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Abstract

Antimicrobial resistant strains of pathogenic Escherichia coli are a burden on the health-

care system, causing longer hospital stays and increased treatment costs compared to non-

resistant strains. The proportion of E. coli infections in Canada caused by resistant strains

producing extended-spectrum beta-lactamase rose from 3.4% in 2007 to 11.1% in 2017.

Use of most antimicrobials in the treatment of Shiga-toxin producing E. coli infection is

not recommended due to their propensity to increase toxin production. Rapid detection

of resistant strains would improve both treatment and prevention of this pathogen. With

whole genome sequencing (WGS) now ubiquitous in the analyses of outbreak and surveil-

lance samples, in silico methods can be both faster and cheaper than traditional wet-lab

methods. In this work, machine learning (ML) classification methods were used for the

prediction of antimicrobial resistance and the identification of potentially novel genomic

markers of resistance in E. coli.

There are four supplementary files to accompany Chapter 3. Supplementary Figure 1

is the Phylogenetic tree of the 4300 E. coli isolates with Salmonella as an outgroup; it is

coloured by country of origin and serotype and paired with legends for each. Supplementary

Table 1 contains the list of publicly available genomes collected and their corresponding

metadata. Supplementary Table 2 contains the top features extracted from trained machine

learning models and their annotations. Supplementary Table 3 contains the accuracy data

for training machine learning models across a range of 100 to 5000 features. Supplemen-

tary Table 4 contains the complete performance data for the 11-mer and 25-mer machine

learning models.
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Chapter 1

Introduction

1.1 Escherichia coli

1.1.1 E. coli as a Pathogen

Escherichia coli are ubiquitous within the gut microbiome of mammals, colonizing

human babies shortly after birth [1]. This bacterial species is important for the normal

function of the digestive tract, and ordinarily causes no ill-effects to the host; however, not

all strains are commensal [2].

Pathogenic E. coli are one of the leading causes of gastroenteritis in humans, and are

also responsible for a variety of diseases outside of the gut, including meningitis and in-

fections of the respiratory tract, urinary tract, and bloodstream [2]. The severity of infec-

tion ranges from typical food poisoning to kidney failure or death [2, 3]. Immunocom-

promised, young, and elderly people are at increased risk of severe infections and poorer

outcomes [3, 4]. Disease prognosis is also impacted by the pathotype of the bacteria and

the complement of specific virulence factors it harbours [4].

Outbreaks of pathogenic E. coli can commonly be sourced to meats and produce that

have come in contact with contaminated manure, whether through transfer from dirty hides

in processing plants, or its use as a fertilizer. Livestock, especially cattle, are a primary

reservoir of E. coli linked to human infection.

Outside of humans, infection with E. coli, or colibacillosis, is especially problematic for

young livestock. Colibacillosis causes diarrhea in sheep and goats, and is one of the leading

causes of mortality for newborn lambs [5]. In pigs, post-weaning colibacillosis occurs when

1



1.1. ESCHERICHIA COLI

E. coli infects the gastrointestinal tract of young pigs, resulting in symptoms such as diar-

rhea, dehydration, edema, slow growth rate, and possibly death [6]. Colibacillosis in calves

less than 8 weeks old is a major cause of diarrhea, dehydration, and death [7]. Pathogenic

E. coli can spread among calves within a herd, causing septicemia and rapid progression

to death [7]. In poultry, E. coli can cause septicemia, pericarditis, conjunctivitis, cellulitis,

and respiratory infections [8, 9, 10].

1.1.2 E. coli Pathogroups

Pathogenicity refers to the capacity to cause disease, while virulence refers to disease

severity; however, definition disputes (primarily of “virulence”) are ongoing, with debates

dating back to at least the 1940s [11, 12, 13, 14, 15]. The term “virulence factor” is gener-

ally used to refer to a genomic feature which enables or enhances the ability of the organism

to cause disease [13, 14, 15, 2].

Pathogenic E. coli strains can be grouped into pathotypes, which are defined by the pres-

ence of virulence factors, the site of infection of the host, and disease manifestation [2, 16].

Examples of virulence factors in E. coli are genes related to adhesion or toxin produc-

tion [17]. These factors can often be mobilized between strains by horizontal transfer [18].

There are two broad groupings, Extraintestinal Pathogenic E. coli (ExPEC), whose

members cause disease outside of the digestive tract, and Intestinal Pathogenic E. coli

(IPEC), whose members cause disease of the digestive tract [19].

ExPEC include Uropathogenic E. coli (UPEC), Neonatal Meningitis-causing E. coli

(NMEC), and Sepsis-Associated E. coli (SePEC). ExPEC strains are commonly oppor-

tunistic, causing infections in those with compromised immune systems [4]. An additional

pathotype is Avian Pathogenic E. coli (APEC), an important group responsible for disease

in domestic poultry [20].

The IPEC pathotype can be further split into more specific pathotypes: Enteropathogenic

E. coli (EPEC), Enterotoxigenic E. coli (ETEC), Enteroaggregative E. coli (EAEC), En-

2



1.1. ESCHERICHIA COLI

teroinvasive E. coli (EIEC), Diffusely Adherent E. coli (DAEC), and Shiga toxin-producing

E. coli (STEC). EPEC strains cause diarrhoeal disease and harm the small intestine via an

attaching and effacing modality that is coded in the locus of enterocyte effacement (LEE)

pathogenicity island which aides in adherence to the intestinal epithelium where they de-

stroy the lining and cause lesions [2]. ETEC also causes disease by targeting the small in-

testine. They produce heat-labile enterotoxins (LTs) and/or heat-stable enterotoxins (STs),

which cause diarrhoeal disease [2]. EAEC primarily target the colon, and do not produce

LT or ST, though they do produce other toxins [2]. EAEC can be identified in culture based

on their ability to form “stacked brick” aggregates [2]. DAEC also show a distinctive scat-

tered adherence pattern in culture. They can also be identified by the presence of adhesins

belonging to the ‘Dr family,’ which are responsible for their adherence pattern. EIEC cause

disease by entering intestinal epithelial cells, which leads to inflammation and lesions [2].

STEC are sometimes also referred to as Verotoxin-producing E. coli (VTEC). STEC

strains are of great concern, as they are capable of causing severe disease and death in

humans [21]. This pathogroup is defined by the production of Shiga toxin (Stx), which

enters and kills intestinal cells by disrupting protein synthesis [2]. After being produced

by STEC in the gastrointestinal tract, the toxins can enter the bloodstream. Haemolytic

Uremic Syndrome (HUS) occurs when the toxins reach the kidneys and damage the renal

cells, potentially resulting in renal failure. There are two groups of Stx: Stx1 and Stx2.

They have the same mechanism for causing disease, however, Stx2 is associated with a

greater risk of progression from intestinal infection to HUS in humans [22].

The ability to produce Stx does not immediately mean the strains are capable of caus-

ing disease: at least one additional virulence factor, such as the well known LEE, is re-

quired. [2]. LEE STEC strains are classified as Enterohemorrhagic E. coli (EHEC). As the

‘hemorrhagic’ in the name implies, this group causes attaching and effacing lesions and

bloody diarrhoeal disease [2]. Non-LEE STEC strains may also cause disease, if other

virulence factors are present [2]. Some of the currently known factors are STEC autoagglu-

3
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tinating adhesion (saa), iron-regulated gene homolog adhesion (iha) and subtilase cytotoxin

(subAB), and toxigenic invasion loci A (tia) [23, 24, 25].

Most antibiotics are not recommended for treatment of STEC infections, as they can

increase the amount of toxins in the patient and potentially cause HUS [26]. Stx is encoded

on lambdoid prophages in the chromosome, and its production is dependent on the lytic

cycle [27]. Antibiotics can elicit a stress response by damaging DNA, which causes the

lytic cycle to be triggered, increasing Stx production [26]. The bacterial cells then lyse,

releasing toxins into the host. Within four hours the levels of toxin can increase 3-fold [26].

Historically, one of the most informative systems for classifying E. coli was serotype,

which is antigenically defined. Primarily two antigens are considered: the O (somatic)

antigens and H (flagellar) antigens. The K (capsular) antigens are usually not considered,

as traditionally it was more difficult to type [28, 29]. As of 2016 there were 186 O-types

and 53 H-types recognized for E. coli [28, 29]. O antigens are highly variable components

of the outer cell membrane and serve as targets for the immune system of the host [28].

Traditional serotyping is performed in the wet-lab, with one agglutination test per possible

O-type, but some O-types can not be determined with this method [28, 29].

Certain combinations of pathotype and serotype can be predictive of pathogenicity, and

severity of infection. The seropathotype classification method was introduced by Karmali

et al. [30], who divided STEC into five seropathotypes based upon association with certain

serotypes, outbreaks, and HUS. They are designated A through E in order of their asso-

ciation with disease in humans: A is the most frequently associated with outbreaks and

HUS, while E causes animal but not human disease [30]. Seropathotype A strains have

a high incidence rate, are common causes of outbreaks, and are associated with severe

disease [30]. This group consists of the E. coli O157:H7 and O157:NM serotypes which

are commonly associated with foodborne outbreaks. Seropathotype B strains have a mod-

erate incidence rate and are uncommon causes of outbreaks, but are still associated with

severe disease [30]. This group consists of O26:H11, O103:H2, O111:NM, O121:H19,
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and O145:NM [30]. Seropathotype C strains have a low incidence rate, rarely cause out-

breaks, and are associated with severe disease to a lesser extent than A and B [30]. They

include O91:H21, O104:H21, and O113:H21 [30]. Seropathotype D strains have a low in-

cidence rate, rarely cause outbreaks, and are not associated with severe disease in humans.

Seropathotype E have not been associated with infections in humans.

STEC O157 is a primary focus of many surveillance programs and treatment studies.

These strains belong to seropathotype A and are responsible for the most frequent and se-

vere human disease. In 2018, there were 1.15 cases of O157 infection per 100,000 people

in Canada, a rate that has been consistent since 2010 [31]. Non-O157 strains are inconsis-

tently surveyed; however, the incidence rate of non-O157 infections has recently increased,

surpassing the number of O157 infections with a rate of 1.42 cases per 100,000 people in

2018 [31]. The estimated economic burden of O157 illnesses in Canada was $403.9 mil-

lion in 2013, including the infection treatment and associated long term care [32]. As the

predominant strains associated with human infection change over time, it is important to

include all pathogenic strains in routine surveillance to be able to monitor and reduce the

burden on the healthcare system.

One concerning trend is the occurrence of ‘hybrid’ strains, which belong to multiple

pathotypes [33]. A 2011 outbreak in Germany of an O104:H4 E. coli strain belonging

to both STEC and EAEC resulted in 900 cases of haemolytic uremic syndrome and 54

deaths [34, 21]. The average onset of haemolytic uremic syndrome caused by this strain was

two days shorter than that caused by O157 [21]. The virulence of this strain was due to the

combination of antibiotic resistance genes (ARGs), Shiga toxin production, and enhanced

adhesion to intestinal tissues [21]. O104:H4 was not on the radar when the seropatho-

type classification was created in 2003 [30]. With different pathotypes having overlapping

virulence factors, the defining set of factors varying by study, and the occurrence of hy-

brid strains, the pathotype classification is of debated usefulness. Additionally, serotypes,

pathotypes, and seropathotypes are labelled as high risk based on past illnesses and out-
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breaks and may not be as informative of future risks to human health. It has been suggested

that other typing methods, including whole genome sequencing, be used to further support

classification schemes [4].

As previously mentioned, antibiotics are commonly not used to treat STEC infections,

because they can further harm the patient. A study by Wong et al. found that the risk to

patients infected with an STEC O157 strain developing haemolytic uremic syndrome was

increased by every antibiotic class examined [35]. However, another study, of STEC/EAEC

O104, found that some antimicrobials did not cause an increase in toxin levels [36].

Meropenem, azithromycin, tigecycline, and rifaximin were identified as antibiotics which

may be suitable for treating STEC O104 infections [36]. The effectiveness of select antibi-

otics on this strain could be due to its atypical nature, as it possesses characteristics of both

STEC and EAEC.

With the limited safe antibiotics available for STEC infections, there may be no suit-

able antimicrobials for treatment if the level of resistance to them continues to increase.

Accurately characterizing pathogenic E. coli would allow for improved antimicrobial stew-

ardship practices, as well as the possibility of offering patients personalized antibiotic treat-

ment, instead of only supportive care such as hydration for STEC infections.

1.1.3 Rise of Antimicrobial Resistance

Antibiotics and Resistance Mechanisms

Despite the relatively stable incidence rate of E. coli infections in Canada, treatment

is becoming more difficult and costly as strains are becoming increasingly resistant to an-

tibiotics [37]. Antimicrobial Resistance (AMR) can arise naturally, but selection pressure

applied through the use of antibiotics speeds up its development and spread [38].

E. coli belong to the Enterobacteriaceae family of gram negative bacteria, which also

includes Klebsiella spp. and Salmonella spp. Classes of antibiotics commonly used for

the treatment of gram negative infections include cephalosporins, fluoroquinolones, tetra-
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cyclines, aminoglycosides, carbapenems, and penicillins [39].

In Canada, antibiotics are grouped into Categories, numbered I through IV, accord-

ing to their importance to human medicine. Category I antimicrobials are of the high-

est importance to human medicine, and their use in livestock and other animals is re-

stricted [40, 41, 42, 43]. Carbapenems, cephalosporins (third and fourth generation), and

fluoroquinolones belong to Category I [42, 43]. In contrast, Category IV are not used in

human medicine, and are administered only to animals [42].

For treatment of E. coli infections, one of the largest groups of antibiotics is the beta-

lactam group. This group includes penicillins (Category I-II), cephalosporins (Category

I-II), carbapenems (Category I), and monobactams (Category I) [44, 42]. The mechanism

of action for this group is through inhibition of bacterial cell wall synthesis [45]. The

drugs bind to penicillin binding proteins in the cell membrane, which are required for cell

wall synthesis [45]. The members of this class of antibiotics share a defining feature: a

beta-lactam ring [44]. Resistant strains of E. coli produce beta-lactamases, enzymes which

hydrolyze this ring, rendering the antibiotic ineffective [44]. As these drugs share this ring

structure, this enzyme commonly confers resistance to multiple members of the beta-lactam

class. Enzymes enabling multi-drug resistance are referred to as extended-spectrum beta-

lactamases (ESBLs). Antibiotics may be prescribed with an inhibitor, such as clavulanic

acid, in an effort to prevent hydrolysis of the beta-lactam ring; however, they are not always

effective [46, 47]. Penicillins alone are Category II, but penicillin-inhibitor combinations

are Category I [42]. In 2016, 11.1% of E. coli infections in Canadian hospitals were caused

by resistant extended-spectrum beta-lactamase producing strains [48], costing the health-

care systems three times more to treat than non-ESBL infections [37].

Another class of antimicrobials used to treat E. coli are the fluoroquinolones (Category

I). Fluoroquinolones include enrofloxacin, ciprofloxacin, and levofloxacin. This class tar-

gets DNA topoisomerase II (DNA gyrase) or topoisomerase IV, enzymes which are required

for bacterial DNA replication [49]. gyrA, gyrB, parC, and/or parE encode topoisomerase

7



1.1. ESCHERICHIA COLI

subunits; resistance is commonly due to mutations in these genes which alter the target

binding sites for fluoroquinolones [49, 50]. Resistance can also be due to efflux pumps

which remove the antibiotic from the cell [49]. AcrAB-TolC is an efflux pump in E. coli

that is able to remove fluoroquinolones and other antibiotics. Mutations in regulators, in-

cluding acrR and marA, can increase the expression of this pump and thus resistance [49].

Aminoglycosides (Category II-III), including kanamycin, gentamicin, and streptomycin,

have a mode of action where they bind to ribosomal RNA (rRNA), thereby inhibiting pro-

tein synthesis [51]. Resistant E. coli may produce enzymes which can modify the antibi-

otics, making them unable to bind to the rRNA target [51]. They may also have a mutation

in the rRNA target site which prevents binding, or they may possess efflux pumps that

remove the drug from the cell [51].

Azithromycin is a member of the macrolide class (Category II) of antibiotics. This

antibiotic and others in its class are more commonly used for the treatment of gram posi-

tive infections, but also show activity against gram negative species such as E. coli [52].

E. coli is generally considered to be intrinsically resistant to macrolides because their

outer membrane has low permeability [53]. However, azithromycin has increased activ-

ity against E. coli, compared to other macrolides; this has been attributed to the basicity

of the antibiotic, which increases bacterial uptake [54, 55, 56]. Azithromycin binds to the

bacterial ribosome and inhibits protein synthesis [57]. Known resistance determinants for

this class are erm, ere, mph, mef , and msr genes [58, 52, 59]. The erm genes encode

methylases which modify the antibiotic binding site through methylation [58, 52, 59]. The

ere and mph genes encode esterases and phosphotransferases, respectively, which are able

to inactivate the antibiotic [58, 52, 59]. Esterases can hydrolyze the lactone ring of the

macrolide, while phosophotransferases phosphorylate one of the hydroxyl groups of the

antibiotic [58, 52, 59]. The mef and msr genes encode efflux pumps, which remove the

antibiotic from the cell [58, 52, 59].
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Spread of Resistance Genes

Resistance develops due to selection pressure, where environmental stress on the bac-

teria causes those with mutations conferring higher tolerance to the stressor to thrive and

multiply, while others die off [38]. Antibiotics are one such selection pressure, resulting in

AMR strains [38].

Resistance and virulence genes are frequently transferred between strains of E. coli.

One method is by transduction, wherein bacteriophage pick up DNA from one cell and carry

it to another [60]. Another common method is by conjugation, where DNA is transferred

between bacteria via a pilus [61, 60]. A third method of gene transfer is transformation,

where bacteria pick up DNA from the surrounding environment [60].

A Mobile Genetic Element (MGE) is a portion of genetic material which includes se-

quences that promote their movement internally within a genome or between bacterial cells.

Along with regions facilitating their movement, MGEs may carry many different genes,

such as those conferring resistance to antibiotics. MGE types include plasmids, integrative

conjugative elements (ICEs), transposons, integrons, and phages. Plasmids are segments

of DNA which are typically circular and smaller than chromosomal DNA [60]. They are

self-replicating and may have the ability to initiate conjugation by themselves [60]. ICEs

use recombinases to integrate and excise themselves to and from chromosomes and plas-

mids [62]. They are also able to initiate conjugation to move to other cells, however, they

are not self-replicative [62, 60]. Transposons are regions containing genes and a trans-

posase which allows movement within a genome and also onto other elements, such as

plasmids or ICEs [63]. If transposons are transferred between cells on a plasmid, the trans-

poson may ‘jump’ from the plasmid to the chromosomal DNA of the receiving cell [63].

Integrons are similar to transposons and their transfer between bacteria requires other el-

ements such as plasmids, but their integration is site-specific, whereas transposons move

more randomly [63]. A bacteriophage is a virus capable of infecting bacteria. Upon infec-

tion of a cell, the phage may lyse (kill) the host, or it may integrate its genome into the host
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chromosome or plasmid [64, 65]. This integrated genome, called a prophage, is a common

location for toxin-encoding and virulence genes [60, 64, 65]. A prophage is latent, or in-

active, and may be induced by signals, such as those due to stress [60, 64, 65]. Induction

results in the production of new phages, and the expression of encoded virulence and toxin

genes [60, 65].

Cross-resistance is when one gene is responsible for resistance to multiple antibiotics,

and/or other substances, such as detergents [66]. Co-resistance is when genes conferring

resistance are located within the same MGE [66]. As a result, selection pressure for one

antibiotic or substance will also indirectly select for resistance to the other(s), resulting in

a multidrug resistant (MDR) organism [66]. Heavy metals and cleaning agents have been

identified as causing selection pressure for AMR in clinical and environmental settings [66].

