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ABSTRACT

Current databases for taxonomic classification of bacteria are very large,
computationally expensive and allow little to no customization. This study served to
decrease computational time and memory required to taxonomically identify foodborne
pathogens through incorporating the novel ColorID algorithm with the Nanopore
MinlON™ and to determine the limit of detection of Salmonella Enteritidis and Listeria
monocytogenes. Various fecal samples were prepared into 16S libraries and sequenced
via the MinlON™, The sequencing speed, computational power and efficiency were
determined with ColorID using an “all-bacteria” database compared with a database
consisting of relevant foodborne pathogens. Analyses were compared to bioinformatic
pipelines within QIIMEZ2 for Illumina data. The MinlON™/ColorID method using a
“pathogen-specific” database was more computationally efficient than an “all-bacteria”

database or QIIME2. The limit of detection of the MinlON™/ColorID method was 1.7



log and 4.1 log CFU/mI for Salmonella Enteritidis and Listeria monocytogenes,
respectively. These findings could greatly reduce computational time and resources

needed to detect pathogens, which could be used for many applications related to food

safety.
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CHAPTER 1
INTRODUCTION

Methods to identify the source of a foodborne outbreak are necessary to prevent
foodborne infections, which could lead to hospitalizations or death (Grutzke et al., 2019).
Additionally, the detection of pathogens in various matrices could prevent outbreaks from
happening initially; however, it is usually very difficult and expensive to use detection
tools on a routine basis to prevent outbreaks. When outbreaks do occur, it can take days
to weeks to receive confirmation of a pathogen in a sample to initiate a traceback (Bibby,
Ma & Stachler, 2017).

The purpose of this study is to find a method of taxonomic classification and
detection that is inexpensive, easy to use and computationally efficient in terms of speed
and power to identify pathogens by combining the Nanopore MinlON™ with the novel
ColorID algorithm. Although there have been numerous studies on the MinlON™ in
combination with other taxonomic classifiers (Benitez-Paez et al., 2016; Bibby, Ma &
Stachler, 2017; Kai et al., 2019; Nygaard et al., 2020), there have not been many that
balance both speed and computational power of taxonomic classification. Typically, a
classifier/algorithm prioritizes speed over computational efficiency or vice-versa
(Ainsworth, Sternberg, Raczy, & Butcher, 2017). The combination of these qualities
could not only provide rapid methods to find the source of an outbreak, but also provide

routine cost-efficient monitoring in processing environments.



The current study was performed by comparing the taxonomic classification
accuracy of the MinlON™/ColorID sequencing method with that of QIIME2 for Illumina
MiSeq data (the current gold standard). The computational resources (in terms of speed
and memory) were then compared between the two methods. Furthermore, the
computational resources of ColorID analysis were tested with a reference database using
“all-bacteria” versus one consisting of relevant foodborne pathogens. The limit of
detection of this method was tested using Listeria monocytogenes and Salmonella
Enteritidis, two pathogens absent in the initial analysis of the microbiome of goose feces.
These pathogens were spiked in controlled quantities (~6, 4 and 2 log CFU/ml) into
goose fecal samples. Subsequent DNA extraction, MinlON™ sequencing and ColorID
analysis was then conducted to determine the limit of detection. We hypothesized that the
MinlON™/ColorID sequencing method would be faster and more computationally
efficient than the MiSeg/QIIME2 sequencing method, and that the “all-bacteria” database
would be more computationally efficient than a database consisting of relevant foodborne
pathogens. The reduced computational resources could eliminate the need for a computer
and allow operations on a smartphone or home laptop, which could be used outside of the
laboratory. If verified, these expectations, combined with the expected detection of
certain foodborne pathogens, could result in the creation of an expedient and convenient

system to use within the food industry and beyond.



CHAPTER 2
LITERATURE REVIEW
Identification of Foodborne Pathogens

Foodborne pathogens, including bacteria, viruses, fungi and some parasites, have
become a significant health problem recognized by the public and governmental
agencies. Certain foodborne bacteria, such as Salmonella enterica, Listeria
monocytogenes, Campylobacter jejuni, Escherichia coli O157:H7, Staphylococcus
aureus, Vibrio spp. and Bacillus cereus are leading causes of foodborne illness (Zhao,
Wang & Oh, 2014). The Center for Disease Prevention and Control (CDC) estimate that
as many as 128,000 hospitalization and 3000 deaths occur annually from contaminated
food and drinking water (Vidic et al., 2019). Identification and characterization of
bacteria is extremely important in the realm of food safety for many reasons including
health implications, tracing foodborne illnesses back to a source to food processes and
understanding the fermentations of foods (Rhoads, Wolcott, Sun, & Dowd, 2012).

Conventional methods for foodborne pathogen detection, while specific in terms
of minimizing false positives, are expensive and time consuming, as they typically
involve preliminary identification with selective media, which can take up to 3 days as
well as the biochemical identification which can take a week or longer. As expected,
these methods are also labor intensive, as they involve preparation of media, inoculation
and colony counting, all of which increase the potential to introduce human error (Law,

Ab Mutalib, Chan, & Lee, 2014). They also require specific conditions, such as optimal



composition of the media, specific incubation temperatures, and defined atmospheric
conditions (Vidic et al. 2019). As stated, these methods depend on the microorganism to
grow in the media, a condition which has presented a problem for detecting viable, but
non-culturable bacteria (Law et al. 2014). These conventional methods thus have high
specificity at the cost of decreased sensitivity.

Molecular methods, in contrast, have been shown to be both sensitive and
specific, with the ability to detect relevant bacteria that have not been well described
(Rhoads, Wolcott, Sun, & Dowd, 2012).

Multiplex PCR is a nucleic acid-based method of detection that is faster than
traditional PCR and can amplify multiple gene targets. It can detect up to five or six
pathogens simultaneously (Law et al. 2014, Zhao et al. 2013). However, it generally
requires a pre-enrichment step to increase the number of cells and prevent detecting DNA
from dead bacteria (Vidic et al., 2019).

The incorporation of DNA sequencing methods allows improvements to
traditional identification techniques, eliminating the need to isolate colonies, allowing
uncultivable microorganisms to be studied and decreasing turn-around time (Rhoads,
Wolcott, Sun, & Dowd, 2012). Conventional techniques, including gram staining and
culture-based methods, can identify only identify around 0.1% of the bacterial
communities that exist and require isolation of pure cultures. As a result, they do not give
us insight into an important aspect of food matrices, known as the microbiome (Rhoads,

Wolcott, Sun, & Dowd, 2012).



DNA Sequencing

DNA sequencing began with Sanger sequencing, named after Frederick Sanger,
who, in 1975, determined a rapid method for determining the base pairs of DNA
constituting a sequence. This was done through priming synthesis with DNA polymerase
and chain-terminating dideoxynucleotides. This method was widely used for
approximately four decades. In 2003, the Human Genome Project came with refinements
in Sanger’s method of sequencing (Pareek, Smoczynski, & Tretyn, 2011). These
refinements ultimately led to the development of next generation sequencing (NGS)
technologies. These NGS technologies have revolutionized many fields in terms of
clinical diagnoses, outbreak investigations, forensics, antimicrobial resistance and more.
The versatility of these instruments has allowed numerous modifications to the
technologies and software to interpret these results (Jagadeesan et al., 2019). Next
generation sequencing technologies have enabled more extensive characterization of
bacterial genomes as well as taxonomic characterization of various microbiomes (Cao,
Fanning, Proos, Jordan, & Srikumar, 2017).

In terms of food safety, NGS technologies are typically used in two ways: Whole
Genome Sequencing (WGS) and Shotgun Metagenomics or Amplicon-based sequencing.
WGS involves the complete sequencing of the entire genome of a single species from an
isolate. This is useful for the surveillance of foodborne pathogens and outbreak
detection/root cause analysis of contamination events because of the increase in
molecular information gathered across the entirety of the genome allowing determination

of genetic relatedness between strains. This approach has steadily replaced traditional



forms of microbial identification, which rely on subtyping sequence changes across a
small portion of the genome (Jagadeesan et al., 2019).

Shotgun metagenomics, in contrast to WGS, allows random sequencing of the
genome of the entire microbiome without bacterial culture. Amplicon sequencing or
metabarcoding, is another approach that does not require bacterial culture, but involves
amplification and sequencing of specific target genes by PCR amplification (Jagadeesan
et al., 2019). These targets of the PCR amplification, also known as amplicons, are
commonly sections of the 16S RNA gene in bacteria and the 18S RNA gene in fungi. The
16S rDNA gene is typically used in studies of microbial diversity because the structure
consists of alternating conserved and variable regions. The conserved regions evolve
slowly, which allows universal primers to amplify these genes across different taxa, while
the variable regions evolve more rapidly, allowing for the detection of taxonomic
differences (Jovel et al., 2016).

