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Abstract

Inflammatory bowel disease (IBD) is associated with alterations in the intestinal microbiome.
However, the precise nature of these microbial changes remains unclear. With billions of
microbes within the gut, novel and powerful computational techniques are required to
identify the relevant shifts in the microbiota that contribute to healthy and unhealthy

conditions.

Machine learning (ML) allows a data-driven approach to identify these discrete dynamic
changes. However, the interpretation and biological validation of the findings from ML
algorithms remain a challenge. By combining ML and Systems Biology (SB) approaches, this
thesis aims to characterise key microbial factors in IBD pathogenesis by extracting

prognostic indicators from the human gut microbiome.

The causal relationship between the changes in the gut microbiome and IBD is difficult to
establish. Data from cross-sectional studies are plagued by confounding factors and
inconsistencies between cohorts. Rich longitudinal datasets and integrated metagenomic,
multi-omic, and electronic healthcare records can be used to overcome these limitations. In
this PhD thesis, I have developed an integrated ML-based microbiome analysis pipeline to
identify prognostic indicators for IBD from longitudinal microbiome data. Furthermore,
using a variety of SB approaches, the interplay between the host and the microbiome has
been explored to provide insights into the mechanisms during healthy and unhealthy

conditions.
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List of software developed

Alist of both internal and open-source software packages, tools and pipelines which I

designed, implemented, optimised, or contributed during the course of my PhD from

October 2018 - November 2022.

Software packages /tools/pipelines represented

in the thesis

LongitOmix: A wrangler for the pipeline for the identification of prognostic
indicators of between conditions with a machine learning-based systems biology
approach from longitudinal gut microbiome data using independent component

analysis (Chapter 3 and 4)

MetabolomiX: a lightweight code base for handling, parsing, performing ID

conversion and simple preprocessing steps of metabolomics data (Chapter 4)

Microbiolink2: An Integrated Computational Pipeline to Infer Functional Effects of

Microbiome-Host Interactions (Chapter 5)

Software packages /tools/pipelines /web

resources developed that are not represented in

the thesis

Integrated Single Nucleotide Polymorphism (iSNP) pipeline: A novel precision
medicine workflow designed to determine the mechanisms by which SNPs affect
cellular regulatory networks, and how SNP co-occurrences contribute to disease

pathogenesis in ulcerative colitis (UC). https: //github.com /korcsmarosgroup /iSNP

ScOmix: An internal single-cell and low-input preprocessing and downstream
analysis code base developed to make single-cell analysis more efficient and

interpretable for bioinformaticians (Internal Tool).
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TranscriptOmix: Bulk-RNA preprocessing, downstream and functional analysis
pipeline for large-scale and efficient batch processing of bulk RNA-seq datasets.
Designed to improve collaboration and preprocessing of publicly available datasets

(Internal Tool).

CHAT: Reimplemented a faster, more efficient and updated version of Conext Hub
Analysis Tool (CHAT) for use on internal projects where a graphical user interface
would not be usable. This is a python port of the Contextual Hub Analysis Tool for

the application onto multiple patient-specific networks (Internal Tool).

PyDyNet: A python port of DyNet, a tool for the analysis of protein-protein

interaction networks to identify rewiring in response to different stimuli and in

disease. https: //github.com /korcsmarosgroup /pyDyNet

BioHandler: Fast and efficient parsing and serialisation of biological data to different
formats. This tool was used as the backend for web resources like Signalink,

Salmonet and Autophagy Regulation Network. An example of this can be seen:

htt: /signalin] download

ViralLink: A systems biology workflow which reconstructs and analyses networks
representing the effect of viral infection on specific human cell types.

https: //github.com /korcsmarosgroup /ViralLink

CytokineLink: A map of cytokine communication for inflammatory and infectious

diseases. https: //github.com /korcsmarosgroup /CytokineLink

Signalink3: An integrated resource to analyse signalling pathway cross-talks,

transcription factors, miRNAs and regulatory enzymes. http://signalink.org/

SalmoNet: an integrated network resource containing regulatory, metabolic and

protein-protein interactions of Salmonella. http://salmonet.org/

AutophagyNet: Autophagy Regulatory Network 2 (ARN2) is the updated version of

the previous autophagy-focused network resource. The aim of the tool is to aid

omics analysis and experiment planning. https: //www.autophagynet.org/

Sherlock: an open source data platform, developed in the Korcsmaros Group to
store, analyse and integrate bioinformatics data.

https: //earlham-sherlock.github.io
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List of conference papers, presentations and posters I either presented or contributed to

during the course of my PhD. Conferences where the posters and presentations are not

published in a journal are not included in this list.
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Chapter 1: General Introduction

1.1 Preface

The human gut microbiome plays a vital role in human health. An example where
disruptions of the microbiome can lead to increased inflammation and disease pathogenesis
is a disorder called inflammatory bowel disease. Due to the nature of the disease, it is
difficult to collect biopsies from patients, and therefore, faecal samples provide a
non-invasive way to study the gut microbiome as well as the progression of the disease.
Currently, methods to investigate and extract biomarkers and prognostic indicators from
these datasets remain an active field of research. The majority of current approaches rely on
correlation or compositional approaches but these lack mechanistic or functional insight.
Furthermore, when applying the same approach to a different dataset, the results can be
dramatically different, which points to these approaches' inability to generalise well to new

datasets.

This chapter introduces and summarises the literature on fundamental biological concepts
of the gut microbiome and meta-omics data. Then, it will outline the current state-of-art
methods used in the application of machine learning, bioinformatics and systems biology
approaches to human gut microbiome data. Concluding with an overview of inflammatory
bowel disease (IBD) as a case study for the application and investigation of the microbiome’s
contribution to human health. In Chapter 2, I conduct a “classical” analysis of a publicly
available dataset and perform exploratory data analysis to outline the current limitations in
analytical approaches used to investigate metagenomics. This is twinned with Chapter 3,
which shows the development of a new approach to investigating the dynamics of the
microbiome with respect to its temporal component. Chapter 4 combines the findings from
Chapter 3 to apply dimensionality reduction methodologies to meta-omics data and to
predict disease activity increase in inflammatory bowel disease patients. Chapter 5 explains
the findings of Chapter 4 using systems biology approaches to gain insights into how
host-microbe interaction affects the host. Finally, chapter 6 will summarise the overall
conclusions of the thesis, which are discussed, with an evaluation of the methods developed
and an exploration of potential future directions and developments to explore in more detail

the applications of predicating gut microbes in health and disease.
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This BBSRC iCASE PhD scholarship was supported by BenevolentAl. Together, we aimed to
develop methods to analyse, predict and interpret the human gut microbiome during
healthy and unhealthy conditions. As part of this iCASE project, I worked on placement
within the Precision Medicine Product Team at BenevolentAl to build further on the
methods developed and described in this thesis. In addition to furthering my professional,
research, and personal skills, I have worked closely with BenevolentAl throughout this
project to extend my knowledge and understanding of the application of machine learning
and data science skills in both research and production settings. BenevolentAl’s
contribution and support have resulted in the methodologies and analysis described in
exploring the temporal dynamics of the gut microbiome outlined in Chapter 3 and used to

predict disease activity in inflammatory bowel disease in Chapter 4.

1.2 The human gut microbiome

The human microbiome can be defined as the entirety of the microorganisms that colonise
individual sites in the human body; these include the skin, oral mucosa, lung and
gastrointestinal tract. As a result of the adoption of DNA-sequencing technologies to
investigate, characterise and identify microbes within the human body at the turn of the
century, hundreds of previously unknown microbial communities have been discovered. A
microbiome is not solely composed of bacterial microbes but also contains a vast number of

archaebacterial, protozoan, fungi and viruses (Hill et al., 2014).

The human gut microbiome consists of a vast number and a high diversity of microbes
operating within a complex and dynamic ecosystem. The human gut is colonised by
commensal and pathogenic bacteria along the entire gastrointestinal tract. Furthermore, it
is the largest reservoir of microbes in the human body. The gut microbiota composition
continuously evolves either during its development in the early stages of life or through
perturbations, such as diet, lifestyle and medication, which can lead to dynamic changes in

the abundance levels of specific microbes (Hildebrand et al., 2019; Nayfach et al., 2019).
Although there remain many similarities in bacterial species across individuals, for example,

bacterial phyla like Bacteroidetes, Firmicutes and Actinobacteria, the abundance levels of

the subpopulations of these bacteria can represent differentially. The role that the diversity
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of the microbial communities within the microbiome plays in regulating the host’s health is
well established and can provide preliminary insights into disease progression and
regulation. Consequently, the dysbiotic states of the microbiome and key subpopulations
have been suggested to be a critical prognostic indicator for diseases and disorders, such as
inflammatory bowel disease, irritable bowel syndrome, type 2 diabetes and atopy (Bull and

Plummer, 2014).

