 coregenome; fruA_1"and ‘manP_fruA_4_fruA_1"
clusters were found to be present in the species core genome. To investigate the
functionality of these four gene clusters, functional domain analysis was carried
out using InterProScan [83]. Three distinct functional domains corresponding
to the PTS system EIIA, EIIB, and EIIC components [168] were identified within
the four fruA clusters. fruA_1" possessed both EIIB and C, whilst ‘manP_fruA_4_
fruA_1" and fruA_3_fruA_1" possessed only EIIC (Fig. 3.14). fruA_2' encodes the
PTS EIIA component that is associated with fruB rather than fruA [49]. This dis-
crepancy is likely attributable to the Panaroo cluster naming algorithm rather
than being of biological significance. The presence of these four gene clusters is
shown in Fig. 3.14. The three correctly named fruA clusters are distinct (greater
than 5% sequence divergence), highly conserved, seemingly functional, and en-
code non-truncated peptide sequences which suggests annotation error, degra-

dation, or pseudogenisation are unlikely to be responsible for this multiplicity.
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Figure 3.14: a) Phosphotransferase system components encoded by four fruA
annotated clusters and b) cluster presence across an E. coli phylogeny, created
using ITOL [103].

Alleles of metabolism genes vary in core status across sequence types.

To examine metabolic diversity within ST-core genomes in more detail, we per-
formed metabolic reconstructions for the core genome of each ST pangenome
using CarveMe [119] to create a ‘'ST core metabolic profile’ so that gene informa-
tion could be extrapolated to utilisation and specific metabolic pathways. Com-
parison of the 21 ST core metabolic profiles uncovered 825 metabolic reactions
that were found in at least one ST core metabolic profile, but not common to all

STs (i.e. not a species-core reaction). We focused further analysis on metabolic re-
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actions that were uniquely present in a single ST core metabolic profile. Tracing
uniquely present reactions within the BiGG database [92] back to their related
gene names, and then searching for these names within our dataset, led us to a
subset of gene clusters with non-ubiquitous presence patterns (Fig. 3.15). These
selected clusters were fhuA (iron acquisition) [61], pduCDEF (propanediol utili-
sation) [18], mntH (manganese transport) [123], and the hydratase crt [200].
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Figure 3.15: Hierarchical row-wise clustering of the average presence of crt, fhuA,
mntH and pduCDEF gene clusters across 2 1 sequence types of E. coll.

The manganese transporter mntH [123] hastwo alleles present in the core
genome of ST131 (Fig. 3.15), which raises the question of why there is a fixed
second allele and why this has not happened in another ST pangenome. Func-

tionaldomain analysisof ‘mntH_1"and ‘mntH_2' returned the same InterPro an-
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notation accession number for both alleles. Similarly, fhuA and crt have two alle-
les simultaneously present in the core genomes of multiple STs (Fig. 3.15). The
crt alleles are also involved in a conditional relationship. From the clustermap
in Fig. 3.15, we see that the ‘crt_1_crt_3_crt_2' cluster is only present in an ST
pangenomewhen‘crt_2_crt_1_crt_3"isalso present, with the possible exception
of ST144. Additionally, the fhuA_2' cluster is only present, excluding phylogroup
F STs, when ThuA_1"isalso present in the ST, with the possible exception of ST38.

Fixation of the propanediol utilisation operon pduCDEF has occurred uni-
quely in ST144 (Fig. 3.15). These genes are reported in other STs (ST372, ST28,
ST141,STe48,ST12, STe9, ST14, ST38) at lower average frequencies, showing
that pduCDEF are accessory genes intermittently present within these STs. The
pdu operon is involved in anaerobic respiration which is used by enteropath-
ogenic Enterobacteriaceae to out-compete existing intestinal microbiota dur-
ing infection andisfrequently reported in Yersinia enterocolitica and Salmonella
Typhimurium [129]. However, this was considered to be a rare phenotype in E.
coli [162]. Each of the four genes presented here provide additional evidence for

sequence level variation in metabolism between E. coli STs.

3.4 Discussion

Extensive phenotypic variation and the existence of diverse STs within E. coli is
well documented [32, 162]. However, little is known about how the genetic
repertoire of each ST varies in terms of pangenome structure and content, and
consequently which genes are given core status within different ST pangenomes.
We build upon previous work analysing a single E. coli species pangenome [71,
162]or E. coliST pangenome [47, 130, 131] by performing large scale compara-
tive analysison 21 ST pangenomes constructed from over 20,000 genomes. We

introduce the concept of comparative pangenomics with a method that interro-
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gates ST pangenome content and structure variation across the species. We also
classified the ST-specific core genome of each ST pangenome into COG func-
tional groups. Our study revealed variation in pangenome structure and core

genome functionality both across and within E. coli phylogroups.

Pangenomes can reflect the ecology of an organism [42, 122] so insight
may be gained by translating gene presence/absence to, for example, niche oc-
cupation. Genescoretoan ST, or a group of STs, provide indicators of evolutionary
advantages in certain ecological settings and genetic backgrounds [70]. From
our dataset, ST10 was the only ST pangenome to have no unique core genes.
This weak unique core signature may reflect the heterogeneous nature of ST10
[2]. Thisaligns with previous work that has identified ST10 as a generalist lineage
and a potential genetic reservoir for other E. coli lineages [77, 162]. However, it
may be possible that other STs in our dataset are less well sampled than ST10
and are therefore less representative of their ecological realities. An underlying
caveat of all pangenome analysis is sampling bias. There is almost certainly in-
complete coverage of all possible source diversity in our dataset which isimpossi-
ble to fully capture. This is primarily caused by oversampling of particular niches
such as human clinical samples within E. coli genomic datasets. Inadequacy in
sampling will also affect the classification of a gene as core. For instance, it may
be poor sampling that makes a gene appear as core, when denser sampling
would have moved it to the accessory category. Ecological under-representation
within sampling must always be considered when interpreting any results from

pangenomic analysis.

Previous estimates of the size of the E. coli core genome fell in the range
of 1,000 to 3,000 gene clusters and were extrapolated from small genome col-
lections ranging from 14 to 186 isolates [31, 85, 113]. We build upon this ear-
lier work by estimating a 2,172 E. coli core genome from a much larger dataset.

The bias within EnteroBase towards human pathogens, due to clinical relevance,
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may impact our defined core genome as there could conceivably be a false over-
representation of genes relating to, say, virulence and antibiotic resistance as a
result of our sampling. Many of the STs sampled in this work are EXPEC lineages,
but there are also representative lineages from other pathotypes and commen-
sals, and the lineages represent all possible phylogroups and a range of AMR
prevalence, and therefore we believe are a broad representative sampling of E.
colifrom many common genetic backgrounds. Nonetheless, the non-uniformity
in structure between E. coli ST pangenomes demonstrates the extent of the
flexibility within this species and is a valuable lesson gained from comparative

pangenomics.

The presence of multiple categories of metabolic genes were seen to cor-
relate with the presence of AMR genes and MDR in the accessory genome. Work
by Connor and colleagues [40] has also shown that AMR gene carriage corre-
lates to metabolic gene carriage. How this correlation between metabolism and
resistance has occurred we do not know yet, but this observation holds across
multiple STs in different phylogroups so may have evolved in parallel in multiple
phenotypic settings within the species. The negative correlation between the
proportion of the accessory genome of unknown function (COG category S) and
carriage of resistance genes does not have an obvious biological implication, but
we speculate that this may be influenced by the bias of clinical studies to focus on
resistance leading to better characterisation of these isolates and their genomic

repertoire.

We also found that the function of genes given core status within an ST
pangenome (the ST-specific core genome) varied between STs, with certain ST
pangenomes having higher percentages of genes in four functional COG cat-
egories. energy production, carbohydrate metabolism, transcription, and cell
membrane biogenesis. This enrichment may signpost ST-specific adaptive evo-

lutionary processes as a signature of selection via accumulation of allelic diversity.
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Reduced metabolic flexibility has been observed frequently during the process
of pathogen niche adaption [130, 136, 193] and this may be what we see occur-
ringin MDR lineages. Itisalready known that there are large ecological variations
in E. coli. Isolates have been found as gut commensals in most animals, as well as
in environmental samples, and can exist on a spectrum of pathogenicity ranging

from complete commmensal to strict pathogen.

Our goal was to test whether E. coli ST pangenomes are evolving in a uni-
form way. Our data shows that variation in core functions between ST pang-
enomes is a clear signal of ST-specificity, and we show that ST pangenomes are
distinct in different ways, from structure to alleles of genes varying in core status
across ST pangenomes. We have also provided a putative list of core gene clus-
ters from a dataset of over 20,000 E. coli genomes. We believe that this compar-
ative pangenomics approach represents a valuable tool in the future analysis of

microbial genomics and population genomics.
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Chapter Four

MDR E. coli do not share a common
evolutionary trajectory of gene

degradation

4.1 Introduction

The data presented in Chapter 3 show that MDR lineages display increased vari-
ation in genes of specific biological processes, including amino acid, inorganic
ion, and coenzyme transport and metabolism. We also went on to show that
there was allelic metabolic variation, both at the core and accessory gene level,
that occurs within and between STs. The prevalent nature of metabolic varia-
tion within E. coli, and particularly the enrichment of various metabolic genes in
MDR lineage core genomes previously presented draws attention to the role that
gene level variation, in the form of SNPs and indels, may play in the evolution of

multi-drug resistance.

