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Foreword
LAY ABSTRACT

Infection ratesassociated with antibiotigesistant bacteriare increasingThe traits that
allow bacteria to survive antibiotics aemcoded by the genetic informatioror genes.
There is a widediversty of antibiotic resistancenechanismsavailable tobacteriaand
comprehensivenethods to detethemare neededvly work presents the development and
validation ofan approacto captureand sequencall known antibioticresistance genes
With this tool,| investigatedhe early life exposures thslhape antibiotic resistancetime
diversecommuniy of bacteriaencompassinghe human gut microbiomeéirst, | revealed
the protectiveeffects of providingbeneficial bacteriaor probiotics to preterminfants
Next, | uncovereda minimal impact ofantibioic treatmentin selectingfor antibiotic
resistancegenesin children with diarrhoealmproved bols to understandantibiotic
resistance irearly-life and thefactors thatmodulateits prevalencewill help reducethe
persistence odntibioticresistanbacteria inater life.



ABSTRACT

Antibiotic-resistant bacteriandtheir often-untreatablaénfections are increasing globally.
The determinants that confer redusedceptibility to antibiotics are encoded in the genetic
information, or genes, of bacteri8equencingbased approachds identify antibiotic
resistance genes (ARGSs)diverse environments, such as the gut microbi@res|imited

in throughpundinacessible due to high cosiBhe microbiome ands associated ARGs
are shaped bshanyfactors throughout early lifavhich have yet to be fully characterized.
In this thesis, | developedapproach tacapture ARGsn the gut microbiome anstudy

the effectof various earlylife exposures.

First, | describe a set of over 37,000 probes to target over 2,000 AR®Gs targeted
sequencing approachas designe@nd validated against samplesYA isolated from
multi-drug resistantbacteria This probesetproved superior to metagenomic shotgun
sequencing in capturing the rapertion of ARGsfrom a human gut microbiome sample.

Second) investigatedhepotential benefits of providingrobioticsto infants borrpreterm

in reducing antibiotic resistance in their gut microbisnf&reterminfants that received
probiotics had a reduced burden of ARGs associated with potentially pathogenic bacteria
at 5 months of age compared to fobioticsupplementegreterminfants.

Finally, | explored the potential consequences of macrolide antibiotic expos#RB®Gsa
in the gut microbiomef children with diarrhoe@a Botswana, AfricaCompared to the
standard treatnm¢ for diarrhoeaa threeday dose of azithromycidid not resultin an
increased selection for ARGs after 60 days.

This thesis tacklethe challenge of comprehensivalgtectingantibiotic resistance ithe
gut microbiome A better understanding of the impact ezrly-life exposures, including
probiotic and antibiotic treatmenti® the prevention omaintenanc®f ARGs in the gut
microbiome of children will help reduce unnecessary selective pressureshand
persistence of antibiotic resistance into later life.
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CHAPTER ONE: Introduction
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ANTIBIOTICS: MIRACLE DRUGS OVERCOME BY RESISTANCE

Antibiotics are miraculous drugs that have revolutionized human and animal
medicine since the early 1900s. Before this breakthrough in clinical treatment, infections
were one of the leading causes of human mortality and severely hindered advancements in
medicine (Davies & Davies, 201,0Jones et al., 20)2 Since this discovery and the
widespread adoption of antibiotics alongside modern hygiene practices, many infectious
diseases have been rapidly treated, and extensive transmission prevented. Soon after the
introduction of antibiotics, a new challenge duycarose; antibiotics began to lose their
efficacy, and microbes triumphed once ag@ibraham & Cha, 194Q Finland, 1979
Fleming, 192%. The discovery of resistance to early antibiotics launched global efforts to
understand the mechanisms behind this reduced susceptibility and to find new and
improved antibiotic candidates.

Degite the past 100 years of research and innovation, microorganisms continue to
fight back, and we are threatened by a return to an era without antibiotics in medicine. In
2019, there were an estimated 4.95 million deaths associated with antiésisian
infections, where 1.27 million could be directly attributed to resistdhteray et al.,

2022. While antibiotic resistance is a global issue, the burden is highest inalmv
middle-income countries where access to necessities such as clean drinking water, varying
availability and quality of antibiotics, lack of regulations wse, and limited surveillance

of resistance further exacerbate the prob{®tarray et al., 202p It is estimated that by

2050, more than 10 million human deaths Wil attributable to antimicrobiaésistant
2
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infections (O6 Ne i | )., Varidu® flébal entities, including the World Health
Organization(WHO), have proposed measures to alleviate this bufDension, 2016.
The consensus from these recommendations is that a better understanding of antibiotic
resistance, from the mechanisms to their distribution and spread at a global level is
imperative to prevent a peantibiotic era.
ANTIBIOTIC S: MECHANISMS AND ORIGINS

Anti-infective agents encompass compounds (natural, synthetic, and semi
synthetic) that inhibit cell growth or result in the death of microorganisms, including
viruses, bacteria, fungi, and parasites. Some compounds may also haltanmanti
insecticide,or herbicide activity, among other rol@@avies & Davies, 201;,0Demain &
Sanchez, 2009 The remainder of this thesis will predominately focus on the subset of
agents that target bacteria, theilaatterials or antibiotics. These molecules can be
bactericidal (result in bacterial death) or bacteriostatic (limit bacterial replication without
causing deathjLeekha et al., 2091 Most antibiotic classes are derived from molecules
isolated as natural products from other organisms, including bacteria, fungi, and plants
(Brown & Wright, 2016. Throughout this thesis, the terms antibiotic and antibacterial will
be used interchangeably. In addition, antibiotic resistance, antimicrabisthrece (AMR),
and antibacterial resistance all refer to the feature(s) that provide bacteria with reduced
susceptibilities to antibiotics.

To understand the various mechanisms of antibiotic resistance, one must first

understand the targets of antibiotib&any antibiotics target core cellular processes within
3
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bacteria, including cell wall biosynthesis, DNA replication, transcription, and protein
translation (Table 1). Each of these systems has a complement of proteins that may be
engaged and are often essal for growth (Figure 1A).

T h e-lactam family of antibiotics include the penicillins, cephalosporins,
monobactams, and carbapenems. These predominantly inhibit peticiiimg proteins
(PBPs) and disrupt peptidoglycan biosynthesis, a key buildouak of bacterial cell walls
(Lewis & Bush, 201h Glycopeptides, such as vancomycin, also inhibit peptidoglycan
biosynthesis but targehe ‘O-alanytO-alanyl residue in the cell wall precursor, lipid 1l
(Lewis & Bush, 201% Quinolones including ciprofloxacin target type II DNA
topoisomerases, including DNA gyrase encodedgiyA These aibiotics result in
bacterial death by disrupting DNA supercoiling and ultimately interfering with DNA
replication(Lewis & Bush, 201k Final vy , rifamycins target t he
dependent RNA polymerass6B) and prevent DNA transcription.

Protein production is targeted by many classes of antibiotics. Aminoglycosides bind
to the 16S rRNA component of the small (30S) ribosomal sublims disrupts codon
anticodon pairing and results in improper protein translation and cell ({eatter et al.,

2000. Macrolides, such as erythromycin, target the 23S rRNA of the large (50S) ribosomal
subunit andblock polypeptide elongatiorflLewis & Bush, 2015 Tu et al.,, 200h
Clindamycin, a member of the lincosamide group of antibiotics, also targetartie
ribosomal subunit in the same region as macrolidewis & Bush, 2015Tu et al., 200%

The oxazolidinone family, exemplified by linezolid, prevent the formation of a functional
4
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ribosome by interacting with the 23S rRNAtreptogramin A and B are used
synergistically to target the 50S subunit of the ribos¢basvis & Bush, 201%h Protein
synthesis is also tgeted by tetracyclines, which act by binding to the 30S ribosomal
subunit and preventing aminoadiRNA entry to the ribosom@.ewis & Bush, 201k

Other cellular processes targeted in bacteria include the folate pathway essential to
generate precursors for DNA synthesis. Sulfonamides were one of the first antibiotics
introduced to clinical care and are purely synthés&old, 2000. They target the
dihydropteroate synthas®IP), while trimethoprim, a pyrimidindased antibiotic, targets
dihydrofolate reductaselff). Combining these antibiotics as-ttanoxazole has been a
popular approdtto overcome resistance. Finally, cationic peptides, such as polymyxins,
interact with phospholipids to disrupt the bacterial cell membrane. Many classes of
antibiotics are not listed in Table 1 for various reasons, including their lack of approval for
human use or a limited prevalence and understanding of antibiotic resistance in human
clinical pathogens.
Table 1: Major Classes of Antibiotics and Associated Resistance Mechanisms.
Major antibiotic classes used in human medicine and their associatednmeathaf
resistance. Information presented in this table were amalgamated from various references

(Alcock et al., 2023Brown & Wright, 2016 Guitor & Wright, 2018 Morar & Wright,
201Q Walsh & Wencewicz, 2016Nright, 2007.

Target Antibiotic Class | Example(s) Mode(s) of resistancewith
example genes

Pencillins Hy dr o |-lpctamases) b
Cell wall , .
. . Cephalosporins | Efflux or altered porin
biosynthesis /| b-lactams .
epfidoalvean! (bactericidal Penems expression
peptidoglyc (bactericidal) Monobactams Altered target (mutant PBPs,
biosynthesis

Carbapenems mecA
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Reprogramming

Glycopeptides | Vancomycin . . .
o ) . peptidoglycan biosynthesis

(bactericdal) Teicoplanin (vanRSHAX

Epoxide Fosfomycin Inactivation (os)

(bactericidal)

Cationic peptides

Polymyxins (eg.

Alteredtarget/Increase in
positive charge on the cell

Cell envelope (bactericidal) Colistin) Ellffrll;axce ncer)
ntegrity Linopentides Altered targetprF)
POpeEPt Daptomycin Modification of membrane
(bactericidal) charge
DNA Targetmutation gyrA, parC),
replication Quinolones . . Target protectiongnr)
and (bactericidal) Ciprofloxacin Efflux (acrAB-tolC, qepA

transcription

OXgAB, norAB
Acetylation @ a c {lbécd )

Nucleotide
synthesis or
folate
biosynthesis /
C1

Sulfonamides
(bacteriostatic)

Sulfanilamide
Sulfamethoxazol¢

Target overexpression,
mutation or modified
dihydropteroate synthase
(folP)

Efflux

Acquisition of resistant target
(sull

metabolism - 5. i idines
(bacteriostatic) Trimethoprim Efflux, altered targetdfr)
Mutations in RNA polymeras
(rpoB)
RNA Ansamycins / Glycos_ylat|on _(gt)

. . ) . . ADP-ribosylation érr)
synthesis / Rifamycins Rifampin Phosphorylationrph)
Transcription | (bactericidal) phory’a _—

Decomposition or oxidation
(rox)
Efflux

Gentamicin Phosphorylationgph)

Protein
synthesis /
Translation

Aminoglycosides
(bactericidal)

Streptomycin
Spectinomycin
Kanamycin A

Neomycin

Acetylation @ag
Nucleotidylation/adenylation
(ant)

Efflux
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Altered target: mutation or
methylation &rmA, rmtB of

16S rRNA
MonooxygenationtétX)
Minocycline Efflux (MexAB-OprM; tet(A))
Tetracyclines Tigecycline Altered target: 16S rRNA
(bacteriostatic) | Tetracycline mutation
Doxycycline Ribosomal protection protein
(tetM)
Esterification ére)
Gycosylation ingf),
. Erythromycin Phosphorylationrph
Macrolides Azithromycin Efflux (mef msi)

(bacteriostatic) Clarithromycin | Altered target: mutation or

methylation €rm) of 23S
rRNA

Nucleotidylation (nu)
Clindamycin Efflux

Altered target

Lincosamides
(bacteriostatic)

Streptogramin A
(Sa): dalfopristin
Streptogramin B
(Se): quinupristin

Sa: Acetylation {at)
Sg: C-O lyase ygb
Sg: 23S rRNA methylation

Streptogramins
(bactericidal)

o) ) Efflux
Pristinamycin lla
. Efflux (Imr§
Oxazolidinones | . iy Altered target: mutation or

(bacteriostatic) methylation €fr) of 23SrRNA

Altered target: 23S rRNA
Phenicols Chloramphenicol methyltransferase
(bacteriostatic) Efflux (cmlA)

Acetylation €at)

SSynthetic antibiotic class

Antibiotics: natural products of evolution
Most antibiotics in clinical practice today are natural products generated as
secondary metabolites by bacteria, predominantly those of the order Actinomycete isolated

from soil (Perry et al., 2016 Synthetic compounds also have a history of success as

7



Ph.D. Thesi$ A. K. Guitor; McMaster University Biochemistry and Biomedical Sciences

antibacterial s. However, t he A Golo@ewas Ageo
dominated by molecules isolated from bact¢Beown & Wright, 2016. As Brown and
Wright elegantly describe, nature has been perfecting efficient molecules throughout
millionsofyea s of e v ol adascade of plemtropic effects @timately resulting
i n c el (Browh & ®Wtight02016.

While antimicrobial peptides and defensins produced by humans and other
mammals have roles in host innate immunity, the role of microhmatiguced antibiotics
in nature remains contest@@anz, 2008 The primary ra of these secondary metabolites
may likely be to reduce competition by killing surrounding bacteria when resources are
scarce. They are also proposed to serve a role in signalling with neighbouring organisms
(Yim et al, 2007. At subinhibitory concentrations, antibiotics trigger differential
expression of specific genes in targeted bac{&ah et al., 2002Yim et al., 200§. The
idea of these molecules as microbial tools of warfare is an attractive one. However, the
concentrations of antibiotics used under laboratoryditimms to suppress growth may not
reflect true environmental amour{Bavies & Davies, 2010Gottlieb, 197. Given their
low abundance in the emenment, would there be sufficient selective pressure for other
bacteria to maintain such an expansive diversity of antibiotic resistance Paesgs &
Davies, 201 This also brings into question the origin and natural roles of antibiotic
resistance mechanisms that provide such-legd protection(Aminov, 2009 Morar &
Wright, 2010. Genomics and phylogenetics have begun to shed light on the natural history

of antibiotics and antibiotic resistance.
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The ancient history of antibiotics and antibiotic resistance

With advances in nexgeneration sequencing and increasing efforts to decode the
genetic information, or genomes, of antibiotic producers, we are beginning to unravel the
evolutionary history of antibiotics. Antibiotics are typically encoded by multipleege
closely organized within a region in the genome referred to as a biosynthetic gene cluster
(BGC). Genes implicated in-lactam antibiotic BCGs were first believed to have transferred
between fungi and bacteria (directionality unknown) about 370 milliesrs agoMYA)
(Aharonowitz & Cohen, 1992Veigel et al., 1988 Glycopeptide antibiotic BCGsncluding
those that produce vancomycin, are predicted to have evolved 150 tdVi¥B0
(Waglechner et al., 20)9Estimates for the origins of other antibiotics include BIDA
for streptomycin, 80MYA for erythromycin, and over a billion years ago for daptomycin
(Baltz, 2010 Waglechner et al., 2021

Since antibiotics have been evolving in microorganisms for millions of years, it is
not surprising that the origin of antibiotic resistance can be dated to similar time scales.
Phyl ogeneti ¢ a nlactam seegstance geney gagt icentainsfambies are
over 2 billion years oldBarlow & Hall, 2002 Hall & Barlow, 2004. Vancomycin
resistance genes are also estimated to have evolved dheusame time as vancomycin
BGCs (Waglechner et al., 2®). Studies of the evolutionary history of tetracycline and
erythromycin resistance genes suggest thabiatic resistance preates human use of
these antibioticéAminov & Mackie, 2007. A groundbreaking study of 30,00@earold

permafrost confirms that antibiotic resistance is indeed ancient, further incredsnegt
9
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in studying ancient DNA from various sourd&sCosta et al., 201 SantiageRodriguez
et al., 2015Warinner et al., 2004 Finally, bacteria resistant to over a dozen antibiotics
exist in a cave environment that has been isolated from the surface for over 4 million years
(Bhullar et al., 2012Pawlowski et al., 2006 Therefore, ahough antibiotic use by humans
in the past 80 years has exerted immense selective pressure on bacteria to acquire and
maintain antibiotic resistance, the mechanisms and genes involved have been evolving for
millions, if not billions, of years.
MECHANISMS OF ANTIBIOTIC RESISTANCE

Antibiotic resistance is predominantly genetically encoded, although certain
physiological differences and growth adaptations, such as biofilm production and
persistence, can be associated with reduced susceptibility. -iizgative bacteria
generally show wider ranges of AMR compared to Gpasitive bacterigdWalsh &
Wencewicz, 2016 The former group of bacteria has a dual membrane cell wall that
provides an additional layer of protectimom and reduced permeability to antibiotjiCox
& Wright, 2013 Walsh & Wencewicz, 2006 Some bacteria have thi
cell envelopes, typical oMycobacterium tuberculosiswhich can limit the entry of
antibiotics into the cell(Brennan, 2003 Walsh & Wencewicz, 2016 Biofilms are
collections of bacteria that grow in a community and typically secrete protective
extracellular polysaccharides that limit entry or repel antibiqialsh & Wencewicz,
2019. Persistences a phenomenon whereby bacteria slow their metabolism and become

guiescent, thus avoiding antibiotics that act on actively dividing dglfalsh &
10
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Wencewicz, 2016 Finally, some bacteria can catabolize or subsis antibiotics as a
carbon sourcéDantas et al., 2008General differences in the physiology of bacteria and
varying growth adaptations will not be discussed further as mechanisms of antibiotic
resistance in this thesis but are further complicating factors in understanding how and when
bacteria develop resance.

Antibiotic resistance is often classified as innate or acquired. Innate, or intrinsic
resistance, are mechanisms that naturally exist in bacteria or are typically found in
antibiotic producers for seffrotection, often encoded within BG@3o0x & Wright, 2013
Cundliffe, 1989 Hopwood, 2007 Kharel et al., 2004 There is expansive evidence to
suggest many resistance mechanisms have transferred from antibiotic producers or other
environmental bacteria into modern pathog@enveniste & Davies, 197Finley et al.,

2013 Humeniuk et al., 20Q2Jiang et al., 201, 7Wright, 2007. Acquired resistance is
likened to the development of resistance in previously susceptible organisnysilikeb

the selective pressures of antibiotic exposure. This occurs either through the selective
growth of a sulpopulation with an advantageous mutation or the movement of genes,
through horizontal transfer, from resistant to susceptible bacteria.

Antib iotic resistance caused by mutations in coding sequences

At the genetic level, antibiotic resistance can be simplified into mutational
resistance and resistance that arises due to the acquisition of specific genes (Table 1). At
the core of bacterial repktion, genomic and accessory (e.g., plasmid) DNA is copied and

passed onto daughter cells vertically. This process is predominantifidedjty, however,
11
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approximately one error will be fixed in every ®1base pairs of DNA(Walsh &
Wencewicz, 2016 Subinhibitory concentrations of antibiotics and oxidative stress can
increase mutation rates in bactéfallespie et al., 2003'Sullivan et al., 2005 Mutations
can besynonymous (ie. no change in the resulting coding sequence and protein} or non
synonymous (ie. disrupt the coding sequence by changing an amino acid). Mutations often
incur a fitness cost for the bacterium, which may be outcompeted by wildtype members of
the population. If, however, the mutation allows the protein to retain activity with little or
no fitness cost and prevents an antibiotic from interacting with the target, this mutant will
survive antibiotic selective pressy#ndersson & Hughes, 2010

Specifc mutations in the coding sequences for the targets of many antibiotics have
been welldocumented (Table 1Mutations often arise in core locations in the gene, likely
where antibiotics would interact with the corresponding protein (Figure 1B). For Bamp
mutations resulting in quinolone resistance are frequent in a reggyrAfeferred to as
the quinolone resistance determining region (QRPR)oper & Jacoby, 20)5There are
various hotspots for rifampiciresistant mutations in the DNdirected RNA polymerase
subunitB (rpoB) (O'Sullivan et al., 20056 Sulfonamide and trimethoprim resistance is
often associated with mations in théolP anddfr genes, respectively, while recombination
of folP can also aris@Huovinen, 2001Skold, 2000. R e g alacthin regjstafce, point
mutations in PBPs reduce antibiotic affinity to this tar@&ipun et al., 2008 Finally,
mutations in the 18 rRNA, 23S rRNA, or other ribosomal proteins can confer resistance

to aminoglycosides, tetracyclines, or macroli(Maus et al., 2005
12
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Although less common, mutationegsistance can arise through changes in the
regulation of the target or gene amplification. Reduced target protein expression is often
the result of mutations in the promoter of the target, as is seen with quinolone resistance
(Ince & Hooper, 2008 In terms of gene amplification, chromosomal gene duplications are
less frequent than the capture of resistant forms of a target gene on pl&aniisgren &
Andersson, 2009 However, the duplication of genes involved in folate biosynthesis has
been shown to confer resistance to trimethoprim and sulfonamnd&treptococcus

agalactiae(Brochet et al., 2008

13
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Figure 1: Mechanisms ofantibiotic resistancerimarily associated with mutations

A) Antibiotics typically interact with a target (either protein, RNA, DNA, or a cell wall

component) to result in bacterial growth inhibition or death. B) When a mutation occurs in

the gene encodingna anti bi oticdés target, this <can
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survival of bacteria. C) Membrargpanning efflux pumps actively remove antibiotics from
bacterial cells. D) Reduced expression of porins or modified porins prevent the entry of
antibiatics into the bacterial cell. E) Acquisition and altered expression ofwedl
modifying enzymes prevent interaction and entry of antibiotics into the cell. Figure adapted
from (Guitor & Wright, 2018.

Changes teheimport or export of antibioticthrough decreased poraxpression,
increased efflux pump expression, or modified outer membrane chemistry often arise
through mutation. Porins are protein channels that line the outer membrane of Gram
negative bacteria and allow for the often highly selective diffusion or eftmolecules
into the cell (Figure 1DJCox & Wright, 2013. The expression of porins, including the
Omp family inEscherichia coland Opr family irPseudomonas aeruginossdten decrease
in the presence of antibiotics through complex regulatory netw@#ges et al., 2008
More selective porin proteins maeplace promiscuous ones, or mutations can arise in the
porins themselvegPages et al., 2008Reduced porirexpression has been implicated
predominant | y wlactamr registance lout iolikely to eesull in &mdhig
resistant (MDR) phenotyp@looper & Jacoby, 201%ages et al., 2008

Efflux pumps are membrarspanning complexsethat actively remove substrates,
including antibiotics, from the bacterial cell (Figure 1C). These resistance mechanisms can
be specific to one class of antibiotics, such as the tetracyclines, or they can confer resistance
to multiple antibiotics (ie. MR efflux pumps)Cox & Wright, 2013 Piddock, 200% In
Gramnegative bacteria, tripartite efflux systems, such AG/RBC, span the inner
membrane, periplasm, and outer membrane to ensure the efficient removal of antibiotics

(Piddock, 200k Grampositive bacteria also encode efflux systems, for example, NorA in

15
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Staphylococcus auregsnfers resistance to quinolor(éoper & Jacoby, 201%®iddock,

20069. There are five major families of efflux pumps that are categorized based on the
numberof components involved, the substrate that is recognized, and the energy source for
the system. These are the Abding cassette (ABC), the multidrug and tega@mpound
exclusion (MATE), the major facilitator superfamily (MFS), the resistance nodulation
division (RND), and the small multidrug resistance (SMR) farfiigldock, 2006Walsh

& Wencewicz, 201%

Some efflux pumps are expressed only in raspdo the presence of an antibiotic,
while others respond to various environmental signals. There is an intricate network of
activators and repressors that are involved in the regulation of efflux pump expression, and
mutations in any of these factors aasult in increased resistan@@rkovic et al., 200R
In P. aeruginosa mutations in the repressamexR result in the upregulation of the
MexAB-OprM system and a subsequent increase in resistance to various aniiBibtes
Zarifi et al., 1999. Similar effects are seen with mutations associated with repressors
resuling in activation of the NorA efflux system $ aureusthe multidrug efflux system
in Neisseria gonorrhoeaand the AcrABToIC system irkE. coli(Grkovic et al., 200 In
contrast, a mutation in an activator, as is the casemattfAin E. coli, leads to increased
transcription of the AcrABIolC system(Grkovic et al., 200 While these cases
mentioned above are due to mutationshromosomally encoded efflux systems, there are

various efflux genes involved in tetracycline (8tA)), quinolone (exqepAandoxgAB,
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and macrolide (exnefA)) resistance that are transferable through mobile genetic elements
(MGESs)(Chopra & Roberts, 200Del Grosso et al., 200Biooper & Jacoby, 2035

Resistance to antibiotics that target componehtte cell membrane of bacteria,
including daptomycin and polymyxin, arises from mutations that result in changes to the
lipid chemistry in the membranBaptomycin resistance typically results from variations
in the cell membrane that electrostaticatlpel the antibiotic from the cell. These
modifications occur from mutations or deletions in various genes involved in phospholipid
synthesis and cell wall biosynthesis (egprFin S. aureus(Figure 1E)YPeleg et al., 2092
Polymyxin resistance can arise through the addition of cationic groups (e.g.
phosphoethanolamine) to the lipid A component of lipopolysaccharide ((MWRov et
al.,, 2013. These physiochemical changes are often due to mutations Hcotwponent
regulatory systems, including PhéBhoQ and PmrAmrB, which regulate the operon
responsible for the modifications of lipal (Miller et al., 2011 Moskowitz et al., 201R
Many of these mutains have been identified in isolates of MR aeruginosathat
frequently cause chronic lung infections in patients with cystic fib(b&ilter et al., 2011
Moskowitz et al., 2012Velkov et al., 2018
Protein-based or acquired antibiotic resistance

Mutational antibiotic resistance is predominantly vertically transmittegvever,
resistant vesions of target genes can be captured on horizontally transferable elements and
replace the susceptible target in the host. This is seen with the mutant(gi&eAawhich

has a lower affinity for methicillin than endogenous PBPs. This gene is clustered with the
17
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regulatory elementsieclandmecR1in the staphylococcal cassette chromosomal element
(SCamec) (Walsh & Wencewicz, 2016&Zapun et al., 2008 Resistant versions of the
targets of trimethoprim (ielfr genes) ad sulfonamides (iesul genes) mediate high levels
of resistance and have been extensively mobilized across many bacteria(igengnaen,
2001 Skold, 2000. The sul genes were the first mechanisms to be associated with
transferable antibiotic resistance and were identifieEnterobacteriaceaé Japan and
the Uhited Kingdomin the late 19506Akiba et al., 1960Datta, 1962Davies, 199h
Proteinrbased forms of acquired antibiotic resistance encompass the remaining
mechanisms and result from the expression of specific enzymes.éffaysaes can act on
the antibiotic scaffold or the target to introduce modifications or provide protection and
limit the interaction between antibiotic and target. These genes are transmitted vertically
and horizontally between bacteria of the same spegidspotentially across genera or
families of bacteria. As mentioned previously, some of these genes likely originated in
antibioticproducing organismer evolved from some similar sequence not originally
programmed as a resistance enzyMany antibioticsare similar in structure to other
compounds that are substrates for certain enzymes. Genomic enzymology has revealed
potential evolutionary links between antibiotic resistance enzymes and proteins involved
in other cellular functiongMorar & Wright, 2010. Enzymes that are believed to share a
cCommon ancest or-lactantasesd ardl epeniciliihdeng oteins; the

aminoglycoside or macrolide phosphotransferasesl @rotein kinases; and the
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adenylyltransferases and family X polymerag@savind & Koonin, 1999 Morar &
Wright, 2010 Walsh & Wencewicz, 2016Nright, 2007.

