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Thesis summary

There is still much to be discovered about the virome, the ecosystem of viruses that make up
the viral component of the microbiome, especially the lysogenic phages that have integrated
themselves into their bacterial hosts. Online databases are a huge boon to scientific discovery,
allowing researchers to work with more data from more places than a whole lab could gather;
however, freeform metadata fields mean that extensive manual curation can be required,
depending on the questions being asked. | took advantage of these large repositories of
bacterial DNA sequences to collect bacterial genomes from across the world to examine the
prophages found within the human microbiome and what genes they may be providing to their
hosts while they are sequestered away within their genomes.

This thesis aims to answer three main questions:

First, how the lysogenic prophages of the human microbiome vary across different areas of the
human body. Second, to catalogue which antimicrobial resistance (AMR) genes are found in the
prophages of the human microbiome and whether AMR genes are common in prophages or
not, and lastly, whether the functional or taxonomic profiles can be used to train a machine
learning algorithms to sort metagenomes by their isolation environments and alleviate some of
the metadata holes in online databases.

To achieve these aims, | gathered genomes and whole-genome metagenomes from two online
genomic databases, GenBank and MGnify, and manually curated tens of thousands of
genomes. | analysed them with PhiSPy and AMR(finder+, ran statistical analyses in SPSS, wrote
code in R and Python, used the university’s High-performance computing resources, trained
and tested several machine learning models on multiple sets of features, and extracted meaning
from terabytes of data. | described the analysis in four papers, two of which have been
published and two of which are soon to be submitted.

| found that the functional profile was more informative than the taxonomic profile for training a
machine learning algorithm and that phage genes were some of the most important functional
genes for differentiating isolation environments. Phage genes were found in every environment
at different abundances. In the human microbiome, these phages varied on a smaller scale than
the metagenomic dataset could show, with even areas of the body that were physically linked
having very different amounts of prophage DNA in the bacterial genomes | analysed. The
average amount of prophage DNA in a bacterial genome was also affected by more specific
aspects of their environment, such as the health of the human host or the geographical region of
the world where the sample was isolated from the human host. These factors also impacted the
kinds of genes that the prophages were providing to their hosts. While | found that the presence
of AMR genes was rarer in the human microbiome than some other studies claim, a large
variety and in patterns that suggest that phages are transferring these genes between species.
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Introduction

The world is home to countless microbes. They are found everywhere, from the soil to the
oceans, and even in the human body. These microbes include bacteria, fungi, viruses, and
archaea and come together to form a microbial ecosystem called the microbiome.

Microbiomes play a crucial role in regulating their environments. Every environment, even our
own body, has a microbiome. Our microbiome usually lives in symbiosis with us; the flora in our
mouth and digestive tract help us digest food and produce useful chemicals (Guarner and
Malagelada 2003), When healthy and in balance, they also keep the populations of potentially
harmful bacteria in check (Guarner and Malagelada 2003).

Microbes were originally required to be cultured to isolate a useable sample ((Staley and
Konopka 1985)). However, only a small percentage of species can currently be cultured, and
learning to culture new species takes much time and effort (Lok 2015). This left large gaps in
our knowledge of the microbiome known as ‘the great plate count anomaly’ ((Staley and
Konopka 1985)). Since then, improvements in genomic and metagenomic techniques have
allowed us to see more of the immense microbial diversity that is present in the world.

One of the largest components of the microbial world is one of its smallest members, the
viruses. With approximately 103" viruses on Earth, they outnumber the bacteria in the
microbiome by a large margin (Breitbart and Rohwer 2005a).

The majority of these viruses are bacteriophages (hereafter called phages), which infect
bacteria instead of eukaryotes. Phages have two main lifecycles, the Iytic and the lysogenic life
cycles. During both lifecycles, the phage begins by infecting its bacterial host; the next step is
where they begin to diverge. Lytic phages act much like viruses most people are familiar with;
they hijack their host’s replication mechanisms and make more virions before lysing their host
and releasing the new viruses into the environment to find new hosts.

Lysogenic phages, also referred to as temperate phages, instead integrate into their host's
DNA. As the bacteria grow and replicate, so too are they replicated. While integrated into their
host, they are referred to as prophages, and the whole cell becomes a lysogen. The prophage
remains within its host until conditions change, such as the host becoming stressed, at which
point, it reverts to the lytic lifecycle.
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Figure 1: The Iytic and lysogenic lifecycles of a phage

While temperate phages are within their hosts, they can provide genes that the bacteria can
make use of. Much attention has been focused on the toxins that can be provided to otherwise
harmless bacteria. Escherichia coli is a common member of the human microbiome, but when
infected by a specific prophage, it can produce a Shiga-like toxin and cause food poisoning.
Diseases such as diphtheria and cholera are also caused by phage-encoded toxins; without
their phages, the host bacteria cannot cause the devastating diseases they are known for.

Phages can also facilitate the transfer of genes between bacteria. Recombination events can
allow phages to acquire genes from their hosts that they can in turn, pass onto other bacteria,
slowly moving genes around the microbiome (Morris et al. 2008; Hendrix et al. 1999). There are
thought to be up to 10%* phage-mediated transfer events per second (Chibani-Chennoufi et al.
2004). While it is common knowledge that bacteria such as Escherichia coli and Vibrio cholerae
get their toxins from the prophage integrated into their genome, there is less agreement on
whether phages can provide antimicrobial resistance genes to their hosts, with many studies
saying they are common among prophages (Kondo, Kawano, and Sugai 2021; Eugen Pfeifer,
Bonnin, and Rocha 2022; Colomer-Lluch, Jofre, and Muniesa 2011) and many saying they are
not, or that previous estimates were overstated (Enault et al. 2017; Billaud et al. 2021).

Antibiotic resistance is a major threat to public health, and a lot of work is put into understanding
how the resistance is spreading and what must be done to curb it. Phages are often touted as a
potential solution to the problem of antibiotic resistance, but evidence also suggests that they
may be contributing to the spread of the problem.

In the 70+ years since the discovery of the first prophage (Lederberg and Lederberg 1953), our
knowledge of phage biology and their place in the microbiological community has grown,
however, there is still much that is unknown. My thesis aims to delve into some of those
unknown regions.
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First, | aim to focus on the human microbiome and the temperate phages found within bacterial
genomes from different regions of the human body, determining how they vary in abundance
across the human microbiome. | also aim to learn what genes they may provide to their hosts.
Due to the significant changes in the environment across the human body, | hypothesize that
the amount of prophage DNA in the bacterial genomes will change significantly as the
conditions of some body sites will be more conducive to lysogeny than others.

To do this, | used genomes from the online database GenBank. GenBank is a genomic
database where scientists from around the world deposit their sequence data. This allows us to
get a wide variety of bacterial genomes from a wide variety of people. However, genomic data
uploaded to databases such as GenBank, both genomes and metagenomes, can be lacking in
accompanying metadata. Information on where the samples were collected, in particular, can be
vague or incomplete, making it difficult to use. It requires a lot of manual sorting through
metadata and curating the genomes to be able to use them in a study such as this.

This leads to my third aim, to train a machine learning model to automatically sort environmental
metagenomes by their isolation source, lessening the need for manual curation in the future.
Metagenomes, particularly whole genome metagenomes have an advantage over genomes for
this as they capture the majority of the microbiome. Microbiomes vary within environments due
to many factors, but there is a ‘core microbiome’ that varies by environment (Turnbaugh et al.
2009). This core microbiome is usually thought of in terms of taxonomy, but there may be a core
set of functional genes as well that could be used to differentiate environments. | hypothesise
that both the taxonomic and functional profiles can be used to train an algorithm to classify
metagenomes by isolation environment. However, functional genes are known to be highly
conserved (Rodriguez-Brito et al. 2010; Turnbaugh et al. 2009; Lloyd-Price, Abu-Ali, and
Huttenhower 2016), so | aim to compare the functional and taxonomic profiles to determine
which core can be best used to train the algorithm.

My work provides a greater understanding of the human phageome, how it varies with common
factors such as human health and area of the body. Currently, most of the focus in the
phageome space is on the lytic phages, so this will help to fill that knowledge gap. My work will
also help alleviate the problem of lacking isolation source metadata for metagenomes. This
should allow for more of the deposited metagenomes to be used for future work and lessen the
amount of manual curation required for studies that use large amounts of data from genomic
databases.
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Abstract

The microbiome is an essential part of most ecosystems. It was originally studied mostly
through culturing but relatively few microbes can be cultured so much of the microbiome was
left unexplored. The emergence of metagenomic sequencing techniques changed that and
allowed for research into the microbiomes of all sorts of habitats. Metagenomic sequencing also
allowed for a more thorough exploration of prophages, viruses that integrate into bacterial
genomes, and how they benefit their hosts. One issue with using open-access metagenomic
data is that sequences added to databases often have little to no metadata to work with, so
finding enough sequences to work with can be difficult. Many metagenomes have been
manually curated but this is a time-consuming process and relies heavily on the uploader to be
accurate and thorough when filling in metadata fields and the curators to be working with the
same ontologies. Using algorithms to automatically sort metagenomes based on either the
taxonomic profile or the functional profile may be a viable solution to the issues with manually
curated metagenomes, but it requires that the algorithm is trained on carefully curated datasets
and using the most informative profile possible in order to minimize errors.
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Introduction

The microbiome is the microbial component of an ecosystem. It includes bacteria, archaea and
viruses and is an essential part of most ecosystems. It can greatly influence human and
environmental health, and it can be heavily impacted by human activities.

Microbiomes are usually very diverse, and a microbiome dominated by a few species, a
dysbiosis, is often a cause or symptom of a disease state (Mirsepasi-Lauridsen et al. 2018; de
la Calle 2017). Similar to macro-scale food webs, bacteria and viruses operate under complex
predator/prey or symbiotic relationships. Studying these dynamics can provide insight into
disease and provide potential solutions for pressing issues such as antimicrobial resistance.

Historical approaches to studying the microbiome relied on in vitro culture as the first step in
isolating a workable sample. However, only a small fraction of microbes could be cultivated,
leading to a massive underestimation of the diversity of the microbiome. This source of error is
known as the great plate count anomaly (Staley and Konopka 1985). Nowadays, the main
approach to studying the microbiome is through metagenomic sequencing, which does not
require laboratory culture.

This review will briefly summarise the history of metagenomics and describe microbiome
research made possible through the availability of metagenomic sequencing. Then it will explore
potential approaches for categorising metagenomes based on their isolation environment and
compare the pros and cons of manual versus algorithmic methods for this research. Finally, the
review will consider how metagenomic sequencing has improved research into bacteriophages,
particularly for determining how these viruses operate within microbiomes.

A Brief Overview of Metagenomics

The term metagenome refers to the sum of the genomes found in a tested sample and was first
coined in 1998 (Handelsman et al. 1998). Outside of examining the few microbes that could be
cultured, the first attempts to examine the wider metagenome were performed by isolating total
DNA from fresh samples, then cloning large DNA fragments into plasmids or bacterial artificial
chromosomes (BACs) maintained in microbes like E. coli. High-throughput screening was then
used to examine the chemical diversity produced by the clones (Handelsman et al. 1998) or,
later, sequencing the cloned fragments (DelLong et al. 2006). The first published metagenomes
were sampled from acid mine drainage biofilms in early 2000 (Tyson et al. 2004). Since then,
the methods for analysing metagenomes have been consistently improving to the current day.
Now we perform metagenomic sequencing using massively parallel sequencing or deep
sequencing. This involves sequencing millions of small fragments of DNA, and then recreating
the genome by connecting the fragment sequences using bioinformatics analyses (Papudeshi et
al. 2017).

There are two main methods for metagenomic sequencing: amplicon sequencing and whole-
genome sequencing. Amplicon sequencing detects only the target gene, and usually focuses on
the highly conserved 16S gene because of its ubiquity in bacterial genomes. This approach is
relatively cheap and simple; however, it is limited in scope: the common 16S gene primers only
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target some bacteria, and depending on what primers, reference databases, and bioinformatics
settings are used different genera can be underrepresented or missed entirely (Abellan-
Schneyder, Matchado, and Reitmeier 2021). Viruses, Archaea, and Eukarya go undetected by
this method. Whole-genome sequencing, as the name implies, sequences all the DNA in a
sample. This approach has the benefit of being able to detect viruses and has also been shown
to be more accurate in detecting bacteria to the species level (Thompson et al. 2021).

Technological improvements have led to metagenomic sequencing becoming cheaper and
more accessible, and it is now being used in many areas of research, from environmental to
medical sciences. Since metagenomic sequencing was first applied to diagnose infection in a
human patient in 2014 (Wilson et al. 2014), its use as a clinical tool has slowly increased (Lim et
al. 2014; Brown, Bharucha, and Breuer 2018). The fact that metagenomic sequencing targets all
a sample’s genetic material at once means the approach has many advantages over traditional
diagnostic methods, which are generally limited to microbes that are well studied (de Vries et al.
2021; Winter and Hegde 2020; Chiu and Miller 2019; Gupta et al. 2019; Hematian et al. 2016;
Schmieder and Edwards 2012) and to testing for only a couple of potential pathogens at a time.
Metagenomic sequencing is also useful for monitoring pathogens in non-human settings.
Recently it has been applied to monitor sewage for the SARS-CoV-2 virus (Crits-Christoph et al.
2021; Landgraff et al. 2021), and has proved to be an effective monitoring tool, detecting SARS-
Cov-2 in a community before any pa-tients tested positive (NSW Health, 2022b). Metagenomic
sequencing is also applied more broadly to monitor pathogens in human communities, including
both bacterial and viral pathogens (Rothman et al. 2020), and to examine or monitor antibiotic
resistance genes (Hendriksen et al. 2019; Schmieder and Edwards 2012).

The wider microbiome is also explored with metagenomics (Mirsepasi-Lauridsen et al. 2018;
Vandenkoornhuyse et al. 2015; Cho and Blaser 2012). Only 1% of microbes can be cultured (de
la Calle 2017), limiting our capacity to understand the entire microbiome using traditional
methods. Metagenomics has enabled access to the remaining 99% that was almost entirely
unknown to us 20 years ago (Cho and Blaser 2012) and may be used to quickly screen
microbiomes for useful functions (Dinsdale et al. 2008). For example, these previously
uncharacterized microbes could be important indica-tors of host health (Mirsepasi-Lauridsen et
al. 2018; Cho and Blaser 2012; Vandenkoornhuyse et al. 2015) or reveal opportunities to
develop new antimicrobials (de la Calle 2017; Hover et al. 2018; Tortorella et al. 2018).

The Human Microbiome Project began with the intention of documenting the microbiome of
healthy humans (Cho and Blaser 2012; Turnbaugh et al. 2007), but that is proving to be a
challenging endeavour as the taxonomic composition of the human microbiome varies between
people (Lloyd-Price, Abu-Ali, and Huttenhower 2016).

Curating Metagenomes
Data curation is essential when working with metagenomes sourced from online databanks. Cu-
ration in this context refers to collecting the data and sorting it into useable categories. Meta-
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genomes can either be manually curated by the researchers looking to use the data, or by an
algorithm trained to sort the metagenomes based on different features of the sequences.
Ontologies are systems for categorising data. Numerous ontologies designed for many different
types of data can be found on the online repository www.bioontology.org (NCBO Bioportal,
2022). One ontology for categorising metagenomic data is FOAM, Functional Ontology
Assignments for Metagenomes which uses Hidden Markov Models to classify gene functions
(Prestat et al. 2014). Some other biological ontologies include the Biological Collections
Ontology (Walls et al. 2014), or Interlinking Ontology for Biological Concepts (Kushida et al.
2017). One of the better-known ontologies for categorising biological samples is ENVO, the
environment ontology. ENVO uses a directed acyclic graph (DAG) to categorise meta-genomes
based on the environment from which samples are sourced (Buttigieg et al. 2013).

Because “environment” is a vaguely-defined concept that is often made up of many smaller
factors, ENVO uses multiple descriptors in its categorization process. For example, the surface
of a stone at the bottom of a lake is both a rock and a lake environment. Depending on factors
such as the depth of the lake and the water clarity, the microbiome of the rock surface may vary
significantly. While the capability to factor in such details is important, categories can end up
being split incredibly finely. In extreme cases, any ontology that attempts to account for all
environmental details risks becoming overly complex and difficult to work with in terms of
manual sorting of samples. Many ontologies avoid this by being more specialised for different
research fields such as marine environments (Blumberg et al. 2021). Training an algorithm to
sort samples into the finer categories of an ontology would alleviate this difficulty. However
automatic curation has its own set of issues that need to be considered, as discussed below.

Issues with Curating Metagenomes

Manually curated genomes are susceptible to human error and rely on the data generator to
provide sufficient and accurate information while uploading the sequences. As a result, manual
curations often lack critical information and contain mistakes in the metadata provided.

Over the last few years, the number of metagenomes uploaded to databases such as the
Sequence Read Archive (SRA) or MGnify has increased exponentially (Mitchell et al. 2020).
While this does provide more data for anyone to use the amounts of low quality, contaminated,
or mislabelled sequences have also increased. This adds to the amount of work required to
manually curate enough genomes. While automated curation of metagenomes could address
these issues, this approach requires that the categories have little overlap in the data being
analysed by the algorithm, which can prove difficult. The datasets used to train such an
algorithm would also need to be carefully curated to avoid contaminated or low-quality
sequences, or sequences collected using very different methods. For example, in the SRA
database both amplicon sequencing and whole genome shotgun sequencing can be
categorised as metagenomic data (Torres, Edwards, and McNair 2017). This can be an issue as
they provide different information that could cause issues for an algorithm trying to compare
them. An algorithm can successfully differentiate between the two types of data, however, as
the partition engine, PARTIE, has sorted many sequences from the SRA into amplicon and
WGS datasets (Torres, Edwards, and McNair 2017). Any attempts to automatically curate
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metagenomic data from the SRA database will need to take the broad definition of metagenomic
data into account when collecting the training data.

Categorising Metagenomes

Distinguishing distinct environment categories for microbiome ontologies is difficult for a number
of reasons. For human microbiomes, sequences vary greatly between individuals (Turnbaugh et
al. 2009; Yi et al. 2014; Lassalle et al. 2018), between different locations on a single individual
(Yi et al. 2014), and even within the same location on a single individual over time (Turnbaugh
et al. 2009; Yi et al. 2014; Man, de Steenhuijsen Piters, and Bogaert 2017).

The metagenome of an external environment also changes over time (Fernandez et al. 1999) or
in response to mi-nor variations (Mahoney, Yin, and Hulbert 2017) in features such as water
depth (DelLong et al. 2006). Furthermore, large variations within environments may warrant
subdividing the environmental category further. For example, previous attempts to test the
ability of algorithms to assign metagenomes to environments had high rates of incorrect
assignments in some categories, particularly the “human respiratory” category (Burke, 2019).
This category included the lungs, mouth, nose, throat, and a few dental plaque samples. The
large error makes sense, as both anatomically and biologically the mouth and the lungs are
entirely different environments and cultivate different microbiomes (Man, de Steenhuijsen Piters,
and Bogaert 2017).

Depending on how specific the ontology needs to be, separate categories for healthy and un-
healthy sample environments should also be considered, as the microbiomes of healthy and un-
healthy humans and animals can vary significantly (Yi et al. 2014; Cuthbertson et al. 2020;
Yatera, Noguchi, and Mukae 2018).

Using Al to Curate Metagenomes

Most existing genomic databases do not require uploaders to provide comprehensive sample
information (metadata) during the submission process. This results in many sequences being
submitted to databases with little to no context. Manual curation often relies on this contextual
information. The impacts of these missing details can be broad, as they translate into reducing
the pool of sequences that can be used for other projects. For example, a water sample without
metadata detailing the depth at which the sample was taken will be unable to be used to answer
a question about the difference in microbiomes at various water depths as it cannot be assigned
to any relevant category.

Artificial intelligence (Al) algorithms hold considerable promise in metagenomics, including for
curation. For example, differences between metagenomes could be used to automatically and
accurately curate based on the environment from which samples are isolated. However, this
sort of decisionmaking activity will only happen once enough existing data is categorised and
labelled appropriately.

It is also important to consider hierarchy of labelling: for example, how should the choice of
labelling categories be managed for samples collected from different places on the same
person? We previously used a random forest algorithm to sort metagenomes into categories
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based on their environmental source with 78.5% accuracy. There is potential to improve that
accuracy by either refining the training data or categories, and/or by changing the type of
information the algorithm uses to curate the metagenomes.

Automated curation could radically change how researchers do microbiome research.
Sequences that are unusable for large scale data integrations due to insufficient metadata could
become available if a pipeline for automatic curation became available.

Functional diversity vs taxonomic diversity

Different types of data can be used for curation. For example, we used the taxonomic profile of
metagenomes to curate them. This approach is tempered because taxonomic make-up can vary
greatly in different variations of the same environment. For example, the human microbiome
varies greatly between people and can be influenced by diet (Lassalle et al. 2018), weight
(Turnbaugh et al. 2009), medication (Falony et al. 2016), and many other factors(Lassalle et al.
2018; Camarillo-Guerrero et al. 2021).

Another approach to curation is to use the functional profile. These genes are often relatively
conserved across microbiomes within similar environments, with more similarity in the relative
abundance of functional genes compared to bacterial phyla in the microbiome of different
environments (Rodriguez-Brito et al. 2010; Turnbaugh et al. 2009; Lloyd-Price, Abu-Ali, and
Huttenhower 2016). It is possible a ‘core microbiome’ of functional genes that is similar across
groups of environments may exist.

Overall, while taxonomic differences between people’s microbiomes can differentiate between
samples on a personal scale, use of the functional profile for larger-scale metagenome curation
could be more accurate. However, further research is required to compare the two curation
methods to consolidate this hypothesis.

Phages and the Microbiome

Access to metagenomics has transformed how we study the microbiome, including research
focusing on bacteriophages. Commonly referred to as phages, these viruses infect bacteria and
are an important part of almost every microbiome. Individual phages often have a very limited
host range, although almost every species of bacteria have phages that prey on them (Aziz et
al. 2015) Phages can occupy either a predatory or a symbiotic role in the microbiome. Phages
that predate bacteria are known as lytic phages, and those that play a more symbiotic role are
referred to as lysogenic phages.

Lytic phages infect bacteria and hijack their replication machinery to make more copies of
themselves, eventually killing the bacteria (Howard-Varona et al. 2017). This form of predation
is thought to kill approximately 20% of the ocean's microbial biomass each day (Suttle 2007).
The targeted application of lytic phages has been considered as a potential alternative or
complement to antibiotics (Romero-Calle et al. 2019; Tagliaferri, Jansen, and Horz 2019).
Lysogenic phages integrate into the bacterial host's DNA and replicate with the host. Referred
to as prophages, they can remain within hosts for thousands of generations (Clokie et al. 2011).
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Host bacteria can utilise genes provided by prophages to gain a variety of benefits. For
example, many prophages provide protection against infection by other phages (Zinder 1958;
Mavrich and Hatfull 2019), including prevention of predation by Iytic phages. Prophages can
also provide genes conferring resistance to antimicrobial drugs, protection from immune
responses, or production of toxins (Castillo et al. 2018; Sweere et al. 2019; Bielaszewska et al.
2012; von Wintersdorff et al. 2016). For example, a prophage encodes the toxin genes that
enable Vibrio cholerae to cause the life-threatening disease cholera (Waldor and Mekalanos
1996).

