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Abstract:

As next-generation sequencing (NGS) costs has dropped in recent years, whole genome
sequencing (WGS) has been adopted as the primary typing method for pathogens of
interest in outbreak surveillance in the U.S. In this study, we aimed to evaluate the
performance of Nanopore sequencing for rapid identification and molecular
characterization of E. coli and Salmonella, two major foodborne bacterial pathogens.
Eleven E. coli and ten Salmonella isolates obtained from pecan orchards were sequenced
using MinlON and IHlumina NextSeq 500. As MinlON allows real-time reads analysis,
the reads were time-based subsampled to determine the earliest identification turnaround
time for each isolate. Species level identification was achieved at 15 mins of sequencing
run. Complete antigenic profile and variants of major virulence genes were detected in 16
and 25 hours using assemblies obtained from the subsampled-reads of E. coli and
Salmonella, respectively. Additionally, comparisons of the Nanopore-based assemblies
against hybrid assemblies from the combined reads of MinlON and Illumina showed that
the best values of continuity were obtained at 4 and 8 hours; whereas, the best value of
annotated features were obtained in 16 and 25 hours for E. coli and Salmonella,
respectively (p < 0.05). By using these assemblies as input in a stringent BLASTn search
(percentage of identity of 95 % and query coverage of 85 %) against the Comprehensive
Antibiotic Resistance Database (CARD), we could find significantly similar results to
those obtained from the hybrid assemblies of Salmonella but not for E. coli isolates.
However, the hits obtained from the search against the Virulence Factor Database
(VFDB) were not sufficient to generate results significantly similar for both species.
Finally, the results of phylogeny analysis obtained from assemblies created with reads
produced in 3 hours of sequencing process from both species, were significantly similar
to those of the results with hybrid genomes (p < 0.05). These results demonstrated that
Nanopore can offer an effective sequencing platform for the rapid identification of E. coli
and Nontyphoidal Salmonella isolates, with certain capabilities for their molecular
characterization.
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CHAPTER I

INTRODUCTION

Annually, contaminated food results in 600 million cases of foodborne diseases
and 420,000 deaths worldwide (Lee & Yoon, 2021; WHO, 2015). Meanwhile, in the
U.S., the Center for Disease Control and Prevention (CDC) estimates that each year 48
million Americans get sick from a foodborne illness resulting in 128,000 hospitalizations
and 3,000 deaths (CDC, 2019; Scallan et al., 2011). Rapid identification and molecular
subtyping of foodborne bacterial pathogens is essential for timely response to outbreaks,
therebyCDC created PulseNet, a molecular subtyping network of federal, state, and local
public health laboratories designed to facilitate such process (CDC, 2019). The mission
of this network is the early identification and recall of contaminated foods at the national
level in order to reduce the total number of people affected by the consumption of these
contaminated products (Scharff et al., 2016). It is estimated that more than 270,000
foodborne illnesses have been prevented annually in the U.S. since its implementation
(Ribot & Hise, 2016). Additional economic evaluations of the PulseNet impacts by
Scharff and Hedberg (2018) revealed that $5.4 billion are saved owing to improved

recalls of Escherichia coli and Salmonella.



Pulsed Field Gel Electrophoresis (PFGE) was the gold standard subtyping
technique used by the PulseNet, assisting in the detection and investigation of outbreaks
caused by foodborne bacterial pathogens across the U.S. for more than 20 years (CDC,
2019; Gerner-Smidt et al., 2006). PFGE is a genotyping technique used for the separation
of large DNA molecules after treating them with unique restriction enzymes and letting
the reaction product migrate in a gel matrix under the electric field that periodically
changes direction, thus generating band patterns that can be compared among different
strains (Sharma-Kuinkel et al., 2016; Tang et al., 2019). Despite the efficiency with
which it was possible to identify the origin of different foodborne pathogens with the use
of PFGE (Gerner-Smidt et al., 2006; Ribot et al., 2019), it still has limitations related to
its chemistry. The bands that are generated do not always represent homologous genetic
material, therefore decreasing the discrimination power of PFGE ted such as in the
studies carried out in strains of E. coli O157: H7 (Davis Margaret et al., 2003),
Salmonella enterica (Hedberg et al., 2001) and Yersinia enterocolotica (Gilpin et al.,

2014).

The emergence of affordable next-generation sequencing (NGS) technologies in
recent years has opened the door to whole genome sequencing (WGS) as a viable and
cost-effective subtyping approach for foodborne bacterial pathogens surveillance (Ribot
et al., 2019). Unlike PFGE, WGS encompasses more information from an organism’s
genetic material, and its utility for outbreak investigations has already been demonstrated
for several gastrointestinal pathogens (Jenkins et al., 2015; McDonnell et al., 2013;
Moura et al., 2016; Quick et al., 2015). Incentivized by affordable costs and potential

increase in discrimination, PulseNet is transitioning to WGS, wherein this technique has



already been standardized as the primary typing method for Listeria, Salmonella, E. coli,
Shigella, and Campylobacter (Tolar et al., 2019). Additionally, the Food and Drug
Administration (FDA) funds a network called GenomeTrakr which also stores data
obtained from WGS of foodborne bacterial pathogens (Timme et al., 2019). The
information from both platforms, PulseNet and GenomeTrakr, is yielded through MiSeq,
i.e., an lllumina-based sequencing platform, and stored in the National Center of

Biotechnology Information (NCBI) virtual repository (Tolar et al., 2019).

Illumina offers high quality short reads with an average error rate of ~1% (Stoler
& Nekrutenko, 2021); however, the length of the reads can hamper sequencing complex
or highly repetitive regions of the genome, which constitutes a major challenge for de
novo sequencing of bacterial genomes, because bacterial chromosomes contain up to
several dozens of intragenic and intergenic tandem repeats (Adewale, 2020; Alkan et al.,
2011) These regions can offer valuable clues about co-regulated gene clusters or the
presence of a gene of interest within a transmissible mobile genetic element (Kusmirek &
Nowak, 2018; Zhou et al., 2014). On the other hand, Nanopore sequencing platform
overcomes this limitation by producing reads that can span thousands of nucleotides,
allowing complex regions to be sequenced more easily (Logsdon et al., 2020).
Additionally, this sequencing platform offers the ability to work with sequencing reads in
real time, thus allowing the turnaround time in outbreak response to be shortened
(Logsdon et al., 2020; Taylor et al., 2019). Nonetheless, the tradeoff of this practically
new technology is its high sequencing error rate of between 5 and 15% (Rang et al.,
2018). However, constant developments in Nanopore chemistry and the development of

new bioinformatics tools have provided an improved landscape for the analysis of reads



from this platform (Adewale, 2020; Goldstein et al., 2019; Taylor et al., 2019). Therefore,
it is imperative to explore the scope of this technology in foodborne bacterial

surveillance.

In this study, we aimed to evaluate the performance of Nanopore sequencing for
rapid identification and molecular characterization of E. coli and Salmonella, i.e., two
major foodborne bacterial pathogens by PulseNet. Noteworthy, the bioinformatics work
in this study was performed using the sequencing reads generated from the doctoral
dissertation of Diaz-Proano (2019). Whereby, the information generated from the E. coli
and Salmonella isolates were analyzed in chapter 3 and chapter 4, respectively. Wherein
the Nanopore reads were subsampled with respect to time, and the subsequent analyzes
were compared to the data generated from hybrid genomes that were created using
Illumina in conjunction with the Nanopore reads. Overall, the results from this study
should contribute as an example of the advantages and limitations of using Nanopore

technology for foodborne bacterial pathogens surveillance
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CHAPTER II

LITERATURE REVIEW

OVERVIEW OF FOODBORNE PATHOGENS

Apart from the intake of food contaminated with chemicals or other agents
detrimental to human health, foodborne illnesses can be caused by consuming food
contaminated by pathogenic microorganisms or their toxins. Those pathogenic
microorganisms, including viruses, bacteria, parasites, and fungi, are responsible for
millions of reported cases of foodborne illnesses and/or chronic complications in many
countries (Heredia & Garcia, 2018; Schirone et al., 2019). However, these are not
enemies that have arisen recently, throughout the history of mankind, foodborne
pathogens have accompanied us, being even essential factors that shaped our past. As one
of the most emblematic examples stands out is the death of Alexander the Great in 323
B.C. Regardless of his unprecedented military campaign through Western Asia and
Northeastern Africa, he is believed to have been a victim of typhoid fever, a disease
caused by Salmonella Typhi, one of the well-characterized foodborne bacterial pathogens
nowadays (University Of Maryland Medical Center, 1998). Despite the ongoing risk

posed by these microorganisms, it is of utmost relevance to understand that pathogens



are the minority among harmless microorganisms that cohabit the biosphere with
humans, therefore, it is imperative to differentiate those that are truly a risk to human
health from those that are not (National Academies Press, 2010; Pepper & Gentry, 2015).
At present, the biological agents most frequently involved in foodborne diseases
have been identified and characterized (Table 1.), of which those that are reported more
frequently worldwide are bacteria, such as Salmonella, Campylobacter, and
Enterohemorrhagic Escherichia coli; and viruses, specially Noroviruses (WHO, 2020).
The largest number of outbreaks caused by foodborne pathogens in China, the Republic
of Korea, and the European Union were due to bacteria (European Food Safety
Authority, 2018; Kim & Kim, 2021; W. Li et al., 2020); whereas viruses accompany
bacteria as the protagonists of the largest number of outbreaks caused by foodborne
pathogens in the US. However, in the US, foodborne bacterial pathogens were
responsible for 90% of the total hospitalizations related to foodborne illnesses, with

Salmonella being the most predominant among them (CDC, 2019b).
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Table 1. Estimated annual percentage of the total number of domestically acquired
foodborne illnesses, hospitalizations, and deaths caused in the United States (Elaine
Scallan et al., 2011). STEC: Shiga toxin—producing Escherichia coli; ETEC:
enterotoxigenic E. coli.

Illnesses Hospitalizations Deaths

Pathogen

(%) (%) (%)
Viruses
Norovirus 58.18 26.20 11.04
Astrovirus 0.16 0.16 0.01>
Rotavirus 0.16 0.62 0.01>
Sapovirus 0.16 0.16 0.01>
Hepatitis A virus 0.02 0.18 0.52
Bacteria
Salmonella spp. nontyphoidal 10.95 34.55 28.00
Clostridium perfringens 10.29 0.78 1.93
Campylobacter spp. 9.00 15.12 5.63
Staphylococcus aureus 2.57 1.90 0.44
Shigella spp. 1.40 2.60 0.74
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STEC non-O157 1.20 0.48 0.01>

Yersinia enterocolitica 1.04 0.95 2.15
Bacillus cereus 0.68 0.04 0.01>
STEC 0157 0.67 3.82 1.48
V. parahaemolyticus 0.37 0.18 0.30
ETEC 0.19 0.02 0.01>
Vibrio spp. other 0.19 0.15 0.59

Diarrheagenic E. coli other than

0.13 0.01 0.01>
STEC and ETEC
Streptococcus spp. group A 0.12 0.01> 0.01>
S. enterica serotype Typhi 0.02 0.35 0.01>
Listeria monocytogenes 0.02 2.60 18.89
Brucella spp. 0.01 0.10 0.07
V. vulnificus 0.01> 0.17 2.67
Vibrio cholerae toxigenic 0.01> 0.01> 0.01>
Mycobacterium bovis 0.01> 0.06 0.22
Clostridium botulinum 0.01> 0.08 0.67
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Parasites

Toxoplasma gondii 0.92 7.91 24.22
Giardia intestinalis 0.82 0.40 0.15
Cryptosporidium spp. 0.61 0.38 0.30
Cyclospora cayetanensis 0.12 0.02 0.01>
Trichinella spp. 0.01> 0.01 0.01>

Virulence factors

Virulence is the relative capacity of a microorganism to cause damage in a host
(Casadevall & Pirofski, 2003). Hence, bacterial virulence factors (VFs) are components
that increase the chances of survival of pathogenic bacteria that express them while
infecting the host so that these bacteria replicate and disseminate within it successfully
(Cross, 2008; Peterson, 1996; Sharma et al., 2017). The function they provide are various
but each one can play a fundamental role in the efficiency of the infection through
different mechanisms among which we commonly find: Uptake of essential nutrients
from the infected host, colonization of target tissues, invasion through the host, or
protection against host defenses (Peterson, 1996; Sharma et al., 2017).

Despite the correlation among VFs and bacterial pathogens, the presence of
several VFs alone in a microorganism does not indicate that the microorganism is
pathogenic to a host, because the relationship and interaction between a microorganism

and its host are what determine whether a strain is pathogenic or not (Ho Sui et al., 2009;
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Pallen & Wren, 2007; Zhang & Zhang, 2006). Some VVFs may only have evolved as host-
interaction factors in commensal strains that diverged into pathogenic strains, such as
those involved in adhesion or different metabolic pathways, whereas others evolved to
have more “offensive” functions with the host, such as those involved in active invasion
or directly causing damage. (Ho Sui et al., 2009). For example, Neisseria meningitidis
harboring the factors associated with virulence (e.g. capsule and type 1V pili) can remain
non-invasive in human carriers (Laver et al., 2015). Another special case is that of non-
pathogenic E. coli that have evolved together with humans, gaining several VVFs to thrive
as a commensal in our gut, among them we can find adhesins or siderophores, VFs that
are also part of the pathogenetic machinery of other microorganisms, such as Salmonella
spp. or Klebsiella spp. (Sarowska et al., 2019). Nevertheless, pathogenic E. coli strains
have acquired additional genetic material through horizontal gene transfer (HGT) that
over time were not rejected but rather incorporated as useful tools when surviving more
effectively in their niche or infecting their hosts (Diard & Hardt, 2017).

VFs detection is unlikely to be a routine requirement for most industrial
laboratories but can be essential for overall risk assessment, whether for an individual
strain or a population. For instance, VFs detection can be performed when it is necessary
to take precautionary measures to reduce or eradicate microorganisms that carry
particular VVFs, such as for the development of immunization programs for animal
production (Crasta et al., 2008; Luo et al., 2015; Rabinovitz et al., 2012), or for the
evaluate virulence in environmental samples (Kimani et al., 2014; Menezes et al., 2014;
Prieto et al., 2016). VFs can be detected by methods based on their exerted activity, such

as the Vero cell assay or the reversed passive latex agglutination (RPLA) test (Liptakova
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et al., 2002; To & Bhunia, 2019), or through molecular techniques, such as the use of
multiplex PCR or the use of proteomes or genomes for detection to higher resolution
compared to traditional techniques (Allen et al., 2020; Scheutz et al., 2012; Zheng et al.,
2012). Currently, there are national surveillance systems to monitor the incidence of
foodborne diseases related to microorganisms that harbor particular VFs, such as the
National Surveillance of Shiga Toxin-producing Escherichia coli (STEC); or diseases
caused by the presence of their toxins in food products, such as the National Botulism
Surveillance, both led by the Center of Disease Control & Prevention (CDC) in order to
provide a national snapshot of the occurrence of infections transmitted primarily through

food (CDC).

Antibiotic resistance

Antibiotics are drugs that treat bacterial infections in humans and animals by
either Kkilling the bacteria or hindering their growth and multiplication, thereby they have
been widely used either as therapeutic or as prophylactic agents, especially in agricultural
animal production as growth promoters (van Hoek et al., 2011). Six major cell functions
have been targeted by antibiotics: inhibitors of DNA replication (DNA synthesis and
DNA gyrase), RNA synthesis, protein synthesis (50S or 30S ribosomal subunit
inhibitors), cell wall biosynthesis, cell membrane biosynthesis, and fatty acid synthesis
(O’Rourke et al., 2020).

Antibiotic resistance (AR) phenotypes can arise in microorganisms from
chromosomal DNA mutations, which alter existing bacterial proteins or non-coding

regions involved in transcriptional or translational regulation of the targets, as well as a
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result of the acquisition of new genetic material between bacteria of the same or different
species or genera (A. Ghosh et al., 2020; Maiden, 1998; van Hoek et al., 2011). The main
mechanisms of resistance are: permeability changes in the bacterial cell wall achieved by
new porin variants due to mutations in the genes that encode them, as well as by the
downregulation of porins produced by mutations in genes or regions that regulate their
expression which hinders drug access to target sites (Lavigne et al., 2013; Novais et al.,
2012; Tamber & Hancock, 2003), active efflux of the antibiotic from inside of the
bacteria resulting from acquired novel efflux pumps genes through HGT or due to their
overexpression caused by mutations in regulatory genes (Abouzeed Yousef et al., 2008;
Hung et al., 2013; Pomposiello Pablo et al., 2001), acquired genes that encode enzymes
capable of altering or degrading the antibiotic (Johnson & Woodford, 2013; Poirel et al.,
2012; Wright, 2005), single point mutations in genes encoding antibiotic targets or their
regulatory mechanisms leading to an overexpression of the target, and the acquisition of
genes homologous to the original target that can counteract the effect of the antibiotic
(Gao et al., 2010; Katayama et al., 2000; Shore Anna et al., 2011).

Resistance to antibiotics in bacteria is currently a global crisis (Martens &
Demain, 2017; Podolsky, 2018). Worldwide, at least 700,000 people die annually due to
bacterial infections unsuccessfully treated related to AR, whereby these values are
estimated to reach 10 million per year by 2050 if the necessary measures are not taken to
stop this crisis (Strathdee et al., 2020). Although resistant bacteria can occur in nature
(Allen et al., 2010), the main driver for the accelerated appearance of strains resistant to
one or more antibiotics has been contributed to anthropogenic activities, such as the

excessive use of antibiotics since their discovery (Roberts & Zembower, 2021; Van
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Boeckel et al., 2014), inappropriate antibiotics prescription (Milani et al., 2019),
extensive agricultural usage (Spellberg & Gilbert, 2014; C. Lee Ventola, 2015), improper
handling of waste fluid containing active pharmaceutical ingredients from antibiotic
manufacturing plants (Ahmad et al., 2017), or acquisition of resistance induced by
exposure to disinfectants that are used ubiquitously (Amsalu et al., 2020; Jin et al., 2020;
Kim et al., 2018).

The techniques that are currently used for the detection of antibiotic resistance
(broth dilution and disk diffusion techniques) have a slow turnaround time, as well as
they can be nonconclusive and not broad enough (Anjum et al., 2018; Hashempour-
Baltork et al., 2019); consequently, such culture-dependent phenotypic methods can thus
delay decision-making in the medical or agricultural field, so molecular analyzes such as
PCR or DNA chips have been implemented, as they can be used to investigate the
presence of a resistance gene or point mutation, providing direct support to ensure that an
optimal treatment or control strategy is executed in a timely manner (Hashempour-
Baltork et al., 2019; Woolhouse et al., 2015). Moreover, molecular characterization is
regularly adopted as an indirect method to assist in epidemiological investigations after
an outbreak complementary to phenotypic tests, since in vitro phenotypic methods can be
sometimes not sufficiently conclusive to rule out that the bacterium analyzed is resistant
in vivo or not, thus requiring additional information about its genotype (Anjum et al.,
2018; Petersen et al., 2011; Robinson et al., 1999). The recent advancements in rapid and
affordable DNA sequencing technologies, known as Next Generation Sequencing (NGS),
have offered a better resolution at the entire genome level, hence Whole Genome

Sequencing (WGS) is being used for the characterization of AR strains in local, national,
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or even global surveillance of pathogens (Ribot et al., 2019). However, the molecular
characterization of AR is limited based on the information already characterized
regarding the genotype of resistant strains, as well as the lack of ensuring that the
expression of a resistance gene will be favored by bacterial regulatory systems, therefore
molecular techniques will continue to be a complement and not a total replacement for
phenotypic methods. (Lepuschitz et al., 2019; Palmer & Kishony, 2013; Urmi et al.,
2020).

Currently, in the U.S., the Center for Disease Control and Prevention (CDC) is
involved in monitoring and coordinating surveillance of AR in important zoonotic
bacteria isolated from animals intended for human consumption and human clinic
samples. With several tracking systems in place, such as the Antibiotic Resistance
Laboratory Network (AR Lab Network) and the National Antimicrobial Resistance
Monitoring System for Enteric Bacteria (NARMS), data regarding the national
prevalence of AR is being generated which would streamline decision-making and

strengthen the surveillance system (CDC).

Mobile genetic elementsMobile Genetic Elements (MGES) are segments of DNA
with varying lengths (1 to several hundred kb) that encode their machinery to thus move
within genomes (intracellular mobility) or between bacterial cells (intercellular mobility)
(Frost et al., 2005; Miller & Capy, 2004). Intercellular mobility can be achieved through
transformation, conjugation or transduction (Frost et al., 2005). Transformation involves
the uptake of extracellular DNA from closely related bacteria and is mediated by

chromosomally encoded proteins from some naturally transformable bacteria (Frost et al.,
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2005; Snyder & Champness, 2007). Whereas, conjugation depends independently on
replicating genetic elements called conjugative plasmids, or chromosomally integrated
conjugative elements (ICEs), which harbor genes that facilitate their transfer and
sporadically the transfer of other cellular DNA from a plasmid-carrying cell, also called
donor, to a recipient cell that lacks the plasmid or ICE (Botelho & Schulenburg, 2021,
Frost et al., 2005; Snyder & Champness, 2007). On the other hand, transduction is the
acquisition of DNA mediated by bacterial viruses (bacteriophages or phages). At low
frequency, these obligate intracellular parasites can encapsidate segments of host DNA,
which would subsequently be transferred to other bacteria when infected by this new
phage particle that contains part of the genome of the previous host. The DNA can then
recombine into the chromosome or replicate as a plasmid in the new host cell (Miller &
Capy, 2004; Snyder & Champness, 2007). Finally, intracellular movement of DNA is a
property of loci with high recombination rates commonly known as transposons, which
randomly recombine or 'jJump’ between replicons, DNA fragments that have at least have
one origin of replication and one binding site wherein DNA-binding proteins called
initiators will recruit the additional factors necessary to open the double-stranded
chromosomal DNA and begin synthesis (Maga, 2017). Since these promiscuous elements
can come into contact with phages or plasmids, they can also be transferred into other
cells (Frost et al., 2005; Sabbagh et al., 2021).

The acquisition of preexisting genetic determinants, such as genes encoding AR
or VFs, through MGEs in conjunction with mutations and selective pressure are the key
elements in bacterial evolution (Leplae et al., 2004). For instance, the laboratory E. coli

strain K12 surprisingly differs genomically by about 20-30% compared to pathogenic E.
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coli O157:H7, of which the main differences come from prophages integrated into the
chromosome of the pathogenic strain (Hayashi et al., 2001; Kudva et al., 2002).
Similarly, Listeria monocytogenes and Listeria innocua differ mainly to prophages that
are only present in the latter (den Bakker et al., 2010; Glaser et al., 2001). Extra
chromosomic genetic material can also play a key role in species differentiation, such as
the case of pathogenic Bacillus anthracis and its close relative Bacillus thuringiensis, in
which despite the similarity between their chromosomes, the type of plasmids that they
harbor is different, thus providing essential dissimilitude that has a strong impact on the

virulence of the former (Luna et al., 2006; Read et al., 2003).

Plasmids and other conjugative elements

A plasmid is a DNA molecule composed of functional genetic modules that give rise to a
stable and self-replicating entity complex, which is smaller than bacterial chromosomes
and usually lacks essential genes for basal cell functions (Frost et al., 2005). Most often,
plasmids are covalently closed into circular double-stranded DNA molecules, but linear
double-stranded DNA plasmids can also be found in some species (Frost et al., 2005;
Partridge et al., 2018; Shintani et al., 2015). Genes involved in the replication of plasmids
represent a core of plasmid housekeeping functions, also known as the “backbone”.
Additionally, a plasmid can harbor a wide variety of accessory genes, including those
involved in niche adaptive functions that might benefit the host cell (Frost et al., 2005).