Host-microbiota interactions play a key role in maintaining host homeostasis. It is generally
accepted that the regulatory effects of health-promoting interactions contribute to a
symbiotic microbiota or, conversely, a perturbed system that drives a dysbiotic microbiota.
Interestingly, complex and coevolved interdependencies between microbial communities
are commonly observed between individuals within the same ecological niches (Alkasir et
al., 2017; Filyk and Osborne, 2016). This implies that individuals with the same environmental
factors can have contrasting microbiota composition, suggesting that the host’s genetics
and environmental factors are interacting with the host’s gut microbiome and, therefore,
contributing to the shift from symbiotic microbiota and healthy host to a dysbiotic

microbiota and unhealthy host (Figure 1.1).

Healthy Unhealthy
Host \ Host
>
<+
Symbiotic . Dysbiotic
Microbiota Microbiota

Figure 1.1. Schematic of the regulatory effect of the microbiome on human health.

A healthy gut, therefore, is a balancing act between the gut microbiota composition, host
immune response and the physical barrier of the epithelial layer, separating microbes and

the host (Figure 1.2.). The intestinal epithelium prevents microbes from leaving the gut and
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regulates inflammatory states by warning immune cells of injury or pathogen exposure.
Importantly, this means the mucosal surface and its interactions with microbes also

contribute to regulating a symbiotic microbiota (Dovrolis et al., 2019; Eckburg et al., 2005).
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Figure 1.2. Functional effect of host-microbiome interactions in humans. (A) A schematic
of how the microbiome influences the host’'s phenotype through causal/regulatory
interactions between itself and the host’s genetic/transcriptomic processes. (B,C,D)
demonstrates the potential feedback loop between the systems at play. (B) This shows how
host genetics directly controls the phenotype, and this in turn can lead to alterations in the
microbiome. (C) The host genetics can also control the microbiome first and affect the
host’s phenotype indirectly through the microbiome. (D) And finally, the host genetic
variation leads to different/dysfunctional gene regulation resulting in the microbiome and

the host affecting the host phenotype. Figure adapted from (Luca et al., 2018)

However, although there is increasing evidence of the microbiome's role in both healthy,

acute and chronic disease states, no microbiome-based test has been clinically validated for
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either disease diagnosis or treatment (Chiu and Miller, 2019). This is likely due to the
microbiome's complexity in such disease pathogenesis. Accordingly, longitudinal studies are

required to study the disease to identify more robust prognostic indicators.

1.3 Meta-Omics

1.3.1 Metagenomics

Metagenomics has enabled the characterisation of the microbial communities within the
human microbiome and the determination of the relationship between the resident
microbiome and invasive pathogens. The data produced by metagenomic studies have
contributed to understanding the dynamic nature of microbial communities and the impact
these changes have on human health (Malla et al., 2018; Eckburg et al., 2005). There are
numerous protocols and tools that can be used to analyse metagenomic data. In this
section, the advantages and disadvantages of metagenomics protocols will be outlined, and
then bioinformatic pipelines that can be used to conduct downstream analysis of the

datasets produced will be highlighted.

The earliest methods to investigate the microbiome used culture-dependent approaches to
investigate host-microbe interactions. In culture-dependent methods, samples from
patients (humans or animals) are cultured to isolate microbes present within a sample, and
then each cultured microbe interaction with co-cultured microbial taxa is studied (Parker
and Snyder, 1961; Gibbons et al., 1964). However, this approach not only produced a limited
set of microbial taxa and, thus, microbial interactions but also failed to consider spurious
interactions that occur within the microbiome (Malla et al., 2018). Accordingly, with the
emergence of next-generation sequencing (NGS), culture-independent methods are now
the most widely used approach to determine the abundance level of microbes within a
community (Strobl et al., 2008; Bent et al., 2007). There are two main culture-independent
approaches: (1) 16S ribosomal RNA (rRNA) targeted sequencing and (2) shotgun metagenomic
sequencing. In both cases, these approaches cared for small reads, approximately 25-500
base pairs in length, allowing for microbes to be detected, either if they are unknown or in

low abundance.

28


https://sciwheel.com/work/citation?ids=6741721&pre=&suf=&sa=0
https://sciwheel.com/work/citation?ids=6378416,593838&pre=&pre=&suf=&suf=&sa=0,0
https://sciwheel.com/work/citation?ids=6993465,6993461&pre=&pre=&suf=&suf=&sa=0,0
https://sciwheel.com/work/citation?ids=6993465,6993461&pre=&pre=&suf=&suf=&sa=0,0
https://sciwheel.com/work/citation?ids=6378416&pre=&suf=&sa=0
https://sciwheel.com/work/citation?ids=387583,2757482&pre=&pre=&suf=&suf=&sa=0,0

The targeted sequencing of the 16S ribosomal RNA (rRNA) subunit gene is the most
commonly used protocol for the identification and classification of microbial taxa within a
community (Weinstock, 2012). The 16S rRNA gene has a high degree of conservation (Alves et
al.,, 2018; Tessler et al., 2017), assumed as the result of the importance of the 16S rRNA as a
critical component of the ribosome. Thus, the area between the conserved regions of the
16S rRNA varies among bacterial species and is known to be species-specific. However, the
16S rRNA sequencing standard operating procedure dictates a library to be built from the
amplification of the variable regions of the 16S gene using multiplex polymerase chain
reaction (PCR) primers. This further step adds more uncertainty to this approach, resulting
in lower-resolution sequencing results. Nevertheless, 16S sequencing is faster, accessible
and inexpensive, therefore better suited for large control and patient-based studies

(Dovrolis et al., 2019).
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Figure 1.3. Schematic of taxonomic rank vs sequencing depth in metagenomics.
Technologies such as 16S rRNS are placed under metabarcoding resolution, while
metagenomic approaches and whole genome sequencing are in the high-resolution

metagenomics category. Figure from (Hildebrand, 2021).

The other culture-independent metagenomic approach is whole genome sequencing (WGS).
This approach is considered the best method for identifying and characterising microbial

communities as it results in high-resolution metagenomics (Figure 1.3.). This is due to its
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ability to provide a much greater level of diversity compared to the targeted approach of 16S
sequencing. Shotgun sequencing takes a whole-genome approach by sequencing random
string fragments of the DNA sequences and using either common sequences or
clade-specific markers to match these fragments to an annotated database of known DNA
sequences (Tessler et al., 2017; Alves et al., 2018; Malla et al., 2018). Therefore, shotgun
metagenomics is more commonly used when cataloguing genes or making a functional
inference (Tessler et al., 2017). In addition to being more expensive, WGS also has the added
complexity of the results, including all the microorganisms within the sample, including the
host, and thus requires a copious amount of processing power, memory and storage.
Metagenomics sequencing remains a very active research space, and there is a need to

increase resolution in metagenomic sequencing approaches (Hildebrand, 2021).

1.3.1.2 Bioinformatic pipelines for metagenomic data

The ability to analyse the human microbiome in its entirety, introduced from
culture-independent such as WGS, enabled the characterisation of all DNA or RNA present
within a sample, resulting in the generation of an enormous quantity of metagenomic data.
This, in turn, has transitioned a microbiology and bioinformatics problem into a big data
challenge. With WGS producing datasets in the magnitude of Gigabytes (10° bytes) per
patient, a patient cohort can now easily exceed Terabytes (10" bytes) of data. The standard
output of a metagenomic protocol is a taxonomic unit (OTU), which holds information

related to clusters of similar sequences (Figure 1.4).
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Figure 1.4. A high-level overview of metagenomic methods. The metagenomic pipeline can
usually be defined in 5 steps; (1) Experimental pipeline, (2) Pre-processing, (3) Sequence
analysis, (4) Post-processing and (5) Validation. During the post-processing stage, further
downstream analysis can be conducted. This can include multivariate statistical methods,

machine learning (ML) methods and network analysis to interpret the data.

There are many metagenomic pipelines to investigate the microbial composition within an
individual sample. The main objective of workflow and tools is to bin each isolated genome
into a bin such that functional downstream analysis can be conducted. This can be achieved
through two methods; assembly-based or assembly-free (read-based) profiling (Chiu and
Miller, 2019). For case-control design, the idea is to determine the encoded functions from
the identified species and match them back to the case or control condition, thus

suggesting a characterisation of the condition within the sample set.