A potentiating mutation is a mutation that permits, or increases the like-
lihood of, evolving a phenotypic trait or function. These have been described

in the context of inter-species cooperation between E. coli and Salmonella en-
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terica [53] and in the evolution of citrate usage under oxic conditions in E. coli
[16]. Potentiating mutations that permit multi-drug resistance but are not di-
rectly linked to AMR genes or antibiotic target sites is a relatively new concept,
with increasing evidence for this phenomenon being gathered over the past
ten years. Mutations in intergenic regions were identified by McNally and col-
leaguesin 2016 within the MDR ST131-C/H30 that were described as compen-
satory mutations that offset the fitness cost of resistance plasmid maintenance
[130]. Afollow up study in 2019 found mutations in core anaerobic metabolism
genes and virulence genes relating to iron acquisition, heavy metal resistance,
capsule biosynthesis, lipopolysaccharide (LPS) synthesis, and flagella specific to
clades B/C of ST131 that resulted in high allelic diversity in these gene categories
[131]. This pattern has also been seen in other MDR lineages where mutations
in colonisation factors, such as iron acquisition [60], LPS biosynthesis [220], and
anaerobic metabolic genes [60, 220], as well as intergenic regions [60, 220]
have been shown to correlate with multi-drug resistance. These correlations led
Dunn and colleagues to hypothesise that MDR clones of E. coli emerge primarily
from their evolution towards out-competing other E.coli in the intestinal tract via
anaerobic metabolic processes, which is subsequently followed by acquisition of

plasmids and evolution of AMR during prolonged colonisation [55].

In light of these previous findings, we now take a systematic approach to
identify parallelisms between functionally significant non-synonymous changes
in protein coding genes, of any function, and multi-drug resistance. To do so
we will use the power of machine learning methods. The delta-bitscore method
[205] leverages profile hidden Markov models to quantify the potential impact
of nonsynonymous mutations on the function of a protein by comparing mu-
tations in a protein to naturally occurring patterns of variation. If a mutation is
under-represented in nature, it is likely to be selected against due to a negative
impact on protein function. The random forest (RF) algorithm is a ‘supervised'’

machine learning approach that can be used to make predictions about data by
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learning from examples. It is well suited to delta-bitscore input data because al-
ternative supervised learning approaches, such as support vector machines and
elastic nets do not allow interactions between genes as ‘and or’ relationships to
be modelled. These are relationships where two genes perform the same func-
tion and either or both can be present for implementation of the function. These
types of genetic interactions may be important in cases where inactivation of
genes within a pathway or biological process need to be considered collectively,
making alternative methods poorer choices for use on this data. The inclusion of

bootstrapping in the random forest algorithm also makes it more robust.

The combination of delta-bitscore and machine learning techniques has
already successfully identified signatures of mutational burden that indicate adap-
tion to an invasive lifestyle in Salmonella enterica [204] and Campylobacter je-
Jjuni [206], We aim to apply the same methodology to identify signatures of mu-
tational burden in genes that may be a precursor to the evolution of multi-drug

resistance.

In thischapter, we willagain interrogate our curated dataset of over 20,000
genomes representing the full phylogenetic diversity of E. colidescribed in§2.2.1,
this time with a focus on functionally significant non-synonymous changes in
protein coding genes. We quantify the burden of atypical mutations in protein
coding genes using the delta-bitscore metric to then apply a machine learn-
iNng approach to probe this unique dataset. We assess the ability of a RF and
an XGBoost classifier to identify atypical mutations in protein coding genes that
are signatures of multi-drug resistance in E. coli and compare the most impor-
tant predictive features across both methods. A RF classifier is based on bag-
ging where multiple decision trees votes are combined to make a final predic-
tion whilst XGBoost is a boosting algorithm where decision trees are built se-
guentially to correct the errors of the previous tree. The latter is more prone to

over-fitting. Finally, we will evaluate how well signatures identified by the RF gen-
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eralise across distinct E. coli lineages.

4.2 Methods

4.2.1 Merging pangenomes

To build a machine learning model, orthology relationships between all proteins
from 20,577 isolates are required. To obtain thisinformation,the 21 ST pangenome
graphs created in §3.2.3 were merged using the panaroo-merge function within
Panaroo. This approach is recommmended by the creators of Panaroo for work-
ing with large or diverse datasets as the algorithm assumes that a dataset is not
overly diverse and therefore results will be improved by working on separate clus-

ters of genomes individually before merging.

4.2.2 Bitscore analysis

To assess the functional divergence of proteins within the dataset, bitscores were
assigned to each individual orthologous group. Firstly, sequences with internal
stop codons were trimmed using a custom Perl script [github.com/Gardner-Bin
fLab/invasive_salmonella/blob/master/build_random_forest/trimtruncations.pl].
Thisisdone to prevent hmmsearch scoring residues past premature stop codons
as if they were translated. The Gammaproteobacteria hidden markov models
(HMMs) database was downloaded from eggNOG (v5.0) [78]. All trimmed pro-
tein sequences were compared to the database with hmmsearch [hmmer.org]
to assign bitscores [205] to 36,766 orthologous groups. These results were then
parsed with a custom perl script [github.com/Gardner-BinfLab/deltaBS/blo

b/master/src/parse_bitscores.pl] to create a tab-delimited file of bitscores that
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were a suitable format for analysis. Instances where no bitscore was assigned to
a gene cluster were removed from the dataset to exclude samples that did not

have an appropriate model match.

4.2.3 Bitscore quality control

After bitscore assignment, quality control was carried out to ensure that all gene
clusters included in our analysis had sufficient numbers of bitscores assigned
and that appropriate models were chosen to assign the bitscores. The quality
control was done in three stages. Firstly, for each orthologous group, samples
with a bitscore two standard deviations above the median group bitscore value
were removed. This was done to avoid instances where a missing stop codon
causes a longer sequence segment than intended to be scored, resulting in an
incorrectly inflated bitscore. This artificial score inflation can occur when the ex-
tended sequence segment is a high match to related genes in other species
where there is no stop codon. Secondly, groups with less than 100 bitscores
assigned overall were removed. This was done to reduce potential noise in the
dataset as these groups are either genes at extremely low abundance in the
dataset, or likely to be incorrect matches between models and protein sequences.
Finally, groups with multimodal bitscore distributions that had stationary points
> 50 bitscores apart were removed. This was done to exclude gene clusters with
more than one top model hit as distinct peaks in a bitscore distribution correlate

to bitscores produced from top hits to different profile HMMs.

4.2.4 Phylogenetically-informed subsampling

For the purposes of the machine learning analysis, a smaller set of samples was

required to ensure feasible computation times. The initial dataset of 20,577
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genomes (Table 3.1) was trimmed using Treemmer [132] with the default pa-
rameter of pruning one leaf per iteration. This produced a dataset of 5000
genomes still spanning the 21 STs that represent the phylogenetic diversity ini-

tially captured in the larger dataset.

4.2.5 Delta-bitscore analysis

First, we examined the delta-bitscore distribution of core genes for MDR and
non-MDR strains. We defined our delta-bitscore metric with the following equa-
tion:

DBS; = BS — BS;,

where DBS; is the delta-bitscore for the i** sample, BS is the median bitscore
value and BS, is the bitscore of the i sample for a given orthologous group. In
cases where there was no difference between the median and sample bitscore,
these zero delta-bitscore values were removed as we were only interested in de-

viation from the consensus.

To assess the delta-bitscore distributions of the core genome, the 5000
subsampled dataset was first separated into MDR and non-MDR groups. Then
a list of core gene clusters was taken from the pangenome reference output
file of Panaroo using a custom python script [github.com/lillycummins/Inte
rPangenome/blob/main/pangenome_splitter.py] with a 0.99 core threshold.
Delta-bitscores for all gene clusters in each phenotypic group were compiled. A
two-sample Kolmogorov-Smirnov (KS) test was implemented for the MDR and
non-MDR core genome comparison using the ks_2samp package imported from
scipy.stats. The same method was used to compute the KS statistic and p val-
ues for individual core genes. The core genes were then assigned COG functional
categories as previously described in §3.2.4. Fishers exact test was used to iden-

tify COG categories significantly enriched with genes with significantly different
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delta bitscores in MDR and non-MDR populations. This test was implemented
using the fisher_exact package imported from scipy.stats. To assess similar-
ity of the delta-bitscore distributions of the MDR and non-MDR populations a
quantile-quantile plot was created using pylab. The quantiles for the larger non-
MDR dataset were found by linear interpolation using interp from numpy. Se-
guence alignments for genes with significant differences in delta-bitscore dis-

tributions were performed using clustalo (v1.2.4) with the default settings.

4.2.6 Machine learning

The python package sklearn [150] was used to build machine learning classifiers
and balanced accuracy was used to measure the performance of models. A ran-
dom forest classifier was built with specified hyperparameter settings. The max-
imum number of features to consider for each split in the decision trees within
the random forest could be 10, 50 or 80% of the total features. The number of
decision trees to include in the random forest ensemble could be 10, 100, 500,
1,000,0r 10,000. The input data was divided into testing and training data using
test_train_split from sklearn.model_selection wWith a 20% test set. The models
were evaluated using grid search for hyperparameter optimisation. Grid search
cross-validation was performing using GridSearchCV 3-fold cross-validation from
sklearn.model_selection to identify the best hyperparameters. Model accuracy
was plotted across the different hyperparameter values to evaluate the suitabil-
ity of the hyperparameter space. The features from the initial model training
were trimmed by removing any zero feature importance values. After this initial
cycle, model retraining with feature selection was implemented five times. Dur-
ing the five further training cycles, iterative feature trimming removed features

below the median feature importance value.

