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Abstract

The gut has a substantial resident microbiota localised in two major niches: the lumen and the
intestinal mucus layer. The microbiota is vital for host health, yet the gut must also prevent
uncontrolled incursion by pathogens or commensal microbes. Integral to host-microbe
interaction is a gut barrier; comprising the intestinal epithelial cells, mucus and antimicrobials
that regulate microbial entry, composition and the transit of metabolites and other molecules.
Disruption of the gut barrier and the microbiota are associated with inflammation such as the
autoimmune disorder, inflammatory bowel disease. | hypothesised that host-health is
associated with characteristic changes in the gut microbiota, with the mucus-resident bacteria
having the most profound impact on the host, due to their closer proximity to host cells.

Common techniques to probe microbiome datasets are based purely on subjective analysis
and biases. In this thesis, | developed a novel method for exploring microbiome data. By
constructing a phylogenetic tree of 16S rRNA sequence data derived from the stools and
mucus of wildtype mice, and those that develop spontaneous colitis (mdrla’ mice), I used a
random forest model on phylogenetically-defined clades. | found that the gut microbiota
could be used to distinguish our treatment groups, such as mouse age, and identified the
microbial characteristics that facilitated these associations. Hence, this method can be used to
provide informative information about the microbiota and its associations with other
conditions of interest.

To further explore the importance of the mucus microbiome, | then sought to define the
contribution of mucus-resident metabolites to host function. | explored the mucus metabolite
profile in the mdrla” mouse model. | show that although there were no overall differences in
the metabolite profile, there was variability in individual metabolites between wildtype and
mdrla™ mice. These differences were also concordant with significant intestinal
transcriptional changes. These data would suggest that changes to the mucus microbiota
coincide with metabolomic and transcriptional differences in mdrla™ mice that predispose
them to colitis.

My data highlighted the importance of microbial niche in colitis. To further explore the
mucus microbiota and its interaction with the host, | investigated the microbiome in
eosinophil-deficient (AdbIGATA-17") mice that had altered immune and barrier function. My
data showed that there was a significant reduction in bacterial diversity in the mucus that was
not seen in stool samples in AdbIGATA-1"" mice. Although | saw overall differences in the
microbiota of mice that lack eosinophils, a focused qPCR panel revealed that the biggest
differences in the microbiota lay between different microbial niches, i.e. stool, colonic and
small intestinal mucus.

Collectively, my studies confirm that a focus on the stool microbiome alone is insufficient to
capture the diversity of the gut microbiome. As a result, it is vital to explore all niches within
the gut, wherever possible, in order to gain a comprehensive insight into the role of the gut
microbiome in host health.
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1.1 Overview

The human body is host to a vast number of microbial species collectively termed the
microbiota. The term “microbiota” itself was first described by Lederberg and McCray
(2001) and refers to all microbial species within the host, encompassing bacteria
(bacteriome), fungi (mycobiome) and viruses (virome). However, the focus in this thesis will
be on bacteria. The microbial burden varies depending upon anatomical location, with some
of the key microbial sites being the mouth (Siqueira and Rocas, 2010), skin (Grice and Segre,
2011) and the gut which has the largest microbial burden at approximately 10" bacteria
(Sender et al., 2016). Due to their sheer number, it is reasonable to expect that the microbiota
would play significant physiological roles within the host and many roles have been
demonstrated experimentally, ranging from digestion of food substrates (Turnbaugh et al.,
2006), drug metabolism (Yoo et al., 2014) and immune development (Bengmark, 2013). As a
result, projects such as the Human Microbiome Project (HMP) conducted by the National
Institute of Health, have aimed to characterise and understand this extensive microbial system
(Peterson et al., 2009). Understanding what species inhabit the host and their various
genetic/metabolic contributions has been a considerable area of research within recent years.
As well as being beneficial, alterations in the microbial communities and/or altered immune
reactivity to the gut microbiota has been implicated in inflammatory disease, particularly
inflammatory bowel disease (IBD) (Li et al., 2014a; Glymenaki et al., 2017).

Inflammatory bowel disease (IBD) refers to a spectrum of chronic inflammatory disorders,
including Crohn’s disease and ulcerative colitis which are characterised by altered immune
reactivity to the microbiota. Mouse models have commonly been used to investigate genetic
changes that predispose to IBD which broadly comprise altered barrier permeability, altered
recognition of bacterial components and reduced anti-inflammatory function. In addition,
specific changes in the gut microbiota are associated with IBD (Kiesler et al., 2015). Much of
the research focuses on analysis of microbes found within the stools. However, the
microbiota varies along the length of the gastrointestinal (GI) tract and even within distinct
niches such as the gut mucus layer versus the gut lumen. The microbes found in the gut
mucus are within close proximity to our host cells and thus may have the biggest functional
impact on the host, yet remain relatively uncharacterised. Furthermore, methods to analyse
and characterise the microbiota are often purely correlative and biased by a focus on single
taxonomic levels. One functional mechanism behind the gut microbiota and its ability to

regulate host function could be via the production of metabolites. The microbiota produces
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metabolites derived from the diet and a particular group of metabolites known as short-
chained fatty acids (SCFAs) mediate anti-inflammatory effects on the host (Trompette et al.,
2014). However, the majority of studies to date have focused on serum, urine and stool

metabolites. Indeed, the mucus has been less well explored.

This thesis seeks to explore the hypothesis that host-health is associated with characteristic
changes in gut bacterial communities, with the mucus-resident bacteria having the most
profound impact on the host. To facilitate analysis of the microbiota, | developed a novel
non-discriminatory method to find associations between the gut microbiota and various
conditions of interest, such as microbial niche. | explored microbial diversity within the
mucus of the small and large intestine versus stool and investigated the metabolite profile of
the mucus. Overall the work showed that a focus on stool is insufficient to capture the full

diversity of the gut microbiota.

In the introduction I will describe the organisational structure of the gastrointestinal (GI) tract
and the immunological mechanisms that maintain gut homeostasis. | discuss the resident
microbiota and its organisation in the Gl tract. | then explain the acquisition and development
of the gut microbiota, including strategies to analyse the gut microbiome, starting from
sample collection to processing of the data. Following on from this, | discuss the importance
of metabolites and the role of the microbiota in IBD. Finally, | detail the hypotheses, aims

and objectives for this thesis.

1.2 Gut Barrier Function

The gastrointestinal tract (Gl) is a major immunological site within the body that incorporates
several components: the oesophagus, the stomach, the small intestine, the large intestine and
rectum. The small intestine and large intestine are further subdivided into different regions.
The small intestine comprises the duodenum, the jejunum and the ileum whereas the large
intestine comprises the caecum, proximal, mid and distal colon. The microbiota are separated
from the host by a ‘barrier’ of intestinal epithelial cells (IECs) and mucus. This gut barrier is
vital to maintain healthy gut homeostasis. The IECs can act as a physical barrier that helps to
maintain intestinal permeability- the ability of fluid and solutes to diffuse through the lumen
and gut tissue. A more permeable gut is associated with inflammation (Collett et al., 2008)
and therefore the ability to control the passage of fluid and small molecules is vital. There are

two key routes through which products can be transported across the epithelium:
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transcellularly (i.e. through cells, mediated by transporters) or paracellularly (between cells).
Paracellular permeability is regulated by a complex of proteins, known as tight junction (TJ)
proteins that interface with epithelial cells to form intercellular barriers. Key TJ proteins
include junctional adhesion molecules (JAM), occludin, claudin and ZO-1 (Lee, 2015).
Claudin comprises a family of proteins that act as the vital backbone for the TJ, where mice
lacking claudin-1 expression died within 24 hours of birth due to dramatic fluid loss (Lee,
2015). TJ proteins are regulated by a number of factors, and immune cells are important
including a subset of yo intraepithelial lymphocytes (IELs) (Dalton et al., 2006). Eosinophils
are specialised immune cells that have also been linked to epithelial integrity although the
mechanism by which they do this has not been fully elucidated (Johnson et al., 2015). The
role of eosinophils in the gut will be discussed in more detail in Section 1.2.1 Fluid
permeability is also maintained by a group of membrane proteins known as aquaporins
(AQP’s) (Ishibashi et al., 2009). Hence, epithelial cells play a vital role in controlling

intestinal permeability.

The IECs are a heterogeneous population of cells, that can comprise goblet cells that secrete
mucus, enteroendocrine cells involved in signalling and absorption, sensory tuft cells and
paneth cells (van der Flier and Clevers, 2009; Tschurtschenthaler et al., 2014) (Figure 1).
Goblet cells in the intestine secret the mucus protein MUC2 (Chang et al., 1994) and
maintain the integrity of the mucus barrier (Johansson et al., 2011). Production of mucus is
thought to be dependent upon the formation of an immune complex known as the NLRP6
inflammasome, where mice deficient in NLRP6 fail to clear Citrobacter rodentium infection
(Wlodarska et al., 2014), which was linked to the impaired secretion of mucus by goblet
cells. Hence, goblet cells are thought to be a key player in mucosal immunity (Johansson and
Hansson, 2014; Knoop and Newberry, 2018). Enteroendocrine cells are specialised epithelial
cells that release a variety of compounds in response to luminal signals. For example, they
secrete the satiation hormone ghrelin, serotonin and gastrin (Sternini et al., 2008). Curiously,
they are thought to be involved in the production of ‘taste-signalling molecules’ that sample
the local mucosa for nutrients and potentially harmful compounds, to either prepare for
absorption or a protective response (Sternini et al., 2008). Similarly, tuft cells are chemo-
sensory epithelial cells that comprise a small fraction of the small intestinal epithelium and
have been shown to contribute towards the type 2 immune response in parasite infections
(Gerbe et al., 2011; Howitt et al., 2016).
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Figure 1: Schematic illustration of differences in the gastrointestinal tract, between the
small and large intestine. (A) The small intestinal (SI) tissue folds giving rise to Crypts of
Lieberkihn and projection-like villi. The SI also contains Peyer’s patches, where resident
microfold (M) cells transcytose luminal antigens. The SI immune population under
homeostasis is also illustrated (B). (C) The colon folds giving rise to Crypts of Lieberkihn. It
also possesses increased mucus thickness, goblet cells and bacterial numbers. The colonic
immune population under homeostasis is illustrated (D). IEL: Intraepithelial lymphocyte;
NKT: Natural Killer Cell. Adapted from: Bowcutt et al. (2014).
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Collectively, the epithelial cells produce a slew of regulatory signalling molecules. Of
relevance to the microbiota, there are a group of antimicrobial peptides known as defensins
and cathelicidins that kill bacteria. In the small intestine, Paneth cells in the base of the villus,
known as the crypt of Lieberkiihn, contain inactive a-defensins that are cleaved into an active
state by Paneth cell-derived trypsin (Ghosh et al., 2002; Nakamura et al., 2016). However, -
defensins, produced by Paneth cells, neutrophils and macrophages, also comprise a major
arm of the defensins repertoire (Donnarumma et al., 2016). p-defensins have been shown to
mediate a variety of effects, such as dampening the pathology of Salmonella infection in the
gut (Fusco et al., 2017) and influencing wound repair (Williams et al., 2018). Additionally,
there are a host of other antimicrobial factors such as trefoil peptides, a unique family of
protease-resistant peptides that help to support intestinal epithelial barrier function (Kindon et
al., 1995). There are also antimicrobial lectins, such as the C-type lectin Regllly. Regllly has
been implicated in creating a bacteria-free region adjacent to the surface of the epithelial cells
(Cash et al., 2006; Vaishnava et al., 2011).

The mucus itself also contributes to the barrier function. There is a wide array of literature
discussing the protective properties of the mucus lining (Miller and Jarrett, 1971; Peterson
and Artis, 2014). It acts as both a physical barrier and a biologically active barrier against
commensal and pathogenic bacteria. The fundamental organisation of the mucus changes
from the stomach to the colon. The small intestine has a discontinuous mucus layer and is
less dense as opposed to the large intestine which is more substantial, comprising two mucus
layers: a loose outer layer inhabited by various microbial species and an inner, dense ‘sterile’
layer that is firmly attached to the epithelial cells (Johansson et al., 2008; Johansson et al.,
2011). The physical properties of this inner mucus layer prevents bacteria from breaching it.
However, bacteria are also controlled by secretory immunoglobulin (Ig)A produced by
plasma cells in the lamina propria. IgA is transported across the epithelium and into the
mucus layer which aids in antimicrobial activity (Macpherson et al., 2008; Macpherson et al.,
2018). Curiously, deficiency in IgA does not cause dramatic microbial perturbation, but is
thought to impact on localisation of bacteria, for example, oropharynx bacteria colonising the
gut which does not happen under normal conditions (Fadlallah et al., 2018). IgA adhesion to
bacteria is also thought to be involved in positively or negatively selecting for bacteria,
helping to shape the mucus-resident community (McLoughlin et al., 2016). These findings
were confirmed, where IgA binding to the mucus-resident species Bacteroides

thetaiotaomicron modulated its gene expression and function in vivo (Nakajima et al., 2018).
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B. thetaiotaomicron-secreted molecules induced by the IgA-binding were thought to be vital
for promoting healthy bacterial competition and protection against chemically-induced
colitis. Binding of high affinity IgA to bacteria has also been shown to select for colitis-
inducing bacteria (Palm et al., 2014). Therefore, IgA has vital roles beyond its antimicrobial
function and so it is important that mechanisms are in place to regulate IgA-secreting plasma
cells. It was previously shown that an immune cell type, the eosinophil, may play a role in the

regulation of 1gA-secreting plasma cells (Chu et al., 2014).

1.2.1 Eosinophils in gut homeostasis

Eosinophils are granule-containing lymphocytes and can microscopically be identified by
their bi-lobed nucleus. Eosinophil-derived granules can mediate a variety of functions, the
majority of these involving a cytotoxic effect (Acharya and Ackerman, 2014). These granules
include major basic protein-1 and -2 (MBP-1 and MBP-2), eosinophil peroxidase (EPX),
eosinophil cationic protein (ECP) and eosinophil-derived neurotoxin (EDN) (Acharya and
Ackerman, 2014). Historically, eosinophils were implicated in allergy, allergic airway disease
and asthma (Ramirez et al., 2018). Additionally, they contribute to anti-helminth immunity,
although they have been shown to have variable effects on infection depending on the
infection model (Klion and Nutman, 2004). Eosinophils have been implicated in remodelling
and wound repair (Leitch et al., 2009) and the regulation of gut homeostasis. Specifically,
eosinophils have been shown to contribute to the maintenance of intestinal permeability
(Johnson et al., 2015). Mice fed a high fat diet were depleted of eosinophils in the
gastrointestinal tract and developed increased intestinal permeability (Johnson et al., 2015)
whereas obese mice with normal eosinophil levels had no changes in gut permeability. The
mechanism behind the reduced eosinophil numbers was not fully elucidated, although
Johnson et al. (2015) stipulated that it could be a consequence of a defect to eosinophil
tracking to the gut. Interestingly, other studies have also reported a loss of eosinophils in
obesity (Withers et al., 2017). In line with maintaining permeability, eosinophils may also
play an important anti-inflammatory role. Indeed, eosinophils residing in white adipose tissue
were necessary for polarising macrophages from a naive to an anti-inflammatory state (Wu et
al., 2011a). The lack of eosinophils led to a loss of glucose tolerance that was only restored

upon restoration of eosinophil numbers.

Another aspect of gut barrier integrity that eosinophils may be involved in is the regulation of
IgA-secreting plasma cells (Chu et al., 2014; Forman et al., 2016). However, studies have

shown conflicting information with regards to the IgA effect. One study showed a decrease in
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IgA levels under naive conditions (Chu et al., 2014), whereas another study showed a
decrease in the small intestine and only in the context of infection (Forman et al., 2016) and
one study found no associations between eosinophils and IgA-secreting plasma cells
(Haberland et al., 2018)- although only spleen and bone marrow were investigated. It is thus
likely that the impact on eosinophils on IgA varies dependent on site and perturbations such
as infection. The use of littermate controls and the strain of mice may also be a factor in

inconsistencies in this literature (Bramhall et al., 2015).

A variety of mouse models have been used to start to dissect the contribution of eosinophils
to host health as reviewed by Jacobsen et al. (2014). Previous studies used IL-5" mice as a
proxy to indicate the impact of eosinophils on host function (Kopf et al., 1996) as IL-5 is an
important cytokine that promotes the generation of eosinophils. However, this transgenic
mouse does not specifically deplete eosinophils and will have other effects. The most
commonly used eosinophil-deficient mouse models are PHIL mice (Lee et al., 2004) and
AdbIGATA-1"" mice (Shivdasani et al., 1997), the latter of which have been used in this
thesis. AdbIGATA-1"" mice have a specific mutation to the transcription factor GATA-1,
which is vital for eosinophil development and maturation. Therefore, eosinophils are
specifically ablated within these mice. Given the importance of eosinophils in gut
homeostasis and their potential role in maintaining IgA producing plasma cells, it is likely
that eosinophils play a significant role in the regulation of the gut microbiota. However, there
has been no littermate-controlled study that has investigated the microbiota in eosinophil-

deficient mice.

1.3 The gastrointestinal tract and the resident microbiota

The abundance and makeup of the microbiota varies and also increases down the length of
the Gl tract, with the largest concentration of bacteria being found within the large intestine
(Sender et al., 2016). Although previous estimates have suggested that bacteria outnumber
human cells 10-fold (Gill et al., 2006), more recent analysis suggests that bacterial numbers

are approximately equal to our own cells (Sender et al., 2016).

Harsh physiological conditions within the oesophagus and the stomach prevent a diverse
array of bacteria from inhabiting these locations. The oesophagus has a relatively small
microbial concentration of 10 cells per g/ml (Di Pilato et al., 2016) and bacterial diversity is

limited. The majority of bacteria found throughout the length of the oesophagus include
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Streptococcus, Prevotella and Veillonella species (Gagliardi et al., 1998; Pei et al., 2004;
Fillon et al., 2012). The stomach is similarly limited in terms of the resident bacteria, with
concentrations ranging between 10%-10* colony-forming units (CFUs)/ml (Delgado et al.,
2013). The stomach is a particularly interesting environment, due to fluctuations in the levels
of gastric acid that can influence pH, an environmental factor known to have a substantial
effect on the gut microbiota (Jackson et al., 2016a). Major phyla within the stomach include
Firmicutes, Proteobacteria, Actinobacteria and Fusobacteria (Bik et al., 2006). However, the
presence of the potentially pathogenic bacterium, Helicobacter pylori can influence the
gastric microbiota to some degree, with reduced number of Proteobacteria in H. pylori
positive patients (Bik et al., 2006). A large proportion of individuals are colonised with H.
pylori, and for many it remains a commensal bacteria (Cariani et al., 1992). However, H.
pylori has been linked with conditions such as gastritis, inflammation of the stomach lining
and peptic ulcers (Watari et al., 2014) and gastric cancer (Rhee et al., 2014). H. pylori is a
dominant member of the gastric microbiota in gastric cancer patients (Yu et al., 2017) and as
such, has been targeted therapeutically to try and reduce this cancer incidence (Hollister et
al., 2014; Moyat and Velin, 2014).