The bioinformatic challenge of the metagenomics pipeline remains a difficult process as it
requires fine-tuning for each dataset; however, with many new models being developed, a
number of different advanced algorithms can be used to better determine and explore the
parameter space. Moreover, depending on the research questions and the method used to
sequence the samples, there are two main methods to analyse the output of the

metagenomic protocols; homology- and prediction-based methods (Dovrolis et al., 2019).
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These methods are both hybrid implementations combining two different approaches to
determine the microbiome composition from small read fasta or FASTAQ files and mapping
files (which contain all the metadata required to conduct the analysis). For 16S rRNA data de
novo and closed-reference OTU picking is used while for shotgun sequencing

homology-independent or -dependent binning methods are used (Dovrolis et al., 2019).

An example of tools used to achieve this approach on shotgun raw sequences is HUMAnN2
(Franzosa et al, 2018), which provides species-resolved functional profiles of both
host-associated and environmental communities, and MetaPhlAn2 (Truong et al., 2015),
which provides methods for metagenomic phylogenetic analysis. These two pipelines are
commonly used in combination to investigate the effects within the microbiome in
case-control studies. Other tools such as metagenomeSeq, QIIME, Phyloseq and PICRUSt
(Paulson et al., 2013; Caporaso et al., 2010; McMurdie and Holmes, 2013; Langille et al., 2013)
also allow similar analysis, providing o-diversity, p-diversity, and microbe-microbe
associations, which enable the characterisation of the overall properties of a microbiome.
Specific algorithms such as Bayesian models to infer environmental factor-microbe
association (mLDM) and a large-scale assessment of microbial metabolic interactions
(MMinte) (Mendes-Soares et al., 2016; Yang, Chen and Chen, 2017) allow for a more semantic

analysis of the microbiome.

From the introduction to metagenomics protocols and analysis pipelines, it is evident that
copious amounts of data are being produced. This is particularly the case when studying the
disease state and healthy state in a longitudinal study to determine biomarkers for the
disease (Vazquez-Baeza et al., 2018). This is framing metagenomic biomarker discovery as a
big-data challenge that requires novel analysis methods (Vazquez-Baeza et al., 2018; Luna,

Mansbach and Shaw, 2020; Kodikara, Ellul and Lé Cao, 2022).

1.3.3 Metaproteomics

Proteomics is the study of all proteins present expressed in a sample and their functions.
Metaproteomics is the extension of proteomics to identify the protein content with
microbial communities, for example, in the gut microbiome from a faecal sample. The main
advantage of metaproteomics over metagenomics for example is the functional information
it provides. In turn, it complements the genetic potential described by metagenomics,

enabling the discovery of potential genotype-phenotype linkages (Van Den Bossche et al.,
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2021; Issa Isaac et al., 2019). A typical analytical approach to metaproteomics would be 1)
extract and purify proteins from the samples, 2) use enzymes to digest the proteins into
peptides, 3) perform mass spectrometric analysis on the separated proteins, and 4) identify
and annotate proteins using large sequence databases (Kolmeder and de Vos, 2014; Petriz

and Franco, 2017; Lee et al., 2017; Issa Isaac et al., 2019).

Metaproteomics leverages the power of mass spectra to identify these microbial
communities however, this has some limitations. The size of data produced is often vast as
each species contains millions of proteins, which leads to an order of magnitude more
peptides to process (Zhang et al., 2018b). This can then result in a large false discovery rate
(FDR) during the protein identification stage of the analysis (Zhang et al., 2018a; Van Den
Bossche et al., 2021). However, multiple bioinformatic approaches, search algorithms,
datasets and ensemble machine learning approaches have been developed to combat this

issue (Issa Isaac et al., 2019).

1.3.4 Metabolomics

Like metaproteomics, metabolomics also provides insights into the functional potential of
the gut microbiome. The metabolome is widely said to be the closest representation of the
phenotype and, therefore, is essential in understanding how cellular processes respond in
both healthy and unhealthy conditions (Bauermeister et al., 2022; Vernocchi, Del Chierico
and Putignani, 2016; Nguyen et al., 2021; Johnson, Ivanisevic and Siuzdak, 2016). Metabolites
are defined as low molecular weight molecules (<1500 Da). These small molecules show both
host and microbe activity. In the case of the host, these molecules appear as byproducts of
host-microbe co-metabolism involved in the regulation of host metabolic homeostasis
(Nicholson et al., 2012; Heinken and Thiele, 2015). Alternatively, molecules act as nutrients
for bacterial species within the gut microbiome which can directly affect the overall

composition (Oliphant and Allen-Vercoe, 2019).

Once again, mass spectrometry is often used to study metabolomics as it has the ability to
process complex biological samples and still quantify a large range of molecules
(Bauermeister et al., 2022). This results in large and complex datasets, particularly in the
case of untargeted metabolomic studies, which require computational methods to handle
and interpret the results. The general approach to processing the result is to 1)

feature/speak detection from data, 2) align and normalise the data, and 3) annotate the
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results from comprehensive metabolite databases. However, not all metabolites can be
annotated from these resources and this remains a major challenge in the field of
metabolomics (Johnson, Ivanisevic and Siuzdak, 2016). Another computational after
identifying the metabolites within the sample is to infer the biological meaning and their
mechanism within the host (Johnson and Gonzalez, 2012; Johnson, Ivanisevic and Siuzdak,

2016).

1.4 Machine learning

Machine Learning (ML) provides the ability to discover hidden structures within datasets.
Going beyond the power of traditional statistics, it can achieve this without explicitly being
programmed to achieve this task. An example of this could be to predict an outcome from
historical data or to determine the cluster of multiple data points in a dataset. Going further
still, Deep Learning (DL) provides architectures which operate in a fashion similar to that of

the brain through the use of Artificial Neural Networks.

There are three main categories for ML algorithms. Supervised, unsupervised and
reinforcement learning. This thesis will focus on supervised and unsupervised learning
(Figure 1.5). In supervised learning, the input vector along with the target vector is used to
train the model, such that a function can calculate a value for the error. This then alters the
function in an attempt to learn the mapping of the data (Bishop, 2006). In unsupervised
learning, the training vector only consists of the input vector with no target vector provided.
The goal here is to cluster the data into groups, project data from a high-dimension space
into a low-dimensional space or determine the distribution of data in an input space

(Bishop, 2006).
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Figure 1.5. Overview of machine learning categories. The two most common classical
machine learning strategies. The key difference is the feedback and training loop found in
the supervised learning strategy and the input of data with labels defining a description of

the data.

1.4.1 Bayesian Models

Bayesian models are based on Bayes’ theorem, which describes the probability (p) of an

event based on prior knowledge of the conditions that might be related to that event. Bayes

theorem takes the form:

0)p(D|6 0)p(D|6
p(6|D) = PEEE. = —2EROR— « p(6)p(D]6)
Jp®)p(D|6)d6

In the form above © represents a parameter of an unknown quantity. The prior p(8) is an
estimation of the uncertainty of the parameter 0 is usually guided by domain knowledge, for
example, research questions, literature reviews and historical data. D is a vector

{x, x, x,.., x } which represents the collected data in an attempt to gain more information

about the unknown parameter ©. The joint probability of observed data D as a function of ©
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is known as likelihood, P(D|0). The posterior distribution, P(©|D), is a conditional probability
that describes the uncertainty about the inference (Bishop, 2006; Casella and Berger, 2001;
van de Schoot et al, 2021). The posterior can then be used to make predictions or
assumptions based on the research question. Bayes’ theorem can be simplified to form

below:
posterior « likelihood x prior
The life cycle of creating a Bayesian model as described above is repeated and updated

based on new domain knowledge by updating the prior or from the collection of new data

(Figure 1.6).
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Figure 1.6. Schematic of a bayesian model life system. (A) Demonstrates the importance of
background research taken before developing a Bayesian model and how to incorporate
this information into the prior. (B) The figure shows the feedback loop involved with the
development of Bayesian models. The likelihood: p(D|®). Data: D. Prior: p(®). Posterior
distribution: p(0|D). Figure from (van de Schoot et al., 2021).

In both Bayesian and frequentist approaches, Bayes' theorem, and more specifically,
likelihood function, plays a vital role in model fitting. In a frequentist approach, the most
used approach is the maximum likelihood, where the aim is to set the value © to maximise
the likelihood function p(D|®). On the other hand, a Bayesian approach estimates the entire
posterior distribution 0. Therefore, the posterior distribution is usually summarised by the

mean of the posterior and the credible interval (Bishop, 2006; van de Schoot et al., 2021).
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Denote N as the number of instances of evidence we possess. As we gather an infinite
amount of evidence, say as N — o, our Bayesian results (often) align with frequentist results.
Hence for large N, statistical inference is more or less objective. On the other hand, for small
N, the inference is much more unstable; frequentist estimates have more variance and larger
confidence intervals. This is where Bayesian analysis excels. By introducing a prior and
returning probabilities (instead of a scalar estimate), we preserve the uncertainty that

reflects the instability of statistical inference of a small-N dataset.

