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Our world is inhabited and shaped by diverse and complex microbial communities which

we are only beginning to characterize and understand. With the advent of affordable high-
throughput sequencing, the study of the genomic content of microbial communities,
metagenomics, has accelerated our understanding of their impact on human and environmental
health. The increasing number of datasets produced by metagenomic studies provide many
opportunities for novel bioinformatic analyses and for the development of computational
methods. However, careful benchmarking and validation are also important undertakings to
ensure the integrity of methods and research in such a rapidly developing field. Here, we
explored several problems in metagenomics by benchmarking existing methods and
technologies, developing new methods, recommending best practices, and highlighting

opportunities for future work.



First, microbial gene catalogs document and organize the genes found in microbial
communities and provide a reference for the standardized analysis of metagenomic data.
Although commonly used to explore the intersection between microbiomes, humans, and
ecosystems, the methods used for their construction and effectiveness for metagenomic analyses
had not been critically evaluated. Our analysis highlighted important limitations of gene catalogs,
opportunities for future research, and allowed us to recommend best practices.

Second, we assessed if nanopore long read sequencing could expedite the accurate
reconstruction of a pathogen genome from a microbial community. The investigation of
foodborne illness outbreaks routinely uses short-read whole genome sequencing of pure culture
pathogen colonies. However, culturing is a bottleneck and short reads cannot span all bacterial
genomic repeats, often leading to fragmented assemblies. Our results showed that the integration
of long-read sequencing could expedite the public health response by reconstructing complete
pathogen genomes from a microbial community after limited culturing. Additionally, our
evaluation of state-of-the-art assembly tools identified biases and areas for improvement.

Third, we describe taxaTarget, a supervised learning approach for the taxonomic
classification of microeukaryotes in metagenomic data. Metagenomics has been underutilized for
microeukaryotes due to the many computational challenges they present. Existing tools often
implement universal sequence similarity cutoffs which ignore that sequences can evolve at
different rates and, thus, have different discriminatory power. We show that a data-driven
approach to determining classification thresholds can result in higher sensitivity and precision
than existing tools.

Fourth, we explored the use of horizontally transferred plasmids to relate an outbreak

strain to the microbiome of a suspected environmental source. The investigation of the 2020 red



onion outbreak recovered the outbreak strain from patients but not the farms implicated as the
likely source of contamination. Our analysis identified highly similar plasmids in the outbreak
strain and environmental isolates collected from the farms, which supported a connection
between the outbreak strain and the implicated farms. Additionally, we highlighted the need for
more detailed and accurate metadata, more extensive environmental sampling, and a better
understanding of plasmid molecular evolution before such analyses can be added to the public

health response.
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1. Introduction

Our world is inhabited and shaped by diverse and complex communities of microscopic
organisms that have been evolving since life emerged on Earth over 3.5 billion years ago [1].
Microbial communities, collectively referred to as the microbiome, often consist of complex
mixtures of bacteria, archaea, viruses, and eukaryotes. These microbes are incredibly adaptable
and can be found in bodies of water (e.g., oceans, rivers, aquifers), the soil, the air, as well as
living in and on plants and animals. Microbes can even be found in extreme environments such
as circulating in the stratosphere, miles underground, within rocks and glacial ice, in acidic sulfur
springs, and near hydrothermal vents [2-6]. Despite constituting the majority of the biomass on
Earth, most microbial taxa and their ecological contributions remain uncharacterized [7].
Although the most well-known microbes are those capable of causing disease, the vast majority
are beneficial and complement the functions of their hosts and ecosystems [8, 9].

For more than a century, the standard techniques for characterizing microorganisms
relied on microscopic observation and enrichment culture. However, microbes are difficult to
differentiate visually, and most cannot currently be cultured. With the advent of high throughput
sequencing, the genomes of single organisms could be sequenced as well as mixtures of
organisms directly from the environment. The direct sequencing and analysis of sequence data
from mixtures of organisms is called metagenomics. Metagenomics has provided a powerful tool
for surveying microbiomes across the world, revealing their genetic diversity and ecological

contributions.



1.1 DNA sequencing

Initially, the study of microbes was limited to microscopic observation and culturing;
however, most microbes are not easy to visually differentiate or to culture in laboratory
environments [10]. DNA sequencing, the determination of the base pair composition of DNA
strands, has allowed for a much more detailed study of the genetic diversity and functional
potential of microbes. Further, it has led to an explosion in the number of sequenced genomes
(all the DNA from an organism), sequenced metagenomes (all the DNA from an environmental
sample), and classified microbial species [11, 12].

DNA sequencing typically begins by extracting the DNA from cells and fragmenting it.
Fragmentation of the DNA is required because none of the currently available sequencing
technologies can sequence all genomes in a single pass from beginning to end. The sequenced
fragments output by the sequencing machines are referred to as reads.

The various DNA sequencing technologies developed since the 1970’s can be broadly
classified into three generations [13]. First-generation sequencing, commonly called Sanger
sequencing, uses bacterial cloning, DNA polymerases, and modified nucleotides to terminate the
elongation of oligonucleotides along a template DNA at different points. The oligonucleotides
are then size separated by electrophoresis to determine the sequence. Although Sanger
sequencing is still used for small scale sequencing projects and for determining highly repetitive
regions of genomes, it has largely been superseded by second-generation sequencing which is
more automatable and higher throughput [13].

Second-generation sequencing (provided by platforms such as the lllumina MiSeq) is
often referred to as short read sequencing because the reads are typically 300 nucleotides long or
shorter. For comparison, Sanger sequencing produces reads up to ~2,000 nucleotides long.

2



Whereas sequencing a single read with Sanger sequencing was relatively slow and labor
intensive, platforms like the Illumina NovaSeq sequence millions of reads in parallel, producing
hundreds of millions of reads in 24 hours. Further, short read sequencing attains high throughput
while maintaining high-fidelity, with ~99.9% of the bases called accurately for lllumina
platforms [13]. However, short read sequencing can be biased towards representing genomic
regions with a GC-content between 45% to 65% [14].

Third-generation sequencing, often called single molecule or long read sequencing,
allows for the sequencing of single DNA molecules without amplification, which is required by
the first- and second-generation sequencing platforms. In addition to the determination of the
base pair composition of DNA strings, some third-generation sequencing platforms can also read
DNA base (epigenetic) modifications like methylation. In terms of throughput, long read
sequencing platforms, like the Oxford Nanopore Minlon, may only produce tens or hundreds of
thousands of reads per run, but usually with a mean length of thousands to tens of thousands of
nucleotides, with some reads being hundreds of thousands or even millions of nucleotides long.
A current disadvantage of long read sequencing is the high error rate for individual reads, 5% or
higher, consisting of insertions, deletions, and miscalled bases [13]. Additionally, long read
sequencing can be subject to compositional biases. For example, genomic regions with skewed
GC-content deviating from 50% can be underrepresented in PacBio long read data [14] and reads
with low GC-content tend to have less errors than high GC-content reads in nanopore long read

data [15].

1.2 Sequencing data: Genomics, metagenomics, and quasimetagenomics

The genome of an organism is the complete set of DNA from that organism. Genomics is

the sequencing and analysis of genomes, often focusing on their annotation, structure, function,
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and evolution. For genomics, selective culture enrichment (a technique for isolating pure
colonies of a single organism from a microbial community) is often required to obtain enough
DNA for sequencing. In contrast, the culture-independent sequencing and analysis of the total
organismal DNA directly extracted from a sample is called metagenomics [10]. Metagenomics
has revolutionized our understanding of microbiomes, allowing for the direct exploration of
natural microbial communities and the reconstruction of genomes from microbes that are
currently unculturable [16-18]. Quasimetagenomics, a middle ground between genomics and
metagenomics, is the sequencing and analysis of microbial communities whose species diversity
has been partially reduced by selective culture enrichment (not completely reduced to pure
colonies)—typically for a targeted taxon [19]. Quasimetagenomics is often used to expedite the

targeted recovery of pathogen genomes from background microbial communities [19-21].

1.2.1 Assembly of metagenomic sequencing data

Metagenomic reads can be thought of as randomly sampled subsequences from the
genomes found in a microbial community. Computer algorithms can be used to assemble the
reads into more contiguous sequences called contigs, sometimes reconstructing complete
genomes. Assembling contigs is still a computationally challenging problem for metagenomics,
because of repeated sequences within genomes, shared regions between genomes, uneven
abundances of organisms, sequencing errors, and strain-level variation [22]. Recently, long read
sequencing has greatly increased the contiguity of genomic assemblies, often resolving repeats
that short read sequencing could not [23]. For metagenomics, there is currently a performance
tradeoff between short and long read sequencing. Although short read sequencing is higher
throughput with a lower sequencing error rate, the assemblies tend to be highly fragmented. In

contrast, long read sequencing is lower throughput, potentially sampling fewer reads from each
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species in the metagenome, with a higher sequencing error rate, but provides more contiguous

information [24].

1.2.2 The analysis of metagenomic sequencing data

Many different bioinformatic analyses can be performed to characterize metagenomic
datasets [25]. Often, researchers want to know what species are in their samples, what functions
the species are performing (e.g., how they obtain energy, if they can cause disease), and in what
abundances. For example, to optimize the treatment of wastewater, metagenomics has been used
to identify microbial species that efficiently decompose organic matter and remove pollutants, as
well as to understand how the abundance of pathogens changes during treatment [26].

In metagenomics, the annotation of species in a sample and the functions they perform is
called taxonomic classification and functional profiling, respectively. A common starting point
for taxonomic and functional annotation is to align the metagenomic reads and/or contigs to a
reference database of annotated sequences, such as the proteins in the UniRef [27] database or
the genomes in the GenBank database [28]. Various alignment-based metrics of sequence
similarity, such as percent identity or the bitscore, are then used to assign taxonomic and
functional annotations to the reads/contigs. Further, the read alignments to the reference database
or back to the contigs can be used to estimate the relative abundances of the taxa and functions in
the sample. A limitation of this reference-based approach is that it is biased towards the
identification of taxa and functions represented in the reference databases, potentially leaving
many other taxa and functions undetected [25]. Nonetheless, taxonomic and functional profiles
have been used to study and compare microbiomes for a wide range of applications such as

exploring the tremendous functional diversity of proteins in the ocean [29] and metagenome-



wide association studies (MWAS) to discover biomarkers in the human gut microbiome for Type

Il diabetes [30].

1.3 Microbial gene catalogs

Since the development of high throughput sequencing, hundreds of thousands of
microbial genomes and metagenomes have been sequenced and assembled. Researchers are
interested in efficiently documenting the sequence diversity that has been observed in specific
microbiomes, like the human gut, to facilitate future studies. One strategy to address this
challenge is the construction of microbial gene catalogs—data structures that document the
genes, functions, and taxa found in microbial communities and that provide a non-redundant
reference for the standardized analysis of microbes across metagenomic samples and studies.

Gene catalogs are typically constructed by clustering the genes found in genomic and
metagenomic contigs, from a specific microbiome, into a non-redundant set of representative
genes. Clustering is used to remove trivial differences between sequences due to fragmentary
data, sequencing errors, or strain-level variations. Typically, fast heuristic clustering approaches
like CD-Hit [31] are used to accomplish such large-scale clustering.

For analysis, gene catalogs from different microbiomes can be compared, for example to
explore how microbial communities differ between animal hosts. Gene catalogs can also be used
to analyze metagenomic data, where metagenomic reads are aligned to the taxonomically and
functionally annotated genes of the catalog to identify the genes, functions, and species—as well
as their abundances—in the samples. Such an approach can be used to understand how diet in
different human populations affects the microbial composition of the gut.

The first study to explicitly create a gene catalog used it to reveal the tremendous

diversity of bacterial functions in the ocean [29]. Using slightly different methods, the MetaHit
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consortium provided the first gene catalog for the human gut microbiome [32]. Since then, gene
catalogs have become ubiquitous in the analysis of metagenomic datasets and have been created
for the gut microbiota of multiple animals, ocean bacteria, soil bacteria, as well as the human

vagina and respiratory tract.

1.4 Taxonomic classification

The identification of an organism’s evolutionary lineage is referred to as taxonomic
classification. The modern system of taxonomy was founded by Carl Linnaeus in the 18t
century, who hierarchically classified organisms based upon shared physical traits. Since the
advent of high throughput DNA sequencing, taxonomy has rapidly shifted towards a system that
reflects our understanding of the evolutionary relationships between taxa using molecular
information [33]. Such molecular-based methods have been able to distinguish many microbial
species that were phenotypically indistinguishable, resulting in an explosion in the number of
characterized microbial species. However, next generation sequencing has also highlighted the
dynamism of microbial genome evolution and the difficulty of finding genomic features that
define microbial species [34, 35].

The current taxonomy subdivides all cellular life into three domains—archaea, bacteria,
and eukaryotes. The domains are further subdivided into six or seven main taxonomic levels—
kingdom, phylum, class, order, family, genus, and species, where kingdom is usually not used
for bacteria and archaea.

For metagenomics, taxonomic classification is the computational process of inferring
which taxonomic ranks are present in a microbial community. Commonly, taxonomic
classification is accomplished by searching against a taxonomically characterized database and

using sequence similarity to estimate evolutionary relatedness. A fundamental goal for
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metagenomics is to be able comprehensively classify all the taxa in any sample. However,
comprehensive taxonomic classification of metagenomes is currently not possible because most

microbial taxa are still uncharacterized.

1.5 Molecular epidemiology

If hospitals across the United States start reporting cases of Salmonellosis, it is critical to
quickly determine if the cases are connected to a common source of contamination (e.g., chicken
thighs produced by a specific company) so that action can be taken to stop the outbreak and to
minimize the number and severity of illnesses. The analysis of molecular data, such as the
Salmonella genomes isolated from sick patients, can provide valuable information about the
potential source(s) of contamination, the geographic location it originated from, and if there are
virulence factors (e.g., antimicrobial resistance genes) that need to be considered for effective
medical treatment.

Molecular epidemiology refers to the use of molecular methods to monitor illness
outbreaks, infection chains, and patterns of disease transmission in populations. Molecular
epidemiology also seeks to identify the factors that determine the transmission, manifestation,
and progression of infectious diseases. The unit being tracked could be a taxon (e.g., species or
strain) or mobile genetic element (e.g., genome islands, plasmids), or even virulence or
antimicrobial resistance factors. Regardless of the unit, a molecular typing scheme must be
developed that provides sufficient discriminatory power to assess the presence and sequence
diversity of the target pathogen [36].

Before molecular methods (e.g., PCR, high throughput sequencing), the identification
and classification of bacterial pathogens was mainly accomplished by phenotypic assays (e.g.,

biochemical assays, enzymatic assays, antimicrobial susceptibility testing, serotyping). However,
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DNA sequencing helped show that some phenotypic characteristics were driven by complex
genetic factors which did not strictly correlate with taxonomy (e.g., antibiotic resistance carried
by plasmids) [36].

The development of molecular methods for the analysis of illness outbreaks can be
broadly classified into four generations. The first generation was the analysis of isolate plasmid
content by agarose-gel electrophoresis. However, plasmid profiles are not stable across time and
are thus not reliable for typing. The second generation involved the comparative analysis of
chromosome fragmentation by restriction enzymes using agarose-gel electrophoresis. This
approach was limited to the analysis of relatively short DNA fragments (~50,000 bp or less) and
restriction enzymes that recognized common motifs, which made accurate discrimination
difficult. These problems were solved by the third generation pulsed field gel electrophoresis
(PFGE), which used a more dilute agarose and alternating electrical fields to separate DNA
fragments up to 10 million bp long [37].

Although PFGE is still the “gold standard” for many pathogens in clinical settings, whole
genome sequencing (WGS) has gained ground as the preferred method [36]. WGS allows for
high resolution differentiation of genomes based on single nucleotide polymorphisms (SNPs),
allelic differences in genes, and structural variations (e.g., insertions, deletions, recombination
events) [36]. WGS also allows for the identification and comparison of virulence and
antimicrobial resistance factors, mobile elements, and (with the use of long-read sequencing
platforms like PacBio and Oxford Nanopore) epigenetic modifications. To assist with WGS-
based efforts for molecular epidemiology, large databases of pathogen genomes have been

collected and curated such as GenomeTrakr [38].



One drawback of whole genome sequencing is the requirement of selective culture
enrichment to isolate the pathogen from its microbial background for DNA sequencing. Ideally,
culture independent methods, like metagenomics, would be used directly to learn about the
pathogen and its microbial community. However, metagenomics has seen limited success for
pathogen detection because pathogens often occur at low abundance within microbial
communities, making the cost of attaining the necessary sequencing coverage to reconstruct their
genomes prohibitive. As a middle ground, quasimetagenomics has seen success for reducing
culturing times, recovering pathogen genomes from reduced diversity microbial communities,

and understanding the microbiomes that pathogens come from [20, 21, 39].

1.6 Method development and validation for metagenomics

The field of metagenomics is rapidly evolving with an ever-increasing number of
sequencing datasets, studies, applications, advances in sequencing technologies, and new
computational tools [25]. Despite these developments, much of the microbial universe is still
“dark matter”, full of microbes that cannot yet be cultured, with uncharacterized genetics,
taxonomy, functions, and ecological interactions; there are also a plethora of uncharacterized
genetic elements (e.g., plasmids, viruses, viroids, transposons) [17]. Further, metagenomic data
analysis presents many computational challenges such as sequence clustering, annotation,
organization, and phylogenetics, as well as genome assembly and comparison.

For such a rapidly developing field with so many unknowns, careful benchmarking and
validation are important undertakings to ensure the integrity of methods and research.
Benchmarking and validation are especially imperative because of the many applications of
metagenomics, often right at the intersection of microbiomes and the health of humans and

ecosystems. For example, metagenomics has been used to verify the microbial composition of
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probiotics by regulatory agencies like the Food and Drug Administration (FDA) [40]. For such
applications, it is critically important that all the species in the probiotic are correctly identified
to avoid missing or falsely identifying pathogens (potentially leading to incorrect regulatory

action against the manufacturer) and to verify that the microbial composition matches the label

of the product.

1.7 Contributions

The metagenomic study of microbiomes presents many bioinformatic challenges. For
example, how to document and organize the sequence diversity observed in the sometimes
thousands of metagenomic datasets from a specific microbiome e.g., the human gut, to provide a
reference for the community. Another challenge is the comprehensive taxonomic classification
of all sequences in a metagenomic sample. Currently, there are far more uncharacterized than
characterized microbial species and there is a bias towards the study of bacteria compared to the
other domains of life. There are also many bioinformatic challenges associated with the many
applications of metagenomics such as the characterization of pathogens in microbial
communities. For example, pathogens often occur at low abundance in complex microbial
communities making it difficult to accurately reconstruct their genomes from metagenomes.
Additionally, during food poisoning outbreaks, pathogens can be exposed to many environments
in a short timeframe (e.g., irrigation water, farm soil, a growing onion, a processing plant,
packaging, guacamole, the human gut) leading to rapid genomic evolution through horizontal
transfer with local microbial communities, often having an unknown impact on their virulence to
humans. Motivated by these bioinformatic challenges, we made the following contributions

which are briefly summarized below and described in greater detail in the following chapters.
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In Chapter 2, we assess the construction of microbial gene catalogs and their use for
metagenomic analyses. Although gene catalogs are commonly used, they have not been critically
evaluated for their effectiveness as a basis for metagenomic analyses. As a case study, we
investigate one such catalog, the Integrated Gene Catalog (IGC); however, our observations
apply broadly to most gene catalogs constructed to date. We focus on both the approach used to
construct the IGC and on its effectiveness when used as a reference for microbiome studies. Our
results highlight important limitations of the approach used to construct the IGC and call into
question the broad usefulness of gene catalogs more generally. We also recommend best
practices for the construction and use of gene catalogs in microbiome studies and highlight
opportunities for future research.

In Chapter 3, we assess if the integration of long (Oxford nanopore) and short (Illumina)
read sequencing of quasimetagenomes can expedite the accurate reconstruction of a bacterial
pathogen genome from contaminated ice cream that caused a foodborne illness outbreak. Our
results highlight that the integration of long and short read sequencing of quasimetagenomes
expedites the reconstruction of a high-quality pathogen genome compared to either platform
alone. Further, we show that a more complete level of information about genome structure, gene
order and mobile elements can be added to the public health response by incorporating long read
analyses with the standard short read WGS outbreak response. We also benchmark ten state-of-
the-art short read, long read, and hybrid assembly approaches and reveal biases and areas for
improvement.

In Chapter 4, we describe taxaTarget, a novel strategy for the taxonomic classification of
microeukaryotes in metagenomic data. Using a database of eukaryotic marker genes and a

supervised learning approach for training, we learn the discriminatory power and classification
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thresholds for each 20 amino acid region of each marker gene in our database. This approach
provides improved sensitivity and precision compared to other state-of-the-art approaches, with
rapid runtimes and low memory usage. Additionally, taxaTarget is better able to detect the
presence of multiple closely related species as well as species with no representative sequences
in the database. One of the greatest challenges for developing taxaTarget is the general sparsity
of available sequences for microeukaryotes. We implement several algorithms, including
threshold padding, to handle the missing training data and to reduce classification errors. We
show how data-driven methods for learning classification thresholds from the structure of an
input database can facilitate a more comprehensive analysis of metagenomic data and expand our
knowledge about the diverse eukaryotes in microbial communities.

In Chapter 5, we explore the use of horizontally transferred plasmids to relate an outbreak
strain to the microbiome of a suspected environmental source. Our results show how the
phylogenetic analysis of individual plasmid types identifies instances recent horizontal transfer
events, but how their seeming promiscuity obscures any signal about geographic location,
isolation source, and time since transfer. In contrast, our statistical analysis shows that the
number and combination of highly similar plasmids shared by clinical and environmental isolates
supports a connection between the outbreak strain and the farms implicated by the
epidemiological investigation. Together, our analysis highlights that the profile of horizontally
transferred plasmids can provide information about microbial interactions, potentially connecting
lineages to environments and microbiomes. However, to be useful for source tracking
investigations we highlight the importance of detailed and accurate metadata, more extensive

environmental sampling, and a better understanding of plasmid molecular evolution.
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2. A critical assessment of gene catalogs for metagenomic analysis

This chapter was published in Bioinformatics [41] and was a joint work with Nidhi Shah
(co-first author), Jay Ghurye, Alexander Stoppel, Jessica A. Goodheart, Guillermo G. Luque,
Michael P. Cummings, and Mihai Pop. This project was conceived and initiated at the 2017
Bioinformatics Exchange for Student and Teachers (BEST) summer school in Heiligkreuztal,
Germany. M.P. conceived this project. All authors helped initiate the project. S.C., N.S., and
M.P. were involved in the design and execution of all experiments. S.C. performed most of the
data analyses except for section 2.2.4 (mainly performed by N.S. and J.G.) and wrote most of the
manuscript. J.G., A.S., and J.A.G. contributed to data analysis. S.C., N.S., and M.P. wrote the
manuscript with contributions from all authors. All authors read, revised, and approved the

manuscript.

2.1 Background

Increasingly, studies of microbial communities rely on metagenomics—the sequencing of
DNA extracted directly from a microbial mixture. Assembling metagenomic reads into longer
contiguous sequences (contigs) is still a computationally challenging problem, because of
repeated sequences within and among genomes, uneven abundances of organisms, sequencing
errors, and strain-level variation. Due to these challenges, and to limitations of sequencing
technology, reconstructing complete and accurate genomes for all organisms in a single, complex
metagenomic sample is still challenging. Given enough samples, metagenome assembled
genomes can be reconstructed for many, but often not all, of the species comprising a
microbiome. Regardless, metagenomic assemblies typically comprise many small contigs of

unknown taxonomic origin.
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The fragmented nature of metagenomic assemblies complicates data analysis, both
because it is difficult to associate genomic fragments with individual taxa, and because it is
difficult to identify related genomic fragments across samples. For these reasons, the earliest
metagenomic studies focused on genes (and their inferred functions) found within assembled
fragments, ignoring their precise taxonomic origin. Even in fragmented data, genes can be fairly
effectively identified [42]. A gene-centric approach was used in the first large scale metagenomic
study of ocean bacteria [43]. To prevent overcounting due to sequencing and assembly errors, or
due to small differences in gene sequences within closely related organisms, Yooseph et al. [43]
clustered the protein sequences based on similarity and focused their analysis on the
representative sequence of each cluster. This gene “catalog” revealed the tremendous diversity of
bacterial functions in the ocean, with the newly predicted protein sequences doubling the number
of known proteins. The MetaHIT project [32] constructed a similar catalog to characterize the
functional composition of the human gut microbiome. Qin et al. [30] leveraged a gene catalog as
the basis for a microbiome association study in type 2 diabetes and introduced the concept of
metagenomic linkage groups—aqgroups of genes that co-vary in abundance across samples. The
gene catalog thus represents the basis for grouping together genes that likely originate from a
single organism, an idea further extended by Nielsen et al. [44] to help reconstruct partial
genome sequences from metagenomic data.

Following these initial studies, gene catalogs have become ubiquitous in the analysis of
metagenomic datasets, and have been created for the gut microbiota of multiple animals (e.qg.,
mouse [45], rat [46], pig [47, 48], dog [49], cow [50], macaque [51], chicken [52], lion, leopard
and tiger [53]), ocean bacteria [54], soil bacteria [55], and the human vagina [56] and respiratory

tract [57]. Gene catalogs are commonly used to: i) reduce redundancy in the data, thereby
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improving estimates of diversity [29]; ii) act as a common frame of reference across samples and
studies; iii) serve as a basis for metagenomic-wide association studies [58]; and iv) guide the
binning of metagenomic contigs into organism-specific groups [44, 59].

Such analyses may be confounded by the specific properties of the catalog being used.
Yet, to our knowledge, the structure and construction of gene catalogs have not been critically
evaluated. Because the processes for constructing and using gene catalogs are broadly the same
across studies, generalizable observations can be obtained from the analysis of any of the
catalogs referenced above. We focus here on the Integrated Gene Catalog (IGC) [60], which
seeks to provide a nearly comprehensive collection of the gene sequences identified in the human
gut microbiome. We chose the IGC because it provides all the supporting metadata and

intermediate files necessary to conduct a critical analysis of the structure of the resulting clusters.

2.1.1 The construction and use of gene catalogs

Catalog construction starts by identifying genes within metagenomic data. The gene
sequences are then clustered together based on similarity to remove trivial differences between
sequences due to fragmentary data (e.g., genes that miss the start or stop codons), sequencing
errors, or small, strain-level variations. The clustering can be performed at the DNA level (e.g.,
the IGC [60]), or at the amino acid level (e.g., the Global Ocean Survey [43]). Analysis at the
DNA level provides greater resolution for taxonomic classification, whereas the amino acid level
is better suited for functional analysis and is more able to group together distantly related but
functionally similar sequences. The implied, but often unstated, goal of the clustering process is
to reproducibly group together sequences that have the same function and/or taxonomic origin,
thereby defining the gene from which the sequences are derived in a way that is consistent across

samples. Each cluster is typically represented by one sequence, either a representative selected
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from the sequences clustered together, or a sequence that represents the consensus of the
clustered sequences. Beyond the obvious use of these sequences in a broad range of sequence-
based analyses (e.g., database searches, function or structure prediction), the cluster
representatives can also be used to estimate the relative abundance of the corresponding genes

within microbiome samples.

2.1.2 Historical context

Clustering of biological sequences that share a common function or taxonomic origin has
been at the core of biological research long before the first metagenomic experiment. Databases
such as the Clusters of Orthologous Groups (COG) [61] and Pfam [62] date back to the late
1990s and were developed to organize the rapidly accumulating protein sequence information.
To define the boundary of clusters, these databases used reciprocal best hit links (COG), or
hidden Markov models built upon multiple alignments of related proteins (Pfam), approaches
that rely on statistical significance measures instead of arbitrary thresholds based on sequence
similarity. At the same time, taxonomic analyses based on housekeeping genes relied on careful
phylogenetic analyses to define species boundaries [63].

In the early 2000s, metagenomic studies yielded much larger data sets than previously
seen. The challenge of effectively scaling analyses to cope with increasingly larger data sets led
to the development of new approaches that emphasized speed over the accuracy or
comprehensiveness of the analysis. CD-HIT [31], for example, a greedy clustering approach we
briefly describe below, was developed to address the challenges encountered when analyzing the
data from the Global Ocean Survey. Although CD-HIT and some other clustering tools
developed [64, 65] relied on fixed thresholds to determine the boundaries of clusters, it was

already recognized that such thresholds were not consistent with biologically relevant entities
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[66, 67]; for a given threshold, some clusters contained sequences from multiple species,
whereas other species were represented in multiple clusters.

The estimation of abundances from sequencing reads is a relatively new development in
metagenomic studies but has been used extensively in the study of gene expression in
eukaryotes. Several factors have been identified that confound abundance estimation including
multi-mapped reads, uneven depth of coverage, and sequence composition biases. Computational

and statistical approaches have been developed to address such challenges [68-71].

2.1.3 Overview of the Integrated Gene Catalog

The Integrated Gene Catalog comprises 9,879,896 annotated gene clusters that were
constructed from a combination of 511 prokaryotic reference genomes from species known to
occur in the human gut, and 1,267 gut metagenome data sets from Chinese, American, and
European cohorts. The IGC has been used to discover correlations between gut microbiome
composition and resistance to immune checkpoint inhibitors in cancer patients [72], to observe
that microbiome composition is modulated to a greater degree by environmental factors than by
human genetics [73], to correlate glycemic response after meals with microbiome composition
[74], and to identify signs of human fecal contamination in a river with sewage input [75].