Piggyback-the-Winner and Other Hypotheses

While some phages are obligate lytic phages, many prophages are temperate phages — this
means they can shift between lytic and lysogenic life cycles when conditions change. Three
main hypotheses have been proposed to explain why temperate phages switch between lytic
and lysogenic life cycles: Piggyback-the-Winner (PTW) (B. Knowles et al. 2016), Piggyback-the-
Loser (PTL) (aka refugium hypothesis), and Kill-the-Winner (KTW) (Thingstad 2000). Each
hypothesis is characterized by different environmental conditions (Table 1).

Table 1: A brief summary of the different hypotheses for explaining lysogeny rates. Both
Piggyback-the-Winner (PTW) and Kill-the-Winner hypotheses (KTW) occur in similar
environmental conditions.

Lysogeny hypothesis Environmental conditions Level of lysogeny
Piggyback-the-winner High energy, cells growing High
Kill-the-winner High energy, cells growing Low
Piggyback-the-Loser Low energy, little growth High

The Piggyback-the-Winner hypothesis proposes that while host bacterial populations are repli-

cating quickly, the phage uses a lysogenic lifecycle to take advantage of the host’s success (B.
Knowles et al. 2016). This hypothesis also suggests the phage’s lytic lifecycle is triggered when
bacteria start to become stressed.

The Kill-the-Winner hypothesis looks at the problem from a predator-prey dynamics perspective.
It proposes that a lytic phage is more likely to come across a bacterium it can infect if that
bacterium is more abundant. Therefore, abundant bacteria are encountering and being infected
by lytic phages more often than bacteria that are not growing as robustly (Thingstad 2000).

The Piggyback-the-Loser hypothesis suggests the opposite of the PTW hypothesis. It argues
that when the host is growing slowly it is more beneficial to remain in a lysogenic state, as it is
less likely that the phages produced through lysis will find a new host (Silveira, Luque, and
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Rohwer 2021). This hypothesis has also been called Piggyback-the-Persistent (Paterson et al.
2019) as the prophages were found in host species that persistently occurred at low abundance.

Each of these hypotheses explains phage-host dynamics in studied environments. For example,
PTL occurs in some regions of the deep sea or polar oceans (Silveira, Luque, and Rohwer
2021; Brum et al. 2016) but PTW dynamics occur in some coral reef regions (Silveira and
Rohwer 2016). However, each hypothesis is an incomplete explanation of microbi-ome
dynamics on its own. PTW and KTW also appear to be conflicting hypotheses (Figure 2) as they
both have been shown to occur in high-energy environments but have the opposite results
(Silveira, Luque, and Rohwer 2021; Silveira and Rohwer 2016; Thingstad 2000). However, a
recent study has suggested a way for these opposing hypotheses to co-exist (Silveira, Luque,
and Rohwer 2021).
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Figure 2: Plotting the hypothetical rates of lysogeny between the PTL and KTW/PTW dynamics
shows how conflicting the hypotheses appear to be (A). However, a recent hypothesis [68]
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suggests that the previous hypotheses can coexist and PTW overtakes KTW dynamics at high
enough bacterial abundances (B).

Silveira et al. propose that a combination of different mechanisms results in lysogeny being
promoted at both very high and very low host abundances (Silveira, Luque, and Rohwer 2021).
Their new hypothesis suggests that the effects of microbial density, community diversity, host-
virus interactions, host metabolism, and the environment combine to either promote or repress
lysis depending on which factors are more prominent. Overall, the main factors at play in
determining whether a phage will be lytic or lysogenic are thought to be (1) chance of co-
infections, and (2) host metabolism.

Co-infection is one of the best predictors for lysogenization (Silveira, Luque, and Rohwer 2021)
as it increases the abundance of phage repressors in the host cell, preventing lysis (Cheng et
al. 1988). Slower host growth increases the window for co-infections to occur, which increases
the potential for co-infections to promote lysogeny, supporting the PTL hypothesis. Conversely,
hosts that are growing quickly have a shorter window for co-infection. However, eventually, the
abundance of phages in the environment will increase to the point where co-infections happen
quickly, leading to increased lysogeny at high host abundances which supports the PTW
hypothesis. Co-infection is also affected by community diversity. When the community is less
diverse phages are more likely to encounter bacteria that they can infect, which increases the
probability of coinfections (compared to the lower probability of coming across an appropriate
host if it is a relatively rare species).

Like co-infection, cell metabolism favours lysogeny at the extreme ends of the spectrum. In a
low-energy environment where the hosts are growing slowly, cell starvation causes a signalling
cascade. This increases the abundance of phage repressors (Cheng et al. 1988), favouring
lysogeny. When the hosts are not starving, they increase their stores of ATP. This allows the
host proteases to degrade the phage repressors, and increase the chance of lysis (Cheng et al.
1988). However, in a very high-energy environment with limited oxygen, bacteria switch to a
less efficient form of metabolism (e.g. fermentation) leading to low ATP/high NADPH levels.
This prevents the host proteases from destroying the phage repressors and thereby limiting
lysis.

As influencing factors, co-infection and metabolism work together to favour lysogeny at both
very high and very low bacterial abundances. Silveira and colleagues suggest the rate of lysis
peaks in environments with a bacterial concentration of 108 per millilitre (Silveira, Luque, and
Rohwer 2021). They propose that starvation and large windows for co-infection to occur favour
lysogeny in low energy environments, while high bacterial concentrations and inefficient
metabolism favour lysogeny in higher energy environments.

Silveira et al. suggests approximate bacterial concentrations for different virus-host ratios. In
theory, this means that this hypothesis could be tested by counting the prophages, viruses, and
bacteria in different environmental metagenomes and modelling environmental carrying capacity
from the number of prophages in each sample (Silveira, Luque, and Rohwer 2021). A further
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test is to experimentally manipulate the virus-to-microbe ratio (VMR), for example by adding
phages or removing bacteria (e.g. by filtration).

Prophage Abundances in Different Environments

Environments vary greatly in the amount of bacterial growth they can sustain, called the carrying
capacity. Each situation exists at a unique point on Silveira et al model (Silveira, Luque, and
Rohwer 2021). For example, there are likely to be relatively few prophages per cell in low-
energy environments such as the deep ocean, though likely still enough to trigger lysogeny,
because prophages take resources to maintain. In higher energy environments — such as the
ocean’s surface or a coral reef — lytic growth is also the dominant lifestyle, so very few
prophages would be expected in bacterial genomes. In highly productive environments, such as
coastal waters and estuaries, the environments favour lysogeny. However here, the energy cost
to maintain the prophages is not as big of a limiting factor (because energy is plentiful), so the
number of prophages per cell should theoretically be much greater than in low energy
environments.

Numerous studies have examined phages across many different environments, including in
various animals (Kim and Bae 2018), in humans (Cazares et al. 2021; Edwards et al. 2019;
Dutilh et al. 2014; Oh et al. 2019), from most aquatic environments (Castillo et al. 2018; Motlagh
et al. 2017; L. McDaniel et al. 2008; L. D. McDaniel et al. 2014; Parmar et al. 2018), and from
soil (Stokar-Avihail et al. 2019; Goémez et al. 2015; Braga et al. 2020). While many of these
papers examine phages from single environments, there are comparatively few studies that
compare phages from different environments in one analysis. Of these, many only compare a
couple of environments at once (Parmar et al. 2018; Rezaei Javan et al. 2019; Oh et al. 2019;
Castillo et al. 2018). As different prophage detection methods can produce slightly different
results (Roach et al. 2021), comparing phages from environmental samples that have been
collected and analysed with various methods could produce inaccurate results.

Identifying Prophages

The first step in analysing prophages is to identify their sequences in the bacterial genome. The
approaches for doing so broadly separate into two main categories: experimental induction, or
computational examination of a bacterial genome for prophage-like regions.

Induction involves causing lysis in the bacteria, which releases the phage into solution. It is one
of the oldest methods for detecting phages and uses chemicals that signal to the phage to
switch to a lytic lifecycle, destroying the host bacteria and releasing the phages into the solution.
The issue with this method is that it can only be used on culturable bacteria and incomplete
induc-tion will cause the phage-host ratio to be skewed. Although we have discovered many
chemical inducers, there are also plenty of prophages where we have not identified the signals
they are sensing, and so cannot induce them.

Computational examination of bacterial genomes first requires that the bacterial DNA is

sequenced, then the sequences can be examined for genes that belong to prophages either
manually or by using programs such as PhiSpy (Akhter, Aziz, and Edwards 2012) and many
others (Roach et al. 2021). The accuracy of these predictions is affected by the quality of the
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sequence assembly. As genomes are being assembled small, overlapping segments of DNA
sequences are pieced together to form larger sequences, or contigs. A genome with fewer
contigs is more complete than one with more contigs. A genome with many contigs generally
has a lot more predicted prophages than genomes with few contigs and the rate of false
positives increases as the number of contigs in a genome increases as it is more likely for a
smaller segment of DNA to appear the same as a prophage by chance alone. A comparison of
8 different prophage prediction tools showed that each package has its strengths and
weaknesses (Roach et al. 2021). Some sacrificed speed and efficiency for accuracy while
others tried to find a balance. Some had good precision but that necessitates an increased
chance of false-positive results, while others increased recall performance which comes with
more false positives. The pros and cons of each program need to be evaluated by users before
deciding which is most appropriate for each project.

Conclusions

Metagenomic sequencing is useful for finding prophages from many different environmental
conditions, but many genomes are added to databases without the inclusion of comprehensive
metadata. Being able to automatically sort these sequences into an environmental ontology
would allow for these sequences to be useful in future projects, but we need considerably more
high-quality data to determine how best to sort these sequences.

Prophages play significant roles in the microbiomes of many species and in different environ-
ments. Phages can protect their host from deadly infections, and give their host access to
beneficial genes such as antimicrobial resistance or toxin production. The way phages interact
with their host changes depending on the environment. Researchers have conducted many
studies on phages from various environments, and developed hypotheses regarding what
factors influence survival strategies, such as the lytic/lysogenic decision. However, there is still
much more to learn about how prophages interact with their hosts under different conditions.
Learning more about metagenomes and prophages could provide many insights into human
and environmental health, while getting a better understanding of what a healthy microbiome
should be may enable us to detect changes more quickly or accurately in microbiomes that
could be a sign of disease.
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Results Chapter 1: Prophages: an integral but understudied part of
the human microbiome
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Abstract

Phages integrated into a bacterial genome—called prophages—continuously monitor the health of
the host bacteria to determine when to escape the genome, protect their host from other phage
infections, and may provide genes that promote bacterial growth. Prophages are essential to
almost all microbiomes, including the human microbiome. However, most human microbiome
studies focus on bacteria, ignoring free and integrated phages, so we know little about how
these prophages affect the human microbiome. To address this gap in our knowledge, we
compared the prophages identified in 11,513 bacterial genomes isolated from human body sites
to characterise prophage DNA in the human microbiome. Here, we show that prophage DNA is
ubiquitous, comprising an average of 1-5% of each bacterial genome. The prophage content per
genome varies with the isolation site on the human body, the health of the human, and whether
the disease was symptomatic. The presence of prophages promotes bacterial growth and
sculpts the microbiome. However, the disparities caused by prophages vary throughout the
body.
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Introduction

The human microbiome is a complex ecosystem of microbes that inhabit every part of the
human body. Most body sites typically contain a multitude of microbes resulting in diverse
ecosystems. In contrast, sites in the human body dominated by one or a few species—
dysbiosis—are often an indicator of disease (Mirsepasi-Lauridsen et al. 2018; Inglis, Roach, and
Edwards 2024; Briissow 2023).

While the term ‘human microbiome’ may evoke the mental image of the human body as a single
environment, the body contains many different niches. Environments such as the skin, stomach,
lungs, and mouth are so different from each other that combined, they have an extensive range
of bacterial concentrations, very high species richness, and widely varying species diversities.
Most of the total microbial biomass in humans and other mammals resides in the gut, and that
organ’s metabolism contributes to the animal’s overall thermogenic energy expenditure (Riedl et
al. 2021). Other body areas have orders of magnitude lower bacterial concentrations than the
gut (Sender, Fuchs, and Milo 2016). The gut microbiome is also highly diverse (A. N. Shkoporov
and Hill 2019), while others, such as the lung microbiome, are dominated by only a few groups
(Yagi et al. 2021).

Bacteriophages (phages) are viruses that infect bacteria found in almost every environment
(Ben Knowles et al. 2017). In the ocean, they kill approximately 20% of the microbial biomass
daily (Suttle 2007), but their role in sculpting and controlling most microbiomes, including the
human microbiome, is underestimated. A few clades dominate gut phages, but phages infect
almost every bacteria in the human gut (Dutilh et al. 2014; Camarillo-Guerrero et al. 2021).
There are two main kinds of phages: virulent phages, where the phage infects the host bacteria,
replicates, and lysis the bacteria to release phage progeny, and temperate phages, which may
either choose a lytic lifecycle or choose to integrate into the host’s DNA and replicate alongside
the host until the phage senses suitable conditions for the switch to lytic replication (Lwoff
1953). Prophages are temperate phages integrated into their host’'s genome, and the resulting
host bacteria is a ‘lysogen’. AlImost every bacterial species has temperate phages, although
much is still unknown about both Iytic and temperate phages.

Prophages confer various benefits to their host through lysogenic conversion. The most
common is superinfection exclusion: the protection of the lysogen against other phage infections
(Zinder 1958; Mavrich and Hatfull 2019). Many prophages also express virulence genes or
toxins that promote the growth of the lysogen (Castillo et al. 2018; Sweere et al. 2019;
Bielaszewska et al. 2012; von Wintersdorff et al. 2016; Waldor and Mekalanos 1996). Some
examples of prophages providing the toxins that allow their bacterial host to cause human
disease include Shiga toxin-producing E. coli, cholera and diphtheria.

The genetic switch that controls the decision to integrate into the host or replicate and kill the
host has been at the centre of many molecular biology breakthroughs (Ptashne 2004), such as
the Nobel prizes in Physiology and Medicine in 1965 and 1969, which were awarded for
discoveries regarding the viral synthesis and replication mechanisms respectively.
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Many factors affect the outcome of that decision, including the concentration of bacteria, the
diversity of bacterial and phage species, the redox potential of the cell (i.e. the metabolic
efficiency of the bacteria), the presence of other phages, and signalling peptides that phages
produce to communicate with each other (Erez et al. 2017; Silveira, Luque, and Rohwer 2021).
Here we explored the variation in prophage composition across the human body, investigated
how much of the bacterial DNA in the human microbiome is provided by prophages,
demonstrated how this diverges across the different areas of the human body, and we
quantified whether diseased microbiomes and disease-causing bacteria have different prophage
abundances than the microbiomes of healthy people.

Methods

All 949,935 publicly accessible bacterial genomes (as of 1st June 2022) listed in the dataset
“‘NCBI Genome Assemblies Summary Archive 20220601” (key resources) were downloaded
from GenBank for analysis on Flinders University HPC cluster (University 2021). PhiSpy
(Akhter, Aziz, and Edwards 2012; McNair et al. 2019) was used to analyse the genomes and
detect prophage genomes in the bacterial DNA (McKerral et al. 2023) as it is currently the best-
performing prophage prediction tool (Roach et al. 2021). All the predicted prophages are
available from FigShare (Key Resources “Prophage predictions”).

The data was filtered to remove metagenome-assembled genomes, low-quality genomes with
more than 50 contigs, duplicate genome sequences, and genomes not isolated from humans
using the NCBI Genome Assemblies Summary (Key Resources “NCBI Genome Assemblies
Summary Archive 20220601”). We manually sorted the remaining samples into categories and
subcategories based on the area of the body from where they were isolated and the human
host’s health according to the PATRIC metadata (Key Resources “Archive of the PATRIC
Metadata from 20220601”) (Inglis and Edwards, 2023).

After filtering, 20,573 unique genome accessions remained. Over half--11,513 genomes--came
from bacteria associated with different human body areas. We separated those into 32
categories, with 3-2,970 samples per category. Approximately half of the genomes from human-
associated bacteria, 6,844, could be categorised by the human host’s health. We provide this
data as Key Resources “Prophages in humans”.

SPSS was used for statistical analysis. The Kruskal-Wallis test was used to compare the
categories of genomes associated with different human body areas.

We found bacterial concentrations for some of the categories by searching the literature. If we
found multiple different estimates, we used an average of the concentrations to compare the
prophage abundances with the bacterial concentrations.

For the genomes we could categorise by human health, we analysed multiple groups using
SPSS. We compared the healthy, symptomatic, and asymptomatic groups within each category
with either a Kruskal-Wallis test for categories with genomes in all three groups or Mann-
Whitney-U tests for the skin and gut samples that only had two variables. We combined the
categories and compared healthy, symptomatic, and asymptomatic groups with a Kruskal-Wallis
test. Once we identified significant differences between healthy and symptomatic groups, we
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reanalysed the categories using only the healthy samples to determine whether the relative
prophage abundances changed.

Results

The GenBank genome assembly database contains almost 1 million publicly accessible
bacterial genomes, but most are highly fragmented. However, we identified 11,513 genomes
from bacteria that could be associated with different areas of the human body. These samples
came from various people with different geographical locations, lifestyles, ages, diets, and
conditions. We identified prophages in these genomes and calculated the percentage of the
prophage sequence genomes for each sample source location (figure 3).

Vagina -

Blood -
Rectal -
CSF -
Stool -
Urinary Tract -
Bil -
Lung -
Liver T 3
Urin -
N — -
Brain T
Sk -
Bone -
Bronchial -
Plaque -
Ear -
Tooth -
Throat -
Mouth
Kidney. 6‘
Intestine Ty
Tleurn —-~
Sputum -
Ey —
Milk Y
Misc Gut -
Misc Tissue -
Gall — -
Colon -
Duodenum e
Stomach -
15 20 25

0 3000 ¢ 5 10
N Amount of prophage DNA (% of bacterial genome)

Figure 3: Raincloud plot of all 32 categories ordered by the median percentage of phage DNA
from highest to lowest. The red markers on the left show the number of genomes in each

category.

There is a large variation in the proportion of prophage DNA within and between different body
sites. The median prophage DNA content ranges from 0-5% of the bacterial genome. While
many areas have a median prophage DNA content closer to 2-3%, there is a sizeable difference
between body sites, especially at the extremes--vagina and blood at the high end, with 4-5%
prophage content, and duodenum, and stomach at the lower end, with close to 0% prophage

content.

The vaginal samples had the highest median proportion of prophage DNA. A single genus of
bacteria dominates the healthy vaginal microbiome—Lactobacillus—which produces
antimicrobial compounds that control other bacterial populations (Chen Chen et al. 2017). The
vaginal microbiome is also dense, containing 10'°-10"" bacterial cells (Chen Chen et al. 2017).
Both high bacterial concentrations and a microbiome dominated by a few species are two
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factors previously shown to correlate with higher rates of lysogeny (Silveira, Lugue, and Rohwer
2021).

Conversely, the stomach had the lowest average proportion of prophage DNA. No prophages
could be detected in most (76.67%) of the genomes from bacteria isolated in the stomach. The
stomach is significantly different from almost every other body site and is one of the most
extreme environments in the human body. A handful of genera dominate, and the bacterial
concentrations are relatively low, in the order of 103-10* bacteria (Nardone and Compare 2015).
Overall, it is quite the opposite of the vaginal microbiome.

Respiratory and gastrointestinal tracts

Narrowing our focus to the respiratory and gastrointestinal tracts allows us to examine how the
microbiome changes as the conditions change in transit from mouth to anus. We juxtaposed the
distributions of prophage DNA with the GI and respiratory systems for visual assessment (figure
4), and we performed Kruskal-Wallis statistical tests to determine if these distributions were
significantly different.
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Figure 4: Box plots showing the amount of prophage DNA in each area of the respiratory and
gastrointestinal tracts. The figure is coloured by the average proportion of prophage DNA as
displayed in the scale below.

The different sections of the respiratory tract have similar distributions of prophage DNA,
reflecting similar conditions. The areas also connected to the gastrointestinal tract--the mouth
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and throat--were significantly different to the lungs (p=<0.05), while the nose was only
significantly different to the throat (p=<0.005).

The lungs had the highest prophage DNA, while the mouth had the lowest. The microbiome of
the respiratory tract changes with the age of the host, becoming more diverse as the human
matures from infant to adult (Kumpitsch et al. 2019). Since the abundance of temperate phages
correlates with microbial diversity, there may be fewer temperate phages in the respiratory tract
of older people. The overall bacterial concentration estimates suggest the mouth has more
bacteria than the lungs (Sender, Fuchs, and Milo 2016; O’'Dwyer, Dickson, and Moore 2016),
which is generally conducive to higher rates of lysogeny. However, we observe the opposite
trend with lung-isolated genomes having higher proportions of prophage DNA.

Conversely, the gastrointestinal tract has a much wider range of bacterial concentrations and
does not follow a linear order like the respiratory tract. The distinct areas of the gastrointestinal
tract have much more varied environments, and the prophages appear to follow the Piggyback-
the-winner model, with more prophages in areas of the body with higher bacterial
concentrations, such as the stool or mouth. In contrast, the more hostile environments like the
stomach have less prophage DNA per bacteria.

Overall, bacterial concentration alone does not adequately explain the proportion of prophage
DNA, and we must look to other factors to explain our results. Generally, bodily fluid samples
(e.g. breast milk, urine, and blood) had lower bacterial concentrations (Breitbart and Rohwer
2005b; Paissé et al. 2016; Martin et al. 2012; Kogan et al. 2015) but higher prophage
concentrations than the other body sites.

Effects of host health

Many of the samples were clinical samples which likely influenced the results, for instance,
bacteria that dominate in dysbiotic microbiomes and specific disease-causing bacteria. To
examine if these clinical samples exhibit different lysogenic profiles, we split the samples into
groups based on whether the sample metadata listed the human as healthy, having various
ailments (including diseases caused by specific bacteria and other ailments involving various
bacterial/viruses), or asymptomatic. We independently assessed the samples by body site when
investigating differences in the number of prophages per genome and determined significant
differences using a Kruskal-Wallis test (figure 5).
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Figure 5: Each area of the human body with at least three genomes and described as sampled
from healthy people. The number beneath each column indicates the number of samples in
each group. Error bars represent one standard deviation, while asterisks represent significant
differences (**= p=<0.005, ***= p=<0.001).

Only eight body sites had samples from healthy individuals (figure 5). The nose, skin, and stool
samples all had more prophages in samples from symptomatic patients than from healthy
individuals, suggesting that prophages may contribute to disease at these sites. In contrast, the
throat and rectal samples had fewer prophages in symptomatic individuals than in healthy
people.

Both throat and stool samples had significantly more prophages in asymptomatic individuals
than in healthy ones. Typically, patients are classified as asymptomatic when they suffer from a
disease but are not currently experiencing symptoms. The difference in prophage abundance
could suggest that prophages are either decreasing the virulence of their hosts in these areas or
providing greater survivability so that once the iliness clears, predominantly lysogens remain.
Related samples, such as from the lower gastrointestinal tract (stool and rectal) or the
respiratory system (nose, mouth, and throat), did not always show similar patterns of prophage
abundance. The bacterial species, types of ilinesses, or the different types of tests used at
different sites could eliminate patterns between body sites.