Resistance can also be dependent on the expression of other genes. Beta-lactamases on

plasmids tend to be continuously expressed, while those integrated in chromosomes have

their expression regulated by nearby genes [67].

AMR can be spread not just among members of a species, but between different bac-

terial species. Beta-lactamase genes are transferrable between members of the family En-

terobacteriaceae, such as Salmonella spp. and Klebsiella spp. via plasmids and trans-

posons [44]. Beta-lactamase genes are classified into types, including SHV (sulfhydryl

reagent variable), TEM (named for Temoneira, the patient who provided the first sample),

CTX-M (cefotaximase; first isolated in Munich), and OXA (oxacillinase) [68, 69, 70, 71,

72, 73]. Commonly, the genes of each type follow the naming convention of type and num-

bered suffix; for example, CTX-M-1, CTX-M-2, and so forth. This is not a strict rule, for

example, Toho-1 (named for Toho University School of Medicine) and UOE-1 (named for

University of Occupational and Environmental Health) are CTX-M-type genes [74]. The

genes within each of the SHV, TEM, and OXA types are highly similar, having arisen from

the same gene through point mutations [67]. The “original” genes TEM-1, TEM-2, SHV-1,

and OXA-10 are not responsible for the resistance; the point mutations in these genes con-
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ferred the ability to hydrolyse beta-lactam antibiotics [75, 67]. The TEM and SHV genes

conferring resistance were the most problematic ESBL E. coli genes throughout the 1980s

and 1990s, but were overtaken by CTX-M in the mid-2000s [67]. CTX-M genes are be-

lieved to have originated in the chromosome of another bacterial genus, Kluyvera, and were

subsequently passed to Salmonella and E. coli via MGEs [76, 77].

Fluoroquinolone resistance is typically due to spontaneous mutation in the topoiso-

merase subunit genes, or the efflux pump regulator genes [50]. Along with vertical trans-

mission of mutations, there are fluoroquinolone resistance genes which spread horizon-

tally. The plasmid-encoded Qnr protein is able to protect E. coli topoisomerases from flu-

oroquinolones by competitive inhibition, blocking the fluoroquinolone binding sites [50].

Plasmids may also carry a mutated aminoglycoside acetyltransferase gene [78, 79]. The

variant aminoglycoside acetyltransferase acetylates the antibiotic, resulting in reduced ac-

tivity [78, 79]. Dissemination of qnr genes was identified as an increasing worldwide issue

by the early 2000s [78, 80].

Aminoglycoside resistance is also commonly spread by plasmids [51]. Aminoglyco-

side resistance genes potentially arose from actinobacteria, which produce aminoglyco-

sides naturally [51]. For example, 16S rRNA methyltransferases (RMTs) are a group of

enzymes conferring resistance to aminoglycosides by rRNA modification [51]. Plasmids

carrying rmtB have been shown to be transferable between species, including from Serratia

marcescens to E. coli [81, 82].

For the macrolide azithromycin, the genes carried on plasmids are of higher concern

than those in chromosomes [52]. In a study of ETEC isolates in Shanghai, plasmids en-

coding mphA were shown to rapidly spread [83]. The plasmids can spread to other species;

Shigella sonnei acquired mphA from E. coli, and this ARG has the potential to move to

more Enterobacteriaceae [84, 58]. The msr and mef genes for efflux pumps may also be

transmitted by plasmids [55, 52].
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1.1.4 Antimicrobial Resistance and Agriculture

E. coli reservoirs include wild animals such as birds and rats [85], but livestock, es-

pecially cattle, are the primary reservoir for strains pathogenic to humans [86]. Humans

become infected by direct contact with animals, or the consumption of contaminated food

and water [2]. Person-to-person spread can also occur, although this is more common

among children [87, 88].

E. coli strains pathogenic to humans may not be pathogenic to animals, but these non-

pathogenic strains may still be problematic. As early as the 1970s, it has been known that

resistance genes are able to spread from animals to humans [89]. If non-pathogenic strains

develop resistance, they may pass the genes on to pathogenic strains [90, 91, 92]. E. coli

and resistance genes can be carried through the meat production pipeline: from livestock

farms, to slaughterhouses and packing plants, and then to consumers [93]. They may also

pass to crops by use of contaminated manure, or into the environment through waste and

runoff from farms and feedlots [94]. It is difficult to eliminate pathogenic bacteria from a

farm setting. Even after thorough cleaning and disinfection, E. coli can be introduced or re-

introduced via farm dust, machinery, rodents, insects, irrigation water, or farm workers [10,

95].

For livestock, antimicrobials are used both as therapeutic and non-therapeutic

agents [93]. Non-therapeutic uses include disease prevention or growth promotion [93].

Even small doses have been shown to contribute to the development of resistance of bac-

teria in livestock and those who work with them [93]. In 1983, the streptothricin-class

antibiotic nourseothricin began to be used as a growth promoter for pigs in the former

German Democratic Republic [96]. This resulted in the appearance of plasmid-encoded

nourseothricin resistance genes in the E. coli of these pigs. The plasmids facilitated rapid

spread of the resistance genes among E. coli, and also conferred co-resistance to strepto-

mycin and spectinomycin. By 1986, plasmids conferring resistance to nourseothricin were

found in not only the pigs given the growth promoter, but the farmers who worked with
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them and the families of the farmers. Alarmingly, they were also found in people who had

no contact with the pigs or farmers. Although nourseothricin resistance is currently not a

concern for human medicine, the streptomycin and spectinomycin co-resistance is, as they

are commonly prescribed; the resistance genes could potentially spread to bacterial species

which are treated with these antibiotics. This case demonstrates the potential of growth pro-

moting antibiotics to cause rapid spread of resistance not just through farms, but through

human communities.

Overcrowding of animals for food production also applies selective pressure for the de-

velopment of AMR. Densely packed cattle in a feedlot allows for easy spread of bacteria

and resistance genes between animals [97, 98, 90]. A study of poultry in the Netherlands

examined the effect of administration of antibiotics on the resistance of isolates found in

both poultry and the poultry farmers [99]. The intensively farmed flocks with regular an-

tibiotic use harboured a significantly higher amount of resistant E. coli strains compared to

less intensively farmed flocks with limited antibiotic use. The same pattern of resistance

was seen in E. coli isolated from farmers for each type of flock.

Surveillance of all stages of the food production pipeline is important to prevent out-

breaks, and also to monitor the spread of AMR. According to the 2019 Canadian Integrated

Program for Antimicrobial Resistance Surveillance (CIPARS) annual report, 78% of an-

timicrobials were distributed to livestock, 22% to humans, <1% to companion animals,

and <1% to crops [41]. Adjusting for biomass, the antimicrobial use (AMU) for livestock

rose by 5% from 2017 to 2018 [41], declined by 12% from 2018 to 2019 [43], and rose

again by 6% from 2019 to 2020 [100]. From 2014 to 2019, the primary purpose of antimi-

crobial administration in chickens, turkeys, and pigs was for disease prevention [41, 43].

In 2018, AMR surveillance was established by CIPARS for two feedlot and dairy cattle

farms [41]: antimicrobial sales increased by 13% for beef cattle and 15% for dairy cattle

between 2018 and 2019 [41, 43]. This surveillance effort also identified new and increas-

ing resistance of Salmonella strains in cattle [43]. In 2019, Brault et al. examined AMU
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in cattle in western Canada [101]. Between 2008 and 2012, a total of 2.6 million animals

were surveyed, spanning 36 feedlots and representing nearly a quarter of the feedlot cattle

in Canada over this time period. During the four years of the study, the main reason for

antimicrobial administration was for the prevention of bovine respiratory disease, liver ab-

scesses, and ruminitis. A study in Alberta of retail meat from 2007-2008 found that 32%

of E. coli isolates from chicken products were multidrug resistant [102]. Beta-lactamase

genes were found in 18% of poultry isolates, and 5% of beef isolates [102].

In 2014, Canada enacted stricter rules for AMU in the poultry industry in an attempt to

reduce the use of Category I antimicrobials, which are important for human medicine [40,

41]. This change led to a decrease in resistance to third generation cephalosporins in

chicken isolates throughout the production chain, from farms to consumers [40].

In 2018, Category I-III antimicrobials became prescription-only for veterinary use in

Canada, and labels had growth promotion claims removed [103]. However, CIPARS re-

ported that antibiotics in these categories were still used on some pig farms for growth

promotion in 2019 and 2020 [41, 43]. The overall sales of Category I antimicrobials de-

creased between 2018 and 2019 for pigs and dairy cattle, but increased for beef cattle and

companion animals [43]. The amounts remain relatively small, as Category I sales account

for only 1% of all antimicrobials sold for animal use in Canada [43].

Along with reduced AMU, preventative measures taken during production can reduce

the spread of bacteria and resistance. Slaughterhouse interventions in the beef production

process has been shown to decrease the amount of bacteria and resistance genes [104, 90].

A review study by Greig et al. examined the efficacy of the different intervention methods

within the abattoir, in terms of E. coli elimination [104]. The methods examined were car-

cass washing, steam and hot water pasteurization, and dry chilling. All interventions were

shown to effectively decrease the amount of E. coli present, with pasteurization being the

most important. Additional interventions of acid washing and pre-chilling carcasses pro-

vided an additional decrease, but not enough to be recommended for mandatory inclusion.
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Another study, by Noyes et al., monitored resistomes (present ARGs) during the produc-

tion pipeline, collecting samples from both intensively farmed cattle and the surrounding

environment [90]. They monitored the feedlot, sampling each cattle upon arrival and exit.

Interventions during this stage included daily monitoring and removal of sick animals. An-

timicrobials were primarily administered during the feeding stage and were found to impact

resistome richness via selection pressure: resistance genes for administered antimicrobials

persisted, while the levels of most other resistance genes decreased or disappeared. Pre-

slaughter samples from transport trucks had up to 100 unique antimicrobial resistance de-

terminants. Post-slaughter samples had no detected antimicrobial resistance determinants,

though bacterial species were present. This suggests that abattoir interventions (including

pasteurization, acid spray, carcass trimming, and carcass steam vacuuming) are effective

at decreasing the levels of resistance determinants; however, the lack of resistance genes

in the final product may have been due to amounts of bacteria being below the limits of

detection [90].

1.2 Phenotypic Classification

1.2.1 Antimicrobial Susceptibility Testing

Antibiograms are laboratory diagnostic tests to identify the susceptibility and resistance

characteristics of bacterial cultures. These tests are required in clinical settings to ensure

that patients are treated with effective measures. The current gold standards for antibi-

ograms are wet lab diagnostic methods [105]. These methods, along with species identifi-

cation, include multi-day culturing steps, and require the appropriate reagents and qualified

technicians [106].

Antimicrobial susceptibility test (AST) results are reported as either a minimum in-

hibitory concentration (MIC), which is the smallest amount of antibiotic required to inhibit

visible bacterial growth, or as a classification of “susceptible,” “intermediate,” or “resis-

tant” (SIR) to the antibiotic. The MIC results are compared with standardized breakpoint
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tables to determine the SIR classification and appropriate treatment. When the MIC value

is below the breakpoint, the antibiotic is effective, and the bacteria is declared susceptible;

sometimes this case is instead referred to as “sensitive”. If the MIC is above the breakpoint,

the antibiotic is ineffective, and the bacteria is able to grow in spite of its presence, making

it a poor choice of treatment for infection. If the MIC falls directly upon a breakpoint, or

within a breakpoint range, then the antibiotic is neither effective nor ineffective, and the

bacteria is deemed intermediately resistant/susceptible; such an antibiotic is generally not

a favourable choice of treatment.

As resistance trends change, so do the breakpoints. Regional committees update and

publish their standardized tables yearly. In North America, the breakpoints are set by the

Clinical and Laboratory Standards Institute (CLSI) [107], and in Europe they are set by

the European Committee on Antimicrobial Susceptibility Testing (EUCAST) [108]. As the

committees are independent, a sample declared susceptible by CLSI standards may be con-

sidered resistant by EUCAST standards, or vice versa [109, 110, 111]. For example, if a

bacterial strain had an experimental MIC value of 4 µg/µL for Gentamicin, it would fall

into the susceptible category for CLSI (≤ 4 µg/µL), but the resistant category for EUCAST

(>2 µg/µL). The standards may also lack entries for certain antibiotics, especially if treat-

ment with the drug is not recommended. As a current example, CLSI has azithromycin

MICs for E. coli, while EUCAST does not. As of January 2020, EUCAST has redefined

their “intermediate” classification to address confusion surrounding its interpretation [112].

The definition for the intermediate class is now “susceptible with high exposure,” which

means that the bacteria could potentially be treated with the antibiotic, provided that the

dose is increased [112].

A typical diagnosis involves a multi-day process of culturing to identify and isolate the

bacteria, then additional culturing to determine antibiotic susceptibility [113, 105]. Such

delay in treatment administration can have significant impacts on the recovery and potential

mortality of patients. In the case of septic shock from a bloodstream infection, the risk of
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death increases with every hour of delay in drug administration, as after two days of delay

the probability of death is nearly 100% [114].

A common practice for risky infections is to empirically prescribe broad-spectrum an-

tibiotics, then adjust the treatment after an AST panel is completed [114, 115]. Whether this

method improves survivability is disputed, and the overuse of broad-spectrum antibiotics

also comes with drawbacks, including healthcare cost, preventable patient side effects, and

increased AMR [115, 116, 117]. Antibiotics may cause adverse effects directly, for exam-

ple ciprofloxacin can cause damage to tendons and nerves [118]. In 2018, the US FDA

(Food and Drug Administration) announced that improved safety information would be re-

quired for fluoroquinolones, including ciprofloxacin, to warn that they can cause serious

blood sugar and mental health problems [119]. Antibiotics can also cause indirect effects,

such as disrupting the normal microbiome and promoting secondary infections. For ex-

ample, antibiotic use is associated with subsequent vulvovaginal candidiasis, commonly

known as a vaginal yeast infection, in women [120]. Side effects may also only be a risk

for patients under specific circumstances. UTIs commonly occur during pregnancy, but

as the drugs can cross the placenta, the effects on the fetus must also be considered when

selecting treatment therapies [121, 122]. Tetracycline, streptomycin, and kanamycin are

safe antibiotics for adults; however, they can cause birth defects such as hearing loss if

taken during pregnancy [121, 122]. A faster method of AST allowing for more specific

and efficient treatment would potentially reduce costs and improve patient prognosis, while

minimizing the risk of resistance development.

1.2.2 Historical Culture Methods

Prior to conducting an AST, the bacteria must be cultured and isolated from a sam-

ple. The historical process of obtaining and identifying a pure culture can take up to two

days [113, 123]. After isolation, the sample is subjected to an AST panel, where the proto-

col is repeated for each relevant antibiotic.
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Agar Methods

For the agar dilution method, multiple agar plates are prepared, each with a different

concentration of antibiotic [124]. The bacterial culture is aliquoted onto each plate and

spread evenly. Plates are incubated for between 18 and 48 hours, depending upon the type

of media used in the protocol [105]. The plate with the lowest concentration of antibiotic

that shows no visible bacterial growth indicates the MIC.

Another plating technique is disk diffusion, also known as the Kirby-Bauer method.

Bacterial culture is evenly spread onto an agar plate, then small disks containing a known

concentration of antibiotic are placed on top. After 24 hours of incubation, there will be a

lawn of bacteria with areas of no growth, called plaques, surrounding the antibiotic disks.

The measurement of the diameter of the plaque is called the zone of inhibition. This value is

compared to a standardized table, such as those provided by CLSI or EUCAST, to determine

the MIC [105].

The Etest strip method is very similar to disk diffusion. The plate is prepared in the

same manner, but in place of disks, a plastic strip containing a gradient of antibiotic con-

centrations is used. The resulting plaque will vary in width in response to the gradient. The

concentration where the plaque begins is the MIC [105].

Broth Methods

Broth macrodilution is similar to agar dilution, but uses liquid media. Serial dilution

is used to create an antibiotic concentration gradient across tubes of media. The bacterial

culture is aliquoted into each tube, and they are incubated for 24 hours. The optical density

of each tube is used as a measure of the bacterial growth [105].

Microdilution follows the same principle as macrodilution, but is performed using a 96-

well plate [124]. The antibiotic concentration gradient is created by serial dilution across a

row of wells instead of across tubes. After incubation, a plate reader is used to record the

optical density of each well.
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For macro and micro dilution, the MIC can be determined either visually or by measur-

ing optical density, depending on the protocol used [105, 124]

1.2.3 Optical Methods

Flow Cytometry

In flow cytometry, sample characteristics are measured as bacteria move past a sensor.

For AST with flow cytometry, a 96-well plate is prepared with standard concentration gra-

dients of antibiotic, and then inoculated with the bacterial culture [113, 105]. After a two

to four hour incubation, a fluorescent stain is added, and the plate is incubated again for a

short time [113]. The flow cytometer is then used to measure the fluorescence of the stained

cells. The intensity of fluorescence varies in response to the membrane potential changes in

the bacterial cells [113, 105]. Increased emission is caused by disruption of the membrane

potential due to antimicrobial activity [113, 105].

Flow cytometry is faster than traditional culture methods, and shows promising high

accuracy [113, 105]. One of the biggest challenges with this method is that the fluores-

cent response to antibiotics will vary by bacterial strain and antibiotic used [105]. Standard

protocols and guides to interpretation need to be developed if this method is to be used clin-

ically [105]. An additional problem with flow cytometry is the difficulty of distinguishing

a single cell from an aggregate of cells [105, 125].

MALDI-TOF

Matrix-assisted laser desorption/ionization time-of-flight mass spectrometry (MALDI-

TOF/MS) is a technique that can be applied for both species identification and resistance

profiling. In brief, the expressed proteins in a bacterial sample are ionized and released

into the gas phase to move along a tube towards a detector [126]. The movement speed

is determined by the mass and charge of the particle type. The mass-to-charge ratios are

recorded to create a spectrum for the sample [123]. This spectrum is like a bacterial fin-

gerprint: it can be compared to a database of standard spectra to determine species, or even
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strain [127, 123]. For E. coli, MALDI-TOF for AST has primarily been investigated for the

beta-lactam antibiotics [123, 128, 129, 130].

MALDI-TOF spectra are representative of the whole sample, but only detect proteins

within a set mass range. Some proteins associated with resistance may be too large for

detection by MALDI-TOF. Such proteins include E. coli beta-lactamases [131], so their

detection must be with indirect methods. Similar to the flow cytometry method, samples

are examined at time points after incubation with antibiotics. If there is beta-lactamase

present, it will hydrolyze the antibiotic, and the peaks for the resulting products will be

seen on the spectra [123, 132, 129].

MALDI-TOF AST methods can be completed in just four hours; however, most still

require an overnight culture before beginning the analysis [123, 133]. Though the cost

per test is low, the equipment and its maintenance are expensive [105]. Drawbacks to

AST by MALDI-TOF include the inability to distinguish between pathogenic strains and

non-pathogenic strains that carry resistance markers [126], lack of resolution between E.

coli and Shigella [126], and resistance-associated proteins potentially being outside of the

detectable mass range [131]. As with other database methods, there is also an inability to

account for novel resistance mechanisms [123].

Fourier-Transform Infrared Spectroscopy

The principle of Fourier-transform infrared (FTIR) spectroscopy is that the amount of

infrared light absorbed by a molecule depends on its composition. Much like MALDI-

TOF, the result of IR spectroscopy on a sample will be a spectra indicating the composition.

This unique spectra of a bacterial culture can be used to determine characteristics such as

species, subspecies, or serotype [134]. FTIR has been used for accurate capsular K-typing

of K. pneumoniae isolates, and identifying K-types with clinical importance [135].