The IGC was created through a multistep clustering process [60]. First, separate gene
catalogs were created from the metagenomic data derived from each cohort: American (AGC),
Chinese (CGC), and European (EGC), and for the sequenced prokaryotic reference genomes
collection (SPGC). The three cohort-specific gene catalogs were then clustered together into a
larger gene catalog called the 3CGC, which was then clustered with the SPGC catalog to create
the IGC. Gene clustering was performed with CD-HIT [31]. As employed in the construction of

the IGC, this tool operates in an iterative fashion, processing the gene sequences in decreasing
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order of length. The longest gene sequence is selected to be the representative of the first cluster.
The next longest sequence is then assigned to the cluster if it matches the representative
sequence with > 95% sequence identity over > 90% of the length of the query sequence or
becomes the representative of a new cluster. In the following iterations, query sequences either
become representatives of new clusters or are added to an existing cluster if they match the
corresponding representative sequence sufficiently well. For most applications, only the set of
representative sequences is used, however the IGC project also provides the full assignment of
individual genes to clusters. Each representative gene sequence in the IGC is assigned, if
possible, taxonomic and functional labels, however, only 16.3% of the sequences are assigned a

genus-level annotation and only 60.4% have functional annotations.

2.2 Results

2.2.1 Inconsistent fidelity of clustering

That a 95% sequence identity cut-off is used throughout the multiple rounds of clustering
in the construction of the IGC appears to imply that the final clusters are consistent with this
threshold. However, the multiple rounds of clustering used to construct the IGC may vyield
clusters with a (much) lower identity than the intended threshold. We call this methodological
artifact transitive clustering error (Figure 2.1), which occurs when different gene catalogs are
sequentially clustered. Although each clustering step guarantees the 95% threshold for the
sequences being clustered, this threshold does not constrain the similarity between sequences
that were clustered in prior iterations. The result of transitive clustering error is an unintended
increase in the effective radius of the new cluster with respect to the representative sequence (see
the Appendix for a detailed explanation of transitive clustering error). When the three cohorts
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were clustered into the 3CGC, individual gene sequences could potentially share as low as 90%
identity to the new representative gene sequences, while two sequences within a cluster may

share as little as 80% sequence identity. The final clustering of the SPGC and the 3CGC, could
potentially have clustered sequences with only 85% identity to the representative sequence and

as low as 70% identity between sequences assigned to the same cluster.

Figure 2.1 Transitive clustering error

The circles represent three clusters from three distinct catalogs. Within each catalog, the sequences within
a cluster (represented by points of different shapes) are guaranteed to be within a distance r (5%
divergence in the case of the IGC) from the corresponding cluster representative (solid shape). When
merging multiple catalogs, only the representative sequences are clustered together (also within the same
tolerance r), while the sequences contained within each cluster are implicitly assigned to the same cluster
as the corresponding representative. In this figure, after clustering the representatives in one round, the
triangle cluster representative is the representative of a meta-cluster (dashed line) that includes the
representative sequences of the square and circle clusters. Within this cluster, the maximum distance be-
tween two sequences (marked with A and B in the figure), may be as high as 4r, or 20% sequence
divergence in the case of the parameters used in the IGC. The distance between a sequence and its
corresponding cluster representative may be as high as 2r, or 10% sequence divergence.

To evaluate the actual impact of transitive clustering error within the IGC, we focused on

the 255,191 IGC gene clusters that contained at least 100 sequences each. Among these clusters,
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29.6% contained sequences that differed from the cluster representative by more than the

intended 95% identity cut-off (Figure 2.2A).
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Figure 2.2 Undesirable effects of gene clustering in the IGC

Data shown refer to the 255,191 IGC clusters that contain 100 sequences or more. A) The distribution of

CD-HIT percent identity between the representative and the most divergent cluster member. The vertical

red line indicates the 95% identity clustering threshold used to create the IGC. Note that many sequences

are below the target threshold of 95%. B) Relationship of percent of the representative gene aligned to the
shortest cluster member and the length of the representative gene.

Furthermore, 8.2% of the clusters contained sequences that are different by 50% or more
from the corresponding cluster representative. This difference is much higher than the expected
error due to transitive clustering. An explanation is that the construction of the IGC did not
require full length alignments to each cluster representative, but rather allowed matches that
cover as little as 90% of the clustered sequence. In the worst case, after two or more rounds of
clustering, sequences within an IGC cluster may not overlap with the selected representative

sequence at all (Figure 2.3).
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Figure 2.3 Clustering separate gene catalogs with CD-HIT can recruit sequences that do not
overlap with the representative sequence

A schematic example of how, in a worst-case scenario, clustering separate gene catalogs with CD-HIT
can recruit sequences that do not overlap with the representative sequence given the IGC clustering
parameters. The sequences within each gene catalog are aligned. Here * denotes the representative
sequence of the catalog. Gene A and Gene B were clustered together to create Gene Catalog 1. Gene A is
the representative sequence because it is the longest sequence (default of CD-HIT). In this case 100% of
the length of Gene B aligns to 10% the length of Gene A with 100% identity. Gene C is a representative
sequence in Catalog 2 with no clustered sequences. Gene A and Gene C were clustered to create the
Combined Catalog. Gene C becomes the new representative, because it is longer than Gene A, and Gene
A and Gene B become cluster members. In the Combined Catalog, 90% of the length of Gene A aligns to
Gene C with 100% identity and Gene B has no overlap with Gene C at all.

The process used to construct the IGC does not constrain the fraction of the
representative sequence that needs to match the sequences within the cluster. This choice makes
it possible for two sequences to both align to the cluster representative perfectly without sharing
any sequence with each other. As an example, cluster 303 contains four sequences of different
lengths—16,111 nt (representative), 7,122 nt, 3,012 nt, and 2,982 nt. All these genes are
complete, spanning from start codon to stop codon, and originate from the SPGC (genes found in
nearly complete reference genomes). The alignment between the three genes to the cluster

representative (Figure 2.4) demonstrates the lack of overlap between the individual sequences,
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suggesting that they align to distinct domains of the representative sequence, rather than
representing variants of this gene. This artifact may be wide-spread within the IGC—within the
255,191 IGC clusters with a minimum of 100 members, the mean difference between longest and
shortest gene length is 590 nt, representing an average of 14.4% of the length of the cluster

representative (Figure 2.2B).

MH0244 GL0138579

1 3000 6000 9000 12000 15000

Yy z

X

Figure 2.4 BLASTN alignment of IGC Cluster 303

BLASTN alignment of the IGC Cluster 303 representative sequence, MH0244 GL0138579 (16,611 nt),
and the 3 cluster members x (469585.HMPREF9007_02027, 2,982 nt), y (469585.HMPREF9007_02028,
3,012 nt), and z (469585.HMPREF9007_02029, 7,122 nt). All were predicted as complete genes (from
start to stop codon), yet each cluster member only partially aligns to the representative with a small
overlap between x and y and no overlap between y and z.

2.2.2 Taxonomic inconsistency of clusters

The 95% identity threshold selected by the IGC was intended to create clusters with
taxonomic homogeneity at the species level [60]. Taxonomic homogeneity is desirable for
analyses with the IGC, however, as we briefly described above, it has long been recognized that
no specific threshold can universally and accurately capture biologically meaningful boundaries
[66, 67].

This can be demonstrated by clustering the genes of genera like Bacteroides and
Lactobacillus comprising multiple species within which many strains have been sequenced. We
separately clustered the RefSeq genes from 167 Bacteroides (5,355,696 genes) and 166

Lactobacillus species (1,876,284 genes) using the IGC clustering parameters. Of the resulting
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438,106 Bacteroides and 256,949 Lactobacillus clusters, 32% and 24% were composed of
multiple species, respectively.

The taxonomic homogeneity of the IGC clusters can be most readily assessed within the
SPGC because this gene catalog has well-defined taxonomic labels; however, we note that the
SPGC only contains 200 species with sparse representation per species (a mean of 2.6 reference
genomes). Still, we found that 42,208 (6.4%) of all clusters in the SPGC grouped together
sequences from multiple distinct species, with a maximum of 21 species in a single cluster.

To estimate the number of species within the IGC clusters derived from sequences with
unknown taxonomic origin (namely, the three country-specific catalogs), we focused on a subset
of 200 IGC clusters: the 100 largest clusters and 100 randomly chosen clusters from those with at
least 100 sequences each. We aligned each sequence within an IGC cluster to the NCBI nr
database (version 5) using Diamond [76] (version 0.9.29). We used the same alignment
thresholds as those used by the IGC, requiring at least 95% sequence identity and 90% query
coverage. We retained all database entries that matched each query sequence within these
thresholds. We conservatively inferred the number of species per gene cluster using a minimum
set cover approach. Specifically, we identified the smallest number of species such that each
sequence had at least one hit to a database sequence from one of these species. As seen in Figure
2.5A, 73% of clusters (57% of the largest and 89% of the randomly selected clusters) are covered
by a single species. If we used just the top database hit for each sequence, the most commonly
used approach in practice, only 20.5% of clusters (5% of the largest and 36% of the randomly

selected clusters) were composed of a single species (Figure 2.5B).
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Figure 2.5 IGC clusters can contain more than one species

A and B show the taxonomic heterogeneity of 200 IGC clusters (the 100 largest clusters and 100
randomly chosen clusters with at least 100 sequences). A) The minimum number of species such that
each sequence in a cluster had at least one significant Diamond hit to one of these species B) Number of
species per cluster if each sequence is assigned the label of the top Diamond result. C) The distribution of
CD-HIT percent identity between the representative and the most divergent gene sequence for the 818
core genes of Escherichia coli identified from 86,830 assemblies. The red vertical line denotes 95%
identity, the IGC clustering threshold.

To explore the converse, the possibility that variants of a gene from a single species may
be distributed across multiple clusters, we analyzed a collection of 86,830 Escherichia coli
genomes obtained from the GenomeTrakr database [38]. When focusing on just the 818 core
genes of the E. coli pan-genome (genes found in all the genomes), the mean sequence identity
between the representative and the most divergent clustered sequence was 87.7% which is lower
than the 95% threshold used by the IGC. In fact, only 63 core genes met or exceeded the 95%

threshold and would have been clustered properly by the IGC (Figure 2.5C).

2.2.3 Hidden species within the IGC

A direct consequence of multi-species clusters is the possibility that genes from an
individual species may be “hidden” by representative sequences belonging to a different species.
A species for which no gene is selected as a representative for a cluster in the catalog becomes

effectively undetectable in the samples being analyzed.
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To explore the extent of this problem, we focused on just the SPGC (genes from
complete and near complete genomes) because these genes have well defined taxonomic labels.
Within the SPGC, the number of representative genes per species ranged from 139 (Escherichia
sp. 1 1 43)to 28,404 (Escherichia coli). We simulated reads from 507 genomes from the same
species (or strain, if known) as the SPGC reference genomes, and mapped these reads to the
SPGC using Bowtie2 [77]. As expected, the rate of assigning reads to a species was correlated
with the number of representative genes for the species (Figure 2.6). A possible confounding
factor might be the fraction of reads that map ambiguously to multiple species, however the
median fraction of multi-mapped reads was only 3% across species. Only 129 of the 201 species
in the SPGC had an assignment rate of 90% or higher, i.e., 90% of the reads originating from
these genomes would be assigned a correct species-level taxonomic label. At one extreme,
Escherichiasp. 1 _1 43, had the lowest number of representative genes and the lowest
assignment rate at 2%. Despite having many representative genes, E. coli only had an assignment
rate of ~83%, because of the large number of closely related species in the SPGC. All four
Shigella sp. within the SPGC had low assignment rates: 17%, 11%, 8% and 7% for S. flexneri, S.
dysenteriae, S. boydii, S. sonnei, respectively. This is because the reads from Shigella sp. often

map to clusters with an E. coli representative sequence.
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Figure 2.6 The relationship between the number of representative genes per species and the
assignment of simulated reads

The relationship between the number of representative genes (normalized by the mean number of genes
per genome) per species and their assignment rate in a simulated metagenomic dataset of the SPGC
genomes. The assignment rate is the percent of simulated reads from a species that map to the
corresponding representative sequences for that species in the SPGC. For most species in the SPGC, the
number of representative genes (normalized by the mean number of genes per genome) is 1 or less
(orange). The assignment rate for these species has a positive correlation (orange least squares line) with
the number of representatives. For some species, however, the number of representative genes normalized
by the mean number of genes per genome can be greater than 1 (blue). These species have genes from
multiple genomes and are effectively represented as a pangenome in the SPGC. For example, E. coli has
28,404 representative genes and 124 genomes in the SPGC. For these species there is a weak negative
correlation (blue least squares line) between the assignment rate and the number of representatives.

Due to the importance of Shigella sp. for human health, we further analyzed 20 known
virulence/toxin genes of S. sonnei [78-80] (Table 2.1). Only 11 of the 20 genes were
taxonomically labelled as Shigella, seven were labelled as Escherichia, and two, setlA and

setl1B, were not found at all. Notably, Shiga toxins Stx1A and Stx1B are labelled as Escherichia,
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even though they are part of a mobile prophage genome, which has been horizontally transferred

among many Enterobacteriaceae [81], highlighting the difficulty of annotating a mobilome.

Table 2.1 Taxonomic annotation of twenty virulence/toxin genes of Shigella sonnei when
aligned to the SPGC catalog.

Percent identity of

Toxin/Virulence | Genus of most the top BLAST hit in
factor similar gene in IGC | IGC

ShiA Shigella 100.00
ShiB Shigella 94.41
ShiC Shigella 100.00
ShiD Shigella 100.00
ShiE Shigella 99.43
ShiF Shigella 99.75
ShiG Escherichia 84.44
lucA Escherichia 99.83
lucB Escherichia 99.37
lucC Escherichia 96.38
lucD Shigella 99.78
IutA Escherichia 99.45
Pic Shigella 99.64
GtrA Shigella 99.34
GtrB Shigella 98.15
SigA Shigella 97.67
set1A Not found NA
set1B Not found NA
Stx1A Escherichia 100.00
Stx1B Escherichia 100.00

2.2.4 Using the IGC as a reference for metagenomic analyses—simulated data

The primary strategy for using the IGC as a reference when analyzing metagenomic data
sets involves mapping sequencing reads to the representative sequences of the clusters. Although

a seemingly straightforward bioinformatics task, the selection of mapping tools, parameters of

28



the mapping process, and characteristics of the reads themselves (e.g., read length) may have a
significant impact on the results. To evaluate the effects of such features on the use of the IGC
for metagenomic analysis, we simulated three metagenomic samples composed of the species in
the SPGC. Two samples simulated Illumina reads (100 nt, 250 nt), and the other simulated
454/lonTorrent reads (225 nt). We compared mapping statistics for tools that are widely used in
metagenomic analyses, BWA-MEM [82] and Bowtie2 [83] with default parameters, and
BLASTN [84] with thresholds of 95% identity, 90% read coverage, and default values for all

other parameters (Table 2.2).

Table 2.2 Mapping statistics when aligning simulated reads to the SPGC

Read datasets BLASTN Bowtie2 BWA-MEM
[llumina 100 nt 74.31 86.44 96.22
[llumina 250 nt 43.98 76.49 98.97
454 Roche 225 nt (mean) | 64.48 77.82 98.18

The fraction of reads mapped by different tools, and across different read lengths, varied
substantially (Table 2.3). BLASTN consistently mapped fewer reads than the other tools. The
gene abundance profiles estimated from these mappings differed significantly across different
mapping tools (Mann Whitney U test, p-value < 0.001) at every read length, suggesting the
choice of mapping tool may confound abundance estimates and, therefore, the associations
derived from the data (Table 2.4). Furthermore, nearly half of the reads multi-mapped, i.e.,
mapped equally well to multiple 1GC clusters. Multi-mapped reads can confound taxonomic

classification and estimates of abundance, as previously highlighted in RNA-seq studies [85].
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Our results suggest the need for abundance estimation algorithms that can account for mapping

ambiguity [68-70], which are rarely used in metagenomic studies.

Table 2.3 Read mapping when using different alignment tools

Mapping Dataset Unmapped | Reads Multi- Total reads
tool reads mapped mapped
exactly once | reads
BLASTN 454 Roche 12046662 20607264 1259937 33913863
225 nt (35.52%) (60.76%) (3.72%)
Bowtie2 454 Roche 7523531 12727602 13662730 33913863
225 nt (22.18%) (37.53%) (40.29%)
BWA-MEM 454 Roche 615080 17789182 15509601 33913863
225 nt (1.81%) (52.45%) (45.73%)
BLASTN lllumina 100 nt 24590586 63782504 7339930 95713020
(25.69%) (66.64%) (7.67%)
Bowtie2 lllumina 100 nt 12977730 42142225 40593065 95713020
(13.56%) (44.03%) (42.41%)
BWA-MEM lllumina 100 nt 3618165 49637777 42457078 95713020
(3.78%) (51.86%) (44.36%)
BLASTN lllumina 250 nt 21407600 16112369 690019 38209988
(56.03%) (42.17%) (1.81%)
Bowtie2 lllumina 250 nt 8984244 14631373 14594371 38209988
(23.51%) (38.29%) (38.20%)
BWA-MEM lllumina 250 nt 392069 20811950 17005969 38209988
(1.03%) (54.47%) (44.50%)

Table 2.4 P-values from Mann Whitney U Test comparing the gene abundance profiles.

Read Length BWA-MEM vs BWA-MEM vs Bowtie2 vs BLASTN
Bowtie2 BLASTN

lllumina 100 nt 2.68 x 10! 1.12 x 10 2.45 x 102

lllumina 250 nt 3.27 x 107 0.0 3.84 x 10123
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Together, multi-mapped reads and the poor visibility of some species within the catalog,
led to ~20% of the reads mapping to gene clusters classified as a different genus than that from
which the reads originated (Table 2.5). This raises concerns about the accuracy of taxonomic
profiles derived from real metagenomic data given that these reads were generated from the

genomes used in the construction of the 1GC.

Table 2.5 Read mapping statistics for testing the taxonomic classification performance of the
IGC on data simulated from the SPGC.

Read Length Percent of reads mapped to | Percent of reads mapped to
IGC correct genus

lllumina 100 nt 86.4 81.7

lllumina 250 nt 76.5 82.1

2.2.5 Using the IGC as a reference for metagenomic analyses—real data

In addition to the read mapping artifacts discussed previously, genes that are not
represented in the IGC but are present in a sample can confound the analysis of metagenomic
data. Prior studies have demonstrated the IGC is not a comprehensive representation of the
diversity of the human gut microbiome, lacking many genes found in the gut of infants [86],
patients suffering from various diseases such as gout [87] or diabetes [88], adults from India
(only 61% of their gene catalog mapped to the IGC) [89], and even adult twins from the UK (in
which a putative 1.5 million genes were not present in the IGC) [90].

To investigate how read mapping artifacts and genes not represented in the catalog
impact analyses based on the IGC, we used a human gut sample from a 61 year-old Cameroonian
male with a hunter gatherer diet (SRA accession ERR2619707) [91]. We assembled the data

with MEGAHIT [92] and predicted genes using Prokka [93]. Only 66.6% of the predicted genes
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from this sample clustered to an IGC gene representative, genes to which we refer as the
clustered predicted genes. The other genes predicted from the sample could not be confidently
assigned to IGC clusters (and thus are likely not represented in the IGC), and we refer to these
genes as the unclustered predicted genes.

We separately mapped the reads from the Cameroon data set with Bowtie2 to the two sets
of genes predicted from the sample and the IGC clusters, respectively (Figure 2.7). The percent
of reads mapping to the predicted genes and the IGC was similar (59.0% to the predicted genes
and 55.3% to the IGC), but the percent of multi-mapped reads was much higher for the IGC
(24.1%) compared to the predicted genes (3.8%). The reads also mapped to an order of
magnitude more IGC clusters (1,369,981) than predicted genes (177,745). Together this suggests
a high false positive rate, i.e., that reads from unclustered predicted genes are mapping to IGC

clusters representing potentially unrelated genomic sequences and/or functions.

1) Cameroon Gut Sample

Total number of reads: 49,399,939

Number of predicted genes: 178,701

Number of clustered predicted genes: 119,015 (66.6%)
Number of unclustered predicted genes: 59,686 (33.4%)

|
| I

2) Number of reads mapping to Clustered 3) Number of reads mapping to Unclustered
1 y

predicted genes predicted genes
0,032,192 (52.5%) reads mapped concordantl 9,058,978 (47.5%) reads mapped concordantly

h 4 ol l __________________________________
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to corresponding IGC genes to other IGC genes ! other IGC genes
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Figure 2.7 Analysis of reads from Cameroonian human gut metagenome

Analysis of reads from Cameroonian human gut metagenome sample. Box 1 shows the general statistics
of the sample. 66.6% of the predicted genes could be assigned to IGC gene clusters clustered predicted
genes. 33.4% of the predicted genes could not be confidently mapped to the IGC clusters unclustered
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predicted genes. 19,091,170 reads mapped concordantly to the predicted genes (52.5% to the clustered
predicted genes and 47.5% to the unclustered predicted genes). Among the 10,032,192 reads that mapped
concordantly to the clustered predicted genes (Box 2), 11.9% mapped to a different IGC gene than
expected (false positives denoted by dashed line Box 5). Of the 9,058,978 reads that mapped concordantly
to the unclustered predicted genes (Box 3), 23.6% mapped to IGC genes (false positives denoted by
dashed line Box 6).

To determine the IGC clusters to which the reads from the clustered predicted genes and
the unclustered predicted genes were aligned, we focused our analysis on the read pairs that
mapped concordantly to both the predicted genes and to the IGC clusters (24.1% of all reads). A
read pair is considered concordantly mapped when the forward and reverse reads of the pair map
to a gene with the correct insert size and orientation. Such concordant mappings are less likely to
represent mapping artifacts. Given that each clustered predicted gene has a corresponding 1GC
cluster, we would expect the reads mappings to also be shared between the gene and the cluster
to which it is related. Among the 10,032,192 reads that concordantly mapped to clustered
predicted genes, 11.9% mapped to a different IGC gene than expected. Conversely, we would
expect few read pairs which map to the unclustered predicted genes to map to any IGC clusters
given that these genes do not share sufficient similarity with any 1GC cluster. Of the 9,058,978

reads that concordantly mapped to the unclustered predicted genes, 23.6% mapped to IGC genes

(Figure 2.7).

2.2.6 Analysis of other gene catalogs

A survey of 24 gene catalog studies from the last few years highlights that many were
created using a similar clustering algorithm as the IGC and thus likely share many of the same
issues as those identified above (Table 2.6). While none of these catalogs provided all the
necessary metadata and intermediate files to perform the same analyses as done for the IGC, we

were able to predict which issues likely affect the catalogs based upon the description of the
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methods used to construct these catalogs. We note that 5 of the 24 catalogs were affected by
transitive clustering error. Additionally, at least 15 catalogs allowed genes of highly divergent
lengths to be clustered together. Further, taxonomic inconsistency and hidden species also likely

affect 23 of the catalogs.
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Table 2.6 Non-exhaustive list of microbial gene catalogs and the issues affecting them.

[101]

Gene catalog Year published Transitive Clusters Taxonomic Hidden Clustering criteria
clustering error sequences of inconsistency species
highly different
lengths

Human gut 2014 Yes Yes Yes Yes - Pairwise comparison of all genes with BLAT: >95% identity and

(cirrhosis) [94] >90% of the shorter gene length.

- Merged genes from three catalogs using the same clustering
technique.

Mouse gut [45] 2015 No Unclear Yes Yes Pairwise comparison of all genes with BLAT: >95% identity and
overlap >90%

Human gut 2015 No Yes Yes Yes Pairwise comparison of all genes with BLAT: >95% identity and >90%

(infants) [86] of the shorter gene length

Human gut 2015 No Yes Yes Yes Predicted protein-coding genes with a minimum length of 100 bp were

(diabetes) [88] clustered at 95% sequence identity using CD-HIT with parameters set
t0:-c0.95,-G0-aS0.9,-g1,-rl

Pig gut [48] 2016 No Unclear Yes Yes Pairwise comparison of all genes with BLAT: >95% identity and
overlap >90%

Human gut 2016 No Yes Yes Yes Genes were clustered with CD-HIT using a sequence identity cut-off of

(gout) [87] 0.95 and a minimum coverage cut-off of 0.9 for the shorter sequences.

Human gut 2016 Yes Yes Yes Yes - Genes were clustered using CD-HIT of the MOCAT pipeline (95%

(diabetes) [90] identity, 90% overlap)

- Merged the gene set with the IGC catalog using CD-HIT

Chicken gut [52] 2018 Unclear Yes Yes Yes Gene catalog was constructed using CD-HIT-EST with parameters set
to: -¢ 0.95-n 10 -G 0 -aS 0.9

Rat gut [46] 2018 No Yes Yes Yes Gene ORFs were clustered using CD-HIT with a criterion of 95%
identity >90% of the shorter ORF length with default parameter except
“-G0-n8-a50.9-¢095-d0-g1”

Dog gut [49] 2018 No Unclear Yes Yes Genes were clustered at 95% identity using CD-HIT

Macaque gut 2018 No Unclear Yes Yes Pairwise comparison of all genes using CD-HIT with identity of >95%

[51] and overlap of >90%

Human gut 2018 Yes Yes Yes Yes - Clustered gene based on sequence similarity at 95% identity and 90%

(children) [95] coverage of the shorter sequence using CD-HIT
- Merged with the IGC using the same CD-HIT clustering technique to
form a comprehensive catalog

South China soil 2019 No Unclear Yes Yes Nucleic acids longer than 100bp were translated into amino acid

[55] sequences. Pairwise comparison of all genes using CD-HIT with
parameters >95% identity and >90% overlap

Pig gut [96] 2019 Yes Unclear Yes Yes - Predicted genes were clustered at the nucleotide level using CD-HIT
with >95% identity and >90% overlap
- Combined the catalog with an earlier Pig gut catalog to create a
comprehensive catalog

Human lung [57] 2019 No Yes Yes Yes Genes with a length >100 bp and without Ns (unidentified nucleotides)
were selected to construct non-redundant gene sets using CD-HIT with
criteria of >95% identity and >90% alignment of shorter sequence (-c
0.95 -aS 0.9)

Human gut 2019 Yes Unclear Yes Yes - Pair-wise alignment of genes using BLAT and the genes that had an

(Indian cohort) identity >95% and alignment coverage >90% were clustered into a

[89] single set of non-redundant gene.

- The gene catalog constructed from Indian samples was combined with
the IGC to construct a non-redundant gene catalog (using identity >95%
and alignment coverage >90%)

Rat gut [97] 2019 No Yes Yes Yes Predicted ORFs were clustered using CD-HIT with criteria of >95%
identity and >90% alignment of shorter ORF. (- 0.95, -G 0, -aS 0.9, -
g1,-d0)

Panthera gut [53] 2020 No Yes Yes Yes Predicted genes from contigs and from the top abundant microbial
species were clustered using CD-HIT using a sequence identity cutoff
of 0.95 and minimum coverage cutoff of 0.9 for shorter sequences

Cow gut [50] 2020 No Yes Yes Yes Predicted genes were clustered using CD-HIT with >95% identity and
>90% overlap of the shorter sequence (-n8-d0-g1-T6-G 0 -aS 0.9
¢ 0.95)

Mouse gut [98] 2020 No No Unclear No Predicted ORFs were taxonomically annotated at different levels, i.e.,
ORF, contig, and bin

Human dental 2020 No No Yes Yes Predicted ORFs were clustered using CD-HIT default parameters

caries [99]

Human vagina 2020 No Yes Yes Yes Genes and gene fragments that were at least 99 bp long, with greater

[56] than 95% identity over 90% of the shorter gene length were clustered
together by CD-HIT-EST

Rhizosphere soil 2020 No Yes Yes Yes Predicted genes were clustered using CD-HIT with >95% sequence

[100] identity

Sheep rumen 2020 No Yes Yes Yes CD-HIT tool with the similarity threshold of 95% was used to remove

redundant genes

2.3

Discussion

Gene catalogs help organize the vast volumes of data generated in metagenomic

experiments. If carefully constructed, they provide a valuable resource for the analysis of
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metagenomic samples. Through our analysis of the IGC — one of the largest gene catalogs
available to scientists today — we have highlighted how the design and construction of a gene
catalog can affect downstream analyses in unintended ways. These issues affected a large percent
of the gene catalogs we found in the literature because many were constructed using similar
methods as the 1GC.

Perhaps the most prevalent and important source of error for gene catalogs is caused by
clustering gene sequences with a fixed threshold, creating clusters composed of sequences with
variable levels of taxonomic relatedness. Our observation recapitulates the finding that no
specific sequence similarity threshold can be used to consistently capture a particular taxonomic
level or functional category. This finding has been well documented previously in the context of
16S rRNA sequencing [66, 67]. Clustering in this manner effectively hides the taxonomic origin
of all but the gene sequences selected as cluster representatives. As a result, each species in a
catalog might have a different proportion of genes that are not represented (that are hidden by the
genes of other species), genes that are represented once and genes that are represented in
multiple copies. This can introduce bias in downstream analyses that aim to explore the presence
or abundance of taxa across samples, a bias already noted in the community [102]. For example,
if a catalog contains multiple variants of a gene from a species, metagenomic reads from that
gene and species might map to multiple variants in the catalog either uniquely or by
multimapping. Through our analysis of the hidden species of the SPGC and the E. coli core
genes, we have shown that this effect is non-uniform across taxonomic groups and can result in
the biased recruitment of reads across taxa.

Another common source of error for gene catalog construction is the clustering of genes

of widely different lengths. This can result in clusters where there is little or no overlap between
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cluster members. While it is not currently possible to confirm the functional consistency of all
clusters in a gene catalog, if cluster members share little sequence similarity with the
representative (which is treated as the functional homolog of all cluster members) it is likely that
they do not share the same function. Furthermore, assessing the relationship between sequence
and functional similarity is non-trivial [103] even in the absence of the confounding information
introduced by the co-clustering of sequences with widely-divergent lengths.