An XGBoost classifier for binary classification with hinge loss, a 0.6 column
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subsampling ratio and a maximum depth of two for each tree was built with
specified hyperparameter settings. The boosting process could have a rate of
0.01 or 0.1, the regularisation parameter (alpha) could be 0.00001 or 0.0001,
the minimum loss reduction required to make a further partition on a leaf node
(gamma) could be 0.05 or 0.1, and the subsampling ratios of the training in-
stances could be 0.2, 0.4, or 0.6. The same pattern of feature trimming and re-
training cycles was implemented as previously described for the random forest

classifier.

4.3 Results

4.3.1 A 54,597 gene cluster E. coli pangenome

E. coli pangenomes have been estimated and analysed in numerous contexts
[85,113,137,162] but not from a dataset as vast as the collection of genomes
considered in this work. We constructed an E. coli pangenome from 20,577
genomes by merging the 21 individual ST pangenomes analysed in the pre-
vious chapter. This resulted in a total of 54,597 orthologous groups being iden-
tified (Figure 4.1), which were classified by Panaroo as 48,227 cloud genes (0%
< strains < 15%), 3,055 shell genes (15% < strains < 95%), 123 soft core genes
(95% < strains < 99%), and 3,192 core genes (99% < strains < 100%).
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Figure 4.1: Workflow of the analysis steps discussed in this chapter. Number of
genes kept at the end of every step is shown below each arrow. Steps pertaining
to §4.3.2 are shown in the left dashed box and steps pertaining to §4.3.3 are
shown in the right dashed box.

4.3.2 Core genome bitscore analysis

Significant difference in core genome functional sequence variation be-

tween MDR and non-MDR phenotype

The delta-bitscore metric was used to quantify the functional significance of gene

sequence variation. Of the 3,162 core genes taken from the pangenome ref-
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erence Panaroo output file, 1,072 could be assigned appropriate bitscores that
passed quality control after comparing them to the eggNOG Gammaproteobac-
teria profile HMMs. The dataset was then reduced to 5,000 genomes for com-
putational efficiency and split into MDR (n = 1,738) and non-MDR (n = 3,262)
populations. We found a significant difference in delta-bitscore distributions be-
tween these two groups (KS two sample test, p = 3.581 x 107%). A quantile-
guantile (Q-Q) plot was used to assess differences in the delta-bitscore distribu-
tions for the two populations. The blue line in Figure 4.3 represents the quantile
levels of the two datasets plotted alongside a black reference line representing
an equal distribution. Figure 4.3 shows that the two populations do not share a
common distribution of delta-bitscores, with the non-MDR population display-
ing significantly higher positive values. The non-overlapping mean 95% confi-
dence intervals (MDR: 0.578-0.598, non-MDR: 0.688-0.706) also infer a positive
shift in delta-bitscore distribution for the non-MDR population. Together, these
statistical results show increased positive delta-bitscore values for the non-MDR
group indicating greater divergence from the profile models for protein coding
genes from the non-MDR population when compared to the MDR population.
This suggests that there are more deleterious mutations occurring within the
non-MDR population, which may be resulting from genetic drift or niche spe-

cialisation.
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Figure 4.2: (A) Density distribution plot of delta-bitscores of core genes. (B)
Zoomed segment of (A). Only non-zero values are plotted to focus on deviation
from consensus sequences. MDR density range: [-42.9, 357.4], non-MDR den-
sity range: [-55.5, 400.0]. KS test statistic: 0.016, p-value: 3.581 x 10,
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Figure 4.3: Quantile-quantile plot of the delta-bitscore distributions of the non-
MDR and MDR populations, shown in blue. Black reference line indicates an
equal distribution.

Significant sequence variation differs by gene function

The functional significance of gene sequence variation was then assessed on a
gene by gene basis for the core genome of the 5000 E. coli isolates. Of the
1,072 core genes assigned appropriate bitscores, 72% (n = 775) of genes dis-
played a significant difference in delta-bitscore distribution between the MDR
and non-MDR isolates (KS two sample test, p < 0.05). Classification into func-
tional COG categories revealed that genes with significant differences in delta-
bitscores were not evenly distributed across functional categories (Figure 4.4).
Fishers exact test was used to identify COG categories significantly enriched in
geneswith or without significant differences in delta-bitscores between the MDR

and non-MDR populations. The p values are shown in Table 4.1. COG cate-
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gories that were significantly enriched with core genes that had significant dif-
ferences in their delta-bitscores between the MDR and non-MDR populations
were cell motility (N), three metabolic groups pertaining to energy conversion,
amino acids, and coenzymes (C, E, H), and genes of unknown function (S). Two
COG categories had significantly higher levels of genes that did not have signifi-
cant differences in their delta-bitscores between the MDR and non-MDR popu-
lations: translation, ribosomal structure and biogenesis (J) and cell cycle control,
cell division, and chromosome partitioning (D). Translation and cell division are
both essential biological processes which makes it unlikely that significant ge-

netic variation in genes of related functions would be tolerated.

0.25 mmm Significant
. Non-significant

0.20

0.15

Proportion of category

0.10
0.0

mJ“L“hﬂ “Hhh“h|hhh

Cellular processes and signaling Information storage Metabolism Unknown
and processing

v

COG Categories

Figure 4.4: Proportion of genes per COG category with significant and non-
significant delta-bitscore differences between MDR and non-MDR populations.
*p<0.05 " p<0.001.
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Table 4.1: COG category correlation with number of genes with a significant dif-
ference in delta-bitscore distributions between MDR and non-MDR populations.
Categories where genes with significant sequence variation were the majority
are indicated in the final column. Rows ordered by ascending p value. Rows
highlighted in bold are significant (p < 0.05). Correlations were assessed using

Fishers exact test.

Sig. seq.
COG Category p value variation
3 Tfanslatio.n, ribosomal structure and 5.88034501x10-° No
biogenesis
H Coenzyme transport and metabolism 0.02233998 Yes
C Energy production and conversion 0.02910626 Yes
N Cell motility 0.03491367 Yes
E Amino acid transport and metabolism 0.03947017 Yes
D Cell cycle control, f:gll <3|ivision, 0.04083329 NG
chromosome partitioning
S Function unknown 0.04627162 Yes
G Carbohydrate metabolism 0.11450751 Yes
V  Defence mechanisms 0.11470415 Yes
T Signal transduction mechanisms 0.15475307 Yes
K Transcription 0.1661356 No
P Inorganic ion transport and metabolism  0.18352007 Yes
U Intracell_ular trafficking, secretion, 0.2518905 NG
and vesicular transport
- No functional annotation available 0.43929156 Yes
A RNA processing and modification 048141264 No
o Post-translational modification, protein 0.48290359 NG
turnover, and chaperones
M  Cell wall/membrane/envelope biogenesis 0.48544924 Yes
O Secondary metabolite; biosynthesis, 0.53387507 Ve
transport, and catabolism
| Lipid transport and metabolism 0.66472361 Yes
F  Nucleotide transport and metabolism 0.79034686 No
L Replication, recombination and repair 1 No

Sequence variation is not indicative of the MDR genotype

To inform our selection of genes within COG categories that have a significant

difference in sequence variation between the MDR and non-MDR populations,
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genes were selected from the literature that have been shown to be upregulated
in response to multi-drug resistance plasmid acquisition that were presentin our
dataset. The glp, hyb, hyc, and nar operons have been identified previously by
Dunn, Carrilero, and colleagues as genomic regions that are altered in response
to multi-drug resistance plasmid acquisition [30, 54]. The components of these
operons; glpQ, hybE, hycl, and nard; were present within COG category C in our
dataset. The bitscore distributions of these four genes all show a common sig-
nal that could indicate increased functional divergence in the non-MDR popula-
tion, demonstrated by the pronounced trail of lower bitscores in each plot (Fig-
ure 4.5). Manual inspection of protein alignments for each gene revealed that
the lower scores present in the non-MDR group were attributed to single amino
acid changes at conserved sites. The substitutions occurred at multiple different
sites within each gene. These findings imply that there is no common mutation

across lineages that can be associated with an MDR genotype.
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Figure 4.5: Bitscore plots for A) glpQ (n = 4968), B) hybE (n = 4986), C) hycl/
(N=4997),and D) narJ (n = 4994).
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4.3.3 Predicting multi-drug resistance from functionally sig-

nificant mutations

Moving beyond the core genome, we investigated whether functionally signifi-
cant mutations occurring in genes anywhere in the pangenome could be used
as predictors for the MDR phenotype. To do so, machine learning algorithms
were trained on the 5,000 genome dataset. The distribution of bitscores from
§4.3.2 was used by the machine learning models to identify genes that showed
a difference in adherence to sequence constraints between the MDR and non-
MDR populations. The input data consisted of 3,997 gene bitscores, following
quality control measures described in §4.2.3 and the removal of genes with vari-

ance between O and 0.01.