As the Bayesian model wants to estimate the entire posterior distribution, the direct
inference is usually not tractable, particularly for large, highly-dimensional datasets (van de
Schoot et al., 2021). This was one of the reasons frequentist statistics became more popular
than Bayesian statistics. However, multiple methods have been developed for sampling the
posterior distribution and, therefore fitting the models more efficiently. Markov chain
Monte Carlo (MCMC) can be used to fit models by indirectly obtaining inference on the
posterior distribution. The algorithm samples the posterior distribution where the next
sample is dependent on the current sample and thus guides the algorithm to find the values
being estimated. This is known as the Markov Chain. This enables the approximation of the
posterior distribution without having to sample every variable (Titterington, 1997; van de
Schoot et al., 2021). Loosely, MCMC uses the following process to solve Bayesian models; 1) it
starts with an initial guess of the parameters, 2) based on the current parameters, generates
a new set of parameters from a distribution, 3) then according to the posterior distribution
accepts or rejects the new set of parameters and 4) continues to iteratively repeat these
steps. The idea is that after many iterations, the Markov Chains will converge to the target

posterior and this can be used to approximate the posterior.

1.4.2 Dimensionality Reduction

Dimensionality reduction can be used for multiple different feature engineering, machine
learning and statistical analyses. This is most commonly referred to when you have more
features than samples in your data. When data has such high dimensionality, it is not only
difficult to visualise but also due to the amount of noise and redundancy in the data, it can
be challenged to extract statistically meaningful results. The core principle of
dimensionality reduction is to transform the data from a high dimensional state to a low
dimensionality state while preserving the information present in the raw data (Velliangiri,

Alagumuthukrishnan and Thankumar Joseph, 2019). Moreover, the run time complexity of
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analysing a large number of features means that the downstream analysis is often not
tractable. There are numerous different techniques for dimensionality reduction but some
of the most widely used methods are; principal component analysis (PCA), independent
component analysis (ICA), non-negative matrix factorisation (NMF), factor analysis (FA) and

manifold learning.

Dimensionality reduction is a cornerstone of omic data analysis. This is in part because a
typical omic study will have an order of magnitude more biological features (genes, proteins,
metabolites, microbes, etc.) than samples but also because of the complexity of visualising
biological data (Ma and Dai, 2011). Specific tools have been developed for performing
dimensionality reduction on omics data, such as MOFA (Argelaguet et al., 2019) which uses
FA to extract biomarkers and other methods for visualisation and analysis like Poincare
maps for visualisation of single-cell data (Klimovskaia et al., 2020). Dimensionality reduction

methods will be explored further in Chapter 4.

1.4.3 Application of Machine Learning in microbiome studies

To be able to embrace the heterogeneity of the microbiota and thus utilise the robust
random processes employed by ML, and to more of an extent DL algorithms, a large number
of samples need to be collected. This is even more prominent within biological systems. This
can be put down to several different intrinsic factors associated with omic’s data. One of
which is the phenomenon of the curse of dimensionality (Bellman, 1966). This phenomenon
states that when the dimensionality increases, the volume of the space increases so fast that
the available data becomes increasingly sparse. Consequently, it complicates ML
applications to problems, as the essential task is to learn from a finite number of data
samples in a high-dimensional feature space. ML learning algorithms are, therefore,
incredibly well suited to finding prognostic indicators across this wealth of data as they
leverage the ability to learn the subtle underlying structure within both molecular and

clinical datasets.

ML and DL have been used extensively within computational biology, and have many
applications within healthcare (Table 1.1.). An example of the application of DL on
metagenomic data can be seen in the work of (Arango-Argoty et al., 2018) where the authors
developed a DL approach for predicting antibiotic resistance genes from metagenomics data

(Arango-Argoty et al. 2018). Here, the authors developed a multi-layered neural network that
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utilises a dissimilarity matrix generated from all known antibiotic-resistant genes. The
results outperformed other classifiers or search algorithms that produced many false

positives (Arango-Argoty et al., 2018).

There is increasing evidence that longitudinal multi-omic studies provide more actionable
biomarkers (Schissler-Fiorenza Rose et al., 2019). Schiissler-Fiorenza Rose et al. showed this
through the deep-omic profiling of 109 type 2 diabetes mellitus patients over an 8-year
period. The authors created predictive models for insulin resistance using Max-Min parents
and Child (MMPC) to identify the features within the Bayesian Networks constructed from
the integrated dataset. After this feature selection stage, these most informative features
were used to create a ridge-regression model, validated through leave-one-out
cross-validation. Most significantly, using just the clinical data, the model achieved a
cross-validated R* of 0.59 (MSE=0.55) and with all integrated data R*of 0.87 (MSE=0.16), with
the transcriptome, metabolome and microbiome models achieving the highest accuracy of

the individual models (Schiissler-Fiorenza Rose et al., 2019).

Table 1.1. Current studies using ML methods can result in a clinically translatable result
in IBD. Most of the work around IBD has been on investigating the disease pathogenesis or
disease courses. However, this is closely followed by diagnostics and investigating disease
severity. Interesting disease subtyping, treatment responses and disease risk lag behind in
being actively clinically translatable. This table was modified from work done by Stafford et
al. where they investigated how ML methods have been used in investigating IBD in a

clinical setting (Stafford et al., 2022).

Task No. Studies | Chosen ML Models Data Types Used
Disease Course 22 Bayes Network, Boosting, Clinical, Gene
Decision Tree, Hierarchical Expression, Genetic,
Clustering, Neural Network, Imaging,
Partial Least Squares Metabolomic,
Discriminant Analysis, Random | Metatranscriptomic,
Forest, Regression, Support Microbiome

Vector Machine

Diagnosis 18 Boosting, Hierarchical Gene Expression,
Clustering, Neural Network, Genetic, Imaging,
Random Forest, Regression, Metabolomic,
Support Vector Machine Microbiome

Disease Severity | 16 Bayes Network, Boosting, Clinical, Gene
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Decision Tree, Hierarchical
Clustering, Intelligent
Monitoring, Neural Network,
Regression, Support Vector
Machine

Expression, Genetic,
Imaging, Protein
Biomarkers

Disease Subtype

Boosting, Hierarchical
Clustering, Random Forest,
Similarity Network Fusion
Clustering, Support Vector
Machine

Clinical, Gene
Expression,
Metabolomic,
Microbiome

Treatment
Response

Neural Network, Random
Forest

Clinical, Gene
Expression,
Microbiome

Risk of Disease

Ensemble Model, Random
Forest, Regression

Clinical, Gene
Expression, Genetic

Patients

Patient Gaussian Mixture Model, Immunoassay,

Clustering Hierarchical Clustering, Latent | Metagenomic, Online
Dirichlet Allocation, Neural Posts, Questionnaire
Network

Medication Support Vector Machine Clinical

Adherence

Metabolite Sparse Neural Metabolomic,

Abundance Encoder-Decoder Network Microbiome

Identification of Natural Language Processing Clinical

Furthermore, Haran et al. conducted a study which employed all of the currently outlined
approaches to investigate the effects of the microbiome on Alzheimer’s disease (AD). They
looked at the effect of dysregulation of the anti-inflammatory P-Glycoprotein (P-gp)
pathway. Following a patient cohort of 108 patients for up to 5 months, taking stool samples,
and performing metagenomic sequencing in addition to the metadata of G-gp expression
gained from in vitro T84 intestinal epithelial cell functional assays. Then combining machine
learning approaches using clinical and metagenomics data to identify specific predictors of
the bacterial species that lead to the dysregulation of the G-gp pathway. They also
differentiated the microbiome of patients with AD and to those of patients without AD.
Overall, they observed that patients with AD had a higher proportion of microbes

responsible for the synthesis of butyrate and taxa that are linked to proinflammatory
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conditions. This study demonstrated the link between intestinal homeostasis by regulating
inflammatory pathways and microbial metabolism. However, they didn’t look at the effect
across multiple clinical layers and, more importantly, the transition from a healthy to a

diseased state (Haran et al., 2019).

