LONDON
SCHOOLof
HYGIENE
S&TROPICAL
MEDICINE

Interdisciplinary investigations of phage predation
dynamics and generalised transduction of antimicrobial

resistance in Staphylococcus aureus
QUENTIN LECLERC

Thesis submitted in accordance with the requirements

for the degree of

Doctor of Philosophy
of the

University of London
JUNE 2022

Department of Infectious Disease Epidemiology
Faculty of Epidemiology and Population Health
LONDON SCHOOL OF HYGIENE & TROPICAL MEDICINE

Funded by the UK Medical Research Council

Research group affiliations:
Centre for Mathematical Modelling of Infectious Diseases, LSHTM, UK
Antimicrobial Resistance Centre, LSHTM, UK
Institute for Infection and Immunity, SGUL, UK



Declaration

I, Quentin Leclerc, confirm that the work presented in the thesis is my own. Where
information has been derived from other sources, | confirm that this has been indicated

in the thesis.

Signature

Date
06/06/2022



Abstract

Antimicrobial resistance (AMR) is a major global public health threat, typically
represented by bacteria becoming resistant to antibiotics, and hence harder to treat.
A particular concern is multidrug resistance, which can arise as bacteria acquire new
AMR genes via horizontal gene transfer (HGT). In the important nosocomial pathogen
Staphylococcus aureus, bacteriophage (phage, viruses of bacteria) are the major
drivers of HGT of AMR by the process of transduction. In an initial systematic review,
| found that dynamics of transduction and the overall contribution of this process to the
global spread of AMR are unclear. In this thesis, | aimed to fill this research gap
through an interdisciplinary approach, combining mathematical modelling, lab work,

and analysis of routinely collected hospital data.

| first investigated the dynamics of phage and S. aureus, including generalised
transduction of AMR, by developing a novel mathematical model representing these
dynamics, and generating in vitro data to parameterise this model. | estimated rates
of generalised transduction, and showed that this process consistently leads to
generation of multidrug-resistant bacteria, even in the absence of a selection pressure.
Within-host however, phage may often be present alongside antibiotics. These may
either act in synergy to kill bacteria, or antibiotics may limit phage predation and
instead exert a selective pressure on multidrug-resistant bacteria generated by phage
via generalised transduction. | extended my model to include antibiotic
pharmacodynamics, and parameterised this by generating additional in vitro data. By
analysing this extended model, | identified timings and concentrations of phage and
antibiotics which maximise bacteria killing, whilst minimising the risk of multidrug
resistance evolution and selection. Finally, | translated these findings to an in vivo
setting by analysing 20 years of routinely collected pseudonymised hospital data on
more than 20,000 patients colonised or infected by S. aureus. Using antibiograms of
more than 70,000 isolates, | identified evidence of within-host AMR phenotypic

diversity, and changes in that diversity over time, potentially mediated by transduction.

Overall, the work presented in this thesis clarifies some of the complex phage-bacteria
dynamics in S. aureus, and highlights the important role played by phage in AMR
spread through generalised transduction.
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1 Introduction

1.1 Outline of the thesis

In this Introduction, | describe the global public health threat of antimicrobial resistance
(AMR), focusing on antibiotic resistance in bacteria, before presenting Staphylococcus
aureus as a clinically important pathogen, made more dangerous by the acquisition of
multiple resistance genes. | then introduce bacteriophage (phage) as organisms that
substantially interact with S. aureus. | explain how phage can lead to the transfer of
AMR genes in S. aureus by transduction, and present how mathematical modelling

can help to reveal the dynamics of phage predation and transduction of AMR.

This thesis is structured following the London School of Hygiene & Tropical Medicine
“research paper thesis” style, with the work divided between a series of papers written
during the project, and each paper corresponding to a chapter. For each paper
included, | first give an overview of the work conducted and how it fits in the thesis,
then | directly include the corresponding manuscript. Note that the references in
Chapters 2, 3, 4 and 5 are independent from the references in the Introduction
(Chapter 1) and General Discussion (Chapter 6). The Supplementary Material for each
Chapter is included in the Appendix of this thesis.

In Chapter 2, | include a published systematic review | conducted on mathematical
models used to study horizontal gene transfer of AMR in bacteria (Leclerc, Lindsay
and Knight, 2019). In Chapter 3, | present my published research article combining
laboratory work and mathematical modelling to reveal the dynamics of phage
predation and generalised transduction in S. aureus (Leclerc et al., 2022). In Chapter
4, 1 include my follow-up work extending the model from Chapter 3 to study the joint
effect of antibiotics and phage capable of transduction on bacteria, available as a
preprint at the time of writing (Leclerc, Lindsay and Knight, 2022). In Chapter 5, |
present an analysis of routinely collected hospital data to identify evidence of within-
host AMR diversity in S. aureus, not yet publicly available. The final General
Discussion Chapter then brings together and discusses the conclusions from this

research.
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1.2 The global public health threat of antimicrobial

resistance

1.2.1 The biology of antimicrobial resistance

1.2.1.1 Bacteria and antibiotics

The human body is host to 103 bacteria on average, which is the same order of
magnitude as the number of human cells (Sender, Fuchs and Milo, 2016). The majority
of the time, these microscopic organisms in our bodies are harmless, existing as
commensal organisms in different organs such as our gut, skin, or nose (Sender,
Fuchs and Milo, 2016). However, some bacteria are able to cause infections, when
they rapidly proliferate and interfere with the normal function of our body. If our immune
system is unable to eradicate the causative bacterial population, these infections can
be life-threatening or lead to severe sequelae in individuals. Bacterial infections are
therefore responsible for a significant burden of disease worldwide (Murray et al.,
2022). To treat them, the main weapon at our disposal are antibiotics. These are
molecules that specifically target and kill bacteria (bactericidal) or prevent their growth
(bacteriostatic), allowing the immune system to bring the infection under control
(Silverman and Holladay, 2014).

One of the most important early antibiotics was penicillin, discovered by Alexander
Fleming in 1928 (Fleming, 1929). This bactericidal molecule binds to penicillin-binding
proteins (PBPs), inactivating them irreversibly (Waxman and Strominger, 1983). PBPs
are required in the construction of the bacterial cell wall, therefore their inhibition leads
to instability in the cell wall, and eventually bacterial lysis (Sauvage et al., 2008). When
it was first made widely available in the 1940s, penicillin was used to treat various
blood, respiratory, and sexually transmitted bacterial infections (Dawson and Hobby,
1944; Herrell, 1944).

19



Since then, other antibiotics, often derived from compounds naturally produced by
fungi or bacteria, have been discovered or engineered, targeting different bacterial
mechanisms (Hutchings, Truman and Wilkinson, 2019). The main antibiotic classes,
alongside example antibiotic, mode of action, and resistance, are presented in Table
1.1. Antibiotics have substantially reduced the number of deaths due to bacterial
infections, partly due to their accessibility. Although some antibiotics will only be given
to patients in a healthcare setting (e.g. vancomycin, generally delivered intravenously),
they are often taken orally and directly obtained by individuals in pharmacies after
being prescribed by a doctor (e.g. nitrofurantoin, frequently prescribed for urinary tract
infections). However, antibiotic consumption is less regulated in many settings with
low healthcare infrastructure, and individuals may gain access to antibiotics without a
prescription (Do et al., 2021). As discussed in the next section, this unregulated use
of antibiotics is important in the context of AMR. In any case, antibiotics are most often
taken empirically, before the exact nature of the pathogen responsible for an infection

is known (Versporten et al., 2018).
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Table 1.1: Main antibiotic classes, with examples of antibiotics and resistances. Highlighted in bold are antibiotics and
resistance mechanisms particularly relevant in this thesis.

Class Example antibiotic Mechanism of action Example resistance Mechanism of Reference
mutation/gene resistance
(example bacteria
where the resistance
has been identified)

Aminoglycosides | Gentamicin Binds to the ribosome aacA/aphD (S. aureus) | Aminoglycoside- (Rouch et al.,
30S subunit, leads to modifying enzyme, 1987)
erroneous protein inactivates the
synthesis antibiotic

Carbapenems Meropenem Binds to penicillin- blakKPC (K. Beta-lactamase, (Ghasemnejad,
binding proteins, pneumoniae) degrades antibiotic Doudi and
inhibits cell wall molecules Amirmozafari,
synthesis 2019)

Cephalosporins | Ceftriaxone Binds to penicillin- ampC (E. coli) Beta-lactamase, (Jacoby, 2009)

binding proteins,
inhibits cell wall
synthesis

degrades antibiotic
molecules

Glycopeptides

Vancomycin

Binds to cell wall
peptides, prevents
cross-linking and cell
wall synthesis

vanA (S. aureus)

Alters the peptide
terminal, prevents
antibiotic binding

(Périchon and

Courvalin, 2009)

Lipopeptides Daptomycin Inserts into the cell cls (S. aureus) Alters the cell (Tran, Munita and
membrane, causes membrane Arias, 2015)
leakage of ions and cell composition, prevents
death antibiotic insertion

Lincosamides Clindamycin Binds to the ribosome ermB (S. aureus) rRNA methylase (Schmitz et al.,

50S subunit, inhibts
protein synthesis

Macrolides

Erythromycin

Binds to the ribosome
50S subunit, inhibts
protein synthesis

causing a
conformational
change in the
ribosome, prevents
antibiotic binding

2000)
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Nitrofurans

Nitrofurantoin

Damages DNA and
proteins non-
specifically

nfsA (E. coli)

Encodes oxygen-
insensitive
nitroreductase,
prevents antibiotic
activation

(Osei Sekyere,
2018)

Oxazolidinones

Linezolid

Binds to the ribosome
50S subunit, inhibits
protein synthesis

23S rRNA gene (S.

aureus)

Point mutation in the
23S rRNA gene,
prevents antibiotic

(Foster, 2017)

binding
Penicillins Flucloxacillin Binds to penicillin- mecA (S. aureus) Encodes an (Pinho, de
binding proteins, alternative penicillin- | Lencastre and
inhibits cell wall binding protein, Tomasz, 2001)
synthesis prevents antibiotic
binding
Polypeptides Colistin Changes the mcr-1 (E. coli) Alters cell membrane (Lietal., 2020)
permeability of the lipids, prevents
outer membrane, antibiotic binding
causes cell leakage
Quinolones Ciprofloxacin Binds to norA (S. aureus) Efflux pump, removes | (Yoshida et al.,

topoisomerases,
prevents changes in
DNA topology and cell
division

the antibiotic from
within the cell

1990)

Streptogramins

Quinupristin/dalfopristin

Binds to the ribosome
50S subunit, inhibits
protein synthesis

vgaA (S. aureus)

Encodes a binding
protein, removes the
antibiotic from within
the cell

(Gentry et al.,
2008)

Sulfonamides

Sulfamethoxazole

Competes with
bacterial enzymes to
prevent synthesis of
folic acid, prevents
bacterial DNA synthesis
and growth

dfrA (S. aureus)

Encodes an alternative
dihydrofolate
reductase, prevents
antibiotic binding

(Dale et al., 1995)
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Tetracyclines

Tetracycline

Binds to the ribosome
30S subunit, inhibits
protein synthesis

tetk (S. aureus)

Efflux pump,
removes the
antibiotic from within
the cell

(Khan and
Novick, 1983)

Others

Chloramphenicol

Binds to the ribosome
50S subunit, inhibits
protein synthesis

cfr (S. aureus)

rRNA methylase
causing a
conformational change
in the ribosome,
prevents antibiotic
binding

(LaMarre et al.,
2013)
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1.2.1.2 Definition of AMR

“l would like to sound one note of warning. [...] The time may come when penicillin can
be bought by anyone in the shops. Then there is the danger that the ignorant man may
easily underdose himself and by exposing his microbes to non-lethal quantities of the
drug make them resistant.” - Alexander Fleming, Nobel Lecture 1945

Unfortunately, antibiotics are not infallible, as highlighted by Alexander Fleming during
his Nobel Prize Lecture (citation above). Antimicrobial resistance (AMR) describes
resistance in microorganisms to treatments against them, and therefore includes
antibiotic resistance in bacteria. Resistance in bacteria is generally defined by
measuring the minimum concentration of an antibiotic required to prevent growth of
these bacteria (“minimum inhibitory concentration”; MIC) (Wheat, 2001). For each
antibiotic, there are cut-off MIC values used to determine whether bacteria are
classified as susceptible or resistant (Wheat, 2001). The most commonly used
guidelines for this purpose are from the European Committee on Antimicrobial
Susceptibility Testing (EUCAST: Clinical breakpoints and dosing of antibiotics, 2022)
and the Clinical and Laboratory Standards Institute (Clinical and Laboratory Standards
Institute, 2022). Although this binary susceptible/resistant classification is useful
clinically to identify which antibiotics should be used to treat infections, it does not fully
capture the true diversity of AMR. In reality, two bacteria labelled as resistant to the
same antibiotic can show variations in their actual resistance levels, with one being
completely insensitive to the antibiotic, and the other still affected by a slight reduction
in growth rate (Mueller, de la Peila and Derendorf, 2004). Understanding this diversity
is essential to identify how resistant bacteria may persist, further adapt, and be

transmitted to other individuals.

1.2.1.3 Mechanisms of AMR

Antibiotic resistance in bacteria can be spontaneously acquired by mutations in the
bacterial DNA, or following acquisition of a gene encoding a resistance mechanism.
An example of resistance acquired by mutation is linezolid resistance in S. aureus,
due to a point mutation in the 23S ribosomal RNA gene which prevents the antibiotic
molecules from binding to their target on the ribosome (Meka et al., 2004). An example
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of resistance following gene acquisition is a new efflux pump encoded by the tetK gene
in S. aureus which actively removes tetracycline molecules from within the cell before

they can bind to the bacterial ribosomes (Trzcinski et al., 2000).

Some resistances can be intrinsic as opposed to acquired, where an antibiotic is
inherently unable to affect a bacterium because its target is not available, such as
vancomycin resistance in Gram-negative bacteria (Miller, 2016). These are bacteria
with an outer membrane of lipopolysaccharides, as opposed to Gram-positive bacteria
which only have a peptidoglycan cell wall (Salton and Kim, 1996). Vancomycin
molecules are too large to pass through the porins naturally present in the Gram-
negative outer membrane, and therefore cannot reach their target peptides and

prevent cell wall synthesis (Miller, 2016).

Further examples of mechanisms of resistance to each of the antibiotic classes are
presented in Table 1.1. As there are many resistance mechanisms, the overall
resistance profiles (defined as the unique combination of resistances and
susceptibilities of a bacteria to multiple antibiotics) can vary even between bacteria
belonging to the same species, and the presence of multiple resistances in a single
bacterium is increasingly common (Tanwar et al., 2014). In addition, there are
instances where a single gene can provide resistance to multiple classes of antibiotics,
such as the ermB gene providing resistance to lincosamides and macrolides (Table
1.1). It is important to note that, by itself, the appearance and acquisition of new
antibiotic resistance mechanisms by bacteria is a random process, and that antibiotics
are the evolutionary pressure selecting for these resistances (Lipsitch and Samore,
2002). Accessibility, presented as a strength of antibiotics in the previous section, is
therefore also a weakness, as misuse of antibiotics is a key factor responsible for
increases in antibiotic resistance, for example via inappropriate antibiotic prescribing
(e.g. for respiratory viral infections) or incorrect antibiotic usage by individuals (e.g. not

completing a course of antibiotics).

Fortunately, the resistance mechanisms described above often impose a fithess cost
on bacteria, reducing their growth rate and their ability to compete for resources with
other organisms which may be present in their environment (Melnyk, Wong and

Kassen, 2015). For example, a conformational change preventing antibiotic binding
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might reduce the ribosome efficiency to translate messenger RNA to proteins (Powers
and Noller, 1991), and an efflux pump will require additional bacterial resources to be
operational (Alonso et al., 2004). In settings where antibiotics are absent, this reduces
the competitiveness of bacteria expressing AMR genes versus bacteria not expressing
these genes (Melnyk, Wong and Kassen, 2015). These fitness costs can limit the
increase in the prevalence of resistant bacteria under natural circumstances, and
prevent bacteria from accumulating multiple resistances (Levin et al., 1997). However,
there are often multiple different genes granting resistance to the same antibiotic,
hence two bacteria resistant to the same antibiotic may not be resistant via the same
mechanism, and may not be affected by the same fithess cost. Importantly, bacteria
carrying one or more antibiotic resistance genes can continue to evolve over time,
acquiring compensatory mutations in the resistance genes or elsewhere in the
genome to overcome these fitness costs (Andersson and Hughes, 2010; Knight, Budd
and Lindsay, 2013). This includes mutations on mobile genetic elements (MGES)
which may carry these resistance genes (further discussed in the next section), such
as plasmids (Zwanzig et al., 2019). Persistence of resistance in bacteria despite the

absence of antibiotic use is therefore increasingly seen (Dorado-Morales et al., 2021).

1.2.2 AMR and public health

1.2.2.1  Consequences of AMR

AMR is one of the greatest global public health challenges we are facing (World Health
Organization, 2015). For almost all of the antibiotics currently available, bacteria
displaying resistance have been identified (Ventola, 2015). Since the majority of
antibiotics are prescribed empirically, before the causative pathogen and its potential
resistance are known, then all other things equal, a higher rate of AMR will directly
lead to more antibiotic treatment failures (Versporten et al., 2018). This translates to
worse health outcomes for individuals, including prolonged illness such as recurrent
urinary tract infections by antibiotic-resistant bacteria, which require further usage of

antibiotics and hence further worsen the problem of AMR (Wagenlehner et al., 2022).
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Due to AMR, many common infections that could previously be cured with a single
antibiotic dose now require complex treatment strategies (World Health Organization,
2021). The significance of this problem is illustrated by the global number of deaths
due to infections by antimicrobial-resistant organisms (not bacteria only), which was
initially estimated at around 700,000 per year (O’Neill, 2016). This same report
suggested that if policies remained unchanged, this number could increase up to 10
million by 2050 (O’Neill, 2016). Unfortunately, we are fast progressing towards the
worst case scenario, as the most recent estimate of AMR burden calculated that 1.2
million (95% uncertainty interval: 0.911-1.71) deaths in 2019 alone may be attributable
to infections by antibiotic-resistant bacteria (Murray et al., 2022). This same study
estimated that 275,000 (161,000-439,000) years lived with disability may be
attributable to infections by antibiotic-resistant bacteria in 2019, illustrating the impact
of this problem on the long-term health of individuals. In addition, AMR leads to
financial costs for society, by reducing the productivity of individuals infected by
resistant bacteria, and requiring supplementary medical interventions to treat these
individuals. Attempts to estimate the economic cost of AMR concluded that this could

reach several billions of dollars per country per year (Shrestha et al., 2018).

1.2.2.2 Interventions against AMR

To reduce the threat posed by AMR, many interventions have been suggested and
are still being developed. For example, antibiotic stewardship regroups several
interventions which aim to encourage individuals to use antibiotics more responsibly,
reducing the selection pressure for resistant bacteria (King et al., 2016; Price et al.,
2018). Stewardship can include incentives for doctors to reduce their antibiotic
prescription rates, only prescribing them when necessary, or informing patients about
the function of antibiotics and why these are not always the default answer to every
health problem. Similarly, rapid diagnostic tests to identify resistant bacteria faster and
prevent unnecessary antibiotic use are in active development (Vasala, Hytonen and
Laitinen, 2020). Separately from antibiotic stewardship which aims to preserve the
value of existing antimicrobials, novel antimicrobial agents are being investigated, both
new antibiotics and alternative compounds to target bacteria via a wide range of
mechanisms, overcoming existing resistances (Vila, Moreno-Morales and Ballesté-
Delpierre, 2020). Improved economic incentives are required to encourage the

development of these new antibiotics, such as the new subscription model recently
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launched in the UK (Mahase, 2020). Finally, interventions against infections in general,
not specifically targeting AMR (e.g. vaccines, improved sanitation), can still be
effective to directly reduce the incidence of infections by resistant bacteria. Such non-
specific interventions can also provide an indirect effect against AMR, as a general
decrease in bacterial infections will reduce antibiotic usage, and hence selection for

resistance.

1.3 The problem of methicillin-resistant

Staphylococcus aureus

1.3.1 Biology of S. aureus

Staphylococcus aureus (S. aureus) is a Gram-positive bacterium first identified in 1884
(Rosenbach, 1884). It belongs to the Staphylococcus genus, and possesses the
spherical shape (coccal) that characterises this group of bacteria (Foster, 1996; Taylor
and Unakal, 2022). S. aureus bacteria typically form grape-like clusters, and the
“aureus” (Latin for “golden”) suffix reflects their golden-yellow colour when grown on
blood agar plates. S. aureus replicate fairly rapidly, with a doubling-time of
approximately 30 minutes in rich medium at 37 degrees Celsius (Missiakas and
Schneewind, 2013). These bacteria are facultative anaerobes, able to survive in a
wide range of environments with or without oxygen (Foster, 1996; Taylor and Unakal,
2022).

The complete genome size of S. aureus bacteria is approximately 2.8 million base-
pairs (Holden et al., 2004). The current nomenclature used to structure S. aureus
populations into lineages originates from multilocus sequence typing (MLST) (Enright
et al.,, 2000). This technique focuses on the identification of seven housekeeping
genes in the S. aureus chromosome (i.e. genes that should always be present in all
isolates). MLST defines the sequence type (ST) of an isolate depending on the
versions (alleles) of each housekeeping gene carried by that isolate. Isolates with at
least 5 alleles in common between their STs are then grouped into clonal complexes

(CCs), named according to the predicted ancestor ST (e.g. isolates belonging to CC22
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all are predicted to have ST22 as ancestor) (Feil et al., 2003). Almost all S. aureus
isolates contain a type | restriction-modification system, which degrades foreign DNA
introduced in the bacteria. Importantly, the hsdS genes which control the specificity of
this system vary between lineages (Waldron and Lindsay, 2006). Consequently,
isolates belonging to one CC consider DNA fragments from other CCs as foreign and
target them for degradation. This represents a barrier to the exchange of genetic
material between CCs, and explains the independent evolution of CCs (Lindsay,
2014). MLST has now been replaced for lineage identification by more powerful
molecular and easy to use techniques, such as spa typing which identifies variations
in the gene encoding for surface protein A (Harmsen et al., 2003), and microarrays
which classify isolates according to hundreds of core variable genes (Lindsay et al.,
2006),

In addition to their core genome, S. aureus possess a large number of mobile-genetic
elements (MGESs) (Alibayov et al., 2014). These are genetic elements that can move
within a bacterium, such as transposons (DNA sequences which can relocate in a
genome via excision and reinsertion), or between bacteria, such as plasmids
(extrachromosomal DNA capable of independent replication). As discussed later in
this Introduction, MGEs frequently encode AMR genes or virulence factors, increasing
the pathogenicity of the bacteria carrying them (Alibayov et al., 2014). Due to the
restriction-modification systems mentioned above which restrict the movement of
genetic material between S. aureus lineages, the distribution of MGEs varies between
lineages (McCarthy and Lindsay, 2012, 2013; McCarthy, Witney and Lindsay, 2012).

1.3.2 Epidemiology of S. aureus

1.3.2.1 S. aureus colonisation in humans

S. aureus is generally a commensal bacteria in humans, with approximately 20% of
individuals colonised by S. aureus at any given time, typically in the nose and on the
skin (den Heijer et al., 2013). Colonisation is most likely to be transient, with individuals
being repeatedly colonised for periods of 2-6 months at a time (Miller et al., 2014).

This colonisation is asymptomatic (i.e. without symptoms), and therefore generally
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undetected. Individuals colonised by S. aureus are a reservoir for these bacteria,
where they can replicate and diversify by exchanging genes (discussed later in this
Introduction). Colonisations can directly impact infections, since individuals are more
likely to be infected by the strains they carry (von Eiff et al., 2001; Huang and Platt,
2003).

1.3.2.2 S. aureus infections in humans

S. aureus is an opportunistic pathogen, with infections normally controlled by the
immune system in healthy individuals (Fournier and Philpott, 2005). The most common
S. aureus infections are minor skin infections, which are resolved without any
treatment (Ryu et al., 2014; O’Gara, 2017). S. aureus bacteria are not normally able
to able to cross skin and mucosal barriers to reach organs where they may cause
severe infections. Individuals suffering from severe S. aureus infections, such as
bloodstream infections, are therefore often immunocompromised, and thus found in
hospitals and other care facilities (O’'Gara, 2017). Hence, S. aureus infections in
humans are often healthcare-associated, also called “nosocomial infections". In
Europe in 2020, more than 70,000 S. aureus isolates from bloodstream infections were
recorded in the European Centre for Disease Prevention and Control (ECDC)

Surveillance ATLAS (European Centre for Disease Prevention and Control, 2022).

S. aureus is identified as the causative pathogen of an infection by analysing a sample
taken from the infected patient in a microbiology diagnostic laboratory. Common
diagnostic methods include evidence of bacterial growth by plating the sample on
selective culture media (Baird and Lee, 1995), coagulase agglutination test (van
Griethuysen et al., 2001), and Matrix-Assisted Laser Desorption lonization-Time of
Flight Mass Spectrometry (Dubois et al., 2010). Uncomplicated S. aureus skin
infections can be treated using topical antibiotics (applied directly to the skin) such as
mupirocin (Tong et al., 2015). Treatment of S. aureus bloodstream infections involves
antibiotics, typically anti-staphylococcal penicillins such as flucloxacillin, delivered to
patients intravenously for at least two weeks (Kimmig et al., 2021). Prophylactic
treatment is also essential in cases where patients are known to be at high risk of

infection, such as after a surgery.
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1.3.2.3 S. aureus in other ecosystems

Aside from humans, S. aureus can be found in many different environments, including
surfaces within households (Uhlemann et al., 2011; Fritz et al., 2014), and
environment-mediated transmission likely plays a key role in the spread of these
bacteria. S. aureus can also be found in animals, including pets which may be an
important source of infection for humans (Davis et al., 2012; Bierowiec, Ptoneczka-
Janeczko and Ryputa, 2016). S. aureus infections in livestock can cause diseases
such as chicken pododermatitis and cow mastitis (Smith, 2015). Although livestock-
associated S. aureus lineages are different from lineages found in humans, suggesting
that cross-species infections are uncommon, animals represent an important reservoir
for S. aureus antibiotic resistance genes (McCarthy et al., 2011; McCarthy, Lindsay
and Loeffler, 2012; Moodley et al., 2012; Larsen et al., 2022).

1.3.3 The problem of AMR in S. aureus

1.3.3.1 Methicillin-resistant S. aureus

Penicillin was originally the antibiotic of choice to treat S. aureus. However, resistance
rapidly appeared amongst bacterial populations, with more than 90% of S. aureus now
carrying penicillinases, enzymes which actively degrade penicillin molecules (Lowy,
2003). Other antibiotics from the penicillin class were therefore introduced to control
S. aureus infections, such as methicillin, which is not affected by penicillinases.
Unfortunately, antibiotic resistance was again selected for as a consequence of this
introduction (Chambers and DelLeo, 2009). Methicillin-resistant S. aureus (MRSA)
refers to strains of S. aureus resistant to all beta-lactam antibiotics (as opposed to
methicillin-susceptible S. aureus, MSSA). Beta-lactam antibiotics include penicillins,
but also cephalosporins and carbapenems. Methicillin resistance in staphylococcal
bacteria was first identified in the 1960s (Barber, 1964), with all MRSA strains found
to carry the mecA genetic element (Kuhl, Pattee and Baldwin, 1978; Beck, Berger-
Bachi and Kayser, 1986). This mecA gene was then shown to encode PBP2a, which
has a reduced affinity for beta-lactam antibiotics compared to the regular bacterial PBP
(Pinho, de Lencastre and Tomasz, 2001). This alternative protein therefore grants
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beta-lactam resistance to S. aureus by preventing the antibiotics from inhibiting cell

wall synthesis.

Later, it was discovered that the mecA gene was part of a DNA cassette in the S.
aureus chromosome, named “staphylococcal cassette chromosome mec” (SCCmec)
(Katayama, Ito and Hiramatsu, 2000). Different types of SCCmec have been identified,
carrying other resistance genes alongside mecA (International Working Group on the
Classification of Staphylococcal Cassette Chromosome Elements, 2009). Alongside
the clonal complexes mentioned previously, the SCCmec type can be used to
structure S. aureus isolates into groups, as current evidence suggests that SCCmec
elements are rarely gained or lost by S. aureus (Hanssen and Ericson Sollid, 2006;

Scharn, Tenover and Goering, 2013; Maree et al., 2022).

1.3.3.2 Epidemiology of MRSA

As for all S. aureus strains, MRSA can be responsible for infections, notably of the
blood or the skin (Tong et al.,, 2015). As for MSSA, MRSA infections are often
healthcare-associated (HA-MRSA). MRSA can also colonise individuals
asymptomatically (Kluytmans, van Belkum and Verbrugh, 1997). This again highlights
the importance of understanding this pathogen in general, not only in an infection
context, as individuals colonised by an MRSA strain will then be more likely to be
infected by this same strain. In 2020, 13.2% of S. aureus isolates recorded in the
ECDC Surveillance ATLAS were MRSA (European Centre for Disease Prevention and
Control, 2022). MRSA is a significant public health threat, responsible for the second
highest burden of disease amongst the antibiotic-resistant pathogens most commonly
isolated from blood or cerebrospinal fluid in Europe in 2015 (Cassini et al., 2019).
MRSA was estimated to be the only pathogen-drug combination responsible for more
than 100,000 deaths globally in 2019 (Murray et al., 2022).

In addition, the incidence of community-associated MRSA (CA-MRSA) is increasing,
indicating that this problem goes beyond healthcare environments (Kong, Johnson
and Jabra-Rizk, 2016). The type of SCCmec elements varies between CA- and HA-
MRSA, with type V more commonly found in CA-MRSA, as opposed to types I, Il and
[l for HA-MRSA (Diep et al., 2006). CA-MRSA often carry genes encoding Panton-

Valentine leucocidin, a toxin associated with increased severity for skin and soft-tissue
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infections (Shallcross et al., 2013). Although CA-MRSA isolates are epidemiologically
distinct from HA-MRSA, the increased incidence in severe infections caused by CA-
MRSA translates to more patients infected by this S. aureus group being admitted to
hospitals, and therefore an increased prevalence of CA-MRSA in healthcare settings
(Lindsay, 2010). The relative importance of CA- and HA-MRSA varies geographically,
with HA-MRSA being more common in Europe, while in the United States the burdens
of CA- and HA-MRSA are similar (Otter and French, 2010). Livestock-associated
MRSA (LA-MRSA) represents another distinct group of MRSA which typically colonise
pigs, and carry tetracycline resistance genes (Wulf and Voss, 2008). Although LA-
MRSA may not transmit efficiently between humans, individuals in close contacts with
colonised animals (e.g. farmers, veterinarian etc.) may become colonised, and
therefore be themselves at higher risk of MRSA infection (Lindsay, 2010). For these
reasons, and due to the potential for strains to rapidly gain further resistances, MRSA
is listed on the antibiotic-resistance priority pathogens list from the World Health
Organization, and the ESKAPE list (Rice, 2008; Tacconelli et al., 2018).

Once S. aureus has been identified as the causative pathogen in an infection, further
tests are routinely conducted to distinguish between MSSA and MRSA. These include
a latex agglutination test to detect the presence of PBP2a, a polymerase chain
reaction to detect the mecA gene, or an antibiotic susceptibility test to detect beta-
lactam resistance (van Griethuysen et al., 1999). MRSA bloodstream infections are
generally treated using intravenous vancomycin, or daptomycin (Kimmig et al., 2021).
These antibiotics are less convenient than those used for MSSA treatment, as they
have a higher risk of causing nephrotoxicity (kidney damage) (The National Institute
for Health and Care, 2022b, 2022a). In addition, these are antibiotics with poor
bioavailability (capacity to reach their target site in the human body whilst still active),
which further complicates their usage as they must be administered over long

durations with careful monitoring of concentrations (Patel, Preuss and Bernice, 2022).

1.3.3.3 Other antibiotic resistances in S. aureus

Alongside broad beta-lactam resistance in MRSA, S. aureus strains can carry many
different genes or mutations giving resistance to essentially all classes of antibiotics
currently available for treatment (Foster, 2017). Multiple resistances are most common

in MRSA, whilst MSSA isolates tend to be resistant to only one or two antibiotics
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(Chambers and DelLeo, 2009). Importantly, many of these resistance genes are on
MGEs, allowing them to spread rapidly in a bacterial population (discussed later in this

Introduction) (Haaber, Penadés and Ingmer, 2017).

Of particular interest is fluoroquinolone resistance, as antibiotics from this class are
not used to treat S. aureus infections. Instead, fluoroquinolone resistance in MRSA
may be evidence of bystander selection, where usage of this antibiotic to treat an
unrelated infection in an individual selects for resistance in S. aureus present in the
same individual (Knight et al., 2012; Tedijanto et al., 2018). Alternatively, this may be
due to co-selection, whereby selection for one antibiotic resistance in a bacterial
population jointly selects for resistance to a different antibiotic, even in the absence of
this second antibiotic. This can occur because of linkage, when the two resistance
genes are co-located on a single MGE, and are therefore frequently present together
in bacteria. Interestingly, fluoroquinolone exposure is a risk factor for MRSA
colonisation (Couderc et al., 2014), hence understanding the mechanism behind
selection of this resistance could reveal insights into potential strategies to control the
incidence of MRSA. Vancomycin resistance is a major preoccupation since, as
mentioned above, this is currently the antibiotic of choice to treat severe MRSA
infections (McGuinness, Malachowa and Deleo, 2017). Widespread vancomycin
resistance would substantially complicate the treatment of MRSA infections, and
require alternative treatment strategies. Resistance can be acquired via the vanA
gene, which prevents vancomycin from disrupting cell wall synthesis (Périchon and
Courvalin, 2009). This gene is currently rare in S. aureus, but commonly found in
enterococci, which are commensals of the human gut (French, 1998). Events where
S. aureus acquired vanA from enterococci have previously been described
(McGuinness, Malachowa and DelLeo, 2017).

1.3.3.4  Diversity in S. aureus populations

As highlighted above, there are many characteristics which can define S. aureus
isolates. These characteristics are not uniformly distributed temporally and
geographically. As mentioned above, there are distinct MRSA groups, each with their
own reservoir (HA-MRSA, CA-MRSA, LA-MRSA), although these can cross-over
between their respective settings (e.g. LA-MRSA colonisation in humans, or CA-

MRSA infections in healthcare environments). The relative prevalence of the 10 main
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S. aureus lineages in humans varies over time (Lindsay et al., 2006); in the UK for
example, the dominant MRSA lineage changed from CC30 to CC22 between 1999
and 2009 (Wyllie, Paul and Crook, 2011; Knight et al., 2012). The distribution of S.
aureus lineages also varies between countries and regions (Grundmann et al., 2010).
Similar geographical and temporal variations have been seen between the 13 different
types of MRSA SCCmec elements (Hanssen and Ericson Sollid, 2006; Singh-Moodley
et al., 2020). It is currently unclear why variations in the dominant lineages or SCCmec
elements occur, highlighting the importance of understanding how S. aureus strains

evolve, and the selection pressures affecting them.

There can also be substantial diversity even between S. aureus isolates present within
the same population (e.g. within the same host). Firstly, joint colonisation by both
MRSA and MSSA is possible, with previous studies finding this to occur in 21% of
hospital patients (Mongkolrattanothai et al., 2011). This same study also detected
multiple genotypes in 30% of patients, identified using multiple-locus variable-number
tandem-repeat fingerprinting. Isolates in a single host can vary according to their
antibiotic resistances, which is strongly linked to the MGEs they carry (Haaber,
Penadés and Ingmer, 2017). A study from 2015 looking at within-host MRSA
populations found that 24% of patients sampled carried multiple strains, each resistant
to different antibiotics (Stanczak-Mrozek et al., 2015). Finally, we see variation in the
types of biological entities that coexist alongside S. aureus populations,
bacteriophage, presented in the next section of this Introduction.

Information on this within-host diversity can be valuable to track transmission of S.
aureus between individuals (Hall et al., 2019). In addition, monitoring changes in AMR
diversity over time may provide valuable insights into the frequency of AMR evolution
within-host and the drivers of this evolution, which we must understand to design
efficient interventions against this public health threat (Winstanley, O’Brien and
Brockhurst, 2016). Although the substantial genetic diversity identified in the studies
above suggests that gain and loss of genetic material occurs frequently in S. aureus,
these studies only assessed individual within-host diversity at single timepoints. There
is therefore a lack of longitudinal data to improve our currently limited understanding

of how this diversity may change over time.
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1.4 Bacteriophage: abundant predators of S aureus

1.4.1 Phage form a key part of the S. aureus ecosystem

1.4.1.1 Phage life cycles

Bacteriophage (phage) are viruses of bacteria, and likely the most abundant biological
entities on Earth (Clokie et al., 2011). There are more than 10 families of phage,
defined by their morphology (shape, presence or absence of a protein tail etc.) and
genome (size, single or double-stranded etc.) (Hyman and Abedon, 2012). Their main
interaction with bacteria is a predator-prey relationship, as phage can infect and lyse
bacteria through the “lytic cycle” (Figure 1.1). This process begins with a phage binding
to a bacterium, and injecting its genetic material. The phage will then take over
bacterial machinery to replicate, degrading bacterial DNA in the process. Importantly,
as this process relies on bacterial machinery, the bacteria must be themselves capable
of growth in order for the phage to replicate (Kokjohn and Sayler, 1991; Hadas et al.,
1997; Santos et al., 2014). This replication process leads to multiple copies of the
phage genome being created, as well as new phage capsids to package these
genomes. Recognition of the phage DNA for packaging is mediated by the terminase
subunit of the capsid. In cos-type phage, the terminase recognises specific cos sites
at the beginning and end of a complete phage genome, allowing for precise packaging
(Casjens and Gilcrease, 2009). Meanwhile, the terminase in pac-type phage only
recognises a pac site to initiate packaging, and halts this process by making a non-
specific cut in the DNA once the capsid is full, leading to the packaging of between
102-110% of the full phage genome in each capsid (Casjens and Gilcrease, 2009).
Ultimately, the lytic cycle causes the bacterial cell to lyse, busting open to release the

new phage in the surrounding environment.

In addition to this, some phage can undergo a “lysogenic cycle” upon initially entering
the bacterium (Figure 1.1). In that case, the phage genome integrates in the bacterial
chromosome, forming what is known as a “prophage”, and remains in a dormant state.
During that time, the lysogenic bacterium may undergo several rounds of replication,
each time copying the prophage as part of its genome. Lysogenic bacteria typically

acquire lysogenic immunity, protecting them from lytic infection by the same phage as
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their prophage (Lwoff, 1953). Eventually, the prophage may excise from the
chromosome, often upon activation of bacterial signalling pathways indicating stress,
such as the SOS response. This can occur following bacterial DNA degradation by
ultraviolet light or chemicals (e.g. mitomycin C) (Howard-Varona et al., 2017). Upon

excision of the prophage, the lytic cycle may then begin as detailed above.

The predator-prey relationship between phage and bacteria has led to a constant arms
race between these organisms (Hampton, Watson and Fineran, 2020). Recent efforts
have uncovered a substantial diversity in phage resistance mechanisms present in
bacteria, with tools such as the PADLOC database to reveal and record new defence
systems (Payne et al., 2021). In addition to mechanisms such as restriction-
modifications systems (mentioned earlier in this Introduction), CRISPR-Cas systems
are a famous example of a bacterial defence mechanism (Barrangou et al., 2007).
These systems are composed of proteins (Cas) which target foreign DNA by matching
it to fragments stored in a genetic library (CRISPR), allowing the bacteria to recognise
and cleave phage DNA as soon as it enters the cell. Resistance can also be mediated
by bacterial surface modification mutations, which prevent phage from binding to
bacteria and initiating the infection process (Hampton, Watson and Fineran, 2020).
Note that while such surface modifications are possible in S. aureus, current evidence
suggests that these are exceedingly rare due to the fithess cost incurred (Dalen,
Peschel and Sorge, 2020). Inversely, phage have developed mechanisms to
neutralise these defences, such as anti-CRISPR systems (Bondy-Denomy et al.,
2013). There is therefore constant co-evolution between bacteria and phage, shaping
the structure of these populations in various environments (Koskella and Brockhurst,
2014).

The ability for phage to undergo either the lytic or lysogenic cycle varies depending on
the infected bacteria, environmental conditions, and between phage families. Phage
only capable of undergoing the lytic cycle are referred to as “lytic phage”, while phage
capable of entering the lysogenic cycle are called “temperate phage”. The lysogenic
cycle requires the phage to carry specific integrase genes which allow them to
integrate and persist in the bacterial chromosome (Deghorain and Van Melderen,
2012).