For many antibiotic resistance mechanisms, there has been a point in their
evolutionary history where they were captured by a MGE and horizontally transferred from
their original hosts. ARGs can be captured as gene cassettes on integrensode a site
specific recombinase and can insert into the chromosome or on extrachromosomal elements
such as plasmidg¢Domingues et al.2012. Integrons can be further mobilized by
association with insertion sequences (IS) that typically encode a transposase and are
flanked by inverted repeats (IRs). When two IS elements flank an integron, this mesul
composite transposon. Transposons enable their transfer as integrative and conjugative
elements (ICEs) or can be embedded in other M@&smingues et al., 20)2 The
horizontal transfer of ARGs is mediated through transformation (ie. the uptake of DNA
from the environment by naturally competent bacteria), conjugation (ie. colgjaehdent
transferof DNA from one bacterium to another), and transduction (ie. bacteriophage
mediated transfer of DNALerminiaux & Cameron, 2019

Subrinhibitory concentrations of antibiotics, activation of tB®S response, and
even antidepressants have been shown to protnetkorizontal gene transfadGT) of
antibiotic resistancéBahl et al., 2004Beaber et al., 200®ing et al., 2022Knapp et al.,

2008. Human antibiotic use, however, is believed to be the greatest selective pressure for
the mobilization of AMR. Studies of plasmids in strain collections from thaptiiotic

era report low to norngvalence of mobilized ARG@atta & Hughes, 1982Hughes &
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Datta, 1983Jones & Stanley, 1992Conversely, studies of ancient permafrostlaunthan
samples have identified potential ARGs on transposons and plasmids, suggesting
mobilization of certain ARGs bmdgRetroteadvake roac c u
2009 2011, Petrova et al., 202AVarinner et al., 2014

Antibiotic-inactivating enzymes generally recognize the antibiotic as a substrate
and result in the cleavage of a bond, thereby inactivating or destroying the chemical
structure and | eadi ng t olactamaseslare one af th@moatd at |
rigorously curated groups of antibiotic inactivators, with more than 50,000 sequences
reported in NCBI(Frohlich et al., 2021l Only a portion of these sequences has been
functionally verified or implicated with clini¢@athogengBerglund et al., 2009In Gram
negati ve blatamases aratypicallylsecretld into the periplasm through an encoded
signal peptide, where they form an intermediate with and hydrolyZe fdetam mg (Walsh
& Wencewicz, 201p b-lactamases are typically classified into four groups based on their
hydrolysis mechanism and structure: classes A, C, and D employ an active site serine, while
class B metallé-lactamases rely on zinc in their active qiBush, 2018 The evolution
of mul tipl e |-lactamasgsdram tieefPBPssaperfamily is & prime example
of convergent evolution explori n-actanmul t i p

inactivation(Frohlich et al., 201).
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Antibiotic modification

Antibiotic inactivation

Target protection

Target modification

ultimately leading to its inactivation or destruction. B)

inactivating enzymes typically result in the clegeaof a chemical bond

Many mechanisms of antibiotic resistance are acquired through horizontal gene transfer.

Figure 2: Acquired mechanisms ofantibiotic resistance
A) Antibiotic

within the antibiotic scaffold

Certain enzymes can modify an antibiotic structure by adding various chemical groups. In
this panel the antibiotic resistance gene is depicteé plasmid. C) Various acquired

antibiotic resistance mechanisms result in the modification of the target. D) Finally, other
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proteins can specifically interact with ar
Figure adapted fror{Guitor & Wright, 2018.

S o mdactamases are specific to one scaffold, while others have broader activity
and are referred to as extendeg e c t-laaiamasds (ESBLSs). Within each molecular
class, there are furtheubgroups and families. Class A enzymes target various antibiotic
substrates and include enzymes from the PC1, TEM, SHV;KTanhd KPC families. The
PC1 penicillinase is encoded yaZ and has disseminated amon&saphylococcsp.

(Bush, 2013 The TEM -lactardaseS tdryet denicillins and cephalospplins
variants with only a few amino acid differences have emerged with ESBL phenotypes.
These families span multiple subgroups and were first identifieddoli(ie. blarem-1) and
Klebsiella pneumoniadie. blasnv.1) (Bush, 2018 Bush & Jacoby, 2010 Another
worrisome clas® -lactamase family is the CTFXI family (eg. blactx-m-15), which is
spread amongst enteric bacteria and confers resistance to ex¢pedadim
cephalosporin@Bush & Jacoby, 20)0Class C enzymes atephalosporinases and include

the AmpC family that is chromosomally encoded in many members of Enterobacteriaceae
as well as the CMY and ACT familigBush & Jacoby, 200)0 AmpC expression is

i nduci bl elactanh expasugeh butbutations have been associated with- de
repression and constitutive resistan@ush, 2018 Class D includes enzymes that
hydrolyze c¢cloxacillin or oxaci |l |-lacamagesd i s
often associated with MDR Enterobacteriaceae sudhcasetobacter baumann(Bush,

2018 Bush & Jacoby, 2000 Mobile forms of the class B metalslactamases (IMP and
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VIM families) with activity against carbapenems were detected in the 1B28&, 2018
More recently, the NDM family was identified Kb pneumonia@nd is perhaps the most
widespread metalld-lactamaséBush, 2018.

Other antibiotieinactivating enzymes target rifamycin, tetreline, streptogramin B,
and fosfomycin antibiotics. Decomposition of rifamycin antibiotics is achieved through
monooxygenation by enzymes of the Rox or Iri family identified predominantly in species of
RhodococcusStreptomycesandNocardia(Andersen et al., 199Hoshino et al., 201 Xoteva
et al., 2018Surette et al., 20310ther mechanisms thmactivate rifamycin by modifying the
antibiotic scaffold include glycosylation (iggt), phosphorylation (ierph), and ADR
ribosylation (ie.arr) (Quan et al., 1997Spanogiannopoulos et al., 20Bpanogiannopoulos
et al.,, 2013 The addition of any of these groups to the structure of rifampin prevents the
interaction with RpoBSpanogiannopoulos et al., 201Zhe Arr family has been detected on
MGEs and has thus spread into Graegative pathogengph genes are widespread amongst
various bacterial classes, including potential pathogens, vgtilgenes are more common in
environmental bacteria as well pagenicNocardia spp.(Spanogiannopoulos et al., 2012
Surette et al., 2021

Regarding tetracycline, the destruction of this aotib via oxygenation encoded by
the tetX gene and related family members is commonly mobilized on transposable elements
within Bacteroidesand other bacterigMoore et al., 2005Yang et al., 2004 Streptogramin B
is destroyed by a-© lyase, the virginiamycin factor B hydrolase (vgb geffgkikhtar et al.,
200)). Finally, epoxide ring opening via glutathieBdransferases (ie. FosA), bacillithist

transferases (ie. FosB), or hydrolyases (ie. FosX) results in the inactivation of fosfomycin
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(Fillgrove et al., 2003Silver, 2017. The FosA family is linked to MGEs and has been
idertified in MDR strains oE. coli, K. pneumoniagandP. aeruginosdSilver, 2017. Finally,
macrolides are hydrolyzed via esterificationlrg enzymegRoberts et al., 1999

While many of the modifications mentioned above destroy the antibiotic scaffold, other
additions impede the interaction with the target while maintairtiegcbre structure of the
antibiotic (Figure 2B). Modifications affect aminoglycosides, chloramphenicol, macrolides,
streptogramins, clindamycin, and rifampicins (as noted above). Perhaps the largest group of
modifying enzymes target aminoglycosides witletg; phosphoryl, adenylate amino, and
hydroxyl group additions possible at many sites on the antil{i¢tause et al., 2006 These
group trasfer reactions result in reduced affinity towards the ribosomal target. These
modifications are encoded by the aminoglycosidé¢acetyltransferases (AACS),
aminoglycoside  O-nucleotidyltransferases (ANTS), and aminoglycosideO-
phosphotransferases (APHs) flies (Krause et al., 2096 Aminoglycoside modifying
enzymes (AMEs) are notorious for their dissemination through MGEs and association with
other resistance elements, particularly in Enterobacteria@ebaumannijandP. aeruginosa
(Krause et al., 2006 One ami nogl ycosi de -lmo)easyelotvedansf er
activity against quinolone antibiotics as w@llooper & Jacoby, 2035

Acetylation, or the addition of an acetyl group, also targets chloramphenicol watthe
gene family and Streptogramin A gt (virginiamycin factor A acetylationjenegRoberts et
al., 1999 Shaw, 198R Adenylation, or the addition of a nucleotidyl group, has been associated

with lincosamides via the lincosamide nucleotidyisferasesIitu genes)(Roberts et al.,
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1999. Finally, macrolides can be modified via phosphorylation through the Mph famay
glycosylation by Mgt enzymg€undliffe, 192; Roberts et al., 1999

Antibiotics interact intimately with their target molecules (ie. DNA, RNA, or proteins).
Similar to tre effect of mutations to rRNA, methylation of 16S or 23S rRNAs can prevent
antibiotics from interacting with the ribosome and preventing translation (Figure 2C).
Methyltransferases confer resistance to aminoglycosidemwviandrmt genes, or MLS
type (macrolides, lincosamides, streptogramin B) antibioticeniagenes(Galimand et
al., 2003 Roberts et al., 1999 These genes are often plastbhmne and have spread
among many Gramegative pathoger{&alimand et al., 20QRobets et al., 1999 More
recently, a 23S rRNA methyltransferasdr) that confers resistance to chloramphenicol
was identified inS. aureusand on plasmidéArias et al., 2008

Rather than direct modification of the target, some proteins bind to the target and
prevent interaction with the antibiotic (Figure 2D). Ribosomal praegbroteins (ex.
tet(O), tet(M)) are homologous to elongation factors and bind to the ribosome to provide
tetracycline resistand€hopra & Roberts, 20Q1Finally, Qnr proteins, commonly found
on plasmids, provide quinolone resistance by interacting with and protecting DNA gyrase
(Hooper & Jacoby, 2035

The final category of proteibased antibiotic resistance includes modifications to the
structure of the cell wall and precursors of peptidoglycan that results in polymydin a
vancomycin resistance, respectively. Like the changes that occur due to mutations in various
regulatory genes, mobilizable colistin resistance gemes) (result in the addition of
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phosphoethanolamin lipid A, leading to a reduction in the negative charge on the cell
membrandLiu et al., 201§. The primary mechanism of vancomycin resistance involes t
replacement of the {alanytD-alanyl target within peptidoglycan with a-@&anytD-
lactate, which reduces the binding affinity of the antibiotic by 1-fo@d (Bugg et al.,
1991). The enzymes involved in this process have been identifidgbth vancomycin
producers and pathogens, including vancomyesistanEnterococcus faeciugvRE). In
VRE, vancomycin resistance has been captured on a transposable element and includes a
regulatory systemv@nR$ that controls the genes involved in thedification: an oxide
reductasevanH), an ATRdependent ligasevénA), and a dipeptidase@dnX (Marshall et
al., 1998. Other operons characterized by the ligases VanB, VanD, and VanM result in the
same DalanytD-lactate modification. Alteratively, a DalanytD-serine terminus is
encoded by ligases VanC, VanE, VanG, VanL, and V@dPdlel & Richter, 2016
Factors influencing the maintenance of antibiotic resistance

Certain genes may have a higher propensity to be captured and mobilized over
otherg(Nielsen et al., 2022NVaglechner & Wright, 2017 Similar to mutations, the success
of dissemination of these genes can be related to the fitness costs incurred in the host, but
also whether the MGE contains the correct machinery for replication and expression, as
well as @mpatibility between the codon usage of the gene and th€Swsk et al., 2007
Fitness costs are often due to the additional energy and resources required to express an
ARG. Without antibiotic pressure, this may reduce the ability to compete with sensitive

bacteria. One could argue that ARGs with a low fitness cost and a broad spectrum of
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activity are more favourable to maintain and more likely to be mobilized then disseminated
in a population.

Regulation can alleviate some amount of fitness cost. CeA&liGs are
constitutively expressed, while others are under strict regulatory control. -Bitaiated
tetracycline resistance due to TetA is activated by release of the repressor TetR upon
binding to the antibiotiGrkovic et al., 200R The twecomponent regulatory system
VanRS senses vancomycin in the environment ahdases the expression of VanHAX
(Walsh & Wencewicz, 2016 Certain, predominantity chr
lactamases (AmpC and blaZ) amécAar e acti vated f ol lFlactamng t he
antibiotics by their corresponding regulatg¥¥alsh & Wencewicz, 20%6Zapun et al.,

2008. Finally, Erm ribosomal methyltransfeess have a unique mechanism of
translational attenuation that is relieved by macrol{gRexberts et al., 1999The evolution
of various pathways to ensure ARGs are only expresséuki presence of an antibiotic
may select for maintenance.

Co-selection of ARGs occurs when genes conferring resistance to different
antibiotics are located within the same genetic material, whether that be within the
chromosome oanMGE. Thus, one ARG selected for given the exposure of an antibiotic
that targets the other AR@ndersson & Hughes, 201.0The capture and maintenance of
multiple ARGs within single MGEs has led to organisms acquiring fdulty and extant

drug resistance (XDR). Many plasmids encode other beneficial genetic information,
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including virulence factors or metal resistance, anmbseyre to selective pressures for these
other markers will help maintain ARGs in the population.

Perhap®ver time without further antibiotic selection, ARGs may be ltstheory, if
an antibiotic resistance gene confers a fitness cost, it would b&d@irfor the bacteria to
lose that gene when antibiotics are removed from their enviror(@edérsson & Hughes,
2010. In reality, resistance reversal is infrequent due to additional features such as
compensatory mutations andselectionHandel et al., 20061t may take months to years
for resistance to be reduced in the community after experiencing a selective pressure
(SPPlund et al., 20055 lund et al., 2008 There are some cases where a resistant mutation
in an essential gene confers a fithess advantage in the absence of antibiotics and thus is
overall beneficia(Andersson & Hughes, 2010uo et al., 2006Wright, 2007. Given our
reliance on antibiotics and the lack of regulation for their use in various countries, it will
be difficult to limit bacterial exposure to antibioti@ed reerse antibiotic resistance
WHY SHOULD WE STUDY THE ANTIBIOTIC RESISTOME?

Given the complexity of the various mechanisms implicated in antibiotic resistance,

the genetic component of this phenomenon has been coined the re¢3tCosta et al.,
2009. The resistome refers to the collection of all genes involved in reducing the
susceptibility of bacteria to antibiotics. This may fe@n a sole bacterium, a population
of strains from the same species, or a more complex metagenome (ie. all genetic material
from an environment or microbiome). A microbiorniseoftendefined as the collection of

microorganismswithin a defined environmermndconsiderghe abiotic factorén addition
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to microbialinteractions within this nich@erg et al., 2020 Themetagenomic fractioaf

the microbiomealescribeshe compendium of all genetic informatifrom bacteria, fungi,
parasites, virusegnd eDNAIn that environmenfAdu-Oppong et al., 203 Turnbaugh et

al., 200j. The resistome encompasses genes from pathogens, commensals, and
environmental bacteria. All borfade antibiotic resistance genes, cryptic genes with low to

no expression or detectable resistance, and genes that may evolve into ARGs, referred to
as protoresistance or precursor genes, encompass the residmeght, 2007%.
Understanding the resistome in any environment may enable the prediction of new and
emerging threats of AMR.

In the last 20 years, the resistome of many environments has been extensively
characterized; from the soil, various human microbiomes, asirand agriculture,
wastewater, pristine or untouched environments, and even historical samples-tieepre
the AnthropocendAllen et al., 2010 Allen et al., 2009 BengtssorPalme et al., 2016
Bhullar et al., 2012D'Costa et al., 20Q7D'Costa et al., 20311Danko et al., 2021
Pawlowski et al., 20L@Riesenfeld et al., 200&ommer et al., 2009A major shift in this
research has been due to the development ofthiglughput methods, including next
generation sequencing. One study of 303 million prokaryotic genes found that, in general,
most genes are unique to a given habitat, but ARGs are athengost likely to span
multiple habitat§Coelho et al., 2022 This speaks to the dissemination of AMR across

various environments and the frequency of ARG capture within MGEs.
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Antibiotic resistance is a One Health problem, meaning it requires an understanding
of AMR in all environments, from the clinic to agriculture and the @iinningham et al.,
2017. The large diversity of environmental resistance has highlighted this important
reservoir of potential sources for clinically associated AREasrsberg et al., 2014
Forsberg et al., 201ZGibson et al., 2035Perry et al., 20L6Surette & Wright, 2017
Waglechner & Wright, 201,ANright, 2019. Anthropogenic human activities, including
mass prophylaxis in farming, animal husbandry andcaljure, have inevitably selected
for AMR maintenance and dissemination in these environmi@riapp et al., 2010
Udikovic-Kolic et al., 2014 Zhu et al., 2018 To prevent a future without antibiotics in
medicine, all levels of govement, academia, industry, health care, and the public must
work together to prioritize understanding antibiotic resistance, practicing antibiotic
stewardship, and improving incentives for antibiotic drug discoyegrez & Villegas,
2015. We must understand which resistance mechanisms exist in bacterial pathogens
circulating in human niches and those that await in the environment for an opportunity to
spill over into humapathogen¢Manaia, 2017Martinez & Baquero, 2004 The following
sections will describe current approaches to studying the resistome in infections and more
complex environments, suéls the gut microbiome.
ANTIBIOTIC RESISTANCE IN THE CLINIC

When a patient presents in the clinic with a serious infection, it can take beyond 24
hours to identify the pathogen and the antibiotics it is susceptib(Bissonnette &

Bergeron201Q Leekha et al., 20)1Before receiving this information, the patient is often
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given broadspectrum antibiotics, which can be unnecessary (ie. if the infecéiosing
agent is nofbacterial), have offarget effects on the natural microbial flora or microbiota,
or can select for resistant spbpulations of bacteria. Rapid and accurate diagnostic tools
and susceptibility tests can ensure nargp&ctrum treatment, which may prevent some of
these consequees.
GENERAL APPROACHES TO DETECTING ANTIBIOTIC RESISTANCE

Antibiotic susceptibility testing (AST) measures the ability of antibiotics to
suppress the growth of an organifimeekha et al., 20)1When an organism can grow in
concentrations of an antibiotic that would typically result in cell death or growth inhibition,
they are considered resistant (Figure 3A). In the clinical microbiology laboratory, AST is
typically performed on pure bacterial cultures using standardized methods (eg. broth
microdilution method) from the Clinical and Laboratory Standards Institute (CLSI) in the
USA or the European Committee on Antimicrobial Susceptibility Testing (EUCAST)
(CLSI, 2018 EUCAST, 2003. These methods determine the minimum inhibitory
concentration (MIC), which is the minimum amount of antibiotic required to inhibit further
growth of that bacteriflLeekha et al., 201;1Wiegand et al., 2008 Automated systems
such as the VITEK 2 from bioMérieux or the Phoenix from BD Diagnostics improve
throughput and efficiency in AlSin large clinical laboratorie¢Didelot et al., 2012
Karlowsky & Richter, 2015 Wiegand et al., 2008 Finally, Matrix-assisted laser

desorption ionization timef-flight (MALDI-TOF) mass spectrometry methods are
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alternative rapid approaches to identifying the pathogen causing infection and certain AMR
mechanismgHrabak et al., 201 Wieser et al., 2012

Ultimately, culturebased methods to test susceptibility rarely detect the mechanism
implicated in the resistance phenotype, but a few exist. Determination of a MIC in the
presence or absence of an inhibitan detect the production &SBLs (CLSI, 2018
Wiegand et al.,, 2008 A d d i -lagtama&sa tests bely on changes in pH or colorimetric
substrates, includg a nitrocefinbased test and the Carba NP t@sscamilla, 1976
Nordmann et al., 201206 Cal | a g h a h Vamdomyain resjstanteQiry eaterococci
due tovanC can be detected using a metayphaD-glucopyranoside (MGP) reagent,
while a latex agglutination test can identifyecAin MRSA (Brown & Walpole, 2001
Ranotar et al., 2000 Finally, some automated AST systems detect several antibiotic
resistance mechanisms, including ESBKarlowsky & Richter, 2015
MOLECULAR METHODS TO DETECT ANTIBIOTIC RESISTANCE

All these aforementioned techniques rely on the phenotypic detection of antibiotic
resistance and typically work best for bacteria that can be cultured under standard
laboratory conditions. Cultufeased methods are less amenable to large epidemiological
studies and surveillance of transmission of AMR. For more complicated environments such
as the soil or human gut, alternate methods are required to profile a broader diversity of
antibiotic resistance. Molecular methods such as the amplification of ARG sed
capture, and nexdeneration sequencing assay the genetic material, either DNA or RNA,

to study the resistome of various environments. This thesis will predominantly focus on
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DNA-based approaches. One major limitation of studying DNA alone iméhdity to
identify if a gene is being expressed and contributing to a resistance phenotype in the host
bacterium or environmental sample. This can only be accomplished with transcriptomics
or RNA sequencing.
PCR and Probebased approaches

Rapid diagnsetic approaches often rely on polymerase chain reaction (PCR) to
exponentially amplify and detect a select few ARGs from a pure bacterial culture or patient
sample (Figure 3B). This method relies on designing primers to amplify the sequence(s) of
interest. Several automated systems can identify a limited set of ARGs and pathogen
markers from a positive culture tube, including the BioFire FilmArray syéBarinson et
al., 2021 Ledeboer & Hodinka, 20)1PCR is coupled with a prodmsed approach in the
GeneXpert MTB/RIF assay to detect rifampicin resistance caused by mutations in
Mycobacterium tuberculosi@@oehme et al., 20)0A challenge with diagnostics, is the
ability to provide poinof-care results and technology that is accessible indoa middle
income settings. Loomediated isothermal amplification (LAMpased tests can be
incorporated onto microfluidic chips, however, as with PCR, these approaches are limited
in the number of ARGs they can target and sensitive to inhiliibbott & Fang, 2015
Bissonnette & Bergeron, 201WHO, 2019.

An alternative approach that allows for a higher number of targets with lower
sensitivity than PCR, is the solid phase microarray. Thesdéfopltes contain

oligonucleotides attached to a slide that are complementary to the targets of interest.
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Through hybridization followed by a secondary detection probe, a signal is emitted
corresponding to the presence of the ta(§ébott & Fang, 2015Bealet al., 2013 Tojo
et al., 2013 The NanospherVerigene platform couples DNA extraction, hybridization to
a microarray, and detection in one system. Various panels aimed at different infections or
sample types target a variety of pathogens and AR€a et al., 201.35amuel et al., 2013
Tojo et al., 2011 Another method, molecular padlock probes, uses biotinylated
oligonucleotides to capture targets of interest, followed by rettinge amplification and
fluorescent labelling of the amplified targ@¥Wezger et al., 2015 In general, PCR,
microarrays, and padlock probes are limited in the number of ARGs they target and often
cannot identify the genetic context. The latter result can inform on the pathogen that hosts
an ARG and is critical when deciding on antibiotic therapy or tracking the spread of AMR
in the environment.
Sequencingbased approaches to characterize the resistome

DNA sequencing technologies can identify all bacteria and genetic factors
associated with dibiotic resistance in any environment imaginable. This revolutionary
method has pushed the boundaries beyond studying only culturable organisms and has
enabled epidemiological studies of AMR worldwid@idelot et al., 2012WHO, 2020.
Whole genome sequencing provides information on the genomic content of cultured
isolates, including their MGEs and ARGBidelot et al.,, 2012Hasman et al., 2014
Joensen et al.,, 20L7For environmentsuch as the soil, direct patient samples, or the

human gut microbiome, metagenomic sequencing provideseholisticview of the total
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DNA from both culturable and unculturable organis@$hough there exist some biases
with this approach{Adu-Oppong et al., 2017.eo et al., 2020Monier et al., 2011
Amplicon-based sequencing of microbiome samples typically relies on amplification and
then sequencing of the hypervariable region of the 16S ribosomal RNA gene that is present
in dl bacteria(Leo et al., 200). TheAmpliSed™ technology by Illumina offers a panel of
primers to amlify over 400 ARGs for subsequent sequendi@gernierCambert et al.,
2021, Urbaniak et al., 2008While these are limited targeted methods, whole metagenomic
shotgun sequencingan theoreically captureinformation from allbacteria and other
organismsn the original sampl&om which DNAcan beextractedLeo et al., 202
Nextgeneration sequencing technology typically refers to Illumina sequencing,
which provides short, 100 to 300 basargbp) in length but highly accurate redBgtersen
et al., 201%. Limitations to shortead data include producing highly fragmented genome
assemblies andifficulties in resolving highly repetitive regior{Baker, 2022 Recently,
long-read sequencing technology (ie. thgeneratiopfrom Oxford Nanopore and PacBio
has opened the potential to achieve reads greater than 10 kilobases (kb) i(Fletegden
et al., 2019 Oxford Nanoporeeqjuencing typically has a higher error rate than Illumina
and PacBio sequencing; however, the portability of the MinlON sequencer and rapid time
to results are attractive features for clinical diagnostic potd@eéersen et al., 201.9This
technology can provide rapid and accurate resistome profiling directly from patient and

environmental samplg8aker, 2022Schmidt et al., 203, #ander Helm et al., 2007
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While sequencindpased approaches can improve the speed of diagnosing both the
pathogen and AMR compared to traditional cukbesed approaches, there are still some
limitations. In many settings, the infrastructure is aailable, the cost is still too high,
and the expertise to run the equipment and then analyze the data remain challenges to
implementing this technologyPapaiakovou et al., 20R2The source of the sample,
whether stool, soil, sputum, or blood, can greatipact the ability to detect a bacterium
of interest and its associated resistance genes due to host DNA and in(liatafen et
al., 2023. To successfully capture the entire resistome of a complex metagenomic sample,
ultra-deep sequencing may be needetich results in excessive costs. One approach to
prevent sequencing ofarget DNA or hosterived DNA is hybridizatiorbased

enrichment before sequencing.
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Figure 3: Methods to detect and characterize antibiotic resistance.
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A) Phenotypic or culturdased methods either on solid media containing an antibiotic to
test for susceptibility or in liquid broth to measure the minimum inhibitory concentration
of an antibiotic. B) DNAbased methods start with the extraction of DNA from a sample
(eg. cultured agganisms, soil, or stool representing the gut microbiota). This DNA likely
contains a variety of ARGs that can be amplified using specific primers through PCR (pink
arrows) and further quantified with a fluorescent dye. Alternatively, the DNA can be
preparé as a sequencing library (green arrow) that can be sequenced directly (orange
arrow) or subject to targeted capture to enrich ARGs before sequencing (blue arrows).