The lllumina MiSeq

The Illumina MiSeq and Illumina HiSeq are currently the most widely used
platforms encompassed by NGS (Allali et al., 2017; Jagadeesan et al., 2019; Pareek,
Smoczynski, & Tretyn, 2011), although other sequencing platforms producing similar
data exist, such as lon Torrent and SOLID, owned by Life Technologies™. The MiSeq
works by sequencing clusters of DNA in parallel to provide a strong signal strength. The
technology is a ‘sequencing by synthesis’ method, in which new bases are integrated into
copies of the original DNA template and are measured and recorded (Jovel et al., 2014),

which allows high throughput of DNA; however, since the MiSeq sequences DNA in



parallel, it produces short read lengths around 100-300 base pairs long. These reads can
still be assembled into incomplete genomes, which can be used for many applications.

The MiSeq produces reads with an accuracy of over 99%; however, because it
produces relatively short read lengths, the short read length may result in a decrease in
sequence information, which affects correct classification of bacteria species (Kai et al.,
2019). In addition, the MiSeq as well as other NGS platforms require a high start-up cost
and can take days to weeks from extraction to analysis of DNA (Bibby, Ma, & Stachler,
2017).

Single-molecule sequencing, in contrast to parallel sequencing, has the capability
to produce long reads of up to 100 kb in length. These technologies are very useful for
determining complex genomic regions involving genomic rearrangements and repetitive
regions. Oxford Nanopore is a company that creates technologies which perform single-
molecule sequencing (Jagadeesan et al., 2019). The ability to sequence a single molecule
at a time enables new functions such as real-time data analysis and has distinguished
these technologies from traditional NGS technologies. Therefore, they are collectively
referred to as third generation sequencing (Benitez-Péez, Portune, & Sanz, 2016).

Oxford Nanopore MinlON™

The Nanopore MinlON™ developed by Oxford Nanopore in 2014 is a third
generation DNA sequencer that has several advantages over traditional platforms, in that
it is the size of a USB thumb drive and operates from a computer by a USB port,
allowing much greater portability (Benitez-Paez, Portune, & Sanz, 2016). It also has a
much smaller start-up cost at $1000 for the MinlON™ itself. It produces much longer

reads (up to 100kb) than second generation sequencers such as the Miseq (up to 300



bases) and can target the entire coding region of the 16S rDNA gene, which provides
detection with more accuracy and sensitivity than the MiSeq (Kai et al., 2019).

The MinlON™ works through a sensor measuring changes in ionic current while
DNA passes through one of the hundreds of nanopores. This change allows identification
of the different DNA bases by the different charges they generate (Magi, Semeraro,
Mingrino, Giusti, & D'Aurizio, 2018). In addition, the MinlON™ provides real-time
analysis of the results, since it outputs reads as it continues to sequence (Laver, 2014).
The accuracy and DNA throughput of the MinlON™ have increased through several
updates to the flow cell chemistry. The updates in software and chemistry are continuous
and the recent R9.4.1 flow cell chemistry has an accuracy of 85-90% (Maestri et al.,
2019).

Although the error rate has improved as a result of newer versions of the
technology, it is still lower than the 99% performed by other short read sequencers. This
low read accuracy can be a problem for analysis of samples with single nucleotide
variations (SNVs). Sequencing errors associated with Nanopore sequencing are generally
attributed to the lack of signal change in homopolymers and the inconsistent speed
through which DNA is threaded through the pore. In addition, the errors can be
compounded during signal interpretation. However, consensus sequences can be obtained
by sequencing the same samples through genome assembly, leading to accuracies of
more than 99%. (Rang et al., 2018).

As stated previously, the 16S rDNA gene is used due to its’ conserved nature and
because all bacteria possess it. Therefore, one marker can be used to identify the

majority of taxa found in a microbiome. The applicability of the 16S marker for



identification and differentiation of microbial organisms is preferred to shotgun
metagenomics in terms of cost efficiency and microbiome characterization. Although
shotgun metagenomics provides detection to the level of species and strain and can be
used to study many aspects of the microbiome beyond taxonomic composition, 16S
amplicon sequencing greatly decreases the cost of microbiome sequencing and can utilize
specific software programs that are not available for shotgun metagenomic approaches
(Laver, 2014).
Metagenomic Analyses for the MiSeq platform

Once sequenced, the data (sequences or ‘sequence reads’) need to be compared
against a reference database to determine the taxonomy that each sequence corresponds
to. The 16S region, although conserved, differs enough to distinguish among different
taxonomic affiliations (Bokulich et al., 2018). There are numerous software programs to
analyze 16S data, including QIIME and MOTHUR, in addition to databases, such as
Greengenes and RDP to train the sequences to taxonomic information. One significant
caveat with the 16S rDNA analysis is, since 16S has conserved regions that vary little
between species, the taxonomic resolution can be poor at the species level and will not
assign a species level assignment up to a third of the time (Laver, 2014). Another caveat
with the 16S rDNA analysis is that many bacterial species harbor multiple copies of the
16S gene in the same genome, which in some cases have diverged from each other by up
to 5%. This is significant because if it has diverged enough from a single reference
sequence, an accurate taxonomic assignment may not be possible (Laver, 2014).

QIIMEZ2, also known as Quantitative Insights into Microbial Ecology version 2,

processes raw 16S reads sequenced through the MiSeq. QIIMEZ2 uses plugins, such as



DADAZ2 (Callahan et al., 2016) and deblur (Amir et al., 2017), for quality control
purposes by clustering/filtering reads into amplicon sequence variants (ASVs) to reduce
sequence errors and dereplicate sequences. The filtered data is converted to taxonomic
information through machine-learning and alignment-based classifiers through the plugin
feature-classifier (Bokulich et al., 2018). Many different classifiers can be trained on
sequence information, each with their own strengths and weaknesses for classification of
16S amplicons (Bokulich et al. 2018). QIIME2 and MOTHUR are standard software
packages for analyzing 16S amplicon sequence data for the MiSeq. However, these
software packages are not compatible with newer long read technologies, such as the
MinlONT™™,
Metagenomic Analyses for the Nanopore MinlON™

Since the early days of metagenomics, several taxonomic classifiers have been
developed to analyze the data sequenced. Kraken (Wood & Salzberg, 2014) was one of
the first computational programs designed to quickly identify the reads in a metagenomic
sample. Kraken is an exact alignment classifier which works by matching k-mers
(smaller sub-sequences within a sequence read) to the lowest common ancestor in the
database, and using a taxonomy based algorithm to infer the classification of an
individual sequence read based on the information obtained from the individual kmers it
contains (Wood & Salzberg, 2014). The length of the k-mers can be adjusted with trade-
offs. Longer k-mers may have a decreased sensitivity and fail to match from sequencing
errors or differences between same species due to mutations; however, they come with
greater specificity. Shorter k-mers may have higher sensitivity but result in decreased

specificity from matches to multiple genomes (Breitwieser, Lu, & Salzberg, 2019).
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Although quick, Kraken requires 93 GB of RAM (Random-access memory) for just over
4000 genomes, which is more than the amount of memory on modern desktop computers.
Improvements in RAM usage and speed have been made for this algorithm (Wood, Lu, &
Langmead, 2019), but are still not sufficient for analysis on modern laptops or desktop
computers.

As new classifiers have developed, increased computational efficiency has
become a new focus in addition to rapid classification. The number of prokaryotic and
viral genomes that have been sequenced has risen to 447,833 by October 2017 and is
expected to double every two years (Bradley, Den Bakker, Rocha, Mcvean, & Igbal,
2019). This rapid increase in the number of genomes available presents computational
problems in terms of minimizing data processing and memory requirements for fast
analysis of sequencing from sample to classification. Analysis for metagenomic
classification initially used BLAST to compare reads with sequences deposited on a
database called GenBank. However, with the increase in the number of genomes in the
database, the computational power required became impractical (Breitwieser, Lu, &
Salzberg, 2019).

One program that addresses this problem is known as Centrifuge. Centrifuge is
based on the Ferragina-Manzini (FM) index and is modified to compress indices by
removing similar genomes among the same species through a concatenation method.
Utilizing the FM index also removes the sensitivity/specificity trade-off problem faced by
Kraken and other similar programs by allowing the search of k-mers at any length (Kim,

Song, Breitwieser, & Salzberg, 2016)
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ColorlD is a novel sequence algorithm that employs an exact search method
rather than alignment to classify raw sequences (den Bakker, 2018) This utilizes an
internal data structure known as the Bitsliced Genomic Signature Index (BIGSI), which is
similar to the Sequence Bloom Tree (SBT), a search engine data structure which indexes
for raw sequence data in the form of k-mers. Unlike SBT, BIGSI does not increase
storage requirements with an increase in unique k-mers, but linearly increases with the
number of datasets. This is important for bacteria, which horizontally transfer DNA,
resulting in variety among the same species. Therefore, using the BIGSI data structure
with bacteria is efficient because of the low k-mer sharing. This results in a significant
decrease in storage space (Bradley, Den Bakker, Rocha, Mcvean, & Igbal, 2019).

The BIGSI stores the k-mers in a bloom filter, which determines whether the k-
mers are present in the dataset. Multiple k-mers must be present in the sequence, which
reduces the false negative rate to near zero. Meanwhile, the false positive rate is user-
determined through certain parameters related to the bloom filter (Bradley, Den Bakker,
Rocha, Mcvean, & Igbal, 2019).

ColorID incorporates the BIGSI data structure and is written in the Rust
programming language to make it user friendly. ColorID can be used to search the
sequence data in the form of a compressed fastq.gz file against a reference database to
determine the percentage of k-mers shared or to classify the reads using a simple
majority-rule algorithm. This reference database can be custom made to have any
number/combination of species. If a database, also known as an index, is smaller, it will
be more computationally efficient due to the properties of the BIGSI (den-Bakker, 2018).

Though ColorlID contains many characteristics that distinguish it from other popular data

12



analysis software platforms, it has yet to be studied with actual sequence data straight
from the MinlON™ sequencing platform.

NGS and third generation sequencing technologies have revolutionized our
understanding of the gut microbiome. 16S rDNA sequencing has provided information
about the taxonomic composition of a food microbiome, whereas whole metagenomic
strategies have provided species-level to strain-level characterization (Cao, Fanning,
Proos, Jordan, & Srikumar, 2017).

Gut Microbiome of Geese

The microbiome is a community of microorganisms that inhabit an environment.
Microbiomes are very dynamic, varying between organisms and environments, and can
be influenced by factors such as diet and climate. Thus, it is necessary to monitor
population fluctuations of microorganisms within a microbiome to improve our
understanding of complex food matrices (The Kavli Foundation, 2020).

The gut microbiome of any animal is essential not only for health in terms of food
digestion, metabolism regulation, immune protection (Wu et al., 2018), but also in terms
of food safety and public health in animals involved in food production (Rothrock &
Locatelli, 2019). The microbiome refers to all the microorganisms, including their genes
and metabolites belonging to an organism or a niche. Poultry gut microbiota are of
unique importance due to characteristics associated with unique diets and physiological
features, such as a short gastrointestinal tract and high energy demands for flight (Wang
et al., 2018). Poultry gut microbiota differ immensely between species. However,

analyses have shown that four phyla dominate: Firmicutes, Proteobacteria,
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Actinobacteria, and Bacteroidetes (Wang et al., 2018; Drovetski et al., 2018; Rothrock &
Locatelli, 2019).

The preharvest environment contributes significantly to the ecology of the poultry
gut microbiome. Within poultry production facilities, environmental factors such as
hygiene within hatcheries (Stanley et al., 2013), housing type (Ludvigsen et al., 2016),
litter quality (Torok et al., 2009; Dumas et al, 2011) as well as external factors, such as
diet and feed additives affect the gut microbiome (Pan & Yu, 2014; Walugembe et al.,
2015; Videnska et al., 2013; Costa et al., 2017). Among wild animals, the gut
microbiome could be influenced by pollution as well as other human activities (Wu et al.,
2018). Seasonal changes also affect poultry microbiome composition, with studies
showing that fewer bacteria genera are found in the winter than in the spring or summer
(Oakley et al., 2018)

The gut microbiome of wild geese as well as other types of flying birds are
different than land dwelling birds, such as chickens. This is due to excess weight
inhibiting flying; however, quick digestion and excretion keeps weight at a minimum.
Wild geese feed on cellulose rich diets and the throughput time from digestion to
excretion varies from a few minutes to over an hour (Mattocks, 1971). However, the
cecum retains digests for a much longer time than other gut regions (Mattocks, 1971).
Therefore, microbiota from the cecum are more abundant, though less diverse, due to
opportunities for stability of richness throughout many generations of bacteria (Wang et
al., 2018). Microbiomes differ not only between species of poultry and within species of

poultry, but also regionally among areas of the gut.
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CHAPTER 3
MATERIALS AND METHODS
Relative Abundance and Computational Efficiency Analysis
Sample selection
Eight chicken, cow and goose fecal DNA samples were selected from a previous
project which had been 16S amplicon and shotgun metagenomic sequenced on the
Illumina MiSeq platform. These samples were sequenced with the MinlON™ on the
basis of containing an adequate DNA concentration, which was necessary to perform
downstream processes.
16S library preparation
The samples described were previously extracted using the Zymo Quick-DNA
Fecal/Soil Microbe Miniprep Kit (Zymo Research, Irvine, CA, USA) and quantified
using qubit fluorometer 3.0 (Life Technologies by Invitrogen™, Carlsbad, CA, USA). To
perform a single 16S rRNA gene sequencing run for multiple samples (i.e., a multiplex
run), all samples were diluted to 10ng in 10pl of Nuclease Free water (IBI scientific,
Dubuque, lowa, USA) as the input DNA. PCR amplification of 16SrRNA genes was
conducted using the 16S Barcoding Kit (SQK-RAB204; Oxford Nanopore Technologies,
Oxford, UK) with LongAmp Tag 2X Master Mix (New England BioLabs® Inc., Ipswich,
MA, USA) using a BioRad SmartSpec™3000 thermocycler. The thermocycler
parameters were as follows: 95°C for 1 min; 25 cycles of 95°C for 20 sec, 55°C for 30

sec, 65°C for 2 min, and a final extension step at 65°C for 5 min. PCR products were
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purified using AMPureXP beads (Beckman Coulter, Brea, CA, USA) on a DynaMag™
magnetic stand (Invitrogen™, Carlsbad, CA, USA), with two wash steps using 70%
Ethanol in nuclease-free water and eluted using 10mM Tris-HCI pH 8.0 (Quality
Biological™, Gaithersburg, MD, USA) with 50mM NaCl (Millipore Corporation,
Burlington, MA, USA). DNA samples were quantified using Qubit 3.0 fluorometer and
Qubit dsDNA BR assay kit (Invitrogen™ by ThermoFisher Scientific, Waltham, MA,
USA). Samples were pooled to a total of 75fmol and brought to 10ul volume with 10mM
Tris-HCI pH 8.0 with 50 mM NacCl. 1ul of Rapid Adaptor (RAP) was added to the
barcoded DNA and the library was placed on ice until ready to sequence.

16S sequencing

A FLO-MIN106 flow cell with R9.4 sequencing chemistry (Oxford Nanopore
Technologies, Oxford, UK) was opened, placed in the portable MinlON™ (Oxford
Nanopore) and checked for available number of pores via the MinKNOW software (ONT
Version 19.06.7) on a Dell intel Core i7 laptop with 15.5GB of RAM and a 1TB solid
state hard drive. The library, consisting of Sequencing Buffer (SQB), Loading Beads
(LB), Nuclease-free water and DNA library was added to a 1.5ml DNA LoBind tube for
a total volume of 75pul. The flow cell was primed with 800 pl priming mix, consisting of
30pl Flush Tether (FLT) and one tube of Flush Buffer (FLB) (EXP-FLP001) followed by
an additional 200pl priming mix. The prepared library was mixed and added dropwise
onto the SpotON sample port. The sequencing run was started with the experiment titled
“16S_Barcoding” and run for 22 hours 51 min and 41s. The initial bias voltage was set to
-180mV on the MinKNOW ‘run options’ tab, the default voltage recommended by

Oxford Nanopore for the start of sequencing. After sequencing, the flow cell was washed
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using Flow Cell Wash Kit (EXP-WSHO002) to prevent carryover into further experiments
on the same flow cell.
ColorID analysis

Following sequencing and basecalling of the 8 samples via the MinlON™, fastq
files were demultiplexed using Guppy v.3.4.1 (Oxford Nanopore Technologies, 2019).
Taxonomic identification of raw sequence data was done using ColorID, specifically
using the subcommand read_id (den-Bakker, 2018). Taxonomic identification of raw
sequence data from the same eight previously sequenced MiSeq samples was also
completed using ColorID for the purposes of comparing the relative abundances received
between both MiSeq and MinlON™ sequencers.

The speed and computational efficiency with which ColorID provides taxonomic
assignment was determined via the /usr/bin/time -v command. The speed/computational
efficiency was compared with an index consisting of 15,192 bacterial and some archaeal
full 16S rRNA gene sequences (Refseq+RDP database; Alishum, 2019), as well one
consisting of only relevant foodborne pathogens. This database consisted of 107 isolates
from the following genera and species: Listeria spp., Salmonella spp., Escherichia coli,
Klebsiella pneumoniae, Citrobacter spp., Yersinia spp., Campylobacter spp., Serratia
spp., Staphylococcus spp., and Clostridium spp. The time was recorded for the speed and
the RAM usage in MB was recorded in each case and compared to that of QIIMEZ2.
QIIMEZ2 analysis

Bioinformatic analysis of the previously sequenced raw 16S MiSeq reads was
performed with QIIME 2 2019.7 (Bolyen et al. 2019). The DADA2 plugin was used to

infer Amplicon Sequence Variants (ASVs), which dereplicate sequences and filter out
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additional sequencing errors (Callahan et al. 2016) (via g2-dada2). Taxonomic
classification of sequences was completed using two classifiers within QIIMEZ2, sklearn
and Vsearch. These two classifiers were chosen due to drastically different time (Table
4) required to taxonomically classify sequences as determined using the /usr/bin/time -v
command on these classifiers. Sklearn (Pedregosa et al., 2011) is a pre-trained Naive
Bayes Python tool that was used by QIIME2 as the default method in the ‘Moving
Pictures Tutorial’ (Moving Pictures Tutorial, 2019) to taxonomically classify sequences.
The classifier was trained on the Greengenes 13 8 97% database (McDonald et al.,
2012), which was selected by downloading the Greengenes 16SrRNA database under the
‘Data Resources’ tab in QIIME2. Following the ‘Moving Pictures Tutorial,” the ‘taxa-
bar-plots.qsv’ file was viewed, which showed the relative abundances of all bacteria in a
bar plot. ‘Level 6’ was selected, corresponding to genus level. A .csv file was
downloaded and the genera with the highest relative abundances were selected for
comparison with ColorID. The respective counts were divided by the total number of
counts to calculate the relative abundance.

QIIME2 taxonomic classification speed was also measured using Vsearch v.
2020.2.0 (Rognes et al., 2016), which is a consensus-based alignment plugin used by
QIIMEZ2 available under the ‘feature-classifier’ plugin (Bokulich et al., 2018). Reference
sequences were also clustered at 97% similarity; however, taxonomic labels were
required to assess a consensus taxonomy. Therefore, the Greengenes 97% taxonomy was
downloaded as well and used as input. The default parameters were used, except for the

‘p-maxaccepts VALUE’, which was set at ‘all’ to keep all hits greater than the default
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similarity, which was set at a proportion of 0.8 (80% identity to query sequence). The
time to classify sequences was also measured using the /usr/bin/time -v command.
Limit of Detection Experiment

Strain selection for limit of detection experiments

To determine the limit of detection of the MinlON™ for relevant pathogens, two
strains were selected that were not found in any of the samples during the analysis. These
strains were Listeria monocytogenes-2011L-2626 and Salmonella Enteritidis CC52. 10ml
of Brain Heart Infusion (BHI, Acumedia ®, Lansing, Michigan) for Listeria and Tryptic
Soy Broth (TSB, Acumedia ®) for Salmonella were transferred via serological pipette
into two 50ml Centrifuge Tubes (VWR ®, Radnor, PA). The tubes were then inoculated
with the strains and placed in a 37°C incubator overnight.
Optical Density and growth experiment

An Optical Density (OD) versus time experiment was conducted to grow strains
to mid-log phase. Following overnight incubation, Salmonella and Listeria cultures were
taken out of the 37°C walk-in incubator and sub-cultured (100ul) into 10ml of TSB and
BHI in two 50ml centrifuge tubes. Optical Density at 600nm was measured with a Bio-
Rad SmarSpec™3000 spectrophotometer at time 0 for each strain. Subsequent
measurements were recorded every 30 minutes until 90 minutes, where measurements
were recorded every hour until cultures reached stationary phase. A graph of ODeoo
versus Time (hours) was drawn on logarithmic paper and a central point was selected

manually as the optimal growth time for each strain.
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Serial dilution (Salmonella and Listeria pure culture)

Following overnight incubation, Salmonella and Listeria cultures were sub-
cultured (100ul) into 10ml of TSB and BHI in two 50ml centrifuge tubes. Cultures were
grown to mid-logarithmic phase based on prior collected data and the ODsgo Was checked
to ensure the cultures were in mid-logarithmic phase. Salmonella and Listeria cultures
were serially diluted by 7 logs in duplicate and plated onto sterile 100 x 15mm petri
dishes (VWR™, Radnor, PA, USA) with Tryptic Soy Agar (TSA, Neogen ®, Lansing,
MI, USA) for Salmonella and BHI with Plate Count Agar (Difco™, Sparks, MD, USA)
for Listeria using aseptic techniques. The plates were placed in the 37°C for overnight
incubation. The resulting colonies were counted and averaged to determine the estimated
concentration (CFU/ml) of the cultures.

DNA extraction (Salmonella and Listeria pure culture)

Immediately following serial dilution and plating, Salmonella (0.5ml, 8 log) and
Listeria (0.5ml, 8 log) were subjected to DNA extraction, according to the gram negative
and gram positive protocols, respectively, for the Qiagen DNeasy ® Blood & Tissue Kit
(Qiagen, Hilden, Germany). The resulting extracted DNA was quantified using Qubit
fluorometer 3.0 (Invitrogen).

Fecal sampling

Four fecal samples were obtained from different non-migratory Canada geese
(Branta canadensis) located on campus at the University of Georgia in Griffin, GA. The
samples were labelled and placed in a -20°C freezer until further processing. Due to a

large amount of grass in one of the samples, three samples total were used.
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Spiking experiment

Each of the 3 fecal samples were subjected to DNA extraction using a Zymo
Quick-DNA Fecal/Soil Microbe Miniprep Kit (Zymo Research, Irvine, CA, USA). The
standardized protocol, given by the instruction manual for the kit (Zymo Research;
Catalog No. D6010) was adjusted as follows: different amounts of each sample were
weighed out using an OHAUS Adventurer™ Pro Analytical Balance and the samples
were homogenized (Vortex Genie 2™, model G-560, Fisher Scientific) on ‘high’ for 20
minutes. The amount of fecal material was adjusted to obtain a DNA yield of at least
1ng/ul for each sample, as determined via qubit fluorometer 3.0, which corresponds to
the concentration needed for library preparation via the 16S barcoding kit.

For trial 1, 0.35g of one goose fecal sample (G-FS-1) was weighed out in 3 ZR
BashingBead Lysis tubes (Zymo) for Listeria spikes, enough for one replicate consisting
of 3 spikes (6,4,2 log CFU/mI). 0.30g of another goose fecal sample (G-FS-2) was
weighed out into 6 additional lysis tubes for Salmonella, which was enough for two
replicates of 3 spikes (6,4,2 log CFU/ml). Samples were placed in -20°C freezer until
DNA extraction.

Following overnight incubation at 37°C and corresponding growth to mid-log
phase, Listeria and Salmonella samples were serially dilution by 6 log and plated onto
BHI plates with Plate Count Agar and TSA plates, respectively in duplicate using aseptic
techniques. The plates were placed in the 37°C incubator for overnight incubation. The
resulting colonies were counted and averaged to determine the estimated concentration

(CFU/mI) of the cultures.
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Immediately following serial dilution and plating, BashingBead Buffer was added
to the prepared fecal samples in ZR BashingBead Lysis tubes, in accordance with the
Zymo protocol. Listeria and Salmonella spikes were added from different dilutions, as
shown in Figure 1 to the different lysis tubes for intended dilutions of 6, 4, and 2 log
CFU/ml (Figure 2). The spike in amounts were added based on the plate counts received
from pure culture and corresponded to 9.62ul and 10.56 ul for Listeria and Salmonella,
respectively. The plate counts described above were used to determine the actual
concentrations of the three dilutions. Following spikes, the DNA was extracted using the
Zymo Quick-DNA Fecal/Soil Microbe Miniprep Kit optimized protocol described
previously. The eluted purified DNA was quantified using Qubit fluorometer 3.0 and was

recorded.
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Figure 1.

6-log serial dilution scheme and three Listeria spikes (9.62pl; determined from previous
plate counts) yielding intended dilutions of 6,4,2 log CFU/mI. Actual plate counts
adjusted the intended dilutions.

22



cfu . . cfu
Wof 1st dilution X Spike In amount (ml) ~ 1. 0E6m

cfu . , cfu
Wof 2nd dilution X Spike In amount (ml) ~ 1. 0E4W

cfu o .
Wof 3rd dilution X Spike In amount (ml) ~ 1.0E2

cfu

ml

Figure 2.

Equations used to determine spike-in amounts from the first three pure culture dilutions
to give intended dilutions of 6, 4 and 2 log CFU/ml.

For trial 2, the serial dilution/plating and spike-in process was repeated with two
replicates for Salmonella and two replicates for Listeria (six individual samples each) for
a total of twelve samples. 0.17g of G-FS-2 was used for each of the twelve samples. Plate
counts and DNA concentrations were recorded.

Native barcoding using 16S primers

The Native Barcoding Kit was used along with 16S primers to increase
throughput of DNA from the 16S rRNA gene. As performed during library preparation
using the 16S Barcoding Kit, the DNA from the spikes was diluted to 10ng in 10ul of
Nuclease Free water. Individual samples were barcoded and prepped for PCR according
to the 16S barcoding protocol, but with 2ul of forward primer (27F) and 2l of reverse
primer (1492R) (Frank et al., 2008) in a thin walled 0.2ml strip tube. Amplified DNA
was cleaned up and eluted.

One pg of eluted DNA was diluted to 49ul with Nuclease-free water and DNA
repair and end-prep steps were performed with NEBNext FFPE DNA Repair Mix (2ul),
NEBNext FFPE DNA Repair Buffer (3.5ul) and ultra 11 End Prep Buffer (3.5ul)(New

England BioLabs® Inc.) being added to each diluted sample. The reaction was incubated
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in the thermocycler at 20°C for 30 min with the heated lid off. Three microliters of ultra
I1 End Prep-Enzyme Mix were then added. The samples were then incubated for 5 min at
20°C and 5 min at 65°C in the thermocycler to complete the DNA repair and end-prep
step. DNA barcoding and ligation and pooling of libraries as well as adaptor ligation and
clean-up was done according to the Native Barcoding genomic DNA Kit (SQK-LSK109;
Oxford Nanopore Technologies, Oxford, UK), with unique barcodes provided in the
Native Barcoding Expansion Kit (EXP-NBD104) and Blunt/TA Ligase MasterMix (New
England BioLabs). The Adaptor ligation and clean-up steps were performed using the
Short Fragment Buffer (SFB) to retain DNA fragments around 1,500 base pairs,
corresponding to the length of the 16S DNA fragment. DNA was eluted in elution buffer
(EB) and quantified.
Native barcode/16S sequencing

To sequence the first trial of Listeria/Salmonella spiked DNA, a flow cell (ID:
FAK51328) was primed and the prepared library was sequenced. The sequencing run
continued for ~3.5 hours until around 1 million reads were generated. The initial bias
voltage was set to -180mV. After sequencing, the flow cell was washed and stored at
4°C. The second trial of Listeria/Salmonella spiked DNA was sequenced with flow cell
(ID: FAK53605). The experiment ran for ~4 hr with an initial bias voltage set to -180mV.
This flow cell was also washed and stored at 4°C.
ColorlID analysis

Taxonomic identification of raw sequence data sequenced from the MinlON™
was done using ColorID, specifically using the subcommand read_id. Sequences from

accepted reads were blasted against the NCBI database (Altschul et al., 1990) for
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different minimum phred quality scores (Johnson et al., 2008). Based on the accuracy of
the taxonomic assignment generated via BLASTN, a relative percentage of accepted hits
of k-mers supporting the classification divided by the number of k-mers used as input for
the classification was determined to minimize the number of false positives using Spyder
v. 4.0.1 (Python Software Foundation). Based on this analysis, a relative abundance of
Salmonella and Listeria was determined for each trial/dilution. The overall limit of

detection for Salmonella and Listeria was determined from these results.
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CHAPTER 4
RESULTS
Relative Frequencies

The raw data from the eight previously processed and sequenced MiSeq samples
were analyzed by ColorID and QIIME2. Three out of eight samples are shown, one each
from Chicken, Cow and Goose samples, since samples from the same animal produced
microbiomes with similar composition. The relative frequencies of the most abundant
genera (genera with a relative abundance of more than 2% within the three selected
samples) were compared between the ColorID and QIIMEZ2 results. The results of this
comparison is shown in Figure 3. The total number of reads attributed to each of the
genera were divided by the total number of reads classified for each sample to give the

relative frequency for that genus.
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Bar graph showing comparison of relative frequencies of the most abundant
genera/rejected reads (taxa which made up at least 2 % of the total reads as determined by
read counts) from Chicken, Cow and Goose samples (one each shown) analyzed by
ColorID vs. QIIMEZ2. Error bars indicate the 95% confidence interval (n=2) among
replicates
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Regression analyses were performed via JMP Pro 15 for each sample as shown in
Figure 4. The line indicates the expected relative abundance of each genera within the
QIIMEZ2 pipeline given the observed relative abundance of genera in the ColorID results.
The points lying outside the 95% confidence interval (shown in pink) correspond to the
relative abundance of reads that were rejected via ColorID and QIIMEZ2 analyses. Reads

were rejected if no taxonomic classification was given.

0.1

0.05

0
0 0.05 0.1 0.15

g(lzg?t;?p?bt graph showing the 95% confidence interval (pink area) for the regression
fitting of genera from sample ‘Chicken’ that were analyzed by ColorID (y-axis) and
QIIME2 (x-axis), R-squared = 0.34, p = 0.22.

These analyses, represented in Table 1, showed that, when the rejected reads
were included in the analysis, there was no correlation between genera observed by
ColorID and QIIME2-based analysis (P = 0.222, 0.127, 0.141 for chicken, cow, and
goose, respectively). However, when the rejected reads were removed from analysis,
there was a correlation between genera observed by ColorID and QIIME2-based analysis
(p =0.019, 0.016, 0.022 for chicken, cow, and goose feces, respectively). Since there

was a correlation in relative abundance among ColorID and QIIME?2 analyzed data

despite the number of rejected reads from ColorID and QIIMEZ2 analysis being
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significantly different, it would be appropriate to compare the bioinformatic pipelines in
terms of computational efficiency to determine whether ColorID is more efficient than
QIIME2.

Table 1.

Results (P-value and R?) from regression analyses of relative abundances of genera from
‘Chicken, Cow and Goose’ samples analyzed by ColorID versus QIIME2 with and
without ‘rejected’ reads

Sample Rejected Reads? R? P-value
Chicken Y 0.34 0.2216
Chicken N 0.88 0.019
Cow Y 0.59 0.127
Cow N 0.97 0.0161
Goose Y 0.57 0.1413
Goose N 0.96 0.0216

Y — Yes, rejected reads were included in analyses; N — No, rejected reads were
not included in analyses
Similarly, the relative frequencies of the most abundant genera of the same three
samples that were sequenced by MiSeq and MinlON™ and analyzed by ColorID were
compared as shown in Figure 5. Detailed results of one of the regression analyses is

shown in Figure 6.
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Figure 5. Bar graph showing comparison of relative frequencies of the most abundant
categories in the read classification (genera or the category ‘rejected reads’ with a relative
frequency of more than 1% as determined by read counts) from Chicken, Cow and Goose
samples (one each shown) analyzed by MiSeq vs. MinlON™. Error bars indicate the 95%
confidence interval (n=2) among replicates.

Regression analyses showed that, for most samples, there was a correlation

between genera (determined by relative abundance) observed by MiSeq and MinlON™
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based analysis at p < 0.05 with or without including the reads that were rejected in the
analysis. Since there was a correlation between the sequencers based on relative
abundance, it would be appropriate to compare the sequencers in terms of sequencing and
computational efficiency to determine whether the MinlON™ is more efficient than the
MiSeq.
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Figure 6.

Scatterplot graph showing the 95% confidence interval (pink area) for the regression
fitting of genera from sample ‘Chicken’ that were sequenced by MiSeq (x-axis) and
MinlON™ (y-axis), R-squared = 0.55, p = 0.05.
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Table 2.

Results (P-value and R?) from regression analyses of relative abundances of genera from
‘Chicken, Cow and Goose’ samples sequenced by MiSeq versus MinlON™ with and
without ‘rejected’ reads

Sample

Rejected Reads R? P-value

Chicken Y 0.53 0.0411
Chicken N 0.55 0.0547
Cow Y 0.66 0.0266
Cow N 0.51 0.1087
Goose Y 0.85 0.0091
Goose N 0.992 0.0003

Y — Yes, rejected reads were included in analyses; N — No, rejected reads were not included in analyses

Sequencing Efficiency

Four 16S MinlON™ sequencing runs were selected to demonstrate the
sequencing efficiency of the Nanopore MinlON™ as shown in Table 3. The average
number of reads generated per second was 71.3. These results were compared to the
general output of the Miseq, which is greater than 20 million reads generated within 65
hours according to the 16S metagenomics Sequencing Library preparation protocol of
Illumina (Illumina, 2013). This yields 85.5 reads generated per second. When accounting
for the shorter lengths of MiSeq reads (averaging 300 base pairs), this would equate to
around 17.1 full length 16S reads generated per second, which is statistically different

(p<0.001) from 71.3 as determined using a Z-test for the mean with o = 0.05. This
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demonstrates that the MinlON™ was more efficient in terms of reads generated per

second.

Table 3.

Summary of reads generated per second of run time from four 16S Min[ON™ sequencing
runs

Reads Reads
Run time generated per
generated

second
16S_Barcoding 22h 51m 5.72M 69.5
Goose_Native 1 3h 29m 929.4K 74.1
Goose_Native 2 4h 11m 1.05M 69.7
Native_16S 3h 43m 958.8K 71.7

Computational Speed and Efficiency

QIIMEZ2 versus ColorID

To determine whether ColorID was faster and more computationally efficient than
the sklearn and Vsearch classifiers within QIIME2, the time to classification of the reads
and RAM usage were determined. For QIIMEZ2, sklearn, the default classifer used in the
‘Moving-pictures tutorial,” classified reads in 54 seconds with a RAM usage of 1,265
MB. The time of classification using the plugin, Vsearch, available in the ‘feature-
classifier’ plugin was 6 hours 12 minutes with a RAM usage of 1,850 MB. ColorID
classified the sequences in 4 minutes 22 seconds on average with a RAM usage of 281
MB per sample. Using sklearn, the time for classification was significantly less as
determined by a Z-test for mean with o = 0.05 (p<0.001) than ColorID; however, the
RAM usage was significantly less with ColorID than sklearn within QIIME2 (Z-test:

p<0.001). Using Vsearch, both the time for classification and the RAM usage were
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significantly greater than ColorID (Z-test: p<0.001). These findings are summarized in
Table 4.
Table 4.

Comparison of time and memory (RAM) of running QIIMEZ2 with two different
classifiers and ColorID

QIIME2 ColorID
Average
Vsearch sklearn
Time/Run (sec) 22,036 54 262.2
RAM (MB) 1,853 1,266 281.4
Threads 5 5 8

ColorID ‘all bacteria’ database versus ‘pathogen-specific’ database

To determine whether ColorID using an “pathogen-specific” database consisting
of 107 isolates was faster and more computationally efficient than ColorID using an “all-
bacteria” database consisting of 15192 isolates, the average time, reads per second and
RAM usage were compared between sequencing platforms (MiSeg and MinlON™) as
shown in Table 5. The average time, RAM usage and number of classified reads per
second from ColorID analysis of MinlON™ sequenced data using an ‘all-bacteria’
database were all significantly different as determined by a Z-test for mean, with o =0.05
(p<0.001) from a ‘pathogen-specific’ database. This indicates that ColorID using a
‘pathogen-specific’ database is much faster and more computationally efficient than an
‘all-bacteria’ database.

To determine whether the same trend was true for MiSeq sequenced data, a Z-test

analysis was conducted as before. The average time, RAM usage and number of
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classified reads per second from ColorID analysis of MiSeq sequenced data using an ‘all-
bacteria’ database were all significantly different at p<0.001 from a ‘pathogen-specific’
database. This shows that the ‘pathogen-specific’ database is faster than the ‘all-bacteria’
database using both MinlON™ and MiSeq data.

Although the average classified reads per second appears higher for MiSeq than
MinlON™ sequences, typically only the V3-V4 region of the 16S rDNA gene is
sequenced, resulting in approximately 300 base pair fragments. Thus, compared to the
full length (~1500bp) gene sequenced by the MinlON™, the number of “full length”
reads classified per second by the ColorID/MiSeq method would be approximately 1/5%
of the reported values shown in Table 5.

Table 5.
Comparison of Average time, memory and reads classified per second of running

ColorID using an ‘all-bacteria’ database versus a ‘pathogen-specific’ database for data
sequenced by MinlON™ and Illumina

MinlON™ MiSeq
' : all- .
aII-. ' patho.g.e?- bacteria’ patho'g.e?-
bacteria specific P-Value* databas specific P-
database database o database Value*
average average average average
Time (sec) 43.8 1.3 <0.001 262.2 11.6 <0.001
RAM (MB) 288.1 69.2 <0.001 281.4 62.2 <0.001
Reads classified oo, 17,319 <0.001 1,309 30,309  <0.001
per second
Threads 8 8 N/A 8 8 N/A

*Test for mean between ‘all-bacteria’ and ‘pathogen-specific’ databases from both sequencing platforms
determined using Z-test (a=0.05)
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Limit of Detection
Serial dilution (Salmonella and Listeria pure culture)

Following incubation at 37°C to mid-log phase, Salmonella and Listeria yielded
an ODeoo 0of 0.677 and 0.477, respectively. Following serial dilution/plating and DNA
extraction, the average culture concentration for Salmonella was 8.85 log CFU/ml and
8.89 log CFU/ml for Listeria.

Spiking experiment

For trial 1, fecal samples from different geese were used (G-FS-1 for Listeria and
G-FS-2 for Salmonella). Trial 1 incorporated Salmonella spikes into samples consisting
of 0.3g G-FS-2 for intended dilutions of 6,4 & 2 log CFU/mI. Two replicates were
performed for each dilution for a total of 6 samples. Listeria was spiked into samples
consisting of 0.35g G-FS-1 for the same intended dilutions. One replicate was performed
(3 samples) due to limited amounts of G-FS-1. Final ODeoo of Salmonella culture was
0.683 and serial dilution/plating resulted in average culture concentration of 5.01E8 log
CFU/ml for replicate 1 and 5.62E8 CFU/mI (8.75log) for replicate 2. Final ODegoo for
Listeria culture was 0.423 with an average culture concentration of 9.0E8 CFU/ml
(6.14l0g). Final adjusted spike-in concentrations are shown in Table 8. Listeria spikes
are not shown due to significant Salmonella cross-contamination.

Trial 2 incorporated Salmonella and Listeria spikes into samples consisting of
0.17g of G-FS-2. Final ODego of Salmonella culture was 0.832, higher than desired
optical density. However, average culture concentration was 5.25E8 CFU/ml (8.72 log)
for replicate 1 and 4.17E8 CFU/ml (8.64 log) for replicate 2, which was similar to trial 1.

Final ODsoo Of Listeria culture was 0.462 and serial dilution/plating resulted in average
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culture concentrations of 8.91E8 CFU/mlI (8.95 log) and 1.44E9 CFU/mI (9.16 log) for
replicates 1 and 2, respectively. Spike-in concentrations for trial 2 are shown in Table 9.
Relative frequency of Listeria and Salmonella

Analysis of reads from Salmonella/Listeria spikes showed that the relative
frequency of Listeria/Salmonella differed depending on the quality (phred) score used as
a parameter for classification. To determine what was the optimum phred score to use
and remove false positives, a quality filtering step was necessary. To obtain sets of
samples that were known to be Listeria monocytogenes and Salmonella Enteritidis, we
obtained MinlON™ reads from the Salmonella/Listeria pure cultures extracted
previously and analyzed the results with ColorID. Spyder v. 4.0.1 (Python) analysis of
reads showed that the relative frequency (proportion of k-mers supporting classification /
k-mers used as input; a/b in Table 6) producing correct classifications at p < 0.05
depended on the phred score used. Generally, the higher the phred score used as a
parameter for ColorID, the higher the k-mer-hit proportion is that produced a correct
classification at p < 0.05. Table 7 shows that, for a quality score of 5, 95% of the time a
k-mer hit proportion of 0.32 or higher will correctly identify Listeria monocytogenes. The
same was true for Salmonella Enteritidis. Based on this information, all reads below this
proportion were filtered out to reduce the number of false positives. Although for
Listeria/Salmonella, a phred score of 8 produced the highest proportion of k-mer hits that
correctly identify the microorganism, the sensitivity decreased at this score. Therefore, a
k-mer ratio of 0.32 with a phred score of 5 was chosen for both Listeria/Salmonella for

all subsequent analyses.
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Table 6.

Example ColorID output for Listeria monocytogenes illustrating how to determine
relative frequency

K-mers K-mers used Number of
Taxonomic classification supporting as input for  Accept/Reject :
A L Accept/Reject
classification classification
Listeria monocytogenes B 119, 244, Accept 1
Listeria monocytogenes 377, 582, Accept 1

Note. a/b indicates relative frequency

Table 7.

Proportion of k-mer hits that produce correct classification at p < 0.05 for different phred

scores

Listeria monocytogenes B

Salmonella enterica_C

Phred score P-Value Proportion  Phred score P-Value Proportion
QO 0.062192935 0.24 Qo0 0.064105567 0.18
Q1 0.062192935 0.24 Q1 0.064105567 0.18
Q2 0.059922194 0.24 Q2 0.057799443 0.18
Q3 0.058330134 0.26 Q3 0.051827385 0.26
Q4 0.055704999 0.26 Q4 0.052587797 0.3
Q5 0.053687935 0.32 Q5 0.061122936 0.32
Q6 0.056538208 0.3 Q6 0.05813163 0.34
Q7 0.053900519 0.36 Q7 0.06065063 0.38
Q8 0.061392106 0.38 Q8 0.059080768 0.38

Note: Highlighted phred score shows proportion used. Salmonella enterica_C is synonymous with
Salmonella Enteritidis

The relative frequency for each sample, determined by the filtered reads of

Listeria/Salmonella divided by the total number of reads classified, is shown in Tables 8

& 9. Table 8 for trial 1 shows that Salmonella Enteritidis could be detected at 3.72 log

CFU/ml, but there is question as to whether it could be detected at 1.72 log CFU/ml,

since only 1 read was detected in over 100,000 reads for 1.72 log CFU/ml in replicate 1,

whereas no reads were detected for 1.77 log CFU/ml for replicate 2.

38



Table 8.
Trial 1-Salmonella spikes into 0.3g goose fecal samples and corresponding relative
frequencies of positive reads/total reads detected by ColorID

Spike-in Spike-in Relative
concentrations (log concentrations frequency*
CFU/ml) (CFU/mI)

Salmonella 1 5.72 5.25E+05 0.001858
(8.7 log 3.72 5.25E+03 0.00002057
CFU/mI) 1.72 5.25E+01 0.00000985

Salmonella 2 5.77 5.89E+05 0.001318
(8.75 log 3.77 5.89E+03 0.00005156
CFU/mI) 1.77 5.89E+01 0

* Relative frequency represents filtered reads / total reads

Table 9 for trial 2 shows that Salmonella Enteritidis could be detected as low as
1.7-1.8 log CFU/ml. Listeria monocytogenes could be detected as low as 4.14 log
CFU/ml, but could not be detected below 3.94 log CFU/mI. Based on the results for
Salmonella between Trials 1 and 2, it appears that the amount of fecal material effects the
limit of detection, as it could be detected between 1.7-1.8 log CFU/ml in 0.17g goose
feces, but could not between 1.7-1.8 log CFU/ml in 0.3g of the same sample of goose
feces. However, more studies would be needed to verify this.

For each dilution shown in Table 9, Salmonella relative frequency is higher than
Listeria at a similar dilution (+ 0.14 log CFU/ml). For example, the relative frequency at
5.8-6.0 log CFU/mlI for Salmonella is ~0.02, whereas Listeria is ~0.0008. This shows that

detection of Listeria is not as efficient as Salmonella using the same processes.
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Table 9.

Trial 2-Salmonella Enteritidis and Listeria monocytogenes spikes of 0.17g goose fecal
samples and corresponding relative frequencies of positive reads / total reads detected by
ColoriD

Spike-in Spike-in Relati

; . elative
concentrations (log concentrations frequency™
CFU/ml) (CFU/mI)

Salmonella 1 5.8 6.31E+05 0.01897
(8.721og 3.8 6.31E+03 0.0001432
CFU/ml) 1.8 6.31E+01 0.00005189

Salmonella 2 5.7 5.01E+05 0.02074
(8.721og 3.7 5.01E+03 0.0002064
CFU/ml) 1.7 5.01E+01 0.00008857
Listeria 1 5.94 8.71E+05 0.000853
(8.95 log 3.94 8.71E+03 0
CFU/ml) 1.94 8.71E+01 0
Listeria 2 6.14 1.38E+06 0.0006589
(9.16 log 4.14 1.38E+04 0.0000292
CFU/mI) 2.14 1.38E+02 0

* Relative frequency represents filtered reads / total reads
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CHAPTER 5
DISCUSSION
Relative Frequency and Computational Resources
Relative frequencies of genera from samples analyzed by ColorID vs. QIIME2

Excluding rejected reads, Figure 3 shows that the relative frequencies of genera
among samples analyzed by ColorID and QIIMEZ2 were similar, and this was confirmed
by the regression analysis shown in Figure 4 and Table 1. Although the number of
rejected reads for ColorID was high compared to QIIMEZ2, the majority of this difference
can be attributed to inherent differences in programs. Instead of not providing a
taxonomic assignment to a sequence, QIIME2 generally assigns it to its’ least common
ancestor (Bokulich et al., 2018). Also, since the 16S rRNA gene can have multiple
copies in a bacterium and these copies can evolve independently of one another, it is
likely that some copies varied enough to inhibit taxonomic classification (Gritzke et al.,
2019).

The observation that ColorID produces more rejected reads than QIIME2 without
affecting the overall composition of the genera shows that ColorID is more efficient in
terms of taxonomic classification accuracy. It produces similar relative frequencies of
reads from genera as QIIME2 but does not spend the time classifying reads that may

produce false positives.
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Relative frequencies of genera from samples sequenced by Nanopore MinlON™ vs,
Miseq

Figure 5 shows a similarity in the ColorID-generated relative frequencies of
genera among samples sequenced by the MinlON™ versus MiSeg. This was confirmed
by the regression analysis shown in Figure 6 and Table 2. According to these analyses,
the relative frequencies of reads from genera for most samples were not different
(P<0.05) between both sequencers, with or without rejected reads being included in the
analysis. This makes sense due to ColorID being used to analyze reads generated from
both sequencers.

Despite the similarities, there were some differences among select genera from
certain samples such as Sporosarcina and Amphibacillus from ‘Chicken’ and Bacteroides
from ‘Cow’ samples. Nevertheless, there appears to be no difference in the relative
abundances of reads from genera sequenced by MinlON™ and MiSeq. Since both
methods produce similar results, the MinlON™ could be compared to MiSeq in terms of
sequencing efficiency. Similarly, since both QIIMEZ2 and ColorID produce similar
results, they could be compared to each other in terms of computational efficiency.
Computational resources

As shown in Table 4, ColorID analysis of Goose, Chicken and Cow fecal samples
using an ‘all-bacteria’ database was faster and used less RAM than Vsearch within
QIIME2 (P<0.001) Since Vsearch is a consensus-based classifier that requires consensus
alignment between the ‘query’ sequence (reads in the form of ASVs) and the reference

database as well as to corresponding taxonomy (Rognes et al., 2016), it was expected that
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ColorID would be more efficient. Sklearn was faster than ColorID using an ‘all-bacteria’
database (P<0.001); however, it used much more RAM than ColorID (P<0.001).

Analysis of the same samples sequenced by the MinlON™ using an “all-bacteria”
database consisting of 15192 isolates yielded an average classification time of 43.8
seconds with an average RAM usage of 288.1 Mb. Although the amount of RAM
required for ColorID analysis increases with an increasing number of accessions in the
database, ColorID can use custom user-defined databases. Therefore, for a particular
environment such as poultry, it may be advantageous to customize the database to
classify only pathogens associated with poultry. As shown in Table 5, analysis of the
samples sequenced by the MinlON™ using a “pathogen-specific” database consisting of
107 isolates yielded an average classification time of 1.3 seconds with an average RAM
usage of 69.2Mb. The average number of reads classified per second was over 17k. This
showed that ColorID with a customizable, smaller database was extremely efficient.

Spiking Experiments/Limit of Detection

Limit of detection for Salmonella Enteritidis and Listeria monocytogenes

Multiplex PCR, abbreviated MgPCR, is a method of detection is a detection
method that was found to be able to detect up to 5-6 bacteria/pathogens simultaneously
(Law et al. 2014, Zhao et al. 2013). The limit of detection for Salmonella Enteritidis and
Listeria monocytogenes using this method was found in studies to be around 10° CFU/ml
in artificially contaminated pork (Silva et al. 2011, Guan et al. 2013). Similar values were
found for Salmonella and Listeria detected by gPCR without enrichment (Zhao et al.

2013). However, in a study by Hu et al. the detection limits for Salmonella enterica and
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Listeria monocytogenes in stool ranged from 1.3 x 103-1.6 x 10* CFU/g using multiplex
gPCR (Hu et al. 2014, Law et al. 2015).

In this study, the limit of detection for the Nanopore MinlON™/ColorID
sequencing method was 4.96 x 10* CFU/ml (1.7 log CFU/mI) for Salmonella Enteritidis
spikes and 1.39 x 10* CFU/mI (4.14 log CFU/ml) for Listeria monocytogenes in spiked
Goose stool samples (Tables 8 and 9). The limit of detection of Salmonella was much
lower using the MinlON™/ColorID method than that of multiplex gPCR or gPCR
without enrichment (Hu et al. 2014, Law et al. 2015). Listeria, however, was slightly
higher. This could possibly be due to a failure of the DNA extraction protocol to yield
good quality DNA for Listeria, a gram-positive organism (Vidic et al. 2019). This is
supported by a study showing that gram-positive organisms, containing thick cell walls,
are more resistant to lysis for DNA extraction (Kai et al., 2018). This would result in less
16S rRNA gene amplification and possibly a biased relative abundance. Use of a lysis
method that is compatible with gram positive organisms such as Listeria as well as
optimized for the matrix used (feces) may be beneficial in providing successful universal
DNA extraction (Vidic et al. 2019).

Typically, salmonellosis, or gastritis resulting from Salmonella Enteritidis
infection, requires an infectious dose of around 10,000 cells to cause illness; however, in
some cases, numbers as low as 100 cells can cause illness (Blackburn, 2009). This
current study showed that the MinlON™/ColorID method could detect less than 2 log
CFU/ml, which, in combination with a reduction/elimination plan could prevent illnesses
that otherwise would not have been detected by some other detection methods, such as

MgPCR or qPCR without enrichment.
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Trial 2 yielded a limit of detection between 1.7-1.8 log CFU/mlI for Salmonella
Enteritidis with spikes into 0.17g of goose fecal samples. The number of filtered reads
was enough to exclude the possibility of these reads arising from misclassification (i.e.,
false positives) or from contamination of other samples. The inability to detect
Salmonella in 0.3g fecal samples at the same concentration as those detected in 0.17g
fecal samples suggests that it may be harder to detect pathogens in low abundance as the
total microbial load increases. This observation would need more data/replications to
corroborate; however, it may be important information to consider for future studies.

Although detection of pathogenic 16S rDNA yields comparable results to that of
gPCR and MgPCR (Multiplex gPCR) (Hu et al. 2014, Law et al. 2015), it should not be
used primarily for detection. The 16S rRNA gene can and often does have more than one
copy per bacterium and this number can differ between species. Although there are
methods available to normalize this bias when calculating relative abundance, the 16S
rRNA genes within a bacterium can evolve independently of one another, resulting in
enough genetic diversity to prevent the ability to distinguish among species. Therefore,
genus level identification is reached, but this is often not sufficient as Listeria
monocytogenes causes illness, whereas other Listeria species may not. Metagenomic
detection methods, such as shotgun sequencing, may fare better for both species and
genus level resolution, as it gets all genetic information within a sample (Gritzke et al.,
2019). However, an advantage of the MinlON™/ColorID sequencing method is that it is
highly adaptable for metagenomic shotgun approaches as well, since the specific
reference databases can be adjusted to reflect gDNA instead of 16S DNA. This ability to

customize the database according not only to the probable composition of the
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microbiome studied but also to the detection approach shows the versatility of the
MinlON™/ColorID sequencing method.

There are several limitations in analyses of 16S rDNA that the
ColorID/MinlON™ sequencing method addresses. Since the 16S rRNA gene does not
contain a single hypervariable region that discriminates between all species, approaches
that single out 1-2 regions, such as the VV3-V4 region commonly used by the IHlumina
Miseq sequencing method, are not as sufficient for genus/species level resolution as the
MinlON™ (Grutzke et al. 2019). The MinlON™, since it can sequence reads of up to 10-
30Gb in length (Oxford Nanopore Technologies, 2019), can sequence the whole 16S
fragment, allowing for higher discrimination.

Another limitation of bioinformatic analyses with larger databases is that they are
generally not representative of certain populations, as they contain easy to isolate,
abundant organisms. Certain communities may be underrepresented and therefore have
no taxonomically similar neighbors, possibly prohibiting accurate taxonomic labels
(Nygaard et al. 2020; Shah et al. 2019). Again, the ability to create custom databases with
ColorID is extremely important and addresses these problems as different databases can
be created depending on the expected composition of the population of interest.

A limitation of classifiers, such as naive Bayes and RDP classifiers that require
high-precision to detect pathogens, is that, although they will minimize false-positives,
the number of false negatives may be higher. This may result in a large number of
unclassified sequences or classified sequences, but to a least common ancestor. In
contrast, when the number of false negatives is minimized (high recall), which is

important in environments with a large quantity of unidentified species, the precision
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suffers slightly (Bokulich et al. 2018). ColorID uses a data structure called BIGSI that
eliminates any false negatives, allowing the false positive rate to be controlled by two
inherent user-defined parameters contained in the structure (Bradley et al. 2017; den
Bakker 2018). Also, as shown in Figure 4 and Table 1, ColorID rejects reads, while
producing similar relative frequency of reads from genera sequenced by MinlON™ and
MiSeq, showing that it excludes reads that may produce false positives, making it more
efficient.

Although there may be limitations with the MinlON™/ColorID sequencing
method when it comes to detecting pathogens from Illumina MiSeq data and detecting
pathogens to species level via 16S analysis, the main observation from this experiment is
that this method has the potential to significantly reduce computational time and
resources to detect foodborne pathogens. The reduction in resources in terms of memory
usage can allow on-site analysis of food production environments via laptop or iPhone
without the use of internet. The reduction in library preparation time, sequencing and
analysis could also greatly decrease the time to produce actionable data which could be
used for various applications within the food safety sector.

Future Research and Modifications

Research on molecular sequencing and bioinformatic analysis methods are
complex and all steps in the process must be carefully controlled. Future modifications to
this experiment may be necessary in certain areas, such as relative abundance and limit of
detection to gain adequate conclusions.

Since QIIMEZ2 classifies many reads to a least common ancestor, a more accurate

comparison method at the order or family taxonomic level could be used to compare
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relative abundances. This would allow greater confirmation that ColorID and QIIME2
produce similar results, strengthening the case for ColorID.

To determine whether the DNA extraction process did affect Listeria detection, a
future study could be done in which one set of fecal samples are spiked by pure culture
and the other by the “equivalent” amount of DNA extracted from pure culture. This may
eliminate the bias of Listeria cells surviving the extraction process via the Zymo kit and
inhibiting correct interpretation of the limit of detection. The process of determining what
the equivalent concentrations of DNA to pure culture were for both Salmonella
Enteritidis and Listeria monocytogenes as well as time/resources became limiting factors
in starting/completion of this portion of the study.

In addition, different goose fecal samples with various levels of microbial
diversity could be used to assess how microbial diversity affects detection. Different
goose samples at various amounts per sample may also contribute to this future study. To
conclude the modification of limit of detection, it would also be beneficial to have more
spike-in dilutions to provide more accurate limit of detection measurements.

Despite the need for more robust relative abundance and limit of detection
experiments, this study shows that the MinlON™/ColorID sequencing method can
greatly reduce computational time and resources to detect foodborne pathogens. Oxford
nanopore has recently come out with the MinIT™, a companion device control accessory
for the Nanopore MinlON™ that comes preconfigured with software needed for
sequencing and analysis. This device can be operated by smartphone or laptop in remote
settings, without the need for a laboratory. This technology combined with the ColorID

algorithm could greatly reduce computational resources even more. Many outbreaks
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originate from farms or processing facilities, so stakeholders could use this product for
routine environmental monitoring, traceback investigations, among other applications,

without sending samples to a lab.
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CHAPTER 6
CONCLUSION

16S raw Illumina data from chicken, goose and cow fecal samples revealed a
correlation between genera analyzed by ColorID versus QIIME2, with the exception of
the rejected reads. A correlation between genera was also observed when 16S raw data
from Illumina Miseq versus Nanopore MinlON™ from the same fecal samples were
analyzed by ColorID, with the exception of certain genera. There are some limitations
and potential issues when comparing relative abundance data between bioinformatic
platforms, such as the portion of 16S variable region chosen affecting classification. Still,
this data is extremely useful for comparing platforms.

The MinlON™ sequencing efficiency demonstrated in this study was greater than
literature reports of MiSeq efficiency. Moreover, the ColorID algorithm in combination
with the MinlON™ sequencer produced a computationally efficient method of taxonomic
classification/detection. This was apparent when comparing the computational speed and
memory between the MinlON™/ColorID method with QIIME2 analysis of MiSeq data.
In addition, computational efficiency increased ~32x with ColorID analysis using a
database consisting of relevant pathogens compared with all bacteria.

The limit of detection using the MinlON™/ColorID sequencing method was 1.7-
1.8 log CFU/ml for Salmonella Enteritidis and ~4 log CFU/ml for Listeria
monocytogenes. These results clearly indicate the effectiveness of this method in

detecting Salmonella over Listeria. Procedures to standardize detection between distantly
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related organisms may prove very useful to make the MinlON™/ColorID method a more
viable option of detection comparable to gPCR and multiplex gPCR (MgPCR). The
ability to detect microorganisms among a complex microbiome with very little
computational resources may allow this method to surpass others in terms of versatility,

which could benefit a wide variety of stakeholders.
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