There is an extensive amount of research in the application of ML methods to the
microbiome of IBD patients. This has been in an unsupervised approach with the aim to
explore the structure of sub-communities of the microbes or a supervised approach to
extract biomarkers. Some of the most commonly explored supervised models include;
gradient boosting, random forests, support vector machines and neural networks. This
research is not just limited to the methods themselves but also the preprocessing, feature
selection, feature engineering and model evaluation stages of the machine learning life
cycle. For example, studies have shown that taxonomic data outperforms pathways
(Kubinski et al., 2022). Moreover, the same study also highlighted the performance of
different normalisation and transformation methods applied to microbiome data, further
highlighting the importance of using the correct normalisation method for the model you
have selected (Kubinski et al., 2022). Bakir-Gungor et al benchmarked different feature
selection methods for biomarker selection from microbiome data. Of the approaches the
authors tested, XGBoost (Chen and Guestrin, 2016), Information Gain (Kent, 1983) and Select
K Best (Alex et al., n.d.) obtained the highest overall performance. The combination of Select
K Best and Random Forest classifier outperforms other methods to predict between healthy
controls and IBD patients (0.85 Fl-score, 0.93 AUC, and accuracy 88%) (Bakir-Gungor et al.,
2022). However, it should be noted that feature selection can result in a reduction in the
model's ability to generalise to different datasets, particularly between different cohorts or

sequencing technologies.

1.5 Network Biology and Systems Biology

As described in Barabasi et al., a disease rarely results from an abnormality in a single gene
or factor. Therefore, in multifactorial diseases, a systems-level approach is required to
elucidate the complex perturbations of the intracellular and intercellular mechanisms that
link between organs and systems within the body (Barabasi, Gulbahce and Loscalzo, 2011;

Gosak et al., 2018). Systems biology is a multidisciplinary field, which through a holistic
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approach models complex interactions within biological systems (Chuang, Hofree and

Ideker, 2010; Tavassoly, Goldfarb and Iyengar, 2018; Gosak et al., 2018).

This can be conducted through computational and mathematical analysis of biological data.
One such method to analyse these systems is to model the biological system in a graph data
structure, known as a network. In a biological network, nodes represent components of the
biological system (e.g. a protein) and the edges represent the relationship between these
components (e.g. an interaction). The same is true for metagenomic data, where a node can
show taxa and the edge can show the interaction/relationship between other microbes or
in fact the host. These interaction networks enable us to determine functional connectivity
patterns in multicellular systems. Hence by employing network metrics, mutually exclusive
microbes, co-occurring or associations with metadata can be identified. Computational
tools provided by network biology enable the systematic transverse of multiple molecular
layers of a particular disease, but also the molecular associations among seemingly distinct
phenotypes. Besides phenotype classification these methods also allow the identification of

disease modules and pathways of these phenotypes (Barabasi, Gulbahce and Loscalzo, 2011).

Networks can represent a microbial community structure by integrating multiple types of
information and providing the causal relationships between layers allowing for the
generalisation of the knowledge. More importantly, microbiome networks have been used in
longitudinal studies to determine prognostic indicators. Layeghifard et al. used microbiome
networks and change-point detection statistical methods to determine the point of change
in the distribution of stochastic processes to identify dynamic microbial communities which
lead to cystic fibrosis pulmonary exacerbations (Layeghifard et al., 2019). Meanwhile,
combining systems biology and machine learning approaches, Lugo-Martinez et al.
developed a pipeline that enables the integration of longitudinal data across samples to
investigate dynamic interactions from networks. This was achieved through a dynamic
Bayesian network (DBN), which represents the causal relationships between the clinical and
the taxa (Lugo-Martinez et al., 2019). To test their model applied their DBN model on the
infant’s gut, finding 14 microbial taxa, and 4 clinical and one demographic variables node

(Lugo-Martinez et al., 2019).
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1.5.1 Graph Theory and Network Science

The key to understanding complex systems is knowing how the system's components
interact. One approach is to represent the system as a network consisting of pairwise

connections between the components (nodes) and the interactions (edges) between them.

Although graph theory and network science are often used interchangeably, there are subtle
differences between the two terminologies. A network refers to a real system, while a graph
is a mathematical network representation. For example, we can model the sum of all
chemical reactions between a metabolite and a host as a network. However, the
mathematical representation we can apply would be a metabolic graph. That is to say, the
foundation of a network is underpinned by graph theory. Therefore, there are some overlaps
in the terminology between network science and graph theory (Table 1.2.) which can be used

interchangeably when talking about networks and graphs.

Table 1.2. Terminology between network science and graph theory.

Network Science Graph Theory
Network Graph

Node Vertex

Link Edge

A network can be directed or undirected. Directed networks have signed interactions and
describe a connection between a source node and a target node. In contrast, an undirected
network does not have the same signed interactions (e.g. protein-protein interactions). The
edges within a network can have attributes applied known as weights. A network is
weighted if the edges have weights and unweighted if the edges are not weighted. Finally, a
node can also encode additional information. Either by applying a weight, statistic or other

attributes to the node.

Once a network has been created, certain metrics can be used to describe the properties of
the network. This is often known as the topology of the network. These metrics can be used
to compare networks to one another in a global approach or to look into the local patterns

within the network. This thesis's main network metrics are degree, hub and shortest path.
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The degree represents the sum of the total number of links one node has to other nodes.
The average degree is defined as the total number of edges over the total number of nodes. A
node is defined as a hub when it has a higher level of connectivity than the average degree of

that network.

A hub is an intrinsic property of a scale-free network and is not observed in a random
network generated using Erdés-Rényi model. A network is said to be a scale-free network
where its degree distribution follows the power law. However, interestingly, not all biological
networks show evidence for being scale-free. Nevertheless, by the nature of a hub, it is
highly connected within a network, and therefore removing these nodes results in

disconnected graphs, i.e. there exist two nodes within the network that are not connected.

The final metric is path length, which can be considered a network's “distance” metric. A
path is a journey one would take between linking nodes of a network, and the number of
links within that journey is presented as the length. The shortest path is the fewest number

of links between nodes i and j.

Beyond holistic data analysis, visualising the network can be extremely beneficial. Often
allowing for a visual and interpretable representation of a complex system. Further
information can be encoded through the representation of nodes (size, shape, colour, label,
layout, etc.), edges (thickness, colour, arrow, etc.) and network layout (hierarchical, force

directed, etc.).
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Figure 1.7. Biological interactions are represented as a network. This figure shows how
interactions between biological molecules can be represented as a network. The circles
and squares represent molecules of interest (nodes), and the connections between them
are the interactions (edges). Those that are signed show the direction of the interaction and

those without a sign show a potential interaction can occur.

1.6 Biological databases and tools

To utilise the analytical approaches provided by network and systems biology, typically prior
or reference data is required. Molecular databases provide essential biological, contextual
and domain-specific information to enable not just the identification of biological molecules
but also to aid in determining the biological function as well. These databases have been
rapidly increasing in numbers, and as of writing, there are over 1700 publicly available

biological databases (Imker, 2018).

1.6.1 Sequence databases

The largest and central database for protein sequences and annotations is the UniProt
resource (UniProt Consortium, 2021). The aim of UniProt is to provide a knowledge base of

all protein sequences with high-quality functional metadata. As of writing, there are
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approximately 190 million unique sequences held in UniProt’s sequence database UniProtKB,
which has almost doubled in past years despite the author's best efforts to reduce the

amount of redundancy in the database (UniProt Consortium, 2021).

In addition to the protein sequence and functional annotations, UniProt also holds
taxonomy, interactions, subcellular locations, post-translational modifications, expression
and other biological database information. For example, UniProt holds extensive gene
ontology and alternative identifiers from other databases like PFAM (which is a large-scale,
complete and accurate classification of protein families and domains (Mistry et al., 2021)).
This makes Uniprot well-suited as a central repository to access any protein information.

Table 1.3 outlines UniProt’s proteomes summary statistics as of November 2022.

Table 1.3. Uniprot proteomes summary statistics as of November 2022. Up-to-date

statistics can be found at https:/www.uniprot.org/proteomes (UniProt Consortium,

2021)

Proteome Type/Superkingdom Number
Reference proteomes 22,114
Other proteomes 137,331
Redundant proteomes 282,657
Excluded proteomes 27,603
Bacteria proteomes 349,114
Viruses proteomes 115,399
Eukaryotic proteomes 4,342
Archaea proteomes 3,844

1.6.2 Protein structure databases

Metagenomics, the identification of the composition of the microbiome, frames the
potential of the microbiome between conditions. However, within the gut microbiome
resides microorganisms which are commensal, symbiotic and pathogenic and under most
circumstances, these bacteria and the host are in symbiosis. That is to say, the functional

effect of these same bacteria can change during times of dysbiosis. Two key ways these
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microbes communicate with the host are; (1) through protein-protein interactions and (2)
through the production of metabolites. Therefore, they are key to understanding how the

bacterial proteins and metabolites within the gut interact with the host.

For protein-protein interactions, there are two predominant types of interactions.
Domain-domain interactions, where a domain of one protein is physically interacting with a
domain of the other leading to one protein exerting its effect on the other (Itzhaki et al.,
2006). Alternatively, domain-motif interactions occur when a protein domain interacts with

a protein-containing motif (Akiva et al., 2012).