Replication of plasmids starts at a specific region called “origin” (ori), caused by the
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coupling of an initiation protein (Rep) to a proximal iterated DNA repeat sequences
called iterons which hijacks the replication machinery of the cell for its benefit (Snyder &
Champness, 2007). The presence of the gene encoding Rep in the plasmid broadens the
host range of the plasmid, yet dependence on host-encoded DNA replication proteins is a
fundamental factor limiting the host range of plasmids (Frost et al., 2005; Partridge et al.,
2018; Snyder & Champness, 2007). Nonetheless, plasmids with multiple replication
regions are quite common in both Gram-negative and Gram-positive bacteria, suggesting
that fusions/cointegrations between plasmids are a common phenomenon (Johnson et al.,
2007; Partridge et al., 2018; Villa et al., 2010). Three modes of plasmid replication have
been described for circular plasmids: 1) rolling circle (RC) replication which is frequently
used by small plasmids in Gram-positive and, less commonly in Gram-negative bacteria;
2) theta-mode replication, which resembles circular chromosome replication and is
widely used by small to very large plasmids, and 3) strand displacement which is
commonly found in small plasmids (del Solar et al., 1998; Partridge et al., 2018). In order
to balance the competing demands of effective plasmid inheritance and metabolic burden
impost on the host, plasmids control their copy number by using a wide variety of
strategies, although two basic strategies have been elucidated: in the first, an antisense
RNA binds to the transcribed Rep mRNA thus inhibiting its translation and indirectly
restricting replication, and in the second mechanism, the Rep proteins bind together and
seize plasmids through their iterons, restricting directly their replication (del Solar &
Espinosa, 2000; Frost et al., 2005; Partridge et al., 2018). Once replicated, plasmids need
a mechanism that ensures their maintenance in daughter cells during cell division. Small

plasmids are commonly maintained at a high copy number, wherein random segregation
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in both daughter cells is sufficient to achieve an efficient inheritance (Million-Weaver &
Camps, 2014; Munch et al., 2019; Wang, 2017). On the other hand, large plasmids are
present in a low copy number, so they require certain functional modules that contribute
to their maintenance. These include multimer resolution systems (res) that recombinantly
separate multimeric plasmids into monomers that are segregated independently to
daughter cells, partitioning (par) systems that actively distribute plasmid copies to
daughter cells, and postsegregational killing systems that hinder the fitness of the
progeny cells that fail to inherit a copy of the plasmid (Million-Weaver & Camps, 2014;
Shintani et al., 2015). Plasmid propagation is facilitated not only through vertical
transmission via cell division but also via horizontal transmission to other bacterial cells,
where although conjugation is the main responsible for the transfer of plasmids, there is
evidence that bacteria can also uptake plasmids through natural transformation
(Hasegawa et al., 2018; Nolan et al., 2020; Partridge et al., 2018). Conjugative plasmids
are self-transmissible for which they possess additional components, thus increasing
significantly the size of their conserved backbone (Partridge et al., 2018). Among the
most essential plasmid parts for conjugation, we can find the transfer regions (tra) which
encode proteins for the formation of mating pairs (MPF), a protein complex that
functions as a specialized pore of the type IV secretion system (T4SS), by which a
conjugative pilus is assembled, forming a filamentous surface appendage that mediates
interactions with recipient cells (Alvarez-Martinez & Christie, 2009; Komano et al.,
2000; Kurenbach et al., 2002); as well as DNA transfer replication proteins (DTR) that
process plasmid DNA, such as a relaxase that specifically cuts the origin of transfer

(oriT) present in the DNA strand to be exported to the recipient cell (Cabezén et al.,
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2014; Giusti Mde et al., 2012; Partridge et al., 2018). Some non-conjugative plasmids can
still be transferred horizontally by exploiting the MPF apparatus contributed by a
conjugative plasmid present in the same cell. These plasmids carry only a subset of the
DTR functions (usually termed Mobility or MOB), including an oriT and a gene for a
corresponding relaxase (Frost et al., 2005; Partridge et al., 2018; Snyder & Champness,
2007).

Plasmids with the same replication and partition systems can't be propagated
stably in the same host cell line, a phenomenon termed 'incompatibility’ (Inc) (Shintani et
al., 2015). Hence a classification system based on Inc has been widely adopted with great
success, however, the laborious nature of incompatibility testing resulted in it being
superseded by hybridization, then PCR-based replicon typing (PBRT), and ultimately
sequencing-based approaches. Nowadays, because only the amino acid sequence of the
Rep protein is taken into account to group different plasmids into Inc types, it is not
necessarily confirmed by conventional methods if the plasmid shows incompatibility with
the same plasmid of the Inc group in the same host cell line (Shintani et al., 2015). The
drawbacks of using a replicon typing to classify plasmids rely on the inability to
distinguish plasmids that carry more than one replicons, as well as there is not enough
information about Rep types present among several microbial taxonomies (Million-
Weaver & Camps, 2014; Rawlings & Tietze, 2001; Shintani et al., 2015), thus hindering
the identification of other types of plasmids. Therefore, classification of plasmids based
on MOB typing, which encompass conjugative and mobilization relaxase genes, and Mpf
classes have emerged, yet these methods are not appropriate for non-transmissible

plasmids (Orlek, Phan, et al., 2017; Orlek, Stoesser, et al., 2017; Shintani et al., 2015).
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Bacteriophages and transposons

As discussed before, phages can play a key role in the intercellular transfer of
genetic elements through transduction. Bacteriophage genomes can be composed of
either single- or double-stranded DNA or RNA, with a genomic size ranging from a few
to several 100 kb (Snyder & Champness, 2007). Commonly, bacteriophages need to
harbor core genes involved in the expression of machinery used to hijack the host cell
replicative, specific replicase genes, and the components that are part of their capsid
(Canchaya et al., 2003; Chiang et al., 2019). Depending on their life cycle, they can be
classified as virulent bacteriophages due to their vigorous replication and lysis of the host
once inside them, or temperate bacteriophages which can be found in a quiescent, non-
Iytic growth mode called lysogeny (Chiang et al., 2019). The lysogenic bacteriophages
are responsible for HGT, as they integrate their genome into the bacterial chromosome
and replicate with it as a prophage, where eventually stress conditions, such as DNA
damage, can induce the reassembly of viral particles into new phages in which portions
of the DNA from the host cell can be accidentally packaged and later injected into a new
host (Partridge et al., 2018). The ability to transduce host DNA seems to be limited to
relatively large (50-100 kb) double-stranded DNA phages, and the transduced chunks of
DNA must be able to recombine with the genome of the recipient host to prevail, hence
transduction is limited to members of the same bacterial species (Canchaya et al., 2003;
Frost et al., 2005; Hendrix, 2003). The mosaic structure of phages is the result of
recombination between prophages and other mobile elements that reside in the same
bacterial host (Belcaid et al., 2010; Casjens & Thuman-Commike, 2011). None of the

phage genes is sufficiently specific or highly conserved to be employed as a single
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marker for prophages detection (Canchaya et al., 2003), thereby, multiple strategies have
been used to create algorithms that can identify prophages in data obtained from Next
Generation Sequencing (NGS), such as the use of random forest machine learning to
predict phage sequences (Amgarten et al., 2018), identification of assembled genomic
fragments of phage origin by comparison with whole genome bacteriophage sequences
(Jurtz et al., 2016), or the assessment of characteristics of prophages that exhibit no
similarity to sequence genome and complies certain scores to be classified as prophages
(Akhter et al., 2012).

Intracellular transfer of genetic elements is mainly carried out by transposons and
integrons, which give rise to more complex mobile genetic elements such as genomic
islands (GI) or integrative conjugative elements (ICE) (Frost et al., 2005; Partridge et al.,
2018; Snyder & Champness, 2007). Transposons are mobile elements that harbor a site-
specific tyrosine and serine recombinases transposase (tnp) gene, which produce either a
tyrosine or a serine recombinase that is site-specific to the flanking direct (DR) or indirect
repeat (IR) sequences and is accompanied by other genes that are not involved in the
transposition process. When transposons only possess the tnp gene and not accessory
genes, they are called Inserted Sequences (1S), contrarily, they can also be formed by the
integration of one or various transposons into another which is known as a composite
transposon (Frost et al., 2005; Partridge et al., 2018; Snyder & Champness, 2007). These
MGEs can be divided into groups based on two different active site amino acidic motifs
in Tnp, most commonly DDE (Asp, Asp, and Glu) but also DEDD and HUH (His, U:
Large hydrophobic amino acid, and His); or based on whether transposition is a

conservative, cut-and-paste mechanism, or replicative process (Babakhani & Oloomi,
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2018; Rice & Baker, 2001). Miniature inverted-repeat transposable elements (MITES) are
non-autonomous derivatives of bacterial IS or transposons that retain the IR but which
have lost central parts, including the transposase gene (Delihas, 2008). On the other hand,
integrons are mobile DNA elements with the ability to capture genes by site-specific
recombination mediated by a site-specific tyrosine recombinase encoded by an integrase
gene (int) which, unlike transposases, does not recognize IR or DR, but multiple
recombination sites (attl from the integrin and attC from a cassette) (Collis et al., 1998;
Hall & Collis, 1995; Rice & Baker, 2001). A Gl is a chromosomal region that has been
acquired via horizontal transfer; in many cases, Gls are flanked by DRs (Malachowa &
DelLeo, 2010; Partridge et al., 2018). Gls has a variable size due to their variable genetic
contents and can be classified based on their encoded phenotype(s). For instance,
resistance islands are Gls that harbor multiple resistance determinants, meanwhile, those
that contain virulence factors are often called pathogenicity islands (Frost et al., 2005).
Finally, ICEs are integrative mobilizable elements found in both Gram-negative and
Gram-positive bacteria that are self-transmissible by conjugation due to the presence of
encoded factors essential for their transmission, including transcription activators to
induce MGI excision, a specific relaxase to initiate the transfer at the ICE integrated oriT
and the conjugation machinery to transport them to recipient cells, wherein they are
integrated into the new host bacterial chromosome and replicated as part of it (Cameron
et al., 2019; Johnson & Grossman, 2015; Partridge et al., 2018). ICEs are commonly
found at the 3’ ends of tRNA genes, and integration creates DR at the ends of the ICE,
called attL and attR (Cameron et al., 2019; Johnson & Grossman, 2015). For the

detection of transposons and integrons, there are databases available that allow the
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detection of these elements in WGS, but for larger MGEs the commonly used technique
is to identify the presence of MGE signatures, and evidence of phylogenetic
incongruence such as highly identical copies of specific elements present in multiple
species (Jiang et al., 2019); additionally, databases containing predicted and detected
genomic islands or ICEs are also available (Hur et al., 2019; M. Liu et al., 2019; Yoon et

al., 2015).

ESCHERICHIA COLI
E. coli is a non-spore-forming facultative anaerobic gram-negative rod-shaped

bacterium, a member of the family Enterobacteriaceae. In nature, E. coli is principally a
constituent of the mammalian gut microbiome, but it is also found, although less
frequently, in the gut microbiomes of birds, reptiles, and fish, as well as in soil, water,
plants, and food (Blount, 2015; Hartl & Dykhuizen, 1984; Heredia & Garcia, 2018;
Leimbach et al., 2013; Mageiros et al., 2021). Owing to their relationship with the human
and animal digestive tracts, they are commonly used as an indicator of the sanitary
quality of foods and water. Although generic E. coli is not normally the cause of serious
illness, the ease with which they are grown makes their presence used as an indicator that
other pathogenic organisms of fecal origin may be present (Li & Liu, 2019).

The presence of different combinations of accessory genes has shaped some E.
coli into a variety of pathogenic strains, which are influenced by the selective pressure of
their niches and the occurrence of HGT among bacterial communities with whom they
cohabit (Blount, 2015; Mageiros et al., 2021). Notably, it seems that most pathogenic E.
coli strains do not share a single evolutionary origin, rather they are the result of different
DNA transfer events, and that even strains capable of causing the same disease do not

constitute a monophyletic group (Shannon D. Manning et al., 2008). Hence, several
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subtyping methods have helped to distinguish the strains that are involved in outbreaks
and pose an increased risk, which has led to the emergence of different classification
systems.

One of the most common systems used for classification is serotyping, a method
that groups E. coli based on its antigenic variation in the surface O- (LPS) and H-
(flagella) antigen caused by differences in the O-antigen gene cluster (O-AGC) and the
flagellin-associated genes (Fratamico et al., 2016), although HGT contribute to the high
plasticity of strains with even the same antigenic profile that may differ in the pathogenic
profile due to the gain or loss of MGEs that carry genes that increase virulence (dos
Santos et al., 2007; Wu et al., 2008; Yang et al., 2020). Particular sets of VFs and
characteristic diseases typical of certain strains can be used to group E. coli into different
pathotypes (Table 2); but the identification of some subclones or clades, in particular, can
be difficult despite having the serotypes and VFs identified, in these cases, additional
methods are usually required to increase the resolution (S. D. Manning et al., 2008).
Furthermore, other phenotypic techniques including phage typing, multilocus enzyme
electrophoresis, biochemical-based testing, or culture methods can provide alternatives to
discern the relationship between different strains, nonetheless, they are time and labor
intensive and may not be discriminatory enough (Fratamico et al., 2016). On the other
hand, genetic typing methods make use of DNA fingerprinting to correlate strains in a
more efficient process thus overcoming the limitations from the aforementioned
techniques (CDC, 2012). For this reason, the CDC has adopted and standardized
protocols of the process called Pulse Field Gel Electrophoresis (PFGE) as a gold standard

in the detection and investigation of foodborne disease outbreaks caused by E. coli 0157
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and non-O157 STEC under the PulseNet network (CDC, 2012, 2016). Currently,
PulseNet is in transition to WGS, where the new data obtained is stored in a combined
database called Escherichia, which stores information on E. coli 0157, non-O157 STEC,
Shigella non-flexneri species, and Shigella flexneri (Tolar et al., 2019). Additionally, the
Food and Drug Administration (FDA) funds a network called GenomeTrakr which also
stores data obtained from WGS of E. coli strains (Timme et al., 2019). The information
from PulseNet and GenomeTrakr is stored in the National Center of Biotechnology
Information (NCBI) virtual repository along with other genomes sequenced by
laboratories not certified by the CDC or FDA (Tolar et al., 2019).

Table 2. Pathogenic E. coli Pathotypes in Humans. * Diarrheagenic E. coli (Puente &
Finlay, 2001).

Type of E. coli Disease Virulence factors

Heat-labile toxin
(LT), heat-stable
toxin (ST),
colonization factors
(CFs)

*Enterotoxigenic Watery to cholera-
(ETEC) like diarrhea

Ipas, type Il
secretion (Mxi and
Spa), VirG/IcsA

*Enteroinvasive Watery diarrhea to
(EIEC) dysentery

Esps, type 111

*Enteropathogenic secretion (Sep and

Watery diarrhea

(EPEC) Esc), intimin, Tir,
and BFP
Hemorrhagic
*Enterohemorrhagi  colitis, hemolytic At;?]\éesiﬁ)iﬁgiﬁors
¢ (EHEC) uremic syndrome hemc?l sin ’
(HUS) y
*Enteroaggregative ~ Watery to mucoid Eﬁ?‘llf-idgiims;c
(EAEC) diarrhea hemc,)lysi,n ’
Diffusely adhering . F1845 and AIDA-I
(DAEC) Watery diarrhea fimbriae
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Type | pili, P pili,

Uropathogenic Urinary tract Afimbrial adhesins
(UPEC) infections (Afa), hemolysin,
CNF-1

Capsule, type | pili,

Neonatal sepsis, S-fimbrial adhesin,
meningitis IbeA and 1beB

(invasion proteins)

Septic (SEC)

The presence of the gene encoding Shiga toxins (stx 1 and/or stx 2), commonly
incorporated via a prophage (lambdoid bacteriophage), causes an E. coli strain to be
named as Shiga toxin-producing E. coli (STEC) or verotoxin-producing E. coli (Nguyen
& Sperandio, 2012). This group is the most important E. coli at the surveillance level
since it is responsible for an estimated 265,000 illnesses each year in the United States,
with more than 3,600 hospitalizations and 30 deaths (CDC, 2012). Apart from bloody
diarrhea, in around 5-10% of diagnosed patients, STEC can lead to hemolytic uremic
syndrome (HUS), a serious complication characterized by renal failure, hemolytic
anemia, and thrombocytopenia that can be fatal (Nguyen & Sperandio, 2012). The most
common STEC serogroup implicated in severe illness in humans is 0157, although other
400 STEC serotypes have been found, of which the most common non-O157 STEC
serogroups are 026, 045, 0103, 0111, 0121, and 0145, also known as the Big 6 (CDC,
2012). Big 6 STECs and other non-0157 STECs have surpassed the number of annual
infections caused by 0157 STEC strains according to surveillance data collected in the
U.S. (CDC, 2018). The modes by which STEC infection is transmitted in human
populations include foodborne transmission, environmental transmission from

contaminated animals or water, and transmission through person-to-person contact
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(DuPont, 2007). Because 0157 presents resistance mechanisms to acidic environments
thanks to adaptations acquired when growing in the rumen of cattle, it makes it prevalent
in several products with high acidity and even this benefits this group when colonizing

the human digestive tract (Jones et al., 2020; Leyer et al., 1995; Price et al., 2004).

SALMONELLA ENTERICA
S. enterica is a non-spore-forming rod-shaped facultative anaerobic gram-

negative bacterial species. Based on biochemical and genomic relatedness, it is divided
into six subspecies: S. enterica subsp. enterica, S. enterica subsp. salamae, S.

enterica subsp. arizonae, S. enterica subsp. diarizonae, S. enterica subsp. houtenae,

and S. enterica subsp. Indica (Brenner et al., 2000). In total, there are more than 2600
serotypes based on the O-antigen and the H-antigen in which depending on the strain, an
additional H-antigen may be present as a result of flagellar phase variation (Andino &
Hanning, 2015; Brenner et al., 2000; Crump & Wain, 2017). Almost 60% of Salmonella
serotypes belong to S. enterica subsp. enterica, which is the only subspecies that has
named serovars depending on whether they have certain antigenic profiles that meet the
full antigenic definition for a serovar, whereas, other serovars from the S. enterica subsp.
enterica without a defined antigenic profile as well as the remaining subspecies are
named specifying the O-, and H-antigens separated by colons (Brenner et al., 2000).
Human infection with most S. enterica produces an exudative intestinal inflammation that
causes gastroenteritis also known as non-typhoidal Salmonellosis (Crump & Wain,
2017). As farm and wild animals can be reservoirs for the serovars that cause non-
typhoideal Salmonellosis, these pathogens are commonly found in contaminated foods of

animal origin, mainly eggs, meat, poultry and milk. However, plants such as fresh
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produce can also become contaminated by exposure to manure, whereas exposure to
infected pets can also be a cause of the disease (WHO, 2018). While all serovars can
cause disease in humans, a few are host-specific and can reside in only one or a few
animal species: for instance, Salmonella Dublin in cattle (Nielsen et al., 2004),
Salmonella Gallinarum in poultry (Chaudhari et al., 2012), and Salmonella Choleraesuis
in pigs (Leekitcharoenphon et al., 2019). When these particular serovars cause disease in
humans, it is often invasive and can be life-threatening (Baumler & Fang, 2013; Huang et
al., 2019; Tanner & Kingsley, 2018).

Pathogenic islands form part of the genome of Salmonella, these horizontally
acquired loci encode genes facilitating several virulence mechanisms, including the
expression of secretion systems, fimbriae, flagella, and capsules; serotype conversion;
and host colonization and subsequent survival within the host (Cheng et al., 2019; van
Asten & van Dijk, 2005). Among 24 identified Salmonella pathogenicity islands (SPIs),
only SPI-1 and SPI-2 are ubiquitously found in S. enterica, while SP1-22 only
corresponds to S. bongori; whereas the remaining SPIs can be variably present among S.
enterica or they can be only found in specific serovars (Cheng et al., 2019). SPI-1
encodes a type three secretion system (T3SS), which is essential for the export of effector
proteins required for invasion of host cells (Amauvisit et al., 2003; Cheng et al., 2019; Lou
et al., 2019). SPI-2 encodes an additional T3SS, harboring genes that are essential for
intracellular survival and for preventing acidification of the Salmonella containing
vacuole (SCV) (Cheng et al., 2019; Marcus et al., 2000). Further virulence traits, such as
the pSLT virulence plasmid, adhesins, flagella, and biofilm-related proteins, also

contribute to success within the host (Cheng et al., 2019; Fabrega & Vila, 2013; van
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Asten & van Dijk, 2005). This huge armamentarium of virulence factors is under the
control of an extremely complicated regulatory network, which coordinates and
synchronizes all the elements involved (Cheng et al., 2019; Lou et al., 2019).

While typhoid fever and paratyphoid fever are most common in parts of the
world that lack strict sanitation programs for food and water, infections with notyphoidal
Salmonellosis account for just over one-fifth of all bacterial foodborne illnesses
worldwide, causing an estimated 78.7 million cases per year (Havelaar et al., 2015; Jong,
2012). In the U.S., Salmonella is the leading cause of bacterial foodborne illness with the
largest number of deaths and the largest economic losses with an annual estimate of
$2.71 billion for 1.4 million cases (Andino & Hanning, 2015). The highest numbers
of Salmonella outbreaks from the past decade are related to land animals, with poultry as
the main reservoir (Andino & Hanning, 2015; Crump & Wain, 2017; WHO, 2018). More
than 70% of human salmonellosis in the US has been attributed to the consumption of
contaminated chicken, turkey, or eggs (Whiley & Ross, 2015). The predominant
subspecies associated with severe disease is S. enterica subsp. Enterica, in which there
are discrepancies between different levels of severe outcomes produced by different
serovars. For example, S. enterica serovar Heidelberg contributes to about 7% of
the Salmonella-related deaths in the U.S. and 11% of reported invasive infections, which
are relatively high percentages considering that they generally cause less than 5% of
infections (Aljahdali et al., 2020). The methods for discrimination within serovars of
clinical and epidemiological importance include established tests such as phage typing
and PulseNet standardized PFGE protocols, nonetheless, DNA sequencing is replacing

them, either as sample sequencing such as multilocus sequence typing or increasingly

33



with WGS (Banerji et al., 2020; Rabsch, 2007; Tolar et al., 2019). As in E. coli, PulseNet
has elaborated a WGS database specific for Salmonella, which together with the FDA-
funded network, GenomeTrakr, can be accessed through NCBI along with other genomes
that were obtained by laboratories not certified by either agency (Banerji et al., 2020;

Tolar et al., 2019).

FOODBORNE DISEASE SURVEILLANCE

Federal and state agencies, including the U.S. Department of Health and Human
Services' agencies, CDC, and the FDA, and the United States Department of Agriculture's
Food Safety and Inspection Service (USDA/FSIS) cooperate to ensure safety measures
are followed to protect the U.S. population (Institute of Medicine (US) Forum on
Microbial Threats, 2006). Surveillance of the food supply is the integral process of
searching for the pathogens that cause foodborne disease, when the surveillance occurs
before consumer consumption it is called food monitoring which implies the direct
detection of microbial pathogens along the food chain (Bishop & Tritscher, 2012;
Institute of Medicine (US) Forum on Microbial Threats, 2006). On the other hand, if the
surveillance process takes place after the people consume a contaminated product, the
process is referred to as foodborne disease surveillance, which is the collection of human
or animal disease data, followed by analyses of case clusters and disease trends (Bishop
& Tritscher, 2012; Institute of Medicine (US) Forum on Microbial Threats, 2006).
Despite the theoretically aim to provide primary prevention against foodborne disease by
food monitoring, many technical challenges hamper the detection of foodborne pathogens

in food, such as the limited sample size for testing (Institute of Medicine (US) Forum on
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Microbial Threats, 2006; Zwietering et al., 2016), the presence of viable but non-
culturable pathogens (Fakruddin et al., 2013; Nascutiu, 2010), or the low cell numbers in
food to produce severe disease when ingested (Cooke & Slack, 2017; Doyle, 2013; Hara-
Kudo & Takatori, 2011). On the other hand, foodborne disease surveillance networks
overcome the sensitivity or sampling limitations of food monitoring through a continuous
screening of foodborne disease cases and a rapid decision-making program (Bishop &
Tritscher, 2012; Institute of Medicine (US) Forum on Microbial Threats, 2006). Although
these networks cannot prevent initial cases due to the time interval between
contamination event and the surveillance signal issued, they facilitate the prevention of
ongoing pathogen transmission, and the identification of unforeseen problems in the food
system, as well as, trends in foodborne diseases that can direct public health
policymaking (Bishop & Tritscher, 2012; Institute of Medicine (US) Forum on Microbial
Threats, 2006). The three most common foodborne disease surveillance strategies are:
complaint or notification systems based on reports from diarrheal illnesses possibly
linked to foodborne exposure, pathogen-specific surveillance, and syndromic
surveillance, which, unlike complaint or notification systems, uses non-specific health
data (Institute of Medicine (US) Forum on Microbial Threats, 2006).