Discussion

Different body areas had different numbers of bacterial genomes associated with them (figure 3;
red markers), and almost every area of the body had a considerable variation in the number of
prophages. This variation could primarily be due to the differences in microbiome bacterial
compositions between the individuals sampled. While there is evidence for a ‘core microbiome’
of functional genes (Turnbaugh et al. 2009; Lloyd-Price, Abu-Ali, and Huttenhower 2016;
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Rodriguez-Brito et al. 2010), the taxonomic makeup of the microbes between individuals varies
significantly (Andrey N. Shkoporov et al. 2019). Many factors affect the composition of our
microbiomes, including diet, medications, overall health and fitness, and weight (de la Calle
2017; Lassalle et al. 2018; Falony et al. 2016; Turnbaugh et al. 2009; Camarillo-Guerrero et al.
2021; Mirsepasi-Lauridsen et al. 2018).

Some of these bacteria enter our bodies through our mouth and nose as we eat, drink, and
breathe, and some of these bacteria find their way down further into the respiratory or
gastrointestinal systems to supplement our microbiomes (O’'Dwyer, Dickson, and Moore 2016).
This results in the connected microbiomes, such as the mouth and throat, having similar
compositions, and our results showed that while the prophage concentrations often followed a
similar pattern, there were a few outliers. For example, the stomach differed from the rest of the
gastrointestinal tract in every way.

There are two main hypotheses regarding lysogeny rates: piggyback-the-winner and piggyback-
the-persistent. Piggyback-the-winner suggests that the microbiomes with high bacterial
concentrations are more likely to favour lysogeny (B. Knowles et al. 2016), while the piggyback-
the-persistent suggests the opposite (Paterson et al. 2019). The lungs have a lower bacterial
concentration, yet a relatively high amount of prophage DNA suggests that it follows the
persistent strategy of piggyback-the-persistent, while there were less apparent patterns in the
gut.

Because different bacteria have different prophages and lower bacterial diversity is associated
with higher rates of lysogeny (Silveira, Luque, and Rohwer 2021), external factors that affect the
makeup of the human microbiome could affect the number of prophages in each bacterial
genome. Human health is perhaps the most critical factor that influences our microbiomes.
llinesses and generally poorer health are often associated with less diverse microbiomes,
particularly in the respiratory and gastrointestinal systems (de Steenhuijsen Piters et al. 2016;
de la Calle 2017; Mirsepasi-Lauridsen et al. 2018). However, we found wide variation in the
prophages between healthy and symptomatic samples in different body sites.

There is wide variation in the amount of prophage DNA in the bacterial genomes of the human
microbiome. Categorising the samples by body site revealed patterns in prophage abundance.
Areas connected or with similar environments often had a similar prophage distribution. The
respiratory tract, which has a lower microbial load, appears to follow the Piggyback-the-
Persistent scenario, while the microbially rich gastrointestinal tract follows the Piggyback-the-
Winner scenario. The microbiome impacts human health, and vice-versa, and a few body sites
showed significant differences in prophage abundance in health and disease.

Conclusions
Metagenomic sequencing is useful for finding prophages from many different environmental

conditions, but many genomes are added to databases without the inclusion of comprehensive
metadata. Being able to automatically sort these sequences into an environmental ontology
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would allow for these sequences to be useful in future projects, but we need considerably more
high-quality data to determine how best to sort these sequences.

Prophages play significant roles in the microbiomes of many species and in different
environments. Phages can protect their host from deadly infections, and give their host access
to beneficial genes such as antimicrobial resistance or toxin production. The way phages
interact with their host changes depending on the environment. Researchers have conducted
many studies on phages from various environments, and developed hypotheses regarding what
factors influence survival strategies, such as the lytic/lysogenic decision. However, there is still
much more to learn about how prophages interact with their hosts under different conditions.

Learning more about metagenomes and prophages could provide many insights into human
and environmental health, while getting a better understanding of what a healthy microbiome
should be may enable us to detect changes more quickly or accurately in microbiomes that
could be a sign of disease.

Results Chapter 1.5: Prophages and their bacterial hosts
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The human microbiome is composed of hundreds of species, with potentially over 500 different
species of bacteria just in the oral cavity alone (Zaura et al. 2009), and each bacterial species
has their own phages. We know that the taxonomic composition of the microbiome varies by
geography, with even the same kind of environment having a different microbial composition
(Crump et al. 2007). The microbiome is also affected by factors such as host health, and diet as
well (Turnbaugh et al. 2009; Youngblut et al. 2019; Lassalle et al. 2018). This suggests that the
change in microbiome composition between the body sites and host health states could be
influencing the prophage counts.

To examine this possibility | focused here on specific bacterial species that were common
across multiple body sites, region, or host health categories. To do this, | took the data from
Results Chapter 1 (Inglis et al. 2024), gathered the taxon metadata for each genome, and
condensed the geographical location metadata into geographical regions based on the United
Nations Geoscheme groupings. | then compared body sites, geographical locations and host
health but split the data by bacterial species instead of body site to determine whether the
patterns remained when accounting for species. Stastical analysis was done in SPSS using
Kruskal-Wallis tests.

Bodysite

There are some small differences between body sites when looking at specific bacteria, with
some species having one or two sites with significantly different amounts of prophage DNA than
the rest. For example, Streptococcus pneumoniae has next to no prophage DNA when found in
the sputum, but contains more prophages when found in other areas, such as the nose and
throat (figure 6). Most Staphylococcus epidermidis prophages are found in body sites other than
the skin, where it is a normal part of the healthy microbiome. Instead, prophages were more
common in nose and blood samples where S. epidermidis acts as an opportunistic pathogen
and is a common hospital-acquired infection (Vuong and Otto 2002).
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Figure 6: Average amount of prophage DNA in different areas of the human body for 11
different species of bacteria.

Geography

Out of the 22 species with more than 100 genomes in the dataset, 16 had some significant
differences between geographic regions. Most of these consisted of one or sometimes two
regions being significantly different from the rest. For example, in Pseudomonas aeruginosa
samples from Asia and Oceania were significantly different from most other regions, including
each other, with Asia having a significantly higher average amount of prophage DNA (Figure 7).
In Acinetobacter baumannii, a dangerous pathogen, genomes from Europe had significantly
lower amounts of prophage DNA from other regions except Africa and Central America.
However, Central America, Africa and Oceania lacked a large pool of genomes to begin with,
with the majority of genomes being collected from North America and Asia. Smaller sample
sizes are much harder to draw conclusions from. There were also a number of samples where
there was no clear location metadata, further hindering our progress.

Geography has a large overlap with other lifestyle factors such as diet that are known to affect
the microbiome, as different foods are more commonplace in different regions. Though, our
research shows that the phageome varies within the same bacterial species across different
regions, suggesting that some species have either gained or lost prophages over time, while
species such as S. aureus remain relatively the same across regions and only significantly differ
across some areas of the body.
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Figure 7: Average amount of prophage DNA in different geographical regions for 11 different
species of bacteria.

Host health

Eight species in the dataset had samples from both symptomatic and asymptomatic humans.
Six of the eight species showed significant differences in the amount of prophage DNA in
asymptomatic vs. symptomatic samples, and of those six, five had more prophage DNA on
average in genomes from symptomatic humans. Prophages are known to provide toxins and
virulence genes to some bacterial species, this includes Shiga-like toxins in E.coli, and staph
enterotoxins in S. aureus (Rodriguez-Rubio et al. 2021: Bielaszewska et al. 2012; Bokarewa,
Jin, and Tarkowski 2006). There is evidence that S. aureus toxin genes have been passed onto
other Staphylococcus species, such as S. epidermidis, through mobile genetic elements such
as pathogenicity islands (Madhusoodanan et al., 2011), it is possible that phages may be
contributing to the virulence of these other species. Chapter 2 of this thesis will examine the
prescence of virulence genes in these prophages.However, healthy controls are relatively rare
among samples deposited into GenBank, with the human microbiome project being the main
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source of samples from healthy people. Healthy controls are important for any clinical study and
it is odd that so few are labelled as such. However, there are also prophages that reduce
virulence such as prophage ®13 found in S. aureus (Poupei et al., 2025). though, our results
show that S. aureus sampled from symptomatic patients contain more prophage DNA,
suggesting that perhaps the prophages that increase virulence may be more common, at least
in S aureus, than those that reduce virulence.
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Figure 8: Percentage of genome composed of prophage DNA across the eight species of
bacteria that were found in both asymptomatic and symptomatic humans. Bacteria were either
isolated from asymptomatic humans (red) or symptomatic humans (black). *** represents a p-
value of >0.001.

Species without prophages

Our dataset contained some genomes without any detected phage genes, though three species
had none or almost no prophages at all. These were Helicobacter pylori, Mycoplasma
pneumoniae, and Chlamydia trachomatis.

H. pylori is a species of gram-negative bacteria that infects the lining of the stomach and can
cause abdominal pain and nausea. It is found across the world but most of the samples in the
dataset were taken from Asia and Europe. They had one of the lowest average amounts of
prophages with most samples having zero prophages. While there were only three North
American samples, two of the three had prophages, with one sample having three, the most
prophages in a Helicobacter species, with only two of the three Helicobacter cinaedi samples
having equal or more prophages. No matter where in the body helicobacter species are found
that are lacking in prophages compared to most bacteria.

The stomach microbiome can be diverse when not infected by H. pylori. When H. pylori does
infect the stomach, it quickly becomes the dominant species (Noto and Peek 2017). The Kill-
the-Winner (KtW) hypothesis suggests that phages tend to choose lysis more often when their
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host is the most dominant species, as the chance of the free virions finding a new host is high
(Thingstad 2000). This would explain why genomes from the stomach are so low in prophage
DNA, as most of the stomach samples were H. pylori genomes, which would have come from a
lower-diversity microbiome. This highlights the need for more healthy samples

The two bacterial species with the least amount of prophages in the dataset were Mycoplasma
pneumoniae and Chlamydia trachomatis, with no prophage DNA found in any of the samples in
the dataset. Both of these species are pathogens, potentially leading to a similar low-diversity
KtW scenario as H. pylon.

Conclusion

Overall, while different bacterial species contain different average amounts of prophage DNA,
these too are affected by body site, human health, and geographical region. Most body sites
contained a range of species and many species were found across multiple body sites. This
data provides some more insight into the patterns in the prophage DNA, while still remaining
consistent with the rest of the data. The wide range of the most common bacteria shows that
bacterial species are not overly biasing the data in most regions, and the species that can be
found across symptomatic and asymptomatic humans suggest that it isn’t entirely the difference
in species that is driving the change in prophage abundance. However, body site was much less
noticeable when examining specific species, with host health becoming the most significant
factor.

These results also further highlight the problem of lacking metadata and rare samples. Even
with thousands of genomes from across the world many regions of the world were
undersampled, with many genomes containing no location metadata. While well-studied species
such as S. aureus were very sommon in our dataset, most species were rarely sampled,
showing that as large as the database is we have only sampled a small part of the world’s
microbial diversity, highlighting that we need to be able to get the most out of what we have, and
well-annotated metadata is one way of maximising the potential of online databases.
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Results Chapter 2: Prophages as a source of antimicrobial resistance
in the human microbiome
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Abstract

Prophages—viruses that integrate into bacterial genomes—are ubiquitous in the microbial
realm. Prophages contribute significantly to horizontal gene transfer, including the potential
spread of antimicrobial resistance (AMR) genes, because they can collect host genes.
Understanding their role in the human microbiome is essential for fully understanding AMR
dynamics and possible clinical implications.

We analysed almost 15,000 bacterial genomes for prophages and AMR genes. The bacteria
were isolated from diverse human body sites and geographical regions, and their genomes
were retrieved from GenBank.

AMR genes were detected in 6.6% of bacterial genomes, with a higher prevalence in people
with symptomatic diseases. We found a wide variety of AMR genes combating multiple drug
classes. We discovered AMR genes previously associated with plasmids, such as blaOXA-23 in
Acinetobacter baumannii prophages or genes found in prophages in species they had not been
previously described in, such as mefA-msrD in Gardnerella prophages, suggesting prophage-
mediated gene transfer of AMR genes. Prophages encoding AMR genes were found at varying
frequencies across body sites and geographical regions, with Asia showing the highest diversity
of AMR genes.

Importance
Antimicrobial resistance (AMR) is a growing threat to public health, and understanding how
resistance genes spread between bacteria is essential for controlling their dissemination.
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Bacteriophages, viruses that infect bacteria, have been recognised as potential vehicles for
transferring these resistance genes, but their role in the human microbiome remains poorly
understood. We examined nearly 15,000 bacterial genomes from various human body sites and
regions worldwide to investigate how often prophages carry AMR genes in the human
microbiome. Although AMR genes were uncommon in prophages, we identified diverse
resistance genes across multiple bacterial species and drug classes, including some typically
associated with plasmids. These findings reveal that prophages may contribute to the spread of
resistance genes, highlighting an overlooked mechanism in the dynamics of AMR transmission.
Ongoing monitoring of prophages is critical to fully understanding the pathways through which
resistance genes move within microbial communities and impact human health.

Introduction

The virome is an essential microbiome component mainly consisting of bacteriophages
(hereafter referred to as phages), which are viruses that infect bacteria. Phages have two main
lifecycles: the lytic lifecycle, where virulent phages hijack the host's replication systems to create
more virions, and the lysogenic life cycle, where temperate phages integrate into the bacterial
host's genome. Temperate phages can integrate into the host's chromosome, where they can
be replicated alongside the host. Temperate phages can also replicate extrachromosonally as
phage plasmids, having characteristics of both plasmids and phages (E. Pfeifer and Rocha
2024; Eugen Pfeifer, Bonnin, and Rocha 2022; Cohen 1983; Cohen et al. 1996). Much like
prophages, satellite phages, phages that don’t encode all the necessary structural proteins and
instead ‘borrow’ any required genes from other phages infecting the same host, typically
integrate into a bacterial host until their required helper phage arrives (Deho, Ghisotti, and
Others 2006; deCarvalho et al. 2023). In addition, filamentous phages replicate and exit without
lysing their hosts (Hay and Lithgow 2019).

Phages facilitate the evolution of their hosts by mediating the transfer of other mobile genetic
elements such as transposons, plasmids, and genetic islands(Xia and Wolz 2014; Christie and
Dokland 2012; Touchon, Moura de Sousa, and Rocha 2017). They can carry genes that
probably originated in bacteria, known as auxiliary metabolic genes, and can provide these
genes to their hosts in a process called lysogenic conversion. Errors in replication and phage
excision can also move genes from the bacterial genome into the phage genome and vice
versa, allowing phages to collect more genes to transfer to their next hosts (Touchon, Moura de
Sousa, and Rocha 2017). Horizontal gene transfer connects the microbial world in a sort of
“‘common gene pool” (Davis and Olsen 2010). The ability of phages to confer these auxiliary
metabolic genes to their bacterial hosts and facilitate the transfer of other genetic elements that
new bacteria can then take up allows genes to slowly hop around the microbiome, spreading
both valuable and benign genes between species (Hendrix et al. 1999).

The term auxiliary metabolic genes is somewhat of a misnomer, though, as it is well known that
prophages can contain genes other than metabolic genes, virulence genes being a well-known
example. Several pathogens, such as Vibrio cholerae (Li et al. 2003), Corynebacterium
diphtheriae (Muthuirulandi Sethuvel et al. 2019), and Escherichia coli (Rodriguez-Rubio et al.
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2021), get many of their toxin-production genes from their prophages. There is also evidence to
suggest that prophages regularly carry antimicrobial resistance genes.

Antimicrobial resistance (AMR) is a growing public health issue. Since the discovery of penicillin
in 1928, antibiotics have become indispensable for treating life-threatening infections
(Hutchings, Truman, and Wilkinson 2019). However, the short generation time of bacteria and
the widespread use of antibiotics have led to a rapid arms race, causing the proliferation of AMR
genes across various pathogens (Schmieder and Edwards 2012). Understanding how AMR
genes are spread has been thoroughly researched since people became aware of the threat
antibiotic resistance poses.

Since it is known that prophages can transfer bacterial genes between species, it is feasible that
antimicrobial resistance (AMR) genes are transferred as well. AMR genes are common mobile
genetic elements, but it was thought that the transduction events required to transfer AMR
genes to and from phages were so uncommon as to be near impossible (Torres-Barcelé 2018).
It was not until recently that AMR genes were regularly being identified in phage genomes
(Kondo, Kawano, and Sugai 2021; Eugen Pfeifer, Bonnin, and Rocha 2022; Moon et al. 2020;
Brown-Jaque et al. 2018; Colomer-Lluch, Jofre, and Muniesa 2011). However, later studies
suggest that overzealous interpretations of bioinformatics results and using lower identity
thresholds may have resulted in overestimating the abundance of AMR genes in phage
genomes (Enault et al. 2017). Here, we investigate the abundance of AMR genes in the
prophage regions of almost 15,000 bacteria isolated from humans. With this, we aim to
determine how common phage-encode AMR genes are across the human microbiome, and in
doing so, we identified phage-transferred AMR genes that were previously thought to only be
mobilised by plasmids.

Materials and Methods

Genome selection and filtering

We retrieved 949,935 bacterial genomes from GenBank on June 1, 2022. Genomes classified
as metagenome-assembled or containing more than 50 contigs were excluded to ensure high-
quality assemblies. This filtering set ensured an average fragment length exceeding 60 kbp,
which is longer than the upper limit for many prophages (McKerral et al. (2023)). Duplicate
accessions were removed, and the genomes were curated by isolation source and isolation
region based on metadata from the Pathosystems Resource Integration Center (PATRIC). The
curated accessions were then filtered to remove any genomes not isolated from humans. After
filtering 14,987 genomes that could be associated with one of 31 different body site categories
remained. 5,341 of these genomes could also be categorised by the health of the human host.

Prophage identification

We previously identified over 5 million high-quality prophages in these genomes using PhiSpy
(Akhter, Aziz, and Edwards 2012; McKerral et al. 2023), one of the most accurate prophage
prediction tools, with the lowest runtime currently available (Roach et al. 2022), described in
Inglis et al. (2024).
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Figure 9: Flow chart of the methods

Gene detection

AMR, virulence, and stress genes were identified using AMRFinder+ (version 3.10.23, database
version 2021-12-21.1) (Feldgarden et al. 2021). Both nucleotide and amino acid sequences
were analysed to maximise detection accuracy. Stringent cutoffs for sequence identity (299%)
and coverage (299%) were applied to minimise false positives. AMR genes detected within
prophage regions were further validated by comparison against the Comprehensive Antibiotic
Resistance Database (CARD) and corroborated through a literature search to avoid
housekeeping genes.

Data analysis

The prevalence of AMR genes within prophage regions was compared across body sites,
geographical areas, and host health status based on the PATRIC metadata to identify potential
associations. Statistical analyses, including Kruskal-Wallis tests, were performed using SPSS to
assess the significance of differences between AMR gene abundance across the
aforementioned categories.

Results & Discussion

An overview of antimicrobial resistance genes in prophages

From the 14,987 bacterial genomes that were isolated from humans, 11,665 genomes came
from 34 species that had more than 50 genomes in our dataset, while the remaining 3,322
genomes came from species with fewer than 50 genomes. 11,655 of the 14,987 genomes
contained AMR genes, and 848 contained AMR genes in the predicted prophage regions.
These 848 prophages contained a combined total of 1382 AMR genes, with an average of 1.6
genes per genome. The genomes contained a wide variety of AMR genes, and some genomes
contained multiple genes. However, one AMR gene per genome was the most common result
even when the genomes contained multiple phages, suggesting that not all are capable of
producing a resistance phenotype. For virulence genes, 1,683 genomes contained virulence
genes in their prophages, while stress genes were only found in 283 genomes.
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Virulence and stress genes in prophages
Virulence genes are well-known auxiliary genes found in prophages and are the most common
auxiliary genes found in our prophages. 14.4% of the genomes analysed carried a virulence
gene in their prophage regions. 23.3% of nasal samples, 34.5% of skin samples, and 36.9% of
urinary tract samples contained prophages with virulence genes. Most of the bacteria in these
samples were Staphylococcus aureus (65.3%) and Escherichia coli (33.7%). The most common
genes were the increased serum survival protein /ss, nearly identical to the prophage-encoded
protein Bor. The Iss protein is derived from the Bor protein, which is known to occur in E. coli's
phage A (Johnson, Wannemuehler, and Nolan 2008). Three of the most common genes are a
staphylococcal enterotoxin, a phage-encoded staphylokinase (Bokarewa, Jin, and Tarkowski
2006), and the complement inhibitor SCIN-A. The complete results list can be found in
Supplementary Data 2e.
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Figure 10: Percentage of genomes that carry either virulence or stress genes for the nine
species represented by more than 50 genomes in our dataset that contained virulence or stress
genes in prophage regions. The numbers beneath the species names are the number of
genomes in our dataset.

As defined by AMRfinder+, stress genes were the least commonly detected among our results,
with 2.4% of the analysed genomes containing prophage regions that carry these genes. Stress
genes were grouped into heat, metal, acid, and biocide resistance genes, including efflux
pumps, transport proteins, repressors, regulators, and reductases.

Stress genes were found in the predicted prophage regions of 14/31 body sites. Stool and urine
samples had the most genomes with stress genes in their prophage-encoded regions, with

26.5% of bacteria whose prophages encode stress genes isolated from urine samples and
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27.6% from stool. However, there were about half as many urine samples (n=1275) as stool
samples (n=2967) in our dataset. While the bacterial genomes from all the body sites with more
than 1000 bacterial isolates contained stress genes in their prophages, some body sites with
few bacterial isolates, such as liver (n=9) and bile (n=27), also contained stress genes. The
complete results list can be found in Supplementary Data 2e.

93.6% of the stress genes in our prophage regions were found in genomes of bacteria taken
from symptomatic hosts. Out of the 283 genomes containing stress genes in prophage regions,
only 8 came from bacteria from healthy or asymptomatic hosts, while 118 came from bacteria
from symptomatic hosts, and the remaining 157 were from humans of unknown health status.
Most prophages containing stress genes were found in E. coli, with almost 20% of E. coli
genomes containing them. More common bacteria in our dataset, such as S. aureus and
Klebsiella pneumoniae, had comparatively fewer prophages that contained stress genes, with
0.6% and 2.6% of the respective species containing stress genes in prophage regions. This
suggests that E. coli phages commonly carry a variety of genes that may aid their host, and we
do know that some of these genes are expressed by the E. coli host (Johnson, Wannemuehler,
and Nolan 2008). Overall, the virulence genes found in the prophages are mostly what we
expected to find.

AMR genes in prophages

The notion that phages can harbor and transmit antimicrobial resistance genes has long been
debated. Originally, it was thought that phages rarely encoded AMR genes, but then, with the
expansion of viromics, studies began to suggest that phages might often carry AMR genes
(Modi et al. 2013). In 2017, Enault et. al. suggested that the thresholds used in these
metagenomic analyses were not strict enough, showed that some of these ARGs predicted by
bioinformatic methods did not confer resistance when transferred into bacteria, and that there
are only two phages in the publicly available phage genomes in RefSeq that contain ARGs
(Enault et al. 2017). Although they specifically analysed lytic phages, they briefly discussed how
prophages are quite different, with a higher abundance of AMR genes than lytic phages (Enault
et al. 2017), and that many prophages with known AMR genes have been shown to be
incapable of lysis anymore.

To ensure that the AMR genes detected in this study were likely to confer a resistance
phenotype, a literature search was conducted to find evidence of all the AMR genes found in
predicted prophage regions (see Supplementary Data 2f). We found that two genes, fosB2 and
tet(X1), from three genomes were truncated gene variants that no longer produced resistance
(Yang et al. 2004; Wisdom et al. 1992). Gene ant(6)-la, with 19 occurrences in our prophages,
which may have unnamed variants of the gene that do not confer resistance (Rodrigues Souza
et al. 2020). Gene crpP, with four occurrences in our prophages, did not confer the resistance to
ciprofloxacin as it was originally thought to, but may still provide low-level fluoroquinolone
resistance (Zubyk and Wright 2021).