37



a) 1. Infection by
Iytic phage Lytic cycle

7. New
transductant
bacteria

2. Replication

i @ i 3. Packaging
4T and assembly

6. Gene
integration

4. Burst

. Phage DNA

5. Infection by ~~ Bacterial DNA
transducing phage r~ Antimicrobial resistance gene
b) 1. Infection by Lvsogenic
lysogenic phage 2. Phage' YS08
integration cycle

9. New
transductant 3. Phage
bacteria excision

4. Replication

8. Phage 5. Packaging
and gene and assembly
integration

6. Burst

7. Infection by
transducing phage

Figure 1.1: Phage life cycles and transduction. a) Lytic cycle and generalised

transduction. b) Lysogenic cycle and specialised transduction. Figure adapted
from (Leclerc et al., 2022).
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1.4.1.2 Phage of S. aureus

Phage and S. aureus frequently coexist, with all known strains of S. aureus carrying
at least one prophage, although the distribution of prophage varies between S. aureus
lineages (McCarthy, Witney and Lindsay, 2012). Phage-bacteria coexistence has
been observed in multiple species, and suggests the existence of mutualistic
interactions between phage and bacteria, in addition to their typical prey-predator
relationship (Shkoporov, Turkington and Hill, 2022). In S. aureus, this coexistence is
partly explained by the fact that phage frequently carry genes that are beneficial to the
bacteria, encoding immune evasion and virulence factors for example (Deghorain and
Van Melderen, 2012). However, it is interesting to note that phage of S. aureus rarely
encode AMR genes in their own genome (Kondo, Kawano and Sugai, 2021; Nepal et
al., 2021). A previous study of patients colonised with MRSA also detected free phage
particles capable of lysing S. aureus in at least 50% of these patients (Stanczak-
Mrozek et al., 2015). Phage of S. aureus are mostly part of the Siphoviridae family,
with long non-contractile tails and icosahedral capsids (Deghorain and Van Melderen,
2012). S. aureus phage genomes range from less than 20 to more than 125 kilo-base
pairs (Kwan et al., 2005), with the most common size being approximately 45 kilo-
base pairs, equivalent to 1.6% of the complete S. aureus genome size (Deghorain and
Van Melderen, 2012). Commonly studied bacteriophage of S. aureus include 80a and
$11, both labelled as temperate phage (i.e. able to enter the lysogenic cycle and
integrate in the genome) since they carry integrase genes (Xia and Wolz, 2014).

1.4.2 Phage as a solution to MRSA

1.4.2.1 Phage therapy

The predator-prey relationship of phage and bacteria makes phage particularly
interesting as novel antimicrobial agents, providing a potential solution to treat
infections by antibiotic-resistant bacteria (Brives and Pourraz, 2020). Phage therapy
was originally introduced in the early 20th century, and relies on using the lytic abilities
of phage to decrease a bacterial population during an infection. Phage therapy design
first requires the identification of phage that are highly lytic against the pathogen of

interest, with multiple pipelines currently being developed for this purpose (Gelman et
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al., 2021). The attractiveness of phage to treat bacterial infections is in part due to their
narrow spectrum. Phage can only bind to specific receptor proteins present on their
target bacteria, as opposed to antibiotics, which are less specific and can affect other
bacteria in the same environment as the target, potentially causing undesirable side
effects (Lin, Koskella and Lin, 2017). In S. aureus for example, the only known receptor

for phage binding is wall teichoic acid (Park et al., 1974).

1.4.2.2  Current status of phage therapy against MRSA

The ever-increasing risk of multidrug resistance in MRSA makes phage therapy an
attractive alternative treatment strategy (Walsh et al., 2021). Phage therapy against S.
aureus is not currently commercially available, and treatment of patients is mostly
restricted to compassionate use, to attempt to treat infections by bacteria resistant to
all available antibiotics. Clinical trials of phage therapy against S. aureus are currently
ongoing in patients with chronic or wound infections (Adaptive Phage Therapeultics,
Inc., 2022; Centre Hospitalier Universitaire de Nimes, 2022). Preliminary results
suggest that phage therapy is safe and well tolerated in patients, but information on
efficacy is limited (Fish et al., 2016; Ooi et al., 2019; Petrovic Fabijan et al., 2020).
Aside from these trials, there are ongoing in vitro efforts to identify other phage that

may be used therapeutically (Lehman et al., 2019; Berryhill et al., 2021).

Several practical and regulatory challenges currently prevent widespread use of phage
therapy to treat S. aureus infections (Brives and Pourraz, 2020). Firstly, the unique
nature of phage as “living antimicrobials” leads to complex pharmacokinetics and
pharmacodynamics (PKPD), which describe the fate of an antimicrobial (here, phage)
during treatment, and how it affects its target (bacteria) (Payne and Jansen, 2003).
This complexity arises due to the ability of phage to replicate whilst killing bacteria
during treatment, as opposed to antibiotics PKPD which are mostly dependent on the
initial concentration of antibiotics provided (Payne and Jansen, 2000; Nielsen and
Friberg, 2013). Interestingly, this complexity could be leveraged in phage therapy
design, by administering an initial dose of phage which by itself is too low to clear all
the bacteria bacteria, yet will be able to ultimately achieve this as the phage will
replicate whilst killing the bacteria (Payne and Jansen, 2001). This corresponds to
active therapy, as opposed to passive therapy which requires a higher dose of phage

to clear the bacteria without the need for replication. Secondly, bacterial resistance to
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phage is a major preoccupation, as resistance evolution is frequently observed in vitro
(Berryhill et al., 2021). To reduce the risk of bacteria developing resistance to the
phage during treatment, phage cocktails are being considered instead of single phage
strains (Molina et al., 2021). Phage cocktails consist of multiple different phage
species, each with different infection mechanisms. This reliance on multiple infection
mechanisms guarantees that the bacteria cannot easily become resistant to all the
phage in the cocktail by acquiring a single resistance mechanism (Abedon, Danis-
Wilodarczyk and Wozniak, 2021). Instead, they would have to acquire multiple
resistance mechanisms, which is unlikely to occur in the interval between phage
introduction and bacterial clearance. This also allows for greater odds of treatment
success without requiring precise knowledge of the causative bacteria, since a greater
diversity of phage infection mechanisms in the cocktail extends the range of bacteria
against which therapy will be effective. However, this creates further challenges, as
phage cocktail design requires the correct diagnosis of the bacteria responsible for an
infection, and identification of the appropriate phage to target them. This places phage
therapy in the category of personalised medicine (Loh and Leptihn, 2020), as opposed
to antibiotics which affect bacteria more broadly and hence do not generally require
such a detailed screening process to be matched to the specific bacteria responsible

for the infection.

1.4.3 Phage, S. aureus, and antibiotics interactions

Although an objective of phage therapy research is to design standalone phage
treatments, ethical considerations mean that in ongoing trials, phage are
systematically delivered alongside antibiotics (Brives and Pourraz, 2020). Phage may
also be more widely found alongside antibiotics in the environment (Larsson, 2014). It
is therefore essential to understand how phage and antibiotics interact with each other.
Previous studies, mostly focused on other organisms than S. aureus, have found
evidence of both synergism and antagonism between phage and antibiotics (Abedon,
2019; Liet al., 2021). One example in S. aureus is (Rahman et al., 2011), who showed
that a S. aureus population exposed to both phage and rifampicin at 10 x MIC will be
affected by a stronger decrease than when exposed to either alone. On the other hand,

(Valério et al., 2017) find that an E. coli phage population will not increase if the
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bacteria are simultaneously exposed to tetracycline at 1 x MIC, suggesting an
antagonistic effect of the antibiotic. There is therefore conflicted evidence on this topic.
Previous experimental work suggests that timing and concentration may determine
the joint effect of phage and antibiotics on bacteria, including S. aureus, although the
precise nature and dynamics of this relationship are still unclear (Lopes, Pereira and
Almeida, 2018; Berryhill et al., 2021). Furthermore, this joint effect may depend on the
type of antibiotic used, as bactericidal antibiotics can complement the action of phage
whilst bacteriostatic antibiotics may prevent phage replication, as they inhibit the
bacterial machinery required for phage replication, hence limiting the usefulness of
phage (Payne and Jansen, 2003; Berryhill et al., 2021).

1.5 Phage-mediated AMR gene transfer in S. aureus

by generalised transduction

1.5.1 Transduction as a mechanism of horizontal gene
transfer of AMR

1.5.1.1 Biology and types of HGT

As is the case with other organisms, genes spread in bacterial populations by “vertical
gene transfer”’, where they are inherited by progeny bacteria after the division of their
parent, but also by “horizontal gene transfer” (HGT) (Hall, Brockhurst and Harrison,
2017). Here, 1 use the term HGT to refer to the capacity of bacteria to exchange genetic
material between themselves, including bacterial chromosome genes and MGEs. The
latter can persist in the bacteria by either existing independently of the core bacterial
genome, or integrating into it, and can contain virulence as well as AMR genes,
increasing bacterial pathogenicity (Ochman, Lawrence and Groisman, 2000; Thomas
and Nielsen, 2005; von Wintersdorff et al., 2016). There are three main mechanisms

by which HGT can occur: conjugation, transformation and transduction.

In conjugation, bacteria form a conjugative bridge to directly exchange DNA (Ochman,

Lawrence and Groisman, 2000). This mechanism requires the bacteria to be physically
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located next to each other, which limits the speed at which genes can spread
throughout a bacterial population. Conjugation of AMR genes is common in

Enterobacteriaceae for example (Huddleston, 2014).

On the other hand, transformation designates the capacity for bacteria to uptake DNA
from their surrounding environment, which can be present after other bacteria have
lysed and released their own genetic material (Ochman, Lawrence and Groisman,
2000). In addition to facilitating intra-species HGT, this mechanism is likely an
important method for inter-species gene exchange since it does not require the
bacteria to achieve direct physical contact (von Wintersdorff et al., 2016).
Transformation was first identified in Streptococcus pneumoniae (Griffith, 1928), and
transfer of AMR genes by this method was subsequently observed in other species

such as Neisseria and Bacillus (von Wintersdorff et al., 2016).

1.5.1.2  Specialised and generalised transduction

Transduction, which is the focus of this thesis, broadly describes the ability for phage
to act as vectors of DNA, moving genes between bacteria; here, | specifically use the
term transduction to describe the transfer of bacterial genes by phage (Griffiths et al.,
2000). Tied to the two life cycles of phage, there are two main types of transduction:
generalised and specialised (Figure 1.1). Generalised transduction occurs during the
lytic cycle, at the phage packaging step. It is the result of an error where the terminase
accepts DNA without the correct pac or cos site, leading to the packaging of bacterial
DNA instead of the phage genome. Generalised transduction can in theory lead to the
packaging of any DNA present in the bacteria, including plasmids. On the other hand,
specialised transduction is linked to the lysogenic cycle. This occurs when the
prophage excises from the bacterial chromosome and accidentally picks up adjacent
bacterial DNA. This type of transduction is therefore restricted to DNA adjacent to the
phage insertion site in the bacterial chromosome. The resulting transducing phage will

carry both phage and bacterial DNA.

Variations of generalised and specialised transduction have been identified in recent
years. Auto-transduction for example describes a specific interaction involving
lysogenic phage and transduction (Haaber et al., 2016). The principle of auto-
transduction is that bacteria which acquire a prophage will gain lysogenic immunity,
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protecting them from lysis by phage of the same species. However, phage can still
bind to these lysogenic bacteria and inject the DNA they contain. Therefore, these
lysogenic bacteria can still benefit from transduction, accumulating new genes whilst

being protected from lysis by the phage.

Another identified mechanism is lateral transduction, a variation of specialised
transduction, where phage packaging occurs before a prophage is excised from the
bacterial chromosome (Chen et al., 2018). This has been suggested as leading to
transfer of bacterial DNA located several thousands of kilobases downstream of the

prophage, much further than theoretically possible by regular specialised transduction.

Overall, these studies highlight the many unknown aspects of transduction that still
remain, finding instances of gene transfer mediated by bacteriophage which cannot

be easily explained using our current biological understanding of this HGT mechanism.

1.5.1.3 Complex dynamics of transduction

The dynamics of transduction are unique compared to conjugation and transformation,
in the sense that this mechanism relies on a vector (the phage) to actively package
and carry the DNA between bacteria, and that it will occur in parallel to killing of the
bacteria by these same vectors. This means that rates of transduction may vary
depending on the characteristics and concentrations of both phage and bacteria. For
example, pac phage are likely able to perform generalised transduction more
frequently that cos phage, due to their less selective packaging mechanism (Casjens
and Gilcrease, 2009). Transduction is also affected by complex factors which broadly
apply to all HGT mechanisms, including conjugation and transformation. For example,
transduction in S. aureus has been found to occur at a higher rate in vivo rather than
in vitro, suggesting that environmental conditions likely play an important role in this
process (McCarthy et al., 2014). The action of the immune system or antibiotics can
affect bacterial or phage prevalence, potentially further affecting predation and
transduction dynamics (Banuelos et al., 2021). Antibiotics present at sub-inhibitory
concentrations may also increase the production of transducing phage independently
of lytic phage via currently unknown mechanisms (Stanczak-Mrozek, Laing and
Lindsay, 2017).
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1.5.1.4 Importance of HGT in the context of AMR

Observations in the last decades suggest that instead of considering the spread of
AMR as analogous to the spread of bacteria carrying genes encoding AMR
mechanisms, we should study the spread of these genes in the bacterial population.
All the HGT mechanisms described above have been shown as capable of spreading
AMR genes (von Wintersdorff et al., 2016). A novel AMR gene may initially arise in
one bacterial population, and subsequently rapidly spread to other populations
belonging to the same family via HGT. For example, the mcr-1 gene conferring colistin
resistance, first identified in E. coli and subsequently in other Enterobacteriaceae
(Klebsiella, Salmonella etc.), initially integrated in a single transposon which then
stabilised in various plasmids, allowing the gene to spread across various
Enterobacteriaceae populations (Wang et al., 2018). HGT can also help bacteria to
efficiently acquire multidrug resistance, since two separate bacterial populations could
each independently acquire a different, novel resistance, then share these with each
other. HGT can allow antibiotic resistance to persist in bacterial populations in cases
where it would otherwise become extinct in the absence of a selection pressure
(Brockhurst and Harrison, 2021). HGT can also help to maintain the overall bacterial
population diversity in microbial communities, by increasing stability when these
communities are exposed to antibiotics (Coyte et al.,, 2022). For example, if a
resistance gene can move easily between bacteria and spread, it will be present in
many bacteria with diverse genetic profiles, and would allow all of these to survive
antibiotic exposure. On the other hand, a non-mobile resistance gene will only be
associated with one genetic profile, hence only this profile would remain following
antibiotic exposure, likely reducing the genetic diversity of the bacterial community
(Coyte et al., 2022).
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1.5.2 The complex dynamics of generalised transduction of
AMR in S. aureus

1.5.2.1 The importance of generalised transduction as a

mechanism of HGT of AMR in S. aureus

The major mechanism by which HGT occurs in S. aureus is likely to be transduction
(Lindsay, 2014). As explained above, transduction is mediated by phage, and these
are extremely common amongst S. aureus populations, with clinical S. aureus strains
found to almost always carry at least one prophage in their genome (Lindsay et al.,
2006; McCarthy, Witney and Lindsay, 2012; Lindsay, 2014). There is clear evidence
that transduction can occur at a high rate in S. aureus in vitro and in vivo (McCarthy
et al., 2014). Inversely, conjugation is rare in S. aureus, as an analysis of S. aureus
plasmids found that only 5% of these carry the necessary tra genes to be self-
transmissible by conjugation (McCarthy and Lindsay, 2012). As for transformation,
previous work indicates that it is unlikely to frequently transfer small DNA fragments
like AMR genes, as the sigma H factor required for this process is only expressed by
S. aureus under specific environmental conditions (Morikawa et al., 2012). However,
transformation may be important in the extremely rare cases where it allows to the
transfer of large portions of S. aureus genome, including SCCmec elements (Robinson
and Enright, 2004).

Of the two mechanisms of transduction, generalised transduction has a greater
potential to substantially contribute to the spread of many different AMR genes in S.
aureus, as it can lead to the transfer of any bacterial DNA including plasmids, major
vectors of AMR genes (von Wintersdorff et al., 2016). In fact, many plasmids in S.
aureus are less than 45kb in length, which matches the packaging size of common S.
aureus phage and further suggests that these non-self-transmissible plasmids are
transferred by generalised transduction (Deghorain and Van Melderen, 2012;
McCarthy and Lindsay, 2012). On the other hand, specialised transduction can only
lead to the transfer of AMR genes adjacent to the prophage insertion site in the
bacterial chromosome. Although we are currently lacking data to quantify this,

generalised transduction may occur substantially in the human population, since at
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least 50% of individuals colonised by S. aureus also carry phage capable of

generalised transduction (Stanczak-Mrozek et al., 2015).

Previous attempts to quantify transduction of AMR in S. aureus and E. coli have
estimated frequencies of transducing phage per non-transducing phage between 10-°
to 101%, depending on the bacteria and phage used (Jiang and Paul, 1998; Maslarova
et al., 2016). Note that these values were obtained by generating a mixed population
of lytic phage and an unknown amount of transducing phage carrying a marker gene,
briefly exposing bacteria to this mixed phage population, rapidly neutralising all the
phage to prevent bacterial killing, and counting how many bacteria gained the marker
gene via transduction during this exposure. These experiments therefore did not
measure the incidence of transduction over time, instead providing only point

estimates for the frequency of transducing phage in a phage population.

15.2.2 The risk of transduction in the context of S. aureus

phage therapy

One key recommendation for phage therapy is to select phage which have a high
capacity to lyse the bacteria, and a low capacity to perform transduction (Verheust et
al., 2010; Jassim and Limoges, 2014). Otherwise, if the phage fail to clear all of the
bacteria, by performing transduction they could spread bacterial genes encoding for
AMR mechanisms, virulence factors, or other undesirable characteristics in the
bacterial population, leaving the patient at a subsequent risk of a more severe
infection, or non-responsive to antibiotic treatment. As phage therapy aims to use lytic
phage only, this removes lysogeny and therefore the risk of specialised transduction,
but generalised transduction remains. As generalised transduction is a mistake during
the lytic cycle, we currently do not know how to prevent it from happening. Yet, the
consequences of generalised transduction happening during phage therapy are
unknown, and recent reviews have highlighted the worrying lack of research on this
topic (Raj and Karunasagar, 2019; Hassan et al., 2021). No estimates for potentially
acceptable rates of generalised transduction have yet been established. To the best
of my knowledge, the risk for transduction to occur is not currently explored in ongoing
clinical trials of S. aureus phage therapy, possibly due to insufficient evidence

regarding its consequences, and the complexity of measuring the impact of
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transduction of AMR in vivo. In theory, even if transduction occurred rarely, a more
widespread use of phage for treatment could facilitate frequent within-host evolution

of multidrug-resistant bacteria.

1.5.2.3 The unknown impact of transduction when phage, S.

aureus, and antibiotics are jointly present

As mentioned earlier in this Introduction, the dynamics of phage predation and
antibiotics are already complex, yet to my knowledge the consequences of
transduction of AMR genes in an environment where bacteria, phage, and antibiotics
are all jointly present are unknown. In addition to decreasing bacterial prevalence in
an environment and potentially increasing transduction rates at sub-inhibitory
concentrations (Stanczak-Mrozek, Laing and Lindsay, 2017), antibiotics may act as
an important selection pressure for AMR genes transferred by transduction. For
example, phage could generate multidrug-resistant bacteria by transduction, which
may then gain a selective advantage due to the antibiotics present in the same
environment. Under these conditions, multidrug-resistant bacteria may be able to
persist for prolonged periods of time, during which they could be transmitted to
individuals or acquire further adaptations such as phage resistance or compensatory

mutations to overcome fitness costs.

Overall, the appearance and persistence of multidrug-resistant bacteria may therefore
depend on the frequency of transduction, the predator-prey relationship of phage and
bacteria, and the effect of antibiotics, potentially acting in synergy with phage or
inhibiting phage replication via inhibition of bacterial growth. These interactions are
complex, requiring specific tools to be disentangled and to reveal the underlying
dynamics of bacteria, phage and antibiotics which are invisible when only using

experimental data.
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1.6 Mathematical modelling of AMR gene transfer by

generalised transduction

1.6.1 Mathematical modelling of AMR

1.6.1.1  Principles of mathematical modelling

Mathematical modelling is a tool commonly employed to simulate real-life processes,
with model structure and parameter values informed by our understanding of the
underlying characteristics of these processes, and by data when available. A model
provides an environment in which the dynamics of these real-life processes can be
studied with greater flexibility. The concept of modelling infectious diseases was
originally proposed by Kermack and McKendrick, as a method to summarise simple
epidemic dynamics in a few equations (Kermack and McKendrick, 1927). Since then,
models have been used to study more complex disease dynamics such as spatial
heterogeneity in transmission, or vector-borne pathogens (Anderson and May, 2010;
Heesterbeek et al., 2015). Modelling is a powerful tool to gain an understanding of the
dynamics governing in a system which cannot be obtained using classical
experimental methods alone, and to identify potential opportunities to affect these
dynamics. For example, a model of disease spread can be used to explore the
theoretical effect of a reduction in contact rate between susceptible and infectious
individuals to reduce the number of new cases. Mathematical models are now often
implemented via computer software, allowing the equations to be solved numerically

by running simulations, instead of only analytically.

1.6.1.2 Complexity in mathematical models

In general, the population represented in mathematical models is separated into
compartments, and the numbers of individuals in each compartment are tracked over
time as they change. The interactions between compartments are generally
represented using a density- or frequency-dependent approach. An example of a
density-dependent interaction is predator-prey dynamics in Lotka-Volterra equations,
where the increase in predator numbers and decrease in prey numbers are dependent

on the density of predator, multiplied by the density of prey and by an interaction term
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(Bacaér, 2011). In that case, an increase in either predator or prey numbers leads to
an equivalent increase in the strength of their interaction. On the other hand,
frequency-dependent interactions are often used in mathematical models of infectious
diseases in humans. In that case, the number of new infections during a time period t
is estimated by multiplying the number of susceptible individuals, their contact rate
over the period t, and the proportion of infected people in the total population (rather
than number of infected) (Keeling and Rohani, 2008).. This is more biologically
accurate in this context, since the contact rate of an individual during the period t is
independent of the total population size, and hence limits the number of new infections
(McCallum, Barlow and Hone, 2001). The clearest examples to show the importance
of frequency-dependent transmission are sexually-transmitted infections, such as
human immunodeficiency virus infection, since transmission relies on sexual contact,
and the distribution of sexual partners in humans is only weakly correlated with total
population size (May and Anderson, 1987).

Models can include more than one population, as is the case with malaria models for
example which often include both humans and mosquitoes (Anderson and May, 2010).
The number of compartments can range from two (e.g. in an infectious disease model,
one for healthy and one for infected individuals), up to one compartment for each
single individual in the model, in which case we talk about “individual-based” or “agent-
based” models. A model with fewer compartments will be less computationally
expensive and easier to solve analytically, at the cost of more assumptions and
simplifications in the representation of the system of interest. On the other hand, an
agent-based model will allow for a greater representation of possible individual
behaviours, and therefore increased biological accuracy with a reduced number of
assumptions, at the cost of a higher computational cost and a difficulty to disentangle

the underlying dynamics in the system of interest.

We then distinguish between two classes of models: “deterministic”, which always
generate the same results for a given set of parameters, and “stochastic”, where
events are random (Anderson and May, 2010). Deterministic models are often
represented as a series of ordinary differential equations, which can be solved
analytically (depending on the other sources of complexity in the model, such as

number of compartments). Deterministic models allow the identification of key
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thresholds in population numbers or parameter values which affect the outcome of a
simulation, as well as potential equilibria, but do not account for the randomness which
can play an important role in certain processes. For this reason, deterministic models
are more appropriate when representing larger populations, where it is reasonable to
summarise individual variability into a single, average behaviour at the entire
population level. On the other hand, stochastic models can capture random events
which are particularly relevant for smaller populations, such as the appearance of a
new mutation in a bacterial population which provides no advantage nor cost, and may
therefore disappear or persist simply by chance. However, stochastic models are
harder to solve analytically, and have a higher computational cost. Note that, for
greater flexibility, some components within a single model can be deterministic and

others stochastic.

As there are multiple ways to design mathematical models, it is essential to identify
the relevant underlying characteristics of the processes we are aiming to model.
Models must be designed with the appropriate level of complexity, capturing the
relevant properties of the system represented, whilst ensuring that these properties
can still be parameterised and that analysis of the model remains feasible (both
mathematically and computationally) (Brooks and Tobias, 1996). For example, bed
occupancy in a single hospital is more accurately estimated when taking into
consideration all the different patient movements between bed types (general ward,
intensive care etc.), yet this same complexity is not appropriate when attempting to
model bed occupancy across an entire country, due to lack of data and computational
cost (Leclerc et al., 2021).

1.6.1.3  Fitting models to data

The values of parameters in mathematical models are often informed by data. This is
essential to ensure that the conditions modelled are realistic, and that we can gain a
meaningful understanding of real-life processes through the model. Some parameter
values can be measured directly, such as the contact rate between individuals which
can be obtained via contact surveys (Mossong et al., 2008). However, for other
parameters this may not be feasible. For example, disease transmission during a
contact between infectious and susceptible individuals cannot be directly observed,

hence the corresponding parameter value (probability for disease transmission during
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such a contact) cannot be directly measured. In such cases, parameter values can be
estimated by fitting the model to data (Kirkeby et al., 2017). By obtaining the incidence
curve for cases of an infectious disease over time, we can test multiple possible values
for the probability of transmission, and identify the ones which allow the model to

replicate this curve as best as possible.

Bayesian methods are commonly used for model fitting, such as Markov chain Monte-
Carlo (Gelman et al., 2015). This involves running the model repeatedly, each time
slightly changing the value of the parameters we are attempting to estimate, and
calculating the likelihood that the data could have been generated from this model and
with this set of parameter values. Over time, the algorithm will converge towards the
values which are most likely to correspond to reality, and will generate distributions to
summarise the likelihood of these values. The ability for different models to reproduce
the same data can be compared through this approach, using metrics such as the
Deviance Information Criteria (Spiegelhalter et al., 2002). This rewards models for
their ability to reproduce data, whilst penalising their complexity (e.g. penalising
models with more parameters). This process aims to identify the most appropriate
model to use, which can reproduce the dynamics of interest whilst maintaining a

reasonable level of complexity.

1.6.1.4  Modelling AMR in humans

Mathematical modelling is a valuable tool to study AMR dynamics in the human
population (Opatowski et al.,, 2011; van Kleef et al., 2013; Knight et al., 2019;
Niewiadomska et al., 2019). In particular, it is commonly used to understand the
spread of infection by antibiotic-resistant bacteria in human populations, and the
effects of interventions to reduce this burden. For example, previous work has shown
that antibiotic stewardship in the community can reduce AMR prevalence both in the
community and in hospitals, as opposed to stewardship in hospital which will mostly
reduce the prevalence of AMR in hospitals only (MacFadden et al., 2019). This
example highlights the differential impact of interventions against AMR depending on

the setting.
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Mathematical models have also been used to look at infections by antibiotic-resistant
S. aureus, mostly focusing on MRSA (Niewiadomska et al., 2019). These studies are
particularly useful to reveal the potential impact of interventions against MRSA which
may not otherwise be measurable, such as vaccines (Tekle et al., 2012; Joice and
Lipsitch, 2013). A previous modelling study was notably able to quantify the indirect
impact of influenza vaccination on the burden of antibiotic-resistant S. aureus, via the
resulting reduction in inappropriate antibiotic prescribing in cases of influenza
infections (Chae et al., 2020). Mathematical models can also reveal the dynamics of
nosocomial transmission of MRSA, highlighting the importance of initial transmission
from the community to the hospital, and suggesting interventions to prevent this such
as the systematic identification and decolonisation of MRSA carriers upon admission
(Pei et al., 2018).

1.6.1.5 Epidemiological modelling of AMR

Since AMR is a global problem, it is essential to understand its distribution across
space and time. This type of epidemiological analysis relies on using large datasets to
monitor various trends related to AMR. For example, (Bruinsma et al., 2004) used
routinely collected antibiotic susceptibility results for Streptococcus pneumoniae to
estimate and forecast trends in antibiotic resistance in Europe. Epidemiological
analysis of such large datasets has also been used to estimate the relative impact of
various factors affecting AMR, such as antibiotic consumption, governance, and
healthcare infrastructure (Collignon et al., 2018). However, these studies and others
have highlighted a key challenge: the lack of appropriate data to inform model design
and parameterisation (Birkegard et al., 2018). Epidemiological analysis often relies on
datasets collected from routine surveillance at a local level (e.g. hospital, such as the
ECDC data (European Centre for Disease Prevention and Control, 2022)), which are
then aggregated at a national or international level. The problem is that variability in
how the information in these datasets is collected at these local levels can limit the
usefulness of these aggregated datasets for analysis. If only isolates from severely ill
patients are collected for example, this would bias the dataset towards showing higher
rates of antibiotic resistance (Leclerc et al., 2020; Catalan et al., 2022). Acknowledging
these potential sources of variability and biases in essential. In addition, such datasets
are often not publicly available, or may simply not exist in resource-limited settings.

There have been recent attempts to use modelling to overcome these limitations and
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fillin gaps in AMR surveillance datasets, but this still requires assumptions to be made,
and hence we still cannot be completely confident in the conclusions made by such

analyses (Murray et al., 2022).

1.6.2 Mathematical modelling to study HGT of AMR

1.6.2.1  Modelling bacteria dynamics

Models are useful at a human population level, but also at a smaller scale. The
dynamics of bacterial populations are arguably as complex as human ones, and
modelling has previously been used to gain greater insight into these (Vlazaki, Huber
and Restif, 2019). For example, data generated in the lab can be used alone to show
that specific events of interest happened (e.g. multidrug-resistant bacteria have
appeared following exposure of a bacterial population to phage capable of
transduction), but cannot easily reveal the complete dynamics behind these events
(e.g. what is the rate at which phage and bacteria interacted to generate these

multidrug-resistant bacteria), which is where modelling can help.

A relatively simple and common use of modelling bacterial dynamics is
pharmacodynamic modelling, to study how bacteria grow and are affected by an
antibiotic (Nielsen and Friberg, 2013). This often relies on a Hill function, shown in
equation 1.1, which can be used to express the effect of an antibiotic on bacteria as a

function of antibiotic concentration.
E(C) = Epgy * CH/(CH + EC50H) (1.1)

Here, the effect of the antibiotic on bacteria (E(C)) increases up to a maximum effect
(Emax) as the concentration of antibiotic increases (C). The speed of this increase is
controlled by the concentration at which the effect is half the maximum (EC50), and a
Hill coefficient (H). This type of equation can be easily parameterised with a few
experiments using predetermined concentrations of antibiotics (typically doubling from

0.25 to 32 mg/L), and can then be used to predict the effect of a wide, continuous
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range of different concentrations. The flexibility of this equation means that it can
successfully reproduce the saturating dynamics of antibiotic-mediated bacteria killing
for different combinations of bacteria and antibiotics, with an example shown in Figure
1.2. This demonstrates the usefulness of mathematical models to infer trends from
data generated in the lab, reveal the underlying dynamics of organisms and antibiotics
of interest, and allow a faster exploration of alternative conditions, instead of having to

rely on multiple, time-consuming experiments.
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Figure 1.2: Measured effect of antibiotics on bacteria (pink) versus model-
predicted effect after fitting a Hill equation (blue). All bacteria are S. aureus.
NE201KT7 carries a tetKk gene granting tetracycline resistance, NE327 carries an
ermB gene granting erythromycin resistance, and DRPET1 carries both tetKk and

ermB. Figure reproduced from (Leclerc, Lindsay and Knight, 2022).

1.6.2.2 Modelling HGT of AMR

Mathematical models have also been used to study within-host bacterial dynamics
during infection or colonisation of humans by resistant bacteria. These models

generally only represent within-host AMR diversity as the co-existence of two bacterial
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strains, one susceptible and one resistant to an antibiotic of interest (Davies et al.,
2019; Smith, Temime and Opatowski, 2021). New antibiotic resistant bacteria are
often assumed to appear at a constant rate (corresponding to mutations), or at a rate
which depends on antibiotic usage (Niewiadomska et al., 2019). In reality however, as
highlighted earlier in this Introduction, there is substantial AMR diversity in within-host
populations, with multiple resistance genes circulating between bacteria via HGT.
Mathematical models are likely to be valuable tools in the study of factors shaping
within-host diversity and evolution (Metcalf et al., 2015), yet the degree to which they
capture the relevant and complex microbiological processes of HGT of AMR was
previously unknown when this thesis commenced (Opatowski et al., 2011). Clarifying
this is essential, as models which do not include this complexity at the microbiological
level may then inaccurately estimate the prevalence of AMR in bacterial population, in
turn leading to an inaccurate estimate of AMR at the human level, and hence an
incorrect evaluation of the impact of potential interventions to reduce the health burden
of AMR (Spicknall et al., 2013).

To address this, | conducted a systematic review of studies describing mathematical
models of HGT of AMR (Leclerc, Lindsay and Knight, 2019). This systematic review is
presented in the next Chapter of this thesis. In summary, | found that the majority of
studies focused on conjugation in E. coli. In this review conducted in 2019, | only
identified a single study which modelled transduction of AMR (Volkova et al., 2014),
and none which focused on S. aureus. Importantly, this lack of knowledge of HGT
dynamics may be partly due to limited data available on HGT of AMR in within-host
bacterial populations. Generating new data on HGT in vivo is difficult, as this requires
longitudinal sampling of individuals, which limits the study sample size due to costs
and practical challenges. Instead, it may be relevant to identify alternative, routinely
collected data already available, to identify instances where HGT of AMR may be

occurring in vivo and driving AMR evolution.
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1.6.3 Mathematical modelling to study transduction of AMR

1.6.3.1  Modelling phage predation dynamics

To study the dynamics of transduction, it is firstly essential to consider the dynamics
of phage predation, as the process of transduction relies on these. Mathematical
models have been used to understand the complex predator-prey relationship of
phage and bacteria; for example, by decreasing bacteria numbers now, phage are
restricting their ability to replicate later, as they will have removed the organisms they
need to replicate (Payne and Jansen, 2001). This type of work disentangling these
interactions has been particularly used in the context of phage therapy, for example to
show how the concentration and timing of phage presence can determine the success
of phage therapy to clear a bacterial population (Cairns et al., 2009).

A simple deterministic compartmental model of phage predation is shown in equations
1.2 and 1.3.

dB/dt = uxB— [ *Px*B (1.2)
dP/dt = BxPxB*x§ — f*P*xB—yx*P (1.3)

In this system, bacteria (B) grow at a constant rate (u), and phage (P) infect bacteria
following a density-dependent process, the speed of which depends on the phage
adsorption rate (B). Infected bacteria then burst, releasing more phage depending on
the burst size (0). Finally, free phage can decay in this system at a constant rate (y).
This central modelling structure has been adapted and applied to different
environments, for example to quantify the synergistic bacterial-killing effect of
antibiotics and phage (Rodriguez-Gonzalez et al., 2020), or to highlight the important
role of the immune system to guarantee bacterial eradication during phage therapy
(Roach et al., 2017).

1.6.3.2  Modelling transduction of AMR

As mentioned in my systematic review | originally identified only one study which
attempted to model the dynamics of transduction of AMR (Volkova et al., 2014). This
model represented transduction in E. coli with great biological detail, with multiple

phage binding and infection steps before a successful transduction event could occur.
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The authors chose to represent the complete dynamics of a temperate phage,
including the lytic and lysogenic cycles, and both generalised and specialised
transduction. They concluded that, in E. coli and for their assumed conditions
(representing the large intestine of cattle), a plasmid carrying an AMR gene was
transferred 1000 times more frequently by conjugation than by transduction. However,
the complexity in their model meant that they did not generate data to parameterise it,
relying instead on assumptions and values estimated in previous studies. This is an
important limitation, as combining these external sources requires the implicit
assumption that all these parameter values are applicable to the system of interest,
which may not always be true. Different independent studies are often not conducted
following the same experimental protocol (bacteria growth conditions, plating
techniques etc.). Even if different studies focused on the same species, they may have
used different strains. As highlighted earlier in this Introduction with S. aureus, these
strains may differ in their biological characteristics (growth rate, susceptibility to phage
etc.). Finally, these limitations apply to the sources cited themselves, as some of these
may also be modelling studies which again relied on combining multiple, previous

sources to inform their model and estimate the parameter value being reused here.

After this systematic review was completed in 2019, two other studies modelling
transduction were published. In (Fillol-Salom et al., 2019), the authors focused on S.
aureus. They used a detailed stochastic agent-based model to simulate phage-
bacteria dynamics in a non-specific environment containing up to 10* bacteria,
allowing for both lysis and lysogeny alongside generalised transduction of a single
AMR gene, with a fitness cost. This study showed that phage and bacteria may benefit
from lysogeny and transduction in the presence of antibiotics, as phage can persist for
long time periods via lysogeny, and occasional transduction events increase the
prevalence of the AMR gene in the bacterial population. Although the authors included
a sensitivity analysis, and some in vitro work to generate hypotheses to study, their
model parameter values were again either assumed or taken from multiple previous

studies.

In (Arya et al., 2020), the authors employed both deterministic and stochastic models
to study the evolutionary implications of generalised transduction of AMR in a small E.

coli population (168 bacteria) living in a non-specific environment. This model only
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included the phage lytic cycle and generalised transduction, but allowed bacteria to
become resistant to phage infection. The authors focused on a single AMR gene with
a fitness cost, and examined the consequences of including the corresponding
antibiotic in the environment. This study showed that stochasticity in phage-bacteria
interactions, fitness costs for bacterial carriage of AMR, and fithess costs for phage
resistance greatly determined if these very small populations of phage and bacteria
could co-exist, and if AMR genes could be transferred by transduction. Once again
however, parameter values were not derived from in vitro data generated as part of

the study, and instead taken from previous studies or assumed.

In my project, | chose not to directly adapt the models or use the parameter values
from these three previous studies (Volkova et al., 2014; Fillol-Salom et al., 2019; Arya
et al., 2020). These studies designed their models with a structural complexity that
was not fully and robustly parameterised using data from a single set of in vitro
conditions and environment, and therefore only provided a theoretical understanding
of the dynamics of transduction. Instead, in this thesis | focus on capturing the key
fundamental interactions underlying the dynamics of phage predation and generalised
transduction, as the degree to which they are appropriately represented in these
mathematical models is unclear (Leclerc, Lindsay and Knight, 2019). | believe that this
can only be correctly captured using a mathematical model developed alongside in
vitro experiments. This simultaneously allows me to be confident that | am including in
my model all the relevant biological characteristics shaping the interaction between
phage and bacteria in my experimental system, and that my model is robustly
parameterised. Using further data analysis, | can then translate these findings from in
vitro to in vivo, suggesting how transduction may shape AMR evolution in within-host

bacterial populations.
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1.7 Thesis aim and objectives

In  summary, antimicrobial resistance in the major nosocomial pathogen
Staphylococcus aureus represents a significant public health threat. The prevalence
of infections by antibiotic-resistant S. aureus is linked to the prevalence of resistance
genes in bacterial populations. In S. aureus, generalised transduction mediated by
bacteriophage is a major process responsible for the horizontal gene transfer of AMR,
affecting the prevalence of these genes. However, the dynamics of this generalised
transduction, how to best represent them mathematically, and how these may
ultimately affect the AMR diversity of within-host S. aureus populations are unclear.
This research gap must be urgently addressed to ensure we are correctly
understanding how AMR arises and spreads, and hence that we are designing
effective interventions to reduce the health burden of infections by antibiotic-resistant
bacteria. To do this, | combined laboratory, epidemiological data and mathematical
modelling methods, overcoming some limitations of each of these individual disciplines

and best utilising them to complement each other.

My first objective was to identify our current understanding of the dynamics of
transduction of AMR, which | addressed by completing a systematic review of
published literature on mathematical modelling of HGT of AMR. This allowed me to
identify previous methodologies to inform my own framework, and suggest directions
to further develop this field.

My second objective was to gain fundamental knowledge of the dynamics of phage
predation and generalised transduction of AMR in S. aureus. To do this, | developed
a joint experimental and modelling framework, where | first co-cultured single
antibiotic-resistant S. aureus strains alongside phage, and observed the appearance
of double antibiotic-resistant bacteria via transduction. | then used this data to build
and parameterise several models representing this system, to test different predation
interactions between phage and bacteria, and reveal the invisible underlying dynamics
of generalised transduction.

My third objective was to identify how the impact of transduction on AMR evolution in
S. aureus may vary when antibiotics are jointly present, which could occur either in the

environment or during phage therapy. For this, | extended the framework developed
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as part of my second objective to include pharmacodynamics of antibiotics, generated
further in vitro data to parameterise this addition, and conducted simulations with

varying timings and concentrations of phage and antibiotics.

My final objective was to understand how the findings from objectives two and three
on transduction of AMR in vitro may translate to an in vivo setting, as we currently
have a limited knowledge of how often these events may shape AMR within-host
diversity, notably due to lack of longitudinal data. For this, | analysed 20 years of
pseudonymised routinely-collected patient data from Great Ormond Street Hospital,
with detailed information on the sensitivity of bacterial isolates to multiple antibiotics.
This allowed me to test if | could detect within-host S. aureus diversity, and identify

potential changes in diversity over time that may be due to HGT.
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2 Mathematical modelling to study the
horizontal transfer of antimicrobial resistance
genes in bacteria: current state of the field and

recommendations

2.1 Overview

As explained in the Introduction of this thesis, the appearance of new antibiotic
resistant bacteria is often represented as occurring at a constant rate in mathematical
models of AMR. In reality however, resistance genes can circulate between bacteria
via HGT, which affects the overall prevalence of AMR in bacterial populations. The
rate at which HGT occurs is affected by multiple factors (mechanism, environment,
bacteria, presence of antibiotics etc.), and the extent to which mathematical models
appropriately capture these dynamics was unknown before this thesis commenced. In
this Chapter, | aimed to clarify the current state of this research field, as models which
do not appropriately capture HGT complexity at the microbiological level may then
inaccurately estimate the prevalence of AMR at that scale. This in turn can lead to an
inaccurate estimate of AMR at the human level, and hence an incorrect evaluation of

the impact of potential interventions to reduce the health burden of AMR.