A random forest model predicts MDR phenotype with 75.3% accuracy

A RF model was initially selected for training due to its suitability for biological
data. lterative feature selection was performed to improve the accuracy of the
model. Initially, genes with zero importance were removed (n = 572) and the
model was retrained on the smaller gene set. Following this, four further rounds
of feature selection were performed, where genes below the median feature im-
portance value were removed each time. Balanced accuracy was used to assess
performance as we were using an imbalanced dataset. The balanced accuracy
of each feature selection stage is shown in Figure 4.6. The first iteration of fea-
ture selection provided the most accurate classifier with a balanced accuracy of
75.3% (Figure 4.6).
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Figure 4.6: Balanced accuracy score after each iteration of feature reduction for
the random forest model training.

Metabolic genes account for half of top ten predictive genes in the RF model

The top ten predictive genes, alongside their assigned importance value and
COG category are shown in Table 4.2. The gene ybaA was deemed the most in-
formative feature for the RF classifier, with a feature importance value of 0.102.
The function of this gene is unknown, as it encodes a protein of unknown func-
tion (DUF1428). All other predictors had relatively lower feature importance
values below 0.03 (Figure 4.7). Half of the ten best predictors had metabolic
functions (three energy production and conservation genes, mioC, ynfF, hmp;
one inorganic ion transport and metabolism gene, nrfD, and the regulator of
the operon responsible for 2-keto-3-deoxy gluconate metabolism and transport
kdgR).
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Figure 4.7: Feature importance for each gene in ascending order from the ran-
dom forest model with the highest balanced accuracy. Blue line indicates the
median feature importance value used for iterative feature selection. The top
five most important genes are labelled.

Table 4.2: The ten most importance features of the random forest model for pre-
dicting multi-drug resistance.

Gene Description F eature
importance
ybaA DUF1428 0.10238156
mioC ele;t.ron transporter required for biotin synthase 0.0209262
activity
nrfD  Polysulphide reductase 0.02015565
Pili assembly chaperone PapD,
y1eQ C-terminal domain 001145689
hcpA  PAAR repeat-containing protein 0.0094587
kdgR Transcriptional regulator 0.00937971
ynfF  Molybdopterin oxidoreductase 0.0077315
symE Endoribonuclease activity 0.00598304
Is involved in NO detoxification in an aerobic
process, termed nitric oxide dioxygenase (NOD)
reaction that utilizes O(2) and NAD(P)H to
hmp convert NO to nitrate, which protects the 0.0055481
pbacterium from various noxious nitrogen
compounds. Therefore, plays a central role in the
inducible response to nitrosative stress
lysR  Transcriptional activator protein LysR 0.00514319
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An XGBoost model predicts MDR phenotype with 73.4% accuracy

An XGBoost model was then selected for training due to the self-correcting as-
pect of the algorithm’s adaptive learning, to try and improve upon the RF classi-
fier predictions. Iterative feature selection was performed as previously described.
The first iteration of feature selection again provided the most accurate classifier
with a balanced accuracy of 73.4% (Figure 4.8). Thisis lower than the RF classifier

and is therefore not a better predictor of multi-drug resistance.

0.7334
0.731

0.729

Balanced accuracy

0.727

Iteration

Figure 4.8: Balanced accuracy score after each iteration of feature reduction for
the XCBoost model training.

ybaA is the most informative gene for both models

The XGBoost model also selected ybaA as the most importance feature, though
with a lower feature importance of 0.041 (Figure 4.9) compared to the RF fea-
ture importance value of 0.102. Four out of the ten most important features de-
termined by the XGBoost model overlapped with the top ten predictors of the
RF model (Table 4.3). These were ybaA, a cluster named hcpA but annotated
as encoding a PAAR repeat-containing protein, nrfD encoding a polysulphide
reductase, and the transcriptional regulator of transport and catabolism of 2-

keto-3-deoxy gluconate kdgR [157].
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Figure 4.9: Feature importance for each gene in ascending order from the XG-
Boost model with the highest balanced accuracy. Blue line indicates the median
feature importance value used for iterative feature selection. The top six most im-
portant genes are labelled.

Table 4.3: The ten most importance features of the XGBoost model for predicting
multi-drug resistance.

Gene Description F eature
importance
ybaA DUF1428 0.041381061
Activates KDO (a required 8-carbon
sugar) for incorporation into bacterial
KdsB lipopolysaccharide in Gram-negative 0.03773374
bacteria
fabG/rbsB KR domain 0.03514442
hcpA PAAR repeat-containing protein 0.032314878
ThaR Activates expression of the rhaSR operon in 0.026388483
response to L-rhamnose
Activation of anaerobic ribonucleoside-
triphosphate reductase under anaerobic
conditions by generation of an organic
nrdG free radical, using S-adenosylmethionine 0019224498
and reduced flavodoxin as cosubstrates to
produce 5'-deoxy-adenosine
nrfD Polysulphide reductase 0.016993467
kdgR Transcriptional regulator 0.01685254
ydiVv - 0.016128054
group_6486 DUF1158 0.01575974
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Predictions are influenced by phylogenetic structure

Both model predictions vary in accuracy between STs (Figure 4.10). No ST410
genome is ever predicted to be MDR, despite the high levels of multi-drug resis-
tance in this lineage (see bottom pale green segment of Figure 4.10). Similarly
for ST648, another lineage with high resistance levels, the MDR phenotype is
never correctly predicted and one susceptible genome is incorrectly predicted
to be MDR (see top orange segment of Figure 4.10). Conversely, some STs, such
as ST12,ST17,and ST127, are largely predicted to be MDR when they are not.
The percentage of correctly predicted phenotypes per ST in the test dataset is
shown in Table 4.4 for both models. The gene ybaA was deemed the most im-
portant feature by both models. The bitscores for this gene are shown alongside
the phylogeny in Figure 4.10. Overall, the XGBoost model provided similar pre-
dictions to the RF model, but predicts MDR less frequently (Figure 4.10). An
MDR genotype was never predicted within phylogroup A STs, (ST10,ST167,and
ST410 - the bottom three lineages shown in Figure 4.10). More generally, XGB
predictions cluster together in phylogenetic groups compared to the RF. This
suggests that phylogenetic structure may have a greater influence on the re-

sults of this model than the RF.
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ST MDR Bitscore

ST131 1 188.5
STI2 5 0 188.7
ST10 189.1
ST38 190
STN 190.5
ST95 190.7
ST69 190.8
ST141 1911
sT17 1919
ST410
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ST144
sT21
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Figure 4.10: Phylogeny ofthe 1,000 E. coli test set. Shading to the right indicates
sequence type, actual MDR phenotype (MDR), MDR phenotype predictions of
random forest (RF) and XGBoost (XGB) models, and the bitscore values of the
top ranked informative gene ybaA. Bitscores below 180 not shown for ease of
visualisation.
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Table 4.4: Distribution of STs in the 1000 genome test dataset alongside the
actual MDR prevalence (MDR) and prediction accuracy per ST for each model.
RF: random forest, XGB: XGBoost.

ST Genomes MDR (%) RF (%) XGB (%)
ST10 241 2490 7510 75.10
ST11 76 1447 8421 85.53
ST117 3 0.00 100.00 100.00
ST12 28 7.14 1071 7.14
ST127 24 1250 2083 12.50
ST131 125 60.00 68.00 68.80
ST1l4 5 0.00 0.00 0.00
ST141 8 0.00 87.5 87.5
ST144 7 1429 14.29 14.29
ST167 15 7333 26.67 26.67
ST17 49 1429 18.37 14.29
ST21 40 500 90.00 85.00
ST28 5 0.00 80.00 100.00
ST3 3 0.00 0.00 0.00
ST372 4 25.00 75.00 50.00
ST38 57 66.67 ©63.18 6491
ST410 98 80.61 19.39 19.39
ST648 43 86.05 1163 1395
STe9 72 3889 5139 61.11
ST73 52 1923 7692 82.69
ST95 45 11.11 8889 88.89

Both models predict ST131-C/H30Rx as being MDR

The predictions of both modelsfor ST13 1 appear to be heavily influenced by phy-
logenetic structure. Figure 4.11 depicts the three-clade structure of the ST131
test set against both model predictions. We observe that the RF and XGB pre-
dictions almost exclusively predict the MDR clone ST131-C/H30Rx (denoted by
a*in Figure 4.11) as being MDR within ST13 1. Clade B isolates are predicted to
be susceptible by both models and a handful of clade A isolates are predicted to
be MDR by the RF model only. This is an interesting result, as although the accu-
racy is not high for these predictions when comparing to the MDR phenotype,

120



MDR E. coli do not share a common evolutionary trajectory of gene degradation

the models may be predicting the ‘potential to become MDR’ as they accurately

detect the MDR clone within ST131.

MDR
RF
XGB

MDR

Figure 4.11: Phylogeny of ST131 with clades demonstrated by tonal shading.
The MDR clone ST131-C/H30Rx is denoted by * Shading to the right of the phy-
logeny indicates MDR phenotype (MDR) and MDR predictions of random forest
(RF) and XGBoost (XGB) models. Zoomed in segment from Figure 4.10.

4.4 Discussion

Potentiating mutations have been hypothesised as crucial steps in the evolu-
tionary trajectory of MDR clones. Previous studies have identified these muta-
tionsinvarious genetic contexts; within intergenic regions, anaerobic metabolism
loci, and colonisation factors. Here, we took a systematic approach to compare
functionally significant genetic variation between MDR and non-MDR popula-
tions of E. coli at a core gene level. We then extended this to test whether ma-
chine learning algorithms could correctly predict whether an isolate was MDR
or not based on the functionally significant genetic variation present within its

genome.