The most common resistance genes among our prophages were the aminoglycoside
nucleotidyltransferase ANT(9)-la, which is known to mediate resistance to spectinomycin
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(Sheng et al. 2023), the ermB and tetM genes. Although these genes are often found together
(Roberts et al. 1999), we did not frequently find them together in our dataset.

Bodysite and AMR
Different areas of the body have different microbiomes and, consequently, different viromes. We
split our bacteria by the area of the human body where they were isolated to determine whether
the proportion of prophages with AMR genes varied across the different body sites.
We found AMR genes in predicted prophage regions in bacteria isolated from 21 out of the 31
different areas of the body. Of the body sites that didn't contain AMR genes, only one site, the
stomach, had more than 100 genomes in the dataset. We previously showed that the stomach
largely lacked prophages (Inglis, Roach, and Edwards 2024). In the body site with the most
bacteria in our dataset, stool, over 11% of the genomes contained AMR genes on their
prophages. This was slightly higher than the vaginal genomes, which while having fewer
samples (Figure 11) has similar amounts of prophages (Inglis, Roach, and Edwards 2024).
Stool and vaginal both had high amounts of prophage DNA per bacterial genome and high
overall bacteria concentrations, while the skin also has a high bacterial concentration but has a
lower amount of prophages (Chen Chen et al. 2017; Sender, Fuchs, and Milo 2016; Inglis,
Roach, and Edwards 2024) and far fewer of those prophages contain AMR genes. This
suggests that the prophages of stool and vaginal bacteria are more likely to contain prophages.
12
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Figure 11: The percentage of genomes in our dataset that contained AMR genes in the
predicted prophage regions. Bodysites are arranged left to right by the average amount of
prophage DNA in the bacterial genome. The bracketed numbers are the number of bacterial
genomes. UT and miscgut are abbreviations of urinary tract and miscellaneous gut.
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The number of bacterial genomes that contained prophages with AMR genes generally
correlated with the total number of genomes isolated from a body site, with a few notable
exceptions, such as skin, tissue, and stool. Skin and tissue had many more bacterial isolates
but fewer AMR genes in our dataset than body sites with similar numbers of genomes
containing AMR genes, leading to a low proportion of genomes containing prophage-encoded
AMR genes in these sites. Stool, the most frequently sampled body site, had 4.7% fewer
genomes with AMR-containing prophages than the second most common body site, blood, but
had 134% more genomes overall. A Chi-Square test of AMR gene presence across body site
showed a significant difference (p <0.001). These results suggest that while a larger sample
size does allow us to find more instances of prophage regions that contain AMR genes, some

areas of the body appear to have higher rates of AMR genes being found in prophages than
others.
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Figure 12: Violin plots comparing the percentage of the bacterial genome comprised of
prophage DNA for all genomes in each body site (black) and genomes that contain AMR genes
in their prophage regions (red). The horizontal line of the violin represents the median for each
group.

Comparing the average proportion of prophage DNA per bacteria in each body site to the
amount of prophage DNA per genome (Inglis, Roach, and Edwards 2024), we found that
bacteria with AMR genes in prophage regions have, on average, higher amounts of prophage
DNA in the genome than the average bacterial genome (Figure 12).

There is still variation in the amount of prophage DNA the bacterial genomes contain, and it is
possible for bacteria to carry multiple prophages. Therefore, we hypothesise that the bacteria
carrying the phages that encode AMR genes can also still contain the non-AMR-encoding
phages.
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Previously, we demonstrated that stool and vaginal samples, where over 10% of prophages
harboured AMR genes, ranked among the five body sites with the highest prophage DNA
content (Inglis, Roach, and Edwards 2024). While our results suggest that the likelihood of
bacteria containing prophage-encoded AMR genes correlates with the amount of prophage
DNA present, a Mann-Whitney U test showed there is no significant difference (p=0.303)
between the presence of prophage-encoded AMR genes and total genome size.

Host Geography and AMR

The composition of the human microbiome and the prophages within them vary with
geographical location (Suzuki and Worobey 2014; Yatsunenko et al. 2012; Gaulke and
Sharpton 2018; Inglis, Roach, and Edwards 2024), and countries have varied rates of antibiotic
consumption (Klein et al. 2018).

Most geographic regions had AMR genes in the prophage regions of 3-7% of their genomes.
South America had the lowest proportion of genomes with AMR genes on their prophage
regions at 2.3%. Africa and Asia, with 8.4% and 9.7% of the genomes, respectively, were the
most likely to have AMR genes in their prophage regions
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Central America
(n=4)
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Europe (n=169)
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Figure 13: A map showing the AMR genes found in the prophage regions of genomes from
each region split by drug class as defined by AMRfinder+, with n being the total number of
genes found in each region.

Asia also has the most different kinds of AMR genes, with 73 unique genes across 17 classes,
and North America has the second most, with 72 genes across 14 classes (Figure 13). The
number of unique genes mostly aligns with the sample size, with regions with more genomes
submitted having a wider variety of AMR genes represented. There were two exceptions to this
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trend, Africa and Asia. Africa had slightly more genomes than South America, 663 and 659
genomes, respectively, but South American prophages have almost double the rate of AMR
genes than those from Africa. Asia has the most unique AMR genes but the third highest
number of genomes and approximately half the number of genomes as from North America.
None of the genes were found in prophages in every region.

A Kruskal-Wallis test showed some significant differences in the average number of AMR genes
in prophage regions per genome. Asia, North America, and Africa were all significantly different
from each other (p= <0.001-0.002). Samples from Asia were the most likely to contain AMR
genes in phage regions, with 9.7% of genomes harbouring prophages that carried AMR genes.
The least likely regions to find bacteria with prophage-encoded AMR genes are South America
(2.3%) and Europe (2.7%).

All regions have a large variety of AMR classes, with Europe having the most classes
represented (figure 5). Resistance to beta-lactams was the most common in all regions except
for Africa, with aminoglycoside resistance being slightly more common, and Oceania, with efflux
pumps being most common.

Host health and AMR

Overall, there was no significant difference in the number of prophage AMR genes per genome
between healthy, asymptomatic, and symptomatic samples (Kruskal-Wallis p=0.409). However,
more genomes were sampled from symptomatic humans than asymptomatic humans, and
symptomatic samples were isolated from a wider variety of body sites and geographical regions.
A wide variety of AMR genes was found in those samples. 6.6% of the 4,585 genomes from
symptomatic hosts contained a predicted prophage with an AMR gene.

The genomes of the 159 bacterial isolates from healthy hosts contained fewer genes, 5.7% of
which contained AMR genes in predicted prophage regions. The 609 genomes labeled as
coming from asymptomatic individuals had a similar proportion of genomes with AMR genes
(2.6%).

As bacterial genomes from healthy controls were much rarer in the GenBank database than
genomes from symptomatic humans, the results we can draw from the comparisons are limited
by low sample sizes. However, Streptococcus pneumoniae had more samples labeled as
asymptomatic than symptomatic, and it showed a similar trend to other results, with bacteria
isolated from asymptomatic hosts being less likely to have AMR genes in their prophage regions
than bacteria isolated from symptomatic hosts. The difference is much more pronounced than
most of the other species. However, bacteria from asymptomatic hosts are less likely to carry
prophages with AMR genes than bacteria from symptomatic hosts, when looking at each
species separately. | hypothesise that since antibiotics are given to treat illnesses and are thus
more likely to be given to symptomatic humans, there is less selective pressure for antibiotic
resistance in healthy populations. Therefore people who are ill should be expected to harbour
more antibiotic resistant bacteria.

Out of the eight bacterial species that were sampled from both asymptomatic and symptomatic
humans, seven species contained AMR genes in their phage regions (Figure 14), while one
species, Bacteroides fragilis, contained no AMR genes on prophages at all. Two species,
Escherichia coli and Staphylococcus epidermidis, contained no AMR genes in the asymptomatic
samples. One species, Clostridioides difficile, formerly known as Clostridium difficile, has a
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higher percentage of prophage genomes from asymptomatic hosts having AMR genes than
prophage genomes from symptomatic hosts. The remaining four have a lower rate of genomes
with AMR genes in prophages in asymptomatic samples than in symptomatic samples. Since
there is not enough metadata for many of these genomes to accurately determine whether
these bacteria were the cause of these people's symptoms. However, these species are all
common pathogens, and S. aureus, K. pneumoniae, and E. coli in particular, are common
hospital-acquired infections (Boev and Kiss, 2017), and ESKAPEE pathogens which are of high
concern for antibiotic resistance. If these species are not the original cause of the host's
symptoms, a hospitalised patient would have a higher chance of coming into contact with
resistant bacterial strains than the average person.
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Figure 14: Percentage of bacterial genomes containing AMR genes in their prophage regions for seven
species, split by the health of the human host (red: hosts that are symptomatic for illness, black: hosts
that have no symptoms).

Known phage-encoded AMR genes

Our dataset contained a wide variety of AMR genes. These included genes previously known to
be found in prophages, such as MefA-MsrD, and some that were only previously known to occur
in other mobile genetic elements, such as BlaOXA23 and TMexCD-ToprJ.

Fosfomycin resistance has been known to be encoded by multiple lytic phage isolates of y
phage (Schuch and Fischetti 2006), and it was thought that this FosB gene originally came from
a prophage as the wild type W phage does not carry the gene (Schuch and Fischetti 2006;
Gillis and Mahillon 2014). While we did not find a prophage containing the FosB gene, we did
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find prophages infecting the same species, Bacillus anthracis, that carried the spliced variant of
the fosB gene, fosB2, even though fosB2 cannot transform fibroblasts without the presence of a
trans-activation domain as it has lost its activation domain (Wisdom et al. 1992).

The TMexCD-ToprJ gene clusters have been shown to confer resistance to carbapenems and
tigecycline, a last-resort antibiotic for carbapenem-resistant bacteria (Zhu et al. 2023; Lv et al.
2020). This gene cluster has been identified in multiple Pseudomonas species, and we found it
in Pseudomonas aeruginosa, both in the bacterial genomes and in a prophage region in
genome GCA _008195485.1 collected in 2001.

The beta-lactamase BlaOXAZ23 is a major source of carbapenem resistance for Acinetobacter
species. Previously, BlaOXA23 was found on conjugative plasmids (Zong et al. 2020), though
few Acinetobacter species have conjugative plasmids, which was proposed to limit the
transmission of this gene. The same penem resistance gene has also been shown to be found
on transposons (Zong et al. 2020). However, we found three instances of the beta-lactamase in
prophage regions of Acinetobacter baumannii. Phage-mediated transfer of beta-lactamases is
potentially concerning as it suggests that there has been at least one instance of an AMR gene
being transferred from a plasmid to a prophage. They were the only instances of AMR genes
found in prophage regions of A. baumannii.

Phages are known to be able to transfer the macrolide efflux pump encoded by the MefA-MsrD
gene pair to their Streptococcus pneumoniae hosts (Fox et al. 2021), however, we also found it
in a Gardnerella spp. prophage.

ESKAPEE pathogens are a group of species, specifically known for their high rates of antibiotic
resistance. They also face increased selection pressure due to the amount of antibiotics used to
eliminate these multidrug-resistant infections. We found that while the AMR genes were very
common among the ESKAPE species in our dataset, the rates of AMR genes occurring on their
prophages were not above average. We hypothesise that prophages don’t face as much
selection pressure as their hosts to gather resistance genes. However, there were cases where
either a gene was unique to prophages or a problematic AMR gene was shown to have moved
to a prophage. For example, Ant(6)-la was found in many species, both in prophage regions
and in the bacterial DNA, but in Streptococcus pyogenes, it was only found in the prophage
regions

A concern in the fight against AMR is that genes can be transferred between bacteria by
horizontal transmission, spreading resistance to previously susceptible bacteria. We found 34
bacterial species, each represented more than once in our dataset, that contained specific AMR
genes only on prophage regions. However, homologous genes could also be found in both
prophage and bacterial regions in the genomes of other species, suggesting that the prophages
are mobilising these genes.

While most of our common species had prophages that contained AMR genes even if they were
quite rare, there were species in our dataset that did not contain any prophages with AMR
genes at all, suggesting that not all phages have equal access to the common gene pool and
antimicrobial resistance genes.
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Conclusion

After analysing the AMR genes in almost 15,000 bacterial genomes we found that AMR genes
were relatively rare in human prophages, however, there was a wide variety of them. Different
areas of the body and regions of the globe both had significantly different rates of AMR genes
appearing on prophages and differing amounts of unique AMR genes occurring. Host health
was only a significant factor when examining specific species. S. pneumoniae showed a
significant difference between the number of asymptomatic and symptomatic genomes
containing phage-encoded AMR genes, and three species, E. coli, K. pneumoniae, and S.
epidermidis, contained no phage-encoded AMR genes in asymptomatic samples. Our results
suggest that bacterial genomes with larger or multiple prophages were more likely to have a
prophage that carries an AMR gene.

While AMR genes being found in prophage regions are currently rare, we identified at least one
example of a gene that was known to be plasmid-bourne being found on a prophage, an
instance of a gene that has moved between different prophages, of different life cycles, some
genomes that only have AMR genes in their prophage regions, and genomes that appear to
have acquired genes by prophages.
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Abstract

Metagenomic sequencing enables culture-independent profiling of microbial communities
across diverse environments, yet publicly available metagenomic datasets are often limited by
inconsistent or incomplete metadata. In particular, environmental annotations are frequently
missing or ambiguous, hampering large-scale comparative studies. Here, we used machine
learning to predict the environmental origin of metagenomes based on either taxonomic or
functional profiles. Using 1,120 metagenomes with recorded isolation environments from the
MGnify database, we developed a two-tiered environmental ontology comprising broad and
narrow source categories. We trained and benchmarked 14 random forest classifiers using
taxonomic features (strain to family) and functional features (subsystems), comparing
performance across classification schemes. Our results show that taxonomic profiles,
particularly at the genus level, yielded stronger predictive performance than functional profiles,
although functional models exhibited greater generalisability to new datasets. Certain
environments, such as soil and animal-associated samples, were accurately classified, while
others like marine and built environment samples remained challenging. Feature importance
analyses revealed that classification was driven by variation in core taxa and functions, rather
than environment-specific taxonomic or functional markers. Our findings highlight the potential
for automated environmental annotation of metagenomic datasets and underscore the need for
improved metadata standards in public sequence repositories.

Impact statement
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The rapidly expanding volume of publicly available metagenomic data offers immense
opportunities for large-scale microbiome research. However, the inconsistent and incomplete
environmental metadata associated with many archived samples presents a major barrier to
meta-analysis. Our study addresses this gap by demonstrating that machine learning models
can predict the environmental source of metagenomes using either taxonomic or functional
data. We show that random forest classifiers trained on genus-level taxonomic profiles or high-
level functional annotations can accurately assign samples to broad environmental categories.
Importantly, these models remain effective even when applied to novel datasets, supporting
their utility in metadata curation and environmental inference. Our work is valuable to
microbiome researchers seeking to reuse public datasets and especially to those developing
automated annotation and analysis pipelines.

Introduction

Microbial communities are ubiquitous across Earth's ecosystems, forming distinct and dynamic
assemblages that play essential roles in environmental and host-associated processes.
Historically, the study of these communities was constrained by culture-based techniques,
which limited detection to taxa amenable to in vitro growth, excluding the vast majority of
uncultivable organisms from analysis (Staley & Konopka 1985). The development of
metagenomic sequencing has revolutionised microbiology by enabling culture-independent
profiling of microbial diversity and function. Since the first metagenomic assemblies were
reported in the early 2000s (Tyson et al. 2004; Breitbart et al. 2003), advances in sequencing
technologies have expanded both the resolution and scale at which microbial ecosystems can
be studied.

Two principal strategies dominate contemporary metagenomic studies: targeted amplicon
sequencing and whole-genome shotgun (WGS) sequencing. Amplicon-based approaches focus
on conserved marker genes, most commonly the bacterial 16S rRNA gene, to infer taxonomic
composition. These methods are cost-effective and widely applied, particularly for surveys of
bacterial communities (Johnson et al. 2019). However, their utility is reduced when
characterising non-bacterial taxa. Although alternative markers, such as the internal transcribed
spacer (ITS) region for fungi (De Filippis et al. 2017) or 18S rRNA for eukaryotes, are available,
they offer lower resolution or limited taxonomic breadth. Moreover, there remains no universally
conserved marker gene for viruses, further constraining amplicon-based assessments of
viromes (Rohwer & Edwards 2002).

In contrast, WGS metagenomics sequences all the genomic material present in a sample,
providing both taxonomic and functional insights, and enabling the detection of viruses and
other microorganisms that are not accessible via targeted primers (Dinsdale et al. 2008).
Although more resource-intensive, WGS metagenomics facilitates genome-resolved analyses,
including the recovery of metagenome-assembled genomes (MAGs) and profiling of community
functional potential (Papudeshi et al. 2017). As sequencing costs decline, the adoption of WGS
sequencing has accelerated, resulting in the deposition of vast metagenomic datasets in public
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repositories, such as MGnify (Richardson et al. 2023) or the Sequence Read Archive (SRA)
(Leinonen et al. 2010).

Despite the growth of these repositories, the utility of archived datasets is often hindered by
inconsistent or incomplete metadata. Environmental annotations are frequently non-
standardised or absent, impeding downstream reuse and large-scale meta-analyses. For
instance, over 9% of WGS-labelled metagenomes in the SRA are tagged only as "metagenome"
without further contextual information, severely limiting their value for ecological inference or
comparative studies, and meaning that only a portion of the data within these databases can
actually be used for future studies.

Machine learning offers a promising solution to infer missing environmental metadata based on
features intrinsic to metagenomic datasets. Prior work has demonstrated that taxonomic profiles
can be leveraged to predict the ecological origin of metagenomes (Burke et al. 2019). However,
taxonomic profiles can vary substantially across similar environments due to ecological
redundancy and niche-specific variation, which can potentially limit their generalizability. In
contrast, the functional profile of a community, defined by the repertoire of encoded genes and
pathways, may be more conserved across similar ecological contexts (Turnbaugh et al. 2009).

In this study, we evaluate the feasibility of using machine learning models trained on either
taxonomic or functional profiles to classify WGS metagenomes based on their environmental
sources. By comparing model performance across these two feature types, we aim to determine
whether functional annotations provide a more robust signal for inferring ecological origin in the
context of incomplete or missing metadata than the commonly used taxonomic profiles, and
create a method by which untagged metagenomes can be used in future work. Our findings
have implications for the reuse of public metagenomic data and the automated curation of
environmental information in sequence repositories.

Methods

Dataset acquisition and preprocessing

All publicly available studies labelled as “metagenomic” within the MGnify database were
queried via the MGnify API (version 1) (Richardson et al. 2023) in January 2024. This filtered for
WGS metagenomes. MGnify was selected due to its relatively comprehensive metadata
annotations compared to other repositories. From this dataset, metagenomes with clearly
defined isolation sources were identified based on their associated metadata fields. These were
manually curated and classified into discrete environmental source categories. To ensure a
balanced and sufficiently powered dataset, only environmental categories represented by
metagenomes from 40 or more unique studies were retained for model construction.

For each selected category, 50 metagenomes were randomly sampled to minimise
overrepresentation biases, particularly from human-associated samples, which dominate
metagenomic sequence repositories. The selected metagenomes were downloaded as FASTA-
formatted files to the Flinders University High-Performance Computing cluster (Flinders
University 2021).
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Taxonomic profiling of each sample was performed using FOCUS (Silva et al. 2014), which
provides read-based annotation from the phylum to the strain level. Functional annotations were
inferred using SUPER-FOCUS v1.6 (Silva et al. 2016), which categorises reads into hierarchical
subsystems of gene functions across three levels, culminating in predicted functional roles. To
balance the number of features with the available samples, taxonomic data at the strain,
species, genus, and family levels, as well as functional annotations from subsystem levels 1, 2,
and 3, were selected for downstream analyses (Figure 15).
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Figure 15: Graphical methods showing how the metagenomes were gathered, sorted and
analysed to create training datasets for 14 random forest models

Machine learning model development

We implemented three classification algorithms: random forest (Breiman 2001), logistic
regression (McFadden 1972), and XGBoost (Chen & Guestrin 2016). All models were
developed using Python libraries within Google Colaboratory, employing the Scikit-learn
(version 1.6.1) implementations of random forest and logistic regression, as well as the
XGBoost Python package (version 2.1.4). These three algorithms were trained from scratch 10
times with reshuffled train/test data to compare how variable their results were.

For the random forest models, data were split into training (80%) and testing (20%) sets using
the train_test_split method in scikit-learn with stratification to preserve class proportions.
Extensive hyperparameter tuning was performed, including maximum tree depth, minimum
sample size, number of trees, maximum leaf nodes, sample and feature subsampling strategies,
and class balancing via the synthetic minority oversampling technique (SMOTE) (Chawla et al.
2011). Performance metrics across various parameter settings were evaluated (Supplementary
Figures S2-S10), and the default settings were retained based on robust performance across
all metrics.
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Fourteen random forest models were trained, using seven FOCUS/SUPER-FOCUS-derived
features (strain, species, genus, family, and subsystem levels 1-3) across two classification
schemes: broad and narrow environmental categories. Broad categories included high-level
source types (e.g. “human’), whereas narrow categories represented finer subdivisions (e.g.
“‘gut’, “skin”, “oral cavity”).

Model performance was assessed using the area under the receiver operating characteristic
curve (ROC-AUC), accuracy, precision, recall, and F1 score using Scikit-learn. Confusion
matrices were generated to identify common misclassifications. Feature importance metrics
were computed to determine the relative contribution of input features to classification
outcomes.

Precision was defined as the proportion of true positives among all predicted positives, while
recall reflected the proportion of true positives among all actual positives. The F1 score, the
harmonic mean of precision and recall, was used as a summary measure of model accuracy. All
evaluation metrics were calculated on the test set.

Results and discussion

Dataset overview and ontology structure

A total of 1,120 metagenomes were incorporated into the training dataset, curated from the
MGnify repository and annotated using a simplified ontology derived from the Environment
Ontology (ENVO) (Buttigieg et al. 2016). The constructed ontology comprised two hierarchical
levels: broad environmental categories (e.g. "freshwater", "human gastrointestinal') and, where
metadata permitted, narrower subclassifications (e.g. "freshwater lake", "freshwater sediment").

The dataset included between 37 and 50 metagenomes per narrow class and between 41 and
195 per broad category (Figure 16). Of the 12 broad categories included ("animal", "built
environment’, "freshwater", "marine", "human gastrointestinal', "human respiratory", "human
oral', "human skin", "human other", "plant", "soil", and "wastewater"), seven were further
subdivided into 24 narrow classes, each represented by at least 35 metagenomes (Figure 2).
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Figure 16: Flowchart of the categories used. N is shown in brackets. The lines illustrate how
each narrow category is related to the broader classes.

Taxonomic and functional clustering of environmental categories

To assess whether the constructed ontology captured meaningful microbiome structure, we
performed non-metric multidimensional scaling (NMDS) on both taxonomic (genus-level) and
functional (subsystem level 2) profiles. These analyses revealed environment-specific
clustering, with more apparent separation observed in taxonomic profiles than in functional ones
(Figures 3 and 4). For instance, the broad category "plant" exhibited heterogeneous taxonomic
profiles, whereas its narrow subclass, "plant:rhizosphere," showed tighter clustering, suggesting
that increased resolution improves ecological specificity.