Targeted capturefor sequencing the resistome

In human stool samples, ARGs typically represent <1% of the data retrieved
through metagenomic shotgun sequen¢@gitor et al., 201p A targeted strategy such as
hybridizationbasd sequencing typically results in-target percentages greater than 50%
and over 1,000o0ld enrichment of target genéAllicock et al., 2018 Guitor et al., 201p
This method relies on the design of RIMADNA biotinylated probes complementary to
the target sequencéBlertes et al., 2001 This technology has been employed to enrich
and sequence DNA from ancient samgad capture whole genomes of specific bacteria
from clinical samples, among many other applicati@rswn et al., 2015Enk et al., 2014
Gasc et al.,, 2016Melnikov et al., 2011 The probes are typically designed by the
researcher based on known sequences of interest and then synthesized by a manufacturer
that provides all the necessary reag€BterciaGarcia ¢al., 2016. In other cases, the user
can generate probes from PCR amplicons from their targets of ir{téagsken et al., 2022
Pdalba et al., 2014

Our group and others have harnessed this technology to target over 1000s of ARGs

from various sample typd#allicock et al., 2018 Beaudry, Thomas, et al., 202Herreira
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etal., 2021Guitor et al., 2019 anza et al., 2018oyes et al., 200)7Our targeted capture
approach avoids detecting AMR assoetatvith mutations in the target gen@uitor et

al., 2019. In contrast, others have specifically used enrichment to monitor allelic diversity
and strain diversity, opening the possibility of detecting mutational resisteiageen et

al., 2022. It is also possible to capture larger DNAgn@ents and couple this with long

read sequencing to provide a broader context of the ARG in a metagenomic sample
(Dapprich et al., 20L6Eckert et al., 2016Slizovskiy et al., 2022 The design and
implementation of a targeted capture probeset for lllumina sequencing of AMR is presented
in Chapter 2.

Any sequencdased or hybridizatichased sequencing method cannot predict
completely new resistance mechanisms. To achieve this objective, functional
metagenomics is an approach where DNA from any sample or environment is cloned into
susceptible hosts thare then screened for the acquisition of resistance, and corresponding
genetic determinants are sequend@polchandani et al., 20)9 This method has
successfully identified new ARGs in soil, theman gut microbiome, and beyoallen
et al., 2009Forsberg et al., 2014 orsberg et al., 201&ibson et al., 201,5Moore et al.,

2013 Pehrsson et al., 201Sommer et al., 20Q9Large functional screenboweverare
quite laborious and rglon the compatibility and expression of the captured ARGs within
the heterologous ho@Boolchandani et al., 20)9

Analyzing sequencing data to identify antibiotic resistance
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All the sequencingased methods mentioned above rely on bioinformatic analysis
of large datasets to identify ARGs. The two most common approaches to analyzing
sequence data for AMR are asserAbfsed and realdased methodd@oolchandani et al.,
2019. Assemblybased methods rely on tlde novoreconstruction of larger fragments
(contigs) from the sequencing redg@woolchandani et al., 20)9Various tools have been
developed to predict AMR from assembli@oolchandani et al., 2019The following
approaches are used to identARGs: comparing nucleotide or amino acid similarities
using alignment tools such as BLAST or DIAMOND (eg. the Resistance Gene Idéntifier
RGI and ResFinder), using hidden Markov models (HMMs) (eg. Resfams), or applying
machinelearning (eg. DeepARGJAlcock et al.,, 2022 ArangoArgoty et al., 2018
Bortolaia et al., 2020Gibson et al., 20)5Readbased methods rely on shoetad aligners
to map reads to a reference datali@smIchandani et al., 2019Several tools, including
SRST2, KmerResistance, and ShortBRED, use reads, kmers, and short marker sequences,
respectively,d compare sequence data to a database of AB@gsen et al., 201&ouye
et al., 2014Kaminski et al., 2016 While these methods rely on databases of curated ARGs
and, therefore, can only predict kmo ARGs, fARGene claims to be able to predict
unknown ARGs from metagenomic déBerglund et al., 201p
Databases for antibiotic resistance

Because antibiotic resistance mechanisms are genetically encoded and diverse, it is
imperative to catalogue all the mutations and genes involved for easy and accurate

referencing. There are over a dozen various specialized and general databases for AMR.
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The L a h e y-ladtamases wasfthe first to catalogue these genes and has since been
incorporated into NCBI&s Bacterial Anti mic
which contains over 6,386 ARGs (NCBI BioProject: PRINA313047). Other general ARG
databases include Resfams, ARDB, and ARSNOT (Gibson et al., 20155upta et al.,
2014 Liu & Pop, 2009. These, however, are no longer active or have not been updated in
recent years. Databases that reflect the increasing understahdimiR and are updated
frequently include ResFinder, the NCBI database, and the Comprehensive Antibiotic
Resistance Database (CARDAlcock et al., 2022 Bortolaia et al., 2020 Although
databases such as CARD are highly curated and include only rigorously validated ARGs,
they are selectively enriched for AMR identified in clinical pathogens. There is merit in
including other ARGs that arielentified from environmental sources as well as those
captured through functional metagenomics in databases; this has been attempted through
ResFinderFGDunivin et al., 2019Wallace et al., 201)7 These types of resources may
help identify ARGs with the highest risk of transfer from the environment to the clinic.
ANTIBIOTIC RESISTANCE AND THE GUT MICROBIOME

One important niche where antibiotic resistance has been extensively studied is the
human gt microbiome. Unsurprisingly, given the diversity of bacteria in the gut
microbiome, this environment is also rich in antibiotic resistance potég8taimer et al.,
2009 van Schaik, 2015 One goal of understanding the human gut resistome is to track
how it changes over the course of human life and development and what implications it

may have for human health. From an early age, humans are introduced to the
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microorganisms that will colonize the gut and remain their microbial partners throughout
their lives(Martino et al., 2022 Many factors shape the development of the microbiome
andits associatedesidgome. A better understanding of these factors and how they may
select for the persistence of certain ARGs is important to alleviate the burden of AMR in
the gut microbiome.

Estimates of the number of bacterial cells in the human body range ftéim108*,
with most of these bacteria concentrated in the large intestine or(&ander et al., 2016
Walsh & Wencewicz, 2006 Bacterial cells are as numerous, if not morgtfsan human
cells(Sender et al., 20)6Analysis of over 50,000 gut metagenomes identified over 3,500
potential bacterial species in this niche, while an individual is likely to harbour fewer
species, somewhere in the range of hundfédsiatan et al., 2022 The huma gut
microbiota serves invaluable functions in metabolism, extracting certain nutrients from
otherwise indigestible foods, developing the immune system, and providing protection
from pathogengTurnbaugh et al., 200¥aldes et al., 2008 Differences between healthy
and diseased individuals have implicated a role of the microbiome in diabetes, obesity,
allergies, irritable bowel disease, cardiovascular disease, and neurological dif€inders
et al., 2012Valdes et al., 2018

The gut microbiota is not established prenatally; the first colonization occurs during
birth and soon afterward&ennedy et al., 2031 The first few years of life are crucial in
the gut mico b i o degefopment and colonization. By the third year of life, the diversity

of the microbiota has increased to the point of stabilization and resembles that of an adult
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(Arrieta et al., 2014 Yatsunenko et al., 2012Apart from their genetics, the mode of
delivery, whether via caesarian section or vaginally, is the first major impantonan f ant 6 s
gut microbial community(DominguezBello et al., 201 Gestational age is also an
important factor, as infants born early or preterm have significant differences in their
microbiota comparedtofutt er m i nf ants, and the gutds dev
(Arboleya et al., 2012 Prenatal exposures of the mother, such as antibiotics and diet, also
have an effect, likely through contact from skin and breastfeddimigta et al., 2014
Sonnenburg et al., 201.8-rom birth onwards, how infants are fed (ie. formula vs. breast
milk), their subsequent solid food diets, supplementation with probiotics and prebiotics,
environmental exposures, and of course, antibiotic treatmentdaetlbr into the
microbiom& s d e v gRlird gt ah £2612Sonnenburg et al., 20;18aldes et al., 2018
Antibiotics perturb the gut microbiome and select for resistance

Reports as early as the 1960s describe antibiotic disruption of the diversity of the
human microflora and selection for AMinland, 197%9. Antibiotics deplete sensitive
commensal organisms, alter the function of the gut microbiota, and may allow pathobionts
to thrive (Zimmermann & Curtis, 2019 The time to complete restoration of the gut
microbiota ranges from months to ye@vtacPhersoret al., 2018Zimmermann & Curtis,
2019. Longer durations of treatment or repeated antibiotic exposwaggradicate certain
members of the microbio{@laser, 2018 For children, the effect of antibiotic disruptions
may persist longer, impede the colonization of beneficial commeasalgnrich for AMR

and MDR bacteri#dGasparrini et al., 201&ibson et al., 2018 ebeaux et al., 2032The
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consequences of this on future health are unknhebeaux et al., 2022.eo et al., 2022
McDonnell et al., 20211 Preterm infants, compared to infants born full term, tylyica
receive more antibiotics to prevent infections due to their immatifityeta et al., 2014
Gaspatrrini et al., 20165ibson et al., 2016 Similar to adults, recovery of the microbiota
and depletion of AMR after disruption by antibiotics can take months to several years,
although depending on the duration of exposure, the microbial community may be
permanently altere(Arrieta et al., 2014Fouhy et al., 2012

Given that antibiotics have striking effects on the bacterial diversity and resistome
of the gut, excessive treatment may have other negative consequences niiceotpidme
is a prime location for HGT of many gditsfunctions, including antibiotic resistan@éent
et al., 2020Smillie et al., 201} This environment is also a reservoir of potential pathogens
that, if given the appropriate conditions, can cause infec{dasskey, 2004 Therefore,
antibiotics may select for the transfer of ARGs between commensal and pathogenic
organisms in the gut microbiome. The latter would then havedteatial to cause difficult
to-treat infections.
Probiotics to prevent persistence of multidrug resistant organisms

Interventions to promote the development of the gut microgioeduce rates of
AMR, and prevent colonization by MDR bacteria have beeaposed, including
supplementation with probiotics. Probiotics are formulations of live microorganisms, or
microbialderived products, associated with benefits for the gut microb{tdfoEarland,

2009. They are often indicated for recovery from oral antibiotic treatment that can impact
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the gut microbiota and generahliave positive outcomdMcFadand, 2009. The evidence
supporting the impact of restoring the gut microbiome jpreventing antibiotic resistance

in adults and children is conflicting, and there are still many unkn¢Mioatassier et al.,
2021, Su et al., 2020Suez et al., 20)9For preterm infants, probiotics have been shown
to reduce rates of necrotizingterocolitis and promote the development of the microbiome
(Samara et al., 2022Few studies assess the possibility of reducing AMR in the gut
microbiomeof preterm infants through probiotic supplementation. Our study on this effect
and those of others adéscussed in Chapter 3.

Does mass drug administration do more harm than good?

Antimicrobial resistance is a global One Health issue; however, certain countries
are disproportionally affected. St8aharan Africa has the highest rates of deaths
attributabk to AMR (Murray et al., 2022 Many systemic issues have led to this, including
unregulated access to antibiotics, antibiotics of reduced quality, poor sanitation practices,
and lack of clean drinking water. Unfortunately, this region and other do middle
income countrie4LMICs) have some of the highest childhood mortality rgt&NICEF,

20217). Antibiotics, however, are still lifsaving medicines, and their potential for mass
drug administration or prophylaxis inhi@ren in developing countries is currently
recommended to control certain infectious dised§&Brien et al., 2010 To reduce
mortality in children under five in regions with high death rates, the WHO has
recommended mass administrati@f the macrolide antibiotic azithromyciGVHO,

2020H. A major concern with this recommendation is the impact this prophylactic
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exposure to an antibiotic will have ealecting for AMR in these children. Studies looking
at the effect of azithromycin exposure on the gut resistome, including our study of children
in Botswana, are discussed in Chapter 4.
PURPOSE AND GOALS OF THIS THESIS

Antimicrobial resistance is a complicated phenomenon that requires improved
methods to comprehensively detect and understand its various intricacies. Furthermore,
many factors impact the development of the gut microbiome and corresponding resistome,
including antibiotics and probiotics. The extent of the effect of these exposures in early life
in certain populations and geographic regions is underexplored. In Chapter 2, | assess a
novel set of probes designed to capture antimicrobial resistance genesdtagemomic
samples. Using hybridization capture and rgetheration sequencing, | show how this
probeset can selectively enrich ARGs from mock metagenomic samples of MDR clinical
strains of bacteria and a human stool sample. In Chapter 3, | interrogateaptct of
probiotic supplementation on the gut resistomepodterm infants. In this study, |
demonstrated that early life exposure to probiotics reduced the diversity of AMR in this
vulnerable population at 5 months of age. In Chapter 4, | examinecftbet of
azithromycin exposure on the gut resistome of children treated for diarrhea in Botswana,
Africa. Comparisons of the differences in prevalence and abundance of ARGs to children
that received the standard of care revealed slight variations inaitr®lide resistome, but
no major selections for AMR. The commonality amongst these chapters is the probeset

designed to target AMR and its utility in enriching the rare components of the resistome in
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the gut microbiome. Chapters 3 and 4 rely on havinglad this approach in Chapter 2.
In the concluding chapter, | discuss future applications for this targeted capture technology,
its potential role in reducing the burden of AMR, and other strategies to prevent

unnecessary antibiotic use and its associevedequences.
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CHAPTER TWO: Capturing the Resistome: a Targeted Capture Method To Reveal

Antibiotic Resistance Determinants in Metagenomes
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ABSTRACT

Identification of the nucleotide sequences encoding antibiotic resistance elements
and determination of their association with antibiotic resistance are critical to improve
surveillance and monitor trends in antibiotic resisearCurrent methods to study antibiotic
resistance in various environments rely on extensive deep sequencing or laborious culturing
of fastidious organisms, both of which are heavily ttoasuming operations. An accurate
and sensitive method to identifypth rare and common resistance elements in complex
metagenomic samples is needed. Referencing the sequences in the Comprehensive
Antibiotic Resistance Database, we designed a set of 37,826 probes to specifically target
over 2,000 nucleotide sequences asded with antibiotic resistance in clinically relevant
bacteria. Testing of this probe set on DNA libraries generated from mukidsigfant
bacteria to selectively capture resistance genes reproducibly produced higher numbers of
reads on target at agater length of coverage than shotgun sequencing. We also identified
additional resistance gene sequences from human gut microbiome samples that sequencing
alone was not able to detect. Our method to capture the resistome enables a sensitive means
of genedetection in diverse environments where genes encoding antibiotic resistance
represent less than 0.1% of the metagenome.
INTRODUCTION

Antimicrobial resistance (AMR) is one of the most pressing challenges of the 21st
century that poses a threat to moderedinine and food security (1). The challenge of

AMR is amplified by the movement of genes between bacteria, coupled with the movement
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of people and goods across the planéetJ20ne of the gaps in addressing the antibiotic
resistance crisis is a lack afigble tools to catalog the complete resistome (the entire AMR
gene contingent) in various environments and associated microbiomes. Detecting the
resistome of an individual bacterium, a microbiome, and other environmental settings
(sediment, hospitals, @} will aid in tracking the spread of resistance and monitoring the
emergence of new resistance alleles associated with the use of antibiotics or other bioactive
compounds (610). This information can guide antibiotic use, in addition to informing
stewarghip programs and public health decisions.

Profiling the resistomes of bacteria that are culturesleasonably straightforward
using wholegenome sequencing followed by analysis using algorithms, such as the
Resistance Gene ldentifier (RGI) in the Comprehensive Antibiotic Resistance Database
(CARD) (11). In metagenomes, where resistance determiaaatselatively rare, deep
sequencing, requiring millions of sequencing reads, followed by careful filtering is needed.
This resourcentensive strategy can be alleviated by the targeted detection of selected
genes, e.g., via PCR, microarrays, or CRISPRI®ased methods (126). However,
such highly targeted approaches suffer from the fact that they are rarely comprehensive and
generally cannot account for the continual emergence of gene variants and/or completely
novel mechanisms of resistancei(19).

A more appropriate approach for the identification of resistomes in metagenomes
is the use of a prob&endcapture strategy (20). Using this strategy, we and others have

captured, sequenced, and reconstructed human mitochondrial sequences as well as the
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genones of infectious agents and extinct species from various environments, including
highly degraded archeological and historical sample$ 2@ In a probeandcapture
experiment, target RNA baits are designed to be complementary to the target DNA
sequences®f interest. Synthesized probes are biotin labeled and are incubated with the
DNA from metagenomic or genomic libraries, where they hybridize to related sequences
(Fig. 1a and b). Targets are captured using streptag@ited magnetic bead separation,
andthen the reaction mixtures are pooled and the sequences are determined en a next
generation sequencing (NGS) platform (Fig. 1c to e). This strategy offers significant
advantages for the sampling of resistomes in a variety of environments where resistance
genes are generally rare and genetically diverse. Indeed, recently, the use of this approach
for resistance gene capture has been explored by other grouR®)2mMowever, these
accounts target many other genes that are not rigorously associated vdatAnoesi
increasing the sequencing cost and the opportunity forpalsiéive gene identification.

Here, we chronicle our targeted method for the analysis of antibiotic resistomes.
We based our probe set design on stringently curated AMR gene (ARG) s=xjrenc
CARD (v1.0.1, 2015), tiled across ARG sequences, combined with rigorous analysis to
suppress oftarget hybridization. This design enables a more-effsttive and sensitive
method to sample the known resistance gene landscape (11). We tesféidabg of this
probe set and our strategy using both a panel of pathogenic bacteria with known resistance

genotypes and uncharacterized human metagenomic stool samples. Our method
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demonstrates the superior design and methodology of the approach, whezdily

applicable to both clinical and nonclinical settings.
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Figure 1. Platform for capture and identification of diverse antibiotic resistance
genes.

The targeted capture sequencing work flow begins with DNA isolation from a sample of
interest (stool from a healthy donor, in this example). (a) DNA is fragmented through
sonication and prepared as a sequencing library. (b, ¢) Target sequences repiessnting
than 1% of the total DNA are captured through hybridization with biotinylated probes and
streptavidincoated magnetic beads. (d, e) The captured and amplified library fragments are
sequenced, and reads are analyzed for AMR gene sequence contergploygma the
sequences in CARD.

RESULTS
Design and characterization of resistance gene probes

A set of 80mer nucleotide probes was custom designed and synthesized through
the use of the myBaits platform (Arbor Biosciences, Ann Arbor, Ml). The probes (n =
37,826) span the protein homolog model of curated ARGs from CARD and represent
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nucleotide sequences (n = 2,021) that are well characterized in the literature. Probes
targeting genes for resistance conferred through single point mutations (single necleotid
polymorphisms [SNPs], e.g., sequences contained in the protein variant model in CARD)
in chromosomal metabolic genes (including DNA gyrageA mutations associated with
fluoroquinolone resistance and RNA polymerase subrpo] mutations associatesith

rifampin resistance) were purposefully not included in our design. Of the genes targeted by
our probes, 78.03% mirrored the breakdown in CARD, dominated by genes encoding
antibiotic inactivation mechanisms and by genes encoding thédotaaases (Bi 2). The
majority of the probes (n = 24,767) target a single gene, and the remainder target multiple
genes ranging up to a maximum of 211 genes (average, 5.96 genes) due to sequence
conservation within gene families (see Fig. S1A in the supplementafiatatéor
example, a single probe initially designed to target 80 nucleotides of théabitmase
geneblashv.s2also targets an additional 208 genes, including other members of the SHV,
LEN, and OKPRA/-B betalactamases, due to homology between theselentide
sequences within AMR gene families. The combination of overlap in the utility of some
80-mer probes and partial hybridization can allow probes to target sequences that are
divergent from their reference sequences and thus identify new alléhesSNP level up

to 15% divergence.
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Class A beta-lactamase (660) mm gnr(95)

Class D beta-lactamase (294) Glycopeptide resistance (67)
Class C beta-lactamase (246) mmm 23S rBNA methyltransferase (37)
Class B beta-lactamase (158) Trimethoprim resistance (29)
Efflux systems (179) Other (122)

AMEs (134)

\

ignni

Total = 2021

Figure 2: Design of a probe set to target over 2,000 antibiotic resistance genes.
Breakdown of resistance gene classes from CARD that are targeted by probes. A legend
for the top 10 classes is shown. AME, aminoglydesnodifying enzymesgnr, quinolone
resistance genes. The remaining 122 genes belong to various classes. -Tohadmtse

genes make up the majority of genes targeted by probes and are highlighted with a black
border.

At the individual determinant levelhe number of probes per gene (average, 105
probes per gene; range, 1 to 309 probes per gene) and the length coverage of a gene
(average, 96.20%; range, 3.17% to 100%) vary (Fig. S1B and C). The majority of the
targeted genes (2,004/2,021; 99.16%) axeczd by at least 10 or more probes (Fig. S1B).
Members of the betlactamase familiesb(actx-m, blarem, blaoxa, blacges blasky) are
among the genes with the highest probe coverage. The majority of genes (1,970/2,021)
have greater than 80% lengtbverage by probes, 26 genes have less than 50% length
coverage by probes, and only thgxW Antibiotic Resistance Ontology [ARO] ID:
30003031) has less than 5% length coverage by probes (Fig. S1C). Only 28 sequences from
CARD have no probe coverage, dwefiltering of candidate probes during the design.
Overall, this probe set targefd1l.77 megabases of antibiotic resistanssociated

nucleotide sequences and greater than 83% of the nucleotide sequences curated in CARD.

Additional metrics of the probe tsare given in Fig. S1D to H.
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ARG enrichment from bacterial genomes with a range of antibiotic resistance
determinants

To characterize the sensitivity and the selectivity of this probe set, we conducted a
series of control experiments using a panel of eeged multidrugesistant Grarpositive
and Gramnegative bacteria. The proportion of the genomes targeted by our probe set
ranged from 0.21 to 0.97%, consisting of 13 to 65 ARGs representing 102 unique genes
among the isolates tested (Table S1). Genorié from four different species was tested
individually via enrichment on two different library preparations (the NEBNext Ultra I
library preparation versus the modified Meyer and Kircher library preparation) of various
insert sizes (average library fragmesize range, 396 to 1,257), referred to here as trial 1
and trial 2 (Table S2). Our enrichment approach is insensitive and tractable to different
insert sizes, as there was a strong correlation between the read count on targeted regions
for bacterial geames enriched individually between the two trials (Pearson correlation,
0.811 to 0.975) (Table S3; Fig. S2).

This probe set is selective for regions associated with antibiotic resistance in these
isolates, given that over 90% of the reads mapped to theatase draft bacterial genomes
and the majority (greater than 85% in all cases) of the reads mapped to the small proportion
(<1%) of the genome associated with resistance (Fig. 3A; Table S3). We successfully
captured 100% of the targeted genes in botafbpreparation methods with at least 10
reads and with 100% length coverage for the four species of bacteria tested (Table S3). This

represents a sensitivity ranging from 0.21% to 0.97% of the total DNA in these samples,
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Figure 3: Comparison of enriched and shotgun sequencing results for etarget
mapping, recovery, and length coverage.
Each point on the graph represents the results of a replicate experiment for either a

genome that wasnriched individually or a genome pooled with other genomes across
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both trials. The horizontal line for each isolate represents the mean. (A) Percentage of
reads on target for each bacterium tested in various sample types for both enriched and
shotgun samips. (B) Percent recovery of regions predicted to be targeted by probes for
each bacterial genome tested in both enriched and shotgun samples (1 versus 10 versus
100 reads per prokargeted region). (C) Average percent length of coverage of probe
targetedegions with reads from isolates tested individually and in pools in both enriched
and shotgun samples (1 versus 10 versus 100 reads). If samples did not have any probe
targeted regions with a given read coverage, the results were excluded from pdnel C. T

represents eight samples in the panel | abe
data [strain C0002, n = 1, strain C0050, n = 2; strain CO060, n = 3; strain C0006, n = 1,
strain C0292, n = 1]), all samples for the shotgun data in the paned ldbeli At | eas't

reads, 0 and five samples for the enriched

Successful enrichment of ARGs in mock metagenomes

Genomic DNA from multiple bacteria was pooled at various ratios of 4 or 8 isolates,
with the sequeces of some bacteria representing less than 10% of the total mock
metagenome (Table S4). In 28/32 enrichments, 80% or more of the sequencing reads
mapped to prob&argeted regions within the individual bacterial genome regardless of the
pooling ratios (3. 3A; Table S5). The one exception was trial 1, pool 2 (enriched), where
ornrtarget mapping was not as effectii®/0%); nevertheless, even the results of this trial
remained over 5@old better than those of the trial with the shotg@guenced samples
(shotgun samples) (Table S5). In all shotgun samples, the percentage of reads on target
never exceeded 5%, and in 31/32 cases, it was less than 2% of the total sequencing data
(Fig. 3A; Table S5).