The iterative clustering of catalogs can further exacerbate all the previously mentioned
issues by amplifying the differences between sequences assigned to a cluster. Among the gene
catalogs we have explored (Table 2), the use of a multi-step clustering process is typically used
for two purposes: to mitigate computational costs, and/or to update an old catalog by merging it
with a newer one. However, none of the studies we analyzed considered the amount of error
introduced by iterative clustering. It is certainly desirable to develop computationally efficient
catalog construction methods as data sets increase in size, as well as to efficiently incorporate
new data into existing catalogs. Our analysis, however, suggests that it is important to ensure that
the fidelity of the clusters is not impacted by computational convenience, and highlights the need
for additional research in this field.

Coupled with the issues arising from the structure of the clusters themselves, we have
shown that the use of the IGC to analyze a real metagenomic sample induces many analytical
artifacts, including a high false positive rate — IGC clusters that are not actually found in a
sample, but which “recruit” many reads nonetheless. Conversely, as the number of species and
the number of their gene variants represented in the catalog increases, so will the number of

reads that map ambiguously [104]. As a result, using gene catalogs that are constructed similarly
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to the IGC for metagenomic studies will likely introduce analytical artifacts that outweigh the
benefit of the common frame of reference these catalogs provide.

While raising these concerns, we agree with the authors of the IGC that properly
constructed gene catalogs can be an effective reference for metagenomic studies. However, to
maximize their usefulness, gene catalogs should either be created directly from the samples
being analyzed or from closely related samples. Our findings indicate that the goal of tracking
individual clusters across studies is not met by the IGC and other similarly constructed catalogs.
We believe that universal taxonomic identifiers and gene ontologies represent a better approach
for relating findings across gene catalogs and metagenomic studies. For gene catalogs to be used
as global resources for metagenomic data analysis, new methods for updating catalogs and
accounting for biases introduced by read mapping tools needs to be researched. For now, we
believe the best use case for gene catalogs is within the narrow context of the samples used to
create them.

Our results highlight pitfalls that need to be avoided when constructing such catalogs and

reveal several best practices:

(1) The iterative integration of clusters should be avoided as it amplifies the errors inherent to
the clustering process. A multi-step clustering process may be necessary to mitigate
computational costs, however we recommend limiting the number of rounds and

accounting for the growth in cluster diameter that is due to the multi-round process.

(2) Arbitrary similarity thresholds should be avoided, and instead researchers should use

approaches that are able to dynamically tune clustering parameters [67, 105-108].

(3) The clustering procedure should ensure all sequences within a cluster are of similar length.
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(4) The construction of gene catalogs should not exclusively rely on data from metagenomic
experiments, but rather should be augmented with genomic sequences from organisms that
are commonly found at low abundance in the samples of interest (including eukaryotes and
viruses), as such organisms are unlikely to be assembled sufficiently well within the

metagenomic data.

(5) The alignment of sequences to the catalog, as well as estimation of gene abundances from
the alignments, should be conducted in a way that adequately addresses non-specific
mapping. Several approaches have been developed for RNA-seq analysis that effectively
handle multi-mappings in an alignment-free manner [68-70], though it remains to be seen
whether these are sufficiently effective in metagenomic settings or whether the underlying

algorithms need to be adapted.

During the preparation of our manuscript, a new catalog was published [109], which
partly addresses some of the issues we have highlighted above. The underlying data being
clustered were derived from cultured genome sequences and metagenome-assembled sequences,
potentially ensuring a higher quality protein catalog (the Unified Human Gastrointestinal Protein
catalog). Gene-level clustering was performed at the protein level in one round of clustering,
thereby avoiding transitive clustering error. Notably, the authors of this new study re-clustered
the genes from the IGC and appear to be unaware of the blow-up in divergence caused by the
iterative process used by the IGC: “We clustered the IGC only at 90% and 50% protein identity,
as it was originally de-replicated at 95% nucleotide identity” [109]. The Unified Human
Gastrointestinal Protein catalog was provided as multiple catalogs constructed with different

similarity thresholds, acknowledging that no threshold is appropriate for all analyses. Some of
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the pitfalls identified above, however, still apply to the new catalog. When clustering protein
sequences, Almeida et al. only control the fraction of the clustered sequence that needs to match
the cluster representative (80% in this case), raising the possibility of artifacts such as that
highlighted in Figure 2.4. Furthermore, the new catalog includes the Unified Human
Gastrointestinal Genome catalog which is constructed in a two-step process to address the
computational cost of clustering. The paper does not indicate that the authors are aware of the
additional sequence divergence introduced by this process.

A full-fledged analysis of the new catalog, similar to what we have described above, is
beyond the scope of this manuscript. However, as discussed here, it is apparent that issues such
as those we have described are not widely appreciated in our community. We hope that our
manuscript provides readers with an appreciation for the complexity of sequence clustering,
particularly as it relates to metagenomic sequence analysis, and leads to a more thoughtful
consideration of the pitfalls we have identified when using gene catalogs as a reference for data

analysis.

2.4  Appendix

2.4.1 Transitive clustering error

Clustering a large number of sequences can require impractical amounts of computing
time and memory. One technique for addressing the computational cost of clustering uses a
divide and conquer paradigm: disjoint subsets of the sequences are clustered separately, then the
cluster representatives are clustered together in one or more additional rounds of clustering.
When representative sequences from different subsets are clustered together, all members of the
corresponding clusters implicitly become part of the resulting cluster. In the IGC, this process
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was conducted in three rounds. Sequences from each of three distinct geographic regions
(American, Chinese, and European) were clustered separately, as were sequences extracted from
isolate genomes within the NCBI and EMBL databases, resulting in four distinct catalogs: AGC,
CGC, EGC, and SPGC, respectively. In a second round, the three geographically defined
catalogs were clustered together, yielding a new catalog, 3CGC, which were then clustered
together with the SPGC in a third round of clustering. Each round of clustering used the same
cut-offs for the percent identity between a sequence and the cluster representatives, and for the
fraction of the sequence that needs to align to the cluster representative for it to be assigned to a
cluster.

In the following, we discuss the implications of using such an iterative clustering process
on the size of the resulting clusters. We focus on two measures of the "tightness"” of clusters: the
radius (maximum distance between a sequence and the cluster representative); and the diameter
(maximum distance between two sequences within a cluster). For the purpose of this discussion,
we ignore the impact of partial alignments between a sequence and the cluster representative and
focus exclusively on percent identity as a measure of distance between sequences.

The percent identity cut-off provided to CD-HIT controls the radius of the clusters. After
a single round of clustering, the maximum effective radius, R, of the clusters is the same as the
cut-off, r, that was given as a parameter to CD-HIT. The maximum effective diameter, D, is
exactly 2r. Below, we will show that, with each round of clustering, both the maximum effective
radius and diameter of the resulting clusters increases despite using the same cut-off, r, when
clustering the representative sequences of clusters generated in a prior round. We call this

unintended increase in the effective radius and diameter of clusters transitive clustering error.
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2.4.2 A general formulation for transitive clustering error

We will start by assuming a set of clusters already constructed, C1, Cz, ..., Cn, which have
the effective radii R, Rz, ..., Rn. We explore here the impact of clustering together the
representative sequences of the clusters contained in C1, Ca, ..., Cy, as defined by the effective
radius and diameter of the resulting clusters. Before we proceed, it is important to note that our
analysis focuses on the worst-case scenario, i.e., we show that it is possible that at least one of
the resulting clusterings can have the values for R and D as defined below (Figure 2.8). Whether

such a worst-case situation may occur depends on the characteristics of the data.

N

C

Figure 2.8 Maximum effective radius when clustering two representative sequences

An example cluster, C, with the maximum possible effective radius when clustering the representatives
from C1, C2, ..., Cn with tolerance r.

Lemma 1: The maximum effective radius, R, of the resulting clusters is,

R =max(R1, Rz, ..., Rn) + 1

Proof: Refer to Figure 2.8. Without loss of generality, we can assume one resulting cluster, C. By

definition, the representative sequence of this cluster must be the representative sequence of one
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of the clusters in C1, C, ..., Cn. Without loss of generality, we assume that this is the same as the
representative sequence s1 of the cluster Ci1. Further, assume that there is another cluster whose
representative sequence was clustered together with s1. This cluster cannot come from the same
catalog as Cz since its representative sequence is within distance r of s1 and thus would have
been clustered with s1 already, and therefore could not have seeded its own cluster. Without loss
of generality, we can assume that the second cluster is Cz and that its representative sequence is
s2. To define the radius R of the cluster C we need to compute the maximum distance between a
sequence within the selected cluster and its representative s1. Without loss of generality, let us
assume that R2 = max(Ry, ..., Rn). Given the above, the maximum distance between a sequence
within the cluster defined by s1 and sz is the sum of r, the maximum distance between s1 and sz,
and Rz, the maximum distance between a sequence within the cluster defined by s2 and its cluster

representative, thereby proving the lemma.

Lemma 2: The maximum effective diameter D, is,

D =2 x max(R1, Rz, ..., Rn) + 2r = 2R

Proof: Refer to Figure 2.9. The proof follows the same template as that for the radius, except that

the selected cluster, C, is assumed to be clustered with an additional cluster, C3, where R3 = Rz =

max(Rz, ..., Rn) and the representative of Cs, s3, is 2r divergent from s.
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Figure 2.9 Maximum effective radius when clustering multiple representatives
An example cluster, C, with the maximum possible effective diameter when clustering the representatives
from Cy, C,, ..., C, with tolerance r.

Given the two lemmas, we can now explore the impact on R and D of the number of iterative

clustering steps.

2.4.3 Transitive clustering error in the IGC

The diagram in Figure 2.10 highlights the clustering strategy used by the IGC. At each
stage, the clustering cut-off, r, was set to 5% divergence (95% identity). Using the formulas
derived above, we demonstrate the increase in effective radius and diameter that occurs at each
clustering stage, reaching a maximum radius of 15% for the IGC. In other words, within the IGC
it is theoretically possible that a sequence may share as little as 85% identity with the

corresponding cluster representative, and two sequences that are co-clustered may share as little
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as 70% identity with each other. These values exceed the nucleotide identity assumed to define a

species for the 1GC i.e., 95% identity.

AGC
R =5%
D' = 10%

CGC 3CGC
R'=5% R’ = max(5%, 5%, 5%) + 5% = 10%
D'=10% D' = 2*max(5%, 5%, 5%) + 2*5% = 20%

IGC
R’ =max(5%, 10%) + 5% = 15%
D' = 2*max(5%, 10%) + 2*5% = 30%

EGC
R'=5%
D'=10%

SPGC
R =5%
D' = 10%

Figure 2.10 Clustering strategy used to create the IGC
Clustering strategy used in creating the IGC. Each block represents catalogs created in the process and
shows the worst-case radius and diameter of clusters in the catalog.

2.4.4 Impact of clustering strategy on cluster radius

In Figure 2.11 we compare five different approaches for constructing a catalog from four
different catalogs. These range from a single round of clustering that joins all catalogs together in
one round (A), to a four-round process that iteratively adds an additional catalog to the
previously clustered ones (E). The process used by the IGC is in panel (B). As can be seen in the
figure, the final effective radius ranges from 2r (A) to 4r (E), demonstrating how different

clustering strategies impact the effective radius of clusters in the final catalog.
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Figure 2.11 Example topologies when combining sequences from four catalogs into one final

catalog
Example topologies to combine sequences from four catalogs (grey squares) into one final catalog. The
order of combining catalogs can impact the effective radius and diameter of the clusters in the final

catalog. For each topology, the effective radius of the final catalog is displayed.
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3. Evaluating the accuracy of Listeria monocytogenes assemblies from
quasimetagenomic samples using long and short reads

This chapter was published in BMC Genomics [39] and was a joint work with Kiran
Javkar (co-first author), Padmini Ramachandran, Niranjan Nagarajan, Denis Bertrand, Yi
Chen, Elizabeth Reed, Narjol Gonzalez-Escalona, Errol Strain, Hugh Rand, Mihai Pop, and
Andrea Ottesen. SC and KJ performed the bioinformatic analyses, wrote the manuscript and
created the figures. AO and PR designed the experiment. AO, PR, YC and NGE performed the
microbiological and molecular lab work. ER created the figures and organized the data. NN and
DB ran the Opera-MS assemblies and analyses. SC, KJ, AO, PR, YC, NGE, ES, HR, and MP

edited the manuscript. All authors read and approved the final version of the manuscript.

3.1 Background

3.1.1 State of the art for pathogen typing

Rapid response, whole-genome sequencing (WGS) networks such as GenomeTrakr [38],
PulseNet [110], and the National Antimicrobial Resistance Monitoring System (NARMS) [111,
112] have revolutionized the strain typing and source attribution of bacterial pathogens and
antimicrobial resistance (AMR) important to human and animal health. These programs have
relied primarily on high throughput short-read sequencing data generated using the Illumina
MiSeq platform. Accurate strain typing of bacterial pathogens using short reads is typically
accomplished with SNP (single nucleotide polymorphism) and/or MLST (multi-locus sequence

typing) analyses. Both can be performed directly on the raw reads or with assemblies of the raw
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reads. SNP analyses quantify the number of SNPs between a set of isolates and a reference
genome [113]. High resolution MLST analyses involve identifying the profile of alleles for genes
in the core genome and whole genome [114, 115], cgMLST and wgMLST, respectively. Both
methods can differentiate between very closely related strains of Salmonella enterica, Listeria
monocytogenes, Escherichia coli, Staphylococcus aureus and many other pathogens [116-118].
However, despite providing high resolution, SNP and cgMLST/wgMLST analyses do not
analyze nor require the entire genome assembly and, thus, miss aspects of genome architecture,

such as the synteny of features and mobile elements with variable gene content [119].

3.1.2 The assembly of genomes using short and long reads

Ideally, complete genomes would be routinely sequenced and assembled de novo from
outbreak samples for strain typing analyses. However, this is not yet possible in every situation.
Although short reads can be sequenced with an error rate of less than 0.1% [120], these reads are
typically 250 base pairs or less in length and cannot span many genomic repeat regions, resulting
in fragmented assemblies that preclude the recovery of complete bacterial genomes [121]. In
contrast, long read sequencing technologies like the Oxford Nanopore platform have higher
sequencing error rates (~13% [122, 123]), but can routinely produce reads that are over 10 kbp,
thus spanning genomic repeats and supporting the assembly of complete bacterial genomes and
plasmids [124].

Although assemblies of nanopore long reads can generate genome-length contigs, they
often have many errors inherited from the reads. The hybrid assembly of Illumina short and
nanopore long reads can remarkably improve the quality of the assemblies while maintaining
syntenic contiguity [124]. A study of the assembly of several Salmonella enterica strains

demonstrated that short read assembly followed by long read scaffolding, reconstructed genomes
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more accurately than using short reads or long reads alone [125]. Another study reconstructed
entire genomes of Shiga-toxin producing Escherichia coli strains using nanopore long reads that
were polished with Illumina short reads [126]; however, these assemblies had less accurate
cgMLST typing compared to those using only MiSeq short reads, despite the short read

polishing.

3.1.3 Miicrobiological recovery of the target pathogen

Irrespective of sequencing technology, for applications such as the source tracking of
bacterial pathogens, a fundamental challenge is the extraction of sufficient quantities of pathogen
DNA to sequence in the first place. This is because pathogens frequently occur at low abundance
in complex microbial communities, sometimes amongst large numbers of host cells, and/or in
chemically challenging matrices. Current methods address this challenge by selective culture
enrichment and pure colony isolation of the pathogens prior to sequencing and analysis. This
approach, however, is labor-intensive and can take days to weeks to provide sufficient DNA for
sequencing. While protocols and media formulations for the enrichment of L. monocytogenes
vary only slightly between agencies (Food and Drug Administration (FDA), International
Organization of Standardization (ISO), and the United States Department of Agriculture
(USDA)), in-house FDA metagenomic and quasimetagenomic analyses of timepoints along
recovery continuums from different starting matrices have demonstrated that enrichment
dynamics and efficiencies vary according to chemical and microbiological features of the input
matrix (i.e., different foods such as fresh produce, poultry, complex environmental samples, and
varying initial loads (CFUs) of target pathogens) [127]. Community dynamics during all types of

pathogen enrichments (e.g., Salmonella enterica, Escherichia coli, Listeria sp.) are still poorly
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understood and co-enriching non-target species often compete with pathogens of clinical

significance [128].

3.1.4 Metagenomics

Metagenomics is the direct sequencing of microbial communities [10] and, in theory,
could replace culture enrichment for pathogen source tracking. Short read sequencing has been
used extensively for metagenomics due to low error rates and high throughput but cannot
assemble many of the genomic and intergenomic repeats present in environmental DNA. In
contrast, the long reads generated by nanopore sequencing platforms can resolve many of the
genomic and intergenomic repeats. Recently, metagenomic studies have successfully used
nanopore sequencing for rapid identification of dominant pathogens [129, 130] contributing
complete assemblies for a small subset of the bacteria in the full metagenome [121, 131, 132].
However, achieving sufficient depth of coverage to assemble pathogen genomes directly from

metagenomes is often prohibitively expensive.

3.1.5 Quasimetagenomics

A middle ground between the direct sequencing of samples and the sequencing of isolates
from selective enrichments is quasimetagenomics, the sequencing of abbreviated recovery
enrichments [19, 121]. Quasimetagenomics has been used by FDA scientists since 2009 in
efforts to recover pathogens from complex microbiomes such as outbreaks of Salmonella in
tomatoes [133, 134], to better understand Latin cheese microbiota [135], to look at enrichments
for Salmonella from cilantro [136], E.coli in flour [137], pathogens in seafood [138-140] and in
the public health research response to the Blue Bell ice cream outbreak of 2015, which resulted
in the dataset presented here [19, 128]. The first FDA ice cream work (2015) received a lot of
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attention in the food safety community and the quasimetagenomic approach was quickly
emulated by other food safety research groups [19-21]. Many groups are moving the needle
forward, demonstrating that strain level differentiation during an outbreak response can be
achieved more rapidly with quasimetagenomic approaches [20, 21]. Here we build upon the first
ice cream report [128] which demonstrated that a quasimetagenomic approach could recover the
same quality of source tracking data much earlier than state of the art WGS approaches; and a
second work which validated the bioinformatic SNP and cgMLST source tracking efficiency of
the quasimetagenomic data [19]; and—presented here—the added value of Gridlon long reads

for circularization of genomes and plasmids.

3.1.6 Integrated microbiological, molecular and bioinformatic innovations that will

move the field forward

Here, we provide a detailed benchmarking analysis for assessing how rapidly and
accurately a targeted pathogen, L. monocytogenes, can be assembled from quasimetagenomic
samples using short and long read sequencing technologies. The evaluated assembly tools
include those developed specifically for metagenomic assemblies (MegaHit for short read
assembly, metaFlye for long read assembly, and Opera-MS for hybrid assembly) as well as
popular tools developed for long read genome assembly (Canu and Redbean) and hybrid genome
assembly (HybridSpades). Additionally, we evaluated the impact of polishing with three tools:
Pilon, ntEdit (both were used to polish long read assemblies with short reads), and Racon (was
used to polish long read assemblies with long reads). The results of this study allowed us to point
out the strengths and weaknesses in currently available tools and to make recommendations for

future research.
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3.2 Results

3.2.1 Characteristics of the sequencing data

The Gridlon nanopore instrument generates sequencing data in batches of 4000 reads,
denoted here as Bn for the n™ batch. The first 30 batches of Gridlon reads, at each enrichment
time, were used for this study, i.e., the first 120,000 reads corresponding to batches Bi, B, ...,
Bso (Figure 3.1). To analyze the quality of assemblies as a function of increased sequencing
depth, each successive batch of reads was combined with the previous batches for assembly to
form “cumulative batches", denoted as C1, C, ..., Cs0, where Ch = B1 + B2 + ... + Bn (Figure 3.1).
To compare assembly results strictly based on sequencing technology, the number of base pairs
for the MiSeq and Gridlon data was normalized. Over a range of sequencing depths, MiSeq raw
read files were partitioned into 30 corresponding batches of read pairs to match the cumulative
batches by number of base pairs for Gridlon reads. Table 3.1 records the total number of

sequenced bases per Cso at each enrichment time.
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Figure 3.1 The effective time required to sequence and analyze the quasimetagenomic samples
The blue circles marked as 24H, 28H, 32H, 36H, and 40H denote the five enrichment time points where
the quasimetagenomic samples were collected and sequenced with the Illumina MiSeq (short read) and
the Oxford Nanopore Gridlon (long read). Diamonds represent the 30 batches (B: to Bso) of 4000 Gridlon
reads, each generated 45 minutes apart. For our analysis, reads from each batch were merged with
previously obtained batches to form cumulative batches (C;). The time taken to assemble the reads is
shown with boxes labeled ‘A’. Cis at 24H marks the earliest time point where a complete Listeria
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monocytogenes genome was reconstructed (with metaFlye). The green circle corresponds to the time
required to culture and sequence a pure colony isolate of Listeria monocytogenes i.e., 144 hours. Note:
bioinformatic analysis can be performed in “real-time” on the Gridlon batches as they are output whereas
an lllumina MiSeq sequencing run must finish before the bioinformatics can begin. However, for our
analysis we partitioned the reads from each MiSeq run into 30 batches—each composed of an equal
number of sequenced bases as the Gridlon batches.

Table 3.1 Summary of sequence data for Cso at each enrichment time.

24H 28H 32H 36H 40H
Sequenced 2.3x108 3.3x108 3.9x108 5.4x108 5.0x108
base pairs
Number of 1.2x10° 1.2x10° 1.2x10° 1.2x10° 1.2x10°
Gridlon reads
MiSeq reads in | 1.2x10° 1.9x10° 2.2x10° 3.0x10° 2.7x10°
Cao (total (2.9x10°) (4.0x10°) (3.6x10°%) (3.5x10%) (2.9x10°)
MiSeq reads
sequenced)

The mean read length for Cso across enrichment time points ranged from 174 to 198
nucleotides for Illumina MiSeq and 1,923 to 4,445 nucleotides for Oxford Nanopore Gridlon.
The longest sequenced Gridlon read was 69,402 nucleotides long (Table 3.2). For the Gridlon,
there was a general increase in the mean and maximum read length as the enrichment time
increased. Furthermore, the reads that mapped to the L. monocytogenes reference genome had a
longer mean and maximum length compared to the rest of the reads across all enrichment time
points (Figure 3.2). The putative L. monocytogenes reads also had a much lower mean GC
content (38%) compared to the rest of the reads (49-54%) across enrichment time points (Figure

3.3).

Table 3.2 Gridlon read length and sequencing error statistics for Cso

Enrichment
time (hours)

Mean read
length

Max. read
length

Average
quality score

Min. est.
sequencing

Max. est.
sequencing
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error rate error rate
24 1923 48588 21.8 7% 18%
28 2721 55258 22.9 6% 17%
32 3268 57233 22.8 7% 16%
36 4445 62426 23.2 6% 13%
40 4129 69402 23.2 6% 13%
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Figure 3.2 Read length distributions for long reads that mapped to the Listeria monocytogenes
reference genome versus those that did not
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Figure 3.3 GC content distributions for long reads that mapped to the Listeria monocytogenes
reference genome and those that did not

The sequencing error rate for the reads mapping to the L. monocytogenes reference
genome was 0.03% for the MiSeq reads and between 6.3% and 18% for the Gridlon reads. The
Gridlon sequencing error rate has a range based upon whether the soft-clipping of read
alignments (i.e., the ends of the reads not included in the alignment range) was included as error
or not. Each read is thus assigned two error estimates: an upper estimate of error that treats the
unaligned portion of the read as an error, and a lower estimate that relies solely on the errors
identified within the aligned range. Insertions, deletions, and mismatches were only counted for
the aligned portion of the reads i.e., excluding the soft-clipped regions. For the long reads,
29.6%, 25.4%, and 45% of the errors were due to mismatches, insertions, and deletions,
respectively—in accordance with previously published results [122]. For the MiSeq, the

sequencing error rate and mean base quality were relatively uniform across samples. For the
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Gridlon, the estimated sequencing error rate range decreased from 24H (18%—7%) to 40H (13%-—
6.3%) while the mean per-base quality score slightly increased over the same period, from 21.83

to 23.19, respectively.

3.2.2 Selection of the reference genome

The accuracy of the assemblies was assessed with respect to a complete reference
genome that had been isolated and sequenced (PacBio SMRT technology) from ice cream
samples from the same facility as used for our analysis [141]. The reference was treated as a
“gold standard” with an expected accuracy of ~99.999% [142]. Previous research had shown that
the outbreak consisted of two strains. One that was only isolated from Facility 1 and another that
was mainly isolated from Facility 2 [141]. The ice cream samples used for our analysis came
from Facility 1. The reference genome used here had been used as a reference for SNP analysis
of the isolates from Facility 1, showing they differed by 29 SNPs or fewer. Another reference
genome, from Facility 2, had been used as the representative of the second strain. The Cso
MegaHit quasimetagenome assemblies showed a higher similarity with the reference from
Facility 1 than Facility 2 (mean Mash [143] distance: 0.0206 and 0.0218 respectively). The
reference from Facility 1 was subsequently used for our analysis.

The similarity between the L. monocytogenes contigs derived from the
guasimetagenomes and the reference sequence was assessed, and 55 loci were identified (46
single nucleotide insertions, 2 di-nucleotide insertions, and 5 single nucleotide polymorphisms)
that differed at all enrichment times. Four of these variants (1 single nucleotide polymorphism
and 3 single nucleotide insertions) occurred within the core of the L. monocytogenes genome

(see Methods for a description of how the core was defined).
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3.2.3 Assessing the presence of multiple L. monocytogenes strains

The presence of multiple, closely related L. monocytogenes strains in the
quasimetagenomes could affect the accuracy of the assemblies. A prior analysis of the ice cream
samples [128] had identified three putative co-occurring L. monocytogenes strains based upon
the detection of three 16S rRNA gene variants. However, analysis of the 16S rRNA genes in the
reference genome identified 6 copies of the 16S rRNA operon which clustered, by sequence,
within three distinct clusters consistent with the originally determined variants.

The presence of multiple strains in the quasimetagenomes was assessed and 586 loci
were identified (75 within the core genes) where the pile-up of MiSeq reads indicated the
presence of two alleles, i.e., the reference allele and a variant. The percent of reads supporting
the variants had a normal distribution with a mean of 17% and a standard deviation of 4%—
indicating a 5:1 ratio of relative abundance. This evidence suggests that two highly clonal strains

co-occur in our quasimetagenomic samples.

3.2.4 General quasimetagenome assembly statistics

Ten assembly approaches were tested (Table 3.3), which were grouped into four broad
categories: short read, long read, short read hybrid, and long read hybrid. For simplicity, a tool
was defined as a hybrid assembly approach if it used both short and long reads whether it be
short read assemblies that get scaffolded with long reads (short read hybrid) or long read

assemblies that get polished with short reads (long read hybrid).

Table 3.3 The ten assembly approaches tested

Tool Application Abbreviation
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MegaHit short read metagenome assembler short read

Redbean long read genome assembler long read
Canu long read genome assembler long read
metaFlye long read metagenome assembler long read
Racon polishing long read assemblies with long reads long read

HybridSpades | hybrid genome assembler: short read assembly followed | short read hybrid
by long read scaffolding

Opera-MS hybrid metagenome assembler: short read assembly short read hybrid
followed by long read scaffolding either (1) de novo or
(2) using reference genomes

ntEdit polishing long read assemblies with short reads long read hybrid

Pilon polishing long read assemblies with short reads long read hybrid

All assembly approaches had a mean runtime (for the full set of reads, Cso, across
enrichment times) of approximately 40 minutes or less (Table 3.4) except Canu which had a
mean runtime of 98 minutes per sample. The fastest assembly approach was Redbean with a

mean runtime of just one minute (Figure 3.4).

Table 3.4 Mean assembly statistics (Cso at each enrichment time) for each assembly approach

Assembly tool Runtime Total Number N50 Longest
assembly of contigs contig
length

metaFlye (long read) 40.6 4291417 27 3056133 | 3056133

Canu (long read) 98 3470967 21 1754979 | 2071553

Redbean (long read) 1 3474503 35 2123769 | 2131343

MegaHit (short read) 32.8 7972605 7315 97577 672182
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metaFlye+Racon (long 41.6 4261624 27 3039238 | 3039238
read)
HybridSpades (short read 22.6 11681048 19285 112850 686270
hybrid)
OperaMS (no reference) 12.2 10340211 13921 105382 655220
(short read hybrid)
OperaMS (reference) 13.6 10363273 13913 205943 1919416
(short read hybrid)
metaFlye+Racon+Pilon 41.6 4271759 27 3041086 | 3041086
(long read hybrid)
metaFlye+Racon+ntEdit 41.6 4274358 27 3041440 | 3041440
(long read hybrid)
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Figure 3.4 Runtimes for the assembly approaches
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Runtimes for the assembly approaches in minutes when assembling C30 at each enrichment time.
(Abbreviations: SR = short read, LR = long read, HY = hybrid).