Several factors not currently captured in metadata, such as seasonal dynamics (Gilbert et al.
2012), environmental connectivity (Crump et al. 2007), and microgeochemical gradients
(Edwards et al. 2006; Alsop et al. 2014), likely contribute to the observed within-group
variability. Moreover, a lack of clustering at broader scales may hinder model generalisation,
while over-clustering around narrow microenvironments may risk overfitting.

Suppose microbial communities are structured predominantly by unmeasured
microenvironmental variables such as local geochemistry, host physiology, or temporal
dynamics. In that case, the training dataset may reflect these idiosyncratic conditions rather
than the broader environmental categories used for classification. This overrepresentation of
microenvironment-specific signatures risks model overfitting, thereby compromising its ability to
generalise to unseen data. Conversely, if microbial communities lack consistent structure at the
chosen environmental resolution, the resulting absence of informative patterns may reduce
model discriminability, leading to lower predictive accuracy.

Taxonomic resolution had a marked influence on the observed clustering patterns. At the family
level—the broadest taxonomic rank considered in this study—clustering was minimal (Figure
S14), likely due to the taxonomic breadth encompassed at this level. Such coarse classifications
may obscure meaningful ecological or biogeographic variation, reinforcing the notion that
“everything is everywhere” when generalisation exceeds the ecological signal. In contrast,
genus-level profiles displayed the most significant degree of environment-specific clustering,
suggesting that this taxonomic resolution provides an optimal balance between the ecological
specificity and cross-sample comparability.

52


https://paperpile.com/c/NqNAiB/Vw4o
https://paperpile.com/c/NqNAiB/Vw4o
https://paperpile.com/c/NqNAiB/Ibtw
https://paperpile.com/c/NqNAiB/dQhq+XHY9

NMDS2

NMDS2

Broad category- Plant

EREET
.'.*.3...‘ °

2

Plant rhizosome

NMDS1

NMDS2

2

Plant other

NMDS1

© MMDs1

Figure 17: NMDS plots of the genus-level FOCUS results. The category listed is shown in red,
while all other metagenomes are shown in grey.
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shown in red, while all other metagenomes are shown in grey.

Functional profiles are more conserved than the taxonomic profiles (Turnbaugh et al. 2009).
Core genes involved in fundamental cellular processes, such as replication and structural
maintenance, are ubiquitous across environments. In contrast, niche-specific genes, including
those involved in virulence, will be more informative for our models. For example, virulence
factors are enriched in host-associated environments where they play key roles in host-microbe
interactions (Dinsdale et al. 2008). Although functional genes are typically less sensitive to
environmental fluctuations, specific components of the functional profile, such as mobile genetic
elements and phage-associated genes, exhibit variability associated with geographic isolation
(Haggerty & Dinsdale 2017; Dinsdale et al. 2008).

Overall, the clustering patterns we observed (Figures S11-S17) indicate that our environmental
categories are sufficiently distinct to support machine learning classification. However, model
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performance will likely vary depending on the taxonomic or functional levels used, and the
machines will be able to learn some environments more easily than others.

Model benchmarking and algorithm comparison

We compared three classification algorithms (random forest (Breiman 2001), logistic regression
(McFadden 1972), and XGBoost (Chen & Guestrin 2016)) across both taxonomic and functional
datasets.

Random forest is an ensemble learning method based on decision trees, where input features
are used to split the data into increasingly homogeneous subsets iteratively. Each decision tree
within the ensemble contributes a single classification vote, and the final prediction is
determined by maijority voting across all trees. This approach is computationally efficient,
resistant to overfitting, particularly in settings with moderate dataset sizes, like the one we
employ here, and offers interpretable insights into feature importance and decision pathways.
Unlike linear models, random forest allows the identification of hierarchical, non-linear
relationships between features and class labels.

XGBoost, by contrast, implements gradient-boosted decision trees where each tree contributes
a weighted score, and subsequent trees are iteratively trained to correct residual prediction
errors of the ensemble. This model is highly optimised for performance but less interpretable
than a random forest. Furthermore, it offers fewer tuneable hyperparameters accessible to end-
users compared to the extensive configurability of random forests.

Logistic regression, on the other hand, is not a decision tree based method, and instead
provides the odds of a particular outcome (Sperandei, 2014). This method can be faster than
large forests. However, with logistic regression models you cannot see exactly what the model
is learning. With decision trees you can see exactly what causes each branch point. This lack of
transparency can allow the model to learn from unintended data, if proper care is not taken.

Hyperparameter tuning for the machine learning models was conducted to optimise model
performance, with full parameter specifications and benchmarking results provided in the
Supplementary Data.
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Figure 19: F1 scores for three different models: random forest, logistic regression, and XGboost
for both the broad and narrow class sets using all features.

Performance was assessed using F1 scores for models trained on broad and narrow
environmental categories (Figure 19). Random forest outperformed or matched the other
algorithms in both contexts, particularly for narrow categories, and offered additional
advantages, including model interpretability and computational efficiency.

Given its superior performance and transparency, random forest was selected for downstream
analyses. Fourteen models were trained using either taxonomic (strain, species, genus, family)
or functional (subsystem levels 1, 2, 3) data and evaluated on broad and narrow classification
tasks.

Classification performance and feature comparison

We compared the taxonomic and functional profiles generated by FOCUS and superFOCUS, as
they are generated independently for each dataset.

Receiver operating characteristic area under the curve (ROC-AUC) analyses demonstrated
strong performance across all models (Figure 20). Taxonomic models marginally outperformed
functional models, and broad classification tasks achieved slightly higher scores than narrow
ones.
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predictions.

Evaluation of model metrics revealed similar trends: all models achieved high accuracy, but F1
scores were consistently lower for narrow categories (Figure 21). Specific categories were more
readily classified than others. For instance, the "marine" class exhibited lower performance
across models, whereas "soil" and "animal" classes performed well at specific taxonomic and
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functional levels (Figures 22 and 23). Our comparison suggests that the narrow subclasses are
too similar to each other, while the broad-level classification captures most of the variation in
functional and taxonomic profiles between environments.
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Figure 21: The precision (blue), recall (orange), accuracy (green), and F¢ (red) scores for each
model.
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Figure 23: F;score per category for each narrow class model. From left to right— species (blue),

genus (orange), family (green), strain (red), subsystem 1 (purple), subsystem 2 (brown),
subsystem 3 (pink).

Clustering patterns observed in the NMDS analyses (Figures S11-S17) further supported
differential classification performance across narrow environmental subclasses. Distinct
compositional separation was evident for categories such as “Animal:Bird” and
“Animal:Arthropod.” At the same time, “Marine:Other’ and “Marine:Coastal’ displayed
considerable overlap, suggesting a continuum of microbial community structure in coastal and
transitional marine environments.

F1 score distributions among narrow classes were highly variable. Some subclasses achieved
higher classification performance than their corresponding broad categories, indicating that fin
scale environmental distinctions can improve model discrimination when underlying microbial
differences are sufficiently pronounced. In contrast, other Animal-associated subclasses were
classified with lower accuracy than the aggregate “Animal’ category, which likely reflects the
shared microbiota between mammals and human-associated samples, given their frequent
cohabitation and overlapping ecological niches (e.g., pets, livestock). The catch-all
“Animal:Other” category was taxonomically diverse. It included infrequently sampled groups
such as marine vertebrates, which plausibly share microbial features with their surrounding
aquatic habitats, further complicating accurate classification (Austin 2006).

e-
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Categories labelled as “other” or “miscellaneous” consistently exhibited the poorest performance
across models. These groups contain heterogeneous and ambiguous metadata, as they
encompass samples that do not fit clearly into defined environmental classes. To investigate
whether these categories overlapped with more well-defined classes, additional models were
trained, excluding the “other” categories, and subsequently used to predict their environmental
origin. Although this exclusion slightly improved model performance on the training set, yielding
accuracy comparable to that of broad-class models, prediction confidence and accuracy for the
excluded “other” samples remained low. In many cases, predictions failed to map even to the
correct broad class, indicating that these samples likely represent ecologically distinct or
compositionally intermediate microbiomes. These findings suggest that although removing
ambiguous categories may streamline training, the residual complexity of such samples remains
a barrier to accurate environmental classification.

Misclassifications

While global performance metrics, such as F1, provide a quantitative overview of model
accuracy, they do not reveal specific patterns of misclassification. To explore these, we
examined confusion matrices for each model (Figure 24). As anticipated, perfect classification
was not observed, reflecting the inherent complexity of microbiome data and avoiding concerns
of overfitting. Random misclassifications were present; more notably, consistent
misclassification patterns emerged, particularly among narrow environmental categories.

61



1.0
Animal 0 0.026 0 0 0 0 0 0 0 0
Built environment 0 0 0 o 0 o 0 0 0 0

. . 0.8
Human gastrointestinal o016 0 079 0 0 0 0 0 [ 0 0.053
Human oral 022 0 011 n 0 0 011 0 0 0 0
T Human other 0 0 0 0 0.88 0 0 0 0 0 0.12 0.6
Q
© .
- Human skin  on [ 0 011 0 078 0 0 o 0 0
o
ot .
= Marine o1 0 0 0 0 0 ﬂ 0 0 0 0 -0.4
Freshwater 0036 [ 0 0 0.036 0 0 0.86 o 0.071 0
Wastewater o1 0 0 0 o 0 01 01 n 01 0
-0.2
Soil 0 0 0 0 0 0 0 0 0.036 0
Plant 0 0 0 0 0 0 0.059 0.059 0 0.059 0.82
] 2 ® = 5 c @ 5 5 = = -0.0
£ 5 £ § 2 SR g g 4 8
c E a c ° c IS 3 3 a
< 5 ! ] = © = = 9]
= £ E © £ 4 a
= o S S = @
2z s T g T w =
o
da 2 z
= (©
= ap
c
“ £
S Predicted label
x
Animal_arthropod [ 01 o o o o o o o o o o0 0 0 0O 0 0 O 0 06 06 0 0 0 1.0
Animal_bird o BBl o o1 o o ©o ©o ©o o0 ©0 01 0 0 0 0O 0O ©0O O O O O 0 0
Animal_mammal o o [Eo11 o o o o0 011 ¢ ©0 ©°o 0 0 0 ©0 0 0 ©0 ©0 ©0 ©0 0 ©
Animal_other o o o 0 0 o © o © ©0 01l 0 0 0 0 0 0 ©0 ©0 ©0 0 o o0
Bu“t En\lironment o o o (U 0.59 ) o o o o o o o o o o o o 0 011 © o o o 0 8
Human_oral o o o011 o o [Efoi1 o o o o o o 0 0 0O O O ©OoO O O 0 0 o0 .
Human_skin o1 0 o o o o o o o o o o0 0O O O O O O O O ©O O O
Human gastrointestinal_miscgut o o o o o o o o o o o 0 0O 0 O O O O 6 O ©0O O 0
Human Gastrointesinal_stool o o o011 o o o011 o o [fg o o o o o0 011 0 0 0 ©0 © ©0 0 0 0
— Humanrespiratory_lung o o o o o o o o1 o o1 o 0 o 0 0o 0 0o 0o ©0 0 0 0 o0 0.6
. Human respiratory_sputum o o o o 0o o o ©o o o o 0 0 0 0O 0O 0O © © © 0 0 0
© Human_other ¢ o o o o o o0 012012 ¢ o[ o o o o o o o o o o o o
@ Marine_other © o o o o o o o o o o011 o 0 0 011011 0 0 O 0O O O 0
E Marine_coastal o o o o o o o o o o o 0 029 043 O 0 014 014 0 o o o o o
= Marine_sediment o o o o o o o o o o o o o offEo1 o 01 o o o o o0 o -0.4
Freshwater_sediment o0 o o o o o o o o o o o o1 o oo o o o o o o o
Freshwater other o0 o o o o o o o o o o o101 0o o offfllo o o o o o o
Freshwater lake © ©¢ ©0 01 0o o0 01 o © ©0 o0 01 0 0 0 0 0O o o 0o o0 o0 o
Wastewater © © 01 0o o o ©o o 01 o o o o o o o o o |EElolr o o o o
Soilother © © o 0o o 0o © o ©o o o o o o002 o o o oufE e o o o -0.2
Soil_agric_ultural © o o o 0 0O © ©0 © © 0 © 0 0 0 0 0 0 0 O 0o o o
Soil _rhizosphere o o o o o o o o o o o o o 0o 0o 0o 0 0O ©0 ©0 0 o o
Plant_rhizosome o o o o o o o o o o o0 o 0o 0 0 0 0 0 0 ©0 O © 0
Plant other © 0 o o o o o o o o o o o o0 o o 0 o0 o o o o 02 5 -0.0
T T ® 2 B ®m EE BT WE = E ®oE £ 2 og L =m0 @ & X
c £ c <
SfEfTs$egs52238¢88288 g8
S JESE g R 288 §EET LS E2E
£ 8 8 15 § §Ew 2% JdJJo w35 Jgg 3 a9 .
T EE T 2 £ EEEB g 25 ¢E JE ¢ §E BT £ S E
& E JE 3 35 55 38 TET N8z 8w »EE S
!« 3T £ E £ £ 8 E 5 585t ¢y g E = ° £ =
e E < 2 £ £ 2 % £ 2 & £ £ £ % = - €
7 £ c = n 5§ = = g s 2 S 5 &
c << > s 5 = o s 2 £ = “© oA
< o £ B c 3 w
s 8§ g = o
=4
c
‘é = 3 E b
© I
b 2 £ 5
S 3 T
T .
E Predicted label
z

Figure 24: confusion matrices for the a) broad genus and b) narrow genus model. The Y-axis
shows the actual label, while the X-axis shows the predicted label. The colour of the heatmap
indicates how often the model predicted a specific class for each actual class. Matrices for other
models are available in the supplementary data (Figures S19-S24).

These patterns were most apparent within subclasses nested under the same broad
environmental category, suggesting that misclassification often occurred between ecologically
similar or physically connected environments. These misclassifications are consistent with the
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known continuum of microbial community composition across environmental gradients, the lack
of strict ecological boundaries in many real-world settings, and reflect biological overlap (Alsop
et al. 2014).

However, analysis of these misclassifications provided further insight into the model's
behaviour. For instance, samples labelled as “marine:other’ were frequently misclassified as
originating from freshwater environments. Similarly, “marine:coastal’ samples also showed
occasional overlap with freshwater predictions. These patterns likely reflect the inclusion of
estuarine or brackish water samples within the marine classes, reflective of environments that
share microbiological characteristics with freshwater systems due to lower salinity and
transitional geochemical conditions.

Conversely, other closely related environments were well resolved. The subclasses
“soil:agricultural,” “soil:rhizosphere,” and “plant.rhizosphere” demonstrated clear separation and
high classification accuracy. These results suggest that, where metadata accurately reflects
distinct ecological contexts, models can successfully capture fine-scale microbiome structure
and assign environmental origin with high precision.

Feature importance and model interpretation

To understand the contribution of individual taxa and functions to model performance, we
assessed feature importance across all random forest models. Feature importance provides a
quantitative measure of each feature’s influence on model predictions (Musolf et al. 2022). It is
particularly relevant in complex microbiome datasets, which often include a large number of
features, especially at fine taxonomic resolutions such as species and strain levels.

Two commonly used metrics were employed: Gini importance and permutation importance. Gini
importance is computed as the average reduction in node impurity (Gini index) attributable to
each feature across all decision trees in the ensemble. However, this method is biased towards
features that occur more frequently in the dataset (Nicodemus 2011). In contrast, permutation
importance evaluates the decrease in model performance resulting from the random
permutation of a given feature, offering an unbiased, albeit more computationally intensive,
alternative (Musolf et al. 2022).

Feature importance patterns varied depending on the taxonomic level and the level of
environmental granularity. At the family level, where the total number of features was
comparatively limited, the most informative features were largely consistent between broad and
narrow classification tasks. In contrast, species- and strain-level models exhibited substantial
divergence, with minimal overlap among the top-ranked features between classification
schemes. This variability likely reflects the higher dimensionality and environmental specificity of
features at finer taxonomic scales.

In taxonomic models, members of the genera Anaplasma, Mycoplasma, and Coprococcus
emerged as consistently important features, particularly at the genus and species levels.
Coprococcus and Anaplasma centrale were among the top contributors in species-level models.
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These genera are frequently detected in human-associated microbiomes, with Mycoplasma
comprising several pathogenic species, and Coprococcus recognised as a commensal butyrate
producer that may be important in human health (Liddicoat et al. 2024). Notably, all three taxa
also occur in diverse animal hosts and environmental samples, underscoring their ecological
ubiquity and potential utility in classification models (Breitbart et al. 2003; Johnson et al. 2019).

For models trained on functional profiles, genes involved in protein biosynthesis and virulence
functions were among the most influential features. Interestingly, there was greater divergence
between Gini and permutation-based rankings for functional models compared to taxonomic
models. Gini importance consistently ranked phage-associated genes as top contributors, while
these same features were deprioritised by permutation analysis, likely due to their relatively high
frequency across samples.

Overall, the most informative features across all models were those that exhibited intermediate
prevalence and moderate ecological breadth. Rather than relying on rare, environment-specific
markers, models preferentially exploited quantitative variation in the relative abundance of core
taxa and functions that span multiple habitats. Our work suggests that subtle shifts in common
microbiome constituents offer stronger predictive signals than uniquely associated features in
sparse datasets.

Model performance on independent metagenomic data

To assess model generalisability, we evaluated classification performance on an independent
validation set comprising metagenomes from all broad environmental categories except
“Wastewater’, due to the lack of new wastewater samples in the MGnify database. To provide a
robust test of model performance beyond the original training and testing partitions, we
separately downloaded this dataset from the MGnify database, and it uses previously unseen
samples.

Confusion matrix analysis (Figure 25) revealed that misclassifications were infrequent and
dispersed across classes. As we saw previously, the errors often aligned with known ecological
similarities. The fine-scale taxonomic levels, such as species and particularly strain, exhibit
substantial intra-environmental variability and are frequently geographically localised or
influenced by host-specific factors. For example, variation in human gut microbiomes can be
driven by diet, age, and geographic origin (Turnbaugh et al. 2009; Lassalle et al. 2018). These
sources of heterogeneity can obscure ecological signals in unseen datasets. In contrast,
functional gene profiles are generally more conserved across samples and environments
(Rodriguez-Brito et al. 2010). Different microbial taxa may encode overlapping functional
repertoires to fulfil similar ecological roles, resulting in greater stability of functional
classifications. Functional redundancy likely explains why those models outperformed their
taxonomic counterparts when applied to novel data.

Overall, classification accuracy on the independent dataset was marginally lower than on the
original test set (Figures 24-25). Nevertheless, categories that had performed well during model
training (e.g. “Soil’ and “Animal’) maintained relatively high predictive accuracy. Exceptions
included the “Built environment’ and “Human:Other” classes, both of which showed substantial
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reductions in performance. The “Built environment’ category is inherently heterogeneous,
encompassing a range of urban and indoor environments with diverse microbial exposures.
Furthermore, it was sparsely represented in the MGnify database, and associated metadata
were frequently ambiguous or insufficiently specific. These factors likely contributed to reduced
model performance for this group and underscore the importance of metadata quality in
environmental classification tasks.
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Figure 25: confusion matrix for the broad_family model tested on the new test dataset.

Prediction confidence and ambiguity in closely related environments

To further assess model reliability and internal decision-making, we applied the prediction
probability function of the random forest classifier to an independent validation set. This function
estimates prediction confidence by reporting the proportion of decision trees that vote for each
class label. In datasets with a high number of features and only moderate ecological separation
between categories, variation in tree-level predictions is expected. Indeed, we observed
frequent prediction ambiguity in cases where samples were misclassified between ecologically
or phylogenetically related groups. For example, samples annotated as “Animal:Mammal” and
“Human gastrointestinal” often received nearly equivalent support from the classifier, suggesting
a high degree of biological similarity between these categories.

Since the mammal categories consisted mostly of stool samples, it is perhaps unsurprising that
it is confused most often from human gut/stool samples. This overlap is likely due to a shared
evolutionary history. Host phylogeny is a well-established determinant of gut microbiome
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composition. Humans, as mammals, exhibit microbiome profiles that are more similar to those
of other mammals than to those of non-mammalian animals. As such, microbial communities
derived from human and non-human mammalian guts may be difficult to distinguish based
solely on taxonomic or functional features. Consistent with this, the “Human
gastrointestinal:Stool’, “Human gastrointestinal:Misc gut” and “Animal:Mammal’ categories
demonstrated some of the lowest classification accuracies in the validation dataset, and their
prediction probability scores were often similar, regardless of the actual label. These findings
highlight the biological limitations of environmental classification, particularly when host-related
categories exhibit extensive overlap in their microbiomes. Adding more varied mammal
metagenomes to the dataset in the future may help the model to separate these three groups,
as other areas of the body may not be as similar as the gut.

While the overall classification performance of models trained on broad environmental
categories was generally robust, notable exceptions were observed for the “Marine” class when
using functional data. Functional models exhibited reduced performance on marine samples,
even when the associated prediction confidence exceeded 0.5. This suggests that the classifier
reached a high internal consensus despite generating incorrect predictions. Among the
functional models, only those trained on subsystem level 1, which represents the broadest tier
of functional annotation, were able to classify marine samples with moderate accuracy. In
contrast, marine samples remained challenging to classify when using subsystem levels 2 and
3, likely due to functional redundancy and limited specificity of gene annotations in aquatic
environments. Other broad environmental classes were predicted accurately across models,
regardless of whether taxonomic or functional data were used.

Overall, this was the first study to use machine learning to categorise metagenomes by isolation
source using their functional profiles. We showed that while the taxonomic profile produced a
stronger predictive performance, but that the functional profile was more generalisable to new
datasets. Since the functional profile is more robust to new data, it is the preferred method.
However, care should be taken if the functional profile of the metagenome of interest contains
many unknown. This algorithm will allow other to utilise metagenomes that would otherwise be
unusable for environmental comparisons due to their lacking metadata, potentially opening up
vast reservoirs of data stored in online databases.
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Discussion chapter

The human microbiome is a complex ecosystem, with the microbes thought to outnumber
human cells by a factor of ten (Turnbaugh et al. 2007). There are hundreds of species in the
human microbiome, but many are exclusive to different areas of the body. For example,
Enterobacter species are usually found in the gut, and Helicobacter pylori is usually confined to
the stomach.

The composition of the human microbiome also varies with factors such as diet, lifestyle,
medication, and geography. It also changes with host health. Pathogenic species outcompeting
the ‘normal’ microbiome are associated with disease, and even species that would otherwise be
harmless in their regular environment can become pathogenic when they gain access to a
different area of the body.

Phages are the smallest and most numerous members of the microbiome. They consist largely
of lytic and temperate phages. Lytic phages act like a typical virus. They infect their host, then
hijack the host’s replication machinery to create more virions before lysing the cell and releasing
the new virions to infect more cells. Temperate phages, on the other hand, don't always do this.
These phages have the option of integrating into their host’'s genome after infection. While
integrated into their host's genome, they are replicated as their host is replicated, and as long as
the phage remains intact, it can switch to the Iytic lifecycle when conditions change.

There are a few hypotheses that attempt to explain what makes a temperate phage choose the
lytic or lysogenic strategy. Piggyback-the-Winner, Kill-the-Winner, and Piggyback-the-loser all
explain what factors influence the phage's decision, but due to looking at very different
environments, they produce slightly different conclusions. However, all can be observed in
nature.