At the isolate level, the percentage of the mock metagenoahevas represented
by probetargeted regions in an individual isolate ranged from 0.0015 to 0.63% of the total

DNA (Table S4; Fig. S3). In 21/32 enriched cases, over 90% of the-taeted regions
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were captured by 10 reads or more (Fig. 3B; Table I8&ontrast, none of the shotgun
sequenced samples recovered more than 80% of the-fargleeed regions with at least 10
reads. The cases in which enrichment underperformed were associated with two species in
particular: K. pneumoniaeand P. aeruginosa(Fig. 3B; Table S5). We defined the
sensitivity of detection of AMR for a given isolate to be the percentage of total DNA
represented by prokargeted regions of a given genome at which greater than 90% of the
probetargeted regions were recovered withesst 10 reads. These values ranged from
0.033% forS. aureusC0018 to 0.11% foP. aeruginosaC0060 (Fig. S3). With these
bacterial species tested, our probe set could successfully capture the resistome of these
isolates, which represents less than 0.1% of the total DNA and even less at the individual
gene level.
Target gene recovery from mock meigenomes by enrichment exceeds that by
shotgun sequencing

We recovered significantly more targeted genes with at least 1, 10, or 100 reads
mapping (mapping quality O 41 MAPQ, |l ength
sequencing (Fig. 3B; Table S5). thermore, the average percent coverage of the probe
targeted regions with at least 1, 10, or 100 reads in all isolates enriched individually or in
pools was always higher than that for the shotgun samples and ranged from beitg 1.05
18.3fold higher (Fg. 3C; Table S5). For all genomes in all pooled libraries across both
trials, the average normalized read count and the depth of the reads etapgebed ARGs

from enriched libraries were over 50 times (57.09 to 25,683.42) higher than those from the
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shdgun sequencing control (Table S5). In 31/32 cases, the fold increase in read counts
exceeded 2 orders of magnitude and was over 4 orders of magnitude for some probe
targeted regions (Table S5). The one case that did not conform (from trial 1, pool 2; see
above) reflects a minor and nonreproducible variability in the quality of the capture for
unknown reasons. Nonetheless, there was a clear distinction between the shotgun and
enriched samples, with the enriched data showing a more consistent agreemesn betwe
normalized read counts per prefaegeted region than the shotgun data (Fig. 4). A similar

trend was observed when the raw read counts for each sample were used (Fig. S4).
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Figure 4: Enrichment results in higher read counts for antibiotic resistance gees than
shotgun sequencing.
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Normalized read counts at each praémeted region within thEscherichia coliC0002
genome (A) andtaphylococcus aure @018 genome (B) in enriched and shotgun
samples, including individual and mock metagenomes of melisplates, are shown.
Among the enriched and shotgun pairs, reads were subsampled to equal depths and
mapped to the individual i sol ateds genome.
of reads mapping per target length (in total number of reads pbeak# per million
[RPKM]). The predicted number of probes for each region along the genome is shown at
the bottom of each panel. The y axes are in the logarithmic scale.
ARG analysis of a human gut metagenome
In order to test the efficacy and the repradility of our enrichment in more
complex samples, we performed enrichments on replicates from metagenomic libraries
with DNA isolated from a healthy individua
the experiments with those of traditional shotguqueaicing, whereby selected libraries
were sequenced to a depth of over 3.5 million paired reads (Table S2). We included a series
of positivecontrol enrichments with genomic DNA frofa. coli C0002, which was
previously used for enrichment with the mock agenomes. In all cases, we identified the
same genes, with a consistent number of reads mapping among these replicate enrichments
(when subsampled to equal depths among sets), proving reproducibility regardless of the
probe and library ratio (Table S6; Fi®§5). Within each set, we found an excellent
correlation with the previous results seen Vitlcoli CO002 (Pearson correlations, >0.923
for all pairs in set 1, >0.924 for all pairs in set 2, and >0.901 for all pairs in set 3) (Fig. S5).
Across the enriokd gut microbiome samples with the full number of reads and no

filters, on average, 50.69% of reads mapped to sequences from CARD and 68 genes with

at least 10 reads were identified, whereas 0.03% of reads mapped, on average, and 32 genes
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with at least 10eads were identified in the shotgun libraries (Fig. S6A and B; Table S7).
We found significantly more genes with at least 1, 10, and 100 reads from each enriched
sample than from the shotgun samples, and the average percent coverage of a gene by the
numbe of reads in the enriched samples wasfl& higher (Fig. S6B and C). When
subsampled to the same depth as their enriched pairs (between 22,324 and 149,320 reads),
we identified, on average, 1 (range, 0 to 2) antibiotic resistance determinant waktat le
10 reads after filtering in the shotgun samples, making comparisons at this level unrealistic
(Table S8). Conversely, when subsampled to the depth of the sample with the lowest
enriched read coverage (22,324 reads), we identified, on average, 28 AR@sleast 10
reads in the enriched libraries postfiltering (Table S8).
High fold enrichment of ARGs from human stool

We combined the read counts for genes with at least 10 reads that passed the chosen
filters within each set to compare the probe andtipratios in subsampled and fodad
samples through both enrichment and shotgun sequencing. With the full number of reads,
24/ 70 (34.28%) of genes detected overl appe
we identified 16 genes of a total 3D(B0%) that overlapped across all the shotgun libraries
(n = 6) (Tables S7 and S9). When subsampl ec
reads), there were no genes that overlapped across all 6 shotgun libraries, while 13/47
(27.66%) of the genesverlapped across all 27 enriched libraries (Table S10). Comparing
the subsampled enriched libraries (22,324 reads), the majority (31/34) of the genes missing

in at least one sample were those with, on average, less than 20 reads across the 27 libraries
62



Ph.D. Thesi$ A. K. Guitor; McMaster University Biochemistry and Biomedical Sciences

(Table S10; Fig. S7). The order of genes with higher read counts (i.e., a higher abundance
and a higher gene copy number) was consistent among the enriched and shotgun samples,
and there was a more significant discrepancy between the two sets of sampdesidor r
associated with loweabundance genes (Fig. S7 and S8). Thus, enrichment, in the same
way as shotgun sequencing, does not in some way bias the prevalence of the rank order of
AMR genes in these samples. Finally, both methods resulted in an exceltetaton

among technical replicates individually (Pearson correlations, 0.871 for shotgun samples
and 0.972 for enriched samples; Fig. S7 and S8).

We found that the performance of enrichment exceeded that of shotgun sequencing
by identifying more uniquantibiotic resistance genes at much lower sequencing depths.
The enriched samples provided a more diverse representation of ARGs at less than 100,000
paired reads, compared to over 5 million reads in the shotgun samples (Fig. S8 and S9).
With the full numter of reads in both methods (between &6d 389fold more in the
shotgun samples than in the enriched samples), the average fold enrichment wiagd>600
and there were still 18 to 50 fewer genes in the shotgun samples than in the enriched
samples (Fig5A; Table 1). In most cases, there were only a few genes found via shotgun
sequencing that were missing in the paired enriched sample (between 9 and 15; 22 unique
genes). Only between 1 and 5 of these genes (7 total unique genes) in each sample were
predided to be targeted by probes (Table 1). Of these, onlynmvéy was missing from
all enriched samples but was present in all shotgun samples with >10 reads, a mapping

quality of 011, and percent | engthtmaadBover ag
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vanRG vanSG smekE cfxAg cepA were found in only a few shotgun samples with less

than 30 reads and less than 20% read length coverage, on average (Table 1; Table S13).

When the two sample types were combined for hierarchical clustering analysis, the

eniched libraries clustered separately from the shotgun libraries with a stronger correlation

(0.9957 compared to 0.8712 for the shotgun libraries; Fig. S8).
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Figure 5: Comparison of resistance elements between enriched and shotgun libraries.
For the enriched and shotgun samples, the full number of reads for each sample was mapped
to the sequences in CARD using tige bwt tool, and the results were filtered for genes

mapping with

reads
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length coverage of a gene by reads greater than or equal to 10%. (A) (i) Read counts were

normalized per kilobase of reference gene per million reads sequenced (RPKM) and log
transformed to produce the heatmap. The rows are grouped based on cesistan

mechanisms, as annotated in CARD (not all mechanisms and classes are labeled). ABC,

ATP-binding cassette antibiotic efflux pump; MFS, major facilitator superfamily antibiotic
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efflux pump; RND, resistanesodulationcell division antibiotic efflux pumpMLS,
macrolides, lincosamides, and streptogramins. (ii) The number of reads used for mapping
in each sample. (B) (Left) Overlap of genes found with at least 10 reads, a percent coverage
greater than or equal to 10%, and an average mapping quality ofreatls than or equal

to 11 in the 27 enriched and 6 shotgun samples. Between all samples, enriched or shotgun
sequenced, there were 89 genes with reads passing these filters; 13 overlapped, 57 were
unique to the enriched samples, and 19 were unique shtitgun samples. (Right) Of the

19 genes identified only through shotgun sequencing, only 4 of these genes are predicted
to be targeted by probes.

Table 1: Comparing genes with reads for shotgun and enriched stool library paifs

Amt (ng) No. of genes:
Fold With
. . Fold
difference in - Found  Found probes anrichmen
set Probes Library of reads in in Overlapping ™SSING (minimuni
obes ary  (enriched vs shotgun enriched erapping maximum)
shotgun)  samples samples enrichec
samples
1 200 100 389.70 18 49 9 1 1,054.92
O
10,905.8)
100 200 82.24 20 25 7 5 1,171.32
(Oi 6,459.8)
2 400 200 154.93 27 55 12 4 879.87 (0
9,612.1)
100 100 80.73 23 61 11 1 868.16 (0
8,193.3)
3 100 100 66.67 19 57 9 2 732.16 (0
6,962.7)
25 50 88.26 22 58 9 2 690.19 (0
7,319.6)

AWVe mapped the full number of reads from shotgun and enriched pairs to the sequences in
CARD using the rgi bwtool. The results for the samples were filtered for genes with at

least 10 reads, those to which probes mapped (only for the enriched samples), an average
read mapping quality of O11, and an averag:
and their mrmalized read counts (RPKM) from each enriched sample/shotgun sample pair

were combined to compare and determine the fold enrichment.
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We then compared the overlap between all 27 enriched samples and the 6-shotgun
sequenced samples and included genesdfdbrough shotgun sequencing without any
probes mapping. We found a total of 89 genes with at least 10 reads between all libraries,
of which 13 overlapped between methods, 57 were unique to the enriched libraries, and 19
were unique to the shotgun libragi@Fig. 5B; Table S13). Of the 19 genes not found in any
enriched library, only 4 were predicted to be targeted by probes, while the remaining were
not in CARD when the probes were initially designed (n = 8 gene sequences) or had probes
that were removeduiling design and filtering (n = 7 gene sequences). Of the four genes
with predicted probes;fxA6was present in all enriched samples but was filtered out by
mapping qualityyanSGwas present in only 2/6 shotgun samples at less than 20% gene
length coverge by reads, antepAwas found in enriched samples but at less than 10 reads;
finally, we identifiednovAin all shotgun samples but in only a few enriched samples at
less than 10 reads and less than 10% read length coverage. Despite the few (n = 4) genes
that were missing from the enriched samples, even dd@2@@reater sequencing depth of
our shotgun libraries could not provide results that match those shown by our enrichment
data (Fig. S9).

Negative-control results

To track and measure the contamination in the laboratory environment at McMaster
University within the Michael G. DeGroote Institute for Infectious Disease Research,
commercial kits, environment, and reagents, we included negative controls consisting of a

blank DNA extraction and negative reagent controls in enrichments that we processed in a
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manner identical to that used for our samples in phases 1 and 2. For phase 1 in both trial 1
and trial 2, we found a negligible amount of library DNA in the blank afteichment, and
very few of the sequenced reads were associated with the indexes used for the blank library
(between 2.46% and 8.96% of sequenced reads; Tables S2 and S11). Only the blank
samples from phase 1, trial 1, and phase 2, set 2, resultedes \géh at least 10 reads
mapping (10 and 19, respectively; Table S12).
DISCUSSION

Increased interest in targeted capture approaches has resulted in the design of probe
sets for the detection of viruses, bacteria, and, more recently, antibiotic reseétaments
(261 29). Although our study is not the first to employ targeted capture for antibiotic
resistance genes, we have focused on a rigorous probe design that includes choosing an
appropriate reference database, robust probe set validation, and erpdrime
considerations for enrichment, including reduced input library and probe concentrations
(25, 30 33). Our probe design and the application esafution targeted capture ultimately
result in a coseffective alternative to shotgun sequencing for idgng antibiotic
resistance genes in complex environmental and clinical metagenomes.
Reference database for probe design and analysis

CARD was chosen as the reference database for our probe design (v1.0.1) and
analysis (v3.0.0) due to its rigorous curatiof antibiotic resistance determinants. We
excluded some genes (eayrA EFRTu genes, etc.) that are likely to be found as homologs

across many families of bacteria and that would likely have overwhelmed the probe set and
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sequencing effort with abundamonmutant antibiotisusceptible alleles. Instead, we
chose CARDOGs protein homolog model (vl. 0.1
genes that are likely to be acquired (i.e., genes associated with mobile genetic elements)
and those that are upie to individual families of bacteria. Therefore, although we were
unable to detect resistance conferred by SNPs in chromosomal metabolic genes, our probe
set was capable of capturing the vast majority of resistance elements and those that were at

a highe risk of being mobile. In future probe designs, the protein variant model of CARD
(vli. 0. 1, n = 77 genes,; v3. 0.0, n = 141 gen
regions of a gene associated with a given set of SNPs, but they will need tefodyca

tested in silico to ensure that they do not enrich unintended targets. Given that in certain
populations (e.g., metagenomes) these variant sequences may be less abundant than their
susceptible counterparts, careful and rigorous analysis will reedé@ implemented to

identify the relevant variants (i.e., RGI developments).

To address our probe setds compatibilit
chose a more recent version of CARD (v3.0.
with our bat set designed in 2015. Since the design of our probes against v1.0.1 of CARD,
the database has been updated and includes 264 additional genes. Despite these changes,
our probe set targeted the majority (2,021/2,238) of known antibiotic resistance gene
seqiences from CARD (v3.0.0). In reality, the probes should target sequences with up to
15% nucleotide sequence divergence from a reference sequence, suggesting a wider

applicability and target capacity toward newly characterized members of AMR gene
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families, which often differ from other members by only a few nucleotides. Of the 264
genes added to CARD (v3.0.0), our existing probes capture 75 of these genes that are
sufficiently similar to other targeted members of the same AMR gene family (e.g., genes
for aminoglycoside acetyltransferases, chloramphenicol acetyltransferases, and beta
lactamases blaact, blacars, blacmy, blacen, blanom, blaoxa, blappc blashy, blarewm,
blaveg]). Of the remaining genes, the sequences of 60 have been newly identified since
2015, and the other genes, although mentioned in the literature prior to 2015, were added
due to increased efforts of curation of CARD.

Other approaches targeting ARGs have included probes for species identifiers,
plasmid markers, and biocide or metal stice (2729). These probe sets range in target
capacity from 5,557 genes (3.34 Mb) (28)
comprise up to 4 million probes (29). Other strategies involve designing one probe per
gene, tiling probes across a gene withoverlap (1% coverage), or interprobe distances of
up to 121 nucleotides (28, 29). Our approac
for 2,021 genes), but the dense tiling allows for more probes per gene (99.16% of genes
had greater than 10 gres) and an increased depth of probe coverage (average, 9.47 times).
We believe that the design approach increases the specificity, sensitivity, and likelihood of
capturing rare DNA molecules common in complex metagenomes (34). We also performed
extensivefiltering of candidate probes against the human genome and other eukaryote,
archaeal, and weakly matching bacterial sequences to provide a probe set that is bacterial

ARG specific and avoids ethrget hybridization. Focusing on one highly curated database
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of antibiotic resistance determinants (CARD) increases the likelihood of capturing bona
fide sequences that are associated with known resistance and reduces the overall cost of the
probe set and sequencing effort. When updates to CARD are releaseddditicnal
markers are of interest, probes can easily be designed and added to the existing probe set.
Experimental considerations in targeted capture methods

For our trials, we tested amounts of in
thantheamoun r ecommended by the manufacturer (u
samples), setting our method apart from other methods for the targeted capture of AMR
genes (27, 28). Others have looked at reducing the amount of input DNA from the
manufacturendsed r 2@ mo mmt of 3,000 ng to 500
differences in results (35). Despite afl®@ | d r educti on in the DNA
versus the recommended 2,000 ng), we Ssaw r
captured in the stool sgle, and the normalized read counts were comparable among the
different library and probe amounts, suggesting that our approach is robust to tremendous
fluctuations yet still identifies all antibiotic resistance genes in samples with a low DNA
yield (e.g, clinical and environmental samples). Furthermore, a lower input concentration
of probes also reduces the cost per reaction.
Reproducibility, sensitivity, and performance with clinical isolates

The sensitivity of our probe set was tested using individaaterial genomes and
mock metagenomes, wherein the percentage of total DNA represented bygugated

antibiotic resistance genes ranged from 0.0015% to 0.97%. A successful enrichment in our
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trials was considered when greater than or equal to 90% i tibetargeted regions with

10 or more reads were captured. When tested individually, enrichment was able to
successfully capture all proltaergeted ARGs (100% with more than 10 reads) in the four
bacterial species tested, with >85% of sequenced reaggimgato the targeted regions

(<1%) of the genome. With the mock metagenomes, the fiangeted regions of each

isolate represented a smaller proportion, and there were 11 cases in which enrichment was
not successful under the abedescribed criterion.nl 7 instances, the given isolate
represented less than 10% of the total pool, and many of the-targie¢ed regions that
were missing were short (<200 bp), and | es
(see Table S4 in the supplemental mater@he particular predicted resistance gene that

was not captured in 2 caséssA2(AR0O:3002804) irK. pneumonia€0050, retained good

probe coverage, despite a low percent identity (71.32%) to the CARD reference sequence.
The poor performance in enrichmenay suggest the limit of sequence similarity (>30%)

that can be captured by probes designed against a single reference sequence. In addition,
the high GC content of certain genes inkh@neumoniaésolates and of many regions of

theP. aeruginosasolates (average GC content, 67%) likely reduced the capture efficiency

in the more complex pooled samples, resulting in less than 10 reads for targeted genes. The
conditions of hybridization may need to be further optimized for targets with higher GC
contents Regardless of this limitation, the enriched data provide significantly more read
coverage for antibiotic resistance genes at a lower depth of sequencing than shotgun

sequencing of these mock metagenomes.
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Standardization and controls in metagenomics

Standhrdization (including reproducibility) in enrichment studies remains sorely
lacking. In this study, we attempted to reduce bias and assess enrichment by using the same
DNA extract, library preparations, and enrichment in triplicate. Even among replicate
libraries and shotgun sequencing runs, the differences in the number of genes identified at
various sequencing depths highlight the inherent variability in metagenomics (Fig. S8). The
positive control E. coli C0002), processed alongside the other samphssired that our
methodology and probes were performing optimally at the time of hybridization. We also
introduced negative controls to measure the extent of exogenous DNA contamination,
which is ubiquitous in all laboratory settings and reagents (36,B&fveen 86.07 and
100% of the sequenced reads from our negative controls had corresponding index
sequences from experimental samples, suggesting that DNA exchange among samples
during enrichment or crosontamination is the primary concern with our metfibables
S2 and S11). Notably, the genes identified in the results for the blanks not arising from
crosscontamination and also found in the enriched and shotgun results are commonly
associated with bacteria identified in negative controls in microbioomiest (mainly
Escherichia col and encode efflux systems or other intrinsic resistance determinants
(mdtEFHOR emrKY, cpxA acrDEFS pmrF, eptA tolC). The two genes that were unique
to the results for the blankdrfA17had 11 reads with 85.86% coveragep h €It8had) 16
reads with 57.46% coverage] are associated with mobile genetic elements in

Enterobacteriaceaeand the latter has previously been associated with laboratory reagent
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contamination (38, 39). Despite the use of standard methods to camntcolntamination
(i.e., filter pipette tips, PCR cabinets, and sterile DMdAd RNAfree consumables), we
still found limited contamination, likely stemming from reagents and/or the surrounding
laboratory environment, further highlighting the importancenegative controls in all
targeted capture experiments and meticulous reporting and publishing of a labbeatedy
resistome (Table S6) (36, 37, 40).
Enrichment in the gut microbiome

Our enrichment of resistance genes in the human gut microbiome saespiksd
in a higher average percentage on target (50.69%) compared to that obtained by other
published capturbased methods, 30.26% (range, 20.27% to 41.83%) (27) and a median
of 15.8% (range, 0.28% to 68.2%) (28), highlighting the increased spedifiotyr probe
design. Overall, our probe set and method identified a greater diversity of antibiotic
resistance genes in the human gut microbiome, despite having been sequencedamat a 66
389fold lower depth than the shotgisequenced correlate. With adveed depth of
sequencing, it is evident that enrichment offers more valuable information in terms of both
the number of genes with reads as well as the depth and breadth of coverage of those genes
(Fig. 5).

Although shotgun sequencing can provide additiamformation on other functions
and genes of interest, our targeted capture provides a more robust and a more reproducible
profile of antibiotic resistance genes from metagenomes at a fraction of the sequencing

cost. Only a few genes were absent in theched libraries but present in the shotgun
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libraries. In the case ofovA which has a 70.51% GC content, there was a gap in the tiling

of probes across the gene, and the hybridization conditions were perhaps not sufficient to
capture this gene by our thed. Additional probes or denser tiling along Rigl-content
(>65%) sequences may facilitate successful capture. Another gene that we could not
identify, the variant of theanS(GC content, 36.7%) sensor from vancomycin resistance
gene clusters, was cered by less than 20 reads in the shotgun samples, suggesting a very
low abundance in the metagenome. Finally, the-lzetamase geneepAandcfxA6had

been excluded from the enriched results after filtering due to low mapping quality or less
than 10 rads. The low mapping quality suggests that reads are mapping to other beta
lactamase genes in the reference database.

All current methods to detect antibiotic resistance genes have limitations. Culturing,
although timeconsuming, remains the standard foaghosing infections through the
identification of both the pathogen and its susceptibility to a panel of antibiotics. Other
biochemical technigques have been developed but are often organism specific and require
additional assays for confirming ARGs (4M/hen studying the microbiome and the
resistome of various environments, a cukbased approach is not feasible and, thus-high
throughput methods are needed (19). Sequerzsgd approaches (i.e., PGRsed
assays, microarralyased assays, andsolution targeted capture) and quantitative PCR
(qPCR) methods offer selective and sensitive means to identify a larger contingent of
antibiotic resistance genes than other methods but can be (or are designed to be) heavily

biased or selective. While PCR is higkensitive, many panels for AMR genes target only
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a range of between 200 and 400 genes (42). As we have shown herebgwetie
hybridization methods enable the detection of over 2,000 ARGs in a single assay.

Compared to the other probe sets designedrR (27i 29), ours offers a highly
curated specific set of probes with a high coverage of ARGs and works exceptionally well
on samples with low inputs. We have also included crucial controls to validate our findings.
Whereas shotgun sequencing requiresions of reads to detect a few antibiotic resistance
genes, we have shown that targeted capture can detect the same genes and D60e with
fold less sequencing effort. A reduced amount of sequencing allows more samples to be
processed per individual seaquéng run, reducing sequencing costs overall and increasing
throughput. One limitation to targeted approaches is that the probe design relies on known
reference sequences, while shotgun sequencing can reveal additional information not
captured by the probgbut at an added cost (depth). All sequenbiaged methods are
limited in the inability to characterize completely novel antibiotic resistance determinants,
whereas a functional metagenomics approach is ideal in this regard (19).

In conclusion, we havagorously measured the performance of our probe design
and methods to satisfy many of the parameters in targeted capture routinely discussed (43).
The sensitivity and specificity of our probe set are evident from the consistently high
percentage of readsn target and the high recovery of prdbegeted sequences
representing <0.1% of the total DNA. Our approach results in the uniform recovery of
ARGs across bacterial genomes and is reproducible between library preparations. We

believe that our targeted are serves a critical role in the surveillance and detection of
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ARGs across complex environmental settings, hospitals, and clinics. Profiling of these
resistomes will provide invaluable information that can be used to target antibiotic and
resistance inibitor discovery but that at the same time can be used to keep abreast of the
rapidly shifting rise of local and global antibiotic resistance.
MATERIALS AND METHODS
Nucleotide probe design and filtering to prevent oftarget hybridization

Our reference for probe design was the protein homolog model of antibiotic
resistance determinants (n = 2,129) from C,
Using PanArray (v1.0) software, we designed probes with a length of 80 nucleotides across
all genes with a sliding window of 20 nucleotides and acceptance of 1 mismatch across
probes (32). To prevent eférget hybridization between the probes and nonbacterial
sequences, the candidate set of probe seqgtl
hunan reference genome and GenBankos nonr e
BLAST (blastn) analysis (44, 45). Probes with high sequence similarity (>80%) and probes
with high-scoring segment pairs (HSPs) of greater than 50 nucleotides of a possible 80
weredi scarded (human genome sequences, n = 1
sequences, n = 774, archaeal sequences, n
nucleotides to bacterial sequences were additionally discarded, resulting in a%666f 3
probes. The candidate list was further filtered to omit probes that had bacterial HSPs that
had <95% identity, resulting in a candidate list of 21,911 probes.