The E. colipangenome constructed in this chapter consisted of over 50,000
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distinct gene clusters, and a core genome size of 3,192 which is in the range of
previous estimates [31, 85, 113]. Roughly one third of the E. coli core genome
was successfully assigned bitscores. The poor coverage of the eggNOG
GCammaproteobacterial database for genes that are commonly present in all E.
coli, of which there are hundreds of thousands of genomes sequenced now, is
a surprising limitation of this repository of orthologous groups. Further work to
design a custom database of HMMs for E. coli core genes would greatly enhance
the analysis described in this chapter, but was out-of-scope for the purpose of
this thesis. To cover all genes found in > 15% of the sampled E. coli population in
this work would require 6,370 models to be built. Another caveat of the delta-
bitscore method is that epistatic interactions within a protein are not taken into
account. Sites are considered as independent units during scoring, therefore any
conditional relationships between amino acid residues, such as salt bridges, are
overlooked when considering substitutions at a specific site. Potentiating mu-
tations for multi-drug resistance have previously been found in intergenic loci
[60, 130, 220], but our chosen method misses the opportunity to identify inter-
genic signals of multi-drug resistance as scoring can only be applied to protein-
coding regions. The changes in gene expression noted in previous work provide

evidence this may be a promising future avenue of investigation.

The significant difference found in delta-bitscore distributions between
the MDR and non-MDR populations could be attributed to multiple factors. The
difference could be resulting from degradation of specific genes, or an overall
difference in mutation rate between MDR and non-MDR E. coli. A change in
mutation rate has been shown to happen during niche adaptation in combi-
nation with bottlenecking [133]. The increased prevalence of SNPs in the non-
MDR population could also be a reflection on lifestyle. Different lifestyles pro-
vide distinct selection pressures that require specific genetic adaptions. All MDR
genomes are from ExXPEC, whereas the non-MDR population covers a greater

variety of niches as it includes pathogens (both INPEC and ExPEC), commensals,
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and environmental isolates. The greater variety of lifestyles sampled in the non-
MDR group in comparison to the MDR group would therefore be expected to re-
sultin greater geneticvariation within the population. Overall, the positive shift in
core genome delta-bitscore distribution of the non-MDR population imply that

the MDR niche isn't resulting in genome reduction or functional specialisation.

We then went on to use bitscores to inform classification models to assess
whether we can accurately predict multi-drug resistance from background ge-
netic variation. The balanced accuracy of both models tested here is, in theory,
a positive result given the difficulty of the phenotype being predicted. Sequenc-
iNng genomes is a ‘snapshot’ of their evolutionary trajectories. Genomes could
be about to become MDR, through a SNP or acquisition of a resistance gene
via HGT, or about to lose multi-drug resistance by loss of a multi-drug resistance
plasmid. The rapid nature of bacterial evolution can make it difficult to speculate
long term trajectories. Owing to this, it is optimistic to expect a model to accu-
rately predict multi-drug resistance by the nature of this phenotype from the
input data available. Further phylogeny-based assessment of the predictions
demonstrated that both models were in fact poorly capable of predicting multi-
drug resistance. A downfall of many machine learning studies is that accuracy
is given as a final result, when in fact digging deeper into the predictions would
provide additional and perhaps contrasting findings [203]. When interpreting
the results of this study, it is worth bearing in mind that our aim was to predict
the ‘potential to become MDR'. Therefore, predictions should not perfectly align
with the MDR phenotype as a perfect match would mean that no isolates with

potential to become MDR, and only isolates that are already MDR are detected.

Upon visualisation, the XGBoost model produced phylogenetically clus-
tered predictions that were spread less widely throughout the phylogeny than
the RF predictions, which in turn were still spread less through the phylogeny
than the MDR phenotype itself (Figure 4.10). This suggests that both models
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were incorrectly using some phylogenetic signals to inform their predictions.
However, in the instance of ST131, the phylogenetically-clustered prediction of
clades B and C being MDR may actually be very informative of the ‘potential to
become MDR'within this lineage, given the existing knowledge about the evolu-
tionof ST131 [130,131, 151, 185]. Other lineages where multi-drug resistance
is predicted for isolates that are not MDR include ST73,ST95,and ST141, which
are all found within phylogroup B2. This phylogroup is known for containing
pathogens, and brings into question whether the models are actually making
predictions based on the hallmarks of host-adaption or pathogenicity, instead

of multi-drug resistance.

Dissection of the models to investigate the most important features high-
lighted multiple genes and functions of interest. The RF model selected mul-
tiple metabolic genes as the most important features, adding evidence to the
hypothesis that metabolism plays a key role in niche domination and migration
for MDR clones [43, 55]. The colonisation gene papD, annotated as yfcQ in our
dataset, ranked as the fifth most important feature in the RF model, adds to the
notion that proficient colonisation may precede the MDR phenotype. The fea-
ture hcpA/PAAR was common to both models and is linked to the secreted pro-
teins of type Vlsecretion systems. Thisisan interesting finding given the previous
result of Chapter 2 where structural T6SS components were shown to dissociate
with multi-drug resistance in ST131 and ST410. Now we may speculate that

non-structural T6SS components may also correlate with multi-drug resistance.

The delta-bitscore method has previously been used to identify sequence
differences associated with phenotype. Generally, the phenotype of focus has
been pathogenicity or host-adaption [204, 206] so this chapter implemented a
new phenotypic application of the method by examining multi-drug resistance.
Delta-bitscoring identifies gene degradation which was the evolutionary event

associated with the host-adapted phenotype for Salmonella enterica [204] and
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Campylobacter jejuni [206]. The successes of these previous studies and our
inability to accurately predict multi-drug resistance suggests that gene degra-
dation is unlikely to be strongly associated with this phenotype. It is therefore
likely that the gene degradation signal we looked for with delta-bitscoring is un-
derrepresented in our dataset, explaining why the model predictions were not
sufficiently accurate. An alternative approach could be to consider the genetic
background on a pathway level, rather than considering the degradation of in-
dividual genes. There are multiple routes for an isolate to become MDR, and we

may not be able to capture them all in a single predictive model.
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Chapter Five

Conclusions and Future Work

The rise in MDR pathogens is a threat to global health, adding increasing pres-
sure to our health care systems as effective treatment options for infections di-
minish. Multi-drug resistance is a trait that is spread throughout the E. coli phy-
logeny, as shown by work presented in this thesis, and is not strictly related to
antibiotic exposure. Accumulation of resistance determinants is concentrated
in specific lineages and some lineages remain largely susceptible to antibiotics
despite their prevalence in clinical settings. Documentation of MDR E. coli being
able to colonise and spread among healthy individuals, in the albbsence of antibi-
otic usage, demonstrates that these pathogens are capable colonisers. The com-
bination of high-level resistance and efficient colonisation capabilities makes
MDR E. coli a double threat in both clinical and community settings. Efforts to
better our understanding of how MDR E. coli spread and evolve are vital to inform
development of new treatment strategies. The overarching aim of this thesis was
to improve our understanding of how MDR lineages can be differentiated from
the rest of the E. coli population, to uncover factors attributed to their accumu-

lation of resistance determinants and rapid colonisation of healthy individuals.

GCenomic analysis of globally disseminated lineages that contain MDR

clones, namely ST131 and ST410, revealed a pattern where type VI secretion
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system genes were present in ancestral clades, but absent from the clades that
include MDR clones. We demonstrated that T6SS determinants had been lost
in both cases, but through different genomic evolutionary events. Further ex-
perimental work could explore the functional repercussions of these loss events.
An assessment of firstly, whether the naive T6SS is functional in these lineages,
and secondly, whether the systems are rendered non-functional upon the loss of
certain determinants, would greatly inform hypotheses on the role these events
have played in MDR clone formation. If the TeSS in MDR ST131 and ST410 is
non-functional, it is possible that T6SS determinants remain in the genome due
to their co-occurrence with other genomic factors that bear positive fitness ef-
fects. Identification of such hypothetical factors could further our understanding
of how MDR clones form. Conversely, if the T6SS is shown to be functional and
the loss of tssM does not alter its functionality, this could suggest that there is a
non-homologous alternative to TssM, that is perhaps unique to MDR clones. As
we have shown that TeSSs are not responsible for the efficient colonisation by

MDR E. coli, future work needs to consider alternative hypotheses.

Our genomic analysis in Chapter 3 demonstrated the non-uniform distri-
bution of AMR across E. coli. A unique aspect of this work is that a targeted ap-
proach specifically considering determinants of resistance to antibiotics of clin-
ical interest in regards to MDR pathogens, such as carbapenems, was imple-
mented. Lineage core genomes were the main focus of Chapter 3 so further
work needs to be done to thoroughly interrogate lineage accessory genomes.
We identified multiple correlations between carriage of resistance determinants
and different functional categories within the accessory genomes of STs. Future
studies could aim to implement in-depth comparisons of ST accessory genomes
to help identify specific pathways or genes within the identified functional cate-

gories that are enriched in MDR E. coli.