The contiguity of the assemblies was measured using several metrics: the total assembly
length (Figure 3.5), number of contigs (Figure 3.6), N50 (Figure 3.7), and longest contig

assembled (Figure 3.8).
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Figure 3.5 Total assembly length per base pairs sequenced for each assembly approach

Total assembly length versus the total number of base pairs sequenced per cumulative batch at each of the
enrichment time points for each assembly approach. Sometimes the results for Canu, Redbean and
metaFlye overlap as do Opera-MS (NoRef) and Opera-Ms (RefCluster). (Abbreviations: SR = short read,
LR =long read, HY = hybrid)
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Figure 3.6 Number of contigs per base pairs sequenced for each assembly approach

Number of contigs versus the total number of base pairs sequenced per cumulative batch at each of the
enrichment time points for each assembly approach. metaFlye+Racon, metaFlye+Racon+Pilon, and
metaFlye+Racon+ntEdit are obscured by the line for metaFlye in each of the plots. (Abbreviations: SR =
short read, LR = long read, HY = hybrid)
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Figure 3.7 N50 per base pairs sequenced for each assembly approach

N50 versus the total number of base pairs sequenced per cumulative batch at each of the enrichment time
points for each assembly approach. metaFlye+Racon, metaFlye+Racon+Pilon, and
metaFlye+Racon+ntEdit are obscured by the line for metaFlye in each of the plots. (Abbreviations: SR =
short read, LR = long read, HY = hybrid)
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Figure 3.8 Longest contig assembled per base pairs sequenced for each assembly approach

The longest contig assembled versus the total number of base pairs sequenced per cumulative batch at
each of the enrichment time points for each assembly approach. metaFlye+Racon,
metaFlye+Racon+Pilon, and metaFlye+Racon+ntEdit are obscured by the line for metaFlye in each of the
plots. (Abbreviations: SR = short read, LR = long read, HY = hybrid)

The mean values for Cso across enrichment times for each contiguity metric are described
in Table 3.4. Approaches that first assemble short reads (short read and short read hybrid
assemblies) contrasted substantially with those that first assemble long reads (long read and long
read hybrid assemblies) having consistently longer total assembly lengths, orders of magnitude
more contigs, lower N50s, and shorter longest contigs. In general, as the enrichment of L.
monocytogenes progressed, there was a general decrease in the number of contigs and total

assembly size (Figures 3.5 and 3.6).
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As expected, the long read and long read hybrid assemblies had the highest N50 values
and the longest contigs—often near the reference genome length for L. monocytogenes (~3
Mbp). Amongst the long-read assembly tools, the metagenome assembler metaFlye consistently
produced the highest N50 values with the longest contigs nearest to the length of the L.
monocytogenes reference genome (Table 3.4); however, the differences between long read
assembly tools decreased with enrichment.

In contrast, the short read and short read hybrid assemblies had low N50 values and the
longest contigs assembled were consistently shorter (often by orders of magnitude) with little to
no increase beyond 60X depth of coverage. Opera-MS, using reference-guided scaffolding, was

the main exception, assembling contigs of 2 Mbp or more at all enrichment time points.

3.2.5 Taxonomic composition of the quasimetagenomic samples

The number of species identified in the assemblies ranged from 2 to 10 with the short
read and short read hybrid assemblies containing more species than the long read and long read
hybrid assemblies (Figure 3.9). The number of species decreased with enrichment time, and L.
monocytogenes, and Rothia mucilaginosa were the only species detected at all time points.
Bacillus cereus was the most closely related species to L. monocytogenes detected in the

guasimetagenomes (both species are members of the order Bacillales).
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Figure 3.9 Taxonomic composition at each enrichment time

Taxonomic classification of cumulative batch 30 from each enrichment time point. For clarity, only the
short read MegaHit and long read metaFlye assemblies were plotted (short read assembly results mirrored
short read hybrid assemblies and long read assemblies mirrored long read hybrid assemblies). A) The
total bp of contigs per species (must have a minimum of 5,000 bp) classified by Kraken. B) Species in
sample, excluding L. monocytogenes, R. mucilaginosa and unclassified sequences - highlights how the
short read assemblies capture more species than the long-read assemblies.

L. monocytogenes was always the most abundant species and its abundance increased
with enrichment time, but the abundance estimates differed for the MiSeq and Gridlon (Table
3.5). At 24H, 33% and 60% of the MiSeq and Gridlon reads, respectively, mapped to the L.
monocytogenes reference genome. At 40H, 92% and 97% of the MiSeq and Gridlon reads

respectively, mapped to the reference genome.

65



Table 3.5 Percent of reads that map to the L. monocytogenes reference genome.

MiSeq (reads Gridlon (reads

Enrichment  |mapped with mapped with
time (hour) |Bowtie2) MiniMap2)
24 33 60

28 68 88

32 75 94

36 88 97

40 92 97

3.2.6 Reconstruction of the L. monocytogenes genome from the quasimetagenomes

The most contiguous recovery of the L. monocytogenes genome, as measured by the
mean NG50 across enrichment time points (only using Cso at each time point), was by long read
and long read hybrid assembly approaches (Figure 3.10). For the long-read assemblers Canu,
Redbean, and metaFlye the mean NG50 values were 1,535,966 bp, 1,568,760 bp, and 2,490,733
bp, respectively. Because metaFlye assembled genome-length contigs for L. monocytogenes the
most consistently of the long-read assemblers, only the metaFlye assemblies were used for the
long-read hybrid assemblies. The long-read hybrid approaches (using metaFlye and Racon in
combination with Pilon or ntEdit) slightly decreased the mean NG50 of the metaFlye assemblies,

2,477,272 bp, 2,478,715 bp, 2,478,772 bp, respectively.
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Figure 3.10 NG50 per base pairs sequenced for each assembly approach

The NG50 versus the total number of base pairs sequenced per cumulative batch for the assembled L.
monocytogenes contigs at each of the enrichment time points for each assembly approach. (Abbreviations:
SR =short read, LR = long read, HY = hybrid)

The short read Megahit assemblies had the smallest mean NG50 at 162,346 bp. The short
read hybrid assemblies of HybridSpades and Opera-MS without reference-guided scaffolding
had mean NG50’s that were several-fold higher than the Megahit assemblies, 431,211 bp and
375,881 bp, respectively. Opera-MS, using reference-guided scaffolding, had a mean NG50 of
1,414,301 bp, nearly an order of magnitude higher than Megahit and close to that of the long-
read assembler Canu.

Only the long-read assemblers were able to assemble genome-length contigs (over 3

million bp) for L. monocytogenes. The earliest complete reconstruction of the L. monocytogenes
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genome was at 24H and Cis with metaFlye (33X depth of coverage of the L. monocytogenes
genome), 24H and Cz2 with Canu (40X depth of coverage of the L. monocytogenes genome), and
28H and Ci6 with Redbean (47X depth of coverage of the L. monocytogenes genome). The
genome length contigs, irrespective of the long-read assembly approach, were frequently up to
tens of thousands of base pairs longer than the reference genome, mainly due to over-
circularization of the assembly by a read length or less. Additionally, each long read assembler
recovered a circularized 71 kbp putative L. monocytogenes plasmid that was always fragmented
in the short read assemblies. The best BLAST hits within the NCBI nt database for the
assembled plasmid were to known L. monocytogenes plasmids (NCBI accessions CP053631.1

and CP044431.1). The plasmid was not found to host any known resistance or virulence genes.

3.2.7 Assembly errors in the L. monocytogenes genomes reconstructed from the

quasimetagenomes

Quast was used to compare the mean number of misassemblies, mismatches per 100 kbp,
and indels (insertions and deletions) per 100 kbp in the L. monocytogenes contigs for each
assembly approach, given the highest sequencing depth of coverage of the quasimetagenomes
(i.e., Cao) across enrichment times (Figure 3.11). The number of misassemblies and mismatches
varied more by tool than assembly strategy. The mean number of misassemblies ranged from
10.8 (Canu) to 0 (HybridSpades). The mean number of mismatches per 100 kbp ranged from
31.8 (Redbean) to 1.2 (metaFlye). In contrast, the long-read assembly approaches had a
pronounced indel rate versus other approaches, ranging from 265 (Canu) to 481 (metaFlye). The
combination of metaFlye with Racon substantially reduced the number of indels to 74 per 100

kbp. Combining short read and long read information with long read hybrid assembly approaches
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further reduced the number of indels to ~3 per 100 kbp. Short read assembly/short read hybrid

assembly approaches had the lowest indel rate of around 1 to 2 per 100 kbp.
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Figure 3.11 The quality of assembled contigs annotated as L. monocytogenes, with respect to the
reference genome

The quality of assembled contigs annotated as L. monocytogenes, with respect to the reference genome,
using Quast for cumulative batch 30 at each of the enrichment time points. The number of mismatches,
insertion/deletion (indels), and misassemblies per 100 kbp for each assembly approach. (Abbreviations:
SR =short read, LR = long read, HY = hybrid)
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3.2.8 Accuracy of the L. monocytogenes metagenome-assembled genomes

At all enrichment time points and Cso reads (for both short and long reads), there was
100% breadth of coverage of the L. monocytogenes reference genome and up to ~160X depth of
coverage.

The fraction of the L. monocytogenes genome that was typeable by the MiSeq and
Gridlon reads was assessed by identifying regions in the reference genome where the Cso reads
mapped ambiguously (i.e., mapped with the same alignment score to multiple genome locations).
For the MiSeq and Gridlon reads, a median of 3.9% (118,615 bp) and 0% (O bp), respectively, of
the reference genome consisted of ambiguous regions.

Earlier results provided evidence for the presence (with a 5:1 relative abundance ratio) of
two strains of L. monocytogenes in the quasimetagenomes. The less abundant strain differed
from the more abundant strain at 586 loci. Analysis with Snippy showed that no more than 13 of
the 586 variants in the low abundance strain were present in a given Cso assembly (across
enrichment times). However, the long-read assemblies contained the highest median number of
variants (maximum was 12 with metaFlye) while the other assembly approaches had a median of
3or less.

Next, the accuracy of the assemblies (C1 to Cso at each enrichment time) was assessed by
calculating the BLAST distance between the core genes (Figure 3.12) and the complete set of
genes (Figure 3.13) of the reference genome and the L. monocytogenes contigs. As defined
earlier, the BLAST distance is a measure of sequence similarity equaling the number of
mismatches, insertions, and deletions in the BLAST alignment between the reference genes and

the assembled genes. The short read and short read hybrid assemblies attained the smallest
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BLAST distances for the core genes, while the long-read hybrid assemblies attained the smallest
BLAST distances for the complete set of genes.

For the core genes, the smallest BLAST distance observed was 5 (Figure 3.12). Four of
the differences were caused by variants identified previously in the core genes of the L.
monocytogenes extracted from the quasimetagenomes. The fifth difference varied in location for

different assemblies and showed no relation to the variants discovered previously.
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Figure 3.12 Core gene BLAST distances

BLAST distance between the core genes of the reference genome and the assemblies versus the total
number of base pairs sequenced per cumulative batch. (Abbreviations: SR = short read, LR = long read,
HY = hybrid)

71



The short read hybrid approaches assembled the core genes with BLAST distance 5 at the
earliest time point: HybridSpades at 24H and C22 corresponding to 40X (long reads) and 19X
(short reads) depth of coverage of the L. monocytogenes reference genome; Opera-MS, both with
and without reference-guided scaffolding, at 24H and Czs corresponding to 50X (long reads) and
25X (short reads) depth of coverage of the L. monocytogenes reference genome. Megahit
assemblies attained a BLAST distance of 5 after 28H and Ci1 corresponding to 28X depth of
coverage of the L. monocytogenes reference genome. At 24H, 28H and 36H the short read hybrid
assemblies obtained a BLAST distance 5 with fewer short reads than the short read assemblies;
however, at 32H and 40H, the short read and short read hybrid assemblies required the same
amount of short read data to achieve a BLAST distance of 5.

The long-read assemblies never achieved a BLAST distance of less than 2,000 even with
158X depth of coverage of L. monocytogenes. Polishing the long read metaFlye assemblies with
Racon improved the assembly of the core genes, achieving a minimum BLAST distance of 609.
Long read hybrid assembly with Pilon achieved a BLAST distance of 5 at 28H and Ci4 which
corresponded to 36X (short reads) and 38X (long reads) depth of coverage of the L.
monocytogenes reference genome; however, it achieved BLAST distance 5 less consistently than
short read or short read hybrid approaches (Figure 3.12). Long read hybrid assembly with ntEdit
assembled the core genes with less accuracy than Pilon, with a median BLAST distance (C1 to
Cao across enrichment times) of 81 and 11, respectively.

The long-read hybrid approaches assembled the complete gene set with the lowest
BLAST distance, with Pilon outperforming ntEdit (Figure 3.13). Pilon achieved a BLAST
distance of 132, the best observed for any tool, at 28H and Ci4 corresponding to 36X (short

reads) and 38X (long reads) depth of coverage of the L. monocytogenes reference genome. The
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mean BLAST distance across enrichment time points was 699 for Pilon and 798 for ntEdit. None
of the other assembly approaches attained this level of accuracy. For reference, the next best tool,

metaFlye+Racon, had a mean BLAST distance of 2,991.
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Figure 3.13 Complete gene set BLAST distances

BLAST distance between the complete gene set of the reference genome and the assemblies
versus the total number of base pairs sequenced per cumulative batch. (Abbreviations: SR =
short read, LR = long read, HY = hybrid)

3.2.9 Variation in assembly quality between successive cumulative batches

In addition to accuracy, the precision with which assemblies can be reconstructed is of

great importance for pathogen detection. The accuracy of the assembly approaches (in terms of
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divergence in core and full gene sets with respect to the L. monocytogenes reference) varied

widely between successive cumulative batches (Figure 3.14).
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Figure 3.14 Consistency of assembly approaches between successive cumulative batches
Median successive cumulative batch difference in BLAST distances, across enrichment time points, for
the A) the core genes and B) the complete gene.

The tools that most consistently assembled the core genes were Opera-MS (without
reference guided scaffolding), HybridSpades, MegaHit, and metaFlye+Racon+Pilon; the median
difference in BLAST distance between successive cumulative batches for these tools was 0, 1, 1,
and 5, respectively, across all enrichment time points. All assembly approaches had a median
difference in BLAST distance of less than 50 except Opera-MS with reference guided
scaffolding (121), Canu (1,183) and Redbean (10,930).

The variability in the accuracy for the reconstruction of the complete gene set was an

order of magnitude greater than for the core genes. The most consistent tools were

HybridSpades, metaFlye+Racon+Pilon, metaFlye+Racon+ntEdit, metaFlye+Racon, and
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metaFlye—the median difference in BLAST distance between cumulative batches was 132, 137,
140, 183, and 207, respectively. All assembly approaches had a median difference in BLAST
distance of less than 1,000, with the exceptions of Opera-MS with reference guided scaffolding

(1,019), Canu (4,758), and Redbean (32,655).

3.2.10 Depth of coverage did not always improve assembly quality

Increased depth of coverage did not always correlate with improved performance in
assembly metrics. For example, the longest contig assembled by the short read assemblies was
very similar at 30X depth of coverage and at 150X depth of coverage, 695,760 nt and 695,778 nt,
respectively. In some cases, the performance of assembly approaches actually decreased with
increased depth of coverage. For example, the lowest BLAST distance for the complete gene set
for the metaFlye+Racon+Pilon assemblies increased from 132 to 153 despite an increase of

100X depth of coverage of the L. monocytogenes genome for both short and long reads.

3.3 Discussion

Public health labs are continually developing and testing new methods and approaches to
increase the speed and resolution of pathogen source tracking. Expediting source attribution will
contribute to reduced illnesses, deaths, and the economic burden of illness outbreaks. Currently,
the standard workflow for strain typing and source attribution involves sequencing genomes
(primarily with Illumina MiSeq technology) of isolated colonies, cultured from selective
enrichments. Sequence data is analyzed using SNPs and/or MLST analyses. Here we evaluated
the contribution of quasimetagenomics and the applied integration of (short) MiSeq and (long)

Gridlon reads for the improvement of this workflow.
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3.3.1 Quasimetagenomics expedites source tracking

Currently, direct metagenomic sequencing of samples cannot replace genome sequencing
of culture isolates for the strain typing of pathogens; however, quasimetagenomics has shown
great promise for reducing the amount of enrichment time needed to type pathogens with
sequence data [19-21]. Previous work on the listeriosis ice cream outbreak demonstrated that
quasimetagenomic short read sequencing provided sufficient coverage of the L. monocytogenes
genome to determine its membership in the outbreak cluster at 24 hours enrichment—a
significant improvement over the ~6 day procedure required to culture and sequence an isolate
genome [19]. This work supports that MiSeq short read sequencing can expedite the recovery of
a target pathogen from quasimetagenomes, accurately reconstructing the L. monocytogenes core
genes at 28 hours of enrichment. Further, the integration of MiSeq short read and Gridlon long
read sequencing further expedited the accurate assembly of the core genes and increased the
contiguity of assemblies—including the reconstruction of a complete genome and plasmid—at
24 hours of enrichment (Figure 3.1). This highlights that an integrated approach to

quasimetagenomics can greatly expedite and enhance source tracking.

3.3.2 Long reads have added value over short reads for quasimetagenomics

Although short reads can be used for high resolution SNP and cgMLST/wgMLST
analyses they cannot span many genomic repeat regions, resulting in fragmented assemblies that
preclude the recovery of complete bacterial genomes [121]. The fragmented assemblies can
prevent the identification of genes, gene synteny, repeats, structural variants, and
extrachromosomal sequences, like plasmids and phages, that could be readily observed in

complete assemblies.
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Our results showed that ~4% of the L. monocytogenes genome was not typeable by the
MiSeq reads. In contrast, the entire L. monocytogenes genome was typeable with the Gridlon
reads, enabling the complete reconstruction of the L. monocytogenes genome and plasmid at 24
hours of enrichment and only 33X depth of coverage. The ability of long reads to span genomic
repeats will support much higher resolution whole genome-based source tracking methods and
provide detailed information about the mobilome. However, similar to previous studies [144], we
found the high sequencing error rate of the nanopore reads to induce incorrect base calls in the
assembled sequence, thereby negatively impacting strain typing and strain attribution.
Nonetheless, with time, we expect the sequencing error rate to decrease and the utility of
nanopore sequencing for source tracking to increase substantially.

Another advantage of nanopore over MiSeq sequencing is that the data is output in
batches of reads every 30 to 60 minutes (as opposed to a MiSeq sequencing run which takes ~24
hours depending on the number of cycles). As assembling the reads is much faster than
sequencing itself (Figure 3.1), nanopore sequencing allows the analysis to terminate as soon as
sufficient reads have been obtained for accurate analysis—a point that may vary depending on
the characteristics of the sample. This ability can greatly expedite source tracking by facilitating

near-real-time bioinformatic analyses.

3.3.3 Hybrid assembly outperforms other approaches but with trade-offs

Our results support the accuracy of hybrid assemblies[20, 125, 126]—hybrid assembly,
using both Illumina short reads and nanopore long reads, could reconstruct more complete and
accurate genomes than using either of the platforms alone. However, the initial assembly strategy
(i.e., whether the short reads were assembled first or long reads) had a substantial impact on the

quality of the reconstructed genomes. Short read hybrid assembly approaches led to a more
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accurate assembly of the core genes, but the assemblies were more fragmented. The use of
reference genomes to scaffold assemblies increased the contiguity of the short read hybrid
assemblies, but also introduced assembly errors—a potential consequence if the references used
for scaffolding have structural differences compared with the genomes being assembled. For the
long-read hybrid assembly approaches, a higher indel rate prevented the accurate assembly of the
core genes; however, the assemblies had higher contiguity, sometimes reconstructing the
complete L. monocytogenes genome. Additionally, the long-read hybrid assembly approaches led
to the most accurate recovery of the complete set of genes, with potential implications for
characterizing the phenotype (e.g., drug resistance) of the pathogen. The choice of the hybrid
assembly approach can be made subject to whether the application of the reconstructed genome

mandates highly accurate core genes or an overall accurate complete genome.

3.3.4 Short read-based assembly approaches showed the best performance

Assemblies need to be accurately reconstructed to be useful for SNP and
cgMLST/wgMLST based source tracking analyses. Among the assembly approaches tested, the
most accurate was the reconstruction of the core genes using either the short read or short read
hybrid assembly strategy. Short read hybrid assembly was consistently able to accurately
assemble the core genes with the same amount or fewer short reads than the short read
assemblies. However, the combined use of short and long reads entails higher costs in both
personnel time and reagents, which may not be justified as similar accuracy can be obtained with
short reads alone at a slightly higher depth of coverage. In contrast, no assembly approach could
reconstruct the complete set of genes with high accuracy or consistency, although long read

hybrid approaches were by far the best performing. Nonetheless, given a lower sequencing error
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rate, long read approaches might become preferrable with the added value of assembling

complete genomes and mobile elements like plasmids.

3.3.5 Areas of improvement for assembly algorithms

At the time of our analysis, metaFlye was the only metagenomic long read assembler
available, and it performed better than the other long read assemblers in our application. This
observation highlights that long read assemblers developed for single genomes are not effective
when samples contain mixtures of DNA from multiple organisms—suggesting the need for
further research in developing efficient metagenomic assembly tools for long read data.
Additionally, the quality of the metaFlye assemblies was improved considerably by polishing the
assemblies with the long reads themselves, indicating that none of the long-read assemblers
make full use of the information available in the long reads.

The observed differences between hybrid assembly approaches that start with short reads
and those that start with long reads, suggest that hybrid approaches are currently limited by the
weaknesses of the different technologies. This highlights the scope for improvement in hybrid
assembly approaches, underscoring that we are still far from developing techniques which
effectively integrate their strengths (e.g., the contiguity of long reads and high per-base quality of
the short reads).

A weakness common to all assembly approaches was sensitivity to the addition of
cumulative batches of sequence data, resulting in inconsistent gains/losses in assembly quality.
This affected many metrics such as the N50 and the accuracy of the assembled genes. The
differential sensitivity of assembly approaches to the addition of sequence data from the same
sample suggests that assembly tools can be made more robust and consistent—qgreatly benefiting

many applications including strain typing.
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An advantage for quasimetagenomics is the detection of co-occurring strains that might
be missed by traditional methods (i.e., culturing and sequencing a single isolate). Our analysis
suggested the presence of at least two strains of L. monocytogenes in the quasimetagenomes.
However, the current tools do not account for the variations within the (quasi-)metagenomic
samples and current assembly approaches simply reconstruct the most abundant strain, which is
what we observed with our assemblies. While further analysis of the data can reveal the strain
structure hidden by the consensus assembly, we believe it is preferable that assemblers
themselves account for and reveal the strains contained in the sample, information that could be

valuable for source tracking.

3.4 Conclusion

The integration of nanopore long read and Illumina short read sequencing expedited the
reconstruction of high-quality L. monocytogenes assemblies from ice cream quasimetagenomes.
The core genes were accurately reconstructed after 24 hours enrichment with the short read
hybrid assemblies and 28 hours for the short read assemblies—a significant reduction from the
standard 6-day protocol. Although the Gridlon long read assemblies had too many errors to
reconstruct the core genes with high fidelity, they had added value for reconstructing complete
genomes and plasmids—providing information about synteny, gene content and genome structure
that were not accessible with short reads. Hybrid assembly showed the best performance but with
different weaknesses depending on whether the short or long reads built the initial assembly—
highlighting areas for algorithmic improvement that integrate the strengths of long and short
reads (e.g., the contiguity of long reads and high per-base quality of the short reads). A new and

more complete level of information about genome structure, gene order and mobile elements can
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be added to the public health response by integrating microbiological (quasimetagenomic),

molecular (long and short read sequencing) and optimized bioinformatic approaches.

3.5 Methods

3.5.1 Experimental design

Using long and short read sequencing technologies, we compared the performance of
various assembly approaches for reconstructing the genome of L. monocytogenes from selective
enrichments of naturally contaminated ice cream samples (Figure 3.1). The isolation of a pure
colony of L. monocytogenes for sequencing typically requires up to 6 days of selective culture
enrichment [19]. During the selective enrichment, aliquots were collected at 4-hour intervals
from 24 to 40 hours (denoted as 24H, 28H, 32H, 36H, 40H). MiSeq short read and Gridlon long
read sequencing were performed on DNA from these incremental enrichments. At each time
point, over a range of sequenced depth of coverage of the quasimetagenomes, the sequence data
was assembled using the short and long reads in combination and separately. Assembly quality
was evaluated by comparison to a complete L. monocytogenes reference genome—sequenced

and assembled from PacBio data—obtained from the full 6-day enrichment protocol.

3.5.2 Enrichment

Ice cream samples, associated with the 2015 Blue Bell multistate listeriosis outbreak,
were homogenized and added to Buffered Listeria Enrichment Broth (BLEB) with pyruvate
according to the specifications outlined in Chapter 10 of the FDA BAM [127]. The mean MPN/g
of L. monocytogenes in the ice cream samples was 11.99. After four hours, three filter sterilized

selective agents (M52) were added to achieve final concentrations of 10 mg/L acriflavine, 40
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mg/L cycloheximide, and 50 mg/L sodium nalidixic acid in the BLEB. Four replicates of
negative (no ice-cream) and positive controls (L. monocytogenes cells) were also evaluated for

bacterial growth every four hours over the 40-hour enrichment.

3.5.3 DNA extraction and sequencing for short reads

For each enrichment time point (24H, 28H, 32H, 36H, and 40H), DNA was extracted
using DNeasy Blood and Tissue kit (Qiagen) following the protocol for Gram-positive bacteria
with minor modifications: 1.5 ml of the culture was pelleted (5000 x g, 15 min) and the pellet
resuspended in 200mL of enzymatic lysis buffer containing 20mM Tris-HCI (pH-8.0), 2mM
Sodium EDTA, 1.2% Triton X- 100, 20mg/ml of lysozyme. Samples were incubated for 60 min
at 37 °C. Short read libraries were prepared with Nextera Flex (Illumina) library prep kit
according to the manufacturer’s specifications. Libraries from enrichment time points 24H, 28H,
32H, 36H, and 40H were multiplexed along with 20 other libraries from different time points
from the same study on to IHlumina MiSeq 2 x 250 cartridge (Illumina, CA) following

manufacturer recommended protocol.

3.5.4 DNA extraction and sequencing for long reads

For each enrichment time point (24H, 28H, 32H, 36H, 40H), 2ml aliquots of enrichment
were removed and pelletized using a benchtop Centrifuge (Eppendorf 5418 R, NY, USA) at
4000 rpm for 10 mins. The pellet was resuspended in 300ul of TE Buffer. 300ul of the
resuspended cells were loaded on the Maxwell® RSC Instrument (automated DNA extraction
instrument, Madison, W1, USA) cartridge for DNA extraction. Genomic DNA was extracted

using Maxwell® RSC Cultured Cells DNA Kit (Cat no: AS1260, Madison, WI, USA) on
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Maxwell RSC instrument following the manufacturer recommended protocol for Gram-positive
bacteria.

Sequencing libraries were prepared using the ligation sequencing kit (Cat no: SQK-
LSK109, Oxford Nanopore, Oxford, UK), according to the manufacturer’s specifications along
with Native Barcoding Expansion 1-12 (Cat no: EXP-NBD104, Oxford Nanopore, Oxford, UK)
for multiplexing the samples. The libraries were multiplexed into 2 pools (Pooll: 24H, 28H,
32H): Pool 2: 36H, 40H). The libraries were sequenced using Gridlon with Flow cell (Cat no:
FLO-MIN106, Oxford, UK) following the manufacturer’s recommended protocol. The Gridlon
outputs the raw signal data in batches of 4,000 sequenced reads in fast5 format files [145]. Each
fast5 file was converted into fastq formatted DNA sequences using Guppy for base calling [146].
The fast base calling mode was used, which has a speed of ~4.6 Mbp/second. The Gridlon
typically outputs a batch of reads every 30 to 60 minutes (internal to lab) but is affected by

factors such as the length and quality of the DNA fragments being sequenced.

3.5.5 L. monocytogenes reference genome

Previous work identified two strains from the L. monocytogenes ice cream outbreak
[141]. Two reference genomes (NZ_CP016213.1 and NZ_MAGNO00000000.1) were used for the
SNP analysis of the two strains. These reference genomes were compared with the L.
monocytogenes assemblies from the quasimetagenomes using Mash (v2.0, k=25, s=100,000).
The complete L. monocytogenes genome (Genbank accession NZ_CP016213.1) was more
similar to the data in the quasimetagenomes (see Results section) and was used as the reference
for our analyses. This reference organism had previously been isolated from a single colony at
the end of the enrichment protocol and sequenced with PacBio RSII from ice cream samples

from Facility 1, the same facility our samples came from [141]. The reference is 3,030,827 bp
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long with 2,984 protein-coding genes (2,710,041 bp in total length) predicted by Prokka (v1.12)
[93] and a GC-content of 38%. The core genes (using the 1,013 gene cgMLST scheme
developed for L. monocytogenes at the FDA [114, 115]) were identified by BLAST [84]
alignment. The total length of the core genes was 1,075,554 bp. Six copies of the 16S rRNA

were identified in the reference genome with BLAST using the RNAmmer database [147].

3.5.6 Partitioning the sequenced reads into cumulative batches

The Gridlon nanopore sequencing instrument generates the data in batches of 4000 reads,
denoted here as Bn for the nth batch. Our analysis used the first 30 batches of reads, i.e., the first
120,000 reads corresponding to batches B1, B, ..., Bso (Figure 3.1). To analyze the quality of
assemblies as a function of increased sequencing depth, each successive batch of reads was
combined with the previous batches for assembly to form “cumulative batches", denoted as Ci,
C2, ..., Cao, where Cn = B1 + B2 + ... + Bn (Figure 3.1). To compare assembly results strictly
based on sequencing technology, the number of base pairs for the MiSeq and Gridlon data was
normalized. Over a range of sequencing depths, MiSeq raw read files were partitioned into 30
corresponding batches of read pairs to match the cumulative batches by number of base pairs for
Gridlon reads. Table 1 records the total number of sequenced bases per Cso at each enrichment

time.

3.5.7 Detection of genomic variants and the presence of multiple strains

The detection of variants between the reference and the L. monocytogenes sequences
reconstructed from the quasimetagenomes was conducted with two methods. In both cases, the
MiSeq reads from cumulative batch Cso from each enrichment time were analyzed. The first
method called variants with Snippy (v4.6) [148] if there was >10X depth of coverage and >95%

84



of the reads supported the variant. The second method consisted of mapping the MiSeq reads to
the reference genome with Bowtie2 (v2.3.4) [77] and analyzing the pile-up of reads with
SAMtools (v1.7) [149]. Loci with >50X depth of coverage and where 20% to 90% of the aligned
reads indicated the presence of another allele (while the rest of the aligned reads supported the

reference allele) were treated as evidence for multiple strains.