To address this, | systematically reviewed studies describing mathematical models of
HGT of AMR. | devised a list of 11 elements to extract from each study, including
information on the mechanism of HGT represented (conjugation, transformation, or
transduction), the bacterial species, and the source for model parameters (whether
they were estimated from data generated as part of the same study, taken from
previous studies, assumed, or a combination of these sources). The aim of this work
was to broadly assess mathematical models of HGT of AMR, identify potential
research gaps in this field, and particularly to search for previous models of

transduction of AMR which may be useful to inform the work in this thesis.
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This work has been published following peer-review in the Journal of the Royal Society
Interface (Leclerc, Lindsay and Knight, 2019). The co-authors are Quentin J Leclerc,
Jodi A Lindsay, and Gwenan M Knight. The version included below is the author
accepted manuscript.
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2.3 Abstract

Antimicrobial resistance (AMR) is one of the greatest public health challenges we are
currently facing. To develop effective interventions against this, it is essential to
understand the processes behind the spread of AMR. These are partly dependent on
the dynamics of horizontal transfer of resistance genes between bacteria, which can
occur by conjugation (direct contact), transformation (uptake from the environment) or
transduction (mediated by bacteriophages). Mathematical modelling is a powerful tool
to investigate the dynamics of AMR, however the extent of its use to study the
horizontal transfer of AMR genes is currently unclear. In this systematic review, we
searched for mathematical modelling studies which focused on horizontal transfer of
AMR genes. We compared their aims and methods using a list of predetermined
criteria, and utilised our results to assess the current state of this research field. Of the
43 studies we identified, most focused on the transfer of single genes by conjugation
in Escherichia coli in culture, and its impact on the bacterial evolutionary dynamics.
Our findings highlight the existence of an important research gap on the dynamics of
transformation and transduction, and the overall public health implications of horizontal
transfer of AMR genes. To further develop this field and improve our ability to control
AMR, it is essential that we clarify the structural complexity required to study the
dynamics of horizontal gene transfer, which will require cooperation between

microbiologists and modellers.

2.4 Introduction

Antimicrobial resistance (AMR) is undeniably one of the greatest global public health
challenges we are currently facing [1]. The recent discoveries on the spread of
resistance genes for key antimicrobials such as NDM-1 for carbapenem resistance [2—
4] suggest that to tackle this challenge, instead of only studying the spread of resistant
bacteria, we must understand the processes by which individual resistance genes
spread. The first is “vertical gene transfer”, where genes are passed from parent to
progeny during bacterial replication. The second, which is our focus here, is “horizontal
gene transfer” (HGT). This allows bacteria to acquire genetic material, including AMR

genes, from their environment or other bacteria [5—7]. There are three mechanisms of
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HGT. Firstly, “transformation” is the capacity of bacteria to intake genetic material from
their environment. Secondly, “conjugation” occurs when two bacteria come into
contact with each other and form a conjugative bridge, enabling direct exchange of
genetic material. Finally, “transduction” occurs when a bacteriophage (a virus that can
infect bacteria) replicates and packages a bacterial gene instead of its own genetic

material, then acts as a vector and transfers this gene into another bacterium.

The consequences of HGT of AMR in a bacterial population are varied and can change
depending on the setting that this process occurs in. Firstly, HGT can often be at the
origin of new combinations of resistances to multiple antimicrobials in single bacteria
strains [8]. This is amplified by the fact that HGT can occur both intra- and inter-species
[9], therefore allowing for mixing between many different gene pools. Fortunately,
these resistance mechanisms often impose a fithess cost which reduces the
competitiveness of bacteria with AMR genes in settings where antibiotics are absent
[10], thereby limiting the increase in the prevalence of these bacteria in the
environment. Studying HGT of AMR can be further complicated by differences in
transfer rates and importance of transfer mechanisms between bacterial species [11],
with transformation for example being rare for Staphylococcus aureus [12] but
common for Neisseria gonorrhoea [13], and by differences between rates estimated
in-vitro and in-vivo, as was seen with transduction in Staphylococcus aureus [14] and
conjugation in Klebsiella pneumoniae and Escherichia coli [15]. Lastly, HGT dynamics
appear to vary depending on the presence or absence of antibiotics in the surrounding
environment [16—20], therefore requiring studies to be conducted in multiple settings

to fully capture this process.

It is essential to fully understand HGT of AMR since it can impact the overall
transmission of AMR, and therefore the predicted effect of interventions against
bacterial infections, to varying degrees depending on the setting. A most striking
example of this is phage therapy, where bacteriophages are proposed as
antimicrobials. A risk is that therapeutic phages could perform transduction and
increase the proportion of bacteria in the patient that carry a resistance gene. In that
case, if the phage therapy treatment fails to clear all the bacteria this could leave the
patient at a higher risk of antimicrobial-resistant bacteria infection [21,22]. In addition

to the aforementioned differences between bacterial species, HGT mechanisms
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themselves are biologically complex. For example, the capacity to form a conjugative
bridge generally requires the presence of a specific set of “tra” genes [23]. These can
themselves be transferred, leading to an increase through time in the prevalence of
bacteria that can perform conjugation. Transformation gene expression is extremely
variable depending on the environmental conditions that bacteria are exposed to [6],
therefore we cannot realistically assume that bacteria are able to perform
transformation at all times. Finally, some phages can either undergo a “lytic cycle”,
where they immediately replicate upon infecting a bacterium, or a “lysogenic cycle”,
where they first integrate into the bacterial genome for a variable duration [12].
Consequently, transduction dynamics can be further complicated by the

characteristics of the phage life cycle.

HGT is therefore complex in its dynamics, and studying these requires appropriate
tools. Mathematical modelling is often used to study infectious disease processes [24].
It provides a simulation environment that can be informed by real-life data, in which
dynamics can be disentangled and easily studied. Mathematical models can be split
into “deterministic models”, which always generate the same results for a given set of
parameter values [24], and “stochastic models”, which generate variability in their
results using random events [24]. Mathematical modelling is already being used to
study AMR dynamics and their public health implications [25,26]. For example, it has
been employed to study within-host bacterial dynamics (i.e. the bacterial processes
that occur during colonisation or infection of a host) and derive conclusions on patterns
of AMR seen in the host population [27]. Consequently, it can provide novel insight
into optimal strategies to combat AMR spread by analysing the effect that these have
on the transmission dynamics [28]. However, existing models may not always capture
the relevant and complex microbiological dynamics of HGT. In this systematic review,
we aimed to find modelling studies which focus on HGT of AMR, to record their
methods and research questions, and hence, to identify potential research gaps and

areas for improvement in this field.
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2.5 Methods

The methodology of our systematic review follows the recommended PRISMA

guidelines [29].

2.5.1 Inclusion criteria

In order to be included in this review, studies had to fulfil all of the following criteria:
1) Study the horizontal transfer of genes between bacteria
2) The genes studied must explicitly be identified as genes encoding antimicrobial
resistance
3) Use at least one dynamic population model. A model is “dynamic” if it tracks the
changes in the number of bacteria belonging to various populations (e.g.

antibiotic-resistant and susceptible bacteria) over time

2.5.2 Screening process

The entire screening process is summarised in Figure 2.1. We searched two
databases on the 26™ of April 2019 using the following terms:

- PubMed search: “(antimicrobial OR antibacterial OR antibiotic) resist* AND
(horizontal transfer OR mobile genetic element OR plasmid OR
transformation OR conjugation OR transduction OR phage) AND (math* OR
dynamic*®) model*”, 171 results

- Web of Science search: “TS = ((antimicrobial OR antibacterial OR antibiotic)
resist* AND (horizontal transfer OR mobile genetic element OR plasmid OR
transformation OR conjugation OR transduction OR phage) AND (math* OR

dynamic*) model*)”, 185 results

After removal of duplicates, these combined searches yielded a list of 272 studies.
Both QL and GK independently screened the titles and abstracts of all 272 studies. 54
studies were retained by both authors, and two more were discussed and retained
after an additional screen of the methods due to uncertainty, leading to a total of 56

studies retained after the first screening step.
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The full texts of these 56 studies were then screened by QL, leading to 34 studies

being retained as relevant for this review. Finally, by screening the reference lists in

these 34 studies, nine more were included, leading to a total of 43 studies to discuss

in this review.

Studies identified in
PubMed search:
171

Studies identified in Web of
Science search:
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Studies excluded after full
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Studies meeting all
inclusion criteria:
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Total number of
included studies:
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Further studies identified in
references of included papers:
9

Figure 2.1: PRISMA flow diagram of the search and exclusion process.
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2.5.3 Information extracted from the included studies

To maximise comparability between studies, we devised a list of 11 elements to extract

from every study. These are summarised and explained in Table 2.1.

Table 2.1: Elements recorded from all included studies. Where no “Possible

values” are given in the table, this indicates that the values were not restricted to a

predetermined list.

RECORDED ELEMENT

SIGNIFICATION

POSSIBLE VALUES

Transfer mechanism Biological mechanism of | “Conjugation” or
horizontal gene transfer | “Transformation” or
modelled “Transduction”

Bacteria Any species of bacteria | -

explicitly modelled

Aim of the study

Whether the study looked at
gene transfer to understand
evolutionary trends seen in
the bacterial population, or to
understand its impact on
public health, or both

“Evolutionary” or “Public
Health” or “Both”

Bacterial environment | Any environment which | -
contained bacteria in the
model
Antibiotic effect | Whether one or more | “Yes” or “No”
considered antibiotic(s) were present in
the model(s)
Multiple  resistances | Whether  the model(s) | “Yes” or “No”
considered tracked multiple resistance
genes that could be
transferred separately
Fitness cost of | Whether  the model(s) | “Yes” or “No”
resistance considered |included a fitness cost for
bacteria carrying a

resistance gene

Source of model

parameters

Whether the study also
generated its own
experimental data to support
its parameter values, or
chose values informed by
previous studies (which
could be  experimental
studies or not), or assumed
values

“Experimental” and/or
“External” and/or
“Assumed”

71



Type of model Whether the structure of the | “Deterministic” or
model(s) was deterministic, | “Stochastic” or “Both”

or stochastic, or both (if the
study presented more than

one model)
Type of parameter | If the model(s) structure was | “Constant” or “Sampled”
values “‘Deterministic”, whether the

parameter values were
constant or were sampled
from distributions before
each model run

Sensitivity analysis | Whether the study | “Yes” or “No”
performed performed any type of
sensitivity analysis of the
effect of model parameter
values on the results

Note that in our analysis, “Type of parameter values” and “Sensitivity analysis
performed” are two independent criteria. We can therefore report that a study only
uses “Constant” parameter values, yet still performs a sensitivity analysis. If a study is
reported to have “Sampled” parameters, this means that the values of the parameters
vary for each model run, and that this is represented in the main results, with figures
showing model output with ranges instead of single lines for example. If a sensitivity
analysis was performed, this means that the authors report conducting such a
procedure to support their findings (e.g. to argue that their choice of “Constant”
parameter values is a reasonable assumption, and does not significantly affect their

results).

2.6 Results

The table showing all of the recorded elements from the 43 included studies can be

found in the Supplementary Material of this paper (Supplementary Table 2.1).

Firstly, when looking at the transfer mechanism modelled by these studies, we observe
that almost all exclusively focus on conjugation (40 out of 43) [30—-69] (Figure 2.2). Of
the remaining three, two focused on transformation [70,71], and one on transduction
[72]. Additionally, more than a third of the studies (16/43) chose exclusively
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Escherichia coli (E. coli) as the bacteria in which to model the transfer processes
[30,34,36,41-46,52,53,59,64,66,68,72] (Figure 2.2). It is also worth noting that
another third of the studies (15/43) do not model a specific organism, and instead
indicate that they are looking at bacteria in general [31,32,37,38,48,51,54,56—
58,61,62,65,67,69]. Finally, while eight studies applied their model to more than one
bacterial species [33,35,39,40,47,49,60,63], only four of these modelled two strains of
bacteria simultaneously and captured inter-species transfer of resistance genes
[39,49,60,63].
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Figure 2.2: Transfer mechanisms and bacterial species modelled in the 43

studies included in our review.

In terms of the aims of these studies, all except eight [32,55,58,60,63-65,69] used
modelling approaches exclusively to improve the understanding of bacterial
evolutionary dynamics (Figure 2.3). This covered questions such as how the
prevalence of resistance genes in the bacterial population changes over time (as in
[34] for example), or how the rise of multi-drug resistant bacteria varied under different
environmental conditions (as in [30] for example). Inversely, the remaining eight
studies [32,55,58,60,63—65,69] attempted to place at least some of their results in a

public health setting by, for example, quantifying the impact of transfer on the
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incidence of multi-drug resistant bacteria infection in humans [32,69]. In accordance
with this previous point, almost half of the studies (20/43) modelled bacteria
exclusively in culture [33-42,47,49,50,52,53,58,59,66,70,71], and only seven
modelled bacteria in humans [30,32,55,60,63,65,69] (Figure 2.3). In the remaining

studies, seven did not specify an environment for their bacteria [31,48,56,57,61,62,67].
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Figure 2.3: Aims and environments modelled in the 43 studies included in our

review.

Almost all of the studies included a bacterial fithess cost for the carriage of a resistance
gene in their models (Table 2.2), except for six [32,42,48,63,66,71]. On the other hand,
despite the fact that in reality bacteria can acquire multiple AMR genes independently
(i.e. the acquisition of each gene is a separate HGT event), only four studies included
this feature [30,32,60,69] (Table 2.2). Lastly, it is important to note that almost half of
the studies did not model the presence of antibiotics, and therefore did not consider
the effect of antibiotics on transfer rates [33-36,39-42,47,52,53,59,63,66,68,71,72]
(Table 2.2).
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Table 2.2: Summary of the presence or absence of model characteristics in the 43

studies we reviewed.

Include Include Include fitness Include
antibiotic multiple AMR sensitivity
cost .
effect genes analysis
Yes 26 4 37 29
No 17 39 6 14

Almost half of these modelling studies (19/43) included their own experimental work
to generate data and estimate at least some parameter values for their models [33—
36,39-42,47,49,51-54,59,66,68,70,71] (Figure 2.4). On the other hand, more than
half (23/43) chose to assume the values of at least some of their parameters, without
explicitly citing any sources to support their choices, and a quarter (12/43) assumed
the values of all of their parameters [31,32,37,38,65,67]. Finally, a third (15/43) used
previous studies to obtain at least some of their parameter values. For these, except
for three studies (two of which were each the direct follow-up of another one on the
same topic [44,50], and one an analysis of data collected during an outbreak [63]),
more than one previous study was taken to estimate the value of parameters, with a

median number of studies of 8 and a maximum of 42.
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Figure 2.4: Sources of parameter values in the 43 studies included in our review.
“‘Assume” (top, green): no clear reference is given to support the choice of parameter
value; “Experimental” (right, orange): the study generated its own experimental data
to support the choice of parameter value; “External” (left, brown): the study references
a previous study to support the choice of parameter value. Studies in an overlap region
used each of the corresponding methods at least once to estimate the value of their

parameters.

Finally, more than three quarters of the studies (33/43) exclusively relied on
deterministic models to obtain their results [30,32,34,36—-40,42,43,45,47-51,53—
56,58,59,61,63—-69,71-73]. All of these deterministic models were composed of a set
of ordinary differential equations to track the different sub-populations (susceptible
bacteria, resistant bacteria etc.) through time. As for the ten studies which relied on
stochastic models [31,33,35,41,44,52,57,60,62,70], most of these were agent-based
models, where the bacteria were tracked individually [31,33,41,52,57,60], while the
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remaining ones either used stochastic differential equations [44,62,70] or difference
equations [35]. Out of the studies which exclusively used deterministic models, only
eight acknowledge variability in the parameter values by running their model multiple
times and sampling parameters from distributions instead of assuming them to be
constant [32,38,43,46,56,64,65,72]. Nevertheless, most studies performed sensitivity
analyses of the effect of their parameter values on their model results (Table 2.2).
Overall, nine studies still relied solely on a deterministic model without either sampling
their parameter values or performing sensitivity analyses
[30,36,40,42,48,54,55,58,68]. We also noted that except for the one study on
transduction [72], all the studies modelled transfer as a mass-action process. This
assumes that the number of transfer events is determined by multiplying the number
of bacteria that can receive the gene, the number of bacteria that can transfer the
gene, and the rate at which transfer occurs. This is therefore generally written as some
form of B*S*R/N, where 8 is a rate of transfer, S is the number of bacteria that can
receive the resistance gene, R is the number of bacteria that can provide the

resistance gene, and N is the total bacterial population in the system.

2.7 Discussion

We used a systematic literature review of mathematical models of horizontal gene
transfer (HGT) to determine our current understanding of the dynamics of HGT of
AMR. The first main observation from our results is that the majority of studies
assessed only focus on HGT by conjugation (40 out of 43). The likely reason for this
is the simplicity of conjugation dynamics. Effectively, these are comparable to
infections transmitted upon contact, such as influenza, where established modelling
exists using mass-action dynamics [24]. Consequently, modelling conjugation does
not require much complexity to be added to these models. However, we know that
transformation and transduction also contribute to HGT [7,14] and the lack of studies

on these mechanisms is worrying.

Conjugation, transformation and transduction fundamentally differ in their biology,
making it essential to study each of them in their own modelling framework; it is

unknown whether models of conjugation could be directly applied to transformation
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and transduction. When looking at the studies which attempted to model these two
processes, we first see that the one which focused on transduction [72] attempted to
place it in a complex setting, with the phage able to undergo both Iytic and lysogenic
cycle, and the possibility for some bacteria to be resistant to phage infection.
Transduction is represented as a multi-step process in this model, as opposed to
relying on a single rate. The phage must first successfully infect a bacterium, then pick
up a resistance gene, before successfully transferring this gene to a different
bacterium. This model aims to accurately represent most of the biological complexity
of transduction, which necessarily requires many assumptions regarding parameter
values. Further study of this trade-off would be greatly beneficial; it is currently unclear
whether this complexity is required, at the cost of more assumptions, or if the process
of transduction could be simplified and modelled using fewer parameters, which could
be estimated from experimental data. The two studies which focused on
transformation [70,71] applied similar mass-action dynamics to this process as what
can be seen in models of conjugation. However, this approach assumes that the
number of resistance genes available in the environment is equivalent to the number
of bacteria carrying these genes. This is questionable, as we would only expect these
genes to be available in the environment after the bacteria die and release their genetic
material; while it is possible for bacteria to actively release their genetic material while
still alive, the extent of this phenomenon is unclear [6]. Further exploration of this
assumption, and perhaps redesigns of model structures for transformation would be

of value.

E. coli is the most commonly studied model organism for bacteria in general [74]. Its
rapid growth and consistent behaviour in in-vitro settings make it amenable to
experimental work, including transfer studies, therefore its overwhelming presence as
the organism of choice for studies modelling HGT of AMR genes is not a surprise.
However, HGT is known to occur with varying rates in multiple bacterial species,
consequently it is unlikely that the rates of transfer estimated by looking at E. coli are
equally applicable to other bacterial species [7]. In addition, HGT of AMR is a process
that can also occur between bacterial species [9,11], while most models here
exclusively focused on E. coli alone. Some resistances in bacterial species are in fact

thought to have been originally acquired following a gene transfer event with another
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species, such as the mecA resistance gene in Staphylococcus aureus acquired from
S. fleurettii [75].

Despite the fact that the carriage of an AMR gene often imposes a reduction in the
growth rate of the bacteria [10], a few studies did not model this (6/43), but only one
argued that this element could be ignored after fitting their model to experimental data
[66]. However, this was once more only based on observations in-vitro, which are likely
to differ from the in-vivo reality. Including a fitness cost, while requiring the estimation
of an additional parameter, does not add any particular complexity to the model
structure itself, effectively only requiring a reduced growth rate value for the bacteria
carrying AMR genes as opposed to bacteria susceptible to the modelled antibiotic (as
can be seen in [68] for example), and should therefore be included at least for
sensitivity analyses. In addition, although it is understandable that the first models of
HGT of AMR should focus on tracking single genes to understand the basic dynamics
of this process, in reality many bacteria carry multiple AMR genes that can be
transferred independently [8]. However, we only identified four studies in our review
which included more than one independent AMR gene in their model [30,32,60,69].
13 studies did model the transfer of multiple linked genes [34,35,66,68,70,40—
42,47,49,53,55,59]; however in these cases a single HGT event causes the transfer
of all of these genes, therefore there is little difference between the model structures
of these 13 studies and those of other studies which modelled the transfer of single

genes.

Many studies did not allow for the presence of an antibiotic in their model. However,
antibiotics are likely to modify HGT dynamics by directly affecting transfer rates, as
well as the survival of bacteria not carrying the AMR gene [16—20]. The former has
been shown to occur for transduction in S. aureus, where the addition of antibiotics
induced a higher proportion of transducing phage compared to lytic phage [76]. On the
other hand, some studies correctly argue that it is equally important to understand the
dynamics of HGT in the absence of antibiotics. Effectively, it is common for bacterial
populations to rapidly transition between being exposed to antibiotics or not, with the
most obvious example being individuals transiently consuming antibiotics.
Consequently, understanding the dynamics of HGT of AMR both in the presence and
absence of antibiotics is essential.
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HGT of AMR has been studied in laboratory settings, consequently data around which
models can be built have been generated and are available [7,77]. However, we note
that, to the best of our knowledge, most data appear to focus on conjugation in in-vitro
settings. The availability of experimental data on HGT of AMR by transformation or
transduction, and on any of the three HGT mechanisms in more complex settings
(such as in-vivo), is unclear. This should be investigated in future work to further refine
the recommendations we make here, and identify where more data are needed to
support the development of mathematical models. This is essential to understand
which of the gaps we identify are due to theory outpacing data collection, and which
are due to under-utilisation of available data. In any case, using these external data
sources for purposes they were not originally designed for can require assumptions to
be made in the model structure and parameters. In addition, it is essential to bear in
mind how these data were originally collected, since for example combining sources
which look at bacteria in multiple environments to derive parameters in a single
environment-specific model is far from ideal. On the other hand, the fact that a quarter
of the studies we reviewed (12/43) assumed all of their parameter values is worrying.
While the purpose of some of these studies was to exclusively test a range of
parameter values to identify conditions for a specific event to occur (e.g. AMR
prevalence increases), the absence of any clear sources for the limits of these ranges
is questionable. Looking at studies which determined their parameter values
experimentally, we see that some of these also assume values such as the initial
proportion of bacteria capable of performing transformation and the rate at which they
can gain this ability [70], the bacterial growth rate and the conjugation rate [40], or the
fitness cost of carrying an AMR gene and the rate at which such genes are lost by the
bacteria [34]. Informing models with data is essential to ensure that they are accurate
representations of reality, therefore, as stated above, we believe that further work is
required to review the availability of data on HGT of AMR, and the methods that could

be used to generate them when they are currently missing.

Regarding model structures, the majority of studies relied on deterministic models. To
allow variability in the dynamics and therefore increased realism, studies more often
chose to sample their parameter values, run their deterministic model, and repeat this
process a number of times (as can be seen in [32,38,43,46,56,64,65,72]), a simpler

alternative to developing new stochastic models. Acknowledging stochasticity when
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looking at HGT is essential; HGT rates are typically low (estimates from studies in our
review include for example 5.1*10%5(cells/mL)*hour? for conjugation [49] and 10
16(cells/mL)thour? for transformation [70]). These are therefore models of rare events
which, by chance, might not always occur as expected, a feature which deterministic
models fail to capture [24]. Sensitivity analysis is extremely important in any case since
a small change in parameter value can lead to a greater change in the results. Despite
this, nine studies exclusively relied on a deterministic model without sampling
parameters or performing sensitivity analyses [30,36,40,42,48,54,55,58,68].
Interestingly, five of these nine studies also generated their own parameter values
experimentally [36,40,42,54,68]. Although they capture variation when measuring the
parameters experimentally, often providing distributions for their values, they then only
retain fixed point estimates for their corresponding model parameter values instead of
sampling them from these distributions, and only use these fixed estimates to derive
their conclusions. Acknowledging variability in microbiological observations by
specifying distributions rather than point estimates is essential, and this must be

represented in the corresponding mathematical models.

This also raises the question of how to best represent these microbiological events in
mathematical models. Effectively, almost all of the models here describe transfer as a
mass-action process (42/43). However, as stated above this approach is acceptable
for conjugation, but might not fully apply to transformation, where transfer depends on
the density of DNA in the surrounding environment rather than the number of bacteria,
and transduction, which follows vector-like dynamics with the phage acting as carriers
of resistance genes between bacteria. Transformation dynamics might therefore be
better represented by models of environmental transmission of infections (such as
[78]), and transduction by models of vector-borne diseases (such as [79]), as opposed
to mass-action models. The degree of modelling complexity required to accurately
represent HGT is therefore unclear. This is also true for models designed to
understand the public health implications of HGT of AMR, for which the level of detail
required to represent within-host dynamics must be clarified. In addition, since transfer
dynamics have thus far been mostly studied in bacterial culture, mostly “short” time-
frames have been explored (hours or days), with long term dynamics remaining
unclear despite our knowledge that even resistant bacteria can colonise us for weeks

or months [80-82]. To best guide our public health policies with mathematical
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modelling, we must first clarify the complexity of the process we are actually attempting

to model, and the time required to fully capture its in-vivo dynamics.

This is the first attempt at providing an overview of existing mathematical modelling
work on HGT of AMR. Our systematic review methods, with two individuals separately
screening the titles and abstracts of candidate studies, allowed us to identify and bring
together key studies on this topic. Using our list of comparison elements, we extracted
and contrasted essential information between studies, overall allowing us to obtain a
broad overview of the field and identify research gaps. However, our approach also
has some limitations. Firstly, it was necessary for us to specify “(math* OR dynamic*)
model*” rather than just “model*” in the search, since otherwise it would have returned
results on experimental models (e.g. mice) as opposed to mathematical models.
Effectively, repeating our search with “model*” instead of “(math* OR dynamic®)
model*” yields 2,360 and 1,560 results on PubMed and Web of Science respectively,
as opposed to our 171 and 185 results. The consequence of our choice however was
that nine relevant studies were missed in the search, and were only identified by
screening the references of already included studies. These nine studies were missed
in the original literature search due to the absence of at least one of the search terms,
with some studies for example referring to their models as “mass action models”
instead of “mathematical models”. In addition, we only searched for studies which
modelled transfer of AMR genes, as opposed to HGT of any gene. This is firstly due
to our specific research interest; horizontal transfer of AMR genes is an especially
strong evolutionary driver for bacterial populations, compared to transfer of other
genes. This is because AMR genes can be strongly selected for by environmental
factors, such as the presence of antibiotics, while many other genes are often not
subject to such selection pressures. In addition, AMR genes can be selected in more
settings compared to other genes; for example, genes involved in immune evasion will
only be selected for during infection of the host, while AMR genes can also be selected
for during asymptomatic colonisation. The consequences of HGT of AMR in the
bacterial population can therefore be greater than for other genes, which is why we
believe it is important to study this process. Secondly, repeating the search without
“(antimicrobial OR antibacterial OR antibiotic) resist*” yields 12,236 and 38,148 results
on PubMed and Web of Science respectively, which would be too many to cover in a

single systematic review. Nevertheless, this suggests that there are other studies
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which model HGT more broadly. These could be a source of methodologies that could
be applied to further develop the specific field of HGT of AMR modelling. In terms of
the elements gathered from the studies to compare them, we were unable to extract
any meaningful quantitative data (e.g. estimated gene transfer rates) common to all
studies due to the high variability of study designs. This variability also prevented us
from identifying common measures of study quality we could report aside from the

presence or absence of sensitivity analysis.

Studying the effect of HGT of AMR on bacterial evolutionary dynamics is a necessary
first step to understand the overall importance of this process. This has been the focus
of the vast majority of the studies identified in this review, however the public health
implications remain vastly unknown. This is related to the observation that the majority
of studies model bacteria in an in-vitro setting; to understand the public health impact
of HGT of AMR, it is essential to expand this to include other bacterial environments
such as within humans and animals. In addition, important differences have been
identified between transfer rates estimated in-vitro and in-vivo, with in-vivo
transduction rates in S. aureus and conjugation rates in K. pneumoniae and E. coli for
example being much higher than expected [14,15]. This difference in dynamics is
attributable to the fact that in-vitro conditions fail to capture essential biological
mechanisms influencing bacteria and therefore HGT [6,10]. Studying HGT in-vitro
allows for a controlled environment to understand the basic dynamics of this process
and the factors that might influence them (e.g. antibiotic exposure), and consequently
offers a starting point to inform in-vivo models. We therefore recommend that future
modelling studies should build upon the work of existing in-vitro studies to evaluate
HGT of AMR in more complex scenarios, utilising parameter estimates from in-vitro
studies as a baseline and refining them using data generated with in-vivo model
organisms such as mice [68]. Due to the added complexity (e.g. immune system,
simultaneous within-host and between-hosts dynamics, rapidly varying host exposure
to antibiotics and therefore selection pressure on the bacteria etc.), this will require
major extensions to existing models. However, we believe that this is necessary to

truly assess the potential consequences of HGT of AMR on human well-being.
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This systematic review allowed us to identify key research gaps on the dynamics of
HGT of AMR. Firstly, we recommend that future studies should focus on developing
models of transformation and transduction to determine the required complexity to
represent these dynamics. Since these mechanisms fundamentally differ in their
biological characteristics, this will likely require substantial, novel modelling work as
opposed to the extension of existing models of conjugation. In parallel, since the basic
dynamics of conjugation are already reasonably well understood, future studies on this
mechanism should focus on other bacterial species than E. coli, preferably in a setting
where inter-specific HGT and the movement of multiple, separate AMR genes can
both be observed. This should be achievable simply by re-parameterisation or minor
extension of existing models; the greatest challenge would be to generate new data
on HGT in these currently unexplored settings. The optimal solution to address these
research questions would be to design frameworks to study HGT of AMR that
encompass both laboratory and modelling work; this would ensure that the data
collected are appropriate for the modelling needs, and that the actual model is a good
representation of the situation measured in the laboratory. We therefore believe that,
to fully understand the complexity of both the biology and the dynamics of HGT,
collaboration of both microbiologists and mathematical modellers would be the best
strategy for future research on this topic, and that studies should attempt to generate

both their own data and models to reduce the assumptions they require.

While exclusively microbiological approaches have successfully been used to identify
when HGT occurs, combining these with modelling has allowed us to estimate rates
at which these events occur, and to disentangle the finer temporal dynamics of this
process. For example, some studies we identified in our review which combined
microbiology and modelling work answered questions such as how changing the
exposure of bacteria to antibiotics influences HGT rates [49], how a bacterium
interacts in space with its neighbours to perform HGT [31], or how to adjust shaking
speed to maximise contact between bacteria, and thus the rate of HGT, in a liquid
culture [66]. Modelling also allows faster exploration of situations that could be harder
to test using only microbiological methods, since an experiment where the bacteria
need to grow for 24 hours in the lab could be completed in a few seconds using a
mathematical model. Crucially, this requires the model to be an accurate

representation of reality, which in turn requires it to be informed by microbiological
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data to begin with. Our conclusion here is therefore not that either one of modelling or
microbiology is superior to the other, but that both approaches complement each
other. Consequently, we believe that close cooperation between these two fields
would allow us to greatly improve our understanding of complex microbiological

processes, such as HGT of AMR.

2.8 Conclusions

In this systematic review, we aimed to assess the current state of mathematical
modelling as a tool to improve our understanding of horizontal gene transfer of
antimicrobial resistance. From the 43 studies identified, we found that the majority
focused on conjugation in E. coli, exploring evolutionary dynamics of HGT in culture.
Whilst this provides a solid base for a key method of HGT, future work must also
consider HGT by transformation and transduction which are also essential drivers of
HGT in bacteria. Importantly for public health implications, only one bacterial species
was considered in most models when we know that inter species transfer is
responsible for many of our epidemic AMR clones and much of the work was fitted to
data in the absence of antibiotic exposure. Crucially, to answer these questions we
must first clarify the level of modelling complexity required to accurately represent HGT
dynamics, as well as the availability and capacity to generate experimental data on
these processes. This complex topic requires close collaboration between
mathematical modellers and microbiologists in order to determine the full impact of
these processes on our ability to control the public health threat posed by antimicrobial

resistance.
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3 Growth-dependent predation and
generalised transduction of antimicrobial

resistance by bacteriophage

3.1 Overview

The systematic review | conducted, presented in Chapter 2, highlighted an important
lack of knowledge on the dynamics of transduction of AMR, and how to best represent
them mathematically. This research gap is particularly worrying in the case of S.
aureus, as transduction is the main mechanism of HGT in these bacteria, and existing
evidence suggests that AMR genes may frequently move within S. aureus populations.
The three studies modelling transduction published before this thesis explored these
dynamics in complex settings, aiming to obtain a theoretical understanding of this
process. In this Chapter, | instead aimed to gain a fundamental understanding of the
core dynamics of generalised transduction in S. aureus, as well as the dynamics of
phage predation which must be considered since generalised transduction is directly

dependent on these.

| designed this work with an interdisciplinary approach, combining lab work and
mathematical modelling. | first conducted in vitro experiments, where | co-cultured
single antibiotic-resistant strains of S. aureus alongside phage capable of generalised
transduction, with hourly counts of bacteria and phage concentrations in the co-culture
over 24h. Via generalised transduction, double antibiotic-resistant bacteria appeared,
whilst bacteria simultaneously grew by replication, and phage multiplied via lytic
infection. Lysogeny and specialised transduction were not detected in this system. The
advantage of these well-defined experimental conditions is that | was able to design a
mathematical model with a structure mirroring the in vitro environment. | then
considered several interaction terms to represent phage predation, based on elements
suggested in previous studies, yet never combined. This included linear versus
saturated predation, and a link between bacterial growth and either or both phage

adsorption rate and burst size. By fitting the model to the data, | was then able to
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identify the underlying biological mechanisms behind phage predation and quantify

generalised transduction dynamics in S. aureus.

This work has been published following peer-review in mSystems (Leclerc et al.,
2022). The co-authors are Quentin J Leclerc, Jacob Wildfire, Arya Gupta, Jodi A
Lindsay, and Gwenan M Knight. The version included below is the author accepted
manuscript, with some changes following examiner corrections which will be submitted
as a correction to the published article. Importantly, the manuscript only presents the
final in vitro results, and therefore does not reflect the initial experimental work
conducted to design the protocol, and the work necessary to optimise the experimental
conditions and replicate results consistently. Overall, the experimental work presented
in this Chapter was conducted over a period of 21 months (February 2019 to October
2020), although this included a 4 months disruption due to the COVID-19 pandemic.
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3.3 Abstract and Author Summary

3.3.1 Abstract

Bacteriophage (“phage”) are both predators and evolutionary drivers for bacteria,
notably contributing to the spread of antimicrobial resistance (AMR) genes by
generalised transduction. Our current understanding of this complex relationship is
limited. We used an interdisciplinary approach to quantify how these interacting
dynamics can lead to the evolution of multi-drug resistant bacteria. We co-cultured two
strains of Methicillin-resistant Staphylococcus aureus, each harbouring a different
antibiotic resistance gene, with generalized transducing phage. After a growth phase
of 8h, bacteria and phage surprisingly coexisted at a stable equilibrium in our culture,
the level of which was dependent on the starting concentration of phage. We detected
double-resistant bacteria as early as 7h, indicating that transduction of AMR genes
had occurred. We developed multiple mathematical models of the bacteria and phage
relationship, and found that phage-bacteria dynamics were best captured by a model
in which phage burst size decreases as the bacterial population reaches stationary
phase, and where phage predation is saturated at high concentrations. We estimated
that one in every 108 new phage generated was a transducing phage carrying an AMR
gene, and that double-resistant bacteria were always predominantly generated by
transduction rather than by growth. Our results suggest a shift in how we understand
and model phage-bacteria dynamics. Although rates of generalised transduction could
be interpreted as too rare to be significant, they are sufficient in our system to
consistently lead to the evolution of multi-drug resistant bacteria. Currently, the

potential of phage to contribute to the growing burden of AMR is likely underestimated.

3.3.2 Author Summary

Bacteriophage (phage), viruses that can infect and Kill bacteria, are being investigated
through phage therapy as a potential solution to the threat of antimicrobial resistance
(AMR). In reality, however, phage are also natural drivers of bacterial evolution by
transduction when they accidentally carry nonphage DNA between bacteria. Using

laboratory work and mathematical models, we show that transduction leads to
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evolution of multidrug-resistant bacteria in less than 8 h and that phage production
decreases when bacterial growth decreases, allowing bacteria and phage to coexist
at stable equilibria. The joint dynamics of phage predation and transduction lead to
complex interactions with bacteria, which must be clarified to prevent phage from
contributing to the spread of AMR.

3.4 Introduction

Bacteriophage (or “phage”) are major bacteria predators and the most abundant
biological entities on the planet . However, phage are also natural drivers of bacterial
evolution through horizontal gene transfer by “transduction” 23. Antimicrobial
resistance (AMR) genes can be transferred by transduction at high rates, both in vitro
and in vivo 4%, meaning that phage may be substantially contributing to the rapidly
increasing global public health threat of AMR 7. However, our understanding of these
joint dynamics of predation and transduction and how to best represent them is limited.

There are two main types of transduction; here, we focus on “generalised
transduction”, which occurs during the phage lytic cycle, when non-phage genome
DNA is mistakenly packaged in a new phage particle (Figure 3.1). The resulting
transducing phage released upon lysis can then inject this genetic material into
another bacterium. The second type of transduction, specialised transduction, relies
on lysogeny, during which sections of bacterial DNA adjacent to the prophage
integration site may be transferred upon excision of the prophage 8°. Generalised
transduction is currently often dismissed as too rare to be significant, yet it is likely a
substantial contributor to AMR spread as it is a common mechanism for the transfer
of plasmids, major vectors of AMR genes 2. There are currently no estimates or work
guantifying rates of transduction of AMR genes under various conditions. Previous
reviews have highlighted the necessity to further investigate the potential impact of
transduction in the context of phage therapy, where phage are used as antimicrobial

agents against bacteria 10-13,
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Figure 3.1: Phage lytic cycle and generalised transduction. In this environment,
only some bacteria carry an antimicrobial resistance (AMR) gene (shown in green).
The lytic cycle starts when a lytic phage infects a bacterium by binding and injecting
its DNA (1). Phage molecules degrade bacterial DNA and utilise bacterial resources
to create new phage components and replicate (2). These components are then
assembled to form new phage patrticles (3). At this stage, bacterial DNA leftover in the
cell can be packaged by mistake instead of phage DNA, which creates a transducing
phage and starts the process of generalised transduction. In our example, the
transducing phage carries the AMR gene. After a latent period of typically several
minutes, the phage trigger lysis of the bacterium, bursting it and releasing the phage
(4). The transducing phage can infect another bacterium, binding and injecting the
AMR gene it is carrying (5). If this gene is successfully integrated into the bacterial
chromosome (6), this creates a new transductant bacterium carrying this AMR gene
(7). Note that the transduced bacterial DNA could also be a plasmid, in which case it
would circularise instead of integrating into the chromosome of the transductant

bacterium. Not to scale.
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Mathematical models have been used to gain insights into phage predation dynamics
which cannot be obtained solely with experimental work, such as rates of predation
and optimal conditions for phage to clear bacteria 4. Such models typically assume a
density-dependent interaction, with new phage infections calculated as the number of
susceptible bacteria, multiplied by the number of phage and an adsorption constant
14-16 This approach has limitations, as density-dependent models have failed to
predict equilibria observed in some in vitro conditions between phage and E. coli 7.
Moreover, phage and bacterial replication are likely to be linked, as they both rely on
the bacterial machinery; phage predation may slow as bacteria reach stationary phase
1417-23 However, this is a feature which is not commonly included in mathematical
models of phage-bacteria dynamics 4. Finally, models often only rely on data of
phage-bacteria interactions measured once per day, or for a few hours 171924 A
current lack of detailed data means that capturing these underlying dynamics which

occur in less than an hour has not yet been possible.

To the best of our knowledge, only three modelling studies have included transduction
of AMR genes 2°-27, All three modelled complex environments, including resistance to
phage, antibiotics, and both lytic and lysogenic cycles. This complexity, combined with
the fact that these studies were not paired with complementary in vitro or in vivo data,
means that they relied on assumptions and previously published estimates, instead of
parameter values derived from a single environment and set of conditions. This limits

the wider reliability of conclusions made using these models *2.

In this article, we investigate the dual nature of phage dynamics using the clinically
relevant bacteria Methicillin-resistant Staphylococcus aureus (MRSA) 28. Transduction
is the main mechanism of horizontal gene transfer driving evolution for these bacteria
29 and phage therapy is currently being investigated to treat MRSA infections 331, We
aim to clarify the joint dynamics of predation and generalised transduction between
MRSA and phage by generating novel in vitro data, identifying biologically plausible
hypotheses which may explain the dynamics seen, and developing mathematical

models to test the validity of these hypotheses in our system.
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3.5 Results

3.5.1 Transduction and phage predation dynamics in vitro

We focused on two laboratory strains of Staphylococcus aureus, each resistant to
either erythromycin (and referred to as Be) or tetracycline (Br). In our experimental
conditions, the antimicrobial resistance (AMR) genes can only be transferred between
bacteria by generalised transduction mediated by exogenous phage. Transduction of
either AMR gene to the other strain will result in the formation of double-resistant

progeny (referred to as Ber).

We conducted a co-culture with only the two single-resistant strains and exogenous
phage (PL) capable of generalised transduction. We detected double-resistant
progeny (Ber) as early as 7h in our co-cultures, indicating that transfer of AMR genes
by generalised transduction had occurred (Figure 3.2). Ber numbers remained below
100 cfu/mL after 24h, but were consistently generated in each of our experimental
replicates. Colonies of double-resistant progeny were screened using polymerase
chain reaction (PCR) to confirm that they contained both resistance genes ermB and
tetK, and had not instead gained resistance to either antibiotic by mutation

(Supplementary Figure 3.1).
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Figure 3.2: The starting concentration of exogenous phage 80a affected the
equilibrium values of phage and bacteria in our co-cultures. The starting
concentration of both single-resistant S. aureus parent strains (Be to erythromycin &
B to tetracycline) was 10 colony-forming units (cfu) per mL. Each panel shows the
results with a different starting concentration of exogenous phage (PL): either 102, 104
or 10° plaque-forming units (pfu) per mL. We detected double-resistant progeny (Ber)
as early as 7h, indicating that transduction occurred rapidly. Error bars indicate mean
+/- standard error, from 3 experimental replicates. There is no data for the time period
9h-15h.

The starting concentration of exogenous phage affected whether phage and bacteria
were able to reach an equilibrium and co-exist without increasing or decreasing in our
co-cultures (Figure 3.2). With a starting concentration of either 103 or 10* pfu/mL
(equivalent to multiplicities of infection of 0.1 or 1, defined as starting ratio of phage to
bacteria 3?), lytic phage reached a steady-state after 8h (at approximately 10° pfu/mL
for a starting concentration of 103, and 107 pfu/mL for 10%). In both cases, bacteria
replicated for 8h before reaching a steady-state around 10° cfu/mL, similar to what

was seen in the absence of exogenous phage (Supplementary Figure 3.2). With a
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starting phage concentration of 10° pfu/mL (multiplicity of infection of 10), we did not
see an equilibrium between phage and bacteria, as phage numbers kept increasing
up to 10 pfu/mL by 24h, and bacteria numbers started decreasing after 20h. The
datasets are shown overlaid in Supplementary Figure 3.3.

3.5.2 Absence of lysogeny in our co-culture

The phage we used in our experiments is 80a, a well-known generalised transducing
phage. It has also been reported as a temperate phage, which means that it may
undergo lysogeny and integrate in the bacterial chromosome as a prophage 2. This
would grant lysogenic immunity to the bacteria, preventing further lytic infection by
80a, and potentially explaining why bacteria and phage densities reached steady-

states in our experiments (Figure 3.2).

To investigate whether this was a potential mechanism, we initiated co-cultures either
with stock bacteria, or bacteria exposed to phage during a previous co-culture. We did
not see any difference in phage and bacteria numbers after 24h regardless of whether
or not the bacteria had been previously exposed to phage, suggesting that lysogenic
immunity, or any other mechanism of phage resistance (e.g. surface modification), has

not been substantially gained by bacteria over 24h (Figure 3.3a).
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Figure 3.3: 80a lysogeny does not occur at a detectable level in our co-culture.

(a) Co-cultures with bacteria not exposed or previously exposed to phage. The
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starting concentration of both single-resistant S. aureus parent strains (Be to
erythromycin & Br to tetracycline) was 10 colony-forming units (cfu) per mL, and the
starting concentration of exogenous phage 80a (PL) was 10* plaque-forming units (pfu)
per mL. Double-resistant progeny (Bet) are generated by transduction. The initial co-
culture was diluted in fresh media after 24h, to form a new co-culture with bacteria
previously exposed to phage. Phage were added in the new co-culture to reach a
concentration of 10* pfu/mL. Error bars indicate mean +/- standard error, from 3
experimental replicates. (b) Confirmation of absence of detectable lysogeny by
polymerase-chain reaction. DNA was extracted from the co-cultures after 24h. S.
aureus RN4220 strains lysogenic and non-lysogenic for 80a were used as positive
and negative controls. L: ladder; attL: left prophage junction; attR: right prophage
junction; attB: bacterial insertion site. Detection of attL and attR indicates that
prophage are present in the DNA, while detection of attB indicates the presence of

bacteria not lysogenic for 80a.

In addition, we extracted DNA from 1mL of co-cultures after 24h, and conducted PCRs
targeting the prophage junctions (attL and attR) and bacterial insertion site (attB) with
a positive control of a strain lysogenic for 80a. This DNA extraction from population
samples and PCR protocol mean that the detection limit for our protocol is a frequency
of at least 3.3 x 108 lysogenic per non-lysogenic bacteria after 24h of co-culture (see
Materials and Methods for details). Only the intact bacterial insertion site was detected
in our samples, indicating an absence of prophage in our bacteria above this detection
limit (Figure 3.3b).

Another concern linked to lysogeny we must address is that, if lysogeny did occur, the
movement of the resistance genes tetk and ermB could have occurred by specialised
instead of generalised transduction. However, this is unlikely to be the case in our
system since specialised transduction can only lead to transfer of genes adjacent to
the integrated prophage 8°. This adjacency limitation also applies to lateral
transduction, a type of specialised transduction reported for 80a leading to higher rates
of transfer for DNA located downstream of the insertion site 4. This condition of
proximity to the insertion site is not met in our system. The tetracycline resistance

marker tetK is located on a plasmid, where 80a cannot integrate, thus preventing
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specialised and lateral transduction. As for the erythromycin resistance marker ermB,
the distance between the location of this gene on the chromosome (position
2,126,759bp °) and the 80a integration site (next to the rpmF gene 32, position
1,122,198bp %) suggests specialised and lateral transduction are unlikely.

Overall, these results suggest that after 24h the frequency of lysogenic per non-
lysogenic bacteria is less than 3.3 x 108 in our co-culture, and hence it is reasonable
to exclude any dynamics relating to lysogeny and specialised or lateral transduction in
our analysis and model below. Therefore, phage lysis and generalised transduction

are likely the main mechanisms shaping phage-bacteria interactions in our co-culture.

3.5.3 Bacterial growth estimates in the absence of
exogenous phage

When grown together in the absence of exogenous phage, single and double resistant
bacteria replicated exponentially and reached stationary phase after 8h at
approximately 2 x 10° colony-forming units (cfu) per mL (Supplementary Figure 3.2).

Be did not show a significant fithess cost relative to Bt over 24h of growth (mean
relative fitness 1.02, sd 0.03). The double-resistant progeny Ber did not show a
significant fitness cost relative to either single-resistant parent strain (mean relative
fitness to Be: 0.96, sd 0.06; mean relative fitness to Bt: 0.98, sd 0.03).

We obtained maximum growth rate estimates by fitting a logistic growth model to the
in vitro data. The median estimated maximum growth rates were 1.61 for Be (95%
credible interval 1.59-1.63), 1.51 for Bt (1.49-1.53) and 1.44 for Ber (1.42-1.47), with
a total carrying capacity of 2.76 x 10° cfu/mL (2.61 x 10° - 2.98 x 10°).
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3.5.4 Investigation of possible phage-bacteria interactions

using a flexible modelling framework

3541 Model structure

We designed a mathematical model to reproduce the in vitro phage-bacteria
dynamics, including generalised transduction of resistance genes. During our
experiment, our co-culture contained up to three strains of bacteria: the two single-
resistant parents (Be, Br) and the double-resistant progeny (Ber). Although we were
only able to count lytic phage (PL), based on the biology of generalised transduction
(Figure 3.1) we know that there were also transducing phage carrying either the
erythromycin resistance gene (Pk), or the tetracycline resistance gene (PT). Since we
did not detect any evidence of 80a lysogeny in our co-culture after 24h, we did not
include this feature in the model. The corresponding model diagram is shown in Figure

3.4a. The complete model equations can be found in Methods.

Using this modelling framework, we explored a combination of different phage-bacteria
interactions, described below (Figure 3.4b-c). By fitting the models to our experimental
data, we could rule out certain interactions and suggest the best model to reproduce

the phage-bacteria dynamics seen in vitro.
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Figure 3.4: Phage predation and generalised transduction model diagram, and
different phage-bacteria interactions considered. (a) Model diagram. Each
bacteria strain (Be resistant to erythromycin, Bt resistant to tetracycline, or Ber
resistant to both) can replicate (purple). The lytic phage (PL) multiply by infecting a
bacterium and bursting it to release new phage (gold). This process can create
transducing phage (Pe or Pr) carrying a resistance gene (ermB or tetK respectively)
taken from the infected bacterium (green). These transducing phage can then
generate new double resistant progeny (Ber) by infecting the bacteria strain carrying
the other resistance gene (green). (b) Phage predation in the model is either linear
or saturated. With a linear interaction, the number of infections scales linearly with
the number of phage and bacteria (top). A saturated interaction illustrates that at high
phage concentrations, multiple phage may bind to the same bacterium, hence limiting
the rate at which bacteria are lysed by phage (bottom). (c) Phage predation in the
model can decrease as bacterial growth decreases. A change in bacterial growth
phase can affect surface receptors, leading to a reduced phage adsorption rate (top).
Since phage replication relies on bacterial processes, a reduced bacterial growth can
translate into a reduced phage burst size (bottom). (d) Proposed function linking
phage predation parameters to bacterial growth. This shows the multiplier applied
to decrease phage parameters as the bacterial population increases towards carrying
capacity, equivalent to a decrease in bacterial growth. Here, the carrying capacity is

2.76 x 10° colony-forming units (cfu)/mL, estimated from our data.

3.5.4.2  First phage-bacteria interaction: linear versus saturated
phage predation
The most common approach to model phage-bacteria dynamics is to assume that
phage predation is density-dependent and linear 4. This means that, over one time
step, the number of phage infecting bacteria and the number of bacteria infected by

phage are both equal to the product of the number of bacteria (B), phage (P), and a

constant phage adsorption rate (B), as shown in equation (3.1).

BxPxf (3.1)
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This interaction implies that the number of new infections scales linearly with the
number of phage and bacteria (Figure 3.4b). Therefore, even if we keep a constant
number of phage, increasing bacteria numbers always leads to a linear increase in the
estimated number of new infections. Although this simplification is useful and holds for
a range of values, it has been suggested that it is not biologically realistic for high
concentrations of phage, since multiple phage may bind to the same bacterium,

leading to a sublinear increase in the number of infections 17,

To overcome these issues, we consider an alternative interaction, where phage
predation is saturated 36. This accounts for the fact that one phage does not
necessarily always lead to one infection. For example, multiple phage may bind to the
same bacterium 32 (Figure 3.4b). The number of new infections is restricted with the

use of a Hill function, as shown in equation (3.2).

Bxpx —L (3.2)

P
(4555

with P50 corresponding to the phage concentration at half saturation, where the
adsorption rate is equal to half the maximum. This heuristic approach was originally

proposed in %, as it captured well the dynamics of lytic phage and bacteria.

3.5.4.3 Equilibrium analysis for the density-dependent model

with linear phage predation

Despite this being a common method to represent phage-bacteria interactions in
mathematical models, previous analyses have suggested that a density-dependent
interaction alone cannot capture the equilibrium levels we and others have seen 1837,

We explore this in the context of our own in vitro data using equilibrium analyses.

Assuming that transduction and the phage latent period are negligible, which a
simplified model representing phage predation as a density-dependent process is

shown in equations (3.3) and (3.4).

aB B
E:.umax*B*(l_

)—B *= P xfB (3.3)

Bmax
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%:B*P*IB*(S’—Y*P (34)

Where pmax is the maximum bacterial growth rate, Bmax is the carrying capacity, 8 is

the phage adsorption rate, y is the phage decay rate, and d is the phage burst size,

with & equal to 6 - 1. To solve for equilibrium (i.e. % = % = 0), equations (3.3) and

(3.4) can be rewritten as equations (3.5) and (3.6).

B

Hmax * B * (1 — )—B xPxf=0 (3.5)

Bmax

B*Px B x§ —y*P =0 (3.6)

Since we are interested in an equilibrium with the condition that there are still bacteria
and phage in the environment (i.e. B#0 and P#0), we can divide equations (3.5) and
(3.6) by B and P respectively to obtain equations (3.7) and (3.8). These must hold true
for there to be a non-zero bacteria and phage population at equilibrium.

B

Pmax * (1 — )— P*xp =0 (3.7)

Bmax

Bx B 6 —-—y=0 (3.8)

We then obtain equations (3.9) and (3.10) by rearranging (3.7) and (3.8) to give

expressions for P and B at equilibrium.

B

_ Hmax _
P= e (1 Bmax) (3.9)
B=-L (3.10)

ﬁ*&

In our experiment with a starting phage concentration of 10* plaque-forming units
(pfu)/mL, after 24h the bacteria concentration was approximately 10° colony-forming
units (cfu)/mL, and the phage concentration was 10° pfu/mL. If we replace the
corresponding terms in equations (3.9) and (3.10) with these values, alongside the
carrying capacity (2.8 x 10% and average of the growth rates estimated (1.52), we
obtain equations (3.11) and (3.12).
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10° =22 4 (1 - 1° 5 (3.11)

2.8%10°

9_ VY
10° = (3.12)

Rearrangement of equation (3.11) leads to a solution for phage adsorption (B)
(equation (3.13)).

B =9.77%107% ~ 107> (3.13)

Substituting this into equation (3.12) leads to a value for phage decay rate (y) (equation
(3.14)).

y=10%°% 1075 x §' = 10*x § (3.14)

Giving rise to the condition that the phage decay rate y must be approximately 10*
times greater than the burst size &. This is not biologically plausible, since phage
decay rates are typically several orders of magnitude lower, and not greater, than burst
size. For example, phage decay rates are estimated to be at most 0.1 phage™.h't 44,
while an estimate for the burst size of 80a is 40 3°.

Even though these analyses rely on a simplified set of equations, using realistic
parameter values we have shown that a non-zero equilibrium, as we have seen in
vitro, cannot be reproduced using models with only a density-dependent interaction.
Note that the inclusion of the phage latent period in these equations would not change
the outcome of the equilibrium analysis, as this would only briefly delay the increase
in phage numbers following bacterial infection (by approximately 40mins with 80a ),
and not otherwise restrict phage predation. Instead, phage-bacteria co-existence may
be explained by variations in phage predation parameters depending on bacterial
resources availability, or bacterial growth rate 41-22, However, to the best of our
knowledge a simple mathematical expression linking phage predation to bacterial

growth has not yet been developed.
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3.5.4.4 Second phage-bacteria interaction: dependence of

phage predation on bacterial growth

Here, we consider that a decrease in bacterial growth as bacteria reach stationary
phase could firstly affect the phage adsorption rate 8, due to changes in receptors on
bacterial surfaces, which affect opportunities for phage to bind (Figure 3.4c). Secondly,
this could affect phage production, and thus burst size &, as phage replication relies
on bacterial processes and may decrease when bacterial growth slows down (Figure
3.4c¢). Using a single phage predation multiplier, with the same principle of logistic
growth applied to bacteria, we allow either or both 8 and & to decrease as bacterial

growth decreases in our model (equations (3.15) and (3.16)).

B = Bmax * (1 - B:ax) (3.15)
§ = Smax * (1 - B:ax) (3.16)

These equations imply that, as bacterial population size increases towards carrying

capacity (Bmax), phage parameters will be reduced (Figure 3.4d).

3.5.5 ldentification of the best-fitting phage-bacteria
interactions to reproduce the in vitro dynamics

Overall, we considered 6 different models, with either linear or saturated phage
predation, and with either or both the phage adsorption rate and burst size linked to
bacterial growth. Note that we did not include a phage decay rate in these models, as
this did not affect the dynamics of the system over 24h, for a wide range of decay rates
(Supplementary Figure 3.4), and this value systematically tended towards O when

included in the model fitting process.

All models successfully reproduced the trends seen in vitro when the phage were
started at either 102 and 10* pfu/mL (Figure 3.5a-b). However, only the two models
where only phage burst size decreases as the bacteria population approaches

carrying capacity were able to reproduce the increase in phage numbers seen in the
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later hours of the 10° pfu/mL dataset, despite all models having been fitted to this
dataset (Figure 3.5a-b). This was confirmed by calculating the average Deviance
Information Criteria (DIC) value for the models, which favours best-fitting models while
penalising more complex models (i.e. with more parameters) 3. The two models where
only phage burst size decreases as the bacteria population approaches carrying
capacity had the lowest DIC values, indicating that they were the better-fitting models
(Table 3.1).
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Figure 3.5: Accuracy of the best-fitted models to reproduce in vitro phage-
bacteria dynamics. (a-b) The models with only phage burst size linked to
bacterial growth are the most accurate to reproduce in vitro trends in lytic phage
(@) and double resistant bacteria (b) numbers, starting from a bacteria
concentration of 10* cfu/mL and varying phage concentrations. All models
(dashed lines) can reproduce the trends seen in vitro when phage are started at 103
or 10* pfu/mL (data in solid lines), but only the models with just the phage burst size

linked to bacterial growth (coloured model output) can reproduce the trend seen when
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phage are started at 10° pfu/mL. Other models (grey) either only have the phage
adsorption rate linked to bacterial growth, or both the phage adsorption rate and burst
size. Models are fitted to the 103 and 10° data, and tested with the 10* data. Parameter
values used are the median fitted values (Table 1). Shaded areas indicate standard
deviation generated from Poisson resampling of model results. Error bars for the data
(solid lines) indicate mean +/- standard error, from 3 experimental replicates. (c) When
further testing fitted model dynamics starting from 10°® cfu/mL bacteria and
varying phage concentrations, the model with linear phage predation incorrectly
predicts bacterial extinction, while the model with saturated predation
reproduces the trend, but not the exact values of the 24h data. In the co-culture
used to generate the data, each single-resistant parent strain (Be and Br) is added at
a starting concentration of 108 cfu/mL, and no double-resistant progeny (Ber) are
initially present. The starting concentration of lytic phage (PL) varies (x axis). Points
indicate mean results, and are each slightly shifted horizontally to facilitate viewing.
Error bars indicate either mean +/- standard deviation for the models (left/centre
panels), or mean +/- standard error for the data (right panel). Parameter values used

are the median fitted values (Table 3.1).
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Table 3.1: Estimated parameter values from fitting to in vitro data. Values show median and 95% credible intervals for posterior

distributions. Parameter units are indicated in parentheses. Fitting was performed using the Markov chain Monte Carlo Metropolis—

Hastings algorithm and the data from the co-culture with a starting bacterial concentration of 10 cfu/ml and phage concentration of

10® and 10° pfu/ml. DIC: Deviance Information Criteria. A smaller DIC indicates better model fit. DIC values are relative to the smallest

DIC calculated, which is for the frequency-dependent model with only burst size linked to bacterial growth (line 5, parameters in bold).

10°;3.4x1079)

2.2x107)

9.8 x 1010

Interaction | Adsorption | Burst size | Adsorption rate | Burst size | Transducing phage | Phage latent | Phage DIC
type rate linked | linked to | B (phage™ | & (phage) proportion a | period r(hour) | concentration at
to growth growth bacteria® hour?) (proportion of burst half-saturation P50
size) (phage)
Linear Yes No 45 x 10° (4.1 x|12(10;14) |3.1 x 10® (1.5 x 10® ; | 0.64 (0.55;0.73) | N/A 110
10°;5.0 x 10°) 5.8 x 10%) 4
No Yes 1.6 x 10 (1.5 x|79(72;86) |1.4 x 10® (1.1 x 10® ;| 0.65(0.62;0.69) | N/A 995
1010, 1.7 x 1019) 1.7 x 10®)
Yes Yes 4.3 x 10° (3.9 x|[43(37;49) (1.2 x10® (6.4 x 10° ;| 0.93(0.86;0.99) | N/A 774
10°; 4.6 x 109) 2.3x10%)
Saturated | Yes No 3.3 x 10° (1.8 x|14(11;21) [25x 107 (1.2 x 107 ;| 0.67(0.60;0.78) | 5.1 x 101° (2.8 x 10°; | 631
10°;5.6 x 10°) 5.5x107) 9.7 x 10%9)
No Yes 2.3 x 10%° (2.1 x| 50 (43;54) [1.2x 108 (1.1 x 10° ;| 0.60(0.60;0.61) | 1.2 x 10'°(1.0x 10*°| 0O
1010; 2.7 x 1019 1.3x 10%) ;1.3 x 10%)
Yes Yes 2.6 x 10° (1.9 x|36(28;43) [1.4x107(9.21x 10%;|0.75(0.63;0.80) | 5.1 x 10'° (3.6 x 10°; | 385
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Our initial experiments considered the dynamics over 24h for varying phage starting
concentrations. To test the ability of our model to recreate the dynamics under
changing bacterial levels, we replicated our transduction co-culture experiments with
starting concentrations of 10° cfu/mL bacteria instead of 10* cfu/mL, varying the
starting phage concentration between 10% and 108 pfu/mL, and measuring bacteria
and phage numbers after 24h of co-culture. We then used the estimated parameter

values (Table 3.1) to try to reproduce these 24h numbers of bacteria and phage.

Increasing the starting phage concentration led to an increase in the number of phage
after 24h (Figure 3.5c). For a starting phage concentration between 10% and 10°
pfu/mL, increasing starting phage numbers did not affect single-resistant parents Be
and Bt numbers after 24h, but led to a progressive increase in double-resistant
progeny Ber numbers. Increasing starting phage numbers above 10° pfu/mL caused

bacteria numbers after 24h to decrease.

Using the estimated parameter values (Table 3.1) with the model where only burst
size is linked to bacterial growth, we see that the model with linear phage predation
cannot reproduce these dynamics as it predicts that bacteria become extinct rapidly
(Figure 3.5c). The model with saturated predation is able to reproduce these trends,
but fails to recreate the exact same numbers of phage and bacteria, predicting a
decline in bacterial levels when the starting phage concentration increases above 10°
pfu/mL, a lower threshold than seen in the data (Figure 3.5c). The same overall trends
are seen for the models where only the adsorption rate is linked to bacterial growth, or

both adsorption rate and burst size (Supplementary Figure 3.5).

3.5.6 Analysis of phage predation and transduction
dynamics

Parameter estimates for our best-fitting model (with a saturated phage predation and
a link between phage burst size and bacterial growth only) suggest that the adsorption
rate is 2.3 x 101° (95% credible interval: 2.1 x 1010 - 2.7 x 10-1%) which is the smallest
estimate from the models (Table 3.1). On the other hand, the estimated burst size is

50 (43 - 54) phage, similar to a previous in vitro estimate for 80a of 40 . However,
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due to the decrease in burst size when bacteria are in stationary phase, we expect
that this number would change depending on the conditions under which it is
measured (Figure 3.6a). Finally, the estimated latent period of 0.60h (0.60 - 0.61) is
slightly shorter than a previous in vitro estimate of 0.67h 3°. Regarding the other
models, we note some biologically unlikely parameter estimates which further suggest
that these models are inappropriate, such as the low burst size for the models with
only the adsorption rate linked to bacterial growth (12 (10 - 14) and 14 (11 - 21)), or
the high latent period for the models with both adsorption rate and burst size linked to
bacterial growth (0.93 (0.86 - 0.99) and 0.75 (0.63 - 0.80)) (Table 3.1).
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Figure 3.6: Underlying phage and bacteria dynamics generated by the best-
fitting model with saturated phage predation and burst size linked to bacterial
growth. Model parameters are the median estimates from model fitting (Table 3.1).
(a) Phage burst size over time, by starting phage concentration. As bacteria reach
stationary phase after 8h, phage burst size decreases. In the 10° dataset, we see that
burst size is predicted to increase again after 20h. This is due to bacterial numbers
decreasing as bacteria are being lysed by phage. (b) Relative change in phage and
bacteria numbers over time, by starting phage concentration. The number of new

phage generated at each time step increases (positive value) until bacteria reach

120



stationary phase around 8h. This applies to lytic and transducing phage. In the 10°
dataset, phage keep increasing after 10h, eventually causing a decrease in bacterial
numbers (negative value), which translates into a further acceleration in the increase
in phage numbers due to the increased burst size (Figure 5a). After 8h, the relative
changes in lytic and transducing phage numbers are identical. (¢) Incidence of lytic
(gold) and transducing (green) phage over time, by starting phage concentration
(linetype). For any dataset and time-point, there is approximately 1 new transducing
phage generated for each 108 new lytic phage. (d) Fraction of double-resistant
progeny (DRP) generated by transduction each hour over time, by starting
phage concentration (linetype). DRP generation always occurs predominantly by
transduction, rather than by growth of already existing DRP. Note that the time at which
DRP are first generated varies by starting phage concentration.

We used our best-fitting model to reproduce our in vitro data (Figure 3.2) and uncover
the underlying phage-bacteria dynamics. Due to the link between phage burst size and
bacterial growth, burst size decreases as bacteria reach carrying capacity after 8h
(Figure 3.6a-b). This is reflected in the relative change in phage numbers, which tends
towards O after 8h (Figure 3.6b). After this point, phage incidence remains stable for
the 10° and 10* pfu/mL dataset, but starts increasing again significantly after 20h for
the 10° pfu/mL dataset as bacteria numbers start decreasing due to phage predation,
allowing burst size to increase again (Figure 3.6a-c).

We estimate that for every 108 new lytic phage released during burst, there was
approximately one transducing phage carrying an antibiotic resistance gene (Table
3.1, Figure 3.6c). Note that new double-resistant progeny (DRP) can either be
generated by transduction, or by replication of already existing DRP. Using the model,
we found that DRP were always predominantly generated by transduction rather than
by growth (Figure 3.6d). This is because after 4h bacterial growth rate starts
decreasing as the total bacteria population approaches carrying capacity (Figure
3.6b&d).
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3.6 Discussion

3.6.1 Results in context

We observed rapid in vitro horizontal gene transfer of antimicrobial resistance (AMR)
by generalised transduction in Staphylococcus aureus, alongside equilibria in phage
and bacteria numbers which varied depending on the starting number of phage. The
most accurate mathematical model to replicate phage-bacteria dynamics, including
generalised transduction, represented phage predation as a saturated process, and
linked phage burst size to bacterial growth. To the best of our knowledge, these two
elements have both been suggested previously 171836 yet never combined.

Density-dependent models with linear phage predation have been compared to data
at less fine time scales (e.g. daily time points) or over smaller time periods (e.g. less
than 8h), where they were able to reproduce in vitro values from experiments in
chemostats, and have been helpful to improve our basic understanding of phage-
bacteria dynamics 416, However, here we show that this type of interaction is not able
to reproduce finer hourly dynamics, and does not perform consistently when varying
concentrations of starting phage and bacteria. Using this, alongside a critique of the
mathematical implications of this process, we argue that linear phage predation is not
a biologically accurate representation of phage predation, as it fails to reproduce these
dynamics at high numbers of phage and bacteria, which would correspond to

scenarios potentially seen during phage therapy.

Our work adds to the growing body of evidence that phage predation depends on
bacterial growth '#17-23, This has implications for antibiotic-phage combination
therapy, as it suggests that bacteriostatic antibiotics, which prevent bacterial growth,
could reduce phage predation. This effect has been previously seen in S. aureus 4.
In the environment, including in persistent infections, bacteria spend most of their time
in stationary phase 4. This suggests that bacteria and phage may be able to co-exist
for prolonged periods of time in a broad range of settings, without the phage
systematically eradicating the bacteria. Under such conditions, phage may mediate
horizontal gene transfer by transduction between bacteria at relatively low levels, but

for prolonged periods of time. This may be particularly relevant for S. aureus, since
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approximately 20% of humans are colonised asymptomatically by this bacterium at
any given time 42, and at least 50% of these carriers may also carry phage capable of
generalised transduction 43, suggesting a constant background evolution rate for S.
aureus in the human population. Combined with environmental exposure to antibiotics
which acts as a selective pressure, this may contribute to the risk of multidrug-resistant

bacteria evolution.

3.6.2 Strengths and limitations

Our experimental design is both a strength and a limitation of our study. Since we
jointly designed the experiments and models, we are confident that we have included
in our mathematical model all the organisms and interactions present in vitro. We are
therefore confident in the conclusions on model structure, which is generalizable to
other systems. Saturated phage predation is biologically plausible for Iytic phage in
general, a link between phage predation and bacterial growth has been seen in other
systems #17-23 and our model includes the relevant biological characteristics of
generalised transduction 22, requiring a transducing phage to first be generated before
the transfer of the AMR gene to another bacterium can occur. In addition, our
equations for phage-bacteria interaction can be directly applied to systems containing

more strains of phage and bacteria than in our study.

However, the usage of such a specific experimental system with two bacterial strains
of the same genetic background and one phage limits the generalisability of our
parameter values, as these will likely vary for different bacteria and phage. Growth
conditions will likely also differ between the in vitro environment studied here, and in
vivo conditions. Here, our model assumes that phage do not decay, that bacteria do
not become resistant to phage, and that their growth is only limited by carrying capacity
and not nutrients, as they are observed in a rich medium for 24h only, but over longer
periods of time it may be necessary to revisit these assumptions, by including for
example a finite concentration of resources which are consumed during growth 44, The
role of the immune system may have to be considered in vivo, as this could impact
both the numbers of phage and bacteria 4°4¢, and our model could be extended to

include this. We assumed that the proportion of transducing phage created was

123



independent of the gene being transduced (ermB, on the bacterial chromosome, or
tetk, on a plasmid). This was supported by preliminary work (see Material and
Methods), but should be further investigated to improve our understanding of the
factors that can facilitate or prevent transduction of different genes. Finally, our model
does not include lysogeny and specialised transduction, and would therefore need to
be extended with additional compartments for lysogenic bacteria to represent these
dynamics. To answer all of these questions, future work should investigate both phage
predation and transduction dynamics over longer time periods, with different strains of

bacteria and phage.

All our models captured certain aspects of the trends seen in vitro, but also
underestimated phage numbers between 5-7h by up to 20 times. This is likely a
consequence of our experimental design. To count lytic phage, we centrifuged and
filtered the co-culture to remove bacteria. This could have caused the premature burst
of some phage-infected bacteria, artificially increasing the numbers of phage we then
counted 4’. Since the period between 5-7h is when phage infections are highest
(Figure 3.6b), this is why we would see such a large discrepancy at this stage. We
also note that the models with only phage burst size linked to bacterial growth
underestimated the number of double-resistant progeny (DRP). This small difference
(up to 10 cfu/mL) is likely due to our choice of using a deterministic model. This type
of model is useful for our purpose of fitting to in vitro data and analysing the underlying
dynamics here, but mathematically allows for fractions of bacteria to exist, instead of
just whole numbers. Future analyses using a stochastic model would better capture

random effects, which can have an important impact at low numbers.

Multiplicity of infection (MOI, starting ratio of phage to bacteria) is a commonly used
metric to present results of experiments with these organisms 32, With a starting
concentration of 10* bacteria per mL, we were able to fit our model to the dynamics
for two MOI (0.1 and 10), and replicate those of a third (1). However, when trying to
use the same model for these same three MOI, but with a starting bacterial
concentration to 10°, we found differences between our model and values seen after
24h. This indicates that MOI is not appropriate to summarise all the complexity of the

underlying phage-bacteria dynamics. Future experimental studies should express
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their results as a function of their starting concentration of phage and bacteria, not just
MOI.

In any case, the failure of our model to replicate 24h values with a different starting
bacteria concentrations shows that, whilst we have reduced the model structure
uncertainty, we are still not fully capturing the phage-bacteria interaction. Currently,
our model predicts that, for a starting concentration of 10° bacteria, a starting
concentration of 10° phage or more will be enough to cause a decrease in bacterial
numbers after 24h, while our data shows that the starting concentration of phage must
be higher than 108 for this to happen. In vitro, it is likely that slower bacterial growth
simultaneously affects the phage adsorption rate, latent period and burst size, each to
varying extents #17-23, This would explain why we would need a higher starting
concentration of phage for a higher starting concentration of bacteria, to exert a strong
enough predation pressure before bacteria reach stationary phase, causing a
reduction in phage predation. However, here we have only made the first step in this
process, having linked the burst size linearly to the bacterial growth rate, instead of
trying to link different phage predation parameters to bacterial growth using different
functions. These complexities need to be explored further, supported by in vitro work
measuring phage predation parameters at various time points. In S. aureus, wall
teichoic acid (WTA) is the phage receptor 484°, Lack of WTA glycosylation has been
shown to induce phage resistance °°, and changes in WTA structure at different growth
phases may be possible, since one of the genes involved in its synthesis is repressed
by a quorum sensing system 1. However, to the best of our knowledge this has not
yet been investigated, although changes in WTA are unlikely to occur at high rates

due to the resulting fitness costs 2.

3.6.3 Implications

Despite being recognised as a major mechanism of horizontal gene transfer, thus far
there have been limited mathematical modelling studies on the dynamics of
transduction of AMR 12, Using our model, we are able to estimate numbers of
transducing phage which we cannot count in vitro, and see that approximately 1
generalised transducing phage is generated per 102 lytic phage, consistent with

previous estimates 53%%, Here, we show that this number, which may seem
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insignificant, is enough to consistently lead to the successful horizontal gene transfer
of AMR, resulting in DRP after only 7h from phage addition, substantially less than the
usual duration of antibiotic treatment. We also show that transduction is the dominant
mechanism to create new DRP throughout the entire experiment, rather than growth
of existing DRP. This echoes the conclusions of previously published work on the
importance of transduction, including in vivo experiments and with other

Staphylococcus species #2955,

Our findings suggest that transduction is currently under-emphasised in the
exploration of phage-bacteria dynamics. Future studies on this topic should not
assume that transduction can be dismissed by default, but instead investigate whether
it is relevant in their system. This requires further in vitro and in vivo monitoring to
identify scenarios where transduction plays a significant role in the transfer of AMR
genes, likely depending on the environment, and characteristics of the bacteria and
phage present. This will require new experimental designs, since counting phage
numbers can be difficult, notably with clinical strains of bacteria. This should also be
investigated in the presence of antibiotics, where the importance of selection enters,

increasing the fitness of the small numbers of DRP generated by transduction.

Our results confirm that generalised transduction can consistently lead to the spread
of AMR genes, yet to the best of our knowledge there have not been any attempts to
evaluate the potential consequences of this process during phage therapy. Unlike
specialised transduction, likely not relevant in the context of phage therapy as
temperate phage would not be used for this purpose, generalised transduction is by
definition a mistake during the lytic cycle, therefore difficult to prevent 8°. As phage
therapy is generally administered alongside antibiotics 56, and we know that patients
can be colonised and infected with strains carrying different resistance genes %, a
potential risk is for multidrug-resistant strains to be generated by transduction, and
then selected for by these antibiotics. These new strains could in turn be transmitted
to other individuals, or gain resistance to phage infection, which would lead to a worse
treatment outcome for the patient. Echoing recommendations from previous reviews
10-12 "we suggest that future studies of phage therapy should acknowledge the risk of
generalised transduction, and evaluate the impact of this on in vivo bacterial evolution

during therapy.
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3.6.4 Conclusion

The joint dynamics of phage predation and transduction lead to complex interactions
with bacteria. These dynamics must be clarified, to correctly evaluate the extent to
which phage contribute to the global spread of AMR. We must also understand these
dynamics in the context of phage therapy, as transduction may lead to worse health
outcomes in patients if phage contribute to spreading AMR instead of overcoming it.
Current modelling research that ignores transduction may underestimate AMR
development in various systems. Interdisciplinary work will be essential to answer

these urgent public health questions in the near future.

3.7 Material and Methods

All analyses were conducted using the statistical software R 7. The underlying code
and data are available in a GitHub repository:

https://github.com/gleclerc/mrsa phage dynamics.

3.7.1 Experimental methods

3.7.1.1  Strains and phage used

The Staphylococcus aureus parent strains used for our transduction experiment were
obtained from the Nebraska Transposon Mutant Library 3°. These were strain NE327,
carrying the ermB gene encoding erythromycin resistance and knocking out the ¢3
integrase gene, and strain NE201KT7, a modified NE201 strain with a kanamycin
resistance cassette instead of the ermB gene knocking out the @2 integrase gene, and
a pT181 plasmid carrying the tetk gene encoding tetracycline resistance 8. Previous
work estimated that the pT181 copy number was 20 in S. aureus °°, however this old
number may not be applicable to our specific NE201KT7 strain, and there is ongoing
whole-genome sequencing work in our group to generate an updated estimate.
Growing these strains together in identical conditions as our co-culture below, but
without the addition of exogenous phage, does not lead to detectable horizontal gene

transfer (HGT; data not shown). To enable HGT, exogenous 80a phage was used, a
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well-characterised temperate phage of S. aureus capable of generalised transduction
33, To count lytic phage, S. aureus strain RN4220 was used, a restriction deficient

strain highly susceptible to phage infection €.

3.7.1.2  Transduction co-culture protocol

Pre-cultures of NE327 and NE201KT7 were prepared separately in 50mL conical
tubes with 10mL of Brain Heart Infusion Broth (BHIB, Sigma, UK), and incubated
overnight in a shaking water bath (37°C, 90rpm). The optical densities of the pre-
cultures were checked at 625nm the next day to confirm growth. The pre-cultures were
diluted in phosphate-buffered saline (PBS), and added to a glass bottle of fresh BHIB
to reach the desired starting concentration in colony forming units per mL (cfu/mL) for
each strain, forming a master mix for the co-culture. CaCl. was added at a
concentration of 10mM to the master mix. Phage 80a stock was diluted in phage buffer
(50 mM Tris-HCI pH 7.8, 1 mM MgS0O4, 4 mM CaCl2 and 1 g/L gelatin; Sigma—
Aldrich), and added to the master mix to reach the desired starting concentration in
plague forming units per mL (pfu/mL). Ten 50mL conical tubes were prepared (one
co-culture tube for each timepoint, from 0 to 8h and 16 to 24h), each with 10mL from
the master mix. Each co-culture tube was then incubated in a shaking water bath

(37°C, 90rpm) for the corresponding duration.

Bacteria counts for each timepoint were obtained by diluting the co-culture in PBS
before plating 50uL on selective agar, either plain Brain Heart Infusion Agar (BHIA,
Sigma, UK), BHIA with erythromycin (Sigma, UK) at 10mg/L, BHIA with tetracycline
(Sigma, UK) at 5mg/L, or BHIA with both erythromycin and tetracycline (10mg/L and
5mg/L respectfully). Note we plated 500uL instead of 50 on the plates with both
antibiotics, to increase the sensitivity of the assay. This allowed distinction between
each parent strain, resistant to either erythromycin or tetracycline, and the double
resistant progeny (DRP) generated by transduction. Plates were then incubated at
37°C for 24h, or 48h for plates containing both antibiotics. Colonies were counted on

the plates to derive the cfu/mL in the co-culture for that timepoint.

Previous work in our lab conducted by Lorna Chapman found that there was no
substantial difference in the direction of transfer between NE327 and NE201KT7. This

was done by screening DRP for kanamycin resistance, with the assumption that DRP
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also resistant to kanamycin would be from the NE201KT7 background, as they would
possess the kanamycin resistance cassette. On the other hand, kanamycin-
susceptible DRP would be from the NE327 background. 16 DRP were screened, with
10 resistant to kanamycin and 6 susceptible. Here, and in the model below, we
therefore assume that transfer occurs at equal frequency between NE327 and
NE201KT7.

Lytic phage counts for each timepoint were obtained using the agar overlay technique
61, Briefly, the co-culture was centrifuged at 4000rpm for 15 minutes, filtered twice with
10um filters, and diluted in Nutrient Broth No. 2 (NB2, ThermoFisher Scientific, UK).
15mL conical tubes were prepared with 300ul of RN4220 grown overnight in NB2, and
CacClz at a concentration of 10mM. 200pl of diluted phage were added, and the tubes
were left to rest on the bench for 30 minutes. The contents of the tubes were then
mixed with 7mL of phage top agar, and poured on phage agar plates. Phage agar was
prepared using NB2, supplemented with agar (Sigma, UK) at 3.5¢g/L for top agar and
7g/L for plates. The plates were incubated overnight at 37°C. Clear spots in the

bacterial lawn were counted to derive the pfu/mL in the co-culture for that timepoint.

3.7.1.3 Relative fithess

Relative fitness was calculated using data from co-cultures of NE327, NE201KT7, and
DRP, in the absence of phage. For each pair of strains, we estimated relative fithess

W using Equation 3.17.

Inf5icoy )
W = 52((242) (3.17)

LUSSTOL.

Where S1(t) and S2(t) represent the number of bacteria (in cfu/mL) from the chosen

strains 1 and 2, at times t = 0 or 24 hours.

3.7.1.4  Polymerase chain reaction protocols

To confirm that DRP contained both the ermB and tetK genes, primers ermBF (5'-
CGTAACTGCCATTGAAATAGACC-3'), ermBR (5-AGCAAACTCGTATTCCACGA-
3", tetkKF (5-ATCTGCTGCATTCCCTTCAC-3"), and tetKR (5'-
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GCAAACTCATTCCAGAAGCA-3') were used. Strains NE327 (only containing ermB)

and NE201KT7 (only containing tetK) were used as positive and negative controls.

To confirm that 80a lysogeny did not occur in our co-culture, we applied a previously
published method 3 and used a combination of four primers: SaRpmF (5'-
GACTGAATGCCCAAACTGTG-3') in the S. aureus rpmF gene, SMT178 (5-
GGCTGGGAATTAATGGAAGATG-3') in the 80a integrase, SaSirH (5™
TTAAGTAGCATCGTTGCATTCG-3) in the S. aureus sirH gene, and SMT179 (5'-
GAGTCCTGTTTGCGAATTAGG-3') in the 80a ORF73 region. SaRpmF and SMT178
were used to amplify the left prophage junction (attL), SaSirH and SMT179 to amplify
the right junction (attR), and SaRpmF and SaSirH to amplify the bacterial insertion site
(attB). RN4220 was used as a negative control for lysogeny, and JP8488, an RN4220
strain lysogenic for 80a, was used as a positive control (obtained from José Penadés

and Nuria Quiles, Imperial College London).

All PCRs were conducted using OneTag Hot Start Quick-Load 2X Master-mix,
following the manufacturer’s protocol. Tested samples were homogenised in 20pl
nuclease-free water, except for samples used to test for lysogeny which were
generated by DNA extraction and therefore already suspended in nuclease-free water
(see below). 1.5ul of each suspension was used as template for a total reaction volume
of 25pl.

3.7.1.5 DNA extraction protocol

To prepare samples for PCR to detect lysogeny, we extracted DNA from a 1mL sample
of our NE327, NE210KT7 and 80a co-culture after 24h (approximately 10° bacteria)
using the bacterial genomic DNA purification kit PurElute (Edge Biosystems),

supplemented with 2.5l of lysostaphin (10mg/mL, Sigma—Aldrich) 43.

Since the final DNA suspension was in 50l of nuclease free water, and we used 1.5yl
of this suspension as a template for the PCR and conducted three experimental
replicates, this is equivalent to saying that we tested DNA from approximately 9 x 107
bacteria (10° x (1.5/50) x 3 = 9 x 107). Using a Binomial probability density function
and assuming a 100% PCR specificity, we estimate that the probability for a false

negative result (i.e. that the PCR results are negative yet that the true number of
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lysogenic bacteria is greater than 0) exceeds 5% only if the frequency of lysogenic
bacteria in our sample is lower than 3.3 x 10-8. We therefore consider that the detection
limit of our protocol is a frequency of 3.3 x 10 lysogenic per non-lysogenic bacteria
after 24h of our co-culture. This means that, in our system, we would be able to detect
lysogenic bacteria if there were more than (3.3 x 10 x 10° = 33) 33 lysogenic bacteria

in 1mL of our co-culture after 24h.

3.7.2 Mathematical modelling methods

3.7.21 General model structure

We designed a deterministic, compartmental model to replicate our experimental
conditions. We included 6 populations: Be (corresponding to ery-resistant NE327), Bt
(tet-resistant NE201KT7), Ber (double resistant progeny, DRP), P. (lytic phage), Pe
(phage transducing ermB) and Pt (phage transducing tetK). Their interactions are

represented in Figure 3.2.

Bacteria from each strain 6 (6 € {E, T, ET}) can multiply at each time step t following
logistic growth at rate pe, with a maximum value pmaxe Which declines as the total

bacteria population N (= Be + Bt + Ber) approaches carrying capacity Nmax.

N

Ho = Hmaxgy * 1- ) (3.18)

Nimax
At each time step t, Iytic phage (PL) infect bacteria according to the function F(Py),
replicate, and burst out from the bacteria with a burst size é + 1 after a latent period T.
During phage replication, a proportion a of new phage are transducing phage. The
nature of the transducing phage (Pe or Pt) depends on the bacteria being infected
(e.g. Be bacteria can only lead to Pe phage). Then, these transducing phage (Pe or Pr)
infect bacteria according to F(Pe) and F(PT). If they successfully infect a bacterium
carrying the other resistance gene (e.g. Pe phage infecting a Bt bacterium), this
creates double resistant progeny (Bet). The complete model equations can be found
below.
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= W * By — B« F(PL) = By x F(Pp) (3.19)

{Change in Be = growth of Be — infections by P, — infections by P~}

%T = pir * By — Br * F(P,) — Br * F(Pg) (3.20)

{Change in Bt = growth of Bt — infections by P, — infections by Pg}

dt

{Change in Ber = growth of Bet — infections by P. + infections of Bt by Pe +

= Ugr * Bgr — Bgr * F(P,) + Br x F(Pg) + Bg * F(Pr) (3.21)

infections of Be by Pt}

L = [(Bg + Br) * F(PI(t =) + 6+ (1 — o) + [Ber * F(PY](t — D) 6+ (1 — 2% @) —
N*F(P) (3.22)

{Change in PL = new P phage — P, phage infecting bacteria}

ZE = [(By + Bgr) * F(P](t — 1) * § x a— N + F(Pp) (3-23)

{Change in Pe = new Pe phage — Pe phage infecting bacteria}

dstT = [(Br + Ber) x F(P)](t — 1) *§ x a — N« F(Pr) (3.24)

{Change in Pt = new Pt phage — Pt phage infecting bacteria}

Some parameters (7, a) are constant, while others (U, U, Het,, ) and the function
F(Pe) (@ € {L, E, T}) can change at each time step and depending on the specified
interaction mechanism. Note that since Ber can give rise to both types of transducing
phage Pe and Pr, as it carries the two resistance genes as opposed to Be and Bt which
only carry one, we assume that transducing phage carrying an AMR gene are twice
as likely to be produced by Ber than by Be or B, hence the multiplication of a by 2 in
Equation 3.22.

3.7.2.2  Phage predation function

Over one time step, both the number of phage Pe (6 € {L, E, T}) infecting bacteria B:
(¢ € {E, T, ET}) and the number of bacteria infected by phage are equal to

B, * F(Pg)  (3.25)
In our equations for linear phage predation, the phage adsorption rate 8 is constant,

hence F(Pg) is equal to:
F(Py) = Pg=p (3.26)
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On the other hand, the saturated phage predation equation limits the number of phage
infecting bacteria over one time step at higher phage concentrations according to a

Hill function. Equations (3.26) then becomes:

F(Py) = Py *

5 (3.27)
(1+P—f0

With P50 corresponding to the phage concentration at which the adsorption rate is
equal to half the maximum value. We assume that the adsorption and saturation
process is the same regardless of whether the phage is lytic or transducing, hence we

estimate only a single set of 8 and P50 parameters which we apply to all phage.

3.7.2.3 Link between bacterial growth and phage predation

We consider that reduced bacterial growth can lead to decreased phage predation,
through reduced adsorption () and/or burst size (6). Equations (3.28) and (3.29) allow
these parameters to decrease as bacterial growth decreases, using the same principle

of logistic growth as seen in equation (3.18).

B = Bmax * (1 - N::ax) (3.28)
§ = Smax * (1 - N:x) (3.29)

If we do not link these parameters to bacterial growth, we assign them their maximum

values.

B = Bmax (3.30)
60 = Spmax (3.31)

3.7.2.4  Model fitting

We fit our model to the in vitro data using the Markov chain Monte Carlo Metropolis—
Hastings algorithm. For every iteration, this algorithm slightly changes the parameter
values, runs the model, assesses the resulting model fit to the data, and accepts or
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rejects these new parameter values based on whether the model fit is better or worse
than with the previous set of values. We run the algorithm with two chains, and once
convergence has been reached (determined using the Gelman-Rubin diagnostic, once
the multivariate potential scale reduction factor is less than 1.2 62), we generate 50,000

samples from the posterior distributions for each parameter.

In a first instance, we used our growth co-culture data, where phage are absent, to
calibrate the bacterial growth rate parameters pmaxe for each bacteria strain 6 (6 € {E,
T, ET}), as well as the carrying capacity Nmax using a simple logistic growth model

(equation (3.32)). All other parameters related to phage predation were set to O.

dB B
d_te = Umaxgy * By * (1 N . ) (3.32)

max

The phage predation parameters (7, a, Bmax, Omax) Were jointly estimated by fitting to
the phage and double resistant bacteria humbers from the transduction co-culture
data. We fitted to the transduction co-culture datasets with starting phage
concentrations of 102 and 10° pfu/mL, and tested whether the estimated parameters
could reproduce the dynamics seen with the starting phage concentration of 104
pfu/mL. Convergence and posterior distribution plots for our best-fitting model are

shown in Supplementary Figure 3.6.

To mirror our experimental sampling variation, in vitro data points were scaled down
to be between 1 and 100 before fitting, with the same correction applied to the
corresponding model-predicted value for the same timepoint generated using a set of
parameter values ©. For example, if at 1h there are 1.4 x 10* phage in vitro, this is
scaled down to 14, and if the corresponding model value is 5.3 x 1068, this is scaled
down by the same magnitude (i.e. 10%), resulting in a value of 5300. We then
calculated the log-likelihood of the in vitro data point (Y) being observed in a Poisson
distribution, with the corresponding model data point (X) as a mean, hence assuming
Y ~ Poisson(X). In our example with Y = 14 and X = 5300, we would calculate the log-
likelihood of observing 14 phage from a Poisson distribution with a mean of 5300. This

process is repeated separately for each data point and corresponding model point
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generated using the set of parameter values ©, then all the log-likelihoods are summed

to obtain a single value, representing the log-likelihood of ©.

Previous research estimated that the latent period for 80a in S. aureus was
approximately 40mins (0.67h), and that the burst size was approximately 40 phage
per bacterium . Since this study did not provide error values for these point estimates,
we assumed the standard deviation and chose the following informative priors for
these parameters: 7 ~ Normal(0.67, 0.07) (95% confidence interval: 0.53-0.81) and
Omax ~ Normal(40, 7) (95% confidence interval: 54-26). Due to a lack of available data,
we used uninformative priors for the remaining parameters: a ~ Uniform(0, 1) and Bmax
~ Uniform(0, 1).
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4 Modelling the joint dynamics  of
bacteriophage and antibiotics: killers and

drivers of resistance evolution

4.1 Overview

Through the interdisciplinary approach presented in Chapter 3, | obtained a
fundamental understanding of phage predation and generalised transduction
dynamics in S. aureus, and designed a mathematical model supported by in vitro data
to explore these processes. The next step was to examine the effect of antibiotics on
phage-bacteria dynamics, since in reality these may often be present alongside S.
aureus and their phage. Evidence on the joint killing effect of phage and antibiotics on
bacteria is conflicted, and the role of transduction as a potential driver of antibiotic-
resistance in environments where antibiotics, phage and bacteria are all present is
unknown. In this Chapter, | generated further in vitro data and extended the
mathematical model developed in Chapter 3 to identify conditions where phage and

antibiotics either remove bacteria synergistically, or drive AMR evolution.

This Chapter relied again on an interdisciplinary approach, since using experimental
methods alone would not be sufficient to disentangle the interactions between
antibiotics, phage, and bacteria. Instead, by generating further in vitro data to
parameterise the effect of antibiotics on S. aureus, | was then able to use this extended
model to explore a wide range of scenarios, with varying phage and antibiotic presence
timing and concentration. This approach allowed me to identify conditions under which
the action of the phage complements the antibiotic, leading to a faster decline in the
bacterial population, and conditions where, due to the antibiotics restricting bacterial
growth and hence phage growth, double antibiotic-resistant bacteria are generated via
transduction, not killed by phage, and then selected for by the antibiotics.

At the time of writing, this work is available as a preprint (Leclerc, Lindsay and Knight,
2022), and is being revised for resubmission to PLoS Computational Biology following

reviewer comments obtained on 25/05/2022. The co-authors are Quentin J Leclerc,
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Jodi A Lindsay, and Gwenan M Knight. The version included below is the preprint, with

some minor changes in response to reviewer comments.
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4.3 Abstract and Author Summary

4.3.1 Abstract

Bacteriophage (phage) are bacterial predators that can also spread antimicrobial
resistance (AMR) genes between bacteria by generalised transduction. Phage are
often present alongside antibiotics in the environment, yet evidence of their joint killing
effect on bacteria is conflicted, and the dynamics of transduction in such systems are
unknown. Here, we combine in vitro data and mathematical modelling to identify
conditions where phage and antibiotics act to remove bacteria synergistically, or drive
AMR evolution.

We adapt a published model of phage-bacteria dynamics, including transduction, to
add the pharmacodynamics of erythromycin and tetracycline, parameterised from new
in vitro data. We simulate a system where two strains of Staphylococcus aureus are
present at stationary phase, each carrying either an erythromycin or tetracycline
resistance gene, and where multidrug-resistant bacteria can be generated by
transduction only. We determine rates of bacterial clearance and multidrug-resistant
bacteria appearance, when either or both antibiotics and phage are present at varying

timings and concentrations.

Although phage and antibiotics act in synergy to kill bacteria, by reducing bacterial
growth antibiotics reduce phage production. A low concentration of phage introduced
shortly after antibiotics fails to replicate and exert a strong killing pressure on bacteria,
instead generating multidrug-resistant bacteria by transduction which are then
selected for by the antibiotics. Multidrug-resistant bacteria numbers were highest when

antibiotics and phage were introduced simultaneously.

The interaction between phage and antibiotics leads to a trade-off between a slower
clearing rate of bacteria (if antibiotics are added before phage), and a higher risk of
multidrug resistance evolution (if phage are added before antibiotics), exacerbated by
low concentrations of phage or antibiotics. Our results form hypotheses to guide future
experimental and clinical work on the impact of phage on AMR evolution, notably for
studies of phage therapy which should investigate varying timings and concentrations
of phage and antibiotics.
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4.3.2 Author Summary

Bacteriophage (“phage”) are viruses that can infect and kill bacteria, but also natural
drivers of antimicrobial resistance (AMR) evolution by transduction, when they
accidentally carry non-phage DNA between bacteria, including AMR genes. Phage
are often present alongside antibiotics in the environment and in humans, yet the joint
dynamics of phage, antibiotics, and bacteria are unclear. Using laboratory work and
mathematical modelling, we show for the first time that depending on timing and
concentration, phage and antibiotics can either work together to kill bacteria faster, or
phage can generate multidrug-resistant bacteria by transduction which are then
selected for by antibiotics. This may be particularly important in the context of phage
therapy, where phage are used to treat bacterial infections, often alongside antibiotics.
Our conclusions highlight the urgent need for clinical and laboratory work to quantify
the currently unknown contribution of phage to AMR evolution in humans. Otherwise,

we may be missing opportunities to reduce the global public health burden of AMR.

4.4 Introduction

Bacteriophage (phage) are major bacterial predators and the most common organisms
on the planet [1]. Phage are often present alongside antibiotics, naturally or in the
context of antibacterial treatment [2—4], yet reports on their combined effect on
bacteria are conflicting. Some previous studies showed that phage and antibiotics
work synergistically to clear bacteria [5—7], while others have demonstrated that
antibiotics reduce phage production [8,9]. This is further complicated by the fact that
phage are also major drivers of bacterial evolution via horizontal gene transfer by
transduction [10,11], which can notably contribute to antimicrobial resistance (AMR)
spread [12,13]. If multidrug-resistant bacteria are generated by transduction,
antibiotics present in the same environment may act as a selective pressure to
increase their prevalence, yet to our knowledge the dynamics of transduction have not

yet been investigated in such systems [14].

There are two types of transduction: specialised and generalised [15,16]. Specialised

transduction occurs when a prophage accidentally picks up adjacent bacterial DNA
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upon excision from the bacterial chromosome, at the end of the lysogenic cycle. On
the other hand, generalised transduction occurs during phage replication, when non-
phage DNA is packaged by mistake in a new phage particle. The resulting transducing
phage is released upon bacterial lysis, and injects this DNA in another bacterium.
Generalised transduction is likely the most important type of transduction in the context
of AMR, as it can lead to the horizontal transfer of any genetic material contained in a

bacterium (including plasmids, major vectors of AMR genes) [10].

A major bacterial pathogen often exposed to phage is Staphylococcus aureus, which
at any given time is colonising approximately 20% of humans [17]. Previous work
suggests that all S. aureus carry integrated prophage [18], and at least 50% of
individuals colonised by S. aureus also carry free phage capable of generalised
transduction [19], the main mechanism of horizontal gene transfer for S. aureus [18].
This is particularly relevant for methicillin-resistant S. aureus (MRSA), a group of S.
aureus present in both the ESKAPE list and the World Health Organization priority list
of antibiotic-resistant bacteria due to its large clinical burden [20-22]. In vitro, the
generation rate of generalised transducing MRSA phage carrying an AMR gene has
been estimated to be approximately one per 108 new phage produced, sufficient to
consistently generate bacteria resistant to multiple antibiotics in less than 24h [23],

and in vivo transduction rates are likely to be even higher [24].

Understanding the dynamics of bacteria, antibiotics, phage and transduction is
especially important in the context of phage therapy, which aims to use phage as
antibacterial agents, generally in combination with antibiotics [4]. Phage therapy is
currently investigated as a solution to counter the threat of AMR, with ongoing clinical
trials against MRSA infection [6,25—-29]. Phage therapy guidelines recommend that
only phage with a limited ability to perform transduction should be used [15,30,31], yet
to our knowledge there is currently no technique to prevent phage from accomplishing
generalised transduction, which is fundamentally a mispackaging and thus a biological
error similar to a mutation. Hence, as previous reviews have highlighted, it is essential
to explore the importance of this mechanism, and identify conditions under which it
could affect the outcome of therapy and lead to multidrug resistance evolution [14,30—
32].

147



In this study, we aim to investigate the potential combined effect of antibiotics and
phage capable of generalised transduction on bacteria. Making conclusions about this
multidimensional chequerboard space of potential combinations and timings is difficult
when using data from time-consuming, single-scenario, in vitro experiments. Instead,
we generate hypotheses to guide future experimental work by simulating these
conditions. We adapt a previously published mathematical model of phage-bacteria
dynamics, including generalised transduction, to incorporate the effect of antibiotics
on bacteria [23]. This model is parameterised using in vitro data from the same
environment and set of conditions as when it was originally developed [23], making it

a reliable tool to infer the dynamics governing this system.

We hypothesise that, depending on the timing and concentration at which they are
added, phage and antibiotics can either act to eradicate bacteria synergistically, or to
create and select for multidrug-resistant bacteria. We explore this in our model and
generate guidelines to minimise the risk of generating double-antibiotic-resistant S.
aureus when two single-resistant strains are exposed to antibiotics and phage, whilst

maximising bacterial eradication.

4.5 Materials and Methods

4.5.1 Laboratory methods

45.1.1 Bacterial strains and phage

Two Staphylococcus aureus strains were obtained from the Nebraska transposon
library in the MRSA USA300 background [33]. These were NE327, with the ermB gene
conferring resistance to erythromycin, and NE201KT7, a modified NE201 strain with a
kanamycin resistance cassette replacing the ermB gene and a plasmid carrying the
tetKk gene conferring resistance to tetracycline. Horizontal gene transfer can only
happen between these two strains via generalised transduction. When co-cultured
with 80a phage, these give rise to double-resistant progeny (DRP) bacteria resistant
to both erythromycin and tetracycline [23]. In the experiments conducted here, we
used the double-resistant strain DRPET1, a DRP strain with a NE327 background
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generated during previous NE327, NE201KT7 and 80a co-cultures, containing both
ermB and tetK genes [23]. Note that although 80a is a temperate phage, we have
previously shown that lysogeny does not occur at a detectable level in our
experiments, with a lysogenic frequency detection limit of 3.3 x 10 per non-lysogenic
bacteria after 24h of co-culture, and that specialised transduction is unlikely to be
responsible for horizontal gene transfer, due to the location of tetK on a plasmid and
a ~1Mbp distance between ermB and the 80a integration site on the bacterial
chromosome [23]. Hence the only interactions we consider between phage and

bacteria in our environment are lysis and generalised transduction.

451.2 Time-kill curves

The growth conditions are identical to the ones previously used to generate data on
lysis and transduction with these bacteria and phage [23]. Pre-cultures of each S.
aureus bacterial strain (NE327, NE201KT7 and DRPET1) were separately generated
overnight in 50mL conical tubes containing 10mL of brain-heart infusion broth (BHIB,
Sigma, UK). Unless otherwise stated, liquid cultures were incubated in a warm shaking
water bath (37°C, 90 rpm). Each pre-culture was then diluted in phosphate-buffered
saline (PBS) and mixed with 10mL of fresh BHIB in a 50mL conical tube to reach a
starting concentration of 10* colony-forming units (cfu)/mL. The new culture was
incubated for 2h to allow the bacteria to reach log-growth phase, following standard
protocol for time-kill experiments [34]. Erythromycin or tetracycline was then added to
the culture, at a concentration of either O (control), 0.25, 0.5, 1, 2, 4, 8, 16, or 32 mg/L.
At 0, 1, 2, 3, 4, 6 and 24h after antibiotic addition, 30ul were sampled from the
incubated culture, diluted in PBS, and plated on plain brain-heart infusion agar. The
plates were incubated overnight at 37°C. Colonies on the plates were then counted to

derive the concentration of bacteria in cfu/mL at the corresponding time point.

The experiment was repeated 3 times for each strain (NE327, NE201KT7 and
DRPET1) and each antibiotic (erythromycin and tetracycline).

4.5.1.3  Minimum inhibitory concentration

We measured the minimum inhibitory concentrations (MIC) of erythromycin and
tetracycline for NE327, NE201KT7 and DRPET1 by microbroth dilution [35]. Briefly,
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pre-cultures of each strain were generated overnight in Mueller-Hinton broth (MHB-II,
Sigma, UK). Antibiotic stocks were generated in 50% ethanol at concentrations
doubling from 0.25 to 256 mg/L, and 10uL of each dilution were added to separate
wells on a 96-well plate. The overnight pre-cultures were diluted to a concentration of
10° cfu/mL, and 90uL were mixed with each antibiotic dilution in the 96-well plate. The
plate was incubated overnight at 37°C, and the MIC were then determined by eye,
identifying the lowest concentration of antibiotic which did not allow bacterial growth
(i.e. the contents of the well were not turbid).

4.5.2 Modelling methods

All analyses were conducted in the R statistical analysis software [36]. The underlying
code and data are available in a GitHub repository:

https://github.com/gleclerc/phage antibiotic dynamics.

452.1 Mathematical model

We adapted a previously published mathematical model of phage-bacteria dynamics,
including generalised transduction [23]. This model was previously parameterised
using the same bacterial and phage strains as in this study. Our three S. aureus strains
are represented: Be (erythromycin-resistant, corresponding to in vitro strain NE327),
Br (tetracycline-resistant, corresponding to NE201KT7), and Ber (resistant to both
erythromycin and tetracycline, corresponding to double-resistant bacteria) (Figure
4.1). The model also contains 80a lytic phage (PL), which can give rise to transducing
phage carrying either the erythromycin (Pe) or tetracycline (Pr) resistance gene. The
transducing phage can give rise to Ber bacteria via generalised transduction (Figure
4.1).

We added two compartments to the model to track the concentration of antibiotics: Ce
for erythromycin, and C+ for tetracycline. The concentrations are expressed in mg/L.
We can simulate the addition of a chosen concentration of antibiotic at any given time,
and the antibiotics decay at a constant rate ye and yr for erythromycin and tetracycline,
respectively (Figure 4.1, Equations 4.1-2). A similar constant rate yp is used for phage

decay (Equations 4.7-9). Note that these decay rates are all set to 0 in our analysis,
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as we were not able to parameterise these using our in vitro data, but we explore the
effect of changing their values between biologically plausible limits in the sensitivity

analysis (see Results).

ac
d_tE= —)/E*CE (4 1)
ac
d_tT_ yr*Cr (4.2)

The antibiotic concentrations are then used to calculate &, the effect of each antibiotic
i (i € {E, T}) on each bacterial strain j (j € {E, T, ET}), according to a pharmacodynamic
relationship parameterised through Hill equations [34,37] (Equation 4.3). This
commonly used function calculates the effect of an antibiotic using four parameters:
the maximum effect (em2;), current concentration (Ci), half maximal effective
concentration (EC50;;), and a Hill coefficient (Hij). Note that €M@ is relative to the
maximum growth rate of the corresponding strain j (U™®, see below and Equation
4.10).

¢, i)

— ,,max max
&ij = Hj T *E

(4.3)

Ecs0,Hif) +.¢; i)

QOriginal model:

—) Bacterial growth

=3 Lytic phage interaction

= = =3 Transducing phage creation

Py Transduction

Extended model:

........ Erythromycin
* effect

Tetracycline
* effect

-------- © Phage decay

-------- © Antibiotic decay
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Figure 4.1: Mathematical model diagram. This model is an extension of our original
model presented in [23], with the inclusion of antibiotic effects. Each bacteria strain
(Be resistant to erythromycin, Bt resistant to tetracycline, or Ber resistant to both) can
replicate (purple). The lytic phage (PL) multiply by infecting a bacterium and bursting it
to release new phage (gold). This process can create transducing phage (P& or Pr)
carrying a resistance gene (ermB or tetK respectively) taken from the infected
bacterium (dashed, green). These transducing phage can then generate new double-
resistant progeny (Bet) by infecting the bacteria strain carrying the other resistance
gene (solid, green). The antibiotics, erythromycin (Cg) and tetracycline (Ct), decrease
the growth rate of each bacteria strain to varying extents, depending on their
concentration and the resistance level of the strain (dotted, red and orange). Phage

and antibiotics can decay at a fixed rate (dotted, grey and black).

The complete model equations can be found below.

d
%zuE*BE_BE*F(PL)_ Bg * F(Pr) — (¢gp + €rg) * By (4.4)
{Change in Be = growth of Be — infections by P. — infections by P+ - ery killing - tet
killing}

a
%zﬂT*BT_BT*F(PL)_ Br * F(Pg) — (egr + &rr) * By (4.5)
{Change in Bt = growth of Bt — infections by P, — infections by Pk - ery killing - tet
killing}

dBgT
dt

= pgr * Bgr — Bgr * F(P,) + By * F(Pg) + Bg x F(Pr) — (¢ggr + €r,67) * Bgr
(4.6)

{Change in Ber = growth of Bet — infections by P. + infections of Bt by Pe +
infections of Be by Pt - ery killing - tet killing}

d
%: [F(P,) * Bl (t —7) * 65+ (1 — @) +

[F(P) *Br](t —1) *6r* (1 —a) +
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[F(P) * Bgr](t —7) * Spr * (1 —2*a) —
AxPL—yp*P (4.7)

{Change in PL = new P phage from Be + new P phage from Bt + new P. phage

from Bet —

PL phage infecting bacteria — P, decay}

dPy
W= [F(P,) *Bg](t — 1) * §g *a +

[F(P.) * Bgr](t —T) * Opr * & —
A Pg—yp * Pg (4.8)
{Change in Pe = new Pe phage from Be + new Pe phage from Bet —
Pe phage infecting bacteria — Pe decay}

dPr
3 = [FP)*Br](t — )+ 6p xa +

[F(P,) * Bgr](t —©) * 8pr * @ —
A*PT_)/P*PT (49)
{Change in Pt = new Pt phage from Bt + new Pt phage from Bet —

Pt phage infecting bacteria — Pt decay}

The bacterial growth rate e (8 € {E, T, ET}, N = Be+Bt+BeT) is modelled using

logistic growth, with a maximum growth rate of p™®g and carrying capacity N™,

N
Me = ‘u'glax * (1 - ng_x) (4'10)

Phage predation is modelled as a saturated process. Previous work has suggested

that this interaction is more biologically realistic than the more commonly used linear

153



interaction, as it accounts for multiple phage binding to the same bacterium at high
phage concentration, leading to a sublinear increase in predation [23]. This is

represented using a Hill equation, with F(Pe) (8 € {L, E, T}) equal to

F(Pg) = Py » —5; (4.11)

P50

with B representing the maximum rate of successful phage adsorption leading to
bacterial lysis and P50 corresponding to the phage concentration at half saturation,
where the adsorption rate is equal to half the maximum. The latent period r
corresponds to the delay between bacterial infection and burst, and the transduction
probability a corresponds to the proportion of new phage released upon burst which

are transducing phage carrying the erythromycin or tetracycline resistance gene.

In the model, phage burst size decreases as bacterial growth decreases. This happens
as bacteria enter stationary phase when the population approaches carrying capacity
Nm2x (as demonstrated previously [23,38,39]), but here the additional effect of
antibiotics must be included. To capture this, we use the same effective scaling as the
bacterial growth rate (Equations 4.10 and 4.4-4.6) with inclusion of the relative effect
of antibiotics €e,p and €1,6 in the phage burst size estimation. Since antibiotics can Kill
bacteria, leading to a net negative growth rate, we limit the multiplier value to 0 as a
minimum, to prevent a negative burst size. The phage burst size &e¢ for each bacteria
strain 0 (8 € {E, T, ET}) is then calculated as a fraction of the maximum phage burst
size dM (Equation 4.13).

Sg = §™ x max (0, 1——_ _fEo _ °ro ) (4.13)

Nmax #gnax ”renax

45272 Parameter estimation

Parameters for bacterial growth and phage predation were originally obtained by fitting
our model to in vitro data for the same bacteria and phage strains as in this study [23].
Parameters for antibiotic effect were obtained in two steps using the least squares
methods for model fitting, which aims to minimise the squared difference between data
and model output, calculated for n points as

154



e1(d; —my)? (4.14)
with d; representing data points and m; representing model points.

Firstly, the reduction in bacterial growth caused by a specific concentration of antibiotic
(€) was obtained by fitting a deterministic growth model (Equation 4.15) to the bacterial

concentration B over time, estimated as the mean of three in vitro replicates.

dB _ B iy
E_”*(l Nmax)*B ExB (4.15)

¢ was then scaled to growth (¢ = €/u), to represent the relative impact of the antibiotic
on bacterial growth rather than an absolute value. Since we obtained growth curve
time series data for 8 concentrations for each strain, we generated 8 estimates of

antibiotic effect for each strain.

Secondly, the three parameters of the Hill equation [34,37] (maximum effect €™, Hill
coefficient H, and half maximum effective concentration EC50), which calculates the
antibiotic effect as a function of concentration, were estimated by fitting Equation 4.3

to the 8 antibiotic effects for each strain.

4.5.3 Model scenarios considered

45.3.1 Antibiotics alone

We start with an environment containing both single-resistant strains at stationary
phase (10° cfu/mL). This mirrors the within-host diversity we could expect to see during
bacterial infections [19], and the fact that bacteria most often live at stationary phase
in the environment [40]. We first investigate the effect of the presence of either or both
erythromycin and tetracycline at concentrations of 1 mg/L, similar to antibiotic

concentrations measured in vivo during treatment [41,42].
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4.5.3.2 Antibiotic and phage

We then consider scenarios where phage are present. We first artificially inactivate
transduction, by setting the corresponding model parameter to 0. We add 10° pfu/mL
of phage, similar to a concentration that could be added during phage therapy, and
equivalent to a multiplicity of infection (ratio of phage to bacteria) of 1, similar to what
could be found naturally in the environment [1]. We consider scenarios where the
phage are present alone, alongside only one antibiotic, or alongside both antibiotics.
Phage and antibiotics are assumed to be introduced concurrently at the start, and the

simulations run for 24h.

We then repeat these scenarios, but with transduction enabled to levels that were
previously observed in vitro, with approximately 1 transducing phage carrying an AMR

gene generated for each 108 new lytic phage [23].

We repeat the analyses above with either single-resistant strain present at 10° cfu/mL,
and the other at 10° cfu/mL (0.1%). This could correspond to a scenario where

bacterial diversity is underestimated, with only one type of resistance detected [19].

4.5.3.3 Antibiotic and phage level and timing variation

To further investigate the scenario where transduction is enabled and both single-
resistant bacterial strains have a starting concentration of 10° cfu/mL, we vary the
timing of introduction for antibiotic and phage, with up to 24h delay between their
respective additions, as well as varying the concentration of antibiotics between 0.25,
0.5, 1 and 2 mg/L, and phage between 107, 108, 10°, 10° pfu/mL, chosen to reflect
realistic ranges [1,41,42]. We run these simulations for 48h after the introduction of

antibiotics or phage (whichever is added first).

4.5.3.4 Phage and bacteria parameters variation

Finally, we vary the probability for phage to perform generalised transduction to
identify threshold values which dictate whether multidrug-resistant bacteria appear
above detectable levels within 24h. To explore the sensitivity of our results to the
parameter values estimated from this single environment, we also conduct a partial

rank correlation to assess the effect of varying phage predation parameters
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(adsorption rate, phage concentration at half saturation, latent period, burst size),
bacteria growth rates, and antibiotic and phage decay on total bacteria remaining after
48h, and maximum double-resistant bacteria generated. This allows us to generalise
our conclusions as these parameters likely vary for different combinations of phage,
antibiotics and bacteria. The ranges evaluated are shown in Table 4.1, and are either
derived from our initial parameterisation of the model [23], or from other studies
[43,44].

4.6 Results

4.6.1 In vitro pharmacodynamics of erythromycin and
tetracycline

Erythromycin at all concentrations caused a decrease in erythromycin-sensitive
NE201KT7 numbers over 6h, but only slowed down growth for erythromycin-resistant
NE327 and double-resistant DRPET1, even at 32 mg/L (Figure 4.2). Tetracycline
caused a decrease in bacterial numbers over 6h at concentrations greater than 0.5
mg/L for tetracycline-sensitive NE327, 8 mg/L for tetracycline-resistant NE201KT7,
and 4 mg/L for DRPET1 (Figure 4.2). As a comparison, the minimum inhibitory
concentrations (MICs) of erythromycin measured by microbroth dilution were 0.25,
>256 and >256 mg/L for NE201KT7, NE327 and DRPET1 respectively. For
tetracycline, the MICs were 32, 0.25 and 32 mg/L for NE201KT7, NE327 and DRPET1

respectively.
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Figure 4.2: Growth curves of NE201KT7 (tetracycline-resistant, left), NE327
(erythromycin-resistant, middle) and DRPET1 (double-resistant, right), exposed
to varying concentrations of erythromycin (top) or tetracycline (bottom). Solid
lines show in vitro data, with error bars indicating mean +/- standard deviation, from 3
replicates. Dashed lines show model output after fitting. Values indicate the
percentage of model points that fall within the range of the corresponding in vitro data
point +/- standard deviation. cfu: colony-forming units. Note that cfu per mL are shown

on a log-scale.

The Hill equations fitted well to the effect of varying concentrations of antibiotics on
the bacteria (Figure 4.2, Supplementary Figure 4.1). The corresponding parameter
values are presented in Table 4.1. The antibiotic effect curves for the DRPET1 are
similar to the one for NE201KT7 for tetracycline and NE327 for erythromycin
(Supplementary Figure 4.1), which was expected since DRPET1 contains both
antibiotic-resistance genes from NE201KT7 (tetK) and NE327 (ermB).
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Table 4.1: Model parameter values. Parameters with no units are dimensionless. All

estimates were obtained by fitting the model to in vitro data, except those marked with

a * which are assumed.

Name (unit) Symbol Estimate Range for Reference
sensitivity
analysis

Bacterial Carrying capacity (bacteria.mL™) Nmax 276 x 10° - [23]

growth

parameters

Be growth rate (h) pmxe 161 1.59-1.63

Bt growth rate (h't) pmaxy 151 1.49 - 1.53

Ber growth rate (hl) “maxET 1.44 1.42 -1.47
Phage Phage adsorption rate (phage B 23x10%® 21 x 107 -
parameters l.bacteria®.h?) 2.7 x 1010

Phage concentration at half P50 1.19x 10 1.02 x 10% -

saturation (phage.mL?) 1.29 x 10%°

Phage burst size (phage) omax 50 43 - 54

Phage latent period (h) T 0.60 0.60-0.61

Transduction probability (phage?) a 1.19x10% 1.11x10%-

1.31x10°%

Phage decay rate (h?) Yp 0* 0-0.1 [43]
Antibiotic Erythromycin decay rate (h%) YE o* 0-0.1 [44]
parameters

Tetracycline decay rate (h'l) YT 0* 0-0.1

Effect of Max effect (ht) €M e 1.10 - This study

erythromycin

on Be Half maximal effective EC50ge 3.42 -

concentration (mg.L™)
Hill coefficient Hee 0.67 -

Effect of Max effect (h't) M 1 3.91 -

erythromycin

on Bt Half maximal effective EC50er 9.26 -

concentration (mg.L?)
Hill coefficient Her 0.22 -

Effect of Max effect (h?) M er 0.95 -
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erythromycin Half maximal effective EC50ger 2.47
on Ber concentration (mg.L™?)
Hill coefficient Heer 0.79
Effect of Max effect (h't) M e 5.40
tetracycline
on Be Half maximal effective EC50r¢ 81.43
concentration (mg.L™?)
Hill coefficient Hre 0.30
Effect of Max effect (ht) A 1.66
tetracycline
on Bt Half maximal effective EC50r1r 7.27
concentration (mg.L ™)
Hill coefficient Hrr 241
Effect of Max effect (ht) My et 1.58
tetracycline
on Ber Half maximal effective EC50rer 4.42
concentration (mg.L™)
Hill coefficient Hrer 1.70 -

4.6.2 Model-predicted antibacterial effect of concurrent
erythromycin, tetracycline and bacteriophage presence

When simulating the dynamics of two single-resistant S. aureus strains in our
mathematical model, as expected, the presence of only one antibiotic at 1 mg/L (4 X
MIC for susceptible strains) leads to a decrease in the susceptible strain, while the
resistant strain does not decrease (Figure 4.3a, top row). On the other hand, the
presence of both antibiotics, or of only phage without transduction, causes a decrease
in both bacterial strains (Figure 4.3a, top and middle rows). The presence of phage
and one antibiotic leads to a decrease in both bacterial strains, with the antibiotic-
susceptible strain decreasing faster (Figure 4.3a, middle row). Out of all the conditions
shown here, the presence of phage and both antibiotics leads to the fastest decrease
in both bacterial strains (Figure 4.3b). For comparison, to replicate the combined effect

of 10° pfu/mL of phage, 1 mg/L of erythromycin, and 1 mg/L of tetracycline, we would
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need 1.94mg/L of erythromycin and 1.08 mg/L of tetracycline in the absence of phage

(Supplementary Figure 4.2).

Transduction does not appear to affect the antibacterial activity of antibiotics and
phage when phage are either present alone, alongside erythromycin, or alongside
tetracycline (Figure 4.3a, bottom row). Double-resistant progeny bacteria (Ber)
appear, but only reach a maximum concentration of 30 cfu/mL, and do not remain
higher than 1 cfu/mL for more than 8h (Figure 4.3a, bottom row). However, when both
erythromycin and tetracycline are present alongside phage capable of transduction,
there is a steady increase in the number of Ber throughout 24h, reaching 80 cfu/mL
after 24h (Figure 4.3a, bottom row & Figure 4.3b). It is important to note here that when
both antibiotics are present, phage numbers do not increase throughout the 24h
period, regardless of transduction ability (Figure 4.3a, middle and bottom rows &
Figure 4.3b, right).
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Figure 4.3: a) Model-predicted dynamics with two single-resistant strains
starting at carrying capacity (10° colony-forming units (cfu)/mL), in the presence
of no antibiotics (1st column), erythromycin only (2nd column), tetracycline only
(3rd column), or both erythromycin and tetracycline (4th column), combined
with either no phage (top row), phage incapable of transduction (middle row), or
phage capable of generalised transduction (bottom row). The starting strains are
either erythromycin-resistant (Be) or tetracycline-resistant (Br). Antibiotics and/or
phage (PL) are present at the start of the simulation, at concentrations of 1 mg/L (4 x

MIC for susceptible strains) and 10° plaque-forming units (pfu)/mL respectively.
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Double-resistant bacteria (Ber) can be initially generated by generalised transduction
only, and then by replication of existing Ber. Dashed line indicates the detection
threshold of 1 cfu or pfu/mL. b) Change in bacteria (single-resistant to
erythromycin, single-resistant to tetracycline, or double-resistant) and phage
numbers depending on the antibiotic exposure, in the presence of phage
capable of generalised transduction. Dashed line indicates the detection threshold

of 1 cfu or pfu/mL.

With a reduced starting concentration of either S. aureus strain to 106 cfu/mL, while
the other remains at 10° cfu/mL, the conclusions are similar as described above,
regardless of which strain is in the minority. Figure 4.4 shows the scenario where
tetracycline-resistant bacteria are in minority, and Supplementary Figure 4.3 shows
the scenario where erythromycin-resistant bacteria are in minority. When
erythromycin, tetracycline, and phage capable of generalised transduction are all
present, Ber are still generated, although they do not reach a concentration higher
than 1 cfu/mL within 24h, instead of 11h above (Figure 4.4, Figure 4.3).
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Figure 4.4: a) Model-predicted dynamics with one single-resistant strains
starting at carrying capacity (10° colony-forming units (cfu)/mL) and the second
in minority (10®° cfu/mL), in the presence of no antibiotics (1st column),
erythromycin only (2nd column), tetracycline only (3rd column), or both
erythromycin and tetracycline (4th column), combined with either no phage (top
row), phage incapable of transduction (middle row), or phage capable of
generalised transduction (bottom row). Erythromycin-resistant bacteria (Be) are
initially present at a concentration of 10° cfu/mL, and tetracycline-resistant bacteria

(Bt) at 10° cfu/mL. Antibiotics and/or phage (PL) are present at the start of the
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simulation, at concentrations of 1 mg/L (4 x MIC for susceptible strains) and 10°
plague-forming units (pfu)/mL respectively. Double-resistant bacteria (Bet) can initially
be generated by generalised transduction only, and then by replication of existing Ber.
Dashed line indicates the detection threshold of 1 cfu or pfu/mL. b) Change in
bacteria (single-resistant to erythromycin, single-resistant to tetracycline, or
double-resistant) and phage numbers depending on the antibiotic exposure, in
the presence of phage capable of generalised transduction. Dashed line indicates
the detection threshold of 1 cfu or pfu/mL.

4.6.3 Effect of variation in antibiotic and phage timing and
concentration on bacterial populations

Under conditions where both erythromycin and tetracycline are present, the timing and
concentration of antibiotics and phage capable of generalised transduction drives
substantial variation in dynamics, with failure to clear all bacteria after 48h being a

possibility (Figure 4.5a-b, top row).

With a phage concentration of 10° cfu/mL and for any antibiotics concentration
between 0.25 and 2 mg/L (Figure 4.5a), the optimal conditions to clear bacteria within
48h are when phage are initially present, and antibiotics are introduced at least 2h
later (Figure 4.5a, top row). However, this systematically leads to Ber appearance, with
a peak concentration of up to 30 cfu/mL (Figure 4.5a, middle row), and a presence
time (hours when cfu/mL > 1) of up to 8h (Figure 4.5a, bottom row). The presence of
antibiotics at the same time or shortly before phage leads to failure to clear bacteria
within 48h (up to 5.5 x 107 cfu/mL remaining after 48h - top row), and substantial Bet
appearance (maximum concentration up to 6 x 107 cfu/mL - middle row; presence time
up to 47h - bottom row). Regardless of timings, the addition of at least 2 mg/L of
antibiotics guarantees bacterial clearance within 48h (top row, lightest green line), and
no detectable Ber if the antibiotics are added at the same time as or before the phage

(bottom row, lightest green line).

When keeping the antibiotic concentrations at 1 mg/L, but varying the phage

concentration, the impact of the delay between phage and antibiotic presence on the
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bacterial population is strongly dependent on phage concentration (Figure 4.5b). We
again see that bacteria are not cleared within 48h if antibiotics are present at the same
time as or shortly before a concentration of phage between 107 and 10° pfu/mL (Figure
4.5Db, top row). However, we now note that this also occurs if antibiotics are introduced
after a concentration of phage between 107 or 108 pfu/mL (Figure 4.5b, top row).
Regardless of timing, the presence of a phage concentration of 10'° pfu/mL
guarantees bacterial clearance within 48h (top row, lightest blue line), but leads to Ber
if the antibiotics are introduced after the phage (maximum concentration up to 30

cfu/mL - middle row, red line; presence time up to 7h - bottom row, lightest blue line).
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Figure 4.5: a-b) Varying timing (x-axis) and dose of antibiotic and phage (y-axis)
affects total bacterial count after 48h (top), maximum concentration of double-
resistant bacteria (Ber) (middle), and time when the concentration of Ber is
greater than 1 colony-forming unit (cfu) per mL (bottom). a) Adding 108 plaque-
forming units (pfu) per mL of phage, and between 0.2 and 2.2 mg/L of both
erythromycin and tetracycline. b) Adding 1 mg/L of both erythromycin and tetracycline,
and between 10° and 10'° pfu/mL of phage. The x-axis indicates the time when

antibiotics were added, relative to when phage were added. For example, the value
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“4” indicates that phage were present at the start of the simulation, and antibiotics were
introduced 4h later. The segments with black borders correspond to the dynamics
shown in c). c) Phage and bacteria dynamics over 48h for 4 conditions taken from
panel b. In all 4 conditions, indicated by the black rectangles, phage are initially
present at a concentration of 108 pfu/mL, while erythromycin and tetracycline are both
introduced at concentrations of 1 mg/L after either Oh, 3h, 5h or 15h, stated on the
plots, with the timing indicated by the vertical dashed lines. Horizontal dotted lines
indicate bacteria remaining after 48h (corresponding to the top row of a-b) and
maximum double-resistant bacteria (Bet) concentration (middle row of a-b). Solid line
indicates the detection threshold of 1 cfu or pfu/mL. The concentrations of single-

resistant bacteria (Bg, blue, and BT, green) overlap and cannot be distinguished.

To investigate the dynamics behind these results, we selected four conditions from
Figure 4.5b (points indicated by the 4 shapes) with varying antibiotic addition times
and plotted the underlying phage and bacteria dynamics over 48h for each (Figure
4.5¢). In all four conditions the starting concentrations are 108 pfu/mL for phage and 1
mg/L for antibiotics, but antibiotics are introduced either Oh (circle), 3h (square), 5h
(star) or 15h (triangle) after phage. These plots show that if phage are increasing, they
stop immediately following antibiotic addition (Figure 4.5c, star and square). If
antibiotics are added too soon after phage (Figure 4.5c - circle, square), phage do not
reach a high enough number to exert a sufficient killing pressure on bacteria. In that
case Ber, which are not substantially affected by either antibiotic, replicate faster than
they are killed by phage. After more than 35h, the Ber population reaches a sufficiently
high number such that the phage population increases, and the resulting pressure is
enough to lead to a net negative bacterial growth rate. If antibiotics are added 15h or
later after phage (Figure 4.5b, Figure 4.5c - triangle), Bet generation will not change,
as during this period they will have already arisen by transduction and been removed
by phage predation. The presence of antibiotics 5h after phage is optimal to ensure
the lowest maximum number of Ber (Figure 4.5c - star, compare horizontal dotted
lines). This timing allows phage to initially increase to a concentration of almost 5 x
109, sufficiently high to exert a strong killing pressure on bacteria, while the added
effect of antibiotics prevents further Ber generation by decreasing the single-resistant

strains.
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These results also apply to a scenario where one of the two bacterial strains is in the
minority (starting concentration of 108 instead of 10° cfu/mL), regardless of which strain
is in the minority (Supplementary Figures 4.4 & 4.5). However, Bet peak, presence
time, and total bacteria remaining after 48h decrease faster with a higher dose of
antibiotic or phage, or with a higher delay between phage and antibiotics, suggesting
that phage and antibiotics are able to exert a greater killing pressure and generate

fewer Ber when one strain is in the minority.

4.6.4 Effect of variation in phage and bacteria parameters
on multidrug resistance evolution

Our results above rely on parameters estimated from phage and bacteria interactions
in vitro, but these may vary depending on the bacteria, phage, and environment. We
can explore these different conditions using our model to quantify the dynamics under
varying values for parameters governing phage-bacteria interactions (see Table 1 for
the ranges used) to determine whether our results would hold.

We first examine the impact of varying the transduction probability on our results
(corresponding to the probability that a transducing phage carrying an AMR gene is
released instead of a lytic phage during bacterial burst) as this is a vital and yet poorly
quantified parameter. When 10° cfu/mL of each single-resistant strain are
simultaneously exposed to 10° pfu/mL of phage and 1 mg/L of erythromycin and
tetracycline, varying the transduction probability between 101° and 10° leads to a
similar log-fold increase in double-resistant bacteria numbers (Ber, Figure 4.6a).
Decreasing the probability only delays the appearance of Berin the model, and does
not prevent it. However, a probability lower than 10-1! may prevent the appearance of
Ber in reality, since the single-resistant strains become almost undetectable (< 1
cfu/mL) before the Ber become detectable. If antibiotics are added more than 10h after
phage, Ber will have already started declining due to phage predation, hence the
antibiotics only contribute to further increasing the decline in bacterial numbers (Figure
4.5, Figure 4.6b). Under these conditions, a transduction probability lower than 10° is

necessary to prevent Ber from increasing past the detection threshold (1 cfu/mL)
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(Figure 4.6b). If antibiotics are introduced 10h before phage, the resulting decline in
single-resistant bacteria prevents any Ber from reaching a detectable level before
single-resistant bacteria are eradicated (< 1 cfu/mL), even with the highest
transduction probability of 10 (Figure 4.6c).

Looking at how changes in other phage and bacteria parameters may affect our
results, partial rank correlation shows that an increase in phage predation either
through an increase in phage adsorption rate (B), phage concentration at half
saturation (P50) or phage burst size (d™®) correlates with a decrease in maximum Bet
detected over 48h (Figure 4.6d, blue). For example, the correlation coefficient of -0.95
between B and maximum Ber implies that a 100% increase in adsorption rate is
correlated with a 95% decrease in maximum double-resistant bacteria detected over
48h. An increase in these parameters is also correlated with a decrease in bacteria
remaining after 48h (Figure 4.6d, red). An increase in latent period (7), equivalent to a
decrease in predation since phage will take longer before lysing the bacteria, is weakly
correlated with an increase in maximum Ber, but is not substantially correlated with
bacteria remaining after 48h. Finally, in this partial rank correlation analysis the
transduction probability a was not significantly correlated with either bacteria numbers
remaining after 48h or maximum Ber, likely since the range investigated was too small
(Table 1).

Although we were not able to parameterise our model for antibiotic decay, our 24h
time-kill curves suggest that antibiotics no longer decrease bacterial numbers after
24h (Supplementary Figure 4.6). Although decay is only one possible explanation for
this effect (see Discussion), we have chosen to include it in our partial rank correlation
analysis, as the inclusion of this effect in the model did not require substantial
modifications such as additional compartments. Phage may also be affected by decay
in the environment, therefore we also included this parameter. An increase in phage
or antibiotic decay (yr, Ve, Y1) is correlated with an increase in maximum Bet (Figure
4.6d, blue), but unexpectedly with a decrease in bacteria remaining after 48h (Figure
4.6d, red). This is explained by the fact that such an increase leads to a weakened
killing pressure on Bet, which are able to increase faster. This translates to a shorter
time before the phage population is able to increase again due to enough bacteria

being available for predation, and thus a shorter time before Ber start decreasing due

170



to phage killing (Supplementary Figure 4.7). Finally, single-resistant bacterial growth
rates (UMg, ™) are not substantially correlated with either maximum Ber or
remaining bacteria, while double-resistant growth rate (L™®er) is only weakly positively

correlated with maximum Ber, and negatively with remaining bacteria.
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Figure 4.6: Sensitivity of phage-bacteria dynamics to changes in model
parameters. Effect of varying the transduction probability between 10! and 10
6 when a) antibiotics and phage are present at the start of the simulation, b)
phage are present at the start, antibiotics are introduced 10h later, and c)

antibiotics are present at the start, phage are added 10h later. Transduction
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probability is defined as the probability that a transducing phage carrying an AMR gene
is released instead of a lytic phage during bacterial burst. The dashed lines for single-
resistant bacteria overlap and cannot be distinguished. Vertical dashed lines indicate
timing of addition of antibiotics or phage. Cfu/mL: colony-forming units per mL. d)
Partial rank correlation between model parameters, and remaining bacteria after
48h (pink) or maximum double-resistant bacteria (Betr) concentration (blue).
Information on the parameter ranges investigated can be found in Table 4.1. B:
adsorption rate, P50: phage concentration at half saturation, dM: burst size, T: latent
period, a: transduction probability, yr: phage decay, ye: erythromycin decay, yr:

tetracycline decay, p™*e: Be growth rate, p™®+: Bt growth rate, uy™*et: Bet growth rate.

4.7 Discussion

4.7.1 Summary of results

In this work, we reconcile the existing literature suggesting either that phage and
antibiotics can synergistically Kill bacteria, or that antibiotics reduce the efficacy of
phage predation, whilst also considering the joint effect of phage and antibiotics on
antimicrobial resistance (AMR) evolution. We showed that although phage replication
is limited in the presence of antibiotics, which negatively affect bacterial growth, phage
are still able to exert a strong killing pressure on bacteria to complement the action of
antibiotics. Under such conditions, the concentration and timing of antibiotics and
phage are essential: phage introduced after antibiotics at a low concentration may not
be able to replicate and hence not contribute to killing the bacterial population. Phage
and antibiotics can drive AMR evolution when phage generate multidrug-resistant
bacteria by transduction, and antibiotics act as a selection pressure. This is again
exacerbated by the reduction in phage replication caused by antibiotics: a low
concentration of phage capable of transduction introduced after antibiotics will not
exert a strong killing pressure on bacteria, and instead generate multidrug-resistant

bacteria at a background rate which are then selected for by the antibiotics.
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4.7.2 Optimal conditions to clear bacteria and minimise
AMR evolution

The best conditions to guarantee bacterial eradication within 48h whilst minimising the
risk of multidrug-resistant bacteria evolution in our system are when antibiotics are
present before phage, and either when erythromycin and tetracycline are present at a
concentration of at least 2 mg/L (8 x MIC for susceptible strains), or phage at a
concentration of at least 10 pfu/mL (Figure 4.5a-b). Multidrug-resistant bacteria
generation is also restricted if phage are introduced at least 10h after antibiotics
(Figure 4.5a-b). This may be particularly relevant in the context of antibacterial
treatment, further discussed below. The worst outcome in which antibiotics and phage
fail to rapidly clear all bacteria and instead drive AMR evolution is a combination of a
low antibiotic dose (< 1 mg/L) with a low phage dose (< 10° pfu/ml), introduced around
the same time (Figure 4.5a-b). Unfortunately, this may correspond to values seen in
natural environments where phage are commonly found and antibiotics are residually

present due to pollution [2,3].

4.7.3 Importance of transduction in the environment and
during phage therapy

Our results highlight the necessity to better understand the role of transduction in AMR
spread and evolution, and not assume by default that it is too rare to be relevant
compared to other mechanisms of horizontal gene transfer such as conjugation and
transformation. We found that multidrug resistance evolution remained possible even
at the lowest probability we considered here of a transducing phage carrying an AMR
gene being released instead of a lytic phage during burst (1 transducing phage per
10! Iytic phage). Additionally, in this work we assumed that transduction rates are
constant, but previous research has shown that sub-MIC antibiotic exposure can lead
to an increase in transducing phage, but not lytic ones [45]. Hence, our results may
still underestimate the relative impact of transduction versus predation by phage when
antibiotics are present. However, our findings are encouraging for conditions under
which AMR evolution is limited, since even with a high risk of transduction (1

transducing phage per 10° lytic phage), if phage are only introduced to an environment
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more than 10h after antibiotics, multidrug-resistant bacteria do not reach detectable

levels before single-resistant strains are eradicated (Figure 4.6c).

To the best of our knowledge, our model is the first to consider the potential
consequences of transduction in a system where concentrations of bacteria, phage,
and antibiotic are similar to those we may see during phage therapy. We echo the
conclusions from previous studies which highlighted that the timing of antibiotics and
phage introduction during phage therapy can affect the rate at which bacteria are
cleared [6-9], but extend these to show that timing may also impact the risk for
multidrug-resistant bacteria to be generated. Here, we suggest that, although both
sequential treatments can ultimately lead to bacterial eradication, the timing leads to
a trade-off between a slower clearing rate of bacteria (if antibiotics are added before
phage), and a higher risk of multidrug resistance evolution (if phage are added before
antibiotics). Future studies and clinical trials of phage therapy should investigate
varying timings of phage and antibiotics, instead of only investigating their

simultaneous application, and consider the risk of transduction during treatment.

In any case, our ability to measure the impact of transduction as a driver of AMR
evolution in vivo is currently limited since individuals are not routinely screened for
phage. A first step to measure this despite the limitation may be to investigate evidence
for within-patient changes in the resistance profile of S. aureus isolates, as these would
likely be caused by transduction [18]. In the case of antibiotic treatment, the natural
presence of phage capable of transduction may explain instances of treatment failure,
if these generate multidrug-resistant strains which are then selected for by the
antibiotics. Future studies monitoring therapeutic outcomes of antibacterial treatment
in patients where phage are also detected will be essential to better understand how

our findings translate to in vivo settings.

4.7.4 Limitations

The major limitation of our work is the deterministic nature of our model. While it does
not account for stochastic events which would play a large role when bacterial

numbers are low, the deterministic model is useful for analysis purposes, as it
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represents the average scenario we would observe. In reality, we would likely see
either bacterial clearance or unexpected increases at low numbers of bacteria. We
only generated model predictions for up to 48h, as our parameter values were obtained
using data from experiments over 24h. Beyond this time, bacteria and phage may be

affected negatively due to resource depletion, depending on the environment.

Our model does not include some dynamics which may be present in vivo, as we do
not currently have robust data available to parameterise these features, and would
instead have had to rely on assumptions or previously estimated parameter values
from different settings. Firstly, bacteria in vivo may be present at lower concentrations
and display a lower growth rate than in the in vitro conditions studied here [40]. The
corresponding model parameter values (carrying capacity and maximum growth rate)
could be adjusted to better capture these conditions, but this would require further
growth data. We have not included the effect of the immune system, which may limit
the number of multidrug-resistant bacteria generated as it could suppress both
bacteria and phage populations in vivo [46,47]. If the model was extended to include
the immune system, it would also have to consider potential detrimental effects of large
doses of phage and antibiotics, which would restrict these concentrations to prevent
side effects in vivo [48,49]. In addition, we assume that all the bacteria in our
environment are equally susceptible to phage infection, and have not considered the
possibility for any further evolution (e.g. adaptation mutation, resistance to phage).
This could include the evolution of antibiotic tolerance in bacteria, which could be an
alternative explanation to the lack of antibiotic effect we observed after 24h
(Supplementary Figure 4.6) instead of antibiotic decay and is currently being
investigated in our research group. Such evolution may allow multidrug-resistant
bacteria to overcome any fitness cost and persist for longer durations in the
environment, hence further highlighting the necessity to minimise the risk of their initial

appearance.

Although we varied the concentration of antibiotics in our results, we have consistently
added erythromycin and tetracycline in equal amounts. Our model would allow us to
change this, yet we have chosen not to for simplicity and because the antibacterial
effect curves look similar for these two antibiotics in our setting (Supplementary Figure

4.1). However, for other antibiotics it may be necessary to revisit this assumption and
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investigate concentrations which may better reflect those to which bacteria are
exposed to in the environment or during antibacterial treatment. In addition, while we
observed the effect of two antibiotics with two contrasting mechanisms of resistance
in our strains (target modification for erythromycin, and efflux pump for tetracycline),
this work should be repeated using antibiotics with different resistance mechanisms.
For example, if the mechanism involves active degradation of the antibiotic, this

resulting antibiotic decay may affect the dynamics of our system.

4.7.5 Generalisability

Our model is extensively parameterised using data from a single phage and three S.
aureus strains, making it a robust tool to study the dynamics of these organisms, as it
relies on a minimum number of assumptions [23]. However, the parameters we have
estimated (adsorption rate, phage concentration at half saturation, burst size, latent
period and transduction probability) will likely vary depending on the phage, bacteria,
and environment studied. Our sensitivity analysis shows that the model outputs are
reasonable with alternative parameter values, predicting for example that phage with
a higher predation capacity (higher adsorption rate, phage concentration at half
saturation or burst size, or lower latent period) would clear more bacteria within 48h,
and reduce the maximum number of multidrug-resistant bacteria generated. This
model has been developed as part of an interdisciplinary project alongside in vitro
experiments, hence it could be easily re-parameterised using data for other strains of
bacteria and phage showing similar dynamics of lysis and generalised transduction.
The structure of the model is generalisable to other systems of generalised
transducing phage and bacteria, as it captures the relevant biological characteristics

of phage predation and generalised transduction [23].

4.7.6 The unique dynamics of phage, bacteria, and
antibiotics

We suggest that transduction and the effect of antibiotics should be considered in the
context of the previously described unique dynamics of phage and bacteria. These

imply that phage must first reach a certain concentration (previously referred to as
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“‘inundation threshold”) before they can offset bacterial growth and decrease the
bacterial population, and bacteria must first reach a certain concentration
(“proliferation threshold”) before the phage population can increase [9]. Generalised
transduction and antibiotics affect the size of the bacterial population, and therefore
how phage interact with bacteria to clear them and generate multidrug-resistant
bacteria. Thus, multidrug-resistant bacteria are able to increase in our model if phage
are initially present at a concentration lower than the inundation threshold (Figure
4.5c). This also explains our counterintuitive observation that higher decay rates may
lead to less bacteria remaining after 48h (Figure 4.6d), as this would allow bacteria to
reach the proliferation threshold sooner, and therefore allow phage to increase up to
the inundation threshold sooner (Supplementary Figure 4.7). Importantly, our results
similarly suggest that higher decay rates for antibiotics present alongside phage would
reduce bacteria remaining after 48h, at the cost of a higher peak concentration of
multidrug-resistant bacteria, since this decay would allow bacteria to reach the
proliferation threshold sooner (Figure 4.6c, Supplementary Figure 4.7). This
knowledge may be further useful in the context of phage therapy, to select the
antibiotics that will be given alongside phage [44].

4.7.7 Conclusions

Our results demonstrate the complex interactions between phage and antibiotics to Kill
bacteria synergistically, and drive the evolution of AMR. We suggest this interaction
leads to a trade-off between a slower clearing rate of bacteria (if antibiotics are added
before phage), and a higher risk of multidrug resistance evolution (if phage are added
before antibiotics), further exacerbated by low concentrations of either phage or
antibiotics. Interdisciplinary frameworks such as ours combining in vitro data and
mathematical models are key to understanding both fundamental AMR evolution, and
new interventions like phage therapy or screening for phage in patients. Our
conclusions form hypotheses to guide future experimental and clinical work, notably
for studies of phage therapy which should consider the risk for multidrug resistance
evolution by transduction, and investigate varying timings and concentrations of phage

and antibiotics instead of only their simultaneous use.
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5 Examining the potential of routinely
collected hospital data to reveal within-host
diversity and dynamics of antimicrobial

resistance in Staphylococcus aureus

5.1 Overview

Through the work conducted in the previous Chapters, | explored the dynamics of
phage predation and generalised transduction of AMR in S. aureus. Although this was
informed by in vitro data, | began to explore the potential in vivo implications of these
dynamics by simulating conditions we might expect to see in within-host bacterial
populations, with phage, antibiotics and bacteria jointly present. My next objective was
to find evidence that transduction shapes in vivo AMR evolution in S. aureus, which |
aimed to do by obtaining data on within-host S. aureus AMR diversity, and how this

diversity changes over time.

Previous experiments in gnotobiotic piglets showed that phage can generate
substantial within-host S. aureus diversity via transduction, but these experiments
cannot be conducted in humans for ethical reasons. Instead, studies which attempted
to quantify within-host S. aureus diversity in humans have relied on detailed genomic
data, sampled at one time-point from a relatively small number of individuals (10-
1000), and focused mostly on MRSA. Although these studies identified frequent
genotypic diversity in S. aureus within-host populations, there is currently a knowledge
gap regarding how often this diversity may occur in larger populations, and how this
diversity may change over time, with bacteria gaining and losing resistance genes.
Routinely collected data is a major source of epidemiological information, allowing the
observation of AMR trends over large scales. However, this type of data has never
been used previously to examine within-host S. aureus AMR diversity. Here, |
hypothesised that due to the frequent occurrence of genotypic diversity in S. aureus
populations, | could detect this diversity using routinely collected phenotypic data from
a hospital diagnostics laboratory, by comparing isolates from multiple samples of the
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same patients. Frequent changes in diversity may be partly driven by movement of
genes via transduction, further highlighting the importance of this mechanism to drive

AMR evolution in vivo.

In this Chapter, | used pseudonymised routinely collected patient data obtained from
Great Ormond Street Hospital in London, UK. By analysing the antibiograms in this
large dataset, which includes more than 20,000 patients and 70,000 S. aureus isolates
collected over 20 years, | identified evidence of within-host AMR phenotypic diversity
and changes in this diversity which may be caused by horizontal gene transfer. | also
examined S. aureus AMR trends at the hospital level, highlighting variability over time,
with implications for epidemiological analyses of AMR which may be using this type of

routinely collected data.

This work represents an ongoing collaboration with clinicians from Great Ormond
Street Hospital, and is not yet published or publicly available as a preprint. This
Chapter is presented in a research paper style for consistent formatting across the
thesis. We obtained a Collaboration Agreement between LSHTM and GOSH to
download the data from GOSH on 10/03/2022. We have discussed preliminary
analysis in April and May 2022 with the following collaborators at GOSH: Dr Louis
Grandjean (consultant in paediatric infectious diseases), Dr Helen Dunn (consultant
nurse infection prevention & control, and director of infection prevention & control),

and Dr James Hatcher (consultant in microbiology and virology).
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5.2 Abstract

Staphylococcus aureus populations in individuals can be diverse, composed of several
subpopulations of bacteria carrying different antimicrobial resistance (AMR) genes.
The structure of these populations may be flexible, with the prevalence of these
resistances changing over time. Understanding this within-host diversity of AMR and
how it changes over time is essential as this will affect the prevalence of infections by
antibiotic-resistant bacteria, particularly as individuals are more likely to be infected by
the strains of S. aureus they are colonised with. Previous studies examining within-
host diversity have mostly sampled relatively small groups of patients at one time point
only, separating isolates based on the resistance genes they carry, which may not
always translate to clinically-relevant differences in phenotypic resistances. As these
previous studies frequently identified AMR diversity in S. aureus, we hypothesised that
we could also detect such diversity using exclusively phenotypic data. Here, we used
antibiograms from pseudonymised data routinely collected from more than 20,000
patients and 70,000 isolates over 20 years at Great Ormond Street Hospital (GOSH,
London, UK) to estimate the AMR phenotypic diversity in within-host S. aureus
populations, and how this changes over time. We also aimed to use data on hospital
admission and antibiotic exposure to suggest explanations for changes in diversity,
including hospital practices, antibiotic selection pressures, between-host transmission,

and within-host horizontal gene transfer.

Although the incidence of S. aureus isolates at GOSH remained constant over time,
the proportion of isolates resistant to different antibiotics varied, with methicillin-
resistant (MRSA) isolates consistently carrying more resistances than methicillin-
susceptible (MSSA) isolates. 45.61% of all patients had more than one isolate
recorded in the dataset. 2.00% of all patients in the dataset had at some point both
MSSA and MRSA isolates detected on the same day, and 4.28% of all patients carried
at some point multiple MSSA or MRSA isolates with different antibiograms on the
same day (i.e. diverse populations). Although MRSA within-host populations were
more likely to be diverse than MSSA, when this occurred the estimated phenotypic
diversity was similar between MRSA and MSSA populations (2-3 unique antibiograms
detected, 1-3 differences between antibiograms). This detected within-host diversity
changed over time, with changes from detection of MSSA only to MRSA (0.35% of all
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patients), and changes in the antibiograms reported (2.32% of all patients). These
changes were equally likely to represent increases in resistance or susceptibility to
antibiotics, and could not be fully explained by concurrent antibiotic consumption or
between-patient transmission, suggesting instead that horizontal gene transfer may

play an important role in shaping within-host AMR evolution.

S. aureus AMR phenotypic diversity within-host can be detected using antibiograms
from routinely collected hospital data. This detected diversity changes over time, which
may impact the success of infection treatment. Sampling strategies in diagnostic labs
are not currently designed to fully capture this diversity, limiting our ability to use
historical routine surveillance data for this purpose, and hence to broadly study within-
host AMR evolution. Future work with longitudinal sampling of patients should be
conducted to understand the relative importance of antibiotic use, between-patient
transmission, and horizontal gene transfer to drive within-host evolution of AMR, and

identify opportunities to reduce AMR prevalence.

5.3 Introduction

Antimicrobial resistance (AMR) represents a major public health threat, complicating
the treatment of infections and leading to severe long term health consequences for
patients [1]. A population of a single species of bacteria in a single environment (e.g.
in a human host) can be composed of diverse subpopulations, carrying different
antibiotic resistance genes [2]. Understanding this within-host bacterial diversity is
essential, both during bacterial colonisation and infection, as it will shape the
prevalence of AMR [3,4]. AMR diversity is of particular interest in Staphylococcus
aureus, which are both commensal bacteria colonising the nose of 20% of the human
population [5], and major nosocomial pathogens responsible for skin and blood
infections [6]. S. aureus carry many antibiotic resistance genes on mobile genetic
elements (MGEs) [7]. The presence of these MGEs is highly variable, leading to
substantial diversity in S. aureus populations [8-12]. We currently have a limited
understanding of how common S. aureus AMR within-host diversity is, how it changes

over time, and how this may impact the treatment of infections, as previous studies
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have mostly focused on genotypic diversity, quantified in a limited number of

individuals at a single time point.

When talking about S. aureus diversity, it's first important to distinguish between
methicillin-susceptible and -resistant S. aureus (MSSA and MRSA). While MSSA
isolates tend to only be resistant to penicillin, MRSA carry an SCCmec cassette which
grants them broad resistance to all beta-lactam antibiotics [13]. Current evidence
suggests that SCCmec movement is rare in S. aureus isolates [14-16]. Hence,
detection of MRSA in a patient is generally attributed to acquisition of MRSA from an
external source, as opposed to gain of SCCmec by MSSA already present in the
patient. This also applies to MSSA, which is generally attributed to acquisition from an
external source, as opposed to loss of the SCCmec element in MRSA already present.
In addition to SCCmec, MRSA isolates generally carry more resistance genes than
MSSA, which leads us to expect more unique combinations of resistances in MRSA
than MSSA subpopulations [17]. The risk of MRSA differs between groups of
individuals, with MRSA incidence found to be higher in non-white patients [18]. Other
risk factors for MRSA infection include previous antibiotic use, admission to an

intensive care unit, and prolonged hospitalisation [19].

Previous studies found that within-host S. aureus diversity is common, both in terms
of dual MSSA-MRSA carriage and variations in the unique combination of antibiotic
resistances and susceptibilities displayed by bacteria [8—12]. This included estimates
of 21% of patients carrying both MRSA and MSSA at the same time, and between
6.6% to 30% of patient carrying multiple subpopulations. However, these studies
mostly focused on diversity within MRSA populations only, and sampled a limited
number of individuals (10-1000), at one time point only. In addition, they relied on the
presence or absence of resistance genes (genotypic data) to quantify diversity. While
this captures the full spectrum of diversity accurately, the presence of a resistance
gene may not always correlate with actual resistance displayed by bacteria
(phenotypic resistance), as seen in multiple bacteria including S. aureus [20,21].
Measured diversity in phenotypic resistances is likely to be lower than genotypic, as
bacteria of the same species displaying resistance to the same antibiotics will be
considered identical, even if the resistance genes they carry are different. However,

phenotypic resistance is more relevant clinically, as this corresponds to what is
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generally measured in the context of bacterial infections, and what matters to

determine treatment success.

In hospitals, samples are routinely collected from patients for various monitoring and
clinical purposes, and analysed in diagnostic laboratories to identify any bacteria
present. Antibiograms summarising the phenotypic resistances of these bacteria may
also be generated, to determine which antibiotic should be used to treat an infection
caused by these bacteria. This type of routine surveillance is the main source for
epidemiological data, as the alternative to conduct new trials to collect specific data is
more expensive, time-consuming, and does not allow for retrospective analysis of past
trends. Routinely collected data is extremely useful for analysis of resistance trends
over time, both retrospectively and for forecasting purposes, to estimate the impact of
interventions against AMR [22], and to identify factors contributing to the spread of
AMR [23]. If routinely collected data could be used to detect AMR phenotypic diversity,
this would substantially improve our ability to monitor this diversity at a local scale,
understand its potential causes and implications, and tailor local interventions to
address this rapidly changing problem. To the best of our knowledge however, the

feasibility of this analysis using data already available is currently unknown.

In this study, we search for evidence of phenotypic AMR diversity in within-host S.
aureus populations using 20 years of routinely collected pseudonymised data from
Great Ormond Street Hospital (GOSH) in London, UK. This hospital specialises in
paediatric care, receiving between 30,000 and 40,000 inpatients per year, and has
more than 383 beds spread out across 39 wards (including 44 beds in three intensive
care units) [24,25]. GOSH possesses a unique processing system for their routinely
collected data, managed by the Digital Research, Informatics and Virtual
Environments unit (DRIVE). This system enables easy access to a wide range of
pseudonymised data on patients, notably dates of admittance to the hospital, wards
occupied, antibiotics prescribed, isolates detected from samples, and the antibiotic
resistances and susceptibilities of these isolates. As multiple samples are often
routinely collected repeatedly for patients, and antibiograms generated for several
isolates detected, this data could allow us to see potential changes in the phenotypic

resistances detected in within-host S. aureus populations.
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However, appropriate usage of this routine data requires an understanding of how it
was collected, and how this might have changed over time. For example, if a dataset
only contains information on isolates collected from severely ill patients, this might bias
the data towards reporting higher rates of resistance than reality [26]. Therefore, it's
first necessary to examine trends in antibiotic resistance at the hospital level over time,
and any changes in policy or testing which occurred and might have impacted these
trends. In addition, it's important to bear in mind that this routinely collected data was
not collected for the purpose we are interested in here. From a clinical perspective,
the aim of analysing bacteria in patient samples is to detect any resistances present,
not necessarily to identify all the different subpopulations. At GOSH, patient samples
are generally plated on selective agar to identify different bacterial species, then a
small (typically less than 3) number of colonies on these plates are collected,
subcultured, and tested for resistance to antibiotics via disk diffusion. Guidelines only
state that representative colonies should be subcultured, therefore multiple colonies
are separately subcultured only when they are visually different on the plate (e.g.
different sizes or colours) [27]. We therefore expect that our estimates of diversity
using this routinely collected data will be lower than those in previous studies which

collected data specifically for this purpose.

Although our primary objective is to determine whether we can detect diversity and
changes in this diversity over time in patients using this routinely collected dataset, our
secondary objective is to explore potential explanations for these changes which we
may be able to identify using this same data. We expect that antibiotic consumption in
patients will drive many of the changes in detected diversity, as a subpopulation of
resistant bacteria may only be initially present in minority in a patient and not detected,
but may increase and become dominant following antibiotic exposure [28]. As
information on antibiotic usage is included in our routinely collected dataset, we expect
to see events where resistance is only detected following antibiotic exposure.
Nosocomial transmission between patients may explain other changes in detected
diversity, if a patient acquires a new subpopulation of bacteria from another patient
present in the same ward, at the same time. However, this is known to occur only
rarely with S. aureus, as most patients testing positive for MRSA in hospitals acquired

the bacteria before hospitalisation, as opposed to during hospitalisation [29-31]. We
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may still be able to detect such rare events using our dataset, by comparing S. aureus

isolates collected from patients who stayed in the same ward at the same time.

An important possible explanation for any changes in diversity we may detect is
frequent horizontal gene transfer between bacteria, since many AMR genes in S.
aureus are carried on MGEs [7]. Transduction, mediated by bacteriophage, is likely
the dominant mechanism of gene transfer in S. aureus, and can consistently lead to
multidrug resistance in vitro, even in the absence of antibiotics to act as a selection
pressure [9,32-34]. Previous work to estimate rates of gene movement in vivo in
gnotobiotic piglets found that S. aureus strains frequently gained MGEs via
transduction, but also lost them equally rapidly, leading to changes in detected
diversity in just a few hours [35]. Note that a detected loss of resistance can either
happen as an MGE carrying this resistance gene is randomly segregated during
bacterial replication and lost in some daughter cells [36], or if the subpopulation
carrying the resistance gene decreases and no longer becomes detectable, either due
to stochastic events or a fithess cost resulting from this resistance [37]. To the best of
our knowledge, this shuffling of genes over short periods of time in S. aureus has never
been measured in humans, yet is likely to happen frequently since approximately 20%
of individuals are asymptomatically colonised by S. aureus at any given time, and
phage capable of transduction are present in at least 50% of these individuals [5,9]. In
addition to resistance genes moving, some resistances in S. aureus arise via
mutations, such as ciprofloxacin or rifampicin resistance [38]. Overall, these genetic
events may change the prevalence of different subpopulations over time, leading to
changes in detected diversity. In that case, we would expect to see many changes in
resistances known to be carried on MGEs, known to arise via mutations, or known to

impose a fitness cost on the bacteria.

In this work, we aim to explore the potential of routinely collected data to observe S.
aureus within-host diversity over a large scale, with more than 20,000 patients and
70,000 isolates included in our analysis. At the hospital level, we hypothesise that
there is substantial variation over time in the proportion of isolates resistant to various
antibiotics. This variation may be linked to changes in testing strategy, with important
implications regarding analyses using this type of routinely collected data to derive

epidemiologically-meaningful trends in AMR. Despite of the challenges highlighted
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above leading us to expect that phenotypic resistances diversity will be rarer than
genotypic, we hypothesise that we can still detect diversity and changes in this
diversity over time relying exclusively on this routinely collected data, since substantial
genotypic diversity has previously been reported in S. aureus. Finally, we aim to
explore possible explanations for this diversity, again using exclusively this routinely

collected dataset.

5.4 Methods

All the analyses and data processing were conducted in the R software [39]. The raw
datasets are the property of GOSH and cannot be shared publicly. The processed
datasets and the code to run the analyses presented in this paper are publicly available

in a GitHub repository (https://github.com/gleclerc/gosh_mrsa).

5.4.1 Ethics approval

Ethics approval for this study was obtained both from GOSH (under ethical approval
17/LO/0008 for use of routine GOSH data for research), and the London School of
Hygiene & Tropical Medicine (reference 26692).

5.4.2 Data processing

We accessed pseudonymised routinely collected data from all patients at GOSH who
tested positive for S. aureus infection or colonisation at any point between 01/02/2000
and 30/11/2021, as determined by the GOSH diagnostic laboratory. Each isolate was
assigned a unique identification number. We included all isolates labelled
“Staphylococcus aureus” or “Methicillin-Resistant Staphylococcus aureus”. We
excluded isolates labelled “Staphylococcus sp.” (41 isolates), as this may have
included Staphylococcus species other than S. aureus. For each isolate, we had
access to information on the date that the sample was collected, the sample source
(wound, urine etc.), and antibiogram data. The antibiogram data listed isolates as

resistant to an antibiotic with the label “R”, or susceptible with the letter “S”.
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Although some isolates were already labelled as “Methicillin-Resistant
Staphylococcus aureus” (MRSA), we manually applied this label to any isolate
resistant to either cefoxitin, oxacillin, or flucloxacillin [40]. All other isolates were
assumed to be methicillin-susceptible (MSSA), including 10,031 isolates with no

susceptibility information recorded for any of these three antibiotics.

We then obtained routinely collected data for patients from whom these S. aureus
isolates had been sampled. The resulting dataset included both in- and outpatients,
and each patient was assigned a unique identification number. The routinely collected
data included information on ethnicity for each patient (16 unique ethnicities). We
regrouped these ethnicities in three categories: “White British” (which only included
the “White British” ethnicity), “Other groups” (all other ethnicities recorded), and “None
reported” (patients with no recorded ethnicity, labelled “Prefer Not To Say” or blank,
3,932 patients).

The routinely collected data also included information on dates when patients visited
the hospital, and information on any hospital admission (for each ward occupied by
the patient: start date, end date, ward name). Note that a single hospitalisation period
was defined as a stay in a single ward. If a patient moved from one ward to another

on the same day, this was counted as a new hospitalisation in the data.

Finally, the dataset included information on any antibiotics received by patients (date
and time when each antibiotic was received and name of antibiotic). We further
extended this information by matching the antibiotics to their class (e.g. methicillin was
matched to the “penicillin” class) using information available online [41] (see

Supplementary Table 5.1 for the matching information).

5.4.3 Statistical analyses

Linear regression was used to test if the number of isolates per patient followed a
consistent trend over time (years) and significantly differed depending on the type of
isolate (MRSA or MSSA). Linear regression was used to test if the number of antibiotic

resistances detected in isolates increased linearly with the number of susceptibility
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tests conducted for those isolates. Linear regression was used to test if the number of
susceptibility tests conducted and resistances detected per isolate at the hospital level
followed a consistent trend over time (years) and significantly differed depending on
the type of isolate (MRSA or MSSA).

Spearman’s correlation was used to test the correlation between the proportion of
isolates resistant to different antibiotics over time. The association between colonising
or non-colonising isolates and absence of any susceptibility test conducted was
estimated using a Chi-square test. For this analysis, we considered that colonising
isolates were only those originating from nose or throat swabs, as these are the sites
most likely to correspond to colonisations rather than infections [42]. The association
between antibiotic exposure and changes in diversity was estimated using a Chi-

square test.

5.4.4 Within-patient diversity

5441 MRSA and MSSA diversity

For each patient, we chronologically ordered the isolates collected, and identified
instances where the type of isolate changed from MSSA to MRSA or vice versa. We
then considered the recorded date when each isolate was collected. If a patient had
at least one MRSA and one MSSA isolate detected on the same day, we considered
that this indicated within-host methicillin resistance diversity in their S. aureus

population.

We then focused on patients for whom MSSA and MRSA isolates were detected on
different days, and notably on events where an MSSA isolate was initially identified,
followed later by an MRSA isolate. We further filtered these events, keeping only those
that occurred within a single hospitalisation period. These were identified if both the
dates of the initial MSSA isolate and the follow-up MRSA isolate were within the time
interval of a single hospitalisation period for the corresponding patient, defined by the

recorded start and end dates of that hospitalisation period in the data, and if the MRSA
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isolate was detected more than 2 days after the MSSA, a commonly used threshold

to distinguish from already present MRSA versus acquisition [43].

In the events found to occur in a single hospitalisation period, potential nosocomial
transmission of MRSA was identified by considering the ward in which the patient was
located when the MRSA-positive swab was collected, and checking if any positive
MRSA swab had been reported for any other patient present in that same ward at the
same time as the patient, in the interval between the previous MSSA-positive only

swab collected for the patient and the MRSA-positive swab.

Finally, to identify changes within a single hospitalisation period which may have been
induced by antibiotic selection, we noted if patients had been exposed to any antibiotic

in the interval between the MSSA-positive and MRSA-positive swab.

5.4.4.2 Detected phenotypic resistances diversity

We then searched for within-host diversity in detected phenotypic resistances. For this,
we compared MRSA and MSSA isolates separately. We removed 10,029 isolates
which did not have any antibiotic susceptibility test result recorded. Antibiograms of
chronologically subsequent isolates within patients were compared, and we noted a
difference if the antibiograms of these isolates differed by at least one susceptibility
reported (i.e. the value for at least one antibiotic changed from susceptible to resistant,
or vice-versa). Note that we do not consider that a change in an antibiotic susceptibility
occurred if only one of the isolates had a recorded result for that antibiotic, and the

other had not been tested for that antibiotic.

The same filtering methodology was used as described above to identify differences
in antibiograms which occurred on the same day, on different days, and within a single
hospitalisation period.

To identify changes within single hospitalisation periods which may have been induced
by antibiotic selection, we noted if i) the patient was exposed to any antibiotic in the
interval between two differing antibiograms, and ii) if the patient was exposed to an
antibiotic of the same class as that of the change in resistance.
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5.5 Results

5.5.1 Antibiotic resistance trends in S. aureus isolates

55.1.1 Incidence of MSSA and MRSA isolates

Altogether, we obtained information on 72,207 unique S. aureus isolates (51,020
MSSA, 21,187 MRSA) from 22,206 unique patients at Great Ormond Street Hospital
(GOSH) between 01/02/2000 and 30/11/2021. Of these patients, 18,700 (84.21%)
only ever tested positive for MSSA, 2,429 (10.94%) only for MRSA, and 1,077 (4.85%)
tested positive for both MSSA and MRSA (although not necessarily at the same time).
The isolates came from a range of sources (nose, wound, blood etc.), and therefore

represented both colonising and infecting isolates.

Although the total number of S. aureus isolates did not increase or decrease over time
(Figure 5.1a), we note a progressive increase in the proportion of MRSA isolates over
time, with a peak in January 2018 (50% of S. aureus isolates, Figure 5.1b). The
number of S. aureus isolates decreased sharply in April 2020, aligned with the first UK
lockdown during the COVID-19 pandemic (Figure 5.1a). Since then, the total number
of S. aureus isolates has increased back to pre-2020 levels, and the proportion of
MRSA isolates has stabilised around 30% (Figure 5.1a-b).

These values are not directly equivalent to the number and proportion of individual
patients testing positive for MRSA and/or MSSA, since multiple isolates are frequently
recorded per patient (Figure 5.1c). More MRSA isolates were always obtained per
patient than MSSA (regression coefficient = 1.91, p value < 0.001), and this sampling
frequency varied negligibly over time (coeff. = -0.00009, p < 0.001) (Figure 5.1c),
hence this does not explain variations in the number of MRSA and MSSA isolates
seen at the hospital level. To identify a possible explanation, following
recommendations from GOSH consultants and previous work which found that MRSA
incidence was higher in non-white patients [18], we observed patient ethnicities over
time and found that the increase in proportion of MRSA isolates aligned with an
increase in the proportion of patients with an ethnicity other than “White British”

admitted to GOSH (Supplementary Figure 5.1).
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Figure 5.1: Trends in methicillin-resistant (MRSA) and -susceptible (MSSA)
Staphylococcus aureus isolates at Great Ormond Street Hospital. a) Incidence

of S. aureus isolates. b) Proportion of S. aureus isolates which are MRSA or
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MSSA. Isolates are grouped by calendar month of date of isolation. Vertical green
dashed line shows the date when lockdown began in the UK during the first wave of
the COVID-19 pandemic (29/03/20). c) Number of MRSA or MSSA isolates per
patient per year. Bold lines show the median, box limits show the interquartile range,
line limits show the largest value within 1.5 interquartile range above the 75th
percentile and smallest value within 1.5 interquartile range below the 25th percentile.

Ouitliers are not shown on the figure.

5.5.1.2 Overview of antibiotic susceptibility testing and

resistance detection

We obtained antibiogram information for 51 unique antibiotics or combinations of
antibiotics (e.g. joint amikacin and flucloxacillin resistance) for our S. aureus isolates.
The number of antibiotic resistances detected was higher in MRSA than MSSA
isolates (coeff. = 2.79, p < 0.001) and increased slightly with the number of
susceptibility tests conducted (coeff. = 0.12, p < 0.001), yet this linear correlation does
not explain all the variability seen in the number of resistances detected (R? = 0.572)
(Figure 5.2a).

Until 2011, more susceptibility tests were conducted for MRSA than for MSSA isolates
(Figure 5.2b, coeff. = 4.04, p < 0.001). After 2010, the number of susceptibility tests
for MRSA isolates decreased, with a smaller difference compared to MSSA isolates
(Figure 5.2b, coeff. = 1.78, p < 0.001). This explains the points on the dashed line in
Figure 5.2a, which correspond mostly to isolates from 2011 onwards with 4-5
susceptibility tests conducted, and an equal amount of resistances detected
(Supplementary Figure 5.2). The number of antibiotic resistances detected in isolates
did not substantially change over time (Figure 5.2c, coeff. = 0.0002, p < 0.001), but
was always higher in MRSA than in MSSA isolates (Figure 5.2c, coeff. = 2.86, p <
0.001). Resistances in MRSA isolates were often correlated with each other, while
resistances in MSSA isolates were generally independent (Supplementary Figures 5.3
and 5.4). The most common antibiotic susceptibility tests conducted across the entire
time period were similar between MRSA and MSSA isolates (Figure 5.3), although

MRSA were more frequently resistant, consistent with Figure 5.2c.
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Figure 5.2: Numbers of susceptibility tests and antibiotic resistances in S.
aureus isolates. a) Number of susceptibility tests conducted versus antibiotic
resistances detected for each S. aureus isolate in our dataset. Each point
corresponds to an isolate in the dataset, with the position of the points jittered on the
figure to prevent the overlap of isolates with the same number of susceptibility tests
and antibiotic resistances detected. The dashed line shows the maximum number of
resistances that can be detected (equal to the number of susceptibility tests
conducted). The blue and yellow solid lines show the linear regression trendline
between these variables for MSSA and MRSA isolates respectively. b) Median
number of susceptibility tests conducted per isolate, by year. Error bars show the
25th and 75th quantiles (note these can overlap). ¢) Median number of antibiotic

resistances detected per isolate, by year. Error bars show the interquartile range.
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Figure 5.3: Fifteen most common antibiotic susceptibility tests conducted in
methicillin-resistant (a) and -susceptible (b) S. aureus isolates, across the entire
dataset. Transparent bars indicate the proportion of isolates that were tested for the
corresponding antibiotic, and solid bars indicate the proportion of isolates that were
resistant. Note that flucloxacillin is the indicator for MRSA, and that we would expect

most MSSA isolates to be resistant to penicillin.

Interestingly, no susceptibility tests were recorded for 10,029/72,207 (13.89%)
isolates. Removing these isolates removes 5,064/22,206 (22.80%) patients from our
dataset, suggesting that these isolates are not only from repeated samples in patients,
where only one isolate would have been tested for antibiotic susceptibility. The
majority of these isolates were taken from nose or throat swabs (75.01%), likely
corresponding to colonisation events, as opposed to wound or blood samples, likely
corresponding to infections. This is higher than the percentage of isolates with at least

one susceptibility test result reported which were taken from nose or throat swabs
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(18.97%), indicating that colonising isolates are less likely to be tested for antibiotic

susceptibility than infecting isolates (X? = 13,837, degrees of freedom = 1, p < 0.001).

55.1.3 Trends in antibiotic resistances detected in S. aureus

isolates

We then observed trends in the proportion of S. aureus isolates tested for an antibiotic
which were found to be resistant to that antibiotic. Only 12 of the 51 antibiotics in the
dataset showed a substantial change at any point in time in that value, with changes
not always consistent between MRSA and MSSA populations (see Supplementary

Figure 5.5 for all antibiotics).

We found that the proportions of MRSA isolates resistant to amikacin (alone or joint
with flucloxacillin), gentamicin (alone or joint with ciprofloxacin), and rifampicin were
correlated, with simultaneous peaks in 2005 and 2007 (Figure 5.4a, Supplementary
Figure 5.3). For both MRSA and MSSA isolates, ciprofloxacin resistance showed an
overall decreasing trend since 2007 (more pronounced for MRSA), mupirocin
resistance sharply decreased in 2004-2006, and clindamycin resistance increased
since 2017 (Figure 5.4b). Erythromycin resistance showed a decreasing trend for
MRSA isolates, but an increasing one for MSSA isolates (Figure 5.4c). Trimethoprim
resistance sharply declined for MSSA isolates in 2002, but remained stable for MRSA
isolates (Figure 5.4c). Cotrimoxazole resistance is practically only reported between
2010 and 2011 at low levels, while fosfomycin resistance is only reported between
2015 and 2018 at high levels (Figure 5.4d).
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Figure 5.4: Change in proportion of S. aureus isolates resistant to antibiotics
over time, out of those tested for resistance to the corresponding antibiotic.
These were subjectively grouped in four categories to facilitate visualisation. a)
Strongly correlated antibiotic resistances. Amik.Fluclox: joint amikacin and
flucloxacillin resistance, Gent.Cipro: joint gentamicin and ciprofloxacin resistance. b)
Antibiotic resistances with similar trends between MRSA and MSSA isolates. c)
Antibiotic resistances with differing trends between MRSA and MSSA isolates.
d) Antibiotic resistances detected over a short time period only. Missing lines
indicate that no susceptibility testing for the corresponding antibiotic was conducted at

that time.
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5.5.1.4 Trends in antibiotic susceptibility testing of S. aureus

isolates

We then checked if changes in resistances detected could be explained by changes
in susceptibility testing frequency. Only 11 of the 51 antibiotics in the dataset showed
a substantial change in the number of susceptibility tests conducted at any point in
time (Figure 5.5, see Supplementary Figure 5.6 for all antibiotics). Mupirocin was the
only antibiotic for which we could see a probable link between the proportion of isolates
tested, and the proportion resistant. Mupirocin testing was always common in MRSA,
but only became common for MSSA in 2007 (Figure 5.5a), which may explain the
sharp decrease in the proportion of MSSA isolates found to be resistant to mupirocin
in 2007 (Figure 5.4b).

The short intervals where cotrimoxazole and fosfomycin resistance were detected
align with periods where testing for these antibiotics was conducted (Figure 5.4d,
Figure 5.5b). Clindamycin and cefoxitin testing began in 2017, alongside more
consistent cotrimoxazole testing (Figure 5.5c). Chloramphenicol and tetracycline
testing were always at low levels for MSSA isolates, but decreased for MRSA isolates
from 75% to 25% between 2012 and 2015 (Figure 5.5d).

Linezolid testing began in 2003, but was mostly reserved for MRSA isolates until 2011,
after which the proportion of MSSA isolates tested for linezolid increased to the level
of MRSA isolates (Figure 5.5e). Interestingly, this increase in 2011 aligned with a
decrease in testing for syncercid (quinupristin and dalfopristin), teicoplanin and
vancomycin, which affected both MRSA and MSSA isolates (Figure 5.5e). These
decreases, combined with the decrease in chloramphenicol and tetracycline
mentioned above, explained the lower median number of tested resistances for MRSA

isolates seen in Figure 5.2b.
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Figure 5.5: Change in proportion of S. aureus isolates tested for different
antibiotic susceptibilities over time. These were subjectively grouped in five
categories to facilitate visualisation. a) Antibiotic with a change in susceptibility
testing potentially responsible for a change in resistance detected. b)
Antibiotics for which susceptibility testing was conducted over a short time
period only. c) Antibiotics for which susceptibility testing began in 2017. d)
Antibiotics with a decrease in susceptibility testing in MRSA. e) Antibiotics with
aligned changes in susceptibility testing in 2011. Missing lines indicate that no

susceptibility testing for the corresponding antibiotic was conducted at that time.

5.5.2 Within-host S. aureus diversity

Across the entire dataset, 10,128/22,206 (45.61%) patients had more than one isolate
recorded, allowing us to explore diversity. Note that we cannot control for sampling
intensity in this study, since the dataset does not contain information on negative
samples, hence we cannot distinguish between a patient with only one positive

sample, and a patient with one positive sample and one or more negative samples.
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We considered diversity in two stages. Firstly, we focused on patients with both MRSA
and MSSA detected on the same day. Then, we searched for patients for which
multiple, different antibiograms were recorded on the same day, indicating phenotypic
resistances diversity. A summary of our filtering process to identify diversity is

presented in Figure 5.6.
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Figure 5.6: Data filtering process to identify within-host AMR phenotypic
diversity. Arrows indicate the categories which are subsets of each other. Filtering for
methicillin-susceptible S. aureus (MSSA) is shown in blue, and in yellow for methicillin-
resistant (MRSA). A difference in MMSA or MRSA isolates corresponds to at least one
difference in the antibiograms of these isolates. Categories may not be mutually
exclusive (e.g. a patient could have both multiple MRSA isolates and multiple MSSA
isolates recorded). Filtered changes: changes where both isolates where sampled

during a single hospitalisation period, with at least 3 days between the isolates.
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55,21 MRSA and MSSA diversity

We identified 1,077/22,206 (4.85%) patients for which both MRSA and MSSA isolates
were reported at any point in time. In 445 of these patients (41.32%, 2.00% of all
patients), MRSA and MSSA isolates were detected on the same day, and in most
cases (84.24%) from the same sample source (e.g. nose), suggesting within-host
diversity. The proportion of all patients positive for S. aureus who had within-host
MRSA and MSSA diversity varied annually between 0.038 (2002) and 0.008 (2014)
(Figure 5.7a).

5.5.2.2 Detected phenotypic resistances diversity

We separately analysed patients with more than one MSSA or more than one MRSA
isolate recorded on the same day, comparing the isolates to identify within-host
diversity in phenotypic resistances, defined as isolates with different antibiograms
(regardless of the number of differences between antibiograms). In total, we identified
950 unique patients (4.28% of all patients) with multiple uniqgue MSSA or MRSA
antibiograms recorded on the same day. These included 690 patients (3.49% of
patients ever tested positive for MSSA, 3.11% of all patients) with within-host diversity
in the phenotypic resistances of their MSSA populations, and 298 patients (8.50% of
patients ever tested positive for MRSA, 1.34% of all patients) with diversity in their
MRSA populations. The isolates with different antibiograms were generally sampled

from the same source (63.80%).

The percentage of patients with phenotypic resistances diversity was greater for
patients with MRSA than for patients with MSSA (Figure 5.7b). In 90% of instances
where diversity in within-patient populations was found, the number of unique
antibiograms recorded was 2 (Figure 5.7c), and in 90% of instances less than 4
resistances differed between the antibiograms (Figure 5.7d). Surprisingly, these
values did not substantially differ between MRSA and MSSA populations (Figure 5.7c-
d). The most common differing resistance between MRSA isolates was erythromycin,
and other differences were relatively homogeneously distributed amongst several
antibiotics (Figure 5.7e). On the other hand, differences in MSSA isolates occurred
predominantly in five antibiotics only: fucidin, penicillin, erythromycin, ciprofloxacin,

and trimethoprim (Figure 5.7f).
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Figure 5.7: Within-host S. aureus phenotypic diversity detected in single
patients on the same day. a) Annual proportion of patients for which both MRSA
and MSSA isolates were detected on the same day, out of all patients positive
for S. aureus in that same period. b) Annual proportion of patients for which
diverse MRSA (yellow) or MSSA (blue) populations were detected on the same
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day, out of all patients positive for MRSA or MSSA in that same period. c)
Number of unique antibiograms recorded for patients with diverse MRSA or
MSSA populations on the same day. d) Number of differing resistances between
antibiograms recorded for patients with diverse MRSA or MSSA populations on
the same day. e) Most common differing resistances between MRSA isolates
detected within the same patient on the same day. f) Most common differing
resistances between MSSA isolates detected within the same patient on the

same day.

5.5.3 Changes in within-host S. aureus diversity

5.5.3.1  Potential nosocomial acquisition of MRSA

In the 1,077 patients for which both MRSA and MSSA isolates were reported, after
excluding the cases where these were identified on the same day, we identified 883
events (648 patients) where an MRSA isolate was first detected, followed later by an
MSSA isolate, and 896 events (593 patients) where an MSSA isolate was first

detected, followed later by an MRSA isolate.

We further focused on changes from MSSA to MRSA, which represent more clinically
worrying events. We excluded 723 events where the change did not happen within a
single hospitalisation period, and 72 events where the MRSA isolate was detected
within 2 days of the MSSA isolate, as this threshold is commonly used to distinguish
between community- and nosocomial-acquired MRSA, and reduces the risk that we
are capturing diversity present at baseline instead of a true change [43]. This left 101
events (77 patients). The median delay between the detection of the MSSA and MRSA
isolates was 8 days (Figure 5.8a), and almost all delays were shorter than 30 days.
As a comparison, the distribution of delays between any two subsequent isolates
recorded for patients in a single hospitalisation (excluding delays shorter than 2 days)
more frequently included delays between 30 and 120 days (Figure 5.8b). Patients in
this group had substantially higher lengths of stay in ward (median: 72 days,
interquartile range: 23-188) compared to the lengths of stay of all patients in our
dataset (median: 6 days, IQR: 4-13, excluding stays shorter than 2 days).

207



We identified 34 changes from MSSA to MRSA in 30 patients which were preceded
by exposure to any antibiotic. Compared to events filtered in the same way, but where
the change was from MRSA to MSSA, we found no statistically significant link between
the proportion of patients who were exposed to any antibiotic and the type of change
after exposure (0.34 for MSSA to MRSA events, 0.28 for MRSA to MSSA; X2 = 0.54,
degrees of freedom = 1, p = 0.46).

We identified 30 potential nosocomial acquisitions of MRSA, in 28 patients, with an
incidence varying over the years (Figure 5.8c). These were defined as events where
a patient initially only positive for MSSA shared a ward with a patient positive for MRSA

before themselves testing positive for MRSA.

Interestingly, this left 51 events (38 patients) for which we cannot easily explain the
incidence of MRSA following the identification of MSSA only. These are events where
the change happened within the same hospitalisation period, but where no MRSA
isolate was detected in the same ward immediately before the change, and no

antibiotic exposure was recorded for the patients preceding the change.
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the median delay (8 days). Bin size is 7 days. Delays smaller than 2 days are not
considered in this analysis. b) Delay between detection of any two subsequent
isolates in patients. The dashed line shows the median delay (4 days). Bin size is 7
days. Delays smaller than 2 days are not considered in this analysis. We excluded
8,744 delays (32.49%) greater than 130 days from the figure for ease of comparison.
c) Potential MRSA nosocomial transmission events. These are events from panel
a) where an MRSA isolate was identified in another patient in the same ward
immediately before the change. d) Delay between detection of two isolates with a
different antibiogram. The dashed line shows the median delay (8 days). Bin size is
7 days. Delays smaller than 2 days are not considered in this analysis. We excluded
7 delays greater than 130 days from the figure. e) Proportion of patients with
differences in the antibiograms of their subsequent isolates over time. MSSA
and MRSA isolates are separated. f) Most common changes detected in within-
host MRSA populations. g) Most common changes detected in within-host
MSSA populations. Proportion of changes shown by antibiotic, type of change (R:
susceptible to resistant, S: resistant to susceptible), and exposure to an antibiotic of
the same class anytime between the original isolate, and the changed isolate
(transparent: no, solid: yes). Amik.fluclox: joint amikacin and flucloxacillin resistance,

gent.cipro: joint gentamicin and ciprofloxacin resistance.

5.5.3.2 Changes in detected phenotypic resistances diversity

We applied the same filtering process to identify events where the phenotypic
resistances diversity in MSSA or MRSA populations within-host changed, defined as
differences in subsequent antibiograms recorded for single patients over time
(regardless of the number of differences between the antibiograms). We only included
changes which occurred within a single hospitalisation period, with a delay between

the two differing antibiograms greater than 2 days.

We identified a total of 906 events in 516 unique patients (2.32% of all patients). These
included 652 events in 399 patients (2.02% of patients ever tested positive for MSSA,
1.80% of all patients) where the antibiograms of MSSA populations changed, and 254
events in 132 patients (3.76% of patients ever tested positive for MRSA, 0.59% of all
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patients) where the antibiograms of MRSA populations changed. The median delay
between differing antibiograms was 8 days (Figure 5.8d). These events occurred more
frequently in patients with MRSA than with MSSA, although this varied over the years
(Figure 5.8e). In 19.88% of all these events, the identification of a new subpopulation
in a patient was immediately preceded by this patient being in the same ward as

another patient positive for this subpopulation.

We found some overlap between the changes in resistances most commonly detected
(Figure 5.8f-g) and the antibiotic susceptibility tests most commonly conducted (Figure
5.3). These changes almost equally represented gains and losses of resistance,
regardless of the antibiotic (Figure 5.8f-g). In total, only 10.04% of all the changes we
detected were preceded by patient exposure to an antibiotic of the same class as that
of the change in the interval between the two differing antibiograms (Figure 5.8f-g).
Interestingly, we noted several changes from resistance to susceptibility following
antibiotic exposure (Figure 5.8f-g). The frequency of change detected for antibiotics
did not align with the proportion of all patients exposed to antibiotics of the same class

(Supplementary Figure 5.7).

We found no evidence for a causative link between antibiotic exposure and any
change in resistance, as in fact the proportion of all patients exposed to antibiotics who
had a change detected (0.08) was slightly lower than those who were not exposed to
antibiotics and still had a change detected (0.10; X? = 34.95, degrees of freedom =1,
p < 0.001). Resistance genes for all of the antibiotics for which changes were most
commonly detected can be found on MGEs in S. aureus (see [7] for a complete list of
MGEs carrying antibiotic resistance genes in S. aureus), except for ciprofloxacin and

rifampicin, which are resistances occurring via mutations [38].
Overall, we identified 678 events (74.83%) where a change in phenotypic diversity

occurred without previous exposure to antibiotics, nor apparent between-patient

transmission.
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5.6 Discussion

5.6.1 Summary of results

Analysis of more than 70,000 isolates collected routinely for 20 years from 20,000
patients at Great Ormond Street Hospital (GOSH) revealed that the proportions of S.
aureus resistant to different antibiotics varied over time. Susceptibility testing
strategies changed at various points, which affected rates of antibiotic resistance. As
multiple isolates were frequently recorded per patient, this data also revealed that S.
aureus populations within-host are frequently diverse, with patients carrying both
MRSA and MSSA bacteria, and carrying diverse MRSA and MSSA populations.
Thanks to the longitudinal aspect of this dataset, with multiple antibiograms generated
per patient, we found that the phenotypic resistances detected in patients can change
over time. These changes could occur even within single hospitalisation periods, and
equally included gains and losses of antibiotic resistance. Although some of these
changes may be due to limitations in our ability to fully detect within-patient diversity
in the diagnostic laboratory, they suggest that there is a frequent shuffling of antibiotic

resistances in S. aureus populations.

5.6.2 Trends at the hospital level

We identified multiple ways in which antibiotic resistance and susceptibility testing can
vary at the hospital level. Mupirocin is an example where the proportion of isolates
resistant to this antibiotic decreased as a consequence of a substantial increase in the
proportion of isolates tested for susceptibility to this. This is a well-known type of bias
whereby, if testing is only conducted for the minority of patients more severely ill, this
may lead to an over-representation of resistant isolates [26].

Importantly, the decrease in ciprofloxacin resistance demonstrates that policies to
reduce antibiotic usage can successfully lead to a decrease in resistance over time.
In 2006, a UK-wide policy was introduced to control the incidence of Clostridium
difficile infections by limiting fluoroquinolone usage in all hospitals [44,45]. This aligns

with the start of the decrease in ciprofloxacin resistance measured in our S. aureus
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isolates, particularly for MRSA isolates as 90% were resistant to ciprofloxacin before
2007, down to 40% now (Figure 5.4). We are currently in the process of obtaining
complete antibiotic usage data from GOSH to confirm the association between

decrease in fluoroquinolone usage and ciprofloxacin resistance.

The large time period covered by the dataset allowed us to see slow changes in
tetracycline and teicoplanin testing, and in erythromycin resistance, which would
otherwise be missed if the analysis only included shorter time periods of even a couple
of years. We also noted amikacin, gentamicin and rifampicin as examples of rare but
highly correlated resistances. To the best of our knowledge, although joint amikacin
and gentamicin resistance is well-known as both are aminoglycoside antibiotics
[46,47], the biological mechanism explaining the correlation with rifampicin resistance

is unknown.

Discussions with clinicians from GOSH were required to shed light on some of these
trends. Fosfomycin was pointed out as an example where testing was conducted to
assess if a new antibiotic may be useful to treat infections, as it was licensed in the
UK in 2015, which aligns with the brief period where susceptibility testing was
conducted. As almost all S. aureus isolates were found to be resistant, routine
susceptibility testing for fosfomycin was rapidly halted, as this did not bring any
additional useful clinical information. The short testing period for cotrimoxazole in 2011
on the other hand was linked to the investigation of an outbreak, where the causative

bacterial strain was unusually resistant to this antibiotic.

During these discussions, it was also suggested that a link may exist between the
increase in MRSA isolates between 2014 and 2020, and the ethnicity of patients
admitted at GOSH, since non-white individuals are at higher risk of carrying MRSA
[18]. We did find that increases in the proportion of patients with an ethnicity other than
“White British” were aligned with increases in the proportion of S. aureus isolates which
were MRSA, suggesting that this link does exist in our data. In addition, since patients
from outside the UK were no longer admitted to GOSH during the first COVID-19
lockdown in March 2020, this may also explain the decrease in MRSA isolates seen

at that time.
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The comparison between the number of susceptibility tests conducted per isolates and
number of resistances detected suggests that the testing strategy at GOSH is
potentially optimal, in the sense that relatively few isolates are under-tested
(corresponding to isolates with few susceptibility tests conducted, and an equal
number of resistance detected) or over-tested (isolates with many susceptibility tests
conducted, but much less resistances detected). To the best of our knowledge, this
type of analysis is not commonly reported, and may be useful to determine if a wide
range of antibiotic resistances is captured in routine surveillance datasets. The
multiple changes in testing strategy we identified in 2011 were confirmed by the GOSH
staff as being linked to a change in the head of infection prevention and control. We
were also informed that following identification of MRSA in a patient, it is common to
swab multiple other potential colonisation sites to identify the presence of S. aureus.
However, any isolate subsequently identified through these additional swabs would
not undergo complete antibiotic susceptibility testing. This explains the higher number
of isolates since 2011 with fewer antibiotic susceptibility testing conducted, as well as

the 10,029 isolates in our data with no antibiotic susceptibility results.

Overall, our analysis showed the multitude of factors which might affect AMR trends
in routinely collected data. All of these factors should be considered in studies which
attempt to reuse these datasets for epidemiological purposes, as they may introduce
several types of biases. Crucially, some of these changes could only be understood
following discussions with the clinicians at GOSH, highlighting the importance of
continuous collaboration at all stages of the data analysis. Improved sharing of
information on data collection to accompany the public release of these routinely

collected datasets will be beneficial to the scientific community more broadly.

5.6.3 Within-host diversity

We found that within-host MRSA populations were more likely to be diverse compared
to MSSA populations. This could be explained by more MRSA samples being taken
per patient than MSSA, consistent with UK testing guidelines, and hence increasing
the probability to detect diverse subpopulations [40]. However, this prevalence of

diversity changed over time whilst the number of isolates recorded per patient did not,
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suggesting there are other currently unknown factors affecting diversity over time.
Surprisingly, when diversity was detected, the number of differences was similar
regardless of whether they occurred in MSSA or MRSA populations (two unique
antibiograms detected, with less than four differences between antibiograms). As
MRSA isolates carry more resistances, we expected to see both i) more instances
where diversity was detected than in MSSA, which we did, and ii) a greater amount of
diversity, which we did not. This could firstly be due to detection limits, as sampling in
the diagnostic laboratory relying on plating may not be powerful enough to detect
profiles representing only small proportions of the total S. aureus population [10]
(further discussed in the Limitations and Strength section). Alternatively, the previous
study of S. aureus diversity in piglets found evidence of simultaneously high rates of
gain and loss of MGEs in S. aureus, which may explain why not more diversity is
detected here, as some subpopulations of S. aureus carrying different resistance

genes may only be present at small proportions and therefore not detected [35].

Our estimates for diversity are lower than those reported in previous studies. Whilst
we report 2.00% of all patients ever detected positive for S. aureus carried both MSSA
and MRSA simultaneously at some point, a previous study estimated this value to be
21% in children sampled before surgery [11]. This same study identified multiple S.
aureus genotypes in 30% of patients, while our estimate of diversity (defined as
detection of multiple MSSA or MRSA isolates with different antibiograms on the same
day in a patient with at least one MSSA or MRSA isolate detected) was 3.49% for
patients with MSSA detected, and 8.50% for patients with MRSA detected. On the
other hand, a second study found that 6.6% of individuals colonised by S. aureus
carried more than one strain, defined using pulsed field gel electrophoresis [12].
However, the definitions and measures of diversity varied between these studies and
ours. Finally, a study in patients colonised with MRSA found that 24% were colonised
by more than one phenotypically distinct isolate [9]. Interestingly, this study identified
a maximum of three distinct isolates in a single patient, and two in the remaining eight
patients with diversity. This is consistent with our result that, in patients with diversity,
we generally detected only two MSSA or MRSA subpopulation (i.e. with only two
unique antibiograms), although we were able to detect up to five unique antibiograms

within a single patient on the same day (Figure 5.7c).
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These differences may be explained by our use of antibiotic susceptibility data to
determine phenotypic resistances diversity, as opposed to these previous studies
which used genotypic data. Whilst the genotypic data captures more diversity, from a
clinical perspective phenotypic resistance is more meaningful, as this is what will
ultimately determine treatment success or failure. In addition, while these studies were
specifically designed to capture as much diversity as possible, we relied on data
routinely collected for clinical purposes (further discussed in the Limitations and
Strength section). On the other hand, these previous studies may have also
overestimated diversity, by sampling a small number of patients belonging to specific

groups at higher risk of severe infections (surgery patients or drug users).

5.6.4 Changes in within-host diversity over time

We identified 101 events (77 patients) which we believe correspond to patients
acquiring MRSA during their hospitalisation period. These are events where patients
initially tested positive for MSSA only, then at least 3 days later for MRSA, within the
same hospitalisation period. Of these 101 events, 30 (29.70%, 28 patients)
represented probable instances of nosocomial-acquired MRSA. These are events
where the patient who acquired MRSA was in the same ward as another patient who
was positive for MRSA immediately before the new MRSA-positive sample was
reported. This likely represents a lower estimate of nosocomial-acquired MRSA, since
we have not considered instances where patients initially tested negative for any S.
aureus initially, and subsequently positive for MRSA. Arguably, this distinction means
we are more confident that the events we have identified are true nosocomial-acquired
MRSA, since in cases where nothing was initially detected we cannot be as confident
that testing was properly conducted, and there is therefore a higher chance that MRSA
was already present initially but not detected. However, we are left with 71 MRSA
acquisition events (70.30%, 55 patients) where the patients did not share a ward with
any other patient positive for MRSA immediately before the acquisition was reported.
In such cases, the patients may have acquired MRSA from a source not monitored in
our data, such as healthcare workers or environmental surfaces, or these events may
represent instances where MRSA was incorrectly undetected in the first sample. While

this again suggests that our number of nosocomial acquired MRSA may be an
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underestimate, our results still indicate that we can identify at least some of such

events using routinely collected data only.

To the best of our knowledge, this work is the first attempt to estimate changes in S.
aureus AMR within-host diversity over time in a large routinely collected dataset with
more than 20,000 hospital patients. We identified 906 events (652 in MSSA, 254 in
MRSA, 516 unique patients in total, 2.32% of all patients) where a change in at least
one phenotypic resistance was detected within a single hospitalisation period, with a
delay between the two differing isolates greater than 2 days. We considered several
hypotheses to explain these changes. Firstly, these may be due to limitations in the
data, further discussed in the next section. The second possibility is selection for
resistance following antibiotic exposure, where a subpopulation resistant to an
antibiotic was initially present in minority and not detected, but became dominant
following exposure to that antibiotic, and was detected in a subsequent swab.
However, we only identified evidence supporting this for 10.04% of all changes, and
we have not found that patients with a change in resistance were significantly more
likely to have been exposed in hospital to antibiotics of the same class as that of the
change than patients with no change. Furthermore, some detected losses in
resistance counterintuitively occurred following exposure to antibiotics belonging to
the same class. Since some resistances are co-located on plasmids, antibiotic
consumption selecting for one resistance may have incidentally selected for other
resistances present on the same plasmid [7], but we could not estimate this here due

to lack of genetic data.

The third explanation is acquisition of new subpopulations from an external source,
which we tried to rule out by focusing on changes which occurred within single
hospitalisation periods only, reducing the risk of patients having acquired new
subpopulations from a variety of external sources. We found that between-patient
transmission in the hospital does not explain all our changes detected, with only 180
events (19.88%) where the detected changes in phenotypic resistances occurred after
the patients shared a ward with another patient for which an isolate with the same
antibiogram had previously been detected. Movement of single MGEs carrying
antibiotic resistance between patients is possible, but a previous study which

measured this using detailed genomic data from more than 2,000 isolates of various
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bacteria species over 18 months only found a single instance where this may have

occurred [48].

The majority of changes in phenotypic diversity (678 events, 74.83%) could not be
explained by either antibiotic exposure or between-patient transmission. We therefore
consider a fourth explanation to be frequent gain and loss of antibiotic resistance
genes in within-host S. aureus populations. This type of frequent shuffling was
previously seen in vivo in gnotobiotic piglets, and could explain changes for some
resistances which are known to be located on MGEs [35]. However, we also saw
changes in resistance to ciprofloxacin and rifampicin, which are gained via mutations
instead of acquisition of an MGE [38]. We also failed to see changes in resistances
we might have expected to move frequently, such as clindamycin, tetracycline, and
chloramphenicol, which are present on many MGEs in S. aureus [7]. This may indicate
varying rates of gain and loss for different genes. The varying rates of loss may be
due to varying fitness costs between resistances. For example, a subpopulation of S.
aureus resistant to rifampicin resistance may not persist long in absence of antibiotic
selection pressure, due to the high fitness cost of this resistance [49]. As for rates of
gain, we suggest that transduction (horizontal gene transfer mediated by
bacteriophage) may play a substantial role this process, as it is known to be the major
mechanism for horizontal gene transfer in S. aureus [9,32-34]. Importantly,
generalised transduction is a type of transduction where any bacterial gene may be
transferred by the phage, not only MGEs. In addition, previous work suggested that
different genes may not be transferred at the same rate by this process, which may

explain the variations we have seen here [34,35].

Overall, we found evidence of changes in diversity over time, but cannot explain these
changes using a single hypothesis. These changes may be due to a combination of
factors occurring at variable rates in the population (e.g. transfer of resistance genes

by transduction, selection by antibiotics etc.).
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5.6.5 Limitations and strengths

The major limitation of our work is that all the antibiotic resistances and susceptibilities
for our isolates were determined routinely in the GOSH diagnostics laboratory. The
sampling strategy has therefore not been designed to fully capture diversity in within-
host S. aureus populations. Microbiologists at GOSH have confirmed that, although
efforts are made to test multiple colonies from those initially grown after plating the
patient sample, this process has never been audited, and that generally only 2-3
colonies are selected for subculture and antibiotic susceptibility testing. Previous work
has shown that different strains may coexist at various proportions within a single S.
aureus population, and that strains in minority may be missed if less than 18 colonies
are sampled, much more than routinely done [9]. Crucially, this means that some of
the changes we report may simply represent the variability of sampling in the
laboratory. Consider an example where a patient is colonised by both erythromycin-
resistant and -susceptible S. aureus. If only part of this diversity is detected, then it is
possible that in a first sample only the resistant subpopulation is identified, whilst in a
second sample only the susceptible subpopulation is identified, despite no real change
in the within-host S. aureus population structure having occurred between the two
samples. Although we tried to account for this by restricting our analysis to changes in
samples collected at least 3 days apart, this limitation is an inevitable consequence of

our attempt to use routinely collected diagnostics laboratory data.

In addition, not all isolates identified in the diagnostic lab are tested for all antibiotics.
Here, we did not consider that a change from no test to resistant or susceptible was a
valid change in resistance, which means that we may potentially have missed some
changes. This suggests that our results for diversity are underestimated, which we
also find by comparing our numbers to those of previous studies, as highlighted above.
However, this limitation likely applies less to our results on MSSA-MRSA diversity, as
we can confidently assume that detection of MSSA and MRSA is always more
accurate than detection of phenotypic resistances. This is notably due to the policy of
screening all patients upon admission to the hospital for S. aureus colonisation, and

the systematic and accurate testing for MRSA as part of this process.
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Susceptibility testing in the diagnostics laboratory is conducted using disk diffusion or
gradient methods. As these methods rely on breakpoints to classify isolates as
susceptible or resistant, there may be some subjectivity in the classification. However,
through discussions with clinical microbiologists at GOSH we confirmed that all the
antibiotics were equally likely to be affected by this subjectivity, hence this potential
bias is homogeneously distributed in our data. This suggests that differences in the

frequency of diversity seen between antibiotic resistances are real (Figure 5.7e-f).

Despite the previous points which show the limitations of our analysis, we argue that
phenotypic resistances are more meaningful to compare than the presence or
absence of resistance genes, as previous studies have done [9]. This is because
phenotypic resistance is what truly matters with regards to the health burden of
infections by antibiotic resistant pathogens. Genotypic traits of antibiotic resistance
may not always translate to phenotypic resistance, as the expression of antibiotic
resistance genes is affected by other genes and environmental conditions [20]. In that
sense, the fact that we are still able to see evidence of diversity in S. aureus
populations using phenotypic data only is a strong argument to support the importance
of this diversity, and that it is likely to have consequences on the health burden of
infections. In the eventuality that the sampling limitations listed above are really
responsible for all the changes in phenotypic resistances we detected, that would
clearly indicate that the testing strategy in diagnostics laboratories frequently misses
resistant subpopulations in patient samples. This would have important implications
for treatment, as failure to identify resistance may lead to inappropriate antibiotic

choices, treatment failures, and worse health outcomes for patients.

To the best of our knowledge, this is the first time that such a large dataset, with more
than 70,000 isolates taken from 20,000 patients over 20 years, is used to search for
evidence of AMR diversity in S. aureus. This large sample size is a key strength of our
analysis, notably due to its longitudinal nature. In addition, our dataset included both
colonising and invasive isolates. This allowed us to capture a more complete picture
of diversity, as opposed to previous studies which typically focused only on one of the
two types, and only on MRSA subpopulations. However, as GOSH specialises in
paediatric care, the patients in our analysis belong to a group which may not be

representative of the entire population. S. aureus infections are typically less severe
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in children than adults, with substantially lower mortality [50]. S. aureus colonisation
may be more prevalent in children [51], yet the proportion of children with MRSA
versus MSSA is likely similar as in adults [52]. This limits the generalisability of our
diversity estimates.

5.6.6 Implications and next steps

Our results illustrate the many ways in which datasets of routinely collected information
in hospital can contain changes in antibiotic resistance detected over time that do not
correspond to true epidemiological trends, but rather are linked to changes in testing
strategy. As this type of data is frequently used in secondary analyses to derive
epidemiological trends in AMR prevalence, future studies should bear this important
limitation in mind. Discussions with hospital staff should be encouraged, as they may
provide explanations for unexpected changes in reported rates of AMR at the local
level. This includes consultants who know which antibiotics are used to treat patients,
infection control staff who are aware of the testing policies and events which might
have changed these over time (e.g. outbreaks), and clinical microbiologists who can
provide information on how susceptibility testing is performed in the diagnostics

laboratory.

We have shown here the value of routinely collected data both from a clinical
perspective, to understand how hospital policies can affect AMR over time (e.g. linked
decrease in fluoroquinolone usage and ciprofloxacin resistance), but also from a
microbiology perspective, to reveal AMR diversity within-host. This was only made
possible thanks to the framework developed by GOSH to store and make this data
easily accessible for research purposes. Other healthcare institutions should develop
systems like the GOSH DRIVE to record and analyse routinely collected data, as this
may benefit these institutions directly, and allow new analyses to further improve our

understanding of AMR.

Building upon the previous point, this work should be repeated in other hospitals. S.
aureus incidence can vary substantially within and between countries, and population

structures such as dominant lineages vary geographically [54]. Expanding the settings
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in which this analysis is conducted is therefore essential. This would also allow the
study of different populations than here, including adults to overcome the
generalisability limitation of our work which focused on children. Building upon existing
evidence [55], there is ongoing work to investigate how the burden of AMR varies
between age groups, hence this may provide further relevant insights by revealing how

within-host diversity changes over the lifetime of individuals.

Although we found evidence of changes in detected diversity over time, our exploration
of potential explanations for these changes was limited by the nature of the data. To
explain these changes, further studies with longitudinal sampling of patients should be
conducted. These studies could include measurements of both genotypic and
phenotypic AMR diversity, to understand how these values are linked. For example,
the correlation between several resistances we observed in MRSA (Supplementary
Figure 5.3) could be explained by linkage of multiple resistance genes on the same
mobile genetic elements, or reflect the distribution of resistance profiles between
different clonal complexes [56]. In addition, linked to the importance of transduction
we have mentioned and the role it may play in diversity, these studies could test patient
samples for the presence of phage, as was done previously at a small scale [9]. These
further analyses should also examine the link between diversity and patient outcomes,
to determine for example if patients with more diversity are at higher risk of infections
by multidrug-resistant bacteria, which we did not do here due to the high number of
variables potentially affecting this link which we could not disentangle using the data
available to us alone. We are currently in the process of obtaining routinely collected
genomic information for our S. aureus isolates and wider antibiotic usage data across

all patients in the hospital, which we will use to refine our analyses.

AMR diversity is likely relevant for other clinically important pathogens than S. aureus
[57]. Examples include Streptococcus pneumoniae [58] Pseudomonas aeruginosa
[59], and recently in Klebsiella pneumoniae [60]. In a first instance, our analysis could
easily be repeated using the same routinely collected dataset from GOSH, looking at
different bacterial species. To control the important public health threat of AMR, we
must understand how it arises, and design efficient interventions preventing this.

Understanding within-host AMR diversity in clinically relevant pathogens is therefore
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essential, as changes in this diversity are directly linked to the frequency of AMR

evolution.

5.6.7 Conclusion

In conclusion, we have shown that routinely collected data can be used to reveal
within-host AMR diversity in S. aureus. Unlike previous studies, this work focused on
detected phenotypic diversity, as this is more clinically relevant. In addition, to the best
of our knowledge this is the first time that evidence of diversity changing over time was
obtained at such a large scale. Changes in detected diversity are likely affected by
multiple factors, including antibiotic selection pressures, between-host transmission,
and frequent gain and loss of resistance genes in bacteria. We notably suggest that
generalised transduction may play an important role in the shuffling of resistances in
in vivo S. aureus populations. Future studies with longitudinal sampling of patients
should be conducted to identify the relative importance of these factors, clarify the
implication of this diversity on patient health, and identify opportunities to reduce AMR

prevalence.
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6 General Discussion

6.1 Summary of findings

Understanding the dynamics of HGT of AMR is essential to design appropriate
interventions reducing the health burden of AMR. In Chapter 2, | identified a research
gap in our understanding of the dynamics of transduction of AMR, and how to best
represent them mathematically (Leclerc, Lindsay and Knight, 2019). Before this thesis,
three studies attempted to model transduction of AMR, yet only made theoretical
conclusions regarding this process, and were not robustly parameterised as they relied
on parameter values from multiple sources and did not generate their own data to
inform their model parameters (Volkova et al., 2014; Fillol-Salom et al., 2019; Arya et
al., 2020). This lack of fundamental understanding of the dynamics of transduction of
AMR is particularly worrying for the nosocomial pathogen S. aureus, in which
antibiotic-resistance is a major threat and transduction is the main driver of HGT of
resistance genes. | suggested that this research gap is notably due to limited
availability of appropriate experimental data to inform the design of mathematical
models. The optimal solution to overcome this was therefore to create a framework to
study transduction of AMR that encompassed both laboratory and modelling work, to
design a validated mathematical model of transduction. This model is essential to
substantially drive our understanding of this process forward, building upon in vitro
data to explore phage-bacteria dynamics under many different conditions, and
generating hypotheses to guide further lab work. This knowledge can then be used to
identify conditions where phage spread AMR genes in a bacterial population via
transduction, and inform the design of potential interventions targeting transducing

phage to prevent this.

In Chapter 3, by successfully generating in vitro data on phage predation and
generalised transduction of AMR in S. aureus, | was able to represent these dynamics
in a mathematical model (Leclerc et al., 2022). | estimated using the model that 1
transducing phage carrying an AMR gene was generated for 102 lytic phage. While
this was consistent with previous attempts to estimate this (Jiang and Paul, 1998;
Maslanova et al., 2016), | showed here for the first time that this proportion is sufficient
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for multidrug-resistant bacteria to be generated consistently via generalised
transduction in S. aureus, even in the absence of antibiotics to act as a selection
pressure. | also identified surprising equilibria in phage and bacterial numbers, which
varied depending on the starting phage concentration. These in vitro findings could
only be replicated by representing phage predation as a saturated process, and
modelling phage burst size as dependent on bacterial growth. To the best of my
knowledge, these two elements had been previously described separately (Schrag
and Mittler, 1996; Weld, Butts and Heinemann, 2004; Roach et al., 2017), but never
before successfully combined in a single mathematical model. My model has therefore
significant improved our understanding of phage predation and transduction

dynamics, and how to best represent them.

| then extended this analysis of phage-bacteria interactions in Chapter 4, to examine
the joint dynamics of antibiotics, phage, and S. aureus, as these likely often coexist in
various environments (Leclerc, Lindsay and Knight, 2022). | extended my model to
represent the effect of antibiotics on bacteria, and generated further in vitro data to
parameterise this. Antibiotics can act alongside phage both as a selection pressure
for double antibiotic-resistant bacteria generated by transduction, and as killers of
susceptible bacteria. In this work | reconciled the conflicted existing literature on the
joint effect of phage and antibiotics, showing that they although they act in synergy to
kill bacteria, by inhibiting bacterial growth the antibiotics also inhibit phage growth. |
generated new insights into these complex interactions by introducing the importance
of transduction of AMR. | showed that if phage are stuck at a low concentration due to
the effect of the antibiotics inhibiting their replication, and are hence unable to exert a
strong killing pressure on bacteria, they may instead mostly affect the bacterial
population by generating multidrug-resistant bacteria via transduction, which can then
replicate to high concentrations as they are given a selective advantage by the
antibiotics. Overall, the joint effect of the phage and antibiotics on the bacterial
population varied depending on their starting concentration and presence timing, with
a trade-off between a higher risk of generating multidrug-resistant bacteria (if phage
are introduced before antibiotics), and a slower bacterial killing rate (if antibiotics are
introduced before phage). This forms an important hypothesis to guide future in vitro
experiments and clinical trials of phage therapy, which currently aim to combine phage

and antibiotics to treat bacterial infections.
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Finally, in Chapter 5 | explored how these experimental and modelling findings may
translate to in vivo settings by quantifying within-host S. aureus AMR diversity and
discussing how this may be shaped by multiple factors, including transduction. While
previous studies on within-host S. aureus diversity have been specifically designed for
this purpose and relied on genomic data, but only sampled individuals at one time
point (Cespedes et al., 2005; Mongkolrattanothai et al., 2011; Knight et al., 2012;
Stanczak-Mrozek et al., 2015; Muenks et al., 2016), here | showed for the first time
that within-host AMR diversity in S. aureus and changes in that diversity over time
could be detected using routinely collected hospital data only. Importantly, this
diversity was detected using antibiograms only, and therefore corresponds to
phenotypic AMR diversity, which is likely to have clinical implications and affect the
treatment of bacterial infections. Of the 906 events where | detected a change in
phenotypic resistances in within-host S. aureus populations, 74.83% could not be
explained by either concurrent antibiotic use selecting for resistant subpopulations, or
between-patient transmission of bacteria. In addition, the range of individual
resistances which changed suggests that the mechanism driving this evolution can
affect all resistances, although not at equal rates. | therefore suggest that generalised
transduction may be responsible for this, as it can lead to the transfer of any bacterial
gene, with variable rates depending on the gene (Stanczak-Mrozek, Laing and
Lindsay, 2017), and has previously been shown to drive substantial within-host
evolution in S. aureus (McCarthy et al., 2014). More generally, my work in Chapter 5
highlighted the importance of maintaining ongoing discussions with clinicians when
attempting to use routinely collected hospital data to support epidemiological analyses,
as some trends in AMR may be attributable to changes in testing strategies at the

hospital level.

6.2 Strengths and implications

6.2.1 Importance of transduction as a mechanism of AMR
spread

My results highlight the necessity to better understand the role of transduction in AMR

spread and evolution, and not assume by default that it is too rare to be relevant
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compared to other mechanisms of HGT such as conjugation and transformation, as
previous work suggested (Volkova et al., 2014). My estimate of 1 transducing phage
carrying an AMR gene per 108 lytic phage is coherent with previous attempts to
guantify this (Jiang and Paul, 1998; Maslanova et al., 2016), but the added value of
my modelling approach in Chapter 3 is that | have shown this value is sufficient to
consistently lead to multidrug-resistant S. aureus appearing in vitro in less than 8h in
the absence of antibiotics, hence without the need for a selection pressure. | further
highlighted the importance of transduction in Chapter 4, where | found that multidrug
resistance evolution remained possible even at a lower hypothetical transduction
probability of 1 transducing phage per 10° lytic phage. Finally, | suggested that the
absence of a substantial link between antibiotic usage and changes in detected AMR
diversity within-host (Chapter 5) implies that this diversity must be shaped by other

factors in vivo, including frequent generalised transduction.

6.2.2 Improved understanding of phage predation dynamics

The model | developed combines two aspects of phage predation that have only been
previously considered separately: a saturated interaction between phage and bacteria,
and a link between phage burst size and bacterial growth. This type of saturated
interaction was originally suggested in (Roach et al., 2017), and appears to better
represent the biology of phage predation over a wide range of bacteria and phage
concentrations than the traditionally used linear interaction, since over one time step
multiple phage may bind to the same bacteria (Abedon and Katsaounis, 2018). The
link between phage predation and bacterial growth has been previously seen in
several settings, but to the best of my knowledge never successfully represented using
the same logistic function as the one used to represent bacterial growth, reducing burst
size as the bacterial population approaches carrying capacity. This is an interesting
insight since, in the environment, including in persistent infections, bacteria may spend
most of their time in stationary phase (Gefen et al., 2014). These modelling results
offer a biological explanation as to how bacteria and phage can coexist for prolonged
periods of time across a broad range of environments, without the phage

systematically eradicating the bacteria.
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6.2.3 Reconciling evidence on the joint effect of phage and
antibiotics

| reconciled existing conflicted evidence on the joint effect of phage and antibiotics on
bacteria, showing that faster killing of bacteria by phage and antibiotics together is not
incompatible with an inhibition of phage replication by antibiotics (Leclerc, Lindsay and
Knight, 2022). If the initial concentration of phage is already sufficiently high, this can
generate a killing pressure on bacteria to complement the action of antibiotics, without
the need for the phage to replicate. This observation is consistent with previous work
which described these concentration thresholds governing the interactions between
phage and bacteria (Payne and Jansen, 2001). However, this inhibition becomes a
problem if the phage concentration is too low and is unable to increase because
antibiotics prevent replication, and if we consider the impact of transduction. In that
scenario, the multidrug-resistant bacteria initially generated by transduction will
replicate to high concentrations, as they will not be affected by antibiotics, and the
phage will be at a concentration too low to kill the bacteria faster than they replicate.
This creates an opportunity for multidrug-resistant bacteria to persist for potentially
long periods of time, during which they may further evolve to gain resistance to phage
predation for example, or spread to other individuals or environments without phage,
where they may freely replicate. My results are in agreement with experimental work
in S. aureus exploring the joint effect of phage and antibiotics, which suggested that
(Berryhill et al., 2021). However, the novelty of my approach here is that | explored a
wide range of possible timings and concentrations, instead of only 30 minutes and
fixed concentrations in (Berryhill et al., 2021), and included transduction in these
dynamics. My conclusions form an interesting hypothesis regarding the joint role of
phage and antibiotics to drive AMR evolution, which is currently being investigated

through novel in vitro experiments by other members of the research group.

6.2.4 Implications for phage therapy

The results highlighted above on phage predation and the joint effect of antibiotics and
phage on bacteria also have important implications for phage therapy. Firstly, as for

antibiotics, correct pharmacodynamics representation of the action of phage on
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bacteria is important, as this understanding is required to design efficient phage
therapies. Consequently, ensuring that phage predation is appropriately represented
is essential. For example, failing to account for potential reductions in phage predation
that may occur when bacteria are at stationary phase could lead to unsuccessful
treatment, if the initial dose of phage is too low to clear the bacterial population.
Additionally, since phage and antibiotics are generally given together to patients during
phage therapy (Brives and Pourraz, 2020), understanding their joint effect on bacteria
is essential. My results can inform the design of phage therapy, by helping to identify
optimal timings, concentrations and pairing with antibiotics. These elements should be
considered in future clinical trials of phage therapy, as robust data to directly translate
these findings from in vitro to in vivo is not currently available. These trials could
include multiple treatment arms, with antibiotics only, antibiotics and phage
simultaneously, antibiotics followed by phage, and phage followed by antibiotics,

measuring the clearance rate of bacteria.

From a transduction perspective, my results confirm that generalised transduction can
consistently lead to the spread of AMR genes, yet to the best of my knowledge there
have not been any attempts to evaluate the potential consequences of this process
during phage therapy. As highlighted in the Introduction, generalised transduction
remains a possibility during phage therapy, as even exclusively lytic phage are
capable of this, therefore only excluding temperate phage would not guarantee the
absence of transduction, as this would only exclude specialised transduction. Echoing
recommendations from previous reviews (Raj and Karunasagar, 2019; Hassan et al.,
2021), | suggest that future studies of phage therapy should acknowledge the risk of
generalised transduction and evaluate the impact of this on in vivo bacterial evolution
during therapy, by monitoring the diversity of the bacterial population during treatment
to detect potential transduction events. Overall, future studies and clinical trials of
phage therapy should investigate varying timings of phage and antibiotics, instead of
only investigating their simultaneous application, and consider the risk of transduction

during treatment.
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6.2.5 Implications for S. aureus AMR diversity

The results presented in this thesis highlight the biological dynamics underpinning
HGT of AMR by generalised transduction, and suggest that these dynamics may
shape S. aureus AMR diversity in vivo. Understanding this process is essential to
understand how new resistances may arise in S. aureus populations, and vary in
prevalence over time. This in turn will have implications for the incidence of infections
by antibiotic-resistant bacteria, and the treatment of these infections. These are
guestions that span years, if not decades, hence the importance of studying these
evolutionary dynamics at that scale, which requires the appropriate data. As part of
this thesis, | have shown that routinely collected data can be used to detect phenotypic
AMR diversity in S. aureus populations within-host. This complements previous
studies on this topic, which identified frequent diversity in S. aureus populations, but
only focused on genotypic diversity (Cespedes et al., 2005; Mongkolrattanothai et al.,
2011; Knight et al., 2012; Stanczak-Mrozek et al., 2015; Muenks et al., 2016). The fact
that | was able to detect phenotypic diversity on the other hand suggests more clearly
that this diversity may have direct clinical implications. This changing diversity
highlights the flexible nature of the public health threat of AMR, which requires
constant surveillance. Overall, it is encouraging to see that large datasets obtained
from routine surveillance can be used to study within-host AMR diversity, as these are
more readily available than genotypic data, and can therefore substantially improve
our ability to study diversity and its implications for AMR prevalence.

6.3 Limitations and next steps

6.3.1 The impact of antibiotic resistance fithess costs

The results presented in this thesis give rise to many subsequent questions, and could
be enriched by further work. Firstly, although here | found that there was no substantial
fithess cost to AMR genes carried by my S. aureus bacteria, it may still be relevant to
explore these, to better understand conditions under which multidrug-resistant
bacteria generated by transduction may or may not persist. Previous work has shown

that many antibiotic resistance genes in S. aureus do not carry a substantial fithess
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cost (Knight, Budd and Lindsay, 2013), yet this may vary depending on the
environment and the genes (see (Wichelhaus et al., 2002) for an example with
rifampicin resistance genes). In addition, fithess costs may be more relevant for other
bacteria than S. aureus (Melnyk, Wong and Kassen, 2015), which is important to bear
in mind when trying to extend the results from this thesis to other species (further

discussed below).

6.3.2 Transduction of multiple AMR genes

My experimental and modelling work only focused on tracking two antibiotic resistance
genes: ermB, granting erythromycin resistance, and tetK, granting tetracycline
resistance. Although this relative simplicity was necessary to robustly parameterise
the model, in reality, S. aureus and particularly MRSA carry multiple AMR genes which
may be transferred independently, as well as single MGEs carrying multiple resistance
genes, such as plasmids (Haaber, Penadés and Ingmer, 2017). The nature of these
plasmids should also be considered, as two closely related plasmids will not co-exist
stably in a single bacterium (Novick, 1987). This complexity will eventually have to be
captured for us to truly understand the importance of transduction in shaping bacterial
diversity. Simply extending the models developed as part of this thesis would not be
an appropriate solution, as these are compartmental models and so would require an
exponential increase in the number of bacteria and phage compartments included for
each additional resistance gene represented. In this case, it would rapidly become
unfeasible to keep track of all the interactions between the compartments, ensure they
are properly included in the equations, and parameterise them all. Instead, agent-
based models may allow for greater flexibility in the way the different combinations of
resistances are represented. Although an agent-based model would be more
computationally expensive, hence simulating a population of 10° bacteria would not
be feasible, this may still allow us to generate at least an initial description of the rapid

shuffling of AMR genes by transduction.
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6.3.3 Further experimental work on the joint effect of phage
and antibiotics on S. aureus

The work conducted in Chapter 4 has given rise to multiple hypotheses regarding the
dynamics of antibiotics, phage and bacteria. Further experiments should be conducted
to examine how these model hypotheses translate to in vitro. This could be done by
combining the experimental methods presented in Chapter 3 with those in Chapter 4
by co-culturing the two single-resistant S. aureus strains with phage, adding antibiotics
at varying concentrations and timepoints during the co-cultures, and counting bacteria
and phage over time. These experiments are now being conducted by other members
of the research group. Similarities and differences between model-predicted and
observed bacteria and phage numbers would allow us to further refine our
understanding of the joint effect of phage and antibiotics on bacteria. For example,
recent work has found that aminoglycosides directly inhibit phage replication (Kever
et al., 2022). This differs from my approach, as | only considered that antibiotics inhibit
phage replication indirectly, by inhibiting the bacterial machinery required by phage to
replicate. Linked to this, it is important to highlight that | only focused on the effect of
two antibiotics: erythromycin and tetracycline, as these were the resistance genes in
the bacteria | used in my experiments. Further experiments should also use other

antibiotics, as these may interact with phage differently.

6.3.4 The direct impact of antibiotics on transduction

Throughout this thesis, | have only considered that antibiotics interact with bacteria by
killing the susceptible and selecting for resistant ones, and with phage by limiting
phage growth via the reduction in bacterial growth. However, recent work suggests
that antibiotics can directly modify transduction dynamics in S. aureus, by inducing a
higher proportion of transducing phage relative to lytic phage (Stanczak-Mrozek, Laing
and Lindsay, 2017). However, there is still limited data on this interaction, hence | was
not able to include it in my model. This effect might vary depending on which antibiotic
is added, and the concentration at which it is added. This could be implemented in the
model | developed in Chapter 4 by including an additional parameter to increase or

decrease the proportion of new phage released upon burst which are transducing

238



phage carrying an AMR gene, depending on the concentration of antibiotic. However,
as for the joint killing effect of phage and antibiotics mentioned in the previous section,

new in vitro data to parameterise this would still be required.

6.3.5 Decay of bacteria, phage and antibiotics

A notable exclusion in my model is bacteria, phage, and antibiotic decay, as | did not
generate data to parameterise these values. However, | included phage and antibiotic
decay in the equations for sensitivity testing in Chapters 3 and 4. Bacteria decay could
be added in a similar method using a linear decay rate, but would not be easily
distinguishable from growth in vitro and would hence be difficult to parameterise.
Exploring these effects using parameter values obtained from other sources may be
acceptable in a first instance, but limits the robustness of the resulting conclusions.
These decay rates would likely vary between different in vitro and in vivo
environments. As these would affect phage and antibiotics, they would affect the
pressures exerted by these on bacteria, and may therefore affect conditions under
which multidrug-resistant bacteria can appear via transduction and be selected for by

the antibiotics, as seen in the Supplementary Material of Chapter 4.

6.3.6 The role of the immune system

In addition, |1 have not included the potential effect of the immune system in my
mathematical model. This was because the main focus here was on an in vitro setting,
where the immune system was absent. Interestingly, previous work has shown that
immune cells can target both bacteria and phage (Hodyra-Stefaniak et al., 2015). This
may mean that the immune system overall prevents the appearance of new multidrug-
resistant bacteria via transduction, by removing them while they are only present at
low numbers, but also by neutralising phage and hence preventing transduction. In a
therapy setting, it would be necessary to consider the role of the immune system, as
previous work has shown that this can be crucial to guarantee bacterial eradication
during phage therapy (Roach et al., 2017). My model could be extended to include
this, since previous compartmental models have already been designed for this

purpose and could hence be integrated here (Banuelos et al., 2021), but the data to
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parameterise this would require further, complex microbiological work in consultation
with immunologists. Finally, previous work in piglets found that transduction occurred
at higher rates in vivo than in vitro (McCarthy et al., 2014). Although the mechanisms
behind these higher rates are currently unknown, the immune system may play a role
in this, by acting as a stress mechanism and leading to more frequent release of phage

from the bacteria.

6.3.7 Bacterial resistance to phage

In this work, | assumed that all the bacteria in my environment were equally susceptible
to phage infection. This is because | have not seen evidence of resistance appearing
in my in vitro experiments presented in Chapter 3. However, as mentioned in the
Introduction of this thesis, it is well-known that phage and bacteria are actively
engaged in a constant arms race, each co-evolving to overcome the actions of the
other (Koskella and Brockhurst, 2014; Hampton, Watson and Fineran, 2020).
Resistance to phage would likely facilitate the appearance of multidrug-resistant
bacteria, as these would be able to replicate more freely instead of remaining at low
concentrations and being rapidly cleared by phage. This type of further evolution would
likely matter over longer periods of time than the 24-48h periods | have considered in
my analyses. Mathematical models have been previously used to understand how this
co-evolution can lead to bacterial resistance to phage (Cairns et al., 2009), therefore

these components could be integrated in my own model.

6.3.8 Stochasticity

All the models | used in this thesis are deterministic. | made this choice as my aim was
to capture the fundamental dynamics of generalised transduction and phage
predation, and deterministic models can be fitted to data at a lesser computational cost
than stochastic models. However, in reality stochasticity may be important to
determine if multidrug-resistant bacteria can persist over time, since these are initially
present at low numbers only and are therefore at risk of stochastic fade-out (Arya et
al., 2020). This variability could be implemented in the model by rewriting the equations

to be solved discreetly instead of continuously, and converting rates to probabilities.
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However, the parameter values may change, as deterministic models unrealistically
allow for fractions of bacteria to be present at any time, hence a small transduction
rate can still easily lead to the appearance of multidrug-resistant bacteria over time.
On the other hand, once this rate is converted to a probability in a stochastic model,

multidrug-resistant bacteria may no longer appear as consistently as seen in vitro.

6.3.9 The need for future in vivo work

My ability to measure the impact of transduction as a driver of AMR evolution in vivo
was restricted in this work due to the limited availability of appropriate data. Generating
new, detailed data to study evolution of AMR in vivo typically requires longitudinal
sampling of patients, with substantial costs and resources required. As shown in
Chapter 5, | can detect evidence of within-host AMR diversity in routinely collected
data from a hospital diagnostics laboratory, but this approach is not powerful enough
to fully capture this diversity, understand how it evolves, and identify the drivers of this
evolution. In addition, individuals are not routinely screened for phage, hence it is
difficult to identify instances where transduction occurred in vivo. | think that extending
the coverage of routinely collected data to better capture diversity (e.g. by
systematically subculturing multiple isolates per patient sample, and screening
samples for phage) may represent an interesting opportunity to strengthen this
research, whilst still generating data that will be clinically relevant. In the case of
antibiotic treatment for example, the natural presence of phage capable of
transduction may explain instances of treatment failure, if these generate multidrug-
resistant strains which are then selected for by the antibiotics. Naturally, this extension
of routine surveillance would require substantial investments, but would also reduce
the gap between the research and clinical domains, and may therefore lead to a more
efficient and cost-effective process to generate interventions improving the health of

patients.
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6.3.10 Transduction in other bacteria, phage, and
environments

Finally, it is important to note that all the questions answered in this thesis have
focused on S. aureus. Transduction is known to occur in other bacterial species and
with other phage, but it is unclear to what extent the findings here apply to these other
organisms. In E. coli, transduction of AMR is currently considered as negligible, due
to the previous modelling study which suggested that it happens 1000 times less than
conjugation (Volkova et al., 2014). However, as pointed out repeatedly in this thesis |
believe that this study lacks data to support this conclusion, as it was not robustly
parameterised. In any case, even if transduction in E. coli really does occur 1000 times
less than conjugation, this may still be sufficient to consistently lead to AMR spread
under various conditions, and should therefore be studied. Although the general
principles of the experimental framework | developed to study transduction may be
applicable to other bacteria (co-culture two single-resistant strains with phage, observe
double-resistant bacteria generated by transduction, count phage and bacteria over
time), the exact experimental methods have been designed for S. aureus and 80a
phage specifically, and will certainly be different for other organisms. On the other
hand, the structure of the model | developed is generalisable to other systems of
generalised transducing phage and bacteria, as it captures what | believe to be the
generalisable, relevant biological characteristics of phage predation and generalised
transduction, and could therefore be adapted to focus on other strains of bacteria and
phage showing similar dynamics of lysis and generalised transduction. However, the
parameter values | have estimated for bacterial growth and phage predation will most

likely vary depending on the phage, bacteria, and environment studied.

Differences in the biological characteristics of the interaction between bacteria and
phage may impact the results presented here. For example, repeating my experiments
using a phage which frequently undergoes lysogeny, as opposed to 80a for which |
could not detect lysogeny in my system, may lead to a greater concentration of
multidrug-resistant bacteria, as these may be protected from killing by phage via
lysogenic immunity. This has been previously suggested by the observation of auto-
transduction (Haaber et al., 2016). On the other hand, a more lytic phage may

minimise the importance of transduction, as multidrug-resistant bacteria generated by
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transduction may be rapidly killed by phage before they can replicate to reach high
concentrations. Changes in phage burst size may impact these dynamics more
unpredictably, since a higher burst size would simultaneously lead to more lytic and
transducing phage, generating simultaneously a higher killing pressure on bacteria,

and a higher incidence of transduction.

Overall, the biology of phage and bacteria can substantially vary depending on the
organisms and the environment. Although understanding the dynamics of transduction
across species and environments will require further work, | have shown in this thesis
that these invisible dynamics can be revealed by combining mathematical modelling
and in vitro work. My work focusing on S. aureus therefore forms an important basis

which future studies in other species can build upon.

6.4 Conclusion

In conclusion, the work presented in this thesis further highlighted the importance of
generalised transduction as a key mechanism of AMR spread in S. aureus, capable
of consistently leading to multidrug-resistant bacteria. By combining in vitro work and
mathematical models, this work has revealed the invisible dynamics of generalised
transduction, but also the dynamics of phage predation in S. aureus. This extended
modelling work has reconciled conflicted literature on the joint effect of phage and
antibiotics on bacteria, whilst considering the added complexity of transduction, with
implications for future research on this topic and phage therapy. Finally, this work
suggests that transduction may contribute to frequent evolution of AMR in S. aureus
populations within-host, by shaping the substantial diversity | detected using

phenotypic data from routine hospital surveillance.

Overall, through interdisciplinary investigations combining mathematical modelling, in
vitro work and analysis of routinely collected data, | generated novel insights into the
contribution of phage predation dynamics and generalised transduction to the

evolution of antimicrobial resistance in Staphylococcus aureus.
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8 Appendix

8.1 Supplementary Material for Chapter 2

Supplementary Table 2.1: Summary table of the elements recorded in the 43
studies included in our review. E. coli: Escherichia coli; S. marcescens: Serratia
marcescens; A. vinelandii; Azotobacter vinelandii; K. pneumonia: Klebsiella
pneumonia; B. subtilis: Bacillus subitilis; E. blattae: Escherichia blattae; E. fergusonii:
Escherichia fergusonii; E. chrysantemi: Erwinia chrysantemi; P. fluorescens:
Pseudomonas fluorescens; P. putida: Pseudomonas putida; P. koreensis:
Pseudomonas koreensis; S. mathophilia: Stenotrophomonas mathophilia; P.
plecoglossicida: Pseudomonas plecoglossicida; P. veronii: Pseudomonas veronii; O.
tritici: Ochrobactrum tritici; E. adhaerens: Ensifer adhaerens.
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biology of Ponciano, koreensis, S.
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hidden Markov Leen; Top, , P. veronii, O.
model Eva M; tritici, E.
approach. Joyce, Paul 2007 Conjugation adhaerens Evolutionary Culture No No Yes Experimental Both - Yes
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Transmitted Stewart, F None
Factors. M; Levin, BR | 1977 Conjugation None specified Evolutionary specified Yes No Yes Assume Deterministic | Constant Yes
Transitory
derepression
and the Lundquist,
maintenance of Peter D;
conjugative Levin', Bruce Experimental,
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, Mirjam J D;
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Hollander,
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Population Annet;
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and E. coli Martin CJ 2015 Conjugation pneumonia Public health Human No No No assume Deterministic | Constant Yes
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8.2 Supplementary Material for Chapter 3

Supplementary Figure 3.1: Confirmation of double-resistant progeny by
polymerase-chain reaction. Five single colonies were sampled from a double
antibiotic plate (1-5), containing bacteria plated after 24h of co-culture started only with
single-resistant parent strains (E and T) and exogenous phage. L: ladder; E:

erythromycin resistance gene (ermB); T: tetracycline resistance gene (tetK).
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Supplementary Figure 3.2: Growth curves for bacteria in the absence of
exogenous phage. Be: bacteria resistant to erythromycin, Br: bacteria resistant to
tetracycline, Bet: bacteria resistant to both erythromycin and tetracycline. Solid lines
correspond to in vitro data, and dashed lines to the model output generated using the
median values of the parameter distributions obtained by model fitting. Shaded areas

indicate error obtained by resampling the model results from a Poisson distribution ten
times.
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Supplementary Figure 3.3: Transduction co-culture datasets overlaid. The

starting concentration of both single-resistant S. aureus parent strains (Be to

erythromycin & B to tetracycline) is 10% colony-forming units (cfu) per mL. The starting
concentration of exogenous phage 80a (PL) is either 102 (solid lines), 10* (dashed) or
10° (dotted) plaque-forming units (pfu) per mL. Error bars indicate mean +/- standard

error, from 3 experimental replicates. There is no data for the time period 9h-15h.
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Supplementary Figure 3.4: Model results are not affected by phage decay rate

over a wide range of values. Previous estimates of phage decay rate per hour are

between 1072 in vitro and up to 10°* in vivo (see reference 44 from Chapter 3). Phage

predation in the models is either linear or saturated, with either or both the phage

adsorption rate and burst size linked to bacterial growth.
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Supplementary Figure 3.5: Model performance in reproducing the 24h data
values for different starting concentrations of phage with different links between
phage predation and bacterial growth rate: A) Phage adsorption rate decreases
as bacterial growth rate decreases. B) Phage burst size and adsorption rate
decrease as bacterial growth rate decreases. Phage predation is either linear or
saturated in the models. Model parameters are those estimated for the corresponding
model as shown in Table 3.1. In the co-culture used to generate the data, each single-
resistant parent strain (Be and Br) is added at a starting concentration of 108 cfu/mL,
and no double-resistant progeny (Ber) are initially present. The starting concentration

of lytic phage (PL) varies (x axis).
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Supplementary Figure 3.6: Convergence and posterior distributions for the best-
fitting model (with a saturated interaction and a link between phage burst size
and bacterial growth). (a-d) Parameter convergence plots. Fitting was performed
using two chains (black and red). (e-h) Posterior distributions. The prior distributions
for the burst size and latent period are shown in blue. The prior distributions for other

parameters were uninformative and not shown.
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8.3 Supplementary Material for Chapter 4
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Supplementary Figure 4.1: Antibacterial effect of erythromycin and tetracycline
measured in vitro (pink) and obtained after fitting Hill equations (blue). Effect is
relative to bacterial growth, such that a value greater than 1 indicates killing (net
negative growth), while a value between 0 and 1 indicates only a decrease in growth
rate. NE201KT7 contains a tetracycline-resistance gene (tetK), NE327 contains an
erythromycin-resistance gene (ermB) and DRPET1 contains both resistance genes.

The Hill equation is shown in Equation 4.3.

282



10 ' ] ] ] ] ] 10
s | \ 8]
10 \\ 10
AN

108 \\ 108
- h -
= \, =
g L g
| .. N\ | ..
o 10% \ o 10%
(=] \\ (=]
2 \ 2
[} [}

N
pY
1077 10?1
10%1 10%1
0 4 8 12 16 20 24 0 4 8 12 16 20 24
Time (hours) Time (hours)
Organism: — Bg Br — Bgr P

Supplementary Figure 4.2: a) The antibacterial effect of 1 mg/L of both
erythromycin and tetracycline alongside 10° pfu/mL of phage is equivalent to b)
the effect of 4.58 mg/L of erythromycin and 1.14 mg/L of tetracycline in the
absence of phage. This was estimated by setting the concentration of phage to 0 in
b) and fitting the concentrations of erythromycin and tetracycline to reproduce the
decrease in bacteria numbers seen in a). cfu: colony-forming units; pfu: plaque-
forming units.
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Supplementary Figure 4.3: a) Model-predicted bacterial dynamics in the
presence of no antibiotics (1st column), erythromycin only (2nd column),
tetracycline only (3rd column), or both erythromycin and tetracycline (4th
column), combined with either no phage (top row), phage incapable of
transduction (middle row), or phage capable of generalised transduction
(bottom row). Tetracycline-resistant bacteria (Bt) are initially present at a
concentration of 10° colony-forming units (cfu)/mL, and erythromycin-resistant
bacteria (Be) at 108 cfu/mL. Antibiotics and/or phage (PL) are present at the start of the

simulation, at concentrations of 1 mg/L and 10° plague-forming units (pfu)/mL
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respectively. Double-resistant bacteria (Betr) can be generated by generalised
transduction only. Dashed line indicates the detection threshold of 1 cfu or pfu/mL. b)
Change in bacteria (single-resistant to erythromycin, single-resistant to
tetracycline, or double-resistant) and phage numbers depending on the
antibiotic exposure, in the presence of phage capable of generalised

transduction.
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Supplementary Figure 4.4: Effect of varying antibiotic and phage timing and
concentration when the tetracycline-resistant bacterial strain (Bt) is in minority
(108 cfu/mL). a-b) Varying timing and dose of antibiotic and phage affects total
bacterial count after 48h (top), maximum concentration of double-resistant
bacteria (Bet) (middle), and time when the concentration of Beris greater than 1
colony-forming unit (cfu) per mL (bottom). a) Adding 10° plaque-forming units (pfu)
per mL of phage, and between 0.2 and 2.2 mg/L of both erythromycin and tetracycline.
b) Adding 1 mg/L of both erythromycin and tetracycline, and between 10° and 10%°
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pfu/mL of phage. The x-axis indicates the time when antibiotics were added, relative
to when phage were added. For example, the value “4” indicates that phage were
present at the start of the simulation, and antibiotics were introduced 4h later. The
segments with black borders correspond to the dynamics shown in c). ¢) Phage and
bacteria dynamics over 48h for 4 conditions taken from panel b. In all 4
conditions, phage are initially present at a concentration of 108 pfu/mL, while
erythromycin and tetracycline are both introduced at concentrations of 1 mg/L after
either Oh, 3h, 5h or 15h, stated on the plots, with the timing indicated by the vertical
dashed lines. Solid line indicates the detection threshold of 1 cfu or pfu/mL. The
concentrations of single-resistant bacteria (Bg, blue, and Br, green) overlap and

cannot be distinguished.
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Supplementary Figure 4.5: Effect of varying antibiotic and phage timing and
concentration when the erythromycin-resistant bacterial strain (Bg) is in
minority (108 cfu/mL). a-b) Varying timing and dose of antibiotic and phage
affects total bacterial count after 48h (top), maximum concentration of double-
resistant bacteria (Ber) (middle), and time when the concentration of Ber is
greater than 1 colony-forming unit (cfu) per mL (bottom). a) Adding 10° plaque-
forming units (pfu) per mL of phage, and between 0.2 and 2.2 mg/L of both
erythromycin and tetracycline. b) Adding 1 mg/L of both erythromycin and tetracycline,
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and between 10° and 10'° pfu/mL of phage. The x-axis indicates the time when
antibiotics were added, relative to when phage were added. For example, the value
“4” indicates that phage were present at the start of the simulation, and antibiotics were
introduced 4h later. The segments with black borders correspond to the dynamics
shown in ¢). ¢) Phage and bacteria dynamics over 48h for 4 conditions taken from
panel b. In all 4 conditions, phage are initially present at a concentration of 108 pfu/mL,
while erythromycin and tetracycline are both introduced at concentrations of 1 mg/L
after either Oh, 3h, 5h or 15h, stated on the plots, with the timing indicated by the
vertical dashed lines. Solid line indicates the detection threshold of 1 cfu or pfu/mL.
The concentrations of single-resistant bacteria (Be, blue, and Br, green) overlap and

cannot be distinguished.
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Supplementary Figure 4.6: Growth curves of NE201KT7 (tetracycline-resistant,
left), NE327 (erythromycin-resistant, middle) and DRPET1 (double-resistant,
right), exposed to varying concentrations of erythromycin (top) or tetracycline
(bottom). The minimum inhibitory concentration values for bacteria at 24h were
identical to the ones for stock bacteria, suggesting that antibiotic decay rather than
acquired resistance is responsible for the increase in bacteria numbers after 24h. Error
error bars indicate mean +/- standard deviation, from 3 replicates. cfu: colony-forming

units. Note that cfu per mL are shown on a log-scale.

289



a) b)
10" 10104
_, 10% L, 10%
£ E
2 10% 5 100
e el
5 101 a4l
5 10 2
3 3z
% 1071 5
10" 10%1
0 4 8 12 16 20 24 28 32 36 40 44 48 0 4 8 12 16 20 24 28 32 36 40 44 48
Time (hours) Time (hours)
c) d)
109 10%°4
_ 10%9 , 10°
: E
g 10% 5 10
3 2
y o
5 101 S o]
8 E
10%1 10
10" 10°4
0 4 8 12 16 20 24 28 32 36 40 44 48 ST R 12 16 30 34 38 32 36 4o a4 48
Time (hours) Time (hours)
Organism: — Bg — Br — Bgr — P

Supplementary Figure 4.7: Impact of phage and antibiotic decay on phage and
bacteria dynamics over 48h. The conditions shown are: no decay (a), phage decay
(b), erythromycin decay (c), and tetracycline decay (d). In all 4 conditions, phage and
antibiotics (erythromycin and tetracycline) are initially present at concentrations of 10°

pfu/mL and 1 mg/L respectively. Rates of decay are set to either O or 0.1 per hour.
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8.4 Supplementary Material for Chapter 5

Supplementary Table 5.1: Matching information for antibiotics and antibiotic

classes.
Antibiotic Class Antibiotic Class
Amikacin Aminoglycoside Daptomycin Lipopeptide
Gentamicin Aminoglycoside Azithromycin Macrolide
Tobramycin Aminoglycoside Clarithromycin Macrolide
Rifaximin Ansamycin Erythromycin Macrolide
Bedaquiline Bedaquiline Metronidazole Metronidazole
Ertapenem Carbapenem Mitomycin Mitomycin
Imipenem Carbapenem Aztreonam Monobactam
Meropenem Carbapenem Mupirocin Mupirocin
Cefalexin Cephalosporin Nitrofurantoin Nitrofuran
Cefiderocol Cephalosporin Linezolid Oxazolidinone
Cefixime Cephalosporin Tedizolid Oxazolidinone
Cefotaxime Cephalosporin Amoxicillin Penicillin
Cefoxitin Cephalosporin Ampicillin Penicillin
Ceftazidime Cephalosporin Benzylpenicillin Penicillin
Ceftolozane Cephalosporin Co-Amoxiclav Penicillin
Ceftriaxone Cephalosporin Flucloxacillin Penicillin
Cefuroxime Cephalosporin Phenoxymethylpenicillin | Penicillin
Chloramphenicol | Cephalosporin Piperacillin Penicillin
Chlorhexidine Chlorhexidine Pivmecillinam Penicillin
Clofazimine Clofazimine Temocillin Penicillin
Dapsone Dapsone Colistin Polypeptide
Ethambutol Ethambutol Protionamide Protionamide
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Ciprofloxacin Fluoroquinolone Pyrazinamide Pyrazinamide
Levofloxacin Fluoroquinolone Rifampicin Rifamycin
Moxifloxacin Fluoroquinolone Co-Trimoxazole Sulfonamide
Ofloxacin Fluoroquinolone Sulfadiazine Sulfonamide
Fosfomycin Fosfomycin Trimethoprim Sulfonamide
Fucidin Fucidin Doxycycline Tetracycline
Teicoplanin Glycopeptide Minocycline Tetracycline
Vancomycin Glycopeptide Tetracycline Tetracycline
Isoniazid Isoniazid Tigecycline Tetracycline
Clindamycin Lincosamide Thalidomide Thalidomide
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Supplementary Figure 5.1: Proportion of all S. aureus isolates which are
methicillin-resistant (a) and ethnicity of patients in our dataset (b). Vertical green
dashed line shows the date when lockdown began in the UK during the first wave of
the COVID-19 pandemic (29/03/20). Patients with no recorded ethnicity are excluded

from the analysis.
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Supplementary Figure 5.2: Number of susceptibility tests conducted versus
antibiotic resistances detected for each S. aureus isolate in our dataset. Each
point corresponds to an isolate in the dataset, with the position of the points jittered on
the figure to prevent the overlap of isolates with the same number of susceptibility
tests and antibiotic resistances detected. The dashed line shows the maximum
number of resistance that can be detected (equal to the number of susceptibility tests
conducted). a) Isolates collected between 2000 and 2010. b) Isolates collected
between 2011 and 2021.
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Supplementary Figure 5.3: Spearman’s correlation coefficients between

proportions of methicillin-resistant S. aureus isolates resistant to different

antibiotics over time. Antibiotics included are those with at least 50 susceptibility

tests conducted over the entire time period (2000-2021). Only significant coefficients

are shown (p value < 0.05).
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Supplementary Figure 5.4: Spearman’s correlation coefficients between

proportions of methicillin-susceptible S. aureus isolates resistant to different

antibiotics over time. Antibiotics included are those with at least 50 susceptibility

tests conducted over the entire time period (2000-2021). Only significant coefficients

are shown (p value < 0.05).
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Supplementary Figure 5.5: Change in proportion of S. aureus isolates resistant
to antibiotics over time, out of those tested for resistance to the corresponding
antibiotic. Amik.Fluclox: joint amikacin and flucloxacillin resistance, Gent.Ceftaz: joint
gentamicin and ceftazidime resistance, Gent.Cipro: joint gentamicin and ciprofloxacin
resistance, Gent.Pip.Taz: joint gentamicin and piperacillin-tazobactam resistance,
Pip.Taz.Amik: joint piperacillin-tazobactam and amikacin resistance, Pip.Taz.Cipro:

joint piperacillin-tazobactam and ciprofloxacin resistance.
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Supplementary 5.6: Change in proportion of S. aureus isolates tested for
different antibiotic susceptibilities over time. Amik.Fluclox: joint amikacin and
flucloxacillin resistance, Gent.Ceftaz: joint gentamicin and ceftazidime resistance,
Gent.Cipro: joint gentamicin and ciprofloxacin resistance, Gent.Pip.Taz: joint
gentamicin and piperacillin-tazobactam resistance, Pip.Taz.Amik: joint piperacillin-
tazobactam and amikacin resistance, Pip.Taz.Cipro: joint piperacillin-tazobactam and

ciprofloxacin resistance.
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Supplementary Figure 5.7: Proportion of all patients with a positive S. aureus
swab exposed to antibiotics of different classes. Patients may have been exposed

to more than one antibiotic.
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