In a domain-motif interaction, the protein with the domain exerts its effect on the protein
containing the motif. In particular, these interactions are regulated by short linear motifs
(SLiMs), which are short amino acid sequences of approximately 3-10 base pairs in length
(Brito and Pinney, 2017; Idrees, Pérez-Bercoff and Edwards, 2018). The current standard of
the database holding SLiM is the ELM database developed by the European Molecular
Biology Laboratory (EMBL) (Kumar et al., 2022).

Domain-domain interactions can be identified experimentally by inferring their
three-dimensional structures (Raghavachari et al., 2008). However, it is becoming
increasingly common to use a computational approach instead through methods such as
sequence co-evolution, phylogenetic profiling, probabilistic frameworks and machine
learning approaches (Yellaboina et al., 2011). The largest collection of domain-domain

interactions can be found in the Pfam Database (Mistry et al., 2021).

More recent approaches using Deep Learning architectures have yielded more accurate
results than competing methods. An example of this is Google’s AlphaFold (Jumper et al.,
2021) or Evolutionary Scale Modeling (ESMFold) (Rives et al., 2021). Briefly, AlphaFold
employs a network-based approach and works by incorporating novel neural network
architectures and training procedures based on the evolutionary, physical and geometric
constraints of protein structures. While ESMFold utilised a transformer, a large-scale
language model, which leverages the improved performance in structural learning and

Natural Language Processing (NLP) evaluation methods like perplexity (Rives et al., 2021).
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1.6.3 Protein-protein interaction databases

Protein-protein interaction (PPI) databases are a collection of both experimental and in
silico interactions which have been integrated together to provide fast and efficient access
to this data. The most complete resources are STRING (Szklarczyk et al., 2021), IntACT (Del
Toro et al., 2022), UniHI (Kalathur et al., 2014) and BioGrid (Oughtred et al., 2021). The key
advantage of PPI databases is they give a confidence score to the interaction reflecting the
evidence supporting the interaction. The highest confidence interactions come from
experimentally obtained interactions and the lowest confidence comes from those that are

solely based on predicted interactions.

One of the limitations of PPI databases is that each curation effort takes a different
approach, leading to PPI databases holding differing attributes. An example of this would be
the introduction of new protein identifiers (ID) as the primary key or in some cases a unique
database-specific protein ID. This gives added complexity when performing PPI network

analysis downstream as you need to ensure the quality of any ID.

A database that aims to solve this issue is Omnipath (Ttrei, Korcsmaros and Saez-Rodriguez,

2016; Turei et al., 2021). The Omnipath database (https://omnipathdb.org/) is a large

collection of more than 100 resources that have collected and standardised the data. The
standardised data is then held in five different knowledge bases (sub-databases); network,
enzyme-PTM, Complexes, Annotations and Intercell (Tirei, Korcsmaros and
Saez-Rodriguez, 2016; Tirei et al., 2021). The database has an Application Programming

Interface (API) to request data but is also available as a python, R and Cytoscape package.

1.6.4 Metabolic pathway resources databases

There are multiple large databases used for metabolite identification including; HMBD,
METLIN, GMD and MassBank (Wishart et al., 2007; Smith et al., 2005; Vinaixa et al., 2016;
Horai et al., 2010). However, as of present, they lack high-quality interaction databases for
metabolomics. Typically, metabolomic pathways have been used to fill this gap. A database
such as BioGRID (Oughtred et al., 2021), KEGG pathways (Kanehisa et al., 2023), and MetaCyc
(Caspi et al., 2014), provide manually drawn pathways to aid in mapping metabolomic
signatures to functional and regulatory mechanisms. More recently, a new database was

released called gutMGene (Cheng et al., 2022), which provides a manually curated database
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of microbial gene and microbial metabolites interaction through potential intermediate

targets.

1.7 Inflammatory Bowel Disease

Inflammatory bowel disease (IBD) is a chronic multi-systemic inflammatory disorder of the
gut. There are two distinct disorders which encapsulate IBD; ulcerative colitis (UC) and
Crohn's disease (CD) (Roda et al., 2020; Ungaro et al., 2017; Kobayashi et al., 2020). Although
often grouped together, the two diseases differ in pathophysiology, symptoms,
complications, therapeutic management and disease course. More specifically, CD presents
with patchy lesions throughout the gastrointestinal tract. In contrast, UC presents mucosal
inflammation, starting at the rectum and continually propagating throughout the colon
(Kobayashi et al., 2020). A key difference between the two diseases' pathophysiology is that
the inflammation is typically restricted to only the mucosal layer in UC. In contrast, in CD,
the inflammation can affect all layers of the bowel, which results in added complications,

such as fibrosis, fistulas and strictures.

The exact pathogenesis of UC and CD is still unknown, however, multiple factors have been
implicated in the disease development (de Souza and Fiocchi, 2016). These factors include a
dysregulated immune system, genetic factors, alterations in the gut microbiota (microbes,
fungi and viruses abundances) and external factors (environment, diet, therapy etc.) (de
Souza and Fiocchi, 2016). Each of these factors contributes in part to disease pathogenesis
in IBD (Figure 1.8.). However, the complex interaction between these factors results in IBD is

not completely understood (Roda et al., 2020; Kobayashi et al., 2020).
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Figure 1.8. A high-level overview of the multifactorial nature of IBD. IBD is considered to
have 3 main risk groups. Genetic risk factors, environmental risk factors and
microbiome-related risk factors. These different risk categories together lead to the

pro-inflammatory response.

The incidence and prevalence of both UC and CD are rapidly increasing worldwide. With
both diseases being defined as progressive diseases (i.e. an individual’s disease will spread or
get worse), IBD is putting an ever-increasing strain on healthcare systems worldwide. As of

present, there is no known cure for IBD.
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1.7.1 Gut bacterial composition in IBD

Since the implication of the microbiome in IBD disease development, gut dysbiosis (i.e. the
alterations in the gut microbial composition) has been studied extensively over the past
decade to try and determine if there are a defined microbiota composition or marker
microbes that are specific to CD and UC (Glassner, Abraham and Quigley, 2020). Studies
have shown how the gut microbiome differs between IBD patients and healthy controls.
These studies demonstrate the reduction in microbiome diversity, lower levels of abundance
of anti-inflammatory taxa and an increase in invasive bacterial species (e.g. Escherichia coli)

(Glassner, Abraham and Quigley, 2020; Lee and Chang, 2021).
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Figure 1.9. Compared to a healthy gut, a schematic and overview of the pathophysiology
of IBD. In the healthy condition (left), a thick and intact mucus layer acts as a barrier
between the gut and the intestinal epithelium. However, in patients with IBD (right), this
layer of protection is missing, leading to bacterial invasion of the intestinal epithelium. In
combination with a dysregulation of the host's immune system, which leads to a

pro-inflammatory response (Figure adapted from BioRender).

When compared to healthy controls, specific changes in the gut microbiome composition
have been identified. Within CD patients, a reduction in the abundance of Firmicutes and
Bacteroidetes and an overrepresentation of Enterobacteria has been characterised in the
microbiota. Furthermore, CD patients have seen an increase in pro-inflammatory bacteria
such as Escherichia coli and in a reduction in anti-inflammatory bacterial species such as
Faecalibacterium prausnitzii (Quévrain et al., 2016). UC studies have linked Akkermansia
muciniphila, and also the genus of bacteria Desulfovibrio and Clostridium (Manichanh et al.,

2012; Bajer et al., 2017).

Table 1.4. Bacterial species extracted from the literature whose change in abundance

levels has been implicated in IBD (CD and UC) compared to healthy control.

Increased abundance in IBD

Decreased abundance in IBD

Fusobacterium species

Bacteroides species

Pasteurellaceae

Bifidobacterium species

Proteobacteria

Clostridium XIVa, IV

Ruminococcus gnavus

Roseburia species

Veillonellaceae

Sutterella species

The microbiota has also been implicated in the disease progression as well as the disease
development. For example, when looking into the disease activity of IBD patients, studies
have linked two locations of the gastrointestinal tract where the bacterial population is the
highest (i.e. the colon) and where the faecal matter remains at equilibrium (i.e. the terminal
ileum and rectum). Cloony et al investigated the microbiome variance in patients during

inactive and active states defined by the clinical marker faecal calprotectin (inactive < 250
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ug/g; active > 250 pg/g). The authors used a random forest and a ratio of two-time points
to implicate Bifidobacterium and Streptococcus bacteria as the top determinants between
active and inactive UC (Clooney et al., 2021). The same analysis was performed in CD, which
suggested that Hydrogenoanaerobacterium saccharovorans and Clostridiales were the top
contributors to stratifying by disease activity (Clooney et al., 2021). Nonetheless, it still
remains unclear whether these shifts in composition in a dysbiotic state are causative or a

response to the increase in intestinal inflammation.

The current therapeutic practice focuses on regulating the host’s immune system through
the use of include mesalazine, corticosteroids, thiopurines, methotrexate, ciclosporin,
anti-TNF, vedolizumab, ustekinumab, tofacitinib and antibiotics (Lamb et al., 2019). These
approaches largely ignore the role of the microbiome in disease pathogenesis. The potential
for the microbiota to act as a therapeutic intervention has shown great promise since the
introduction of faecal microbiota transplantation (FMT) in IBD patients (Costello et al., 2017;
Sokol et al., 2020; Shen et al., 2018). FMT aims to reset the entire microbiome in an IBD
patient from a healthy individual's faecal sample. Another treatment which is being
increasingly used in the clinic is the use of probiotics. Probiotics aim to help restore
symbiosis in the gut by inhibiting pathogenic bacteria, aiding the restoration of the
disturbed mucosal barrier and enhancing the intestinal barrier function (Sartor, 2006; Shen

et al., 2018).

1.7.2 Metaproteomics studies in IBD

Studies have suggested that only limited variance can be explained by the microbiome
composition alone in IBD patients. Although metagenomic outlines the genetic potential of
the microbiome in IBD patients, exploring what happens functionally during IBD could
reveal associations between different microbial taxa as well as the host. Therefore, there has
been an increasing focus on exploring the metaproteome present in the gut of IBD patients

(Lehmann et al., 2019).

Previous studies have investigated the functional potential by investigating the pathways
associated with the annotated metaproteomes. For example, a twin study extracted
metaproteomics data from six pairs of twins that were either healthy or had CD observed an
increase in carbohydrate transport and metabolism, an increase in host-bacterial

interactions and an increase in host-secreted enzymes (Erickson et al., 2012). Comparing
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IBD patients' metaproteomes to control studies have found associations between the
reduction of RprY protein from Bacillus fragilis in both UC and CD (Lehmann et al., 2019).
Moreover, Mills et al. demonstrated how Bacteroides vulgatus proteases are overabundant in
UC patients. To validate this they used an monocolonised IL10-deficient mice model was
with Bacteroides vulgatus and found that mice given broad spectrum-protease prevented
colitis further suggesting the role of overabundant Bacteroides vulgatus proteins play in UC

(Mills et al., 2022).

1.7.3 Metabolomics studies in IBD

The metabolome has been extensively researched in IBD. There have been six main areas of
biosample research; urine, blood (plasma or serum), tissue, breath and stool. However, in
this section, the focus will be on metabolites extracted from stool samples (Gallagher et al.,
2021). Metabolomics has the potential to link and reveal the underlying mechanisms
between the microbiota and the intestinal mucosa (Thomas et al., 2022). There are currently
three main candidates for IBD-related metabolites; Bile acids, Short Chain Fatty Acids (SCFA)
and Tryptophan (Zheng, Wen and Duan, 2022).

Bile acids have been shown to be perturbed in IBD patients compared to the health control,
with IBD patients having a reduction in both primary and secondary metabolites (Weng et
al., 2019; Franzosa et al., 2019). Conversely, other studies have suggested bile acids are
increased within IBD patients when comparing dysbiotic and non-dysbiotic microbiomes
(Lloyd-Price et al., 2019; Gallagher et al., 2021). This contradiction in results can be explained
when looking at integrating these samples with paired metagenomic samples, as bacterial
species associated with an increase in bile acid production were also increased in
abundance in these samples (Gallagher et al., 2021). The resulting shifts in the microbiome
composition and bile acid production have also been seen in blood-based metabolomics.
Work done by Roda et al, where CD patients with impaired primary and secondary bile acid
production saw an increase in production post-treatment of anti-TNF patients (Aden et al.,

2019; Roda et al., 2019).

Another class of metabolites which have seen marked changes in IBD are SCFA. SCFA are a
byproduct of microbial fermentation in the gut. Compared to healthy controls; Acetate,
propionate and butyrate have been found at lower concentrations in IBD patients (Machiels

et al.,, 2014; De Preter et al., 2015; Bjerrum et al., 2015). For example, SCFA like butyrate is
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reduced in active IBD and associated with the reduction of bacterial species Roseburia
inulinivoransa, which is known to be an SCFA-producing bacteria (Bjerrum et al., 2021; Aden
et al., 2019). Conversely, when anti-TNF is given to the patient butyrate levels increase and a
reduction in inflammation is observed (Aden et al., 2019). As well as the anti-inflammatory
effects, SCFA can act as an energy source for the host cell. Once again, a good example of
this is Butyrate which is also a primary source of energy for colonocytes (epithelial cells in

the colon) (Litvak, Byndloss and Baumler, 2018; Parada Venegas et al., 2019).

The final class of metabolites we will discuss here are amino acids. From stool samples,
patients with IBD have increased levels of both amino acids and branched-chain amino acids
when compared to healthy controls. It is considered that due to increased inflammation and
therefore intestinal instability in IBD patients there is a reduction in the gut’s ability to
effectively digest food (malabsorption) (Marchesi et al., 2007). During increased disease

activity, tryptophan metabolism also increases leadings (Nikolaus et al., 2017).

Table 1.5. Stool metabolites associated with IBD. A summary of 11 stool-based
metabolomics studies in IBD and the aggregated results of metabolite class changes in IBD

data compared to controls (Gallagher et al., 2021)

Metabolite Class Increase/Decrease in IBD
Lipid classes Increased
Amino Acids (Alanine, Glycine, Lysine, Increased

Phenylalanine, Taurine, Tyrosine)

Primary and secondary bile acids Decreased
Branched-chain amino acids Decreased
SCFA Increased
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1.8 Mathematical Notation

Uppercase letters such as X are matrices and X i is the i-th row and j-th column of matrix X.

A matrix X , states the i-th row of that matrix as a vector of length D.

Lowercase letters such as x are vectors and X, is the i-th element of vector x.

b
Y x,is just a for-loop that iterates x from a to b, summing all the x..

1=a
Notation f(x) refers to a function called f with an argument of x.
The dot product w - x is the summation of the element-wise multiplication of the elements,

suchthat ¥ (wx) = sum(w®x).

{}is a set of elements and is a [ ] vector of elements.

{X k]K represents a set of matrices of length K where the k-th element of the vector is a
k=1

matrix.

NxD .
R " are real numbers of size N rows and D columns.

NxD .
N " are natural numbers of size N rows and D columns.

H ;: gives the null hypothesis, while /_gives the alternative hypothesis.

NORMAL represents a normal distribution.
BETABINOMIAL represents a beta-binomial distribution.

a ~ represents simulation of a vector given some distribution and any interactions terms.
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1.9 Aims

My PhD project aims to develop an integrated machine learning-based systems biology
workflow to analyse gut microbiome data and identify prognostic indicators of healthy and
unhealthy conditions, using IBD as a case study. The approach is based on gut microbiome
data (e.g. metagenomics, metatranscriptomics, metaproteomics and metabolomic data),
which capture the composition and functional potential of the microbiome in modulating
host processes. Machine learning (ML) can efficiently model microbiome interactions as ML
can (1) learn novel features (by the automatic discovery of “regularities” without relying on a
priori knowledge); (2) capture multiple features (strains, proteins, pathways, etc.) and model

these for prediction; (3) quickly learn complex patterns across large datasets.

Combining ML-based features with host-microbiome interactions and systems biology (SB)
will improve our understanding of how microbiota contribute to health using generated
microbiome datasets. The project outcomes are expected to overcome critical challenges,
leverage existing data, and contribute towards BenevolentAI’s efforts in creating ML-based

solutions for inflammation-related disease treatments.

The research hypothesis of this project is that the machine learning-based analytical
pipeline utilising sequence and systems biology information will identify
microbiome-related features implicated in the transition between healthy and unhealthy

conditions in inflammatory bowel disease (IBD).

59



1.10 Objectives

Objective 1. Predict dynamic changes in critical features during the transition between
healthy and unhealthy conditions. Benchmarking and testing existing tools and developing

new methods to fill the gaps identified.

Objective 2: Identifying condition-related features in microbiome data. Available
microbiome data will be collected and analysed using various ML approaches to identify
critical communities/microbial products upon the switch between healthy and unhealthy

conditions.

Objective 3: Combining systems biology with the developed ML approaches to identify
microbiome-host mechanisms. Analyse the ML-based communities and proteins and
predict changes using bioinformatic workflows developed previously at the Korcsmaros

group to infer microbe-host interactions (Sudhakar et al., 2019).