Although acidic conditions within the stomach limit bacterial diversity, the bacterial diversity
increases further down the gastrointestinal tract. This is likely to coincide with a change in
the flow of digestive fluids through the lumen and alkalinisation of the environmental pH
(Fallingborg, 1999). The microbial concentration within the small intestine is thought to
range between 10%-10 cells per gram of tissue (El Aidy et al., 2015). In human patients,
characterising the small intestinal microbiota remains a problematic issue as the site is
inaccessible via routine methods and typically requires invasive surgical intervention (Wang
et al., 2003; El Aidy et al., 2015). However, one paper was able to overcome this issue by
focusing on illeostomists, patients that have had their complete colon removed and thus the
illeal end of the small intestine is accessible via a stoma (Zoetendal et al., 2012). They
identified high levels of Streptococcus and Clostridium sp. within the small intestine and
these findings are consistent with other studies. Veillonella sp. are also a common bacteria

found within the small intestine (Gevers et al., 2014).

The large intestine possesses the most numerous and diverse array of bacteria within the
human body with an estimated 3.8 x 10" bacteria in the large intestine (Sender et al., 2016).
The large intestinal microbiota is dominated by key bacterial phyla that include Firmicutes,
Bacteroidetes and to a lesser extent Proteobacteria, Actinobacteria and Verrucomicrobia (Li
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et al., 2014b; Hugon et al., 2015). However, it is important to consider the numerous

microbial niches within the gut.

There are different microbial niches within both the large and the small intestine. A large
proportion of the gut microbiota is present in the lumen, which also facilitates the transport of
food material through the GI tract (Bengmark, 2013). However, the microbiota can also
reside in a mucus layer that is situated above the IECs. Typically, stool samples are used as a
proxy for the microbiota and this cannot fully capture the diversity along the GI tract or the
diversity across mucus and luminal resident bacteria. The microbiota inhabiting the mucus is
distinct from the community inhabiting the lumen (Li et al., 2015). One study examined
mucosal bacteria across different regions of the large intestine and found that mucus resident
bacterial species were generally consistent throughout the length of the large intestine mucus
but differed significantly from that of faeces (Zoetendal et al., 2002). Specifically, one study
showed that mucus samples had a greater relative abundance of Proteobacteria and
Fusobacteria than stool, although the stool had a greater proportion of Firmicutes and
Bacteroidetes (Tang et al., 2015). Our previous work has reflected the increased proportion of
Proteobacteria, although the mucus had a greater proportion of Firmicutes than stool
(Glymenaki et al., 2017). At lower taxonomic levels, Acinetobacter, Mucispirillum and
Flavobacteria have been identified as mucus-associated, whereas Roseburia and the families
Veillonellaceae and S24-7 have been identified as stool-associated (Hollister et al., 2014;
Tang et al., 2015; Glymenaki et al., 2017). Understanding these differences is important
because changes in one population of bacteria could have functional consequences for the
host, for example, the mucus but not the stool microbiota changing before the onset of colitis
(Glymenaki et al.,, 2017). Similarly, the mucus microbiota of cirrhosis patients was
significantly altered compared to healthy patients, whereas stool bacteria were not changed
(Bajaj et al., 2012). Such studies suggest the importance of understanding the mucus
microbiome to better study disease processes. However, the relationship between the bacteria
in the mucus and the lumen has largely remained unexplored. Understanding these
relationships is important, because focusing specifically on the faecal or mucus bacteria in

isolation would not give a full insight into the role of the microbiome.

1.4 The microbiota in immune function
The Gl tract is a major immunological site and thus there are mechanisms in place to regulate
both the immune system and the gut microbiota. However, the gut microbiota itself can also
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regulate immune development. Indeed, germ-free mice develop reduced numbers of T cell
subsets, including T helper (Th) cells such as Thl and Th17 cells (Ilvanov et al., 2008;
Spasova and Surh, 2014). Additionally, the microbiota play a role in the development of T-
regulatory (T-reg) cells (Ostman et al., 2006). Specifically, species such as Bacteroides
fragilis have been associated with T-reg induction via its polysaccharide A (PSA) capsule
and therefore promote health (Round and Mazmanian, 2010). However, other bacteria can
regulate immunity in more harmful ways. For example, segmented-filamentous bacteria
(SFB) are thought to induce T-cells to become Th17 cells, a cell type with mostly
inflammatory roles (lvanov et al., 2009; Wu et al., 2010). Th17 cells produce an array of
cytokines that include IL-17, IL-17F, I1L-21 and IL-22. These cytokines mediate
inflammatory and protective functions, such as antibacterial and antifungal immunity (Hayes
et al., 2014). SFBs are found in a variety of vertebrate species including humans and mice
(Davis and Savage, 1974; Klaasen et al., 1993) and are primarily localised to the ileum,
where they have been shown to mediate resistance against pathogen invasion (Garland et al.,
1982). This resistance mechanism could be due to increased IL-17 and IL-22 expression, as
when SFB were transplanted into Th17-cell deficient mice, CD4+ T cells were stimulated to
produce IL-17 and IL-22 (lvanov et al., 2009). Given that these are typically inflammatory
cytokines, this induction can also be harmful, driving phenotypes such as arthritis (Wu et al.,
2010).

It has been speculated that the development of the immune system is primed by early
microbial factors, such as the presence of specific bacteria or bacterial DNA in the placenta.
Indeed, Satokari et al. (2009) showed that the presence of bacterial species within the
placenta may prime the neonate’s immune system much earlier than previously thought, via
the activation of the innate immune receptor toll-like receptor 9 (TLR9). Additionally, it was
shown that a lack of commensal bacteria impaired the development of peripheral lymphoid
organs in germ-free animal models (Smith et al., 2007). As such, establishment of the
microbiota is a key stage in healthy immune development. From the gestational period, the
gut microbiota can also influence permeability of the blood brain barrier and development of
the specialised macrophage population in the brain- the microglia (Braniste et al., 2014;
Foster et al., 2017; Moya-Perez et al., 2017). Therefore, it is important to consider the

acquisition of our microbiota when considering immune development and disease.
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1.5 Acquisition of the microbiota

1.5.1 Initial acquisition

The time of initial acquisition, the point at which bacteria first colonise the infant, was a point
of contention. Early research suggested that microbial acquisition only occurred after delivery
of the infant and that the GI tract of newborns was sterile (Escherich, 1988; Mackie et al.,
1999). However, there is evidence that indicates the presence of bacteria within the
meconium (earliest faeces from a neonate), albeit in low numbers and with low diversity
(Jimenez et al., 2008). It has been debated whether there was a placental microbiota, however
it is now known that bacterial products can cross the placenta to influence the offspring’s
immune development (Blaser and Dominguez-Bello, 2016; Gomez de Aguero et al., 2016).
Bacterial DNA from Bifidobacteria and Lactobacilli have been identified in the placenta
(Satokari et al., 2009) and so there could be a transition of maternal microbiota to the neonate
as suggested by Thum et al. (2012). It was recently shown that maternally-derived gut
bacteria found within the infant gut were considerably more stable than those bacteria derived
from other sources (Ferretti et al., 2018). Given the strong role of transmission of microbiota
from mother to offspring, littermate controls are vital in microbiota studies in order to
account for potential differences that may arise due to mice having different mothers (Scholz
etal., 2014).

1.5.2 Shaping the infant microbiome

After birth the method of delivery can have an immediate impact upon the composition of the
infant’s microflora. A caesarean delivery usually leads to colonisation of the infant by the
maternal skin microbiota, including species such as Staphylococcus aureus and other
potentially harmful, non-skin resident species such as Clostridium difficile (Dominguez-Bello
et al., 2010; Nicholson et al., 2012). In contrast, if delivered naturally, the infant is typically
colonised with Bifidobacterium species (Mikami et al., 2009). Indeed, transmission of a
variety of Bifidobacterium sp. are thought to be inherited from the mother’s intestine if the
baby is delivered naturally (Makino et al., 2013). Additionally, the infant acquires bacteria
via the vagina including species such as Lactobacilli and Prevotella (Dominguez-Bello et al.,
2010). Natural births are thought to lead to healthy establishment of the gut microbiota which
in turn, is important development of innate and adaptive immunity (Macpherson and Harris,
2004). Compared to caesarean deliveries, natural births are thought to result in fewer negative

health consequences associated with the gut microbiota in later life (Moya-Perez et al., 2017).
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The consequences of ‘aberrant’ colonisation are thought to be numerous (Moya-Perez et al.,
2017). For example, postnatal acquisition at an early developmental stage was shown to be
important for neural regulation (Sudo et al., 2004) such that caesarean birth could lead to
defects in neural regulation that would be associated with the gut microbiota. Another study
found an association between the levels of S. aureus in the gut at the time of infancy and the
development of childhood obesity (Kalliomaki et al., 2008). Due to the potentially negative
consequences that may be associated with aberrant microbial colonisation via caesarean,
there has been a trend towards swabbing infants with vaginal fluids to restore the microbiota.
One study addressed the efficacy of this practice and although they found that the microbiota
could be partially restored, the long-term consequences were unknown (Dominguez-Bello et
al., 2016).

Numerous other factors can affect the development or acquisition of the infant microbiome.
For example, some cases of premature birth require treatment within intensive care units and
this environment can select for higher levels of C. difficile. However, Nicholson et al. (2014)
argue that there is little difference between premature and full-term infants in acquiring C.
difficile in hospital, unless hospitalisation is prolonged. Similarly, a recent study was unable
to identify a strong association between antibiotic usage and perturbations to the microbiota
in preterm infants (Dardas et al., 2014). However, they did note an increase in Actinobacteria

and Proteobacteria in infant faecal samples.

In addition to effects of birth on microbial colonisation, infant nutrition is vital in shaping the
microbiota. Breastmilk contains numerous beneficial fats and proteins that are vital for infant
development and may protect against necrotising enterocolitis, a major cause of infant death
(Autran et al., 2018). Breastmilk also contains a variety of bacteria that includes species such
as Bacteroides, Clostridium, Faecalibacteria, Roseburia, and Bifidobacteria (Collado et al.,
2009; Jost et al., 2013; Wang et al., 2017). It is thought that the levels of lactoferrin, an
immunoprotective component found within breastmilk, correlates with increased numbers of
Bifidobacterium species (Mastromarino et al., 2014). The process of breastfeeding plays a
vital role in seeding the infant’s gut with a ‘healthy’ microbiota and contributes to a positive
outcome for infant health (Pannaraj et al., 2017). For example, the protective benefits of
breastfeeding are thought to extend to reduced incidence of neonatal fever (Netzer-Tomkins
et al., 2016) and reduced incidence of obesity and diabetes (Binns et al., 2016). Following on

from breastfeeding, the gut microbiota becomes more stable one year after birth which often
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coincides with the introduction of solid food (Nicholson et al., 2012). How the microbiota

develops from this point onwards will now be discussed.

1.6. Development of the gut microbiota

1.6.1 Shaping the adult gut microbiota

Although the infant microbiota appears malleable to change, the microbiota becomes more
stable and less susceptible to change relatively early in life (Toole and Claesson, 2010).
Development of the gut microbiota from infancy is relatively consistent across humans
(YYatsunenko et al., 2012), where once the microbiota has established, it is dominated by the
two major phyla, Firmicutes and Bacteroidetes, (Section 1.3). Firmicutes are gram positive
rod-shaped bacteria, primarily located within the mucus layer (Harrell et al., 2012).
Bacteroidetes are gram negative rod-shaped bacteria. The microbiota is then shaped by diet,
which is one of the largest factors influencing the microbial composition. The ‘Westernised’
diet is thought to have negative consequences for the gut microbiota and host health, due to
the high levels of fat and low levels of fibre (Zinocker and Lindseth, 2018). A study
investigated the difference between a calorie-restricted diet, where recommended intake for
nutrients was met, but was 50% less calories compared to the westernised, ‘American diet’
and showed that the American diet led to significantly reduced microbial diversity (Griffin et
al., 2017). Reduced microbial diversity is typically associated with ill health in the gut, such
as inflammation and obesity (Ott et al., 2004; Manichanh et al., 2006). These conditions are
thought to arise, in part, due to diet-induced changes in the gut microbiota (Zinocker and
Lindseth, 2018). Specifically, a high fat diet can induce metabolic endotoxaemia associated
with an increase in endotoxin-producing bacteria (Pendyala et al., 2012). For example, a
mouse study revealed that a high fat diet resulted in increased bacteria from the class
Erysipelotrichi, which led to altered metabolic activity (Turnbaugh et al., 2009). The high fat
diet often coincides with a reduction in the availability of dietary fibre (Chassaing et al.,
2015) which may be the key factor in having negative health consequences for the host
(Makki et al., 2018). Depletion of fibre caused increased abundance of mucus-degrading
bacteria, leading to a reduction in mucus thickness and inflammation (Desai et al., 2016).
Indeed, in response to a fibre depleted diet, the microbiota used mucus glycoproteins as a

nutrient source which led to degradation of the mucus barrier.
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A well reported example of a high fibre vs fat diet refers to a hospital feeding study, where
two cohorts of adult patients were fed either a high fat/low fibre diet or a low fat/high fibre
diet (Wu et al., 2011b). The findings revealed that those on a high fat/low fibre diet possessed
a greater proportion of Bacteroides whereas the high fibre cohort possessed a greater
proportion of Prevotella species. Individuals within this study were between 18-40 years old,
where the microbiota should be more stable (Jeffery et al., 2012) and notably the altered
proportions of bacteria were only stable for the duration of the feeding study, leading to the
suggestion that long-term dietary changes are required for a sustained alteration of the
microbiota. The effect of long-term dietary alterations can be seen geographically, within
culturally distinct populations. Children in Burkina Faso, who predominately have a plant
based diet, had a greater proportion of Prevotella species in comparison to children in Italy
who had a greater proportion of Bacteroides (De Filippo et al., 2010). Dietary choice was
important in determining bacterial diversity, with the children in Burkina Faso having a
greater diversity of microbial species, including Xylanibacter. Similarly, patients who
regularly consumed fresh fruit and vegetables also had greater bacterial diversity (Claesson et
al., 2012; Hollister et al., 2014). Thus it may be that a high intake of fruit and vegetables that
are fibre rich has a positive influence for the gut microbiota. One study of a strict vegetarian
diet found that Clostridium dominated the gut microbiota (Hayashi et al., 2002). Another
study investigated the faecal microbiota comparing vegetarian and omnivorous diets in south
Indian women (Kabeerdoss et al., 2012). Curiously, omnivores seemed to have greater
numbers of bacteria from the Clostridium cluster XIVa, which are butyrate-producing
bacteria (Graf et al., 2015). Although this could have potential health benefits for omnivores,
Graf et al. (2015) discuss the fact that the diet study was conducted in south Indian women,
whose omnivorous and vegetarian diet is likely to differ substantially from the westernised
diet. Although diet is vital for shaping the microbiota, there are several periods within adult
life that can cause microbial instability. These periods include puberty, old age and in

women, pregnancy and menopause (Cabrera-Rubio et al., 2012; Konkel, 2013).

1.6.1.1 Age

Within the elderly, bacterial diversity decreases and there is a great deal of variability
between elderly individuals (>65 years old) than those of a younger age (Claesson et al.,
2011). One study explored the microbiota in patients on the extreme end of the age spectrum,
in centenarians (Santoro et al., 2018). This study stipulated that centenarians represented an

excellent model for exploring the aged gut microbiota, as these patients typically have no
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chronic disorders that may skew microbial analysis. However, many elderly subjects
experience reduced chewing ability, salivation and low gut motility that may reduce the
nutritional load supplied to the gut microbiota (Lovat, 1996). Additionally, the elderly are
more predisposed to immunosenescence and low grade chronic inflammation that can alter
the gut environment in such a way as to lead to more aerobic conditions (Claesson et al.,
2011; Santoro et al., 2018). Consequently, it has been shown that the ratio of Firmicutes to
Bacteroidetes decreases in old age, with Firmicutes being dominant in younger subjects and
Bacteroidetes prevalent in older subjects (Mariat et al., 2009). A change to more aerobic
conditions is thought to lead to this reduction in Firmicutes, but can also be followed by the
increased incidence of pathobionts. Pathobionts are bacteria that are not necessarily
pathogenic under homeostasis, but have the propensity to become pathogenic, for example, in
the context of old age. Pathobionts include various aerobic bacterial families such as
Enterobacteriaceae, Enterococcaceae and Staphylococcaceae (Santoro et al., 2018). Older
and frailer patients have also been shown to have key marker bacteria that include
Eubacterium dolichum and Eggerthella lentha, which coincides with a reduction in
Faecalibacterium prausnitzii, a bacteria typically associated with positive health (Jackson et
al., 2016b). Additionally, in a study of 161 elderly Irish individuals, Bacteroides was the
predominant phylum, but in comparison to younger control subjects, there was a greater
abundance of Clostridium sp. (Claesson et al., 2011). The significance of an altered
microbiota in the elderly is that it could potentially mediate functional consequences for the
host. One study implicated the age-associated changes of the gut microbiota as the causative
factor of age-related inflammation (Thevaranjan et al., 2017). Thus, age is a powerful factor

that influences the microbiota with great physiological effect.

1.6.1.2 Sex

It is known that sex differences can mediate biological differences within the host, for
example in terms of altered immunity. Indeed, males are thought to be more susceptible to
infection than females (vom Steeg and Klein, 2016). Thus it is likely that the gut microbiota
also differs between males and females. One study investigated the microbiota between mice
of different strains and different sexes (Elderman et al., 2018). They found several species
that were enriched in one sex, but not the other, but this was dependent upon the strain of the
mouse. For example, in BALB/c mice, Bifidobacteria were enriched in females compared to
males, whereas in C57/BL6 mice, Lactobacillus plantarum was enriched in females

compared to males. These findings are supported by another study, who also show-sex
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differences in the microbiota, but that the extent of these differences are dependent on strain
and host genotype (Org et al.,, 2016). Differences in the microbiota correlated with
differences in immune gene expression, suggesting that sex differences in the gut microbiota
could mediate functional differences for the host (Elderman et al., 2018). However, one study
does reveal that there are immune differences between sexes that are independent of the gut
microbiota (Fransen et al., 2017). Indeed, they showed that type | interferon signalling was
increased in the small intestine of germfree female mice. As the male mice were less
immunologically active, they noted an increase within these mice of Alistipes, Rikenella, and
the family Porphyromonadaceae, bacteria that are thought to ‘bloom’ when innate immunity
is reduced (Fransen et al., 2017). Therefore, sex differences are something that should be
taken into account for most experimental studies and in the case of the microbiota, it is vital
to ensure that appropriate comparisons are made.