3.5.8 Raw read statistics and reference genome coverage

Raw read statistics were collected for the 30 batches of reads (B1 to Bso) per enrichment
time point, including: mean per base quality score, number of reads, number of base pairs, read
length distribution, and estimated sequencing error rate. To estimate the sequencing error rate,
the short and long reads were mapped to the L. monocytogenes reference genome with Bowtie2
(v2.3.0) and MiniMap2 (v2.17-r974-dirty) [150], respectively, using default settings. The
number of mismatches, insertions, and deletions were counted for the mapped reads with respect
to the reference genome. For the Gridlon reads, an estimated range was provided for the
sequencing error rate because MiniMap2 is a local, as opposed to a global, read alignment tool.
The range is based on whether soft-clipping of the read alignments is included as sequencing
error (maximum estimate of error) or not (minimum estimate of error). Insertions, deletions, and
mismatches were only counted for the aligned portion of the reads i.e., excluding the soft-clipped
regions. The read mappings were used to estimate the breadth and depth of coverage (DOC) of

the L. monocytogenes reference genome.

3.5.9 Assembling the sequenced reads

Short reads and long-reads from each cumulative batch (C1 to Czo) were assembled per
enrichment time point (Figure 3.1). The short reads were assembled using MegaHit (v1.2.9) [92]
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with default settings and scaffolded with MetaCarvel [151]. The long reads were assembled
using Canu (v1.7) [152], Redbean (v2.5) [153], and metaFlye (v2.6-release) [154] with default
settings. The Redbean assemblies were polished with MiniMap2 (v2.17-r974-dirty) and
SAMtools (v1.5) following the tutorial for Redbean on its GitHub page. Unlike metaFlye, which
is a long-read metagenome assembler, Canu and Redbean are not designed for metagenomic
assembly. However, these assemblers were chosen for comparative analysis as they are
frequently used long-read genome assemblers. All the metaFlye assemblies were polished, using
the long reads, with Racon (v1.4.15) [155]. HybridSpades (v3.14.0) [156] and Opera-MS
(v0.8.3) [144] (with and without reference genome scaffolding) were used for short read hybrid
assembly—short read assembly followed by scaffolding with the long reads. Opera-MS was
chosen because it is a metagenome assembler, while HybridSpades was chosen because it is a
popular genome assembler. Pilon (v1.23) [157] and ntEdit (v1.3.1) [158] were used for long read
hybrid assemblies—Ilong read assembly with metaFlye followed by short read polishing. Each

tool was run with 12 cores of 2.70 GHz Intel Xeon E5-2680 processor.

3.5.10 Assembly statistics

The runtime (user time) of each assembly method on the server was recorded for
cumulative batch Cso at each enrichment time point. Quast (v5.0.2) [159] was used to report the
number of insertion/deletions/mismatches and the NG50 for the Cso assembled L. monocytogenes
contigs with respect to the reference genome.

General quasimetagenomic assembly statistics (total assembly length, the number of
contigs, the longest contig, the N50) were collected for every cumulative batch (C1 to Cso at each

enrichment time) using a custom Python script.
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3.5.11 Comparison of the reference genome with the L. monocytogenes assembled

from the cumulative batches

We estimated the fraction of the reference genome where reads (MiSeq and Gridlon)
mapped ambiguously i.e., mapped with the same alignment score to multiple genome locations.
The MiSeq reads were mapped with Bowtie2 and the Gridlon reads were mapped with
MiniMap2. The mean MAPQ score was calculated for each base of the reference genome. Loci
with median scores lower than 40 were considered ambiguous [160].

The presence of alleles from the low abundance strain was assessed for the Cso
assemblies (across enrichment times) with Snippy by aligning the assemblies to the reference
genome and cross-referencing the variant loci identified when looking for multiple strains.

The L. monocytogenes contigs assembled from each cumulative batch (C1 to Cso at each
enrichment time) were assessed for accuracy with respect to the reference genome. Accuracy
was assessed by measuring the BLAST distance (a measure of sequence similarity) between the
predicted genes (both the core and complete set of genes) of the reference and the L.
monocytogenes metagenome-assembled genomes. We define the BLAST distance as the number
of mismatches, insertions, and deletions in the BLAST alignment between the reference genes
and the assembled genes. Preferably, the edit distance between the reference genes and the genes
found in the assemblies would have been calculated, but correctly identifying the entire length of
genes, especially in noisy long read assemblies, is difficult; instead, the BLAST distance forms
an approximation of the edit distance.

If the L. monocytogenes genome sequenced assembled from a sample comprised a single

contig, the synteny of the core genes was compared to that in the reference.
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3.5.12 Taxonomic classification

The contigs from the MegaHit (short read) assemblies and metaFlye (long read)
assemblies (from each cumulative batch at every enrichment time) were taxonomically classified
with Kraken (v1.1.1) [161] and the MiniKraken database using default settings. A species was
considered present if >5,000 nt of contigs were annotated as that species.

The proportion of reads mapped to the L. monocytogenes genome was used as the relative

abundance of L. monocytogenes in the samples.
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4. taxaTarget: Fast, sensitive, and precise classification of microeukaryotes in
metagenomic data

This chapter has been submitted to BMC Microbiome (available as a preprint [162])
where it is currently under peer review. It was a joint work with Kiran Javkar, Harihara
Subrahmaniam Muralidharan, Padmini Ramachandran, Andrea Ottesen, Hugh Rand, and Mihai
Pop. SC, AO, MP, and HR designed the study. SC, MP, HR, KJ, and HM designed the
algorithms. SC analyzed the data and wrote the manuscript. SC, MP, HR, KJ, and AO

interpreted the data. All authors read, provided feedback, and approved the final manuscript.

4.1 Background

Eukaryotes, bacteria, and archaea comprise the domains of life on Earth (according to our
current understanding). Well known eukaryotes, like plants and animals, belong to two small
branches on a much larger phylogenetic tree of mostly uncharacterized microscopic eukaryotes,
i.e., microeukaryotes. Some microeukaryotes are well known because they benefit humans. For
example, Saccharomyces cerevisiae (baker’s yeast) and Aspergillus sojae are involved in the
creation of fermented foods, drinks, and spices such as beer, bread, miso, and soy sauce. Others,
like Plasmodium falciparum, Trypanosoma brucei, and Cyclospora cayetanensis are infamous
for causing human diseases like malaria, sleeping sickness and food poisoning outbreaks,
respectively. However, studies estimate that less than 5% of the predicted millions of species of
microeukaryotes are currently characterized [163-165]. Furthermore, the eukaryotic tree of life is
still expanding as whole new supergroups are being discovered [166].

Microeukaryotes do not exist in isolation, rather they are ecologically integral members

of diverse microbial communities (alongside bacteria, archaea, viruses) i.e., microbiomes, found
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nearly everywhere on Earth. For example, phytoplankton, a mixture of photosynthetic
microorganisms floating in oceans and freshwater bodies, are responsible for nearly half of all
carbon fixation and photosynthetic primary production on Earth—70% is performed by
microeukaryotic groups i.e., Diatoms, Coccolithophores, and Chlorophytes [167]. In the human
gut microbiome, some species (e.g., Blastocystis and Entamoeba), formerly considered strict
parasites, might promote healthy and diverse assemblages of bacterial species and only express
pathogenicity in certain microbial contexts [168-173].

A useful tool for exploring the diversity of microeukaryotes is metagenomics.
Metagenomics is the sequencing of DNA fragments, referred to as reads, extracted directly from
a sample. Such data provides a means for studying the diversity, functional potential, and
ecology of microbiomes. Although metagenomics has led to an explosion of knowledge about
microbial communities [174], most studies have focused on bacteria, with relatively few
(although a growing number) focusing on microeukaryotic groups such as fungi and protists
[171, 175-177].

The metagenomic study of microeukaryotes has lagged for a variety of reasons. Perhaps
most important, is that there is a general sparsity of sequenced genomes and transcriptomes, with
more eukaryotic species represented in protein databases, e.g., ~40,000 species in the UniRef100
database, than genome databases, e.g., ~4,000 species in the National Center for Biotechnology
information (NCBI) Assembly database. Combined, this is still orders of magnitude fewer
species than the millions estimated to exist [163, 164]. Sparse reference sequences can
negatively impact the performance of tools that use sequence similarity for taxonomic
classification. For example, metagenomic reads from a novel species might not align to any

sequences in the reference database of a tool and thus go undetected.
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Another challenge for metagenomics is that microeukaryotes often occur at low
abundance in microbial communities with genomes that are orders of magnitude larger than
bacteria [178, 179]. Ideally, all the genomes in a metagenome could be directly reconstructed
(i.e., assembled) from the reads. However, the limitations of current sequencing technologies,
and the general sparsity of eukaryotic reads per metagenome present algorithmic challenges for
assembly that often result in few or no overlapping reads to construct longer eukaryotic
sequences (i.e., contigs). Microeukaryotic contigs longer than 3,000 bp can sometimes be
assembled, given sufficient depth of coverage [180], and classified as eukaryotic based upon k-
mer composition with high accuracy [181]. However, current bioinformatic approaches for
characterizing microeukaryotes tend to rely upon metagenomic reads for analysis.

An alternative to the classification of assembled contigs is mapping the reads to a
reference database of sequences (e.g., genomes or genes). However, for large eukaryotic
genomes (sometimes billions of base pairs), mapping metagenomic reads directly can be
computationally expensive in terms of runtime and memory. Additionally, the assemblies of
eukaryotic genomes in reference databases are frequently contaminated with bacteria, potentially
leading to classification errors [182-184]. A more robust and scalable solution is the use of
marker sequence databases which can be clade-specific (as used in MetaPhlan3 [185]) or
universally present such as ribosomal subunits (as used by Metaxa2 [186] and mTAGs [187]) or
single copy orthologs (as used by EukDetect [184, 188]). The latter have shown high specificity
for eukaryotes with a strong phylogenetic signal [180, 188]. A drawback for using a database of
marker sequences is that the combined length of the marker sequences is usually a small fraction
of any eukaryotic genome, potentially resulting in low sensitivity when employed in

metagenomic data.
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A general challenge for tools using sequence similarity for taxonomic classification is
that sequences, and regions of sequences, can have variable levels of discriminatory power
because they evolve at different rates [189]. For example, regions of the 18S ribosomal subunit
(rRNA), a eukaryotic marker sequence used by Metaxa2 and mTAGs for taxonomic
classification, are known to lack discriminatory power at the species, genus, and sometimes even
the family or broader levels for some eukaryotic groups [165]. One consequence is that a
metagenomic read can align equally well to a sequence in multiple species, providing insufficient
evidence for classification at the species level. EukDetect addressed this problem by removing
marker genes from its database to which bacterial reads mapped, or if the marker gene Hidden
Markov Models (HMM) misclassified bacterial sequences as eukaryotic [184]. This approach,
which was not extended to other groups like archaea or viruses, reduced the number of marker
gene families used for taxonomic classification by EukDetect from 255 to 214. One drawback of
discarding entire eukaryotic marker gene families with high similarity regions in bacteria is that
unshared regions of the marker genes, which might be informative for eukaryotic taxonomic
classification, also get discarded.

Another issue for approaches using sequence similarity for taxonomic classification is the
application of universal alignment score cutoffs for classifying metagenomic reads that map to
database sequences. For example, reads might be classified as the species of the database
sequences they align to if the alignment is >95% identity. This could be extended to genus if the
alignment is >85% identity, family if the alignment is >75% identity, and so on. EukDetect and
Metaxa2 use similar strategies [184, 186], but such methods ignore that sequences can evolve at
different rates and can have variable discriminatory power. A more sophisticated approach, used

by CCMetagen, learned the alignment score cutoffs, from phylum to species, using the sequence
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similarity and taxonomic relatedness of fungal marker sequences [190]. Although a data-driven
approach, the thresholds learned for fungal sequences end up being applied to the entire NCBI
Nucleotide database which contains sequences across the tree of life and viruses. Another
approach for the taxonomic classification of metagenomic reads, used by mTAGs [187], is to
assign the lowest common ancestor of the database sequences each read aligns to. However, such
approaches tend to classify reads with too high of specificity when using sparse databases (such
as exists for microeukaryotes) and to be too conservative when using highly representative
databases [104, 191].

As an alternative, supervised learning approaches have been developed for dynamically
determining thresholds using marker genes [192] and for the discovery of protein families [193]
in metagenomic data; however, these approaches were developed for bacteria using bacterial
marker genes or for functional profiling instead of taxonomic classification. Supervised learning
methods use labeled training data to learn functions for classifying new examples. For example,
MetaPhyler [192] predicts the taxonomic relatedness (from phylum to species) of metagenomic
reads aligned to marker genes. It learns the cutoffs for classification thresholds by training on the
scores of reads, from the genomes of known taxa, aligned to the marker genes in its database.
This approach automatically assesses if sequences contain enough information for classification
at different taxonomic levels. However, a limitation of MetaPhyler is that it builds classifiers for
whole genes, treating all regions of a gene as having equal classification power. ROCker [193]
introduced a method for assessing if metagenomic reads were sequenced from specific gene
families using sliding window, region-specific classifiers. Although a functional profiling tool,

we thought the approach could be successfully adapted for taxonomic classification.
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Here, we present a metagenomic taxonomic profiling tool, taxaTarget, specifically
designed for microeukaryotes. We show that taxaTarget is computationally efficient, with higher
sensitivity, and often higher precision than similar tools using marker sequence databases—
Metaxa2, mTAGs, and EukDetect—even for species not represented in the database. Using a
similar database of single copy orthologs as EukDetect, we show how a supervised learning
approach automates the assessment of which genes and regions are most informative for
classification, reducing the need for manual curation, and retaining more sequences in the
database. Further, the supervised learning approach of taxaTarget replaces universal
classification thresholds (i.e., universally applied to all sequences in a database) with classifiers
tuned by sequence region in a data-driven manner. We also describe several novel solutions for
effectively handling the scarcity of training data for microeukaryotes which initially led to many

classification errors.

4.2 Methods

4.2.1 Definitions

Precision = True Positives / (True Positives + False Positives)

Sensitivity = True Positives / (True Positives + False Negatives)

False Positive Rate = False Positives / (False Negatives + True Negatives)

Accuracy = (True Positives + True Negatives) / (True Positives + True Negatives + False

Positives + False Negatives)
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4.2.2 Tools selected for benchmarking taxaTarget

To benchmark the performance of taxaTarget we selected several existing tools
(Metaxa2, mTAGs, and EukDetect) that were representative of the main marker gene approaches
for the taxonomic classification of microeukaryotes in metagenomic data. These approaches can
be broadly classified into three categories based upon the marker sequences they use as a
database. The first approach uses a database of markers that were originally used as barcodes for
amplicon-based metagenomics such as the COI gene and the ribosomal subunits. Here we
selected Metaxa2 and the recently published mTAGs. The second approach uses a database of
clade-specific marker genes. The only tool we could find that used this approach was
MetaPhlan3, which we decided not to include because it had orders of magnitude less eukaryotic
species than the other tools (only 122 eukaryotic species as of release mpa_v30). The third
approach uses a database of single copy orthologs that are found in most eukaryotes. The only

tool that we found using this approach is EukDetect.

4.2.3 Workflow and implementation

The workflow of taxaTarget is shown in Figure 4.1. It is written in Python3 (Python >
3.6) and executed via command line. It utilizes a custom database of eukaryotic marker genes,
the trained classifiers, and the NCBI taxonomy. It accepts as input raw metagenomic sequencing
reads in fasta/fastq format. The reads are first mapped to the database with Kaiju (v1.8.0) [194]
to quickly identify reads that might be sequenced from eukaryotic marker genes. The binned
reads are then more sensitively aligned with Diamond (v2.0.11) [195] to the marker genes. The

Diamond output is then provided as input to taxon-specific classifiers trained on a curated
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database of eukaryotic sequences. Finally, the results are aggregated and the taxonomic profile of

the metagenomic sample is generated.
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Figure 4.1 Workflow diagram for taxaTarget

A) Metagenomic reads are input to taxaTarget in fastq format. The reads are first mapped to the marker
genes with Kaiju—a fast, k-mer approach. The subset of reads that mapped to the marker genes with
Kaiju are then more sensitively aligned to the marker genes with Diamond. The mean bit score and start
position of the Diamond read alignments are used for classification. B) An example marker gene that a
read mapped to. Most windows (every non-overlapping 20 amino acid region) have classification
thresholds (Species, Genus, and Family) learned from training, but some regions lacked training data and
thus lack thresholds. C) Classification of a read for a window where threshold padding is applied. The
start position of the read alignment is used to determine the window used for classification. During
training, no negative labelled reads aligned to the window at a rank broader than genus and so the
thresholds for Genus and Species get padded (i.e., adjusted upwards). Here, the read gets classified as the
genus of the marker gene because the mean bit score of its alignment is above Genus with padding.
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4.2.4 Building the marker gene database

The database of taxaTarget was built from protein sequences extracted from the
UniRef100 database of UniProt (release-2021_02) [196] to maximize the breadth of species
detectable. The UniRef100 database was used, instead of UniProt, because it removes identical
sequences and assigns the lowest (most recent) common ancestor to the representative sequences
in the database. The ~2.0x108 protein sequences in the UniRef100 database were downloaded on
April 15, 2021. Approximately 6.4x107 eukaryotic proteins were extracted and assigned a
taxonomic lineage using the taxonomic identifiers provided by UniRef100 and the NCBI
taxonomy. Eukaryotic proteins were excluded if the taxonomic lineage included the keywords
“unclassified eukaryotes”, “environmental samples", or if the base taxonomic label was at a
broader taxonomic rank than species. Eukaryotic marker genes were identified and extracted if
they aligned with Diamond to the 255 eukaryotic Benchmarking Universal Single-Copy

Orthologs (BUSCO) marker genes (version 5) [188] with an alignment matching or exceeding

the BUSCO cutoffs for sequence length and bit score.

4.2.5 Training the taxonomic classifiers

The classifiers of taxaTarget are a set of region-specific functions that use thresholds for
family, genus, and species, to classify metagenomic reads. The thresholds for species, genus, and
family (Sv, w), Gov, w), and Fv, w), respectively) are learned for each non-overlapping 20 amino
acid window, W, of each marker gene, M, in the taxaTarget database via training. As an example,
the notation for the species threshold of the 140 to 160 amino acid window of marker gene
UniRef100_COH4XS5 (its UniRef100 identifier) would be Sunirefioo_conaxs, 140). The thresholds

learned during training for each window provide the basis for the taxaTarget classifiers.
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To provide an overview, the training process began by decomposing the UniRef100
database into a set of reads. Each read was aligned to the taxaTarget database, yielding one or
more alignment scores depending on how many marker genes it aligned to. Per alignment, each
read was assigned a label, either “species”, “genus”, “family”, or “negative”, depending on its
taxonomic relationship to the marker gene. A read that aligned to a marker gene from a broader
rank than family was considered a negative. The set of labelled reads that mapped within the
window of a marker gene were used to determine the thresholds for that window.

The alignment score used for training and classification was the mean bit score—the bit
score of a read alignment divided by the alignment length. The mean bit score was used because
there is an approximately linear relationship between the alignment bit score and alignment
length [192], i.e., reads of different lengths, sequenced from the same gene, will align back to the
marker gene with different bit scores, but similar mean bit scores. Therefore, training on the
mean bit score allows for standardized classification of reads of different lengths.

In detail, training began by aligning all UniRef100 reads (reads are all 70 amino acid long
k-mers, with step size 10, extracted from UniRef100), to the marker genes using Diamond
BLASTP. The procedure for identifying the species, genus, and family thresholds (Sim, wy, Gm,
w), and Fv, wy, respectively) for each window, W, of each marker gene, M, in the taxaTarget
database is as follows. To provide a specific example for ease of understanding, let us say we are

trying to learn Siv, w), Gm, w), and Fov, wy for the 140 to 160 amino acid window of marker gene

UniRef100_COH4X5, i.e., Squniref00_coHax5, 140), G(UniRef100_COH4X5, 140), F(UniRef100_COH4X5, 140).
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1) If aread alignment to UniRef100_COH4X5 started or ended within the 140 to 160 amino
acid window (extending towards the end of the gene) with a minimum bit score of 60 and
alignment length of at least 30 amino acids,

a) The mean bit score of the read alignment was extracted

b) A taxonomic label (“species”, “genus”, “family”, or “negative”) was assigned
depending on the taxonomic relationship of the read to the marker gene
(Plasmodium falciparum for UniRef100_COH4X5)

2)  S(UniRef100_COH4X5, 140), G(UniRefL00_COH4X5, 140), F(UniRef100_COH4xX5, 140) Were set to the minimum
mean bit score of the reads mapped and corresponding to that taxonomic rank

3) Thresholds were adjusted or removed based on the following conditions

a) A threshold was removed if there was no training data corresponding to its
taxonomic rank
b) If the mean bit score of a broader taxonomic rank was higher than the threshold of
a more specific taxonomic rank, that threshold was either adjusted to that mean bit
score or removed if the mean bit score was higher than the threshold of the next
most specific rank
c) The window was only kept in taxaTarget for classification if,
i) S(uniref100_coH4xs, 140) had a value (in some cases reads did not map to a
window)
1) S(uniRef100_CoH4xX5, 140) > {G(UniRef100_COH4X5, 140), F(UniRef100_COH4XS5, 140),
max(negatives)}

4) The process was repeated for every window of every marker gene in the database.
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At the end of the training process, the values for Si, wy, G, w), and Fou, wy were defined for each
window, for each marker gene, subject to the filtering parameters described above. This provided

the basis for the classifiers used by taxaTarget for classification.

4.2.6 Taxonomic classification of metagenomic reads

4.2.6.1  Classifying individual reads

Taxonomic classification with taxaTarget begins by aligning metagenomic reads to the
taxaTarget database with Diamond BLASTX, yielding alignment scores. The highest mean bit
score alignment(s) of individual reads are used for classification. If a read aligns with 100%
identity to multiple marker genes from different species, the read is classified at the lowest
common ancestor of the respective hits. Otherwise, individual reads are classified as follows:

1. The alignment of a read to a marker gene must be at least 30 amino acids long (gaps are
counted)

2. A read alignment must either start or end in the window of a classifier and extend toward
the end of the marker gene. If a read alignment overlaps multiple windows, the window
used for classification is, window = floor( min(start, end) / 20 ). If a classifier does not
exist for that window, the read is not classified.

3. The classifier for a window consists of a function that uses the learned classification
thresholds for species, genus, and family, S, w), G, wy, and Fv, w), respectively, where
M is the specific marker gene the read aligned to and W is the window.

4. The mean bit score of the read alignment is provided as input to the classifier

5. Classification

a. If the mean bit score > Sov, wy, classify the read at the species level

b. If the mean bit score > G, w), classify the read at the genus level
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c. If the mean bit score > Fm, w), classify the read at the family level

d. Else, the read is not classified
4.2.6.2  Generating the taxonomic profile of the metagenomic sample

Once the individual reads have been taxonomically classified, taxaTarget uses several

functions to analyze the pattern of mapped reads for each taxon and to filter out false positives
from the taxonomic profile. The sources of false positives were identified through experiments or
reported in the literature previously [184]. Each parameter has a default setting that can also be
set by the user.

1. Thresholds determined from training data that lacked examples from broader taxonomic
ranks or negatives are frequently overly permissive leading to false positive
classifications. To address this factor, taxaTarget relies on “padding,” a user tunable
parameter, to adjust the thresholds higher (requiring a higher mean bit score to classify a
sequence). The default padding added (0.5 by default) was determined via parameter
sweep analyses detailed later in the Methods. The following padding strategy is used:

a. By default, Tpadding = T + 0.5(1 - T), where T is the threshold (options are Siv, w),
G, w), and Fou, wy) before padding, I is the mean bit score of the identity
alignment for the window, and Tpadding IS the threshold value after padding is
added

b. Padding is added using the following series of rules. Once a rule is met, the
subsequent rules are not applied. During training, if no reads aligned to a marker
gene,

i.  Atarank broader than family, then padding is added to Siv, wy, Gv, wy, and

F, w)
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ii.  Atarank broader than genus, then padding is added to Sv, wy and G, w)
iii.  Atarank broader than species, then padding is added to Sqv, w)

2. As reported in [184] and supported by our observations, false positives frequently entail
just one or two reads mapping to a single marker gene of an organism. To minimize such
errors, taxaTarget requires that at least 3 reads be classified per taxonomic unit, and that
reads map to at least 3 marker genes within a taxonomic unit for it to be reported in the
output.

3. If sequencing samples the genomes in a metagenome randomly, then the reads should
approximately cover a genome uniformly. False positives are often characterized by
many reads mapping to a small subset of the marker genes from a particular taxon,
perhaps due to a conserved domain. taxaTarget relies on outlier detection to filter out
marker genes that have more mapped reads than expected for each taxon. The cutoff for
the maximum expected number of mapped reads for a marker gene is approximated as
follows:

a. Let X={xi, X2, ..., XN}, where X is a vector of counts and xi is a single draw,
sampled with replacement, from the set of marker genes, {mz, mz, ..., mk}, where
N is the total number of reads mapped to the marker genes, and K is the total
number of marker genes for a taxon. C = mode(X) x 2.

b. Any marker gene with more mapped reads than the mean of C after 100
experiments is excluded for the taxon being considered.

4. A source of error, also identified in [184], is that more species of a genus get detected
than are present in the sample. Sometimes, this is due to the species lacking a complete

set of marker genes in the taxaTarget database. To address such situations, taxaTarget
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examines the pattern of read mappings to the marker genes from the equivalent species
using an extension of the strategy reported in [184]. First, a primary species is defined as
the species with the most mapped reads that passes all previous filters. The primary
species is assumed present, and the other species are compared to it to determine if they
are present as well or false positives. For demonstration purposes, let us consider two
scenarios (that taxaTarget handles) where two species, A and B, within the same genus
have mapped reads, where A is the primary species.

a. If the reads of species A and B map to non-overlapping sets of marker genes, the
read counts are summed and the taxonomic profile reports both species as a single
result indicating there is not enough information to determine whether either or
both are present.

b. If the reads of species A and B map to partially overlapping sets of marker genes,
species B is considered a false positive if the ratio of reads mapped (normalized
by the number of marker genes) to shared genes versus not-shared genes is less

than 1, with a tolerance of 10%.

4.2.7 Simulated data sets

The simulated datasets were created using ART (Mount Rainier version) [197] (using
default parameters except for, Illumina HiSeq 2500, single-end, 150 bp, 1X depth of coverage)

for the genomes described in Table 4.1.

Table 4.1 The composition of the simulated metagenomic datasets

Dataset/Analysis Phylogroup Number of | Number of Number of
genera species/asse | reads
mblies simulated
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subtype 1

non-microeukaryote Animals 383 383 10,022,536
Archaea 139 139 2,511,659
Bacteria 2,761 2,761 10,653,348
Plants 77 77 10,140,188
Viruses 2,171 2,171 464,121
microeukaryote_in_DB Protists, Fungi | 39 54 7,536,554
(species
represented in
all tool
databases)
microeuryote_not_in_DB Protists, Fungi | 83 83 32,052,306
(species not
represented in
database of
any tool)
Limit of detection analysis Plasmodium 1 1 100,000
falciparum
Phytophthora |1 1 100,000
sojae
Aspergillus 1 1 100,000
niger
Blastocystis 1 1 100,000

For the non-microeukaryote dataset, the GenBank assembly report (available at

https://ftp.ncbi.nlm.nih.gov/genomes/ASSEMBLY REPORTS/assembly summary genbank.txt

) was parsed with a custom Python script to download one assembly per genus for each of the
following phylogroups: metazoa (animals), embryophyta (plants), archaea, bacteria, and viruses.
Per genus, the assemblies were first prioritized by assembly level, i.e., complete genome,

chromosome, scaffold, contig. Then an assembly was randomly selected from the highest
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assembly level available for that genus. For analysis, simulated reads were combined into
metagenomes by phylogroup and randomly down sampled to approximately 10 million reads.
All reads simulated from the archaea and virus assemblies were used as they were already fewer
than 10 million.

Assemblies from 54 species for the microeukaryote_in_DB dataset were downloaded
from the NCBI assembly database after searching for “eukaryota” and filtering for “Latest
RefSeq”, “Protists”, “Fungi”, “Complete genome”, “Chromosome”, “Representative.” Here, we
only used high quality assemblies to reduce the likelihood of contaminating sequences in the
assemblies which could affect the classification results. The assemblies were further filtered to
only include species that had sequences in the databases of each tool tested (taxaTarget,
EukDetect, MTAGs, and Metaxa2). The read sets were analyzed individually as well as a
metagenome mixture where all the reads had been combined into a single fastq file.

The assemblies for the 83 species in the microeukaryote not_in_DB were downloaded
using the GenBank assembly report and a custom Python script that found species without
sequences in any of the databases used by mTAGs, Metaxa2, EukDetect, and taxaTarget, but that
did have sequences from the same genus in these databases. Each read set was analyzed

individually.

4.2.8 Analyses using simulated data

4.2.8.1  Parameter sweep analysis for adjusting classification thresholds

As mentioned earlier, thresholds learned from training data that lacked examples from
broader taxonomic ranks frequently allowed false positive classifications. To address this,
taxaTarget relies on “padding” these thresholds, a user tunable parameter, to adjust the

thresholds higher. The default amount of padding to add to thresholds was assessed via a
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parameter sweep analysis. The values tested for padding included (0.0, 0.1, 0.2, ..., 1.0). The
experiment involved three simulated datasets which were useful for assessing different
performance metrics of taxaTarget.

First, the non-microeukaryote dataset was used to assess the false positive rate of
taxaTarget—both with and without applying outlier detection (see above). The false positive rate
was calculated as the proportion of reads from non-protist/non-fungi phylogroups (i.e., animals,
archaea, bacteria, plants, and viruses) that were misclassified as a protist or fungus.

Second, the metagenome of the microeukaryote_in_DB dataset was used to assess the
relationship between the precision and the sensitivity of taxaTarget for species with sequences in
the database. The precision was calculated using the number of true positive and false positive
reads classified at the species level. The sensitivity of taxaTarget was calculated using the
number of true positive and false negative species detected in the metagenome.