Among different networks and resources for food safety (see Table 3), the
PulseNet network created by the CDC is a powerful molecular subtyping network
consisting of state public health laboratories in all 50 states and food regulatory
laboratories within the FDA and USDA designed to identify and facilitate investigation
of foodborne disease outbreaks (CDC, 2019a). As evidence of its effectiveness, from the

time it was implemented it has been possible to perceive a reduction of reported illnesses
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due to improved information, enhanced industry accountability, and more rapid recalls;
furthermore, economic impacts attributable to PulseNet include medical costs and
productivity losses averted due to reduced illness (Boxrud et al., 2010; Tolar et al., 2019).
Scharff et al. (2016) estimated that because of the prevention of foodborne diseases
resulting from PulseNet surveillance, a reduction of medical and productivity costs by
$507 million was achieved in the period between 1994 and 2009. The PulseNet system is
currently used to track nine organisms by use of standardized PFGE protocols (E. coli
0157, non-0157 STEC, non-flexneri Shigella species, Shigella flexneri, Vibrio cholerae,
Vibrio parahaemolyticus, Salmonella, Listeria, or Campylobacter) (Institute of Medicine
(US) Forum on Microbial Threats, 2006). Potentially, PulseNet can be used to track any
infectious disease confirmed by detection of a specific microorganism (CDC, 2019a;
Institute of Medicine (US) Forum on Microbial Threats, 2006).

Table 3. Networks and Resources for Food Safety in the U.S. (Institute of Medicine (US)
Forum on Microbial Threats, 2006)

Acronym Program Name
Biosense Biosense (CDC)
Collaboration in Animal Health and Food Safety
CAHFSE
Epidemiology (USDA; APHIS, ARS, FSIS)
CaliciNet CaliciNet (CDC)
Electronic Foodborne Outbreak Reporting System
eFORS
(CDC)
eLEXNET Electronic Laboratory Exchange Network
eLRN Environmental Laboratory Response Network
Epi-X Epidemic Information Exchange
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Electronic Surveillance System for Early Notification

Essence
of Community-based Epidemics
FERN Food Emergency Response Network
FoodNet Foodborne Disease Active Surveillance Network
GEMS Global Environmental Monitoring System
GenomeTrakr GenomeTrakr (FDA)

Global Salm-Surv

Global Salmonella Survey (WHO)

GOARN Global Outbreak Alert and Response Network
GPHIN Global Public Health Intelligence Network
HAN Health Alert Network
ICLN Integrated Consortium of Laboratory Networks
Infectious Disease Society of America Emerging
IDSA-EIN
Infections Network
INFOSAN International Food Safety Authorities Network
LRN Laboratory Response Network
NAHSS National Animal Health Surveillance System
NARMS National Antibiotic Resistance Monitoring System
NEDSS National Electronic Disease Surveillance System
National Electronic Telecommunications System for
NETSS
Surveillance
NPDN National Plant Diagnostic Network
NRDM National Retail Data Monitor
PulseNet PulseNet (CDC)
RASFF Rapid Alert System for Food and Feed
RODS Real-time Outbreak and Disease Surveillance
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Training Programs in Epidemiology and Public Health
TEPHINET
Interventions Network

UNEX Unexplained Death and Serious IlIness

PFGE is a genotyping technique used for the separation of large DNA molecules
including genomic DNA, after treating them with unique restriction enzymes and letting
the reaction product migrate in a gel matrix under the electric field that periodically
changes direction (Sharma-Kuinkel et al., 2016). In comparison to other genotyping
methods, PFGE provides a good representation of the entire bacterial chromosome in a
single gel with a highly reproducible restriction profile, providing distinct and well-
resolved DNA fragments (Sharma-Kuinkel et al., 2016; Tang et al., 2019; WHO, 2009).
The images of the PFGE patterns are electronically transferred to CDC, where they are
analyzed, this enables rapid subtyping and comparison of PFGE patterns of bacteria
isolated from ill persons, food, veterinary and environmental sources across the country,
and the detection of clusters of cases with identical patterns to indicate that an outbreak
might be occurring (Sharma-Kuinkel et al., 2016). Despite the introduction of PFGE to
PulseNet revolutionized the detection, investigation, and control of outbreaks over the
past two decades, it has inherent limitations for molecular characterization and subtyping
of bacterial pathogens owing to its inability to infer phylogenetic relationships caused by
the lack of power to resolve relationships between unrelated isolates with identical or
nearly identical PFGE banding patterns (Bergholz et al., 2016; Oakeson et al., 2018).

Since the advent of NGS and the drastic decrease in its cost in recent years,
numerous technical barriers related to Sanger sequencing have been overcome, such as
sequencing speed, read length, throughput and especially cost, making it possible not
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only at the detection of mutations in single base pairs but also at the whole genome scale,
as well as the identification of key genes involved in the regulation of complex
phenotypes (Li et al., 2019; Morozova et al., 2009; van Dijk et al., 2014). Consequently,
WGS captured the interest from the food safety community due to the increased
resolution in terms of foodborne pathogens subtyping and their molecular
characterization, thus, the FDA's Center for Food Safety and Applied Nutrition (CFSAN)
established in 2013 (Allard et al., 2016), the first integrated network of state and federal
laboratories to use WGS to track foodborne pathogens to improve outbreak response
activities related to FDA compliance and regulatory programs by providing more precise
scientific traceback, and a publicly available global database containing the genetic
makeup of thousands of foodborne disease-causing bacteria from food and environmental
sources stored at the NCBI (Allard et al., 2016; Brown et al., 2019; Tolar et al., 2019).
GenomeTrakr network is made up of 14 federal laboratories (including USDA-FSIS food
laboratories), and state agriculture, food, environmental, and public health laboratories in
14 states, 1 U.S. hospital laboratory, and 9 international laboratories (including
laboratories from Mexico, Argentina, and England) (Brown et al., 2019). In 2013, the
PulseNet together with its partners at FDA, FSIS, and NCBI, and state laboratories
participating in GenomeTrakr and PulseNet, launched a pilot project for sequencing and
analyzing isolates of L. monocytogenes in real-time, in parallel with the current PFGE-
based surveillance. This collaborative effort demonstrated that the application of WGS to
laboratory surveillance contributes higher precision and resolution than PFGE, and as a
result, more outbreaks could be detected, investigated, and controlled than ever before,

and in addition, WGS could also identify false outbreak signals produced by PFGE
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(Jackson et al., 2016). Thereby, PulseNet transitioned to WGS as the primary subtyping
tool for surveillance of Listeria, Salmonella, E. coli, Shigella, and Campylobacter in
2019, thus merging PFGE and WGS databases for these organisms; although the use of
WGS as the primary subtyping tool of Vibrio, Yersinia, and Cronobacter is not yet

validated or established (Tolar et al., 2019).

WHOLE GENOME SEQUENCING (WGS)

With the implementation of modified nucleotides called dideoxy-nucleotides
(dNTPs) to the amplification process of new DNA strands in which the ribose 3'-OH
group is blocked, thus preventing elongation, the arrival of the first generation of
sequencing by the hand of Sanger sequencing technology opened the door to the
opportunity to characterize the genetic material of different species with even higher
resolution than what was achieved with DNA banding pattern-based genotyping methods
(Heather & Chain, 2016). Despite the Sanger sequencing was widely used for three
decades and even today for single or low-throughput DNA sequencing, its limitations
pose the difficulty of further improving the low throughput that does not allow the
sequencing of complex genomes, in addition to which it can be significantly more
expensive and slow compared to newer technologies (Canadian Agency for Drugs and
Technologies in Health, 2014; Goodwin et al., 2016). The appearance of the second-
generation sequencing facilitated the analysis of the entire genomic DNA sequence of a
cell by reducing sequencing speed and costs while maintaining high accuracy, as well as,
yielding high-throughput data, thus promoting the wide use of WGS for the study of
different living organisms at a deeper level (Churko et al., 2013; Goodwin et al., 2016).

In the food safety field, the high discriminatory power of WGS compared with traditional
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molecular typing tools promotes its use as a tool for foodborne illness surveillance.
Whereas, the microbiological testing of foods performed frequently in the food industry
focuses more on the detection of well-characterized foodborne pathogens, thereby, a
higher level of characterization is commonly omitted, leaving traditional techniques still
preferred, unless it is necessary to assess the safety of probiotics or starter cultures
(Chokesajjawatee et al., 2020; Lee et al., 2021; Surachat et al., 2021), as well as to track
and trace the source of contamination (Jagadeesan et al., 2019).

Currently, two strategies have been developed in second generation sequencing:
sequencing by ligation (SBL) and sequencing by synthesis (SBS). In SBL approaches
(SOLID and Complete Genomics), a probe sequence that is bound to a fluorophore
hybridizes to a DNA fragment and ligates to an adjacent oligonucleotide for image
capture. Then, the emission spectrum of the fluorophore indicates the identity of the
complementary base(s) at specific positions within the probe (Goodwin et al., 2016). In
SBS approaches (454 Roche pyrosequencing, lon Torrent, lllumina and GeneReader), a
polymerase is used and a signal, such as a fluorophore or a change in ionic concentration,
identifies the incorporation of a nucleotide into an elongating strand (Goodwin et al.,
2016). Over time, Illumina positioned itself as the predominant platform in short-read
Next Generation Sequencing owing, in part, to its high level of cross-platform
compatibility, good administrative decisions that allowed the constant improvement of
technology, and a variety of equipment that meets different needs in the market (Dervan
& Shendure, 2017; Goodwin et al., 2016; Sabino, 2020). Nonetheless, the advent of third
generation sequencing has brought technologies that can offer longer reads, which in

spite of the higher accuracy of short-read technologies, reads spanning thousands of
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nucleotides can elucidate the complex structure of some regions in the genome thus
eliminating ambiguity in the positions or size of genomic elements (Goodwin et al.,
2016). This is how the Oxford Nanopore Technologies (ONT) and PacBio platforms have
gained popularity in studies seeking to perform the highest resolution typing possible
between closely related bacteria of the same species and those studying broad genomic
arrangement (C. Li et al., 2020; Moss et al., 2020; Uelze et al., 2020), nonetheless, ONT
offers fast and portable technologies that make it ideal for genomic sequencing
applications in the surveillance of foodborne pathogens (Jagadeesan et al., 2019; Logsdon
et al., 2020).

Table 4. Summary of commonly used Whole Genome Sequencing platforms (Jagadeesan

et al., 2019).
Type of
Sequencing  Read Error instrument
Platform Output/run Example of use
technology  length rate and run
time
Short
Benchtop
reads
Sequencing 1x 0.3-
IHlumina Low  Variant calling
by synthesis  36bp — 1000Gb
2-29 h
2 %
300bp
Single Long De novo
PacBio 0.5-10Gb  High Large scale
molecule reads assembly of
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sequencing small bacterial

by synthesis  Up to genomes and
0.54h
60kb large genome
finishing
Long The complete
Portable
Oxford Single reads genome of
0.1-20Gb  High
Nanopore molecule Up to isolates and
1min-48 h
100kb metagenomics

IHHlumina

Illumina sequencing technology is based on cyclic reversible termination (CRT),
sequencing by synthesis approach that makes use of terminator molecules that are similar
to those used in Sanger sequencing (Goodwin et al., 2016). For the preparation of the
DNA to be sequenced, first, it has to be fragmented via mechanical or enzymatic
shearing. Next, adaptors and barcodes sequences are ligated to the DNA fragments and
then loaded to the flow-cell coated with primers complementary to the adaptor sequences,
wherein exclusion amplification creates clonal clusters in each well from the individual
library molecules (Illumina, 2013). The strands that were anchored to the wells are
primed by a sequence that is hybridized to an adapter region, thus initiating polymerase
binding to this double-stranded DNA (dsDNA) region. In each cycle, a mixture of all four
individually labeled and 3'-blocked dNTPs are added, which will be incorporated one by
one in the elongation process, so that later the nucleotides that did not bind to the
template strand are removed, allowing subsequent excitation and imaging of the dNTPs
incorporated at each cluster through total internal reflection fluorescence (TIRF)
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microscopy using either two or four laser channels (Goodwin et al., 2016). Generally,
each dNTP is bound to a single specific fluorophore for each nucleotide and requires a 4-
channel system, whereas the NextSeq and Mini-Seq systems use a two-fluorophore
system, thus only requiring a 2-channel system (Table 5) (Goodwin et al., 2016; Illumina,
2015). Implementation of the 2-channel system results in a faster sequencing process,
although since mixing two light signals is commonly used to detect adenine, the phasing
effect due to improper removal of blockers can more rapidly increase the error rate in
comparison to 4-channel systems (ecSeq, 2017). Finally, the fluorophore and blocking
group can be removed and a new cycle can begin. Base calling is obtained directly from
the signal intensity measurements during each cycle, furthermore, Illumina has the option
of generating single ended (SE), or paired-ended (PE) reads in which both ends of the
anchored DNA fragment are sequenced (Illumina, 2013).

The suite of instruments offered by Illumina includes short-read sequencers with
high precision (~ 99.9%), ideal for a varied range of yield requirements, from small low-
throughput benchtop units to large ultra-high-throughput instruments dedicated to WGS
at the population level (Table 5) (Wentz et al., 2019). Illumina has become widely used
for the genotyping of strains suspected of being involved in an outbreak of foodborne
diseases, in which detection of Single Nucleotide Polymorphisms (SNPs) and structural
variations in their genomes can elucidate their relationship with already characterized
pathogens (Brown et al., 2019), with MiSeq being the standardized platform for PulseNet
and GenomeTrakr networks (Timme et al., 2020; Timme et al., 2018). Furthermore, gene
expression and transcriptome analysis facilitate the characterization of all transcriptional

activity (coding and non-coding) of microorganisms present in food, which can be useful
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not only to broaden the understanding of the physiology of the diseases that pathogenic
strains cause but also to decipher other complex biological processes, such as AR, food
spoilage and biofilm formation (Puttamreddy et al., 2008; Sabino et al., 2019). As
mentioned above, due to size limitations, short-read sequencing platforms have issues
sequencing complex or highly repetitive regions of the genome, which constitutes a
major challenge for de novo sequencing of bacterial genomes, because they contain up to
several dozens of intragenic and intergenic tandem repeats (Adewale, 2020; Alkan et al.,
2011). Regions that can be much longer than the maximum read length and the insert size
of PE tags (Ku$mirek & Nowak, 2018). In addition, characterizing these highly repetitive
regions and their instability can provide essential hints about the modulation of the
function of specific genes that may be involved in bacterial adaptation to a new
environment in a short term without complicated mutation (Kusmirek & Nowak, 2018;

Zhou et al., 2014).

Table 5. lllumina platforms specifications (Wentz et al., 2019).

Max read Max reads Max
Platform Type of Chemistry WGS applications
length (bp) produced output
Viruses, bacteria,
small
MiniSeq 2% 150 bp 2-channel SBS 25 million 7.5 Gb
eukaryotes/targeted
sequencing
100— Virus, bacteria,
NextSeq 500/550 2% 150 bp 2-channel SBS 800 million
120 Gb eukaryote
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Virus, bacteria, small
44-50 13.5-5

MiSeq 2% 300 bp 4-channel SBS eukaryote/targeted
million Gb
sequencing
1000 Virus, bacteria,
HiSeq 2500 2% 250 bp 4-channel SBS 4 hillion
Gb eukaryote

Oxford Nanopore Technology

Unlike PacBio, which is a long-read sequencing platform based on SBS, with the
help of electrolytic solutions and the application of a constant electric field, ONT uses
electrophoresis to mobilize native DNA molecules through a nanopore, which is
connected to a motor protein that unzips the double stranded DNA at a Y adapter added
during the library preparation step, directing just one strand at a time through the
nanopore (Goodwin et al., 2016; Nygaard et al., 2020). The passage of the molecule to be
sequenced through this nanopore blocks the flow of ions, which reduces the current for a
length of time proportional to the size of the different nucleotides (Nygaard et al., 2020).
Consequently, the change in the current pattern and magnitude is measured, providing a
signal to be used for base calling (Deamer et al., 2016). Theoretically, sequencing
continues until the end of the DNA fragment or until the pore becomes physically
blocked, hence, during the library preparation step DNA molecules can be fragmented or
kept intact in the case of seeking to obtain reads as long as possible (Canadian Agency
for Drugs and Technologies in Health, 2014; Deamer et al., 2016; Nygaard et al., 2020).
Furthermore, in order to improve accuracy, ONT uses a leader—hairpin structure formed

during the library preparation process, which allows the forward DNA strand to pass
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through the pore, followed by the reverse strand. This generates reads from both strands,
also known as 1-dimensional (1D) reads with a ~20.19% error rate, from which a
consensus sequence can be generated resulting in a 2-dimensional (2D) read with an error
rate of ~13.40% (Cao et al., 2017; Weirather et al., 2017). ONT also offers a variety of
equipment that adapts to the different needs of the market (Table 6), although MinlON in
particular is attracting interest for pathogen surveillance and diagnostics owing to the low
investment cost required for its implementation and its portability (Goodwin et al., 2016).
Despite the fact that ONT sequences still have notably higher error rates compared with
second-generation sequencing platforms, it is expected that the precision will continue to
increase due to constant development of improvements in its chemistry, as well as the
active research of new base callers (Deamer et al., 2016; Nygaard et al., 2020). Apart
from the aforementioned utility of long reads for de novo assembly, ONT has proven to
be effective for the detection and differentiation of methylations resulting from epigenetic
alterations in bacterial genomes (Dumschott et al., 2020), mechanisms that can be
important to identify AR in bacteria (Fernandez et al., 2011; D. Ghosh et al., 2020; Motta
et al., 2015).

Table 6. Oxford Nanopore Technology (ONT) platforms specifications (ONT; van Dijk
et al., 2014; Wentz et al., 2019).

Max read Max reads Max
Platform WGS applications
length produced Output
Nanopores Read length Viruses, bacteria, targeted
Flongle 2.8 Gb
read the length  dependent sequencing
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of DNA Virus, bacteria, small

MinION presented to 50 Gb eukaryote/targeted
them. Longest sequencing
read so far: > 4 . .
GridlON 250 Gb Virus, bacteria, eukaryote
Mb.
PromethlON 14Th Virus, bacteria, eukaryote

BIOINFORMATICS FOR WHOLE GENOME SEQUENCING ANALYSIS
The advances of WGS have resulted in a milestone in the resolution for

surveillance and outbreak investigations, source attribution, genomic studies, as well as
genomic information for phenotypic prediction (Uelze et al., 2020). The evolution of
sequencing technologies was not the only reason for this unprecedented event, since an
evolution alongside bioinformatics tools and computational resources has been
fundamental to manage and analyze large amount of information that are commonly
yielded in NGS platforms (Uelze et al., 2020). Among the most important steps to
analyze sequencing data obtained from WGS are: quality control of reads, reads mapping,
detection of allelic variants, genome assembly, genome annotation and WGS
phylogenetic analyzes (Mohammed & Thapa, 2020; Wadapurkar & Vyas, 2018). User-
friendly bioinformatics tools for high-throughput sequencing data analysis are available
to be installed in Windows, such as the commercial systems BioNumerics, a
comprehensive software package, which has many applications in different research
fields of the biological sciences (Applied Maths, Sint-Martens-Latem, Belgium) and
Ridom SeqSphereC a tool for automatic processing and analyzing of NGS sequence data

which can be used for whole genome microbial typing or traditional Multiple Locus
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Sequence Typing (MLST) projects (Ridom GmbH, Munster, Germany); or found as web
services, such as Rapid Annotation using Subsystem Technology (RAST) a fully-
automated service for annotating complete or nearly complete bacterial and archaeal
genomes (Aziz et al., 2008), MG-RAST an automated server for phylogenetic and
functional analysis of metagenomes (Meyer et al., 2008), Pathosystems Resource
Integration Center (PATRIC) an information system designed to support biomedical
work on bacterial infectious diseases through advanced searches based on specific
pathogenic bacteria related information (Wattam et al., 2013), and EnteroBase an
integrated software environment that supports the identification of global population
structures within various bacterial genera including pathogens (Alikhan et al., 2018).
However, these tools might not be flexible in terms of parameter modifications and
require access accounts/licenses (Quijada et al., 2020). Furthermore, they are also limited
to be used in conventional systems; or in the case of web based systems, the user depends
on the availability of the computational resources of the external servers where the tools
are allocated (Quijada et al., 2020). Therefore, most bioinformatic analyses are performed
via command-line on UNIX operative systems, which provides more versatility and
enable the optimal usage of the computational resources available (Quijada et al., 2020;
Uelze et al., 2020). Nonetheless, command-line based tools have their limitations, since
learning their use can be challenging for personnel who do not have experience in
handling systems through command-line or in the use of different programming
languages, such as R, Python, Perl, and Bash (Quijada et al., 2020). Consequently,
pipelining is one of the main goals in bioinformatics, as it can create handy shortcuts to

easily use multiple tools, as well as allowing automation and parallelization of the

49



analyses (Jagadeesan et al., 2019; Quainoo et al., 2017). Most of the bioinformatics
software in development is available in open-source repositories such as
Conda/Anaconda (https://anaconda.org/), GitHub (https://github.com) or SourceForge
(https://sourceforge.net), so that the user can have free access to the tools generally

developed by the bioinformatics community (Quijada et al., 2020).

Sequencing quality assessment and genome assembly

As the quality of the reads varies throughout the sequencing process, a quality
score known as the Phred or Q score is used to estimate the probability that an error was
made for each nucleotide. Q scores are often represented as ASCII characters, so
different reads will be made up of nucleotides with different score values (Illumina,
2011). These scores are used by tools to show graphically the quality and read length
distributions, as well as counts of over-represented k-mers among the yielded reads for
quality control of the sequencing process, among these tools we can find FastQC

(https://github.com/s-andrews/FastQC) and PRINSEQ (Schmieder, 2013), but since these

methods have not been fully optimized for characterizing long error-prone reads other
tools have been created, such as LongQC (Fukasawa et al., 2020). Reads trimming,
removal of adapters, and filtering based on quality are performed by platform specific
tools, such as Trimmomatic (Bolger et al., 2014) and SolexaQA (Schmieder & Edwards,
2011) for Hlumina; or Porechop (https://github.com/rrwick/Porechop), Filtlong
(https://github.com/rrwick/Filtlong) and NanoFilt (De Coster et al., 2018) for ONT. Del
Fabbro et al. (2013) confirmed the positive effect of trimming reads which increased the

quality and reliability from SNP calling and genome assembly, although, it is worth
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bearing in mind that for different platforms the trimming and filtering parameters are
different due to the characteristics of the reads produced by contrasting technologies
(Utturkar et al., 2017). Additional tools for long-reads accuracy correction have been
developed, in which the main strategy is to find consensus corrections using read
overlaps among the same long-reads dataset, such as the approach used by Canu (S.
Koren et al., 2017) or with the aid of short-reads, such as proovread (Hackl et al., 2014).
Assembly algorithms are implemented to arrange reads into larger sequences
(contigs), and this longer arrangement of reads can eventually be chained together in a
process called scaffolding, wherein the contigs are joined typically employing a reference
genome to obtain additional information on their relative position and orientation in the
genome (PacBio, 2021; Quijada et al., 2020). However, scaffolding can lose critical
information made up of missing gaps and can be misleading about the true gap size.
Additionally, the gap-flanking scaffold sequences can be of low quality due to the
presence of homopolymers that stopped the sequencing early or due to read length
limitations (PacBio, 2021). For short reads, the preferred tools are de Bruijn graph-based
(DBG) assemblers, because they break down original short reads into smaller sequences
called k-mers, which are further reduced into k-1-mers. Subsequently, these fragments are
joined via an Eulerian walk, which is the shortest possible path through these k-1-mers,
thus decreasing the chance of an incorrect assembly of repeat regions (Quijada et al.,
2020). Some of the assemblers that use this strategy and are tailored for bacterial
chromosomes assembly are Velvet (Zerbino, 2010), Ray (Boisvert et al., 2010) and
SPAdes (Bankevich et al., 2012), which is used by the Bionumerics distribution for

bacterial genomic assembly. Due to the principle of this strategy, DBG assemblers are

51



dependent on high-quality reads thus limiting their use to short-reads platforms (Deamer
et al., 2016). Therefore, due to the higher error rate of long-reads, a different strategy,
known as overlap layout consensus (OLC), is implemented to assemble longer reads. The
principle of OLC relies on finding overlaps between reads and producing contigs
(Quijada et al., 2020). This algorithm is applied by most long-read assemblers, including
Raven (Vaser & Siki¢, 2020), Miniasm (Li, 2016), NextDenovo
(https://github.com/Nextomics/NextDenovo), HINGE (Kamath et al., 2017), and Canu
(Sergey Koren et al., 2017); with the exception of Flye which aims to produce repeating
graphs in order to resolve not bridged contigs (Kolmogorov et al., 2019). Currently,
Raven, Flye, Miniasm, and NextDenovo outperform other long-reads assemblers for
prokaryotes, nonetheless, they are not yet free of specific limitations for each tool (Chen
et al., 2020; Wick & Holt, 2021). Additionally, reads obtained from different platforms
can be combined in order to obtain better quality assemblies, although resulting in higher
sequencing costs (Goldstein et al., 2019; Quijada et al., 2020). Short-reads can be directly
used to polish assemblies constructed with long-reads using Pilon (Goldstein et al.,
2019), or some assemblers can use long-reads to close gaps between contigs generated
using short-reads, such as hybridSPAdes (Antipov et al., 2016) or Unicycler (Wick et al.,
2017).