1.6.1.3 Species

Although it may be expected that different species would have a different microbiota, mouse
models are often used, as it facilitates a more practical approach to understand how the
microbiota may be associated with a variety of conditions of interest. Thus, it is important to
consider whether the mouse and the human microbiota can be compared, an issue that was
reviewed by Nguyen et al. (2015). Anatomically, the intestinal structure is similar between
mouse and humans, although there are regional differences, such as mouse villi being longer
than human villi to provide a larger surface area for absorption (Nguyen et al., 2015). In
terms of the gut microbiota, under naive conditions, both humans and mice share similarities
at higher taxonomic levels. Indeed, at the phylum level, both the human and the mouse gut
microbiota are dominated by Firmicutes and Bacteroidetes (Eckburg et al., 2005). However,
there are some phylum level differences with mice containing Deferribacteres in the gut,
which are localised to the stomach and comprise a small fraction of the human microbiota
(Bik et al., 2006; Hugenholtz and de Vos, 2018). At lower taxonomic levels, genera are
typically different between humans and mice, with 85% of genera in mice not found in
humans (Ley et al., 2005). In terms of similarities however, Clostridium, Bacteroides and
Blautia are found in both mice and humans with similar levels of abundance (Nguyen et al.,
2015). However, they also show that genera common between the two species can differ in
abundance. For example, Prevotella, Faecalibacteria and Ruminococcus are more common
in the human gut, whereas Lactobacillus, Alistipes and Turicibacter are more abundant in

mouse gut.
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Thus, there are both similarities and differences in the healthy gut microbiota between
humans and mice, but changes in the microbiota are also associated with disease, such as
IBD. Do changes seen in the human gut microbiota also correlate with changes seen in the
mouse microbiota? IBD is typically characterised by a reduction in bacterial diversity in both
humans and mice (Ott and Schreiber, 2006; Nagao-Kitamoto et al., 2016; Pascal et al., 2017).
However, there are specific differences in how the microbiota changes, for example F.
prausnitzii is often reduced in human IBD patients, but this reduction is not seen within mice
(Vigsnaes et al., 2012; Nguyen et al., 2015). Crucially, mice have potentially many more
considerations for factors that could influence their microbiota. Like humans, the role of
maternal transmission of the gut microbiota is crucial thus it is important to use littermate
controls (Section 1.5.1). However, mice also partake in coprophagy, leading to the gradual
homogenisation of the microbiota between mice within a cage (Soave and Brand, 1991).
Thus, cage effect is a powerful factor that can influence the microbiota (Hildebrand et al.,
2013). However, many animal studies do not report these vital factors (Bramhall et al., 2015;
Florez-Vargas et al., 2016).

1.6.1.4 Antibiotics

Antibiotics have revolutionised healthcare and despite the increasing incidence of antibiotic
resistance, they are still widely used to combat serious bacterial infection. However,
antibiotics also have consequences for the gut microbiota especially during childhood
(Langdon et al., 2016). Evidence suggests that childhood antibiotic usage reduces
colonisation with beneficial species such as Bifidobacteria and Lactobacilli (Penders et al.,
2006). Delayed colonisation of the gut by these species may be associated with a spectrum of
disorders such as asthma, eczema, inflammatory bowel disease, obesity and diabetes (Dietert,
2014). One study found that usage of beta-lactam antibiotics such as penicillin led to an
alteration in the gut microbiota and carbohydrate metabolism, similar to that seen in obese
patients (Hernandez et al., 2013). Studies have also found associations between early
antibiotic usage and asthma (Droste et al., 2000; Stensballe et al., 2013). Children who had
taken antibiotics in the first year of life had significant associations with development of
asthma, taking into account factors such as earlier childhood respiratory illness (Droste et al.,
2000). Links with asthma were also attributed to maternal use of antibiotics during pregnancy
(Stensballe et al., 2013). An integrative study that comprised genome, transcript, protein and
metabolite analysis aimed to investigate how antibiotics could influence each of these factors

(Perez-Cobas et al., 2013). Overall, they identified oscillatory shifts in bacterial composition
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and metabolites at 6, 11 and 14 days from the introduction of antibiotics (Perez-Cobas et al.,
2013). However the expense of conducting such an integrative approach into microbiome

studies is often a limiting factor.

The adult microbiota however is less susceptible to long-term disruption than the childhood
microbiota perhaps because it has fully established and is more stable. One study of five
healthy volunteers who took amoxicillin for 30 days (De La Cochetiere et al., 2005) showed
that although there was significant initial disruption to the microbiota, sequence data from
faecal samples after 4 days of treatment suggested that the microbiota was 74% similar to the
profile found at day O, suggesting resilience of the adult microbiota. However, in one
individual, the disruption lasted for a further two months and so they suggest that variability
in resilience may be why some adults are more susceptible to outcomes such as antibiotic-
induced diarrhoea (De La Cochetiere et al., 2005). Such diarrhoea is often associated with the
presence of ‘harmful’ species including C. difficile and C. perfringens, which can bloom
during antibiotic treatment (Ackermann et al.,, 2005). Other consequences of these

perturbations to the normal gut microbiota could lead to an altered metabolite profile.

1.7 The Microbiota and Metabolites

One mechanism through which the microbiota facilitates health is via the production of
metabolites- small molecules derived from the diet, drug metabolism and from xenobiotics
(foreign, small molecules) (Li and Jia, 2013; Flint et al., 2014). The key metabolites that
microbiota contribute include bile and amino acids, tryptophan-derived metabolites and
short-chained fatty acids (SCFAs) (Aw and Fukuda, 2014). In germ-free mice, the
concentrations of plasma metabolites were significantly reduced compared to conventionally-
housed mice, highlighting the importance of the microbiota in metabolite production (Wikoff
et al., 2009). The microbiota are vital for determining the host’s capacity to harvest energy
from the diet, as shown by the transfer of the microbiota from obese mice to germ-free mice,
where germ-free mice acquiring this microbiota had dramatically increased energy intake
(Turnbaugh et al., 2006). Specifically, the microbiota expands the metabolomic profile of the
host, that the host would be unable to produce otherwise (Qin et al., 2010). The pathways
involved in producing these metabolites has been reviewed recently by Rowland et al. (2018).

However, specific metabolites will now be discussed.
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1.7.1 SCFAs

The most commonly discussed metabolites in the context of the microbiota are the SCFAs,
notably acetate, propionate and butyrate, known major contributory components to host
health (Morrison and Preston, 2016). The highest levels of SCFAs are found within the colon,
where they are absorbed by colonocytes, or can otherwise enter the liver and circulation via
the hepatic and portal venous system (Bloemen et al., 2009; Layden et al., 2013). SCFAs are
typically produced from the saccharolytic fermentation of carbohydrates, derived from
cellulose and dietary fibres (Morrison and Preston, 2016). The carbohydrates that SCFASs are
derived from are referred to as ‘non-digestible’ as the host is incapable of breaking them
down and depends upon the large intestinal gut microbiota to metabolise them (Levy et al.,
2016). Acetate is mainly produced by the phylum Bacteroidetes and that butyrate is produced
by the phylum Firmicutes (Hoverstad and Midtvedt, 1986; Macfarlane and Macfarlane,
2003). With regards to propionate, its production appears to be spread across different
phylum but with a limited range of bacteria, mostly comprising the mucin-degrading bacteria
Akkermansia muciniphilla (Derrien et al., 2004; Morrison and Preston, 2016). The species
Ruminococcus bromii plays a key role in butyrate production, as without this bacteria, starch
degradation is diminished resulting in reduced levels of butyrate (Walker et al., 2011; Ze et
al., 2012). F. prausnitzii is another butyrate-associated bacteria, and low levels of this
bacteria correlates with IBD in human patients (Takahashi et al., 2016; Ferreira-Halder et al.,
2017).

SCFAs have numerous functional impacts upon the host. In addition to being an energy
source (accounting for up to 10% of caloric intake per day (Donohoe et al., 2011)), they are
potent signalling molecules that bind to a wide array of receptors. For example, a diet
containing non-digestible fibres are thought to be linked to reduced incidence of obesity, type
2 diabetes and cardiovascular disease (Cho et al., 2013). The mechanism for this health
benefit could be due to SCFAs mediating a switch from lipogenesis to fatty acid oxidation, by
binding to the peroxisome proliferator-activated receptor gamma receptor (PPARYy) (den
Besten et al., 2015). This in turn can potentially lead to increased intestinal gluconeogenesis
(De Vadder et al., 2014). SCFAs are also known to bind to fatty acid receptors, such as free
fatty acid receptor (FFAR) 2 and 3, which can lead to modulation of adiposity and changes in
gut transit time (Brown et al., 2003; Samuel et al., 2008; De Vadder et al., 2014).

SCFAs are also important to regulate immunity. Butyrate production by commensal bacteria
was involved in modulation of T regulatory (T reg) cells, which are involved in suppressing
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immune responses (Arpaia et al., 2013). Other protective SCFAs include propionate, which
has been shown to have a protective benefit in allergic airway disease (Trompette et al.,
2014). Microbiome-produced acetate mediates protection against enterohaemorrhagic
Escherichia coli (EHEC) 0O157:H7 (Fukuda et al., 2011). Bifidobacteria strains that
expressed ATP-binding cassette (ABC) carbohydrate transporters could produce acetate in
the distal colon which was thought to mediate protection against EHEC-induced death,
perhaps due to enhanced defence at the epithelial cell barrier. Additionally, acetate plays an
important role in heart, muscle and brain cell development (Wong et al., 2006; Qin et al.,
2010).

1.7.2 Bile acids

Bile acids are the end products of cholesterol metabolism, accounting for a large portion of
converted cholesterol (Chiang, 1998; Chiang, 2013). Cholic acid (CA) and chenodeoxycholic
acid (CDCA) are the major bile acids synthesised (Chiang, 2013) and act to solubilise dietary
fat within the small intestine to facilitate the absorption of fat-derived vitamins (Brestoff and
Artis, 2013). Bile acids have also been shown to be an important mediator of the gut
microbiota and host health (Kakiyama et al., 2013; Ridlon et al., 2014). Indeed, in cirrhosis, it
was shown that dysbiosis of the colonic mucus microbiota was linked to a reduction in bile
acids in the intestine (Bajaj et al., 2012; Kakiyama et al., 2013). A reduction in bile acids led
to an increase in the pathobiont family, Enterrobacteriaceae (Bajaj et al., 2012).
Additionally, bile acids are thought to be involved in control of hepatic tumour development,
where the gut microbiota metabolises bile acids to indirectly influence natural killer (NK) T

cells within the liver, a cell type involved in killing host cells (Ma et al., 2018).

1.7.3 Amino acids and tryptophan-derived metabolites

Amino acids are defined as organic substances that contain both amino and acid groups and
are the building blocks of proteins, promote synthesis of hormones as well as acting as key
signalling molecules in a variety of pathways (Wu, 2009). The gut microbiota plays a vital
role in metabolism and maintenance of amino acids within the host (Lin et al., 2017). For
example, the microbiota is required for the metabolism of tyrosine and tryptophan to p-cresol
and indole-3-aldehyde (De Preter et al., 2015). Indole-3-aldehyde mediates protection against
chemically induced colitis and Candida albicans infection, via an IL-22 dependent
mechanism (Zelante et al., 2013).
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Tryptophan-derived metabolites are important in mediating host health and the gut
microbiota. Lactobacilli, are responsible for producing many of these tryptophan-derived
metabolites (Levy et al.,, 2016). The resulting compounds act as ligands for the aryl
hydrocarbon receptor (AhR), a transcription factor with potent immune effects (Monteleone
etal., 2011; Zelante et al., 2013) such as development of intestinal lymphoid follicles (Kiss et
al., 2011). AhR is important for maintenance of intestinal barrier function and the absence of
AhR is associated with reduced intestinal epithelial cell turnover (Li et al., 2011; Levy et al.,
2016). AhR activity is strongly mediated by diet, with ‘cruciferous vegetables’ (vegetables
such as broccoli and cauliflower) leading to increasing activity (Li et al., 2011). However, a
high fat diet can reduce certain tryptophan-metabolites, including indole-3-acetate (I3A) that

attenuate hepatic inflammation (Krishnan et al., 2018).

1.7.4 Analysis of metabolites

A variety of techniques can be used to analyse metabolites and are likely to be context
specific. For example, studies typically analyse serum and urine to give an overall
‘metabolomic footprint” of the host (Kell et al., 2005). However, this is unlikely to reflect on
metabolite changes at the local level, for example in specific tissue sites. Additionally, the
metabolites found within these samples are likely to be host-derived, which could be a

confounding factor when bacteria-specific metabolites need to be investigated.

Due to the complexity of the metabolome, one single method is insufficient to accurately
profile the metabolites within the host (Dunn et al., 2005). The most common methods
involve either gas or liquid chromatography, followed by mass spectrometry (GC or LC-MS)
(Dunn et al.,, 2011). If the metabolites to be analysed are from tissue, the tissue is
mechanically disaggregated resulting in separation of the sample into nonpolar and polar
fractions. Both fractions are collected and vacuum concentrated separately. Metabolites in the
polar fraction undergo a process known as chemical derivatisation, which makes the
compounds more volatile (Begley et al., 2009). This process is necessary for GC-MS, where
compounds are required to be volatile and thermally stable. GC-MS is a high resolution
technique that allows the separation of structurally similar compounds (Begley et al., 2009).
The remaining non-polar fraction goes forward for LC-MS. LC-MS can detect a broad range
of non-polar metabolites and is used where compounds cannot be chemically derivatised (De
Preter and Verbeke, 2013). MS is typically the same across any instrument, where samples
are introduced, ions are formed and separated according to their mass:charge (m/z) ratio and
spatially or temporally separated ions are detected and analysed (Ellis et al., 2007). The
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identity of each metabolite can be determined by its m/z value and retention time of its ion
peak, and its relative concentration estimated based on the height of the ion peak (Yoshida et
al., 2012).

Analysis of metabolites is a particularly important step, especially if functional inferences are
to be made from the data. As stated in this section, metabolites are important for maintenance
of host health. Therefore, a growing area of research is how bacteria-derived metabolites may

affect the development of IBD.

1.8 Inflammatory Bowel Disease

IBD refers to a spectrum of chronic inflammatory diseases namely ulcerative colitis (UC) and
Crohn’s Disease (CD). Morphologically, signs of IBD manifest in terms of loss of gut
architecture, such as crypt or villi destruction (Geboes and Dalle, 2002), though the extent
and nature of the damage differs in CD and UC (Nostrant et al., 1987). UC is characterised by
a continuous inflammation of the colon and is specific to the large intestine, whereas CD can
affect anywhere in the Gl tract (from the mouth to the anus) and the inflammation is typically
more severe leading to fistulas (Podolsky, 1991; Li et al., 2014a). CD is associated with high
levels of inflammatory cytokines IFN-y and IL-17 and thus often considered a Thl type of
disease, whereas UC tends to have higher levels of 1L-13 and can be thought of as more Th2
biased (Bao et al., 2017).

The disease typically manifests in adulthood, although can occur at any time throughout
childhood (Wehkamp et al., 2016). IBD is becoming increasingly more prevalent in
developed countries and is also now being diagnosed in developing countries (Molodecky et
al., 2012; Ng et al., 2018). IBD is associated with a variety of symptoms such as abdominal
pain and diarrhoea, relapsing and remitting inflammation and a frequent need for surgery to
remove inflamed gut (Kim and Cheon, 2017). The exact aetiology of the disease is unknown
and is multifaceted, including increased barrier permeability, altered immune responses to
commensal bacteria and immune dysregulation (Kang et al., 2013). The mechanisms behind
these disruptions could be as a result of both genetic and environmental factors (Halfvarson,
2011; Ek et al., 2014). Twin and heritability studies have failed to shed light into how
important genetic factors are for the development of IBD, but discuss that the interplay
between genetics and environment appears to be the key factor for IBD development

(Halfvarson, 2011; Gordon et al., 2015). However, there are some genetic predispositions for
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IBD, particularly with regards to genes that alter the interaction of the host with the
microbiota (Jostins et al., 2012). For example the PRR NOD2 has classically been linked to
the development of ileal forms of Crohn’s Disease (Peyrin-Biroulet and Chamaillard, 2007;
Vignal et al., 2007). NOD2 is involved in microbial recognition (by binding a component of
bacterial peptidoglycan) and hence contributes to immune and microbial homeostasis
(Moreira and Zamboni, 2012). As such, NOD2 deficiency has been implicated in increasing
bacterial load within the gut and thus has the potential to mediate pathology (Petnicki-
Ocwieja et al., 2009).

In many patients with IBD, there is often ‘dysbiosis’ of the gut microbiota, where the
microbiota is different when compared to the healthy state of the host. However, whether
inflammation occurs first which then impacts on the gut microbiota, or whether the
microbiota change before the onset of inflammation is unknown. However, we have shown
that the mucus-resident bacteria are altered in a spontaneous mouse model of colitis, before
the onset of any inflammation (Glymenaki et al., 2017). In colitis generally, the mucus layer
is thinner and goblet cell numbers decrease (Alipour et al., 2016; Glymenaki et al., 2017).
The microbiome is normally separated from the host within the lumen and the mucus by the
antimicrobial properties of both the mucus and the epithelial cell barrier (Kostic et al., 2014).
Thus, the implications of a thinner mucus are that the microbiota could directly contact host
cells and potentially drive inflammation (Glymenaki et al., 2017). In order to investigate the
aetiology of IBD, various mouse models have been employed. These models can take
different forms. There are chemically induced IBD models, such as the trinitrobenzene
sulfonic acid (TNBS)-induced IBD mouse model (Ettreiki et al., 2012) and the dextran-
sodium sulphate (DSS) mouse model (Okayasu et al., 1990; Chassaing et al., 2014). There
are biologically-induced models, for example, the parasite Trichuris muris has been used to
drive inflammation in the gut (Levison et al., 2011; Levison et al., 2013). There are also
gene-knockout models that lead to the spontaneous development of colitis, such as Muc2-
deficient mice (Van der Sluis et al., 2006), mice that have the regulatory cytokine IL-10
knocked out (IL-107" mice) (Rennick et al., 1997) and mdrla’ mice (Panwala et al., 1998).

This thesis will focus on the multidrug resistance (mdrla’) mouse model.

1.8.1 The mdrla’ Mouse Model
The mdrla”™ mouse model is a genetically engineered model that develops spontaneous
colitis over time, while having a fully functioning immune system (Panwala et al., 1998).