My question then became, how do the lysogenic phages vary by body site? Do some areas of
the body favour the lytic lifecycle while others favour lysogeny? As different body sites have
different environmental conditions, there should be variation in the phages. To answer these
questions, | predicted the phage regions of over 14,000 bacterial genomes that were isolated
from humans.

| found that some regions did appear to favour lysogeny, while some regions were more skewed
towards lysis. In particular, the stomach had almost no phages at all. The average amount of
prophages in different areas of the human body largely follows the Piggyback-the-Winner or
Piggyback-the-Loser/Kill-the-Winner hypotheses. The Piggyback-the-Winner hypothesis
suggests that phages in high-nutrient and high-diversity environments, such as the human gut,
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will be more likely to remain lysogenic (B. Knowles et al. 2016). Kill-the-Winner suggests that
phages in a high-nutrient, low-diversity environment will switch to the lytic lifestyle (Thingstad
2000). Finally, the Piggyback-the-Loser/refugium hypothesis suggests that phages in a low-
nutrient environment will remain lysogenic (B. Knowles et al. 2016). The different areas of the
human body and host health are split across these nutrient and diversity groups The stomach
was very different to the other areas of the body, and possibly due to its uniquely harsh and
acidic conditions, has one of the lowest bacterial concentrations of the human body at 103
cells/ml (Sender, Fuchs, and Milo 2016). It also had by far the least amount of prophage DNA
per genome. It is a microbiome that is often dominated by a single species, particularly in the
case of H. pylori infection. It also receives a steady supply of nutrients, so it is unsurprising that
it follows the Kill-the-Winner scenario. The vagina, on the other end of the spectrum, was the
body site with the most average prophages DNA. It is also an environment that is relatively
stable and has a much higher bacterial concentration of 10'%'" cells/ml, but is still often
dominated by a single genus (Chen Chen et al. 2017; Saraf et al. 2021).

| found that some species also had little to no prophages. One of these species, H. pylori, was
found in the stomach, which | hypothesise follows KtW dynamics, as, while it is a harsh
environment, once infected by H. pylori, it is dominated by a single species. The other two
species that contained no prophages were M. plasmodiae and C. frachomatis. The C.
trachomatis samples came mostly from vaginal samples which had an overall high amount of
prophages, likely because it is a stable environment that is generally dominated by Lactobacillus
species (Saraf et al. 2021).

There were significant differences between genomes from healthy humans and genomes from
symptomatic humans, but whether bacteria from the dysbiotic microbiomes were more likely to
have more prophage DNA varied by body site. This leads to the question of whether specific
species change their phages in response to a change in host health. Some bacteria can be
opportunistic pathogens and are found in samples from both symptomatic and asymptomatic
hosts in the dataset. Looking specifically at those genomes, | find that most of them gain
prophage DNA when they are in symptomatic hosts. It is already known that S. aureus, E. coli,
V. cholerae and others contain prophages that allow them to produce toxins (Rodriguez-Rubio
et al. 2021; Waldor and Mekalanos 1996; Cao et al. 2012), so it is perhaps not surprising that
five out of the eight species in the dataset that were found in both symptomatic and
asymptomatic hosts had significantly more prophage DNA when sampled from symptomatic
humans.

The variety of prophage DNA in the data could also include different types of prophages. There
are a few different kinds of prophages that could be populating the genomes in the dataset.
There are the typical phage, phage-plasmids, and satellite phages. Phage-plasmids are a sort
of combination of plasmid and phage. They exist in the host cell as plasmids instead of
integrating into the bacterial chromosome and carry both plasmid genes and phage genes and it
is estimated that 5% of phages and 7% of plasmids are these phage-plasmids (Pfeifer and
Rocha 2024; Pfeifer et al. 2021). Satellite phages are small phages that often don't encode
structural genes and rely on their ‘helper’ phage infecting the same bacteria so they can borrow
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their genes (deCarvalho et al. 2023; Deho, Ghisotti, and Others 2006). Most satellite phages are
lysogenic, though there are some lytic ones (deCarvalho et al. 2023). A cursory glance at the
prophage regions predicted by PhiSpy suggests that it picks up all three kinds of prophages, as
well as potentially incomplete phages..

Overall, the human microbiome is incredibly complex and is shaped by a myriad of
environmental factors, and the lysogenic phageome is no exception. But the lysogenic
phageome is of particular note because when temperate phages infect their hosts, they
integrate into the bacterial DNA and become prophages, with the host/phage combination being
referred to as a lysogen. Errors in replication can cause genes to be swapped onto the phages,
allowing them to spread genes further. One of the most important groups of genes in terms of
the human microbiome and health is antimicrobial resistance (AMR) genes. These genes have
provided one of the most difficult challenges to human health since the discovery of antibiotics.

While integrated, the bacteria have access to the phage’s genes, which can give the bacteria
genes they would otherwise not have access to. One well-known example of this gene sharing
is the Shiga toxin genes in Escherichia coli. These genes are provided by lambdoid
bacteriophages (Rodriguez-Rubio et al. 2021). Another benefit they provide to their hosts is
superinfection exclusion, where the host is protected from infection by further phages (Mavrich
and Hatfull 2019). This can potentially cause problems for techniques like phage therapy which
rely on infecting bacteria with phages. Having an overview of how common phages are in
different situations can help inform researchers on whether they need to consider the effects of
prophages.

It is also important to know what genes prophages are providing to their hosts, as they can have
detrimental effects and even be spread further through the microbiome. PhiSpy predicted many
different kinds of phages, and they all have the potential to carry AMR genes, with at least a
couple of potential instances of each in the dataset. PhiSpy also has the potential to predict
non-functional incomplete phages as well, and these phages can also carry AMR genes. This
should not affect the ability of the bacteria to utilise these genes and still suggests that they may
have arrived by phage, but these incomplete prophages do not have the capability to transfer
the AMR genes further.

While more recent papers are suggesting that AMR genes in phages are very common (Kondo,
Kawano, and Sugai 2021), my results suggest that that isn’t quite the case. AMR genes in
phages were not rare in the dataset, but they were uncommon, though a wide variety of genes
were found, suggesting that the transfer of AMR genes into phages happens quite often. The
discovery of genes that were found the bacterial DNA of some species but the prophage regions
of others was interesting as it shows AMR genes being acquired by prophages and moving
them into new species, providing evidence for the theory of the common gene pool. If AMR
genes have found their way into the common gene pool then that is yet another way which
these genes will slowly spread.The main limitations of my work were that | used a collection of
human-isolated bacterial genomes as a proxy for the human microbiome and that the metadata
of samples deposited in online databases was lacking and required a lot of manual curation to
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parse useful information.. While the number of genomes and different species | had access to
was large, it was biased towards medical samples and pathogenic bacteria, as that is what
human studies tend to focus on. In particular, Staphylococcus aureus and Escherichia coli made
up the majority of genomes in the database.

The databases largely lacked samples from a healthy human microbiome. However, it can also
be said that we lack a hard definition of ‘healthy’. Currently, ‘healthy controls’ are often merely
subjects that do not have the disease being studied, and they may have other ailments, as there
are very few perfectly healthy people (Marchesini, Marchignoli, and Petta 2017). The screening
process for healthy controls can also be less comprehensive than screening for patients
(Pavletic 2020). This makes the healthy human microbiome difficult to quantify.

There are a few potential solutions to the metadata issue but all are flawed in various ways.
When submitting data to online databases there are fields for metadata, though these are
numerous and optional. Increasing the rate of people using these fields could be done by either
simplifying them by reducing the number of fields, or making some field mandatory. These both
have their own issues however. Making uploading more difficult could turn people off from
uploading, and merely simplifying the process will not have as strong of an uptake. Scientists
working in or with industry can face restrictions on the use of their data which will always remain
a factor so long as industry has a place in science. This also leads into the question of ethics in
data collection and storage. Human samples face strict ethics guidelines regarding identifying
information. Having too much metadata can make the person behind the sample identifiable,
particularly. Even data like location and disease state can be sufficiently identifiable in some
situations.

One solution that avoids the issue of needing more metadata could be to create a database for
curated genomes with complete metadata, but this solution falls on the shoulders of a few
people instead of the whole, and doesn’t solve the problem of genomes lacking metadata, just
makes it easier to find the ones that are properly labelled.

Another potential solution is to use metagenomes instead. A metagenome is the genetic
material from an entire environment. Metagenomes are created by extracting all the genetic
material from a sample and ‘shotgun’ sequencing it, then piecing the separate genomes back
together from the sequenced fragments. This approach allows us to get DNA from the microbial
dark matter, and entirely new candidate phyla of bacteria have been discovered this way.

However, this solution presents its own problems, and there are fewer metagenomes deposited
online than genomes, which compounds many of the issues they have. Metagenomes require
significantly more time and storage space to download due to their large size. Many of the
metagenomes in the SRA were also of low quality and were almost entirely cut when using the
standard settings of Trimmomatic.

But the biggest problem with metagenomes from databases was still the lack of metadata.
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The fact that there are fewer metagenomes deposited online than genomes makes the problem
of poor metadata worse. Instead of ~20,000 samples, my attempt to download all the
metagenomes from MGnify yielded 856 studies that could be identified as human, though these
studies often contained multiple metagenomes.

To try and alleviate that problem for future studies, | attempted to automate the categorisation of
metagenomic sequences using machine learning. | attempted to sort metagenomes by their
isolation environment and used 7 different taxonomic or functional profiles and two levels of
environmental granularity. | found that both taxonomic and functional profiles could be used to
train the algorithms with a similar level of accuracy. However, the broader environmental
classes produced a more accurate model than their narrow subclasses, even though some of
the narrow classes were more taxonomically/functionally conserved. This could be due to the
larger average sample sizes of the broad classes, as the sample sizes for many environments
were severely limited by the previously mentioned issues of few metagenomes with descriptive
enough metadata. This research, will be useful for curating metagenomes to make the data
stored in databases more accessible for future research.

Significance and future directions

This thesis lays the groundwork for many future studies into the human phageome by providing
an overview of how common integrated phages are in different areas of the human body and
different regions of the world. We explored this further by examining what AMR genes they
could be providing to their hosts, but prophages can provide other benefits to their hosts, such
as protection from infection by other phages. It would be useful to determine how common
superinfection exclusion is, particularly in pathogenic bacteria.

While there was a wealth of bacterial genomes found in GenBank, and | found that the amount
of prophage DNA in the human microbiome varied significantly by body site, host health and
other factors, there are still significant gaps in the dataset we used. Due to lacking metadata |
was unable to specify what ilinesses the human hosts were suffering from. The data set also
lacked genomes from a wide variety of healthy people. This is particularly concerning as a
healthy baseline is important for many studies. It would be useful to collect more data from
healthy individuals to compile a more complete picture of the healthy human phageome.
Collecting genomes from species that are not associated with the illness that symptomatic
humans have would be useful to examine how the changes in the microbiome and the human
host body affect the commensals. However, most genomes in GenBank are from studies
investigating pathogenic bacteria that are most often the cause of the patient's ailment. To get
enough samples to examine these questions would require collecting and sequencing our own
samples.

The presence of AMR genes in prophages is significant as antimicrobial resistance is currently
one of the greatest threats to human health, and knowing how it is spread between species is
crucial to limit its proliferation. The next step for this work would be to determine whether the
phages conferred a resistance phenotype to their hosts and whether the phages that did were
able to return to a free viral state and infect new bacteria. If both these points are confirmed for
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any phages the next step would be to determine their host range and where in the world they
are found.

Training an algorithm to sort metagenomes with incomplete metadata will allow many more
sequences to be available for future studies, including being able to look at a more complete
human microbiome through metagenomics. However, the algorithm could still be further refined
by adding more training data. This would allow for more training data per isolation soucre to
account for more finer-scale variations, and including more isolation source categories. Because
our training dataset was limited to isolation source categories that contained more than 50
studies in MGnify, some environments were not as detailed as others or left out entirely, limiting
the algorithms usefulness in those areas. Since some categories are very broad, having a more
specific classification system would be more useful for a wider variety of studies. At this point
the model does not have training data for many parts of the human body, or any foods.
However, this requires more metagenomes that we can accurately classify into these narrower
categories. Having more data may also make the model more resilient against factors other
than environment that may be affecting the results, such as different techniques used by
different labs.

Conclusions

The aims of this thesis were threefold: One, to investigate the potential for using machine
learning to automatically sort environmental metagenomes by their isolation source, and
compare the potential for the functional profile as the features for this training over the
taxonomic profile, which had been explored previously. Two, to examine the prophages of the
human microbiome and show how the lysogenic component of the human virome varies
alongside the rest of the microbiome. Three- to explore what genes prophages are providing to
their microbial hosts and determine how common it is for prophages to encode for antibiotic
resistance genes.

To achieve these aims | gathered genomes and metagenomes from GenBank and MGnify and
manually curated tens of thousands of genomes, analysed them with PhiSpy and AMRfinder+,
ran statistical analyses, trained and tested several machine learning models on multiple sets of
features, and pulled meaning out of terabytes of data, creating four papers, two of which have
been published and two which have been submitted.

| found that the functional profile was even more informative than the taxonomic profile for
training a machine learning algorithm, and | found that most of the features that were important
to the algorithms were phage genes, which were found in varying concentrations in every
environment, suggesting that variations in the amount of phage in a microbiome is an important
indicator of environment.

In regards to the prophages in the human microbiome, | showed just how much they varied
across the human body, with different areas of the body, even if they were physically linked,
showing different Iytic/lysogenic dynamics, and some regions and bacterial species have almost
no detectable phages at all. The average amount of prophage DNA in bacteria was also

72



affected by other factors such as the host of the health, even in species that are found
commensally, and by geographical region, also even in species found across regions, showing
that the lysogenic phageome is affected by many more environmental factors than just the
isolation site.

Since commencing this project, the pendulum has swung back toward antimicrobial resistance
genes being commonly found in phages, with papers published in the last couple of years yet
again claiming that they are common. However, | found that AMR genes were quite rare in our
dataset, with less than 7% of genomes in our dataset containing prophages that carried AMR
genes. However, these genes were quite varied, encoding varying levels of resistance to 19
different antibiotic groups, and AMR genes in phages appeared to be selected for, especially in
Asia and Oceania. Prophages containing AMR genes were most common in bacteria isolated
from stool samples and least common in bacteria isolated from throat samples. | also found
cases where specific AMR genes were encoded on bacteria genomes in some species but only
found in the prophage regions of another species, suggesting that phages are carrying genes to
species that did not contain them before, proving that they are yet another method that antibiotic
resistance is spreading throughout the environment, and in the case of our study, within the
human microbiome.

There are still several gaps in our knowledge of the microbiome and the human virome in
particular, but my work has succeeded in filling a couple of those gaps and providing more to
the foundation on which future work can be built.
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Supplementary Data 1: Dataset overview
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Figure S1: the majority of species in the datasaet had less than 50 genomes representing the
species. A shows the number of species with 1-50 and more than 50 genomes, while B shows
that it is a few species that make up the majority of the genomes. C shows the names and
number of genomes for each species with more than 50 genomes.

Table S1: A summary the number of genome overlap between the region, body site, and host
health categories.

region body site  host_health number of genomes

Africa stool unknown 26
Africa stool sick 27
Africa urine unknown 1
Africa vagina unknown 1
Africa vagina healthy 3
Africa blood sick 2
Africa blood unknown 5
Asia stool unknown 201
Asia blood unknown 20
Asia stool sick 35
Asia liver unknown 1
Asia blood sick 44
Asia skin unknown 1
Asia throat asymptomatic 1
Asia urine sick 16
Asia throat sick 6
Asia sputum sick 3
Asia lung sick 2
Asia skin sick 3
Asia CSF sick 1
Asia miscgut unknown 3
Asia vagina asymptomatic 1
Asia stool unkown 1
Asia lung unknown 1
Asia vagina unknown 1
Asia vagina sick 1
Asia nose sick 15
Asia miscgut  sick 2
Asia plaque sick 1
Asia bronchial sick 1
Asia nose unknown 1
Asia rectal unknown 1
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Supplementary Data 2: hyperparameter testing and data summaries

Hyperparameter testing
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Figure S2: f1 score for max depth parameter range of 1-45.

Max depth is the maximum amount of times a tree can split. The default for sklearn’s random
forest classifier is none so the trees will continue to split until all ‘leaves’ only contain examples
from one class or have reached the min_samples_split value. Our data starts to plateau around
a depth of 15-20.
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Figure S3: f1 score for min sample split parameter range of 2-100.

Min sample split is the minimum number of samples required for the tree to attempt to split the
node further. The default for sklearn’s random forest classifier is 2, the minimum possible
number. Our results drop steadily, especially after ~10 for training data, suggesting that the
optimal number is lower than that.
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Figure S4: f1 score for max leaf nodes parameter range of 2-100.

Max leaf nodes is the number of final ‘leaves’ the trees can have. The default for sklearn’s
random forest classifier is none, meaning that a tree can potentially have as many leaves as
samples. The improvement to the score begins to slow at 17. Since the number of classes in the
broad class set is 12, max leaf node settings below that should produce a low score as it is
impossible to create leaves containing only samples of a single class if there are fewer leaves
than classes.
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Figure S5: f1 score for min sample leaf parameter for ranges 1-21.

Min sample leaf is the minimum number of samples required for a node to be considered a leaf.
The default for sklearn’s random forest classifier is 1, meaning that a tree will continue splitting
nodes into leaves until there are only samples from the same class in a leaf unless this conflicts
with the min sample split parameter.
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Figure S6: f1 score for the n estimators parameter for ranges 10-2500.

The n estimators parameter determines the number of trees in the forest. The default for the
sklearn random forest classifier is 100. Our data showed that the score increased until ~500

trees, and the performance of the forests became more consistent at higher numbers of trees.
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Figure S7: f1 score for the max samples parameter for a range of 0.1-1.0.

The max samples parameter controls what percentage of the training dataset is used to train
each tree. Random forests do not always use every sample in the training dataset to train the
trees and instead train each tree on a different random selection of the training data. This helps
avoid overfitting by having the trees built with slightly different training sets, and allows for an
approximation of accuracy by testing each tree on the data that it doesn’t use instead of
separating out a testing set to assess the forest. The default for sklearn’s random forest
classifier is none so it uses all the samples to train every forest. Out data shows that the score
continues to improve as more data is used to train the tree but the training data is learned with
30% of the samples being used to train each tree and the score for the test set begins to
plateau at 50% of the data being used for each tree.
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Figure S8: f1 score of three max features parameters; log2 of the number of features (log),
square root of the number of features (sqrt) or all features (none)

The max features parameter controls the number of features that are considered when a tree
attempts to split a node. None means that it will look through every feature while sqrt will use
the square root of the number of features and log2 will use the number of features.



0.95 ~
0.90 -‘
—— Balanced_bg
0.85 - Unbalanced_bg
— Balanced_bo
—— Unbalanced_bo
: —— Balanced_ng
0.80 + —— Unbalanced ng
Balanced_no
— Unbalanced no
0.75
0.70

T T T T
200 400 600 800 1000
n_estimators

Figure S9: comparison of Unbalanced Random Forest, Random Forest, and SMOTE on both a
balanced and an unbalanced dataset. The legend lists the methods applied. Variables with
‘Balanced’ used the Balanced Random Forest Classifier from imbalanced learn and unbalanced
uses the regular Random Forest Classifier from sklearn. n’ used the Narrow classes which were
balanced, while variables beginning with ‘b used the Broad classes which combined some
Narrow classes into an unbalanced class set. ‘0’ denotes models that used the oversampling
technique SMOTE from imbalance learn, while ‘g’ denotes models that did not implement
oversampling.

The balanced random forest by imbalance learn is a method of reducing the issues caused by
an imbalance dataset by downsampling the majority classes (Chao Chen 2004) while the
Synthetic Minority Oversample Technique (SMOTE) does exactly what it says and creates
synthetic examples of the minority class to oversample the minority class (Chawla et al. 2011).
Balanced random forest had little effect on the f1-score, but using SMOTE() to oversample the
minority classes.
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Figure S10: ROC-AUC curves for each model, averaged over each class. The top two rows are
the taxonomic profiles, in the order of family, genus, species, strain, and with top row being the
models trained with the broad class set, while the second row are the models trained with the
narrow class set. The third row is the broad models for the functional subsystem levels 1-3,

while the fourth row is their narrow class counterparts.
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Figure S11: Nmds plots of the strain level FOCUS results split by isolation source classes. The
top panel shows the Broad classes: a- animal, b- human respiratory, c- human skin, d- human
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other, e- human oral, f- human gastrointestinal, g- wastewater, h- built environment, i- marine, j-
freshwater, k-soil, I- plant. The bottom panel shows narrow classes: a- animal_arthropod, b-
animal_bird, c- animal_mammal, d- animal_other, e- human respiratory_lung, f- human
respiratory_sputum, g- human skin, h- human other, i- human oral, j- human
gastrointestinal_miscgut, k- human gastrointestinal_stool, |- wastewater, m- built environment,
n- marine_, o- marine_coastal, p- marine_sediment, q- freshwater_sediment, r- freshwater _lake,
s- freshwater , t- plant_, u- plant_rhizosphere, v- soil_rhizosphere, w- soil_agricultural, x- soil
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Figure S12: Nmds plots of the species level FOCUS results split by isolation source classes.
The top panel shows the Broad classes: a- animal, b- human respiratory, c- human skin, d-
human other, e- human oral, f- human gastrointestinal, g- wastewater, h- built environment, i-
marine, j- freshwater, k-soil, I- plant. The bottom panel shows narrow classes: a-
animal_arthropod, b- animal_bird, c- animal_mammal, d- animal_other, e- human
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respiratory_lung, - human respiratory_sputum, g- human skin, h- human other, i- human oral, j-
human gastrointestinal_miscgut, k- human gastrointestinal_stool, I- wastewater, m- built
environment, n- marine_, o- marine_coastal, p- marine_sediment, q- freshwater_sediment, r-
freshwater lake, s- freshwater , t- plant_, u- plant_rhizosphere, v- soil_rhizosphere, w-
soil_agricultural, x- soil_
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Figure S13: Nmds plots of the genus level FOCUS results split by isolation source classes. The
top panel shows the Broad classes: a- animal, b- human respiratory, c- human skin, d- human
other, e- human oral, f- human gastrointestinal, g- wastewater, h- built environment, i- marine, j-
freshwater, k-soil, I- plant. The bottom panel shows narrow classes: a- animal_arthropod, b-
animal_bird, c- animal_mammal, d- animal_other, e- human respiratory lung, f- human
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respiratory_sputum, g- human skin, h- human other, i- human oral, j- human
gastrointestinal_miscgut, k- human gastrointestinal_stool, |- wastewater, m- built environment,
n- marine_, o- marine_coastal, p- marine_sediment, q- freshwater_sediment, r- freshwater _lake,
s- freshwater _, t- plant_, u- plant_rhizosome, v- soil_rhizosphere, w- soil_agricultural, x- soil_
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Figure S14: Nmds plots of the family level FOCUS results split by isolation source classes. The
top panel shows the Broad classes: a- animal, b- human respiratory, c- human skin, d- human
other, e- human oral, f- human gastrointestinal, g- wastewater, h- built environment, i- marine, j-
freshwater, k-soil, I- plant. The bottom panel shows narrow classes: a- animal_arthropod, b-
animal_bird, c- animal_mammal, d- animal_other, e- human respiratory lung, f- human
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respiratory_sputum, g- human skin, h- human other, i- human oral, j- human
gastrointestinal_miscgut, k- human gastrointestinal_stool, |- wastewater, m- built environment,
n- marine_, o- marine_coastal, p- marine_sediment, q- freshwater_sediment, r- freshwater _lake,
s- freshwater _, t- plant_, u- plant_rhizosphere, v- soil_rhizosphere, w- soil_agricultural, x- soil_
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Figure S15: Nmds plots of the subsystem_level 1 level SUPERFOCUS results split by isolation
source classes. The top panel shows the Broad classes: a- animal, b- human respiratory, c-
human skin, d- human other, e- human oral, f- human gastrointestinal, g- wastewater, h- built
environment, i- marine, j- freshwater, k-soil, I- plant. The bottom panel shows narrow classes: a-
animal_arthropod, b- animal_bird, c- animal_mammal, d- animal_other, e- human
respiratory_lung, - human respiratory _sputum, g- human skin, h- human other, i- human oral, j-
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human gastrointestinal_miscgut, k- human gastrointestinal_stool, |- wastewater, m- built
environment, n- marine_, o- marine_coastal, p- marine_sediment, g- freshwater_sediment, r-
freshwater lake, s- freshwater , t- plant_, u- plant_rhizosphere, v- soil_rhizosphere, w-
soil_agricultural, x- soil_
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Figure S16: Nmds plots of the subsystem_level 2 level SUPERFOCUS results split by isolation
source classes. The top panel shows the Broad classes: a- animal, b- human respiratory, c-
human skin, d- human other, e- human oral, f- human gastrointestinal, g- wastewater, h- built
environment, i- marine, j- freshwater, k-soil, I- plant. The bottom panel shows narrow classes: a-
animal_arthropod, b- animal_bird, c- animal_mammal, d- animal_other, e- human
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respiratory_lung, - human respiratory_sputum, g- human skin, h- human other, i- human oral, j-
human gastrointestinal_miscgut, k- human gastrointestinal_stool, I- wastewater, m- built
environment, n- marine_, o- marine_coastal, p- marine_sediment, q- freshwater_sediment, r-
freshwater lake, s- freshwater , t- plant_, u- plant_rhizosome, v- soil_rhizosphere, w-
soil_agricultural, x- soil_
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Figure S17: Nmds plots of the subsystem_level 3 level SUPERFOCUS results split by isolation
source classes. The top panel shows the Broad classes: a- animal, b- human respiratory, c-
human skin, d- human other, e- human oral, f- human gastrointestinal, g- wastewater, h- built
environment, i- marine, j- freshwater, k-soil, I- plant. The bottom panel shows narrow classes: a-
animal_arthropod, b- animal_bird, c- animal_mammal, d- animal_other, e- human
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respiratory_lung, - human respiratory_sputum, g- human skin, h- human other, i- human oral, j-
human gastrointestinal_miscgut, k- human gastrointestinal_stool, I- wastewater, m- built
environment, n- marine_, o- marine_coastal, p- marine_sediment, q- freshwater_sediment, r-
freshwater lake, s- freshwater , t- plant_, u- plant_rhizosphere, v- soil_rhizosphere, w-
soil_agricultural, x- soil_
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Figure S24:ROC-AUC curves for each model. From left to right: Broad _Family, Broad_Genus,
Broad_Species, Broad_strain, Narrow_Family, Narrow_Genus, Narrow_Species, Narrow_strain,