Third, the microeukaryote_not_in_DB dataset was used to assess the relationship
between the precision and sensitivity of taxaTarget for species with no sequences in the database,
but that have relatives from the same genus within the database. The precision and sensitivity
were calculated as before but at the genus level.

4.2.8.2 Limit of detection analysis

Simulated read sets, meant to mimic metagenomic samples where protist and fungal
species occur at low abundance, were created as a control to test the limit of detection of the
tools. The reads were simulated from the GenBank assemblies of three protists—Blastocystis
subtype 1 (GCA _001651215.1), Plasmodium falciparum (GCA_000002765.2), and
Phytophthora sojae (GCA_000149755.2)—and one fungus—Aspergillus niger

(GCA_000002855.2)—representing a range genome sizes (1.6x107 bp to 8.3x107 bp). Six read
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sets were created from each assembly, composed of 1, 10, 100, 1x103,1x10%, and 1x10° reads
using a custom Python script to randomly select from the ART simulated reads. Every tool tested
had reference sequences from these species in their database. Each read set was classified
separately with the tools and the number of reads correctly classified at the genus level were
recorded.
4.2.8.3  Testing the false positive rate of the tools for non-protist/non-fungi species

The non-microeukaryote dataset (Table 4.1) was used to test the false positive rate of the
tools. The false positive rate was calculated as the proportion of reads from non-protist/non-fungi
phylogroups (i.e., animals, archaea, bacteria, plants, and viruses) that were misclassified as a
protist or fungi. The mean false positive rate for all phylogroups was normalized by 10 million to
derive the mean number of false positive reads per 10 million reads classified.
4284 Measuring the precision and sensitivity of the tools for protist and fungal species

The microeukaryote_in_DB dataset (Table 4.1) was used to measure the precision of the
tools when classifying protist and fungal species with reference sequences in the database. The
tools were first applied to each read set individually to provide a baseline for the precision of the
tools and then to the combined read set to assess the precision of the taxonomic profile when
multiple species were present (sometimes multiple species from the same genus). The precision
was calculated separately at the taxonomic levels of family, genus, and species. The sensitivity
of the tools was defined at the family, genus, and species levels as the proportion of the total
number species in the dataset where at least one read was classified correctly at the respective
taxonomic levels.

The microeukaryote_not_in_DB dataset (Table 4.1) was used to measure the precision of

the tools when classifying protist and fungal species with no reference sequences (although there
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were reference sequences from other species within the corresponding genera) for the species in
the databases used by the tools. The precision and sensitivity of the tools were measured as
mentioned in the previous paragraph except only at the taxonomic levels of family and genus as

the respective species are not represented in the reference collection.

4.2.9 Analysis of real metagenomic data

The accuracy of the tools for detecting known protist species in a microbiome was
quantified using 57 Cameroonian shotgun metagenomic gut samples [91]. Polymerase chain
reaction (PCR) had previously been performed on the samples to detect Blastocystis and
microscopy to detect Entamoeba. Additionally, the previous study had identified several target
protist species by mapping the metagenomic reads to a database of their genomes or 18S rRNA
sequences [91]. We summarized and compared the taxonomic profiles of each tool with the
findings of the original study. For Blastocystis, the PCR results were used as a “gold standard”

for measuring the accuracy of the tools for detecting this parasite.

4.3 Results

4.3.1 The taxaTarget database

The reference database of taxaTarget is composed of 877,724 UniRef100 proteins which
were identified as orthologs of the 255 BUSCO eukaryotic marker genes. The database
sequences originate from 1,319 families, 2,564 genera and 4,232 species. As seen in Figure 4.2B,
many species had few marker genes (e.g., 1,152 species only had one marker gene identified);
however, 2,619 species had over 50 marker genes and the median number of marker genes per

species was 152.
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Figure 4.2 The region-specific taxonomic classifiers of taxaTarget

A) The pie chart shows the maximum taxonomic resolution of the regions learned by training. Nearly 1/3
of the 22.7x107 non-overlapping 20 amino acid regions (from 8.8x105 proteins) were not useful for
species level classification because the highest bit score alignments were from broader taxonomic ranks.
B) The scatter plot shows the number of BUSCO marker genes (255 is a complete set) versus the number
of region-specific classifiers for all 4,232 species in the taxaTarget database.

4.3.2 Statistics about the trained classifiers of taxaTarget

Classifiers were trained for all non-overlapping 20 amino acid regions (22.7x10” potential
regions) per protein in the database. About ¥ of the regions (7.4x10°) were excluded after
training because the highest mean bit score alignments for family, genus, and species did not
follow the pattern of species > genus > family (Figure 4.2A). For the remaining ~%; of regions,
training data was often sparse i.e., 22.7%, 64.2%, and 68.1% of the regions lacked negative-
labeled, family-labeled, or genus-labeled data, respectively. The number of region-specific
classifiers varied by orders of magnitude between marker genes, from 2.8x103 to 1.5x10° with a
median of 4.3x10% There was also great variability per species, from 1 (e.g., Phytophthora

andina) to 1.6x10° (e.g., Aureobasidium pullulans) with a median of 2.1x102 region-specific
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classifiers per species. Furthermore, there were cases where the mean bit score showed high
variability across windows of a marker gene within a single rank; the maximum mean bit score
range observed was 1.94 across the windows of the Brix domain-containing protein of Hortaea

werneckii (AOA3M7GIUS8).

4.3.3 Parameter sweep analyses: Padding thresholds trained with sparse data

The first parameter sweep analysis assessed how threshold padding, with and without
outlier detection, affected the number of non-microeukaryote reads falsely classified as
microeukaryotic (protist or fungal) species (Figure 4.3A) by taxaTarget. Outlier detection refers

to whether taxaTarget is set to remove marker genes with more mapped reads than expected (see

)

E: A B c

2w No outlier detection L.oo e o o o o o o o @

= @ Outlier detection 0.94 e
[}

= 099 092

wn c =

[0} o o

© . S 098 - 2 090

U | =

b * . 4 e * g ose

‘= 102 L] 0.97 .

E o . 2 oss

) L] o o

e . 0.96 . 0.84

o . o . Precision Precision

'E e o ® hos ® ® Species detected 082 e Species detected
g 0.0 0.2 0.4 06 0.8 1.0 0.0 0.2 0.4 0.6 0.8 Lo 0.0 02 0.4 0.6 0.8 10

Padding added to thresholds

Figure 4.3 Results of parameter sweep analysis for taxaTarget

A) The non-microeukaryote metagenome was used to assess how the padding of thresholds affected the
number of non-microeukaryote reads falsely classified as microeukaryotic (protist or fungal) species.
Outlier detection refers to whether taxaTarget is set to remove marker genes with more reads mapped than
expected—if sequencing randomly samples the genomes in a metagenome and that read coverage should
approximate a uniform distribution. B) The microeukaryote_in_DB metagenome was used to assess the
effect of threshold padding on the precision and the number of detected species (n = 54) at the species
level. C) The microeukaryote_not_in_DB dataset was used to assess the effect of threshold padding on the
precision and the number of detected species (n = 83) at the genus level.
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Irrespective of padding, taxaTarget always performed better when using outlier detection,
especially at low threshold padding, i.e., 0.2 or less (Figure 4.3A). Without outlier detection, the
number of false positive reads per 10 million reads classified decreased from 179 to 7 as the
threshold padding increased from 0 to 1. With outlier detection, the same value over the same
range decreased from 26 to 4. From 0.1 to 0.2 padding there was an unexpected increase in the
number of false positive reads classified as embryophyta. This was caused by several species
where the pattern of mapped reads to marker genes was not uniformly distributed at 0.1
padding—resulting in them being filtered out of the taxonomic profile by taxaTarget. However,
at 0.2 padding the number of reads mapped to marker genes was greatly reduced and
approximated uniform coverage—resulting in them being wrongly included in the taxonomic
profile. The phylogroups that contributed to the most false positives, irrespective of padding
level, were the bacteria and embryophyta. For bacteria, misclassified reads were most frequently
classified as fungi, chlorophyta, and choanoflagellata. For example, at 0.5 padding there were 15
misclassified reads, of which 7, 5, and 4 were assigned to fungi, chlorophyta, and euglenozoa,
respectively. For embryophyta, misclassified reads were most frequently classified as
chlorophyta and charophyceae—green algae. For example, at 0.5 padding there were 23
misclassified reads, 20 were assigned to chlorophyta (the other 3 were assigned to
stramenopiles). The viruses, archaea, and metazoa did not produce false positives, only did so at
a low rate (irrespective of threshold padding), or only at a padding of 0.1 or lower, respectively.

The second analysis used the microeukaryote_in_DB metagenome to assess the effect of
padding thresholds on the precision and sensitivity of taxaTarget at the species level for species
with sequences in the reference database (Figure 4.3B). The sensitivity was 1.0 regardless of

padding, i.e., all species were detected at the species level in the metagenome. With respect to
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precision, as padding increased from 0 to 1 there was a slight increase from 0.951 to 0.981,
respectively.

The third analysis used the microeukaryote_not_in_DB dataset to assess the effect of
padding thresholds on the precision and sensitivity of taxaTarget for species without sequences
in the database (Figure 4.3C). The precision was assessed at the genus level. Similarly, the
sensitivity was calculated as the proportion of species detected at the genus level. Overall, the
sensitivity was 0.952 from 0 to 0.8 padding and 0.94 thereafter. The precision continuously
increased from 0.814 to 0.916 from a padding of 0 to 1, respectively.

Together, the parameter sweep analyses led us to choose a threshold padding of 0.5 as the

default setting for taxaTarget, but users can adjust this parameter.

4.3.4 Limit of detection analysis

The limit of detection for each tool was tested by classifying read sets simulated from
genomes, where the number of reads varied by 6 orders of magnitude (1, 10, 100, 1x103, 1x10%,
1x10°). The datasets were simulated from the genomes of two protist species (Plasmodium
falciparum and Phytophthora sojae) and one fungal species (Aspergillus niger). The genomes
ranged in size from 23, 34, and 83 Mbp for Plasmodium falciparum, Aspergillus niger and
Phytophthora sojae, respectively. Each species had reference sequences in the database of each
tool. The sensitivity of a tool was measured as the number of reads correctly classified at the
genus level.

Amongst the tools, taxaTarget showed the greatest sensitivity (Figure 4.4), only requiring
100 reads to detect Aspergillus and 1,000 reads to detect Phytophthora, Blastocystis, and
Plasmodium. EukDetect required 10,000 reads to detect Aspergillus, Blastocystis, and

Phytophthora and 100,000 reads to detect Plasmodium. Metaxa2 and mTAGs showed the least
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sensitivity, unable to detect Phytophthora given 100,000 reads, and requiring 10,000 to 100,000

reads to detect Aspergillus, Blastocystis, and Plasmodium.
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Figure 4.4 Limit of detection analysis

The limit of detection for each tool was tested using simulated data where the number of reads varied by 6
orders of magnitude (1, 10, 100, 1x10%, 1x10%, 1x10°%). A read was considered correctly classified if the
tool assigned it to the correct genus. The reads were simulated from 4 genomes which varied in length
from ~16.6 Mbp to ~82.6 Mbp. The genomes came from 3 protist species (Blastocystis subtype 1,
Plasmodium falciparum and Phytophthora sojae) and 1 fungal species (Aspergillus niger)—genome size
in parentheses besides the species name.

4.3.5 False positive rate when classifying simulated metagenomes composed of non-
fungi/non-protist phylogroups

Microbiomes can be composed of hundreds or thousands of microbial species—usually

only a small proportion are microeukaryotes (mostly protists and fungi) [179, 198]. The non-
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microeukaryote dataset was used to quantify the false positive rate of the tools when classifying
non-protist/non-fungal phylogroups.

As seen in Table 4.2, EukDetect had the lowest overall false positive rate of zero. The
mean number of false positive reads per 10 million reads classified for Metaxa2, taxaTarget, and
MTAGs was 4, 8, and 15 respectively. For taxaTarget, the false positive rate was mostly driven
by bacteria classified as Choanoflagellata and plants classified as green algae (Charophyceae

and Chlorellales).

Table 4.2 The false positive rate of the tools for the simulated metagenomes from non-
rotist/non-fungi phylogroups

Tool Archaea | Bacteria | Plants Animals | Viruses | Mean number of false
positive reads per 10
million reads classified

EukDetect 0 0 0 0 0 0
Metaxa2 0 6.6x107 |[5.9x107 |2.0x107 |0 4
taxaTarget 1.2x106 | 1.5x10° |2.3x10° |0 0 8
MTAGs 4.0x107 |3.7x10° |8.9x107 |2.0x107 |0 15

4.3.6 Classification performance for “known” fungal and protist species

The precision and sensitivity of the tools for classifying protist/fungal species, with
representative sequences in their databases, was tested under two conditions using the
microeukaryote in_DB dataset. First, the classification performance of the tools was tested on
simulated genomic read sets from 54 species to provide a baseline. Second, a 54 species
metagenome (combining the genomic read sets into a single sample) was used to measure the

precision of the tools on a complex, multispecies sample where 24 of the 54 species came from a
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genus with more than one species in the metagenome. We note that the results of mTAGs could
not be compared with the other tools at the species level because mTAGs uses operational
taxonomic units (OTU). OTUs are taxonomic groups defined by the clustering of marker
sequences, which can evolve at different rates, and thus can have variable taxonomic resolution
e.g., strain, species, subgenus.

When classifying genomic read sets (Table 4.3) all tools showed a precision of at least
95%, although taxaTarget often had the highest. However, only taxaTarget had 100% sensitivity
i.e., correctly identified all species. EukDetect, had the second highest sensitivity (90.7%) only
misclassifying 5 species as other species. In contrast, mTAGs and Metaxa2 had the lowest
sensitivity, classifying orders of magnitude less reads and identifying the least genera. For
example, Metaxa2 only identified 31.5% of the species and only classified 320 reads (out of a

total of 7.5 million) at the species level.

Table 4.3 Precision of tools when classifying species represented in their databases.

Precision of tools when classifying read sets (1X depth of coverage) simulated from the genomes of 54
protist/fungal species with reference sequences in the database of each tool. In the experiment column,
genome indicates the read sets were analyzed individually, whereas metagenome indicates the read sets
were combined into a single sample that was analyzed.

*Metaxa2 uses a custom and older taxonomic database which often does align with the current NCBI
taxonomy at the family level. If the family label did not align with the current NCBI taxonomy it was
counted as incorrect.

**Below genus, mTAGs classifies reads to OTUs and does not provide species level classifications

Experiment | Tool Precision | Precision | Precision [ Percentage | Reads
at family | atgenus [ atspecies |ofspecies | classified
level (%) | level (%) | level (%) | detected (n | at species

=54) level (n=
7.5x10°)

Genome taxaTarget |99.0 98.9 97.3 100.0 35,950

EukDetect |96.0 96.0 95.3 90.7 51,489
Metaxa2 66.8* 97.9 97.4 315 320
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mTAGs 98.8 96.3 NA NA 703
(OTU**)
Metagenome | taxaTarget | 99.0 99.0 97.3 100.0 36,182
EukDetect |96.2 96.2 95.0 68.5 44,823
Metaxa2 76.3* 99.2 97.0 315 297
MTAGs 97.5 94.9 NA NA 713
(OTU**)

When classifying the combined metagenome (Table 4.3), all tools still showed high
precision (> 95%). Metaxa2 and taxaTarget had the highest precision at the genus (~99%) and
species (~97%) levels, but taxaTarget was still the only tool with 100% sensitivity. EukDetect
showed a substantial loss in sensitivity (only detecting one species per genus when multiple
species were present), detecting 68.5% of the species, in contrast to 90% when data from each
species was analyzed separately. Like the previous experiment, mMTAGs and Metaxaz2 still

showed the lowest sensitivity.

4.3.7 Classification performance for “unknown” fungal and protist species

Next, we tested if the tools could detect protist/fungal species that were not represented in
their databases, but that had marker sequences from the same genus. We tested the tools using
the microeukaryote_not_in_DB dataset which consisted of simulated genomic read sets from 83
species. The 83 species had no reference sequences in the databases of any tool but had
sequences from species related at the genus level (Table 4.4). We again note that the results of
mTAGs could not be compared with the other tools at the species level (refer to the first

paragraph of the previous section for a detailed explanation).
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Table 4.4 Analysis of 83 single species simulated read sets.
The 83 protist/fungal species had no reference sequences in the database of the tools, but that had
sequences from species related at the genus level.

Tool Species Species Sensitivity | Sensitivity | Precision Precision
detected at | detected at | family (%) [ genus (%) | family (%) | genus (%)
family genus level
level (n=83)

(n=83)

taxaTarget |81 79 97.6 95.2 94.5 89.1

EukDetect |44 42 51.8 49.4 99.9 90.4

Metaxa2 23 14 27.7 16.9 90.3 41.6

MTAGs 39 30 47.0 36.1 88.1 50.8

In terms of sensitivity, taxaTarget identified the correct family and genus for over 95% of
the species. In contrast, all the other tools had a sensitivity of ~50% or less. EukDetect was the
most precise tool, assigning the correct family and genus to 99.9% and 90.4%, respectively, of
the reads it classified. taxaTarget showed the second highest precision, assigning 94.5% and
89.1% of the classified reads to the correct family and genus, respectively. In contrast, Metaxa2

and mTAGs had ~90% precision at the family level and ~50% at the genus level.

4.3.8 Detection of known genera in the Cameroonian gut metagenomes

The accuracy of the tools for detecting known protist species in a microbiome was
quantified using 57 Cameroonian shotgun metagenomic gut samples (Table 4.5). PCR had
previously been performed on the samples to detect Blastocystis and microscopy to detect
Entamoeba. Additionally, several target protist species had been detected by mapping the

metagenomic reads to a database of their genomes or to their 18S rRNA [91].
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Table 4.5 Detection of Blastocystis in 57 Cameroonian gut samples.
PCR(+) indicates that PCR detected Blastocystis in the sample. Tool(+) indicates the tool detected
Blastocystis in the metagenomic sample.

Tool PCR(+) PCR(-) PCR(+) PCR(-) Accuracy (%)
Tool(+) Tool(-) Tool(-) Tool(+)

Metaxa2 48 7 1 1 96.5

mTAGS 48 6 1 2 94.7

taxaTarget 44 7 5 1 89.5

EukDetect 40 7 9 1 82.5

For Blastocystis, the PCR results were used as the “gold standard” for the analysis. The
accuracy of the tools was assessed at the genus level because the databases of the tools did not
contain all the Blastocystis species detected by PCR. Metaxa2 had the highest agreement with
the PCR results, 96.5%, followed by mTAGs (94.7%), taxaTarget (89.5%) and EukDetect
(82.5%). All the tools detected Blastocystis in one sample that was PCR negative. For the 5 PCR
positive samples where taxaTarget did not detect Blastocystis, three samples only had one or two
classified reads—taxa with fewer than 3 classified reads are removed from the taxonomic profile
by taxaTarget. The other two samples had three and seven reads, respectively, but they mapped
to fewer than three marker genes, the minimum number required by taxaTarget to be included in
the taxonomic profile.

For Entamoeba, microscopy had previously been found less sensitive than mapping the
metagenomic reads to reference genomes—33% and 63% of samples were found positive using
microscopy and read mapping, respectively [91]. For our analysis, Entamoeba was identified in
54% (MTAGS), 37% (Metaxa2), 23% (taxaTarget), and 0% (EukDetect) of the samples,
respectively. All Entamoeba positive samples were a subset of those identified with
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metagenomic read mapping in the previous study. However, Entamoeba was only identified in
84% (MTAGS), 69% (taxaTarget), and 67% (Metaxa2) of the Entamoeba positive samples
determined via microscopy. Many of the samples where taxaTarget did not detect Entamoeba
had been filtered from the taxonomic profile because too few reads mapped, or the reads mapped
to too few marker genes. Before filtering, taxaTarget had identified Entamoeba in 95% of
microscopy positive and 89% of read mapping positive samples.

Compared to the previous analysis [91], none of the tools detected Endolimax or
Enteromonas at the genus level. However, despite not having database sequences from
Enteromonas, taxaTarget still detected Hexamitidae (the family of Enteromonas) in 3 of 4
samples where Enteromonas had been identified previously. Further, the previous study had also
identified Giardia in two samples—mTAGs detected Giardia in both whereas taxaTarget either

detected Giardia or Hexamitidae (the family of Giardia).

4.3.9 Comparison of the taxonomic profiles for the 57 Cameroon gut samples

The total diversity of microeukaryotes identified in the Cameroon human gut
metagenomes was compared for the four tools (Figure 4.5). Overall, 59 genera were detected—
EukDetect, taxaTarget, Metaxa2, and mTAGs detected 21%, 35%, 39%, and 46% of the genera,
respectively. Amongst these genera, only Blastocystis was detected by all tools—also had the
highest occurrence in the samples. However, taxaTarget had the greatest overlap with the other
tools, sharing 9 genera with EukDetect, 6 with mTAGs, and 3 with Metaxa2. The 3 genera
taxaTarget did not share with EukDetect were either not in the database of taxaTarget
(Kodamaea) or were not reported in the results for having too few marker genes in the database
(Volvariella) or too few mapped reads (Bactrocera). For the 18 genera not shared with Metaxa2,

10 were not in the database of taxaTarget and 6 were not reported in the results for having too
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few marker genes in the database, too few mapped reads, or too few marker genes with mapped
reads. Further, although Aplanochytrium was not detected at the genus level, its family was
detected. Only the genus Amphora showed no signs of detection at the family or genus levels
despite having sufficient marker genes in the taxaTarget database to be reported in the taxonomic
report. For the remaining 18 genera not shared with mTAGs, mTAGs had detected each in a
single sample by a single read. Six of these genera were not in the taxaTarget database, five were
in the database but were not detected, two were detected at the family level, and five were not

reported because too few reads mapped.
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Figure 4.5 Genera of microeukaryotes found by the tools in the 57 Cameroonian gut samples.

A) In total, 59 genera were detected by the tools. None of the tools detected all the genera, but mTAGs
detected 44%. B) taxaTarget had the greatest overlap with other tools for detected genera. Only 24% of
the genera were detected by more than one tool—taxaTarget detected 86% of them. taxaTarget and
EukDetect, which use a similar database of marker genes, shared 9 detected genera, the most between any
tools. Metaxa2 and mTAGs, despite using a similar database of marker genes, only had 4 detected genera
in common.
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Consistent with other studies of the human gut eukaryome [198], no genus was found in
all samples and most genera were rare. For perspective, there were only three (EukDetect), four
(mTAGS), and five (Metaxa2 and taxaTarget) genera identified in five or more samples. For
these genera, taxaTarget contained all detected by EukDetect and all but one by Metaxaz2,
Korotnevella, and by mTAGs, Hesseltinella.

Of the 20 genera detected by taxaTarget in the 57 Cameroonian gut samples, 16 had been
observed in the human gut microbiome before (Table 4.6). Of the remaining four, Chaetoceros,
Perkinsus, and Wallemia potentially could have been transiently introduced to the gut
microbiome if a person consumed foods that carried them. Amongst the genera identified by
taxaTarget were parasites with clinical relevance to humans such as Trichinella, Schistosoma,

Strongyloides, Digenea, Necator, Trypanosoma, and Giardia.

Table 4.6 The 20 genera detected by taxaTarget in the 57 Cameroonian gut microbiome samples

Cameroon (prevalence in 57 | Observed in human | Relationships to humans

samples) gut before

Blastocystis (77%) yes commensal/parasite protist that can
consume bacteria in gut [199]

Entamoeba (23%) yes commensal/parasitic amoeba that can
consume bacteria in gut [200]

Malassezia (19%) yes broadly dispersed fungi, once thought to
be restricted skin [201]

Saccharomyces (19%) yes broadly distributed yeast, some species
are commonly found in food [202]

Chaetoceros (12%) no none, primarily marine diatoms; might
transiently occur in human gut if a
colonized shellfish is eaten [203]

Pichia (7%) yes yeast commonly found in food [204]
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Strongyloides (5%) yes parasitic nematode [205]

Trypanosoma (4%) yes protist parasite [206]
Phytophthora (4%) yes plant pathogen [207]
Aspergillus (4%) yes diverse genus of mold consisting of

several hundred species [202]

Digenea (4%) yes parasitic flatworm (fluke) [208]
Schistosoma (4%) yes parasitic flatworm (fluke) [208]
Giardia (2%) yes protist parasite [208]

Wallemia (2%) no fungi commonly found in food; can

cause skin infections; might transiently
occur in human gut if colonized food is
consumed [209]

Perkinsus (2%) no molluscan parasite; might transiently
occur in human gut if colonized
molluscan is consumed [210]

Fusarium (2%) yes mycotoxin-producing fungi commonly
[202] found on food

Necator (2%) yes parasitic nematode [208]

Trepomonas (2%) no free-living, environmental protist whose
ancestor might have been parasitic [211]

Brettanomyces (2%) yes yeast commonly found on fruit [204]

Trichinella (2%) yes parasitic nematode that can affect

microbial composition of gut [212]

4.3.10 Computational resource usage of the tools

The runtime and maximum random-access memory (RAM) usage (Figure 4.6) of the
tools were recorded for the non-microeukaryote and microeukaryote_in_DB simulated
metagenomic datasets as well as one of the Cameroonian gut metagenomes—a total of ~91

million reads. All tools were run using 12 CPUs on a 256 gigabytes RAM node (Intel® Xeon®
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central processing unit, E5-2650, version 3, at 2.3 gigahertz). In terms of runtimes, mTAGs had
the shortest (85 minutes) followed by taxaTarget and EukDetect (102 minutes). EukDetect (1.7
GB) and taxaTarget (2 GB) had the smallest maximum memory requirement followed by
MTAGs (3.2 GB). In contrast, although Metaxa2 did not have a substantially longer runtime, 130
minutes, its memory usage ranged widely from a minimum of 46 MB to a maximum of 12 GB

depending on the dataset being analyzed.
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Figure 4.6 Computational efficiency of the tools when run on several metagenomic datasets.
A) Maximum RAM (MB) usage. B) Runtimes (hours:minutes:seconds).

4.4 Discussion

Metagenomics is a powerful tool for exploring the complex microbial communities of
bacteria, archaea, viruses, and eukaryotes that compose microbiomes. However, despite the
many tools available, we are still not able to comprehensively assess the taxonomic composition
of metagenomes. Here we report an important step forward for the identification of
microeukaryotic species in metagenomic data by introducing taxaTarget, a fast and
computationally efficient supervised learning method that learned region-specific classification

thresholds from the UniRef100 database. Our results show this approach can match and often
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outperform other marker-gene-based tools in terms of precision and sensitivity. These gains
applied for species with sequences in the database and for species which only have close
relatives in the database—extending the predictive power of the scarce sequence data available
for microeukaryotes. Although the use of a protein database for taxaTarget could be expected to
have high sensitivity for divergent sequences, due to the redundancy of the genetic code, it was
not expected to be more precise than tools using nucleotide databases (indicating that higher

precision might be attained with a nucleotide database).

4.4.1 Scarce reference sequences for microeukaryotes present many challenges

Perhaps the greatest challenge for developing taxaTarget was the scarcity of reference
sequence data for microeukaryotes versus their estimated species diversity [213]. It is imperative
that more genomes/transcriptomes/proteomes are sequenced for eukaryotic species to increase
the breadth of detectable taxa in metagenomes. As seen in the analysis of the Cameroonian gut
metagenomes, although taxaTarget identified more microeukaryotes than the previous study of
the dataset, including clinically relevant parasites, the biased representation of species in the
databases of the tools acutely affected the results. EukDetect and taxaTarget—which use a
similar marker gene database—detected an almost non-overlapping set of genera compared to
Metaxa2 and mTAGs, which use databases of ribosomal subunits and COI genes. This result is
somewhat expected given that the databases of Metaxa2 and mTAGs contain nearly an order of
magnitude more taxa than the databases of EukDetect and taxaTarget. However, what is
unexpected is that Metaxa2 and mTAGs identified a total of 44 genera and yet only shared 4
despite using very similar databases. This calls into question the validity of many of these
detections and the reproducibility of results when using these markers for taxonomic

classification of metagenomic data.
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Scarce data is especially problematic for supervised learning because the accuracy of
classification is often dependent upon the number and diversity of labelled training data. For
taxaTarget, the classification thresholds of many regions were learned using five or fewer data
points, preventing the use of more sophisticated machine learning approaches. Some regions
lacked some or all the thresholds because there was no training data. Together, this prevented the
use of neighboring windows to impute missing thresholds. However, as more data becomes
available, future work should test imputation methods (a common solution for handling missing
data in supervised learning [214]) as they might increase sensitivity/precision by including more

regions for classification.

4.4.2 Solutions for handling scarce reference sequences

A highly effective solution, implemented in taxaTarget, for handling classification errors
due to scarce data was to pad thresholds that lacked training data at broader taxonomic ranks.
However, even at high threshold padding, false positives from non-microeukaryotes persisted,
highlighting the need for more comprehensive training data. A persistent source of classification
errors were small regions of marker genes with high sequence similarity in non-microeukaryotes.
Provided sufficient depth of metagenomic sequencing, such regions might be simply filtered
using outlier detection [215]; however, we often observed that each microeukaryotic taxa
identified in a metagenome had less than 1,000 mapped reads—far less than 1X depth of
coverage. The simple and effective solution developed for taxaTarget used a variant of the “urn
problem” to detect and remove outlier marker genes. The marker genes of a taxa were treated
like marbles with different colors in an urn and the number of reads mapped to the marker genes
were treated as draws, with replacement, from the urn. Averaged over 100 simulations, the count

of the marker gene drawn most often provided a useful baseline for the highest expected variant.
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Another source of error caused by scarce data, (observed here and previously [184]) are
species that have not had their full set of marker genes sequenced. For example, if Entamoeba
histolytica has a full complement of marker genes in the database, but Entamoeba dispar does
not, metagenomic reads, corresponding to the missing genes of E. dispar, could map to the
orthologs in E. histolytica and thus get misclassified. EukDetect partially addressed this problem
by filtering out species where more reads mapped to unshared versus shared marker genes with
another species in the same genus. taxaTarget implemented a modified version of this solution
and found it effective, although some errors persisted. EukDetect applied an additional filter
(taxaTarget does not use), to further address this source of error, which removes species if the
global percent identity of aligned reads across genes shared with the primary species is less than
that for the primary species. It was acknowledged in [184] that this might result in only detecting
the primary species of a genus, but this bias was observed for EukDetect even when using a
simulated metagenome where each species had 1X depth of coverage. Future work should
explore the adaptation of statistical methods for assessing ambiguity in taxonomic classification,

learned from amplicon sequencing [191].