Optimizing probe density and redundancy
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Probe sequences, along with 1 to 100 nucleotidesesmm and downstream of the
probe location on the target gene, were sent to Arbor Biosciences (Ann Arbor, Ml) for
probe design. These sequences are contained within the open reading frame of the target
gene and allow probe sequences to be modified, iflateéi.e., polynucleotides at the
termini), ensuring that the desired probe coverage of the target genes is attained. Additional
80 nucleotide probes were created across the candidate probe and flanking sequences at a
tiling density of four times, resultinin 226,440 probes. Sequences with 99% identity over
87.5% of their length were collapsed using the USEARCH program (settings, usearch
cluster_fastquery_cov 0.875target_cov 0.875id 0.99-centroids), resulting in a set of
37,826 final probes (46).ltering against the human genome was performed by a method
similar to that described above; no probes were found to be similar. Arbor Biosciences
(Ann Arbor, MI) synthesized this final set of 37,826-i@lcleotide biotinylated single
stranded RNA probes hyse of the custom myBaits kit (catalog number 300248; Arbor
Biosciences, Ann Arbor, MI).
Probe assessment and predicted target genes

To predict the genes that can be targeted by the probes, a Bowtie2 program (the
settings used included bowtie2ndto-erd-N 1. &B-& @7) alignment was performed
to compare the set of 37,826 probe sequences to the 2,238 nucleotide reference sequences
of the protein homolog models in CARD (v3.0.0, released 11 October 2018). The alignment
file was manipulated throughehuse of samtools and bedtools to determine the number of

instances that a probe mapped to a nucleotide sequence in CARD, the fraction of each gene
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sequence covered by probes (length coverage by probes), and the depth of coverage by
probes of each gene (fteols genomecov, bedtools coverageean) (48, 49). The GC
content of the probe sequences and the nucleotide sequences in CARD was calculated using
a Python3 script from

https://gist.github.com/wdecoster/8204dba7e504725e5bb249ca77bbZit88 melting

temperature (Tm) was determined using the OligoArray function melt.pl (settngblA,
-t65-C 1.89e179) (50). We unaeOb (GraphPadrboftvared jo s o f |
generate the plots shown in Fig. S1 in the supplemental material.
Bacterial isolates, samples, and DNA extraction

Clinical bacterial isolates were obtained from the 1IDR clinical isolate collection,
which consists of isolatesdm the core clinical laboratory at the Hamilton Health Sciences
Centre (Table S1). Genomic DNA was isolated from a cell pellet using the PureLink
genomic DNA mini kit (catalog number K182002; Invitrogen, Carlsbad, CA). If DNA was
notisolatedonthesameay, we stored the cell pellets a
all other isolates was extracted only once, DNA from a cell pellePs#udomonas
aeruginosaC0060 was additionally extracted using a varied genomic lysis/binding buffer
(30 mM EDTAiSHQGIO, m8 O drmM guani di nelld 8 ocyan
Tween 20, pH 8.0). We obtained a human stool sample from a healthy volunteer for the
purpose of culturing the microbiome with consent from the Hamilton Integrated Research
Ethics Board (HIREB appr@l number 5513). DNA was extracted on the same day

following a modified protocol described elsewhere (51). Briefly, samples were bead beaten
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and centrifuged, and the supernatant was further processed using a MagMax Express 96
well deep well magnetic pacte processor from Applied Biosystems (Foster City, CA)
with a multisample kit (catalog number 4413022; Life Technologies). DNA was stored at
T20AC until it was used for | ibrary prepar
Isolate genome sequencing

Library preparation for genome sequmgcof the clinical bacterial genomes was
completed by the McMaster Genomics Facility in the Farncombe Institute at McMaster
University (Hamilton, ON, Canada) using the Nextera XT DNA library preparation kit
(catalog number F@31-1024; Illumina, San DiegdCA). Libraries were sequenced using
an Il lumina Hi Seq 1500 or | | | ubp)chemistMi Seq
Paired sequencing reads were processed through a Trimmomatic (v0.39) trimmer to remove
adapters, checked for quality using the FASTQC program
(http://www.bioinformatics.babraham.ac.uk/projects/fastqc/), ated novo assembled
using SPAdes (v3.9.0) software (52, 53). The Livermore metagenomics analysis toolkit
(LMAT; v1.2.6) was used to identify the bacterial species and screen for coatamior
a mixed culture, while the Resistance Gene Identifier (RGI; v4.2.2) from CARD was used
on the contigs obtained with SPAdes software to identify perfect (100% match) and strict
(<100% match but within CARD sidmntbiatici ty c
resistance genes (54).

Trials for enrichment
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We performed two phases of experiments. The first was with genomic DNA from
cultured multidrugresistant bacteria (phase 1), and the second was with metagenomic
DNA from a human stool sample (ph&jeThe two trials in phase 1 differed in their library
preparation methods, as described below (the major difference being the library fragment
size obtained by sonication). In both trials, we tested genomic DNA from isolates
individually (Escherichia cal C0002, Pseudomonas aeruginos@0060, Klebsiella
pneumoniae€C0050, andStaphylococcus aured30018) (Tables S1 and S3). In addition,
various nanogram amounts (based on the absorbance; Thermo Fisher Nanodrop
spectrophotometer [Waltham, MA]) of each genowmere combined prior to library
preparation to create mock metagenomes, referred to as pool 1 (with the genomes of strains
C0002, C0018, C0050, and C0060), pool 2 (with the genomes of strains C0002, C0018,
C0050, and C0060), and pool 3 (with the genomesrains C0002, C0018, C0050, C0060,
Klebsiella pneumonia€0006 ,Staphylococcus aure@)033,Escherichia coliC0094, and
Pseudomonas aerugino€£€292). The amounts of the genome of each isolate in each pool
varied between trials (Table S4). Phase 2 ctawsisf 3 replicates, referred to as set 1, set
2, and set 3, wherein a DNA extract from one individual human stool sample was split
evenly into each set. From these aliquots, we generated 9 individually indexed sequencing
libraries and performed capturetivivarious library and probe ratios (Table S3). In all trials
and sets, a blank DNA extract was carried throughout library preparation and enrichment,
while an additional negative reagent control was introduced during enrichment.

Library preparation for en richment sequencing
80



Ph.D. Thesi$ A. K. Guitor; McMaster University Biochemistry and Biomedical Sciences

Library preparations were performed in a PCR clean hood, using bleached
equipment, and the equipment was UV irradiated before use to prevent nonendogenous
DNA contamination. Trial 1 library preparations were performed through the MeMas
Genomics Facility using the NEBNext Ultra Il DNA library preparation kits for lllumina
(catalog number E7645L; New England BioLabs, Ipswich, MA). Based on absorbance and
fluorometer values (QuantiFluor; Promega, Madison, WI), we sonicated approximately
1 e€g of i ndi vidual bacteri al genomi c DNA
prepared duahdex libraries with a size selection for 5@6 60Cbp inserts. Podtbrary
quality and quantity verification was performed using a {sghsitivity DNA kit fa the
Agilent 2100 bioanalyzer (catalog number 58&®26; Agilent Technologies, Santa Clara,

CA) and quantitative PCR using a Kapa SYBR Fast qPCR master mix feRdgio

machines (catalog number SFBRKB; SigAldrich, St. Louis, MO), primers for the distal

ends of 'l umina adapters, and the foll owi
95AC for 10 s, (iii) 60AC for 30 s, (iv) a
60AC for 5 min, and (vi) hol ollimary (catdlag. We
number FE110-3001; lllumina, San Diego, CA) as a standard for quantification.

In trial 2, the same genomic DNA, except for thaPofaeruginosaC0060, which
was reisolated, was used for library construction through a modified prdsm®lthe
supplemental material) (55). Briefly, we performed blend repair, adapter ligation,
library size selection, and indexing PCRBGR00 ng of sonicated DNA

The McMaster Genomics Facility performed library quality contralescribed above.
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Library preparation from a human stool sample

We divided one DNA extract from a donor stool sample intothree 50 al i quot s
approximately 3,150 ng each (based on QuantiFluor fluorometer results). DNA was
sonicated ton6009 bipnaindi dpdai tl i brary react.i
We prepared duahdex libraries (NEBNext Ultra Il DNA library preparation kits for
lllumina [catalog number E7645L; New England BioLabs, Ipswich, MA]) with a size
selection for 700to 800bplibrary fragments and 6 (set 1), 7 (set 2), or 8 (set 3) cycles of
amplification. The McMaster Genomics Facility performed library quality control (with an
Agilent 2100 bioanalyzer and by quantitative PCR, as described above). We generated
positivecontrd libraries usingescherichiacoiC0 002 genomi ¢c DNA (40 n
DNA) and a negative control with a blank DNA extract.
Targeted capture of bacterial isolates

We performed enrichments in a PCR clean hood, with a water bath, thermal cyclers,
and heablocks being located nearby. The probe set was provided by Arbor Biosciences
(Ann Arbor, MI) and diluted with deionized water. For enrichment of bacterial genomes in
trial 1, we used 100 ng of probes amd 100
the myBaits manual (v3; Arbor Biosciences, Ann Arbor, MI), at a hybridization
temperature of 65AC for 16 h (see the met
details). After hybridization and capture with Dynabeads MyOne streptavidin C1 beads
(catabg number 65001; Thermo Fisher, Waltham, MA), the resulting enriched library was

amplified through 30 cycles of PCR (cycling conditions are described in the supplemental
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material) using Kapa HiFi HotStart polymerase with librapnspecific primers (Kapa
library amplification primer mix [10x]; catalog number KK2620; Roche Canada)cA 2
aliquot of this library was amplified in an additional PCR for 3 cycles (under the same
conditions described above) and then purified. We performed the capture in tritde? i
same manner described above for trial 1 but applied 17 cycles of amplificatiecaptste
(see the PCR conditions in the supplemental material). The McMaster Genomics Facility
performed library quality control as described above. The libraries peoted in
equimolar amounts and sequenced to an average of 94,117 clusters by use of an Illlumina
Mi Seq sequenc ep regds).2Prenrichmdnt BBuGes for the mock
met agenomes were sequenced i n-bpreadsppfaomat e | |
the enriched libraries to an average of 93,195 clusters each. From both trial 1 and trial 2,
negative controls consisting of blank extractions carried through library preparation and
enrichment were sequenced on separate individual lllumina MBSeqi( -bi) Buls. After
demultiplexing of the blank, all possible index combinations were retrieved to identify
potential crossontamination of libraries as well as exogenous bacterial contamination.
Targeted capture of the stool sample

Based on gPCR vahs and the average fragment sizes of each library generated
from the human stool DNA extract, we combined various nanogram amounts of library (50,
100, 200 ng) and probes (25, 50, 100, 200,
the negativecontrol (blank) library, we introduced additional negative controls during

enrichment, using distilled H20O to replace the volume normally required for library input.
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We performed enrichment following the instructions in the myBaits manual (v4; Arbor
BiosciencesAnn Ar bor , MI ) at a hybridization t
hybridization and capture with Dynabeads (MyOne streptavidin C1 beads; catalog number
65001; Thermo Fisher, Waltham, MA), the resulting enriched library was amplified
through 14 cyclesfdPCR using Kapa HiFi HotStart ReadyMix polymerase with library
nonspecific primers and the same conditions described above (see the enrichment methods

in the supplemental material). The resulting products were purified using Kapa Pure beads
(catalognumbe KK 8 00 0 ; Roche Canada) at a 11 wvolu
pH 8.0. Purified libraries were quantified through gPCR using 10x SYBR Select master

mix (catalog number 4472942; Applied Biosystems, Foster City, CA) foiRBid Cfx

machines, llluminaspecific primers (a 10x primer mix from Kapa; catalog number
KK4809; Roche Canada), and 111 umin&al®ds Phi X
3001; lllumina, San Diego, CA) as a standard. Cycling conditions were as follows: (i) 50°C

for 2 mifmor (2imi ®85ACIi ii) 95AC for 15 s, (i
(i) and (iv) for 40 cycles total. We pooled the enriched libraries in equimolar amounts

based on qPCR values, and the McMaster Metagenomic Sequencing facility performed
library quality control as described above. Finally, we sequenced the enriched libraries
(average, 97,286 clusters) and the-@gmeichment libraries (average, 5,325,185 clusters)
with an 1l |l umina Mi Seq sequencer (vd&,; 2 1

blank extractions carried through library preparation and enrichment were sequenced on
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separate indivi du a top)tuhsl Aftenidemaltiplbking allgposgitle T 2 5
index combinations were retrieved.
Analysis ofbacterial isolatesequencingdata

In order to identify prob¢argeted regions and coordinates that overlap predicted
resistance genes based on RGI results for the individual bacterial genomes, we aligned our
probe set to the draft reference genome sequence using the BM&ti@2.1) program
(47). We used the Skewer (v0.2.2) program (skewgpe-q 25-Q 25) to trim sequencing
reads (enriched or shotgun) and the bbmap (v37.93) program tool dedupe2.sh to remove
duplicates and mapped the reads to the bacterial genomesthusiBgwtie2 (v2.3.4.1)
program (settings, I very-sensitivelocal, unique sites only)
(https://github.com/BiolnfoTools/BBMap) (47, 56). Aligned reads were filtered based on
mapping quality (041 MAPQ) and length (04C
bamtools (v2.4.1), and bedtools (v2.27.1) (48, 49, 57). We determined the number of reads
mapping to the reference genome overall and the number of reads mapping within a
predicted probéargeted region using genomic coordinates and bedtools (intersectBed)
(50). The percent length coverage and the average depth of coverage of eatérgetbe
region with at least one read were determined using bedtools coverage (setngs,-
mean and default function) (49). We normalized the read counts by tHeenoimreads
mapping per kilobase of targeted region per the total humber of reads mapping to a
particular genome. The number of genes with at least 1, 10, or 100 reads was counted, and

their percent length coverage by reads was determined.
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Analysis of stwl sample sequencing data

We processed the enriched and shotgun reads for the human stool sample as
described above for the bacterial isolates. Subsampling of reads was performed using the
seqtk (v1.2r94) program (settings, seqtk samgp@00; https://ghub.com/lh3/seqtk). We
used the bwt feature in RGI (the beta version of v5.0.0; http://github.com/arpcard/rgi) to
map trimmed reads, using the Bowtie2 (v2.3.4.1) program, to the sequences in CARD
(v3.0.0), generating alignments and results without amgrsil{47). We parsed the gene
mapping and allele mapping files to determine the number of genes in CARD with reads
mapping (at least 1, 10, and 100 reads) under various filters. After plotting the mapping
guality for each read in every sample across thets3 we chose an average mapping quality
(mapq) filter of 11. We assessed a percent length coverage filter of a gene by reads of 10,
50, and 80% and chose the most permissive (10%) for comparison between the shotgun
and enriched samples. These low thredfi@lere necessary for analyzing the shotgun data
to obtain any reasonable results at all. Finally, we used a filter to check for the probes
mapping to the reference sequences in most comparisons, except to identify genes in the
shotgun samples that wouldtrbe captured by our probe set. We repeated the same analysis
process for the negatheontrol (blank) libraries. In phase 2, set 1, there were very few
reads associated with the blank library after enrichment, so we used the raw sequencing
reads for angkis. For the blank in set 2, we omitted deduplication, and we could not
identify any reads associated with the blank indexes after sequencing for set 3. Read counts

were normalized using th@ll mapped readscolumn in the gene mapping file and the
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reference length (in kilobases) along with the total number of reads per kilobase per million
(RPKM) available for mapping. Hierarchical clustering was performed using the Gene
Cluster (v3.0) and Java Tree View (v1.1.6r4)
(http://bonsai.hgc.jp/~mdehoon/softwanester/software.htm) programs, log
transformation, and clustering arrays with an uncentered correlation (Pearson) and average
linkage. For rarefaction analysis, we first aligned trimmed reads against the sequences in
CARD (v3.0.0) using the Bowtie2 pran, followed by filtering for a mapping quality of

011 (47). This file, along with an annot a
AmrPlusPlus rarefaction analyzer (http://megares.meglab.org/amrplusplus) (58), with
subsampling every 1% of total readslangene read length coverage of at least 10%. The
average number of genes identified after rarefaction was plotted and fit to a logarithmic
curve to allow for simplified extrapolation. We generated heat maps and figures in Prism
(v8) software for macOS (@phPad Software).

Data availability

Raw sequencing reads (FASTQ) for the IIDR clinical isolate collection bacterial isolate
genome assembly were deposited in NCBI under BioProject accession number
PRJINA532924. All metagenomic sequencing results, enricheldotgun, were deposited

in NCBI under BioProject accession number PRINA540073. The probe set sequences and

annotations are available at https://card.mcmaster.ca/download.
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SUPPLEMENTARY INFORMATION
Supplementary methods:
Modified Library Preparation for Trial 2

The same genomic DNA (except fBseudomonas aerugino$200060) used in
Trial 1 was used for library construction through a modified library preparation protocol
(). Briefly, ~200 nanograms of sonicated genomic DNA (2800 bp) was used for
| i brary preparation at a volume of 25 ¢gL.
KAPA Pure Beads (KK8000, Roche Canada, Laval, QC) instead of AMPure beads,
oligonucleotides ordered from Integrated DNA Technologies (IDT, Coralville, 1A, USA)
(the readyto-use adapter mix was diluted to 10uM of each adapter prior to use), and a total
react on vol ume of 50 eL for bl unt end repa
polynucleotide kinase (10U/eL) and T4 DNA
min at 25°C and 15 min at 12°C in a modified buffer (50mM NaCl, 10mMH@k 10
mM MgCl2, 100e g / ml BSA, pH 7.9 at 25C) with 1 mM
each), and 1 mM ATP. Adapter ligation was performed using a final adapter concentration
of 2.5&¢M, with T4 DNA ligase (0.128000 L) i
(5%) for 15 hours at P&, then held at 4°C. The reaction was purified using KAPA Pure

beads at 1. 8X and el ut «€HpHi813, 0256 TevdeROP ThHISEB T (!
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was followed with adapter fli n wi t h Bst pol ymer ase, Il ar
ThermoPol reaction buffe ( 1 0X) with dNTPs (final conce
mins at 37°C; 80°C for 20 mins; hold at 4°C). Purification with library-sg&tection was

performed using KAPA Purebeads (0-6X8X ratio of beads to reaction volume) and

products were elutedi®0 e L of -HCQ pHV8.3Tindéximg PCR was performed
using 12.5 €L of templ ate, KAPA Hi Fi Hot st e
of each indexing primér 8 bp primers ordered from IDT diluted in nuclease free water at

astock concentratiofo 100eM ) in a 40 L reaction witt
for 45 sec; 2) 98°C for 15 sec; 3) 60°C for 45 sec; 4) 72°C for 30 sec; 5) Repkmatl2

cycles total; 6) 72°C for 1 min. Libraries were purified with 1.5X KAPA Pure bteaas

elutedi n 33 €L 10 mM-aniplificason @f HbraBes fr. 2 cikkes was
perfoomedusi ng 1 €L of each | ibrary sample and
ready mix (2X) and.ibrary Amplification Primer Mix (10X) supplied by KAPA in the

Library Amplification Kit with the followed conditions: 1) 98°C for 45 sec; 2) 98°C for 15

sec; 3) 60°C for 45 sec; 4) 72°C fors#r; 5) Repeat 24 for 2 cycles total; 6) 72°C for 1

min. Libraries were purified using 1.5X Kapaur e beads and el uted in
TrissHCI pH 8.3. A negative control was also includednsisting of a blank DNA

extraction carried throughout the DNA extraction of bacterial DBidanalyzer and gPCR

analyses were performed through the McMaster Farncombe Metagerauility on all

libraries including the blanks.

Enrichment methods
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For Phase 1 Trial 1, the hybridization mix and blockers mix were prepared as
described ithe myBaits manual version 3 (Arbor Biosci el

DNA library (~100ng) was added to the blockensx and libraries were denatured at 95°C
for 5 minutes. Thenhybridization mix and libraries with blockers were brought to the
hybridization temperature o85°C for 5 minutes. Hybridization mixes including the
appropriate concentration of probeset waieed with libraries and incubated at 65°C for
16 hours. After 16 hours, the wash buffer vaspared and heated to 65°C. Dynabeads
MyOne Streptavidin C1 beads were prepared tittidling buffer (10 mM TrisHCI pH7.5,

1 mM EDTA, 2M NacCl in nucleastree water)by threewashes with binding buffer, and
finally resuspended in binding buffer then heated to 65°C (ThErsm@r, Waltham, MA).
Prepared beads were added to capture reactions, incubated at 65°Griiout&® with
frequent mixing, then pelleted on a matja rack. Beads were washed with preheatash

buffer (Supplied in the myBaits kit), incubated for 10 minutes at 65°C and the waah

repeated two ti mes. The beads weClL&d05 nally
Tween20,pH8.3. Post apt ur e amplification walmunger f or
library with for 30 cycles of amplification using KAPA HiFi Hotstart DNA polymerase

ready mix (2X),Library Amplification Primer Mix (10X) with the followed conditions) 1

98°C for 45 sec; 2) 98°fr 15 sec; 3) 60°C for 45 sec; 4) 72°C for 30 sec; 5) Repéat 2

for 30 cycles total; 6) 72°C forrhin. Reactions were purified with KAPA Purebeads (0.8X

cleanup) and el utTesdHCl pH 8.3.0Mheselreaatidnqudct® weravi
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purified with KAPA pure beads (1X) and elutech 3 0 ¢ L -HQ) pH8M\3. This is s
an overamplified product and likely contait&terodimers of library fragments. An aliquot
(2 €L) was wused f or amplificatandvdththeisane arimer8anc y c | e
conditions as above. A 1X KAPA Purebeads purificatias performed and products were
eluted in 30 €L TE buf f er absofbdnee, fadlovedcbgtha r at i
Bioanalyzer and gPCR through the McMaster Metagenomics itlfaddor Trial 2,
conditions were similar to the enrichment for Trial 1 libraries except forgrosthment
which was performed using 7.5 €L of2Xenri ch
1 L of 10X primer mix (1) forg3des; 4an7/™m°Céoec; 2)
45sec;5) Repeat step 24 for 17 cycles; 6) 72°C for 5 min; 7) 4°C hold. PCR products
were purifiedusing KAPA Pure beads (1.5X) and eluted in 10 mM-H@&l pH 8.0. The
concentration wasletermined via absorbance and additionadally quality control was
performed through theéMlcMaster Metagenomics Facility (Bioanalyzer and gPCR).
Products were sequenced via lllumMieq 2 x 250 bp.
References
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Supplementary Figure 1: Probe and CARD nucleotide sequence statistics

A) Number of genes targed by probes through mapping with Bowtie2. B) Number of
probes targeting genes through mapping with Bowtie2. C) Percent length coverage of
genes with probes. D) Mean depth of probe coverage across individual genes in CARD.
E) Length of sequence targetedgrobes in genes in CARD. F) GC content of probes. G)
GC content of genes in CARD. H) Melt temperature of final list of probes. Figures
generated using Prism 8 for macOS.

Supplementary Table 1: Bacterial strains used in control experiments

Clinical bacteial isolates obtained through the Wright Clinical Collection. Bacterial
genomes were sequenced, and draft genome assemblies were analyzed through the
Resistance Gene Identifier in CARD to predict the number of resistance genes. The total
probeset was mapg against the draft assembled genome and the number of genes with

98



Ph.D. Thesi$ A. K. Guitor; McMaster University Biochemistry and Biomedical Sciences

probe coverage, percentage of genome covered by probes and overlap between predicted
RGI genes and probe coverage were determined.

Region # Length of Region Region
G GC Predicted Y Probe probetargeted 9 predicted by
. ; enome predicted . withprobe RGI genes
Bacteria strain size (Mb) Content  genes by by RGI targeted site coverage  with probes RGI and
(%) RGI (%) sites (average and (%) targeted by
range) probes (%)
Escherichia 797.75
coli C0002 529 50.62 67 1.64 65 (80 - 3595) 0.97 43 0.81
Klebsiella 23154
pneumoniae 5.45 57.23 30 0.55 35 (80- 8.73 0.21 17 0.17
C0006
Saphylococcus 1127.54
aureus C0018 2.92 32.66 16 0.55 13 (1407 2013) 0.50 12 0.41
Saphylococcus 1143.07
aureus C0033 2.92 32.77 16 0.64 14 (1551 2130) 0.52 13 0.44
Klebsiella 246.18
pneumoniae 5.60 57.05 34 0.63 40 (80 9(')0) 0.25 18 0.19
C0050
Pseudomonas 033.35
aeruginosa 6.80 66.19 53 118 48 @71 34'15) 0.66 33 0.54
C0060
Escherichia 779.86
coli Co094 5.22 50.74 67 1.65 64 (807 3003) 0.95 41 0.79
Pseudomonas 038.71
aeruginosa 6.81 66.21 54 117 48 o 0.66 33 0.57
Co20p (971 3415)

Supplementary Table 2: Library and sequencing informati
The amount in nanograms of each library and the corresponding amount of probes used for
enrichment. The average size of librdrggments prior to enrichment was determined
through the Agilent Bioanalyzer 2100. The number of clusters (paiddeads) thatere

l i brary when
trial were included and sequencexda separate run; many of the blank libraries did not
generate peaks on the Bioanalyzer nor any signal by quantitative PCR therefoa tlesir

are N/A. In Phase 2, three positive controls for enrichment were included with genomic

gener ated

DNA from Escherichiacoli CO002 andvarying library and probe amounts.

for

each

99

sequenced
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Amount of Amount of . Clusters Clusters
Phase Trial/Set Library Probes Library Aveégge Ii)lbrary sequenced  sequenced
(ng) (ng) ze(bp) enriched shotgun
C0002 100 100 988 66926
C0018 100 100 994 75860
C0050 100 100 1222 73941
Trial 1 C0060 100 100 1225 81810
Pool 1 100 100 1257 61568 218008
Pool 2 100 100 1158 61658 159059
Pool 3 100 100 1216 58308 109194
Phase 1 Negative Contral - Blank 100 N/A 632 170565
C0002 100 100 435 99748
C0018 100 100 438 143804
C0050 100 100 416 153673
Trial 2 C0060 100 100 403 124971
Pool 1 100 100 429 86023 29241
Pool 2 100 100 413 124170 33488
Pool 3 100 100 427 127682 32560
Negative Control - Blank 100 N/A 345 44026
1-1 25 50 952 89768
1-2 50 50 968 77117
1-3 100 50 919 65746
1-4 50 100 1044 55783
175 100 100 972 64761
Phase 2 Sl 1-6 200 100 940 71000 3652048
1-7 100 200 915 15211 4405779
1-8 200 200 1020 59409
1- 400 200 998 25011
Negative Control - Blank 50 N/A 276 2590
Positive C0002 | 1-1 100 50 986 80647
Controls C0002 i 1-2 50 50 939 116965
C00027 1-3 25 50 976 112881
2-1 25 50 955 158710
2-2 50 50 887 100590
2-3 100 50 891 102689
2-4 50 100 902 120764
Set2 2-5 100 100 956 141994 6151998
2-6 200 100 941 159192
2-7 100 200 790 96211
2-8 200 200 944 129333
2-9 400 200 871 76195 7660355
Negative Control - Blank 50 N/A N/A 3804
Positive C0002_'_|‘ 2-1 100 33 993 139909
Controls C0002 i 2-2 50 50 935 235429
C000271 2-3 25 50 876 129070
3-1 25 50 854 82778 5866495
3-2 50 50 888 158968
3-3 100 50 910 65675
3-4 50 100 889 103671
Set3 3-5 100 100 882 78251 4213540
3-6 200 100 943 68331
3-7 100 200 820 96722
3-8 200 200 934 79036
3-9 400 200 917 82375
Negative Control - Blank 50 N/A N/A 5962
Positive C0002.‘l|‘ 3-1 100 38 846 54117
Controls C0002 i 3-2 50 32 881 96258
C000271 3-3 25 38 779 110746

Supplementary Table 3: Individual strain enrichment results

Strains were enriched individually in two trials with different library sizes. For each strain
the regions predicted to be targeted by probes were determined through mapping the
probeset to each individual genome). Enrichment results across two trialdetemained

by mapping trimmed and filtered reads to genome, calculating the percentaggeirand
normalizing reads and depth per kb per million reads for prageted regions with at

least 10 reads.
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Average

% of

Strain mapping mapping regions coverage of millionreads  million reads
to genome to probe- - with & targ_eted on probe- on probe-
targgted least 10 regions targeted region targeted region
sites reads
100 100
Escherichia 96.67 95.07 18975.73 6192.13
coli C0002 Re72) (K054 (\414.91) (R097.27)
100 100
gu"’;pe:g' ococeus 9799 94.89 67615.06 19968.28
C0018 (NL.98) (N2.31) (N4360.20) (N2670.37)
i 100 100
;lgﬁgrl]?ae 95.60 85.74 40531.43 1731524
C0050 (N3.96) (N\4.68) (N2516.77) (N1630.66)
100 100
Z:f‘d;?:;g‘as 9145 9073 20725.67 6497.48
0060 (R6.49)  (R0.95) (RB2.97) (R61.46)
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Supplementary Figure 2: Consistency in libraryprep methods and trials

Comparing read counts normalized in subsampled individual enrichment trials through
different library prep methods. Reads from enrichment of individual genomes of
Escherichia coliC0002(A), Staphylococcus aureus0018 (B),Klebsidla pneumoniae
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C0050 (C) andPseudomonas aerugino§z0060 (D) in Trial 2 were subsampled to same
depth as reads in Trial 1. The reagse mapped to the respective bacterial genome, filtered
for mapping quality and then the numioéreads on each RGI apdobetargeted region
were counted and normalized per kb per millieads. Pearson correlation coefficients are
shown.

Suppl ementary Tabl e 4: Pooling of genomic
We pooled various nanograamounts of genomic DNA from bacteria and estimated the
percentage of each strain in the respective pools based on total genome size of each strain.
With reads generated through shotgun sequencing and after enrichment, we calculated the
percentag®f readsmapping to a particular genome by mapping to a combined reference

of the genomes usea a given pool and counting the reads that mapped to each respective
genome (= reads mapping genome A / reads mapping to all genomes). The percentage
represented btargeted regions afach genome in each pool is determined by taking the
percentage of e ac htargetedoby @mdbes arsl theg pemcentage of rehds t
that map to that particular genome from the shoggquencing data.
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% of reads Targeted %

Amount of . . % of reads

Pool Strain genomic DNA Estimated % mapping of pool mapping
pooled (ng) of pool from from enriched

shotgun

C0002 312 21.98 24.82 0.24 52.55

Triad 1 CO0018 312 40.00 12.06 0.060 32.12
Pool 1 C0050 312 20.74 27.18 0.068 8.86
C0060 312 17.28 35.93 0.24 6.47

C0002 112 18.77 22.30 0.22 33.95

Trid 2  CO0018 174 53.01 65.29 0.33 62.88
Pool 1 C0050 106 16.79 4.39 0.011 154
C0060 88 11.43 8.02 0.053 1.63

C0002 1250 66.30 64.73 0.63 71.26

Tridl1  CO0018 180 17.22 11.96 0.060 19.69
Pool 2 C0050 180 9.07 11.28 0.028 475
C0060 180 7.41 12.03 0.079 4.30

C0002 264 48.04 57.31 0.56 65.39

Trid 2  CO0018 102 33.92 35.54 0.18 33.24
Pool 2 C0050 62 10.75 1.66 0.0042 0.44
C0060 51 7.29 5.49 0.036 0.94

C0002 125 11.01 13.91 0.13 38.50

C0006 125 10.70 24.75 0.052 2.34

C0018 125 19.88 6.54 0.033 11.62

Trid 1~ CO033 125 19.88 11.59 0.060 22.81
Pool 3 C0050 125 10.40 12.75 0.032 2.73
C0060 125 8.56 16.40 0.11 2.16

C0094 125 11.01 6.90 0.066 18.78

C0292 125 8.56 7.15 0.047 1.07

C0002 46 8.65 9.84 0.095 14.80

C0006 83 8.16 14.44 0.030 153

C0018 43 28.17 11.49 0.057 12.49

Trial 2  C0033 36 28.15 34.36 0.18 34.58
Pool 3 C0050 45 7.68 0.60 0.0015 0.13
C0060 83 5.20 2.02 0.013 0.42

C0094 46 8.78 2521 0.24 35.67

C0292 36 521 2.04 0.013 0.39

Supplementary Table 5: Enrichment results to probetargeted regions in pooled

samples

Genomic DNA from individual strains was p
met agenomeso f or e n theregonsenedicted be tangetee byprobes t r a |
(determined throug mapping the probeset to each individual genome) are considered the
targeted region for analysis. Trimmed and filtered reads from paired enriched and shotgun
pools were subsampled to same read deptie resulting reads were mapped to the
individual strah 6 s g e n 0 me stargetcaodunarmaizéd pernkb per million reads
mapping.Percentage otarget, percentage of prob@rgeted regions with at least 10 reads
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as well as their percent coverage, average readsa\ardge depth were determined for
each fain at the prob¢argeted region level. The fold enrichment is based on all genes
regardles®f read counts.

% of %Mapping % of probe- % coverage Average reads Average depth

} to probe- targeted of probe- Fold-enrichment in reads
Sample Strain . rg?:lls taFr)geted regionsgwith ta?gaed 'I?’a kli.apder 'I’I)'er kbmpsr (average and range)
in Pool regions reads regions million reads million reads
C0002 52.75 93.06 100 100 19097.95 6091.42 810.18 (2.66 1 16590.95)
Trial 1 C0018 20.05 94.84 100 100 67393.09 19715.42 135.84 (31.117 291.78)
Pool 1 Enriched  C0050 18.73 85.44 90 100 41944.82 16304.97 1341.88 (3.77 1 23020.26)
C0060 3.40 90.26 91.67 98.73 24920.46 6697.48 994.87 (0 21945.61)
C0002 21.61 1.56 18.46 90.13 671.09 153.52
Trial 1 Pool 1 C0018 10.32 0.70 15.38 88.03 820.59 161.15
Shotgun C0050 23.56 0.82 25.00 100 762.34 190.87
C0060 28.70 0.81 12.50 84.54 301.55 44.92
C0002 35.84 98.90 96.92 100 20081.94 6630.47 4972.95 (2.841 35942.31)
Trial 2 Pool 1 C0018 56.55 98.56 100 100 74814.49 24542.74 144.41 (41.367 332.17)
Enriched C0050 772 97.63 47.50 99.75 74609.44 24141.06 18991.42 (07 170582.07)
C0060 131 93.37 47.92 83.22 30865.24 7310.50 17166.87 (0 70414.91)
C0002 2352 1.49 154 91.65 471.34 30.86
Trial 2 Pool 1 C0018 57.30 0.71 76.92 79.03 570.56 98.30
Shotgun CO0050 5.19 0.88 0 0 0 0
C0060 6.65 0.65 0 0 0 0
C0002 68.39 7735 96.92 100 15928.54 4982.54 57.09 (2577 192.18)
Trial 1 Pool 2 C0018 12.69 79.11 100 100 56570.38 16316.11 2614.81 (15.93 1 32565.71)
Enriched CO0050 12.61 74.13 75.00 99.93 41711.08 15702.37 2727.71 (07 39495.86)
C0060 234 38.95 70.83 96.27 11523.24 2820.94 2382.94 (07 19387.19)
C0002 58.69 134 58.46 96.92 321.15 81.43
Tria 1 Pool 2 C0018 10.64 0.74 30.77 78.51 896.24 141.82
Shotgun C0050 11.48 1.33 20 100 1745.41 464.15
C0060 9.72 0.75 2.08 56.38 266.69 18.15
C0002 65.64 98.29 96.92 100 19970.52 6708.67 1190.08 (7.74 1 29085.20)
Tria 2 Pool 2 C0018 28.13 98.15 100 100 75034.93 24899.52 210.58 (32.417 596.02)
Enriched C0050 10.26 98.23 47.50 100 77537.34 26906.17 8270.19 (07 50937.25)
C0060 0.73 88.86 27.08 78.56 37440.00 8936.77 18933.20 (07 106732.35)
C0002 56.47 1.38 20.00 73.49 404.35 72.86
Trial 2 Pool 2 C0018 29.19 0.57 23.08 73.76 698.55 125.73
Shotgun C0050 3.01 451 2.50 79.03 10409.44 2093.37
C0060 4.27 0.73 0 0 9] 0
C0002 38.74 94.12 98.46 100 19755.27 6312.06 2493.04 (3.051 22767.27)
C0006 13.66 84.08 91.43 100 51010.68 22066.06 3295.94 (07 61249.67)
C0018 29.65 95.22 100 100 63154.77 15991.26 2909.12 (54.61 7 35638.08)
Trial 1 Pool 3 C0033 33.17 94.82 100 100 56232.72 13178.66 156.78 (28.171 314.91)
Enriched C0050 14.84 85.22 925 100 43478.45 18486.32 2475.78 (4.871 47799.65)
C0060 245 91.97 89.58 98.78 26022.10 7430.52 3742.84 (3.651 62302.44)
C0094 35.52 92.59 98.44 100 19949.59 6561.88 3526.16 (2.48'1 23220.26)
C0292 2.78 84.96 91.67 99.29 28432.58 10574.24 4014.72 (07 54962.31)
C0002 9.83 1.63 3.08 88.69 1449.60 308.97
C0006 25.19 0.36 857 95.63 3450.36 1206.18
C0018 11.94 0.51 7.69 68.26 413.96 50.49
Trial 1 Pool 3 C0033 12.81 0.59 7.14 68.25 424.67 47.08
Shotgun C0050 24.09 0.48 125 93.25 853.91 300.04
C0060 17.84 0.90 417 64.69 222.28 16.28
C009%4 8.25 167 3.125 88.69 1726.91 368.08
C0292 16.78 0.94 4.17 64.69 1141.24 84.87
C0002 32.65 98.09 96.92 99.97 20307.57 6847.06 7369.15 (4.14 7 66339.3)
C0006 7.75 90.49 51.43 99.50 86220.71 36708.00 25683.46 (01 271673.69)
C0018 45.46 97.45 100 100 65485.29 17173.26 5819.09 (29.421 74023.04)
Tria 2 Pool 3 C0033 52.11 97.53 100 100 58846.80 13719.18 698.58 (72.34 1 8084.37)
Enriched C0050 8.22 92.65 50.00 99.55 74207.10 29767.85 21813 (07 256173.72)
C0060 0.86 90.00 27.08 79.68 39544.66 8226.37 16172.91 (07 70505.29)
C0094 34.91 97.65 96.87 100 20612.44 7021.48 7479.75 (2.67 1 61794.38)
C0292 0.89 89.30 29.17 80.95 44281.92 13985.84 18128.93 (07 120321.02)
C0002 16.88 1.38 0 0 0 0
. C0006 15.36 0.47 0 0 0 0
;ﬂggﬁf""' 3 coos 407 0.70 38.46 7384 525.28 55.49
C0033 4454 0.79 50.00 77.22 703.43 113.13
C0050 12.76 0.64 0 0 0 0
C0060 454 0.7 0 0 0 0
€0094 21.50 1.23 156 68.13 404.24 25.04
C0292 459 0.86 0 0 0 0
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Supplementary Figure 4: Enrichment results in higher read counts on antibiotic
resistancegenes compared to shotgun sequencing
Raw read counts at each pretaegeted region within thEscherichia coliC0002 genome

(A) and Staphylococcus aureus0018 genomdB) in enriched and shotgusamples
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Supplementary Table 6: Control enrichment withEscherichia coliC0002.

Enrichment results from the positive control ©f coli CO002 control used in Phase 2.
Trimmedand deduplicated reads were mapped to CARD using RGIBWT, filtered by genes
with probecoverage, an average read mapping quality >=11, and percent length coverage
of a gene with reads=80%.
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Supplementary Figure 5: Genes identified in positive control enrichments
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Normalized read counts from C0002 control enrichments from rgi bwt results from 3
samples ireach Set (A) Set 1, B) Set 2, C) Set 3) to the twastatindividual enrichment.
Genes with readwere filtered based on read mapping quality greater than or equal to 11,
percent length coveragé a gene with reads greater than or equal to 80% and genes with
probes mapping. Reads wenermalized per kb ofeaference gene per million reads
mapping. Genes are ordered by sum of @hts from highest to lowers (left to right)
with the ARO identifier shown along the X axis

Supplementary Table 7: Phase 2 enrichment results with the full number of reads

For the enriched samples, trimmed and deduplicated reads were mapped to CARD using
RGIBWT, filtered by genes with at least 10 reads, those with probes, an average read
mappingquality >=11, and length coverage of a gene with reads >=10%. For the shotgun
sanples, trimmednd deduplicated reads were mapped to CARD using RGIBWT, filtered
by genes with an averagead mapping quality >=11 and read length coverage of a gene
>=10%. EN = enriched, UN shotgun.
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Genes
Reads Total with Genes Genes with Genes
Probes Library mapping read . read length  passing
number with
(ng) (ng) toCARD of genes map probes coverage all
(%) quality >=10% filters
>=11
Sample Set 1
25 50 55.36 60 50 51 58 48
50 50 65.73 62 54 52 60 49
100 50 55.59 60 50 50 60 48
50 100 65.63 56 47 46 55 43
EN 100 100 51.85 61 51 51 60 48
200 100 58.21 64 56 53 61 49
100 200 51.52 34 26 27 34 25
200 200 66.57 60 50 48 59 45
400 200 49.44 45 37 36 43 33
UN 200 100 0.030 26 19 N/A 24 18
100 200 0.030 32 22 N/A 29 20
Sample Set 2
25 50 64.07 78 67 64 76 61
50 50 64.60 72 64 61 71 58
100 50 57.96 75 64 61 74 57
50 100 46.75 78 66 66 76 62
EN 100 100 58.99 79 69 64 77 61
200 100 44,52 85 72 69 80 63
100 200 60.43 76 66 62 73 59
200 200 47.27 82 71 67 81 64
400 200 41.22 70 59 58 69 55
UN 400 200 0.016 41 28 N/A 37 27
100 100 0.032 34 24 N/A 32 23
Sample Set 3
25 50 50.16 72 63 61 70 58
50 50 38.19 79 66 64 76 60
100 50 51.73 69 59 59 68 55
50 100 29.46 78 66 63 76 60
EN 100 100 40.28 74 65 60 72 57
200 100 39.06 67 57 57 67 53
100 200 29.97 69 57 58 68 54
200 200 40.32 72 60 58 71 55
400 200 43.74 69 58 56 67 53
UN 100 100 0.031 29 19 N/A 26 19
25 50 0.031 34 23 N/A 30 22
A B At lesst Atlesst  Atlesst C
100 05 80 ‘1.rea1 10reads  100reads 5 1004
-‘i" c ¥ 80 Bl
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Supplementary Figure 6: Comparing enriched andgshotgun ARG recovery
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For the enrichec&nd shotgun samples, the full number of reads for each sample were
mapped to CARD using ripwt. A) The percentage of reads mapping to CARD. B) Genes
were counted with at least 1, 10 ab@0 reads and filtered for mapg quality (>=11),
percent coverage by reads (>=10) and prob&sping (only for the enriched samples). C)
The average percent coverage of all genes withaat 10 reads in each sample after the
same filters used in B.

Supplementary Table 8: Phase 2 eichment results with subsampled reads.

For the enriched samples, reads were subsampled to 22,324 reads and mapped to CARD
usingRGIBWT. Results were filtered by genes with at least 10 reads, those with probes,
an average reasiapping quality >=11, and lgth coverage of a gene with reads >=10%.

For the shotgun samplesads were subsampled to their paired enriched sample and
mapped to CARD using RGIBWResults were filtered by genes with an average read
mapping quality >=11 and read lengtbverage of g@ene >=10%. EN = enriched, UN =
shotgun.

110



Ph.D. Thesi$ A. K. Guitor; McMaster University Biochemistry and Biomedical Sciences

Reads Genes Genes with Genes

Probes Library  mapping nu-lr-n%t:lr reajvr;lgg G\j.v:?] read length  passing

n n to CARD ) coverage all
(ng) (ng) oo ofgenes  audity probes o filtars
Sample Set 1
25 50 55.24 34 26 27 34 25
50 50 65.84 39 31 31 37 28
100 50 56.11 46 37 37 45 34
50 100 66.01 39 32 32 39 30
EN 100 100 51.94 40 32 32 37 28
200 100 57.93 38 30 30 37 28
100 200 51.52 34 26 27 34 25
200 200 66.99 12 34 33 39 30
400 200 49.39 33 26 26 33 24
UN 200 100 0.038 2 2 N/A 2 2
100 200 0.054 0 0 N/A 0 0
Sample Set 2
EN 25 50 64.25 41 33 34 40 32
R 0| 50 64.11 43 36 35 40 31
100 50 58.80 43 36 35 43 33
50 100 46.95 40 32 33 38 29
100 100 59.13 42 35 34 41 31
200 100 44.64 45 35 34 41 31
100 200 60.55 50 42 42 49 39
200 200 47.29 45 38 37 45 35
400 200 41.56 43 34 35 41 32
UN 400 200 0.029 1 1 N/A 1 1
100 100 0.035 2 2 N/A 2 2
Sample Set 3
25 50 50.64 37 29 30 36 27
50 50 37.85 27 19 20 27 18
100 50 51.41 36 27 28 33 24
50 100 29.56 29 21 22 28 20
EN 100 100 40.77 34 26 26 33 24
200 100 38.86 37 30 30 37 28
100 200 30.08 31 23 24 30 21
200 200 40.62 34 26 26 32 23
400 200 44.35 37 30 29 35 26
UN 100 100 0.023 0 0 N/A 0 0
25 50 0.023 1 1 N/A 1 1

Supplementary Table 9: Phase 2 overlapping genes with the full number of reads
We calculated the overlap of genes with at least 10 reads passipgrtent length
coverage byreads (>=10%), average read mapping quality (>=11) and probe mapping

(except for shotguhbraries) filters.
Genes  Genesfound  Genesfound

Total . - - Overlap in All

Samples genes fou;ﬁj in in rﬁé?eor in r#)?eor Samples (%)
Set 1 Enriched 62 24 38 53 38.71
Set 2 Enriched 68 50 57 64 7353
Set 3 Enriched 70 41 53 60 58.57
All Enriched 70 24 52 60 34.28
All Shotgun 32 16 18 28 50.00

Supplementary Table 10: Phase 2 overlapping genes with subsampled reads
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Libraries were subsampled to the samuenber of reads within sets and overall (22,324
reads).Shotgun libraries were subsampled to the same number of reads as the lowest
enriched libraryoverall. Resulting genes with at least 10 reads were filtered for percent
coverage by reads (>=10%l\vera@ mapping quality (>=11) and probe mapping (except

for the shotgun samples).

Samples Tota £ oSr?c?ieﬁ Genesfound  Genesfound Overlapin All

P genes all in2/3 or more in1/3 or more Samples (%)
Set 1 Enriched 38 16 26 32 42.10
Set 2 Enriched 45 22 30 36 48.89
Set 3 Enriched 37 13 20 26 35.14
All Enriched 47 13 24 31 27.66
All Shotgun 2 0 1 2 0

112



Ph.D. Thesi$ A. K. Guitor; McMaster University Biochemistry and Biomedical Sciences

Log-transformed
read count

5.0
33
1.7
0.0

1.7
-3.3
=50

Supplementary Figure 7: Hierarchical clustering of enriched libraries

Enriched reads fron27 libraries were subsampled to 22,324 reads, mapped to CARD
through rgi bwt.The reads wermapped to CARD through rgi bwt and filtered for genes
with probes mapping, with greater thanequal to 10% length coverage by reads and an
average read mapping quality >=11. Read cowet® logtransformed and combined into

a heatmap ordled by average read counts across theriched samples.
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Supplementary Figure 8: Hierarchical clustering of enriched and shotgun libraries

The full number of reads from the 6 enriched and shotgun pairs were mapped to CARD
throughrgi bwt. The resultsvere filtered for genes with greater than or equal to 10% read
length coverageand an average read mapping quality greater >= 11. Read counts were
normalized by kb of genend reads available for mapping, {tvgnsformed, and combined

into a heatmapGenes are ordered by sum of read counts. ARO numbers from CARD are
shown on the righband side of the heatmap.
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Supplementary Figure 9: Rarefaction curves for identificationof antibiotic resistance

genes

The AmrPlusPlus Rarefaction Analyzer was used with subsampling every 1% of the total
readsand a gene read length of at least 10% to identify antibiotic resistance genes. The
solid lines showndividual sequencing experimarand the dotted lines are the logarithmic
extrapolations beyonthe experimental sequencing depth.

Supplementary Table 11: Sequencing reads identified in the Blank samples

Enriched negative control blank libraries weeguenced on separate MiSeq 2 x 250 runs.
After demultiplexing, we pulled the reads that were associated with various index
combinations used alongside the Blank Negative control throughout library preparation
within the same trials and sets.
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Samples processed aongside the blank Number of paired reads
Sample library sequenced on run with Blank Percentage of Blank
C0002 1575 0.92
C0018 0 0.00
C0050 435 0.26
Blank C0060 379 0.22
Tria 1 Pooll 3064 1.80
Pool2 110959 65.05
Pool3 36390 21.33
Additional barcodes 2487 1.46
Blank 15276 8.96
C0002 6611 15.02
C0018 11763 26.72
C0050 5194 11.80
C0060 4491 10.20
Blank Pooll 1178 2.68
Trid 2 Pool2 4800 10.90
Pool3 5862 1331
Additional barcodes 3044 6.91
Blank 1083 2.46
1-1 456 17.61
1-2 94 3.63
1-3 174 6.72
1-4 101 3.90
175 316 12.20
1-6 82 317
Blank Set1 1-7 683 2637
1-8 173 6.68
1-9 35 1.35
Negative Control - Blank 28 1.08
C000271 1-1 120 4.63
C000271 1-2 37 1.43
C00027 1-3 291 1124
2-1 367 9.65
2-2 22 0.58
2-3 a4 1.16
2-4 119 313
2-5 40 105
2-6 0 0.00
Blank Set 2 2-7 39 103
2-8 271 712
2-9 137 3.60
Negative Control - Blank 530 13.93
C000271 2-1 207 5.44
C000271 2-2 34 0.89
C00027 2-3 1994 52.42
3-1 224 3.76
3- 286 4.80
3-3 71 119
3-4 1653 27173
3-5 282 473
3-6 23 0.39
Blank Set 3 3-7 42 0.70
3-8 128 215
3-9 1198 20.09
Negative Control - Blank 0 0.00
C00021 3-1 161 2.70
C000271 3-2 817 13.70
C00027 3-3 1077 18.06

Supplementary Table 12: Negative control enrichment with Blank samples

Enriched reds were divided among index combinatigesl during the respective Phase,
Trial or Set (Supplementary Table 7). The rebdknging to each Negative Contiiol

Blank librarywere trimmed and duplicates were removed then mapped to CARD through
rgibwt. The number of genes with 1, at least 10 and at1€&steads as well as genes with
probes mapping, with average read mappinglity >=11 and gene length coverage with
reads >=10%re shown. In Phase 2 Set 1, raw sequencing reads were used for analysis, in
Set 2, deduplication was omitted, and for Set 3, there m@meads associated with the
Blank indexes after sequencing.
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Paired reads Percent of Genes Genes
Paired after reads  Total genes with 10 with 100 Genes with at least 10 reads,
Sample trimming ; &l d ormore  or more >10% read coverage, MQ >=11
reads mappingto  withreads
and de- CARD reads reads and probes
duplication
10: cpxA, mefA, arlS mdtO, mdtE,
Blank Phasel 15076 2716 80.34 153 82 9 MAN, acrD, armA, AACE3)-IV,
APH(76)-1a,
Blank
Phase 1 Trial 2 1083 341 97.21 106 9 1 0
Phase 2 Set 1 28 N/A 0 0 0 0 0
19:
APH(38-Ib, acrD, acrE, acrF,
Phase 2 Set 2* 530 412 76.46 94 26 0 acrS, cpxA, dfrAl7, emrK, emrY,
eptA, evgS, mdtE, mdtF, mdtH,
mdtO, mdtP, pmrF, tetQ, tolC
Phase 2 Set 3 0 0 0 0 0 0 0

*Genesin Set 2 Blank found in enriched and shotgun libraries: tetQ, acrF. Genes found in blank and enriched: acrD, acrE, acrS, cpxA,
emrK, enrY, eptA, evgS, matE, mdtF, mdtH, mdtO, mdtP, pmrF, tolC. Genes found in blank only: APH(38)-1b, dfrA17,

Supplementary Table 13 (omitted from Thesiddue to sizg
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CHAPTER THREE: Capturing the antibiotic resistome of preterm infants reveals

new benefits of probiotic supplementation
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ABSTRACT
Background

Probiotic use in preterm infants can mitigate the impact of antibiotic exposiire an
reduce rates of certain illnesses; however, the benefit on the gut resistome, the collection
of antibiotic resistance genes, requires further investigation. We hypothesized that probiotic
supplementation of early preterm infants (born <w&k gestationwhile in hospital
reduces the prevalence of antibiotic resistance genes associated with pathogenic bacteria in
the gut. We used a targeted capture approach to compare the resistome from stool samples
collected at the term corrected age of 40 weeks forgmups of preterm infants (those
that routinely received a mulstrain probiotic during hospitalization and those that did not)
with samples from fulterm infants at 10 days of age to identify if preterm birth or probiotic
supplementation impacted thesistome. We also compared the two groups of preterm
infants up to 5 months of age to identify persistent antibiotic resistance genes.
Results

At the term corrected age, or 10 days of age for theduth infants, we found over
80 antibiotic resistancesges in the preterm infants that did not receive probiotics that were
not identified in either the fullerm or probiotiesupplemented preterm infants. More genes
associated with antibiotic inactivation mechanisms were identified in preterm infants
unexposd to probiotics at this collection tinpwint compared to the other infants. We
further linked these genes to mobile genetic element&atetobacteriaceaenhich were

also abundant in their gut microbiomes. Various genes associated with aminoglyndside a
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betalactam resistance, commonly found in pathogenic bacteria, were retained for up to 5
months in the preterm infants that did not receive probiotics.
Conclusions

This pilot survey of preterm infants shows that probiotics administered after preterm
birth during hospitalization reduced the diversity and prevented persistence of antibiotic
resistance genes in the gut microbiome. The benefits of probiotic use on the microbiome
and the resistome should be further explored in larger groups of infants. Rsidnitgh
sensitivity and lower sequencing cost, our targeted capture approach can facilitate these
surveys to further address the implications of resistance genes persisting into infancy
without the need for largscale metagenomic sequencing.
INTRODUCTIO N

Preterm infants (born < 3Week gestation) have an immature gut microbiome that
is shaped by various factors, including the immaturity of the gastrointestinal tract at birth,
maternal and postnatal antibiotic exposure, delivery mode, and feeding method
[1,2,3,4,5,6,7,8]. Preterm infants often have reduced gut microbial diversity compared to
full-term infants. Their microbiota can be dominated by a few potentially pathogenic
bacteria, including Enterococcus faecalis Staphylococcus epidermidisKlebsiella
pneumoniag Escherichia coli and Pseudomonas aeruginoga, 6, 9, 10]. The initial
colonizers of the preterm infant gut have been linked to the environment, including the

neonatal intensive care unit (NICU) [11, 12]. The potential exposure to mutiesisgiant

121



Ph.D. Thesi$ A. K. Guitor; McMaster University Biochemistry and Biomedical Sciences

(MDR) strains, their persistence in the infant gut, and possible transfer of antibiotic
resistance genes (ARGS) in this hospital niche are of concern [13,14].

Due to their overall immmune immaturity, preterm infants are at high risk of infection
and can be exposed to antibiotics for prolonged periods, usually as empiric treatment for
suspected sepsis [15]. Among the most frequently used medications in the NI@ie ar
antibiotics ampicillin, gentamicin, amikacin, and vancomycin [15,16]. The consequences
of antibiotic exposure on preterm infantso
have been explored [8,17]. Exposure to various bepattrum antibioticeot only reduces
the overall diversity of bacteria in the infant gut but also can select for pathogenic
Enterobacteriaceaeand reduce beneficial organisms, includimifidobacteriaceae
[18,19,20,21]. This change in microbial diversity is also related delection for MDR
strains and promotes persistence of A&&ying bacteria over time [13,18,21,22,23].

The intestinal immaturity of preterm infants, the reduced microbial diversity in the
gut, and frequent exposures to antibiotics increase the risk obtizéry enterocolitis
(NEC) for these infants [24,25,26]. NEC is a disease that affects around 7% of very low
birth-weight infants, is associated with longer hospital stays, and has a high mortality rate
(15 30%) [24,27]. Probiotics have been shown taioedthe incidence of NEC, sepsis, and
mortality in preterm infants, in addition to reducing the impact of extensive antibiotic
exposure on the gut microbiota [2, 24, 28,29,30,31,32,33,34,35,36,37].

A higher prevalence @ifidobacteriumspecies in the infa gut is associated with

reduced colonization by taxa commonly associated with antimicrobial resistance (AMR)
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such a€Enterobacteriaceafl, 38,39,40]. By association, we hypothesized that a probiotic
supplement containingifidobacteriumspecies will redce the diversity of ARGs detected
in the preterm infant gut. A few studies have focused on probiotics and the resistome of
preterm infants and reported thBifidobacteriumcontaining probiotics reduced the
abundance of MDR bacteria and their associated ARGs [41,42,43]. These studies used
either polymerase chain reaction (P&ipsed approaches [42] or shotgun metagenome
sequencing [41, 43] to characterize the resistome.BecARGs usually represent less
than 1% of a metagenome, the latter approach of shotgun sequencing requires a high
number of sequencing reads, which becomes expensive for longitudinal cohort studies [44].
PCRbased resistome analyses typically only taadéew antibiotic resistance genes of
interest [45]. Our previous work showed how a targeted capture probe set of over 37,000
nucleotide baits designed against 2000 antibiotic resistance genes is superior to shotgun
sequencing for surveying the resistomé][AVe employed this probe set to profile ARGs
of preterm infants supplemented with probiotics and highlight the reduction of these genes
commonly associated with pathogenic bacteria.

A subset of preterm infants from the Baby and Preterm Microbiota éhtibstine
Cohort Study (Baby & Pr#li) at McMaster University received a commercial probiotic
supplement (FloraBABY, Renew Life Canada) that contained four species of
Bifidobacteriumand ond.actobacillusspecies [47]. We have previously shown that at term
age, the gut microbiota of these preterm infants supplemented with this probiotic was more

similar to that of 1@ay-old healthy infants born full term (> 3¥eek gestation) [4, 5, 47].
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In this study, we assessed the resistome of the gut microbiotaibset ®f samples from
preterm and fulterm infants from the Baby & P and Baby & Mi studies [4, 5, 47],
including stool samples collected during hospitalization and at fellpwisits up to 5
month corrected age from 8 preterm infants who were songpited with the probiotic in
hospital (PS), 13 preterm infants that were not supplemented with the probiotic during
hospitalization (NS) [47], and stool samples from ninedagold full-term (FT) infants
that did not receive probiotics or antibiotics$4, DNA extracts were prepared for lllumina
sequencing and enriched for ARGs using targeted capture [46]. After enrichment and
sequencing, the Resistance Gene Il dentifier
reads to the Comprehensive Antibiotic Rémnce Database (CARD) [48]. ARGs were
compared across patient cohorts and study-fioiets to detect differences in the resistome
after probiotic supplementation. We highlight differences in the diversity of ARGs rather
than individual ARG abundances,vgn that even rare ARGs in the microbiome can
provide selection for antibioticesistant bacteria and the future implications of ARG
persistence on preterm infant health are unknown.
MATERIALS AND METHODS
Study participants and sampling

A detailed descripon of the study participants and design can be found in Yousuf
et al.[47] and Stearnst al.[5]. Four stool samples were chosen for preterm infants in our
study, based on timgoint sample availability and distribution to provide a longitudinal

survey panning their time spent in hospital up to 5 months of age. The last sample collected
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in hospital before the infant was discharged or they reached their expected due date (i.e.,
term age) is referred to as thehaspital timepoint. The other samples incled are the

first study visit (visit 1) that took place as close to term age as possible and subsequent
samples collected at arouneweek (visit 2), 12week (visit 3), and Bnonth (visit 4)
corrected age (with corrected age referring to age of the iimfantthe expected due date).
Postmenstrual age (PMA) in weeks at the time of sample collection was calculated as the
sum of gestational age at birth (based on the expected due date and infant birth date) and
postnatal age.

Part way through the Baby & RMi study (November 2017), the McMaster
Childrends Hospital NICU changed their poli
Life Canada, Brampton, ON, Canada) was routinely given to infants born at less than 34
week gestation or weighing less than 2 Kgis probiotic contains 0.5 g (2 billion CFU
bacteria) per singldose sachet, including the followirigjfidobacterium brevéHA-129),
Lactobacillus rhamnosu@iA-111), Bifidobacterium bifidun{HA-132), Bifidobacterium
longumsubsp infantis(HA-116), andBifidobacterium longunsubsp.longum(HA-135).

For our resistome analysis, infants born early preterm (we¥k gestation) that were
admitted to the NICU and had samples available in hospital and at around term age were
studied. This includes 8 probiotsupplemented (PS) preterm infants born at an average
gestational age of 28.14 weeks and 13 not supplemented (NS) preterm infants born at an
average of 27.49 weeks. The PS infants were exposed to the probiotic FloraBABY for an

average of 8.27 weeks (Taldlg One PS infant (PS4) continued supplementation with the
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probiotic BioGaia, which containdimosilactobacillus reuteristrain DSM 17938,
throughout visit 1 and visit 2 after stopping FloraBABY administration-gastharge from
hospital. Two NS infantsNS3 and NS4) received the probiotic BioGaia between visit 3
and visit 4 for an unknown duration. As a comparator to the term age (visit 1) sample
collected from preterm infants, a-tldy stool samples from 9 feiérm (FT) infants from

the Baby & Mi studywere included (Table S1, Additional file 1) [5]. These-tellm infants

had not received probiotics or antibiotics prior to stool collection. From our chosen set of
preterm infants (n = 21), a subset of samples from PS (n = 6) and NS (n = 6) infants were
matched for antibiotic exposure and sample availability (Table S2, Figs. S2, S3, Additional
file 1). We present the results from this subset alongside the results from the entire cohort
to determine if the results were replicated.

Table 1: Characteristics of infant cohorts and samples used in this study

NS preterm (n = 13) PS preterm (h = 8) p-value
Gestational age at 27.49 + 2.03 28.14 +1.54 0.47
birth, weeks
Probiotic 0.00 8.27 £3.19 < 0.0001
exposure, weeks
Antibiotic Amo(1), Amp(13), Az(2), Amp(6), Cefa(l), N/A
exposure during | Cefa(3), Cefo(5), Cefu(l), Cefo(2), CI(3), G(6),
samplecollection | CI(5), G(13), Mer(2), Met(2), V(1)

(types and numbe| Met(1), T(1), V(5)
of infants exposed

Antibiotic 1.98+1.83 1.11+1.20 0.20
exposure, weeks
In-hospital sample 37.20 £+ 3.80 (12) 37.86 £ 1.69 (3) 0.66

weeks in PMA )
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NS preterm (n = 13) PS preterm (h = 8) p-value
Visit 1 sample, 41.96 £ 2.25 (10) 42.63 £ 1.69 (8) 0.52
weeks in PMA )
Visit 2 sample, 46.83 £1.75 (9) 46.43 £ 0.50 (5) 0.90
weeks in PMA )
Visit 3 sample, 52.29 +2.45 (7) 54.21 +1.85 (6) 0.18
weeks in PMA )
Visit 4 sample, 62.46 + 2.56 (10) 59.68 + 0.62 (4) 0.07

weeks in PMA )
PMA is the postmenstrual age in weeks, and SD is the standard deviation. The data are

presented as mean + SBv al ues < 0. 0 5-test ar MangWhighéyuvdre nt 6 s
considered to be statistically significant
16S rRNA gene profile analysis

The amplcon sequence variant (ASV) table from [47, 49] representing bacterial
16S rRNA gene v3 region amplicons was analyzed by plotting the relative abundance of
ASVs for each fulterm infant at 10 days and the subset of preterm infants included in our
study atall available collection timg@oints using R. ASVs were grouped together as one
category (< 1% abundance) if they represented less than 1% of the total relative abundance
across all infants.
DNA library preparation, enrichment, and sequencing

DNA extractedrom stool for the previous study [5, 47, 50] was used here. Library
preparation and enrichment for ARGs were performed as described in €ugiof46].

When available, up to 500 ng of dsSDNA was used for library preparation with the NEBNext

Ultra 1l dsDNA library kits (Additional files 2, 3). After library preparation, a High
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Sensitivity DNA ScreenTape Analysis (Agilent Technologies) was performed to estimate
the DNA available for enrichment. For most samples, at least 100 ng of DNA was available
for errichment (Additional file 2). All samples were enriched for 24 h at 65 °C using a
probe set of 37,826 probes designed to target over 2000 ARGs. After 3 rounds of washing
of the streptavidin beads, 12.5 €L of <capt
purified using KAPA Pure Beads, and then e
Enriched libraries were quantified by quantitative PCR (qPCR) and then pooled in
equimolar ratios. Sequencing was performed by the Farncombe Metagenomics sequencing
facility at the McMaster University on an lllumina HiSeq or MiSeq with 2 x 250 bp
sequencing chemistry with a targeted depth of 250,000 clusters per library.
Analysis of targeted capture sequencing data

Paired sequencing reads were trimmed uskgwerversion 02.2 [51, 52] and
deduplicated usingdedupesh from BBMap version 38.57 [53]. Reads were then
subsampled to 50,000 pairs, or 100,000 paired reads total, using the sample command from
seqtkversion 1.3 [54]. Using the beta read mapping to CARD (B@) fedaure of RGI
version 5.1.1 [55], reads were mapped to a combined reference of 179,050 nucleotide
sequences from CARD (nucleotide sequences, protein homolog model, version 3.1.0) and
the Resistomes & Variants database version 3.0.7 bsiwgje2version 2.3%.1 [56, 57].
Both databases are available for downl oad
for the kmer prediction of pathogen of origin for AMR genes or reads {&&r query)

with the default 6dmer database, to predict bacterial species that may harbor an ARG.
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Lastly, using irhouse scripts, we generatete novo assemblies of the enriched
metagenomes using theetaSPAdesption in SPAdes v. 3.13.1 [59, 60]. Resistance genes
were predicted from these assemblies usingnthen feature of RGI version 5.1.1 and
CARD (version 3.1.02702 nucleotide sequences). Detailed code is available at
https://github.com/AllisonGuitor/AMRnetatools. An important distinction to note is that

R G khwtreadmapping algorithm in version 5.1.1 is unable to detect resistance conferred
by point mutation in chromosomally encoded ARGs, whereas iR&h can predict
resistance via this mechanism.

The RGIbwtresults for each infant were filtered for genes with at least 100 mapped
reads. If ade novoassembly was successfully generated, all perfect and strict predicted
genes from the RGI analysis were included in downstream analyses. These results were
then canbined across all infants. Significant differences between infant groups were
determined by unpairedtést in GraphPad Prism version 9.0.1, with-@ajue cutoff of
below 0.05. To assess whether the types of resistance genes differ between infant groups,
we further categorized the genes identified through IR@based on their AMR resistance
mechanisms and gene families in CARD. Unique genes identified in each infant cohort in
the RGIbwtanalysis and théde novoassembly + RGinainanalysis were comparedenn
diagrams were generated using BioVenn [61]. To compare ARGs that we differentially
detected in one group of infants compared to the others, we excluded AMR gene families
that were present in all cohorts at the visit 1 tpoent (term age for preter and 10 days

of age for fullterm infants). For the longitudinal analysis, we removed AMR gene families
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that were present in 4/5 tinpoints in both preterm infant cohorts, as these likely represent
the general resistome of preterm infants.
Mobile geneticelement detection and bacterial host identification

Given the nature of our probe set design and method, the genomic context
surrounding targeted resistance genes can also be captured. This analysis relies on
assembling contigs from the targeted captate dnd successfully predicting open reading
frames (ORFs). Therefore, in some cases, a particular gene might not be detected. In many
cases, large enough contigs were obtained to predict an ARG througmdd@Gand to
annotate neighboring genes usitrgkkaversion 1.14.5 [62]. Only contigs greater than 1.2
kb with perfect or strict hits from CARDSG
Contigs greater than 1.2 kb containing ARGs were analyzed nihgeconfrom MOB-
suite v3.0.1 [63, 64] to predict pottgal plasmid sequences and mobile genetic elements
(MGESs). In addition to these potentially mobile ARGs, we selected contigs with AMR gene
families that were unique to one infant cohort when comparing preterm infants at term to
FT infants at 10 days of agr to one infant cohort when comparing preterm infants up to
5 months of age. This included the followirgac(3) a n t (a2nn}f),(a4oNj)( aBriS))
blaacT, blactx-m, blacwia, blapHa, blacen, blawir, blamox, blaoxa kdpDE streptothricin
acetyltransferasetetracycline inactivation enzymes, vancomycin resistance genes, and
streptogramin vat acetyltransferase. We retrieved the most similar nucleotide hit of these
contigs using Nucleotide BLAST (blastN) [65] with the nonredundant nucleotide collection

in NCBI [66]. We also recorded the pathogeiforigin prediction by RGkmer_queryand
130



Ph.D. Thesi$ A. K. Guitor; McMaster University Biochemistry and Biomedical Sciences

results from read mapping to CARDG6s Resi st

potential hosts for each ARG based on reported sequencing data in NCBI [67]. From the
blastN RGlkmer_query CARDOs Resi stomes & mdbarecormnt s
analysis, a consensus prediction of a bacterial host for each ARG was inferred if at least 2
of the results agreed. Annotated contigs containing unique ARGs of interest were compare
usingclinker version 0.0.21 [68].
Negative controls sequencing

We included 12 negative controls throughout our study to account for potential
contamination from reagents and laboratory environment. The libraries were analyzed via
a High Sensitivity DNA ScreenTape Analysis (Agilent Technologies) and quantified by
gPCRas described previously [46]. Only 3 of the negative controls displayed signatures of
DNA sequencing libraries, and one had sufficient concentration for sequencing (Additional
file 5). This sample was sequenced on an lllumina MiSeq run (2 x 250 bp clgmistr
separately from other libraries generated in this study. The unique index combination
corresponding to the negative control library did not generate any read data.
RESULTS
Exposure of preterm infants to various antibiotics and probiotics in early life

All preterm infants included in this study were treated with ampicillin and
gentamicin, except two PS infants that did not receive antibiotics during sample collection.
Many received up to five different antibiotics within the first 10 weeks of life (Flg. S

Additional file 1). On average, NS infants received more prolonged doses of antibiotics
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(1.98 weeks compared to 1.11 weeks for PS infants; however, the difference was not
profound), with one NS infant receiving a total of 5.86 weeks of antibiotic dbsitngeen

birth and 5month corrected age (Table 1). No PS infant received antibiotics after beginning
probiotic administration during the study period. A timeline of sample collection and
probiotic administration is shown in Fig. 1. Three of the pretefamts were still receiving
probiotics during the visit 1 or term age tipeint, and PS4 continued to receive BioGaia

at the visit 1 and visit 2 timpoints. In previous work, the impact of probiotics on the gut
microbiota of this cohort of infants is desed in detail [47]. Our study found that bacteria
belonging to the familyBifidobacteriaceaeare present at higher relative abundances at
earlier collection timgooints in PS infants than in NS infants, and thatierobacteriaceae

andClostridiaceaedominate the gut microbiota of NS infants (Fig. S4, Additional file 1).
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Figure 1: Sample collection and probiotic exposure of preterm infants.

Timelines from birth to final sample collection for all infants are included in this study. The
duration of expose to probiotics (lavender bar) and timing of sample collection in relation
to postmenstrual age in weeks are shown forprabioticsupplemented (NS), probiotic
supplemented (PS) preterm infants, andtiedin (FT) infants

Similar number of antibiotic resistance genes in preterm and fulterm infants at an

early age
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We first wanted to compare the resistome of preterm infants teefoll infants at
an early age. We found that neither preterm birth nor probiotic exposure in preterm infants
resulted in gnificant differences in the number of ARGs recovered from these infant gut
microbiomes at the term age as compared tetéuth infants at 10 days of age (Fig. S5 B
C, Additional file 1). Given the variability in the number of samples between the NS, PS,
and FT infants, and differences in antibiotic treatments of the preterm infants, we
reanalyzed our results in a subset of preterm infant samples matched fpotimhand
antibiotic administration along with the FT infants. Again, we found no significant
differences in the number of ARGs between the infant groups (Figi S6/ARlIditional file
1). To ensure our results were not biased, we compared the percentages of sequencing reads
that map to ARGs in CARD between infant groups. We found a significagtighnumber
of reads mapping in the FT compared with the NS infants at visit 1 (10 days/term age) (P
= 0.0014; P = 0.0318, Figs. S5A and S6A, Additional file 1). The higher percentage of
mapped reads to CARD did not correspond to increased numbers ofidAR@dultterm
infants. Therefore, percentage of mapped reads to CARD cannot be used as a measure of
ARG load after enrichment as it is in shotgun sequencing but is instead used as a measure
to determine whether enrichment was successful [41].
Preterm infants not supplemented with probiotics have a greater diversity of
antibiotic resistance genes

We next compared the types of ARGs found in each infant group at an early age

(visit 1). In both the reathapping RGbwtandde novaassembly with RGinainanajsis
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approaches, over 200 ARGs were identified (226 for R@knd 243 for RGimain) in all

infants (Figs. 2A, S7A, Additional file 1). Many of these ARGs (81 for B@tand 94 for

RGI main) were only ever identified in the NS infants (Figs. 2A, S7A, ifddal file 1).

We then looked at the number of ARGs at the individual level that was unique to their given
infant group and found significantly fewer unique ARGs in each PS infant compared to the
NS and FT infants (P = 0.0047 for NS vs PS, P = 0.026P%ws FT; Figs. 2B, S7B,
Additional file 1). Many of the NS infants had more than 10 ARGs that were not identified
in the two other infant groups (Figs. 2B, S7B, Additional file 1). We found that probiotic
exposure in preterm infants resulted in a redumedber of unique ARGs in the infant gut
microbiome as compared to other preterm infants at the term age atafrfuihfants at

10 days of age.
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Figure 2: Differences in the resistome identified through RGbwtin infants at visit 1.

Reads were mapped to CARD ushgwtie2 and antibiotic resistance genes with at least
100 reads were reported. The data presented is from the full set of preterm -aemnfull
infants and at visit 1. A) Unique and overlapping ARd&sntified in each infant group. The
number of infant samples included in each is shown next to the sample type. B) The number
of unique ARGs identified in each infant. Significant differences are denoted by a line and
asterisk(s) above the groups thateveompared (P = 0.0047 for NS vs PS, P = 0.0262 for
PS vs FT). C) A breakdown of the mechanisms of antibiotic resistance identified in each
infant group. The number of infant samples included in each is shown next to the sample
type. D) The presence orsdnce of selected AMR gene families in each infant group. A
teal box indicates that at least one gene from that AMR gene family was identified in any
of the infant samples (NS = not supplemented preterm, PS = prehipjdemented
preterm, and FT = fulterm infants)

When classified under their respective AMR mechanism, we identified more

antibiotic inactivation genes in the NS infant group compared to the other infants (Figs. 2C,
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S7C, Additional file 1). Finally, we refined our results to the Algiéhe family level and
determined the presence of AMR gene families in the infant groups (Figs. S8A, S9A,
Additional file 1). Various AMR gene families were found uniquely in the NS infants
including aminoglycosidenodifying enzymes gac(3) a p h | ang )b¢a-lactamases
(blacTx-m, blacmy, blaoxa) (Figs. 2D, S7D, Additional file 1). Again, when looking at the
subset of preterm infant samples matched for-fimi@t and antibiotic exposure along with
the fullterm infants, we found similar results to those ab(vgs. S8B, S9B, S10, S11,
Additional file 1). We found that probiotic exposure in preterm infants resulted in a reduced
diversity of ARGs in the infant gut microbiome as compared to other preterm infants at the
term age and fulterm infants at 10 daysf age.
Probiotics reduce the diversity of the preterm gut resistome up to 5 months of age

Next, we sought to compare the impact of probiotics on the resistome of preterm
infants up to 5 months of age. Apart from the differences at visit 1 noted abofayrvie
no significant differences in the percentage of reads mapping on target or the number of
ARGs detected at any tinpoint between the NS and PS infants (Figs. SS5DEF, S6DEF,
Additional file 1). We did, however, identify more ARGs in the NS infants gsoap
compared to the PS infants at all study tipeents up to 5 months of age (Figs. 3, S12,
Additional file 1). These results were recapitulated in the matched subset of infants except
at the 12week corrected age (visit 3) where ~50% of the uniqueg€fdl/44) were
identified in one PS infant (results not included) highlighting the potential for large

individual variation in the resistome among infants (Figs. S13, S14, Additional file 1).
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Again, we looked at the number of ARGs at the individual lévali were unique to their
given infant group and, in addition to the results previously described for visit 1, found
significantly fewer uniqgue ARGs in each PS infant compared to the NS infants at visit 2 (P
=0.0180) and visit 4 (P = 0.0144, P = 0.0105y$. 4A, S15A, Additional file 1). When

we looked at the matched subset of preterm infants, however, we only found significant
differences in the unique number of ARGs at the visit 1 4imiat (Figs. S15B, S16A,

Additional file 1).
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Figure 3: Number of unique genes in preterm infants at various timepoints.

These gene counts are from mapping reads to CARD uUmingie2and counting the
number of genes with at least 100 reads. Data are from NS and PS infants-abgatad

collection (A), visit 1 (B) visit 2 (C), visit 3 (D), and visit 4 (E) timpoints. The number
of infants included in each tim@oint is indicated (NS = neprobioticsupplemented

preterm, PS = probiotisupplemented preterm)
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Figure 4: Unique ARGs, mechanisms, and families in mterm infants up to 5 months

of age.

Reads were mapped to CARD using bowtie2, and ARGs with at least 100 reads were
reported. The data presented is for all preterm infants at all visits. A) The number of unique
ARGs identified in each infant. Significadifferences are denoted by a line and asterisk(s)
above the groups that were compared (P = 0.0052 for visit 1, P = 0.0144 for visit 4). B) The
number of ARGs identified in each infant group classified by resistance gene mechanism.
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Antibiotic inactivating genes are more prevalent in preterm infants not supplemented
with probiotics

Overall, we identified a reduced diversity of ARGs in both preterm infanpgrau
visit 4 (5month corrected age) compared to in early life (Figs. 3, 4B, S15C, Additional file
1). In the NS group of infants, we found more ARGs classified as antibiotic inactivating
genes at all timgoints compared to their PS counterparts (Figs.S1L5C, Additional file
1). This result was corroborated in our matched subset of preterm infants (Figs. S15D,
S16B, Additional file 1). Therefore, probiotic supplementation reduced the diversity of
antibiotic inactivation genes detected in the pretefflamiingut resistome up to 5 months of
age.
Preterm infants not supplemented with probiotics retain certain AMR gene families

We next looked at the diversity of AMR gene families in the preterm infants up to
5 months of age (Figs. S17, S18, Additional fijeWe found certain AMR genes that were
unique to the NS infants across many tipents and never identified in the PS infants.
These genes belong to the following AMR gene famibeg(3) blacoia, blactx-m, blaoxa,
streptogramin vat acetyltransferagetracycline inactivation enzymete(X and tet(X4),
and various vancomycin resistance genes (Figs. 4C, S15C, Additional file 1). Also, there
were certain AMR gene families that, although they were identified at earhptimés in
both preterm groupspaeared to persist longer in the NS infants than in the PS infants.
These families included the aminoglycoside resistance fanaliest (addm@nt(6), the

SHV-type betdactamases, and the fosfomycin thiol transferases (Figs. 4C, S15E). We
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found similar tends in the matched subset of infants and compared the similarities across
both analysis approaches (Figs. S15F, S16C, S17B, S18B, Additional file 1). These results
suggests that these preterm infants are exposed to similar ARGs at an early age, but that
probiotic supplementation prevents prolonged retention of these ARGs in the gut resistome.
Genetic context of antibiotic resistance genes was retained in the infant gut

A unique feature of targeted capture is the ability to increase not only the depth of
sequencing coverage of ARGs but also the surrounding genes. Usingniebised
pathogerof-origin prediction feature of RGI (RGkmer_query and MOBs ui t e 6 s
mob_reconalgorithm, we identified the genetic context of specific ARGs, predicted
potential bacterial hosts of ARGs, and identified MGEs carrying these ARGs in the infant
gut microbiome (Figs. 5, 6, S1824, Additional files 1 and 4). In many cases for the NS
infants, the genetic context of ARGs was conserved within individuals over the various
study timepoints indicating the persistence of the same host organism or mobile genetic
element housing the ARGs. This was also found between individual infants. These case
includedaac(3}lld in NS5 and NS12 over multiple tifmoints,blactx-m-14 in NS5 from
in-hospital up to 5 months of age, and variblesny genes that were detected from in
hospital up to 3 and 5 months of age only in NS infants (Figs. 5AB, 6). Withabho(3)
lld andblacTx-m-14, the genes were near 1S4, 1S6, or IS1 family transposases, highlighting
the potential mobility of these genes. The contig contaiaarg3}11d in infant NS5 at visit
1is similar to a plasmid identified Kb pneumoniaand oherGammaproteobacteribased

on the MOBsuite analysis (Additional file 4). This contig also contained the A2l 7,
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aadAj5 andsull In other NS and PS infants, these additional genes were found in different
genomic contexts and potential plasmids niifeed in Gammaproteobacterja
EnterobacteriacegeandEnterobacteraleshighlighting the mobility of these ARGs (Fig.
S21, Additional files 1 and 4). The SHV bdsatamases likely originated frokiebsiella

spp. based on the R&iner_queryesults but ray be associated with plasmids with a broad

host range ilcammaproteobacteriandEnterobacteraleg¢Additional file 4).
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Other clustrs of AMR genes were more prevalent in NS infants compared to the
PS and FT infants. Vancomycin resistance genes possibly originatind=frterococcus
spp. were prominent at later tipeints in various NS infants and were not identified on
plasmids (FigS19, Additional files 1 and 4). Tetracycline inactivation enzymest@t),
flanked by the rRNA methyltransferasemDwere detected in NS infants at various time
points, likely originated fronBacteroides fragilisand were not associated with anypwm
plasmids (Fig. S20B, Additional files 1 and 4). CblA bletetamases were most similar to
sequences from uncultured bacteria Racteroides uniformisn NCBI, and contigs
containing this ARG did not show similarity to plasmids in MOB suite (Fig. S20A,
Additional files 1 and 4). Finally, the ANT(6) AMR family, consistingamit(6)1a, aad(6)
andaad$ and the combination of the streptogramin vat acetyltransferatfizandvgaB
were likely found in Granpositive organisms such &Staphylococcus aureuand
Enterococcuspp. and have been associated with plasmids in these genera (Figs. S22, 5D,
Additional files 1 and 4).

For the few genes that were more prominent in the PS infants, the OKP beta
lactamases likely originated froKiebsiellaspp., based orhé RGIkmer_queryresults.
Based on the MOBuite analysis, these genes are likely associated with plasmids with a
broad host range iGammaproteobacterjaEnterobacteriacegeand Enterobacterales
(Fig. S23, Additional files 1 and 4). There are two geesint i fi ed from t h
family: a p h ¢lla gnd a p h €hMAa njBig. S24, Additional file 1). From the RGI

kmer_quenanalysis, the latter was likely foundBmterococcuspp., while the former has
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a broader host range, includi@gpstridiodesspp. (Additonal file 4). Neither were similar
to plasmids via the MOBuite analysis.

Including these highlighted ARGs, over 200 instances of ARGs were predicted to
be on a plasmid (Additional file 4). Many of the genes originated 8oaureusincluding
mecA med, mecRl1ermC msrA mphG blapcy, InuA, dfrC, gacA andgacB These genes
were not unique to any infant group nor sample collection-poiet. ThemecA mec|
mecRlandermCgenes were more commonly found in NS infants. ARGs potentially found
on plasmils fromEnterobacteriaceaand Gammaproteobacteriancludedsul2, blarem-1,
aac(6'ylb-cr,a p h (113 aph(6}Id, dfrAl, E. coliblaampg andtetO. Thesul2 a a ¢ {bé Nj)
cr, andaph(6}ld genes were more common in NS infants compared to the other infants we
investigated.
DISCUSSION

Given the consequences of antibiotic exposure on the gut microbiome and
resistome, and the evidence suggesting that probiotics reduce the risk of NEC in preterm
infants, we sought to study the effect of probiotics on the preterm infant gut resistome.
While the overall number of ARGs between the groups of infants did not differ
significantly, we found differences in the unique types of ARGs and resistance
mechanimis. The NS infants harbored more unigue ARGs associated with antibiotic
inactivation mechanisms of resistance than the PS and FT infants. We also identified ARGs
that persisted longer throughout the study period in NS infants compared to PS infants.

Finally, by harnessing the unique aspects of targeted capture and our analysis approaches,
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we could predict potential hosts and plasmid sequences associated with ARGs. Therefore,
our survey of the resistome in preterm infants suggests that probiotics givanthatfirst

12 weeks of life reduce the diversity of ARGs in the preterm infant gut and prevent the
persistence of ARGs up to 5 months of age.

Antibiotic resistance genes were found in all infant gut microbiome samples,
regardless of whether they were pret or received probiotics. This is not surprising given
that a diverse gut resistome containing Hatéam, tetracycline, aminoglycoside, and
chloramphenicol resistance genes has been found in both preterm d@achiutifants [21,

69, 70]. We identifid many of the same bekactamases, aminoglycostaeodifying
enzymes, and tetracycline protection proteins as those detected previously in preterm and
full-term infants, suggesting similar exposures to Ag@Yying bacteria throughout early

life, perhapsrom the NICU or other shared environments [8, 11, 12, 22, 41, 43].

We found more unique ARGs in NS preterm infants than in PS preterm infants at
visit 1 (term age) and fulierm infants at 10 days of age. This contradicts a previous study,
where the resistme of preterm infants encoded fewer unique ARGs; however, the relative
abundance of these ARGs was higher than intéuth infants [21], highlighting the
importance of going beyond enumerating ARGs alone. Few studies have compared
probioticsupplementegbreterm infants to fulterm infants. One reported a much lower
diversity of ARGs in all infants than our study did (99 vs over 200) [43]. This disparity is
likely due to the limited detection of antibiotic resistance genes with shallow shotgun

metagenomisequencing. They noted that Rprobioticsupplemented preterm infants had
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a higher abundance of certain b&tetamases and efflux pumps compared to preterm
infants supplemented with a similar probiotic to our study anetéath infants at 7 days

[43]. Another group surveyed the resistome of preterm infants supplemented with
Bifidobacterium longum subsp. infantis EVCO001 using much deeper shotgun
metagenomics (average 33.6 million reads per sample) and detected 315 unique ARGs [41].
They found that the wden of AMR was lower in PS preterm infants, and 67 unique ARGs,
including a chloramphenicol acetyltransferase and macrolide resistance genes, were more
abundant in NS infants [41]. One final study, however, reported no significant difference
in the resistme of PS and NS preterm infants [42]. This study used the very limited
approach of PCR to detect a small set of resistance genes [42].

Our design is distinct from others because we applied a powerful hybridization
based sequencing approach to specificidhget over 2000 ARGs with bB00x less
sequencing effort than shotgun metagenomics, which reduces the cost of expanding to
larger sample sets. As others have noted, we also found that NS preterm infants had a
distinct resistome compared to PS preterrantd and fulterm infants. This was evident
in the number of unique ARGs we identified and the differences in resistance mechanisms
and AMR gene families that were present. While we detected the same genes in our infant
samples as other studies [41, 48k did not highlight these same genes as differences
between the infant groups. Alternatively, we found the association of unique antibiotic
inactivation genes including the bdertamasesblachia, blactx-m, and blapxa and

aminoglycosidemodifying enzymeac(3)with only the NS infants and a reduced number
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of unique ARGs in the PS and FT infants. Preterm infants that received probiotics were
more comparable to futerm infants than NS infants in terms of the distribution of
resistance mechanisms that weegected in the gut microbiome, in particular the numbers
of antibiotic efflux and antibiotic inactivation genes. These results suggest that probiotic
supplementation witlBifidobacteriumand Lactobacillusspecies soon after birth reduces
the diversity ofantibiotic resistance genes in the preterm infant gut, resulting in a resistome
that is more similar to fulterm infants at 10 days of age than that of other preterm infants.
While previous longitudinal studies have investigated the impact of probastics
the preterm infant gut resistome up to 4 months of age, we had a latg@oimat 5month
corrected age. Esaiassen andnakers reported that the resistome of PS infants was not
significantly different from that of more mature infants at 4 monttegye, suggesting that
probiotics remediated the effects of premature birth and antibiotic exposure [43]. Nguyen
and colleagues did not followp with infants after discharge from hospital but found that
a longer stay in the NICU resulted in greater acdatan of ARGs, and probiotic
supplementation reduced this effect [41]. While we did not havetduth infants to
compare to at older timgoints, we found that PS infants consistently had fewer unique
ARGs up to 5 months of age as compared to NS infvgsand others, also observed that
the diversity of ARGs was higher at earlier points in life and decreased over time in both
groups of preterm infants [8, 10]. Others have not noted, as we have, that certain
aminoglycosidemodifying enzymes gac(3) and betalactamasesblacTx-m-14, blashy)

persisted longer in NS infants than PS infants. The reduced diversity and persistence of
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ARGs associated with probiotic supplementation should be further monitored beyond 5
months of age. An approach similar to ourslddacilitate these studies in a ceftective
and sensitive way.

To go beyond what has been accomplished with previous shotgun sequencing
studies, we used the unique benefit of targeted capture in increasing the coverage of genetic
regions surrounding RGs to predict potential hosts and MGEs associated with those
ARGs. Potentially mobile ARGs were found in all infants, as has been reported previously
for both fultterm and preterm infants [21, 22, 43, 69]. Indeed, the antibiotic inactivation
genes thatgrsisted in the NS infants in our study up tménth corrected agadc(3)Iid,
blactx-m-14, blashv) were associated with MGEs in various MERterobacteriaceaand
enterococciAdditional file 4) [71,72,73]. Bacteria belonging to tBaterobacteriaceae
family have proportionately high levels of ARGs and can facilitate the transfer of ARGs
through MGEs to other pathogens [73,74,75,76,77]. The association of these genes with
MGEs and resistant pathobionts highlights the potential risk of dissemination@$ AR
the preterm infant gut. Various ARGs associated with MGE<atelobacteriaceawere
more common in NS infants than PS infants and therefore suggest probiotics reduce the
diversity of potentially mobile antibiotic resistance.

Similar to another study, we detected vancomycin ARGs in infants that did not
receive vancomycin at later collection tipeints as well as themecAgene (Fig. S19,
Additional files 1 and 4) [43]. We captured the entire vancomycin resistance gene cluster

(consisting of 5 genes) in NS infants at visit 3-(l&ek corrected age) and 4-rftonth
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corrected age) that likely originated froemterococcus gallinarunor other enterococci

(Fig. S19, Additional files 1 and 4). MethicillresistantStaphylococus aureugMRSA)
harbor the staphylococcal cassette chromosoeethat consists of the genegecA mecl
andmecR1[78]. The combination of two or more of these genes on the same contig was
identified in 3 NS infants and 1 fulerm infant in our study (Additionafile 4).
Enterococcaceaand Staphylococcaceaare often reported in preterm infants; however,
only a few infants in our study had a relative abundance of > 1% of these families (Fig. S4,
Additional file 1) [3, 6, 9, 10, 21, 79, 80]. Despite the low alanwt of these families of
bacteria, we still detected ARGs that likely originated fr&maphylococcuspp. and
Enterococcuspp. at various timpoints. These two examples highlight the sensitivity of
our approach and the potential to monitor rates of mawycin-resistant enterococci or
MRSA colonization and infection. We did not try isolating these organisms to test their
antibiotic susceptibility.

Another interesting result is the prevalence and persistence of the SHV beta
lactamases in NS infants (Fig). SHV betalactamases confer intrinsic resistance to
penicillins and firstgeneration cephalosporins and are core chromosomal genes in a group
of Klebsiella pneumonialg’3, 81, 82]. These genes have since been mobilized on plasmids
in other members of thEnterobacteriaceaeThe presence of SHV be@ctamases at
multiple study timepoints in NS infants could suggest competitive inhibition of ceKain
pneumoniastrains by the probiotic bacteria. We detected other genes that likely originated

from Klebskella spp. includingblaoke in PS infants and therefore cannot rule out the
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absence oK. pneumoniadn this infant group. Indeed, in the microbiota of the subset of
infants, various ASVs associated with straind&ofpneumoniaavere detected, although
theywere more abundant in NS infants. This may be a result of exposures to diferent
pneumoniaestrains in the NICU by these two groups of preterm infants.

Strengths of our study were its longitudinal nature, where samples were collected
both inhospital ad after discharge (up torfonth corrected age) and the timing of our
study that captured a change in protocol in the NICU to provide probiotic supplementation
as standard procedure. The sensitivity of our sequence capture method allowed us to detect
ARGsat low prevalence with a small amount of sequencing data, and the ability to enrich
the genetic context of ARGs allowed us to predict potential hosts and mobilization of
ARGs. The limitations of our study included the small number of samples at eaeh time
point and variability in antibiotic exposures of the infants. Compared to other approaches,
targeted capture does not reflect the micrc
cannot detect previously uncharacterized antibiotic resistance géne&3[484]. Finally,
both analysis approaches used in our study have limitations when detecting antibiotic
resistance in metagenomes [85] and rely on a reference database that requires curation and
frequent updates. In general, more ARGs belonging to & Anechanism group of
antibiotic efflux and antibiotic inactivation were reported in all infants. This reflects the
biased distribution of resistance genes curated in the CARD, which is itself based on ARGs
reported in the scientific literature [46].

CONCLUSIONS
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In this study of preterm infants, we have highlighted the potential of a
Bifidobacteriumspp. and.actobacillusspp. containing probiotic to reduce the diversity of
AMR in the preterm infant gut. When compared with probistipplemented infas
infants that did not receive probiotics had a higher number of unigue ARGs that were
predominantly associated with the mechanism of antibiotic inactivation and a greater
diversity of antibiotic resistance genes that persisted up to 5 months of agegatth
microbiome. Furthermore, we highlight how the unique combination of targeted capture
and analysis approaches can resolve individual ARGs, their surrounding genetic context,
and predict potential bacterial hosts. This allowed us to associate mdmny @érsistent
antibiotic resistance genes in aprobioticsupplemented infants witbnterobacteriaceae
and MGEs. Our results suggest that probiotics can be used as a supplement during
hospitalization to reduce the diversity of AMR in preterm infants #hatexposed to a
variety of multidrug resistant pathogens at an early age. Our study highlights the feasibility
and advantages of using targeted capture in longitudinal cohort studies of the resistome and
why it should be considered to further improve @net infant care.

Avalilability of data and materials

Sequence data that support the findings
Sequence Read Archive with the BioProject accession code: PRJIJNA805248. Two
participants (NS2 and NS5) did not consenhtorelease of their data. Code used to analyze
the data is available at https://github.com/AllisonGuitor/Aietatools or

https://zenodo.org/badge/latestdoi/444553774
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ABBREVIATIONS

NICU: Neonatal intensive care unit

MDR: Multidrug resistant

ARG(s): Antibiotic resistance gene(s)

NEC: Necrotizing enterocolitis

PCR: Polymerase chain reaction

Baby and PraMi: Baby and Preterm Microbiota of the Intesti@ehort Study
PS: Probiotic supplemented

NS: Not supplemented

FT: Full term

RGI: Resistance Gene Identifier

CARD: Comprehensive Antibiotic Resistance Database
gPCR: Quantitative PCR

ASV: Amplicon sequence variant

AMR: Antimicrobial resistance

RGI bwt: Metagenomic readnapping feature of RGI

RGI kmer_query Pathogerof-origin feature of RGI

RGI main: Genome annotation feature of RGI

ORF(s): Open reading frame(s)

MGE(s): Mobile genetic element(s)

PMA: Postmenstrual age
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ESBLs:Extendedspectrum betéactamases
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Figure S1: Antibiotic exposure of preterm infants.

The antibiotics preterm infants were exposed to throughout the duration of the study. A
colored box indicates that infant received the antibiotic. Thewihin each box represent

the number of times they were given that antibiotic. The length of treatment is not reflected
in this figure
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Table S1: Information regarding the full -term infants.

Full-term (n =9)
Gestational age at birth, weeks 39.8+ 061
Probiotic exposure, weeks None

Antibiotic exposure during sample collection (types { None

number of infants exposed)

Antibiotic exposure, weeks None

In-hospital sample, weeks in PMA (N) N/A
Visit 1 sample, weeks in PMA (N) 41.5+0.64(9)
Visit 2 sample, weeks in PMA (N) N/A
Visit 3 sample, weeks in PMA (N) N/A
Visit 4 sample, weeks in PMA (N) N/A

PMA is the postmenstrual age in weeks and SD is the standard devi&igodata are
presented as mean + SD.
Table S2: Information regarding the subset of preterm infants.

NS preterm PS preterm p-value

(n=6) (n =6)
Gestational age at 28.26 £ 0.84 27.81 £1.65 0.60
birth, weeks
Probiotic exposure, 0 8.21 + 3.68 <0.0001
weeks
Antibiotic exposure | Amo(1) Amp(6) | Amp(6) Cefa(1) N/A
during sample Cefa(2) Cefo(2) | Cefo(2) CI(3) G(6)

collection (types and CI(1) G(6) V(1) Met(2) V(1)
number of infants

exposed)

Antibiotic exposure, 1.02 £ 0.80 1.48 +1.17 0.49
weeks

In-hospital sample, 36.69+ 3.84(6) 37.86+ 1.69(3) 0.96
weeks in PMA (N)

Visit 1 sample, 41.03+ 1.86(5) 42.38+ 1.88(6) 0.31
weeks in PMA (N)

Visit 2 sample, 47.26+ 2.23(5) 46.43+ 0.50(5) >0.99
weeks in PMA (N)

Visit 3 sample, 50.19+ 1.33(3) 54.21+ 1.85(6) 0.04
weeks in PMA (N)

Visit 4 sample, 61.81+ 1.95(6) 59.68+ 0.62(4) 0.08

weeks in PMA (N)

PMA is the postmenstrual age in weeks and SD is the standard devi&sodataare
presented as mean + SD.

166



Ph.D. Thesi$ A. K. Guitor; McMaster University Biochemistry and Biomedical Sciences

Postmenstrual age (weeks)

20 25 30 35 40 45 50 55 60 65 70

NS3 * ® [

NS5 * ®

NS6 * ®

NS9 * ®

NS12 * ®
NS13 L 2 o o

i ° NN

@ ° I

IR 3

. T
2 by . s 3
c
£ rs . B N
- *0

FT1 @ Birth

FT2 *0 In-hospital sample

FT3 *0 ® Visit 1

FT4 *0 Visit 2

® Visit 3

FTS *0 Visit 4

FT6 *0 Never Exposed

FT7 0 Pre-exposure

During Exposure
FT8 %0 M Post-exposure
FT9 *0

Figure S2 Sample collection and probiotic exposure of the subset of infants.

Timelines from birth to final sampling point for the subset of infants. The duration of
exposure to probiotics (lavender bar) as well as all study points included in this study (up
to 4 timepoints) for not supplemented (NS) and probsaigplemented (P)reterm
infants as well as fulterm (FT) infants are shown in relation to postmenstrual age in weeks.
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Figure S3 Antibiotic exposure of the subset of preterm infants.

The antibiotics preterm infants were exposed to throughout the duration of diye Atu
colored box indicates that infant received the antibiotic. The dots within each box represent
the number of times they were given that antibiotic. The length of treatment is not reflected

in this figure.
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Figure S4 Relative abundance obacterial families in the infant gut microbiome.

Stacked bar charts representing the relative abundance of bacterial families in the subset of
preterm infants up to 5 months corrected age and fortefuth infants at 10 days
postpartum. NS = not supplented preterm, PS = probiotsupplemented preterm, and

FT = full-term infantsThe category <1% abundance represents all ASVs that were present
at less than 1% of the relative abundance across all infants.
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Figure S5 Targeted capture of resistance gersein the full set of infants.

A) A subsampled number of reads were mapped to CARD usingWiGThe percentage

of reads mapping to the target of ARGs is reported for each infant at Visit 1. Significant
differences are indicated by a line and asterisifg\ve the groups compared. P = 0.0014

for no probiotic vs fulterm. B) Using the results of mapping reads to CARD, the number

of ARGs with at least 100 mapped reads is reported for Visit 1. C) Subsampled reads from
each infant sample were subjectediémovoassembly and prediction of ARGs using RGI
main The number of genes predicted at each Visit 1 is reported. D) The percentage of reads
mapping to the target of ARGs is reported for preterm infants across all visits. E) Using the
results of mapping reado CARD, the number of ARGs with at least 100 mapped reads is
reported for preterm infants at all visits. F) Subsampled reads from each infant sample were
subjected tale novoassembly and prediction of ARGs using R@&in The number of
genes predictenh each preterm infant at all visit timepoints is reported.
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Figure S6. Targeted capture of resistance genes in the subset of infants.

A) For the subset of preterm infant samples andtéuih infants at all visits, a subsampled
number of reads were magpt®w CARD using RGbwt The percentage of reads mapping

to the target of ARGs is reported for each infant at Visit 1. Significant differences are
indicated by a line and asterisk(s) above the groups compared. BI8 0 Visit 1 no
probiotic vs fultterm. B) Using the results of mapping reads to CARD, the number of
ARGs with at least 100 reads is reported for all infants at Visit 1. C) Subsampled reads
from each infant sample were also subjectedetmovoassembly aah prediction of ARGs

with RGImain The number of genes predicted at Visit 1 is reported. D) The percentage of
reads mapping to the target of ARGs is reported for preterm infants at allE)jditsing

the results of mapping reads to CARD, the number RGA with at least 100 reads is
reported for all preterm infants at all visii§. Subsampled reads from each infant sample
were also subjected tbe novoassembly and prediction of ARGg@th RGI main The
number of genes predicted at all visits for thegura infants is reported.
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Figure S7: Differences in the resistome identified through RGImain at Visit 1.

TheseARG counts are from the resultsad novaassembly and ARG prediction using RGI
mainand CARD. Perfect and strict hits are reported. The pi@esented is from all preterm

and fultterm infants at Visit 1. A) Unique and overlapping ARGs identified in each infant
group. The number of infant samples included in each is shown next to the sample type. B)
The number of unique ARGs identified inchanfant. Significant differences are denoted

by a line and asterisk(s) above the groups that were compared. P 201085 vs PS, P

= 0.002 for PS vs FT. C) A breakdown of the mechanisms of antibiotic resistance
identified in each infant group. Theimber of infant samples included in each is shown
next to the sample type. D) The presence or absence of selected AMR gene families in each
infant group. A teal box indicates that at least one gene from that AMR gene family was
identified in any of the irgnt samples. NS = not supplemented preterm, PS = prabiotic
supplemented preterm, and FT = ftdfrm infants.
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Figure S8 Distribution of genes detected at the AMR gene family level through RGI

bwt

A teal box indicates that at least one gene from thRA)ene family was identified in any

of the infant samples at that timepoint through read mapping to CARD. A) For all preterm
and fulkterm infants. B) For the subset of preterm infants and altéuth infants.

173



Ph.D. Thesi$ A. K. Guitor; McMaster University Biochemistry and Biomedical Sciences

No probiotics  Probiotics Full-term No probiotics  Probiotics Full-term
ABC Efflu: ABC Efflu
ABC Efflux/MF: ABC Efflux/MF:
ABC Efflux/MFS/END ABC Efflux/MFS/END:
MFS Efflu MFS Efflu
MFS Efflux/RND MFS Efflux/RND
MATE Transportei

resistant LP: resistant LP:

Figure S9: Distribution of genesdetected at the AMR gene family level through RGI

main.
A teal box indicates that at least one gene from that AMR gene family was identified in any

of the infant samples at that timepoint throwghnovoassembly and prediction of ARGs
through RGImain A) For all preterm and fullerm infants. B) For the subset of preterm

infants and all fulterm infants.
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Figure S10: Differences in the resistome identified through RGIlbwtin the subset at

Visit 1.

Reads were mapped to CARD using bowtie2 and antliiesistance genes with at least

100 reads were reported. The data presented is from the subset of preterm infants and all
full-term infants at Visit 1. A) Unique and overlapping ARGs identified in each infant
group. The number of infant samples includedach is shown next to the sample type. B)

The number of unique ARGs identified in each infant. Significant differences are denoted
by a line and asterisk(s) above the groups that were compared. P = 0.0040 for NS vs PS, P
= 0.®03 for PS vs FT. C) A brdalown of the mechanisms of antibiotic resistance
identified in each infant group. The number of infant samples included in each is shown
next to the sample type. D) The presence or absence of selected AMR gene families in each
infant group. A teal box indates that at least one gene from that AMR gene family was
identified in any of the infant samples. NS = not supplemented preterm, PS = probiotic
supplemented preterm, and FT = fidtrm infants.
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Figure S11: Differences in the resistome identified though RGI main in the subset at

Visit 1.

TheseARG counts are from the resultsa# novaassembly and ARG prediction using RGI
mainand CARD. Perfect and strict hits are reported. The data presented is from the subset
of preterm infants and all futerminfants at Visit 1. A) Unique and overlapping ARGs
identified in each infant group. The number of infant samples included in each is shown
next to the sample type. B) The number of unique ARGs identified in each infant.
Significant differences are denotég a line and asterisk(s) above the groups that were
compared. P = 04D4for NS vs FT, P = 0102for NS vs PS, P = 0.@d for PS vs FT. C)

A breakdown of the mechanisms of antibiotic resistance identified in each infant group.
The number of infant samgs included in each is shown next to the sample type. D) The
presence or absence of selected AMR gene families in each infant group. A teal box
indicates that at least one gene from that AMR gene family was identified in any of the
infant samples. NS = netipplemented preterm, PS = probieatigpoplemented preterm, and

FT = full-term infants.
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Figure S12: Unigue genes in each infant group at various timepoints for the preterm
infants.

These gene counts are from the resulteafioveassembly and ARG prediction using RGI
mainand CARD. Perfect and strict hits are reported. Data from all preterm infants the in
hospital collection (A), Visit 1 (B), Visit 2 (C), Visit 3 (D), and Visit 4)(Emepoints. The
number of infants included in each time point is indicated. NS = not supplemented preterm,
PS = probiotiesupplemented preterm.
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