Mdrla is a large (170 kDa) P-glycoprotein multidrug resistance pump expressed on the cell
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surface (Wilk et al., 2005). It is part of a family of ATP binding cassette transporters that
transport small hydrophobic molecules, such as xenobiotics, across the membrane of the
intestinal epithelium. The efflux of xenobiotics is likely to have a protective effect on the
intestinal epithelial barrier by reducing potential toxicity (Panwala et al., 1998) and has also
been suggested to promote cell differentiation and survival (Johnstone et al., 2000). Mdrla is
encoded by two genes in humans (MDR1 and MDR3) and three genes in rodents (mdrla,
mdrlb and mdr2) (Chen et al., 1986; Hsu et al., 1989). The mdrla gene is expressed on a
variety of cell types, including CD4+ and CD8+ T cells, natural killer cells, dendritic cells,
IECs and endothelial cells at the blood brain barrier (Chaudhary et al., 1992; Panwala et al.,
1998; Wilk et al., 2005).

Having the mdrla gene knocked out results in the eventual development of colitis in mice
housed under SPF conditions, whereas germ-free mdrla’ do not develop colitis (Wilk et al.,
2005). Colitis can be reversed by the administration of antibiotics, supporting the importance
of the microbiota in colitis development (Panwala et al., 1998). There is a variation in when
this colitis develops, with a range of 8 to 35 weeks (Wilk et al., 2005). In our hands however,
the early signs of colitis occur around 18 weeks (Glymenaki et al., 2017). In humans, the
MDR1 gene has been reported to be a potential IBD risk factor (Ardizzone et al., 2007; Mijac
etal., 2018).

Mdrla mice have a significantly altered gut microbiota, especially in the mucus-resident
bacteria, compared to WT mice (Glymenaki et al., 2017). The ratio of gram positive to gram
negative bacteria was increased in the mucus of pre-colitic mdrla” mice, but not in the stool.
An increase in the gram negative bacteria in the stool was associated with inflammation
symptoms in the mdrla’ mice. However, the overall microbial burden was the same in both

stool and mucus samples (Glymenaki et al., 2017).

1.8.2 The Microbiota in IBD

IBD is associated with aberrant immune reactivity to the microbiota. Antibiotic treated mice,
or colitis-prone strains of mice such as the IL-2"and IL-10" mice do not develop IBD
symptoms if reared in germ-free conditions (Dove et al., 1997). Studies of IBD have
consistently shown a reduction in gut bacterial diversity (Manichanh et al., 2006; Alipour et
al., 2016; Glymenaki et al., 2017). Specifically, this means a reduction in the number of
different types of species within the gut, which could correspond with the pathobiont bloom

(Section 1.6.1.1). In human studies, it has been shown that F. prausnitzii is reduced in IBD
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patients, from both stool samples (Sokol et al., 2009; Ferreira-Halder et al., 2017) and the
colonic mucus (Lopez-Siles et al., 2015). F. prausnitzii is thought to mediate a protective
effect, as in vitro application of its supernatant to peripheral blood mononuclear cells
(PBMCs) led to reduced inflammatory gene expression of IFN-y and an upregulation of
regulatory cytokine IL-10 (Sokol et al., 2008). Additionally, in a chemically-induced mouse
model of IBD (the TNBS model) they revealed that oral administration of live F. prausnitzii
or its supernatant significantly reduced pathology (Sokol et al., 2008). The mechanism behind
these protective effects could be linked to butyrate as F. prausnitzii and an additional genus
Roseburia, are thought to be key SCFA producers (Morgan et al., 2012; Geirnaert et al.,
2017; Imhann et al., 2018). Roseburia hominis is a known butyrate producing species and

was found to be diminished in the gut microbiota of UC patients (Machiels et al., 2014).

Other important bacteria include Clostridia, particularly of the cluster XIVa and IV (Kim and
Cheon, 2017) which are thought to induce the production of T-reg cells that are involved in
anti-inflammatory responses (Atarashi et al., 2011). Treatment of mice with antibiotics that
targeted gram positive or gram negative bacteria, demonstrated a role for gram positive
bacteria and specifically spore-forming Clostridia in intestinal T-regs production (Atarashi et
al., 2011). Clostridia, but not other bacteria, such as Lactobacilli, caused IECs to produce
greater levels of the active form of TGF-B, an anti-inflammatory cytokine that induces T-reg
cells. Depletion of Clostridia can be associated with IBD development as well as coincide
with upregulation of invasive E. coli that have been identified in the mucosa of CD patients
(Baumgart et al., 2007).

1.8.3 Metabolites in IBD

In IBD, both CD and UC patients have a disrupted metabolism, and quantitative metabolomic
profiling can discriminate between healthy and IBD patients (Schicho et al., 2012). SCFAs
have been used therapeutically to ameliorate the symptoms of IBD (Harig et al., 1989;
Scheppach et al., 1992; Scheppach, 1996) and highlight the role of butyrate as an anti-
inflammatory agent. A study that examined the faeces of both CD and UC, showed decreased
levels of butyrate and acetate compared to control subjects and elevated levels of amino acids
(Marchesi et al., 2007). Indeed, one study investigated the serum and plasma of IBD patients
and found that isoleucine and one of its by-products, 3-methyl-2-oxovalerate is increased in
the serum and plasma of patients with IBD (Schicho et al., 2012; Bao et al., 2017). There also
appears to be region-specific differences, as levels of amino acids in the faeces and the
colonic mucosa of IBD patients differ (Marchesi et al., 2007; Balasubramanian et al., 2009).
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Specifically, amino acids, particularly isoleucine and leucine have reduced concentrations in
the colonic mucus of IBD patients (Balasubramanian et al., 2009). Arginine, an important
metabolite known to play a role in wound repair with anti-inflammatory effects (Alexander
and Supp, 2014), ameliorated the symptoms of TNBS-induced colitis in rats (Al-Drees and
Khalil, 2016).

A caveat of studies that look at both the microbiome and metabolites is how the microbiome
has been analysed. Therefore, it is important to consider the overall procedures used, starting

from sample collection to data analysis.

1.9 Analysing the microbiome

With an ever growing number of microbiome studies, it is important to consider how such
studies are analysed as the analysis can have dramatic impacts on the quality of findings. In
this section | will consider the methods for sampling, analysing and presenting data from
these studies.

1.9.1 Sample collection

For studies involving the gut microbiome, it is common to take faecal samples. This can only
give a partial insight into the intestinal microbiota as bacteria reside in the mucus and lumen
and vary along the GI tract. However, extracting bacteria from the mucus is not as
straightforward because samples may require surgical collection from the gut, as well as

careful preservation.

Most patients undergoing surgery or biopsy will have undergone some form of colonic lavage
(Hollister et al., 2014). Mucispirillum, a genus known for colonising the GI mucus layer in
laboratory rodents, is lost after a bowel preparation (Robertson et al., 2005). In addition,
lavage would likely alter the luminal bacteria and so is a practice that should possibly be
avoided with regards to gut microbiome studies. One study examined tissue from patients
undergoing emergency bowel operations, where no colonic preparation was performed
(Ahmed et al., 2007) that confirmed differences in the microbiota between different microbial
niches within the gut. Taking tissue in this instance may avoid the issue of bowel treatments
altering the microbiome, but it likely to be impractical. A solution to this problem has been
proposed by the company Origin Sciences, who have developed a novel mucus extraction

method from human patients (Sciences, 2018).
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1.9.2 Sample extraction

Following sample collection, the specimens must be processed for downstream analysis, the
process of which will differ according to the microbial community to be analysed i.e.
bacteria, fungi or viruses as well as the subsequent sequencing to be performed. Several
comprehensive reviews have analysed the efficacy of these extraction methods (Kuczynski et
al., 2012; Morgan and Huttenhower, 2014; Wesolowska-Andersen et al., 2014). Once the
DNA has been extracted there are several approaches that can be taken to analyse the

microbiome.

1.9.3 Sequencing-independent analysis

Denaturing gel gradient electrophoresis (DGGE) is a method that allows a prompt, qualitative
visualisation of differences in bacterial diversity between samples. By exposing the
microbiome sample to extreme denaturing conditions, the sample can be run on a gel and
bands corresponding to different taxa separate depending upon their percentage GC content.
This is commonly referred to as ‘genetic fingerprinting’ (Tzeneva et al., 2008). Individual
bands that differ between treatment groups can subsequently be excised and sequenced.
gPCR is another common method to analyse the gut microbiome and can ultimately provide
greater taxonomic resolution than NGS, depending on the primers used. Other sequencing-
independent techniques include fluorescence in-situ hybridisation (FISH), that utilises fixed
tissue sections and fluorescent staining to visualise specific DNA sequences. It is used to
identify and visualise specific or groups of taxa and is therefore more focused on identifying
where bacteria are localised within the tissue. A relatively recent technique has involved
exploiting IgA binding of bacteria (Palm et al., 2014). The rationale was that specific IgA
types would develop to target potentially damaging bacteria in the microbiota and bind these
with high affinity. Indeed, bacteria that possessed high levels of bound IgA could be isolated
and discovered to induce colitis when transplanted into germ-free mouse models (Palm et al.,
2014). However, specifically identifying the IgA-coated bacteria required the use of

sequencing technology.

1.9.4 Sequencing

After acquisition and processing of appropriate samples, they must be analysed. The analysis
involves the use of bacterial DNA sequence to determine bacterial identity and as a result,
allows the identification of taxonomic diversity within a given environment (Morgan and
Huttenhower, 2012). Sequencing bacteria can be done in various ways, the most common
methods being 16S rRNA sequencing and whole genome sequencing. Whole genome
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sequencing is becoming increasingly more feasible and has been shown to have numerous
advantages over 16S rRNA sequencing, such as increased read length and greater resolution
down to the species level (Ranjan et al., 2016). However, given that that this thesis has
focused on 16S rRNA sequence data and that the technique remains one of the most

commonly used methods used, this technique will be discussed.

Rather than sequence a whole genome, which was historically impractical, it was necessary
to identify a suitable bacterial marker that is ubiquitously expressed within all species, but
also allows the elucidation of different bacterial taxa. As such, the 16S rRNA gene was an
excellent candidate (Tringe and Hugenholtz, 2008). The gene comprises nine hypervariable
regions flanked by conserved sites. The conserved sites facilitate the use of universal
sequencing primers and the variable regions allow taxonomic identification of bacteria (Tyler
et al., 2014). The variable regions themselves are a key part of 16S rRNA sequencing.
Specifically, primers can either target a specific variable region or can span several of the
regions. Studies have investigated ‘optimal’ variable region and the consensus is that
different regions are better at identifying certain types of taxa, for example V3 was better at
identifying Haemophillus species (Chakravorty et al., 2007). Another study suggested that
V4-V/6 were the most optimal regions for taxonomic resolution (Yang et al., 2016). In reality,
the region used is ultimately dependent upon the practices of the sequencing facility at a

given institution.

The process of 16S rRNA sequencing must be facilitated by appropriate sequencing
technology. Following capillary sequencing, advancing technology led to more high-
throughput sequencing methods and this has broadened research into diverse microbial
communities in a range of environments (DeLong et al., 2006; Qin et al., 2010). One of the
earliest was Roche 454 pyrosequencing, although this has ultimately been superseded by
[llumina sequencing. These technologies all sequence DNA on a ‘massively-parallel’ scale,
albeit through different mechanisms. 454 sequencing measures light released upon the joining
of a nucleotide to the DNA strand, which is problematic when sequencing homopolymeric
regions (Luo et al., 2012). Illumina sequencing uses reversibly-terminating nucleotides
containing fluorophores. This takes place on a flow chip, although sequencing discrepancies
have been noted on different tiles of the flow chip (Luo et al., 2012). At comparable cost,
[llumina has been shown to outperform 454 under numerous circumstances (Luo et al., 2012;
Li et al., 2014c).
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However, all next-generation technologies have relatively short read lengths, i.e. the
maximum length of DNA that can be sequenced before artefacts begin to appear is quite
short. Read length is particularly important because this allows improved resolution when
identifying bacterial taxa (Tyler et al., 2014). Read lengths are often kept lower to minimise
the risk of sequencing errors and artefacts within the reads, although as technology improves,
the read length should also improve. The sequencing output then undergoes ‘quality control’.
This comprises the removal of chimeric sequences (where partial PCR products have been
used as a template for amplification to generate recombinant sequences), low quality reads
(where read length falls below a predetermined threshold in comparison to the mean read
length), duplicate reads and other sequencing artefacts (Haas et al., 2011; Matsen, 2014). The
sequences then require identification. For 16S rRNA sequences, data is often separated into
operational taxonomic units (OTU?’s).

1.9.5 OTU’s

Next generation sequencing generates a large amount of data that can be computationally
difficult to process due to the size. OTU’s are one way of condensing down the data while
providing taxonomic identification of the microbiota. OTU’s are formed by the clustering of
similar sequences at a specified threshold (usually 95-97%) and typically, a representative
sequence from this cluster is compared against a reference database in order to determine
taxonomic identity (Ursell et al., 2012; Tyler et al., 2014). Any sequences that do not match
against a database are either discarded for downstream analysis (closed-reference OTU
picking) or clustered together into their own ‘de novo’ OTU (open-reference OTU picking)
(Caporaso et al., 2010). From this point, the data can be processed in several ways, but it is
common to determine relative abundance of an OTU. Specifically, this provides information
about the abundance of each identified taxa relative to each sample. Other types of analysis

include diversity analysis.

1.9.6 Diversity Analysis

Many studies calculate ‘diversity’ in order to describe the microbiome. Calculated parameters
usually include ‘alpha diversity’, which refers to the richness of the sample (i.e. the number
of different species within a sample) (Morgan and Huttenhower, 2014). Specifically, alpha
diversity refers to the total number of different organisms in a sample. If one sample has a
greater variety of organisms than another, it would be considered to have a higher alpha
diversity. In order to calculate alpha diversity, specific statistical methods are required in
order to estimate richness, with the most common estimators being the Shannon-Wiener
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index, abundance-based coverage estimator (ACE) and Chaol (Chao and Lee, 1991; (Hughes
etal., 2001).

Beta diversity is also used, which assesses the degree of dissimilarity between the taxa of two
different samples. Specifically, it addresses how different the microbiota is between different
samples. There are many methods to calculate beta diversity, although Bray Curtis
dissimilarity is perhaps the most commonly used. The idea is to construct a data table that
contains samples as rows and the species as columns. The number of each species, in each
sample is determined. A mathematical model is then applied to convert this table into a
‘distance matrix’. These distances are used to work out how similar (or dissimilar) the

microbial communities are from one another.

Despite wide usage of the aforementioned diversity metrics, they do have disadvantages.
Diversity does not necessarily take into account relationships and diversity structure between
species, such that two OTUs that are closely related and two OTUs that are distantly related
will contribute equally to the diversity measure (Matsen, 2014). Indeed, this leads to a large
loss of potentially useful information (Lozupone and Knight, 2005). Instead, phylogenetic

diversity (PD) measures can be used which do take into account relatedness.

PD ultimately requires the construction of a phylogenetic tree and uses a combination of
branch length and structure to quantify diversity (Matsen, 2014). UniFrac (unique fraction) is
the main computational method used for calculating PD (Lozupone and Knight, 2005). After
constructing a combined tree based on two samples, it measures the ‘fraction of the branch
length that leads to descendants in one environment, but not the other’ (Lozupone and
Knight, 2005). Regardless of method, the processing of sequence data is particularly
important. For example, in terms of OTU binning, errors in base pair reading can lead to new
OTUs being incorrectly assigned and this can affect downstream analysis (Morgan and
Huttenhower, 2012).

1.9.7 Visualising data

An additional point to consider is what happens after the calculation of diversity metrics etc.
The data produced is often presented in the form of ordination, such as non-metric
multidimensional scaling (NMDS) or principle component analysis (PCA) (Morgan and
Huttenhower, 2014). NMDS involves calculating pairwise distances between samples (using
the beta diversity calculations) and transposing these graphically, so that similar samples

cluster together on a graph and dissimilar samples are separated.
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PCA is ultimately a method of transforming a larger set of complicated data into a smaller set
of linearly uncorrelated variables, plotted against axes known as principle components (Tyler
et al., 2014). The principle components refer to factors that explain the most variation within
the data, with the first principle component (PC1) explaining the most variation, and
subsequent factors explaining progressively less. Data is usually only plotted graphically
against PC1 and PC2. Ultimately, PCA allows a qualitative visualisation of factors that are
associated with variance of the data (Morgan and Huttenhower, 2014). Clustering of the data
points is then examined in the context of phenotypic variables such as treatments used (Tyler
et al., 2014). The overall advantage provided by PCA is that it allows complex, large data sets
to be condensed and understood more clearly. It should be noted that PCA is distinct from
Principle Coordinates Analysis (PCoA), which uses aforementioned distance calculations to
determine position of points on the axis (Tyler et al., 2014). In the context of the microbiome,
PCA and PCoA have been widely used to visualise the large, complex sequencing outputs to
illustrate differences between gender (Markle et al., 2013), age (Claesson et al., 2011), as
well as providing ‘evidence’ for enterotyping (Arumugam et al., 2011). However, Knights et
al. (2014) argue that due to the visual nature of PCA, plots such as ‘scatterbursts’, in
combination with colours, can cause the eye to perceive discrete clusters that aren’t
necessarily there. In concordance with Knights et al. (2014), Morgan and Huttenhower
(2014) also suggest that such ordinations do not provide information about statistical
significance or whether external factors outside of those phenotypically described influence
the patterns displayed. Additionally, as PCA only tends to focus on extreme variation, more
subtle effects, such as within-cluster variation, may be missed (Knights et al., 2014; Morgan
and Huttenhower, 2014).

It should be noted that PCA is ultimately a form of unsupervised analysis, which is able to
provide non-specific analysis based on similarities between microbiome samples (Cui and
Zhang, 2013). Ultimately, this highlights major relationships within the data in unbiased
terms. This is in contrast to supervised analysis, which is able to select for pre-specified
patterns that may not be immediately apparent and can be a powerful tool for exploring large
datasets (Cui and Zhang, 2013). Examples of supervised analysis include Decisions Trees and
Random Forests.

1.9.8 Decision Trees and Random Forests
Decision trees are a type of supervised learning that are designed to use features in the data to
categorise it into groups. It is first important to determine the question to be asked. For
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instance, one question could be, using existing data: will a mouse develop colitis? An
example dataset is illustrated in Table 1 and Figure 2. The tree process involves starting at
the root (which represents the entire dataset). This root gets split into smaller datasets based
on a feature. For instance, the feature could be the abundance of Lactobacilli bacteria in a
sample. Node ‘purity’ is then assessed, which is a measure of homogeneity of samples when
the data is split. In the example data, there are 12 mice, 5 of which have colitis and 7 do not.
If the abundance of Lactobacilli is used to split the samples, it can be seen that mice are fully
separated into healthy mice and those that have colitis. However, if age is used to split
samples, all mice that have colitis are identified, but only 1 out of 7 healthy mice is identified.
Therefore, the node that fully separated all mice (the split based on Lactobacilli) has a higher
purity value. If no feature can fully separate out the samples, more features can be added that
help to make the data more homogenous. Once the decision tree is established, novel data can
be added. For example, if an 18 week old mouse has been identified that has low abundance
of Lactobacilli, the decision tree would suggest that the mouse is likely to develop colitis.
However, there is a danger of overfitting, where the decision tree works well under testing
conditions, but fares poorly against novel data. Another method, the Random Forest (RF)

model, is less susceptible to overfitting.
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Table 1: Example dataset used to inform a decision tree.