Quality assessments for genome assemblies are based on metrics that evaluate the
length of the assemblies and the annotation capacity that can be achieved using them
(Manchanda et al., 2020). As for length metrics, N50 and L50 are commonly used to
describe assembly contiguity, which represents the sequence length of the shortest contig

at 50% of the total genome size and the smallest number of contigs whose length sum

52



makes up half of the genome size, respectively (Gurevich et al., 2013; Manchanda et al.,
2020). Whereas, the accuracy of a genome can be assessed by annotation quality metrics
which include a number of gene models, exons per gene model, and the average lengths
of genes, exons, and transcripts (Yandell & Ence, 2012). However, genomic
completeness is better estimated using a set of genes that are universally distributed as
orthologs across particular clades of species, such as the strategy utilized by the
Benchmarking Universal Single-Copy Orthologs (BUSCO) (Siméo et al., 2015), a tool
that provides a summary of complete single-copy, duplicated, fragmented, and missing

housekeeping genes distributed in a specific clade annotated in an assembly.

Genome Characterization

Sequence alignment plays an essential role in genomics characterization. (Li &
Homer, 2010). While finding how similar a sequence is to another and quantifying the
degree of similarity, aligning two or multiple sequences can transfer already known
annotations to newly generated sequences (Clausen et al., 2018; Li & Homer, 2010).
Hence, WGS of foodborne pathogens can yield sufficient data to be aligned against
databases containing genes relevant for their typing as well as others that are involved in
virulence or AR (Kleinheinz et al., 2014). Currently, there are established pipelines for
the annotation of bacterial genomes, a process that can be automated since the lack of
post-transcriptional RNA modifications in bacteria allows the open reading frames to be
easily assigned, unlike genomes from eukaryotic organisms where the process is usually
more extensive (Ejigu & Jung, 2020). Two of the major tools used to annotate bacterial

genomes are PROKKA (Seemann, 2014) and RAST (Aziz et al., 2008), which are used
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with command-line and via online respectively. Both tools follow a similar process where
genetic elements inthe genome are predicted and then compared with curated databases
(Aziz et al., 2008; Seemann, 2014). Bacteria have dedicated curated databases that can
contain reference genomes that meet standards for sequence quality, completeness, and
freedom from contamination, such as RefSeq (Haft et al., 2018). Furthermore, there are
databases dedicated to containing single or cluster of genes of interest that are annotated
based on their function, including serotype specific genes (Banerji et al., 2020; Ingle et
al., 2016), subtype determinants (Orlek, Phan, et al., 2017; Tang et al., 2019), virulence
factors (Joensen et al., 2014; B. Liu et al., 2019) or AR genes (Alcock et al., 2019;
Bortolaia et al., 2020), as well as databases harboring complete operons such as PADS
arsenal, a database containing elements of the immune response of bacteria against
viruses or heterologous DNA (Zhang et al., 2020), or entire mobile genetic elements such
as the ACLAME database (Leplae et al., 2010). Indeed, there are several available
databases for the same purpose that have unequal content, this could be detrimental for
the consistency of similar studies performing the characterization of specific traits. For
instance, in a comparative study of available resources for the detection of determinants
involved in AR performed by Xavier et al. (2016), it was possible to verify that there are
significant impacts on the results obtained from different databases thus demonstrating
that the use of databases is limited to the information stored in them, which can be
complemented in some cases with the addition of new sequences (Passarelli-Araujo et al.,
2019).

Traditional methods for the characterization of genomes utilize the Basic Local

Alignment Search Tool (BLAST) in assembled genomes, such as AR-ANNOT (Gupta et
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al., 2014) or the former versions of ResFinder and VirulenceFinder (Kleinheinz et al.,
2014). Although there are also tools that make use of BLAST but also apply a more
elaborate process, such as the VFDB search tool that makes use of partitioned databases
with multiple BLAST searches to elucidate not only well-characterized virulence factors
but also predicted virulence genes (B. Liu et al., 2019). Nonetheless, the drawbacks of
BLAST based tools rely on the necessity of high quality assemblies, as high-throughput
sequencing produces large datasets that pose a challenge in terms of time and
computational resources when using BLAST, in addition to the presence of gaps within
the assembled chromosome due to a large number of repetitive regions that can lead to
missing data (Clausen et al., 2016; Clausen et al., 2018; Inouye et al., 2014). On the other
hand, read mapping overcomes those limitations, but previously read mappers were more
focused on mapping in reference genomes and not against databases storing sequences of
determinants for specific virulence factors or AR genes, which are mostly made up of
groups of different sequences that can share more than 95% of similarity (Clausen et al.,
2018; Scheutz et al., 2012). Whereby, most commonly used reads mappers, such as
Bowtie2 (Langmead & Salzberg, 2012), BWA-MEM (https://github.com/Ih3/bwa), or
Minimap2 (Li, 2018), choose a random hit when there is a tie for the best match among
similar determinants of a gene in those redundant databases. However, Clausen et al.
(2018) developed KMA, which implements a novel sorting scheme to solve scenarios
with hits that have similar scores of similarity, thus opening the possibility of using reads
directly to detect different determinants. For the detection of other more extensive and
complex genetic elements, it is necessary to execute strategies that combine sequence

alignments with more complex analysis (Quijada et al., 2020). For instance , prediction of
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prophages in the genome of a bacterium, prophage prediction tools, apart from carrying
out searches for proteins homologous to the proteins housed in dedicated databases,
usually include density calculations of elements related to phages in a determined region
of the genome in order to confirm that it is a potential prophage (Akhter et al., 2012;
Arndt et al., 2016; Lima-Mendez et al., 2008; Reis-Cunha et al., 2019), or they can also
combine sequence similarity-based matching and genetic features-based machine

learning classifications (Song et al., 2019).

Phylogenomics

In order to determine the relatedness among strains, there are two main strategies being
used: SNP-based and gene by gene-based approaches (Uelze et al., 2020). The expected
final results from those types of analyses can be either matrixes containing SNPs as well
as alleles information, or phylogenetic trees (Quainoo et al., 2017; Uelze et al., 2020). In
the SNP based approach, sequencing reads can be mapped directly to a reference genome
that has to be as contiguous and complete as possible, and the genetically closelly related
to the genomes being analyzed (Jagadeesan et al., 2019). SNPs calling relative to the
reference genome are performed to each isolate, and thereafter, the identified variants are
used to quantify the genetic relatedness between strains (Uelze et al., 2020). Some of the
tools available for SNP calling are SAMtools (https://github.com/samtools/), GATK
(Heldenbrand et al., 2019), and Freebayes (https://github.com/freebayes/freebayes).
Moreover, there are specialized pipelines for SNP calling from bacterial genomes, such

as Snippy (https://github.com/tseemann/snippy), CFSAN SNP pipeline (Davis et al.,

2015), NASP (Sahl et al., 2016), and BactSNP (Yoshimura et al., 2019); nonetheless,
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owing to tool-to-tool variability in SNPs calling of foodborne pathogens, it is
recommended to use previously validated SNP-based tools, such as those developed by
the FDA or the CDC (Timme et al., 2017). Additionally, the main limitation of SNP-
based methods is the need for a highly related reference genome, which if it is too distant
from the studied isolates, fewer reference positions will be covered and, subsequently,
fewer SNPs will be discovered. Furthermore, if among the isolates analyzed there are one
or more remotely linked isolates, the core SNPs that could be identified will be reduced
(Quainoo et al., 2017; Uelze et al., 2020). However, kSNP3, a K-mer based tool, attempts
to overcome those limitations by detecting core SNPs between strains without the need
for a reference (Gardner et al., 2015). As evidence of its efficiency, kKSNP3 has been
successfully applied for retro-perspective outbreak detection (Carroll et al., 2019;
Mercante et al., 2016).

On the other hand, gene by gene analysis assesses the variation in delimited genes
of a draft bacterial genome (Maiden et al., 2013). With a similar model to the used in the
traditional 7-loci multi-locus sequence typing (MLST), the genes in either a defined core
genome (cgMLST) or the whole genome (wgMLST), which includes the accessory genes
of the analyzed isolates, are compared against a reference database of all known alleles
for a particular species. To assign an MLST type, the assembled reads are compared
using BLAST to a reference allele database, also known as MLST scheme, which has all
characterized allelic variants for each locus defined for a specific species like the

enterobase cgMLST scheme (http://enterobase.warwick.ac.uk) (Quainoo et al., 2017;

Uelze et al., 2020). Variations, including SNPs, indels and recombinations in the same

gene are deemed as a single allele difference (Uelze et al., 2020). A number is assigned to
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each gene or allele sequence, which allows the genomes to be compared based on the
number of allele differences that exist, thereby the sum of differently assigned allele
numbers between a pair of samples determines the allele difference providing the data to
create allele distance matrixes of a set of samples (Quainoo et al., 2017; Uelze et al.,
2020). A major advantage of cg/wgMLST over the SNP-based approach is that it can be
standardized and harmonized by using unique MLST schemes (Uelze et al., 2020).
Conversely, an allele difference between two strains may be explained by one or several
mutations, thus indicating the intrinsically higher discriminatory power of SNP analyses
(Jagadeesan et al., 2019).

Finally, several algorithms to perform phylogenetic analyses via either Bayesian
methods or ML methods are available (Holder & Lewis, 2003). These phylogeny
algorithms are capable to model the evolutionary signal more accurately than neighbor-
joining and parsimony methods, although they can be computationally demanding
(Williams & Moret, 2003). Various models of nucleotide substitution are applied in
phylogenetic analysis, which attempts to simplify the actual evolutionary signal, such as
the general time reversible model (GTR), a model often used for inferring phylogeny
from nucleotide and SNP data (Quainoo et al., 2017). Phylogenetic inferences based on
the core SNP alignment can provide more detailed evolutionary models; therefore, in
practice, SNP analyses may be applied after defining a potential phylogenetic cluster

after pre-clustering with cgMLST (Tolar et al., 2019; Uelze et al., 2020).
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CHAPTER IlI

RAPID IDENTIFICATION AND MOLECULAR CHARACTERIZATION
OF ESCHERICHIA COLI ISOLATES FROM FOOD AND ENVIRONMENT

THROUGH NANOPORE SEQUENCING

ABSTRACT
Whole genome sequencing is becoming the tool for various applications, thereby

this study was conducted to evaluate the performance of Nanopore sequencing for rapid
identification and molecular characterization of E. coli. Eleven E. coli isolates obtained
from pecan orchards were sequenced using MinlON and Illumina NextSeq 500. As
MinION allows real-time reads analysis, the reads were time-based subsampled to
determine the earliest identification turnaround time for each isolate. Species level
identification was achieved at 15 mins of sequencing run. In 16 hours, complete antigenic
profile and variants of the virulence genes eae and stx were detected from assemblies
obtained from the subsampled reads. Additionally, comparisons of the Nanopore-based
assemblies against hybrid assemblies from the combined total reads from MinlON and
Illumina showed that the best values of continuity and annotated features were obtained
in just 4 and 16 hours of sequencing run, respectively (p < 0.05). A stringent BLASTn
search (percentage of identity of 95% and query coverage of 85 %) against the
Comprehensive Antibiotic Resistance Database (CARD) and Virulence Factor

94



Database (VFDB) using the time-based assembled reads revealed that neither these
datasets were sufficient to generate results significantly similar to those obtained from the
hybrid assemblies. Nevertheless, an average of 87.5% and 78.3% of the hits acquired
from the hybrid assemblies using the CARD and VFDB, respectively, were achieved with
the assembles obtained after 4 hours with no significant changes were observed after 4
hours compared to the full datasets (p < 0.05). Finally, phylogeny analysis results
obtained from assemblies created with reads produced in 3 hours of sequencing run, were
significantly similar to those of the results with hybrid genomes (p < 0.05). These results
demonstrated that Nanopore can offer an effective sequencing platform for the rapid
identification of E. coli isolates with pathogenic potential, with additional certain

capabilities for their characterization.

Key words: Whole genome sequencing, Nanopore, MinlON, Illumina, Shiga toxin-

producing E. coli

INTRODUCTION

The high genetic plasticity of Escherichia coli is why we can find a wide variety
of E. coli strains with mechanisms to thrive and colonize different ecological niches, thus
allowing this particular microorganism to inhabit the large intestine of humans and other
animals as a small but constant part of their normal microbiota (Gordon & Cowling,
2003; Proenca et al., 2017; Russo & Johnson, 2009). Despite the majority of E. coli
strains have acquired defensive functions for the adaptation to a specific host either to
avoid being recognized by the host's immune system or to modulate it (Ho Sui et al.,
2009; Sokurenko et al., 1998), some of them harbor additional offensive elements which

increase their level of pathogenicity (Chen et al., 2005), among these including genes
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encoding adhesins, invasins and toxins (Chen et al., 2005; Ho Sui et al., 2009). Apart
from these virulence factors (\VFs), there are other genes or clusters of genes that
contribute to greater survival of these microorganisms under unfavorable conditions,
providing them resistance to antibiotics (Ventola, 2015), or making some strains more
prevalent in harsh environments (Adzitey et al., 2020; Eltai et al., 2018; Li & Ganzle,
2016). In reality, these elements can jump between bacteria (horizontal transfer of
mobile genetic elements), making these traits increase in places where there is a strong
selective pressure working as a driving force of bacterial evolution, such as the constant
use of antibiotics in livestock and poultry (Martin et al., 2015; Shea, 2003; Woods et al.,
2020). As most VFs are often carried by plasmids or prophages, VFs are the main
elements of horizontal gene transfer (Gyles & Boerlin, 2013; Ho Sui et al., 2009; Rankin

etal., 2011).

The U.S. public health agencies are in charge of surveillance programs of
foodborne pathogens including Shiga-toxin producing E. coli (STEC), which seek to
trace back to the origin of the outbreak as soon as possible to take prompt measures to
reduce the number of people affected by the contaminated food (Scallan et al., 2011). The
use of whole genome sequencing (WGS) to subtype foodborne bacterial pathogens in
outbreak surveillance began as a pilot project, which elucidated the higher discrimination
resolution that can be achieved with this technology compared to pulsed-field gel
electrophoresis (PFGE) (Jackson et al., 2016). Thereby, PulseNet, i.e., the national
molecular subtyping network for foodborne disease surveillance, has adopted WGS as the
primary subtyping tool for surveillance of Listeria, Salmonella, E. coli, Shigella, and

Campylobacter in 2019 (Tolar et al., 2019). Consequently, apart from superior
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discrimination for the identification of pathogens, it is now also possible to obtain greater
and more detailed information regarding the virulence profile, resistance to antibiotics,
serotypes, and even other characteristics that can be taken into consideration for
disinfection programs (Forbes et al., 2017). Currently, PulseNet and GenomeTrakr (i.e.,
an international genomic reference database of mostly food and environmental isolates
from foodborne pathogens) use the Illumina sequencing platform MiSeq (Sekse et al.,
2017; Timme et al., 2020; Timme et al., 2019), which yields short paired-end reads with a
maximum length of 300bp (Wentz et al., 2019), and a median error rate of

0.473% (Stoler & Nekrutenko, 2021). However, despite short reads have high accuracy,
they can also pose difficulties when assembling complete genomes, thus introducing
ambiguities that cause difficulties in understanding the correct organization of genomes, a
feature also known as synteny (Margos et al., 2017; Orlek et al., 2017; Sharma et al.,
2019). Such limitation can be disadvantageous when determining whether genes are co-
regulated or transmissible, such as the case of genes located within mobile genetic

elements (Gyles & Boerlin, 2013; Ho Sui et al., 2009).

Currently, there are sequencing platforms that produce longer reads but of lower
accuracy than short reads technologies (Taylor et al., 2019). However, with the
continuous evolution of bioinformatics and the chemistry implemented in these
platforms, the accuracy of long reads sequencers have been improving thus giving rise to
devices that, apart from providing the benefits of reads that span more nucleotides, also
seek to lower the costs of sequencing and reduce the turnaround time in pathogens
detection (Feng et al., 2015; Taylor et al., 2019). MinlON (Oxford Nanopore

Technologies, Oxford, UK) is a portable device that seeks to comply with these
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characteristics, allowing organisms to be sequenced in a simpler setting and also allowing
the generated reads to be analyzed in real time (Taylor et al., 2019). Thereby in this
study, we aimed to evaluate the performance of Nanopore sequencing platform, for the
rapid identification and molecular characterization of E. coli isolated from food and the

environment.

MATERIALS AND METHODS

Bacterial isolates

The E. coli isolates used in this study were isolated from environmental samples collected
from pecan orchards (pecans, soil and animal feces) located in Oklahoma as part of the
doctoral dissertation conducted by (Diaz-Proano, 2019). Bacterial isolates were grown
following the methodology used by the FDA Bacteriological Analytical Manual (FDA-
BAM) (Andrews et al., 2018) with minor modifications. A general procedure was used to
enrich the samples prior to individual isolation. In brief, 10 g of each soil and fecal
sample were added to 90 mL of Universal pre-enrichment broth (UPB) (Becton-
Dickinson, Sparks, Maryland) and stomached in a filter bag (Whirlpak) using a Seward
Stomacher® 400 (Seward, London, United Kingdom) circulator for 1 min at 230 RPM.
For pecan samples, 25 g of pecan were added to 225 mL of UPB in a filter bag
(Whirlpak) and massaged by hand for 1 min. Suspensions were incubated for 24 h at
37°C, thereafter the enriched samples were streaked in parallel onto CHROMagar STEC
(CHROMagar, Paris, France) and Rainbow agar 0157 (Biolog, Hayward, California),

and incubated for 24 h at 37°C.
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The presence of the specific of STEC genes (uidA, stx1, stx2, and eae) was used
to detect and confirm the presence of STEC by multiplex PCR of DNA extracted at two
stages using the boiling method described by Kawasaki et al. (2005). In the first stage,
DNA was obtained from 1 ml of 24-hour enrichment broth, and secondly, DNA was
extracted from up to ten colonies from CHROMagar STEC and Rainbow agar O15.
Primer pairs were chosen according to target genes described in the literature and 16S
rRNA gene was used as an internal control (Diaz-Proano, 2019). Purified and confirmed
STEC were transferred to Tryptic Soy Agar (TSA) (Becton-Dickinson, Sparks,

Maryland) and stored at 4°C.

DNA extraction and whole genome sequencing

As part of Diaz-Proano (2019) doctoral dissertation, isolates were cultured in 5
mL tryptic soy broth (TSB, Difco, Sparks, MD) at 37°C for 18-20 h. Following overnight
incubation, cells were harvested by centrifugation at 12000 rpm for 3 min and re-
suspended in 1X buffered peptone water (BPW). DNA extraction was performed using
the DNeasy 96 blood and tissue kit (Qiagen, Valencia, CA) according to the
manufacturer’s recommendation for Gram-negative bacteria and high-throughput
applications. DNA samples were then cleaned using a DNA clean up and concentrator kit
(Zymo Research). The quality of the DNA was determined using NanoDrop 1000 - OD
260/280 and OD 260/230 - (Thermo Scientific, Rockford, IL), and the concentration was
determined using the Qubit 3 fluorometer with double-stranded DNA BR assay kit (Life
Technologies, Grand Island, NY) according to each manufacturer’s instructions. WGS
was performed using IHlumina and Oxford Nanopore Technologies (ONT) platforms. For

Illumina sequencing, libraries were prepared using the Nextera XT DNA sample
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preparation kit with the NextSeq®500 high output kit (2*150 bp paired-end reads)
(MMumina, Inc., San Diego, CA) and sequenced at the Oklahoma State University Center
for Genomics and Proteomics facility (Stillwater, Oklahoma). Whereas, Nanopore
sequencing libraries were prepared using the Rapid Barcoding Sequencing kit (SQK-
RBKO004) and run on the MinlON sequencing system (ONT, Oxford, UK) following the
standard 48 h 1D sequencing protocol in the MinKNOW software (ONT, Oxford, UK)

using three different FLO-MIN106 R.9.4.1 flowcells (Appendix 1).

Analysis of whole genome sequencing data

Initial data processing

For Illumina reads, Trimmomatic (version 0.32) (Bolger et al., 2014) was used to
remove barcodes and to trim the sequences with a window size of 4 and a Q score cutoff
of 20 (Del Fabbro et al., 2013), and FastQC (version 0.11.9)
(https://www.bioinformatics.babraham.ac.uk/projects/fastqc ) was used for quality
control. MinlON reads were basecalled with Guppy (version 3.0.3) (ONT, Oxford, UK)
and first filtered by EPI2ZME (version 2.48) (ONT, Oxford, UK) with a Q score cutoff of
7. Later, “Passed” reads were demultiplexed with Porechop (version 0.2.4)
(https://github.com/rrwick/Porechop) for further additional filtering with Filtlong (version
0.2.0) (https://github.com/rrwick/Filtlong) using a Q score cutoff of 9 (Tyler et al., 2018;
Wick et al., 2017a). To analyze the Nanopore sequencing data over time, filtered reads
were subsampled using a custom Perl script at intervals from start of the sequencing: at

15, 30, 60, 120, 240, 480, 960 and 1500 min (Taylor et al., 2019).
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Species identification, typing and virulence gene detection using clean raw
reads of nhanopore seqguencing

All bioinformatics analyzes were carried out on a Dual Intel Xeon Gold 6130
High Performance Cluster (HPC) with 2.8 GB max memory per core. In order to verify
the presence of genes specific only to E. coli in Nanopore reads, a species confirmation
step was performed using Kraken2 (version 2.0.7) (Wood & Salzberg, 2014) in default
mode (kmer size of 35 and minimizer length of 31) with a confidence threshold of 0.05
(Yeetal, 2019) against a custom RefSeq database (i.e., containing Archaeal, bacterial,
viral and plasmids reference sequences) created on January 2020. For the identification of
serotypes, sequencing reads were analyzed through Serotypefinder (version 2.0.1)
(Katrine G. Joensen et al., 2015) with a minimum gene coverage of 60% and minimum
identity percentage of 90%. Additionally, a custom database containing different variants
for the major virulence factors (VFs) eae and stx genes was constructed from reference
genomes obtained from Genbank (Bai et al., 2018; Fu et al., 2018; Joensen et al., 2014;
Ooka et al., 2012). Due to a high redundancy in the generated database, KMA (version
1.2.21) (Clausen et al., 2018) was used to map Nanopore reads against VFs variants
sequences with the settings “-mrs 0.75 -gapopen -5 -gapextend of -1 —penalty -3 -reward

1-e1.0"

Genome assembly

Nanopore reads were assembled with Flye (version 2.6) (Kolmogorov et al.,
2019) in nano-raw mode, with an expected genome size of 5.5Mb, and asm coverage
(reduced coverage for initial disjointig assembly) of 50. Furthermore, in order to get the
most out of the data obtained from this technology, a polishing step was carried out using

Rebaler (version 0.2.0) (https://github.com/rrwick/Rebaler) a pipeline that uses minimap2
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to align long reads to an already assembled genome and Racon (version 1.0.)
(https://github.com/isovic/racon) for creating consensus sequences. Finally, an extra

polishing step with Medaka (version 1.4.1) (https://github.com/nanoporetech/medaka), a

tool that can create consensus sequences from Nanopore sequencing data using neural
networks applied to a “read pileup” against a draft sequence using a variety of trained
models, the “r941 min_fast g303” model was used for this step. All the final assemblies
generated were subjected to a preliminary quality assessment through QUAST (version
5.0.2) (Gurevich et al., 2013) and BUSCO (version 4.1.4) (Mathieu Seppey et al., 2019)

against the “enterobacterales odb10” database.

For further comparisons, hybrid assemblies were generated using the reads from
both Illumina and Nanopore for each isolate (Appendix 2). Two approaches were used
and compared to select the best assembly for each isolate in terms of continuity (i.e.,
N50, L50, and the total number of contigs), and their BUSCO score. In the first approach,
Illumina paired-end reads were mapped against the genomes generated directly from the
aforementioned process with the complete dataset of Nanopore reads, thereafter samtools
(version 1.10) (Danecek et al., 2021) was used to sort and index the aligned reads, and
finally, an extra polishing step was included using Pilon (version 1.23) (Walker et al.,
2014) with the setting “—changes” for which a custom bash script performed multiple
runs until no further changes left in the polished genomes. In the second approach,
assemblies obtained first from Illumina reads and later bridged with long reads were
obtained using the Unicycler pipeline (version 0.4.8) (Wick et al., 2017b) in default
mode, with the aforementioned Bowtie2, samtools, and Pilon versions, as well as, Blast+

(version 2.10.1) (Camacho et al., 2009). Nanopore and Illumina reads were mapped
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against the best hybrid assembly obtained for each isolate using minimap2 and Bowtie2,
respectively, then mapped reads indexed via samtools were used to calculate the average
coverage for both reads dataset using mosdepth (version 0.3.1)
(https://github.com/brentp/mosdepth) with the parameters “-n --fast-mode --by 500”.
Additionally, the average nucleotide identity (ANI) from all generated assemblies from
Nanopore reads against the best hybrid assemblies was calculated using OrthoANI

(version 1.2) (Lee et al., 2016; Yoon et al., 2017) for each isolate.