Broad _Subsystem1, Broad Subsystem2, Broad _Subsystem3, Narrow_Subsystem1,

Narrow_Subsystem2, Narrow_Subsystem3.
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Supplementary Data 3: Data availability

The datasets created/analysed in Results Chapter 1 are available at:

2a- NCBI Genome Assemblies Summary Archive 20220601
https://doi.org/10.25451/flinders.22299664.v2

2b- Prophage predictions https://doi.org/10.25451/flinders.c.6629843

2c- Archive of the PATRIC Metadata from 20220601 (Wattam et al. 2017)
https://doi.org/10.25451/flinders.22299655.v2

2d- Prophages in humans (this paper), https://doi.org/10.25451/flinders.24564379.v3

The datasets created/analysed in Results Chapter 2 are available at:

2e- Inglis, Laura (2025). AMRfinder+ results. Flinders University. Dataset.
https://doi.org/10.25451/flinders.28282106.v1

2f- Inglis, Laura (2025). List of unique antimicrobial resistance genes found in prophage regions.
Flinders University. Dataset. https://doi.org/10.25451/flinders.28282070.v1

The datasets created/analysed in Results Chapter 3 are available at:

2g- Inglis, Laura (2025). Training and test sets. Flinders University. Dataset.
https://doi.org/10.25451/flinders.29312828.v1

2h- Inglis, Laura (2025). Prediction probabilities for unseen test set. Flinders University. Dataset.
https://doi.org/10.25451/flinders.29312792.v1

Supplementary Data 4: Code

import pandas as pd

import numpy as np

from sklearn.ensemble import RandomForestClassifier

from sklearn.metrics import accuracy score, confusion matrix,
precision score, recall score, ConfusionMatrixDisplay, fl score
from sklearn.model selection import RandomizedSearchCV, train test split
from scipy.stats import randint

from sklearn.tree import export graphviz

from sklearn import tree

from IPython.display import Image

import graphviz

from matplotlib import pyplot as plt

from matplotlib.collections import LineCollection

from sklearn import manifold

from sklearn.decomposition import PCA

from sklearn.metrics import euclidean distances

from sklearn.metrics import classification report

from scipy.spatial.distance import pdist

from sklearn.inspection import permutation importance

from sklearn.linear model import LogisticRegression
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collect
matplot

from
from
from
from

ions import OrderedDict
lib import pyplot

imblearn.ensemble import BalancedRandomForestClassifier
sklearn.model selection import cross validate

from sklearn.model selection import RepeatedStratifiedKFold

import seabo
import sys

from sklearn
from sklearn
from sklearn
from sklearn
from
import xgboo
from sklearn
from xgboost
from
from
from
from
from

from

#props to da
BGdata = pd.
sheet name=
NGdata = pd.
sheet name=
BFdata = pd.
sheet name=
NFdata = pd.
sheet name=
BSdata = pd.
sheet name=
NSdata = pd.
sheet name=
BTdata = pd.
sheet name=
NTdata = pd.
sheet name=
Nldata = pd.
sheet name=
Bldata = pd.
sheet name=
N2data = pd.
sheet name=
B2data = pd.
sheet name=
N3data = pd.
sheet name=

sklearn.
sklearn.
sklearn.
sklearn.
sklearn.
sklearn.

rn as sns

.metrics import roc_ auc_score
.metrics import auc,

roc_curve

.preprocessing import LabelBinarizer

.metrics import RocCurveDisplay

imblearn.over sampling import SMOTE

st as xgb

import preprocessing
import XGBClassifier
linear model import Lasso

tacamp for the tutorial

read excel ('/content/drive/My
'broadgenus’')

read excel ('/content/drive/My
'narrowgenus')

read excel ('/content/drive/My
'broadfam')

read excel ('/content/drive/My
'narrowfam')

read excel ('/content/drive/My
'broadspecies')

read excel ('/content/drive/My
'narrowspecies')

read excel ('/content/drive/My
'broadstrain')

read excel ('/content/drive/My
'narrowstrain')

read excel ('/content/drive/My
'narrowl’')

read excel ('/content/drive/My
'broadl"')

read excel ('/content/drive/My
'narrow2')

read excel ('/content/drive/My
'broad2'")

read excel ('/content/drive/My
'narrow3")

naive bayes import GaussianNB

preprocessing import OneHotEncoder

metrics import precision recall curve

Drive/focus

Drive/focus

Drive/focus

Drive/focus

Drive/focus

Drive/focus

Drive/focus

Drive/focus

Drive/focus

Drive/focus

Drive/focus

Drive/focus

Drive/focus

model selection import GridSearchCV, KFold
preprocessing import LabelEncoder

results.

results.

results.

results.

results.

results.

results.

results.

results.

results.

results.

results.

results.

x1lsx'

x1lsx'

x1lsx'

x1lsx'

x1lsx'

x1lsx'

x1lsx'

x1lsx'

x1lsx'

x1lsx'

x1lsx'

x1lsx'

x1lsx'

4

4

4

4

4

4

4

4

4

4

4

4
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B3data = pd.read excel ('/content/drive/My Drive/focus results.xlsx',

sheet name= 'broad3')

#split into features (X) and data (Y)

BGX=BGdata.drop('classifier', axis = 1)

BGY=BGdata['classifier']

#split the data into training and test- can change the size of this

overG = SMOTE ()

0GX, OGY = overG.fit resample (BGX, BGY)

bgx train, bgx test, bgy train, bgy test = train test split(OGX, OGY,

test size=0.2, random state=1, stratify=0GY)

#training the random forest- might need tweaking 1f parameters arent too
accurate

#defaults to 100 trees in the forest

#gini critereon

#mininum of 2 samples needed to split a node and minimum of 1 sample needed
for a branch to end (with only 50 samples per category it 1is possible that
only one from a cat gets randomly added to tree, so maybe leave this)

BRF = RandomForestClassifier (n_estimators=2500, bootstrap=True,
warm_start=True, max features="log2")

BRF.fit (bgx train, bgy train)

#run the prediction

BGprediction = BRF.predict (bgx test)

#checking run accuracy

BGaccuracy = fl score(bgy test, BGprediction, average='weighted')
print (f"Broad genus =", BGaccuracy)

#narrow genus

NGX=NGdata.drop('classifier', axis = 1)

NGY=NGdata['classifier']

ngx_train, ngx test, ngy train, ngy test = train test split (NGX, NGY,
test size=0.2, random state=2, stratify=NGY)

BNG = RandomForestClassifier (n_estimators=2500, bootstrap=True,
warm start=True, max features="log2")

BNG.fit (ngx_train, ngy train)

NGprediction = BNG.predict (ngx test)

NGaccuracy = fl score(ngy test, NGprediction, average='weighted')
print (f"Narrow genus =", NGaccuracy)

# broad fam

BFX=BFdata.drop ('classifier', axis = 1)

BFY=BFdata['classifier"']

overF = SMOTE ()

OFX, OFY = overF.fit resample (BFX, BFY)

bfx train, bfx test, bfy train, bfy test = train test split (OFX, OFY,
test size=0.2, random state=3, stratify=0FY)

BBF = RandomForestClassifier(n_estimators=2500, bootstrap=True,
warm_start=True, max_ features="log2")

BBF.fit (bfx train, bfy train)
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BFprediction = BBF.predict (bfx test)
BFaccuracy = fl score(bfy test, BFprediction, average='weighted')
print (f"Broad family =", BFaccuracy)

# narrow fam

NFX=NFdata.drop('classifier', axis = 1)

NEFY=NFdata['classifier']

nfx train, nfx test, nfy train, nfy test = train test split (NFX, NFY,
test size=0.2, random state=4, stratify=NFY)

BNF = RandomForestClassifier(n estimators=2500, bootstrap=True,
warm_ start=True, max features="log2")

BNF.fit (nfx train, nfy train)

NFprediction = BNF.predict (nfx test)

NFaccuracy = fl score(nfy test, NFprediction, average='weighted')
print (f"Narrow_ family =", NFaccuracy)

# broad species

BSX=BSdata.drop('classifier', axis = 1)

BSY=BSdata['classifier']

overS = SMOTE ()

0SX, 0OSY = overS.fit resample (BSX, BSY)

bsx train, bsx test, bsy train, bsy test = train test split(0SX, 0SY,
test size=0.2, random state=5, stratify=08Y)

BBS = RandomForestClassifier(n estimators=2500, bootstrap=True,
warm start=True, max features="log2")

BBS.fit (bsx train, bsy train)

BSprediction = BBS.predict (bsx test)

BSaccuracy = fl score(bsy test, BSprediction, average='weighted')
print (f"Broad species =", BSaccuracy)

# narrow species
NSX=NSdata.drop('classifier', axis = 1)
NSY=NSdata['classifier']

nsx train, nsx test, nsy train, nsy test = train test split (NSX, NSY,
test size=0.2, random state=6, stratify=NSY)
BNS = RandomForestClassifier (n_estimators=2500, bootstrap=True,

warm_start=True, max_ features="log2")

BNS.fit (nsx _train, nsy train)

NSprediction = BNS.predict (nsx_ test)

NSaccuracy = fl score(nsy test, NSprediction, average='weighted')
print (f"Narrow species =", NSaccuracy)

#broad strain
BTX=BTdata.drop('classifier', axis = 1)
BTY=BTdata['classifier']

overT = SMOTE ()

OTX, OTY = overT.fit resample (BTX, BTY)
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btx train, btx test, bty train, bty test = train test split(0TX, OTY,
test size=0.2, random state=7, stratify=0TY)

broadA = RandomForestClassifier (n estimators=2500, bootstrap=True,
warm start=True, max features="log2")

broadA.fit (btx train, bty train)

predictionA = broadA.predict (btx test)

accuracyA = fl score(bty test, predictionA, average='weighted')

print (f"Broad strain =", accuracyA)

#narrow strain

NTX=NTdata.drop('classifier', axis = 1)

NTY=NTdata['classifier']

ntx train, ntx test, nty train, nty test = train test split (NTX, NTY,
test size=0.2, random state=8, stratify=NTY)

narrowT = RandomForestClassifier(n estimators=2500, bootstrap=True,
warm_start=True, max features="log2")

narrowT.fit (ntx train, nty train)

predictionT = narrowT.predict (ntx test)

accuracyT = fl score(nty test, predictionT, average='weighted')
print (f"Narrow strain =", accuracyT)

#broad subsystem level 1

Bl1X=Bldata.drop('classifier', axis = 1)

BlY=Bldatal['classifier']

overl = SMOTE ()

01X, OlY = overl.fit resample(B1X, B1Y)

blx train, blx test, bly train, bly test = train test split (01X, OlY,
test size=0.2, random state=9, stratify=01Y)

broadl = RandomForestClassifier (n estimators=2500, bootstrap=True,
warm_ start=True, max features="log2")

broadl.fit (blx train, bly train)

predictionBl = broadl.predict (blx test)

accuracyBl = fl score(bly test, predictionBl, average='weighted')
print (f"Broad subsystem 1 =", accuracyBl)

#narrow subsystem level 1

N1X=Nldata.drop('classifier', axis = 1)

NlY=Nldata['classifier']

nlx train, nlx test, nly train, nly test = train test split (N1X, N1Y,
test size=0.2, random state=10, stratify=N1Y)

narrowl= RandomForestClassifier(n estimators=2500, bootstrap=True,
warm start=True, max features="log2")

narrowl.fit (nlx train, nly train)

predictionNl = narrowl.predict (nlx test)

accuracyNl = fl score(nly test, predictionNl, average='weighted')
print (f"Narrow subsystem 1 =", accuracyNl)

#broad subsystem level 2
B2X=B2data.drop('classifier', axis = 1)
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B2Y=B2data['classifier']

over?2 = SMOTE ()

02X, 02Y = over2.fit resample (B2X, B2Y)

b2x train, b2x test, b2y train, b2y test = train test split (02X, 02Y,
test size=0.2, random state=11, stratify=02Y)

broad2 = RandomForestClassifier (n estimators=2500, bootstrap=True,
warm_start=True, max_ features="log2")

broad2.fit (b2x train, b2y train)

predictionB2 = broad2.predict (b2x test)

accuracyB2 = fl score(b2y test, predictionB2, average='weighted')
print (f"Broad subsytem 2 =", accuracyB2)

#narrow subsystem level 2

N2X=N2data.drop('classifier', axis = 1)

N2Y=N2data['classifier']

n2x_train, n2x test, n2y train, n2y test = train test split (N2X, N2Y,
test size=0.2, random state=12, stratify=N2Y)

narrow2 = RandomForestClassifier(n estimators=2500, bootstrap=True,
warm_start=True, max features="log2")

narrow2.fit (n2x train, n2y train)

predictionN2 = narrow2.predict (n2x test)

accuracyN2 = fl score(n2y test, predictionN2, average='weighted')
print (f"Narrow subsytem 2 =", accuracyN2)

#broad subsystem level 3

B3X=B3data.drop('classifier', axis = 1)

B3Y=B3datal['classifier']

over3 = SMOTE ()

03X, 03Y = over3.fit resample (B3X, B3Y)

b3x train, b3x test, b3y train, b3y test = train test split (03X, 03Y,
test size=0.2, random state=13, stratify=03Y)

broad3 = RandomForestClassifier (n estimators=2500, bootstrap=True,
warm_ start=True, max features="log2")

broad3.fit (b3x train, b3y train)

predictionB3 = broad3.predict (b3x test)

accuracyB3 = fl score(b3y test, predictionB3, average='weighted')
print (f"Broad subsystem 3 =", accuracyB3)

#narrow subsystem level 3

N3X=N3data.drop('classifier', axis = 1)

N3Y=N3data['classifier']

n3x train, n3x test, n3y train, n3y test = train test split (N3X, N3Y,
test size=0.2, random state=14, stratify=N3Y)

narrow3 = RandomForestClassifier(n estimators=2500, bootstrap=True,
warm start=True, max features="log2")

narrow3.fit (n3x train, n3y train)

predictionN3 = narrow3.predict (n3x test)

accuracyN3 = fl score(n3y test, predictionN3, average='weighted')
print (f"Narrow subsystem3 =", accuracyN3)
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#precision

print ("precision")
precisionNG = precision score(ngy test, NGprediction,
print (f"Narrow genus =", precisionNG)

precisionBG = BGprediction,
print (f"broad genus =",

precisionNF =

precision_score (bgy test,
precisionBG)
precision score(nfy test, NFprediction,
print (f"Narrow family =", precisionNF)
precision_score (bfy test,

print (f"broad family =",

precisionBF = BFprediction,

precisionBF)
precisionNS =

precision score(nsy test, NSprediction,

print (f"Narrow species =", precisionNS)

precisionBS = precision score(bsy test, BSprediction,

print (f"broad species =", precisionBS)
precisionNT =

precision score(nty test, predictionT,

print (f"Narrow strain =", precisionNT)

precisionBT = precision score (bty test, predictionAi,
print (f"broad strain =", precisionBT)

precisionNl = precision score(nly test, predictionNl,
print (f"Narrow subsysteml =", precisionNl)
precisionBl = precision score(bly test, predictionBl,

print (f"broad subsysteml =", precisionBl)

precisionN2 = precision score(n2y test, predictionN2,
print (f"Narrow subsystem2 =", precisionN2)
precisionB2 = precision score (b2y test, predictionB2,
print (f"broad subsystem2 =", precisionB2)

precisionN3 = precision score(n3y test, predictionN3,
print (f"Narrow subsystem3 =", precisionN3)
precisionB3 = precision_ score (b3y test, predictionB3,
print (f"broad subsystem3 =", precisionB3)

#recall

print (" ")

print ('---")

print (" ")

print ("recall")
recallNG =
print (f"Narrow genus =",
recallBG =
print (f"broad genus =",
recallNF =
print (f"Narrow family =",
recallBF =
print (f"broad family =",
recallNS = recall score(nsy test, NSprediction,
print (f"Narrow_species =", recallNS)

recallBS = recall score(bsy test, BSprediction,
print (f"broad species =", recallBS)

recall score(ngy test, NGprediction,
recallNG)
recall score (bgy test,
recallBG)
recall score(nfy test, NFprediction,
recallNF)

recall score (bfy test,
recallBF)

BGprediction,

BFprediction,

average='weighted"')

average='weighted"')

average='weighted"')

average='weighted"')

average='weighted"')

average='weighted')

average='weighted"')

average='weighted"')

average='weighted')

average='weighted')

average='weighted')

average='weighted')

average='weighted')

average='weighted"')

average='weighted"')

average='weighted')

average='weighted"')

average='weighted')

average='weighted"')

average='weighted"')

129



recallNT = recall score(nty test, predictionT, average='weighted')

print (f"Narrow strain =", recallNT)

recallBT = recall score(bty test, predictionA, average='weighted')
print (f"broad strain =", recallBT)

recallNl = recall score(nly test, predictionNl,

print (f"Narrow_ subsysteml =", recallNl)

recallBl = recall score(bly test, predictionBl,

print (f"broad subsysteml =", recallBl)

recallN2 = recall score(n2y test, predictionN2,
print (f"Narrow subsystem2 =", recallN2)
recallB2 = recall score(b2y test, predictionB2,

print (f"broad subsystem2 =", recallB2)

recallN3 = recall score(n3y test, predictionN3,
print (f"Narrow subsystem3 =", recallN3)
recallB3 = recall score(b3y test, predictionB3,

print (f"broad subsystem3 =", recallB3)

#11
print (" ")
print ("---")

print (" ")

print ("£1")

fING = fl score(ngy test, NGprediction,
print (f"Narrow genus =", fING)

f1BG = fl score(bgy test, BGprediction,
print (f"broad genus =", f1BG)

fINF = fl1 score(nfy test, NFprediction,
print (f"Narrow family =", fINF)

average='weighted"')

average='weighted')

average='weighted')

f1BF=fl score(bfy test, BFprediction, average='weighted')

print (f"broad family =", f1BF)

fINS = fl score(nsy test, NSprediction,
print (f"Narrow species =", fINS)

f1BS = fl score(bsy test, BSprediction,
print (f"broad species =", f1BS)

fINT = fl1 score(nty test, predictionT,
print (f"Narrow strain =", fINT)

f1BT = f1 score(bty test, predictionAi,
print (f"broad strain =", f1BT)

fIN1 = fl1 score(nly test, predictionNIl,
print (f"Narrow subsysteml =", fINI)
f1B1 = fl1 score(bly test, predictionBl,
print (f"broad subsysteml =", f1BIl)

fIN2 = fl score(n2y test, predictionN2,
print (f"Narrow subsystem2 =", fIN2)
f1B2 = fl score(b2y test, predictionB2,
print (f"broad subsystem2 =", f1B2)

fIN3 = fl score(n3y test, predictionN3,
print (f"Narrow_ subsystem3 =", fIN3)
f1B3 = fl score (b3y test, predictionB3,

average='weighted')

average='weighted"')

average='weighted"')

average='weighted"')

average='weighted"')

average='weighted')

average='weighted')

average='weighted"')

average='weighted"')

average='weighted"')

average='weighted"')

average='weighted"')

average='weighted"')

average='weighted"')

average='weighted')

average='weighted"')
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print (f"broad subsystem3 =", f1B3)

Yp=[precisionNG, precisionBG, precisionNF, precisionBF, precisionNS,
precisionBS, precisionNT, precisionBT, precisionN1l, precisionBl, precisionNZ2,
precisionB2, precisionN3, precisionB3]

Ya=[NGaccuracy, BGaccuracy, NFaccuracy, BFaccuracy, NSaccuracy, BSaccuracy,
accuracyT, accuracyA, accuracyNl, accuracyBl, accuracyN2, accuracyB2,
accuracyN3, accuracyB3]

Yr=[recallNG, recallBG, recallNF, recallBF, recallNS, recallBS, recallNT,
recallBT, recallNl, recallBl, recallN2, recallB2, recallN3, recallB3]
Yf=[f1NG, f1BG, fI1NF, f1BF, fINS, f1BS, f1NT, f1BT, f1N1, f1B1l, f1N2, fl1B2,
fI1IN3, f1B3]

Yy = Yf + Ya + Yp + Yr

space = [0.01, ©0, O, O, O, O, 0, O, O, O, O, O, 0O, 0]

Xo = ('narrow genus', 'broad genus', 'narrow family', 'broad family',
'narrow_species', 'broad species', 'narrow strain', 'broad strain',
'narrow_subsystem 1', 'broad subsystem 1', 'narrow subsystem 2°',
'broad subsystem 2', 'narrow_ susbystem 3', 'broad subsystem 3')