Age (weeks) Genotype Abundance of Lactobacilli Colitis
6 WT 0.6 No
6 KO 0.7 No
6 WT 0.7 No
18 KO 0.2 Yes
18 KO 0.1 Yes
18 WT 0.6 No
3] WT 0.8 No
6 KO 0.8 No
6 KO 0.6 No
18 KO 0.1 Yes
18 KO 0.3 Yes
18 KO 0.4 Yes

Age Genotype Lactobacilli
(6 weeks old?) (WT mouse?)

5 colitis and 1 5 colitis and 3

Genotype

(WT mouse?) (6 weeks?)

Figure 2: Schematic representation of a decision tree. The decision tree was used to
determine whether the mice had colitis or not, based on the data provided. The abundance of
Lactobacilli was the best for discriminating between healthy and colitic mice.
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The RF model is ultimately an aggregated form of decision trees (Breiman 1996). The RF
combines the results of the individual trees to make a consensus. The data is then randomly
split into different subsets (with overlap) and has reduced bias and variance compared to
decision trees alone. Thus, the random forest is less likely to ‘overfit’ data than using
decision trees. It is also capable of handling bigger and higher dimensionality datasets. The
RF is able to carry out both regression and classification tasks. Regression trees are used
when the dependent variable is continuous and classification trees are used when the
dependent variable is categorical. Generally, the more trees that were used in the RF, the
more robust the model. The RF has several parameters that can be controlled. These include
the number of trees, mtry (number of features selected when making the trees) and the sample
size. Information resulting from the RF includes the out of bag (OOB) error rate, which states
how accurate the RF was at discriminating between different treatment groups. There is the
‘Mean Decrease Accuracy’ value, which is the loss of accuracy that would be incurred when
a certain feature is dropped from the RF. There is also the ‘GINI index’, which measures
node purity when a variable is used to split groups. The RF model has been successfully
applied to the microbiota in a human study of IBD, where remission was identified with 73%

accuracy and active CD was identified with 78% accuracy (Tedjo et al., 2016).

1.9.9 Inferring function

So far, 16S rRNA analysis of the microbiome has been discussed. Although it is a popular
and widely used analytical tool, it does not necessarily provide functional information on the
bacterial community, although this can be inferred (Langille et al., 2013). Studies are
beginning to move away from simply characterising bacteria within a given environment, to
putting community structure into the context of transcriptomic, proteomic and metabolic
profiles of the resident bacteria. In order to do this effectively, techniques such as whole-
metagenome sequencing (WMS) are employed (Morgan and Huttenhower, 2014). In contrast
to 16S rRNA sequencing, WMS involves sequencing all genetic material within the sample,
as opposed to just a single gene used for taxonomic identification (Lim et al., 2014). This
includes all microbial kingdoms, as well as increased resolution at a species and strain level
(Vetrovsky and Baldrian, 2013). By contrast, 16S rRNA sequences can sometimes fail to
differentiate between species, such as C. bartletti and C. difficile (Morgan and Huttenhower,
2014). This is an important distinction to make, because C. bartletti is comparatively benign
in comparison to C. difficile which can be pathogenic (Rupnik et al., 2009). The usage of

WMS is not always advised, as WMS on mucosa can result in extensive contamination with
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host DNA (Morgan and Huttenhower, 2014). Despite this, WMS facilitates better studies
with regards to functional inference in terms of metatranscriptomics (MRNA),
metaproteomics (proteins) and metametabolomics (metabolites) by comparing sequence data
to various reference databases such as Kyoto Encyclopaedia of Genes and Genomes (KEGG)
(Kanehisa and Goto, 2000). This is still a major computational challenge and one that is still

relatively expensive.

An alternative method is to make functional inferences using 16S rRNA sequence data. This
is through the use of Phylogenetic Investigation of Communities by Reconstruction of
Unobserved States PICRUSt (Langille et al., 2013). The overall idea is that although 16S
rRNA focuses specifically on taxonomic identification, assumptions in function can be made
by comparing the sequenced taxa against any cultured relative. For example, Langille et al.
(2013) discuss how Bacteroides identified by 16S rRNA sequencing may have a similar gene
expression profiles when compared against cultured strains of Bacteroides. Hence, PICRUSt
compares 16S rRNA data against a reference genome database to make inferences into a
predicted metagenome (Langille et al., 2013). An excellent illustration of this method was
performed by McHardy et al. (2013), who analysed bacteria isolated from colonic mucus.
They analysed both 16S rRNA datasets using aforementioned methods to define taxonomic
identification and metabolic pathways, and mass spectrometry to analyse metabolites.
Interestingly, their ability to make metagenomic inferences was relatively successful at
identifying metabolites assayed via mass spectrometry. Additionally, they found a strong
association between the presence of metabolites and community structure. This once again
highlights that metabolites, alongside other microbial factors, can be used as possible
biomarkers of community structure (McHardy et al., 2013). Indeed, the functional repertoire
of the microbiota is considerably more stable between individuals than the exact bacteria
present (Consortium., 2012). Therefore, investigating not only what species are present but
also the factors that they produce is vital to understanding how the microbiome contributes to
host health.

1.10 Hypothesis, aims and objectives
The microbiota exists within multiple niches within the host. However, many studies have
focused almost exclusively on bacteria found within the stool (Arumugam et al., 2011; Wu et

al., 2011b) which cannot fully represent the diversity of the microbiota in the GI tract and
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specifically the mucus-resident bacteria. | hypothesised that host-health is associated with
characteristic changes in gut bacterial communities, with the mucus-resident bacteria having
the most profound impact on the host. This hypothesis will be investigated using the

following aims:

Aim 1: Development of a data driven methodology to define important characteristics of

the microbiota in disease

A major issue hindering microbiome research is that current analytical methods rely on a
priori choices, for instance in similarity thresholds and external data sources such as
taxonomies containing unknown biases. In order to explore my overall hypothesis further, |
aimed to develop methodologies to explore the microbiota of the mucus and stool. Using
microbiome data derived from the stools and mucus of littermate control mdrla’ mice, mice
that spontaneously develop colitis over time, | used traditional methods to see whether the gut
microbiome could be distinguished by treatment group: 6 and 18 week old mice, stool and
mucus samples, wildtype (WT) and mdrla” samples and social group (cage). | then used a
machine-learning technique, Random Forest, to see whether the microbiome could be
similarly associated to the different treatment groups. As bacteria work as communities, |
identified what bacterial clades were most important in making these associations. |
quantified the characteristics that allowed these clades to be associated with the conditions of
interest with a hypothesis that abundant taxa within a treatment group, of particular
taxonomic levels, would have the most importance. This aim was addressed in Chapter 2,

utilising previous sequence data (Glymenaki et al., 2017).

Aim 2: Determining the role of mucus-resident metabolites in disease

In addition to considering the bacteria present within a community, it is also important to
consider their functional profiles. Metabolites that the microbiota produce are vital to host
health and several studies have tried to associate bacteria with their metabolomic profiles
(Wikoff et al., 2009; McHardy et al., 2013). Metabolites in serum, urine and stool are
typically investigated but the mucus could be a potential site of important metabolites from
both the host and the microbiota. The mucus has a distinct population of bacteria and due to
their closer proximity to host cells, are perhaps more likely to mediate functional effects on
the host than stool bacteria. Given that there are changes in the mucus microbiota of mdrla™

mice that precede the onset of colitis, | investigated the metabolic profile within the mucus to
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explore the hypothesis that the metabolites would also be significantly altered before the

onset of colitis (Chapter 3).

Aim 3: Characterisation of the stool and mucus microbiota in a AdbIGATA-1"" mouse

model

My overall hypothesis aimed to address whether host-health was associated with changes in
the gut microbiota, especially with regards to the mucus. To further explore the role of the
mucus microbiota in homeostasis, | used a mouse model with a disrupted immune function.
The mouse lacked eosinophils which are thought to play a role in the regulation of gut
homeostasis and barrier function. Eosinophils have been implicated in maintaining epithelial
gut barrier integrity and are thought to influence the survival of plasma cells that produce
IgA, a critical antibody in regulating bacterial homeostasis in the gut. Thus, eosinophil-
deficient (AdbIGATA-1"") mice are likely to have disrupted mucosal immunity with an impact
on the gut microbiota, that | hypothesised would be most profound in the mucus microbial

communities in which the greatest density of IgA is associated (Chapter 4).
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2.1 Abstract

Gut microbial communities vary with factors such as the niche they occupy, host age or home
environment, and determining the microbial taxa that are important in these distinctions is
challenging. Current approaches to amplicon-sequencing experiments frequently do not use
the full power of the data, either focusing on summary statistics or taxonomic scales (e.g.
operational taxonomic units) that can bias analyses. Analyses tend not to consider particular
taxa, whether low or high abundance, on an equal footing. To address these issues, we have
developed a novel community-orientated approach, analysing the relative abundance of taxa
at all phylogenetic scales, and used it to explore the role of the gut microbiome in a mouse

model of colitis.

We constructed a phylogenetic tree using 16S ribosomal RNA (rRNA) sequence data derived
from the stools and colonic mucus of cohoused healthy wildtype mice and littermates that
spontaneously develop colitis over time (mdrla™). Machine learning (random forest) models
incorporating all possible clades within that phylogenetic tree were used individually to test
whether aspects such as age or genotype could be distinguished. These models discriminated
between the age, microbial niche and cage of samples with >90% accuracy but found no
consistent distinction between mdrla genotypes. This analysis enabled us to identify distinct
taxa specific to discrete features such as mucus versus stool and enabled identification of
patterns in the phylogenetic positioning and abundance of taxa distinguishing microbiomes.
Cage-specific microbiomes were distinguished by abundant low level taxa, such as groups
within the genus Bacteroides, whereas mucus and stool microbiomes were distinguished by

intermediate level, intermediate abundance taxa, such as the order Pseudomonadales.

This random forest approach is applicable to a wide range of questions around the role of the
microbiome in health and disease and may help understand the balance between homeostasis
and divergence as well as identifying specific evolutionary groups of bacteria important in

disease pathogenesis.
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2.2 Introduction

The gut microbiota has been linked to numerous aspects of host health such as immune
development (Bouskra et al., 2008), drug metabolism (Clayton et al., 2009) and digestion
(Macfarlane and Macfarlane, 2012). Perturbations of the bacterial communities are associated
with a variety of diseases (Imhann et al., 2018). However there is considerable variance in the
data and a lack of consensus as to which core microbiomes determine key features of health
or disease. Determining how gut microbiome stability and differences resolve is challenging,
illustrated by the problems of attempts to identify enterotypes, i.e. being able to group people
by a set of distinct microbial signatures (Arumugam et al., 2011). However, interpreting these
signatures is highly subject to bias (Knights et al., 2014). What is required, are rigorous
approaches to both experiment and analysis, capable of identifying discriminating bacteria
that are truly associated with health or disease.

Gut microbiota research has tended to focus on stool samples as a representation of the
overall gut microbial community. Using stool samples, several diseases, most notably
inflammatory bowel disease (IBD), have been causally associated with aberrant immune
responses to components of the microbiota (Kalliomaki et al., 2008; Papa et al., 2012).
However, there is a lack of consensus around causality for the roles of particular microbial
taxa, where, for instance, Bifidobacteria and Lactobacilli, in stools have been associated with
healthy subjects when compared with IBD-affected subjects (Giaffer et al., 1991; Favier et
al., 1997). However, stool samples alone do not fully reflect the gut microbiota. Indeed,
bacteria within the gut inhabit different niches, notably the mucus layer that lines the
intestinal epithelial cells (Li et al., 2015) and we and others have shown that the mucus
microbiome is discrete from that detected in stools (Ahmed et al., 2007; Glymenaki et al.,
2017). We have also shown that changes in the mucus microbiota precede both changes in the
stool microbiota and the onset of disease (Glymenaki et al., 2017). These findings underlie
the potential importance of the mucus microbiome for understanding disease, with IBD

representing a test case for understanding microbiome associations across stool and mucus.

A further issue of mouse studies of microbiota is that few still record how the mice are caged
and whether they are littermates despite this being a known confounder in microbiota studies
(Hildebrand et al., 2013; Song et al., 2013; Bramhall et al., 2015). Coprophagy among a co-
housed social group facilitates this sharing for gut communities. Experimentally, this presents
both a challenge and opportunities. The challenge is the necessity to design experiments in
ways that avoid confounding group effects with treatment effects of interest. If this is not
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done, distinctions in the microbiota will be found that are falsely assigned to the treatment of
interest. The opportunities include using coprophagy to look at faecal-oral invasion (Ridaura
et al., 2013); but there is also the opportunity to identify change, or homeostasis, in the
microbiota that is robust to repeated re-inoculation with any particular group’s stool

microbiome.

Microbial populations can also differ at widely varying phylogenetic scales. Large-scale
shifts among phyla, for instance the Firmicutes to Bacteroidetes ratio, have been implicated
in obesity (Ley et al., 2005). At the same time, individual species have been associated with
gut health (Machiels et al., 2014). However, such analyses does not reflect the fact that the
bacteria work together as communities and taxonomically similar species may compensate
functionally for each other. Therefore, it is crucial that analyses consider bacteria as
communities. However, the power of individual measurements or statistics, at whatever level,
to distinguish the complexities of communities is extremely limited. The value of such
metrics in the face of technical variation among amplicon sequencing protocols and their
implementation in different laboratories is also questionable (Hiergeist et al., 2016). A range
of taxonomic levels are also considered individually and although a much more complete
phylogenetic tree may be included, it is often relegated to diversity statistics calculated by
UniFrac (Lozupone and Knight, 2005). Any such summary statistics are poor tools with
which to identify specific taxa, for instance those differing consistently between healthy and
diseased patient groups. To date, explicitly considering such taxa at different levels, in a
single analytical framework that would enable the relative importance of differences at

different phylogenetic scales, to be assessed, is rare.

Even where multiple phylogenetic levels are considered together (Ramirez et al., 2018),
analyses are highly constrained by available taxonomies — even the addition of operational
taxonomic units (OTUs) to the traditional Linnean hierarchy from domains to species does
not come close to capturing the diverse intricacy of microbial phylogeny (Hug et al., 2016).
Such taxonomies are inadequate, not only because all taxonomies are incomplete and
different taxonomies disagree (Balvociute and Huson, 2017; Breitwieser et al., 2017), but
because only a small amount of the evolutionary history of any group of microbes can be
captured in a taxonomy with a limited number of levels. Any such taxonomy also introduces
bias due to a wide variety of factors, from the lack of clear equivalence between the same
taxonomic levels in different regions of the tree to drastic variation in the scientific attention
paid to different parts of the bacterial phylogeny. A similar risk of bias also applies to the
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widely-used, but necessarily arbitrary, 97% similarity threshold for grouping sequences into
OTUs. While it may represent a biologically-based compromise, no such threshold can work
equally well across the bacterial tree. What is needed are approaches that both capture more
of the evolutionary history of microbes in a single analysis and those that are less biased. This
could be achieved by more data-driven approaches. At the limit, this would mean using only
information available from the sequences collected in a particular experiment. Here we
approach this limit for an amplicon-sequencing experiment by using the sequences
themselves to estimate the phylogenetic relationships among them and thereby abundances at
different phylogenetic scales, only afterwards returning to the wider understanding of

microbial taxonomy to interpret the resulting findings.

We have developed a community-focused approach to microbiome analysis in the context of
an 1BD mouse model (colitis-prone, mdrla™), incorporating taxa at all phylogenetic levels.
We use machine learning models to interrogate the microbiota of stools and colonic mucus of
co-housed healthy controls and mdrla™ mice. We find that the microbiomes of each cage are
clearly distinguishable, being separated by differences in common, small-scale taxa (notably
particular genera within the order Bacteroidales). Despite this variability, microbiomes from
the different niches (stool and mucus) are clearly distinct, as are microbiomes from young (6-
week) versus old (18 week) mice, each distinguished by taxa at intermediate phylogenetic
and abundance scales. Surprisingly, despite the fact that our analyses are very effective at
distinguishing these groupings and identifying the taxa involved, we were unable to find any
consistent distinction between the microbiomes (stool or mucus), of mdrla” and wildtype
(WT) mice at the stages tested. This indicates a striking degree of homeostatic robustness to

host genetic perturbation in the gut microbiome.
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2.3 Materials and Methods

2.3.1 Animal Maintenance

Mdrla” mice (FVB.129P2-AbchlatmiBor N7) (Schinkel et al., 1994) were bred with
control FVB mice purchased from Taconic Farms (Albany, NY), to produce the F2
generation. Male mice from each litter were co-housed. Thus, WT and mdrla’ mice from the
same litters were used for all subsequent experiments. Male mice at 6 and 18 weeks of age
were used for experiments. Food (Beekay Rat and Mouse Diet Nol pellets; B&K Universal,
UK) and water were available ad libitum. Ambient temperature was maintained at 21 (+/-
2°C) and the relative humidity was 55 (+/- 10%) with a 12h light/dark cycle. All animals
were kept under specific, pathogen-free (SPF) conditions at the University of Manchester and
experiments were performed according to the regulations issued by the Home Office under
amended ASPA, 2012.

2.3.2 Isolation of genomic DNA

Sample collection and processing was performed as described by Glymenaki et al. (2017). In
brief, samples were harvested from mice at two time points, 6 and 18 weeks of age. Stool
samples were collected from mice in individual autoclaved cages into sterile tubes and snap
frozen on dry ice. Mice were sacrificed via CO; inhalation, the proximal colon was cut open
and the colonic mucus scraped using cell scrapers and Inhibitex buffer (QIAGEN,
Manchester, UK) and snap frozen until use. Genomic DNA was extracted using QlAamp Fast
Stool Mini-Kits according to the manufacturer’s instructions (QIAGEN). Additionally, snips
of the proximal colon were fixed in Carnoy’s solution (60% methanol, 30% chloroform, 10%

glacial acetic acid) and embedded in paraffin for histological analysis.