Objective 4: Create an automated ML-SB pipeline for reproducibility and scalability when
running on a complex condition-related dataset. Create proper documentation and
integrate codes into a unified pipeline for repeated use with similar datasets or projects

initiated by BenevolentAl.
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Chapter 2: Exploratory data analysis on
longitudinal metagenomics samples using

traditional microbiome analysis methods

2.1 Introduction

It has been well studied how the microbiome of Inflammatory Bowel Disease (IBD) patients
differs from healthy controls or non-IBD patients (Chapter 1, Table 1.2). The difference
between a healthy and a diseased (dysbiotic) microbiome can be measured in many different
ways. The data extracted from these high-throughput DNA sequencing studies can be
represented as counts, proportions or as ratios. One such approach is compositional data
analysis (CoDa) (Gloor and Reid, 2016; Mandal et al., 2015; Greenacre, Martinez-Alvaro and
Blasco, 2021). CoDA differs from more standard approaches as it describes the dataset as an

arbitrary sum (Aitchison, 1982).

A lot of microbiome studies rely on relative abundance (or proportions). Although this is
suitable for some analyses, if one would like to apply an approach that uses Euclidean
distance, the resulting representation of the data could induce biases, which would lead to
incorrect conclusions being drawn (Ricotta, 2021). Therefore, it is generally accepted that
for a CoDa approach, the counts or proportions need to be a transformed ratio between all
parts (Gloor and Reid, 2016). An example implementation of this is the centred log-ratio

(CLR) transformation (Aitchison, 1982) :

clr(X) = (log(x,/g), log(x,/g) ... log(x /g ))
(Equation .2.1)

where g(x) is the geometric mean of all values in the vector X. CLR is a transformation
method that can be used to remove the constraint that is present in compositional data.
This enables the data to be used by statistical methods and other downstream approaches
and is a fundamental tool used by researchers to explore the complexities of compositional

data (Faith, 2015). This approach would be robust if microbiome data were not sparse. The
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sparsity of the data is problematic for these transformation algorithms as they cannot
compute the geometric mean if the vector they are being applied to is O (Gloor and Reid,
2016; Mandal et al.,, 2015). Methods have been developed to address these issues, for
example, robust centre log ratio (RCLR), which accounts for the sparsity of microbiome data
sets (Martino et al., 2019). However, this transformation requires changes to the ordination
algorithm used, as it treats O as missing. Another approach would be the use of a
Bayesian-based approach. Here, the parameters and transformations can be made in the
model to account for the over-dispersed and zero-inflated count matrix (Sankaran and

Holmes, 2019; Zhou et al., 2022) (this will be explored further in Chapter 3).

After the correct normalisation and transformation of the data, the next approach could be
to find differences between samples or groups of phenotypes. A good first measure is to
assess the diversity of the microbiome. This can be done using alpha or beta diversity. Alpha
diversity observes the number of taxa present in a sample. The simplest example of this
metric is richness, which is defined as the total number of different species within the
sample. Meanwhile, beta diversity measures the variability of the communities of taxa by
calculating the dissimilarity or distance between samples. The resulting measures can then
be used in ordination or by clustering methods to try and group similar samples together
(Walters and Martiny, 2020). These measures are important and fundamental to human gut
microbiome analysis, as associations between healthy and unhealthy conditions, because
they provide insights into the differences and similarities in microbial composition. By
understanding how microbial communities vary from person to person or in different
conditions, patterns and factors that might influence health and disease can be identified
(Manor et al., 2020; Hou et al., 2022). Beta diversity thus plays a crucial role in elucidating
the complex interactions within the gut microbiome and how these interactions might be
linked to various health outcomes, dietary habits, environmental exposures, or disease
states. This level of analysis is essential for advancing personalised medicine and developing
targeted interventions to modulate the gut microbiome for better health outcomes

(Petrosino, 2018; Cammarota et al., 2020).

2.1.1 Aims

In this chapter, I develop a preprocessing pipeline to enable the fast, efficient and

structured preprocessing of metagenomic datasets and then apply this pipeline to publicly
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available IBD and healthy control datasets. I will then perform exploratory data analysis on
this dataset using both typical data science and microbiome analysis approaches. This

chapter aims to:

e Develop a flexible and scalable metagenomic preprocessing pipeline

e Perform exploratory data analysis on longitudinal metagenomics samples from UC,
CD patients and healthy controls to gain a greater understanding of longitudinal
microbiome data in IBD

e Describe and identify the potential limitations of using traditional microbiome

analysing approaches on a longitudinal dataset
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Figure 5 Opportunities and challenges in the use of machine learning and data integration to achieve improved and personalised healthcare in IBD.
While challenges exist in generating good quality data in a standardised manner and at a volume deemed suitable for ensuring baseline performance
of machine learning models, there remain difficulties in terms of the expertise needed to identify and employ appropriate tools for data integration
and interpretation. However, with emerging advances in the data integration field, the incentives and opportunities to advance precision medicine
with clinical implications are expected to drive integrative IBD research forward.

frameworks to manage problems related to storage, analysis,
integration and interpretation of big data. Most of the infrastruc-
tures are being explored and adopted from the computer science
field into healthcare. These include cloud-based data storage and
analysis, and massively parallel processing hardware to tackle the
rapid increase in the volumes of data from EMR, imaging and
omics measurements, for example. Moreover, there is a need for
user-friendly software and workflows to facilitate the integration
of big data analytics into clinical practice. For instance, there
have been efforts into developing NLP-based software to assist
medical investigators with extracting data from plain text, such
as clinical reports. 2! 122

On the other hand, many clinicians are cautious of artificial
intelligence approaches mainly because most of these approaches
are essentially black boxes and do not link predictions to under-
lying mechanisms, nor provide functional explanations for the
discovered associations, correlations and recommended deci-
sions. However, causal mechanistic insights are key for clinical
applicability so as to enhance reliability and thereby patient
safety, especially in a complex heterogeneous disease such as
IBD. Furthermore, as poorly validated models could do more
harm than good, in depth experimental and clinical validation
is crucial for machine learning-based models before implemen-
tation in clinical setting. From the analytics point, interpretable
machine learning models should be developed.'® Besides, there
is a need to benchmark performance indices and parameters to
evaluate the performance of machine learning techniques.'?*
Other challenges include the uncertainties associated with
analyses involving the use of biological networks despite the
functional context provided by the networks. Even though high-
quality manually curated and benchmarked networks exist,'> 126
analytical methods which take into account the uncertainties
of individual interactions and their contextuality need to be

developed. Clinical validation is fundamental for the implemen-
tation of artificial intelligence-based approaches. In one of the
first randomised clinical trials using artificial intelligence, Lin et
al compared the efficacies of childhood cataracts diagnosed by
senior ophthalmologists with those from CC-Cruiser, a previ-
ously developed artificial intelligence platform for risk stratifi-
cation and treatment guidance. This trial showed that regardless
of the inferior accuracy of CC-Cruiser compared with senior
ophthalmologists, artificial intelligence had the capacity to assist
doctors in decision-making.'*” '** All in all, clinicians are right
to be sceptical of the implementation of these otherwise inex-
plicable approaches in clinical practice, and although there have
been considerable advances in the implementation of big data,
there still remain many technological, translational and cultural
barriers for the assimilation of artificial intelligence approaches
into clinical practice.

CONCLUSION

By enabling data integration and assisting the discovery of non-
trivial patterns and translatable knowledge in the integrated
datasets, machine learning and systems biology offer unique
opportunities to study and investigate the aetiology of complex
diseases such as IBD. Machine learning guided IBD research
has great potential to accelerate the formulation of cutting-
edge precision medicine applications with clinical relevance and
utility. However, for the promise of machine learning to come
to translational fruition, there remain many stumbling blocks.
However, almost all of the challenges also come with a huge
potential for discovering knowledge and translating it to IBD
clinical practice. It is expected that, with the availability of large
IBD initiatives such as national biobanks with stored biomaterial,
datasets can be made more coherent and complete, thus filling
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the biological gap for systems biology and the statistical gap for
machine learning to produce knowledge which is closer to clin-
ical practice and translation.

SEARCH STRATEGY

Articles were retrieved from PubMed after employing the
following search criteria. Two key-word groups were created,
with the first one comprising “Inflammatory Bowel Disease”,
“Crohn’s disease” and “ulcerative colitis” and second one
comprising “machine learning”, “Artificial Intelligence”, “deep
learning”, “-omics”, “big data”, “systems biology”, “network
biology”, “genomics”, “transcriptomics”, “GWAS”, “proteomics”
and “microbiome™. Pairwise combination of keywords from the
two groups was used to search for articles published until July
2019. Only articles written in English were included.
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