We identified ST10 as a potential genetic source for other E. coli lineages.
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This could suggest that there is no outgoing HGT barrier for ST10, or that this lin-
eage is not antagonistic to other E. coli and therefore naturally co-occurs more
frequently with other lineages, providing greater opportunity for HGT. The impli-
cationsofthiscould be important for understanding transmission and formation
of drug-resistant E. coli. An MDR ST10 being present in a healthy individual's gut
flora could increase the risk of an incoming pathogen acquiring resistance deter-
minants from the ST10 reservoir, increasing the chance of an untreatable infec-
tion occurring in the future. Resistance determinants being acquired from per-
sisting ST10 strains in healthy individuals has already been documented [138].
A more immediate risk would be posed for immunocompromised patients with
MDR ST10 in their gut flora, as the risks of self-infection would be far greater.
An MDR strain that can easily share resistance determinants being present in a
clinical setting compounds the problem of patient to patient transmission that

healthcare settings are already faced with.

We have demonstrated that predicting multi-drug resistance from func-
tionally significant sequence variation in the genomic background is a difficult
task. The final results of this thesis show that gene degradation is not an indi-
cator of multi-drug resistance. Phylogeny-based assessment of the final binary
predictions revealed large variation in accuracy between STs. It could be interest-
ing to consider the proportion of trees that voted for MDR rather than the final
binary classification to provide a more nuanced analysis. Repeating the analy-
sis on a lineage-by-lineage basis may uncover more lineage-specific indicators
of multi-drug resistance and untangle the phylogenetic influence, in particular

clonality, on the predictive capability of ensemble classifiers.

Multiple results from this work have highlighted the knowledge gaps that
still remain in E. coli biology, despite being a model microorganism. The break-
down of source niches captured by our dataset reflects the general bias towards

human pathogensin sequence databases due to their medical relevance. Greater
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efforts to diversify the collection of available genome sequences is necessary to
further scientific research. Designing studies to compare community, clinical,
and MDR E. coli to identify distinguishing features of each group, as well as com-
monalities between them, will provide greater insight into MDR clone formation
beyond the results shown in this thesis. Currently, community E. coli genomes
are the limiting factor for employing studies of this nature. Expanding the cover-
age of sequence databases to include more community-isolated samples should
be at the forefront of future genomic efforts, including those focusing on MDR

E. coll.

To conclude, this thesis has shown that T6SSs are unlikely to be respon-
sible for MDR E. coli being able to rapidly colonise healthy individuals, but their
loss may possibly contribute to the success of specific MDR clones. Multi-drug
resistance is concentrated in specific STs of E. coli and the accessory genomes
of these STs are enriched in genes associated with various metabolic processes.
Thereis nocommon pangenome size or structure for MDR lineages and we have
shown that STs have followed distinct evolutionary trajectories. We then demon-
strated that there was no common evolutionary trajectory among MDR E. coli
that resulted in loss of function mutations. Gene-level sequence variation was
not a sufficient predictor for the MDR phenotype. The results of this thesis pro-
vide further insights into the evolution of MDR E. coli and their ability to colonise

the healthy human gut.
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Appendix Zero

Supplementary Data

Table 1: Genes assigned as core uniquely to a specified phylogroup. Description
and preferred name assigned by eggNOG-mapper.

Cluster name Description Preferred
name
PHYLOGROUP B1:
elfA_elfA_1 Fimbrial elfA
esiB_1 Sell-like repeats. -
esiB_3 Sell-like repeats. -
Required for morphogenesis and
for the elongation of the flagellar
filament by facilitating
polymerization of the flagellin
monomers at the tip of growing
D filament. Forms a capping D

structure, which prevents flagellin
subunits (transported through
the central channel of the
flagellum) from leaking out
without polymerization at the
distal end.

1ol



Supplementary Data

Cluster name Description Preferred
name

Required for morphogenesis and

for the elongation of the flagellar

filament by facilitating

polymerization of the flagellin

monomers at the tip of growing
fliD_2_fliD_1 filament. Forms a capping fliD

structure, which prevents flagellin

subunits (transported through the

central channel of the flagellum)

from leaking out without

polymerization at the distal end.
flis flagellar protein FliS fliS
fliS_2 flagellar protein FIiS fliS
gltC_3 Transcriptional regulator yiaU
group_1051 Acetyltransferase (GNAT) domain -
group_1575 thatlflzn;;fg;nknown function yhdU
group_1579 Enterobacterial EspB protein espB
group_1631 intracellular signal transduction marT

Protein of unknown function
group_1712 (DUF1778) -
group_1968 tail protein -
group_2120 - -
group_2194 Lambda Phage CllI -
group_2210 cell adhesion -
group_2324 (DDOLSnFallgg);)unknovvn function yoaG
group_2397 Acetyltransferase (GNAT) domain -
group_2925 - yneK
group_3071 Usher protein vqiG
group_3183 NAD(P)H-binding -
group_34 Outer membrane autotransporter yejO
group_3501 (%otjlailgg);)unknown function yoaG
group_3602 Phage minor tail protein U -

Protein of unknown function
group_3611 (DUF1778) -
group_3807 - -
group_4393 (D[;%tﬁlln;;g;nknown function i
group_525 Transposase yadD
group_602 Hydrolase yafVv
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Cluster name Description Preferred
name
Domain of unknown function
group_603 (DUF1869) yoaG
group_999 Acetyltransferase (GNAT) domain -
. outer membrane autotransporter
IcSA_L . : -
barrel domain protein
lpfD Fimbrial protein lpfD
manxX_1 lla component yadl
COGO791 Cell wall-associated
mepH_2 hydrolases (invasion-associated yaflL
proteins)
Catalyzes the hydrolysis of
nucleoside triphosphates, with a
nudl preference for pyrimidine nudl
deoxynucleoside triphosphates
(dUTP, dTTP and dCTP)
papD_1 chaperone yqiH
pezT zeta toxin -
outer membrane autotransporter
prn yaiT
barrel
A T outer membrane autotransporter VEIT
barrel
orn_tibA guter membrane autotransporter yail
arrel
ssaV type iii secretion ssaV
tir Translocated intimin receptor tir
(Tir) N-terminus
yadC Fimbrial protein yadC
i/j;jgéi/gdc_l Fimbrial protein yadC
yogD_1_mrpA_2 Fimbrial protein ygiL
yhjX Major facilitator superfamily yhjX
ygeG transporter ygeG
group_1099 -
group_2556 -
group_1271 -
PHYLOCROUP B2:
adhl alcohol dehydrogenase dhaT
JtSA 2 atsA 3 COG3119 Arylsulfatase A and i
related enzymes
cidA_1 LrgA family cidA
cidA_2 LrgA family cidA
cidA_2_cidA_1 LrgA family cidA
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Cluster name Description Preferred
name
citT_1 transporter citT
CitT_2 transporter -
dapA_3_dapA_1l Belongs to the DapA family -
detB detB 2 Signal transduction histidine i
- - kinase
COG2204 Response regulator
containing CheY-like receiver,
Slet AAA-type ATPase, and WZLOSSE0
DNA-binding domains
COG2204 Response regulator
containing CheY-like receiver,
dctD_1 AAA-type ATPase, and VO2_08980
DNA-binding domains
COG2204 Response regulator
containing CheY-like receiver,
dctD_2 ARASype ATPase and VO2_08980
DNA-binding domains
COG2204 Response regulator
containing CheY-like receiver,
dctD_2_afsQ1 AAA-type ATPase, and VO2_08980
DNA-binding domains
Binding-protein-dependent
déjggédng_l transport systems inner ddpB
- - memlbrane component
ddpD_oppD_3 (ABC) transporter gsiA_3
fIhE Flagellar protein fIhE fIhE
fruA_1 Pts system fructose-specific -
fruA_3 Pts system fructose-specific fruA
glcR_1 transcriptional regulator yghbl
glcR_2 transcriptional regulator ygbl
group_1065 - -
curli production assembly
et A transport component Csgk =
group_1196 Metal-dependent hydrolase ygjP
group_1453 - -
group_1506 - -
Nucleoside-specific channel-
SJiotp-2vze forming protein, Tsx i
group_2243 cell adhesion -
group_2294 - -
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(E3) component, and related
enzymes
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Cluster name Description Preferred
name

ydiK promoter presents a PurR

group_230 sequence, suggesting that its ydiK
expression is purine-regulated
Domain of unknown function

group_2541 (DUF4862) -

group_2583 Transposase -

group_2629 Small membrane protein ygdD
Nucleoside-specific channel-

group_2930 forming protein, Tsx i

group_2953% Transposase -

group_2955 BNR repeat-like domain -

group_322 type \/I secretion-associated i
protein

group_3624 - -

group_3900 type Il effector ygbK

group_4031 - -

group_4092 type Il effector ygbK

group_4435 membrane protein, terc terC

group_4485 - -
Nucleoside-specific channel-

group_4807 forming protein, Tsx i

group_4841 BNR repeat-like domain -

group_5171 BNR repeat-like domain -

group_5175 type Il effector ygbK

group_5315 - yohO

group_553 ATP binding ygeC

group_571 Transposase yfcl
Uncharacterised MFS-type .

JelpLeaE transporter YbfB e

group_638 BNR repeat-like domain -

group_86 - -

group_880 type Il effector ygbK

Imm_3 immunity protein -
Belongs to the LDH2 MDH?2

ldh . ) -
oxidoreductase family

ldh_ldh_2 Belongs to the LDH2 MDH?2

_ldh_1 oxidoreductase family i
COG1249 Pyruvate 2-oxoglutarate
dehydrogenase complex,

lpd dihydrolipoamide dehydrogenase lpdG
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Preferred
name

Cluster name Description

COG1249 Pyruvate 2-oxoglutarate
dehydrogenase complex,

lpd_lpd_1 dihydrolipoamide dehydrogenase lpdG
(E3) component, and related
enzymes

mMcbR Transcriptional regulator mcbR

Channel that opens in response to

stretch forces in the membrane
msclL lipid bilayer. May participate in msclL

the regulation of osmotic pressure

changes within the cell
nudB dihydroneopterin triphosphate nudB
Belongs to the ABC transporter
superfamily
Catalyzes the NAD(P)-dependent
oxidation of 4-
(phosphohydroxy)-L-threonine
(HTP) into 2-amino-3-0xo-4-
(phosphohydroxy)butyric acid
which spontaneously
decarboxylates to form
3-amino-2-oxopropyl phosphate
(AHAP)
Catalyzes the NAD(P)-dependent
oxidation of 4-
(phosphohydroxy)-L-threonine
(HTP) into 2-amino-3-0xo-4-
(phosphohydroxy)butyric acid
which spontaneously
decarboxylates to form
3-amino-2-oxopropyl phosphate
(AHAP)
PfkB domain protein psukK
PSUK_2 PfkB domain protein psuK
pysl_hcpA_3 COG3209 Rhs family protein yhhZ
pys2 COG3209 Rhs family protein yhhZ
pys2_hcpA_5 COG3209 Rhs family protein yhhZz
rooS RNA polymerase sigma roosS
siaM transporter large permease yiaN
SUCA_1 Dehydrogenase E1 component SUCA

OoppF_2 dppF

pPdxA2 pdxA2

PAXA2_2_pdxA2_1 PAxA2

psukK_1

SUCA_2
SUCA_2_SUcA_3

Dehydrogenase E1 component
Dehydrogenase E1 component
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Cluster name Description Preferred
name
The 2-oxoglutarate dehydrogenase
sucB._ 1 complex catalyzes the overall cUCB

sucB_1__chbF_1

sucB_2

sucC_1

sucC_2_sucC_3

conversion of 2-oxoglutarate to
succinyl-CoA and CO(2)

The 2-oxoglutarate dehydrogenase
complex catalyzes the overall
conversion of 2-oxoglutarate to
succinyl-CoA and CO(2)

The 2-oxoglutarate dehydrogenase
complex catalyzes

the overall conversion of -
2-oxoglutarate to succinyl-CoA

and CO(2)

Succinyl-CoA synthetase functions
in the citric acid cycle (TCA),
coupling the hydrolysis of
succinyl-CoA to the synthesis of
either ATP or GTP and thus
represents the only step of
substrate-level phosphorylation sucC
in the TCA. The beta subunit
provides nucleotide specificity of
the enzyme and binds the substrate
succinate, while the binding sites
for coenzyme A and phosphate

are found in the alpha subunit
Succinyl-CoA synthetase functions
in the citric acid cycle (TCA),
coupling the hydrolysis of
succinyl-CoA to the synthesis of
either ATP or GTP and thus
represents the only step of
substrate-level phosphorylation in sucC
the TCA. The beta subunit

provides nucleotide specificity of
the enzyme and binds the substrate
succinate, while the binding sites
for coenzyme A and phosphate are
found in the alpha subunit
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Cluster name

Description

Preferred
name

sucD_1

sucD_1_sucD_4%

sucD_4
tabA_1

tabA_2
tabA_3
tabA_4

ybhI_2
ybhi_2_ybhI_1
ycaD

Succinyl-CoA synthetase functions
in the citric acid cycle (TCA),
coupling the hydrolysis of
succinyl-CoA to the synthesis of
either ATP or GTP and thus
represents the only step of
substrate-level phosphorylation in
the TCA. The alpha subunit of the
enzyme binds the substrates
coenzyme A and phosphate, while
succinate binding and nucleotide
specificity is provided by the beta
subunit

Succinyl-CoA synthetase functions
in the citric acid cycle (TCA),
coupling the hydrolysis of
succinyl-CoA to the synthesis of
either ATP or GTP and thus
represents the only step of
substrate-level phosphorylation in
the TCA. The alpha subunit of the
enzyme binds the substrates
coenzyme A and phosphate, while
succinate binding and nucleotide
specificity is provided by the beta
subunit

Membrane protein FArA

Domain of unknown function
(DUF3806)

Domain of unknown function
(DUF380)

PFAM conserved

Domain of unknown function
(DUF380)

transporter

transporter

Major facilitator superfamily
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yahF
yhcH

yialL
YjgK
yhcH

ycab
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Preferred

Cluster name Description
name

Part of the yfcOPQRSUYV fimbrial
operon. Could contribute to
adhesion to various surfaces in
yfcP specific environmental niches. yfcP
Increases adhesion to eukaryotic
T24 bladder epithelial cells in the
absence of fim genes

yhaH Membrane yhaH
vhaH_yhaH_2 Membrane yvhaH
Tripartite ATP-independent
yiaM periplasmic transporters, DctQ -
component
yiaM_yiaM_1 Tripartite ATD—independent
yial\Z 5 - periplasmic transporters, DctQ -

component
Phosphatase that hydrolyzes
non-canonical purine nucleotides
such as XTP and ITP to their
respective diphosphate derivatives.
VX Probably excludes non-canonical VjjX
purines from DNA precursor pool,
thus preventing their incorporation
into DNA and avoiding
chromosomal lesions
Phosphatase that hydrolyzes
non-canonical purine nucleotides
such as XTP and ITP to their
respective diphosphate derivatives.
VIXLYX_2 Probably excludes non-canonical yjjX
purines from DNA precursor pool,
thus preventing their incorporation
into DNA and avoiding
chromosomal lesions

yohK_1 effector of murein hydrolase yohK_2
yohK_2 effector of murein hydrolase yohK
group_3504 -
PHYLOCROUP D:

group_1975 Transposase -
group_4795 Transposase -
group_5887 Transposase -

ntrE Usher protein htrE
ipaH3 regulation of response to stimulus inlE
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Cluster name Description Preferred
name
upaG_ehaG Autotransporter adhesin xadA
Part of the yadCKLM-htrE-yadVN
fimbrial operon. Could contribute
yadM to adhesion to various surfaces in yadM
specific environmental niches
Part of the yadCKLM-htrE-yadVN
fimbrial operon. Could contribute
VRN to adhesion to various surfaces in VeI
specific environmental niches
yadV chaperone yadV
yadV_yadV_1 chaperone yadV
group_5620 -
group_368 -
group_1801 -
group_1609 -
PHYLOGROUP E:
Belongs to the short-chain
acrl dehydrogenases reductases VY92_08700
(SDR) family
cckA Histidine kinase VIrA
Transcriptional regulator
containing an amidase domain
GelfiR 2 and an AraC-type DNA-binding 7
HTH domain
Transcriptional regulator
containing an amidase domain
cdhR_3_pchR and an AraC-type DNA-binding adpA
HTH domain
crl__stxB_1 .
oixB nuclear chromosome segregation -
cshA dEAD DEAH box helicase -

dmsA_2_dmsA_1

dmsB_3

elfC_1
elfG_2
fbaA_3_fbaA_2

Belongs to the prokaryotic
molybdopterin-containing
oxidoreductase family

anaerobic DMSO reductase chain
C anchor subunit

Usher protein

Fimbrial protein

Aldolase
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Cluster name Description Preferred
name
Catalyzes the two-step
NADP-dependent conversion of
fel 1 GDP- 4-dehydro-6-deoxy-D- fel
- mannose to GDP-fucose,
involving an epimerase and a
reductase reaction
Flagellin is the subunit protein
fliC_fliC_1 which polymerizes to form the fliC
filaments of bacterial flagella
gbpR_gbpR_1 transcriptional regulator -
e g3 Catalyzes the conversion of
gma 2‘ - GDP-D-mannose to GDP-4- gmd
- - dehydro-6-deoxy-D-mannose
Belongs to the Nudix hydrolase
gmm_1 . gmm
family
gnu_gnu_2 epimerase dehydratase gne
group_1082 - -
Zn-dependent hydrolases of the
group_108> beta-lactamase fold i
group_1194 - -
group_1195 OmMmpA family -
Phage derived protein Gp49-like
group_1265 (DUF891) -
group_1525 Rhodanese -
Protein of unknown function
group_1922 (DUF3343) -
Type Il restriction enzyme,
giouR- Ll methylase subunits i
group_1956 domain, Protein -
group_1964 - -
group_2402 IMmpA domain protein -
Jroup_245 ﬁ%g?gi&t}eliﬁucme rich repeat yopM
Evidence 3 Function proposed
based on presence of conserved
group-2458 amino acid motif, structural caeH
feature or limited homology
group_2667 - yjdP
group_2826 Belqngs to the 'phage’ integrase B
family
group_3162 Stress-induced protein yciG
group_3220 Type lll secretion invE
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and related FAD-dependent
oxidoreductases
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Cluster name Description Preferred
name

group_330 4Fe-4S dicluster domain -
group_349 sequence-specific DNA binding -
group_549 SdiA-regulated VjiK
group_653 nuclear chromosome segregation -
group_654 HNH nucleases -
group_667/ D-lyxose isomerase -

Part of the yfcOPQRSUYV fimbrial

operon. Could contribute to

adhesion to various surfaces in
group_680 specific environmental niches. yfcO

Increases adhesion to eukaryotic

T24 bladder epithelial cells in the

absence of fim genes
group_69 - -
STOURTET (Fgat?zn;;f%nknown function ydbD
group_780 conserved small protein -
group_825 domain, Protein -

Protein of unknown function
group_841 (DUF1778) )

Evidence 3 Function proposed
greuE_G11 based on presence of conserved -

- amino acid motif, structural

feature or limited homology
hcpA_l_hcpA_2 Type VI secretion system -
htrC - htrC
ntrE Usher protein htrE
NS4 intS. 3 Belqngs to the 'phage’ integrase ntS

family
lIofA_L Fimbrial protein -
lpfC Usher protein -
lpfC_lpfC_1 Usher protein -
lpfD Fimbrial protein lpfD
lofE Fimbrial protein lpfE
manCl 1 manCl 3 Belongs to Fhe mannose-6-

phosphate isomerase type cpsB
_manC1l_2 :

2 family

COGO654 2-polyprenyl-6-
MhbM._mhbM._ 1 methoxyphenol hydroxylase hbM
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Cluster name Description Preferred
name
MASIAinlol_2 transporter pcak
_mhbT_1
nagl GCentisate 1,2-dioxygenase gtdA
COCO0179 2-keto-4-pentenoate
hydratase 2-oxohepta-3-ene-1,
e 7-dioic acid hydratase ok
(catechol pathway)
naglL maleylacetoacetate isomerase maiA
Converts alpha-N-acetylneuranimic
acid (Neu5Ac) to the beta-anomer,
accelerating the equilibrium
between the alpha- and beta-
anomers. Probably facilitates
sialidase-negative bacteria to
nanM 1 compete sucessfully for limited
- amounts of extracellular Neu5Ac,
which is likely taken up in the
beta-anomer. In addition, the rapid
removal of sialic acid from
solution might be advantageous
to the bacterium to damp down
host responses
ompN_1l_ompC_2 Belongs to the Gram-negative
) . ompSl1
_ompN_3_ompC_1 porin family
ompR_2_phoP_1 response regulator -
transcriptional regulators
parD1 containing the CopG Arc parD
MetJ DNA-binding domain
parE4 Plasmid stabilization system -
PCrA DNA helicase -
Bacterial transferase hexapeptide
perB -

(six repeats)
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Cluster name Description Preferred
name
Transcription regulator that
activates transcription by
stimulating RNA polymerase
(RNAP) recycling in case of stress
conditions such as supercoiled
Al DNA or high salt concentrations.
Probably acts by releasing the
RNAP, when it is trapped or
immobilized on tightly supercoiled
DNA. Does not activate
transcription on linear DNA.
Probably not involved in DNA repair
rbsA_3_araG_2 import. Responsible for energy
. rbsA2
_araG_3 coupling to the transport system
bsB. 2 rbsB. 1 PFAM Derip'las’mic binding protein
Lacl transcriptional regulator
Belongs to the binding-protein-
rbsC_5_rbsC_1 dependent transport system -
permease family
rhlE_1 dEAD DEAH box helicase -
SOPA_3_sopA_l ATP-dependent helicase activity -
tFoX 1 regulator of competence-specific S
genes
tir Translocated intimin receptor tir
(Tir) N-terminus
uhpB_1_uhpB_3 Histidine kinase uhpB
uhpC_2 transporter uhpC
yadL Fimbrial protein -
Part of the yadCKLM-htrE-yadVN
fimbrial operon. Could contribute
yadM to adhesion to various surfaces in yadM
specific environmental niches
yadN_yadN_2 Fimbrial protein -
yadV_3 chaperone -
Hydrolyzes c-di-GMP (cyclic
bis(3'-5') dimeric GMP) to
yahA_yahA_1 5'-pCpG, known as PDE-A hA
_yahA_2 activity. PDE-B activity, that is ya
hydrolysis of 5’-pGpG to CMP,
proceeds only very slowly
ybgD_ybgD_2 Fimbrial protein ybgD
ydbD Mn-containing catalase -
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Preferred

Cluster name Description
name

ydjH_2 PfkB domain protein -
yral_1 pilus organization -
group_2064 -
group_543% -
group_3154 -
tlyC -
group_2512 -
group_2003 -
group_2798 -
group_202 -
group_1827 -
group_1516 -
ysnkE -

PHYLOGROUP F:
group_4803 Glycosyl Transferase JD73_04250
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Table 2: ST131-specific core genes assigned to functional COG category G (car-
bohydrate metabolism) by eggNOG-mapper (v2.0.8) bestOG assignment. Pre-

ferred name assigned by eggNOG-mapper.

Cluster name

Preferred name

nagA_2
bglB
UxaA_2
manX_2
ycjU
foaA_2
sgbE
nagB_3
exul_1
ygbM
dhaM
dhaK
pgaB
group_357
manR_2
rpiB
kanE
alsE
gntP
siaM_1
rhmT
gaty_1
manZ_3
bcr_2
kdgK_4
group_2529
kdgK_3
rosk_1
kbaY_2
mak_2
gtfA
ulagE_2
xapB
alsC
dgoT
ygbN
nagB_1
xylB_1
scriK
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agaA
bglB
UXQA
agafF
ycju
fba
sgbE
agal
exur
YgbM
dhaM
dhaK

pgaB
YPO0284

rpiB
wcal
alskE
agntP
rhmT
gatyY
agak
tcaB

VO2_08475
scrkK

Z012_07775
ycjiM

sgbU

xapB

alsC

dgoT

Y9bN

vieK

scrkK
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Cluster name

Preferred name

group_2955
manC1l
group_2977
fucA_3_fucA_2
treA_treA_1

fruA_2

gatZ
gatB_2_gatB_3
group_3501
group_3588
sacX_treP
yiaO_yiaO_2
malX_malX_2
ptsC_2_ptsG_1
group_3798
alsK_alskK_1

tabA_2

fcl_gmm

sorM

ulaA_1_ulaA_2
yiaM_yiaM_1_yiaM_2
rbsC_1_xylH_1
rbsB_3__rbsB_4
group_4030
sorkF_sorB_2
SOrA_SOrA_2_sorA_1
agaC_l_manZ_1_manZ_2
bglF_bglF_1_bglF_2
group_4092
tabA_3

crh_ptsH_2
yihP_yicJ_3_yicJ_1
mngB_mngB_1_mngB_2
MNgA_MNgA_2
siaP_2

lyx

group_4283

rhmA

gatC_4
suyB_uxaA_3
ydjE_1__vydjE_3
mhpT

uidA_uidB_3
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cpsB

ygbL
treA

fruA_2
gats
gatB
xylS
treP
yiaO
VCIR
alskK
YjgK
fcl

sorM
UlaA
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Cluster name

Preferred name

gatA_gatA_1l
gatC_2_gatC_3
msmME_kojP_malP_3
kgtP_1_proP_3_mppA
proP_2_proP_1_yhjE_1
fruA_3_fruA_1
yic]_2_siaM_2
gatY_2_gaty_1
dgoA_2_dgoK1_2
uxabB

y9gF

group_721
chiA_chiA_1
group_759
lacZ_lacZ_1
yicl_yicl_2

rfoB_rmIB_rfbB_1_rfoD_1_rfbD_2_rfbB_2

xylH_xylH_1

gatA
gatC

yeT
ydfJ

yviaN

gatyY
dgoK
uxaB
Yagr

chiA
rbskK
lacZ
vicl

xylH
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Table 3: ST10-specific core genes assigned to functional COG category G (car-
bohydrate metabolism) by eggNOG-mapper (v2.0.8) bestOG assignment. Pre-
ferred name assigned by eggNOG-mapper.

Cluster name Preferred name
bglH_1 ascB
rhaM rhaM
ydjH yajH
yinT vihT
dhaM dhaM
ulaA ulaA
fucA_3 ygbL
ygbN YgbN
mngB mngB
roiB roiB
bglF_1 asck
nepl nepl
friD_friD_1 friD
setA_setA_1_setA_ 2 setA
yidA_dgoK1_1 dgoK
gtfA yciM
dhal_dhaK_1 dhaK
y9gF_yggF_1 Y9gaFr
group_160 frIC
setC_setC_1_setC_2 setB
deoB_1_deoB_2 yhfw
foaA_2_fbaA_1 vdjl
treA_treA_1 treA
rhmA_rhmT_1_rhmT rbmT
MNgA_MnNgA_1l hrsA
ribZ_ribZ_1 yebQ
MtIA_1_mtIA_3_mtIA_2_coaA_1_coaA_ 2 cmtA
uidB_uidB_1_uidB_2 uidB
ycjO_msmE VCIN
malP_3_malP_1_malP_4 aglA
yihV vihV
yicL_yiclL_1 vyicl
chbG_chbG_2 chbG
xapB xapB
IsrB_IsrB_1 IsrB
tabA_2 tabA
ydjE_2 yajK
melB_melB_1_melB_2 melB
ygbM_ygbM_2 ygbM
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Cluster name Preferred name
manR_2 frvR
VIihN_yihN_2 yvihN
por_2_por_1__yhjE_2 ydfl
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