2.3.3 Histology

Carnoy’s fixed colon samples were incubated in two changes of dry methanol (Sigma-
Aldrich, Dorset, UK) for 30 minutes each, followed by absolute ethanol (ThermoFisher
Scientific, Paisley, UK) for two incubations at 30 minutes each. Finally, tissue cassettes were
processed in a Micro-spin Tissue Processor STP120 (ThermoFisher Scientific) and immersed
in paraffin. Colon snips were embedded in paraffin blocks using a Leica Biosystems
embedding station (Leica Biosystems, Milton Keynes, UK), with the luminal surface of the
colon exposed for tissue sectioning. 5um tissue sections were cut using a Leica Biosystems
microtome and adhered to uncoated microscope slides (ThermoFisher Scientific). Slides were
dried for 48 hours at 50°C before use.
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2.3.4 Fluoresence in-situ hybridisation (FISH)

FISH was performed as described previously (Glymenaki et al., 2017). In brief, FISH
staining was performed using the universal bacterial probe-EUB338 (5'-Cy3-
GCTGCCTCCCGTAGGAGT-3'), followed by immunostaining with a rabbit polyclonal
MUC?2 antibody and goat anti-rabbit Alexa-Fluor 488 antibody (Life Technologies, Paisley,
United Kingdom). Slides were imaged using a BX51 upright microscope and a Coolsnap EZ

camera (OLYMPUS, Tokyo, Japan) and images were processed using Image J.

2.3.5 16S rRNA gene sequencing processing

16S amplicon sequencing targeting the V3 and V4 variable regions of the 16S rRNA (341F:
5’-TCGTCGGCAGCGTCAGATGTGTATAAGAGACAGCCTACGGGNGGCWGCAG-3’
and 805R: 5'-
GTCTCGTGGGCTCGGAGATGTGTATAAGAGACAGGACTACHVGGGTATCTAATC
C-3) was performed on the Illumina MiSeq platform (lllumina, California, USA) according
to manufacturer’s guidelines and generated paired-end reads of 300bp in each direction.
Illumina reads were demultiplexed to remove adapter sequences and trim primers. Illumina
paired-end reads were merged together using SegPrep (St John, 2018) and submitted to MG-
RAST’s metagenomics pipeline (Meyer et al., 2008). Reads were pre-processed to remove
low-quality and uninformative reads using SolexQA (Cox et al., 2010). The quality-filtering
process included removal of reads with low quality ends (i.e. ambiguous leading/trailing
bases) and the removal of reads with a read length two standard deviations below the mean.
Artificial duplicate reads were then removed based on MG-RAST’s pipeline.

The resulting FASTQ files for every sample were merged into a single file of 590822
sequences to simplify processing, manually adding 3 known Archaeal 16S rRNA sequences
from Acidilobus saccharovorans, Sulfolobus tokodaii and Methanobrevibacter smithii.
Sequences were aligned using a specialist 16S RNA aligner using the Infernal algorithm
(Nawrocki and Eddy, 2013), via a web-based interface provided by the Ribosomal Database
Project (Cole et al., 2014). This file was then manually curated in R (Team, 2016). Unless
otherwise stated, all analyses were performed using custom scripts in R. The number of
aligned bases in each sequence was recorded and the distribution of continuously aligned
bases was examined. Any sequence that had less than 437 continuously aligned bases was
discarded. The remaining 496550 sequences were taken forward for analysis. All sequences
were identified using BLAST+ and the top hit for each sequence was recorded (Camacho et
al., 2009). The ‘classification’ function in the ‘taxize’ R package (Chamberlain and Szocs,
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2013) was then used to assign full taxonomic information to each identified taxa where

possible.

2.3.6 Phylogenetic Tree

A phylogenetic tree of all sequences was generated using FastTree (Price et al., 2010), using
the general time reversible (GTR) + CAT model and default parameters. The tree was rooted
using the archaeal sequences as an outgroup. Phylogenetic clades were obtained using the
‘Ancestor’ function in the ‘phangorn’ R package (Schliep, 2011). A relative abundance
matrix, with abundance based on how many times sequences belonging to a phylogenetic
clade appeared in a sample, was calculated.

2.3.7 Ordination

Bray-Curtis dissimilarity values were calculated among all samples (based on the relative
abundance matrix) and used for non-metric multidimensional scaling (NMDS) via the
‘MASS’ (Venables and Ripley, 2002) and ‘ecodist’ R packages (Goslee and Urban, 2007).

2.3.8 Machine learning

Random forest (RF) models were run using the ‘randomForest’” package (Liaw and Wiener,
2002) in R. Specifically, the relative abundance matrix was used as an input for the RF,
using a forest of 100000 trees and the mtry value was left at default settings. Separate forests
were run to predict whether a sample was 6 or 18 weeks old, whether a sample was stool or
mucus, whether it was a WT or an mdrla’ sample, what cage the sample was taken from, the
mother of the offspring and whether it could discriminate between combinations of these
treatment groups. The ‘MeanDecreaseAccuracy’ (MDA) value was used as a measure of how
important each node was at predicting treatment information and the out-of-bag (OOB) error
rate was used to determine the predictive accuracy of the model. Nodes were ranked based on
MDA value, taking the five most important nodes, determining the descendant tips and
confirming the identity of the tip sequences via the BLAST+ results (Camacho et al., 2009).
Additionally, the depth of each node was determined using the ‘distances’ function in the
igraph R package (Csard and Nepusz, 2006). A phylogenetic tree annotated with the resulting
information was plotted using the ‘plot.phylo’ function in the ‘ape’ package (Paradis et al.,
2004).

2.3.9 Validation of Model
In order to validate each model, we included a ‘randomised’ negative control RF where

relative abundances of each node were permuted with respect to each sample and the
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predictive accuracy was assessed. In addition, we took the relative abundances of an
important node for age and redistributed the abundance to only WT samples. The RF was
repeated to investigate whether this node would appear as important for genotype. We also
ran RF’s with an increasing number of trees, using three different random seeds and
performed Spearman’s Rank correlation on the MDA values obtained among each set of
three RFs of the same size. The Monod/Michaelis-Menten model was fitted, to determine

how an increasing number of trees affected correlation of the MDA values.

2.3.10 Statistical Analysis

Analysis of the real vs null RF models predictive accuracy was performed using 2-way
ANOVA, with a Sidak’s post hoc test in GraphPad Prism 7 (GraphPad Software, La Jolla,
USA). Significance of clustering in the NMDS was determined using permutational
multivariate analysis of variance (PERMANOVA) via the ‘Adonis’ function in the ‘vegan’ R
package (Oksanen et al., 2016).
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2.4 Results

2.4.1 Phylogenetic tree of 16S rRNA data derived from the gut microbiota

We collected microbiota samples from the stools and colonic mucus of 40 male mice at two
different time points (6 vs 18 weeks of age) and two genotypes (WT vs mdrla™) in an
experiment designed to have co-housed siblings of different genotypes. Thus, littermates,
irrespective of genotype were co-housed in 7 cages. The colonic mucus resident bacteria was
visualised by FISH (Figure 1A). Pathology was assessed by Glymenaki et al. (2017), where
5, 18 week-old mdrla’ mice had indications of colitis with a loss of healthy gut architecture
(data not shown) and the remaining mice were healthy. On average, 10442 16S sequences
(range 1892-25681) were obtained per sample. All sequences were used to create a
phylogenetic tree, in which the major phyla were separated (Supplementary Figure 1). We
then assessed whether the sequences on the phylogenetic tree had separated by treatment
group. Sequences derived from stool and mucus were clearly separated in the tree (Figure
1B) and other factors (age, genotype and cage) were more widely distributed across the tree

(Supplementary Figure 2).
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Figure 1: Distinct localisation of stool and mucus microbiota. Colonic tissue sections
from a male wildtype (WT) mouse was stained with a fluorescent DNA probe specific for the
16S rRNA gene to identify bacteria (red), a Muc2 antibody (green) to identify mucus and
counterstained with DAPI (blue) (A). A phylogenetic tree of 16S rRNA sequences derived
from the gut microbiota of 6 and 18 week old, FVB background, WT mice and mdrla” mice
was plotted (B). Colours indicate stool (brown) and mucus (pink) -derived sequences, taken

from n = 10-11 mice per genotype.
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2.4.2 Strong separation of the gut microbiota by microbial niche, age and cage, but not
host genotype.

To avoid bias by taxonomic level, we constructed a data matrix comprising the relative
abundance ((number of tips in clade in sample) / (total number of tips in sample)) of all
428234 internal clades of the phylogenetic tree in each of our samples. This avoided
assigning OTUs, or using a reference database. To visualise the major differences in the
microbial communities, Bray-Curtis dissimilarity values were calculated between all samples
and used as an input for a 2-dimensional non-metric multidimensional scaling (NMDS)
ordination (Figure 2). As expected from their separation in the tree (Figure 1B) there was
significant separation of samples by niche (Figure 2A) (PERMANOVA: P < 0.0001). There
was also significant separation by mouse age (6 vs 18 weeks; PERMANOVA: P < 0.0001)
(Figure 2B) which is in concordance with our previous work (Glymenaki et al., 2017).
Samples from the same cage localised closely in the ordination, often with clear separation
among cages (PERMANOVA: P < 0.0001). Nonetheless, cages containing different litters
from the same mother were adjacent or overlapping, suggesting maternal effects influencing,
but not fully explaining, cage-specific microbiomes (Figure 2C). No significant clustering

was found when comparing genotypes (Figure 2D).
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Figure 2: Significant separation of microbiota via NMDS for age and microbial niche.
16S rRNA sequences derived from the stools and mucus of 6 and 18 week old male mice
(FVB background, wildtype vs mdrla’ mice) were used to construct a phylogenetic tree. A
data matrix was established comparing samples and the relative abundance of taxonomic
clades within that sample. Non-metric multidimensional scaling was performed using a Bray
Curtis dissimilarity matrix based on the relative abundance of the clades. Plots highlighting 6
and 18 week samples (A), stool and mucus samples (B), different cages and mothers (C) and
WT and KO samples (D) are illustrated. Asterisks represent significance determined by
permutational multivariate analysis of variance: P = < 0.0001 (***), ns = non-significant.

Each point corresponds to a stool or mucus sample taken from n = 10-11 mice per genotype.
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2.4.3 The gut microbiota is strongly associated with age and microbial niche

To determine the taxa driving the observed differences in community structure, the relative
abundance matrix was used to construct machine learning models (random forests, RFs).
Separate RF models were created to identify age, genotype, niche and cage based on the
relative abundance of the taxa (as defined by the phylogenetic tree, Figure 1B) in each
sample. These models were compared against a null (negative control) model where relative
abundances were permuted among taxa within samples to remove true associations. Niche
could be determined from the microbiota with 90% accuracy, age with 98% accuracy and
cage with ~80% accuracy, in all instances substantially higher than the negative control
model (Figure 3A) (Two Way ANOVA- Sidak’s post hoc test: P < 0.0001). Associations
with genotype were comparable to that of the negative control i.e. no better than random with
approximately 50% accuracy (Figure 3A), and will not be considered further.

The RFs give an importance value for each clade (internal nodes) in discriminating between
groups. To identify which bacteria the clades encompassed, we used BLAST+ on all
sequences, recording the taxonomic identity of the top hit (hits that had a percentage
coverage <100% were discarded). The finest-scale taxonomic grouping containing each
sequence descending from the five most important clades is shown in Figure 3B, C and D for

niche, age and cage RFs respectively.

For microbial niche, the most important distinguishing clades were all Gram negative and
mostly comprised Proteobacteria: the order Pseudomonadales and two clades in the families
Burkholderiaceae and Deferribacteraceae (all these clades were prevalent in the mucus
samples). The Deferribacteraceae containing clade mostly comprised Mucispirillum, a known
mucus-associated bacteria (Rodriguez-Pineiro and Johansson, 2015). The genus

Porphyromonas was associated with stool samples.

The most important clades separating ages were the families Erysipelotrichaceae and
Lachnospiraceae within the Firmicutes phylum (which have each been specifically associated
with young mouse microbiomes before (Kim et al., 2017)) plus three genera:
Natranaerovirga Desulfovibrio, and Vampirovibrio in the Firmicutes, Proteobacteria and
Cyanobacteria phylum respectively. With the exception of Natranaerovirga, all these bacteria

were prevalent in the 18 week old mice.
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The most important clades separating cages were Natranaerovirga (a different clade from
that important for separating ages) plus four clades within the order Bacteroidales — two each

in the genera Bacteroides and Barnesiella.

To validate the method for identifying important taxa, we took the most important clade
identified for age (within the Erysipelotrichaceae family) and redistributed the abundances of
this clade to only be present in all WT samples. Upon repeating the random forest separating
on genotype, the Erysipelotrichaceae clade became the most important and this change was
sufficient for the genotype RF to be significantly better than the null model (Two Way
ANOVA- Sidak’s post hoc test: P < 0.05) (Supplementary Figure 3). Similarly, repeating the
random forest separating on age using the redistributed dataset, the Erysipelotrichaceae clade
ceased to be the most important, leaving most of the other important clades relatively
unaffected (Supplementary Figure 3). This data would suggest that important clades are

robust and maintain their importance, even when other clades are altered.

We also used the Michaelis-Menten model to predict how an increasing number of trees
affected correlation of the MDA values, with a maximum possible correlation of 0.82
(Supplementary Figure 4). With a forest of 100000 trees, we predicted that we had achieved
92% of this correlation, suggesting that 100000 trees is close to the optimal number of trees

required for minimising data variability.
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Figure 3: Random forest model identifies strong associations between the microbiota,
niche, age and cage. 16S rRNA sequence data derived from the stools and mucus of 6 and
18 week old mice (FVB background, wildtype vs mdrla’™ mice) were used to construct a
phylogenetic tree (Figure 1B). A Random forest (RF) model of the relative abundance of
phylogenetic clades was used to find associations between the gut microbiota and different
experimental treatments. The predictive accuracy of the RF model at taking a sample and
discriminating between the different treatment groups is shown (A). The five most important
nodes associated with age (B) and microbial niche (C) are illustrated. Asterisks represent
significance determined using Two Way ANOVA- Sidak’s post hoc: p =< 0.00001 (****). n
=6.
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2.4.4 Abundant, low-level taxa distinguish cage microbiomes but not age or niche.

Above we identified taxa at different taxonomic levels as particularly important for
separating microbiomes. We therefore looked systematically at the phylogenetic scales that
are important for separating different microbiomes. Clade importance is shown as a function
of the distance from each clade to the root of the phylogenetic tree, referred to as ‘taxonomic
subdivision’ (Figure 4). Clades with greater taxonomic subdivision (deeper clades) correlate
with taxonomic levels such as genera, whereas clades with lower taxonomic subdivision
(shallower clades) correlate with taxonomic levels such as phyla. For both age and niche,
neither the deepest nor the shallowest clades are important (little separation from the null
model), but the important clades are at intermediate depths in the tree (Figure 4 A-B).
However, for differences among cages, while intermediate level clades are important, the
most important groups are at the extreme of low level taxa, i.e. differences in sub-specific

groupings (Figure 4C).

The number of sequences within a clade of the tree that are present in a particular set of
samples is an estimate of its abundance in that microbiome. We therefore asked how
abundance of bacterial taxa correlates with its importance in distinguishing microbiomes.
We find that, for separating age, niche or cage microbiomes, moderately abundant taxa are
important, whereas the rarest taxa are never important (Figure 4D-F). More interestingly, the
most abundant taxa are important for distinguishing cage microbiomes, but are much closer

to the null expectation for distinguishing microbiomes from different ages or niches.

For each forest (age, niche and cage), we compared the clade importance (MDA value) to
determine whether clades in one forest were as important for another (Figure 5). Each
treatment has clades that are exclusively important for it alone. There are also clades that
have moderate importance for all treatment groups (Figure 5A, B and C). However, no clade
has particularly high importance for more than one treatment group. The null forest had a
similar spread of importances to the real forest (Figure 5D, E and F). Therefore, the data
would suggest that only clades with the greatest MDA values can be reliably associated with

their respective treatment group (for age > 0.02, for niche > 0.03, for cage > 0.0007).
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Figure 4: Abundant, low-level taxa distinguish cage microbiomes but not age or niche.
16S rRNA sequence data derived from the stools and mucus of 6 and 18 week old mice (FVB
background, wildtype vs mdrla” mice) were used to construct a phylogenetic tree A data
matrix was established comparing samples and the relative abundance of taxonomic clades
within that sample. This matrix was used as an input for a Random Forest (RF) model to find
associations between the gut microbiota and different experimental treatments. The depth of a
clade was compared against the ‘mean decrease accuracy’ (MDA) value when running a
forest that compared the niche (A), age (B) and cage (C). The number of tips descending
from each clade was plotted against its MDA value, when running a forest that compared the
niche (D), age (E) and cage (F). The ‘real’ random forest model is illustrated in blue and a

null (negative control) random forest model is illustrated in red. n = 6.
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Figure 5: Clade importance between forests. 16S rRNA sequence data derived from the
stools and mucus of 6 and 18 week old mice (FVB background, wildtype vs mdrla™ mice)
were used to construct a phylogenetic tree A data matrix was established comparing samples
and the relative abundance of taxonomic clades within that sample. This matrix was used as
an input for a random forest (RF) model to find associations between the gut microbiota and
different experimental treatments. The importance (Mean Decrease Accuracy value) of a
clade in one forest was plotted against its importance in another forest for the real model
(blue): Age vs Niche (A), Age vs Cage (B), Niche vs Cage (C) and the null (negative control,
red) model: Age vs Niche (D), Age vs Cage (E) and Niche vs Cage (F).n=6
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2.5 Discussion

Our modelling approach was able to discriminate clearly between the microbiomes of 6 and
18 week old mice and between mucus and stool samples. This is consistent with others’
work, for instance showing substantial microbiome changes with age in both humans and
mice (Langille et al., 2014; Odamaki et al., 2016) and work identifying microbial niche as the
strongest factor for separation of the microbiota (Eckburg et al., 2005; Glymenaki et al.,
2017). Our mice are still relatively young, initial samples taken only ~2 weeks after weaning
and at 18 weeks old. Therefore the difference may be due to the microbiota adjusting due to
changed diet. Nonetheless, microbial changes in mice can happen within as little as two
weeks (Kozik, 2017). The fact that we can see these differences clearly and identify the key
taxa responsible validates our approach to modelling these microbiome changes using
machine-learning tools (random forests) in conjunction with clades of microbes defined,
phylogenetically, without reference to external taxonomies or OTU thresholds. It is therefore
striking that even this apparently powerful approach can find no consistent differences

between the gut microbiomes of co-housed wildtype and colitis-prone (mdrla™) genotypes.

Differences in the microbiota of WT and mdrla’ mice have been reported (Nones et al.,
2009; Glymenaki et al., 2017). The fact that we do not see them here is therefore puzzling.
Discrepancies in sample size between treatment groups can be a problem for RFs applied to
such data (Walters et al., 2014). However, here sample sizes are well balanced (20 wildtype
and 20 mdrla’ mice). Some, but not all, of the older mdrla’™ mice were starting to develop
colitis. Therefore, changes in the microbiome with the onset of colitis may have obscured any
consistent differences among genotypes. Alternatively, any machine learning approach used
on such a dataset could be under-powered with too small a sample size to identify subtle
differences, or that previous analyses were compounded by large cage effects (Figure 2D)
into erroneously attributing some of that variation to differences among genotypes. Whatever
the explanation, it is clear that, in comparison to differences between gut age and niche, the

mouse gut microbiome is relatively robust to this host genotype change affecting the gut.