Many studies have attempted to create databases of standard spectra for various kinds of

bacterial typing [136, 134, 137], but there is a lack of standardization, curation, centraliza-
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tion, and public availability [138, 139]. FTIR shares similar advantages and disadvantages

with MALDI-TOF: time is required to produce a pure culture prior to analysis, and the

equipment and maintenance is expensive, though the cost-per-run is low [133].

1.3 Genotypic Classification

1.3.1 Conventional Molecular Subtyping

Conventional sequence-based subtyping methods examine only specific regions of the

genome, while ignoring the rest. Methods of molecular subtyping include pulsed-field gel

electrophoresis (PFGE), multilocus sequence typing (MLST), and multiple-locus variable-

number tandem repeat analysis (MLVA). For MLST and MLVA, the polymerase chain re-

action (PCR) is typically used. These methods are commonly used to establish relatedness

between strains.

PFGE is a wet-lab method where whole-genome DNA is fragmented using rare-cutting

restriction enzymes and run through an agarose gel alongside a standard sample. Like the

other wet lab methods, PFGE requires a pure bacterial culture, which is time consuming

to produce. The runtime of the PFGE itself can also be considerable; in a study involving

ESBL E. coli typing, four hours were required for DNA digestion, followed by 20 hours

for the PFGE itself [140]. Once complete, bands on the gel are visualized; fragments will

move at different speeds along the gel depending on their size. The resulting profile of

banding patterns can be compared to databases of known profiles. PFGE is usually used for

determining relatedness, especially for tracing outbreaks. However, the result is not always

informative. A study examining E. coli isolates from Canadian outbreaks spanning from

2008 to 2012 found that PFGE was not well suited for the task of discriminating between

strains on its own [141]. The USA surveillance network for foodborne outbreaks, PulseNet,

has been using PFGE as their gold standard since 1996. In 2015, 76,000 isolates were

identified using their database of PFGE profiles [142]. PulseNet is currently working to

replace PFGE with whole genome sequencing, as it has an improved ability to differentiate
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between strains [143].

PCR-based methods are much faster than PFGE. They aim to amplify specific regions

of DNA, such as resistance genes [105]. Primers specific to the regions of interest are

added to the sample, along with nucleotides and a polymerase. Thermal cycling is used

to drive the replication process; the number of copies increases exponentially with each

cycle. Many commercial kits and machines are available, making this method a convenient

option [105]. Not including the time to obtain a pure culture, the method can be completed

within 2.5 hours [144, 105]. PCR can be used to detect the presence of bacterial species

in a culture. A common target for this is the 16S rRNA gene [145]. The Salmonella spp.,

Shigella spp., and Yersinia spp. can be identified by PCR within three hours, instead of

two to four days, which is required for selective culturing [146]. PCR can also be used for

discerning characteristics within strains. For E. coli, PCR protocols have been created to

differentiate between pathotypes [147, 148]. There are also protocols for serotyping, with

a focus on the identification of STEC O157:H7 [149, 150, 151]. A drawback of PCR is

the requirement of specific primers for each use case, either from a commercially available

kit or designed by trained technicians. An additional challenge is multiplexing, which

improves detection, but adds difficulty to experimental design [152]. Multiplexing is when

multiple primers are designed for different locations within the same genome, and included

in the same amplification; this allows multiple targets to be examined at once, including

both the presence and absence of genes [153, 152]. In order to fully characterise a sample

by PCR, many separate PCRs would need to be performed, each with their own set of

primers.

MLVA is usually used alongside PFGE for verification and improved resolution [141].

In it, PCR is used to amplify variable-number tandem repeats at multiple locations in the

genome; these are repetitive regions of DNA occurring beside each other [141]. Capillary

electrophoresis is then used with the amplified DNA and a standard, and results can be

determined similarly to PFGE [141]. A Canadian study of 2008-2012 outbreak isolates
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found that MLVA in addition to PFGE improved resolution by 60% [141]. In Canada, there

is only an MLVA protocol for a single E. coli serotype, O157:H7 [154, 155].

MLST also uses PCR. To establish relatedness, the targets for PCR are housekeeping

genes which should be present in every isolate of a species. There are three commonly used

MLST schemes for E. coli: the scheme defined by Achtman [156] uses seven housekeeping

genes, the scheme by Pasteur [157] uses eight, and the scheme by Whittam [158] uses 15.

Though usually used for strain-level resolution, it can also be used for examining resistance.

For resistance, there are many possible gene targets, and the choice will depend on what

antibiotics are of interest. According to a study involving the typing of ESBL E. coli, MLST

is better at resolving strains than PFGE when both housekeeping and resistance genes are

included [140].

For E. coli, the primary targets for AST panels are select ESBL producing genes [144,

140]. The panels may miss other important ESBL or non-ESBL genes [144]. Additionally,

the resistance of an isolate may be complex, and unable to be predicted from only the genes

in the panel [105, 144]. Resistance can also be due to pumps which remove the antibiotic

from the cell, alterations that prevent antibiotic uptake, or novel mechanisms [144, 159].

The results of PCR AST are more informative for gram positive microbes than gram

negative ones like E. coli, as their genotype may be less likely to match phenotype [144,

159]. If a resistance gene is present, the isolate may still be susceptible if that gene is

underexpressed or not expressed at all [159]. Although the PCR results may be less certain

for E. coli, they can aid in treatment selection while awaiting the results of traditional

phenotypic methods [144].

The main drawback to all of these conventional typing methods is that there is a large

number of genes to choose from, but only a portion can be examined at a time. Addi-

tional drawbacks include the requirement of highly trained personnel to run experiments

and analyse data, and consumption of materials and time.
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1.3.2 Whole Genome Sequencing Technology

As whole genome sequencing (WGS) is becoming increasingly available, cost-effective,

and rapid, it is emerging as the new standard for pathogen diagnosis and surveillance [160].

FoodNet Canada and CIPARS are currently using whole genome sequencing in their surveil-

lance of enteric pathogens [161, 162]. The American PulseNet is currently in the process

of updating their standard to WGS from PFGE methods for foodborne outbreak surveil-

lance [143]. The complete genome of an isolate allows for more thorough characterization

than only examining select regions with PCR [160, 163, 164].

Many technologies are available, varying in sequencing time, error rate, and read

length [160]. One of the most popular high-throughput technologies is Illumina sequenc-

ing, which has relatively low cost per base sequenced and low error rate [160]. A trade-off

with Illumina is a longer runtime compared to other options, taking between four and 55

hours [160, 165]. As with previously discussed techniques, most sequencing technologies

also have the prerequisite of a pure culture [164, 166].

Two WGS technologies capable of producing sequences in real-time were developed by

Pacific Biosciences (PacBio) and Oxford Nanopore Technologies (ONT). Both platforms

produce longer reads than other next-generation sequencing platforms, which can improve

the resolution of plasmids and resistance genes [167]. While Illumina sequencing produces

reads of up to 300 bp in length [168], PacBio reads have an average length of 10 kbp to

25 kbp [169, 170], and ONT reads range between 500 bp and 2.3 Mbp [171]. Initially,

a primary drawback of these technologies was low throughput and higher error rates, but

higher throughput options, such as the ONT PromethION, are overcoming throughput lim-

itations [172]. The accuracy of these technologies has also been steadily improving since

the technologies were introduced [172].

One of the primary sequencers available from ONT is the MinION, which provides

results in real-time [173]. Analysis can begin while sequencing is in progress, and complete

AMR gene detection can be performed within six hours for plasmids [174]. The user can
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adjust the run time [173]; longer run times can produce more data, however, a full 72 hours

may not be required for diagnostics. In addition to speed, the device is portable, allowing

for sequencing with a laptop instead of a laboratory [175]. As of 2021, the basic MinION

costs only $1000, though there are extra costs including reagent kits and flow cells [175].

As the ONT technologies are easy to use, and relatively cost-effective, they have been

investigated as replacements for traditional AST in clinical settings. Depending on the

sample type, the time-consuming step of obtaining a pure culture may be skipped prior

to sequencing. A study of E. coli spiked urine samples demonstrated that the MinION

was able to identify the bacteria without culture [176]. Additionally, resistance profiles

were determined by comparing the sequences to AMR gene databases. The results were

compared to profiles created from Illumina sequencing analysis, which used a pure culture.

The MinION detected 51 of the 55 markers found by the Illumina method. A common

issue with the analysis of ONT data is difficulty identifying variants, though this may be

improved upon through bioinformatic analysis rather than the sequencing itself [176, 177].

1.3.3 Whole Genome Sequencing Analysis

Following WGS, sequence reads are fed into bioinformatic pipelines for analysis. The

computational analysis can vary greatly in runtime, from seconds to days, depending on the

pipeline used. A primary benefit of in silico methods is their efficiency: multiple forms of

analysis can be run concurrently by a single technician.

There is an overwhelming selection of bioinformatics software to choose from for typ-

ical analysis needs, such as AST, establishing phylogenetic relationships, or subtyping.

With so many tools available, standardization is an issue; tools sharing a common purpose

may have contradictory results. Another issue is that tools are commonly short-lived, ei-

ther becoming inaccessible or unusable due to the lack of support and maintenance [178].

Although promising, WGS analysis methods are relatively new, and require more develop-

ment before being able to replace traditional phenotyping [164].
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Resistance Databases

There are numerous methods to perform AST by WGS. The most popular technique is

comparison of the sequence with one of the many databases of resistance genes [164, 163].

Three of the most well-known databases of AMR genes are the Comprehensive Antibi-

otic Resistance Database (CARD) [179], the Bacterial Antimicrobial Resistance Reference

Gene Database from the National Center for Biotechnology Information (NCBI) [180],

and the ResFinder Database from Centre for Genomic Epidemiology (CGE) [181]. Tools

such as ABRicate allow convenient access to multiple resistance databases using a sin-

gle interface [182]. It is also common to create custom databases and use a tool such as

BLASTn [183, 184] for comparisons [185].

Although databases can share data with one another [186], they are not equal in content.

The variety of databases available creates standardization issues, where each database can

use different nomenclature of genes and antibiotics. A comparison of AMRFinder (NCBI)

with ResFinder (CGE) for the prediction of resistance in Salmonella enterica, Campylobac-

ter spp., and E. coli found 1,229 discrepancies in the identified AMR genes [187]. A con-

tributor to this was that at the time of the study, ResFinder did not include some of the drug

classes in their scope [187].

Beta-lactamase gene names are a good example of discrepancies between databases, as

their classification has changed over time. The blaBIL-1 gene discovered in the 1990s is

now considered to be the same as blaCMY-2 (CMY: cephamycinase) [68], however, this

is not always reflected in every database. There are attempts to create standardization;

as of 2015, the NCBI has taken over curation of the many beta-lactamase families previ-

ously curated by the Lahey Clinic [186]. Some families are also curated by the Pasteur

Institute [188]. Inconsistencies have also been found within databases, such as with the

TEM beta-lactamases in the NCBI database, as their rapid expansion causes curation chal-

lenges [189, 190].

To ensure that all validated AMR genes are available for analysis, and named consis-

26



1.3. GENOTYPIC CLASSIFICATION

tently, a single standardized database is required [164]. Unfortunately, this ideal solution

requires a great undertaking, with international collaboration beyond what is currently fea-

sible [164]. Databases have been created in an attempt to have a central resource for nam-

ing and sequences, however, they are incomplete and inactive [189, 191]. A promising

database, the Antibiotic Resistance Gene-ANNOTation (ARG-ANNOT) [192], was estab-

lished in 2015, however, due to lack of maintenance it fell out of favour [193]. Although it

may have discrepancies, the NCBI database is widely used, as it is curated as carefully and

often as possible.

Other Methods

Other subtyping methods can be run concurrently with AST, replacing both kinds of

conventional testing methods with convenient in silico versions, requiring only one techni-

cian. Whole genome multilocus sequence typing (wgMLST) and core genome multilocus

sequence typing (cgMLST) are typically used to establish relatedness of isolates. They

are similar to the previously described MLST, but are not limited to a small set of genes.

Reference genomes are used to determine the set of genes to use. Their presence or ab-

sence amongst the reference genomes determines if they are “core” or “accessory” genes.

wgMLST includes both core and accessory genes, while cgMLST includes core genes only.

wgMLST schemes can include tens of thousands of locations across the genome [155, 194],

much higher than the traditional subtyping methods, which use 15 or fewer [156, 157, 158].

cgMLST schemes can also include thousands of loci [155]. When an isolate is assessed

using one of these schemes, allelic variations can be determined along with presence or ab-

sence of a gene. A Canadian study found that wgMLST had improved resolution compared

to PFGE with MLVA for strain detection of E. coli O157:H7 [155].

De Bruijn graphs have been used in Staphylococcus aureus and Mycobacterium tuber-

culosis to examine resistance and relatedness [195]. Another method for M. tuberculo-

sis scans sequencing reads directly to look for single nucleotide polymorphisms (SNPs) to
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identify resistance mutations [196]. More recently, machine learning methods have become

increasingly popular, as they have great potential for the detection of new markers [164].

Future of AST with WGS

AST by WGS analysis is still a relatively new procedure and requires more development

before being able to replace traditional phenotyping [164]. A primary benefit of using WGS

is that no a priori information about resistance mechanisms is required [164]. Along with

being able to detect known resistance markers, mutations and unknown markers may be

identified [163, 164]. In silico serotyping or pathotyping, and phylogenetic analyses may

supplement the results, and can be run in parallel to the AST.

WGS is increasingly replacing more limited testing methods in pathogen surveillance

programs [160, 197]. WGS and in silico analysis can replace the many laboratory tests

traditionally used in surveillance [197]. Reducing testing into fewer, centralized, tests,

allows for more rapid response times [197].

1.4 Machine Learning

1.4.1 Overview of Machine Learning

Machine Learning (ML) is the use of algorithms to mimic a learning process, with

the typical goal of grouping or classifying items. It has a broad range of applications,

from identifying birds by their song [198] to diagnosing breast cancer with mammography

images [199]. In bacteriology, applications include predicting the ability of phages to infect

bacteria [200], host response to an infection [201], new antimicrobial compounds [202],

host adaptations by bacteria [203], host or isolation source [204, 205], the association of

human pathogens and plants [206], and the zoonotic potential of an isolate [207].

In general, training a model involves providing a dataset of items, such as a set of

microbial isolates, animal sounds, or microscopic images. The supplied items have features,

which are characteristics such as the presence or absence of a phenotype. The model works
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to identify patterns of features which characterise different groups of the items.

ML can be either ‘supervised’ or ‘unsupervised.’ Supervised learning uses a labelled

dataset, where the classifications of the input data are known. This method is used to create

models to predict labels for previously unseen data [208]. Unsupervised learning uses an

unlabelled dataset; the general goal of this method is to group the data based on inherent

characteristics [208].

Unsupervised methods can be easier to implement than supervised methods, as they

tend to be less customizable [209]. A primary benefit of unsupervised learning is also one

of its biggest drawbacks: less metadata are required for these methods, as labels are not

needed for training [208, 209]. However, without labels there is no direct way to determine

if the training is successful [208, 209].

Unsupervised learning is typically used to cluster data into groups sharing similar char-

acteristics. Common clustering methods include k-means, hierarchical clustering, and prin-

cipal component analysis [208] These methods require a distance metric, which define how

group similarity is determined [208, 210]. Metrics can have a large impact on the success

of clustering, and there is no one method that is best for all situations [210].

Supervised methods are generally more complex than unsupervised methods and re-

quire more metadata, but they benefit from being able to be validated [209, 208]. Typically,

the dataset with known labels is divided into parts, including a training set and a validation

set. The validation set is withheld from training and used to determine if the trained model

is successful. The trained model can then be used on unseen data to classify it. Three com-

mon ML models are support vector machines (SVMs), artificial neural networks (ANNs),

and gradient boosted decision trees.

The goal of an SVM is to find a hyperplane which best separates the classes of data [208].

The data points closest to the division are the support vectors. The SVM aims to maximize

the distance of the support vectors from the plane, to make the largest possible division

between classes. An example of an SVM is shown in Figure 1.1.

29



1.4. MACHINE LEARNING

Figure 1.1: An example of a 2-dimensional support vector machine (SVM), depicting the
separation of resistant (left, green) and susceptible (right, grey) bacteria. Data are plotted
according to features, and the SVM determines the best line (solid line) by maximizing the
size of the margin, which is the distance between points in each class (distance between
dashed lines). The data points on the margin are called supporting vectors. This image was
created with BioRender.com.

An example of ANN structure is shown in Figure 1.2. An ANN is made up of layers

of neurons, with each neuron being interconnected to every neuron in the preceding and

following layer [208]. The input layer consists of one neuron per input feature, and the

output layer consists of one neuron per class [208]. In between the input and output layers

can be any number of hidden layers. The connections between neurons have individual

‘weights.’ The input and weight are passed to an activation function and the output is

compared to the neuron’s threshold. If the resulting value makes it past the neuron’s set

activation threshold, then the neuron is activated, and the output is passed on to the next

neuron to be used as input, and so forth. This is called “forward propagation”. To train this

type of model, known data is repeatedly passed through, and the output is compared with

the true values; the neural net then adjusts the weights in such a way to improve the model’s
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accuracy. This is called “backward propagation.”

Figure 1.2: An example of an artificial neural network (ANN) structure, consisting of an
input layer, two hidden layers, and an output layer. Each neuron is interconnected with
every neuron in neighbouring layers. The connections have individual weights (w).

A decision tree is composed of nodes, each associated with a choice [208]. The tree

starts with one node, and the possible choices lead to different nodes, and so forth, as in

a flow chart. The output nodes are those which lead to no further choices; they represent

the predicted class. During training, the choices included in the tree and their order are

altered to find the best tree for predicting classes [208]. Trees perform better when used

in groups, called ensembles. An example of this is a “forest,” which consists of multiple

trees with different series of questions; the final classification is determined by majority

or averaging the predictions of the individual trees. An example of a forest is shown in

Figure 1.3. Another ensemble method is gradient boosted decision trees. Gradient boosting

involves sequentially combining the weak trees to create a better tree [208].
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Figure 1.3: An example of an ensemble of decision trees (“forest”). Each decision tree
consists of a different series of branching yes (Y) or no (N) questions, which lead to a
prediction such as susceptible (S) or resistant (R). In an ensemble, a final classification is
determined by majority or by averaging.

ML methods are becoming more accessible, with many able to run on standard desktop

computers. Some models can even be run with phones, such as Merlin, which uses a ML

model to identify birds by their songs or images [211, 212]. Supervised methods are often

used with WGS data, as the required labels, such as isolation source, are usually readily

available. Additionally, a reusable model to classify new WGS data is desirable for use in

diagnostics or surveillance.

1.4.2 Machine Learning and WGS for AMR Prediction

There are many ways to train ML models to predict resistance profiles from sequencing

data. The training data may be specific, such as using the amino acid sequences from

genes encoding one kind of protein, or broad, such as using the pan-genome, or all present

subsequences (k-mers).

Amino Acids

A study on Streptococcus pneumoniae extracted only the genes encoding penicillin-

binding proteins from whole genome sequences, and their variability in amino acid se-

quence, along with MICs, were used to predict resistances to antibiotics [213]. Another

study, on M. tuberculosis, used SNPs within 23 genes and their upstream regions as input
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for machine learning models to predict SIR classification [214]. Instead of hand-picking

genes, a reference database (discussed above) can be used to find the known AMR deter-

minants present in the dataset, and also for deducing the variants present [215, 216, 163].

Pan-genome

While examining a set of known genes can provide insight into variants’ association

with resistance, they may overlook other genes or regions contributing to AMR. Broader

approaches make use of the pan-genome, or a set of all genes present across the dataset.

As the pan-genome may be very large, it is common to break it down into core genes

and accessory genomes, or by clustering, or both. In general, the presence/absence or

copy number of each gene, gene cluster, or the variants, is used as input for training ML

models. This approach has been successful in multiple bacterial species, including E. coli,

S. aureus, Pseudomonas aeruginosa, Elizabethkingia spp., Neisseria gonorrhoeae, and M.

tuberculosis [217, 218, 219, 220, 221, 222].

An advantage of this method is that it excels in the ability to detect novel markers or

mechanisms conferring susceptibility or resistance, on top of accurate predictions [219,

222]. Kavvas et al. found that 24 of the 57 identified targets were previously undescribed

for resistance in M. tuberculosis; however, as independent models for each drug were not

made, associations of these targets with specific antibiotics could not be made [222]. In

contrast, Hyun et al. trained one model per antibiotic for each of S. aureus, P. aeruginosa,

and E. coli [219]. They extracted and annotated the genes most important for classification

from trained models and selected potentially novel genes associated with AMR. Across all

species and antibiotics tested, they selected 25 novel candidates. The candidates included

both core and accessory genes; for E. coli, all nine candidates identified were accessory

genes. Some of the candidates were novel for the antibiotic and species combination, but

the mechanism of resistance had been previously described in other species. For example,

one candidate for S. aureus was a gene encoding for a HflX protein that was previously
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found to confer resistance in Listeria monocytogenes, with Hyun et al. proposing that a

similar mechanism may be responsible for resistance in S. aureus [219, 223].

A drawback is that there is no consensus on how to filter the pan-genome for the most

meaningful set of genes for prediction, so any filtering may discard important genomic

features. Two recent studies with E. coli have demonstrated that accessory genes may be

the most important for accurate prediction [217, 218], however, core genes can also be

responsible for resistance and should not be ignored [219].

k-mers

An alternative to pan-genome determination and clustering is the use of k-mers, or sub-

sequences of a specified length k. The frequency of occurrence of each k-mer within a

genome may be determined, or just the simple presence or absence of each k-mer. They

may also be passed in groups instead of individually when training models [224]. A pri-

mary advantage of using k-mers is that it allows for the examination of all areas of the

genome, with no prior knowledge of resistance mechanisms required. As with the previ-

ously mentioned pan-genomic approach, this means that the k-mer methods are well suited

to the detection of novel markers of resistance. An advantage that k-mer methods have over

gene-based approaches is the ability to also investigate intergenic regions, which can also

contain important information, such as markers of host-specificity [225].

There is no single best k-mer length for all analyses. The optimal size will vary depend-

ing on what species is being examined, how much computational power is available, and

how specific the sequence fragments need to be. Shorter k-mers may produce informative

models, but they are harder to locate within a genome, as they are more likely to appear by

chance. Longer k-mers are more specific and easier to annotate; however, the total number

of unique subsequences of length k grows exponentially with each increase of k, leading

to extreme computational costs. The total number of possible unique k-mers is calculated

with 4k; there are 4,194,304 unique 11-mers, 67,108,864 unique 13-mers, and 4.6× 1018

34



1.4. MACHINE LEARNING

unique 31-mers. The number of unique k-mers and their frequency of occurrence will differ

depending on the species being examined, the diversity of the dataset, and the size of the

dataset.

Aun et al. developed PhenotypeSeeker and predicted phenotypes for Pseudomonas

aeruginosa, Klebsiella pneumoniae, and Clostridium difficile [226]. Their dataset had ap-

proximately 10 million unique 13-mers and 28 million 31-mers. Prior to training, they used

filtering to reduce the number of input features to 1000. They determined that 13-mers

were ideal for the performance of PhenotypeSeeker, as the RAM usage did not exceed 2

GB for their dataset. This is within the capabilities of a standard desktop computer. They

noted that increasing the number of unique k-mers would increase memory requirements.

The runtime of model building for PhenotypeSeeker scales linearly, and their dataset of

200 assembled P. aeruginosa genomes took just over four hours to process per phenotype,

using 13-mers [226]. If it was run on a dataset of 4000, this would take over three days to

complete.

Drouin et al. developed Kover, and predicted phenotypes for C. difficile, Mycobac-

terium tuberculosis, P. aeruginosa, and Streptococcus pneumoniae [227]. It was limited to

binary classification, and cannot additionally predict intermediate classifications [227, 228,

229]. 31-mers were determined to provide optimal performance and specificity for their

datasets. The full set of input 31-mers was unable to be fit into the memory of their su-

percomputer. Three of their four tested model types required that the input undergo feature

reduction prior to use. The fourth type was an out-of-core method, which used hard disk

space instead of loading the input into memory. As with PhenotypeSeeker, the runtime of

model building for Kover increases linearly with the number of input genomes and k-mers.

Feature reduction with statistical tests is useful for reducing memory requirements, as

shown with PhenotypeSeeker [226]. The number of k-mers required for accurate prediction

may be small. Mahe and Tournoud trained models for predicting the resistance of Staphy-

lococcus aureus and M. tuberculosis, and found that only 1 to 8 31-mers were required for
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successful classification [224].

1.4.3 Machine Learning and Optical Methods for AMR Prediction

Flow Cytometry

The results of flow cytometry for AST represent the changes in bacteria in response to

the presence of antibiotics. These observations in conjunction with labels can be passed

to machine learning models for training. A study developed a flow-cytometer method of

antimicrobial susceptibility testing (FAST) that was able to predict MIC within 3 hours,

but was limited by the requirement of a specialized technician for analysis [230]. Recently,

they improved the throughput of their FAST method by the inclusion of machine learning

methods [231]. The hands-on time was reduced to just 10 to 25 minutes, and expert training

was no longer required. For their validation test of their decision tree, 83% had an SIR

classification in agreement with a traditional broth microdilution method. The sample size

was small, but supports that the method should be investigated further in the future [231].

MALDI-TOF

MALDI-TOF spectra and resistance labels can be passed to machine learning models

for AMR prediction. A 2015 study achieved 89-98% accuracy using SVMs paired with

spectra for the SIR classification of S. aureus isolates to vancomycin [232]. Another S.

aureus study trained a SVM and in a blind test, correctly identified 93.3% of methicillin-

resistant isolates and 86.7% of methicillin-susceptible isolates [233]. Both of these studies

had a relatively small sample size, but illustrated proof of concept.

Recently, a much larger study of AST with multiple model types was performed for

E. coli, K. pneumoniae, P. aeruginosa, and S. aureus [131]. Training data consisted of

thousands of samples taken from their database of MALDI-TOF spectra: the Database of

Resistance against Antimicrobials with MALDI-TOF mass Spectrometry (DRIAMS). The

database should be publicly available soon, but at this time it is still undergoing review.

Models trained on samples from one location could not be used to predict an SIR class for
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samples from another location. As their database only contains samples from institutions

in Switzerland, classifiers produced with it are currently not globally applicable.

Their machine learning models can produce a classification within one day, with the

time constraint being the 24 hours required for culture isolation [131]. One model was

created per bacterial species and antimicrobial combination, and they compared logistic

regression, random forests, support vector machines, and gradient-boosted decision trees

for SIR classification.

Over 90% sensitivity and specificity were achieved for E. coli classification; however, in

order to prevent false negatives, stringent prediction rejection criteria were used, resulting in

rejection percentages of over 40%. This means that the models only produced an approved

classification for 60% of tested samples, with the remaining 40% requiring traditional or

alternative AST methods.

Infrared Spectroscopy

As with MALDI-TOF, the spectra from FTIR can be used with resistance labels to train

models for AMR prediction. These models achieve similar accuracies to those made with

MALDI-TOF data, as is the time required for prediction after obtaining a pure culture. A

study with a small E. coli dataset used ANNs to classify isolates as SIR to cephalothin

with 83.4% accuracy. When classification was switched to binary susceptible/resistant,

the accuracy increased to 92.6% [234]. Subsequent larger E. coli studies have used SVMs,

obtaining 66% to 91% accuracy, depending on the study and antibiotic [235, 236, 237, 238].

Regions that contributed the most to the accuracy of model prediction could be identi-

fied, but their informational content was limited. The wavelength where absorption bands

appear in a spectrum are informative of certain component characteristics, such as fatty

acids, or carbohydrates [234], but are not always specific. The carbohydrate region 1200-

900 cm−1 region was found to be important for predicting the presence or absence of ESBL

in K. pneumoniae, but the significance of this region can only be speculated on [239]. The
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relevant ranges may also be small: bands at 1452 cm−1 have been associated with nalidixic

acid and ofloxacin resistance, and the region at 990–1170 cm−1 has been associated with

resistance to gentamicin, ceftazidime, nitrofurantoin, and ofloxacin [236]. In general, for

E. coli, the 1800-900 cm−1 region has been shown to be a good target for SVM classifica-

tion [235, 236].

1.5 Metagenomics

The previously described techniques for AMR determination primarily involve the time-

consuming step of obtaining a pure culture. A way to bypass this is by sequencing the

metagenome, or all of the mixed DNA within a sample. The two primary methods of this

are 16S rRNA gene sequencing and shotgun sequencing. The former method is older, exam-

ining only the ribosomal RNA gene to identify species [240]. 16S rRNA gene sequencing

is used mainly to investigate the composition of microbial communities as a whole [240],

as opposed to more specific species characteristics. It can also suffer from poor resolution

at the species level of classification [240].

In contrast, the more modern shotgun sequencing aims to sequence everything in the

sample, allowing for higher taxonomic resolution [241], and a wider variety of analyses.

Illumina technologies are most popular for metagenome sequencing, because of the cost

per sequence size, throughput, depth of sequence, and ability to sequence low DNA quan-

tities [242, 243]. Although accurate, the resulting sequence is highly fragmented, making

assembly more challenging [244, 245]

As long-read technologies, PacBio and ONT, develop, they are becoming more promis-

ing for metagenome sequencing. Compared to Illumina, there are more sequencing errors,

greater costs, and a larger quantity of required input DNA [242, 246, 244], but the assem-

bled longer sequences are more complete due to the long reads [244].

Metagenomes sequenced from human blood with the MinION can be analyzed within

an hour to detect the presence of Ebola, chikungunya, and hepatitis C viruses [246].
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1.5.1 Sequence Processing

Though time is saved by skipping culturing steps, it can potentially be lost again in

complicated computational processing steps. The volume of bioinformatic tools available

for processing and analysis is overwhelming, and one tool may not be the best choice for all

sample types [242, 247]. The most common processing required before genome analysis

can begin are assembly and taxonomic binning.

The Critical Assessment of Metagenome Interpretation (CAMI) challenge was cre-

ated to provide a method of metagenomic pipeline benchmarking without bias [247]. The

Challenge is run over a set time period, and participating developers may choose whether

or not to have results included in the CAMI publication; however, the standard datasets

and procedures are also publicly available for anyone to use outside of the official chal-

lenge [247, 248]. The first CAMI challenge consisted of only short-read Illumina se-

quences and began in 2015, with results published in 2017 [247]. The second challenge,

CAMI2, includes both short- and long-read data; it began in 2019 and was only recently

concluded [249, 250, 248].

Assembly

Six short-read assemblers had their results published as part of the first CAMI Chal-

lenge [247]. MEGAHIT, Minia, Meraga, A*STAR, Ray Meta and Velour were compared

by resulting assembly size, number of unaligned bases, misassemblies, and the ability to

resolve closely related genomes. By their metrics, MEGAHIT, Minia, and Meraga were

the best performing assemblers, however, the resolution of closely related species from

a metagenomic sample was problematic for all of the assemblers. They also found that

methods using multiple lengths of k-mers performed better than those using a single k-

mer size [247]. In the first CAMI Challenge, the evaluation of assemblers included the

use of MetaQUAST, a version of QUAST (quality assessment tool for genome assem-

blies) optimized for metagenomics. It assesses assemblies by comparison to reference
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genomes. The MetaQUAST developers previously tested their tool on four assemblers,

IDBA-UD, SPAdes, Ray Meta, and SOAPdenovo2, with one of their datasets originating

from the CAMI Challenge. They concluded that all were equally capable of assembling

metagenomes [251].

These studies focused on the assembly quality, but this is not the only deciding fac-

tor when choosing a tool; runtime and computational requirements are also important to

consider. Another study investigated these additional factors on top of quality for the as-

semblers MetaSPAdes, IDBA-UD, MEGAHIT, MetaVelvet, Ray Meta, SOAPdenovo2, and

Omega [242]. Instead of using CAMI Challenge data, they used two metagenomic samples

of differing complexity. They provided four cores to each assembler, with the exception

of MetaVelvet which was given eight. Runtimes varied from 0.8 to over 100 hours, and

memory usage varied from 5 to 267 GB. Time, RAM, and assembly quality were not only

affected by the sample composition and assembler chosen, but also by user specified pa-

rameters such as k-mer length. They also found that there was a trade-off between assembly

size and sensitivity in detecting diversity in the sample. For example, MetaVelvet excelled

at resolving diversity, but had relatively low assembly sizes. For this comparison study,

MetaSPAdes was considered to be the best, as the assemblies were large while also detect-

ing much of the diversity in the samples.

Fewer benchmarking studies have been conducted for long-read sequencing, as they

have only recently been gaining popularity. A recent comparison for ONT sequence as-

sembly was performed using two low-complexity samples containing the same species but

at different abundances [245]. They compared three short-read assemblers: metaSPAdes,

MEGAHIT, and Minia; and ten long-read assemblers: Canu, HINGE, Miniasm, Unicycler,

Pomoxis, Raven, Redbean, Shasta, and two versions of MetaFlye. Evaluating completeness

and alignment to reference genomes was performed with QUAST [252], MetaQUAST, and

minimap2 [253]. Testing was run on a desktop computer with 8 cores and 64 GB of RAM,

much less than the previously mentioned benchmarking studies. MetaSPAdes, one of the
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best assemblers for Illumina reads, was unable to run with such limited memory. With

ONT platforms, the ability to run analysis on simple desktop computers is desirable, as a

big advantage of the MinION is its portability.

Shasta was the fastest, able to produce an assembly in just 5 minutes, but at the cost of

having the worst quality. The long-read assemblers MetaFlye, Raven, and Canu were able

to produce high quality assemblies from ONT reads. Canu produced some of the highest

quality results, but took nearly a day to complete. Raven and both versions of MetaFlye

were also able to produce high quality assemblies, but required 3 hours to do so. Although

many assemblers were compared, only two mock samples were used. Further studies are

needed to assess the performance of ONT data and assemblers for more complex samples.

Binning

Along with assembly, taxonomic classification of metagenomic samples to determine

composition and/or abundance is commonly performed. There are two methods of binning.

In “genome binning”, sequences are grouped independently of taxonomic labels, instead

using similarity to one another for sorting. Meanwhile, “Taxonomic binning” groups se-

quences into taxonomic labels by comparing them to reference sequences.

The first CAMI Challenge compared five genome binners, MyCC, MaxBin 2.0,

MetaBAT, Metawatt 3.5, CONCOCT, and four taxonomic binners, PhyloPythiaS+, taxator-

tk, MEGAN6, and Kraken [247]. They applied the programs to three datasets of differing

complexity, and examined the purity and completeness of the genomes in the resulting bins.

For the genome binners, the average purity of the resulting genomes varied from 70% to

90%, while the average completeness varied from 34% to 80%. Sample complexity affected

performance, with most programs failing as complexity increased. MaxBin 2.0 was able to

achieve 96% purity on the most complex dataset, but its completeness was 48%, similar to

the other four tools. Metawatt 3.5 was close behind with 90% purity and 49% complete-

ness. Both the genome binners and the taxonomic binners struggled with resolving closely
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related strains into different bins. Taxonomic binners performed well at higher taxonomic

levels, but less well at the genus and species levels due to the small number of reference

genomes available for the more specific ranks. For the low-complexity dataset, the top two

performing tools were PhyloPythiaS+ with over 75% completeness and accuracy up to the

family level, and Kraken with over 50% completeness and accuracy up to the family level.

The performance of Kraken, MEGAN, and taxator-tk improved for the medium-complexity

dataset.

A package called Assessment of Metagenome Binners (AMBER) was developed after

the CAMI Challenge, to incorporate their evaluation methods and provide a streamlined

method to compare binners [254]. They evaluated 11 binning tools using a low- and a

high-complexity CAMI dataset. Five tools examined were also used in the first CAMI

Challenge: CONCOCT, MyCC, MaxBin 2.0.2, MetaBAT, and Metawatt 3.5. They also

tested three other tools, BinSanity, BinSanity-wf, COCACOLA, and DAS Tool 1.1, and

newer versions of two tools, MaxBin 2.2.4 and MetaBAT 2.11.2. DAS Tool is unique in

that it takes the results of other binners as input; for this study all of the results except those

from COCACOLA were used as input.

The newer version of MetaBAT performed much better than the version tested 3 years

earlier. On the high-complexity dataset, it had bins with the highest purity and complete-

ness compared to the other standalone binners. This highlights that when choosing a tool,

it is important to consider how it is being maintained, and the dates of benchmarking pub-

lications. DAS Tool was able to achieve higher performance than MetaBAT on the high-

complexity dataset, but was on par with other binners for the low complexity dataset [254].

Although DAS Tool may provide higher purity and completeness than using a single binner,

if each program could take up to an hour to run [255] and could not be run in parallel, then

the extra time required for analysis may not be worth the small increase in performance.

Additionally, such an approach would introduce more variables into the choice of binners;

decisions would include which and how many binners to include, as well as the numerous
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settings available for each binner.

A 2019 comparison [255] found that the 20 tools they compared all performed simi-

larly, but their evaluation metrics were not the same as the prior studies, so the results are

not directly comparable despite additional tests with CAMI datasets. They found that the

group of classifiers using DNA criteria performed better than those using proteins, as the

latter lacked non-coding regions in their databases. As with the prior studies, the classifiers

struggled to classify sequences at the species level. They also measured the runtime and

memory requirements of the programs. A tool may be fast but require an amount of mem-

ory beyond a standard computer; for example, KrakenUniq completed in just 1 minute,

but required 200 Gb of memory. The programs varied in memory usage from under 1 Gb

to 200 Gb, and in runtime from under 1 minute to 40 minutes. Computer resources may

affect the choice of binner, but there are many options available for even basic desktops.

They concluded that presently there is no single best tool and that improvements to increase

performance, especially at lower taxonomic ranks, are needed for the future.

As with assembly, there is a lack of large benchmarking studies on the binning of long-

read data. A 2019 study [256] compared the ONT and Illumina platforms in the analysis

of cattle rumen samples, using MEGAN for taxonomic binning. The ONT data allowed

for better genus and species resolution compared to Illumina. When detecting diversity

at lower ranks is important, such as for pathogen detection, ONT may be a better plat-

form choice; alternatively, the two platforms may be used in conjunction through hybrid

assemblies, although cost may be prohibitive [256]. The tool they used, MEGAN, also

has a derivative tool called MEGAN-LR which was optimized for long read sequencing,

including the PacBio platform as well as ONT [257].

A binning workflow, “What’s In My Pot?” (WIMP), was developed specifically for

the ONT platform [258]. This workflow is included in their online analysis program

EPI2ME [259]. WIMP is an attractive option for users with a limited bioinformatics back-

ground, as it has a user-friendly graphical interface, and does not require use of the com-
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mand line like the majority of other programs available. It uses the Centrifuge program,

which may also be used for short-read data [260, 255], and NCBI databases to perform clas-

sifications. At the time of release, it took approximately 3.5 hours to complete a run [258],

which is over three times longer than the longest runtime for Illumina data in the study by

Ye et al. [255]. However, WIMP can begin data analysis while sequencing is still under-

way [258]. The MinION Detection Software (MINDS) is a similar workflow to WIMP,

and also uses Centrifuge [261]. It was developed to remove the requirement of an internet

connection, making it well suited for the portability of the MinION.

1.5.2 Detecting Antimicrobial Resistant Determinants in Metagenomes

Database Methods

The previously mentioned database methods for detecting AMR determinants in WGS

data can also be applied to metagenomes from any platform. Some studies also merge

databases, such as ResFinder, CARD, and ARG-ANNOT, into one master database, though

differences in nomenclature make this challenging [90]. One of the programs available

through the ONT online EPI2ME portal is the AMRA workflow, which uses CARD for

real-time detection of AMR genes [262].

A database called MEGARes, and the pipeline designed to interface with it called AM-

RPlusPlus, were created to provide a more optimized database and analysis pipeline for

processing large metagenomic samples [263]. The developers argue that existing AMR

databases, originally created for use primarily with single genomes, are not optimized for

automation and metagenomic applications. They compiled the information of the databases

ResFinder, ARG-ANNOT, CARD, and the National Center for Biotechnology Information

(NCBI) Lahey Clinic beta-lactamase archive. Along with automated merging of identical

entries across databases, manual curation was used to ensure the quality of the database.

MEGARes uses strictly hierarchical annotation, in contrast to CARD, whose entries may

belong to multiple groups and thus cause counting errors [263]. These errors may not matter
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for individual genome analysis, but may cause skewed results for complex samples [263].

MEGARes is well suited to analyze the overall resistome, but for more detailed SNP anal-

ysis, supplementary tools are recommended.

The Structured Antibiotic Resistance Gene (SARG) Database and associated pipeline

ARGs-OAP (antibiotic resistance genes online analysis pipeline) were published the same

year as MEGARes [264]. Similarly to MEGARes, they aimed to make a database opti-

mized for metagenomic analysis. They used the CARD and ARDB to form their database,

performed similar size reduction methods, and created a hierarchical annotation.

A different database approach is to use a database of genomes of the organism(s) of

interest to establish phenotype by relatedness. This method has been used to predict a sus-

ceptible or resistant classification for S. pneumoniae and N. gonorrhoeae [265]. In the pro-

gram called Resistance-Associated Sequence Elements (RASE), k-mers are used to rapidly

match sequences to a database of strains [265]. They demonstrated that RASE can func-

tion in real-time, producing predictions within 10 minutes of starting to sequence clinical

metagenomic samples with the ONT platform [265]. For this kind of analysis, a database

for every organism of interest is required. As such, this method is better suited for tar-

geted clinical diagnostics, where only a few specific organisms may need to be profiled, as

opposed to broader surveillance.

The database methods readily identify true positives, but can struggle with false nega-

tives, especially when identity cutoffs are high [264, 266]. Identity cutoff is a debated user

setting; one study suggests 80% for metagenomic samples to avoid false positives [266],

while the ARGs-OAP pipeline recommends 60% to decrease the number of missed

ARGs [264]. A study which applied ResFinder for examining bacteria in permafrost used

a cutoff of just 50% [267].
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Machine Learning

A pipeline called DeepARG was created to decrease the number of false negatives, an

identified problem with database methods [266]. A consolidated non-redundant database

was created from the CARD, ARDB (antibiotic resistance genes database), and UniProt

(universal protein resource) databases. Their machine learning approach was based on

similarity, where sequences are assigned distances based upon how similar they are to each

known ARG. A dissimilarity distance matrix was created by comparing the UniProt genes

to those in CARD and ARDB. A total of 30% of the reads were withheld for validation

while the remaining were used for training. Separate neural network models were created

to accept long (DeepARG-LS) and short sequences (DeepARG-SS). In the full DeepARG

pipeline, when a sequence is submitted by a user, it is first filtered to remove non-ARG

content before being passed to the trained models which give a prediction.

For DeepARG-SS, the average precision was 97%, and for DeepARG-LS it was 99%.

Models performed poorly for categories, such as triclosan, where only a few known ARGs

were in the database. They additionally tested the models on the ARGs contained in the

MEGARes database. The only modification to the MEGARes database was the removal

of SNPs. The models performed well, with an average precision of 94%. This validation

method is problematic, as both MEGARes and the DeepARG training sets have CARD

content, so the validation set includes data that the models have already seen.

A set of 76 candidate genes conferring resistance were run through the models, and

85% were correctly classified. The models were able to classify these genes, while other

databases could not, due to the lower sequence similarity to beta-lactamase genes. However,

this validation is limited, as they were all from a single group: metallo beta-lactamase

genes. This group had a large training dataset; a smaller group may not have the same

ability to recognize these novel genes because of a lack of diversity.

A problem with the validation in DeepARG is that they only used a held out set for

validation; further validation of sequences external to ARG databases should also be used.
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Their models are limited by the quantity and quality of the ARGS in the source databases,

with some categories suffering more than others. Additionally, as the models were trained

on ARG databases, they lack the capability to identify novel ARGs.

1.5.3 Metagenomics for AMR Surveillance

One of the most important applications of metagenomics is in antimicrobial resistance

surveillance. A resistome consists of all of the antimicrobial resistant genes in a metage-

nomic sample, regardless of whether the carrying organism is pathogenic or not. Detect-

ing resistance markers in non-pathogenic strains is crucial, as they could be transmitted to

strains which pose a higher risk to human or animal health [92, 91]. Monitoring changes in

this resistome can be used to detect the emergence of resistant pathogens and allow for the

efficient implementation or alteration of methods to prevent spread.

Metagenomic shotgun sequencing has been used to examine resistome changes in beef

production systems [90, 268]. It was found that antimicrobial use, surrounding environ-

ment, and prevention methods can impact the microbial community composition and resis-

tome diversity [90, 268].

1.6 Thesis Overview

As antimicrobial resistant bacteria put increasing strain on the healthcare system, it is

desirable to find ways to detect threats before outbreaks occur. Traditional methods of resis-

tance profiling are time-consuming as they involve culturing in the laboratory. A more rapid

method of resistance profiling would enable faster response times to prevent outbreaks, and

more tailored treatment options. WGS is becoming cheaper and more widespread; it is

being integrated into surveillance programs. WGS data can be used alongside databases

to determine resistances; however, databases rely on constant curation of known markers,

and are primarily focused on genes (as opposed to intergenic regions). As resistance is

constantly changing and developing, there needs to be a way to discover new markers.
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ML analysis methods don’t reply on a priori information, so they can be used to identify

potentially novel markers of resistance as well as determine resistance profiles.

In this work, ML classification methods were used for the prediction of antimicrobial

resistance in E. coli. Additionally, the trained ML models were used to identify genomic

markers of resistance, including potentially novel features. The whole genome sequences

were used by way of k-mers, so that all regions (both genes and intergenic regions) were

considered for classification.
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Chapter 2

Application of artificial intelligence to
the in silico assessment of antimicrobial
resistance and risks to human and
animal health presented by priority
enteric bacterial pathogens

2.1 Preface

Chapter 2 has been published in a peer-reviewed journal, the Canada Communicable

Disease Report: Steinkey R, Moat J, Gannon V, Zovoilis A, Laing C. Application of artifi-

cial intelligence to the in silico assessment of antimicrobial resistance and risks to human

and animal health presented by priority enteric bacterial pathogens. Can Commun Dis Rep.

2020 Jun 4;46(6):180-185. doi: 10.14745/ccdr.v46i06a05.

For this project, I was responsible for the Escherichia coli components, which include

data curation, training of machine learning models, data visualization, and manuscript writ-

ing. I additionally contributed to the Salmonella components alongside Rylan Steinkey; I

contributed to data curation, training of machine learning models, data visualization, and

manuscript writing. Dr. Chad Laing supervised the project and contributed to its design and

development, and to the writing of the manuscript. Dr. Victor Gannon and Dr. Athanasios

Zovoilis contributed to the project design, development, review, and writing of the final

manuscript.
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2.2 Abstract

Each year, approximately one in eight Canadians are affected by foodborne illness,

either through outbreaks or sporadic illness, with animals being the major reservoir for the

pathogens. Whole genome sequence analyses are now routinely implemented by public

and animal health laboratories to define epidemiological disease clusters and to identify

potential sources of infection. Similarly, a number of bioinformatics tools can be used

to identify virulence and antimicrobial resistance (AMR) determinants in the genomes of

pathogenic strains.

Many important clinical and phenotypic characteristics of these pathogens can now be

predicted using machine learning algorithms applied to whole genome sequence data. In

this overview, we compare the ability of support vector machines, gradient-boosted de-

cision trees and artificial neural networks to predict the levels of AMR within Salmonella

enterica and extended-spectrum β-lactamase (ESBL) producing Escherichia coli. We show

that minimum inhibitory concentrations (MIC) for each of 13 antimicrobials for S. enterica

strains can be accurately determined, and that ESBL-producing E. coli strains can be accu-

rately classified as susceptible, intermediate or resistant for each of seven antimicrobials.

In addition to AMR and bacterial populations of greatest risk to human health, artificial

intelligence algorithms hold promise as tools to predict other clinically and epidemiologi-

cally important phenotypes of enteric pathogens.

2.3 Introduction

Every year, about one in eight Canadians will be affected by a foodborne illness, re-

sulting in an average of 11,600 hospitalizations and 238 deaths nationwide [269]. Animals

are often the reservoir for major bacterial pathogens such as Salmonella enterica and Es-

cherichia coli. These pathogens are associated with both sporadic cases and outbreaks of

foodborne disease. Antimicrobial resistance (AMR) among these organisms is a grow-

ing concern, with treatment being more difficult and expensive. For example, extended-
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spectrum β-lactamase (ESBL) producing E. coli are multidrug resistant, with treatment

costs up to three times that of non-ESBL-producing E. coli [270].

National and provincial public health agencies are very effective at identifying sources

and halting exposure to pathogens. Historically, AMR determination has been performed

in a wet lab setting [105, 271]. Two of the most commonly used diagnostic methods are

diffusion and dilution tests. Diffusion methods, such as the Kirby–Bauer method, require

growing a bacterial lawn in either a disk of known concentration of antimicrobials or a strip

with a gradient of concentrations of antimicrobials; the zone of growth inhibition around

the antimicrobial is compared with a standard to determine the resistance of the bacte-

ria [105]. Dilution methods involve liquid cultures in serial dilution of each antimicrobial,

where growth of the organism is used to determine the minimum inhibitory concentration

(MIC) [105, 271].

These methods are time consuming because they rely on the growth of bacteria, and

expensive because they require trained personnel and specialized equipment to carry out.

Whole genome sequence (WGS) analyses have become integral to public health work

flows. In silico tests have largely replaced many costly and time-consuming wet lab tests in

outbreak response and routine surveillance [272, 273, 274]. Artificial intelligence is being

increasingly used to analyse these datasets.

Artificial intelligence involves training machines to make predictions based on large

amounts of data. It has been used in fields as disparate as handwriting recognition [275]

and autonomous weapons systems [276].

Supervised machine learning (ML) better describes the application of artificial intel-

ligence to the prediction of bacterial phenotypes based on WGS data. ML algorithms are

trained on known data (“features”) and subsequently predict or classify unknown data using

the trained models. In general, data used for ML training are application specific and can

include images or information about weather or outbreaks of infectious disease. Biologi-

cal data, and in particular WGS data from populations of organisms, provide an extremely
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large number of features for training ML models and predicting phenotypes of interest. Use

of these algorithms in infectious disease research has not yet been fully exploited but holds

significant promise.

ML algorithms have been used to predict important phenotypes such as AMR [277, 217]

and to determine if different groups of pathogens from the same species pose different risks

to human health [201, 207, 205]. The ability to predict important bacterial phenotypes

based solely on WGS data would be of enormous benefit to both Canadian public health

and the animal agriculture industry.

In this study, we trained three ML models on WGS data to predict the levels of resistance

to 13 antimicrobials in S. enterica isolates and to classify ESBL-producing E. coli strains

as susceptible, intermediate or resistant (SIR) to seven antimicrobials.

2.4 Methods

S. enterica WGS was collected from the National Center for Biotechnology Information

GenBank. These 5,853 sequences were primarily isolated within North America between

2002 and 2017; the data included 63 serotypes with at least five members, along with pheno-

typic MICs for 13 antimicrobials [278]. WGSs were decomposed into sequence substrings,

called k-mers, of length 11, and their occurrences were counted using Jellyfish [279]. To

limit the selection of features to those most associated with the phenotype being exam-

ined, we used an ANOVA F-value, keeping the top 1,000 k-mers most associated with each

antimicrobial agent prior to model training. This feature selection allows the model to fo-

cus on statistically important k-mers, which can improve accuracy and saves substantial

amounts of time and computing resources.

We implemented gradient-boosted decision trees using XGBoost [280] and support vec-

tor machines using SciKit-learn [281]. Data analyses were conducted using five-fold cross-

validation where 80% of the data was used to train a model and the remaining 20% was

withheld to evaluate model performance. This was repeated five times, with each 20%
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being used once for evaluating performance. An average of the accuracy for the five evalu-

ations was calculated for each experimental replicate. Ten separate experimental replicates

with random assignment of genomes to each fold were performed, with the total model

accuracy and standard deviation calculated from these.

Artificial neural networks were implemented using Keras [282] with a TensorFlow [283]

backend and hyperparameter optimizations conducted with Hyperas [284]. The five-fold

cross-validation for the neural network consisted of a 60-20-20 split for training, hyperpa-

rameter optimization and testing, respectively, for each fold. Early stopping mechanisms

were used to prevent over-fitting by monitoring diminishing or negative returns with suc-

cessive training epochs. In addition, a random selection of nodes in the network and their

connections were removed via dropout to prevent over-fitting or co-adaptation [285].

As shown in Figure 2.1, MICs were predicted within one dilution with an accuracy

of 97.88% (± 1.13) using XGBoost, 97.48% (± 1.20) using support vector machines and

97.16% (± 1.48) using artificial neural networks. XGBoost classifiers averaged a major

error and major error rate of 0.19% (± 0.19) and 0.71% (± 0.60), respectively. To prevent

inflating model accuracies, co-trimoxazole, ciprofloxacin and ceftriaxone, which had low

MIC class diversity, were removed from these averages. XGBoost classifiers trained to

predict MICs for a single antimicrobial used eight cores (Intel Xeon Gold 6154 CPU), had

a mean training time of 15 minutes and 12 seconds, and peaked at 84.74 GB of random

access memory (RAM).
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Figure 2.1: Accuracies within one two-fold dilution for three machine learning models
trained on the top 1,000 11-mers and used to predict minimum inhibitory concentrations
for 13 Salmonella enterica antimicrobials. Abbreviations: ANN, artificial neural network;
SVM, support vector machine; XGB, XGBoost

We also examined a set of 2,413 E. coli sequences containing ESBL producers, but no

MIC data were available for these strains. Instead, they were classified as SIR for seven an-

timicrobials. The set included bovine, clinical and environmental samples isolated between

1970 and 2017 in Canada, Thailand and the United Kingdom [217, 286, 287]. We analyzed

the sequences with the k-mer approach described above and used them to train models to

classify isolates as SIR for each antimicrobial. The average accuracies of the models across

the seven antimicrobials were 89.18% (± 5.44) for XGBoost, 89.25% (± 4.43) for support

vector machines and 89.18% (± 5.20) for artificial neural networks (Figure 2.2).
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Figure 2.2: Accuracies of three machine learning models trained on the top 1,000 11-
mers, and used to predict susceptible, intermediate and resistant classifications for seven
Escherichia coli antimicrobials. Abbreviations: ANN, artificial neural network; SVM, sup-
port vector machine; XGB, XGBoost

2.5 Discussion

As we have shown, the ML methods we employed did not rely on specific reference

genomes, or a priori knowledge of the mechanisms of resistance, but on the classification

of organisms into broad phenotypic groups. It is the ML models that identify the underlying

genomic differences that are most associated with the phenotype. This has the double

benefit of not requiring mechanistic knowledge and has the potential for identifying novel

genomic determinants of the phenotype under study. These novel features extracted from

the models have enormous potential benefit: as in the case of AMR, they can be used

to grow established public databases of resistance mechanisms, and they can be used as
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potential targets for rapid diagnostics in subsequent in silico or wet lab assays.

ML models can rapidly and accurately predict AMR using WGS data, from SIR classi-

fication to quantitative MIC values. For AMR predictions, XGBoost models were shown to

train faster, use less memory and be more accurate than deep-learning methods. In addition,

XGBoost and support vector machine models can be used to determine the specific regions

of the genome that are most predictive of a phenotype. This is very difficult with the “black

box” implementation of a neural network; however, artificial neural networks still excel in

complicated network modelling and therefore should not be excluded from future studies

in genomics.

AMR data typically suffer from substantial class imbalance, which can result in high

accuracy models that are of no value, such as the case of co-trimoxazole in our Salmonella

data, where more than 95% of the samples were within one dilution of each other, resulting

in a model capable of 95% accuracy without learning anything from the underlying data.

Nguyen et al. [277] trained XGBoost regressors on a dataset containing 4,500 non-

typhoidal S. enterica whole genome sequences (from a larger dataset of 5,278 samples, of

which 4,595 were also in our dataset). These models had a cross-validation accuracy of

95% for the same 10 antimicrobials included in our current study. Nguyen et al. [277] used

a single regressor trained on all 15 antimicrobials at once, which took 51 hours to train and

peaked at 1,184 GB of memory on 170 cores (Intel Xeon E5-4669v4 CPU) [277]. The XG-

Boost classifiers trained in our current study improved upon these training times as well as

memory usage and accuracy. The XGBoost classifiers did this by creating per-antimicrobial

models and initially selecting only the 1,000 most statistically important features. To better

compare the accuracies of these models, an independent dataset should be used instead of

relying on the reported cross-validation accuracies.

The E. coli dataset included 1,935 isolates from a previous study by Moradigaravand et

al. [217]. Their methods required the isolation year for each sequence and data preprocess-

ing in the form of pan-genome determination and population structure calculation [217]. In
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contrast, our methods required only the genome sequence paired with laboratory-determined

resistance phenotype, which allows classification as well as identification of novel regions

not currently known to be associated with AMR. The regions could be used for subsequent

in silico or wet lab diagnostic tests.

While broader classifications, such as SIR, are common for laboratory diagnostics, and

useful for establishing treatment guidelines for a bacterial infection, the breakpoint criteria

for these categories are established by committees, with some disparity between regions.

The prediction of quantified values in the form of MICs will be of most use in future, even

if they are subsequently used for classifying bacteria into broader categories such as SIR.

Though the results of these studies are encouraging, over-interpretation of results is a

problem with genomic data due to the high number of features used to make predictions

relative to the smaller sample size of the number of genomes. This can lead to over-fitting

of data and poor performance of models, both of which we have tried to address in the

methods of this study [208].

Use of ML has proved successful for AMR prediction in other pathogens, including

Mycobacterium tuberculosis, where new resistant genetic signatures were identified [222].

ML has also proved useful in the identification of novel antimicrobial compounds, which

has historically been fraught with high failure rates in pharmaceutical companies [202].

ML research on S. typhimurium found that more than 80% of host source could be

attributed using protein variants. This result was obtained using support vector machine

(SVM), artificial neural networks and Random Forest models [209]. What is particularly

interesting from this study is the overlap between the animal reservoir and human cases.

This indicates that not all isolates of a particular pathogen represent the same disease risk

and suggests that more specific points of control could limit human infection. In addition,

as more than 60% of human pathogens are of zoonotic origin, ML holds promise for identi-

fying emerging pathogens by analyses of host adaptation of current animal pathogens [288].

Despite the proven usefulness of ML, bacteria are constantly evolving, and so our mod-
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els, as they are only as good as the data they are trained on. The power of these techniques

must be tempered by their judicious use. In addition, class and species-specific models are

still required to generate meaningful results, for example, one model per drug per species

for predicting AMR [289].

It should be noted that ML does not always accurately capture complex interactions and

that improved modelling alone cannot compensate for sampling bias or an incomplete or

error-prone dataset.

2.6 Conclusion

As demonstrated in this overview, artificial intelligence has already improved infectious

disease identification and characterization, the benefits of which will affect public health

and animal health laboratories around the world. For example, genomic regions identified

as predictive for specific AMR classes could be used for rapid downstream identification

and classification, including in silico pipelines and wet lab applications such as polymerase

chain reaction.

The near-future promises exciting developments, such as using ML to identify bacte-

riophages that lyse specific groups of pathogenic bacteria, enabling phage therapy in place

of traditional antimicrobials [200]. Lastly, “whole phenotype” characterization, with the

ability to predict integral membrane protein expression, is becoming more likely [290]; and

biofilm formation [291].

Despite this, the size of the datasets required to effectively train ML models mean that

desktop computers are often incapable of analyzing the data. Those without access to the

necessary resources must instead use analytical approaches that reduce the computational

burden [292]. Fittingly, the use of ML itself has led to an increase in speed of mechanistic

models, in some cases over four orders of magnitude [293].

We are just at the beginning of the coupling of vast amounts of genomic data and ar-

tificial intelligence, with the promise of new discoveries that will improve most aspects of
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animal and human health from the burden of enteric bacterial pathogens.
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Chapter 3

Machine Learning Methods for the
Prediction of AMR in E. coli

3.1 Preface

For Chapter 3, I was responsible for all components, which include data collection and

curation, training of machine learning models, data visualization, and writing. Dr. Chad

Laing and Dr. Athanasios Zovoilis supervised the project. Dr. Chad Laing, Dr. Athanasios

Zovoilis, Dr. Rahat Zaheer, and Dr. Tim McAllister contributed to the design, development,

and review of the project.

3.2 Abstract

Antimicrobial resistant strains of pathogenic Escherichia coli are a burden on the health-

care system, causing longer hospital stays and increased treatment costs compared to non-

resistant strains [48, 294, 295, 296]. The proportion of E. coli infections in Canada caused

by the resistant strains producing extended-spectrum beta-lactamase rose from 3.4% in

2007 to 11.1% in 2017 [48]. Rapid detection of resistant strains would be beneficial for

both surveillance and clinical settings. Faster response times would make outbreak con-

tainment and prevention easier. The speed would allow for simultaneous testing of more

antimicrobials than traditional methods, allowing for the administration of the most ef-

fective treatment available. Whole genome sequencing (WGS) is decreasing in cost and

becoming more available to labs: as of 2021, the basic MinION costs only $1000. When

paired with in silico methods for diagnostics, the MinION is faster and cheaper than tradi-
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tional wet-lab methods.

In this study, WGS was paired with machine learning methods and used for rapid pre-

diction of resistance profiles. A total of 4300 E. coli isolates with whole genome sequence

data and lab acquired resistance classifications were collected. Their sequences were de-

composed into k-mers of length 11 and 25, which were used to train three types of machine

learning models for the prediction of susceptible, intermediate, or resistant (SIR) classifi-

cations to 36 different antimicrobials. For 11-mers, gradient boosted decision trees (XGB),

support vector machines (SVM), and artificial neural networks (ANN) achieved an average

accuracy of 93.2%, 92.3%, and 92.3% respectively, and average F1-score of 86.0%, 83.8%,

and 84.9% respectively. For 25-mers, the average accuracies for XGB, SVM, and ANN

models were 87.8%, 87.9%, and 68.9% respectively, and F1-scores were 75.0%, 73.6%,

and 59.5% respectively.

3.3 Introduction

Pathogenic strains of Escherichia coli are one of the leading causes of gastroenteri-

tis in humans; they are also responsible for many other diseases, including meningitis,

septicemia, and urinary tract infections [2]. Foodborne outbreaks are commonly due to

contaminated manures used on produce [94].

Shiga toxin-producing E. coli (STEC) are primary targets of many surveillance pro-

grams, as they typically cause the most severe forms of E. coli infection. In 2018, there

were 1.15 cases of O157 infection per 100,000 people in Canada, a rate that has been

consistent since 2010 [31]. Non-O157 strains are inconsistently reported to surveillance

programs, but the incidence of non-O157 infections has been increasing and surpassing

the number of O157 infections, with a rate of 1.42 cases per 100,000 people in 2018 [31].

In 2011, a foodborne outbreak in Germany was caused by E. coli serotype O104:H4; the

outbreak resulted in 900 cases of haemolytic uremic syndrome and 54 deaths [34, 21].

E. coli infections are becoming increasingly problematic to treat due to the rise of AMR.
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As most resistance genes within E. coli are carried on mobile genetic elements, resistance

can arise and spread rapidly within a population [60, 61]. AMR causes constant strain

on the healthcare system, with ESBL infections costing up to three times more than non-

ESBL infections [37]. In 2017, 11.1% of E. coli infections in Canada were by resistant

ESBL producing strains [48].

As WGS is being integrated into diagnostics and surveillance programs, it is being in-

vestigated as replacement for traditional time-consuming wet-lab AST methods. WGS can

be used to train ML models for the prediction of resistance profiles. They are additionally

capable of discovering previously unknown associations of genomic regions with AMR.

The features responsible for classification can be extracted from trained models, along with

their level of contribution. This enables the discovery of novel markers and mechanisms

and the identification of associations of known regions and AMR. An advantage over AMR

databases is that the ML models can identify markers that are associated with susceptibility,

in addition to those associated with resistance. Once trained, models can make predictions

on unseen sequences in less than a minute on a standard desktop computer. The time gate

for this method is the sequencing step; however, the Nanopore system has previously been

used to perform sequencing and diagnostics within 24 hours [297].

In this study, the aim was to predict the SIR classification of E. coli whole genome

sequences for 36 different antimicrobials. We trained support vector machines (SVMs),

artificial neural networks (ANNs), and gradient boosted decision tree ensembles, using k-

mers as input features. Additionally, external datasets were used to validate models for 16

of the antimicrobials. Models trained for SIR prediction could be applied to diagnostics

or surveillance, to improve testing speed and decrease the requirement of highly trained

personnel.
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3.4 Methods

3.4.1 Data Collection

Whole Genome Sequences

The dataset of 4300 E. coli whole genome sequences consisted of public isolates and

those provided for this study. The study-specific data consisted of 636 Canadian iso-

lates provided by Agriculture and Agri-Food Canada (AAFC) and the Canadian Integrated

Program for Antimicrobial Resistance Surveillance (CIPARS). The public data consisted

of 3664 samples obtained from the European Nucleotide Archive (ENA), National Cen-

ter for Biotechnology Information (NCBI), and Pathosystems Resource Integration Center

(PATRIC). The phylogenetic relationships between the isolates can be seen in Figure 3.1.

Complete genome information for all study data, including source, resistance, SIR, host,

origin, country, and date of isolation is available in Supplementary Table 1.

Antimicrobial Resistance Data

Each genome was paired with metadata including their laboratory based classification of

susceptible, intermediate or resistant (SIR) for up to 36 antimicrobials (Table 3.1). The 36

antimicrobials were: co-amoxiclav (AMC), ampicillin (AMP), amoxicillin (AMX), aztre-

onam (AZT), cephalothin (CET), cefazolin (CFZ), chloramphenicol (CHL), ciprofloxacin

(CIP), cefepime (CPM), ceftriaxone (CRO), colistin (CST), cefotaxime (CTX), ceftazidime

(CTZ), cefuroxime axetil (CXA), cefuroxime (CXM), enrofloxacin (EFX), ertapenem

(ETP), florfenicol (FFC), cefoxitin (FOX), gentamicin (GEN), imipenem (IMP), kanamycin

(KAN), levofloxacin (LVX), meropenem (MER), nalidixic acid (NAL), nitrofurantoin (NIT),

ampicillin-sulbactam (SAM), sulfisoxazole (SOX), streptomycin (STR), co-trimoxazole

(SXT), tobramycin (TBM), tetracycline (TET), tigecycline (TGC), ceftiofur (TIO), trimetho-

prim (TMP), and piperacillin/tazobactam (TZP).
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A B

Figure 3.1: Phylogenetic tree of 4300 E. coli isolates with Salmonella as an outgroup;
generated with IQ-TREE (v1.6.12). A) Colouration is by country of origin; data was
from 16 different countries, with the most frequent being the United Kingdom and Ire-
land (N=2159), Canada (N=774), and USA (N=498). B) Colouration is by serotype (typed
by ECTyper); the dataset had 162 unique O groups and 48 unique H types; the most fre-
quent serotypes were O25:H4 (N=544), O6:H1 (N=252), and O1:H7 (N=152). Trees with
full legends are available in Supplementary Figure 1
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Table 3.1: The Susceptible (S), Intermediate (I), and Resistant (R) classification for the
thirty-six antimicrobials among the 4300 isolates of this study. Each genome was paired
with an SIR classification for between one and 36 antimicrobials.

Code Antimicrobial Total Number of Isolates S I R

AMP ampicillin 2937 1184 1753
AMX amoxicillin 1297 516 30 751
AZT aztreonam 748 453 295
CET cephalothin 1011 372 188 451
CFZ cefazolin 548 116 37 395
CHL chloramphenicol 893 678 215
CIP ciprofloxacin 3258 2317 86 855

CPM cefepime 1052 798 43 211
CRO ceftriaxone 1262 484 778
CST colistin 226 33 193
CTX cefotaxime 2393 1637 756
CTZ ceftazidime 2792 1929 177 686
CXA cefuroximeaxetil 414 352 62
CXM cefuroxime 1955 1429 526
EFX enrofloxacin 157 76 81
ETP ertapenem 817 752 65
FFC florfenicol 157 83 74
FOX cefoxitin 1621 957 59 605
GEN gentamicin 3259 2507 42 710
IMP imipenem 1583 1533 50
KAN kanamycin 568 495 73
LVX levofloxacin 401 108 293
MER meropenem 1133 993 140
NAL nalidixic acid 835 703 132
NIT nitrofurantoin 294 232 29 33

SAM ampicillin/sulbactam 190 78 112
SOX sulfisoxazole 921 278 643
STR streptomycin 991 387 604
SXT co-trimoxazole 1335 786 549
TBM tobramycin 1200 807 59 334
TET tetracycline 1087 474 613
TGC tigecycline 1747 1662 85
TIO ceftiofur 783 347 60 376
TMP trimethoprim 884 496 388
TZP piperacillin/tazobactam 2200 1874 100 226
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Converting MIC to SIR

The categories of SIR were selected for classifying genomes, as the metadata were

more abundant than minimum inhibitory concentration (MIC). Isolates were subjected to

different testing panels, so they did not have a SIR classification for every antimicrobial. In

cases where an isolate lacked a SIR classification for an antibiotic, but had a MIC or zone

diameter (ZD) available, a SIR classification was made by comparison to a standard. The

CLSI M100 standard was used where available. The following conversions were used when

CLSI standards were unavailable: the MIC-to-SIR for TIO and STR used NARMS, and the

MIC-to-SIR and ZD-to-SIR for TGC used EUCAST; there was no ZD-to-SIR standard for

TIO nor CST.

Converting I into R for low abundance classes

To ensure adequate data for training the machine learning models, each SIR class was

required to have at least 25 members; if there were less than 25 isolates with intermediate

resistance to an antibiotic, they were grouped into the resistant class. The total number of

isolates and number of isolates in each SIR class are compiled in Table 3.1.

Classifying an intermediate isolate as susceptible to an antibiotic is risky: if the antibi-

otic is used for treatment, it may be ineffective in its typical dose. Classifying an interme-

diate isolate as resistant poses less risk, as it only restricts the available treatment options.

Intermediate isolates have factors setting them apart from the susceptible class as they may

share resistance markers with resistant isolates, but exhibit lower expression. Binning in-

termediate with susceptible isolates could mask these markers.

3.4.2 Data Processing

Raw reads of all genomes were used where available; pre-assembled genomes were

used in cases where raw data were unavailable. Raw E. coli sequences were trimmed using

Trim-galore (v0.6.5) [298], which is a wrapper for Cutadapt [299] and FastQC [300]. Fast

length adjustment of short reads or FLASh (v2.2.00), was used to merge the short paired-
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end reads [301]. The genomes were then assembled with SPAdes (v3.14.0) [302].

Jellyfish (v2.2.10) [279] was used to count the occurrences of k-mers, or subsequences

of length k, in each genome. Only canonical k-mers were counted, meaning reverse compli-

ments were skipped. The counts were stored in a frequency matrix, where rows correspond

to genomes, columns correspond to k-mers, and cells contain the frequencies of k-mers

within the genomes. Two frequency matrices were prepared, one for 11-mers, and another

for 25-mers. All possible 11-mer sequences can be pre-computed, for a total of 4,194,304;

however, the 1,125,899,906,842,620 possible 25-mers were impractical to pre-compute, so

only those present in one or more genomes were included in the frequency matrix.

3.4.3 Model Training

Three types of machine learning models were trained to predict SIR classifications

based upon E. coli whole genome sequences. Scikit-learn (v0.23.2) [281] was used as a

wrapper to implement the three methods: support vector machines (SVM) [281], gradient

boosted decision trees from XGBoost (XGB) (v1.0.2) [280], and artificial neural networks

(ANN) from Keras [282]. Separate models, using each of the three methods, were trained

for each antimicrobial. For each model, the input was the k-mer frequency matrix paired

with the SIR classifications of the genomes.

Parameter optimization was performed for 11-mers. 20% of the genomes were withheld

for validation, while the remaining 80% were used for nested five-fold cross-validation, in-

cluding parameter optimization. The outer loop of nested cross-validation used the

cross validate method from scikit-learn, and the inner loop used GridSearchCV from scikit-

learn [281]. F1 score was used as the evaluation parameter of each loop. A final model was

trained on the 80%, using the selected parameters, and validated with the withheld 20%.

Nested five-fold cross-validation of the 25-mer matrix was not possible as the frequency

matrix was too large to be manipulated with the available computational resources. Instead,

default parameters were used.
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Feature selection was performed to reduce the size of the matrix. This step was inside of

the nested cross-validation, as part of parameter optimization. The most important k-mers

(features) were selected via the SelectKBest method of scikit-learn, using the ANOVA F-

value [281]. Feature selection must be performed only on the training data to prevent bias,

so the size of the matrix could not be reduced in advance. For 11-mers, the following values

were tested for selection: 100, 500, 1000, 2000, 3000, 4000, and 5000 features; the best

number of features was determined per antimicrobial. For 25-mers, a value of 1000 was

used.

3.4.4 Feature Extraction and Annotation

The contribution of each k-mer to model training was reported by the importance mea-

sure of XGB. The top ten k-mers were extracted from the XGB models for each antimi-

crobial. For annotation, blastn-short was used to identify perfect matches within the Com-

prehensive Antibiotic Resistance Database (CARD) [179], as well as a custom database

consisting of the 4300 assembled genomes annotated with Prokka (v1.14.6) [303].

3.4.5 Comparison to Database Methods and Validation

The performance of the trained 11-mer ML models were compared to two popular

database methods. AMRFinderPlus (v3.8.4) [180] and ResFinder (v4.1.11) [181] were

run on the WGS dataset to predict resistance profiles.

Two public datasets used by Bortolaia et al. for the validation of ResFinder 4.0 were

obtained to validate the trained models [181]. These datasets were independent from the

dataset of 4300 genomes used to train the ML models. The German (DE) dataset consisted

of 390 E. coli whole genome sequences from a mix of animal and human sources [181];

antibiotics with available data included AMP, CHL, CIP, CPM, CTX, CTZ, ETP, GEN,

IMP, MER, NAL, TET, and TGC. The Denmark (DK) dataset consisted of 95 E. coli whole

genome sequences from a mix of animal and food sources [304]; antibiotics with available

data included AMP, CHL, CIP, CPM, CST, CTX, CTZ, ETP, FOX, GEN, IMP, MER, NAL,
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TET, and TMP. ResFinder was run on the datasets to replicate and confirm the published

results, for both raw and assembled genomes. The trained ML models were then run on

the raw and assembled genomes, and the performance was compared to ResFinder. The

laboratory-determined resistance classifications were made as susceptible or resistant only;

they did not use an intermediate definition. Therefore, any model predictions of intermedi-

ate were binned into the resistant class for evaluation.

3.5 Results

3.5.1 11-mer Models

To determine the optimal number of features for training the 11-mer models to classify

genomes into SIR categories, performance was compared across a range of 100 to 5000

features. The variation in model accuracy across this range is shown for each antimicrobial

in Figure 3.2, with the complete feature range and accuracy data for each antimicrobial and

model available in Supplementary Table 3.
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Figure 3.2: Variation in accuracy of predicting Susceptible, Intermediate, or Resistant clas-
sification to antimicrobials depending on number of features (range of 100 to 5000 fea-
tures). Feature selection was performed with SelectKBest. XGBoost (XGB), support vec-
tor machines (SVM), and artificial neural networks (ANN) were trained using the 11-mer
frequency matrix.
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For most of the antimicrobials, changing the number of features affected the accuracy

by only a few percent; however, the biggest exceptions to this were enrofloxacin and ampi-

cillin/sulbactam, which varied over 20% depending on the model and number of features.

Both had one of the smallest datasets, with enrofloxacin having only 157 tested isolates

from a single study (AAFC), and ampicillin/sulbactam having only 190, but from a number

of sources. Based on these data, the top-performing model for each antimicrobial was used

for subsequent analyses.

The performance of 11-mer models is shown in Figure 3.3. In general, XGB models

performed the best, achieving an average accuracy of 93.2% (range 82.8% to 99.7%) and

average F1-score of 86.0%. SVM models had an average accuracy of 92.3% (range 81.8%

to 100%) and average F1-score of 83.8%, while ANN models had an average accuracy of

92.3% (range 82.8% to 100%) and average F1-score of 84.9%.

The top-performing model overall based on average F1 score of 98.9% was florfenicol,

with individual scores of 96.8% for XGB, 100.0% for SVM, and 100.0% for ANN. The

worst-performing model was piperacillin/tazobactam with an average F1 score of 54.8%,

with individual scores of 58.8% for XGB, 53.4% for SVM, and 52.1% for ANN.
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Figure 3.3: Accuracy, precision, recall, and F1-score for the prediction of Susceptible,
Intermediate, or Resistant classification to 36 different antimicrobials. XGBoost (XGB),
support vector machines (SVM), and artificial neural networks (ANN) were trained using
the 11-mer frequency matrix.
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3.5.2 25-mer Models

The use of 25-mer features were investigated due to their greater specificity within

genomes; however, due to the constraints of the available computational resources the mod-

els were not able to be parameter tuned and exhibited lower overall performance when com-

pared to the 11-mer models. The performance of 25-mer models is shown in Figure 3.4,

and the performance comparison to 11-mer models is shown in Figure 3.5. The complete

performance data for the 11-mer and 25-mer models are available in Supplementary Table

4.

Of the 25-mer models, XGB and SVM were close in performance, with average ac-

curacies of 87.8% (range 73.7% to 99.1%) and 87.9% (73.9% to 98.9%) respectively, and

average F1-scores of 75.0% and 73.6% respectively. The ANN models performed poorly

in comparison, with an average accuracy of 68.9% (range 10.2% to 98.6%) and average

F1-score of 59.5%.

Comparing the 11-mer and 25-mer models in terms of accuracy: 35 of 36 XGB, 34 of

36 SVM, and 35 of 36 ANN models performed better for 11-mers. In terms of F1-score, 35

of 36 XGB, 35 of 36 SVM, and 34 of 36 ANN models performed better for 11-mers.
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Figure 3.4: Accuracy, precision, recall, and F1-score for the prediction of Susceptible,
Intermediate, or Resistant classification to 36 different antimicrobials. XGBoost (XGB),
support vector machines (SVM), and artificial neural networks (ANN) were trained using
the 25-mer frequency matrix.
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Figure 3.5: Accuracy of predicting Susceptible, Intermediate, or Resistant classification to
36 different antimicrobials. XGBoost (XGB), support vector machines (SVM), and artifi-
cial neural networks (ANN) were trained using frequency matrices with k-mers of length
11 or 25.
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3.5.3 Comparison to Database Methods

Two leading tools for in silico classification of susceptibility and resistance are AM-

RFinderPlus and ResFinder; they use curated databases of known resistance markers to

make classifications. The tools were applied to the 4300 genomes of this study. A compar-

ison of their accuracies with those of the ML 11-mer models is shown in Figure 3.6.

Compared to AMRFinderPlus, 11-mer XGB models performed better for 34 of 36 an-

timicrobials, SVM performed better for 33 of 36, and ANN performed better for 32 of 36.

Compared to ResFinder, 11-mer XGB models performed better for 34 of 36 antimicrobials,

SVM performed better for 32 of 36, and ANN performed better for 32 of 36.

Compared to AMRFinderPlus, 25-mer XGB models performed better for 28 of 36 an-

timicrobials, SVM performed better for 28 of 36, and ANN performed better for 17 of 36.

Compared to ResFinder, 25-mer XGB models performed better for 23 of 36 antimicrobials,

SVM performed better for 23 of 36, and ANN performed better for 15 of 36.
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Figure 3.6: Accuracy of predicting Susceptible, Intermediate, or Resistant classification for
three machine learning models and two database methods. The machine learning methods,
XGBoost (XGB), support vector machines (SVM), and artificial neural networks (ANN)
were trained using the 11-mer and 25-mer frequency matrices. The database methods are
ResFinder and AMRFinderPlus.
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3.5.4 Validation Datasets

The pre-trained 11-mer ML models were validated for 16 antimicrobials using two ex-

ternal public datasets, DE and DK, which were also used by ResFinder for validation. The

results from the ResFinder publication for these two datasets were replicated, as shown in

Table 3.2 and Table 3.3. There was a 0.1% difference between the paper and replication for

CIP and FOX; this is likely due to the ResFinder database being updated since publication.

The 11-mer ML models were run on the DE and DK datasets, and their performance is

shown in Table 3.4 and Table 3.5, respectively. For the DE dataset, 2 of 13 XGB models,

3 of 13 SVM models, and 1 of 13 ANN models outperformed ResFinder. The ML models

had 0 correct predictions for MER; however, the sample size for this drug in the DE dataset

was only two. For the DK dataset, 4 of 15 XGB models, 4 of 15 SVM models, and 3 of 15

models matched or exceeded the accuracy of ResFinder. ResFinder had 100% accuracy for

CST, GEN, IMP, MER, TET, and TMP. XGB and SVM had 100% accuracy for GEN, IMP,

and MER; ANN had 100% for GEN, MER, TET. The worst performing ML models for the

DK dataset were those for CPM and CST, with below 22% accuracy.
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Table 3.2: Replication of the results from the ResFinder publication for the DK (Denmark)
dataset.

Code Antimicrobial Total Samples Num. R Num.S Paper Replicate

AMP Ampicillin 95 95 0 100 100
CHL Chloramphenicol 95 8 87 100 100
CIP Ciprofloxacin 95 29 66 87.3 87.4

CPM Cefepime 95 78 17 71.6 71.6
CST Colisitin 95 0 95 100 100
CTX Cefotaxime 95 95 0 100 100
CTZ Ceftazidime 95 94 1 98.9 98.9
ETP Ertapenem 95 1 94 98.9 98.9
FOX Cefoxitin 95 46 49 97.8 97.9
GEN Gentamicin 95 15 80 100 100
IMP Imptamicin 95 0 95 100 100
MER Meropenem 95 0 95 100 100
NAL Nalidixic Acid 95 25 70 98.9 98.9
TET Tetracycline 95 53 42 100 100
TGC Tigecycline – – – – –
TMP Trimethoprim 95 29 66 100 100
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Table 3.3: Replication of the results from the ResFinder publication for the DE (Germany)
dataset.

Code Antimicrobial Total Samples Num. R Num.S Paper Replicate

AMP Ampicillin 202 202 0 100 100
CHL Chloramphenicol 130 63 67 73.1 73.1
CIP Ciprofloxacin 275 275 0 99.2 99.2

CPM Cefepime 137 137 0 100 100
CST Colisitin – – – – –
CTX Cefotaxime 370 370 0 98.6 98.6
CTZ Ceftazidime 282 282 0 99.2 99.2
ETP Ertapenem 130 60 70 54.6 54.6
FOX Cefoxitin – – – – –
GEN Gentamicin 387 129 258 97.6 96.9
IMP Imptamicin 194 2 192 100 100
MER Meropenem 2 2 0 100 100
NAL Nalidixic Acid 127 99 28 99.2 99.2
TET Tetracycline 171 138 33 98.8 98.8
TGC Tigecycline 152 5 147 96.7 96.7
TMP Trimethoprim – - – – –
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Table 3.4: Comparison of accuracy of ML models and ResFinder for predicting Susceptible,
Intermediate, or Resistant classification using E. coli whole genome sequences from the DK
validation dataset.

Code Antimicrobial Total Samples ResFinder XGB SVM ANN

AMP Ampicillin 95 98.9 89.5 73.7 86.3
CHL Chloramphenicol 95 98.9 98.9 100 94.7
CIP Ciprofloxacin 95 87.4 70.5 77.9 73.7

CPM Cefepime 95 70.5 21.1 20.0 18.9
CST Colisitin 95 100 1.1 6.3 3.2
CTX Cefotaxime 95 98.9 71.6 73.7 75.8
CTZ Ceftazidime 95 97.9 72.6 66.3 82.1
ETP Ertapenem 95 98.9 97.9 88.4 95.8
FOX Cefoxitin 95 97.9 84.2 84.2 83.2
GEN Gentamicin 95 100 100 100 100.0
IMP Imptamicin 95 100 100 100 98.9
MER Meropenem 95 100 100 100 100.0
NAL Nalidixic Acid 95 98.9 96.8 88.4 85.3
TET Tetracycline 95 100 97.9 97.9 100
TGC Tigecycline – – – – –
TMP Trimethoprim 95 100 94.7 86.3 88.4
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Table 3.5: Comparison of accuracy of ML models and ResFinder for predicting Susceptible,
Intermediate, or Resistant classification using E. coli whole genome sequences from the DE
validation dataset.

Code Antimicrobial Total Samples ResFinder XGB SVM ANN

AMP Ampicillin 202 100 99. 5 95.0 99.0
CHL Chloramphenicol 130 68.5 72.3 69.2 65.4
CIP Ciprofloxacin 275 99.3 89.1 89.5 91.3

CPM Cefepime 137 100 41.6 38.7 43.1
CST Colisitin – – – – –
CTX Cefotaxime 370 97.0 96.5 95.1 96.2
CTZ Ceftazidime 282 98.9 84.0 88.7 93.3
ETP Ertapenem 130 54.6 58.5 55.4 56.2
FOX Cefoxitin – – – – –
GEN Gentamicin 387 97.4 89.9 88.4 88.6
IMP Imptamicin 194 100 99.0 94.8 95.9
MER Meropenem 2 100 0 0 0
NAL Nalidixic Acid 127 98.4 97.6 99.2 93.7
TET Tetracycline 171 98.2 96.5 97.1 96.5
TGC Tigecycline 152 96.1 82.2 89.5 90.1
TMP Trimethoprim – – – – –

3.5.5 Feature Annotation

Based on the 25-mer ML models, the top ten predictive features of the models for

each of the 36 antimicrobials were determined. The annotated genome regions that these

features correspond to were found using both CARD and Prokka. Below are examples of

extracted features which include k-mers with known AMR associations, as well as a k-mer

currently suspected, but unconfirmed, to contribute to AMR. The full set of top features and

annotations are shown in Supplementary Table 2. The majority of the predictive features are

more associated with resistant strains, and overall, most of the identified predictive features

were from genes previously associated with AMR.

The top features extracted for AMC are shown in Table 3.6. With CARD, all of the

features were annotated as CMY beta-lactamase. With Prokka, nine of the features were

annotated as ampC (AmpC: beta-lactamase), and one as blc (Blc: outer membrane lipopro-
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tein). A result of Web BLAST of the top features against E. coli is shown in Figure 3.7.

Table 3.6: Top 25-mers for co-amoxiclav (AMC), their associated Susceptible/Intermedi-
ate/Resistant (SIR) classification, and their annotations via CARD and Prokka.

k-mer SIR CARD Prokka

AGCCGCATTACTGCATTTTTATCAA R CMY:beta-lactamase ampC:beta-lactamase
AGGGATTAGGCTGGGAGATGCTGAA R CMY:beta-lactamase ampC:beta-lactamase
ATCAACGGGGTGATGGTGCGATTAA R CMY:beta-lactamase ampC:beta-lactamase
ATCACCCCGTTGATGCAGGAGCAGG R CMY:beta-lactamase ampC:beta-lactamase
ATCCCTGGTACATATCGCCAATACG R CMY:beta-lactamase ampC:beta-lactamase
CACGTTTCTCCGGGACAACTTGACG R CMY:beta-lactamase ampC:beta-lactamase
CCTCGACACGGACAGGGTTAGGATA R CMY:beta-lactamase ampC:beta-lactamase
CTGAACCCAGCGGGCCATATCAATA R CMY:beta-lactamase ampC:beta-lactamase
CTGGTTGTCGCGTGTAGCTCCCCGA R CMY:beta-lactamase blc: outer membrane lipoprotein
GCATAACGATTTTTTCATCATGAAA R CMY:beta-lactamase ampC:beta-lactamase

Figure 3.7: An example Web BLAST result of the top 10 features for co-amoxiclav (AMC)
against E. coli. Nine of the features aligned to CMY, and one to blc.

The top features extracted for AMP are shown in Table 3.7. CARD only annotated

two of the ten features: one feature as beta-lactamase TEM-55 and one as ramR. Prokka

annotated four features as “IS1380 family transposase ISEcp1,” and the remainder as “hy-

pothetical proteins.” When compared with E. coli available in Web BLAST, the features

align to tnpA and the region between tnpA and a CTX-M beta-lactamase. Example Web

BLAST results are shown in Figures 3.8 and 3.9
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Table 3.7: Top 25-mers for ampicillin (AMP), their associated Susceptible/Intermediate/Re-
sistant (SIR) classification, and their annotations via CARD and Prokka.

k-mer SIR CARD Prokka

AAAATTGAGTGTTGCTCTGTGGATA R – hypothetical protein
AAATTATCGAAACGATAGAATCTCT R – none: IS1380 family transposase ISEcp1
AAGCAGTCTAAATTCTTCGTGAAAT R – hypothetical protein
AAGGTGGTTGTAAATAATGTTACAA R TEM-55: beta-lactamase hypothetical protein
AGACCATGCTCTGCGGTCACTTCAT R – none: IS1380 family transposase ISEcp1
AGCAGTCTAAATTCTTCGTGAAATA R – hypothetical protein
ATTAGCTTCAAAAATCACTATTTCA R ramR: repressor regulating RamA expression hypothetical protein
CAAAAATGATTGAAAGGTGGTTGTA R – hypothetical protein
CATATAACCTATTTTTGTTGTTCAA R – none: IS1380 family transposase ISEcp1
CGCCCAAAATGACTTTAGCAAGAGA R – none: IS1380 family transposase ISEcp1

Figure 3.8: An example Web BLAST result of the top 10 features for ampicillin (AMP)
against E. coli. Nine of the features aligned with the reference genome: three within tnpA
and the remainder between tnpA and CTX-M.
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Figure 3.9: A Web BLAST result of the top 10 features for ampicillin (AMP) against E.
coli. Four k-mers aligned with tnpA and six with the region between tnpA and CTX-M.

The top features extracted for CIP are shown in Table 3.8. CARD and Prokka annotated

seven of the top ten k-mers as point mutations in gyrA (DNA gyrase subunit A), and two as

point mutations in parC (ParC subunit of topoisomerase IV). The two parC k-mers differed

by a single base; one k-mer was associated with resistance to ciprofloxacin in the dataset,

while the other was associated with susceptibility. These bases are bolded in Table 3.8. Five

of the gyrA k-mers also showed a single base difference between susceptible and resistant

association (bolded in Table 3.8). All of the resistant-associated gyrA k-mers overlapped

with one another, and/or were the reverse complement of one another.

Table 3.8: Top 25-mers for ciprofloxacin (CIP), their associated Susceptible/Intermedi-
ate/Resistant (SIR) classification, and their annotations via CARD and Prokka. Bolded
bases differ in the k-mers associated with S vs those with R.

k-mer SIR CARD Prokka

AAATACCATCCCCATGGTGACTTGG R point mutation of gyrA gyrA:DNA gyrase subunit A
CCCATGGTGACTTGGCGGTTTATAA R point mutation of gyrA gyrA:DNA gyrase subunit A
CCGCCAAGTCACCATGGGGATGGTA R point mutation of gyrA gyrA:DNA gyrase subunit A
AATACCATCCCCATGGTGACTCGGC S point mutation of gyrA gyrA:DNA gyrase subunit A
ATACGGACGATCGTGTCATAAACCG S point mutation of gyrA gyrA:DNA gyrase subunit A
CATAAACCGCCGAGTCACCATGGGG S point mutation of gyrA gyrA:DNA gyrase subunit A
CTGCGCCATACGGACGATCGTGTCA S point mutation of gyrA gyrA:DNA gyrase subunit A
ATATCGCCGTGCGGATGGTATTTAC R point mutation of parC parC:DNA topoisomerase 4 subunit A
CTATCGCCGTGCGGATGGTATTTAC S point mutation of parC parC:DNA topoisomerase 4 subunit A
ACGGGAAGAACGCACTACTGCAGTG R – ansB:L-asparaginase 2
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3.6 Discussion

3.6.1 Model Performance

11-mer ML models performed well for SIR prediction from E. coli WGS data; only one

antimicrobial, TZP, had an F1-score below 60%. 25-mer models had lower accuracies and

F1-scores for the majority of antimicrobials. This decline in performance may be due to

the lack of parameter tuning. ANN models in particular performed poorly; as they have the

highest number of variables, they may have suffered the most from the lack of tuning.

The 11-mer frequency matrix was 9.5 GB, while the 25-mer was 650 GB and too large

for five-fold nested cross-validation. To lower computational resource requirements, the 25-

mer matrix was modified and saved for each antimicrobial: as not all genomes have data for

every antimicrobial, the irrelevant rows were trimmed for each antibiotic. After removing

irrelevant genomes, any all-0 frequency columns were also trimmed. For AMP, this reduced

the 650 GB matrix to 411 GB. This lowers resource usage during training at the tradeoff of

requiring increased storage space, as one matrix is created for each antimicrobial. The high

resource consumption by long k-mers is a universal problem for ML model training.

PhenotypeSeeker [226] uses k-mers to train logistic regression models to predict bacte-

rial phenotypes. It has predicted virulence phenotypes of Klebsiella pneumoniae (F1 0.88),

ciprofloxacin resistance of Pseudomonas aeruginosa (F1 0.88), and azithromycin resistance

of Clostridium difficile (F1 0.97). The default k-mer length for PhenotypeSeeker is 13, as

training models with longer k-mers were found to take too much RAM and time for their

datasets, which ranged in size from 167 to 459 genomes. Additionally, they found that

building models with assembled genomes was faster than raw genomes, with no decrease

in model performance. The models built by PhenotypeSeeker use presence binary pres-

ence/absence of k-mers in the samples, as opposed to a frequency matrix. By default, the

samples are also weighted to account for multiple highly similar genomes. To build mod-

els, 25% of the data is withheld for testing and the remainder is used for training. Neither

cross-validation nor parameter optimization is performed.
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Kover is another k-mer based prediction tool which uses Set Covering Machines

(SCM) [227]. Drouin et al validated Kover by predicting AMR of Clostridium difficile,

Mycobacterium tuberculosis, Pseudomonas aeruginosa, and Streptococcus pneumoniae for

17 antibiotics. Like PhenotypeSeeker, Kover uses k-mer presence/absence as opposed to

k-mer frequency. They tested six k-mer lengths, ranging from 15 to 91, and found no im-

pact on accuracy. An advantage of Kover is its low memory usage; however, it does require

storage space. Instead of loading all the data into RAM at once, it accesses stored data in

pieces. k-mers responsible for the models’ rules were extracted and compared to annotated

genomes with BLAST. The models may identify one resistance marker, as was the case for

isoniazid resistance of M. tuberculosis, or multiple markers. Multiple markers may be for

the same region or gene, as with rifampicin resistance of M. tuberculosis. They may also

be for different regions or genes, as with erythromycin resistance of S. pneumoniae.

The present study examined three different ML model types other than those used by

PhenotypeSeeker (logistic regression) and Kover (SCM). The ML models were trained with

k-mer frequencies and are able to classify genomes into more than two classes, while the

other tools used only k-mer presence/absence, and perform binary classifications.

3.6.2 Top Features

The highest importance 25-mers were extracted from XGB models and located within

the Prokka-annotated whole genomes. A maximum of 10 top features were extracted from

each model for further examination; however, there may be more or less than 10 features

contributing to predictions for a model. Having a single top k-mer is not abnormal. Kover

commonly identifies only one or two top targets as well [227].

Penicillins

Penicillins are beta-lactam antibiotics which inhibit cell wall synthesis, resulting in bac-

terial death [45]. The most common mechanism of resistance to beta-lactams is hydrolysis

of the antibiotics by beta-lactamases [44].
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Co-amoxiclav (AMC) is composed of amoxicillin and the inhibitor clavulanic acid,

which binds to beta-lactamase enzymes to inactivate them [46, 47]. The top 10 25-mers for

AMC were annotated as CMY-type beta-lactamase via the CARD, while Prokka annotated

nine as ampC (AmpC beta-lactamase) and one as blc (Blc: outer membrane lipoprotein)

(Figure 3.6). Web BLAST against E. coli located nine of the k-mers within a CMY beta-

lactamase, and one within blc (Figure 3.7). CMY-types belong to the group of AmpC

beta-lactamases, which are capable of hydrolyzing numerous beta-lactam antibiotics, in-

cluding amoxicillin [305]. The presence of a beta-lactam antibiotic, such as amoxicillin,

induces the expression of AmpC [306]. Clavulanic acid is a poor inhibitor of AmpC beta-

lactamases, and can instead induce expression of the enzymes [307, 308, 309, 306]. The blc

gene is commonly conserved downstream of a CMY gene [310, 311, 312]. Blc is an outer

membrane lipoprotein which is expressed under stress conditions [313]. Its role in resis-

tance is believed to be assisting in membrane maintenance through storing or transporting

lipids [314, 313]

Ampicillin is another beta-lactam antibiotic which inhibits cell-wall synthesis. Of the

top 10 25-mers for AMP, two were able to be annotated with CARD: one as TEM-55, and

one as ramR from Klebsiella pneumoniae. Prokka annotated four as belonging to ISEcp1,

an insertion sequence of the IS1380 family; the remaining six were labelled “hypothetical

proteins.” A web BLAST search places the four annotated as ISEcp1 by Prokka within

tnpA, and the remaining six between tnpA and a beta-lactamase gene (Figures 3.8 and 3.9).

ISEcp1 is commonly followed by a resistance gene such as for CTX-M or CMY, and often

also supplies a promotor for this gene [315, 316].

TEM-type beta-lactamases are able to cleave beta-lactam antibiotics through hydroly-

sis [305]. RamR represses the gene for RamA which controls an efflux pump; when ramR

is repressed, expression of ramA is increased, which in turn causes an increase in AMR

via efflux pumps [317]. As CARD flagged the RamR-annotated k-mer as being from Kleb-

siella, and the BLAST results support that the k-mer is in the same region as the others, it
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is likely an incorrect annotation.

An ISEcp1 together with a resistance gene is referred to as a transposition unit; these

units are often found within Tn2, or with Tn2 components (such as tnpA) [318, 319].

ISEcp1 is able to mobilize the transposition unit in and out of both plasmids and chro-

mosomes, facilitating spread of resistance genes [315, 319]. ISEcp1 and its relatives can

also be found in other Enterobacteriaceae, and are a major driver behind the worldwide

spread of CTX-M [320, 315, 318, 321].

Cephalosporins

Along with penicillins, cephalosporins are beta-lactam antibiotics which inhibit cell

wall synthesis. Cephalosporins included in this study were cefoxitin, ceftiofur, and ceftri-

axone.

Eight of the top 10 k-mers for cefoxitin were annotated as CMY-type beta-lactamase

genes by CARD and Prokka, and also as blc by Prokka. The results are similar to those for

co-amoxiclav, described above; the models can identify important features for individual

antimicrobials as well as broader groups (such as the beta-lactam group).Two k-mers were

identified by neither CARD nor Prokka. A BLAST search of the kmers places them in

regions surrounding CMY, and potentially within a hypothetical protein.

The top k-mers for ceftriaxone also had similarities to those for the penicillins. Three

were identified by Prokka as belonging to the insertion sequence ISEcp1, and one was

identified by CARD as TEM-55 beta-lactamase. Two k-mers were annotated as belonging

to either ramR or marR. As with ampicillin, the ramR annotations were noted as being

from Klebsiella. marR was noted as being from E. coli, and therefore likely the correct

annotation. A third top k-mer was annotated as only ramR, but it overlaps with these two k-

mers, and thus is likely also marR. The chromosomal marR gene encodes MarR, a repressor

of the operon marRAB. The marRAB operon includes MarA, which positively regulates

the expression of AcrAB, a multidrug efflux pump [322]. marRAB is typically repressed,
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but expression may be induced by stressors, such as by some antibiotics and chemical

compounds [323]. Additionally, mutations in marR result in less repression, and increased

marRAB expression, and thus increased resistance [323]. Three ceftriaxone k-mers had no

hits from Prokka nor CARD; a BLAST search suggests that they occur within or near the

insertion sequence ISEcp1.

Three of the top 10 k-mers for ceftiofur were for beta-lactamases: two for TEM-55 and

one for CMY. Two k-mers were annotated by Prokka as belonging to the insertion sequence

ISEcp1. One of these two was annotated by CARD as tetM; however, it is involved in

tetracycline resistance, and unlikely to be involved in ceftiofur resistance [324]. The re-

maining five k-mers had no hits from Prokka nor CARD. A BLAST search places them

around ISEcp1: and one occurs just upstream, two overlap with its end, and two occur just

downstream (and just upstream of a CTX-M beta-lactamase). The three non-overlapping

k-mers may indicate important assistance locations for ISEcp1 or CTX-M.

Aminoglycosides

The top k-mers for the four aminoglycoside antibiotics (kanamycin, streptomycin, gen-

tamicin, and tobramycin) primarily were annotated as aminoglycoside acetyltransferase

(AAC) and aminoglycoside phosphotransferase (APH) genes. Aminoglycoside acetyltrans-

ferases catalyze the acetylation of amine groups of aminoglycoside antibiotics, and amino-

glycoside phosphotransferases catalyze the addition of phosphate to aminoglycoside an-

tibiotics [325]. Both of these types of modification block the antibiotic from binding to its

target in the bacterial cell.

For kanamycin, seven of the top nine k-mers were annotated as aph(3’)-Ia or aph(3’)-Ic

genes; the phosphotransferases encoded by these genes catalyzes the addition of a phos-

phate to the 3’ hydroxyl group of an aminoglycoside [325]. For streptomycin, the top nine

k-mers were annotated as aph(6)-Id and aph(3”)-Ib; the enzymes encoded by these genes

catalyzes the addition of a phosphate to the 6’ location or 3’ location, respectively [325].
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For gentamicin, seven of the top k-mers were annotated as aac(3), aph(3”), and

qacEdelta1. AAC(3) catalyzes the addition of an amine group in the 3 position of the

antibiotic [325]. qacEdelta1 is known to confer resistance to antiseptics, not antimicro-

bials; however, it is also a marker of class 1 integrons [326]. These integrons are mobile

elements known to carry other resistance genes - most notably sul1 for sulphonamide resis-

tance [326]. The k-mers annotated as qacEdelta1 support that gentamicin resistance genes

may be located in class 1 integrons.

All of the top k-mers for tobramycin were annotated; some had multiple annotations.

Similar to the other aminoglycosides, hits included aac(3), aph(3’)-Ia, qacEdelta1, and

aph(6)-Id. Additionally, there were hits for aac(6’)-IB which encodes an acetyltransferase

that catalyzes the addition of an amine group to the 6 position of the antibiotic [325]. Two

k-mers had hits for aac(6’)-Ib-cr, encoding a variant acetyltransferase which confers re-

sistance to both aminoglycosides and fluoroquinolones in Enterobacteriaceae [327, 328].

aac(6’)-Ib-cr is commonly found within class 1 integrons [329, 328], which also include

qacEdelta1 [326].

Quinolones

The quinolones inhibit bacterial DNA replication through binding to DNA gyrase (sub-

units encoded by gyrA and gyrB) and/or topoisomerase IV (subunits encoded by parC and

parE) [330]. Mutations in the quinolone resistance-determining regions (QRDRs) of gyrA,

gyrB, parC, and parE can cause amino acids substitutions which change the conformation

of their enzymes [330]. The conformation change impacts the ability of quinolones to bind

and inhibit them [330].

Two of the top k-mers for ciprofloxacin, two for enrofloxacin, two for levofloxacin, and

one for NAL were annotated as parC. Each of them mapped to the same region in parC,

with the susceptible and resistant k-mers differing by a single base. Resistance arises from

the point mutation from G to T in the coding strand; it causes a substitution from serine to
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isoleucine at ParC position 80 [331, 332].

Across the quinolones, all five of the resistance-associated gyrA k-mers, and seven

of the susceptible-associated k-mers mapped to the same location. The resistance- and

susceptible-associated k-mers differed by a point mutation, from C to T in the coding strand.

This mutation causes an amino acid substitution from serine to leucine at GyrA position

83 [332]. The two other susceptible-associated gyrA k-mers, one from ciprofloxacin and

one from levofloxacin, contained another point mutation location. They have the GAC

codon; a mutation from G to C would confer resistance by causing an amino acid substitu-

tion from aspartic acid (aspartate) to asparagine [332].

Ciprofloxacin had one top k-mer annotated by Prokka as ansB, encoding L-asparaginase

II. This enzyme catalyses the hydrolysis of the amino acid asparagine to aspartic acid (as-

partate) and ammonia [333]. L-asparaginase II is suspected to contribute to virulence or

resistance of E. coli [334, 335]; it is a known factor for other bacterial species including

Salmonella enterica [333], Heliobacter pylori [336], and Campylobacter jejuni [337]. Lev-

els of the enzyme have been shown to increase when E. coli is exposed to ciprofloxacin [335].

Recently, L-asparaginase II isolated from an STEC strain was shown to have 93% similarity

in amino acid sequence to L-asparaginase II from Salmonella enterica Typhimurium [334].

It was also shown that this STEC L-asparaginase II has a similar role to the enzyme from

Salmonella: it inhibits T cell proliferation, thereby lowering the immune response of the

host to infection [333, 334].

Enrofloxacin had one top resistance-associated k-mer annotated as abaF; AbaF is an

efflux pump in Acinetobacter baumannii known to confer resistance to fosfomycin [338].

However, a web BLAST of the k-mer instead places it within shiA, encoding a shikimate

transporter. ShiA is a known virulence factor in E. coli, as it suppresses the immune re-

sponse of the host to infection [339, 340, 341].
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Monobactams

Aztreonam is a monobactam belonging to the larger group of beta-lactam antibiotics.

As with other beta-lactams, it interferes with the synthesis of bacterial cell walls [342, 343].

Aztreonam has functional groups which provide stability for its beta-lactam ring, helping

to resist hydrolysis by some bacterial beta-lactamases [342, 343].

CARD annotated one top k-mer as marR, which is involved in resistance via efflux

pump, as described in the cephalosporins section above. Prokka annotated three other k-

mers as ISEcp1, which is also described above, in the penicillins section. Six k-mers had no

annotation. BLAST revealed that the two of these k-mers are neighbours of ISEcp1, though

with no direct gene hit of their own. The remaining four k-mers may be uninformative: they

were present in every isolate, and BLAST maps them to tRNA.

3.6.3 Comparison to Database Methods

When run on the dataset of 4300 isolates, the database methods ResFinder and AM-

RFinderPlus struggled with some antibiotics. ResFinder had above 80% accuracy for 22

of 36 antimicrobials and AMRFinderPlus had above 80% accuracy for only 10 of 36 an-

timicrobials. For NIT, AMRFinderPlus did not detect any resistance markers, and classi-

fied all isolates as susceptible. ResFinder did the same for CFZ, CXA, CXM, EFX, LVX,

NAL, NIT, SAM, SOX, and TIO. Databases need to be expanded to include more resis-

tance markers for their existing antimicrobials, and to include more antimicrobials overall.

ML methods could be used as an alternative to database methods, or to identify resistance

markers and expand the databases.

Another popular database tool is the Resistance Gene Identifier (RGI), which uses

the CARD database. It was not used for comparison because the command line version

presently resolves only to class level, and not specific antibiotic. The accuracy of using the

CARD database may be higher if accessed through different means.

When predicting SIR for the ResFinder DE and DK validation datasets, some ML mod-
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els displayed poor performance. For the DK dataset and the antimicrobial CPM, XGB,

SVM, and ANN models had 21.1%, 20.0%, and 18.9% accuracy, respectively; however,

this does not immediately indicate that the models should be discarded. For the ResFinder

publication, SIR was determined by comparison of MICs to the ECOFF. The ECOFF for

CPM is 0.125, the CLSI breakpoints are S≤2 and R>16, and the EUCAST breakpoints

are S≤1 and R>4. When the isolates are reclassified as SIR following EUCAST or CLSI

breakpoints, the predictions of the model are more accurate, jumping to 61.1% and 63.2%,

respectively; the accuracy of ResFinder drops to 73.7% and 68.4%, respectively. As SIR

breakpoints are committee-defined, they vary between regions (committees). Databases and

models could alternatively predict MIC values instead, as they are stable experimentally de-

termined measurements; however, SIR classifications are more widely available than MICs

for public data currently.

3.7 Conclusion

The ML models used in this study were on average more accurate than the database

methods, and do not rely on curated databases for their prediction. This ability allows us to

move closer to “agnostic diagnostics”, where specific outcomes do not need to be known

for them to be tested for. However, the ML models are only as good as the data they

are trained on, and also require periodic updating based on new high-quality sequencing

and laboratory phenotypic data. This approach has the potential to allow cheaper, faster,

and constant surveillance activities across the one health continuum. ML approaches also

have the ability to increase our understanding of novel mechanisms of microbial resistance,

and to quantitatively predict minimum inhibitory concentrations of antimicrobials. Lastly,

when paired with on-site sequencing methods, ML methods are poised to make rapid AMR

diagnoses in clinical and agricultural settings a reality.
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Chapter 4

Conclusion and Future Directions

As WGS is becoming more accessible, it is replacing the traditional time-consuming and

expensive wet-lab methods for pathogen diagnostics and surveillance. For resistance pro-

filing, the in silico tools for the analysis of WGS data need to be rapid and accurate. A

common method is comparison against AMR databases; however, these databases have

limitations. As discussed in Chapter 1, databases suffer from standardization issues, and

they can quickly become irrelevant without constant curation. They also focus on markers

of resistance, when markers of susceptibility are also valuable when selecting an effective

antibiotic. ML models are an attractive alternative to databases, as no a priori informa-

tion about resistance mechanisms is required. They are also beneficial to use alongside

databases as they can identify novel markers of susceptibility or resistance to assist in keep-

ing databases current.

In this thesis, ML models were successfully trained for the rapid and accurate prediction

of SIR classifications for E. coli data. Their performance met or exceeded leading database

methods. The models identified markers of both resistance and susceptibility. For example,

they were able to identify SNPs in parC and gyrA, which confer resistance (as discussed in

Chapter 3). In contrast to similar studies, our models were trained with the entire set of k-

mers, without pre-selection for core genes, which allows for the identification of important

intergenic markers as well as those within genes. Our models are also capable of multi-

class classification (including the Intermediate class), while others commonly only perform

binary classifications. Additionally, instead of only k-mer presence/absence, our input con-
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sisted of k-mer frequencies, which other tools were unable to handle due to computational

constraints. Although we were able to use 25-mers, there were tradeoffs. Unlike the 11-mer

models, the 25-mer models did not include parameter optimization; though SVM and XGB

models exhibited good performance, the ANN models suffered from a lack of parameter

tuning, with an average accuracy of 68.9%. Parameter optimization may be more feasible

with large k-mers in the future, as tools for storing and handling the frequency matrices are

developed and improved.

A limitation of the ML models is the availability of public data. ML models are more ac-

curate when trained on a larger amount of data, so they would benefit from periodic updates

as new data are released. Presently, genomes more commonly have SIR companion meta-

data, as opposed to MIC metadata. If more MIC metadata becomes available, it would be

advantageous to additionally train models for MIC classification. MICs are experimentally-

determined values which do not change between years, while SIR classifications are based

on regional committee-defined breakpoints which can have some variation between coun-

tries and years. Though unchanging, MICs still have challenges: the values are subjective,

as they are interpretations by lab personnel; they can also be difficult to unify between

countries, as antibiotic concentrations used for panels are also set by regional committees.

The former challenge can be compensated for by considering the MIC to be correct within

one dilution.

The ML models can be applied to more than just AMR if additional metadata are made

publicly available. Training models for the classification of WGS data by host/source and

location of origin would be advantageous for outbreak tracing and predicting zoonotic po-

tential. Lupolova et al. [205] previously investigated the use of SVMs with protein pres-

ence/absence for the host/source classification of Salmonella and E. coli. For Salmonella,

the accuracy of predicting host/source was 89% for avian, 67% for bovine, 90% for hu-

man, and 75% for swine isolates. For E. coli, the accuracy was 72% for bovine and 89%

for human; they were unable to classify isolates for other groups due to the small number
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of isolates available. A recent study by Bayliss et al. [344] looked at the use of a hierar-

chical ML model for location-based classification of clinical S. enterica serovar Enteritidis

isolates. Prediction at the regional level (Europe, Africa, Americas, Asia) had the largest

sample size and was the most accurate. Prediction at the sub-regional level and country

level was less accurate, as less data were available for these levels, and it was more vari-

able. With increased data availability, our ML models can be applied to host/source and

location classification using WGS E. coli. Our models would come with the additional

benefit of feature extraction and annotation, to identify genomic markers contributing to

host and location. An additional find by Balyiss et al. [344] was that prediction accuracies

improve when the training dataset contains isolates collected over multiple years. For their

dataset of S. enterica serovar Enteritidis, a two year window for isolate collection was found

to be optimal. In future work, it would be beneficial to investigate the effect on accuracy of

our ML models when specific years are selected, as our dataset of 4300 genomes spanned

from 1970 to 2018. Additionally, the models may be used to investigate the correlation of

AMR with the other categories, to support the surveillance of AMR across the one health

continuum. This would allow for rapid detection and tracing spanning from a local to a

global scale, and covering all sources, including human, animal, and environmental.

The aforementioned methods are typically applied to WGS data obtained by sequenc-

ing the DNA of an isolated culture. As discussed in chapter 1, much time can be saved by

eliminating the wet-lab isolation steps and replacing it with shotgun sequencing to obtain

the metagenome from a sample. The use of ONT sequencing can further reduce the time

for sequencing from over three days (as with Illumina) to as little as one day. Although a

full ONT sequencing run can take multiple days, analysis can be performed in real-time.

Combining metagenomic sequencing with a rapid in silico analysis pipeline would provide

a powerful tool for the identification of resistant pathogens, so interventions could be es-

tablished to prevent outbreaks. In addition, ONT sequencing is extremely portable, with

field sequencing kits and sequencers able to run with a laptop. Future studies would run
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an analysis pipeline at various time points after commencing an ONT run, to determine the

earliest time at which species and resistance profiles could be identified.

Metagenomics comes with many challenges, including the samples themselves. The

sample type greatly impacts the complexity of analysis. It is typically faster to identify and

analyze bacteria of interest within a sample with relatively low bacterial background, such

as a blood sample, and harder to do the same for a sample with a high bacterial background,

such as fecal samples. This is not a set rule: if the bacterial load of a clinical sample is low,

longer sequencing times, addition of culture amplification, or use of background (for ex-

ample host DNA) depletion may be needed [345, 346, 347]. Background depletion is also

advantageous for samples with high bacterial background, as it can allow for higher cov-

erage of rarer bacterial species [348]. ONT offers an adaptive sampling during sequencing

for this purpose; however, it requires more computational resources to run. In general, sam-

ple pre-processing, and sequencing run settings need to be tailored to sample type. Future

studies would need to investigate which options are optimal for different sample types.

Differences in sample type and sequencing technology additionally leads to difficulty in

the development of analysis pipelines universally applicable to metagenomes. Future work

for the development of such a pipeline would need to include options to handle different

sample types and sequencing technologies. The options would need to affect every stage.

Commonly, the first post-sequencing step is trimming and filtering. For Illumina runs,

this may include the removal of adapters, primers, poly-A tails, sequences longer than a

set value, sequences shorter than a set value, and/or low-quality ends of reads; tools for

this task include Trim-galore [298] (wrapper for Cutadapt [299] and FastQC [300]) and

Trimmomatic [349]. For PacBio and ONT runs, this may include removal of sequences

below a set quality threshold, sequences longer than a set value, sequences shorter than a set

value, and/or a number of nucleotides at the start or end of a read; tools for this task include

Chopper and nanoq, which are part of NanoPack [350]. The other commonly required tasks

are assembly and taxonomic binning; as with post-processing, tool choice is impacted by
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sequencing technology, and there are many parameters available for customization. Tools

for these tasks are discussed in detail in Chapter 1. Pipeline development would need to

consider processing order as well, such as whether to assemble a metagenome first, or to

bin the data and assemble individual species - it may also be optimal to instead work with

raw data and avoid assembly altogether. Measurements of success would include amount of

recovery of a species from a metagenome, and how well in silico tools, such as ML models,

are able to perform on the recovered data.

In this thesis I demonstrated the predictive power of ML models trained for SIR classifi-

cations of WGS E. coli. In the future these rapid and accurate approaches can be extended to

classify organisms extracted from metagenomes, and to classify WGS data based on other

criteria, such as country and host. They also have the potential for integration into clini-

cal diagnostics and surveillance programs, to aid in the replacement of traditional wet-lab

methods with sequencing and in silico analysis.
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Automatic acoustic detection of birds through deep learning: The first bird audio de-
tection challenge. Methods in Ecology and Evolution, 10(3):368–380, March 2019.
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