4.4.3 Insights from training and improvements

A major benefit of using a supervised learning approach was that training provided
granular information about the discriminatory power of each region of the database sequences
(Metaxa2, mTAGs, and EukDetect do not provide), which sometimes varied widely for adjacent
regions (this information is provided for download with taxaTarget and might be useful for the
study of sequence evolution). Where EukDetect removed 41 of the 255 eukaryotic BUSCO
marker gene families from its database for regions conserved in bacteria, taxaTarget was able to

retain all 255, by only excluding the regions that lacked discriminatory power.
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Previously, the most expensive step for creating a tool like taxaTarget was the training
process. To classify metagenomic reads of variable length, MetaPhyler and ROCker were trained
with a minimum of three read sets of different length [192, 193]. However, we found that the
longest read set was sufficient for training because the mean bit scores of the alignments were
similar to those of the shorter read lengths. This resulted in a threefold reduction in training time.
A potential future research area is exploring the replacement of the read mapping step of training

with directly using the pairwise alignments of the sequences in the database.

4.4.4 Future work to extend taxaTarget

Future work should test the methods of taxaTarget when extended to the marker genes of
other phylogroups such as bacteria, archaea, and viruses. Furthermore, the methods should be
tested when extended to entire sequence databases—which might improve sensitivity and
specificity. Ideally, given sufficient data, training could identify which regions of a genome or
proteome are useful for taxonomic classification. However, the use of sequences other than
marker genes might not be feasible without the development of additional algorithms for
handling scarce data and the resulting classification errors. Lastly, despite highlighting the
performance gains of data-driven methods, taxaTarget still implemented multiple user-defined

thresholds, which also might be optimized or replaced with data-driven methods.

45 Conclusions

Our results show that the taxonomic classification of microeukaryotes in metagenomic
data can be improved by utilizing data-driven methods that learn classification thresholds from
the structure of an input database. These gains applied for species with sequences in the database

and for species which only have close relatives in the database. The scarcity of available
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reference sequences still presents many challenges for the metagenomic taxonomic classification
of microeukaryotes. More genomes/transcriptomes/proteomes need to be sequenced and methods
for handling scarce data and the resulting classification errors need to be further explored. The
implementation of these methods will help facilitate a more taxonomically comprehensive
analysis of metagenomic data and expand our knowledge about roles and diversity of eukaryotes

in microbial communities.
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5. Assessing the use of plasmids for relating the 2020 Salmonella enterica
serovar Newport onion outbreak to the farms implicated by the outbreak
investigation

This chapter is currently being prepared for submission to BMC Genomics. It was a joint
work with Hugh Rand, Kiran Javkar, Erin K. Molloy, James B. Pettengill, Arthur Pightling,
Maria Hoffmann, Mihai Pop, Victor Jayeola, Steven Foley, and Yan Luo. SC, HR, YL, and KJ
designed the study. SC, YL, KJ, and AP analyzed the data. SC, HR, KJ, EKM, JBP, AP, MP, SF,
and YL interpreted the data. SC, HR, and YL wrote the manuscript. MH and VJ performed all
sequencing and wet lab work. All authors read, provided feedback, and approved the final

manuscript.

5.1 Background

In 2020, the United States Food and Drug Administration (FDA) and the Centers for
Disease Control and Prevention (CDC) responded to the largest Salmonella outbreak in over a
decade, which was caused by a strain from lineage I11 of Salmonella enterica serovar Newport
(further referred to as Salmonella Newport). Salmonella Newport is one of the top five serovars
contributing to the approximately 80.3 million foodborne illnesses caused by Salmonella
enterica, globally, each year [216]. Salmonella Newport is polyphyletic, composed of three
lineages, and is frequently associated with cattle [217] but it can colonize a wide range of animal
(wild and domesticated) and plant species, providing it multiple reservoirs and multiple
transmission routes to humans [218]. Furthermore, Salmonella Newport can persist in the

environment (e.g., in manure) for months [219].
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The first cases from the outbreak were reported in June of 2020 and the CDC declared the
end of the outbreak in October 2020, after causing nearly 2,000 illnesses in the United States and
Canada. The investigation traced the outbreak from the food history of the sick patients to red
onions grown on two farms in Holtville and Bakersfield California [220]. This was the first
Salmonella outbreak associated with bulb onions but was soon followed in 2021 by another bulb
onion outbreak of Salmonella enterica serovar Oranienburg, lending urgency to understanding
the chain of events that led to the outbreaks.

The leading hypothesis of the FDA from the on-site investigation of the onion farms was
that contaminated irrigation water was used to grow the onions at the Holtville California farm
[222]. Plausible sources of contamination were identified, such as sheep grazing on adjacent land
and signs of animal intrusion (e.g., scat and large flocks of birds). After harvesting, the outbreak
strain could have been transmitted to Bakersfield because many of the Holtville onions had been
shipped to Bakersfield for packaging and distribution. Although the investigation occurred after
the onions were packaged and distributed, visual observations of the packing house confirmed
numerous opportunities for contamination, including signs of animal and pest intrusion, as well
as food contact surfaces which had not been properly inspected, maintained, or cleaned [222].

In molecular epidemiology, if the whole genome sequencing data (WGS) of clinical and
environmental isolates collected during an outbreak share a recent common ancestor—typically
determined using single nucleotide polymorphisms (SNP) or core gene allele differences
(cgMLST)—they are likely to be linked in the transmission chain [223]. Analysis of the WGS
data with the CFSAN SNP pipeline [113] determined that the clinical isolates formed a single,
highly-related clade (further referred to as the clinical clade), consistent with a single point

source of contamination. However, SNP analysis also determined that none of the environmental
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Salmonella enterica, from 30 serovars, collected near and on the farms (further referred to as the
farm isolates), were closely related to the outbreak strain—preventing the conclusive
identification of the outbreak source with the WGS data.

Here, we explored an alternative method for analyzing the whole genome sequencing
data driven by the hypothesis that isolates that had recently coexisted in the same microbiome
(i.e., the outbreak strain and environmental isolates) might share plasmids related by recent
horizontal transfer. Horizontal transfer is the movement of genetic material between the genomes
of organisms turning the tree of life into an evolutionary network [224, 225]. A common
bioinformatic approach for detecting horizontal transfer events is to identify incongruences
between the phylogeny of the lineages being analyzed and the phylogenies of the sequences
suspected to be horizontally transferred [226]. Horizontal transfer is a fundamental source of
genetic adaptation (such as antimicrobial resistance genes and metabolic pathways) to new
environments and conditions for bacteria [224, 225]. Plasmids are small (generally between 1
and 200 kbp) intracellular genetic elements that can semi-independently replicate and are
commonly recognized as the most impactful source of rapid horizontal transfer in microbial
communities [227, 228]. Multiple plasmids, representing various incompatibility types (Inc),
have been observed in Salmonella Newport (i.e., InCA/C, IncR, Incll, IncN, IncH, IncF, ColE1,
IncP); however, the plasmid profile is likely under-characterized given that most were identified
while looking for genes conferring antimicrobial resistance [229-235].

As part of our analysis, we analyzed the pangenome—the totality of gene families found
in a clade [236]—of the clinical isolates. The pangenome can be subdivided into the core genes,
which are common to all the genomes and the accessory genes which are only found in a subset.

Further, pangenomes can be described as closed if the number of observed gene families
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approaches a limit as more genomes are sampled. In contrast, in an open pangenome, the number
of genes continues to grow as more genomes are sampled. A recent study of the three
polyphyletic lineages of Salmonella Newport found that each lineage had a closed pangenome
with a large number of core genes (ranging from 3,489 to 3,820), indicating the lineages
underwent limited horizontal transfer [237].

We hypothesized that if the reservoir population of the clinical clade existed in the
Holtville and Bakersfield farm regions, there was the possibility that it interacted with the local
microbial communities via horizontally transferred plasmids. Through the analysis of the 2020
Salmonella Newport onion outbreak, we first explored if a highly related lineage of Salmonella
Newport had a substantial accessory genome and plasmid diversity. Secondly, we sought to
detect horizontally transferred plasmids that provided evidence the clinical and farm isolates had

coexisted in the same microbiome.

5.2 Results

5.2.1 Whole genome SNP analysis of the clinical isolates

Whole genome, reference-based SNP analysis confirmed the previous findings of the
FDA and CDC outbreak investigation—that the clinical isolates formed a single, low-diversity
clade (further referred to as the clinical clade). The pairwise number of SNP differences ranged
from 0 to 16 with a median of O (Figure 5.1A). For reference, the median assembly length for the
clinical isolates was 4.8 Mbp. The phylogeny constructed from the SNP results revealed a single
large polytomy which precluded any observations about the clustering of the clinical isolates by

collection date or geographic location.
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A) Pairwise SNP differences B) Distribution of pangenome genes
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Figure 5.1 Genetic characteristics of the clinical isolates
A) The median number of pairwise SNPs. B) A histogram showing the number of isolates each of the
6,976 pangenome genes occurs in.

To assess if the clinical clade was associated with a geographical location, the previous
SNP analysis was extended to include all closely related (within 1,000 cgMLST alleles of the
clinical isolates) environmental isolates from the NCBI Pathogen Detection database (Figure
5.2). The most closely related isolates were mainly from California, New Mexico, and Mexico.
The clinical isolates formed a subclade within the SNP phylogeny with 10 environmental isolates
from California (seven isolated from almonds, one from parsley, two from environmental swabs)
and one from Washington state (isolated from pistachios likely grown in California [238]). These
isolates had been collected between 2010 and 2017 and were between 8 and 39 SNPs distant
from the clinical isolates. Sister to this subclade were environmental isolates from California
(comminuted beef), New Mexico (environmental swabs from an unknown source), and Mexico
(mostly water samples from rivers, canals, and a reservoir, with one from a chicken caecum)
collected between 2014 and 2020.
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Figure 5.2 Geography of the phylogenetic neighborhood of the clinical clade

The SNP-based maximum likelihood phylogeny contains all environmental isolates identified in the
NCBI Pathogen Detection database within 1000 cgMLST alleles of the clinical clade. Only select
bootstrap values that highlight the separation between the clinical and environmental isolates are shown
for clarity. The clinical clade (blue) is nested within a larger clade (magenta) of ten isolates collected from
California and one isolate from Washington, collected between 2010 and 2017. The sister clade (orange)
contains isolates from California, New Mexico, and Mexico collected between 2014 and 2020. The
phylogeny was inferred using GARLI (with 1,000 bootstraps) with the SNP matrix generated by the
CFSAN SNP Pipeline.

5.2.2 The pangenome of the clinical clade had a substantial accessory genome

The core genome of the clinical clade was highly conserved, consistent with the low
diversity observed in the SNP analysis. There were 4,399 core genes (genes occurring in 99% of
isolates) which was near the median number of predicted genes per genome (4,512 genes).
However, despite a large and conserved core genome, the accessory genome still contained a
substantial number of genes (2,577). These accessory genes were sparsely distributed, mostly

occurring in 6% or less of the isolates (Figure 5.1B).
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5.2.3 Plasmids of the clinical and farm isolates

Pangenome analysis of the clinical clade revealed a substantial but sparsely distributed
accessory genome, indicative of horizontal transfer. We next sought to assess how many
plasmids were contained in the clinical and farm isolates. For the clinical isolates, 1,814 putative
extrachromosomal plasmid contigs were identified, belonging to 20 known plasmid types (Table
5.1), as well as 373 putative plasmid contigs of unknown type. The plasmids of known type
accounted for 1,590 genes of the clinical clade pangenome—16 core and 1,574 accessory genes
(>64% of the accessory genes)—and ranged in size from approximately 1.6 kbp to 85 kbp long.
The most observed plasmid type was the IncFII(S), occurring in all clinical isolates. Other
plasmid types occurred infrequently. The second most abundant plasmid type, Incl1-1(Gamma),
was only identified in 27 (1.6%) clinical isolates. No clustering of the plasmids was observed in
the whole genome SNP phylogeny due to it being a large, unresolved polytomy. Additionally, no

plasmid was found to be significantly associated with hospitalization.

Table 5.1 Summary of the plasmids found in the clinical and farm isolates.

Plasmid type Number of | Number | Numberof | Median Median
clinical | of Bakersfield | contig number
isolates with | Holtville | isolates length (bp) | of genes
plasmid | isolates with
with plasmid
plasmid
IncFI1(S) 1728 3 7| 72766 76
Unclassified 373 235 42 6170 7
Col4401 3 60 8 4322 5
Incl1l-1(Gamma) 27 13 3| 85161 93
IncQ1 0 20 6 8259 10
IncFIB(pB171) 0 25 0| 28614 33
Col(pHADZ28) 1 12 4 4751 7
IncFII 1 15 0| 70562 85
ColpVvC 12 4 0 2223 1
IncX3(pEC14) 0 14 0| 38955 51
IncFl1(pCRY) 0 3 10 | 49311 62
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Col(BS512) 12 0 0 2216 2
ColRNAI 0 1 10 9712 11
Incl2(Delta) 6 0 0| 58474 75
Incl(Gamma) 4 0 0| 84482 95
Col(MG828) 4 0 0 1672 1
IncFII(Yp) 0 4 0] 171753 190
IncR 0 4 0] 13431 15
pXuzhou21 3 0 0| 40119 54
IncL 3 0 0| 59108 81
Col156 2 0 0 4937 5
IncX4 2 0 0| 30161 44
Col8282 1 0 0 4218 3
IncB/O/K/Z 1 0 0] 21481 25
IncN 1 0 0| 38347 49
IncX1 1 0 0| 40944 51
pSL483 1 0 0| 38560 53
IncM1 1 0 0| 58540 76
IncFII(SARC14) 0 1 0] 31141 24
Total 2187 | 414 90

The 512 farm isolates, from 30 different Salmonella serotypes, contained 227 putative
extrachromosomal plasmid contigs belonging to 14 known plasmid types and 277 putative
plasmid contigs of unknown type (Table 5.1). No plasmid type was common to all isolates and
346 isolates had no identified plasmid contigs. The most observed plasmid types were the
Col440I (68 isolates) and the IncQ1 (26 isolates).

At a broad level, six plasmid types were observed in both the clinical and farm isolates:
IncFII(S), IncFIl, Incl1-1(Gamma), ColpVC, Col440l, and Col(pHADZ28). There were also many

uncharacterized plasmids observed in both.
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5.2.4 Analysis of plasmids sharing high similarity in the the clinical and farm
isolates

For our analysis, we sought to identify plasmids that might have undergone recent
horizontal transfer between the clinical and farm isolates. To do this, we restricted our analysis to
clinical and farm plasmids sharing high similarity (=95% identity and 90% alignment coverage)
i.e., those more likely to be related by recent horizontal transfer. Amongst the six plasmid types
observed in both the clinical and farm isolates, as well as the uncharacterized plasmids, there
were 13 clinical isolates containing 14 plasmids with high similarity to 17 farm plasmids in 8
isolates (Figure 5.3). The highly similar clinical and farm plasmids belonged to the Col440l,
ColpVC, and Incl1-1(Gamma)) plasmid types as well as one uncharacterized plasmid type (Table
5.2). The eight farm isolates with these plasmids had been collected from 2 sampling sites
separated by 409 km (254 miles): 1) water samples from the New River in Seeley, California
(about 20 miles West of Holtville); 2) soil samples near an irrigation filling station next to the
Bakersfield onion farm. Five isolates (four Salmonella Corvallis and one Salmonella Liverpool)
were collected from the first site and each of them carried two or three high similarity plasmids.
The other three isolates, two from Salmonella Idikan and one from Salmonella Typhimurium
were collected from the second site and only carried one high similarity plasmid per isolate.
Amongst the clinical isolates, all carried a single plasmid with high similarity to a farm plasmid

except isolate SRR12424118 which carried two.
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Figure 5.3 High similarity plasmids shared by the clinical and farm isolates

A) The map (made in Google My Maps) shows the 49 sampling sites where farm isolates were recovered

and the two sites, near Holtville (orange) and Bakersfield (magenta), where high similarity plasmids to
those in the clinical clade were found. B) The graph shows the relationship of similar plasmids in the

clinical clade and farm isolates. The magenta and orange boxes list the Salmonella enterica serovars that

were collected from the Bakersfield and Holtville regions, respectively. Edges connect the serovar or
clinical clade to the plasmid they share. Edge labels indicate the number of isolates with the shared
plasmid. The grey ellipses indicate the plasmid type that is shared.

Table 5.2 Summary of metadata for the highly similar clinical and farm plasmids.

Plasmid type Number of Number of highly Geographic Environmental Temporal Bacterial
isolates with plasmid similar plasmids extent of | isolation sources range of host range
(clinical, Holtville, (clinical, Holtville, | NCBI best hits | of NCBI best hits NCBI best (genera) of
Bakersfield) Bakersfield) hits NCBI best
hits
IncFI1(S)* 1728 3 7 1728 | 3* | 7* | United States, | River water, soil, 2010to Salmonella
Mexico almonds, 2020
pistachios,
chicken
Incl1- 27 13 3 10| 1 1 | United States, | Cow, sheep, dog, 2002to | Escherichia,
1(Gamma) South Korea, pig, chicken, 2022 Salmonella,
Canada, catfish, horse, Shigella
United iguana, lettuce,
Kingdom, soil
Denmark,
Switzerland,
ColpVC 12 3 0 1| 4| 0| United States, Chicken, turkey, 2007 to Salmonella
Canada pig 2020
Col4401 3 60 8 1 4 2 United States, Chicken, cow, 2013 to Escherichia,
Germany, | pig, papaya, river 2020 Salmonella
Mexico, water
Venezuela,
Ecuador
Unclassified 373 | 235 | 42 2 5 0 United States, Dog, cow, pig, 2014 to | Escherichia,
Australia, chicken, 2021 Salmonella,
United wastewater Klebsiella
Kingdom,
India, Japan
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Next, we sought to include closely related plasmids from the NCBI for phylogenetic
analysis. The 14 clinical plasmids (sharing high similarity with the 17 farm plasmids) were used
to recruit the best BLAST hits from the NCBI Pathogen Detection and Nucleotide databases. The
best BLAST hits were filtered for plasmids from environmental isolates that shared as high of
sequence similarity as that between the clinical and corresponding farm plasmids. We restricted
our analysis to environmental isolates to increase the chance of discovering signal from
geographic and isolation sources. With the clinical, farm, and NCBI plasmid sequences, multiple
sequence alignments were built, and phylogenetic analysis was performed. In some cases, the
phylogenies lacked resolution, i.e., formed large polytomies, and so graphs (referred to here as
mutation graphs) were built to visualize the mutational similarities and differences between the
plasmid sequences. The mutation graphs presented are not intended as phylogenetic analyses
[239]

For the phylogenetic analysis of the plasmids, we hypothesized that clinical and farm
plasmids related by recent horizontal transfer would belong to the same subclade within the
phylogeny. However, it was uncertain how close they would cluster in the phylogeny because
plasmids can be rapidly transmitted between species and the transmission chain between clinical
and farm isolates might have involved intermediate species [240-242]. A brief description of
each plasmid as well as the results from the multiple sequence alignments, phylogenies, and
mutation graphs are described in the paragraphs below.

524.1 Incll-1(gamma) plasmid
Incl1 plasmids have been widely observed in Enterobacteriaceae and isolated from many

animals. This plasmid type often confers antimicrobial resistance and/or colicin production
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[243]. Those analyzed here approximately had an average length 85 kbp and 90 predicted genes.
Most of the genes could not be functionally annotated (72 genes), however, genes with predicted
functions were involved with the Type Il secretion system, plasmid segregation and partitioning,
bacterial outer membrane adhesion, pilus formation, DNA polymerase 1V, and a Colicin-la
operon.

The Incl1-1(gamma) plasmid type occurred in 27 clinical isolates and 16 farm isolates,
but only ten clinical and two farm plasmids (1 Holtville Salmonella Liverpool isolate and 1
Bakersfield Salmonella Typhimurium isolate) shared high similarity. The whole plasmids could
not be aligned due to different gene content and order, so the concatenated core genes were used
for the multiple sequence alignment. Analysis of the multiple sequence alignment revealed that
the Bakersfield and Holtville plasmids were more distant from each other (276 SNPs) than to any
clinical plasmid. Further, the clinical plasmids were more similar to the Holtville (median = 162
SNPs) than the Bakersfield (median = 230 SNPs) plasmids. Additionally, the median SNP
distance between the clinical isolates (146 SNPs) was similar to the distance between the clinical
and Holtville farm plasmids (155 SNPs). According to metadata held internally by the FDA, the
clinical isolates carrying these plasmids had been collected from patients over the duration of a
month in multiple states in the USA as well as Canada.

The phylogeny of the clinical and farm plasmids and the best BLAST hits from the NCBI
showed that eight of the clinical plasmids belonged to a subclade with the two farm isolates
(Figure 5.4). This subclade also contained plasmids from four Escherichia coli, one Escherichia
fergusonii, one Shigella flexneri, one Salmonella Newport, and one Salmonella Derby isolates.
These isolates were collected from 2002 to 2019, from the United States, Canada, the United

Kingdom, South Korea, and Denmark, from cows, sheep, dogs, pigs, and soil samples.
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SRRB206964 USA:NE Salmonella Ohio pig 2018
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Figure 5.4 Phylogeny of the Incl1-I1(Gamma) plasmids

A) The unrooted maximum likelihood phylogeny of the Incl1-1(Gamma) plasmid (branch lengths are not
shown). The phylogeny was built from the multiple sequence alignment of the concatenated core genes
(33 genes and 24,173 bp). There were 23,180 invariant sites in the multiple sequence alignment. The
bootstrap values are provided as internal node labels. Of the 27 clinical isolates and 16 farm isolates that
had this plasmid, only ten clinical isolates (blue) and two farm isolates (orange) shared high similarity.

5.2.4.2 Uncharacterized plasmid
There were 373 and 277 putative plasmid contigs that could not be classified as a known
plasmid type in the clinical and farm isolates, respectively. Amongst these, two clinical and five
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farm plasmid sequences shared high sequence similarity. These sequences corresponded to a
cryptic plasmid previously observed in species across the Enterobacteriaceae family [244-246].
The sequences analyzed here were approximately 4,200 bp long with six predicted genes
including a repB replication gene, a mobQ relaxase, a conjugal transfer gene, and three
hypothetical genes.

The two clinical plasmids differed by 6 SNPs and had been collected from two patients in
Oregon and Missouri separated by 13 days. All five of the farm plasmids were collected on the
same day at the Holtville collection site, with four in Salmonella Corvallis isolates and one in a
Salmonella Liverpool isolate. The four Holtville Salmonella Corvallis plasmids differed from
each other by 2 SNPs and the Salmonella Liverpool plasmid by 62 SNPs. Sixteen highly similar
plasmids were found in the NCBI Nucleotide and Pathogen databases for which there was no
consistent name or type.

The phylogeny showed that the two clinical plasmids and four Holtville Salmonella
Corvallis plasmids belonged to sister subclades within a larger subclade. These clinical and farm
plasmids differed by 29 to 41 SNPs (Figure 5.5). The subclade of the clinical plasmids also
contained plasmids from three E. coli and one Salmonella Heidelberg isolates collected from
several animals (dog, cow, pig, chicken) in the United States between 2016 to 2021. The
subclade of the four Holtville plasmids contained one Salmonella Typhimurium isolate collected

from a pig in Australia in 2014.
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Figure 5.5 Phylogeny of the uncharacterized plasmids

The unrooted maximum likelihood phylogeny of the uncharacterized plasmid (branch lengths are not
shown). The phylogeny was built using the multiple sequence alignment of the whole plasmids (4,201 bp)
which had 3,956 invariant sites. The Holtville isolates are in orange and the clinical isolates are in blue.
Four of five Holtville isolates formed a clade, each differing by 2 SNPs from the rest. These Holtville
isolates were 2 SNPs different from a Salmonella Typhimurium isolate collected from a pig in Australia
in 2014. The clinical plasmids (which differed from each other by 6 SNPs) were in a sister clade to the
four Holtville plasmids, differing by 29 to 41 SNPs. Bootstrap values are provided as internal node labels.

5.2.4.3  Col440l plasmid

The Col4401 plasmid has been observed in species across the Enterobacteriaceae family
[244, 245] and those analyzed here had three predicted genes: gnrB (quinolone resistance gene
[247]), a phage shock protein transcription activator (psp gene), and a pentapeptide repeat

protein. The plasmid type was only found in three clinical isolates but was the most frequently
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observed plasmid type in the farm isolates, occurring in 68. However, only one clinical and six
farm plasmids shared high similarity. For the highly similar farm plasmids, four were found in
Salmonella Corvallis isolates at the collection site near the Holtville farm and two were found in
Salmonella Idikan isolates at the collection site near the Bakersfield farm.

In the NCBI Nucleotide and Pathogen databases there were 19 highly similar plasmids.
These had been collected from 2013 to 2020 from diverse isolation sources (chickens, cows,
pigs, papaya, river water, wastewater) and geographic locations (USA, Germany, Canada,
Mexico, Venezuela, Ecuador), as well as multiple Salmonella enterica serovars and E. coli.

The phylogeny formed a single, unresolved polytomy so a mutation graph was made to
visualize the differences between the sequences (Figure 5.6). The mutation graph showed that
there were only 3 SNP differences between the clinical plasmid and the other plasmids, which

were all identical.

A1922 G1939 G2035

CP081672.1 Germany Escherichia coli chicken 2013
SRR2054229 USA:TX Salmonella Muenster cow milk 2015
CP081656.1 Germany Escherichia coli chicken 2016
CP081670.1 Germany Escherichia coli chicken 2016
CP081520.1 Germany Escherichia coli chicken 2016
SRR3479659 Mexico Salmonella Lomita cow 2016
SRR5712127 USA:MN Salmonella Typhimurium pig 2017
CP081521.1 Germany Escherichia coli chicken 2017
SRR5975719 Mexico Salmonella senftenberg papaya 2017
3 SNPs SRR5975672 Mexico Salmonella senftenberg papaya 2017
SRR5926215 Mexico Salmonella senftenberg papaya 2017
SRR5926213 Mexico Salmonella senftenberg papaya 2017
CP081523.1 Germany Escherichia coli pig 2018

SRR8834196 Venezuela Salmonella Heidelberg chicken 2019
SRR8834194 Venezuela Salmonella Amager chicken 2019
SRR10393426 USA:NC Salmonella London cow 2019
SRR12277062 Ecuador SalmonellaHavana chicken 2020
SRR10823737 Mexico Salmonella senftenberg river water 2020

Figure 5.6 The Col4401 plasmid mutation graph
Col440I plasmid mutation graph using the clinical plasmid as the reference. For example, A1922 means a
plasmid was identical to the clinical plasmid except a mutation to A at loci 1922. The graph was built
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using the multiple sequence alignment of the plasmids (2,699 bp) which had 2,696 invariant sites. This
graph shows mutational differences and does not necessarily represent phylogenetic relationships.

524.4  ColpVC plasmid

The ColpVC plasmid is a cryptic plasmid [248] that has been observed in species across
the Enterobacteriaceae family [244, 245]. Those analyzed here had one replication gene (rep,
pfam01446) and one hypothetical gene. The plasmid type was observed in 12 clinical isolates
and 4 Salmonella Corvallis farm isolates from the Holtville collection site. Only one of the
clinical ColpVC plasmids was highly similar to the 4 farm plasmids, which differed by 1 or 3
SNPs. The four farm plasmids had been collected on the same day, from the same site and
serovar, but differed by 0 to 4 SNPs.

Within the NCBI Nucleotide and Pathogen databases there were 100 highly similar
plasmids found. These had been collected from the USA, UK, and Canada; from 1999 to 2021;
mostly from chickens and turkeys; mainly from Salmonella enterica—mostly serovars Reading,
Kentucky, and Enteritidis—as well as E. coli.

The phylogeny formed a single, unresolved polytomy so a mutation graph was made to
visualize the differences between the sequences (Figure 5.7). The mutation graph revealed 57
plasmids that were identical to the clinical plasmid. These had been collected from the USA,;
chickens or turkeys; various Salmonella enterica serovars—mostly Reading, Kentucky, and
Enteritidis; and from 2007 to 2020. None of the plasmids from the NCBI were identical to the
farm plasmids, but several shared one or two of the same SNP differences with the clinical

plasmid.
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Figure 5.7 The ColpVC plasmid mutation graph

ColpVC plasmid mutation graph using the clinical plasmid as the reference. For example, G1403 means a
plasmid was identical to the clinical plasmid except a mutation to G at loci 1403 (a “-* mutation indicates
a deletion). The graph was built using the multiple sequence alignment of the plasmids (2,258 bp) which
had 2,237 invariant sites. This graph shows mutational differences and does not necessarily represent
phylogenetic relationships.

5.2.5 Analysis of the IncFI1(S) plasmid

Although no high similarity IncFII(S) plasmids were found in the farm isolates, we
performed a more granular version of the previous analysis for this plasmid type because it was
carried by all clinical isolates. The IncFII(S) plasmid was predicted to be host restricted to the
Salmonella genus [244, 245]. The clinical versions of this plasmid were approximately 73 kbp
long with 77 genes coding for the Type-F conjugative transfer system, plasmid replication and
persistence (e.g., ccdA/ccdB toxin-antitoxin system), as well as a saf fimbrial operon strongly
correlated with increased virulence in humans [249]. Only two annotated genes appeared to
confer metabolic functions to the bacterial host i.e., ammonia monooxygenase and succinate

dehydrogenase flavoprotein.
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Although the IncFII(S) had no full length, high similarity matches between the clinical
and farm plasmids, further analysis revealed 10 farm isolates with identical genes for the pMLST
profile (FIC_5, FIIS_1, FII'Y_10). Three were Salmonella arizonae isolates collected near the
Holtville farm which shared 29 genes (out of a median of 77 genes per plasmid) with the clinical
plasmid. The other seven isolates were Salmonella Typhimurium collected from Bakersfield
which shared four genes with the clinical plasmid.

Within the NCBI Pathogen Detection and Nucleotide databases, there were thirty full
length, highly similar instances found in environmental isolates (25 Salmonella Newport and 5
Salmonella Javiana). The five Salmonella Javiana isolates had been collected from leafy greens
and poultry—the only connection to an animal source. The thirty environmental isolates were all
from California or Mexico, except one from Arizona and two from Washington. Twenty of the
environmental isolates had been identified previously as being 8 to 39 SNPs different than the
clinical isolates by the whole genome SNP phylogeny.

The phylogeny of the IncFII(S) plasmid mostly formed a single unresolved polytomy
except for three isolates which branched into another polytomy. As such, a mutation graph was
constructed to better observe the differences between the isolates (Figure 5.8). The most similar
plasmids (having one or zero SNP difference) were from the same California isolates that had

formed a subclade with the clinical isolates in the SNP phylogeny.
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Figure 5.8 The IncFII(S) plasmid mutation graph

The IncFI1I(S) plasmid mutation graph using the clinical plasmid as the reference. The mutation graph was
built from the multiple sequence alignment of the 41 concatenated core genes (30,741 bp) which had
29,882 invariant sites. For example, C8713 indicates a plasmid was identical to the clinical plasmid
except for a mutation to C at loci 8713 (a “-*“ mutation indicates a deletion). This graph shows mutational
differences and does not necessarily represent phylogenetic relationships.

5.2.6 Assessing the frequency of observing the highly similar plasmids

Previously 14 clinical plasmids that were highly similar to 17 farm plasmids from four
plasmid types had been identified (Table 5.2). Analysis of the phylogenies, mutation graphs, and
multiple sequence alignments for these plasmids supported that most of the clinical and farm
plasmids shared a recent common ancestor. The only exception were two clinical Incl1-
I(Gamma) plasmids which did not fall in the same subclade as the farm plasmids (Figure 5.4).
We sought to assess how frequently this number and combination of highly similar plasmids
could be found in random samples of environmental Salmonella enterica. The null hypothesis for
this experiment was that just as many highly similar ColpVC, Col440I, and Incl1-1(Gamma)
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plasmids, as found in the outbreak isolates, could be identified in randomly sampled
environmental Salmonella enterica isolates. For this analysis, we did not include the
uncharacterized plasmids as we could not confidently identify all instances in the clinical and
farm isolates. Also, the two clinical Incl1-1(Gamma) plasmids which did not fall in the same
subclade as the farm plasmids were removed. This left 10 clinical and 11 farm plasmids from
three plasmid types for further consideration.

To test the null hypothesis, 516 isolates (the number of farm isolates) were randomly
sampled from the 95,284 environmental Salmonella enterica in the NCBI Pathogen Detection
database (excluding those from the outbreak). All the clinical ColpVC, Col440l, and Incl1-
I(Gamma) plasmids—not just those that were highly similar to the farm isolate plasmids—were
then aligned to the isolate assemblies. Assemblies with plasmids sharing as high of sequence
similarity as the highly similar clinical and farm plasmids were counted (Table 5.3). This was

repeated 10,000 times and the frequency of observing the plasmids was recorded.

Table 5.3 Summary of highly similar plasmids used for statistical analysis.

Plasmid type of Total number of | Number of highly | Minimum percent

highly similar clinical | clinical similar clinical and | identity between full

and farm plasmids plasmids farm plasmids length alignments of
(clinical, farm) highly similar clinical

and farm plasmids

ColpVC 12 5 (1, 4) 99.89%
Col440l 3 7 (1, 6) 99.87%
Incl1-1(Gamma) 27 10 (8, 2) 98.55%

First, the frequency of observing individual plasmids and plasmid types was assessed

(Figure 5.9 A-D). The frequency of observing at least one highly similar plasmid of any type was
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100%. The frequency of observing at least one highly similar ColpVVC, Col440l, or Incl1-
I(Gamma) plasmid was 99.7%, 85.1%, and 20.7%, respectively. However, the frequency of
observing the outbreak counts for the ColpVC, Col440l, or Incl1-1(Gamma) plasmid types was
99.1%, 0%, and 2.8%, respectively. Additionally, the frequency of observing 3 or more isolates

with multiple highly similar plasmids, as seen in the outbreak, was 0%.

A freq = 0.9914 B freq = 0.0 C freq = 0.028
1000 - 7500
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2500
0 - 0 T T
0 10 20 0 10 20 20
ColpVvC Col44o0l Incll
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5000 1000
2500 500
0 T T 0 r
0 10 20 0 10 20
Cooccurrence Col4401 + Incll plasmids

Figure 5.9 Frequency of observing highly similar plasmids in environmental Salmonella enterica
Frequency of observing highly similar plasmids in 10,000 random samples of 516 environmental
Salmonella enterica isolates. The histograms show the number of A) highly similar ColpVC plasmids; B)
highly similar Col4401 plasmids; C) highly similar Incl1-1(Gamma) plasmids; D) isolates with multiple
highly similar plasmids; E) the sum of highly similar Col4401 and Incl1-I(Gamma) plasmids. The red
vertical lines show the numbers observed in the outbreak. Frequencies show the proportion of 10,000
samples with at least the same number of occurrences as the outbreak.

Second, the frequency of observing plasmid profiles similar to the outbreak in the random
samples was assessed (Figure 5.9E). The frequency of observing one of each plasmid type was
18%, and two of each type was 0.6%. The frequency of observing at least the same sum of

highly similar Col4401 and Incl1-1(Gamma) plasmids as in the outbreak was 0.01%. The
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ColpVC plasmids were excluded from these sums because the previous analysis had found them

to be commonly observed and thus not informative here.

5.3 Discussion

The epidemiological investigation of the 2020 Salmonella Newport onion outbreak
strongly implicated two onion farms in Holtville and Bakersfield California as the likely source
of the outbreak [220, 222]. SNP analysis provided support that the clinical isolates originated
from California because the most closely related environmental isolates from the NCBI Pathogen
Detection database were mainly collected from California. Further, these isolates suggested a
specific link to central California because many were collected from almonds. Nearly ~100% of
the almonds grown in the United states come from California and ~75% are produced in five
counties in central California, i.e., Stanislaus, Fresno, Kern (where Bakersfield is located),
Merced and Madera [250, 251].

We had hypothesized that if the outbreak strain had existed in the Holtville and
Bakersfield farm regions, it might have interacted with the local microbial communities via
horizontally transferred plasmids. Our analysis identified highly similar plasmids in the clinical
and farm isolates that were likely related by recent horizontal transfer. Statistical analysis further
suggested that it was unlikely to observe the number and combination of highly similar plasmids
in random samples of environmental Salmonella enterica. Together, our results support the
findings of the epidemiological investigation and suggest that the outbreak strain had come from
the implicated farm regions.

A limitation of our study was that the farm isolates were the only representatives of the
farm microbiomes. Although plasmids can be transferred between Salmonella enterica serovars

directly, the local microbiota often serves as a reservoir for plasmids and can be an important
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intermediary because conjugation is dependent upon the proximity of donor and recipient cells as
well as the density of cells [240-242]. Therefore, ideally other species of Enterobacteriaceae
would have been collected as well as metagenomic data to increase the chance of detecting
horizontally transferred plasmids. Additionally, it would have been informative to sample the gut
microbiomes of local animals like cattle, which are thought to be a reservoir of Salmonella
Newport [217], because the gut microbiome presents ideal conditions for the horizontal transfer
and persistence of plasmids [240-242]. Ideally, there would have also been Enterobacteriaceae
isolates and metagenomes from the gut microbiomes of patients to differentiate plasmids that
were acquired there from other sources.

The analysis of the plasmid multiple sequence alignments, phylogenies, and mutation
graphs highlighted important gaps in our knowledge about specific plasmid types—especially at
very granular levels of microevolution. For example, identical instances of the clinical ColpVC
plasmid (Figure 5.7) could be found over the last 15 years. And yet the farm ColpVC plasmids
differed by 0 to 4 SNPs despite being collected from the same sampling site on the same day.
Similarly, the two clinical instances of the uncharacterized plasmid (Figure 5.5) differed by 6
SNPs despite being collected within 13 days of each other (from different patients in different
states). And yet, within the plasmid phylogeny the clinical isolates were separated by
environmental isolates which had been collected up to six years before. Potentially, the clinical
instances represent different lineages of the plasmid and were independently acquired, but the
four Salmonella Corvallis farm isolates showed a similar pattern—each differed from the others
by two SNPs—despite being collected from the same sampling site on the same day. An
alternative explanation is plasmid heterozygosity in the clinical and farm isolates i.e., copies of a

plasmid with sequence variations within a single cell or population [252]. It is also possible that
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the plasmids might have a high mutation rate but the rate at which they are fixed in the
population is low [253]. Adding further complexity, the Salmonella Liverpool instance of the
uncharacterized plasmid differed from the Salmonella Corvallis instances by 62 SNPs despite
being collected from the same sampling site and the same day, indicating potential barriers to
conjugation despite proximity.

Another challenge when analyzing the plasmids was that they showed signs of high
promiscuity e.g., isolated from multiple species within Enterobacteriaceae, isolated from
multiple animal and environmental sources, an international distribution, all within the last 20
years. This prevented the extraction of information about geographic location, isolation source,
the time of transfer, and if there had been direct transfer between the clinical and farm
Salmonella serovars or if there were intermediary species.

Together, these issues highlight that more work is needed to characterize the molecular
evolution of specific plasmid types. Additionally, more environmental sampling is needed to
provide a better understanding of the distribution, population dynamics, and transmission
dynamics of plasmids in the environment. Essential to this effort are comprehensive sequence
databases and quality metadata. Additional sequence data and metadata might have revealed
more details about the plasmid phylogenies e.g., the transmission chain between bacterial
species, the geographic source, the isolation source, timeframe of transmission. A general
implication is that care needs to be exercised when removing “redundant” genome sequences
from databases based upon core genome similarity as accessory sequences might be lost.

At a broader level, identifying 20 plasmid types in a very homogeneous population of
Salmonella Newport lineage 111 was surprising given that our literature review indicated that

only 11 plasmid types were previously observed in Salmonella Newport [229-235]. This
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indicates a much greater diversity of plasmids in Salmonella Newport than currently reported
and warrants further investigation. Importantly, because many of the observed plasmid types
were rare, future studies should examine large sets of isolates. The large diversity of plasmids
might be explained by the dynamics of the outbreak, e.g., a population that rapidly grew and
changed environments. For example, horizontal transfer can increase as a result of host transition
e.g., transitioning from the environment or reservoir host to humans [254]. Future work should
further explore how outbreaks affect plasmid diversity within pathogen populations.
Additionally, although we focused on plasmids because they constituted the majority of the
accessory genome, future studies should explore other types of mobile genetic elements such as
phages and transposons. Studies should also continue to assess the burden of evidence needed to
relate a pathogen to an environmental microbiome using horizontal transfer events.

More work is also needed to improve the comprehensiveness of plasmid classification.
Commonly used plasmid typing methods (e.g., MOB and incompatibility typing) can fail to
classify 50% of the plasmids in highly curated datasets (e.g., RefSeq plasmids) much less
environmental samples [221]. Further, current typing methods are most comprehensive for
Enterobacteriaceae, but we still observed hundreds of putative plasmid contigs that could not be
classified. Related to classification, it can be difficult to assess the evolutionary relatedness of
plasmid sequences [221, 255]. For example, the three pMLST genes of the IncFII(S) plasmid
were identical in the clinical isolates as well as several farm and environmental isolates going
back a decade. When using the replicon-based pMLST system [256], these plasmids would be
considered highly related. However, the amount of shared gene cargo for these plasmids ranged
from 5% to 100%—in all cases, the shared gene cargo had high sequence similarity. Here, using

the proportion of shared genes as a distance metric [255] would find the plasmids with less
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shared gene cargo as more divergent. Methods are needed to reconcile the molecular evolution of

core genes and cargo genes when analyzing plasmids.

5.4 Conclusion

The analysis of highly similar plasmids, found in clinical and environmental isolates,
from the 2020 Salmonella Newport onion outbreak suggested they were related by recent
horizontal transfer. However, the seemingly high promiscuity of the plasmids prevented the
extraction of information about geographic location, isolation source, the time of transfer, and if
there had been direct transfer between the clinical and farm Salmonella serovars or if there were
intermediary species. Nonetheless, statistical analysis suggested that the number and
combination of highly similar plasmids was unlikely to be found in random samples of
environmental Salmonella enterica. Together out findings support the finding of the FDA and
CDC investigation that the outbreak strain had likely originated from two onion farms in
California. Horizontally transferred plasmids can potentially provide information about microbial
interactions, connecting lineages to environments and microbiomes. Such analyses will add a
new dimension to source tracking investigations but are dependent upon detailed and accurate
metadata, more extensive environmental sampling, and a better understanding of plasmid

molecular evolution.

5.5 Methods

5.5.1 Data and Sequencing

The data consisted of MiSeq Illumina short read data from clinical and environmental

sources. The clinical clade consisted of 1,728 clinical Salmonella enterica (serovar Newport)
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isolates collected during the 2020 onion outbreak (June to October) in the United States (1,173
isolates) and Canada (555 isolates) [257]. The farm isolates consisted of 512 environmental
Salmonella enterica isolates, from 30 Salmonella enterica serovars, collected from 49 locations,
between 2020 and 2021, on and near the onion farms implicated by the epidemiological

traceback as well as the nearby irrigation district and public lands.

5.5.2 Phylogenetic analysis of the clinical clade

The SNP matrix was generated by reference-based SNP analysis implemented in the
CFSAN SNP Pipeline [113] with default parameters. The reference genome (NCBI SRA
accession SRR12199170) used for SNP analysis by this study was one of the clinical isolates
from the outbreak. It was selected from the clinical isolates for having one of the highest N50’s
and lowest number of contigs. The maximum likelihood phylogeny was inferred from the SNP
matrix, using GARLI v2.01 [258] under the General Time-Reversible (GTR) model with Gamma
distributed rate heterogeneity, estimate invariant sites, 1000 bootstraps, and 2 categories of
variable rates. The phylogeny was rooted using NCBI SRA isolate SRR13685683—a Salmonella
Newport clinical isolate collected in 2018—as the outgroup.

To explore the phylogenetic neighborhood of the clinical clade (Figure 2), all
environmental isolates in the NCBI Pathogen Detection database that were within 1,000 core
gene alleles of the clinical clade (using the 1,152 gene cgMLST scheme developed for
Salmonella enterica at the FDA [115]) were recruited for phylogenetic analysis as described in

the previous paragraph. The phylogenies were visualized with FigTree (v1.4.4) [259].
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5.5.3 Genome assembly, gene prediction and annotation, and pangenome

estimation

The short reads were assembled with SPAdes (v3.13.0) [260] using default settings. For
quality control, contigs shorter than 500bp or with less than 10X depth of coverage were
removed. Genes in the contigs were predicted and annotated with Prokka (v1.14.5) [261].
Further annotations were obtained running eggNOG-Mapper (v2.1.6) [262], using default
parameters, on the predicted genes. The predicted genes were clustered with Roary (v3.12.0)
[263] to identify the pangenome of the clinical clade using 90% identity for clustering and

requiring that 99% of isolates possess a gene to be considered core.

5.5.4 Identification and annotation of plasmids

Platon (v1.6) [264], using default settings, was used to identify and annotate the plasmids
in the assemblies. Platon is a tool for the identification of extrachromosomal plasmid contigs in
short read draft assemblies. Contigs are characterized by testing for circularization; the detection
of incompatibility groups; the detection of rRNA genes; the detection of antimicrobial resistance
genes; a homology search against reference plasmid sequences; the detection of oriT sequences;
the detection of plasmid replication genes; the detection of mobilization genes; and the detection
of conjugation genes [264]. The online COPLA server [244] was used to determine the host
range of the plasmids.

The most observed plasmid type was the IncFII(S), annotated as present by Platon in
98.5% of the isolates. The IncFII(S) plasmids, identified by Platon, were BLAST aligned against
the pMLST [256] database to identify the sequence profiles. To determine if the IncFII(S)

plasmid was present in all clinical isolates, the raw reads of all isolates were mapped to the
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IncFI1(S) plasmid of isolate SRR12199170 using Bowtie2 [77] with default settings. A custom
Python script was used to calculate the breadth of coverage of mapped reads for each
isolate. Additionally, to identify all contigs belonging to IncFII(S) in all isolate assemblies, the
contigs were BLAST aligned (95% identity) to the SRR12199170 plasmid. For the 24 isolates
with no identified IncFII(S) plasmid, 23 had reads mapping, with >92% breadth of coverage, to
the complete IncFII(S) plasmid in isolate SRR12199170, and one isolate had 7% breadth of

coverage.

5.5.5 Comparison of clinical and farm plasmids and finding the best BLAST hits in

NCBI

The clinical and farm isolate plasmids were pairwise BLAST aligned (using 95%
identity). The farm plasmids were filtered for those that aligned with at least 90% coverage of a
clinical plasmid using a custom Python script. Metadata internal to the FDA was used to
determine the GPS coordinates of the sampling locations and the Salmonella serovars.

Farm and clinical plasmids that BLAST aligned, were then queried against the NCBI
Pathogen Detection and Nucleotide databases using BLAST (>95% identity). The farm plasmids
were filtered for those that aligned with at least 90% coverage of a clinical plasmid using a
custom Python script. The results were additionally filtered with a custom Python script for hits
that were at least as similar as the farm and clinical plasmids were to each other.

The metadata for the best BLAST hits was either parsed from the GenBank file online, if
from NCBI Nucleotide database, or from the metadata provided on the NCBI Pathogen

Detection website (https://www.ncbi.nlm.nih.gov/pathogens/). The metadata was used to select

for environmental isolates and to filter out clinical isolates so that information about geographic

location and the isolation source could be analyzed.
158


https://www.ncbi.nlm.nih.gov/pathogens/

5.5.6 Plasmid phylogenies, mutation graphs, and relatedness

The matching clinical and farm plasmids, as well as the filtered BLAST hits of the
clinical plasmids from the NCBI Pathogen Detection and Nucleotide databases, as described
earlier, were used to build maximum likelihood phylogenies—this was also done for the
IncFI1(S) plasmid and its best BLAST hits, although there was no matching farm plasmid.

For the Col440I, ColpVC, and the uncharacterized plasmids, a custom Python script was
used to trim the sequences if they were over-circularized and to reorient the sequences to a
common start locus. Then whole plasmid alignment was performed with Muscle [265] within the
MEGA software (version 11) [266].

For the Incl1-1(Gamma) and IncFII(S) plasmids (Figure 5.4 and Figure 5.6, respectively),
recombination, gene gain and loss, and potentially assembly errors made it difficult to perform
whole plasmid alignment, so Roary was used to find the core genes (>95% identity, 100% of
isolates must have gene to be core), which were then concatenated and aligned by Roary using
MAFFT (v7.305b) [267]. There were 41 and 33 core genes for the IncFII(S) and Incl1-
I(Gamma) plasmids, respectively. For the IncFII(S) plasmids, only one clinical instance was
used (isolate SRR12199170) because all the clinical instances clustered at >99% identity and
>95% coverage with MMSeqs2 [268].

Maximum likelihood phylogenies were built from the multiple sequence alignments
using Mega with the Tamura-Nei nucleotide substitution model; having invariant sites; using the
nearest-neighbor-interchange maximum likelihood heuristic method; using the default neighbor
joining method to make the initial tree; the bootstrap method as the test of phylogeny with 1000
bootstraps; using the isolate with the oldest collection date as the root; and collapsing all

branches with less than 0.75 bootstrap support. The phylogenies were visualized in FigTree.
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In some cases, the phylogenies lacked resolution, i.e., formed large polytomies, and so
graphs (referred to here as mutation graphs) were built to visualize the mutational similarities
and differences between the plasmid sequences. Mutation graphs were constructed for the
Col4401 (Figure 5.6), ColpVC (Figure 5.7), and IncFII(S) (Figure 5.8) plasmids by identifying
all variations in the multiple sequence alignments between the sequences and the respective
clinical plasmids using a custom Python script. The mutation graphs visualize the mutational
differences between plasmids and are not intended as phylogenetic analyses [239].

Snippy [269] was used to determine the number of SNP differences between the
uncharacterized plasmids. A custom Python script was used to measure the total number of
pairwise nucleotide differences for the sequences in the concatenated core gene alignment of the
Incl1-1(Gamma) plasmid. In this case, differences were measured per column of the multiple
sequence alignment for every two sequence combinations. Here a nucleotide difference could be
a mismatch between different nucleotides or a nucleotide and a gap—caused by an insertion or

deletion.

5.5.7 Statistical analysis for assessing frequency of observing highly similar
plasmids in environmental Salmonella enterica
The metadata for Salmonella enterica was downloaded from the NCBI Pathogen Detection
ftp site

(https://ftp.ncbi.nlm.nih.gov/pathogen/Results/Salmonella/PDG000000002.2417/Metadata/PDG

000000002.2417.metadata.tsv) on March 28, 2022. A custom Python script was used to

randomly select 516 environmental isolates. All the clinical ColpVC, Col440l, and Incl1-
I(Gamma) plasmids were BLAST aligned to the 516 assemblies of the randomly selected

environmental isolates. A custom Python script was used to parse the BLAST results. To
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calculate the percent identity of all local alignments to a clinical plasmid, the clinical plasmid
was initially represented as an array of zeros. Every position within the clinical plasmid was
updated with the maximum percent identity from all local alignments. If the average percent
identity of the array representing the alignment to the clinical plasmid was as high as the
minimum percent identity for the relevant plasmid type (Table 5.3), it was counted as a highly
similar. Random sampling of the environmental isolates and finding highly similar plasmids was
repeated 10,000 times to build distributions. The distributions were used to assess the frequency
of observing the highly similar plasmids. A custom Python script was used to visualize the

results.
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6. Conclusion

Metagenomics is an invaluable tool for the culture independent exploration of microbial
communities. It has shed light on the immense genetic and functional diversity of microbes on
Earth and has many important applications, often at the intersection of microbiomes and the
health of humans and ecosystems. We believe the methods we developed will help future studies
extract biologically meaningful information from metagenomic datasets and that our
benchmarking analyses will help future studies develop improved methods and avoid pitfalls.
Our analyses also highlighted many opportunities for future work and detailed challenges that
need to be addressed to increase the utility of metagenomics for microbiome research.

A key challenge for metagenomics is documenting and organizing all the sequence data
extracted from microbiomes to provide a reference for the research community. Microbial gene
catalogs attempt to provide such a reference, but our assessment of the methods used to construct
such catalogs and their effectiveness when used for metagenomic analysis revealed many issues.
Our analysis of the methods used to create gene catalogs highlighted the need for efficient gene
clustering algorithms that account for the differential evolution of genes and that dynamically
find biologically meaningful clusters [270]. An important consideration for such algorithms is
that microbial genes can have different taxonomic host ranges, such as those carried by and
horizontally transferred on plasmids. Further, for gene catalogs to be useful as global resources
for metagenomic data analysis, new methods need to be developed for handling metagenomic
reads with non-specific mappings to a gene catalog. Several approaches have been developed for

RNA-seq analysis that effectively handle multi-mappings in an alignment-free manner [68-70],
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but it remains to be seen whether these are effective in metagenomic settings or whether the
underlying algorithms need to be adapted.

A limitation of gene catalogs is that they do not include all the sequence information
contained by metagenomic contigs. For example, gene catalogs do not include intergenic
sequences and likely do not contain many intron-carrying eukaryotic genes which are more
difficult to identify in metagenomic contigs than bacterial genes [271]. One strategy for more
comprehensively documenting the sequence information from a microbiome, that has gained
traction since we published our study, is the creation of metagenome-assembled-genome (MAG)
catalogs [109]. Future work needs to critically evaluate the methods used to build MAG catalogs,
including metagenomic binning—the grouping of metagenomic contigs to individual genomes—
which is error prone and an active area of research [272, 273]. Additionally, it is unclear if MAG
catalogs can efficiently document the pangenome—the total sequence repertoire—of each
species in a microbiome, including all genomic variations and structures, given that the genomes
of many microbial species frequently undergo horizontal transfer, recombination, and
rearrangement.

Another key bioinformatic challenge for the investigation of microbiomes is the
comprehensive taxonomic classification of metagenomes. Currently, this is not possible due to
the immense amount of microbial dark matter on Earth and efforts to build classification tools
have disproportionately focused on prokaryotes versus eukaryotes [17, 18, 184]. We presented
taxaTarget, a computationally efficient, sensitive, and precise supervised learning method that
represents an important step forward for the identification of eukaryotic species in metagenomic
data. Our analysis highlighted the added value of using data-driven approaches versus arbitrary,

user-defined thresholds for classification. We believe taxaTarget will help facilitate our
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understanding of the eukaryotic component of microbiomes and is currently being applied to
understand the composition of toxic algae blooms in the Indian River Lagoon which have led to
the extensive loss of seagrasses and the starvation of manatees [274].

Despite the performance gains of taxaTarget compared to existing tools, a persistent
source of classification errors was sparse training data. As such, initiatives like the Earth
BioGenome Project [275] are imperative for increasing the number of sequenced genomes,
transcriptomes, and proteomes for underrepresented phylogroups. As more species become
represented in sequence databases, the incorporation of more sophisticated machine learning
approaches (e.g., logistic regression, support vector machines) and the use of imputation in
taxaTarget should be tested. Additionally, the methods of taxaTarget should be tested when
extended to other phylogroups (e.g., bacteria, archaea, viruses) and other sequences (perhaps
whole genomes) besides marker genes. Ideally, the methods used to train taxaTarget could
identify the region-specific discriminatory power for all the sequences in a database and the
inclusion of a larger percentage of genomes might improve the sensitivity of classification.
However, the use of sequences other than marker genes might not currently be feasible without
the development of additional algorithms for handling scarce data and the resulting classification
errors.

A key bioinformatic challenge that underlies many of the issues with taxonomic
classification as well as gene and MAG catalogs is our current inability to assemble complete
genomes for all organisms in all metagenomes. Often, metagenomic assemblies are highly
fragmented, making it challenging to associate the contigs to their respective organisms and taxa
to their genomes, genes, and functions. In part, this is due to the impractical cost of sequencing

to a sufficient depth to obtain complete coverage of all the genomes in a complex microbial
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community. This is especially an issue for eukaryotes and was highlighted by a recent study
where nearly 300 billion reads were required to recover just 700 eukaryotic MAGs [276].
However, even provided sufficient coverage, it can still be challenging to reconstruct complete
genomes, especially when using short reads which cannot span all intra- and inter-genomic
repeats. Additionally, current assembly approaches often only reconstruct the most abundant
strain in the metagenomes, requiring further analysis to reveal the strain structure hidden by the
consensus assembly.

Undoubtedly, long read sequencing will increasingly facilitate the more complete
reconstruction of genomes from metagenomes, providing insights into genome structure, gene
order, and mobile elements that were often unavailable with short read sequencing. However, as
shown in Chapter 3, the sequencing error rate needs to decrease before the reconstructed
genomes are accurate enough to be useful for pathogen detection and source tracking
investigations where high fidelity is critical. Nonetheless, our analysis indicates that the accuracy
of the long read assembly algorithms can be improved with better use of the information in the
long reads. Currently, the integration of long and short read sequencing by hybrid assemblers
provides the highest-quality reconstruction of pathogen genomes from the quasimetagenomes
compared to either platform alone. However, the observed differences between hybrid assembly
approaches that start with short reads versus those that start with long reads, suggest that hybrid
approaches are currently limited by the weaknesses of the different technologies, but can be
improved by effectively integrating the contiguity of long reads and high per-base quality of the
short reads.

In addition to the many uncharacterized taxa in metagenomic samples, there are also

many uncharacterized mobile genetic elements (e.g., phages, plasmids, transposons) which are a
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fundamental source of adaptation for many microbes and connect microbes via a network of
genetic information exchange [224, 225]. Our analysis of horizontally transferred plasmids in
Chapter 5 showed that these elements have potential application for relating lineages to
microbiomes and environments, perhaps an important extension of WGS source tracking
methods. However, our analysis highlighted the need for more detailed and accurate metadata,
more extensive environmental sampling, and a better understanding of plasmid molecular
evolution. In part, future work needs to characterize the pangenomes of different plasmid types
and the gene exchange networks between plasmids (some studies have already initiated such
efforts [221, 277]). Such analyses will improve plasmid typing methods and the assessment of
the evolutionary relatedness of plasmid sequences. Future work is also needed to understand the
distribution, population dynamics, and transmission dynamics of plasmids in the environment
[278]. In a metagenomic context, in can be difficult to assemble low abundance and highly
repetitive plasmids. It can also be difficult to associate plasmids reconstructed from
metagenomes with their host chromosome; however, tools like Hi-C sequencing, the use of
methylation patterns detected in long reads, and binning methods have begun making progress
on this issue [279, 280].

In conclusion, with the continued improvement of metagenomic tools and technologies it
is likely that it will soon be possible to completely and accurately reconstruct most of the
genomes in a metagenomic sample. This will enable researchers to work on even more
challenging problems like characterizing all the functions coded in microbial genomes and
microbiomes. Such efforts will likely require the integration of metagenomics with other meta-

omic approaches like metabolomics, metatranscriptomics, and metaproteomics and will lead to a
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much deeper understanding of the ecological contributions of microbes to their microbial

communities, hosts, and ecosystems.
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