The majority of the gut microbiota fall within a small range of phyla, with Firmicutes and
Bacteroidetes making up the largest proportion and Actinobacteria, Proteobacteria,
Fusobacteria and Verrucomicrobia a smaller proportion (Candela et al., 2010). Shifts in the
proportions of phyla can have substantial physiological effects on the host, for example
increased Firmicutes are associated with increased incidence of obesity (Turnbaugh et al.,
2006; Turnbaugh et al., 2009). In the context of IBD, numerous phylum level changes have
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been implicated in the progression of inflammation. A reduction in the abundance and
diversity of Firmicutes is associated with IBD in human patients (Frank et al., 2007; Ott et al.,
2004; Manichanh et al., 2006) and Bacteroidetes has been shown to be both increased
(Walker et al., 2011) and decreased (Frank et al., 2007). However, our data did not find such
large-scale taxa to show consistent differences in any of our microbiome comparisons. These
high-level taxa are also abundant taxa and, a priori, it might have been reasonable to expect
that the more abundant taxa would have the most important functional consequences for the
host and therefore be most likely to differ between different circumstances. However, the
only microbiome comparison in which we find the most abundant taxa to be important is in
distinguishing among cages. Even here, it is low-level taxonomic groupings (e.g. clades
within the abundant genus Bacteroides), not phyla that distinguished among cage-specific

microbiomes.

Conversely, rare species have been suggested to play a large role a range of ecosystems,
including the host and the environment (Shade et al., 2014; Jousset et al., 2017) and rare taxa
can lead to gut inflammation (Powell et al., 2012). We have previously shown that lower
level taxonomic changes can also have functional significance, with the genus Pseudomonas
leading to a delay in wound repair (Williams et al., 2017). Our analysis here does not find the
rarest taxa to be important in discriminating between microbiomes. This however is likely to
be an artefact of the fact that, almost by definition in a complex microbiome, rare taxa are
likely to be missed from at least a subset of samples, through random sampling, and therefore
not show consistent differences among the factors considered (age, niche or cage).

Several specific taxa we highlighted as being important in distinguishing microbiomes
included taxa that have been associated with differences in gut microbiomes before. The role
of the family Erysipelotrichaceae, which we implicate in distinguishing older mice from
younger, has been associated with colorectal cancer (Chen et al., 2012) and IBD in an
infection-induced mouse model of colitis (Craven et al., 2012) supporting the idea that
Erysipelotrichaceae are involved in inflammation development. However, this bacterial
family was significantly decreased in a murine model of colitis driven by tumour necrosis
factor (TNF) (Schaubeck et al., 2016) and therefore it may not be that clear cut. It may be that
the presence or absence of certain taxa allows other families/species to flourish or be
inhibited, thus altering the host/microbial homeostasis and driving inflammation. Our RF

models can account for such interactions among taxa, and the ‘importance’ assigned to a
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taxon takes these into account. However, unpicking these relationships is a challenge and

doing so would require more direct experimental manipulation of the microbiome.

In distinguishing between microbial stool versus mucus niches, we did not identify typical
lumen/faecal associated bacteria such as Ruminococcus, as important (Jandhyala et al., 2015).
The most important clade identified was one that encompassed bacteria within the order
Pseudomonadales. This order includes genera such as Pseudomonas and Acinetobacter.
Acinetobacter species are associated with the colonic mucus (Pedron et al., 2012) and
therefore these taxa could be good markers of the mucus microbiota. However, it notable that
another common mucus bacteria, Akkermansia muciniphila, (Berry et al., 2013) which was
identified in this study, did not appear as one of the important taxa, suggesting its occurrence
was more variable among samples. Indeed our previous work suggested this bacteria only
became prevalent in inflamed guts (Glymenaki et al., 2017). The family Deferribactericeae
also distinguished mucus and stool. This family contains the genus Mucispirillum which are
known to be mucus-associated bacteria (Robertson et al., 2005). Together these findings
validate our approach, showing it capable of identifying particular taxa that distinguish gut
niches based on their importance, in a more nuanced way than traditional correlative

methods.

RF models can be used to address clear questions about the microbiome, while also taking
account of its complexity (Walters et al., 2014), showing discrimination between lean and
obese subjects, where simple summary statistics such as the ratio of Firmicutes to
Bacteroidetes was not. Similarly, RF was used to discriminate between patients with active
Crohn’s disease and those in remission with ~70% accuracy (Tedjo et al., 2016). By building
a phylogenetic tree of the sequences and using the full range of clades in that tree as
explanatory variables in the RF model, we can now develop this idea further. We are able to
identify particular clades as important whatever taxonomic level they occur at, in an
equivalent, data-driven way and we can ask what big-scale patterns exist in the relative
importance of clades at different scales and abundances. A risk of our approach is losing the
connection to specific microbial taxa. However, simple post-hoc similarity searches of the
sequences involved were effective at naming key taxa involved, demonstrating both the
similarities (e.g. the importance of Natranaerovirga in distinguishing both cages and ages)
and the differences (e.g. that despite the importance of similar phylogenetic levels and taxon
abundances in distinguishing niches and ages, Proteobacteria clades were most important for
the former and Firmicutes clades for the latter).
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Building phylogenetic trees only using the information in amplicons from subsets of the 16S
rRNA is very restrictive. Even full 16S-based trees of bacteria do not fully capture their
evolutionary history (Vetrovsky and Baldrian, 2013), and our tree does not fully capture the
topology of more thorough 16S-based trees (Woese et al., 1990). Nonetheless, taking this
restrictive approach ensures that the power of the data is fully used without attempting to
shoe-horn it into a pre-existing framework. The approach here avoids the risks both of over-
stretching the data (e.g. assigning a sequence read to one taxon rather than another when it is
in fact similarly very close or very distant to both) and of losing power that is in the data (e.g.
clear phylogenetic structure among sequences that are closer than a given threshold, typically
97% identity). While the tree constructed is undoubtedly an imperfect representation of the
evolutionary history of these sequences, it is much more nuanced than a simple taxonomy
and, as with other forms of analysis, acknowledging the evolutionary relationships between

organisms, even with an inadequate tree, is much better than ignoring that structure.

In conclusion, taking a carefully designed factorial experiment involving co-housing of
different mice with genotypes that affect their susceptibility to IBD, we have been able to
identify major changes in the gut microbiome with age, niches and cages, but not genotype.
Our machine learning approach, focused on phylogenetically related groups at all
evolutionary scales, proved effective, not only in identifying distinct versus homeostatic
microbiomes, but in identifying the phylogenetic groupings important in making distinctions.
Furthermore, this approach revealed differences in the patterns of phylogenetic groupings
(high or low level, rare or abundant taxa) that distinguish different microbiome features.
Together, this work reveals the subtlety of the balance between homeostasis and difference in
the gut microbiome that can be used to help better define the host interaction with the

microbiome in a range of conditions.
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2.7 Supplementary Information
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Supplementary Figure 1: Major phyla are represented on the phylogenetic tree. A
phylogenetic tree of 16S rRNA sequences derived from the gut microbiota of 6 and 18 week
old, FVB wildtype (WT) mice and mdrla” mice. The distribution of major gut phyla are
highlighted on the tree: Firmicutes (grey), Bacteroidetes (pink), Proteobacteria (olive),

Actinobacteria (red, and Deferribacteres (gold).
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Supplementary Figure 2: Wide distribution of sequences on a phylogenetic tree when
coloured by treatment groups. A phylogenetic tree of 16S rRNA sequences derived from
the gut microbiota of FVB wildtype (WT) mice and mdrla’ mice was plotted and coloured
by: Age (A), genotype (B) and cage (C). Colours indicate 6 weeks of age (black), 18 weeks
of age (grey), WT mice (blue), mdrla’ mice (red) and different cages (red, green, goldenrod,

purple, dark blue, steel blue, pink and dark green).
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Supplementary Figure 3: Redistributing the relative abundance of clade
Erysipelotrichaceae confers importance to genotype. 16S rRNA sequence data derived
from the stools and mucus of 6 and 18 week old mice (FVB background, wildtype vs mdrla™
mice) were used to construct a phylogenetic tree. A data matrix was established comparing
samples and the relative abundance of taxonomic clades within that sample. This matrix was
used as an input for a random forest (RF) model to find associations between the gut
microbiota and different experimental treatments. The most important clade for age was
identified and its relative abundances were redistributed into WT samples only and the RF
was repeated. The predictive accuracy of the RF model at taking a sample and discriminating
between age and genotype are displayed (A). The five most important nodes when
comparing age (B) and genotype via the RF are illustrated. Data shown as mean +/- standard
error mean (SEM). Asterisks represent significance determined using Two Way ANOVA: p
=< 0.00001 (****).n = 3.
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Supplementary Figure 4: Assessing Robustness of the RF model. 16S rRNA sequence
data derived from the stools and mucus of 6 and 18 week old mice (FVB background,
wildtype vs mdrla” mice) were used to construct a phylogenetic tree. A data matrix was
established comparing samples and the relative abundance of taxonomic clades within that
sample. This matrix was used as an input for a random forest (RF) model to find associations
between the gut microbiota and different experimental treatments. The RF was run with an
increasing number of trees in R and the ‘MeanDecreaseAccuracy (MDA) value was plotted
for all clades (A). Spearman’s correlation was used to investigate the number of trees needed
for an accurate estimation of importance and plotted with a Michaelis-Menten Model (Vmax

=0.82) (B).n=1.
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Mucus-residing metabolites and colitis

Chapter Three Page 115



Author Contributions

Gurdeep Singh: Designed and performed experiments, analysed data and wrote the

manuscript.
Andrew Brass: Designed and supervised the project, critically reviewed the manuscript.

Sheena Cruickshank: Designed and supervised the project, critically reviewed and edited the

manuscript

Roy Goodacre: Supervised LC-MS aspect of the project

Katherine Hollywood: Performed the LC-MS, critically reviewed and edited the manuscript.
Christopher Knight: Designed and supervised the project, critically reviewed the manuscript
Drupad Trivedi: Processed the LC-MS data.

Yun Xu: Analysed the LC-MS data, critically reviewed the manuscript.

Mucus-residing metabolites and colitis Page 116



3. Mucus metabolite and transcriptional changes precede the onset of colitis-induced

inflammation

Gurdeep Singh', Andrew Brass?, Sheena M. Cruickshank!, Roy Goodacre®, Katherine
Hollywood?®, Christopher G. Knight*, Drupad Trivedi® and Yun Xu®

! Faculty of Biology, Medicine and Health, Lydia Becker Institute of Immunology and
Inflammation, Manchester Academic Health Science Centre, A.V. Hill Building, The
University of Manchester, Oxford Road, Manchester, M13 9PT, United Kingdom.

2 Faculty of Biology, Medicine and Health, Division of Informatics, Imaging and Data
Sciences, Stopford Building, The University of Manchester, Oxford Road, Manchester, M13
9PT, United Kingdom.

® Faculty of Science and Engineering, Manchester Synthetic Biology Research Centre,
Manchester Institute of Biotechnology, The University of Manchester, Oxford Road,
Manchester, M13 9PT, United Kingdom

* Faculty of Science and Engineering, School of Earth and Environmental Sciences, Michael
Smith Building, The University of Manchester, Oxford Road, Manchester, M13 9PT, United
Kingdom

Corresponding authors:

Professor Sheena Cruickshank

Faculty of Biology, Medicine and Health
The University of Manchester

AV Hill Building

Oxford Road

Manchester

M13 9PT
sheena.cruickshank@manchester.ac.uk
Phone +44 (0) 161 275 1582

Short title: Mucus-residing metabolites and colitis

Mucus-residing metabolites and colitis Page 117



3.1 Abstract

The gut is home to the largest concentration of our resident microbiota. Thus, there are many
mechanisms in place to regulate contact between our resident bacteria and our host cells,
notably the gut barrier. Inflammatory bowel diseases are a group of autoimmune disorders of
the gut that are associated with a loss of gut barrier function and altered bacterial
communities. Alterations in bacterial communities will in turn impact on both bacteria and
host-derived metabolites that are known to play a crucial role in the maintenance of host
health. The gut microbiota exists in two compartments in the large intestine — the mucus and
the gut lumen. We have previously shown in a model of colitis, that perturbations in the
mucus-resident microbiota are evident before stool changes can be detected. However, the
mucus has largely been ignored in metabolomic studies. We therefore hypothesise that a
perturbation to the mucus-resident bacteria will lead to an altered metabolomic profile within

the mucus, with a consequential impact on host barrier function and health.

We did a littermate-controlled, comparative analysis between the gut mucus-residing
metabolites in wildtype (WT) mice and mice that develop spontaneous colitis over time
(mdrla” mice) and developed methodologies to profile the mucus-resident metabolites.
Despite no evidence of inflammation based on histological analysis, there was genotypic
variability in individual mucus-resident metabolites between WT and mdrla” mice. This was
concordant with significant alterations to host transcription within the gut, notably genes
associated with angiogenesis and intestinal permeability. Alterations to factors associated
with intestinal permeability may predispose the mdrla’ mice to the development of colitis.

Our data support the importance of profiling the mucus resident bacteria and metabolome in
the study of IBD.
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3.2 Introduction

The microbiota is known to be important in various aspects of host health and a trialogue of
contact between immune cells, gut epithelial cells and the microbiota contribute to the
maintenance of gut homeostasis (Shulzhenko et al., 2011). Gut homeostasis is in part
maintained by the ‘barrier function’, where the gut epithelial cells can act as a physical
barrier to maintain intestinal permeability, and produce antimicrobial factors to regulate our
microbiota. A loss of barrier function can lead to increased bacterial invasion, driving
inflammation and the onset of inflammatory bowel disease (IBD) (Collett et al., 2008).
However, the microbiota can also modulate gut homeostasis via the production of metabolites
(Yamada et al., 2016). Metabolites are small molecules primarily derived from the diet and
produced by the gut microbiota, from substrates that escape absorption in the upper
gastrointestinal tract (Nyangale et al., 2012). These small chemical molecules mediate
functional effects on the host including immune development and the regulation of
inflammation (Trompette et al., 2014). Notably, a group of metabolites collectively referred
to as short-chained fatty acids (SCFAs) have been shown to be vital in the maintenance of
host health, such as regulating adiposity and glucose tolerance (Brown et al., 2003; Samuel et
al., 2008; De Vadder et al., 2014).

Alterations in both the gut microbiota and metabolites are associated with negative health
consequences, such as the development of inflammatory bowel disease (IBD) (Wu, 2014).
Although the microbiota has been strongly implicated in IBD, previous work has generally
focused on stool samples as a representation of the bacterial communities living within the
gut. However, it is equally important to consider the mucus microbiota, as our previous work
indicates that there are changes in the mucus microbiota of colitis-prone mice long before the
onset of detectable inflammation (Glymenaki et al., 2017b). It is therefore likely that the
altered microbiota will impact on the metabolomic profile within the mucus. Given the closer
proximity of the mucus to our host cells, these changes in both the mucus microbiota and
their metabolites could contribute to increased barrier permeability and development of
inflammation seen in IBD. Furthermore, alterations to metabolites could result in host-
transcriptional changes within the intestine that may impact on barrier integrity and further
exacerbate the development of IBD.

We developed methodologies to profile the mucus-residing metabolites and investigated them
in mice that spontaneously develop colitis over time (mdrla™), along with littermate controls.
We specifically looked early before the onset of colitis (6 weeks of age) to investigate the
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hypothesis that early changes in microbiota impact on metabolite production. In parallel, we
investigated the host transcription in these mice. We demonstrate that these mice have
changes to specific mucus-resident metabolites compared to WT mice, before the onset of
inflammation. We also see significant transcriptional changes within the gut, including genes
involved in intestinal permeability and angiogenesis. Our data suggest an early disruption to
gut barrier function and that metabolites may play a role in the development of colitis in
mdrla’ mice, supporting the importance for mucus profiling in understanding disease

aetiology.
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3.3 Materials and Methods

3.3.1 Animal Maintenance

Mdrla” mice (FVB.129P2-AbchlatmlBor N7) (Schinkel et al., 1994) were bred with
control FVB mice purchased from Taconic Farms (Albany, NY), to produce the F2
generation. All mice were maintained under specific, pathogen-free conditions and co-
housed. Thus, 6 week old WT and mdrla”™ male mice from the same litters were used for all
subsequent experiments. Food (Beekay Rat and Mouse Diet Nol pellets; B&K Universal,
UK) and water were available ad libitum. Ambient temperature was maintained at 21 (+/-
2°C) and the relative humidity was 55 (+/- 10%) with a 12h light/dark cycle. All experiments
were performed according to the regulations issued by the Home Office under amended
ASPA, 2012.

3.3.2 Collection of tissue

Sample collection and processing was performed as described by Glymenaki et al. (2017b).
In brief, samples were harvested from mice at 6 weeks of age. Faecal samples were collected
into sterile Eppendorf tubes and snap-frozen on dry ice. Colon snips were fixed in Carnoy’s
fixative (60% ethanol absolute, 30% chloroform and 10% glacial acetic acid) to preserve the
mucus and embedded in paraffin for histological analysis. The remaining colon was then
bisected to expose the inner surface and any remaining faecal matter was removed and gently
washed away with PBS (Sigma, Poole, UK). The inner surface of the colon was scraped
using a cell scraper to remove mucus from the mucus lining which was snap-frozen on dry

ice.

3.3.3 Histology and Staining

Carnoy’s fixed samples were incubated in two changes of dry methanol (Sigma, UK) for 30
minutes each, followed by absolute ethanol (ThermoFisher Scientific, Crawley, UK) for two
incubations at 30 minutes each. Tissue cassettes were processed in a Micro-spin Tissue
Processor STP120 (ThermoFisher Scientific) and immersed in paraffin using a Leica
Biosystems embedding station (Leica Biosystems, Milton Keynes, UK), with the luminal
surface of the colon exposed for tissue sectioning. 5um tissue sections were cut using a Leica
Biosystems microtome and adhered to uncoated microscope slides (ThermoFisher Scientific).
Slides were dried for 48 hours at 50°C before use. Haematoxylin and Eosin (H+E) and goblet
cell staining were performed and analysed as described previously (Glymenaki et al., 2017Db).

In brief, sections were scored out of 9 according to parameters in Table 1.
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Table 1: Histological scoring system for mucosal inflammation

Active inflammation

Lamina propria cellularity

Surface ulceration

0: Normal

1: Mild crypt distortion and
loss and/or mild cryptitis
(<5% of crypts infiltrated by
neutrophils) with mild crypt
abscess formation
2: Moderate crypt distortion
and/or moderate cryptitis
(<50% of crypts infiltrated
by neutrophils) with mild
crypt abscess formation
3: Severe crypt distortion and
loss with widespread and
diffuse cryptitis (>50% of
crypts involved) and diffuse

goblet cell depletion

0: Normal

1: Mild but unequivocal
increase in mixed

inflammatory cells

2: Moderate increase mixed

inflammatory cells

3. Severe and diffuse
increase in inflammatory

cells

0: No ulceration with intact

surface epithelium

1: Probable erosion with

focally stripped epithelium

2. Unequivocal erosion

3. Surface ulceration and

granulation tissue formation
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3.3.4 Albumin ELISA

Faecal samples were mixed with PBS (Sigma) at 100uL per 10mg of faeces and
homogenised. Samples were centrifuged at 200xg for 5 minutes to pellet debris, the
supernatant was collected and centrifuged at 8000xg for 5 minutes to pellet the bacteria. The
supernatant was collected and stored at -80°C. Albumin levels in serum diluted 1/100 were

assessed using a Mouse Albumin ELISA Kit (Universal Biologicals Ltd, Cambridge, UK).

3.3.5 RNA-seq

Proximal colon snips were taken from 6 week old WT and mdrla’ mice, stored in RNA-
Later (ThermoFisher Scientific) and stored at -80°C until use. RNA was then extracted using
the RNeasy Mini Kit (Qiagen, Manchester, UK). Samples were diluted to 1pg/pL
concentration and rRNA depleted using a Ribo-Zero Gold rRNA Removal Kit (Illumina,
Essex, UK). Samples were diluted to 1ng/uL concentration for RNA-seq. RNA-seq was
performed using the HiSeq4000 (lllumina, California, USA). Data was analysed using
DESEQ?2 in R. Specifically, unmapped paired-end sequences from an Illumina HiSeq4000
sequencer were tested by FastQC
(http://www.bioinformatics.babraham.ac.uk/projects/fastqc/).  Sequence  adapters  were
removed and reads were quality trimmed using Trimmomatic_0.36 (Bolger et al., 2014). The
reads were mapped against the reference mouse genome (mm10/GRCm38) and counts per
gene were calculated using annotation from GENCODE M14
(http://www.gencodegenes.org/) using STAR_2.4.2 (Dobin et al., 2013). Normalisation,
Principal Components Analysis, and differential expression was calculated with
DESeq2 _1.16.1 (Love et al., 2014). A heatmap was produced in R using the Gplots package
(Gregory et al., 2016).

3.3.6 Metabolite profiling using LC-MS

Mucus homogenisation and subsequent metabolite extraction was undertaken using a
Tissuelyser Il (Qiagen). The homogenisation solvent (1:1 chloroform:methanol, 800 pL pre-
chilled to -20 °C) was added to each sample, a steel bead added and then homogenised for 20
min at 25 Hz. Once homogenised, 400 pL of water was added and the sample vortex mixed
for 15 s. To initiate phase separation the samples were then centrifuged (8000 xg for 10 min)
before the organic fraction was collected for LC-MS analysis. The organic fraction was
subsequently vacuum concentrated (Eppendorf Vacuum concentrator, RT, 8 h) and stored at -
20 °C until analysis. Upon analysis, the metabolite extracts were resuspended in methanol
(normalised to dry-weight) and analysed by LC-MS. A portion of each sample was pooled to
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give a representative pooled biological ‘quality control’ (QC) which can be used to assess

instrumental variation during the analytical run (Broadhurst et al., 2018).

All LC-MS analysis was conducted on a QExactive Plus equipped with an Ultimate 3000
UHPLC (ThermoFisher Scientific). The UHPLC was equipped with a Hypersil Gold reverse
phase column (C18 -2.1 mm x 150 mm; 1.9 um particle size). The solvents employed were
(A) water + 0.1% formic acid and (B) methanol + 0.1 % formic acid. The flow gradient was
programmed to equilibrate at 95% A for 2 min followed by a linear gradient to 95% B over 8
min and held at 95% B for 2 min before returning to 95% A for 2 min. The column was
maintained at 40 °C and the samples chilled in the autosampler at 4 °C. A sample volume of
5 uL was injected onto the column with a constant flow rate of 400 uL/min. Blank injections
were analysed at the start and end of the analytical batch to assess the background and
carryover. In addition pooled QC samples (as above) were analysed at every 6" injection to
assess for analytical drift over time. Data acquisition was conducted in full MS mode in the
scan range of 70-1050 m/z with a resolution of 70,000, an AGC target of 3e® and a maximum
integration time of 200 ms. The samples were analysed in positive and negative mode in

separate acquisitions.

The raw data was converted to mzXML file format (Proteowizard) and XCMS was used to
deconvolve the data. The data underwent QC-based filtering, where any feature that was
missing in more than 50% of QCs was removed. All features within a given sample were
normalised to account for variation that may arise between sample injections. PCA’s were
plotted from the processed data using R (R Core Team, 2018) and the ggfortify package
(Tang et al., 2016). A Random Forest model was run using the randomForest package in R
(Liaw and Wiener, 2002), with the default mtry value and 100000 trees. The relative peak
area distribution for the top 4 metabolites identified by the Random Forest, based on their
‘MeanDecreaseAccuracy’ value, were plotted. The m/z ratio for each metabolite feature was
used to assign putative identity based on comparisons to databases such as the Kyoto
Encyclopaedia for Genes and Genomes (KEGG) and the Human Metabolome Database
(HMDB).

3.3.7 Statistical Analysis
All statistical analysis was performed using either GraphPad Prism 7 (GraphPad Software, La
Jolla, USA) or R. Student’s T Test was used to compare inflammation score, faecal albumin

levels, crypt length, muscle wall thickness and goblet cell number. Man Whitney U Test was
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used to compare the relative peak area distribution for metabolites between genotype, with
false discovery rate correction for multiple testing. Permutational multivariate analysis of
variance was used to calculate differences in overall metabolites and transcription using the
‘adonis’ function in R, in the VEGAN package (Oksanen et al., 2016).
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3.4 Results

3.4.1 No evidence of gut inflammation in mdrla” mice

Young (6 week old) mdrla’ and WT littermate controls were assessed for indications of
inflammation by histology, assessing gut morphology and numbers of mucus-secreting
goblet cells (Figure 1). In concordance with our previous work (Glymenaki et al., 2017b), we
found no differences in inflammation scores between WT and mdrla™ mice at this timepoint,
based on colonic crypt length, muscle wall thickness, goblet cell number and cellular
infiltration. We also saw no differences in intestinal permeability based on levels of faecal
albumin (Figure 1F), although one out of 6 mdrla’ mice had high levels of faecal albumin.

However, this mouse had normal gut architecture and no overall indications of inflammation.

Mucus-residing metabolites and colitis Page 126



Inflammation Score

0 ¥
o
Q
A 64
c
]
®
g4
£
(72] g 2 000 gggg
c
g - % o000
- 0 5 T
§ WT mdr1a™
g F Faecal Albumin
° 20000
o A .
{ E 15000
|
2
£ 10000
£
3
2 s . i@
0 (D Yoo
WT mdrila-l-
H Muscle Wall Thickness - | Goblet Cells
150 Eeo- 245,
£ . o K .
2 . g 601 p S
< 100 o = ¢ 10
[}

‘5, % .... E ] - {— Yoo
; A . R
— ( ]

- [ ] ¢}
w 50 g O 5 ° °®
g 3 20 ¢ ¢ z U
3 E ©
g °
0 T T P E 0 T T 7 E 0 T T
WT mdr1a” WT mdrfa” S WT mdria”

Figure 1: Gut barrier integrity in mdrla’™ mice. Colonic tissue sections from 6 week old,
male, FVB background wildtype (WT) and mdrla’ littermate mice were investigated for
evidence of inflammation. Tissue was stained with haematoxylin and eosin to observe the gut
morphology and representative images were taken for WT mice (A) and mdrla’ mice (B).
Goblet cells were stained using periodic acid, Alcian blue and Schiff’s reagent and
representative images for WT mice (C) and mdrla” mice (D) are displayed. Sections were
scored based on previously described parameters for signs of colitis (maximum possible score
is 9) (E). Faecal albumin levels were measured to assess gut permeability (F). Colonic crypt
length (G), and muscle wall thickness (H) and goblet cells were quantified (I). Data is shown

as mean +/- standard error of the mean (SEM). n = 6-7. Scale bar = 50um.

Mucus-residing metabolites and colitis Page 127



3.4.2 Alterations to angiogenesis and permeability-associated transcription in mdrla™
mice

In order to investigate barrier function, we performed RNA-seq to examine changes in gene
expression in the proximal colon. We revealed a significant difference in overall host
transcription between WT and mdrla’ mice (PEMANOVA, P < 0.05) (Figure 2A). In terms
of clustering, mdrla’ samples were clustered closer together indicating reduced variability in
expression of the mdrla’ transcriptional profile. Conversely WT samples were spread far
apart, suggesting that transcription was variable.

Upon investigating where these transcriptional differences lay, we found that mice clustered
by treatment group, based on differences in several specific pathways including those
associated with angiogenesis and intestinal permeability (Figure 2B). Angiogensis-associated
genes include those associated with the vascular endothelial growth factor (VEGF)-signalling
pathway, such as VEGF-A, B, D and placental growth factor (PGF). Specifically, VEGF-B
had higher expression in the mdrla” mice and VEGF-D had higher expression in the WT
mice. We also saw differences in angiopoetin 1 and 2 (Angptl and 2), where Angptl had
higher expression in WT mice and Angpt2 had higher expression in the mdrla™ mice. With
respect to intestinal permeability, tight junction genes including occludin (Ocln) and claudin-
2 (cldn2), and aquaporins 7 and 9 (AQP7 and 9) were also affected. Claudin-2 generally had
higher expression in the WT mice, whereas occludin had higher expression in the mdrla”
mice. Aquaporin expression was more variable between treatment groups. Two additional
genes were identified, the gene encoding neuronal acetylcholine receptor subunit alpha-7
(Chrna7) and Actin alpha 3 (Actn3). For both these genes, WT mice had consistently reduced
levels of expression whereas mdrla’™ expression of these genes was more variable. Notably,

actin is involved in the formation of tight junctions.
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Figure 2: Transcriptional differences between WT and mdrla” mice. Proximal colon
tissue was taken from 6 week old male, FVB background wildtype (WT) and mdrla™
littermate mice and the RNA was extracted. Transcription was assessed via RNA-seq.
Principle component analysis was used to assess overall transcriptional differences (A). A
heatmap was used to illustrate differences in key signalling pathways (B). Pgf (placental
growth factor), VEGF (Vascular Endothelial Growth Factor), Angptl and 2 (Angiopoietin 1
and 2), Cldn2 (Claudin 2), Ocldn (Occludin), Agp7 and 9 (Aquaporin 7 and 9), Chrna7
(Neuronal acetylcholine receptor subunit alpha-7) and Actn3 (Actin alpha 3). Asterisks
represent significance determined by a permutational multivariate analysis of variance (*) P <
0.05.n=6.
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3.4.3 Difference in mucus-resident metabolites at 6 weeks of age in mdrla’ mice

Given the differences identified in terms of intestinal permeability-associated transcription,
these changes could be mediated by metabolites. We previously demonstrated that the mucus
microbiota in mdrla’ mice was significantly different compared to that of healthy mice
(Glymenaki et al., 2017a). It was therefore possible that the mucus metabolite profile in these
mice could also be altered. Metabolites were determined based on their relative peak area
distribution obtained during LC-MS analysis. Therefore, every reference to a ‘metabolite’ is a
reference to a ‘metabolite feature’ based on the peaks obtained. Our previous analysis based
on 16S rRNA sequence data and the predictive tool PICRUSt revealed that the mucus-
residing metabolites were relatively stable between WT and mdrla™ mice (Glymenaki et al.,
2017a). In this study, PCA analysis of mucus-residing metabolites, in both positive (Figure
3A) and negative (Figure 4A) ionisation mode did not clearly seperate all WT and mdrla™
mice. However, samples did segregate into two distinct clusters. A random forest was used to
determine whether the metabolite profile could discriminate between different treatment

groups.

The predictive accuracy for the random forest was lower than 50%, suggesting that overall,
the metabolite features cannot be used to discriminate between different treatment groups
(Supplementary Figure 1A). Nevertheless, there were metabolites that had great bearing on
the accuracy of the RF and their importance values have been reported (Supplementary
Figure 1B and C). For positive ionisation mode, metabolites 1451, 239, 967 and 1450 were
the four most important metabolites highlighted by the random forest and their relative peak
area distribution have been plotted (Figure 3B, C D and E). For negative ionisation mode,
four different metabolites were highlighted: 175, 619, 81 and 1 (Figure 4B, C, D and E).

The m/z ratios and retention times of each metabolite peak was used to assign putative
identities for both positive ionisation mode (Supplementary Table 1) and negative ionisation
mode (Supplementary Table 2). It should be noted that due to differences in retention times
between chromatography runs and different platforms, identities can only be truly confirmed
through validation of known standards on the in-house machinery. Therefore, the feature

identities proposed are speculative.

In the negative ionisation  run, metabolites identified included  3,5-
Dichlorophenylcarboximide and 6-Bromo-7H-Purine which have not previously been

identified in the context of the gut. Additionally, the RF model identified methylglyoxal as an
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important metabolite, a known ‘toxic’ metabolite that can contribute to irritable bowel
syndrome development (Zhang et al., 2014). It was also shown to be a potent inducer of
calcium channels on bacteria, controlling growth of bacteria such as E. coli (Campbell et al.,
2007). Conversely, the positive ionisation mode had numerous metabolites identified, but

none have previously been associated with the gut.
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Figure 3: LC-MS (Positive lonisation Mode) reveals variation in mucus-residing
metabolites. Colonic mucus was extracted from 6 week old male, FVB background wildtype
(WT) and mdrla’ littermate mice. Metabolites were assayed via LC-MS and a PCA of the
overall metabolites is illustrated (A). A random forest model was used to identify metabolites

that were important to discriminate between the different treatment groups and the top five

have been presented with their relative peak area distribution (B, C, D and E). n = 8-9.
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Figure 4: LC-MS (Negative lonisation Mode) reveals variation in mucus-residing
metabolites. Colonic mucus was extracted from 6 week old male, FVB background wildtype
(WT) and mdrla’ littermate mice. Metabolites were assayed via LC-MS and a PCA of the
overall metabolites is illustrated (A). A random forest model was used to identify metabolites
that were important to discriminate between the different treatment groups and the top five

have been presented with their relative peak area distribution (B, C, D and E). n = 8-9.
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3.5 Discussion

Mdrla” mice are known to develop spontaneous colitis over time and a previous study
identified that there were changes in the caecal microbiota that preceded the onset of colitis
(Nones et al., 2009). We subsequently showed that there were changes in the mucus
microbiota but not the stool that preceded colitis (Glymenaki et al., 2017b). It has long been
established that metabolites are important to maintain healthy host function, with SCFAs
implicated in early forms of IBD therapy (Harig et al., 1989). However, much work has
focused on serum and urine, which although give an overall metabolomic ‘fingerprint’, would
not highlight local changes within a tissue environment (Kell et al., 2005). Given the changes

that we see in the mucus bacteria, we investigated the mucus for changes in metabolites.

We saw no overall changes in our mucus metabolite features between genotype, however the
samples appeared to cluster into two distinct groups. Indeed, the PCA highlighted that the
biggest variation in the data was due to samples clustering by cage (data not shown),
suggesting that cage effect has a large impact on metabolites. Our random forest model was
unable to discriminate between genotype using the metabolite profile. However, random
forests often require larger datasets in order to train the model accurately. Additionally, our
mice were co-housed, littermate controls and it is known that cage effect can have powerful
effects on the gut microbiota. Co-housing would prevent ‘artificial’ genotype-associated
microbiota and metabolite changes and is more reflective of a real environment. Cage effect
could be one reason for why we do not see genotypic differences. It is also possible that
metabolite changes are more likely to happen as a consequence of severe inflammation and
thus at a later timepoint in our mice. Indeed, it is known that butyrate metabolism in
ulcerative colitis patients is diminished but only in patients with severe, but not mild colitis
(Duffy et al., 1998). In our mouse model, the 6 week timepoint is before the onset of any
inflammation, thus there may not be large overall changes to the metabolomic profile until
the onset of colitis.

However, we did see variability in individual metabolite features between genotypes, despite
seeing no significant differences. The potency of individual metabolites should not be
underestimated. For example, although it was not detected in this study, butyrate has the
ability to regulate inflammation through T regulatory cell induction (Furusawa et al., 2013)
and has been shown to be more effective than propionate and acetate in mediating anti-
inflammatory effects (Sakata, 1987). Depletion of butyrate-producing Clostridia led to
increased colonisation of Salmonella in the gut of mice (Rivera-Chavez et al., 2016).
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Therefore, even though only a small number of metabolites show variation between genotype
in our study, this could still be enough to mediate large physiological effects. In positive
ionisation mode, none of the metabolites provisionally identified were associated with the gut
and thus there could still be potentially important metabolites within this fraction of samples.
It should be noted that retention times vary between chromatography runs and that the

identity of metabolites cannot always be extrapolated. Hence, the IDs discussed are putative.

In concert with differences in the individual metabolites, we also saw differences in gene
expression in the gut. Gene expression in young, non-inflamed mdrla’ mice has been
explored previously, but not compared against littermate controls (Collett et al., 2008). That
study revealed that mdrla” mice had alterations to genes associated with antigen presenting,
whereas we primarily identified genes associated with intestinal permeability- suggesting an

impact on barrier function- and angiogenesis.

With regards to intestinal permeability, we saw differences in the expression of two tight-
junction proteins claudin-2 and occludin. Of note, claudin-2 expression was generally higher
in WT mice than mdrla” mice, whereas the level of occludin expression was higher in the
mdrla’ mice. A previous study in human patients found that claudin-2 was downregulated in
Crohn’s Disease and ulcerative colitis patients and this led to redistribution of claudin-5 and 8
(Zeissig et al., 2007), although these two claudins were not significantly different based on
the RNA-seq. Occludin was also downregulated and redistributed in the human study, despite
our mdrla’ mice showing increased expression of it. Therefore, even though occludin had
increased expression, its localisation could be such that this has no physiological effect on
barrier function. Metabolites have been previously shown to influence tight junction proteins
(Shimada et al., 2013; Venkatesh et al., 2014), although we could not establish a link in this
study. Perhaps there are transcriptional alterations happening at the 6 week timepoint that
may not have any direct phenotypic consequence in the short term, but could potentially
predispose the mdrla™ mice to colitis. Additionally, there were differences in expression of
two members from a family of water channel proteins known as aquaporins (Agre et al.,
1993). Specifically, