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Abstract

Antimicrobial resistance is a major global health issue, which threatens the efficacy of
antimicrobial treatments. Many efforts have been made to study the genetic mechanisms of
resistance and adaptation of bacteria under antimicrobial treatments. However, the impacts of
these genetic factors on the bacterial adaptation have not been well understood. In this thesis,
I holistically investigated the physiological and cytological adaptation of Gram-negative
bacteria upon exposure to different antimicrobials. Particularly, proteomic and cellomic
profiles along with genomic data of these bacteria were acquired, which provides insights
into the molecular mechanism of the adaptation. I found a high prevalence of resistant
pathogenic Escherichia coli isolated from children with sepsis or diarrhoeal disease.
Although antimicrobial exposure generally reduced the growth bacteria, azithromycin
accelerated the bacterial growth at sub-inhibitory concentrations. Additionally, tetracycline-
resistant isolates were found to possess a fitness advantage over the susceptible isolates.
Furthermore, a variety of machine learning models were trained on the proteomic and
cellomic profiles, resulting in high accuracy of resistance identification. The models also
found strong association of resistance to different antimicrobials with the proteomic and
cellomic profiles. The machine learning models suggested that exposure to ciprofloxacin
exerted a significant perturbation on bacterial membrane and the expression of various
transmembrane proteins, which generates novel hypotheses for further experiments to
confirm. Alternatively, I utilised a high-content imaging platform to observe the cytological

adaptation of Salmonella enterica serovar Typhimurium upon 24-hour of ciprofloxacin



exposure. Strong association of the adaptation with the exposure time and the antimicrobial
concentrations was found. I also found that resistant isolates behaved differently compared to
the susceptible isolate even without exposure to the antimicrobial. In conclusion, further
holistic investigations of antimicrobial resistance should be conducted with the aids of
machine learning approaches to provide in-depth understanding on the mechanism of

bacterial adaptation, contributing to the fight against antimicrobial resistance.
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Chapter 1. Introduction and background

All the work in this chapter was performed by me. A part of this was published in

collaboration with Caroline Zellmer and Dr. Sushmita Shridha as the following.

Zellmer, C., Tran, T. A. & Sridhar, S. Seeing the bigger picture. Nat. Rev. Microbiol. 19, 745

(2021).

1.1. A brief history of antimicrobials

Antibiotic is “a compound made by a microbe to destroy other microbes™ . To a broader
meaning, antimicrobials are defined as a special group of chemotherapeutic agents used to
treat diseases caused by microbes?. Thus, antibiotics are, by definition, included in
antimicrobials. Resistance is the ability of a microorganism to survive under exposure to
antimicrobials. Multi-drug resistance (MDR) is defined as resistance to at least three different

classes of antimicrobial’.

Although the discovery of penicillin initiated the antimicrobial era, the drug was not the first
antimicrobial to be discovered. Indeed, ‘antibiose’ (the origin of the term ‘antibiotic’[anti-
life]) was first used by Paul Vuillemin in 1890, as an antonym to symbiosis to describe
antagonism among microorganisms®*. Three years later, in 1893, the first true antibiotic
(mycophenolic, Figure 1-1, compound 1) was isolated from Penicillium glaucum (now P.
brevicompactum) by the Italian physician and microbiologist Bartolomeo Gosio®. In 1907,
the first antimicrobial used for human health - arsphenamine (Salvarsan, Figure 1-1,
compound 2), was synthesised in the laboratories of Paul Ehrlich, who latterly won the 1908

Nobel Prize in Physiology or Medicine. However, the first mainstream antibiotic was



penicillin®. Chemical structures of other historical-milestone antimicrobials were described in

Figure 1-1.
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Figure 1-1. Chemical structures of historical-milestone antimicrobial.

For every antimicrobial, a chemical structure was provided with the years of first isolation?,

first reported synthesis®, and first used as drug®. Adopted from Nicolaou et al.®



In September 1928, returning to his laboratory from a summer vacation, Alexander Fleming
observed a plate of Staphylococcus aureus (S. aureus), left on the bench, contaminated with
the fungus Penicillium notatum (now P. chrysogenum). Further investigating the mould, he
discovered that the fungus excreted a substance that killed the bacteria®. In March 1929, he
named the substance penicillin’. Early 1941, three scientists at the University of Oxford,
Howard Walter Florey, Ernst Boris Chain, and Norman Heatley, isolated penicillin from
fungus and successfully tested it on a mouse model®. During World War II, an Anglo-
American project was launched to produce sufficient amounts of penicillin to prevent death
caused by wound infections amongst the allied forces. In 1945, using X-ray crystallography,
Dorothy Crowfoot Hodgkin solved the structure of penicillin® (Figure 1-1, compound 3),
enabling the development of semi-synthetic derivatives of the drug®. In 1945, Alexander
Fleming, Ernst Boris Chain and Howard Walter Florey were ultimately jointly awarded the

Nobel Prize in Physiology or Medicine for the discovery and characterisation of penicillin.

Soon after penicillin became mainstream in World War II, Albert Schatz and Selman
Waksman discovered streptomycin (Figure 1-1, compound 6), the first aminoglycoside,

which was isolated from Streptomyces griseus'®!!

. The drug was proven to be effective
against many Gram-negative bacteria as well as Mycobacterium tuberculosis. Streptomycin
was first used to successfully treat tuberculosis in 1944!2; Waksman was awarded a Nobel
Prize in Physiology or Medicine in 1952. Subsequently, other aminoglycosides have been
discovered and developed from Streptomyces spp. and Micromonospora spp. Antimicrobial
agents isolated from the Streptomyces group are known as “mycin” aminoglycosides, e.g.,

neomycin, kanamycin, and tobramycin, whereas the agents isolated from Micromonospora

group are known as the “micin” aminoglyocsides, e.g., gentamicin and sisomicin'.



In the same year that Alexander Fleming won the Nobel Prize, the first member of the
cephalosporin family (a subclass of f-lactams) was first discovered from Cephalosporium
acremonium (now Acremonium chrysogenum) by Giuseppe Brotsu'3. Unable to attract
resources from the Italian pharmaceutical industry, Brotsu decided to send his fungal cultures
to the University of Oxford. At the Sir William Duncan School of Pathology, Edward P.
Abraham and Guy Newton succeeded in isolating the compound from Brotsu’s fungus and
named it cephalosporin C (Figure 1-1, compound 3a) in 1955'. Although cephalosporin C
was not approved for clinical use, its structure inspired the development of similar analogues
thereafter. As of today, four generations of cephalosporin have been synthesised and
introduced to the market, which have broad (extended spectrum) activity against Gram-
negative bacteria, but are less effective against Gram-positive microbes'. The third-
generation agents are widely used to treat both hospital-acquired and community infections.
Specifically, the third-generation cephalosporins, e.g., ceftriaxone, are well known to
penetrate the blood-brain barrier, making them useful for treating meningitis caused by
pneumococci, meningococci, Haemophilus influenzae (H. influenzae), Escherichia coli (E.

coli), Klebsiella, and penicillin-resistant Neisseria gonorrhoeae (N. gonorrhoeae)".

In 1945, the American plant physiologist Benjamin M. Duggar isolated chlortetracycline
(Figure 1-1, compound 7), the first member of the tetracycline family, from Streptomyces
aureofaciens (Strep. aureofacients)'®. Soon after, Alexander C. Finlay and his co-workers, at
Pfizer (New York, NY, USA), isolated several other members of the tetracycline family,
including oxytetracyline (from Strep. rimous), demethylchlotetracycline (from Strep.
aureofacients) and tetracycline (TE, from Strep. aureofacients)®. Other tetracyclines were
produced using semisynthetic approaches, which include methacycline, doxycycline, and

minocycline. With no major adverse side effects, tetracyclines are commonly prescribed as



broad-spectrum antimicrobials to treat both Gram-negative and Gram-positive bacterial
infections in both human and animals. Indeed, these agents have widely been used in
veterinary medicine and growth promotion in farmed animals, as tetracyclines are among the
cheapest antimicrobials available. The USA licensed cholotetracycline and oxytetracyline as
growth promoters for animals!”-!8; therefore, the country became the biggest consumer of

tetracycline antimicrobials worldwide with approximately 3,200 tons per year'.

In 1950, five years after the discovery of chlortetracycline, pikromycin, the first member of
the macrolide family, was isolated from a Streptomyces strain®. The agent was named after
the ancient Greek word pikro, meaning bitter, due to its distinctive taste. Two years later, Eli
Lilly (Indianapolis, IN, USA) isolated erythromycin (Figure 1-1, compound 11) from
Saccharopolyspora erythyraea. The bacterium was found in a soil sample imported from
Philippines to the USA. The macrolides are classified based on the size of their macrocyclic
lactone ring, including 12-membered ring (e.g., methymycin) 14-membered ring (e.g.,
pikromycin, erythromycin, clarithromycin and flurithromycin), 15-membered ring (e.g.,
azithromycin), and 16-membered ring (e.g., carbomycin, niddamycin, and tylosin).
Additionally, the 15-membered macrolide, azithromycin (AZI), also displayed anti-

inflammatory properties, which have recently been tested to treat viral infections?!.

After the discovery and development of macrolides in the 1950s, the 1960s witnessed the
birth of one of the most important classes of antimicrobial, the quinolones. After
investigating an impurity within the chemical manufacture of chloroquine (an antimalarial
agent), in 1962, George Y. Lesher and colleagues (at Sterling-Winthrop laboratories,
Rochester, NY, USA) discovered nalidixic acid (Figure 1-1, compound 16), the first member

of the class quinolone. However, a major ocular toxicity was reported soon after the agent the



approval for clinical use??. For this reason, the quinolones did not get as much attention until
the development of fluoroquinolones in the 1950s and in the 1960s. Compared to its

ascendant, the fluoroquinolones possess extended spectrum against both Gram-negative and
Gram-positive microbes and possess superior pharmacokinetics with less severe side effects.
In two decades, from a relatively small sale, the (fluoro)quinolones have become major class

of antimicrobials with a global market of $3.04 billion in 1997%.

Referring back to Waksman’s work, by systematically investigating microbes to isolate
antibiotics, he initiated the Golden Age of antibiotic discovery from the 1940s to the 1960s%*.
During this period, new classes of antibiotics were discovered and developed nearly every
year to treat bacteria resistant to previous classes®*. However, over the last 40 years, no new
class of antimicrobial has been developed and introduced to the market (Figure 1-2). Indeed,
harvesting all ‘low-hanging-fruits’ largely exhausted the antimicrobial discovery pipeline®*,
leading to greater difficulty to discover novel targets for antimicrobial development. Along
with this, antimicrobial development faces certain obstacles?® compared to other drug

development.

There are three main obstacles. 1) Resistance against developing antimicrobials emerges
rapidly?®. Since the majority of the previous-generation antimicrobials were complex natural
or semi-synthesised products with multiple binding targets, they are less likely to select for
resistance?. On the other hand, newly developed antimicrobials are often small molecules
directly binding to protein targets, which had them selected for resistance rapidly?®?7.
Moreover, for that reason, new generations of antimicrobials are often reserved to treat

bacteria resistant to previous antimicrobials, which limits the sales and profits of drug

developers. ii) Novel antimicrobial targets exhibit an undesirably narrow spectrum, e.g., only



effective against specific genera, species or even organisms?. Compared to broad-spectrum
encounters, narrow-spectrum antimicrobials are considered more beneficial for patients as
they display less disturbing impacts on human microbiome. However, that advantage also
holds back the sales of narrow-spectrum antimicrobials since the drugs cannot be used to
treat a wide range of infection. For example, fidaxomicin, a recently approved antimicrobial,
is only effective against Clostridium difficile, which had the drug struggled to compete in the
market with older broad-spectrum antimicrobial, such as vancomycin®. iii) Marketed
antimicrobials are required to possess high selectivity for bacteria to minimise toxicity on
mammalian cells®. That requirement remains a challenge for antimicrobial development,
given that many antimicrobials have been discontinued due to reported adversarial effects,
including the classic nalidixic acid?? and three antimicrobials, telithromycin?®,

temafloxacin®, and trovafloxacin’’, developed in the 1990s and early 2000s.

Therefore, for those reasons, the cost of developing a new antimicrobial exceeded $3.12
billion in 20133!, having the pharmaceutical and agrochemical companies shut down their
antimicrobial discovery programmes. In 2015, Merck closed its antimicrobial arm of Cubist,
a subsidiary of the company?*. Later in 2017, Sanofi ended its collaborative programme, with
Warp Drive Bio, developing cancer therapies and antimicrobial using genomic mining?*.
Altogether, this loss in expertise has limited the options of antimicrobial to treat infections

with AMR and life-threatening MDR bacteria.
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1.2. Antimicrobial resistance

Antibiotic synthesis pathways have played an important role in microbial evolution for
millions of years**-3*. These natural products are hypothesised to act as chemical weapons to
kill competitors as well as signalling molecules, interacting with other microbes or

3537 To counteract the impacts of antibiotics, bacterial communities have co-

eukaryotic hosts
evolved and incorporated antimicrobial resistance (AMR) factors into their genomes?®. These
factors are called antimicrobial resistance genes (ARGs) and all ARGs in both pathogenic
and non-pathogenic bacteria are defined as “resistome”. In fact, metagenomic analysis of
ancient DNA concluded that ARGs existed long before the wide use of antimicrobials®.
Reinforcing this conclusion, by retrospectively investigating the bacterial collection curated
by E. G. D. Murray from 1927 to 1954, a genomic study found that ARGs were circulating

within bacterial communities prior the discovery of penicillin®®2,

Resistance to penicillin was identified within a few years before approval of the drug for
clinical use®. Two years after its first clinical use to treat typhoid fever, a Salmonella Typhi
isolate resistant to chloramphenicol was first identified in 1950*. Soon thereafter, more
resistant microbes were reported within a few years post clinical approvals of new
antimicrobial classes, e.g., streptogramins, fusidic acid, and quinolones (Figure 1-2). For
aminoglycosides, oxazolidinone, and daptomycin, resistance was reported in the same year of
market introduction (Figure 1-2). Spagnolo and his colleagues suggested that human abuse
and misuse of antimicrobials was one of the major contributions to the wide spread of
AMR*, The father of penicillin, Alexander Fleming, spoke to the New York Times about

potential threats, and warned the public about antimicrobial abuses and resistance®.
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In fact, the more we use antimicrobials, the more resistance is facilitated “¢-*3. For instance, a
50-year retrospective study in China found that from the 1970s to 2010s the prevalence of
ampicillin-resistant E. coli almost tripled from 24.39% to 72.86%, TE resistance rose from
48.67% to 79.78%, and resistance to cephalosporins soared from 1.22% to 52.24%%*. In
Africa, the incidence rate of ciprofloxacin-resistant Enterobacteriaceae spp. escalated from
about 20% to more than 60% in 14 years (2001-2015)%°. Moreover, from 2016 to 2020, the
proportion of E. coli resistant to carbapenems has doubled in Europe. Note that carbapenems
are one of the last resorts to treat MDR bacteria®!. In Norway, the prevalence of MDR in S.
Typhimurium increased 84% from 1998 to 2000°2, whilst in the US, the MDR prevalence
increased from 0.6% (1979) to 34% (1996)3. Furthermore, from 2003 to 2006, the
prevalence of MDR S. Typhimurium isolated in the UK increased 32%°*. In China, the
proportion of S. Typhimurium carrying beta-lactam resistance genes raised from 25.93% in
2006-2009 to 68.71% in 2014-2017%. Altogether, humanity has witnessed the colossally

wide spread of antimicrobial resistance across the globe in recent decades’®.

Indisputably, the soaring trend of antimicrobial resistance is unignorable. But what makes
antimicrobial resistance such a concerning and problematic subject for the World Health
Organisation (WHO) to name it as one of the major threats for global health??”. The answer
lies in the looming storm. A systematic review published in 2019 estimated that
approximately 1.27 million deaths were attributable to AMR infections worldwide.
Particularly, there were 33,000 deaths caused by resistant bacteria in Europe®” and 23,000
deaths in the USA®. According to the WHO, the hospitalisation costs for patients infected
with AMR bacteria are significantly higher than that for patients infected with susceptible
organisms®!. The economic cost of AMR infections in Europe was estimated to be around 1.1

billion Euros®!. In a broader view, without efficient intervention, by 2050, AMR was
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predicted to directly or associatively cause 10 million deaths worldwide and will cost the

global economy £55 trillion to treat infection with AMR pathogens®?.

1.3. Antimicrobial modes of action and resistance mechanisms

Over millions of years of evolution, certain microorganisms, including bacteria, have
developed antibiotics to inhibit and kill other bacteria based on five major modes of action
(MoA). These are, (A) inhibition of cell wall synthesis (e.g. f-lactams), (B) inhibition protein
synthesis (e.g. macrolides and tetracyclines), (C) metabolic antagonist action (e.g.
trimethoprim), (D) inhibition of nucleic acid synthesis (e.g. fluoroquinolones), and (E)
impairment of cytoplasmic membrane (e.g. daptomycin) (Figure 1-3). Synthesis and semi-
synthesis of further commercial antimicrobials were inspired by those five MoA. To
counteract the effects of antimicrobials, bacteria have consequently evolved four broad
resistance mechanisms: these are (1) enzymic inactivation of the antimicrobial, (2) the
upregulation of efflux pumps, (3) mutations of or downregulation of porins, and (4) alteration

of the antimicrobial target (Figure 1-3).
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1.3.1. Mechanisms of resistance to (fluoro)quinolones

1.3.1.1. Alteration of antimicrobial targets

Gram-negative bacteria acquire high-level of resistance to (fluoro)quinolones by the
accumulation of mutations within the quinolone resistance determining regions (QRDRs) in
the genes encoding the type II topoisomerases (GyrA, GyrB, ParC, ParE)%. Mutations in
QRDREs alter the structures of antimicrobial targets, decreasing the binding affinity of the
drugs, and thus confer resistance to (fluoro)quinolones®>-%¢, Mutations in gyr4 and parC are
more commonly found, compared to gyrB and parE®’. For E. coli, the Ser83 mutation site in
gyrA was most frequently found, followed by Asp87 on the same target protein®. Bacteria
acquire higher levels of (fluoro)quinolone resistance with increased higher number of
mutations on the QRDRs. Typically, a single mutation, on DNA gyrase or topoisomerase 1V,
65,6768

confers eight- to 16-fold increasement in resistance level, compared to the wild-type

Meanwhile, mutation in both targets results in greater resistance levels (10-100 times)$%70,

1.3.1.2. Reduced antimicrobial accumulation

As a hydrophilic compound, the (fluoro)quinolones require the aid of porin channels to enter
the intracellular environment of Gram-negative bacteria®-7-7172, Certain mutations can result
in either loss or downregulation of porin channels, such those occurring in genes encoding
OmpA, OmpC, OmpD, and OmpF. The loss and downregulation can lead to a reduction in
intracellular concentration of (fluoro)quinolones and consequently confer resistance. OmpX
has been known as an inhibitor of porin channels. Thus, overexpression of OmpX could
downregulate OmpC, OmpD, OmpF, LamB, and the Txs porins®”7!-73, The downregulation
confers resistance to a wide range of antimicrobials including (fluoro)quinolones. Besides

porin channels, (fluoro)quinolones can also intrude bacterial cells via the lipid-mediated
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pathway. Hence, mutations leading to modification of lipopolysaccharide (LPS) structures

increases the resistance level to (fluoro)quinolones®*.

In concert with porin downregulation and LPS modification, overexpression of efflux pumps
enhances the resistance level to (fluoro)quinolone and other antimicrobials®*%%¢7. For E. coli,
the resistance-nodulation-division (RND) family is the primary involved efflux pumps,
contributing to resistance against (fluoro)quinolones. A typical structure of RND pumps,
includes an inner membrane pump protein, an outer membrane channel protein, and a
periplasmic-membrane fusion protein (e.g. AcrAD-TolC)®7-6%72, Additionally, a few members
of MFS (Major Facilitator Superfamily, e.g. EmrAB-TolC and MdfA) and MATE (Multi
Drugs and Toxic Compound Extrusion, e.g. NorE and YdhE) also contribute to
(fluoro)quinolone resistance®’-%%72, Compared to mutations on target proteins (e.g. GyrA and
ParC), mutations leading to downregulation of porin channels and overexpression of efflux

pumps confer lower resistance level (typically four- to eight-fold)®.

1.3.1.3. The Plasmid-mediated quinolones resistance (PMQR) genes

The primary PMQR mechanism is protecting the type II topoisomerases from
(fluoro)quinolone inhibition with Qnr proteins®*. The secondary PMQR mechanism is
modifying (fluoro)quinolones and thus, decreasing the antimicrobial activities. Mutations on
plasmid-encoded aminoglycoside-modifying acetyltransferase AAC(6’)-Ib-cr confer
resistance by acylation of the unsubstituted nitrogen of the C7 piperazine on
(fluoro)quinolone®*®8, The third mechanism of PMQR is to extrude (fluoro)quinolone from
bacterial cytoplasm with efflux pumps QepA and OgqxAB encoded on plasmids. QepA

belongs to the MFS family which actively pumps out hydrophilic fluoroquinolones like
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ciprofloxacin (CIP) and norfloxacin. OqxAB is a part of the RND family and works on a
wide arrange of antimicrobials beyond (fluoro)quinolone, including tetracyclines,
chloramphenicols, and trimethoprim®*74, Generally, PMQR genes alone confer a low level of

resistance to (fluoro)quinolones, which generally does not reach clinical breakpoints®.

1.3.2. Mechanisms of resistance to macrolides

1.3.2.1. Alteration of antimicrobial targets

The ribosome is a macromolecular biological complex, comprising of 65% rRNA and 35%
ribosomal proteins’>. Therefore, mutations in genes encoding both the rRNA and ribosomal
proteins can confer resistance to macrolides. Studies on role of target alteration in
development of macrolide resistance have been mainly facilitated by mutagenesis or
spontaneous mutants in vitro’S. Base substitutions in the 23S rRNA (encoded on 771 operon)
have been reported to increase resistance to macrolides’’. Since bacteria possess a varied
number of rrn copies on their chromosome, the effect of substitution on 23S rRNA is highly
species dependent’®. For the Enterobacteriaceae, the species have up to eight 7rn loci’”.
Thus, the mechanism is less relevant to the development of macrolide resistance in those
species’®. For alteration of ribosomal proteins, mutations on L4 (encoded by rplD gene) and
L22 (encoded by rplV gene) have been shown to contribute to macrolide resistance’®. The
mutations have been hypothesised to change the structure of ribosome complex and thus, to
complicate the access of macrolides to their binding site. Alteration of amino acid at positions
Q62, K63, G64, or G66 on L4, as well as K90 on L22 have mainly been found to reduce the
binding of macrolides to ribosome®*8!, Insertion and deletion on both L4 and L22 have been
reported to be involved in macrolides resistance. In E. coli, four insertion sites on L4 and
L22, eight deletion sites on L4, and five deletion sites on L22 were described to confer

resistance to macrolides’®.
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Methylation of the post-transcriptional 23S rRNA can also confer resistance to macrolides. In
the presence of methyltransferase, methyl groups are covalently added to the 23S rRNA,
preventing the macrolides from interacting with the ribosome’®. Among the
methyltransferases, adenine N-6-methyltransferase (encoded in erm genes) are the most
extensively studied. The N-6-methyltransferase confer resistance to macrolides by adding one
or two methyl groups to an adenine of post-transcribed 23S rRNA, mainly at position
A2058%, Within the Enterobacteriaceae, at least six variants of the erm gene, including
erm(B), erm(C), erm(D), erm(E), erm(F), and erm(42), have been described on the bacterial
chromosome®*#, These erm genes have also been found in mobile elements. In E. coli,
erm(B) and erm(C) are encoded on pTN48 plasmid along with another macrolide resistance

determinant, the mphA gene®.

1.3.2.2. Reduced antimicrobial accumulation

Reduced antimicrobial accumulation can also induce resistance to macrolides, in a manner
comparable to the (fluoro)quinolones and can be mediated by extrusion of the antimicrobials
with chromosomal efflux pumps’®. However, due to specific membrane permeation, basal
efflux pump activities, and natural binding to ribosome, the effects of efflux pumps on
macrolide resistance can only be observed indirectly®®. For the Enterobacteriaceae, the
AcrAB-TolC, a RND efflux pump, is the most well studied transport systems. Previous
studies on E. coli have shown that inhibition of RND pumps by PASN resulted in four- to 16-
fold decrease in MIC¥. Another study on S. Typhimurium discovered that inactivation of
arcB gene led to 64-fold decrease in MIC against erythromycin®’. In accordance with this
finding, Wehmier and his colleagues observed that disruption of arcB reduced MIC against

erythromycin, clarithromycin, and azithromycin by 128-fold®8. Point mutations on genes
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encoding for efflux pump components can also disrupt the activity of the pump and result in a

reduction in the MIC’®,

In addition to the chromosome, efflux pump genes can also be carried on mobile elements,
such as plasmids. To date, five transferable efflux pumps have been reported in the
Enterobacteriaceae. Of those, msr(4), msr(D), and msr(E) belong to the ABC family, while
mef{A4) and mef(B) belong to the MF family’®%38% At present, mef(4) is the most identified
transferable efflux-pumps-gene that confers resistance to macrolides®. The mef(B) gene,
which is 30% identical to mef(4), has only been found in E. coli isolated from porcine
samples’!. Regarding Msr(D), the efflux pump itself does not extrude macrolides molecules,
but expresses enhanced pump out activity in the presence of Mef(A)*. Note that the msr(D)
and mef{4) gene are regulated under by the same operon. Like msr(D) and mef(A), the msr(E)

gene is associated with mph(E) as part of a common operon®?,

1.3.3. Mechanisms of resistance to tetracyclines

1.3.3.1. Alteration of antimicrobial targets

Comparable to macrolide resistance, resistance to tetracyclines can be conferred through
point mutations in genes coding the rRNA. This type of resistance is usually found in bacteria
with low rRNA gene copy numbers, e.g. Propionibacterium acnes (2-3 copies), Helicobacter
pylori (1-2 copies), and Mycoplasma bovis (1-2 copies)®. In contrast, since genes coding for
ribosomal proteins are in single copy, mutations in these genes can confer resistance to
tetracyclines. For example, in vitro studies found that mutations on psJ can confer resistance
in E. coli®* and K. pneumoniae®. The gene rpsJ encodes for the 30S ribosomal subunit

protein S10.
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1.3.3.2. Target protection and enzymatic inactivation

The tetracycline ribosomal protection proteins (RPPs) can catalyse the GTP-dependent
release of tetracycline from ribosome”®®7. Tet(O) and Tet(M) are the two most well studied
RPPs, which are commonly found in both Gram-positive and Gram-negative bacteria®®.
Plasmids carrying fet(X), encoding for flavin-dependent monooxygenase, can also confer
tetracycline resistance. This gene was originally identified in Bacteroides, but has become

widespread to Enterobacteriaceae due to the conjugative nature of the carrying plasmids®>.

1.3.3.3. Reduced antimicrobial accumulation

Tetracycline-specific efflux pumps extrude intracellular tetracyclines to extracellular
environment. These pumps mostly belong to the MFS and can be classified into seven
groups®. While fet(4) and tet(B) of group 1 are commonly found in Gram-negative bacteria,

group 2 pumps including zet(K) and fet(L) are mostly found in Gram-positive bacteria®.

1.4. The Enterobacteriaceae family

Rahn, in his publication in 1936, proposed a classification system to group bacteria species of
similar phenotypic traits®. Afterwards, the family Enterobacteriaceae was later coined to host
a single genus (Enterobacter) of 112 species!®®!!, Since then, the classification has been
modified several times and more species have been formally included to the family. As of
June 2014, the family Enterobacteriaceae consists of 23 genera and more than 210 species!??
which can be found in various habitats including water, soil vegetation, and warm-blood
animals. All members of the family are Gram-negative, nonsporulating, rod-shape (bacilli),

facultative aerobic, either motile or nonmotile, oxidase-negative (except Plesiomonas
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shigelloides), and catalase-positive. They utilise glucose as a carbon source via fermentation
process and reduce nitrates to nitrites during respiration (except Photorhabdus and

Xenorhabdus)'?.

Through the history of microbiology, the Enterobacteriaceae members have been considered
as amongst the most important families in the microbial world with a great impact on
veterinaries, public health, and the global community!%%193:194 While many
Enterobacteriaceae species are non-pathogenic as a part of normal human gut microbiota
(commensal microorganisms), certain species of the family are pathogenic and can cause
both intestinal and extraintestinal diseases. Of these species, K. pneumoniae accounted for
6.2% isolates from adults with community-acquired pneumonia in Asia'% and Klebsiella spp.
accounted for 15.1% isolates from blood samples in Vietnam!%, In Africa, approximately
11.7% isolates form urine samples of patient with urinary tract infection were Proteus spp.'?.
Salmonella spp. was detected in 115 of 657 stool samples (17.5%) from children with

gastroenteritis in Taiwan!%.

1.4.1. Escherichia coli

E. coli is a member of the family Enterobacteriaceae, and a part of normal gut microbiota of
humans along with other common species including Lactobacillus, Clostridium, Bacteroides,
Bifidobacterium, Fusobacteria, and Ruminococcus, etc.!%. E.coli displays all characteristics
of a typical Enterobacteriaceae bacterium and possesses specific bacteriological features,
including positive ortho-nitrophenyl-5-D-galactoside reaction, positive methyl-red reaction,
negative Voges-Proskauer reaction, negative phenylalanine-deaminase reaction, negative

110 'While commensal E.

Simmons’ reaction, indole production, hydrogen sulphide production
coli are considered harmless, other variants are pathogens and can be broadly classified into

two main groups: (1) gastrointestinal pathogens including enteropathogenic E. coli (EPEC),
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enterotoxigenic E. coli (ETEC), enterohemorrhagic E. coli (EHEC), enteroaggregative E. coli
(EAEC), enteroinvasive E. coli (EIEC), diffusely adherent E. coli (DAEC) and (2)
extraintestinal pathogens including uropathogenic E. coli (UPEC), neonatal meningitis E. coli

(NMECQ), adherent invasive E. coli (AIEC), extra-intestinal E. coli (ExXPEC)'!!,

Epidemiologically, E. coli was found to be the most prevalent pathogen associated with

)19 and urinary tract infections in Africa (41.9%)!%7.

bacteraemia in Asia (43.8%
Diarrheagenic E. coli was responsible for 45.2% diarrheal cases in children under five years
for which ETEC, EPEC, and EAEC accounted 14.6%, 12.8%, and 24.7%, respectively!!2.
Particularly, ETEC caused 222.6 million diarrheal cases and 51,200 deaths globally in
2016'3. The high prevalence and burden of E. coli has made it one of the most important

pathogens belonging to the family Enterobacteriaceae and most well studied microbial

species.

1.4.2. The Salmonella genus and Salmonella Typhimurium

The genus Salmonella was named after D.E. Salmon, an American bacteriologist, who
isolated Salmonella enterica serotype Choleraesuis from pigs with hog cholera!®. The
nomenclature of Sa/monella has been a heated debate and has been updated several times
through the ~100-year history of the genus. Currently, the genus comprises of two species,
namely Salmonella bongori (S. bongori) and Salmonella enterica (S. enterica) (Figure 1-4).
Of these species, Salmonella enterica has been classified into six subspecies falling into

approximately 2,500 serotypes according to the Kauffmann-White scheme. These subspecies

include (1) S. enterica subsp. enterica, (I1) S. enterica subsp. salamae, (I11a), S.
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enterica subsp. arizonae, (111b) S. enterica subsp. diarizonae, (IV) S.

enterica subsp. houtenae, and (V1) S. enterica subsp. indica.
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The genus Salmonella

Figure 1-4. Nomenclature of Salmonella genus

The diagram described the nomenclature of Salmonella genus, which hosts two species of S.
enterica and S. bongori. The S. enteria was sub-classified into six subspecies, of which S.

enteria subsp. enterica belongs to more than 1,500 serovars.
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As a genus in the family Enterobacteriaceae, Salmonella species exhibit all metabolism and
physiological characteristics of the family, but also display unique properties which
distinguish Salmonella from other genera belonging to the family. Salmonella spp. are
catalase positive, lysine and ornithine decarboxylase positive, oxidase positive, indole
negative, tryptophan and phenylalanine deamination negative, methyl red positive, Voges-
Proskauer negative, and urease negative. They produce acid (and gas) through fermentation
of glucose, mannitol, and sorbitol. The bacteria are able to ferment sucrose, but rarely

adonitol and lactose and produce H>S when grown on triple iron sugar agar.''4

Salmonella enterica serovar Typhimurium (S. Typhimurium) is a food-borne bacterium
found worldwide ''>-!8 that can cause gastroenteritis, diarrhoea, and in certain settings,
invasive disease. Together with Sa/monella serovar Enteritidis, S. Typhimurium accounted
for approximately 35% to 40% of culture-confirmed infection, making them the two most
common serovars in the USA!'!®. In low- and middle-income countries (LMICs), Salmonella
infection, especially S. Typhimurium, is still a high burden due to low standard of
environmental hygiene and food safety. In 2019, a study reported that 21 of 50 samples of
soft drink in Jakarta, Indonesia were contaminated with S. Typhimurium!?°, In another study,
29% and 16% of 900 samples from swine farms in North Nigeria were contaminated with

Salmonella Agama and S. Typhimurium, respectively'?!.

1.5. Methods to study antimicrobial resistance

Given the emergence and widespread of resistant bacteria, antimicrobial susceptibility testing
(AST) plays a key role in antimicrobial stewardship and AMR management. AST not only

helps to preserve the currently available antimicrobials, but also provides vital information to
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physicians for the optimal prescription of antimicrobials. Based on the target of observation
or detection, AST was classified into two main groups of (1) phenotypic AST and (2) AMR
detection!?? (Figure 1-5). In phenotypic AST, resistance is identified by observation of
phenotypic changes of bacteria under exposure to different antimicrobials'?2. These changes
can be measured as inhibitory zones, bacterial suspension density, morphology, proteomics,
metabolomics, etc. Regarding AMR detection, resistance is determined by the presence of
specific ARGS, which can be detected by either molecular techniques or by genomic

sequencing'?2,
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Figure 1-5. Overview of AST methods
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(a) General classification of AST methods. (b) Emergence innovative technologies for

phenotypic AST with corresponding characteristics. Adopted from van Belkum et al.!?2,
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1.5.1. Culture-based AST

Roughly three decades after the first detection of resistant bacteria, agar dilution test was
introduced in the 1950s as the pioneering method for susceptibility testing!?2. Latterly, disk
diffusion, broth dilution, and VITEK instrument were introduced in the 1960s, 1970s, and
1980s sequentially'?2. The mechanism of these culture-based AST is to observe visual growth
of bacteria in the presence of different antimicrobials at specific concentrations. Of these
classic AST methods, disk diffusion, gradient diffusion and broth dilution are considered as
the gold-standards for detection of resistant organisms, which were released by FDA for in
vitro diagnostics'?2. Compared to other methods, culture-based AST is low cost, robust and
does not require any prior knowledge about resistance mechanisms. However, these methods
take long time to generate results (usually 16-24h)!'?%, require high standard laboratories,
depend heavily on experience of performers, and are unsuitable for high-throughput.
Therefore, innovative technologies are in sustainable demand to overcome the disadvantages
of these classical methods, providing a more effective solution for development of novel

antimicrobial susceptibility test.

1.5.2. Molecular techniques and genomics analysis

The invention of polymerase chain reaction (PCR) by Kary Mullis gave birth to AMR
detection techniques using conventional PCR, quantitative PCR (qPCR), or quantitative real-
time PCR (RT-PCR). The idea behind these methods is to detect the presence of AMR
factors, that were previously known as resistance determinants. Compared to classical AST
methods, ARG detection techniques requires >6h to generate results'?®>. However, the
detection of all AMR genes in bacterial resistome is costly, labour intensive and time

consuming.
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For analysis of the entire resistome, whole-genome sequencing (WGS) is a preferable
method. Thanks to the advances in technology, especially the next generation sequencing
(NGS) platforms, WGS of bacteria has become more affordable, which enables detection of
all resistance factors within genomes of multiple bacterial isolates simultaneously!®.
Additionally, the technology has been used to study population structure and evolution of
pathogenic bacteria, including E. coli'**'%>, S. Typhimurium'?®'?’| K. pneumoniae'?.
Furthermore, functional genomics and metagenomics can be employed to discover novel
mechanisms of antimicrobial resistance in bacteria. However, compared to other phenotypic
ASTs and nucleic-acid-detection methods, genome analysis is more expensive and labour-

intensive, which is not suitable to be integrated into routine clinical diagnostics.

A typical Illumina NGS study includes four steps: library preparation, cluster generation,
sequencing, and data analysis (Figure 1-6)!?. In the library preparation step, transposases are
added to simultaneously and randomly fragment the input DNA, following by tagging these
fragments with adaptors and indexes (Figure 1-6A). The cluster generation is the process in
which each tagged DNA fragment is isothermally amplified through a flow cell coated with
forward and reverse oligos (Figure 1-6B). During sequencing step, in every cycle, one of four
types of fluorescently tagged nucleotides (A, T, G, C) is added to the growing chain
complimentarily to the fragment templates and emits light signal (Figure 1-6C). Finally, the
read data undergoes a data analysis process, depending on the proposed research questions

(Figure 1-6D).
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A. Library Preparation
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NGS library is prepared by fragmenting a gDNA sample and
ligating specialized adapters to bath fragment ends.

C. Sequencing
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Cluster 1 > Read 1: GAGT...
Cluster 2 > Read 2: TTGA...
Cluster 3 > Read 3: CTAG...

Cluster 4 > Read 4: ATAC...  Text File

Sequencing reagents, including fluorescently labeled nucleo-
tides, are added and the first base is incorporated. The flow
cell is imaged and the emission from each cluster is recorded.
The emission wavelength and intensity are used to identify

the base. This cycle is repeated “n” times to create a read
length of “n” bases.

Figure 1-6. NGS chemistry overview
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Library is loaded into a flow cell and the fragments are
hybridized to the flow cell surface. Each bound fragment
is amplified into a clonal cluster through bridge ampilification.
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ATGGCATTGCAATTTGACAT
TGGCATTGCAATTTG
AGATGGTATTG
GATGGCATTGCAA
GCATTGCAATTTGAC
ATGGCATTGCAATT
AGATGGCATTGCAATTTG

Reads

Reference
Genome

AGATGGTATTGCAATTTGACAT

Reads are aligned to a reference sequence with bioinformatics
software. After alignment, differences between the reference
genome and the newly sequenced reads can be identified.

(A) library preparation, (B) cluster generation, (C) sequencing, (D) data analysis!%.
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1.5.3. Proteomics analysis with MALDI-TOF MS

Matrix-Assisted Laser Desorption/Ionisation — time-of-flight mass spectrometry (MALDI-
TOF MS) has been widely used in different fields of biomedical research, including analysis
of high-molecular-weight molecules of 2kDa-100kDa (proteins!3?, peptides'3!, and
polymers!3?), the identification of pathogenic microorganisms!3?, and screening of
biomarkers (especially in AMR detection)!4, etc. Experiments with MALDI-TOF MS are

123 Given these

comparatively straightforward, expeditious and low-cost at <£1 per assay
advantages, MALDI-TOF MS has been installed and employed in medical laboratories for

routine identification of pathogenic microorganisms cultured from biological samples.

In a typical experiment with MALDI-TOF MS, samples are combined with matrix solution
and co-crystalised on a metal target plate, which is then loaded into the mass spectrometry. In
the MALDI-TOF, a vacuum environment is generated; the target plate is irradiated by a UV
laser (usually 337nm). Upon the laser bombardment, both samples and matrix crystals are
sublimated and entered the gas phase, releasing ionised particles into the vacuum chamber,
e.g. proteins and peptides. The ions are subsequently accelerated in an electrical field
generated by extraction electrodes. Under acceleration, the ions fly through the vacuum
chamber and hit the detector at the other end of the chamber; time-of-flight for each ion is
recorded. During the flight, the ions are separated by their mass, such that lighter ions require
less time to reach the detector (mass analyser). Finally, the time-of-flight is used to calculated
the mass-to-charge ratio (m/z) for each ionised particle, resulting a mass spectrum of all

analytes in a sample!®. Figure 1-7 described the structure of a MALDI-TOF MS.
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Figure 1-7. Configuration of a MALDI-TOF MS.

The ion source consists of a sample electrode (target plate with laser) and two extraction
electrodes. The mass analyser contains an Einzel lens, defectors, and a mass gate. lons are
detected with the MCP I in the linear mode and with the MCP II in the reflection mode (with

a reflectron). Adopted from Wang et al.!3>
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Many efforts have been made to adopt MALDI-TOF MS for rapid susceptibility testing.
Recently, retrospective mass spectra have been collated and re-analysed by Weis and co-
workers in 2022 to predict AMR phenotype of clinical bacterial isolates resulting in
considerable predictive performance without prior knowledge on resistance determinants!3¢.
In another study, MALDI-TOF was able to detect variants of S-lactamases in Gram-negative
bacteria within 1 to 2.5 hours '*7. For Gram-positive bacteria, MALDI-TOF was used to

detect benzylpenicillin and MDR in Staphylococcus aureus with appreciable performance of

97.64% accuracy, 99.93% sensitivity, and 95.04% specificity'®.

1.5.4. Cellomic analysis with high-content imaging

Based on the beam of matters interacting with samples, microscopy is classified into electron
microscopy (electron particles) and light microscopy (photon particles) (Figure 1-8b). Of
these techniques, electron microscopy provides the highest resolution (Figure 1-8a), but it is
not suitable for high-throughput and high-content imaging. Alternatively, light microscopy
produces lower-resolution images (Figure 1-8a), but is low-cost, fast, automatable, and thus

suitable for high-throughput and -content imaging.
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Figure 1-8. Overview of microscopic techniques.

(a) Limits of resolution (and some respective objects within those range) of various types of microscopes. (b) The path of electrons through a
transmission electron microscope (right) compared to the path of light (photons) through a light microscope (left). (a) and (b) were adopted from
Bauman et al.!3?.(c) Three major light-paths in light microscopy with corresponding optical designs, including widefield (left), TIRF (middle),

and confocal (right). Adopted from Schermelleh et al.'4?
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According to the light-paths, light microscopy is divided into widefield microscopes, total
internal reflection fluorescent (TIRF) microscopes, and confocal microscope (Figure 1-8c).
The TIRF technique is well known for its applications in cell biology, while the alternative
techniques are used across all fields of biological science. Compared to confocal microscopy,
widefield microscopy is cheaper, faster, and more user-friendly. The widefield microscopy
itself is sub-classified into at least five sub-categories, including brightfield, darkfield, phase-
contrast, differential-interference-contrast (DIC), and epifluorescence microscopy. Among
widefield microscopes, brightfield microscopy is the simplest technique which has been
widely used to examine fixed samples, such as Gram-stained bacteria and histological tissues.
For samples that cannot be stained, phase-contrast and DIC microscopy are used as

alternatives for both fixed-cell and live-cell imaging.

Additionally, epifluorescence microscopy is ideally used to examine sub-cellular
components, e.g. nucleoids, plasma membrane, proteins, and organelles. For samples
requiring higher axial resolution, confocal microscopy is used to provide optical sectioning of
the samples. This technique is classified into scanning confocal microscopy and spinning-
disk confocal microscopy. Compared to spinning-disk microscopy, scanning confocal
microscopy produces higher-resolution images. However, spinning-disk confocal microscopy
is faster with lower phototoxicity, which makes this technique more ideal for live-cell and
high-content imaging. Examples of how these microscopic techniques have been used in

bacteriology were shown in Figure 1-9.
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4

Figure 1-9. Bacterial cells under examination with various types of microscopes.

(a) Brightfield®, (b) Phase-contrast'*!, (c) Darkfield'*?, (d) DIC!#, (e) Epifluorescence'#*, (f)

Confocal'¥ Transmission electron'#® and (h) Scanning electron!#® microscope.
9
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High-content screening (HCS), high-content analysis (HCA) or high-content imaging (HCI)
refers a technique utilising automated microscope to measure a variety of phenotypes in
individual cells and heterogenous responses analyses!'#’. Unlike high-throughput screening,
which measures averaged biological signals over total cells within a microplate well, HCI
samples and measures the signal of every single cell of a population within a well'*%. Assisted
by automated motorized microscope, HCI can sample a large number of individual cells to
assess the diversity and the heterogeneity of a microscopic population without compromising
measurement representativeness. Additionally, HCI can capture localization and dynamics of
fluorescent-labelled subcellular particles within cells, facilitating single-molecule imaging,
e.g. a single protein'#’, Therefore, HCI has been widely used for library and drug screening in

150,151

cell biology , especially cancer research!>2,

In comparison to eukaryotic cells, the application of HCI in studying prokaryotic organisms,

d145,153,162—l65,154—

particularly bacterial pathogens, is limite 161 The most common use of HCI

with respect to bacteria is to examine the association between antimicrobial mode of action

145,155,157-160

(MoA) and bacterial morphology under exposure to a drug , allowing qualitative

prediction of new compounds’ MoA based on dimensional analysis. Additionally, HCI has

163,165

been employed for AMR identification!*¢, library screening , antibody screening!>*,

164

predicting drug targets'4, activity-guided purification!®, and bacterial enumeration!®?. While

most studies in the field utilised phase contrast!®> or widefield fluorescent microscopy!>¢-164,
only four of them have used confocal high-content microscope imaging '4>153-155 Compared
to widefield fluorescent microscope, confocal microscope provides optical sectioning with
less out-focus signals and better resolution at 180-250nm!®, which allows capturing subtle

morphological patterns of bacterial cells within a population. However, the correlation

between these subtle patterns and AMR have not been well investigated, which requires
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powerful analytic techniques to provide insight into the yet unveiled correlation. More details

on applications of HCI in studies of prokaryotic organisms was described as in Table 1-1.
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Table 1-1. Overview on applications of HCI to study antimicrobials and resistant microorganisms.

Organism HCS platform / Image analysis Data analysis Aims Ref
microscope
K. pneumoniae Opera Phenix (Perkin  Harmony software Dimensional analysis  Distinguish MoA of antimicrobials 143
S. Typhimurium Elmer), confocal
microscope
S. aureus
S. Typhimurium Opera Phenix (Perkin  Harmony software Cell length Morphological responses under 153
Elmer), confocal exposure to CIP
microscope
E. coli Opera Phenix (Perkin Harmony software Dimensional analysis Monoclonal antibody screening 154
Elmer), confocal combined with
microscope phylogenetic analysis
and statistics
A. baumannii Opera QEHS, Acapella Dimensional analysis Predict MoA of antimicrobials for drug '3

E. coli
K. pneumoniae

P. aeruginosa

S. aureus

confocal microscope

Applied Precision
Spectris Microscope,
widefield
fluorescence

Deconvolution with
softWoRx and image
analysis with F1JI
and CellProfiler 2.0

Feature selection and
MOA classification
using random forest

Dimensional analysis
combined with
phylogenetic analysis

39

discovery

Distinguish methicillin-resistant and -
susceptible isolates
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E. coli

B. subtilis
E. coli

M. tuberculosis

A. baumannii

S. aureus

Complex microbial
samples

Applied Precision
Spectris Microscope,
widefield
fluorescence

Applied Precision
Spectris Microscope,
widefield
fluorescence

DeltaVision
PersonalDV,
widefield
fluorescence
microscope

N/A

Applied Precision
DV Elite
epifluorescent
microscope

GE INCell 2200,
widefield
fluorescence
microscope

Deconvolution with
softWoRx and image
analysis with ImageJ

Deconvolution with
softWoRx and image
analysis with ImageJ

BaSic and Microbel

FIJI and CellProfiler
3.0

Deconvolution, FIJI

and Adobe
Photoshop

CellProfiler 3.0

GE Developer

Dimensional analysis
and clustering

Qualitative image
analysis

Dimensional
analysis, machine
learning
classification, and
clustering

Dimensional
analysis, clustering
and statistics

Dimensional analysis

Machine learning
classification

40

Distinguish MoA of antimicrobials

Distinguish MoA of antimicrobials for
activity-guided purification

Predict MoA of antimicrobials

Distinguish MoA of antimicrobials

Differentiate effects of bacteriological
and physiological media

Bacterial enumeration

157

158

159

160

161
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M. tuberculosis

E. coli

E. coli

Zeiss Axio Observer
71

ImageXpress XLS,
widefield
fluorescence
microscope

Nikon Eclips TE200,
brightfield imaging

FIJI and Microbel]

M-CNN

Imagel

Machine learning
classification and
clustering

Deep learning for
image classification

Dimensional analysis

Library screening

Predict morphology and target proteins

Library screening

163

164

165

41



1.6. Machine learning in biology

Machine learning is a subfield of artificial intelligence that involves the development of
algorithms and statistical models that enable computers to learn and make decision based on
data, without being explicitly programmed'®’. The term ‘machine learning’ was first coined
by Arthur Samuel, the father of machine learning, in 1959'%8, One of the earliest and simplest
examples of machine learning was the perceptron, which was developed by Frank Rosenblatt
in the 1950s'%. During the 1960s and the 1970s, more sophisticated machine learning models
were developed, including decision tree!”’, neural network!”!, and support vector machine
(SVM)!72, Since then, machine learning has been widely used in various fields of science,
including biology and biomedical science!’*!7°. From the 1980s to the 1990s, the advance in
semiconductor technology facilitated the development of more powerful computers!®® and
thus enabled researchers train deeper neural network on large datasets, with multiple hidden
layers and more complex architectures. In 2006, Geoffrey Hinton and his team at the
University of Toronto first developed a deep network architecture that outperformed
conventional machine learning methods in image recognition task!®!. This work was a
breakthrough in machine learning timeline, which opened a new era of applied deep learning

in both science and technology.

As a consequence of advances in biological devices and instruments, an enormous amount of
data has been produced and shared within the scientific community. Machine learning is an
appropriate approach for such large datasets as it can capture complex inter-relationships
among multiple variables to yield a higher performance than traditional statistics. In cell
biology, machine learning has been utilised for cell imaging analysis tasks, including cell
segmentation, cell tracking, and cell classification based on morphology and phenotype!”.

With the development of automated microscopy, more microscopic images have been
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produced as the systems are able to acquire images more rapidly and precisely without
human supervision. This rich source of data is a fertile land for deep learning and extract
biological insight from. Moreover, machine learning, especially deep learning, has been used
to explore and analyse the genotype-phenotype complex relationship. Furthermore, machine
learning can be used to study human microbiome. For instance, many previous research used
machine learning methods to define the relationships between microbiome structure, age,
nutrition and disease!’*!”>. Overall, machine learning has been widely used in the field of
biological science, from image analysis to genome analysis and microbiome studies. Looking
beyond those applications, there are more potentials of machine learning that can be utilised

to address broader healthcare challenges at a global scale.

To approach the global challenge of AMR, machine learning has been used extensively to
predict and identify resistance, explore resistance mechanisms, design novel antibacterial
compounds, and track the spread of AMR!”. A typical example of applied machine learning
to tackle AMR is the decision support system. Using electronic medical records, machine
learning was trained to predict the risk of AMR infection in hospitalised patients'’®!”, which
provides critical information for optimal administrations of antimicrobial. Machine learning
also played as a complement to routine laboratory diagnostics to identify AMR in a timely
manner!32-184 These rapid susceptibility tests were proven to improve the efficacy and
outcome of antimicrobial treatments against bacterial infections!3>!186, Moreover, the
development of deep learning has facilitated genome mining in resistance bacteria to explore

new mechanisms of resistance!$"-18

, which creates hypotheses for further laboratory
investigation. Overall, machine learning has the potential to play a significant role in tackling

the crisis of AMR by providing data-driven insight and decision-making tools to healthcare

providers.
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1.7. Research aims and questions

Although AMR is a global health challenge, systematic research on how resistant bacteria
response to antimicrobial treatment remains scarce. In this thesis, I sought to employ different
“omic” methodologies to measuring the bacterial responses from a range of biological
perspectives. Specifically, I integrated genomic (WGS) and proteomic (MALDI-TOF) with
cellomic (HCI) data to provide a holistic view of bacterial adaptation upon exposure to
antimicrobials. Then, I asked whether the powerful machine learning approaches were able to
infer antimicrobial susceptibility from the integrated dataset. That was the main research
question of this thesis. To address this major question, I segregated my work into differing
aims to develop the techniques and methodologies as the thesis evolved. In chapter 3, I aimed
to study holistic bacterial responses under exposure to different antimicrobials. This pilot
experiment served as a proof-of-concept for further research targets and aimed to ask if
measurable responses of bacteria are informative for susceptibility inference. In chapter 4, I
performed a temporal examination of how bacteria adapt to antimicrobial exposure using
HCI. Since applications of HCI in AMR detection are limited, this chapter asked if
longitudinal cellomic data produced by HCI is sufficient for AMR inference. In chapter 5 and
chapter 6, I sought to develop a robust, reproducible, and high-throughput experiment to
produce multi-omic data (genomics, proteomics, and cellomics). Consequently, I Integrated
multi-omic and imaging data with machine learning to infer antimicrobial susceptibility. I
aimed to explore and understand the association between multi-omics and antimicrobial

resistance profiles of bacteria.
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Chapter 2. Methods

2.1. Collections of bacterial isolates

Collection 1. From 2017 to 2018, twenty-seven E. coli were isolated from blood samples of
children hospitalised with sepsis in Vietnam!?. The study was approved by the Oxford
Tropical Research Ethic Committee (OXTREC, reference number 35-16) and the Ethic

Committee of Children’s Hospital 1 (reference number 73/GCN/BVND1).

Collection 2. From 2014 to 2017, forty-three isolates of E. coli were collected from stool
samples of Vietnamese children hospitalised with bloody diarrhoea!®!. Ethical approvals were
obtained from the OXTREC (reference number 1058-13) and the Ethic Committee of

Hospital for Tropical Disease (reference number 63/HDDD-QD).

Collection 3. Seventeen S. Typhimurium isolates used in this DPhil were a part of the Baker
lab collection, in collaboration with Institute of Tropical Medicine (Congo), National Institute
for Biomedical Research (Congo), International Vaccine Institute (Korea), and Quadram
Institute (UK). Details described in (Sridhar, 2020)'°2. Those isolates were collected from

2004 to 2014.

All the isolates were stored at -80°C in either Microbank™ vials (Pro-Lab Diagnostics, UK)
or in 1.5-mL vials with ImL of 10-20% Glycerol (Merck, Germany) in Brain Heart Infusion
(BHI) broth (Oxoid, UK). When applicable, the isolates were recovered at 37°C overnight, on
either Isosensitest agar (Oxoid, UK), Nutrient agar (Oxoid, UK), MacConkey (MC) agar
(Merk, Germany or Oxoid, UK), or Lubria-Bertani (LB) agar (Sigma-Aldirch, Germany or

Oxoid, UK).
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For antimicrobial susceptibility test, Etest strips (bioMerieux, France) were used to obtain
MICs (Minimum Inhibitory Concentrations) for each isolate. Briefly, the isolates were
recovered overnight on Isosensitest or LB agar. For each isolate, a few colonies were
inoculated in 0.45% saline (Bruker Dalton, Germany) to reach an ODsoo of approximately
0.45-0.55. The bacterial suspensions were spread on Isosensitest or Mueller-Hinton (MH)
agar (Merk, Germany or Oxoid, UK). Then, Etest strips were placed on the agar plates, which
were subsequently incubated at 37°C for up to 24 hours. Results were read and interpreted

according to the manufacturer’s manual and CLSI guideline!*>.

2.2. Whole genome sequencing

Bacterial isolates were overnight cultured on either LB, NA, or MC agar plates from frozen
stocks. For each isolate, approximately 10 uL of biomass on the plate was collected using a
10uL inoculate loop, resuspended in HPLC grade water, and subjected to DNA extraction
using the Wizard® Genomic DNA Purification Kit (Promega, USA). For collection 1 in
Chapter 3 and Chapter 6, DNA fragmentation and adapter ligation was performed using
Nextera XT DNA Library Preparation Kit (Illumina, San Diego, CA, USA). For collection 2
in Chapter 6, DNA library was prepared with NEBNext® Ultra™ DNA Library Prep Kit for
Illumina® (New England BioLabs, UK). WGS for collection 1 and 2 was performed on a
MiSeq platform, using MiSeq Reagent Kit V2 from Illumina. For collection 3 in Chapter 5,
library preparation for Illumina sequencing was undertaken at the Wellcome Sanger Institute
using automated systems using the IHTP WGS NEB Ultra II library kit. Libraries were
sequenced on an Illumina HiSeq platform (Illumina, San Diego, CA, USA) using standard

running protocols.
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2.3. Data analysis
2.3.1. Genomic analysis

2.3.1.1. Core-genome and resistome analysis for E. coli

Multi-locus sequencing typing (MLST) of E. coli was inferred from the whole genome
sequencing data using the SRST2 pipeline!* on the seven housekeeping genes, including
adk, fumC, gyrB, icd, mdh, purA, and recA. Resistome analysis with AMR gene identification
was performed on the SRST2 pipeline with Comprehensive Antimicrobial Resistance
Database (CARD)'>. De novo assembly of sequencing data was performed using SPAdes'®,
gene annotation was completed using Prokka!®” and the pan- and core- genome were deduced
using Roary!”® with minimum 99% blastp identity. Finally, a phylogenetic tree was
constructed on RAXML'" using the alignment of the core genome from Roary’s output and

was visualized using the ‘ggtree’ package.

2.3.1.2. Genomic mapping for S. Typhimurium

[llumina adapter content was removed from the reads using Trimmomatic v.0.33. Reads
mapping was undertaken using the WSI bacterial mapping pipeline, which uses bwa, and de
novo assembly was performed using Velvet?®. For SL1344gyrA and D23580gyrA mutants,
Illumina HiSeq reads for the isogenic mutants and parental strains were mapped to the
parental reference strain: SL1344 (FQ312003.1) and D23580 (FN424405.1), respectively,
using SMALT v0.7.4 to produce a BAM file?°!-23, Briefly, variant detection was performed
as detailed here: SAMtools mpileup v0.1.19 with parameters -d 1000 -DSugBf and bcftools
v0.1.19 were used to generate a BCF file of all variant sites. The bcftools variant quality
score was set as greater than 50, mapping quality was set as greater than 30, the allele

frequency was determined as either O for bases called same as the reference or 1 for bases
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called as a SNP (af1 <0.95), the majority base call was set to be present in at least 75% of
reads mapping at the base (ratio <0.75), the minimum mapping depth was four reads, a
minimum of two of the four had to map to each strand, and strand_bias was set as less than
0.001, map bias less than 0.001, and tail bias less than 0.001. Bases that did not meet those
criteria were called uncertain and removed. A pseudogenome was constructed by substituting
the base calls in the BCF file in the reference genome. Recombinant regions in the
chromosome such as prophage regions were removed from the alignment and checked using
Gubbins v1.4.10. SNP sites were extracted from the alignment using snp-sites and analysed
manually. gyr4 mutations identified by PCR were confirmed. ARIBA v 2.14.6 using the
CARD v3.1.3 with default parameters was used on reads data of all isolates to determine

AMR genes?042%5,

2.3.2. Statistical analysis and data visualisation

All data were analysed using R (version 4.0.5)?% programming language based on toolbox,
package and library availability. For dimensional analysis, Principle Coordiante Analysis

207 Heatmap and spider plots were generated

(PCoA) was performed using ‘vegan’ package
with ‘pheatmap’?®® and ‘fmsb’2*° package respectively. Other plots were created with

‘ggplot2’?1% and ‘ggsci’?!! package on R. Locally estimated scatterplot smoothing (LOESS)
regression was performed with the ‘ggplot2°?!? package. Pairwise Kruskal-Wallis tests were

212 For feature selection, ‘randomForestSRC’ package?!?

performed using ‘ggpubr’ package
was utilised to train random forest models with default parameters and 1,000 decision trees.

Features were selected and ranked decreasingly by importance index extracted from the

random forests.
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2.3.3. Machine learning modelling

Machine learning models were employed for classification and regression tasks in chapter 4
and 6. Given the limited amount of experimental data for such tasks, I chose relatively simple
traditional machine learning techniques, instead of advanced complex methods, to avoid
overfitting the models. Those machine learning methods included Naive Bayes classifier,
KNN (K-neighbour nearest) classifier, SVM, random forest, neural network, CatBoost,
xgBoost, glmBoost, and MARS (multivariate adaptive regression spline). Those models have
been known for working well on small biological datasets!*3214-21¢ with high prediction
performance and high level of generalisability. The implementation of those machine

learning models was described in the following.

For chapter 4, ‘Statistics and Machine learning’ toolbox on Matlab was used to train Naive
Bayes classifier, KNN classifier, SVM, and random forest. Neural network and CatBoost was
trained with ‘Neural network’ toolbox on Matlab and ‘CatBoost’ library?!” on python,
respectively. Nested resampling was performed on either Python or Matlab for
hyperparameter optimisation and evaluation of machine learning models. In that, the
resampling was performed 1,000 times with a 50/25/25 data partition for training, validation,
and test sets. The training sets were used to train the machine learning models and the
predictive performance of machine learning models was reported on the test sets. On the
validation sets, grid-search algorithm was employed to optimise the hyperparameters of all

the machine learning models.

For chapter 6, all machine learning models were constructed using the ‘mlr3’ package on R.

The models included neural network, naive Bayes classifier, KNN, SVM, random forest,
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xgBoost, glmBoost and MARS. For nested resampling, data partition was performed 10 times
with 30% of data for test sets (outer resampling). On the 70% remaining data, 5-fold
validation was executed to train the models and optimise the hyperparameters (inner

resampling). The machine learning models were evaluated on the test sets.

2.3.4. Model evaluation

For classification tasks, machine learning models were evaluated using multiple performance
metrics, including accuracy, sensitivity, specificity, precision, and F1 score. Accuracy of a

model was defined as the following

where P was the number of actual resistant isolates in the data, N was the number of actual
susceptible isolates, TP was the number of accurately predicted resistant isolates, and TN

was the number of accurately predicted susceptible isolates. Other metrics for performance
evaluation, including sensitivity (SEN), specificity (SPE), precision (PRE), F1 score, were

described as the following:

SEN = e
P

SPE = N
P

PRE = e
PP

_ 2PRE x SEN

" PRE + SEN
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where PP was number of predicted resistant isolates. Area under the curve (AUC) of the
ROC (receiver operating characteristic) was calculated with ‘perfcurve’ function on Matlab

or ‘mlr3’ package on R.

For regression tasks, machine learning models were evaluated with mean squared error
(MSE), mean absolute error (MAE), relative absolute error (RAE), correlation coefficient
(p), and correlation of determination (R?). Those metrics were also used to evaluate the

bacterial growth models. Details of thos metrics were described as the following.

(O -y® )’
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where N was the number of data instances, Y and y were the regression targets, ¥ and 9
were the predicted targets, i was the index for the ith target, [E(.) was the mean operator, u

was mean, and o is standard deviation.
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2.3.5. Interpretation of machine learning models

The high complexity of machine learning models had the technique considered as black
boxes since how machine learning associates features to prediction targets is difficult for
human to comprehend. That property is preventing machine learning being broadly used in
biological science. In chapter 4 and 6, a range of machine learning models were trained on
proteomic and cellomic features to predict bacterial phenotypes and characteristics, including
resistance, MICs, and source of isolation. To reveal the behaviours of those models,

interpretable machine learning techniques were used as the following.

The first step in interpretation of machine learning models is to select the most important
features amongst a large number of features. To calculate the feature importance for chapter 4
and 6, a permutation method was used due to its low complexity and low computational
cost?!®, For each feature, permutation feature importance measures the change in prediction
error of machine learning models after the feature being permuted which disturbs the
relationship between the feature and the prediction target. An increase in prediction error
indicates that a feature is important, while decreased error suggests a feature is less important
and likely to introduce noise to the models. Given the j" feature, the permutation feature

importance FI; was defined as
FIj = €perm — Corig
or

_ €perm

FI

orig
or

€perm — €ori
FJ. = -Pperm _ “ong

orig
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where e, was the prediction error of models trained on original data and ey, Was the

error on data with the jt" feature permutated. For implementation, ‘randomForestSRC’,
‘mlr3’, and ‘iml’ packages were used on R programming language to calculate the

permutation feature importance.

For each important feature, an in-house code was used to generate Partial Dependence Plot
(PDP)?'? and Individual Conditional Expectation (ICE)*?° plot. Considering one important
feature, the ICE plot displays one line per datapoint that shows how the prediction for that

datapoint changes when that feature varies. In ICE plot, for each datapoint in
®

S N —
{(xs(f), xél))}i=1, the curve fs(l) representing models’ output was plotted against x¢ °, while

xéi) remained fixed, where N was size of the dataset, i was index of the ith datapoint, xg was

the interpreted feature, x, was other input features. PDP was defined as average of ICE
f;s(xs) = Exs [f(xs» xc)] = ff(xs; xc)dP(xc)

In practice, the partial function f,; was estimated by calculating averages on the dataset

Alternatively, Shapley Additive Explanation (SHAP), one of the most advanced
interpretation methods, were utilised to address both the importance and contribution of a
feature to the prediction outcome of machine learning models. The SHAP method considers
each feature as a player in a coalitional game, cooperating to explain how the model’s
prediction is different from an averaged prediction. Compared to other interpretation

methods, SHAP allows quantification of one feature’s contribution in interaction with other
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features, which provides a detailed explanation on behaviours of machine learning models.
SHAP values were estimated using ‘kernelShap’ package on R??!, Technical details about

SHAP calculation can be found in 2!3,

2.3.6. Distance ratio

To assess segregation of the isolates, I defined an index named distance ratio

r(Xy, ..., Xg, ..., Xy) as the following equation:

E (”x(i) B x(j)||z)x(oexk,x(j)exk

Xy, s Xy o X)) = —
B D = xO12) ywex, xex,

where X, was data group, e.g. resistant vs susceptible, x; was a datapoint, E(. ) was statistical
mean, and ||. ||, was Euclidean norm. Low distance ratio indicates that data points within one

group are closely related while well separated from ones in other groups.

2.4. Chapter 3

Twenty-seven E. coli isolates from collection 1 were used for the experiments in Chapter 3.
A laboratory reference strain ATCC 25922 was included in the collection as a susceptible
control. For all experiments, the antimicrobials of interest were CIP, AZI, CRO (ceftriaxone),

TE, GN (gentamicin), and CIP+CRO.

2.4.1. Growth dynamics

For bacterial growth monitoring, I performed two-fold dilutions of antimicrobials in 100uL

MHB2 (cation-adjusted MH broth from Merk, Germany or Oxoid, UK) on 96-well
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microplates. A range of antimicrobial concentrations were generated from 0 to 512ug/mL.
Blank controls were included on each microplate. The E. coli isolates were recovered
overnight. For each isolate, one colony was inoculated in SmL LB broth (Oxoid, UK) at
37°C, 200rpm, overnight. On the next day, bacterial suspensions were diluted 1/100 in fresh
MHB2 and incubated at 37°C, 200rpm, for 3 hours to reach an ODsoo of approximately 0.3.
Those suspensions were diluted 1/1,000 in fresh MHB2 and aliquoted 100uL/well on the
prepared microplates with two-fold dilutions. As a result, the antimicrobial concentrations
halved from 0-512ug/mL to 0-256 ug/mL. Bacterial densities in the microplates were
measured at the wavelength of ~600nm using the FLUOstar OPTIMA microplate reader

(BMG Labtech, Germany). Those densities were measured every 15 minutes for 24 hours.

To model growth dynamics of the isolates, the modified Gompertz’s (eq. 1), Baranyi’s (eq. 2)
and three-phase linear (eq. 3) models were fit to the experimented ODgoo data. The three
models have been used to describe the growth curve of bacteria in previous studies???22> with
high accuracy. Of those, the modified Gompertz’s and Baranyi’s equation describe the
growth dynamics of bacteria as logistic functions. The three-phase linear model uses three
linear equations to model bacteria growth, corresponding to lag, log, and stationary phase.

The three models were described as the following

_ —exn - (eq. 1)
N(t) =N, +Aexp{ exp [A A-t)+ 1]}
eHc® —1 (eq.2)
N(t) = Ny + uC(t) —Inq1 +e—A
Ny, t<Ai (eq. 3)
N@) =N, +u(t—2), A<t<t,
4, t=t,
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where N (t) was the cell density, measured in ODsoo, at timepoint t, N, was the cell density at
t = 0, A was the maximum cell density, u was the maximum growth rate (per hour), A was

the lag time (in hours), t; was the time to reach stationary phase (in hours), and C(t) =t +

iln[e THE 4 gmHA — @=H(E+D] AUC was estimated from the growth curves using the

Reimann summation method. The parameters A, u, A, and AUC were referred as growth
features of a growth curve. Using ‘optim’ function in R, the three models were fit to the
ODsoo data by minimising the mean squared error (MSE) between the actual and modelled

OD values.

2.4.2. Bright-field imaging

The isolates were recovered overnight on nutrient agar plates. On the next day, about 10
colonies for each isolate were inoculated in 0.85% saline to each an OD®% of approximately
0.6 (~108CFU/mL). To reduce bacterial density in each field-of-view, suspensions of
resistant isolates were diluted 1/20 in saline. At CLSI breakpoint concentrations'®3,
antimicrobials of interest were supplemented to the bacterial suspensions and to thin nutrient
agar plates (8mL/plate). Next, 100uL of the suspensions were spread onto the thin plates. The
plates were then incubated at 37°C for 3 hours. Finally, small pieces of agar were excised
from the thin agar plates for bright-field microscopic imaging with the Nikon Ni-e upright
microscope (Nikon, Japan). Digital images were acquired with the Element-Br software

(Nikon, Japan) for further qualitative analysis.
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2.5. Chapter 4

2.5.1. gyrA spontaneous mutants

To isolate spontaneous nalidixic acid mutant lines from S. Typhimurium isolates SL1344 and
D23580, bacterial cultures were grown overnight in LB broth, and 100pul of this was spread
onto LB agar containing 100pg/ml nalidixic acid for initial spontaneous mutant generation.
After overnight incubation at 37°C, single colonies that had grown were sub-cultured on LB
agar also containing 100pug/ml nalidixic acid. Any colonies that were present on these agar
plates were then sub-cultured serially onto agar plates harbouring increasing concentrations
of nalidixic acid up to 400pug/ml, then these were switched to plates containing CIP,
harbouring from 0.1pg/ml up to 1.0pg/ml. Once colonies were able to grow stably on
1.0pg/ml CIP, pure cultures were established and stored as frozen stocks. From the frozen
stocks, overnight cultures were grown for genomic DNA purification and were purified using
the Wizard DNA Purification Kit (Promega, UK). Following purification, DNA was PCR-
amplified to check for mutations in the gyr4 gene using primers: 5’-
GAGATGGCCTGAAGC-3’ for nucleotides 108 to 127 and 5’-TACCGTCATAGTTATCCA
CG -3’ for nucleotides 435 to 454, forward and reverse, respectively??®. To evaluate genetic
differences between parent and isogenic strains, the isogenic and parent strains were grown

for 24h in LB broth prior to genomic DNA isolation for whole genome sequencing.

2.5.2. Time kill curves

Four S. Typhimurium isolates were chosen for the initial time kill curve analysis, performed
as in (ref. 13%). These isolates were D23580, SL1344, SL1344gyrA, VNS20081201:227-229,
Initially, colonies from plates were inoculated into 10mL of MHB2 broth and these were

shaken at 200rpm, 37°C, overnight. Ten microlitre of the subsequent culture was then added
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to 990uL of 1x PBS to make a 1:100 dilution for the inoculum. One hundred microlitre of
this preparation was added to 10mL of MHB2 containing different concentrations (0x, 1x, 2x,
4x MIC) of CIP according to the predetermined MIC of each isolate. The starter inoculum
was between 1 and 5 x 10° CFU/mL. Cultures were incubated shaking at 37°C and aliquots
were taken to determine CFU at 0, 2, 4, 6, 8, and 24 hours. For this analysis, serial dilutions
were made using samples of each culture, and a total of 50uL of each dilution was plated
using 10 pl spots of inoculum onto LB agar. CFUs were counted and determined as CFU/ml.

Means and standard deviations (SD) of three replicates per isolate were calculated.

2.5.3. High-content imaging

Two separate HCI experiments were performed. The first experiment was a 24-hour
evaluation of bacterial growth under four CIP concentrations (0x, 1x, 2x, 4x MIC) at two-
hour increments (2, 4, 6, 8, 10, 12, 14, 16, 18, 20, 22, 24) conducted on four isolates SL1344,
SL1344gyrA, D23580, and VNS20081, which has been previously described in Sridhar et
al.'> Briefly, 150uL of each isolate was inoculated 1:1,000 (v/v) in 150mL MHB2 with each
appropriate concentration of CIP in a 200-mL flask and incubated at 37°C shaking at
200rpm. Following 2 hours of growth, 10mL of each culture was removed from the flask, and
the flask was returned to the incubator. The 10mL sample was centrifuged at 3,000rpm
(~1230g) for 7 minutes at 4°C, and the supernatant was decanted. The pellet was resuspended
in 100uL PBS and 50uL of the suspension was added to two wells of a vitronectin-coated
CellCarrier Ultra-96 microplate (PerkinElmer, Germany). The plate was statically incubated
at 37°C for 10 minutes, after which the bacterial cultures were aspirated and fixed in 4%
paraformaldehyde (PFA) for 10 minutes and washed with PBS. After fixation, the plate of
fixed bacteria was kept at 4°C until the next time point. The same protocol was followed for

each time point with this exception: once there was sufficient bacterial growth (as assessed
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visually), 10mL of bacteria was still removed from the flask at each time point; however,
50uL of bacterial suspension was added neat to the wells instead. Upon completion of the 24-
hour period, wells were incubated with 2% bovine serum albumin (BSA) for 30 minutes and
then for 1h at ambient temperature in the dark with CSA-Alexa Fluor 647 (Novus
Biologicals, USA) at 1:1,000 in BSA (v/v). Wells were aspirated and then incubated with
solutions containing 1:100 4',6-diamidino-2-phenylindole (DAPI) (Invitrogen, UK) and
1:200 SYTOX green (Invitrogen, UK) for 20 minutes. Photophysical properties of those
fluorophores were described in Table 2-1. Wells were washed with PBS; plates were sealed
and imaged. Three biological replicates of this experiment were performed for D23580 and

VNS20081; two biological replicates were performed for SL1344 and SL1344gyrA.

The second HCI experiment used 16 of the 17 isolates detailed in Table 4-1, including all
except D23580. Here, the only time point assessed was 22 hour and no ciprofloxacin
treatment was used. However, to maintain experimental consistency with the previous
experiment, cultures were grown like before in 150mL MHB2, and 10mL of culture was
removed every two hours to mimic the change in growth condition. At the 22 h time point,
50ul of each culture was added (neat) to two wells of a vitronectin-coated Opera CellCarrier

Ultra-96 plate, and the same fixation and staining protocol as above was used.
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Table 2-1. Photophysical properties of fluorescence dyes/stains used in chapter 4, 5, and

6
Fluorophore Excitation wavelength (max) Emission wavelength (max)
CSA-Alexa Fluo 647 650nm 665nm
DAPI 350nm 470nm
Sytox green 504nm 523mn
Syto 41 430nm 454nm
FM 4-64 515nm 640nm

2.5.4. Imaging analysis

Analysis was performed using a Perkin Elmer Harmony software analysis pipeline designed
for S. Typhimurium, as previously described!#>!>3, Briefly, inputted images were subjected to
flatfield correction, and images were calculated using the DAPI and AlexaFluor 647
channels. Image calculations were refined by size and shape characteristics. A linear
classifier was applied to the filtered population, and single bacteria were identified, and
morphology and intensity characteristics were calculated. The output of the Harmony
analysis was tabulated by plate and object, and results were further analysed and visualised in
R (version 4.0.5)** using ggplot2 package?!?. Adobe Illustrator was used to format images and

graphs for presentation.
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2.6. Chapter 5 and Chapter 6
2.6.1. Intact protein analysis with MALDI-TOF MS

2.6.1.1. Sample preparation

There were two major approaches to prepare samples for protein analysis with MALDI-TOF
mass spectrometry. For the first method, bacterial cells were inactivated in either alcohol
(section 2.6.1.1.1)?* or acid (section 2.6.1.1.2)?*!. Regarding the second method, proteins
were extracted using acidic solutions (section 2.6.1.1.3232 and 2.6.1.1.4?%3). Next, the
inactivated cells and the protein extracts were deposited on a target plate for co-crystallisation

with matrix solution and further measurement on MALDI-TOF MS.

2.6.1.1.1. Bacteria inactivation with Ethanol

Bacterial suspensions in Eppendorf tubes were centrifuged at 3,000rpm (~845g) for 5
minutes. Supernatant was discarded; containers were tapped onto paper towel to remove
excessive liquid. To inactivate bacterial cells, pellets were resuspended in 100uL 35%
ethanol. The suspension was then centrifuged for 5 minutes at 3,000rpm (~845g); supernatant
was discarded. Bacterial cell pellets were washed twice with 100uL 35% ethanol. Pellets

were resuspended in 100uL 35% ethanol and stored at 4°C till being uses.

2.6.1.1.2. Bacteria inactivation with trifluoroacetic acid

Similarly to the above method with ethanol, bacterial suspensions in Eppendorf tubes were
centrifuged at maximum speed for two minutes. Supernatant was discarded and excessive
liquid was removed by tapping the containers onto paper towel. Bacterial pellets were
resuspended in 100uL Trifluoroacetic acid (TFA). The suspension was shaken at 2,000rpm

for 2 minutes, mixed with 900uL water (HPLC grade) and stored at 4°C till being used.
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2.6.1.1.3. Protein extraction with Acetonitrile

Another method to prepare samples for experiments with MALDI-TOF is protein extraction
with acetonitrile. Deep-well plates or Eppendorf tubes containing bacterial suspensions were
centrifuged at maximum speed for two minutes. Supernatant was removed by tapping the
containers onto paper towel. Bacterial pellets were resuspended in 300uL 0.5% TFA and
700uL acetonitrile (ACN) was added to the suspension, which was subsequently shaken at
2,000rpm for 30 minutes, followed by centrifugation at maximum speed for 15 minutes.

Supernatant was stored at 4°C till being used.

2.6.1.1.4. Protein extraction with ethanol/formic acid/acetonitrile

The final method for sample preparation is protein extraction using ethanol/formic
acid/acetonitrile. Bacterial suspension in deep-well plates or Eppendorf tubes were
centrifuged at maximum speed for two minutes. Supernatant was discarded; containers were
tapped onto paper towel to remove excessive liquid. Remaining pellets were resuspended in
100uL absolute ethanol to inactivate bacterial cells. Subsequently, the bacterial suspension
was centrifuged; supernatant was discarded. Bacterial cell pellets were airdried and
resuspended in 50uL. 70% formic acid (FA) and 50uL. ACN. The final suspension was

centrifuged at maximum speed for 2 minutes; supernatant was stored at 4°C till being used.

2.6.1.2. Matrix preparation

To select the optimal matrix for MALDI-TOF experiments, I prepared six different matrix
solutions which were combined with different sample preparation and deposition methods.

CHCA (a-Cyano-4-hydrocinnamic acid, Sigma-Aldrich) was dissolved in Bruker Standard
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Solvent (50% ACN, 47.5% water, 2.5% TFA, Sigma-Aldrich, Germany), with vigorous
shaking, at the concentration of 10mg/mL to obtain standard matrix solution (CHCA-Std).
Saturated CHCA was made by mixing at least 30mg CHCA into 1mL acetone and shaking
for 20 minutes at 2,000rpm. The solution was then centrifuged at maximum speed for two
minutes; supernatant was collected and used as saturated CHCA solution. DHB standard
solution (DHB-Std) was prepared by dissolving super DHB (2,5-dihydroxybenozic acid,
Sigma-Aldrich, Germany) in Bruker Standard Solvent at 20mg/mL. SA standard solution
(SA-Std) was made with 20mg SA (sinapinic acid) dissolved in ImL Standard Solvent. SA
was also dissolved in acetonitrile to make up 20mg/mL SA-ACN solution. CHCA-DHB
solution was prepared by mixing 1:1 (v/v) solution A and solution B. For solution A, 20mg
CHCA was dissolved in 1mL of 7:3 (v/v) ACN and 5% FA. Solution B was made with 20mg

super DHB in 1mL of 7:3 (v/v) ACN and 0.1% TFA.

2.6.1.3. Intact protein analysis with MALDI-TOF MS

I Have evaluated different combinations of sample preparation, matrix preparation, and
matrix deposit methods to select the optimal procedure for intact protein analysis, described
as the following. Deep multi-well plates containing bacterial suspension were centrifuged at
3,000rpm (~1230g) for five minutes. Supernatant was removed by pouring out and tapping
the plates onto paper towel. Pellets were resuspended in 100uL of 35% ethanol and shaken
for two minutes at 2,000rpm to inactivate bacterial cells. The deep plates were subsequently
centrifuged at 3,000rpm (~1230g) for five minutes; supernatant was decanted to collect
bacterial pellets. Subsequently, the cell pellets were wash once in 100uL ethanol (35%). The
Bacterial pellets were resuspended in 100uL of 35% ethanol, and transferred to 384-well
microplates, which is appropriate for high-throughput deposition of prepared samples onto

MALDI target plates. The liquid transfer was facilitated by an Eppendorf Explorer® Plus 24-
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channel electronic multi-pipette (Eppendorf, Germany). The bacterial suspension was
centrifuged again at 3,000rpm (~1230g) for five minutes and supernatant was removed. Cell
pellets were resuspended in 10uL of 35% ethanol, followed by addition of 10uL. CHCA-
DHB matrix solution (section 2.6.1.2). The bacterial suspension was stored at 4°C till further
steps. Prior to sample deposition, the MALDI target plate was coated with a thin layer of
saturated CHCA solution in acetone (section 2.6.1.2). Using the 24-channel multi-pipette at
dispenser mode, 2uL of the prepared bacterial samples were deposited on the precoated
MALDI target plate. Bacterial samples were airdried on the plate and measured with MALDI

Biotyper® (Bruker Dalton, Germany) for mass spectrum acquisition of intact proteins.

2.6.1.4. Data pre-processing for mass spectra

Raw data output from the MALDI Biotyper® was read and converted to csv files by the
‘MALDIQuantForeign’ package?** on R. The csv files were subsequently sampled with the
‘Mass Spectrometry Data Analysis’ toolbox on Matlab to remove inconsistency in data.
Then, the sampled csv files were imported to R and analysed with the ‘MALDIQuant’
package?**. Briefly, the spectra intensity was undergone root-square transformation,
smoothing and background correction. Each pre-processed spectrum was normalised to the
total ion current (TOC) and aligned to a set of reference spectra. Finally, mass peaks were

detected and binned, resulting in a peak matrix for further data analysis.
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2.6.2. High-content imaging with Opera Phenix
2.6.2.1. Fluorescent staining and cell immobilisation

2.6.2.1.1. Sridha’s method

An imaging plate (CellCarrier Ultra microplate, PerkinElmer, Germany) was coated with
vitronectin (Stem Cell Technologies, UK) one night prior to the experiment. Briefly, S0uL of
0.01lmg/mL vitronectin in dilution buffer (Stem Cell Technologies, UK) was added to each
well of the imaging plate. The plate was incubated overnight at 37°C. On the following day,
the wells were wash with the dilution buffer (50uL/well). Next, S0uL of bacterial suspension
was added to the experimented wells of the imaging plate. The plate was statically incubated
at 37°C for 10 minutes, after which the bacterial cultures were aspirated and fixed in S50uL of
4% PFA for 15 minutes and washed with 50uL PBS. The fixed cell was stained with 100uL
of fluorescence dye mixture (1uM syto 41 + 1uM sytox green + 4ug/mL FM4-64 in HBSS)
for 20 minutes in the dark, followed by a wash with 50uL. PBS. Finally, 50uL of PBS was

added to each imaging well.
2.6.2.1.2. “Sandwich” method

Prior to fluorescent staining, an imaging plate (CellCarrier Ultra microplate, PerkinElmer,
Germany) was coated with a thin layer of gelatine. The coating was performed by adding
50uL of 2% gelatine (Bio-Rad, UK) to the individual wells of the imaging plate and then
aspirating out the gelatine solution; the plate was incubated for at least three hours at room
temperature (or incubated overnight at 4°C). Bacterial suspension in deep-well microplate
was centrifuged at 3,000rpm (~1230g) for five minutes; supernatant was decanted. To fix
bacterial cells, S0uL of 4% PFA was added to each well. The plate was shaken for two
minutes at 2,000rpm, incubated at room temperature for 3 minutes, and centrifuged for 10

minutes. PFA was removed by tapping the plate onto a paper towel. The bacterial cell pellets
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were washed with PBS (1mL/well) to quench the fixing reagent. Next, the cell pellets were
resuspended in 100uL of fluorescence dye mixture (1uM syto 41 + 1uM sytox green +
4ug/mL FM4-64 in HBSS) and transferred to the precoated imaging plate. Photophysical
properties of the fluorescence dyes were described in Table 2-1. The plate was incubated in
the dark, at room temperature for 10 minutes, followed by centrifugation at 1,000rpm
(~137g) for 10 minutes. Dye mixture was aspirated out; the imaging plate was centrifuged
again for two minutes at 1,000rpm (~137g). The bacterial cells were immobilised on the
bottom of the imaging plate by addition of 50uL melted agarose (1%) to each well. The
imaging plate was sealed with aluminium foil (ThermoFisher, UK); image acquisition was

performed on Opera Phenix high-content imaging platform (PerkinElmer, Germany).

2.6.2.2. Image processing

The workflow for image analysis goes from the top to the bottom of Figure 5-7. For
maximum projection, a fluorescence z-stack (3D image) was transformed into a single (2D)
image. In that, each pixel on the projected (2D) image took the highest intensity from
corresponding pixels on the stacked images. For cell segmentation, bacterial cells were
detected based on the stained nucleoids on syto 41 channel. At this stage, the workflow
detected thousands of bacterial cells per experimental condition. Processing all of them is
computationally consuming. Therefore, cells with averaged intensity lower than 1,000 were
filtered out to remove low-signal cells and allow high-quality images of cells entering the
further steps. That process reduced computing resources required for feature extraction at the
end of the workflow. The remaining cells were used to segment cell membrane on FM4-64
channel and nucleoids on syto 41 and sytox green channel. Segmented cell components were
then subjected into a series of morphological operators, including dilation and erosion, to

smooth the boundaries. A small set of texture features was extracted from the segmented cell
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components. Feature extraction is a process that transforms an image object into a numerical
data entry (a row of data). The extracted features were used to build a linear classifier to
remove cells with irregular shape. The purpose of this step is to reduce the computing cost in
the next step. Then, a full set of features, including morphology, intensity and texture, were
extracted on the remained cells. Finally, a linear classifier was employed again to discard

irregular-shape cells based on the full features.

2.6.3. Integrating imaging and omics to infer antimicrobial susceptibility: method

development

Frozen E. coli stocks were cultured on LB plates and incubated overnight at 37°C. On the
next day, three single colonies, corresponding to three biological replicates, for each isolate
was inoculated in 1mL of MHB2 (Milipore, Germany) in a deep-well microplate and
incubated overnight, at 37°C, 200rpm. The bacterial suspensions were diluted 1/1,000 (v/v)
with fresh MHB2 in two new deep-well plates (1,350uL/well); one was for intact protein
analysis, and another was for HCI. The two microplates were incubated for 2 hours, at 37°C,
200rpm. Next, 150uL 10x stock of three antimicrobials were added to the bacterial
suspension, followed by incubation for 3 hours, at 37°C, 200rpm. The three antimicrobials
included CIP, AZI, and TE; final concentrations were at CLSI breakpoints. The experiment
layout was described as in Figure 2-1. Finally, one deep-well microplate was used for
analysis of intact proteins (section 2.6.1.3) and the remaining plate went through HCI for

analysis of bacterial population (section 2.6.2).
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Figure 2-1. Plate layout for HCI and intact protein analysis of pathogenic E. coli in one

batch of experiment

White wells, on row A, B, C, and D, were reserved for standardised controls, including the
blank on column 1, the susceptible control (ATCC 25922) on column 2, and the resistant
control (CM3585) on column 3. Blue, orange, green, red, violet, brown, and pink wells
contained bacterial suspension of seven different experimented isolates. For each isolate,
experiments on three biological replicates were performed. Row A and E were treated with

CIP; row B and F were treated with AZI; row C and G were treated with TE.
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2.6.4. Molecular modelling and gene network analysis

The X-ray crystallography structure of CydABXH (Uniprot ID: 6RKO) and KdpFABC
(Uniprot ID: SMRW) complexes were retrieved from the Uniprot database. AlphaFold?* was
used to predict 3D structure of hypothetical proteins whose X-ray crystallography has yet

been solved. The predicted 3D structures were input to deepFRI**¢

, a deep learning web-
based application, to predict the molecular and cellular functions of those proteins. AutoDock
Vina?¥7 was used with default parameters to predict the interaction energy between a CIP
molecule and OmpG porin protein (Uniprot ID: 2F1C). Molecular visualisation of all proteins
has been done with PyMOL. On STRING database?*®, gene interaction network was

constructed by querying all the genes related to the two proteins YnhF and KdpF. Results

from text mining were excluded to ensure high confidence of the network inference.
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Chapter 3. Genomic, physiological and morphological characterisation of pathogenic

Escherichia coli to study antimicrobial resistance

Study conceptualisation and experiment design were performed by me. Recovery of isolates
and susceptibility test were done by me with training and support from Ha Thanh Tuyen, Le
Minh Triet, and Tran Hanh Triet. Microscopic observation of bacteria was carried out by me
and Ha Thanh Tuyen. Growth dynamics was done by me, Ha Thanh Tuyen and Tran Hanh
Triet. WGS was performed by Ha Thanh Tuyen and Ho Ngoc Dan Thanh. I analysed data

and wrote the manuscript, which was published in Antibiotics as the following.

Tuan-Anh, T. et al. Pathogenic Escherichia coli Possess Elevated Growth Rates under

Exposure to Sub-Inhibitory Concentrations of Azithromycin. Antibiotics 9, 735 (2020).

3.1. Introduction

Although culture-based AST is the gold standard approaches to identify and describe
resistant bacteria, it provides no insight into the molecular and cellular response triggered by
antimicrobial exposure. There have been previous investigations into the molecular

mechanisms of AMR in specific bacteria 1° and their morphological 239241

and physiological
characteristics 222 under antimicrobial treatments. However, there are few studies directly
linking molecular mechanisms of AMR with the morphology and physiology of antimicrobial
resistant organisms. Given the high burden of resistant E. coli in LMICs and the well-

established studies on physiology and genomics of the bacterium, I chose E. coli as a model

organism for this study. I designed a holistic investigation to provide an in-depth
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understanding of AMR in bloodborne E. coli from both a cellular and molecular perspective
using microscopic techniques and whole genome sequencing. Additionally, I studied the
growth dynamics of pathogenic E. coli to measure the physiological changes of E. coli with a
diverse compendium of AMR genes upon short-term exposure to different antimicrobial

classes.

3.2. Resistome and morphology associated with AMR

Using AST, I found that highly resistant pathogenic E. coli was prevalent in blood samples
from children with sepsis. Particularly, all the clinical isolates were resistant to at least one
antimicrobial (Table 3-1). Among those, 70.4%, 70.4%, 88.9%, 74.1%, and 64.0% of the E.
coli isolates were resistant to CIP, AZI, CRO, TE, and CN, respectively (Table 3-1).
Additionally, 22/27 (81.5%) isolates were resistant to at least three different classes of

antimicrobials and defined as MDR?2%2,

To investigate the AMR gene profiles of the collection, WGS was performed on the 27
clinical E. coli isolates. Genomic analysis was conducted on the WGS data and the complete
genome of E. coli ATCC 2522 obtained from NCBI database. The collection showed an
appreciable diversity in genomic background of pathogenic E. coli. In total, the 27 clinical
isolates fell into 12 different sequence types (STs) (Figure 3-1b). The most ST was ST1193,

which accounted for 8/27 isolates (29.6%).
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Table 3-1. MICs and antimicrobial resistance of ATCC 25922 and 27 clinical isolates

used in this study

Minimum inhibitory concentrations (mg/L)

Isolate ID

CIP AZI CRO TE CN
E3585 32 (R) 48 (R) 256 (R) 256 (R) 256 (R)
E3823 32 (R) 48 (R) 256 (R) 256 (R) 256 (R)
E4569 0.064 (S) 12 (S) 32 (R) 4(S) 1(S)
E6348 0.38 (S) 8 (S) 256 (R) 4(S) 256 (R)
E8964 0.38 (S) 64 (R) 256 (R) 256 (R) 64 (R)
E9833 0.38 (S) 16 (S) 256 (R) 256 (R) 1(S)
E10085 32 (R) 48 (R) 256 (R) 16 (R) 256 (R)
E10487 32 (R) 256 (R) 256 (R) 256 (R) 96 (R)
E10996 0.094 (S) 16 (S) 256 (R) 256 (R) 1(S)
E11030 32 (R) 4(S) 0.094 (S) 256 (R) 64 (R)
E12236 0.25 (R) 256 (R) 1.5 (1) 256 (R) 1(S)
E12241 0.094 (S) 8 (S) 0.064 (S) 128 (R) 1(S)
E12674 32 (R) 6 (S) 64 (R) 128 (R) 1.5(S)
E14252 12 (R) 16 (S) 256 (R) 256 (R) 32 (R)
E14488 32 (R) 256 (R) 256 (R) 4(S) 16 (R)
E15475 32 (R) 256 (R) 256 (R) 256 (R) 1(S)
E15476 32 (R) 256 (R) 256 (R) 256 (R) 1.5(S)
E15583 32 (R) 256 (R) 256 (R) 256 (R) 1(S)
E1456 0.25 (S) 48 (R) 256 (R) 64 (R) 256 (R)
E1965 32 (R) 256 (R) 256 (R) 4(S) 256 (R)
E2408 32 (R) 256 (R) 256 (R) 4(S) 64 (R)
E2542 32 (R) 256 (R) 256 (R) 4(S) 256 (R)
E4751 32 (R) 256 (R) 256 (R) 256 (R) 256 (R)
E5306 0.38 (S) 48 (R) 256 (R) 256 (R) 256 (R)
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E5610 32 (R) 256 (R)

E5896 0.38 (S) 256 (R)
E6227 32 (R) 256 (R)
ATCC25922  0.094 (S) 4(S)

Susceptible  8/27 (29.6%)  8/27 (29.6%)

Intermediate  0/27 (0.0%)  0/27 (0.0%)

19/27 19/27
Resistant (70.4%) (70.4%)

256 (R)
128 (R)
256 (R)

0.125 (S)

2/27(7.4%)
1127 (3.7%)

24/27
(88.9%)

4(S) 256 (R)

256 (R) 256 (R)

256 (R) 1.5(S)
4(S) 1.5(S)
7/27

(25.9%)  10/27 (37.0%)
0/27 (0.0%)  0/27 (0.0%)

20/27
(74.1%)  17/27 (63.0%)

S: susceptible, I: intermediate, R: resistant
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A resistome analysis demonstrated that resistance to AZI was associated with the presence of
mphA (Figure 3-1b). Resistance to TE was associated with the tet gene variants (tetA/tetR or
tetB). All isolates harbouring aac(3)-1la were resistant to gentamicin. In contrast, the
resistome data was insufficient for explaining CIP resistance, which is commonly attributed
to mutations in the QRDR®’. Eleven and eight of 27 clinical isolates respectively harboured
blactx-m-1 and blactx-m-9, which, as extended spectrum beta lactamases, confer resistance to
third generation cephalosporins. Ceftriaxone MICs were positively correlated with the
number of acquired resistance genes to beta-lactams in these isolates (i.e., the more bla
resistance genes the higher the MIC; p = 0.66, p<0.001). Moreover, three isolates (ST69 and

ST410) carried blanpm-1, which is responsible for carbapenem resistance.

Aiming to explore the impacts of AMR and AMR genes on morphological changes, the 28 E.
coli (27 clinical isolates and the reference strain ATCC 25922) were subjected to
antimicrobial exposure for three hours at CLSI breakpoint concentrations!®® and examined by
light microscopy. The microscopy images were qualitatively classified into four principal
categories: lysis, ellipsoid, rod-like shape, and elongation (Figure 3-1a). Figure 3-1b
demonstrates that E. coli cells responded to antimicrobial exposure with differential
modifications in their morphology, with some showing an association with a particular AMR
phenotype. Specifically, CRO-susceptible and -intermediate resistant isolates were elongated
while resistant isolates retained rod-like shape when exposed to ceftriaxone (Figure 3-1b).
Similarly, the majority of E. coli that were resistant to AZI, TE, and CN retained a rod
morphology, while most susceptible organisms were ellipsoid when exposed to these

antimicrobials (Figure 3-1b).
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Figure 3-1. Bacterial morphology associated with AMR and resistome.

(a) The morphological features of E. coli after 3h being treated with ciprofloxacin.

Brightfield images of E. coli in different morphologies, including, from left to right, cell
lysis, ellipsoid, rod-like shape, and elongation, were acquired with a Nikon Ni-E upright
microscope and a 100X objective lens. Morphology of the reference strain is in rod-like

shape in drug-free condition. (b) The phylogenetic structure of E. coli with corresponding
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susceptibility, AMR genes, and morphology. (Left) The unrooted phylogenetic tree
constructed from core-genomes of the 28 E. coli isolates. (Right) Sequence types of those
isolates obtained by mapping the whole genome reads to a database of seven housekeeping
genes. (Middle) Five heatmap blocks, each of which demonstrates (first column)
antimicrobial susceptibility, (second column) morphology under exposure to antimicrobials,
and (remaining columns) the presence (black) and absence (grey) of resistance genes against
quinolones, macrolides, S-lactams, tetracyclines, and aminoglycosides. NF: non-identified

ST.
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Upon exposure to AZI and TE, morphological changes were more heterogeneous and not
consistent with the respective susceptibility profiles of the organisms. For example, of the
eight TE-resistant E. coli isolates, five were ellipsoid and three were rod-like shape.
Ciprofloxacin exposure induced the highest level of morphological heterogeneity, in which
resistant organisms were rod-like shape, elongated or rod-elongate mixture; CIP susceptible
organisms were ellipsoid, rod shape or lysed when exposed to CIP. I did not observe any
obvious association between AMR gene content and bacterial morphological changes under
exposure to antimicrobials (Figure 3-1b), with the exception of the aforementioned rod
morphology with mphA, aac(3)-Ila gene and tet gene variants conferring resistance to AZI,

CN and TE, respectively.

3.3. Assessing the growth dynamics of E. coli under exposure to antimicrobials

The 28 E. coli isolates were exposed to different concentrations (0 to 256mg/L) of CIP, AZI,
CRO, TE, and CN; growth curves were performed over 24 hours. One isolate was chosen to
perform three technical replicates (Figure 3-2) and the pair-wise correlation coefficients
among three replicates were calculated. An average correlation coefficient of 0.89 was
determined. Additionally, each isolate was exposed to AZI and TE with additional 1-2

biological replicates to confirm the observed effects of resistance on their growth dynamics.
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Figure 3-2. Three replicates of growth dynamics monitoring
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A clinical E. coli isolate was treated, three times, with CIP, AZI, CRO, TE, and CN at

different concentrations. Red dots: replicate #1, green dots: replicate #2, and blue dots:

replicate #3.
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More than 2,500 growth curves from the 28 E. coli in different antimicrobial exposure
conditions were generated, and Gompertz’s, Baranyi’s and three-phase linear model were fit
to the growth curves. The Gompertz’s and Baranyi’s model fit with the lowest mean MSE
and MAE; the highest p and R? (Figure 3-3). However, performance of the Gompertz’s
model was superior to that of the Baranyi’s model, which indicates that the Gompertz’s (with
three parameters) was the most suitable model for these data. Consequently, I employed the

Gompertz’s model to estimate the growth parameters of each curve for further analysis.

The growth features were plotted separately for five experimental conditions, and against
different antimicrobial concentrations as relative to the isolate’s respective MIC (Figure 3-4).
Generally, antimicrobials suppressed the growth of E. coli, which could be observed as the
inferred A reduced gradually and AUC reduced rapidly with increasing drug concentrations.
Alternatively, increased antimicrobial concentrations induced a prolonged A in all cases. The
u against relative drug concentration was more heterogenous and largely dependent on
antimicrobial class. The u of E. coli treated with CIP and TE declined inversely with respect
to an increase in the respective antimicrobial concentrations. However, when organisms were
exposed to ceftriaxone, the u remained constant, with some organisms showing increased u
at higher concentrations. Notably, under AZI exposure, the general trend of the 28 E. coli was
that u increased in lower concentrations of the macrolide and then decreased gradually at
higher drug concentrations. These data suggest that sub-inhibitory concentrations of AZI

induce an increased rate of E. coli replication.
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Figure 3-3. Comparison between performance of Gompertz’s, Baranyi’s and three-

phase linear model.

For each growth curve, the three models were utilised to predict OD values at every
timepoints from 0 to 24h. The actual and predicted values were used to calculate the MSE,

MAE, p, and R?. The lower MSE and MAE; higher p and R?, the better a model is.
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On further investigation I also found that TE-resistant isolates possess a fitness advantage
over susceptible isolates in both antimicrobial-free conditions and at 0.5XMIC (Figure 3-5).
Specifically, at 0.5XMICs of TE, u (p< 0.0001), A (p<0.001), and AUC (p<0.0001) of the TE
resistant E. coli were all significantly higher than those of the susceptible organism (Figure
3-5). Without antimicrobial exposure, the AUC of TE-resistant isolates were significantly
higher than that of susceptible isolates (p<0.05). Conversely, AZI susceptible E. coli in drug-
free conditions had a fitness advantage over AZI resistant E. coli with significantly higher

AUC:s (p<0.05) (Figure 3-5).
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Figure 3-4. The dynamics of the growth features

From top to bottom, lag-phase period (1), maximum growth rate (¢), maximum cell density
(A), and area under the curve (AUC) corresponding to antimicrobial concentration relative to
MICs of 28 E. coli isolates from clinical samples. From left to right, CIP, AZI, CRO, TE, and
CN The horizontal axis is antimicrobial concentrations relative to MICs of each isolate. The
vertical axis represents the values of growth features. Bold lines are LOESS regression and

thin lines are growth features of each isolate.
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for resistant isolates.

From top to bottom, maximum cell density (A), maximum growth rate (u), lag-phase period
(1), and area under the curve (AUC) of resistant isolates (dark grey) and those of susceptible
isolates (light grey) without antimicrobial (left) and at half MICs (right). *: p-value < 0.05,

**: p-value < 0.01, ***: p-value < 0.001, ****: p-value < 0.0001.
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3.3.1. Effects of azithromycin and tetracycline resistance on growth dynamics of E. coli

To further investigate the impact of AZI and TE resistance on the growth dynamics of E. coli,
I plotted the growth features of resistant and susceptible isolates at different relative
concentrations of these antimicrobials. Figure 3-6 shows a comparison between trends of
growth features (as inferred by Gompertz’s model) on data from three replicates of resistant
and susceptible organisms grown in increasing concentrations of AZI and TE. I found that the
A of TE-resistant organism was lower than that of the susceptible organisms, while the x4 and
AUC of organisms resistant to TE were higher than those of susceptible organisms.
Conversely, the AZI-resistant organisms exhibited a longer A, a higher A, and a lower y than
the AZI susceptible organisms. Additionally, I found that u of both AZI resistant and
susceptible E. coli peaked at low antimicrobial concentrations relative to MIC, which was
supported by both Gompertz’s, Baranyi’s and three-phase linear model (Figure 3-7). These
data suggest that sub-inhibitory concentrations of AZI accelerate the growth of both

susceptible and resistance E. coli.
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Figure 3-6. A comparison between growth features of resistant and susceptible isolates

under exposure to azithromycin and tetracycline

The horizontal axis is antimicrobial concentrations relative to MICs. The vertical axis is

values of the four growth features, including lag time (4), maximum growth rate (1),

maximum cell density (A), and area under the curve (AUC). For each isolate, growth features

were plotted against relative concentrations of antimicrobials as thin lines. Bold red (resistant

isolates) and blue (susceptible isolates) lines indicate LOESS regression. Grey shading

represents 95% confident intervals.
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Figure 3-7. Comparison between growth parameters estimated from Gompertz’s,

Baranyi’s and three- phase linear model.

Parameters include lag-phase period (4), maximum growth rate (¢), and maximum cell

density (A). The horizontal and vertical axes are relative concentration of antimicrobials and

values of the growth parameters, respectively. Bold red (resistant isolates) and blue

(susceptible isolates) lines are LOESS regression.
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3.3.2. Elevation of growth rate in ermB" E. coli at sub-MIC concentrations of azithromycin

All AZlI-resistant E. coli isolate (n=19) carried mphA; additionally, seven harboured ermB
and one isolate harbored /nuF. In order to investigate the influence of ermB, which was
prevalent among E. coli resistant to AZI, on the growth features of E. coli, I compared
growth features of the E. coli with the presence (ermB™) and absence (ermB-) of this gene.
The u, A, and AUC decreased in both ermB* and ermB- isolates, while A was elevated with
increased relative concentrations of AZI (Figure 3-8a). I found that ermB* E. coli exhibited a
higher A and AUC, shorter A, and lower u than those of ermB™ E. coli. At low concentrations
of AZI relative to MICs, u in ermB™ isolates increased rapidly (peaked at ~0.03 x MIC) and
then gradually decreased. The highest u value from the ermB* organisms was lower than that
from ermB organisms, which peaked at a greater relative concentration of AZI. I further
found that at lower concentrations of AZI (absolute concentrations of 1mg/L and 2mg/L), the
ermB- organisms exhibited significantly higher u than those of ermB™* organisms (Figure
3-8b), which was in concordance with data generated with relative AZI concentrations.
Lastly, I found that MICs of ermB™ isolates were significantly higher than those of ermB-
isolates (p<0.05) (Figure 3-8c). My data show that MICs against AZI are associated with the

accumulation of macrolide resistance gene.
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Figure 3-8. The impact of ermB gene on growth dynamics of azithromycin-resistant E.

coli.

(a) Growth features of E. coli in the presence (blue thin lines) and absence (red thin lines) of
ermB. Vertical axis is values of A: lag time, y: maximum growth rate, A: maximum cell
density, and AUC: area under the curve. Horizontal axis is antimicrobial concentration
relative to MICs. Bold red and blue lines are LOESS regression. Grey shading is 95%
confident intervals. (b) Maximum growth rate (1) of ermB E. coli (red boxes) compared to
that of ermB™ E.coli (blue boxes). Horizontal axis is the absolute concentration of

AZI (mg/L). (¢c) Comparison MICs of ermB™ and ermB" E. coli. *: p-value < 0.05.
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3.4. Discussion

This study systematically assessed the physiological and morphological responses of AMR E.
coli to clinically relevant antimicrobials. Regarding morphology, I found a relationship
between resistance to ceftriaxone and cell elongation, which has been previously reported*3-
248 and also utilized to rapidly detect resistant isolates>3%>4°, However, I found that the
molecular basis of AMR was not associated with antimicrobial-induced morphological
responses. This observation suggests that morphology-based rapid antimicrobial
susceptibility testing may be performed without prior knowledge of resistance mechanism,
which is a drawback of nucleic acid-based and protein-based methods. A limitation of
morphology-based testing is the highly diverse dependence of that morphological changes on
types of antimicrobials, even for antimicrobials belonging to the same family. Considering
the f-lactams as an example, meropenem induces a spindle morphology in E. coli, while
moxalactam induces filamentous cells ', Thus, for each antimicrobial, a prior imaging
dataset of both resistant and susceptible organisms is required to infer the susceptibility of
newly isolated organisms. For other antimicrobials used in this study, the morphology-
resistance correlation was less consistent, which may be addressed by additional time data
provided by live-cell imaging, which may be required to build highly accurate antimicrobial
susceptibility tests 24%24°. The heterogenous responses to CIP, AZI, TE, and CN might be
explained by the highly diverse genetic background of the E. coli collection comprising of 11
different STs. My results showed antimicrobial-induced morphological changes in both
resistant and susceptible isolates, suggesting that bacterial cells response to drug pressure
despite the resistance to antimicrobials. This is probably due to the residue, in cytoplasm, of
active antimicrobials which is not yet extruded by efflux pumps (e.g. TetA and TetB) or

inactivated by enzymes (e.g. f-lactamases). This could also be explained by the weak
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interaction between antimicrobials (e.g. CIP) and modified target proteins (e.g. mutated

GyrA).

Due to improved manufacturing technology, the price of tetracyclines has decreased
dramatically, to the extent where they are the cheapest antimicrobials available. This has
made TE the second most widely used antimicrobial worldwide?*?. Although the usage of
tetracyclines in human health is becoming less common, they are still important
antimicrobials disease prevention and growth promotion in animals!®. My data demonstrated
a high prevalence of TE resistant E. coli via the fet gene, which is in accordance with
previous studies®!. By comparing growth features of E. coli treated with TE, I found that TE-
resistant isolates possessed a fitness advantage over susceptible isolates. This fitness
advantage in absence of the antimicrobial may explain the ubiquity of tef gene carriage in the
gut microbiota of children and the sustained persistence of TE resistance?!. My observations

12°2, in which the fitness of resistant E. coli did not

concur with a pharmacodynamic mode
differ from susceptible E. coli in antimicrobial-free conditions. However, a recent study using

growth curve analysis found that TE resistance may exert a fitness cost of up to 10% on E.

coli compared with a wild-type strain?>>,

Azithromycin has been listed by WHO as one of the critically important antimicrobial

reagents for human medicine?**. Moreover, the WHO have been developing guidelines to
prophylactically prescribe AZI to infants and children to reduce child mortality?>*, which
might increase the resistance against macrolide antimicrobials globally?*®. Therefore, the
molecular mechanisms and prevalence of AZI resistance have been studied extensively?>3-237-

260 However, the influence of AZI exposure on the physiology of bacteria is not well

understood. Here, I observed an accelerated u of both resistant and susceptible isolates under
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exposure to low concentrations of AZI, raising a concern about potential impacts of this
antimicrobial on developing new resistant mutants. These results suggest further
investigations are required to evaluate the potential benefits of presumptive antimicrobial
treatments compared to the risk of AMR development. I speculate that at sub-MIC
concentration, AZI molecules inhibit protein synthesis by binding to P site on the 50S subunit
of the bacterial ribosome’¢, inducing up-regulation of ribosome synthesis which is associated
with higher u?!-262, With increased concentration of the macrolide, more ribosomal

molecules are bound by AZI, which leads to insufficient protein synthesis and reduction in y.

Notably, the trend of u in AZI resistant E. coli was lower than the trend in AZI susceptible
isolates. This observation may be experimental evidence supporting a mathematical model
for ribosome-targeting antimicrobials, which showed that faster growth induces greater drug
susceptibility 23, Moreover, amongst the AZI-resistant E. coli harbouring mphA gene, the
ermB" isolates exhibited lower u than those of ermB . I hypothesize two feasible causal
pathways of how ermB influences u: (1) the presence/absence of ermB directly impacts on
the u trend or (2) the presence of ermB increases the MICs of E. coli and consequently
changes the trend of u against relative concentration of AZI. The lower u in ermB* may be
due to reduced ribosome synthesis as ermB allows constitutive methylations of 23S rRNA2%4,
which protects the complexes from AZI binding and potentially interferes with ribosome
assembly. This suggests that the presence/absence of ermB is likely to have a direct impact

on U.

This study has limitations. First, using these approaches I were unable to develop an

algorithmic tool to quantitatively measure morphological changes and to categorize cell
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shapes. Therefore, the cell-shape classification may be subjective. Second, the relationship
between morphology, growth dynamics and cell viability were not investigated. Third, the
correlation between the live cell counts, measured CFUs and OD values, representing the
density of both live and dead cells, was not verified. Although bacterial enumeration provides
information on the actual growth rates of the cultured bacteria, I opted to analyse the growth
of E. coli by monitoring OD as it enables high-throughput experiments with biological
replications. Lastly, the 27 E. coli isolates possessed potential cross-interaction among AMR

genes and high diversity in genetic background, which I was not able to address.

In conclusion, I exploited growth dynamics and bacterial morphology to study the impact of
AMR in clinical E. coli isolates. The morphological responses to ceftriaxone were
consistently associated with the resistance to the antimicrobial, while the responses to other
antimicrobials was more heterogeneous. In the absence of the drug, TE resistance confers a
fitness advantage on E. coli while the other antimicrobials exert a measurable fitness cost
(lower AUC and p) on these bacteria. At low concentrations of AZI, u was accelerated and
AZI susceptible isolates possessed higher u than resistant isolates. I additionally observed an
impact of AMR genes on growth dynamics of bacteria, in which E. coli harbouring ermB
gene exhibited lower u than ermB- E. coli. My study raises a concern regarding the
persistence of AMR and the development of new resistance phenotypes under antimicrobial
exposure, showing the need for a better understanding of how morphological and

physiological response contribute to the AMR and tolerance in bacterial pathogens.
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Chapter 4. Application of machine learning with high-content imaging to infer

antimicrobial resistance phenotypes in Salmonella Typhimurium

The study was conceptualised by Prof. Stephen Baker. Experiments were designed and
conducted by Dr. Sushmita Shridha. Data analysis, construction of machine learning models
and figure preparation were carried performed by me. I and Dr. Sushmita Shridha wrote the

manuscript as the following.

Tuan-Anh, T. et al., Application of machine learning to high content imaging to infer

antimicrobial resistance phenotypes in Salmonella Typhimurium. (in progress)

4.1. Introduction

Ciprofloxacin has been listed by WHO as a critically important antimicrobial reagents for
human medicine 2**. However, the rapid spread of (fluoro)quinolone resistance bacteria
threatens the efficacy of the drug. The rapid detection of bacteria that are resistant to the drug
can play a crucial role to preserve the availability of CIP. In Chapter 3, using a conventional
brightfield microscope, I found an association between resistance to CIP and the
morphological changes in E. coli. However, this association was not consistent across all the
isolates and hence could not be used to infer susceptibility. Therefore, I attempted to use
HCI, which is a more advanced microscopic technique, to observe the morphological

responses of bacteria treated with CIP.

Aiming to better understand the relationship between cellular morphology and AMR, I

sought to link HCI with machine learning algorithms to identify the key characteristics that
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may predict how a bacterial population responds to an antimicrobial. To address this
problem, I selected S. Typhimurium, a classical enteric pathogen, which can induce
gastroenteritis, diarrhoea, and in some cases, systemic disease, as the model organism!!3-118,
Pertinently, S. Typhimurium is becoming increasingly resistant to key antimicrobials, such as
the broad-spectrum fluoroquinolone, CIP. Selecting two laboratory typed strains and two
clinically relevant S. Typhimurium isolates I exposed them to increasing concentrations of
CIP over a 24-hour timeframe and periodically subjected them to HCI. After subjecting these
data to detailed machine learning algorithms, I found that S. Typhimurium have distinct

morphological characteristics that can be exploited to predict CIP susceptibility, without prior

knowledge of phenotype, or exposure to the antimicrobial.

4.2. S. Typhimurium isolates display variable growth and morphological characteristics

following ciprofloxacin exposure

I selected two clinical isolates and two isogenic laboratory strains of S. Typhimurium with a
range of CIP susceptibilities (D23580, VNS20081, SL1344, and SL.1344gyrA) to subject to
sustained CIP exposure (Table 4-1). I performed time kill curves with 1X MIC CIP (and
without antimicrobial), enumerating colony forming units (CFU) every two hours for 8 hours

and after 24 hours (Figure 4-1a).

All four organisms displayed comparable growth dynamics in the absence of CIP, but
predictably I observed greater variation in the growth trajectories between isolates at 1X MIC
of CIP. Overall, growth was slower in the presence of CIP, with D23580 showing the greatest
reduction in growth rate compared to other isolates and to D23580 without the drug (Figure

4-1a, right panel). Despite a reduced growth rate over the initial 8 hours of CIP exposure, all
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isolates treated with 1X MIC CIP rebounded to a CFU comparable to that of no CIP
treatment by the 24-hour timepoint. These dynamics show that bacterial isolates with a
different genetic composition exhibit distinct growth trajectories in response to antimicrobial
exposure. [ hypothesized that the observed differences may be measured more precisely by
assessing changes in cellular morphology; therefore, I subjected the bacteria to HCI to

identify morphological differences associated with CIP exposure.
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Figure 4-1. S. Typhimurium responses to ciprofloxacin treatment

(a) Time-killing curves of the four isolates at 0OxXMIC (left subplot) and 1xMIC (right subplot) against exposure time (horizontal axis). Vertical
axis is the average of colony forming units in logarithm scale. Vertical bars represent standard deviation. (b) Morphological responses of S.
Typhimurium isolates at 1xMIC against increasing exposure time (from left to right). CSA, SYTOX Green, and DAPI stains give red, green, and

blue fluorescence, respectively. (c) Averaged length over all bacterial individuals at IxXMIC. Horizontal axis is exposure time in hours. Vertical
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axis is averaged length in micrometres. Blue line is D23580, orange line is VNS20081, green line is SL1344, and red line is SL1344gyrA. (d)

Single bacterial length over time.
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Table 4-1. Resistome analysis of the isolates in relation to fluoroquinolone susceptibility

Isolate Ciprofloxacin Ciprofloxacin grd gyrB gqnr  acrdlacrB  ogxAlogxB
Susceptibility MIC (ug/ml) mutation
SL1344 S 0.015 no no no no no
SL1344gyrA R 1.5 D87Y no no no no
D23580 S 0.03 no no no no no
VNS20081 R 1.0 D87N no no no yes
VNB1779 I 0.75 D87N no no no yes
VNB2315 S 0.03 no no no acrB no
ghal13289 I 0.75 no no no acrB no
gha200597 S 0.016 no no no no no
2101 S 0.032 no no no acrB no
16755 3 I 0.375 S83Y no no no no
5390 4 I 0.5 no no qnrS no no
8314 12 I 0.19 no S464F no no no
8599 13 S 0.023 no no no no no
319 8 I 0.25 D87Y no no no no
1304 S 0.023 no no no no no
D23580gyrA I 0.5 D87G no no acrAd no
10433 3 S 0.03 no no no acrB no

S: susceptible, I: intermediate, R: resistant. MIC: minimal inhibitory concentration.
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The four organisms were again grown aerobically in liquid media at 0X, 1X, 2X, and 4X
MIC CIP for 24 hours; samples were taken every two hours for imaging. Over the course of
the experiment, I observed a temporal change in bacterial length under 1X MIC CIP
treatment up to 24 hours (Figure 4-1b). This change in bacterial cell length was more
pronounced between 2 and 8 hours, although SL.1344gyr4 could be distinguished by

sustained elongation at 24 hours (Figure 4-1b, right-most panel).

My HCI platform captured 65 morphological, intensity, and texture features for each
individual bacterium within the selected field-of-view!>*, generating the power to quantify
mean bacterial length for an entire field at each timepoint. At 1X MIC CIP, the mean cellular
length peaked at 9.51+0.20 pm (mean + standard error) within six hours, which was a
predicted consequence of fluoroquinolone exposure®®, and subsequently decreased below the
initial length at time point 0 hours (Figure 4-1c¢). I observed several isolate-specific
disparities: D23580 exhibited greater elongation within six hours, and SL1344gyrA exhibited
only a modest decrease in mean cellular length after eight hours of exposure to 1X MIC of
CIP. Notably, D23580 and VNS20081 grown with CIP supplementation displayed
considerable heterogeneity in cell length over the course of the experiment, with the degree
of cell length heterogeneity being dependent on the isolate, the CIP concentration, and also
the exposure time (Figure 4-1d). Overall, the general trend across all isolates at 1X MIC of
CIP was growth (as measured by CFU), a significant increase in bacterial length with time
followed by a decrease, and a measurable change in the morphological characteristics of the

exposed bacteria.
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4.3. Development of a random forest classifier to discriminate between isolates and

between growth conditions

I next sought to disaggregate the role of bacterial isolate and treatment condition. For every
treatment condition (of exposure time and drug concentration), morphological, intensity, and
texture features were averaged across individual bacteria on a single focal plane within a
microwell. The averaged data was then collated as one datapoint, hereafter referred to as
imaging data/features. That process resulted in 65 imaging features for each datapoint.
Subsequently, I normalised the imaging data to a z-score, which was visualized on a heatmap
plot with hierarchical clustering (Figure 4-2a). The resulting data was segregated into two
main groups, with the majority of the 0X MIC and 1X MIC imaging datapoints in one major
cluster and the 2X MIC and 4X MIC datapoints in another (Figure 4-2a). This clustering
suggested that, of the factors measured, drug concentration had the greatest effect on the
cellular response to CIP exposure. To compare the contribution of time and CIP
concentration to patterns of the data, the data was projected into two-dimensional space using
principal coordinate analysis (PCoA) (Figure 4-2b). The two principal axes explained 98.6%
variation of the data, and I observed a time-associated left-to-right (purple to yellow) pattern
for the four isolates with increasing exposure time to CIP. However, there was no clear
pattern associated with CIP concentration across the four isolates, suggesting that the

bacterial response to CIP was specific to the isolate.
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Figure 4-2. Morphological features associated with ciprofloxacin treatments

Axis 1 [90.27%]

(a) Feature heatmap with hierarchical clustering. Horizontal axis is datapoints, vertical axis is features, and each cell in the heatmap is the z-

score value of a feature of a datapoint. (b) Two-dimensional scatter PCoA plot of S. Typhimurium treated with ciprofloxacin at 0OxMIC (circle),

IxMIC (triangle), 2xMIC (square) and 4xMIC (cross). Colour scale represents time of exposure
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I next trained a random forest classifier on the imaging data from each isolate and on merged
data from all isolates to classify the treatment conditions, which were a combination of
exposure time and CIP concentrations (i.e. 0X-2h, 0X-4h,..., 4X-24h etc). The classifier was
evaluated by the out-of-bag (OOB) error rate with lower error rate indicating higher
predictive accuracy. The random forest yielded an acceptable predictive performance with an
OOB error rate of 0.25 when using the combined dataset of all isolates, signifying that this
model would allow us to effectively predict important imaging features in the data (Figure
4-3a). The ten most important features for each isolate and the combined isolate dataset,
corresponding with the highest calculated prominence, were determined by each random
forest classifier. Notably, the importance score calculated for each feature displays how much
the feature contributes to the predictive performance of a machine learning model, most
notably the random forest model in this study. To compare the isolates against each other, I
aimed to identify the most important features common across the four isolates and within the
combined data. Intersecting the most important features from the five random forests models,
trained on data from each of the four isolates and the combined data, resulted in the
generation of four common features (Figure 4-3b). Three of these common features were
associated with fluorescence (FITC relative radial deviation, FITC intensity mean, and CSA

radial mean), the fourth was cell length.
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Figure 4-3. Random forest model to interpret the association between morphology and

antimicrobial exposure

(a) Random forest OOB error rate against number of decision tree used in ensembles. (b)
Feature importance extracted from random forest model with 1,000 decision trees to
distinguish isolates at different treatment conditions. The horizontal axis is importance, and
the vertical axis is the five most important features. (c) Averaged bacterial length over 24h of
exposure to CIP at varied concentrations. Horizontal and vertical axes are exposure time
(hours) and averaged length of bacteria (um) respectively. (d) Correlation between CIP
concentration relative to MICs (horizontal axis) and required time for each isolate to elongate

to maximum length (vertical axis).
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I next plotted the mean bacterial length at different CIP concentrations exposure time in order
to build upon our earlier analysis of mean bacterial length at 1X MIC of CIP (Figure 4-3c).
These results exhibited a time-dependent trend for bacterial length; specifically, D23580,
VNS20081, and SL.1344 responded to CIP exposure in a biphasic manner: (1) bacterial cells
initially elongated, and then (2) reduced with time. In contrast, the bacterial length trend for
the SL1344gyrA mutant was uniform. These trends in bacterial cell length were comparable
for the conditions of 1X, 2X, and 4X CIP MIC. I observed a linear correlation (p = 0.72)
between drug concentration and the time required for each isolate required to reach its peak
average length (Figure 4-3d). This finding shows how interrelatedness of the exposure time
and concentration effects bacterial length. I additionally observed that bacterial length was a
convergent trend over time in D23580, VNS20081, and SL1344, suggesting that there was a
decline in the morphological distinction between S. Typhimurium isolates treated with
different CIP concentrations with increased exposure time (Figure 4-3c). Images of D23580
and VNS20081 from discrete time points and across all CIP concentrations indicated a
similar convergence of bacterial length, although this was the most pronounced in VNS20081
(Figure 4-4). Overall, I could train a random forest classifier to identify important features
common across bacterial isolates, and, using cell length an as exemplar of an important
feature, I was able to examine how cell length changed over time and differed between

concentrations of CIP.
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4.4. S. Typhimurium SL1344 and its gyr4 mutant display distinct differences in

morphological features

While it was important to recognize that four isolates of S. Typhimurium had distinct
morphological features, I additionally wanted to investigate if SL1344 and its CIP-resistant
gyr4 mutant derivative exhibited observable differences in cellular morphology. To identify
the treatment condition that segregated SL1344 and SL1344gyrA with the highest degree of
distinction, the distance ratio at the four CIP concentrations were plotted against exposure
time. The distance ratio minimized at 4X MIC and 20 hours (4XMIC-20h), corresponding to
the most separation between the two isolates (Figure 4-5a). Therefore, subsequent analyses
were conducted at 4X MIC at the 20-hour time point. I found that SL1344 and SL1344gyrA
segregated well at 4X MIC-20h, with two independent 95%-confidence ellipses (Figure
4-5b). A random forest classifier was trained to classify the two organisms, yielding an OOB
error rate of 0, equivalent to 100% predictive performance. I then derived the ten most
important features from the trained random forest classifier and plotted them against the
corresponding highest calculated importance, shown for SL1344 and SL1344gyrA combined,
and within each organism (Figure 4-5c¢). I plotted the ten most important features of SL1344
and SL1344gyrA individually, finding that all comparisons were highly significant (p<0.001)
(Figure 4-5d). A comparison of representative images from 4XMIC-20h showed that SL.1344
and SL1344gyrA were distinct (Figure 4-5¢). These ten important features were combined
into a radar chart and exhibited in observable differences between organisms (Figure 4-5f).
These data indicated that while SL1344 and SL1344gyrA are isogenic, the gyr4 mutation
results in substantial morphological differences when the bacteria were exposed to CIP. More
broadly, these data suggest that the mutation in gyr4 may have further global effects in
addition to reduced CIP susceptibility, and the ability to identify important morphological

features for a given isolate, may provide novel insights for inferring CIP susceptibility.
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Figure 4-5. Morphological distinction between SL1344 and SL1344gyrA

Distance ratio, between datapoints grouped by the isolate SL1344 and its mutant derivate, against CIP exposure time. (b) PCoA plot, derived
from a subset of the data shown in Figure 4-2b, of the two isolates at 4xMIC-20h with 95%-confident ellipses. (c) The ten most important
features (vertical axis) for random forest model, built from 1,000 decision trees, to distinguish SL.1344 from SL1344gyrA with corresponding
importance index (horizontal axis). (d) Boxplots for the ten most important features derived from the random forest. All the boxplot pairs were
significant different with p-value < 0.001 (Kruskal-Wallis test). (¢) Morphologies of S. Typhimurium SL1344 and SL1344gyrA at 4xMIC-20h.
Red, green, and blue fluorescence corresponds to CSA, SYTOX Green, and DAPI stains, respectively. (f) Radar chart for z-score transferred

value of the most important features. Each line represents a datapoint of either SL.1334 (blue) or SL1334gyrA (orange).
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4.5. Ciprofloxacin susceptible and resistant S. Typhimurium isolates can be

distinguished by morphological features

Having quantitatively distinguished S. Typhimurium SL.1344 from a CIP resistant SL1344
gyrA mutant, I sought to discriminate between CIP susceptible and resistant isolates with
diverse genetic backgrounds. Notably, CIP resistant S. Typhimurium exhibited the most
distinction from susceptible isolates after 22 hours of culture without exposure to CIP, which
was quantified by the lowest distance ratio at the condition of 0X MIC-22h (Figure 4-6a).
This observation suggests that gyr4 mutations may interact with other cellular pathways,
which ultimately alter morphology. I subsequently investigated how susceptibility to CIP
affects the distribution of imaging data at 0X MIC-22h. Projecting all 65 imaging features at
0X MIC-22h into a PCoA plot (explaining 98.6% variation), I found resistant organisms
clearly segregated from susceptible organisms (Figure 4-6b). I next trained a random forest
model to select the ten most important features associated with CIP resistance at 0X MIC-22h
for further analysis. The random forest model possessed a high predictive-performance at 0X
MIC-22h in the best segregation of CIP susceptible and resistant isolates. Therefore, the
feature-selection interpretation from the model was associated with high confidence; the ten
most relevant important features were measurements of fluorescence (Figure 4-6¢). These
important imaging features were plotted to a heatmap using hierarchical clustering (Figure
4-6d). I again found that CIP resistant S. Typhimurium intrinsically segregated from
susceptible organisms (Figure 4-6d), and had distinctive imaging data patterns (Figure 4-6¢),
suggesting that the clustered structure of the data was driven principally by these important
features. These data indicate that CIP-susceptible and -resistant isolates can be distinguished

based on a small number of morphological features without CIP exposure.
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Figure 4-6. Distinguish resistant and susceptible isolates at 0OxMIC-22h

(a) Distance ratio (vertical axis), of data grouped by antimicrobial susceptibility, at different drug concentration against exposure time
(horizontal axis). (b) PCoA plot for all datapoints at 0OXMIC-22h. A subset from PCoA data (Figure 2b) at 0xMIC-22h was reused for this plot.
Blue (susceptible) and orange (resistant) ellipses are 95%-confident ellipses. (¢) The ten most important features derived from random forest,
with 1,000 decision trees, identifying resistant isolate at 0xMIC-22h. Vertical axis is the important features against the importance on horizontal
axis. (d) Heatmap of the ten most important features with hierarchical clustering on horizontal axis of datapoints and vertical axis of features.
Each cell in the heatmap is the z-score value of a feature of a datapoint. A subset of z-score data from previous heatmap (Figure 4-2a) was
reused for the plot. (e) Spider chart for the ten most important features to differentiate susceptible (blue) and resistant (orange) isolates. Data was

transferred to z-score and each line is a datapoint.
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4.6. Random forest classifier can distinguish between ciprofloxacin susceptible and non-

susceptible isolates without ciprofloxacin exposure

To generalize the distinction between CIP-susceptible and resistant isolates using an extended
dataset, I generated new imaging data of 13 additional and the four prior S. Typhimurium
isolates at 0X MIC-22h (Table 4-1). Data from these 17 isolates were combined and analysed
(Figure 4-7a). All important features of these isolates were ranked in descending order, based
on their relative contribution from the random forest model. The ranked features were then
input stepwise into machine learning classifiers in an increment of five features to identify
the best classifiers for these data. The classifiers included Naive Bayes classifier, K-nearest
neighbour classifier, support vector machine (SVM), random forest, gradient boosting of
decision trees (CatBoost), and artificial neural network. Incorporating a large number of
features in the machine learning classifiers diminished the predictive performance of those
models, and the accuracy of most of the classifiers declined as features were added.
Ultimately, I found that only five morphological features were required to reliably distinguish

antimicrobial susceptibility (Figure 4-7b).

112



lllllll ity Specificity Precision

o T T U

AT g

gy

I Naive Bayes I SVM I CatBoost
KNN Random forest || Neural ne

Q o

Resistance probability

08 j‘::?z§\\ \ i //' 'ff/ ////;




Figure 4-7. Machine learning classifiers to identify resistant isolates at 0xMIC-22h

(a) Venn diagram of isolates used to train machine learning classifiers. Green circle represents the four main isolates and orange circle represents
16 isolates to test the generalization of the classifiers. (b) Predictive performance of machine learning models set against number of most
important features. Horizontal axis is number of features ranked by importance and vertical axis is accuracy on validation set. (¢c) Boxplots and
violin plots for predictive performance of machine learning models on 1,000 random training/validation/test partitions. Vertical axis is the values
of performance metrics. (d) Partial Dependence Plot of the five most important features (colour lines) against resistance probability calculated by
the neural network. Gray lines are Individual Conditional Expectation plot of each datapoint, which shows how predicted resistance probability

changes when one feature varies. Horizontal axis is z-score of the features and vertical axis is corresponding resistance probability.
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To compare predictive performance among the classifiers, the machine learning models were
trained with the five most important features, and performance metrics were recorded
accordingly on 1,000 randomly split training, validation, and testing sets (Figure 4-7c). The
metrics consisted of accuracy, sensitivity, specificity, precision, F1 score, and receiver
operating characteristic (ROC) area under the curve (AUC). Among all experimental
classifiers, the neural network exhibited the highest performance metrics compared to other
classifiers. Specifically, on the test sets, the neural network exhibited an average accuracy of
0.87£0.08 (mean * standard deviation), sensitivity of 0.87£0.11, specificity of 0.8940.12,
precision of 0.9010.1, F1 score of 0.8740.08, and ROC AUC of 0.91+0.07 (Figure 4-7c,

brown violin plots).

I then sought to interpret the causal relationship between input features and the output of
resistance probability from the neural network classifier (Figure 4-7d). Given imaging
features of an isolate, neural network predicts the corresponding resistance probability, such
that higher probability indicates greater likelihood of the isolate resistant to CIP. Overall,
resistance probability responded to the important features in a nonlinear fashion as a result of
the complex neural network. Notably, the signal from SYTOX green stain captured by FITC
channel comprised 60% of the important features. As SYTOX green, a DNA stain, cannot
penetrate intact cells, FITC intensity is associated with cell permeability of S. Typhimurium.
Specifically, low FITC intensity, indicating membrane integrity, was associated with high
resistance probability (Figure 4-7d). This finding suggests that under exposure to CIP,
resistant isolates were more likely to survive and to remain intact membrane, while

susceptible isolates died, leading to higher membrane permeability.
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In contrast to FITC intensity, low DAPI intensity, indicating bacterial DNA content,
correlated with low resistance probability, which may be explained by the membrane
integrity and hypothetically by competitive DNA binding with SYTOX green (Figure 4-7d).
The neural network showed that high FITC profile and CSA profile were associated with low
probability for resistance and high FITC radial relative deviation correlated with high
probability of resistance. Overall, classification using the neural network on 13 additional S.
Typhimurium isolates of differing CIP susceptibilities confirmed that CIP resistant S.
Typhimurium isolates are morphologically distinct from the susceptible CIP isolates, and this
distinction can be identified by assessing specific morphological features without any prior

antimicrobial exposure or knowledge of their susceptibility.

4.7. Discussion

Here, I combined HCI and machine learning models to determine phenotypic differences
between isolates of S. Typhimurium exposed to CIP. I found that CIP-resistant and -
susceptible isolates have distinct morphological characteristics, independent of CIP exposure,
that can be distinguished using machine learning classifiers. To my knowledge, this is the
first instance of machine learning techniques being utilised to predict antimicrobial-resistant
and -susceptible bacterial isolates using imaging data. The proposed machine learning
classifiers can infer the inter-relation between morphological data and the complex

combinatory treatments of different CIP concentrations and CIP exposure time.

Compared to many other methods to study AMR?%6-268 HCT analysis is high-throughput and
can be performed using small culture volumes. HCI also provides a high-resolution overview

of bacterial populations at the scale of an individual organism. My study has shown that HCI
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does not require prior knowledge of resistance mechanisms or phenotypic susceptibility by
traditional antimicrobial susceptibility testing to determine resistant isolates. This makes HCI
a potentially valuable technology for future diagnostic laboratories. Given that other Gram-
negative rod-shaped bacteria undergo similar phenotypic changes in response to CIP, it may
be possible to extrapolate our findings to infer the responses of other Gram-negative bacteria
to CIP and other antimicrobials. For that reason, an imaging database at family level may be
sufficient to train machine learning models to diagnose an infection caused by AMR
organisms, without labour-intensive efforts requiring the development of databases for

individual species.

The majority of contemporary studies have coupled HCI with dimensional analyses to
distinguish antimicrobials with different MoA23*>7 and pathogenic isolates with different
AMR profiles!®. The disadvantage of such methods is that they do not allow quantitative
prediction of new queried data points, especially ones that lie in the middle of pre-defined
clusters. For example, dimensional analysis is unable to predict the resistance profile of an
isolate with corresponding imaging datapoint falling between resistant and susceptible
clusters. Alternatively, very few studies have employed machine learning classifiers to
quantitatively predict antimicrobial MoA!>%!5% and target proteins!'®*. More importantly, HCI-
based AMR identification using machine learning classifiers has not previously been
published. Due to their high complexity, machine learning, especially nonlinear, models are
considered to be ‘black-box’ tools lacking interpretability, which might prevent scientific
understanding of the results?®. In this study, I designed and implemented various ‘white-box’
machine learning classifiers to identify AMR isolates of S. Typhimurium and interpreted
nonlinear relations between morphological features and AMR probability. The interpretable

machine learning analysis proposed in this study could be a model for other HCI analyses,
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promoting more popular use of machine learning in the field of biology, particularly clinical

microbiology.

This study has limitations. While I created an HCI analysis pipeline suitable for bacteria, it
likely needs further refinement to optimally segment bacterial cells. An improved image
analysis algorithm specialised for bacterial imaging data may provide better differentiation
between resistant and susceptible organisms at the single-cell level. My study is also limited
by experimental sampling methods in which averaged morphological data was extracted from
images acquired on cross-sectional samples of S. Typhimurium populations at discrete
timepoints. As a result, it is not possible to measure the longitudinal transformation of
specific bacterial morphologies and reduces the single-cell resolution of the assay.
Furthermore, bacteria were cultured in liquid medium in a laboratory setting, which makes
the study less clinically relevant. However, this approach facilitates further studies on S.
Typhimurium at the molecular and cellular levels, which could be leveraged for rapid

antimicrobial susceptibility testing.

Using various machine learning algorithms, I have conceived an analysis pipeline for
interpreting and predicting CIP resistance phenotypes of S. Typhimurium based on high
content confocal imaging data, which can serve as a framework for further similar studies.
This framework can be generalized to bridge the gap between molecular information and
bacterial cellular responses, for example using multi-omics data and morphological changes.
In the field of diagnostics, this could be exploited to develop high-accuracy machine learning
classifiers for rapid antimicrobial susceptibility testing. Moreover, this framework, coupled
with increasingly accessible microfluidic technology, could facilitate high-throughput

diagnoses, thus reducing time, labour, and reagents. While the clinical application may still
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be distant, this imaging and machine learning-based approach may be an important tool in the

future for rapidly and accurately assessing drug resistance in the hospital context.

119



Chapter 5. Integrating Imaging and Omics with Machine Learning Approaches to Infer

Antimicrobial Susceptibility in Gram-negative Bacteria: Method Development

I declared that all the work in this chapter was performed by myself.

5.1. Introduction

In the last two decades many studies have attempted to exploit the potential of intact protein
analysis using MALDI-TOF MS to identify antimicrobial resistant bacteria?’’; however,
studies applying HCI for AMR detection are scarce?’!. Moreover, research that incorporates
MALDI-TOF and HCI to study AMR has not yet been conducted. Hence, I aimed to develop
a novel method integrating these two techniques (MALDI-TOF and HCI) to infer

antimicrobial susceptibility in bacteria and to study AMR (Figure 5-1a and section 2.6.3).

Previously, in Chapter 3, [ used 27 isolates of E. coli from blood samples (collection 1) to
study the association between AMR profile and bacterial morphology. Here, I combined an
additional 43 E. coli isolated from stool samples (collection 2) with the 27 blood isolates, to
improve the analysis power of the study. As the bacteria were isolated from two different
sources, I considered it would provide more diverse genetic information to add to the

analysis.

As shown in Chapter 3, AZI was found to accelerate the growth rate of E. coli, while TE
resistance was found to confer fitness advantage on the population. For their defined effects
on bacterial physiology, AZI and TE were included in this experiment as antimicrobials of

interest for further analysis. In Chapter 4, HCI data was found to associate with CIP exposure
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and CIP resistance on a small collection of S. Typhimurium. Here, I sought to re-examine this
association on a larger collection of E. coli and hence, CIP was included to the experiment.
Testing the association on E. coli was also a proof-of-concept providing data that supports the

use of HCI to study AMR across different bacterial species.

Here, in this chapter, I developed and evaluated optimum methods for intact protein analysis
with MALDI-TOF MS and Opera-Phenix HCI analysis of AMR pathogenic E. coli. The
optimised method for MALDI-TOF were subsequently integrated with the superlative
method for HCI with Opera Phenix. This approach was expected to produce an enormous
multi-perspective dataset to study and identify AMR. Additionally, I evaluated the

reproducibility, robustness, and bias of the methods.
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Figure 5-1. Integrating intact protein analysis by MALDI-TOF with HCI by Opera

Phenix

(a) Experiment overall workflow. Details were described in section 2.6.3. Briefly, isolates
were recovered overnight at 37°C and inoculated in a deep-well plate, followed by overnight
incubation at 37°C. Blank controls were carried out that this step, e.g. sub-figure (b).
Bacterial suspension was diluted in fresh medium and incubated for 2h and blank controls
were executed, e.g. sub-figure (c). Subsequently, the bacteria were exposed to CIP, AZI, or
TE for 3h. Finally, the bacterial suspension was input to both intact-protein analysis with
MALDI-TOF MS and HCI with Opera Phenix. (b) Contaminated pure plate for overnight
culture, batch 3. (¢c) Contaminated pure plate for bacterial dilution, batch 4. (d) TE
susceptibility control, batch 3. (e) TE susceptibility control, batch 4. (d) and (e) Each position
on the susceptibility control plates corresponded to one well on the experimented deep-well

plates with the layout described in Figure 2-1.
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5.2. Intact protein analysis with MALDI-TOF MS

5.2.1. Assessing sample preparation methods

Aiming to evaluate different methods for sample preparation, I cultured the laboratory
reference strain E. coli ATCC 25922 in liquid media. Bacterial suspension was used as an
input for four preparation protocols, including (1) ethanol inactivation, (2) TFA inactivation,
(3) ACN extraction, and (4) ethanol/FA/ACN extraction prior to MALDI-TOF MS. Prepared
samples were measured with MALDI-TOF MS to acquire protein spectra. To compare the
methods, four evaluation metrics were calculated for each spectrum. The metrics were
number of mass peaks, averaged signal-to-noise ratio (SNR), averaged normalised-intensity,

and total normalised-intensity.

Samples, prepared with the ACN method, yielded significantly low-quality signals, such that
the MALDI-TOF machine was not able to acquire spectra. For the three remaining methods,
spectra were acquired and subsequently subjected to signal pre-processing, peak detection,
and calculation for evaluation metrics, Figure 5-2. Among the preparation methods, ethanol
inactivation displayed the highest SNR, total intensity, and averaged intensity. Although the
TFA method possessed the highest number of peaks, it also displayed the lowest SNR. This
result was expected since low SNR might result in detecting more false peaks. Overall,
ethanol inactivation (section 2.6.1.1.1) was selected as the optimum method for sample

preparation and was employed for further experiment set-up and analysis.
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Figure 5-2. Comparing sample preparation methods.

Boxplots shows spectrum’s evaluation metrics (vertical axes) regarding the preparation
methods (horizontal axis). ACN: protein extraction with acetonitrile. EtOH: bacterial cell
inactivation with ethanol. FA: protein extraction with ethanol/formic acid/acetonitrile. TFA:

bacterial cell inactivation with trifluoroacetic acid.
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5.2.2. Assessing matrix solution and deposit methods

Samples from E. coli ATCC 25922 were prepared with ethanol inactivation method (section
2.6.1.1.1). The samples were mixed with different matrix solutions (section 2.6.1.2) ina 1:1
ratio (v/v) before depositing onto the MALDI target plate. A volume of 1 uL to 2uL of the
mixed samples was deposited on the target plate for each experimental matrix solution. Prior
to the experiment, the plate was either coated with a thin layer of saturated CHCA or CHCA-
Std or left without coating. Evaluation metrics, for varied combinations of matrix solutions

and target plate coatings, were calculated and summarised in Figure 5-3.

Assessing the four metrics, although DHB-Std with no coating displayed the highest SNR
and spectra intensity, it generated the lowest number of peaks. Alternatively, CHCA-DHB
with saturated CHCA coating was a more optimum method generating the second highest
intensity, the third highest number of peaks and a reasonable SNR. For the protein spectra
analysis, [ aimed to calculated not only high-quality spectra with great SNR and intensities,
but also those with the greatest number of peaks, which provides deeper insight on
differential protein expression. For this reason, CHCA-DHB with saturated CHCA was
selected as standard method for intact protein analysis. Altogether, the final optimum

protocol for intact protein analysis with MALDI-TOF MS was summarised in section 2.6.1.3.
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Figure 5-3. Evaluating different combinations of matrix solutions and target plate

coatings.

Each boxplot was a combination of a matrix solution and a coating method for target plate.
Horizontal axis showed plate coating method and vertical axis displayed evaluation metrics
of the acquired mass spectra. For matrix-solution preparation, blue: DHB-Std, orange:

CHCA-Std, green: SA-Std, red: CHCA+DHB, and violet: SA-ACN.
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5.3. High-content imaging
5.3.1. Fluorescent staining

5.3.1.1. Method development

Fluorescent staining is the most critical step for HCI as it determines the quality of outcome
images. Poor quality images can lead to inaccurate cell segmentation and thus, leads false
dicovery. In this work, I sought to develop a robust method to fluorescently stain bacterial
cells and immobilise them onto the bottom surface of multi-well imaging plates. I also
attempted to reproduce the method, proposed by Sridha and colleagues in 20214133 as a

baseline for comparison.

To enhance the adhesion of bacterial cells on imaging plates, I proposed a ‘sandwich’ method
to immobilise the stained cells onto the bottom surface of imaging plates (described in Figure
5-4). Compared to Sridha’s method, the ‘sandwich’ was able to immobilise more bacterial
cell on the horizontal plane of the imaging plate’s bottom (Figure 5-5a). The ‘sandwich’
structure also stabilised the cells during z-stack image acquisition, while cells moved more
freely with Sridha’s method (Figure 5-5b). As a result, the ‘sandwich’ method produced
much higher contrast images. Moreover, maximum projection of images, acquired with
‘sandwich’ method, showed that most cells were in-focus with crisp and sharp edges.
Additionally, since cells were fixed and stained prior to immobilisation onto the imaging
plate, there were less cell aggregations in a field of view. To all, the ‘sandwich’ method
showed ability to produce high quality images facilitating more accurate cell segmentation at

the image analysis step.
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Figure 5-4. Fluorescent staining and cell immobilisation method

Bacterial cells were fluorescence-stained as in section 2.6.2.1.2. Briefly, antimicrobial-treated
bacterial suspension was centrifuged, followed by cell fixation with 4% PFA for 15 minutes.
Bacterial cells were washed with PBS, stained with fluorescent dyes for 20 minutes, and
deposited on an imaging plate precoated with 2% gelatin. Finally, melted agarose solution

was aliquoted into the imaging plate.
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Figure 5-5. Comparing the proposed ‘sandwich’ method and Sridha’s method for

fluorescent staining and cell immobilisation

Fluorescent image of bacterial cells and cell segmentation produced with (a, ¢, €) the
‘sandwich’ method and (b, d, f) Sridha’s method. (a, b) Fluorescent images on a single plane
of z-stacks. (c, d) Maximum projection of images on three z-stacks. (e, f) Cell segmentation
from maximum-projected images. Red channel: FM4-64. Green channel: sytox green. Blue

channel: syto 41.
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5.3.1.2. Method evaluation

To assess the reproducibility of the ‘sandwich’ method, E. coli ATCC 25922 was cultured in
liquid media and stained on a 96-well imaging plate. The experiment was conducted with
three biological replicates. Acquired images were subjected to image analysis workflow
(section 2.6.2.2) for cell segmentation and feature extraction. Imaging features of the three
biological replicates were demonstrated in a PCoA plot (Figure 5-6a). I observed that the
three replicates had similar distribution and datapoints from the replicates clustered within
the same area of the PCoA plot. These observations suggest that the ‘sandwich’ method is

highly reproducible.

High-throughput assays using multi-well plates are susceptible to plate-layout effect in which
samples under the same conditions behave differently depending on the positions within the
plates?”?. To detect the plate effect of the ‘sandwich’ method, the data from the above
paragraph was examined and plotted on Figure 5-6b. I found that the number of detected cells
distributed randomly on the imaging plates. Fluorescent intensities on three channels were
also found randomly distributed across the plates (Figure 5-6¢). Those suggests that the

method yielded spatially unbiased measurements and there was no sign of plate effect.
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Figure 5-6. Evaluating the ‘sandwich’ method

(a) PCoA plot for three biological replicates showed appreciable reproducibility of the ‘sandwich’ method. Each datapoint represented averaged
imaging features of one well on a multi-well imaging plate. Each colour of blue, orange, and blue corresponded to one replicate. (b) Heatmaps
displayed numbers of segmented bacterial cells for three replicates. Every individual cell on the heatmap represented the numbers of bacterial
cells on respective well. Horizontal and vertical axes were columns and rows of a multi-well plate. (c) Heatmap demonstrated the averaged
fluorescent intensities on three channels, i.e. FM4-64, Syto 41, and Sytox green. (d) Distribution of datapoints with respect to storage time.
Bacterial cells were fluorescent-stained and store at 4°C for 12h and 24h prior to HCI measurement. Horizontal and vertical axes were the first
and second axis of a PCoA. (e) Similar distribution and positions of datapoints corresponding to storage time in PBS. Bacterial cells were fixed

and stored in PBS at 4°C prior to staining and image acquisition with the HCI platform.
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HCI on multi-well plates is time consuming. Measurement on one single plate can acquire
thousands of fluorescent images in six dimensions (X, Y, Z, channels, time, fields of view).
One typical experiment could occupy from 100 to 300GB of storage space and could take up
to six hours depending on the details of the measurements. It is likely that while one plate is
being measured, fluorescent samples on other plates would degrade. Hence, examining the
stability of stained cells over time is of important. To do that, stained bacterial cells were
stored at 4°C and imaged with Opera Phenix over time. Features were extracted from the
Opera images (section 2.6.2.2) and were summarised on Figure 5-5d. I found that longer
storage time resulted in more alternation in fluorescent signal. For example, datapoints of 12-
hour storage more resembled to data of freshly stained cells, while after 24h of storage, the
data showed much distinction. This observation indicates that fluorescent signal of stained
cells is unstable with time and HCI measurements should be acquired soon after the staining

procedure.

To overcome the instability of fluorescent stained cells, the staining protocol should be
paused after the fixation step (Figure 5-4). Fixed cells can be stored in PBS at 4°C and
fluorescent-stained prior to HCI measurement. Datapoints from stored cells were found to
cluster along with the freshly stained cells (Figure 5-5¢). Distribution of the stored-cell data
were also found to be comparable to that of the fresh cell. Therefore, storing fixed cells at
4°C does not alternate the fluorescent signals compared to freshly stained cells. This would
facilitate high-throughput experiment with the ‘sandwich’ method on multiple plates on one

go, without compromising the high quality and consistency of data.
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5.3.2. Image processing

After acquiring high-quality images, I next analysed the images with the workflow described
in section 2.6.2.2 and Figure 5-7. The purpose of this step was to represent each bacterial
cells in the images with numerical data called features. Those features would subsequently be
used for AMR inference with machine learning approaches and standard statistical methods.
Compared to the most recent image processing workflow published by Sridha et al.,
introduced additional morphological operators to smooth the boundaries of the segmented
cells. This approach was hypothesised to reduce bias caused by irregular boundaries when
calculating texture features. I also introduced cell filter and classifiers to the workflow,
removing cells with low signal and irregular shape from the final population. This approach
resulted in less cells detected in the population, but higher quality of cell segmentation
(Figure 5-8). Since thousands of cells were imaged in each experimental conditions, the
image analysis workflow provided good representation of the bacterial populations although

a high number of irregular cells were discarded from the final analysis.
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Figure 5-7. Image analysis workflow

The workflow for image analysis goes from the top to the bottom. (Cell detection) Bacterial

cells on syto 41 channel. Detected cells were displayed in solid-coloured objects. (Cell
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filtering and Cell classification) Remove cells with irregular shape. Red: discarded cells.
Green: remained cells. (Cell segmentation) Segmented cell components. From left to right,

nucleoids on syto 41 and sytox green channel, and bacterial membrane on FM4-64 channel.
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Figure 5-8. Compare the proposed image analysis workflow with Sridha’s workflow

(a) Maximum-projected image. (b) Cell segmentation with the proposed workflow. Red:
irregular cells not included in the final population. Green: selected cells. (c¢) Irregular cells

segmented with Sridha’s method. Cells were marked with coloured objects.
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5.4. Integrating imaging with omics

Having standardised protocols for intact protein analysis and HCI with a laboratory standard
E. coli strain, I aimed to combine the two methods to (1) rapidly identify resistant bacteria
with machine learning inference and (2) to discover the complex relation between AMR and
protein expression and bacterial morphology. The experiment workflow was described on
Figure 5-1. Briefly, seventy E. coli isolates (from collection 1 and collection 2) were cultured
in liquid media and exposed to three different antimicrobials: CIP, AZI and TE. Non-
exposure condition was also investigated. Subsequently, the bacterial cultures were used for

intact protein analysis and HCI.

Aiming to determine antimicrobial susceptibility in E. coli, I optimised exposure time of the
bacteria to different antimicrobials (Figure 5-1). The optimisation was predicted to reduce the
experimental time without compromising the predictive performance of the assay. Briefly, a
susceptible isolate (ATCC 25922) and a resistant isolate (CM3585) were exposed to
antimicrobials for different time lengths and subjected to HCI analysis. The CM3585 was
resistant to all the experimented antimicrobials. The time lengths were 0.5, 1, 2, and 3 hours
and the experiments were conducted with nine technical replicates. Subsequently, the curated
HCI data was input to a dimensional analysis with PCoA and summarised in Figure 5-9.
Overall, increased exposure time to the three experimented antimicrobials resulted in more
segregation between the susceptible and the resistant isolates. Indeed, I found the most
noticeable segregation after three hours of exposure to all the antimicrobials. Hence, three

hours was selected as the optimal exposure time for further experiments.
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Figure 5-9. Resistant E. coli segregated from susceptible ones with increased exposure

time to different antimicrobials.

PCoA plots with the first and the third principal axes, explaining 85.68% variation of the HCI
data. From left to right, no drug exposure, CIP, AZI, and TE exposure. From top to bottom,

05, 1, 2, and 3 hours of exposures.
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To establish a standardised control for the experiment, the laboratory reference strain ATCC
25922 was selected as a negative control. The clinical isolate CM3585, which was resistant to
all the experimental drugs, was selected as a positive control. The experiment was conducted
on the controls with three biological replicates and 12 technical replicates for all the exposure
conditions (hereafter called standard controls). On the PCoA plots, all replicates of the
controls aggregated within constrained areas based on the bacterial susceptibility, Figure
5-10a and b. These data again indicated that the developed methods for protein analysis and

HCI were appreciably robust and reproducible.

Thereafter, the 70 selected clinical isolates were split into ten batches and subjected to the
experiment with three biological replicates. For each batch, one replicate of negative,
positive, and blank control was included in the experiments. To evaluate the validity of the
batches, the controls on each batch were compared to the standardised controls. I found that
all the experimental controls were in accordance with the standard, Figure 5-10c and d. These

data shows that the batch experiments were valid for further analysis.
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Figure 5-10. Standardisation of controls

Standardised controls for (a) MALDI-TOF MS data and (b) HCI data with 95%-confident
ellipses. Each dot was a datapoint within three biological and 12 technical replicates. (¢ and
d) Comparing controls on batch experiments to the standardised controls. (¢) MALDI-TOF
MS data. (d) HCI data. Confident ellipses were calculated from the standardised controls for
the purpose of comparison. Dots represented controls on each batch of experiments. Blue:

ATCC 25922. Orange: CM3585.
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As with other high-throughput assays, this experiment was prone to batch effect, which
introduces misinterpretation and false conclusion to the study. To correct for the batch effect,
data was transferred to z-score across all the features with mean and standard deviation
calculated within an experimented plate. The corrected MALDI-TOF and HCI data were
integrated and subjected to dimensional reduction with PCA. Overall, the distribution of the
batch-corrected data strikingly differed from the distribution of the uncorrected data.
Principally, I found that with the uncorrected data, the E. coli isolates were segregated by
their AMR profiles and their source, e.g. blood vs stool (Figure 5-11 left). However, there
was no clear evidence of the blood-stool-isolate segregation on the batch-corrected data,
although the segregation based on resistance profile was still noticeable (Figure 5-11 right).
This result means the blood-stool segregation was a consequence of the batch effect,
probably arising from the device calibration and was neglected by the correction. For this

reason, batch correction was used to normalise data for further analysis.
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Figure 5-11. Effects of batch-correction

PCoA plots of MALDI-HCI integrated data. From left to right, original data and batch-

corrected data. Circle dots: bloodborne isolates. triangular dots: stool isolates, blue: resistant,

orange: susceptible.
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Additionally, since the experiment flow involved a long series of handling viable
microorganisms with multi-channel pipettes (Figure 5-1), the experiment was prone to
contamination. To control for contamination, pure plates of blank controls were executed for
the overnight culture and bacterial dilution. The resistance profile of each isolate was also
assessed on solid media (MC agar) supplemented with the experimental antimicrobials. I
found that pure plates on batch 3 and batch 4 showed signs of contamination (Figure 5-1b
and c), but there was no contamination on respective resistance assessment plates (Figure
5-1d and e). This observation suggested that contamination could originate from experiment
implementation, but not from the liquid media. Additionally, all resistance assessment on
solid media was in accordance with resistance profiles previously curated using E-test strips.
That suggested no evidence of cross contamination amongst the wells within one
experimented plate. I also investigated the impacts of the suspected contamination on the
batch effects. The PCA plot on uncorrected data showed a strong cluster of bloodborne
isolates from batch 1, 2, 3, and 4. While pure plates in batch 3 and 4 were suspected to be
contaminated, those in batch 1 and 2 showed no sign of contamination. Therefore, no strong
evidence was found supporting that the suspected contamination contributed to the batch
effects. Overall, the contamination was less likely and should not alter any downstream
results. Data from the two batches were valid unless abnormality would be found in further

analysis.

In conclusion, it was the first time MALDI-TOF has been integrated with HCI to study AMR
on a bacterial collection in clinical setting. I have developed and evaluated the optimum
protocols for both the two techniques. The data indicated that the proposed methods were

unbiased, robust, and highly reproducible. Moreover, experimental controls were
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standardised, showing that the method produced valid data for the next analysis in Chapter 6.

Major results and general discussions for chapter 5 and chapter 6 were described in chapter 6.
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Chapter 6. Integrating Imaging and Omics with Machine Learning Approaches to Infer

Antimicrobial Susceptibility in Gram-negative Bacteria: Results

I declared that all the work in this chapter was performed by myself.

6.1. Introduction

In the previous chapter, seventy E. coli isolates were exposed to three different antimicrobials
and subjected to intact-protein analysis and HCI for proteomic and cellomic profiling of
bacteria respectively. The antimicrobials were CIP, AZI, and TE. The susceptibility profiles
of the isolates against these antimicrobials were generated using E-test. Whole genomes of
the isolates were also sequenced. Here, I set to employed different machine learning models
to infer AMR from the multi-omic profiling. I also aimed to interpret the association between

the multi-omic data and AMR, using explainable machine learning techniques.

6.2. Phylogeny and resistome analysis

Overall, the 70 E. coli isolates belonged to 37 distinct STs, of which ST1193 accounted for
the majority (12.86%) of the collection; ST131 and ST648 equally contributed 10%. To
explore the genetic relations among the ST, WGS data of those isolates was exploited to
construct a phylogenetic tree (Figure 6-1). According to the phylogenetic tree, the E. coli
isolates spectated with the phylogenetic tree based on their ST. The isolates were clustered
into two main clades, of which clade (II) comprised most of the bloodborne isolates in the

collections.
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Figure 6-1. Phylogenetic structure of the 70 E. coli isolates with respective sequence

type, source of isolation, susceptibility, and resistome profiles.

The tips of the phylogenetic tree represented sequence types; Escherichia fergusonii was
used as an outgroup for tree rooting. The heatmap was divided into four major blocks. From
left to right, the first block showed the source of isolates with orange cells were blood isolates
and blue cells were stool isolates. The remaining blocks represented the susceptibility and
resistome profiles against CIP, AZI, and TE. For each block, the first column displayed the
susceptibility profiles with red cells were resistant and green cells were susceptible. The
remaining columns of each these blocks showed the presence (black) and absence (grey) of

AMR genes.
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To explore the distinct behaviours the bloodborne and stool isolates upon exposure to the
experimented antimicrobials, various machine learning models were trained on the proteomic
and cellomic profiles separately and collectively to distinguish the source of isolation. Of
those models, SVM trained on proteomic profiles, under exposure to CIP, gave the highest
performance, with an accuracy of 0.79, 0.85 AUC, 0.84 sensitivity, 0.72 specificity, and 0.82
F1 score (Figure 6-2a). The ten most important features were extracted from the SVM model
with the mass peaks ranging from 2,283.95 (m/z) to 4,084.65 (m/z) (Figure 6-2b). To
understand how bloodborne isolates behaved differently from the stool isolates, a minimum
spanning tree (MST) was constructed on the ten most important features (Figure 6-2c¢). I
found that the tree was split into two major branches; the majority of the stool isolates laid on
the left branch and the majority of the bloodborne isolates were distributed along the right
branch (Figure 6-2¢). This finding suggests that the bloodborne isolates display distinct
behaviour under exposure to CIP, compared the those of the stool isolates. In a in-depth
analysis, the protein profiles for ten most important features are illustrated on a radar chart
(Figure 6-2d), showing significantly different patterns of proteomic profiles between the
blood and stool isolates (MANOVA, p-value <0.001). Of these features, the stool isolates
displayed significantly lower peaks at 2,283.95, 2,706.24, and 3,652.01 m/z, than those of the
blood isolates (Figure 6-2d). Overall, based on the source of isolation, pathogenic E. coli
behaved differently under exposure to CIP, with significantly distinct proteomic profiles.

However, I was unable to identify the proteins associated with these peaks.
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Figure 6-2. Bloodborne and stool isolates behaved differently under exposure to CIP

(a) Performance of the SVM model to predict the source of isolates. Horizontal axis was performance metrics, including accuracy, AUC,
sensitivity, specificity and F1 score. Vertical axis represented values of the metrics. (b) Ten important features of mass peaks (y-axis, m/z) with
respective calculated importance score (x-axis). (¢) Minimum spanning tree built on the ten important peaks of the 70 E. coli. Each circle
represented one isolate with bloodborne isolates in blue and stool isolates in orange. (d) Radar (spider) chart for the ten important proteomic
features of the isolates with each thin lines represents one isolate. Bold lines show average values across bloodborne isolates (orange) or stool

isolates (blue). Dashed lines were 95%-confident intervals. Wilcoxon rank-sum test, ***: p-value < 0.001
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Using AST, I found a high prevalence of resistance in pathogenic E. coli in Vietnam. Overall,
82.86% of the 70 clinical isolates were resistant to at least one antimicrobial, while 45.71%
were resistant to two antimicrobials and 20% were resistant to three different antimicrobials
(MDR), Figure 6-1. Note that the prevalence of MDR may be much higher since I only tested
for three antimicrobials. Blood isolates generally had a higher level of resistance, compared
to stool isolates.; 92.59% of blood isolates were resistant to at least one antimicrobial,
whereas 76.74% of stool isolates were resistant to at least one antimicrobial. Of the 70

isolates, 38.57%, 48.57%, and 61.43% were resistant to CIP, AZI, and TE, respectively.

I next conducted a resistome analysis, identifying all of the ARGs associated with resistance
to CIP, AZI and TE. Among the three experimented antimicrobials, TE resistance displayed
the highest correlation with the resistome data, in that all clinical isolates harbouring tet4 or
tetB were resistant to TE (Figure 6-1). However, AZI resistance demonstrated a less
consistent association with the presence of an associated ARG. Briefly, all blood isolates
harbouring mphA gene were resistant to AZI, while only 14/24 stool isolates with the mphA
exhibited resistance to AZI (Figure 6-1). Similarly, isolates having mutations at position
D87N in gyrA and at S80I in parC displayed resistance to CIP. However, there was no
evidence in this analysis showing that the presence of well-known fluoroquinolone resistance
genes was associated with resistance to CIP (Figure 6-1). Overall, these findings confirm the
relation between resistome profile and antimicrobial susceptibility profile in clinical setting,

which has been extensively studied in previous publications®®:196273,

6.3. Machine learning to explore the association of proteomics and cellomics with AMR

Although the AMR profiles were generally concordant with the genetic information, genetic-

based susceptibility testing is expensive and time-consuming. This method also requires prior
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knowledge about resistance mechanisms to identify AMR, which may fail to detect novel
resistance of an unknown mechanism. Therefore, I set to employ proteomic and cellomic
data, as rapid indicators, using machine learning models to infer susceptibility of the E. coli
isolates against the selected experimented antimicrobials. Note that if a machine learning
model, trained on a dataset, successfully predicts the resistance against an antimicrobial with
high accuracy, the resistance strongly associates with the training dataset. In this study, the

training data were 1) proteomic data, 2) cellomic data, and 3) the integration of both.

The proteomic (874 features) and cellomic (379 features) datasets were separately or
collectively (1253 features) input to different machine learning models, whose evaluation of
performance was summarised in Figure 6-3. Overall, the machine learning models
successfully captured the association of AMR profiles to the training data with high accuracy.
I found that resistance to TE was most strongly associated with the proteomic data, while
AZI resistance was most strongly associated with the cellomic data, and resistance to CIP
was most strongly associated with the integration of both datasets. More specifically, the
random forest model trained on the proteomic data gave the highest accuracy of to predict
resistance to TE (0.88), while for AZI resistance, the random forest trained on cellomic data
gave the highest performance of 0.81 accuracy. For CIP, the random forest trained on the
individual omic datasets possessed considerably high accuracies of >0.94. However, random
forest trained on the integrated omic data yielded an accuracy of 0.98 to predict CIP
resistance, which outperformed the models on the individual datasets. In short, the machine
learning models determined a strong association of AMR with bacterial proteomic and
cellomic profiles with high predictive performances. These performances are task-specific,

which means multiple types of data, i.e., proteomic, cellomic or integrated data, are required
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to explain different resistance to different antimicrobials. Therefore, training machine

learning on diverse datasets is crucial to improve predictive performance of the models.
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Figure 6-3. Performance of various machine learning models to predict AMR

The models were trained on proteomic (orange), cellomic (blue), or integrated data (green) to predict resistance to AZI (top row), CIP (middle
row), and TE (bottom row). Horizontal axis represented different machine learning models, while vertical axis represented the performance

metrics, including (from left to right columns) accuracy, AUC, sensitivity, specificity and F1 score.
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Given the high prevalence of MDR pathogens found in this study and previous
publications®®106-274-278 ' it js important not only to rapidly provide resistance profiles of the
pathogens, but also to quantify the MICs against different antimicrobials. This information is
helpful to optimise the use of antimicrobials, reduce the risk of emerging resistance, and
improve the treatment outcomes. Here, the proteomic, cellomic and integrated data were
input to different machine learning models to predict the MICs of the 70 E. coli isolates. The
models were evaluated with different metrics, including MSE, MAE, relative absolute errors
(RAE), and pspearman- Overall, the random forest models possessed the highest predictive
performance, with the MSE as low as 0.017, 0.036, and 0.064 to predict MICs against CIP,
AZI, and TE respectively (Figure 6-4). In accordance with the AMR prediction analysis, this
result indicates that the proteomic and cellomic data were both strongly associated with the
bacterial MICs. The result also suggests that under exposure to antimicrobials, genetic
resistance factors might manifest as the measurable perturbation in protein expression and
cellular morphology, which is informative to predict resistance against various

antimicrobials.
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Figure 6-4. Performance of various machine learning models to predict MICs

The models were trained on proteomic (orange), cellomic (blue), or integrated data (green) to
predict MICs against AZI (top row), CIP (middle row), and TE (bottom row). Horizontal axis
represented different machine learning models, while vertical axis represented the

performance metrics, including (from left to right columns) MSE, MAE, RAE, and p.
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6.4. Proteomic and cellomic analysis with machine learning reveals modifications in

protein expression and plasma membrane

As the random forest model trained on the integrated data yielded the highest predictive
performance, I used the SHAP values to interpret this model. Considering the random forest
model that predicted the likelihood of resistance to CIP, the SHAP values describe how each
feature contributes to the predicted outcomes of the model. Typically, more positive SHAP
values indicate higher likelihood to be predicted as resistance, whereas more negative SHAP
values means higher likelihood to be susceptible. Moreover, the absolute values of SHAP

demonstrates how important each feature contributes to the model outcome.

Of 1,253 features from the integrated data, I selected 10 most important features with the
highest respective absolute-SHAP-values. Of those ten important features, seven features
were from the proteomic profiles, while three features were from the cellomic profiles
(Figure 6-5a). This finding means, the proteomic and cellomic profiles both made
contributions to the model outcomes. The first important feature from the cellomic profiles
was the standard deviation of the dye intensity on the bacterial membrane (Std FM4-64
membrane), which indicates the granularity of the membrane structures. I found that lower
Std FM4-64 membrane values were associated with higher likelihood of CIP resistance,
Figure 6-5b. This finding suggests that the resistant isolates was able to maintain more intact,
or in another word “smoother”, membrane compared to the susceptible isolates, which might
be a result of “better” cellular adaptation against CIP exposure. The second and the third
important cellomic feature were standard deviation and maximum of the membrane dye
intensity on the whole cell, respectively. In accordance with section 4.6, these results suggest
that the membrane of susceptible isolates treated with CIP was more permeable compared to

the resistant isolates, which allowed the membrane dye to enter the bacterial cytoplasm.
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Overall, exposure to CIP inflicted observable perturbations on bacterial membrane, which

could be utilised as indicators to identify resistant bacteria.
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Figure 6-5. Interpretation of the random forest model to predict resistance to CIP

(a) Average of SHAP values for the important features across the collection. Horizontal axis and vertical axis represented mean of absolute
SHAP values and the important features, respectively (b) Bee swarm plot for the ten important features. Each dot was the SHAP value for one
important feature of one isolate. Magnitude of the feature was showed on the pseudo-colour legend with violet for lower values and yellow for
higher values. Horizontal axis represented SHAP values, while vertical axis represented the important features. (c-e) Protein structures of the
KdpFABC, CydABXH complex, and HP1. Red area on the protein structures showed negative charges, blue was positive charges, and white

was neutral.
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Of the ten most important features, the seven remaining features were proteomic profiles,
which were measured as mass peaks (in m/z). Using molecular weight matching, I assigned
these seven mass peaks to three distinct proteins, these were the hypothetical protein 1 (HP1),
YnhF, and KdpF, Figure 6-5a. I found that higher concentrations of these three proteins were
associated with higher likelihood of resistance to CIP, Figure 6-5b. Since the HP1 has not
been previously studied, I used AlphaFold?*> to predict its 3D structure, which was illustrated

in Figure 6-5¢. From the predicted structure, I used deepFRI**¢

, a deep learning algorithm, to
predict the molecular and cellular functions of the HP1. The protein was predicted to act as a

transferase (GO:0016740), which involves in nitrogen compound metabolic process

(GO:0006807).

YnhF, or synonymously CydH, is a transmembrane protein of 29 amino acids. YnhF has no
reported biological functions, but is a subunit of the cytochrome bd-I ubiquinol oxidase
complex CydABXH 27 (Figure 6-5d, Uniprot ID: 6RKO), which is responsible for the stress
response in E. coli. Although having no known specific molecular and biological functions,
YnhF was reported to be overexpressed under oxidative stress, which again emphasises the
role of YnhF in bacterial stress response. A study in S. enterica showed that deletion of the
subunit CydX led to resistance against certain antimicrobials?*°, but the role of YnhF (or
CydH) is yet to be fully determined. Moreover, a gene network analysis on the STRING
database v11.5%% showed that the YnhF was related to the inner membrane transport protein
YdhP21-282 which is an efflux pump belonging to the MFS family. However, the
contributions of the YdhP to AMR is also unknown. In short, although the YnhF and its
related proteins have not been previously reported to confer AMR, they have the potential to

be novel mechanisms of resistance, which requires further experimentation to confirm.
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KdpF is a subunit of the high-affinity ATP-driven potassium transport system KdpFABC,
which transports potassium into the bacterial cytoplasm (Figure 6-5¢, Uniprot ID: SMRW)?33,
Using the gene network analysis on the STRING database, I found that the protein KdpF was
connected to at least 50 transporter proteins (Figure 6-6a). Of these connections, the KdpF
was related to the ABC transporter ATP-binding/permease protein Yojl conferring resistance
to the antimicrobial peptide microcin J252%, KdpF also connected to the L-methionine/D-
methionine ABC transporter complex MetNIQ, Figure 6-6a. The complex is responsible for
D-methionine transportation into bacterial cytoplasm, which plays an important role in cell
well synthesis?®>. Additionally, KdpF was reported to have connection with the iron(III)
hydroxamate ABC transporter complex FhuADB (Figure 6-6a), which is known to be a
virulence factor in pathogenic E. coli*®¢. Finally, KdpF was also related to the outer
membrane protein OmpG (Figure 6-6a). Unlike other membrane porins, e.g., OmpA, OmpC,
and OmpF’2, OmpG is not well studied. Although the contribution of the OmpG in AMR
remain unclear, the porin has been reported to be vital for survival of E. coli lacking both
OmpC and OmpF?*’, To investigate the potentials of OmpG in transportation of
antimicrobials, I conducted a molecular docking analysis between the porin and a CIP
molecule. I found that the molecule was able to enter the aqueous channel of the OmpG,
Figure 6-6b. Indeed, the interaction between the CIP molecule and the aqueous channel was
energy-preferable with the binding energy of -7.4 kcal/mol. This suggests that the OmpG
might be able to transport antimicrobials into bacterial cytoplasm and deletion of the porin

might confer resistance to certain antimicrobials.
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Figure 6-6. Gene network analysis

(a) A gene network analysis on the STRING database with the queried genes on white circles. The network was aggregated in three distinct
clusters coloured in red, green and blue. Boundaries between clusters were illustrated as dashed lines. The solid lines between pairs of genes

showed the connection of the pair with the thickness of the lines representing the strength of data support. (b) Molecular docking between the
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OmpG and a CIP molecule. The OmpG was displayed in a mesh of electrostatic surface, with positively charged area in blue and negatively
charged area in red. OmpG structure showed an aqueous channel in the centre of the protein going through one side to another. In the middle of

the aqueous channel was the CIP molecule in solid-colour representation.
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6.5. Discussion

Machine learning approaches have been widely used in the fields of biology and biomedical
science!317°, However, due to their complexity, the interpretation of machine learning
models faces certain difficulties, which prevents the technology from being exploited at its
full potential in different fields of science®®. In recent years, the development of explainable
machine learning techniques (a.k.a. “white-box” machine learning) has popularised the use

machine learning in the fields of biomedicine!?6-288-293

. In this study, explainable machine
learning was used to analyse a complex dataset of bacterial proteomics and cellomics for the
first time. Explainable techniques were employed to identify the association between the
multi-omic data and the predicted resistance profiles, which provides greater understanding
of bacterial adaptation under exposure to different antimicrobials. The use of explainable
machine learning in biomedicine and other fields of sciences also promotes a new approach
of doing science, so called “data-driven” research?*. This study is a typical instance of “data-
driven” research, in which the complex dataset of bacterial cellomics and proteomics was

analysed to generate novel data-guided hypotheses for future laboratory experiments to work

on.

Using explainable machine learning, I generated three hypotheses. First, compared to
resistant isolates, susceptible E. coli showed considerable difference in membrane granularity
under exposure to CIP. Specifically, the membrane dye FM4-64 indicated that susceptible
isolates possessed more granular membrane, compared the that of the resistant isolates.
Although the effects of CIP exposure on cell wall synthesis and bacterial morphology have
been well established?32%-2%7  the effects on membrane synthesis and structure have been
scarcely studied®®?%°, Indeed, this study is one of the few studies that has reported the

modification of bacterial membrane under CIP treatment®®2?. T hypothesised that membrane
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structure of the susceptible isolates might suffer from a greater perturbation upon exposure to

CIP; this hypothesis could be tested with high-resolution electron microscopy.

Additionally, susceptible isolates displayed lower intensity profiles of the transmembrane
proteins KdpF, YnhF, and HP1, in comparison to the resistant isolates. I hypothesised that
since CIP can interact with DNA topoisomerase and fragment chromosome of bacteria®?’, the
drug induces a reduction on biosynthesis of whole bacterial proteins, including these three
important transmembrane proteins. An alternative hypothesis is that exposure to CIP
downregulates specific proteins, including these three transmembrane proteins. Further RNA

sequencing and protein quantification are required to confirm both hypotheses.

OmpG is an outer membrane protein, which non-selectively transport extracellular solutes
into bacterial cytoplasm?®’. While deletion of other outer membrane protein contribute to
resistance against certain antimicrobials’?, the impacts of OmpG on AMR have not been well
studied. Here, I conducted a molecular docking analysis, which suggests that OmpG may
transport antimicrobials into bacterial cytoplasm. Hence, I hypothesised that deletion of
OmpG might reduce the susceptibility of bacteria against certain antimicrobials. A genetic-

engineering experiment could be performed to test this hypothesis.

This study has certain limitation. First, MALDI-TOF MS cannot intrinsically distinguish
proteins of (mostly) identical molecular weights. Therefore, proteomic profiling using
MALDI-TOF faces difficulty to assign mass peaks to single proteins. In section 6.4, a
molecular-weight matching algorithm was implemented on the pangenomes of E. coli

collection and the three proteins KdpF, YnhF and HP1 were found to have unique molecular
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weight; consequently, I was able to assign the seven important mass peaks to these proteins.
Other mass peaks might be assigned to multiple proteins or alternatively, may not be assigned
to a protein. Second, whilst acquiring snapshots of bacterial population, HCI with Opera
Phenix was not able to capture the dynamics of the population, which might provide in-depth
understanding on cellular behaviour to the cellomic data, which was previously shown to be
informative for rapid identification of resistance?*%-24%-301-393 Third, due to the diffraction
limits, the Opera Phenix produces fluorescence images at a resolution no less than 180-
250nm!%, Given that the size of a phospholipid molecule is 2nm?*%, the Opera Phenix failed
to describe in detailed the alternation of bacterial membrane under exposure to
antimicrobials. However, experiments with the MALDI-TOF MS and Opera Phenix HCI
platform are relatively cost effective, which makes these instruments suitable for screening a
large collection of bacterial isolates. These techniques are also suitable for high-throughput
manipulation, which produces data rapidly and thus, are potential for rapid antimicrobial

susceptibility testing.

In conclusion, within a collection of 70 pathogenic E. coli, I identified a high prevalence of
resistant isolates, especially MDR isolates, which is in concordance with previous
studies!?®273. The proteomic and cellomic data of those E. coli was analysed to predict
resistance to three antimicrobials, including CIP, AZI, and TE, using multiple machine
learning models with high performance. I found a strong association between the AMR and
multi-omic profiles, which generated novel hypotheses about the mechanism of the identified
protein. According to the proteomic data, I also found that the blood-borne E. coli behaved
against antimicrobials differently from the stool isolates. Moreover, three hypotheses were
generated based on the in-depth data analysis in this study. For future work, RNA and protein

sequencing should be conducted with electron microscopy to examine the data-driven
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generated hypotheses. Since distinct bacterial species respond to antimicrobial exposures
differently?*’, the proposed method should be repeated on a more diverse collection of
bacteria from multiple species. This further experiment is expected to improve the accuracy,
robustness, and availability of the method, which makes it a potential assay for rapid

detection of AMR.
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Chapter 7. Outlook

AMR is a major global health challenge, which was associated with a predicted 4.95 million
deaths in 2019°%, MALDI-TOF MS has been employed to perform routine bacterial

395 which can provide results within 30 minutes'*?, compared to 24

identification at hospitals
hours of classical biochemical tests. HCI platforms, e.g. Opera Phenix, have been exploited
in pharmaceutical industry for molecular and genetic screening of eukaryotes!#”-149-152 Tn this
DPhil, I successfully repurposed the two technologies that could be better exploited to
contribute to the fight against AMR. For the first time, these technologies have been
employed to produce an enormously complex dataset of bacterial proteomic and cellomic
profiles, which were subsequently used for identification of resistant pathogens. The
proposed method yielded a high predictive accuracy of 0.98 to detect CIP resistance with the
exposure time of bacteria as little as 3 hours. Looking beyond the development of novel AST,
these technologies can be use in harmony to screen novel drugs and antibodies for AMR

154,155

treatments , as well as to identify the molecular mechanisms of these novel therapeutic

approaches 157:159:306,

Machine learning technology has been commonly used in the field of biomedical science!”*~
175, However, this DPhil is the first instance of applied explainable machine learning on the
integration of proteomic and cellomic profiles to rapidly identify AMR (chapter 6). These
machine learning models provided high predictive performance to further development of
novel rapid AST. Moreover, these explainable models identified the associations of AMR to
the proteomic and cellomic profiles, as well as generating novel biological hypotheses for
future experiments. However, machine learning is not fully capable of modelling the
dynamics of biological processes. Alternatively, mathematical modelling with differential

307-310

equations has been widely used to describe the dynamics of living systems . Recently,
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differential neural network and symbolic machine learning have been developed as a
combination of mathematical modelling and machine learning to solve problems in
physics®!1314, Although applications of these methods in biology and biomedicine are still
limited, these methods are expected to contribute more to the better understand AMR and

improve human health.

I found that exposure to sub-inhibitory concentrations of AZI accelerated the growth of
bacteria (chapter 3), which potentially leads to rapid accumulation of mutations and hence
confers resistance to the drug. Since WHO has been prescribing the drug as prophylactic
treatments for children®*, further research is recommended to assess the risk of developing
new resistance mutants compared to benefits of the prophylactics. In this DPhil, MALDI-
TOF MS and HCI technology were used to identify resistant in bacteria after as little as 3
hours of exposure to antimicrobials (chapter 6). Given the low cost of running MALDI-TOF
and HCI, these techniques could be used to real-time monitor the emergence of novel AZI-

resistant isolates during the prophylactic treatment.

Although E. coli (chapter 3) and S. Typhimurium (chapter 4) are two different species, they
both belong to the family Enterobacteriaceae and elaborated similar elongated morphology
under exposure to CIP. This observation suggests that species of the one family might share
common cytological adaptation under the drug pressure. To construct an image-based rapid
AST, experiments on a wide arrange of species are required to establish a database of all
possible cytological changes of bacteria upon exposure to antimicrobials. This task is time-
consuming and labour-intensive. However, since species of one family expressed common

cytological features, database at family or genus level could be sufficient to construct the
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image-based AST without compromising the prediction performance. This solution may be

expected to reduce the cost of developing the rapid AST in the future.

Overall, machine learning models trained on proteomic and cellomic profiles yielded high
accuracy to identify resistance to CIP (0.98), AZI (0.81), and TE (0.88). Since the training
data was limited to only 70 isolates of E. coli, it is reasonable to expect that the performance
of these machine learning models would significantly improve on an extended collection of
different bacteria. In future, this proposed method could be optimised to reduce the time of
exposure to antimicrobials. Additionally, the cellomic profiling should be further performed
on live-cell HCI of bacterial community in clinical samples, which might result in a direct
susceptibility test. Machine learning is a versatile technology which is able to comprehend
the hidden patterns on large datasets and provide insights into biological problems without
experts’ knowledge. With the development of robotic and microfluidic technologies, a large
amount data is expected to be produced in a timely manner. While it takes time to fully
understand the molecular mechanism of living systems, machine learning can benefit from
these technology movements to train highly accurate models solving issues in AMR and
biomedicine without the requirement of prior knowledge on biological mechanisms. With the
emergence of the novel machine learning techniques, which can reveal biological insights,
generate new hypotheses, and guide future experiments, machine learning would play a more
important role to the advance of biomedical science, contributing to the fight against AMR

and improve global health system.
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Abstract: Antimicrobial resistance (AMR) has been identified by the World Health Organization
(WHO) as one of the ten major threats to global health. Advances in technology, including
whole-genome sequencing, have provided new insights into the origin and mechanisms of AMR.
However, our understanding of the short-term impact of antimicrobial pressure and resistance on
the physiology of bacterial populations is limited. We aimed to investigate morphological and
physiological responses of clinical isolates of E. coli under short-term exposure to key antimicrobials.
We performed whole-genome sequencing on twenty-seven E. coli isolates isolated from children
with sepsis to evaluate their AMR gene content. We assessed their antimicrobial susceptibility
profile and measured their growth dynamics and morphological characteristics under exposure
to varying concentrations of ciprofloxacin, ceftriaxone, tetracycline, gentamicin, and azithromycin.
AMR was common, with all organisms resistant to at least one antimicrobial; a total of 81.5%
were multi-drug-resistant (MDR). We observed an association between resistance profile and
morphological characteristics of the E. coli over a three-hour exposure to antimicrobials. Growth
dynamics experiments demonstrated that resistance to tetracycline promoted the growth of E. coli
under antimicrobial-free conditions, while resistance to the other antimicrobials incurred a fitness
cost. Notably, antimicrobial exposure heterogeneously suppressed bacterial growth, but sub-MIC
concentrations of azithromycin increased the maximum growth rate of the clinical isolates. Our results
outline complex interactions between organism and antimicrobials and raise clinical concerns
regarding exposure of sub-MIC concentrations of specific antimicrobials.

Keywords: Escherichia coli; azithromycin; tetracycline; growth rate; fitness cost; antimicrobial
resistance; resistome; morphology; physiology
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1. Introduction

Antimicrobial resistance (AMR) in bacterial pathogens is a well-recognized global health problem,
causing significant mortality and morbidity. In 2016, 58.6% of Escherichia coli (E. coli), 34.5%
of Klebsiella pneumoniae (K. pneumoniae), 33.9% Pseudomonas aeruginosa, 55.4% of Acinetobacter spp.,
and 19.8% of Staphylococcus aureus isolates in Europe were resistant to at least one antimicrobial [1].
The situation in low- and middle-income countries (LMICs), such as Vietham, may be worse,
where approximately 50% of E. coli [2] and 91% of Shigella flexneri [3] isolates from clinical samples
were resistant to at least three antimicrobial classes (multi-drug-resistant (MDR)). According to WHO,
hospitalization costs for patients infected with drug-resistant bacteria are significantly higher than
that for patients infected with susceptible bacteria [4]. Indeed, it is estimated that resistant pathogens
may result in a total economic cost of USD 0.5 billion and USD 2.8 billion in Thailand and the US,
respectively [5]. The outlook is bleak, as the discovery and development of new antimicrobials have
declined dramatically [6]. Hence, there is an urgent need for novel approaches to comprehend how
AMR organisms emerge and spread and understand how antimicrobials impact on bacterial cells.

E. coli is a member of the Enterobacteriaceae and a component of the healthy human gut microbiota.
E. coli has been reported as the most prevalent pathogen associated with bacteraemia in Asia (43.8%) [2]
and urinary tract infections in Africa (41.9%) [7]. In South America, diarrheagenic E. coli was responsible
for 45.2% of diarrheal cases in children under five years [8]. Particularly, ETEC (enterotoxigenic E. coli)
is estimated to cause approximately 222 million diarrheal cases and 51,200 deaths globally in 2016 [9].
The high prevalence and burden of E. coli has made it one of the most important pathogens and one of
the best studied group of microorganisms in science. However, we have limited contemporary data on
the impact of antimicrobials on MDR E. coli associated with disease. A scenario may be all too familiar
in LMICs where empirical antimicrobials are administered to patients without any microbiological
diagnostics or antimicrobial susceptibility testing.

Although antimicrobial susceptibility testing is the gold standard approach to identify and
describe resistant bacteria, it provides no insight into the molecular and cellular response triggered
by antimicrobial exposure. There have been previous investigations into the molecular mechanisms
of AMR in specific bacteria [2] and their morphological [10-12] and physiological characteristics [13]
under antimicrobial treatments. However, there are few studies directly linking molecular mechanisms
of AMR with the morphology and physiology of antimicrobial-resistant organisms. Given the high
burden of resistant E. coli in LMICs, we designed a holistic investigation to provide an in-depth
understanding of AMR in bloodborne E. coli from both a cellular and molecular perspective using
microscopic techniques and whole-genome sequencing. Additionally, we studied the growth dynamics
of pathogenic E. coli to measure the physiological changes of E. coli with a diverse compendium of
AMR genes upon short-term exposure to different antimicrobial classes.

2. Results

2.1. Resistome and Morphology Associated with AMR

The 27 clinical E. coli isolates exhibited a high prevalence of AMR phenotypes, with all isolates
resistant to at least one antimicrobial (Table 1). Among those, 70.4%, 70.4%, 88.9%, 74.1%, and 64.0%
were resistant to ciprofloxacin, azithromycin, ceftriaxone, tetracycline, and gentamicin, respectively
(Table 1). Additionally, 22/27 (81.5%) isolates were resistant to at least three different classes of
antimicrobials and defined as MDR [14].

192



Antibiotics 2020, 9, 735 30f15

Table 1. Minimum inhibition concentrations (MICs) and antimicrobial resistance of ATCC 25922 and
27 clinical isolates used in this study.

Minimum Inhibition Concentrations (mg/L)

Isolate
ID cip! Az1! CRO! TE! CN'!
E3585 32 (R) 48 (R) 256 (R) 256 (R) 256 (R)
E3823 32 (R) 48 (R) 256 (R) 256 (R) 256 (R)
E4569 0.064 (S) 12(S) 32(R) 4(S) 1(S)
E6348 0.38 (S) 8(S) 256 (R) 4(S) 256 (R)
E8964 0.38 (S) 64 (R) 256 (R) 256 (R) 64 (R)
E9833 0.38 (S) 16 (S) 256 (R) 256 (R) 1(5)
E10085 32 (R) 48 (R) 256 (R) 16 (R) 256 (R)
E10487 32(R) 256 (R) 256 (R) 256 (R) 96 (R)
E10996 0.094 (S) 16 (S) 256 (R) 256 (R) 1(S)
E11030 32 (R) 4(9) 0.094 (S) 256 (R) 64 (R)
E12236 0.25 (R) 256 (R) 15(1) 256 (R) 1(5)
E12241 0.094 (S) 8(S) 0.064 (S) 128 (R) 1(5)
E12674 32 (R) 6(S) 64 (R) 128 (R) 1.5(S)
E14252 12 (R) 16 (S) 256 (R) 256 (R) 32 (R)
E14488 32 (R) 256 (R) 256 (R) 4(S) 16 (R)
E15475 32 (R) 256 (R) 256 (R) 256 (R) 1(5)
E15476 32 (R) 256 (R) 256 (R) 256 (R) 1.5(S)
E15583 32(R) 256 (R) 256 (R) 256 (R) 1(S)
E1456 0.25 (S) 48 (R) 256 (R) 64 (R) 256 (R)
E1965 32 (R) 256 (R) 256 (R) 4(S) 256 (R)
E2408 32 (R) 256 (R) 256 (R) 4(S) 64 (R)
E2542 32 (R) 256 (R) 256 (R) 4(S) 256 (R)
E4751 32(R) 256 (R) 256 (R) 256 (R) 256 (R)
E5306 0.38 (S) 48 (R) 256 (R) 256 (R) 256 (R)
E5610 32 (R) 256 (R) 256 (R) 4(S) 256 (R)
E5896 0.38 (S) 256 (R) 128 (R) 256 (R) 256 (R)
E6227 32 (R) 256 (R) 256 (R) 256 (R) 1.5(S)
ATCC25922  0.094 (S) 4(S) 0.125 (S) 4(S) 15(S)

Susceptible  8/27 (29.6%)  8/27 (29.6%)  227(74%)  7/27 (25.9%)  10/27 (37.0%)
Intermediate  0/27 (0.0%) 0/27 (0.0%) 1/27 (3.7%) 0/27 (0.0%) 0/27 (0.0%)
Resistant  19/27 (70.4%)  19/27 (70.4%)  24/27 (88.9%)  20/27 (74.1%)  17/27 (63.0%)

1 CIP: ciprofloxacin, AZI: azithromycin, CRO: ceftriaxone, TE: tetracycline, CN: gentamicin, S: susceptibl
I: intermediate, R: resistant.

To investigate the AMR gene profiles of the 28-isolate collection, WGS was performed on
the 27 clinical E. coli isolates and a whole-genome sequence of E. coli ATCC 25922 was obtained
from the NCBI database. The most prevalent sequence type (ST) was ST1193, which accounted
for 8/27 isolates (29.6%); the remainder fell into 11 different STs (Figure 1b). A resistome analysis
demonstrated that resistance to azithromycin and tetracycline was associated with the presence of
mphA and the tet gene variants (tetA/tetR or tetB), respectively. All isolates harboring aac(3)-Ila were
resistant to gentamicin. In contrast, the resistome data were insufficient for explaining ciprofloxacin
resistance, which is commonly attributed to mutations in the Quinolone resistance determining
region (QRDR) [15]. Eleven and eight of 27 clinical isolates, respectively, harbored blacrx.ag
and blactx-m-9, which, as extended-spectrum beta-lactamases, confer resistance to third-generation
cephalosporins. Ceftriaxone MICs were positively correlated with the number of acquired resistance
genes to beta-lactams in these isolates (i.e., the more bla resistance genes, the higher the MIC; p = 0.66,
p < 0.001). Moreover, three isolates (ST69 and ST410) carried blaypp.1, which is responsible for
carbapenem resistance.
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Figure 1. Bacterial morphology associated with antimicrobial resistance (AMR) and resistome.
(a) The morphological features of E. coli after 3 h of being treated with ciprofloxacin. Brightfield
images of E. coli in different morphologies, including, from left to right, cell lysis, ellipsoid, rod-like
shape, and elongation, were acquired with a Nikon Ni-E upright microscope and a 100x objective lens.
Morphology of the reference strain is in rod-like shape in drug-free condition. (b) The phylogenetic
structure of E. coli with corresponding susceptibility, AMR genes, and morphology. (Left) The unrooted
phylogenetic tree constructed from core genomes of the 28 E. coli isolates. (Right) Sequence type (ST)
of those isolates obtained by mapping the whole-genome reads to a database of seven housekeeping
genes. (Middle) Five heatmap blocks, each of which demonstrates (first column) antimicrobial
susceptibility, (second column) morphology under exposure to antimicrobials, and (remaining columns)
the presence (black) and absence (gray) of resistance genes against quinolone (CIP: ciprofloxacin),
macrolide (AZI: azithromycin), f-lactam (CRO: ceftriaxone), tetracycline (TE), and aminoglycoside
(CN: gentamicin). NF: non-identified ST.
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Aiming to explore the impacts of AMR and AMR genes on morphological changes, the 28 E. coli
isolates (27 clinical isolates and the reference strain ATCC 25922) were subjected to antimicrobial
exposure for three hours at CLSI breakpoint concentrations [16] and examined by light microscopy.
The microscopy images were qualitatively classified into four principal categories: lysis, ellipsoid,
rod-like shape, and elongation (Figure 1a). Figure 1b demonstrates that E. coli cells responded to
antimicrobial exposure with differential modifications in their morphology, with some showing an
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association with a particular AMR phenotype. Specifically, ceftriaxone-susceptible and -intermediate
resistant isolates were elongated, while resistant isolates retained a rod-like shape when exposed to
ceftriaxone (Figure 1b). Similarly, the majority of E. coli that were resistant to azithromycin, tetracycline,
and gentamicin retained a rod morphology, while the majority of susceptible organisms were ellipsoid
when exposed to these antimicrobials (Figure 1b).

Upon exposed to azithromycin and tetracycline, morphological changes were more heterogeneous
and not consistent with the respective susceptibility profiles of the organisms. For example,
of eight tetracycline-resistant E. coli isolates, five were ellipsoid and three were rod-like shape.
Ciprofloxacin exposure induced the highest level of morphological heterogeneity, in which resistant
organisms were rod-like shape, elongated, or a rod-elongated mixture; ciprofloxacin-susceptible
organisms were ellipsoid, rod-shaped, or lysed when exposed to ciprofloxacin. We did not observe
any obvious association between AMR gene content and bacterial morphological changes under
exposure to antimicrobials (Figure 1b), with the exception of the aforementioned rod morphology
with mphA, aac(3)-Ila gene, and tet gene variants conferring resistance to azithromycin, gentamicin,
and tetracycline, respectively.

2.2. Assessing the Growth Dynamics of E. coli under Exposure to Antimicrobials

The 28 E. coli isolates were exposed to different concentrations (0 to 256 mg/L) of ciprofloxacin,
azithromycin, ceftriaxone, tetracycline, and gentamicin; growth curves were performed over 24 h.
One isolate was chosen to perform three technical replicates (Figure S1) and the pair-wise correlation
coefficients among three replicates were calculated. An average correlation coefficient of 0.89 was
determined. Additionally, each isolate was exposed to azithromycin and tetracycline with an additional
one-two biological replicates to confirm the observed effects of resistance on their growth dynamics.

More than 2500 growth curves from the 28 E. coli isolates in different antimicrobial exposure
conditions were generated, and Gompertz’s, Baranyi’s, and the three-phase linear models were fit to
the growth curves. Gompertz’s and Baranyi’s models fit with the lowest MSE (mean square error)
and MAE (mean absolute error), and the highest p (correlation coefficient) and R? (correlation of
determination) (Figure S2). However, the performance of Gompertz’s model was superior to that of
Baranyi’s model, which indicates that Gompertz’s (with three parameters) was the most suitable model
for these data. Consequently, we employed Gompertz’s model to estimate the growth parameters of
each curve for further analysis.

The growth features were plotted separately for five experimental conditions, and against
different antimicrobial concentrations as relative to the isolate’s respective MIC (Figure 2).
Generally, antimicrobials suppressed the growth of E. coli, which could be observed as the inferred
A reduced gradually and the area under the curve (AUC) reduced rapidly with increasing drug
concentrations. Alternatively, increased antimicrobial concentrations induced a prolonged A in all
cases. The u against relative drug concentration was more heterogenous and largely dependent on
antimicrobial class. The u of E. coli treated with ciprofloxacin and tetracycline declined inversely with
respect to an increase in the respective antimicrobial concentrations. However, when organisms were
exposed to ceftriaxone, the u remained constant, with some organisms showing increased u at higher
concentrations. Notably, under azithromycin exposure, the general trend of the 28 E. coli isolates was
that u increased in lower concentrations of the macrolide and then decreased gradually at higher
drug concentrations. These data suggest that sub-inhibitory concentrations of azithromycin induce an
increased rate of E. coli replication.
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Figure 2. The dynamics of the growth features. From top to bottom, lag-phase period (1), maximum
growth rate (u), maximum cell density (A), and area under the curve (AUC) corresponding to
antimicrobial concentration relative to MICs of 28 E. coli isolates from clinical samples. From left to
right, ciprofloxacin (CIP), azithromycin (AZI), ceftriaxone (CRO), tetracycline (TE), and gentamicin
(CN). The horizontal axis is antimicrobial concentrations relative to MICs of each isolate. The vertical
axis represents the values of growth features. Bold lines are loess smooth functions and thin lines are
the growth features of each isolate.

On further investigation, we also found that tetracycline-resistant isolates possess a fitness
advantage over susceptible isolates in both antimicrobial-free conditions and at 0.5 x MIC (Figure 3).
Specifically, at 0.5 x MICs of tetracycline, the u (p < 0.0001), A (p < 0.001), and AUC (p < 0.0001) of
the tetracycline-resistant E. coli were all significantly higher than those of the susceptible organism
(Figure 3). Without antimicrobial exposure, the AUC of tetracycline-resistant isolates was significantly
higher than that of susceptible isolates (p < 0.05). Conversely, azithromycin-susceptible E. coli in
drug-free conditions had a fitness advantage over azithromycin-resistant E. coli with significantly
higher AUCs (p < 0.05) (Figure 3).
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Figure 3. A comparison between the growth features for susceptible isolates and those for resistant
isolates. From top to bottom, maximum cell density (A), maximum growth rate (u), lag-phase period
(A), and area under the curve (AUC) of resistant isolates (dark gray) and those of susceptible isolates
(light gray) without antimicrobial (left) and at half MICs (right). *: p-value < 0.05, **: p-value < 0.01,
***: p-value < 0.001, ****: p-value < 0.0001.

2.3. Effects of Azithromycin and Tetracycline Resistance on Growth Dynamics of E. coli

To further investigate the impact of azithromycin and tetracycline resistance on the growth
dynamics of E. coli, we plotted the growth features of resistant and susceptible isolates at different
relative concentrations of these antimicrobials. Figure 4 shows a comparison between trends of
growth features (as inferred by Gompertz’s model) on data from three replicates of resistant and
susceptible organisms grown in increasing concentrations of azithromycin and tetracycline. We found
that the A of the tetracycline-resistant organism was lower than that of the susceptible organisms,
while the y and AUC of organisms resistant to tetracycline were higher than those of susceptible
organisms. Conversely, the azithromycin-resistant organisms exhibited a longer A, a higher A, and a
lower u than the azithromycin-susceptible organisms. Additionally, we found that the u of both
azithromycin-resistant and -susceptible E. coli peaked at low antimicrobial concentrations relative
to MIC, which was supported by both Gompertz’s, Baranyi’s, and the three-phase linear models
(Figure S3). These data suggest that sub-inhibitory concentrations of azithromycin actually accelerate
the growth of both susceptible and resistant E. coli.
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Figure 4. A comparison between growth features of resistant and susceptible isolates under exposure
to azithromycin and tetracycline. The horizontal axis is antimicrobial concentrations relative to MICs.
The vertical axis is values of the four growth features, including lag time (1), maximum growth rate
(i), maximum cell density (A), and area under the curve (AUC). For each isolate, growth features
were plotted against relative concentrations of antimicrobials as thin lines. Bold red (resistant isolates)
and blue (susceptible isolates) lines indicate loess smooth regression. Gray shading represents 95%
confident intervals.

2.4. Elevation of Growth Rate in ermB" E. coli at Sub-MIC Concentrations of Azithromycin

All azithromycin-resistant E. coli isolates (n = 19) carried mphA; additionally, seven harbored
ermB and one isolate harbored InuF. In order to investigate the influence of ermB, which was prevalent
among E. coli resistant to azithromycin, on the growth features of E. coli, we compared the growth
features of the E. coli with the presence (ermB™") and absence (ermB") of this gene. The y, A, and AUC
decreased in both ermB™ and ermB- isolates, while A was elevated with increased relative concentrations
of azithromycin (Figure 5a). We found that ermB* E. coli exhibited a higher A and AUC, shorter A,
and lower p than those of ermB- E. coli. Atlow concentrations of azithromycin relative to MICs, u in
ermB’ isolates increased rapidly (peaked at ~0.03x MIC) and then gradually decreased. The highest u
value from the ermB* organisms was lower than that from ermB’ organisms, which peaked at a greater
relative concentration of azithromycin. We further found that at lower concentrations of azithromycin
(absolute concentrations of 1 and 2 mg/L), the ermB" organisms exhibited significantly higher u than
that of ermB* organisms (Figure 5b), which was in concordance with data generated with relative
azithromycin concentrations. Lastly, we found that MICs of ermB* isolates were significantly higher
than those of ermB- isolates (p < 0.05) (Figure 5c). Our data show that MICs against azithromycin are
associated with the accumulation of the macrolide resistance gene.
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Figure 5. The impact of the ermB gene on growth dynamics of azithromycin-resistant E. coli. (a) Growth
features of E. coli in the presence (blue thin lines) and absence (red thin lines) of ermB. Vertical axis
is values of A: lag time, u: maximum growth rate, A: maximum cell density, and AUC: area under
the curve. Horizontal axis is antimicrobial concentration relative to MICs. Bold red and blue lines are
loess smooth regression. Gray shading is 95% confident intervals. (b) Maximum growth rate (u) of
ermB" E. coli (red boxes) compared to that of ermB* E.coli (blue boxes). Horizontal axis is the absolute
concentration of azithromycin (mg/L). (c) Comparison MICs of ermB* and ermB" E. coli. *: p-value < 0.05.

3. Discussion

This study systematically assessed the physiological and morphological responses of AMR
E. coli to clinically relevant antimicrobials. Regarding morphology, we found a relationship between
resistance to ceftriaxone and cell elongation, which has been previously reported [17-22] and also
utilized to rapidly detect resistant isolates [10,11]. However, we found that the molecular basis of AMR
was not associated with antimicrobial-induced morphological responses. This observation suggests
that morphology-based rapid antimicrobial susceptibility testing may be performed without prior
knowledge of resistance mechanisms, which is a drawback of nucleic acid-based and protein-based
methods. A limitation of morphology-based testing is the highly diverse dependence of morphological
changes on the types of antimicrobial, even for antimicrobials belonging to the same family. Considering
the f-lactams as an example, meropenem induces a spindle morphology in E. coli, while moxalactam
induces filamentous cells [23]. Thus, for each antimicrobial, a prior imaging dataset of both resistant
and susceptible organisms is required to infer the susceptibility of newly isolated organisms. For other
antimicrobials used in this study, the morphology-resistance correlation was less consistent, which may
be addressed by additional time data provided by live-cell imaging, which may be required to build
highly accurate antimicrobial susceptibility tests [11,24]. The heterogenous responses to CIP, AZI,
TE, and CN might be explained by the highly diverse genetic background of the E. coli collection
comprising of 11 different STs. Our results showed antimicrobial-induced morphological changes
in both resistant and susceptible isolates, suggesting that bacterial cells respond to drug pressure
despite the resistance to antimicrobials. This is probably due to the residue, in the cytoplasm, of active
antimicrobials which is not yet extruded by efflux pumps (e.g., TetA and TetB) or inactivated by enzymes
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(e.g., p-lactamases). This could also be explained by the weak interaction between antimicrobials
(e.g., CIP) and modified target proteins (e.g., mutated GyrA).

Due to improved manufacturing technology, the price of tetracyclines has decreased dramatically,
to the extent where they are the cheapest antimicrobials available. This has made tetracycline the
second most widely used antimicrobial worldwide [25]. Although the usage of tetracyclines in human
health is becoming less common, they are still important antimicrobials disease prevention and growth
promotion in animals [26]. Our data demonstrated a high prevalence of tetracycline-resistant E. coli
via the fet gene, which is in accordance with previous studies [27]. By comparing growth features
of E. coli treated with tetracycline, we found that tetracycline-resistant isolates possessed a fitness
advantage over susceptible isolates. This fitness advantage in the absence of the antimicrobial may
explain the ubiquity of tef gene carriage in the gut microbiota of children and the sustained persistence
of tetracycline resistance [27]. Our observations concur with a pharmacodynamic model [28], in which
the fitness of resistant E. coli did not differ from susceptible E. coli in antimicrobial-free conditions.
However, a recent study using growth curve analysis found that tetracycline resistance may exert a
fitness cost of up to 10% on E. coli compared with a wild-type strain [29].

Azithromycin has been listed by WHO as one of the critically important antimicrobial reagents for
human medicine [30]. Moreover, WHO have been developing guidelines to prophylactically prescribe
azithromycin to infants and children to reduce child mortality [31], which might increase the resistance
against macrolide antimicrobials globally [32]. Therefore, the molecular mechanisms and prevalence
of azithromycin resistance have been studied extensively [3,31,33-35]. However, the influence of
azithromycin exposure on the physiology of bacteria is not well understood. Here, we observed
an accelerated u of both resistant and susceptible isolates under exposure to low concentrations
of azithromycin, raising a concern about potential impacts of this antimicrobial on developing
new resistant mutants. These results suggest further investigations are required to evaluate the
potential benefits of presumptive antimicrobial treatments compared to the risk of AMR development.
We speculate that at sub-MIC concentration, azithromycin molecules inhibit protein synthesis by
binding to the P site on the 50S subunit of the bacterial ribosome [36], inducing up-regulation of
ribosome synthesis which is associated with higher u [37,38]. With increased concentration of the
macrolide, more ribosomal molecules are bound by azithromycin, which leads to insufficient protein
synthesis and reduction in y.

Notably, the trend of u in azithromycin-resistant E. coli was lower than the trend in
azithromycin-susceptible isolates. This observation may be experimental evidence supporting a
mathematical model for ribosome-targeting antimicrobials, which showed that faster growth induces
greater drug susceptibility [39]. Moreover, amongst the azithromycin-resistant E. coli harboring the
mphA gene, the ermB* isolates exhibited lower u than that of ermB’. We hypothesize two feasible causal
pathways of how ermB influences p: (1) the presence/absence of ermB directly impacts on the u trend or
(2) the presence of ermB increases the MICs of E. coli and consequently changes the trend of u against
the relative concentration of azithromycin. The lower u in ermB* may be due to reduced ribosome
synthesis as ermB allows constitutive methylations of 23S rRNA [40], which protects the complexes
from azithromycin binding and potentially interferes with ribosome assembly. This suggests that the
presence/absence of ermB is likely to have a direct impact on .

This study has limitations. First, using these approaches, we were unable to develop an algorithmic
tool to quantitatively measure morphological changes and to categorize cell shapes. Therefore, the cell
shape classification may be subjective. Second, the relationship between morphology, growth dynamics,
and cell viability was not investigated. Third, the correlation between the live cell counts, measured
CFUs, and OD values, representing the density of both live and dead cells, was not verified. Although
bacterial enumeration provides information on the actual growth rates of the cultured bacteria, we opted
to analyze the growth of E. coli by monitoring OD as it enables high-throughput experiments with
biological replications. Lastly, the 27 E. coli isolates possessed potential cross-interaction among AMR
genes and high diversity in genetic background, which we were not able to address.
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4. Materials and Methods

4.1. Organisms and Whole Genome Sequencing

Twenty-seven E. coli isolates were isolated from the blood samples of Vietnamese children
hospitalized with sepsis in a previous study [41], which was approved by the Oxford Tropical
Research Ethics Committee (OXxTREC, reference number 35-16) and the Ethic Committee of Children’s
Hospital 1 (reference number 73/GCN/BVNDI1). E. coli ATCC 25922 was included as a control in all
analyses. Minimum inhibitory concentrations (MICs) against ciprofloxacin, azithromycin, ceftriaxone,
tetracycline, and gentamicin were determined for all isolates by E-test (bioMerieux, Ivry-sur-Seine,
France) and serial broth dilution. Whole-genome sequencing was performed on the 27 clinical isolates.
DNA was extracted and purified using the Wizard Kit (Promega, Madison, WI, USA); the Nextera
XT DNA Library Preparation Kit (Illumina, San Diego, CA, USA) was used to fragment DNA with
adapter ligation. DNA sequencing was performed on a MiSeq platform, using MiSeq Reagent Kit V2
(Illumina, San Diego, CA, USA) to produce 250-bp paired-end reads. Sequencing data are available at
www.ebi.ac.uk/ena (accession numbers from ERR4342165 to ERR4342191).

4.2. Monitoring and Modeling Bacterial Growth

For growth dynamics experiments, two-fold serial broth dilutions were conducted in 96-well
U-bottom plates (Thermo Fisher Scientific, Waltham, MA, USA) to obtain differing concentrations
of antimicrobials (from 0 to 512 mg/L) in 100 uL cation-adjusted Mueller-Hilton (MH) broth (Oxoid,
Basingstoke, UK). The selected antimicrobials were ciprofloxacin, azithromycin, ceftriaxone, tetracycline,
and gentamicin (Sigma Aldrich and AK Scientific, MO, USA). For each of the 28 E. coli isolates, one colony
of overnight-incubated E. coli was inoculated into 5 mL Luria-Bertani (LB) broth (Basingstoke, UK) for
3 h at 37 °C with shaking to reach ODg ~ 0.3. The bacterial suspension was diluted 1/1000 in MH
broth, and 100 uL of the diluted suspension was mixed into each well of the 96-well plates. The final
concentration of antimicrobials in each well varied from 0 to 256 mg/mL (two-fold intervals, i.e.,
0,05,1,2,...,256). ODgy was measured on the plates every 15 min for 24 h at 37 °C, with shaking
before each measurement, in a FLUOstar OPTIMA microplate reader (BMG Labtech, Ortenberg,
Germany). The output data for each condition were curated and modified Gompertz's (1), Baranyi’s (2),
and three-phase linear (3) models [13] were fit to the data by minimizing the mean square error (MSE).

N(t) = No + Aexp{— exp[%(/\ -t) + l]} 1)
C(t) —
N(t) = No + uC(t) -ln{l + EP:A;} @
Ny, t<A
N(t)={No+y(t—A), A<t<ts 3)
A, t=2t

where N(t) is the cell density, measured in ODg, at timepoint ¢, Ny is the cell density at t = 0, A is the
maximum cell density, u is the maximum growth rate (per hour), A is the lag time (in hours), f; is the
time to reach stationary phase (in hours), and C(t) =t + %ln[e"’" +eHA e'*‘(”"‘)]. Area under the
curve (AUC) was approximately estimated from the growth curves using the Reimann summation
method. We termed the A, i, A, and AUC as growth features of a growth curve.

4.3. Bright-Field Microscopy

In order to investigate the morphology of E. coli in response to antimicrobial exposure, isolates were
inoculated on a nutrient agar (NA) plate and incubated overnight at 37 °C. For each isolate, <10 colonies
were inoculated into saline buffer (0.85% NaCl) to reach ODgg ~ 0.6. Resistant isolates were diluted
1/20 to reduce cell density in a field of view under microscopic examination. The selected antimicrobial

201



Antibiotics 2020, 9, 735 120f 15

(ciprofloxacin, azithromycin, ceftriaxone, tetracycline, and gentamicin) of its corresponding CLSI
break-point concentration [16] (i.e., ceftriaxone at 4 ug/mL) was added to the bacterial suspension and
to the thin NA plate (8 mL). Then, 100 uL of bacterial suspension was inoculated onto NA plates and
incubated for 3 h at 37 °C. Subsequently, small pieces of agarose pad were excised from the NA plate,
placed onto microscope slides, and examined under a Nikon Ni-e upright microscope with a 100x
objective lens.

4.4. Data Analysis

Data analysis was performed in R (version 3.5.3) programming language [42]. To estimate the
parameters from the models, the “optim” function (the R Stats package) was used to constrainedly
minimize the MSE between the actual and predicted OD values. For each isolate, the growth features
were plotted against relative MICs using the “ggplot2” and “gridExtra” packages. Wilcoxon rank-sum
test on boxplots was carried out on the “ggpubr” package. Multilocus sequence typing (MLST) of
E. coli was inferred from the whole-genome sequencing data using the SRST2 pipeline [43] on the seven
housekeeping genes, including adk, fumC, gyrB, icd, mdh, purA, and recA. Resistome analysis with AMR
gene identification was performed on the SRST2 pipeline. De novo assembly of sequencing data was
performed using SPAdes [44], gene annotation was completed using Prokka [45], and the pan- and core
genomes were deduced using Roary [46] with a minimum 99% blastp identity. Finally, a phylogenetic
tree was constructed on RAXML [47] using the alignment of the core genome from Roary’s output and
was visualized using the “ggtree” package.

5. Conclusions

In conclusion, we exploited growth dynamics and bacterial morphology to study the impact
of AMR in clinical E. coli isolates. The morphological responses to ceftriaxone were consistently
associated with the resistance to the antimicrobial, while the responses to other antimicrobials were
more heterogeneous. In the absence of the drug, tetracycline resistance confers a fitness advantage
on E. coli, while the other antimicrobials exert a measurable fitness cost (lower AUC and ) on these
bacteria. At low concentrations of azithromycin, u was accelerated and azithromycin-susceptible
isolates possessed higher u than resistant isolates. We additionally observed an impact of AMR
genes on the growth dynamics of bacteria, in which E. coli harboring the ermB gene exhibited
lower u than ermB™ E. coli. Our study raises a concern regarding the persistence of AMR and the
development of new resistance phenotypes under antimicrobial exposure, showing the need for a
better understanding of how morphological and physiological responses contribute to the AMR and
tolerance in bacterial pathogens.

Supplementary Materials: The following are available online at http://www.mdpi.com/2079-6382/9/11/735/s1.
Figure S1. Three replicates of growth dynamics monitoring. A clinical E. coli isolate was treated, three times,
with ciprofloxacin (CIP), azithromycin (AZI), ceftriaxone (CRO), tetracycline (TE), and gentamicin (CN) at different
concentrations. Red dots: replicate #1, green dots: replicate #2, and blue dots: replicate #3. Figure S2. Comparison
between performance of Gompertz’s, Baranyi’s and three-phase linear model. For each growth curve, the three
models were utilized to predict OD values at every timepoints from 0 to 24h. The actual and predicted values
were used to calculate the mean square error (MSE), mean absolute error (MAE), correlation coefficient (p),
and correlation of determination (R?). The lower MSE and MAE; higher p and R?, the better a model is. Figure S3.
Comparison between growth parameters estimated from Gompertz’s, Baranyi’s and three-phase linear model.
Parameters include lag-phase period (), maximum growth rate (1), and maximum cell density (A). The horizontal
and vertical axes are relative concentration of antimicrobials and values of the growth parameters, respectively.
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