Yo = {'Precision': Yp, 'Recall': Yr, 'Accuracy': Ya, 'F1l': Yf}

w = 0.2

0

np.arange (len (Xo))

m

X

fig, ax = plt.subplots(layout='constrained')
for title, value in Yo.items () :
offset = w * m
rects = ax.bar(x + offset, value, w, label=title)
#ax.bar label (rects, padding=3, size=10)
m += 1

#plt.bar (Xo, Yo)

plt.xticks(x + 0.25, Xo, rotation=90, size=10)
plt.xlabel ('model"')

#plt.set_color;cycle([’blue’, 'black', 'red', 'yellow'])
#plt.legend(loc="lower left')

plt.ylabel ('score')

plt.show()

#trying to make three figures, one for recall, precision and fl, with score
on the y axis and model/site on the x axis

NSdict= classification report (nsy test, NSprediction, output dict=True)
BSdict= classification report (bsy test, BSprediction, output dict=True)

NGdict= classification report(ngy test, NGprediction, output dict=True)
BGdict= classification report (bgy test, BGprediction, output dict=True)
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NFdict= classification report(nfy test, NFprediction, output dict=True)
BFdict= classification report (bfy test, BFprediction, output dict=True)

NTdict= classification report(nty test, predictionT, output dict=True)
BTdict= classification report (bty test, predictionA, output dict=True)

Nldict= classification report(nly test, predictionNl, output dict=True)
Bldict= classification report (bly test, predictionBl, output dict=True)

N2dict= classification report(n2y test, predictionN2, output dict=True)
B2dict= classification report (b2y test, predictionB2, output dict=True)

N3dict= classification report (n3y test, predictionN3, output dict=True)
B3dict= classification report (b3y test, predictionB3, output dict=True)

DOOP = ['BSdict', 'BGdict', 'BFdict', 'BTdict', 'Bldict', 'B2dict', 'B3dict
1

NOOP = ['NSdict', 'NGdict', 'NFdict', 'NTdict', 'Nldict', 'N2dict', 'N3dict
#dict looks 1like (A: (b: c), A: (b: c))

#dict shows A= category, b= score measurement, c= score value, DOOP= model

name

xax = [] #A DOOP

w = 0.1

o = ['animal', 'built environemnt', 'freshwater', 'human gastrointestinal',

'human oral', 'human other', 'human respiratory', 'human skin', 'marine',
'plant', 'soil', 'wastewater']

no = ['animal arthropod', 'animal bird', 'animal mammal', 'animal other',
'builtenvironment', 'freshwater ', 'freshwater lake', 'freshwater sediment'
'human other', 'human skin', 'humangastrointestinal miscgut',
'humangastrointestinal stool', 'humanoral', 'humanrespiratory lung',
'humanrespiratory sputum', 'marine ', 'marine coastal', 'marine sediment',
'plant ', 'plant rhizosphere', 'soil ', 'soil agricultural’',

'soil rhizosphere', 'wastewater ']

m = 0

BSdictp=[]
BGdictp=I[]
BFdictp=[]
BTdictp=[]
[]
[]
[]

Bldictp=

BSdictr=[]
BGdictr=[]
BFdictr=1[]
BTdictr=][]
Bldictr=[]

]
4

"]

4
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B2dictr=]
B3dictr=[

—

BSdictf=[]
BGdictf=[]
BFdictf=[]
BTdictf=[]
Bldictf=[]
B2dictf=[]
B3dictf=[]

[]

[]

[]
NTdictp=1[]
Nldictp=1[]
N2dictp=[]
N3dictp=1I]
NSdictr=[]
NGdictr=[]
NFdictr=[]
NTdictr=[]
Nldictr=[]
N2dictr=[]
N3dictr=[]

NSdictf=[]
NGdictf=[]
NFdictf=[]
NTdictf=[]
Nldictf=[]

[l

(]

N3dictf

for thing in DOOP:
#print (thing)

drops =
thingo =

['accuracy', 'macro avg', 'weighted avg',
getattr(sys.modules[ name ], (thing))

X = np.arange (len (o))

for a, d in thingo.items():
#print (a)
#print (d)
if a in drops:

pass
else:

# fig,

ax = plt.subplots (layout='constrained')

for title, value in d.items{() :

'support']
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if title in drops:
pass

elif title == 'precision':
thingo = getattr(sys.modules[ name ], (thing + f'p'))
thingo.append(value)

elif title == 'recall':
thingo = getattr(sys.modules[ name ], (thing + f'r'))
thingo.append(value)

elif title == 'fl-score':
thingo = getattr(sys.modules[ name ], (thing + f£'f'))

thingo.append(value)
for thing in NOOP:
#print (thing)

drops = ['accuracy', 'macro avg', 'weighted avg', 'support']
thingo = getattr(sys.modules[ name ], (thing))
X = np.arange (len (o))
for a, d in thingo.items() :
#print (a)
#print (d)
if a in drops:
pass
else:
# fig, ax = plt.subplots(layout='constrained')
for title, value in d.items{():
if title in drops:
pass
elif title == 'precision':
thingo = getattr(sys.modules[ name ], (thing + f'p'))
thingo.append(value)
elif title == 'recall':
thingo = getattr(sys.modules[ name ], (thing + f'r'))
thingo.append(value)
elif title == 'fl-score':
thingo = getattr(sys.modules[ name ], (thing + £'f'"))
thingo.append (value)

LOOP= {'precision': 'p', 'recall': 'r', 'fl-score': 'f'}

#Xo={'narrow genus': , 'broad genus', 'narrow family',6 'broad family',
'narrow _species', 'broad species', 'narrow strain', 'broad strain'’,
'narrow _subsystem 1', 'broad subsystem 1', 'narrow subsystem 2',
'broad subsystem 2', 'narrow susbystem 3', 'broad subsystem 3'}
Bp={'broad species': BSdictp, 'broad genus': BGdictp, 'broad family':
BFdictp, 'broad strain': BTdictp, 'broad subsystem 1': Bldictp,
'broad subsystem 2': B2dictp, 'broad subsystem 3': B3dictp}
Br={'broad species': BSdictr, 'broad genus': BGdictr, 'broad family':
BFdictr, 'broad strain': BTdictr, 'broad subsystem 1': Bldictr,
'broad subsystem 2': B2dictr, 'broad subsystem 3': B3dictr}
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Bf={'broad species': BSdictf, 'broad genus': BGdictf, 'broad family':
BFdictf, 'broad strain': BTdictf, 'broad subsystem 1': Bldictf,

'broad subsystem 2': B2dictf, 'broad subsystem 3': B3dictf}

Np={'narrow species': NSdictp, 'narrow genus': NGdictp, 'narrow family':

NFdictp, 'narrow strain': NTdictp, 'narrow subsystem 1': Nldictp,
'narrow_subsystem 2': N2dictp, 'narrow subsystem 3': N3dictp}
Nr={'narrow species': NSdictr, 'narrow genus': NGdictr, 'narrow family':
NFdictr, 'narrow strain': NTdictr, 'narrow subsystem 1': Nldictr,
'narrow_subsystem 2': N2dictr, 'narrow subsystem 3': N3dictr}
Nf={'narrow species': NSdictf, 'narrow genus': NGdictf, 'narrow family':
NFdictf, 'narrow strain': NTdictf, 'narrow subsystem 1': Nldictf,
'narrow_subsystem 2': N2dictf, 'narrow subsystem 3': N3dictf}

x = np.arange (len (o))

X0 = np.arange(len(no))

#plt.figure (figsize=(16,7))
for score, splot in LOOP.items() :
m=0
sploto = getattr(sys.modules[ name ], (f'B' + splot))
#plt.figure (figsize=(16,7))
fig, ax = plt.subplots(layout='constrained', figsize=(16,10))
#plt.fiqure (figsize=(16,7))
for t, v in sploto.items():
offset = w * m
rects = ax.bar(x + offset, v, w, label=t)
ax.bar label (rects, padding=3, size=l)
m += 1
print (score)
plt.xticks(x + 0.3, o, rotation=90, size=20)
plt.yticks (size=15)
plt.xlabel ('Isolation Ennvironemnt')
plt.xlabel ('Isolation source', size=20)
#plt.set color cycle(['blue', 'black', 'red', 'yellow'])
# plt.legend(loc="lower left", bbox to anchor=(1.05, 0.0), fontsize="small")
plt.ylabel (score, size=20)
plt.show ()

mn = 0
wn = 0.1
for score, splot in LOOP.items () :
mn = 0
wn = 0.1
sploto = getattr(sys.modules[ name ], (f£'N' + splot))
fig, ax = plt.subplots(layout='constrained', figsize=(16,10))
for t, v in sploto.items() :
if len(xo) != len(v):
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print (f"shape mismatch: xo with shape {xo.shape}, v with shape
{np.array(v) .shape}, skipping {t}")
continue # Skip to the next category

print (v)
offset = wn * mn
rects = ax.bar(xo + offset, v, wn, label=t)

ax.bar label (rects, padding=3, size=0.1)
mn += 1
print (score)
plt.xticks(xo + 0.3, no, rotation=90, size=20)
plt.yticks (size=15)
plt.ylabel (score, size=20)
plt.xlabel ('Isolation source', size=20)
#plt.set color cycle(['blue', 'black', 'red', 'yellow'])
# plt.legend(loc="lower left", bbox to anchor=(1.05, 0.0), fontsize="small")
plt.xlabel ('Isolation Environment')
plt.show()

narrow predictionF = BNF.predict (x_ testF)
narrow fl13 = fl score(N classl, narrow predictionF, average='weighted')
print (£"NARROW FAMILY SRA data ", narrow_ f13)

narrow predictionG = BNG.predict (x_ testG)
narrow fl1G = fl score(N classl, narrow predictionG, average='weighted')
print (£"NARROW GENUS SRA data ", narrow f1G)

featuresN = NSX.columns
missingN = set (featuresN) - set(dataS.columns)
for col in missingN:
dataS[col] = 0
x testSO = dataS[featuresN]
narrow predictionS = BNS.predict (x_ testSO)
narrow flS = fl score(N classl, narrow predictionS, average='weighted')
print (£"NARROW SPECIES SRA data ", narrow f1S)

narrow _predictionT = narrowT.predict (x testT)
narrow flT = fl score(N classT, narrow predictionT, average='weighted')
print (£"NARROW STRAIN SRA data ", narrow fl1T)

narrow _predictionl = narrowl.predict(x testl)
narrow fll = fl score(N classl, narrow predictionl, average='weighted')
print (£"NARROW 1 SRA data ", narrow f11)

narrow prediction2 = narrow2.predict(x test2)
narrow fl2 = fl score(N classl, narrow prediction2, average='weighted')

print (£"NARROW 2 SRA data ", narrow £f12)

narrow _prediction3 = narrow3.predict (x test3)
narrow fl13 = fl score(N classl, narrow prediction3, average='weighted')
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print (£"NARROW 3 SRA data ", narrow f13)

#mgnify new data

famdata = pd.read excel('/content/drive/My Drive/newsetfam.xlsx', sheet name=
lfl)
gendata = pd.read excel ('/content/drive/My Drive/newsetfam.xlsx', sheet name=
Al Al
g')

sppdata = pd.read excel('/content/drive/My Drive/newsetfam.xlsx', sheet name=
st

strdata = pd.read excel('/content/drive/My Drive/newsetfam.xlsx', sheet name=
'st'")

sbldata = pd.read excel('/content/drive/My Drive/newsetfam.xlsx', sheet name=
's1l")

sb2data = pd.read excel('/content/drive/My Drive/newsetfam.xlsx', sheet name=
's2'")

sb3data = pd.read excel('/content/drive/My Drive/newsetfam.xlsx', sheet name=
's3")

featuresF = BFX.columns

missingF = set (featuresF) - set(famdata.columns)
for col in missingF:
famdata[col] = 0
x testF = famdata[featuresF]
N classF = famdata['narrow']
B classF = famdata['broad']
Broad predictionF = BBF.predict(x testF)
Broad flF = fl score(B classF, Broad predictionF, average='weighted')

print (£"BROAD FAMILY mgnify2 data ", Broad flF)

featuresG = BGX.columns
missingG = set (featuresG) - set (gendata.columns)
for col in missingG:
gendatalcol] = 0
x testG = gendata[featuresG]
N classG = gendata['narrow']
B classG = gendata['broad']
Broad predictionG = BRF.predict(x testG)
Broad f1G = fl score (B classG, Broad predictionG, average='weighted')
print (£"BROAD GENUS mgnify2 data ", Broad f1G)

featuresS = BSX.columns

missingS = set (featuresS) - set(sppdata.columns)

dataS = sppdata.reindex (columns=featuresS, fill value=0)
x tests = dataS[featuressS]

N classS = sppdatal['narrow']

B classS = sppdata['broad']
Broad predictionS = BBS.predict(x_tests)
Broad fl1S = fl score(B classS, Broad predictionS, average='weighted')
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print (£E"BROAD SPECIES mgnify2 data ", Broad f1S)

featuresT = BTX.columns

missingT = set (featuresT) - set(strdata.columns)

dataT = strdata.reindex(columns=featuresT, fill value=0)
X testT = dataT[featuresT]

N classT = strdata['narrow']

B classT = strdata['broad']

Broad predictionT = broadA.predict(x testT)

Broad f1T = fl score(B classT, Broad predictionT, average='weighted')
print (£"BROAD STRAIN mgnify2 data ", Broad flT)

featuresl = BlX.columns
missingl = set (featuresl) - set(sbldata.columns)
for col in missingl:
sbldata[col] = 0
x testl = sbldata[featuresl]
N classl = sbldata['narrow']

B classl = sbldata['broad']

Broad predictionl = broadl.predict(x testl)

Broad f1ll = fl score(B classl, Broad predictionl, average='weighted')
print (f"BROAD 1 mgnify2 data ", Broad f11)

features2 = B2X.columns
missing2 = set (features2) - set(sb2data.columns)
for col in missing2:
sb2datalcol] = 0
x test2 = sb2data[features?]
N clasS2 = sbldatal'narrow']

B class2 = sb2data['broad']

Broad prediction2 = broad2.predict(x test2)

Broad fl12 = fl score(B class2, Broad prediction2, average='weighted')
print (£E"BROAD 2 mgnify2 data ", Broad f12)

features3 = B3X.columns
missing3 = set (features3) - set(sb3data.columns)
for col in missing3:
sb3datalcol] = 0
x test3 = sb3data[features3]
N class3 = sb3datal'narrow']

B class3 = sb3data['broad']

Broad prediction3 = broad3.predict(x test3)

Broad f13 = fl score(B class3, Broad prediction3, average='weighted')
print (£"BROAD 3 mgnify2 data ", Broad £13)

#mgnify new data NARROW

famdata = pd.read excel('/content/drive/My Drive/newsetfam.xlsx', sheet name=
lfl)
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gendata = pd.read excel('/content/drive/My Drive/newsetfam.xlsx', sheet name=
'g')
sppdata = pd.read excel('/content/drive/My Drive/newsetfam.xlsx', sheet name=
st
strdata = pd.read excel('/content/drive/My Drive/newsetfam.xlsx', sheet name=
st
sbldata = pd.read excel('/content/drive/My Drive/newsetfam.xlsx', sheet name=
'sl")
sb2data = pd.read excel('/content/drive/My Drive/newsetfam.xlsx', sheet name=
's2'")
sb3data = pd.read excel('/content/drive/My Drive/newsetfam.xlsx', sheet name=
's3'")

featuresF = BFX.columns
missingF = set (featuresF) - set(famdata.columns)
for col in missingF:
famdata[col] = 0
x testF = famdata[featuresF]
N classF = famdata['narrow']
B classF = famdatal['broad']
Broad predictionF = BNF.predict (x_ testF)
Broad flF = fl score(N _classF, Broad predictionF, average='weighted')
print (£"BROAD FAMILY mgnify2 data ", Broad flF)

featuresG = BGX.columns
missingG = set (featuresG) - set(gendata.columns)
for col in missingG:
gendatal[col] = 0
X testG = gendata[featuresG]
N classG = gendata['narrow']
B classG gendata['broad']
Broad predictionG = NRF.predict (x testG)

Broad f1G = fl score(N classG, Broad predictionG, average='weighted')
print (£"BROAD GENUS mgnify2 data ", Broad flG)

featuresS = BSX.columns

missingS = set (featuresS) - set (sppdata.columns)

dataS = sppdata.reindex(columns=featuresS, fill value=0)
x tests = dataS[featuress]

N classS = sppdatal['narrow']

B classS = sppdata['broad']

Broad predictionS = BNS.predict(x testsS)

Broad f1lS = fl score(N_classS, Broad predictionS, average='weighted')
print (£"BROAD SPECIES mgnify2 data ", Broad f1S)

featuresT = BTX.columns

missingT = set (featuresT) - set(strdata.columns)

dataT = strdata.reindex (columns=featuresT, fill value=0)
x_ testT = dataT[featuresT]
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N classT = strdata['narrow']

B classT = strdata['broad']

Broad predictionT = narrowT.predict(x testT)

Broad fl1T = fl score(N _classT, Broad predictionT, average='weighted')

print (£"BROAD STRAIN mgnify2 data ", Broad flT)

featuresl = BlX.columns
missingl = set(featuresl) - set(sbldata.columns)
for col in missingl:
sbldata[col] = 0
x testl = sbldata[featuresl]
N classl = sbldata['narrow']
B classl = sbldata['broad']
Broad predictionl = narrowl.predict(x_ testl)
Broad fll = fl score(N _classl, Broad predictionl, average='weighted')

print (f"BROAD 1 mgnify2 data ", Broad f11)

features2 = B2X.columns
missing2 = set (features2) - set(sb2data.columns)
for col in missing2:
sb2data[col] = 0
x test2 = sb2data[features?]
N clasS2 = sbldatal['narrow']
B class2 = sb2data['broad']
Broad prediction2 = narrow2.predict (x test2)
Broad fl12 = fl score(N _clasS2, Broad prediction2, average='weighted')

print (£"BROAD 2 mgnify2 data ", Broad f12)

features3 = B3X.columns
missing3 = set (features3) - set(sb3data.columns)
for col in missing3:
sb3datalcol] = 0
x test3 = sb3data[features3]
N class3 = sb3datal['narrow']
B class3 = sb3data['broad']
Broad prediction3 = narrow3.predict(x_test3)
Broad f13 = fl score(N _class3, Broad prediction3, average='weighted')

print (£"BROAD 3 mgnify2 data ", Broad f13)

#prediction probability

Bforests = {'famdata': ['BBF'], 'gendata': ['BRF'], 'sppdata': ['BBS'],
'strdata': ['broadA'], 'sbldata': ['broadl'], 'sb2data': ['broad2'],
'sb3data': ['broad3']}

forests = {'famdata': ['BNF'], 'gendata': ['BNG'], 'sppdata': ['BNS'],
'strdata': ['narrowT'], 'sbldata': ['narrowl'], 'sb2data': ['narrow2'],
'sb3data': ['narrow3']}

for data, forest in forests.items () :
#d = getattr(sys.modules[ name ], (data))
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d = eval (data)

title = 'sample'

f = getattr(sys.modules[ name ], forest[0])
# f= forest
#x = data.drop(title, axis = 1)

ind = d[title]

features = f.feature names in
x = d.reindex (columns=features, fill value=0)
cls = f.classes

#print (cls)
proba = f.predict proba (x)
#predict = forest.predict (x)

df = pd.DataFrame (proba, index=ind, columns=cls)
#print (df)

framename= data + '.csv'

df.to_csv(framename, index=True, header=True, sep=',')

Comparing Random Forest Logistic regression and XGboost models
BAdata = pd.read excel (' ontent/drive/My Drive/f
sheet name= 'br all')
NAdata = pd.read excel ('/content
sheet name= 'narrow a
#NX=NAdata.dr
NY=NAdatal['
BY=BAdatal['
= {r'\[':

for a, b in dic.items{() :
NAdata.columns = NAdata.columns.str.replace(a, b, regex=
BAdata.columns = BAdata.columns.str.replace(a, b, regex=

NX=NAdata.drop ('
BX=BAdata.drop('cl
d fam
BFX=BAdata.drop ('
BEFY=BAdata['cla:
overF = SMOTE ()
OFX, OFY = overF.fit resample (BFX, BFY)
bfx train, bfx test, bfy train, bfy test = train test split (OFX, OFY,
test size=0.2, stratify=0FY)
BBF = RandomForestClassifier (n estimators=2500, bootstrap=
max features=" t")
BBF.fit (bfx train, bfy train)
BFprediction = BBF.predict (bfx test)

BroadRF = fl score(bfy test, BFprediction, average= ighted')
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print ( Narrow family =", BroadRF)
# narrow fam

NFX=NAdata.drop('classifier', axis = 1)

NEFY=NAdata['classifier']

nfx train, nfx test, nfy train, nfy test = train test split (NFX, NFY,
test size=0.2, stratify=NFY)

BNF = RandomForestClassifier (n estimators=2500, bootstrap=

max features="sqgrt")

BNF.fit (nfx train, nfy train)

NFprediction = BNF.predict (nfx test)
narrowRF = fl score(nfy test, NFprediction, average='weighted')
print (f"Narrow family =", narrowRF)

label binarizer = LabelBinarizer ().fit (NY)

nbin = label binarizer.transform(NY)

nx train, nx test, ny train, ny test = train test split (NX, nbin,
test size=0.2, stratify=nbin)

label binarizer = LabelBinarizer ().fit (BY)

bbin = label binarizer.transform(BY)

bx train, bx test, by train, by test = train test split(BX, bbin,
test size=0.2, stratify=bbin)

overb

SMOTE ()

0X, OY = overb.fit resample (BX, BY)

label binarizer = LabelBinarizer ().fit (0Y)

obin = label binarizer.transform(Q0Y)

ox train, ox test, oy train, oy test = train test split (OX, obin,
test size=0.2, stratify=obin)

Bxgb = XGBClassifier ()

Bxg = Bxgb.fit (bx train, by train)

bxped= Bxg.predict (bx test)

Bxfl = fl score(by test, bxped, average='weighted')
print (f"Broad plain =", Bxfl)

oxgb = XGBClassifier ()

oxg = oxgb.fit (ox train, oy train)

oxped= oxg.predict (ox test)

oxfl = fl score(oy test, oxped, average='w
print (f"Broad smote =", oxfl)

Nxgb = XGBClassifier ()

Nxg = Nxgb.fit (nx train, ny train)

nxped= Nxg.predict (nx test)

Nxfl = fl score(ny test, nxped, average='weighted')




print (f"Narr

# Logistic Regr

label encoder = LabelEncoder ()

# Broad data

by train encoded = label encoder.fit transform(0Y)

bx train log, bx test log, by train log, by test log = train test split (0X,
by train encoded, test size=0.2, stratify=by train encoded)

BAlog = LogisticRegression (max iter=3000).fit (bx train log, by train log)
Blogprediction = BAlog.predict (bx test log)

Bfl = f1 score(by test log, Blogprediction, average= ighted')
print (f"Br 0G =", Bfl)

# Narrow data

ny train encoded = label encoder.fit transform (NY)

nx train log, nx test log, ny train log, ny test log = train test split (NX,
ny train encoded, test size=0.2, stratify=ny train encoded)

NAlog = LogisticRegression (max iter=3000).fit (nx train log, ny train log)
Nlogprediction = NAlog.predict (nx test log)

Nfl = fl score(ny test log, Nlogprediction, average= ighted')

print (f"Narrow LOG =", Nfl)
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