Features annotation

Annotation of all assembled genomes was performed with Prokka pipeline
(version 1.14.6) (Seemann, 2014) in default mode. To identify VFs and antibiotic
resistance (AR) genes, assembled genomes were aligned against the Virulence Factors
Database (VFDB) core dataset (VFDB_setA retrieved on January 9, 2020) (Chen et al.,
2005), ResFinder database (retrieved on December 16, 2020) (Zankari et al., 2012), and
Comprehensive Antibiotic Resistance Database (CARD) protein homologs dataset for
acquired resistance genes (retrieved on March 10, 2020) (Alcock et al., 2020) using
Blastn with an E-value cutoff of 1e-6. The obtained hits were filtered using a custom
Python script with a minimum percentage of identity of 95%, and minimum gene
coverage of 85%, as well as overlapping hits, were evaluated and removed based on an
in-house strategy. From this search, two sets of genes of AR and VFs detected for each
assembly were generated, thereafter the two sets obtained from each genome created
from the Nanopore subsampled data were compared based on similarity with the two sets
obtained from the best hybrid assemblies for each species respectively using cd-hit-est-2d

with the parameters "-c0.9-n8-r0-G1-g1-b20-110-s0.0-aL 0.0 -aS 0.0 -s2 1.0 -S2
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0 -T 4 -M 32000 ". The pairs of similar genes generated by this comparison were counted
and normalized based on the total number of genes present in the set of AR and VFs
genes of each best hybrid assembly, respectively. A one-sample Wilcoxon signed rank
test with Benjamini-Hochberg correction for multiple tests was used to check if the
normalized values were close to 1, where p > 0.05 indicates that the set of genes analyzed

is significantly similar to the set of genes of the best hybrid assembly for a given isolate.

Furthermore, the process of serotype identification and identification of allelic
variants of the stx1, stx2 and eae genes was repeated using the generated assemblies as
inputs, although this time Blastn was used for the later analysis with the same parameters
and filtering as the search described above. For the detection of mobile genetic elements,
replicons were identified using PlasmidFinder (version 2.0.1) (Carattoli & Hasman,
2020) with a minimum percentage of identity of 85%, and a minimum gene coverage of
70%. Whereas, prophages prediction was performed using ProphET (Reis-Cunha et al.,
2019) using the GFF files obtained from the annotation process as an input. Clustered
regularly interspaced short palindromic repeats (CRISPRs) were predicted with

CRISPRCASIdentifier (version 1.1.0) (Padilha et al., 2020) in default mode.

Finally, biosynthetic gene clusters (BGCs) were predicted using Antismash
(version 5.1.2) (Blin et al., 2019) with default parameters; in which interleaved, chemical
hybrid, and neighboring clusters were divided into individual clusters for their

quantification.
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Phylogenetic analysis

A matrix of core single nucleotide polymorphisms (SNPs) was generated among
the 11 isolates using KSNP (version 3.1) (Gardner et al., 2015) with the assemblies
generated from the subsampled reads as well as the best hybrid assemblies, in which first
Kchooser was run twice for each dataset to find the best kmer size. The core SNPs were
used as an input for the construction of the maximum likelihood phylogenies using
RAXML (version 8.2.11) (Stamatakis, 2014) with the GTRCAT model, a Lewis
ascertainment bias correction and 1000 bootstrap replicates. The resulting phylogenetic
trees were rooted in the midpoint using NJplot (version 2.3) (Perriere & Gouy, 1996)

and formatted using Figtree (version 1.4.4) (https://github.com/rambaut/figtree).

Statistical analyses

Genomic continuity comparison

A matrix containing the estimated length of the genome, the total number of
contigs, the length of the largest contig, N50 and L50 for all the assemblies generated
overtime was normalized using the Min-Max scale method, which was applied to
grouped values with respect to the identity of the isolate from which they were obtained

using the following equation:

_ _X~Xnmin
Xnorm - (1)
Xmax—Xmin

where Xnorm IS the normalized value, Xmax and Xmin are the maximum and minimum
values, respectively, of a particular metric evaluated in the assemblies from the same
isolate, while x is a value to be normalized that is in this same set of values as Xmax and

Xmins The normalized dataset was dimensional reduced by principle component analysis
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(PCA) through the prcomp function in R (version 4.0.5), thereafter Kruskal Wallis and
Dunn's Multiple Comparison Test with Benjamini-Hochberg correction was used to
compare the values of PC1 obtained from each time interval, additionally the p values
were corrected with respect to the weight of the variance covered by the PC1 (Fachada et

al., 2016).

Genomic features comparison

A matrix containing the GC-content, the BUSCO score, the ANI, as well as the
number of annotated genes, tRNA, CRISPRs, plasmids, prophages and BGCs for all the
assemblies generated over time and from the best hybrid assemblies was normalized
using the Min-Max scale method with the equation (1), which was applied to grouped
values with respect to the identity of the isolate from which they were obtained. The
normalized dataset was dimensional reduced by PCA and the aforementioned

multivariate analysis was performed.

Statistical comparison of phylogenetic trees

The Kendall-Colijin test (Kendall & Colijn, 2016) described by Katz et al. (2017)
was used to compare the topologies of the phylogenies generated from Nanopore
subsampled reads with the phylogeny created from the hybrid assemblies using the R
libraries treespace (Jombart et al., 2017) and phytools (Revell, 2012). A lambda value of
0, as well as, 100,000 random trees as a background distribution were employed for all
pairwise tree comparisons. For which a Z-test was calculated and a p < 0.05 indicates that

the pair of compared trees are significantly similar (Katz et al., 2017).

106



RESULTS AND DISCUSSION

Evaluation of sequencing reads yield

For Illumina, the average of the median length of the paired-end reads of all
isolates was 149.3. The total bases ranged from 274.8 Mbps to 571.49 Mbps, obtaining
mean depth values between 50.26x to 103.53x after filtering (Table 7). For Nanopore, the
average of the median length of the reads of all isolates was 2,472.36. The total bases
ranged from 108.42 Mbps to 3,333.3 Mbps, obtaining mean depth values between 17.72x
to 663.34x after filtering (Table 8). The isolates with the lowest and highest mean depth
values were GAMOF1_1 and G5BLF3_8 in Illumina, and GIM4F3_31 and G5M2P3_1 in
Nanopore, respectively (Table 7, 8). The total number of subsampled reads that were
generated at different stages of the sequencing run can be seen in table 8. From the
subsampled Nanopore reads, we could observe how the differences in mean depth values
remained proportional among barcoded samples over sequencing time (Table 9; Figure
1B). Additionally, through a paired Wilcoxon Signer-Rank test between the mean depth
values from Illumina and Nanopore, we obtained that values from Nanopore were

significantly similar to those generated by Illumina (a = 0.05) (Figure 1A),

Table 7. Summary for Illumina sequencing of E. coli isolates (Paired-end reads).

Total reads

Number of Total Bases Median Mean
Isolate raw reads (Mbps) Mean length length fifat];tfil;] g depth
G1BLF1 5 3359124 453.69 138.11 150 3318448 80.3
G1BLF2_ 1 2711004 372.79 139.79 151 2683006 65.85
G1MO0S3 4 3272080 443.70 138.39 151 3236848 77.27
G1M4F3 31 3140466 404.78 131.87 150 3095500 71.26
G4MOF1 1 2252238 274.80 123.83 139 2224566 50.26
G4MOF2_14 2521252 345.27 139.23 151 2495648 63.73
G5BLF1 1 3894406 523.72 137.78 150 3850210 93.01
G5BLF3 3 3464496 475.90 140.47 151 3410792 85.44
G5BLF3_ 8 4253992 571.49 138.01 150 4210078 103.53
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G5M2P3_1 3867316 522.21 138.22 150 3833358 90.79
G5M4F2_1 2964582 407.88 140.39 151 2929626 69.17

Table 8. Summary for Nanopore sequencing of E. coli isolates and number of subsampled reads

according to the time of their generation.

Isolate Number of Total bases Mean length Median Tot:]!tgerads Mean
raw reads (Mbps) length filterin depth
g
G1BLF1 5 120219 114.06 1318.95 239 86481 20.23
G1BLF2_1 364001 1650.47 5500.02 3503 300085 302.57
G1MO0S3 4 470060 961.07 3020.98 1439 318130 162.92
G1M4F3_31 103280 108.42 1483.15 1018 73098 17.72
GAMOF1_1 422032 754.54 2879.48 2160 262040 140.1
G4AMOF2_14 180835 863.66 5910.24 3410 146129 172.54
G5BLF1 1 358747 1509.82 5275.07 3241 286219 271.89
G5BLF3_3 88747 397.27 5402.53 3241 73534 73.18
G5BLF3_8 314605 532.58 3153.33 3058 168895 90.48
G5M2P3 1 706879 3333.30 5980.79 3612 557334 663.34
G5M4F2_1 83745 285.72 4190.73 2275 68178 50.73
. 15 30 60 120 240 480 960 1500
Time . . . ) . ; : . Full
mins  mins mins mins mins mins mins mins
Number

of reads 23251 51611 113899 243037 479229 876746 1490878 1941622 2340123
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Figure 1. Mean depth of (A) the complete filtered reads set obtained from Illumina and Nanopore

sequencing, and (B) the subsampled filtered Nanopore reads.
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Table 9. Mean depth of the filtered Nanopore subsampled reads set.

Isolate 15 30 60 120 240 480 960 1500 Full
mins mins mins mins mins mins mins mins
G1BLF1_5 0.14 0.34 0.78 1.96 4.45 9.15 16.45 20.23 20.23
G1BLF2_1 1.8 4.35 10.03 23.65 51.12 99.12 173.75 231.73 302.57
G1MO0S3_4 1.02 2.55 6.25 15.03 34.86 72.94 130.54 162.92 162.92
G1M4F3_31 0.11 0.26 0.61 1.52 3.58 7.58 13.9 17.72 17.72
G4MOF1_1 0.74 1.93 4.88 11.92 27.92 60.45 111.36 140.1 140.1
G4MOF2_14 0.76 1.95 4.97 11.82 25.89 51.53 93.74 128.8 172.54
G5BLF1_1 1.14 2.7 6.71 16.28 37.11 75.37 141.55 198.64  271.89
G5BLF3_3 0.34 0.85 211 5.2 12.78 27.43 51.42 68 73.18
G5BLF3_8 0.19 0.49 1.2 2.86 6.7 15.32 35.17 56.32 90.48
G5M2P3_1 2.43 6.14 15.71 38.17 87.63 183.05 34712 48541 663.34
G5M4F2_1 0.17 0.45 1.29 3.22 8 17.75 34.46 46.9 50.73

Despite identical protocols for the DNA extraction , either for Illumina or for
Nanopore platform, were followed across each isolate (Appendix 1), there are variations
in the total number of reads generated between different barcoded samples as well as
their mean depths, the value that refers to the average of the number of unique reads that
cover a given nucleotide or region in a reference genome, for which we used the best
hybrid assembly for each species as explained below (Table 7, 8) (Sims et al., 2014).
Yielding different numbers of reads with variable mean depth values is considered
common when sequencing pools of genomic DNA from different individuals (Kanamori
et al., 2017; Muller et al., 2019), nonetheless the greater dispersion in the mean depth
values obtained from the Nanopore reads (Figure 1A, B; Table 9) could be the result of
the different degree of DNA fragmentation of the libraries prepared for Nanopore
sequencing (Table 8), which might occur due to the implementation of an engineered
transposase in the library preparation Kits for the tagmentation process (Kia et al., 2017;
Muller et al., 2019), as well as to mechanical stress during DNA extraction

(Anchordoquy & Molina, 2007; Cinque et al., 2010), or even the result of how DNA was
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stored (Roder et al., 2010; Ross et al., 1990). Wherein, although the same DNA was used
to generate the Illumina reads, the concentrations of each extracted DNA were readjusted
to equimolar values by the center of Genomics and Proteomics from Oklahoma State
University, and not used in equal mass concentrations as recommended in the Rapid
Barcoding Sequencing (SQK-RBKO004) protocol for Nanopore sequencing. Pools
containing equimolar concentrations are also used when preparing pools of DNA
obtained from distant bacteria since they can have significant differences in genomic size,
which limits reaching an acceptable coverage for all the microorganisms present in the
pool (Muller et al., 2019; Salipante et al., 2015); however, performing this readjustment
is limited to laboratories possessing the necessary equipment to precisely calculate the
fragment size distribution of each sample included in the pool (Anand et al., 2016). Even
though G1BLF1_5 and G1M4F3_31 had mean depths less than 45x in Nanopore reads,
the recommended value for scaffolding bacterial genomes with this platform (Karlsson et
al., 2015); we continued with the analyses to determine to what extent the data generated

was sufficient for the identification and molecular characterization of our isolates.

Species iidentification, serotyping and major VFs allelic variants determination

Specific reads for species other than E. coli could be detected in only the Illumina
reads set from the GAMOF1_1 isolate (1.05% classified as Herbaspirillum huttiense), but
not in the Nanopore reads yielded from the same isolate (Figure 2A, B), wherein an
average of 26.33% and 10.50% Illumina and Nanopore reads, respectively, were
classified as E. coli. From the 15 mins subsampled Nanopore reads, it was possible to
identify E. coli as the unique species in all the isolates (Figure 2C). According to the

results we obtained using the Nanopore reads for serotype identification, from 240 mins
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(4 h.) of the sequencing process, the O-antigens for all isolates could be predicted, yet the
H-antigen of 3 isolates could not be identified even with the full set of Nanopore reads
(Figure 3), while in the Illumina reads only 2 isolates presented this problem (Figure 3).
Whereas, in the VFs allelic variants determination, the allelic variants of 3 isolates could
not be identified not even with the full set of Nanopore reads (Figure 4); nonetheless for
the isolate G5BLF1_1, the variant of the intimin gene could be identified neither with the
reads of Illumina nor in the detection step that was performed further with the best hybrid

assemblies.
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Figure 2. Percentage of reads classified to species level by Kraken2 in the filtered reads set from

(A) Hlumina and (B) Nanopore, as well as for (C) the subsampled filtered Nanopore reads.
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Figure 3. A heat-map showing the antigenic profile of the E. coli isolates and from which set of
reads it could be detected. O, O-antigen or somatic antigen; H, H-antigen or flagellar antigen;

Full, the complete filtered Nanopore reads set.
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Figure 4. A heat-map showing allelic variants for the major VVFs stx1, stx2 and eae identified in
the E. coli isolates and from which set of reads each one could be detected. stx1, Shiga-toxin 1
gene; stx2, Shiga-toxin 2 gene; eae, intimin gene; Full, the complete filtered Nanopore reads set;
Sd*, stx1 variant from Shigella dysenteriae; N/A, allelic variant not identified despite the

confirmed presence of the gene via multiplex PCR.
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For the species identification, we used Kraken 2, i.e., a taxonomic classification
system, which matches a list of k-mer within a DNA read query sequence to the lowest
common ancestor of all genomes containing the given k-mer (Wood et al., 2019). The
reads classified as a species other than E. coli in the isolate G4AMOF1_1 with the Illumina
reads (Figure 2A) could come from contamination present in the flowcells used during
the Illumina sequencing process (Laurence et al., 2014), or even sequences acquired by
horizontal gene transfer that is not classified in Nanopore due to its lower accuracy
compared to Illumina (Tyler et al., 2018). However, another characteristic to note is that a
lower portion of Nanopore reads was classified at the species level (Fig 2A, B) when
compared to these of Illumina. As for long reads, such as these generated by Nanopore
sequencing, , Kraken 2 needs to find a greater number of specific k-mers for that
particular species to assign the read to that taxon, hence this decreases the percentage of
Nanopore reads that can be found solely for E. coli and not other species in the same
genera, a reasonable trade-off to increase the accuracy of this species classifier tool and
avoid false positives as can happen with Illumina short reads (Leidenfrost et al., 2020;
Pearman et al., 2020). As Walsh et al. (2018) described, the detection of species using
this tool does not depend on the mean depth and this is reflected in the fact that E. coli
was identified as the unique species in all the isolates using the 15 mins subsampled
Nanopore reads (Figure 2C). It is worth mentioning that the average run time of this tool

with all full reads sets was 2 s using 1 core (2.8 Gb).

Subtyping of E. coli based on O- and H-antigens agglutination tests with specific
antisera was considered a gold standard technique to identify strains related to serious

diseases or pathotypes for many decades (Fratamico et al., 2016; Kauffmann, 1947), but
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this could take a long time and sometimes there were cross-reactions between variants of
the same antigen (Fratamico et al., 2016; Lacher et al., 2014). Hand in hand with the
development of PCR and sequencing techniques, new methods were developed based on
the genotypic differences of the genes related to these antigens (Fratamico et al., 2016;
Katrine G. Joensen et al., 2015), with the O polymerase and flippase (Wzx / Wzy)
antigen genes being the most common cluster between serotypes (DebRoy et al., 2016; K.
G. Joensen et al., 2015), in addition to the pathway mediated by the enzymes ABC
permease transporter and ATP-binding cassette transporter (ABC) (Wzm / Wzt) (DebRoy
et al., 2016; Greenfield & Whitfield, 2012), whereas for the H-antigen different allelic
variants for the fliC gene, as well as, other less recurrent genes, such as flkA, flIA, fimA
or fInA, are responsible for the production of flagellin, the structural subunit of bacterial
flagella (Tominaga, 2004; Wang et al., 2003). This led to the generation of databases that
store detailed information on these genes, thus opening the way to new typing strategies
that involve the use of WGS (Carattoli & Hasman, 2020; Katrine G. Joensen et al., 2015;
Salipante et al., 2015); which despite the fact that there are currently methods with higher
resolution, e.g., the identification of wgSNPs or wgMLST (Gardner et al., 2015; Kingry
et al., 2016; Miro et al., 2020), it can still be used rapidly to understand the relationship
that an isolate can have with strains involved in an outbreak (Fratamico et al., 2016),
since certain serotypes are often involved in severe diseases, such as O157:H7 or
0103:H21, strains that have been commonly related to the enterohemorrhagic E. coli
(EHEC) pathotype. As shown in Figure 3, we were only able to detect the O-antigen, but
not the H-antigen, from all our isolates using the reads from both Nanopore and Illumina

platforms, this impediment might be caused by the larger size of the allelic variants for
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the genes involved with the H-antigen (Figure 5) and/or a greater number of genes part of
the synthesis cluster of the O-antigen. Additionally, we can see the effect of mean depth
in the isolates G1BLF1_5 and G1BLF2_1 which presented the same antigenic profile but
had different reads yield (Table 8, Figure 5). For the isolate GIBLF1 5 (mean depth of
20.23x), we could not detect the H-antigen until 960 mins (16 h.) of sequencing, yet for
the isolate G1BLF2_1 (mean depth of 302.57x), both antigens were detected in the 240
mins (4 h.) subsampled reads; which, unlike the species identification, serotype detection
relies on a specific genes search, hence the greater the mean depth obtained, the greater

the probability of detecting the desired targets.
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Figure 5. Distribution of gene length in the O- and H-antigen database used by Serotypefinder
(retrieved in October 2020).

Among the pathotypes associated with E. coli foodborne illnesses, EHEC is
responsible for producing more severe illnesses, i.e., bloody diarrhea, hemolytic uremic
syndrome (HUS), and/or hospitalizations (Melton-Celsa, 2014; Panel et al., 2020). These

strains owe their name to the presence of genes that encode Shiga toxin (Stx), one of the
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most potent bacterial toxins known (Panel et al., 2020). The Stxs consist of two major
subunits, an A subunit that joins non-covalently to a pentamer of five identical B subunits
(Melton-Celsa, 2014). The A subunit of the toxin affects the eukaryotic ribosome and
halts protein synthesis in target cells. The function of the B pentamer is to bind to the
cellular receptor globotriaosylceramide (Gb3) of the host, found primarily on endothelial
cells (Melton-Celsa, 2014). Subtypes of each toxin have been also identified, thereby, the
Stxla and Stx2a variants are called prototypes and there are three variants of Stx1 (Stxl1a,
Stx1c, and Stx1d (Melton-Celsa, 2014; Scheutz et al., 2012), and eight variants of Stx2
(Stx2a, Stx2b, Stx2c, Stx2d, Stx2e, Stx2f, Stx2g, and Stx2h) (Bai et al., 2018; Melton-
Celsa, 2014; Scheutz et al., 2012). Stx1 variants produce mild effects compared to Stx2
variants, of which the Stx2a, Stx2c, and Stx2d have been more often associated with the
hemolytic uremic syndrome (Bielaszewska et al., 2006; Persson et al., 2007), on the other
hand, Stx2e, Stx2f, Stx2g and Stx2h are associated with animal STEC, of which only
Stx2e produces disease in them (Bai et al., 2018; Feng & Reddy, 2013). In addition to
Stx, the eae gene has been identified as a possible factor for high pathogenicity. This
gene encodes a protein named intimin, an outer membrane protein expressed by enteric
bacterial pathogens capable of inducing intestinal attachment-and-effacement lesions, a
fundamental step in invading host cells (Hartland et al., 1999). Among E. coli serotypes
that were most frequently reported in global dysentery and HUS cases, O157: H7 and
0145: H28 serotypes are associated with the eae-y1 subtype, whereas O26: H11 often
carries eae-p1, O103: H2 and O121: H19 harbor eae-g, and O111: H8 harbors eae-0
subtype (Bibbal et al., 2014; Ito et al., 2007). Thereby, eae and stx genes subtyping can

be a valuable tool for risk assessment and prediction of disease outcome. For this reason,
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we built two custom databases containing the allelic variants detected for eae, and stx1-
stx2 genes present in reference genomes of E. coli from Genbank. With a direct search
using reads against these databases, we aimed to generate quick results that could
represent a prompt response at the time of being identified in products or food production
facilities. As shown in Figure 4, the VFs determinants search was affected by the
underrepresentation of reads and low mean depth from the isolates GIBLF1_5 and
G1MA4F3_31 during the Nanopore sequencing process (20.23x and 17.72x, respectively),
as we have already observed in serotype identification, mean depth can limit the search
for specific genes using raw sequencing reads, especially if these reads are low precision
like those of Nanopore with an error rate that ranges between 5% and 15% (Rang et al.,
2018). For the search performed in the G5BLF1_1 reads, we could not detect its eae
variant even in the further analysis we performed using the best hybrid genomes (see
below); in this case, the reason was related to the great limitation of the use of databases,
which are restricted to the information they contain and cannot be used directly to find
variants not included in them, hindering the identification of novel variants and requiring
constant database curations (Rhee, 2005). The prediction of serotypes and the
determination of allelic variants of these major VVFs using reads took an average of 10 s

using 1 core (2.8 Gb).

Continuity of the Genome Assemblies

The biggest advantage of using long reads, such as Nanopore reads, is that highly
repetitive regions of the genome of different sizes can be covered, allowing continuous
genomes to be assembled (Kolmogorov et al., 2019; Leidenfrost et al., 2020). For this

reason, we decided to evaluate at what point in the sequencing process using Nanopore, it
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was possible to obtain continuity metrics significantly similar to each other; comparing
the estimated genome size, the number of contigs, the size of the longest contig, N50
(i.e., the sequence length of the shortest contig that covers at least half the genome) and
the L50 (i.e., the smallest number of contigs whose length sum constitutes half the
genome) of the assemblies obtained from the subsampled reads in comparison of the
assemblies obtained from the full Nanopore reads set (Kolmogorov et al., 2019). These
values were also essential at the time of choosing the best hybrid assemblies from the two
approaches performed, whereby it could be evidenced that the isolates with a mean depth
lower than 45x, G1BLF1_5 and G1M4F3_31 with values of 20.23x and 17.72x (Table 9),
respectively, had more contigs and presented a smaller size in their longest contig (Table
10), which proves that during the creation of the hybrid assemblies, the long reads were

responsible to lead to more continuous assemblies as expected.

Table 10. Assembly metrics for the best hybrid assemblies obtained for each E. coli isolate.

Number of Largest  Total

Isolate GC (%) N50 L50
contigs contig length
G1BLF1 5 43 1347791 5368849  50.69 518023 4
G1BLF2_1 5 5314189 5487282 50.71 5314189 1
G1MO0S3_4 25 4359963 5654877 50.45 4359963 1
G1M4F3_31 51 854945 5292468  50.45 384227 5
G4AMOF1_1 7 2558830 5089896  50.57 2558830 1
G4AMOF2_14 2 4685726 4891637 50.64 4685726 1
G5BLF1_1 3 5447391 5553524  50.47 5447391 1
G5BLF3_3 9 4983366 5500181 50.8 4983366 1
G5BLF3_8 9 2904903 5512584 50.55 2904903 1
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G5M2P3_1 2 4602735 4719183 50.81 4602735 1

G5M4F2_1 38 4063509 5664540 50.64 4063509 1

For the comparison of the subsampled reads, due to the varied mean depth that we
obtained for each isolate, we were able to obtain assemblies for all of our isolates from 60
mins, so we hereafter used this set of reads as the starting point for the subsequent
comparisons. From 240 mins (4 h.), we already had assemblies significantly similar to
those obtained with the full reads set (o = 0.05) (Figure SA, Table 11). Furthermore,
taking into consideration that in the loading plots obtained from a transformation of a
dataset by PCA, the correlation between the different variables graphed as vectors or
arrows can be understood through the cosine of the angles between them (Jkelsrud et al.,
2016; Zitko, 1994), we could also infer that the length of the longest contig, the N50 and
the total estimated size of the genome correlate with each other positively, but negatively
with the L50 and the number of contigs (Figure 5B). Expected result, since there is a
greater number of contigs when the assembly is more fragmented (Thrash et al., 2020);
finally, the color and direction of the arrows in this graph allowed us to determine that
both the N50 and the length of the longest contig were the variables that contributed most

positively to the PC1 values in the multivariate comparison (Figure 5B).
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Figure 6. Multivariate comparisons based on continuity between assemblies created from

subsampled filtered Nanopore reads. (A) Comparison between PC1 values associated with

continuity of the assemblies obtained from the subsampled reads against the full set of filtered

Nanopore reads with respect to time. (B) Contribution plot of the variables used for the

multivariate analysis. The colors in the arrows represent the contribution weight for each variable,
with a gradient from light blue (low contribution) to red (high contribution). PC1 and PC2 explain
the 70% and 18.3% of the total variance of the complete data set, respectively. ****: p < 1E-03.
*** 1E-03 < p < 1E-02.

Table 11. p-values obtained from the Dunn's Multiple Comparison between the PC1 values associated

with continuity of the assemblies obtained from the subsampled reads against the full set of filtered

Nanopore reads with respect to time.

Corrected
Z p-values

p-values
60 mins -4.22 2.4645E-05 7.5005E-04
120 mins  -3.30 9.4983E-04 7.2270E-03
240 mins  -2.04 4.0883E-02 1.3825E-01
480 mins  -1.81 6.9795E-02 2.1242E-01
960 mins  -0.80 4.2527E-01 7.1906E-01
1500 mins -0.42 6.7129E-01 1
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Annotation of genome assemblies

In Table 12, we can see the number of features that we were able to identify in the
best hybrid assemblies. These features were employed in the multivariate comparison
against the assemblies created from the subsampled Nanopore reads, whereby, from 960
mins (16 h.), we were able to obtain results significantly similar to those obtained from
the best hybrid assemblies (o = 0.05) (Figure 7A, Table 13). All the variables used had a
positive correlation and contributed positively to PC1 (Figure 7B). Furthermore, after
failing to identify all the serotypes and allelic variants of the major VVFs described above
with the filtered Nanopore reads (Figure 3, 4), we performed similar searches using the
assemblies as input (see Materials and Methods), managing to detect all antigens and
variants available even from subsampled reads that were obtained in previous points in

comparison to the analyses performed with solely reads (Table 14).

Table 12. Number of annotated features for the best hybrid assemblies obtained for each E. coli
isolate. rRNA, ribosomal RNA; tmRNA, transfer-messenger RNA; tRNA, transfer RNA,;

CRISPRs, clustered regularly interspaced short palindromic repeats; BGCs, biosynthetic gene

clusters.
Repeated
Isolate Genes _ rRNA tmRNA tRNA Plasmids CRISPRs BGCs Prophages
regions
G1BLF1 5 5243 2 6 1 87 3 8 4 10
G1BLF2_1 5386 2 22 1 93 4 7 4 10
G1M0S3_ 4 5560 2 22 1 96 2 12 3 13
G1M4F3_31 5102 2 3 1 82 5 8 4 9
G4MOF1_1 4877 2 18 1 87 3 8 3 5
G4AMOF2_14 4927 2 22 1 86 2 9 1 8
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G5BLF1_1 5537 1 22 1 103 2 12 6 18

G5BLF3_3 5474 2 22 1 89 7 10 3 13
G5BLF3_8 5607 2 23 1 99 2 9 4 17
G5M2P3_1 4654 2 22 1 92 2 8 4 5
G5M4F2_1 5667 1 22 1 102 1 9 5 21
A Kruskal-Wallis, p = 1.4e-07 B 03 ;
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Figure 7. Multivariate comparisons based on genomic features between assemblies created from
subsampled filtered Nanopore reads and best hybrid assemblies (Gold). (A) Comparison between PC1
values associated with genomic features of the assemblies obtained from the subsampled reads against the
best hybrid assemblies with respect to time. (B) Contribution plot of the variables used for the multivariate
analysis. The colors in the arrows represent the contribution weight for each variable, with a gradient from
light blue (low contribution) to red (high contribution). PC1 and PC2 explain the 60.1% and 14.1% of the
total variance of the complete data set, respectively. ****: p < 1E-04. ***: 1E-04 < p < 1E-03. **: 1E-03 <
p < 1E-02. *: 1E-02 < p < 5E-02.
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Table 13. p-values obtained from the Dunn's Multiple Comparison Test between the PC1 values

associated with genomic features of the assemblies obtained from the subsampled reads against the best

hybrid assemblies with respect to time.

Corrected

Z p-values o-values
60 mins -5.71 1.1287E-08 5.2671E-07
120 mins -4.12 3.7538E-05 5.8393E-04
240 mins -3.21 1.3280E-03 1.0329E-02
480 mins -2.76 5.7917E-03 3.0031E-02
960 mins -2.08 3.7197E-02 1.3353E-01
1500 mins -1.71 8.6911E-02 2.7039E-01
Full -1.08 2.7960E-01 6.2134E-01

Table 14. Time in which the antigenic profile and allelic variants of the major VFs (stx1, stx2
and eae) genes could be detected from assemblies produced from subsampled reads. “-” was

placed in the isolates that do not harbor any of the major VVFs analyzed.

Antigenic

Isolate profile Major VFs
G1BLF1 5 480 mins 960 mins
G1BLF2_1 60 mins 60 mins
G1M0S3 4 60 mins 60 mins
G1M4F3 31 480 mins 960 mins
G4MOF1_1 60 mins -
G4MOF2_14 120 mins -
G5BLF1 1 60 mins 60 mins
G5BLF3 3 240 mins 120 mins
G5BLF3 8 480 mins 240 mins
G5M2P3 1 60 mins -
G5M4F2 1  240mins 120 mins

As discussed earlier, the assembly of sequencing reads can provide a greater
understanding of genomic synteny. Quality that is important when evaluating the risk
posed by the presence of certain strains harboring transmissible VFs, such as those
already mentioned, or AR genes, genetic elements that are often transferred through

plasmids or phages to neighbor bacteria (Ho Sui et al., 2009). Moreover, an assembly
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with the minimum number of gaps can facilitate the identification and prediction of
complex gene clusters, such as the biosynthetic gene clusters (BGCs) involved in the
formation of biofilms by means of aryl polyene synthesis found in E. coli (Cimermancic
et al., 2014; Johnston et al., 2020). Or even the detection of Clustered regularly
interspaced short palindromic repeats (CRISPR), i.e., short, highly conserved DNA
repeats separated by unique sequences of similar length, which have been used for
subtyping, identification, and detection of STEC in epidemiological studies (Delannoy et
al., 2016; Shariat & Dudley, 2014). All the genetic elements already mentioned were
found in the eleven isolates tested (Table 12), making this ideal for the comparison
performed between the best hybrid assemblies and the assemblies constructed from the
subsampled reads. In this comparison, apart from the properties already described, we
also included the ANI values and BUSCO scores, which indicate how identical the
assembly generated is to a reference genome (Chen et al., 2020) and how complete this
same genome is based on highly conserved housekeeping orthologs present in the family

Enterobacteriaceae (M. Seppey et al., 2019), respectively.

The complete detection of antigens for the identification of serotypes and the
identification of the allelic variants in the assemblies obtained from the subsampled
Nanopore reads is another example of how the continuity can improve the identification
capacity of essential features (Table 14); noteworthy, apart from obtaining continuous
assemblies, the extra polishing steps implemented in custom assembly pipelines can
improve the quality of the information obtained from Nanopore sequencing platform
(Taylor et al., 2019; Wick et al., 2019), that is why we recommend the implementation of

assembly strategies in conjunction with polishing tools when features annotation is
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needed in assemblies obtained from Nanopore reads, such as the workflow we used. Yet
an average of 60 mins was necessary to obtain the assembled genomes from full

Nanopore reads with the implemented bioinformatics pipeline using 32 cores (89.6 Gb).

AR and VFs genes annotation

By searching for AR genes in the best hybrid assemblies (Figure 9A), as expected
from E. coli (Kwak et al., 2015; Sharma et al., 2018), we were able to elucidate a
widespread variety of resistance genes to various antibiotics with a similar distribution
among the isolates tested. However, there are two isolates (G1BLF1 5 and G1BLF2_1)
in which AR additional genes against sulfone and sulfonamide antibiotics were detected
(Figure 9A). Since these isolates were isolated from the same fecal sample at the same
orchard, we believe that the recent administration of this type of antibiotics as treatment
for a sick animal could have caused a selective pressure for these genes to persist in these

two isolates (Ma et al., 2021).

Whereas through the performed VFs search, it was possible to identify VFs with a
varied function, which may be related to the high presence of plasmids and prophages,
essential components from E. coli’s mobilome that contribute to the high plasticity of this
species (Table 12) (Delannoy et al., 2017; Mbelle et al., 2019). Among the detected VFs,
adherence factors were present in all isolates in conjunction with secretion systems, and
non-Locus of Enterocyte Effacement (LEE) encoded Type three secretion systems
(TTSS) effectors (Figure 9B), genes that may be related to the survival of the organisms
within the host as either commensals or pathogens (Frommel et al., 2013; Govindarajan

et al., 2020; Ritchie & Waldor, 2005).
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Figure 8. Number of gene ontologies associated with (A) the AR and (B) the VFs genes
identified in the best hybrid genomes (gene ontology was analyzed using the aro_index.tsv file
from the CARD and the intra-genera VVFs comparison tables from the VFDB for AR and VFs,

respectively). LEE: Locus of Enterocyte Effacement. TTSS: Type three secretion system.
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The comparison of these searches carried out in the genomes of the subsampled
reads was not enough to obtain results significantly similar to the results obtained from
our best hybrid assemblies (o = 0.05) (Table 15), although an average of 87.5% and
78.3% of the total hits found for the ARs genes and the VFs, respectively, were
determined in the searches performed with the genomes created using Nanopore reads,
whereby from 480 mins no significant differences were obtained between the hits
detected from these genomes (Figure 9 A, B).

Table 15. p-values obtained from the one-sample Wilcoxon signed rank test of the identical hits

ratio. P > 0.05 indicates that the results of the assemblies from the subsampled reads at that time

are significantly similar to the best hybrid assemblies.

AR genes Virulence factors
Corrected Corrected
p-values p-values
p-values p-values

60 mins  1.8422E-03 9.9863E-03 1.8851E-03 2.6879E-03
120 mins  2.9608E-03 9.9863E-03 1.8938E-03 2.6879E-03
240 mins  7.1331E-03 9.9863E-03 4.8828E-04 1.7090E-03
480 mins  4.5150E-03 9.9863E-03 4.8828E-04 1.7090E-03
960 mins  1.1127E-02 1.1247E-02 2.9608E-03 2.9608E-03
1500 mins 7.0145E-03 9.9863E-03 2.9608E-03 2.9608E-03

Full 1.1247E-02 1.1247E-02 1.9199E-03 2.6879E-03
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Figure 9. Identical hits ratio comparison between the genes obtained from assemblies created using the

subsampled filtered Nanopore reads. (A) Comparison of the hits obtained from the search for AR genes.
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(B) Comparison of the hits obtained from the search for VFs. ***: 1E-03 < p. **: 1E-03 p < 1E-02. *: 1E-
02 < p-values < 5E-02.

Phylogenetic inference

The variety of serotypes identified and the genetic differences reflected in the
results of the phylogenetic analysis carried out from the best hybrid assemblies are
consistent with the fact that the populations of E. coli present in agriculture are highly
diverse and dynamic (Figure 3, 10) (Doane et al., 2007; Marchant & Moreno, 2013;
Naganandhini et al., 2015). From the subsampled reads, we could notice that from the
reads subsampled at 240 mins, we began to have enough data in the core SNPs matrices
to carry out the phylogenetic analyzes, so we decided to subsample the reads that were
generated at 180 mins (3 h.), from which it was possible to perform the pertinent
phylogenetic analysis and its subsequent comparison with the trees generated at later
minutes. In the comparisons made, from 180 mins, we could obtain phylogenies
significantly similar to those obtained from the best hybrid genomes (o = 0.05) (Table
16); however, it is worth mentioning that we only took into account the topology of the
trees and not the length of the branches using a lambda value of 0 in the distances
calculations among trees when using the Kendall-Colijin test (Kendall & Colijn, 2016).
Therefore, we believe that these results would not represent analyses where it is desired
to quantify the amount of evolutionary divergence between isolates (Paradis, 2016). In
addition, it took 5 hours on average to carry out the phylogenetic analyzes with the

kSNP3-RAXML strategy using 16 cores (44.8 Gb).
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Figure 10. A maximum likelihood tree constructed using RAXML based on the core SNPs

dataset of the best hybrid assemblies for the 11 E. coli isolates.

Table 16. p-values obtained from the Kendall-Colijin test between the topologies of the core SNPs

phylogenetic trees generated from the subsampled filtered Nanopore reads and the best hybrid assemblies.

Corrected
p-values

p-values

180 mins  7.42E-06 4. 45E-05
240 mins  1.53E-11 9.17E-11
480 mins  3.88E-13 2.33E-12
960 mins  5.09E-15 3.06E-14
1500 mins  3.36E-22 2.02E-21
Full 3.36E-22 2.02E-21

SNP phylogenetics plays a role in outbreak monitoring, forensic investigations,

inference of lineage evolution, and identification of mutations linked to phenotypes such

as AR (Gardner & Hall, 2013); since unlike the phylogeny constructed from species-
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specific protein-coding genes, e.g., cgMLST, this analysis includes several intergenetic
regions that can harbor essential information on the evolutionary events to which a
species has undergone (Davis et al., 2015; Li et al., 2016; Schirch et al., 2018).
Traditionally, reference genomes close to the isolates to be analyzed are first chosen, to
which the reads of a group of isolates are mapped and the relevant phylogenetic analyzes
are performed preferably from the core SNPs that are identified in this step (Oakeson et
al., 2018; Wentz et al., 2019). However, the choice of a reference genome limits its use
when it is necessary to analyze isolates not directly related, even between organisms of
the same species with different serotypes (Oakeson et al., 2018), valuable information
from regions not present in the chosen reference genome can be omitted. However, by
using KSNP3 we were able to overcome this limitation since this tool detects SNPs by
directly comparing k-mers generated from the analyzed genomes, and does not require

the establishment of a reference genome (Gardner et al., 2015).

CONCLUSIONS
Although in an outbreak it is necessary to use pathogen identification techniques

with a low turnaround time, the Nanopore sequencing reads obtained from 3 hours in this
study could be used to obtain phylogenetic analyzes with a higher resolution than other
traditional techniques. And even at 16 hours, it can offer certain capabilities to detect
fundamental elements in case it is required to characterize molecularly a group of isolates

and identify potential reservoirs of pathogenic E. coli.
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CHAPTER IV

RAPID IDENTIFICATION AND MOLECULAR CHARACTERIZATION OF
SALMONELLA ISOLATES FROM PECAN ORCHARDS THROUGH NANOPORE

SEQUENCING

ABSTRACT
Whole genome sequencing is becoming the tool for various applications, thereby this

study was conducted to evaluate the performance of Nanopore sequencing for rapid
identification and molecular characterization of of Salmonella. Ten isolates obtained
from pecan orchards were sequenced using MinlON and Illumina NextSeq 500. As
MinION allows real-time reads analysis, the reads were time-based subsampled to
determine the earliest identification turnaround time for each isolate. Species level
identification was achieved at 15 mins of sequencing run. In 25 hours, complete sets of
Salmonella pathogenicity islands were detected from assemblies obtained from the
subsampled reads. Additionally, comparisons of the Nanopore-based assemblies against
hybrid assemblies from the combined reads of MinlON and Illumina showed that the best
values of continuity and annotated features were obtained in just 8 and 25 hours of
sequencing run, respectively (p < 0.05). Whereas, using a stringent BLASTn search

(percentage of identity of 95 % and query coverage of 85 %) against
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the Comprehensive Antibiotic Resistance Database (CARD), we could find significantly
similar results to those obtained from the hybrid assemblies, oppositely, the hits obtained
from the search against the Virulence Factor Database (VFDB) were not sufficient to
generate results significantly similar, nevertheless, it was possible to obtain an average of
96.37% from the hits acquired from the hybrid assemblies using VFDB, where no
significant changes were observed after 16 hours compared to the full datasets (p < 0.05).
Finally, phylogeny analysis obtained from assemblies created with reads produced in 3
hours of sequencing process, were significantly similar to those of the results with hybrid
genomes (p < 0.05). These results demonstrated that Nanopore can offer an effective
sequencing platform for the rapid identification of Nontyphoidal Salmonella isolates,

with certain capabilities for their characterization.

Key words: Whole genome sequencing, Nanopore, MinlON, Illumina, Nontyphoidal

Salmonella

INTRODUCTION
Nontyphoidal serotypes of Salmonella enterica (henceforth referred to

as Salmonella) are responsible for causing salmonellosis, a disease contracted by
consuming improperly cooked animal derived food, contaminated fresh produces and
water, or direct exposure to reptiles, amphibians, and other infected animals, including
humans (Acheson & Hohmann, 2001; Kurtz et al., 2017). This reportable disease causes
an estimated 1.2 million infections and 450 deaths annually in the U.S., generating an
average annual expenditure of $ 0.5 to $ 2.3 billion (Frenzen et al., 1999; Scallan et al.,
2011; Sher et al., 2021). Although the implementation of guidelines for the handling,

transport, and storage of food has been efficient in controlling the incidence of
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salmonellosis attributed to the consumption of eggs (i.e., the main source of Salmonella
Enteritidis - SE) (Wright et al., 2016) as well as the widespread practice of vaccinating
chickens against Salmonella Typhimurium (Desin et al., 2013; Dérea et al., 2010), a
positive trend in the increase in cases of SE attributed to alternative sources (Chai et al.,
2012; Sher et al., 2021), or an increase in cases of other less recurrent strains such as
Newport or Javiana (Boore et al., 2015; Sher et al., 2021) have made Nontyphoidal
Salmonella a recurrent foodborne pathogen. Hence, it is essential to maintain a constant
characterization and comparison of the strains that inhabit different niches with incident
strains in outbreaks, in order to identify if this indicates an increased presence of the host,
increase in human exposure to the source of contamination, or increased contamination

from anthropogenic activities (Chai et al., 2012; Gast et al., 2004; Sher et al., 2021).

Currently, Salmonella outbreak surveillance is carried out with Whole Genome
Sequencing (WGS) in the U.S. (Tolar et al., 2019), since despite having a longer
turnaround time than its predecessor (i.e., PFGE) (Rounds et al., 2020), it can offer a
much more complete level of resolution, providing insights into the strain’s serotype,
virulence, pathogenicity, resistance to antibiotics, or even elucidating the subtype to
which it belongs (Brown et al., 2019; Delgado-Suarez et al., 2018; Ibrahim & Morin,
2018). Several studies have shown the level of sensitivity and specificity that WGS could
provide for the study of Salmonella (Chen, Kuang, et al., 2020; Pornsukarom et al.,
2018); for instance, Banerji et al. (2020) obtained a level of concordance of >99% when
combining results from serotype prediction and multi-locus sequence typing (MLST) for
genome based Salmonella serotyping, as well as, in the study carried out by Cooper et al.

(2020) which apart from obtaining a high level of concordance in the prediction of
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serotypes using WGS data, the accuracy of their antimicrobial resistance profile
prediction ranged from 94.7% to 99%. PulseNet and GenomeTrakr, i.e. main foodborne
pathogen surveillance networks in the U.S., carry out the collection of sequencing data
through MiSeq, an Illumina-based platform (Timme et al., 2019), yet Nanopore
technology is posed as a new contender that is making its way since, unlike Hllumina, it
yields long reads, which do not require to be generated through expensive equipment, as
well as, highly trained personnel to use the sequencing devices it offers, and additionally,
it provides the possibility of analyzing sequencing reads in real time (Chen, Kuang, et al.,
2020; Leidenfrost et al., 2020; Tyler et al., 2018). Nonetheless, these benefits have a
tradeoff related to the lower precision that Nanopore offers, since its error rate ranges
between 5 to 15% (Rang et al., 2018) while Illumina only ~1% (Stoler & Nekrutenko,
2021), making it necessary to identify the scope that this platform offers for surveillance
of foodborne pathogens. Therefore, in this study, we conducted the performance
evaluation of MinlON, a device based on Nanopore sequencing technology, for the rapid

identification and molecular characterization of Salmonella isolated from pecan orchards.

MATERIALS AND METHODS

Bacterial isolates

The Salmonella isolates used in this study were isolated from environmental
samples collected from pecan orchards (soil and animal feces) located in Oklahoma as
part of the doctoral dissertation conducted by Diaz-Proano (2019). Bacterial isolates were
grown following the methodology used by the FDA Bacteriological Analytical Manual

(FDA-BAM) (Andrews et al., 2018) with minor modifications. A general procedure was
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used to enrich the samples before individual isolation. In brief, 10 g of each soil and fecal
sample were added to 90 mL of Universal pre-enrichment broth (UPB) (Becton-
Dickinson, Sparks, Maryland) and stomached in a filter bag (Whirlpak) using a Seward
Stomacher® 400 (Seward, London, United Kingdom) circulator for 1 min at 230 RPM.
Suspensions were incubated for 24 h at 42°C, 0.1 mL and 1 mL of the pre-enriched
samples were selectively enriched in 9.9 mL of Rappaport-Vassiliadis (RV) (Benton-
Dickinson, Sparks, Maryland) and 9 mL of Tetrathionate (TT) (Benton-Dickinson,
Sparks, Maryland) broth, respectively. Selective broths were incubated at 37°C for 24 h
followed by streaking onto Xylose lysine desoxycholate (XLD) (Benton-Dickinson,

Sparks, Maryland) agar and incubation at 37°C for 24 h.

The presence of the specific Salmonella gene invA was used to detect and confirm
the presence of Salmonella by PCR of DNA extracted at two stages using the boiling
method described by Kawasaki et al. (2005). In the first stage, DNA was obtained from 1
ml of 24-hour enrichment broth, and secondly, DNA was extracted from five typical
colonies from XLD plates. Primer pairs were chosen according to the target gene
described in the literature and the 16S rRNA gene was used as an internal control (Diaz-
Proano, 2019). Purified and confirmed Salmonella was transferred to Tryptic Soy Agar

(TSA) (Becton-Dickinson, Sparks, Maryland) and stored at 4°C.

DNA extraction and whole genome sequencing

As part of Diaz-Proano (2019) doctoral dissertation, isolates were cultured in 5
mL tryptic soy broth (TSB, Difco, Sparks, MD) at 37°C for 18-20 h. Following overnight

incubation, cells were harvested by centrifugation at 12000 rpm for 3 min and re-
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suspended in 1X buffered peptone water (BPW). DNA extraction was performed using
the DNeasy 96 blood and tissue kit (Qiagen, Valencia, CA) according to the
manufacturer’s recommendation for Gram-negative bacteria and high-throughput
applications. DNA samples were then cleaned using a DNA clean up and concentrator kit
(Zymo Research). The quality of the DNA was determined using NanoDrop 1000 - OD
260/280 and OD 260/230 - (Thermo Scientific, Rockford, IL), and the concentration was
determined using the Qubit 3 fluorometer with a double-stranded DNA BR assay kit
(Life Technologies, Grand Island, NY) according to each manufacturer’s instructions.
WGS was performed using Illumina and Oxford Nanopore Technologies (ONT)
platforms. For Illumina sequencing, libraries were prepared using the Nextera XT DNA
sample preparation kit with the NextSeq®500 high output kit (2*150 bp paired-end
reads) (Illumina, Inc., San Diego, CA). Whereas, ONT sequencing libraries were
prepared using the Rapid Barcoding Sequencing kit (SQK-RBKO004) and run on the
MinION sequencing system (ONT, Oxford, UK) following the standard 48 h 1D
sequencing protocol in the MinKNOW software (ONT, Oxford, UK) using one FLO-

MIN106 R.9.4.1 flowcell (Appendix 3).

Analysis of whole genome sequencing data

Initial data processing

For lllumina reads, Trimmomatic (version 0.32) (Bolger et al., 2014) was used to
remove barcodes and to trim the sequences with a window size of 4 and a Q score cutoff
of 20 (Del Fabbro et al., 2013), and FastQC (version 0.11.9)

(https://www.bioinformatics.babraham.ac.uk/projects/fastqc ) was used for quality
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control. MinlON reads were base called with Guppy (version 3.0.3) (Oxford Nanopore
Technologies) and first filtered by EPI2ME (version 2.48) (Oxford Nanopore
Technologies) with a Q score cutoff of 7. Later, “Passed” reads were demultiplexed with
Porechop (version 0.2.4) (https://github.com/rrwick/Porechop) for further additional
filtering with Filtlong (version 0.2.0) (https://github.com/rrwick/Filtlong) using a Q score
cutoff of 9 (Tyler et al., 2018; Wick et al., 2017a). To analyze the MinlON sequencing
data over time, filtered reads were subsampled using a custom Per| script at intervals
from the start of the sequencing: at 15, 30, 60, 120, 240, 480, 960, and 1500 min (Taylor

et al., 2019).

Species identification, typing, and pathogenicity island detection

All bioinformatics analyzes were carried out on a Dual Intel Xeon Gold 6130
High Performance Cluster (HPC) with 2.8 GB max memory per core. The presence of
specific reads for Salmonella complex species was verified with Kraken 2 (version 2.0.7)
(Wood & Salzberg, 2014) in default mode (kmer size of 35 and minimizer length of 31)
with a confidence threshold of 0.05 (Ye et al., 2019) against a custom RefSeq database
(i.e., containing Archaeal, bacterial, viral and plasmids sequences) created on January
2020. For the identification of serotypes, SeqSero2 (version 1.2.1) (Zhang et al., 2019)
was used with the “k” workflow. Additionally, sequencing reads were analyzed with
SPIfinder (Roer et al., 2016) in order to identify Salmonella pathogenicity islands with a

minimum percentage of identity of 95%, and a minimum gene coverage of 70%.

Genome assembly

MinlON reads were assembled with Flye (version 2.6) (Kolmogorov et al., 2019)

in nano-raw mode, with an expected genome size of 5.5Mb, and asm coverage (reduced
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coverage for initial disjointig assembly) of 50. Furthermore, in order to get the most out
of the data obtained from this technology, a polishing step was carried out using Rebaler

(version 0.2.0) (https://github.com/rrwick/Rebaler), a pipeline that uses minimap2 to

align long reads to an already assembled genome and Racon (version 1.0.)
(https://github.com/isovic/racon) for creating consensus sequences. Finally, an extra

polishing step with Medaka (version 1.4.1) (https://github.com/nanoporetech/medaka) a

tool that can create consensus sequences from nanopore sequencing data using neural
networks applied to a “read pileup” against a draft sequence using a variety of trained
models, the “r941 min_fast g303” model was used for this step. All the final assemblies
generated were subjected to a preliminary quality assessment through QUAST (version
5.0.2) (Gurevich et al., 2013) and BUSCO (version 4.1.4) (Seppey et al., 2019) against

the “enterobacterales odb10” database.

For further comparisons, due to the lack of reference genomes available for these
particular isolates, hybrid assemblies were generated using the reads from both Illumina
and MinlON for each isolate (Appendix 4). Two approaches were used and compared to
select the best assembly for each isolate in terms of continuity (i.e., N50, L50, and the
total number of contigs), and their BUSCO score. In the first approach, Hlumina paired-
end reads were mapped against the genomes generated directly from the aforementioned
process with the complete dataset of MinlON reads, thereafter samtools (version 1.10)
(Danecek et al., 2021) was used to sort and index the aligned reads, and finally, an extra
polishing step was included using Pilon (version 1.23) (Walker et al., 2014) with the
setting “—changes” for which a custom bash script performed multiple runs until no

changes were done in the polished genomes. Whereas, in the second approach,
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assemblies obtained first from Illumina reads and later bridged with long reads were
obtained using the Unicycler pipeline (version 0.4.8) (Wick et al., 2017b) in default
mode, with the aforementioned Bowtie2, samtools, and Pilon versions, as well as, Blast+
(version 2.10.1) (Camacho et al., 2009). MinION and Illumina reads were mapped
against the best hybrid assembly obtained for each isolate using minimap2 and Bowtie2,
respectively, then mapped reads indexed via samtools were used to calculate the average
coverage for both reads dataset using mosdepth (version 0.3.1)
(https://github.com/brentp/mosdepth) with the parameters “-n --fast-mode --by 500”.
Additionally, the average nucleotide identity (ANI) from all generated assemblies from
MinION reads against the best hybrid assemblies was calculated using OrthoANI

(version 1.2) (Lee et al., 2016; Yoon et al., 2017) for each isolate.

Features annotation

Annotation of all the assembled genomes was performed with Prokka pipeline
(version 1.14.6) (Seemann, 2014) in default mode. To identify VFs and antibiotic
resistance (AR) genes, assembled genomes were aligned against the Virulence Factors
Database (VFDB) core dataset (VFDB_setA retrieved on January 9, 2020) (Chen et al.,
2005), ResFinder database (retrieved on December 16, 2020) (Zankari et al., 2012), and
Comprehensive Antibiotic Resistance Database (CARD) protein homologs dataset for
acquired resistance genes (retrieved on March 10, 2020) (Alcock et al., 2020) using
Blastn with an E-value cutoff of 1e-6. The obtained hits were filtered using a custom
Python script with a minimum percentage of identity of 95%, and minimum gene
coverage of 85%, as well as overlapping hits, were evaluated and removed based on an

in-house strategy. From this search, two sets of genes of AR and VFs detected for each
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assembly were generated, thereafter the two sets obtained from each genome created
from the MinlON subsampled data were compared based on similarity with the two sets
obtained from the best hybrid assemblies for each species respectively using cd-hit-est-2d
with the parameters *-c0.9-n8-r0-G1-g1-b20-110-s0.0-aL 0.0 -aS 0.0 -s2 1.0 -S2
0 -T 4 -M 32000 ". The pairs of similar genes generated by this comparison were counted
and normalized based on the total number of genes present in the set of AR and VFs
genes of each best hybrid assembly, respectively. A one-sample Wilcoxon signed rank
test with Benjamini-Hochberg correction for multiple tests was used to check if the
normalized values were close to 1, where p> 0.05 indicates that the set of genes analyzed

is significantly similar to the set of genes of the best hybrid assembly for a given isolate.

For the detection of mobile genetic elements, replicons were identified using
PlasmidFinder (version 2.0.1) (Carattoli & Hasman, 2020) with a minimum percentage
of identity of 85%, and a minimum gene coverage of 70%. Whereas, prophages
prediction was performed using ProphET (Reis-Cunha et al., 2019) using the GFF files
obtained from the annotation process as an input. Clustered regularly interspaced short
palindromic repeats (CRISPRs) were predicted with CRISPRCASidentifier (version

1.1.0) (Padilha et al., 2020) in default mode. Additionally,

Finally, biosynthetic gene clusters (BGCs) were predicted using Antismash
(version 5.1.2) (Blin et al., 2019) with default parameters; in which interleaved, chemical
hybrid, and neighboring clusters were divided into individual clusters for their

quantification.
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Phylogenetic analysis

A matrix of core single nucleotide polymorphisms (SNPs) was generated among
the 10 isolates using KSNP (version 3.1) (Gardner et al., 2015) with the assemblies
generated from the subsampled reads as well as the best hybrid assemblies, in which first
Kchooser was run twice for each dataset to find the best kmer size. The core SNPs were
used as an input for the construction of the maximum likelihood phylogenies using
RAXML (version 8.2.11) (Stamatakis, 2014) with the GTRCAT model, a Lewis
ascertainment bias correction, and 1000 bootstrap replicates. The resulting phylogenetic
trees were rooted in the midpoint using NJplot (version 2.3) (Perriere & Gouy, 1996)

and formatted using Figtree (version 1.4.4) (https://github.com/rambaut/figtree).

Statistical analyses

Genomic continuity comparison

A matrix containing the estimated length of the genome, the total number of
contigs, the length of the largest contig, N50 and L50 for all the assemblies generated
over time was normalized using the Min-Max scale method, which was applied to
grouped values with respect to the identity of the isolate from which they were obtained

using the following equation:

X — X—Xmin 1
norm Xmax—Xmin ( )
where Xnorm IS the normalized value, Xmax and Xmin are the maximum and minimum values,
respectively, of a particular metric evaluated in the assemblies from the same isolate,

while x is a value to be normalized that is in this same set of values as Xmax and Xmins
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The normalized dataset was dimensionally reduced by principal component
analysis (PCA) through the prcomp function in R (version 4.0.5), thereafter Kruskal
Wallis and Dunn's Multiple Comparison Test with Benjamini-Hochberg correction was
used to comparing the values of PC1 obtained from each time interval, additionally, the
p values were corrected with respect to the weight of the variance covered by the PC1

(Fachada et al., 2016).

Genomic features comparison

A matrix containing the GC-content, the BUSCO score, the ANI, as well as the
number of annotated genes, tRNA, tmRNA, rRNA, repeated regions, CRISPRs, and
prophages for all the assemblies generated over time and from the best hybrid assemblies
was normalized using the Min-Max scale method with the equation (1), which was
applied to grouped values with respect to the identity of the isolate from which they were
obtained. The normalized dataset was dimensional reduced by PCA and the

aforementioned multivariate analysis was performed.

Statistical comparison of phylogenetic trees

The Kendall-Colijin test (Kendall & Colijn, 2016) described by Katz et al. (2017)
was used to compare the topologies of the phylogenies generated from MinlON
subsampled reads with the phylogeny created from the hybrid assemblies using the R
libraries treespace (Jombart et al., 2017) and phytools (Revell, 2012). A lambda value of
0 and 100,000 random trees as a background distribution were employed for all pairwise
tree comparisons. For which a Z-test was calculated and a p < 0.05 indicates that the pair

of compared trees are significantly similar (Katz et al., 2017).
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RESULTS AND DISCUSSION

Evaluation of sequencing reads yield

For Illumina, the average median length of the paired-end reads of all isolates was
137.4. The total bases ranged from 381.53 Mbps to 565.46 Mbps, obtaining mean depth
values between 75.68x to 115.65x after filtering (Table 17). For Nanopore, the average
median length of the reads of all isolates was 4,034.75. The total bases ranged from 50.91
Mbps to 1002.51 Mbps, obtaining mean depth values between 10.72x to 209.96x after
filtering (Table 18). While the isolate G5_25BLS1_1 had the highest reads yield on
Illumina, the opposite occurred in Nanopore, where it obtained the lowest yield; while the
lowest yield of Illumina was from the isolate G2ZMO0S1_2 and the highest yield of
Nanopore was G4BLF1_2 (Table 17, 18). The total number of subsampled reads that
were generated at different stages of the sequencing run can be seen in table 18.The
differences among the mean depth values in Nanopore sequenced isolates were even
represented in the subsampled reads based on time (Table 19; Figure 11B). Additionally,
through a paired Wilcoxon Signer-Rank test between the mean depth values from
Illumina and Nanopore, we obtained that values from Nanopore were significantly lower
than those generated by Illumina (o = 0.05) (Figure 11A),

Table 17. Summary for lllumina sequencing of Salmonella isolates (Paired-end reads).

Isolate T;VT?SQ dosf T%talbiiies Mean length '\I/;%ﬁ]n T:-t;!t;el:’ads Mean depth
iltering
G1BLS3 3 2920038 397.00 138.68 151 2887218 78.03
G2BLF1_3 3496024 413.30 121.90 137 3457512 85.67
G2MO0S1_2 3288192 381.53 119.33 130 3255562 75.68
G2M4F3_3 3421988 413.34 123.87 140 3384982 85.46
G4BLF1_2 3946342 439.27 115.37 122 3907290 89.12
G4BLS2_11 3671052 409.85 115.38 122 3634522 81.37
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G5_20BLS1
1
G5_25BLS1

1

HNG1S2_2
HNG1S2_3

4038074

4815770

3582062
3058082

476.76

565.46

486.95
414.53

122.40

121.70

139.17
138.37

136

134

151
151

3996366

4764928

3532166
3023924

98.63

115.65

102.15
86.79

Table 18. Summary for Nanopore sequencing of Salmonella isolates and number of subsampled

reads according to the time of their generation.

. Total reads
Isolate l\rl;Vr:l?ee; dzf To(t'\fjllb%fges Mean length 'Y;?%'&n after Mean depth
filtering
G1BLS3_3 131646 357.57 3482.54 2453 102676 71.65
G2BLF1_3 29495 205.53 8819.87 5706 23303 43.62
G2MOS1,_2 26713 114.32 5405.41 3158 21149 23.33
G2M4F3_3 17311 96.33 7044.57 43455 13674 20.4
G4BLF1 2 243766 1002.51 5247.22 3460 191055 209.96
G4BLS2_11 10933 64.92 7393.85 43955 8780 13.28
G520BLSL 29951 15452 6618.00 3835 23349 32.91
G5—2515'-51 7749 50.91 8328.76 43595 6112 10.72
HNG1S2_2 24937 172.52 8733.18 5282 19755 36.93
HNG1S2_3 15291 88.72 7233.23 3353 12265 18.96
Tme B @ @ 0 20 @ w0 Bw
mins mins mins mins mins mins mins mins
';‘f“:zggg 3481 8326 20095 48679 105260 200706 337642 422052 422118
Table 19. Mean depth of the filtered Nanopore subsampled reads set.
15
Isolate min 330 6.0 1.20 240 42.30 950 15.00 Full
mins  mins  mins mins mins mins mins
G1BLS3 3 0.53 1.31 3.35 8.43 18.79 36.06 58.6 71.64 71.65
G2BLF1 3 0.19 0.64 1.7 4,22 9.65 19.88 34.82 43.62 43.62
G2MO0S1 2 0.12 0.37 0.92 2.5 5.66 11.21 19.01 23.33 23.33
G2M4F3 3 0.17 0.43 1 2.36 5.23 10.24 16.7 20.4 20.4
G4BLF1 2 0.86 2.21 6.16 16.94 41.98 90.06 164.39 209.94 209.96
G4BLS2_11 0.11 0.23 0.73 1.68 3.61 6.82 10.96 13.28 13.28
G5 20BLS1 1 0.16 0.45 1.26 341 7.81 15.34 26.29 32.9 32.91
G5 25BLS1 1 0.08 0.27 0.67 1.45 3.02 5.53 8.82 10.72 10.72
HNG1S2 2 0.27 0.71 1.77 4.1 9.14 17.85 29.92 36.93 36.93
HNG1S2_3 0.18 0.38 0.86 2.24 4.86 9.51 15.55 18.95 18.96
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Figure 11. Mean depth of (A) the complete filtered reads set obtained from Illumina and

Nanopore sequencing, and (B) the subsampled filtered Nanopore reads.

As we explained in the previous chapter, it is common to obtain a variable amount

of reads between different barcoded samples when multiplexing during the library

preparation step of the sequencing process (Table 17, 18, Figure 11A); this phenomenon

was also reflected in all the subsampled reads over time (Table 19, Figure 11B), this may

be largely caused by the difference in sequenced fragment sizes as explained above. The

difference between the mean depth values from Nanopore in comparison to Illumina

occurred because, unlike the previous chapter, in this case, we barcoded 12 isolates to
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sequence them using one flowcell with the maximum number of barcodes present in the
Rapid Barcoding Sequencing kit (SQK-RBKO004), of which only 10 were chosen for
further analysis due to contamination of the remaining 2 (data not shown). Additionally,
after 1500 mins (25 h.) we could see that no more data was generated (Table 19, Figure
11B), which could have been caused by the early clogging of the pores of the flowcell
used, a problem generally attributed to the use of the Rapid Barcoding Sequencing Kit
(Maghini et al., 2021) (see https://community.nanoporetech. com/contaminants). Despite
the limitations presented, we aimed to optimize the use of resources while testing the
limits of this platform in the identification and characterization of the leading foodborne
bacterial pathogen in the U.S. optimizing the use of a sequencing flowcell with MinlION

(Eng et al., 2015).

Species identification, serotyping, and specific pathogenic islands determination

No species other than Salmonella were identified in the reads from both platforms
(Figure 12A, B), classifying an average of 25.53% and 5.28% reads specifically for
Salmonella in Illumina and Nanopore, respectively. This step took an average of 2 s per
isolate using 1 core (2.8 Gb). Additionally, we could confirm the identity of the isolates
from the 15 mins subsampled filtered reads (Figure 12C). As the result of the serotype
prediction performed on the best hybrid assemblies, we were able to obtain the antigenic
profiles and the serotype name based on the Kauffman White Scheme of all the analyzed
isolates (Table 20). The serotypes found were Bareilly (n = 3), Litchfield (n = 4),
Newport (n = 2), and Muenchen (n = 1). Comparing these results and the serotype

prediction performed using the subsampled reads as input, we demonstrated that 480
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mins (8 h.) of Nanopore sequencing were enough to determine the serotype of all our

isolates without requiring prior reads assembly. It took an average time of 5 s with 1 core

(2.8GDb) for the detection of serotypes per isolate using the full Nanopore filtered reads.

However, the identification of Salmonella pathogenicity islands (SPIs) carried out

directly in both filtered Nanopore and Illumina reads, was not similar to the results

obtained from the same analysis using the best hybrid genomes as input (data not shown).

When taking a look at the lengths of the sequences in the spifinder database (retrieved on

June 28, 2021), we could see that the hits that could not be detected with the reads came

from sequences of up to 133,638 nucleotides, we decided thereby to include the same

analysis after obtaining all the assemblies from the subsampled reads (see below).

/A G1BLS3_3 T7 G2M0S1_2 O G4BLF1_2

G5_20BLS1_1 <> HNG1S2_2

A G28LF1_3 {» G2M4F3_3 4 G4BLS2_11 [0 G5_25BLS1_1 [ HNG1S2_3
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+
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Figure 12. Percentage of reads classified to species level by Kraken 2 in the filtered reads set

from (A) lllumina and (B) Nanopore, as well as for (C) the subsampled filtered Nanopore reads.
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Table 20. The antigenic profile of the Salmonella isolates and from which set of reads it could

be detected. The antigenic profile of Salmonella is composed of: O, O-antigen or somatic antigen;

and two H-antigens or flagellar antigens.

Dl wm m ee so
G1BLS3_3 7= 7:y:1,5 7iy:1,5 7iy:1,5 7iy:1,5 7iy:1,5 7iy:1,5 Bareilly
G2BLF1_3 V- 8:1,v:1,2 8:1,v:1,2 8:1,v:1,2 8:1,v:1,2 8:1,v:1,2 Litchfield
G2MO0S1_2 --11,5 --11,5 -y:15 7:y:1,5 7:y:1,5 7iy:1,5 7iy:1,5 7iy:1,5 Bareilly
G2M4F3_3 8 8:-:11,2 8:1,v:1,2 8:1,v:1,2 8:1,v:1,2 8:1,v:1,2 8:1,v:1,2 Litchfield
G4BLF1_2 --1,2  -ehil,2  8ehl2 8ehil2 8ehl2 8ehil2 8ehl2 8:¢,h:1,2 Newport
G4BLS2_11 7 7iy:1,5 7iy:1,5 7iy:1,5 7iy:1,5 7iy:1,5 Bareilly
G5_20BLS1 1 8:d:1,2 8:d:1,2 8:d:1,2 8:d:1,2 8:d:1,2 Muenchen
G5 _25BLS1 1 -eh1,2  8eh:l,2 8ehl2 8ehil2 8ehl?2 8:¢,h:1,2 Newport
HNG1S2_2 --11,2 --11,2 -lhvil,2 8:lv:12 8lwv:12 8ilvi1.2 8:1,v:1,2 Litchfield
HNG1S2_3 -lhvil,2 -lvil,2 8:lv:12 8lv:12 8ilv:l.2 8:1,v:1,2 Litchfield

Again, the percentage of filtered reads of Nanopore assigned to Salmonella

enterica is lower than that of Illumina, a possible effect of the higher error rate of

Nanopore with respect to Illumina, ~10% and ~1%, respectively (Chandak et al., 2020;

Tyler et al., 2018), or as mentioned before the specificity of this analysis benefits from

the larger size of the reads since the greater the size of a read, the greater number of k-

mers specific to a species will be required to classify that read to that specific taxon

(Leidenfrost et al., 2020; Pearman et al., 2020). And as in the previous chapter, we were

able to detect the specific species in the 15 mins subsampled reads.
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The species Salmonella enterica has six subspecies with more than 2600
serotypes that differ from each other based on their O-antigen, as well as, their H-antigen
in which depending on the strain, an additional H-antigen may be present as a result of
flagellar phase variation produced by different expression levels of the invertase hin and
the fliC repressor gene fljA (Andino & Hanning, 2015; Barco et al., 2014; Brenner et al.,
2000; Crump & Wain, 2017). Traditional serological techniques for the identification of
the antigenic profile of Salmonella relied on the availability of more than 150 specific
antisera and well-trained personnel to correctly interpret the results (Diep et al., 2019;
Wattiau et al., 2008), whereby autoagglutination or loss of antigen can lead to false
positives (Wattiau et al., 2008). The appearance of techniques based on the detection of
loci or genes related to the production of different combinations of antigens in
Salmonella gave rise to bioinformatic tools that (Herrera-Leon et al., 2007), through the
use of databases previously generated from different isolates, seek to predict the antigenic
profile through WGS, for instance, SeqSero, a k-mer based algorithm for rapid serotype
prediction from raw reads or genome assemblies (Zhang et al., 2019), which showed 98%
concordance with serotyping reported from routine use on 520 isolates (20 serotypes) (S.
Banerji et al., 2020). All of the serotypes identified in the isolates tested are multi-host
and have been reported as responsible for different outbreaks in the U.S. (CDC, 2008,
2016, 2020; Chapple et al., 2017; Hoffmann et al., 2016). Several studies have shown
high precision when determining serotypes using in silico tools with the raw data
generated from WGS (Sangeeta Banerji et al., 2020; Ibrahim & Morin, 2018; Mohammed
& Thapa, 2020; Xu et al., 2020), herein, we achieved to serotype the isolates tested even

at 480 mins (8 h.) of sequencing time with Nanopore, which reduces the time and
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computational resources required to subtype different Salmonella serotypes (Taylor et al.,
2019). In the previous chapter, we had to assemble the sequences to detect all the
antigens of the E. coli serotypes, this could be due to the fact that the size of the
sequences for the identification of the H antigen used by SeqSero is shorter compared to

the used for E. coli (Figure 13), requiring less query coverage to determine specific

antigenic profiles.
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Figure 13. Distribution of gene length in the O- and H-antigen database used by SeqSero
(retrieved in October 2020).

Continuity of the Genome Assemblies

In spite of the low mean depth values obtained from the Nanopore sequencing
with values below 45x, i.e., the recommended value for scaffolding of bacterial genomes
(Goldstein et al., 2019; Karlsson et al., 2015), except for the isolate GABLF1_2 (Table

18), high values of N50 and a low number of contigs were obtained from the assessment
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of the best hybrid genomes thus demonstrating high continuity which is mostly the effect

of Nanopore long reads (Table 21). For comparison of the subsampled reads, we were

able to obtain assemblies for all of our isolates starting at 120 mins (2 h.) due to the

unequal mean depth values, hence the assemblies generated from the set of subsampled

reads at 120 mins was used as the starting point for the subsequent comparisons.

Wherein, after 480 mins (8 h.), we could obtain assemblies significantly similar to those

produced from the full set of reads (o = 0.05) (Figure 14A, Table 22).

Table 21. Assembly metrics for the best hybrid assemblies obtained for each Salmonella isolate.

Number of Largest

Isolate ; ; Total length GC (%) N50 L50
contigs contig
G1BLS3 3 3 4808067 4986936 52.07 4808067 1
G2BLF1_3 1 4722110 4722110 52.25 4722110 1
G2MO0S1 2 2 4837849 4909251 52.09 4837849 1
G2M4F3_3 1 4722253 4722253 52.25 4722253 1
G4BLF1_2 1 4784938 4784938 522 4784938 1
G4BLS2_11 2 4823151 4894546 52.01 4823151 1
G5_20BLS1_1 1 4699744 4699744 52.13 4699744 1
G5_25BLS1 1 2 4739838 4741384 52.25 4739838 1
HNG1S2_2 1 4675899 4675899 52.27 4675899 1
HNG1S2_3 1 4675843 4675843 52.27 4675843 1
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Figure 14. Multivariate comparisons based on continuity between assemblies created from subsampled

filtered Nanopore reads. (A) Comparison between PC1 values associated with continuity of the assemblies
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obtained from the subsampled reads against the full set of filtered Nanopore reads with respect to time. (B)
Contribution plot of the variables used for the multivariate analysis. The colors in the arrows represent the
contribution weight for each variable, with a gradient from light blue (low contribution) to red (high
contribution). PC1 and PC2 explain 80% and 11.9% of the total variance of the complete data set,
respectively. ***: p-values < 1E-02.

Table 22. p-values obtained from the Dunn's Multiple Comparison between the PC1 values
associated with continuity of the assemblies obtained from the subsampled reads against the full

set of filtered Nanopore reads with respect to time.

Corrected
p-values

120 mins  -3.70 2.125E-04 2.017E-03
240 mins  -3.38 7.331E-04 3.480E-03
480 mins  -1.68 9.343E-02 1.774E-01
960 mins  -0.41 6.789E-01 9.916E-01
1500 mins 0.09 9.306E-01 1

Z p-values

Goldstein et al. (2019) demonstrated that low complexity genomes can be
assembled with low reads yield as well as low mean depth values, wherein the factors
that contribute to increasing genomic complexity are an elevated GC content (Benjamini
& Speed, 2012; Goldstein et al., 2019), as well as, the presence of mobile genetic
elements (Bohlin et al., 2017; Hayek, 2013). For which, the analyzed assemblies showed
an expected GC content for the species S. enterica (~52.2%) which is considered
intermediate GC content (Papanikolaou et al., 2009), and that in subsequent analyzes we
were able to show a low prevalence of mobile genetic elements (see below) thus
contributing to the low complexity of the assembled genomes and explaining the reason
for their high degree of continuity.

By observing the loading plots (Figure 14B), we can confirm how the N50, the total

length of the genome, and the length of the largest contig are positively correlated as a
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function of the angles of the vectors that represent them; in addition, these parameters are
negatively correlated with the L50 and the total number of contigs, which are related to
the degree of fragmentation of the assemblies (Thrash et al., 2020). Furthermore, in the
loading plots (Figure 14B), we were also able to corroborate that the total estimated
genome size is the parameter that contributed the least variability in the analysis, which
shows that the length of the readings and the mean depth obtained from the Nanopore
sequencing were sufficient to achieve assemblies with sizes that were close to those
obtained from the full set of reads from early stages of sequencing thanks to the low
complexity of the analyzed genomes (Fachada et al., 2016; Goldstein et al., 2019; Zitko,

1994).

Features annotation in genome assemblies

In Table 23, we can see the features annotated in the best hybrid genomes of the
Salmonella isolates. From which, only G1BLS3 3, G2ZM0S1 2, G4BLS2 11,
G5 25BLS1 1, and G2_25BLS1 1 have plasmids. However, multiple prophages could
be predicted in all the isolates tested. Additionally, several CRISPRs could be detected in
the 10 isolates, and, we were also able to find certain Biosynthetic gene clusters (BGCs)
in these assemblies, among which we found non-ribosomal peptide synthetases (NRPSS),
thiopeptide, bacteriocins, and oligosaccharides. In addition, genes, repeated regions,
rRNA, tmRNA, and tRNA were also annotated in all the assembled genomes. These
features, except for the number of BGCs, as well as, the number of plasmids that showed
a variance equal to 0 in 6 isolates (data not shown), were employed in the multivariate

comparison against the assemblies created from the subsampled Nanopore reads. Finding
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that from 960 mins (16 h.), we were able to obtain results significantly similar to those
obtained from the best hybrid assemblies (o = 0.05) (Figure 17A, Table 23). Wherein,
except for the GC content that contributed less than other variables to the total variation,
all the variables analyzed had a positive correlation and contributed negatively to PC1

(Figure 15B).

Finally, from the SPIs search we carried out with the assemblies, we could obtain

all hits in the subsampled reads of the times shown in Table 25.

Table 23. Number of annotated features for the best hybrid assemblies obtained for each
Salmonella isolate. rRNA, ribosomal RNA; tmRNA, transfer-messenger RNA; tRNA, transfer
RNA; CRISPRs, clustered regularly interspaced short palindromic repeats; BGCs, biosynthetic

gene clusters.

Isolate Genes Rri%?g:;d rRNA tmRNA tRNA Plasmids CRISPRs BGCs Prophages
G1BLS3 3 4834 1 22 1 86 1 8 2 6
G2BLF1_3 4464 2 22 1 85 0 9 2 5
G2M0S1_2 4746 1 22 1 87 1 8 2 7
G2M4F3_3 4477 2 22 1 85 0 9 2 5
G4BLF1_2 4545 2 22 1 85 0 8 2 5

G4BLS2_11 4728 1 22 1 87 1 8 2 6
G5_20BLS1_1 4456 1 22 1 84 0 7 2 4
G5_25BLS1 1 4491 2 22 1 85 1 8 2 4

HNG1S2_2 4415 2 22 1 85 0 9 2 4

HNG1S2_3 4413 2 22 1 85 0 9 2 4
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Figure 15. Multivariate comparisons based on genomic features between assemblies created
from subsampled filtered Nanopore reads and best hybrid assemblies (Gold). (A) Comparison
between PC1 values associated with genomic features of the assemblies obtained from the
subsampled reads against the best hybrid assemblies with respect to time. (B) Contribution plot of
the variables used for the multivariate analysis. The colors in the arrows represent the
contribution weight for each variable, with a gradient from light blue (low contribution) to red
(high contribution). PC1 and PC2 explain the 65.2% and 16.7% of the total variance of the
complete data set, respectively. ****: p < 1E-04. ***; 1E-04 < p < 1E-03. **: 1E-03 < p < 1E-02.
*: 1E-02 < p < 5E-02.

Table 24. p-values obtained from the Dunn's Multiple Comparison Test between the PC1 values
associated with genomic features of the assemblies obtained from the subsampled reads against

the best hybrid assemblies with respect to time.

z p-values  Corrected
p-values

120 mins  5.50 3.811E-08 1.239E-06
240 mins 4.58 4.588E-06 7.457E-05
480 mins 3.50 4.689E-04 3.049E-03
960 mins 2.19 2.863E-02 9.307E-02
1500 mins 1.66 9.596E-02 2.080E-01
Full 1.81 6.961E-02 1.741E-01
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Table 25. Pathogenic islands specific for Salmonella detected from the assemblies of the
analyzed isolates. C63PI: centisome 63 pathogenic island. CS54: centisome 54. SPI: Salmonella
Pathogenic Island

Isolate Salmonella Pathogenic Island Time
G1BLS3 3 C63PI1,CS54,SPI-1,SPI-13,SPI-14,SPI1-2,SPI-3,SP1-4,SPI-5 120 mins
G2BLF1 3 C63PI1,CS54,SPI-1,SPI-13,SPI-14,SPI1-2,SPI-3,SP1-4,SPI-5 240 mins
G2MO0S1 2 SPI-1,SPI-13,SPI-14,SPI-2,SPI1-3,SPI-4,SPI-5 240 mins
G2M4F3 3 SPI-1,SPI-13,SPI-14,SPI-2,SPI-3,SPI-4,SPI-5 480 mins
G4BLF1 2 C63PI1,CS54,SPI-1,SPI-13,SPI-14,SPI1-2,SP1-3,SP1-4,SPI-5 240 mins
G4BLS2 11 C63PI1,CS54,SPI-1,SPI-13,SPI-14,SPI1-2,SPI-3,SPI1-4,SPI-5 1500 mins
G5 20BLS1 1 C63PI,CS54,SPI-1,SPI-13,SPI-14,SP1-2,SPI-3,SPI-4,SP1-5 480 mins
G5 25BLS1 1 SPI-1,SPI-13,SPI-14,SPI-2,SPI-3,SPI-4,SP1-5 1500 mins
HNG1S2 2 C63PI1,CS54,SPI-1,SPI-13,SPI-14,SPI1-2,SPI-3,SP1-4,SPI-5 240 mins
HNG1S2_3 C63PI1,CS54,SPI-1,SPI-13,SPI-14,SPI1-2,SPI-3,SP1-4,SPI-5 240 mins

In these isolates, we found a reduced number of plasmids, limiting the use of this
variable to compare all isolates. Yet we could find an average of 5 prophages, a value
close to 5.29, i.e., the average number found by Bobay et al. (2013) from 21 analyzed
genomes of S. enterica. Prophages encompass the largest horizontal gene transfer
mechanisms in Salmonella, contributing genes in up to 5% of the total genomic content
(Wahl et al., 2019). Prophages can be present in a dormant state and be vertically
transmitted and induced under stress conditions, such as DNA damage or upon entering
the gut of a host (Kim et al., 2014; Wahl et al., 2019); or they may also undergo
spontaneous induction, which can provide phenotypic advantages to the strain that
harbors them (Bossi et al., 2003). Whereas, the presence of CRISPRs in all our isolates is
clear evidence of the adaptive immune response of bacteria against certain phages, and
can provide key insights for phylogenetic inferences focused on the accessory genome

present in different Salmonella serotypes to understand the horizontal gene transfer
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events to which they have been subjected (Gupta et al., 2019; Kushwaha et al., 2020), as
well as, the presence of certain CRISPRs can be associated with regulatory mechanisms
of biosynthetic pathways present in Salmonella, such as the regulation of quorum sensing
through CRISPR-cas3 for the production of bacterial biofilm (Cui et al., 2020; Kushwaha
et al., 2020). On the other hand, the exploration of BGCs can lead to a better
understanding of the chemical communication used by this pathogen, opening the door to
the detection of targets for the decontamination of these isolates through disinfectants or
specific antimicrobials (Gulick, 2017), as well as, identifying strains capable of
generating biofilms and attaching to several food matrixes, which can prevent eventual
cross-contamination between food batches in a manufacturing plant or supermarket, thus
reducing the risk of an outbreak occurring (Galié et al., 2018; Wang et al., 2013). Despite
having found BGCs distributed in our isolates, we could not use them as a variable in our
multivariate analysis since 6 isolates had no variability. Indeed, this could be the result of
obtaining assemblies with a size similar to that of the best hybrid assemblies with
subsampled reads from early sequencing stages thus benefiting the prediction of BGCs
through the compositional analysis performed by Antismash, which is favored by the
continuity of these assemblies (Blin et al., 2019; Goldstein et al., 2019). Finally, we
included the ANI values and BUSCO scores in the genomic features multivariate
analysis, which indicate how identical the assembly generated is to a reference genome
(Chen, Erickson, et al., 2020) and how complete this same assembly is based on highly
conserved housekeeping orthologs present in the family Enterobacteriaceae (Seppey et

al., 2019), respectively.
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Salmonella pathogenic islands (SPI) have been the object of study because they
are genomic regions that harbor virulence genes associated with the pathogenicity of
Salmonella (Lyu et al., 2021). At present, 24 SPIs have been identified, but not all have
been experimentally validated (Lerminiaux et al., 2020). SPI-1 and SPI-2 are related to
the pathogenicity of Nontyphoidal Salmonella (Suez et al., 2013), the first of these plays
a fundamental role in the invasion of host cells and the regulation of the host's immune
response (L. Lou et al., 2019), and the latter is involved in intracellular survival and
replication (Abd El Ghany et al., 2016; L. Lou et al., 2019; Lyu et al., 2021). As shown in
Table 25, the isolates with the lowest mean depth values (G4BLS2_11 and
G5_25BLS1_1 with 13.28x and 10.72x, respectively) were the bottleneck for obtaining
the SPIs from the best hybrid genomes, and in spite of the high continuity that all
assemblies presented, low mean depth values provide insufficient information to improve
the quality of the sequences, hence the data generated at 1500 mins (25 h.) was necessary
to improve precision when detecting long elements (Leidenfrost et al., 2020). An average
of 33 mins was necessary to obtain the assembled genomes from full Nanopore reads

with the implemented bioinformatics pipeline using 32 cores (89.6 Gb).

AR and VFs genes annotation

In the searches we carried out in the best hybrid assemblies, we were able to find
that all isolates harbor genes that could make them multidrug resistant (Figure 16A).
According to the report of the greatest threats regarding AR generated in 2019 in the U.S.

(CDC, 2019), Nontyphoidal Salmonella is considered a serious threat, which could be
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explained since the situation has been aggravating in recent years as antibiotic resistant
clones of this species are frequently implicated as etiological agents in outbreaks that lead
to a greater number of affected patients with severe Salmonellosis (Nair et al., 2018). The
essential first and second line drugs to treat this disease are ceftriaxone (cephalosporin
type), ciprofloxacin (fluoroquinolone type), ampicillin (penam or penicillin type),
azithromycin (macrolide type), and trimethoprim-sulfamethoxazole (sulfonamide) (CDC,
2019; Nair et al., 2018). Whereby the detection of these resistance genes towards these
drugs is of great vitality to find a way to counteract the presence of this pathogen in
reservoirs, including food animals (Nair et al., 2018; Souza et al., 2020; Zhao et al.,
2009). Among the resistance patterns predicted, we can find the antibiotics used for the
treatment of severe Salmonellosis already mentioned (Figure 16A). Nonetheless, it is
important to emphasize that the results obtained provide a broad panorama regarding the
potential resistance mechanisms the studied isolates may have, however in some cases
genotypic results may not be reflected in the phenotypic tests due to possible regulatory
mechanisms that do not favor the expression of the genes found, and the presence of
mutations or genes not previously described that confer resistance to these or different
antibiotics (Hendriksen et al., 2019; Koser et al., 2014). For this reason, it would be
important to be able to carry out antimicrobial sensitivity tests for these isolates in the
event that they represent a threat to the owner of the orchard from which they were

isolated (Ellington et al., 2017).

On the other hand, the set of VFs detected in the best hybrid assemblies (Figure 16B) in

conjunction with the presence of SPI-1 and SPI-2 in all isolates (Table 25) could favor an
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intracellular invasion of host cells (Lerminiaux et al., 2020; Lixin Lou et al., 2019; Yeom

et al., 2020).
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Figure 16. Number of gene ontologies associated with (A) the AR and (B) the VVFs genes
identified in the best hybrid genomes (gene ontology was analyzed using the aro_index.tsv file
from the CARD and the intra-genera VVFs comparison tables from the VFDB for AR and VFs,

respectively).

178



The comparison of the hits obtained from the stringent AR search carried out in
the genomes of the subsampled reads against the hits obtained from the best hybrid
genomes was enough to obtain results significantly similar from reads obtained at 480
mins (8 h.) (o = 0.05) (Table 26, Figure 17A), although the hits obtained from the
stringent VVFs search was not enough to be significantly similar to the results obtained
using the best hybrid assemblies (o = 0.05) (Table 26, Figure 17B). Nonetheless, an
average of 96,37% of total hits found for the VVFs hits was determined in the searches
performed with the assemblies created using the full set of Nanopore reads for each
isolate, whereby from 960 mins (16 h.) no significant differences were obtained between
the results from these assemblies (Figure 17B). With the use of Nanopore sequencing
accompanied by bioinformatic tools that seek to get the most out of this technology, we
were able to capture a large portion of information from our isolates in 1500 mins (25 h.),
and despite being able to extend the turnaround time it is worth noting that 12 isolates
were sequenced in one flowcell, which implies a greater cost benefit and even portability

that the use of MinlON can offer (Bull et al., 2020).
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Figure 17. Identical hits ratio comparison between the genes obtained from assemblies created

using the subsampled filtered Nanopore reads. (A) Comparison of the hits obtained from the
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search for AR genes. (B) Comparison of the hits obtained from the search for VFs. **: 1E-02 <

p. *: 1E-02 < P < 5E-02.

Table 26. p-values obtained from the one-sample Wilcoxon signed rank test of the identical hits
ratio. P > 0.05 indicates that the results of the assemblies from the subsampled reads at that time
are significantly similar to the best hybrid assemblies.

AR genes Virulence factors
Corrected Corrected
p-values p-values
p-values p-values

120 mins  6.435E-03 3.861E-02 9.766E-04 3.514E-03
240 mins  2.895E-02 4.686E-02 2.929E-03 3.514E-03
480 mins  5.000E-01 6.000E-01 2.929E-03 3.514E-03

960 mins 1 1 4.545E-03 4.545E-03
1500 mins 1 1 2.913E-03 3.514E-03
Full 1 1 2.913E-03 3.514E-03

Phylogenetic inference

From the phylogenetic analysis of the best hybrid assemblies (Figure 18), we
could see that the isolates whose serotype was previously predicted, present low genetic
variability and grouped in clades that match the four different serotypes identified (Table
20). During the core SNPs matrices generation from the assemblies obtained using the
subsampled reads, we could notice that from the reads subsampled at 240 mins (4 h.), we
began to have enough data to carry out the phylogenetic analyzes, thereby we decided to
subsample the reads that were generated at 180 mins (3 h.) from which it was possible to
perform the pertinent phylogenetic analysis and its subsequent comparison with the trees
generated at later minutes. In the comparisons made, from 180 mins (3 h.), we could
obtain phylogenies significantly similar to those obtained from the best hybrid genomes

(a.=0.05) (Table 27). However, as mentioned in the previous chapter, we only took into

180



account the topology of the trees and not the length of the branches using a lambda value
of 0 in the distances calculations among trees when using the Kendall-Colijin test
(Kendall & Colijn, 2016). Therefore, we believe that these results would not represent
analyses where it is desired to quantify the amount of evolutionary divergence between
isolates (Paradis, 2016). It took 3 hours on average to carry out the phylogenetic analyzes

with the KSNP3-RAXML strategy using 16 cores (44.8 Gb).
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Figure 18. A maximum likelihood tree constructed using RAXML based on the core SNPs

dataset of the best hybrid assemblies for the 10 Salmonella isolates.
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Table 27. p-values obtained from the Kendall-Colijin test between the topologies of the core
SNPs phylogenetic trees generated from the subsampled filtered Nanopore reads and the best
hybrid assemblies.

Corrected
p-values

180 mins  3.34E-04 2.00E-03
240 mins  5.00E-03 3.00E-02
480 mins  6.31E-11 3.78E-10
960 mins  6.31E-11 3.78E-10
1500 mins 5.58E-08 3.35E-07
Full 5.58E-08 3.35E-07

p-values

Despite the high level of agreement with the results obtained of serotyping that
can be obtained with subtyping tools based on the genes involved in the synthesis of the
O antigen and the H antigens (S. Banerji et al., 2020), some strains still give rise to
discrepancies between the tests carried out in vivo compared to the results obtained in
silico, and this is usually due to the presence of complex groups of Salmonella, or a lower
proportion of novel Salmonella (Chattaway et al., 2019). As mentioned in the previous
chapter, SNP phylogenetic trees can offer key insights when understanding the origin of
an outbreak or identifying potential reservoirs of pathogenic bacteria (Kingry et al., 2016;
Lindsey et al., 2016; Schirch et al., 2018). Chattaway et al. (2021), through an extensive
analysis of sequence data generated from all Salmonella enterica isolates referred from
England and Wales to the Salmonella Reference Unit over 5 years, proposed to remove
the need for antibody based serotyping and make the transition to classification based on
phylogenetic methods from WGS data. Herein, we obtained isolates with the same
serotype grouped in the same unique clades, a result consistent with the findings obtained
from other phylogenetic analyzes that demonstrated a high correlation between the

antigenic profile of Salmonella and phylogenetic analyzes (Achtman et al., 2012; Alikhan
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et al., 2018). Through the time-based comparison using the assemblies created from the
subsampled Nanopore reads yielded from one flowcell and using the maximum number
of barcodes included in the Nanopore’s Rapid Barcoding Sequencing kit (SQK-
RBKO004), we could produce the necessary information to infer phylogenetic trees with
significant information in the topology that is present through the bioinformatic pipeline

that we used.

CONCLUSIONS
Exemplifying a real life scenario where it is required to lower costs and optimize

the use of resources, we show that Nanopore sequencing reads obtained from 3 hours in
this study could be used to obtain phylogenetic analyzes with a higher resolution than
other traditional techniques. And even at 25 hours, it can offer certain capabilities to
detect fundamental elements in case it is required to characterize molecularly a group of
isolates and identify potential reservoirs of Nontyphoidal Salmonella. With future
advances in the chemistry of this technology, as well as bioinformatic advances, it is
expected that the lower precision of Nanopore will be surpassed and it will become a
fundamental tool for the wide-range characterization of strains that can represent a danger

to the public health systems.
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APPENDICES

Appendix 1. Flowcells ID used for the sequencing of E. coli isolates in MinlON and
DNA purity values.

Isolate Flowcell ID 260/280 260/230 Conc[;rl:lt?ation
(ng/pl)
GIBLFL5 FAK59422 g, 13 25
G1BLF2_ 1 FAKG63170 1.95 1.61 25
GIMOS3_4 FAK59422 14 144 o
G1M4F3 31 FAKb59422 213 1.44 25
GAMOF1_ 1 FAK59422 2.12 1.96 25
G4AMOF2_14 FAKG63170 1.76 1.19 25
G5BLF1 1 FAKG63170 1.8 1.33 25
G5BLF3 3 FAK35917 1.94 1.63 25
G5BLF3 8 FAKG63170 1.76 1.12 25
G5M2P3_1 FAK63170 1 7g 1.06 25
G5M4F2_1 FAK35917  1gg 1.16 25
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Apendix 2. Metrics considered for the selection of the best hybrid assembly for E. coli

isolates.
N50 Number of contigs ILa igg:?:;:g;

Isolate Pilon  Unicycler  Pilon  Unicycler  Pilon  Unicycler
G1BLF1 5 376405 518023 33 43 1085267 1347791
G1BLF2_1 5314189 5314081 5 6 5314189 5314081
G1MO0S3_4 1349801 4359963 10 25 2489441 4359963

G1M4F3_31 97204 384227 70 51 391573 854945
G4AMOF1_1 2558830 2502980 7 14 2558830 2502980

G4AMOF2_14 4602735 751343 2 32 4602735 994287
G5BLF1_1 5447391 5399332 3 8 5447391 5399332
G5BLF3_3 4983366 4879966 9 9 4983366 4879966
G5BLF3_8 2904903 2886145 9 15 2904903 2886145
G5M2P3_1 4685726 2789679 2 15 4685726 2789679
G5M4F2_1 1420559 4063509 13 38 1546743 4063509
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Appendix 3. Flowcells ID used for the sequencing of Salmonella isolates in MinlON and
DNA purity values.

Sa_llmonella Flowcell 260/280  260/230 Concentration
isolates ID (ng/ul)
G1BLS3 3 FAK35809 1.85 2.16 25
G2BLF1 3 FAK35809 2.04 1.85 25
G2MO0S1 2 FAK35809 1.96 2.02 25
G2M4F3 3 FAK35809 2.02 2.23 25
G4BLF1 2 FAK35809 2.00 2.02 25
G4BLS2_11  FAK35809 1.94 2.02 25
G5 20BLS1 1 FAK35809 2.02 2.01 25
G5 25BLS1 1 FAK35809 1.96 1.63 25
HNG1S2 2 FAK35809 1.87 1.36 25
HNG1S2_3 FAK35809 1.69 1.06 25

Appendix 4. Metrics considered for the selection of the best hybrid assemblies for

Salmonella isolates.

N50 Number of contigs Length of the
largest contig
Isolate Pilon Unicycler Pilon Unicycler Pilon Unicycler

G1BLS3_3 4808067 4807632
G2BLF1_3 4722067 4722110
G2MO0S1_2 4837849 4686920
G2M4F3_3 4722253 4722116
G4BLF1_2 4784938 4784827
G4BLS2_11 1391112 4823151
G5_20BLS1_1 4699744 4699412
G5 _25BLS1_1 1188584 4739838
HNG1S2_2 4675899 4675794
HNG1S2_3 4675843 4675824

4808067 4807632
4722067 4722110
4837849 4686920
4722253 4722116
4784938 4784827
2055110 4823151
4699744 4699412
1638776 4739838
4675899 4675794
4675843 4675824
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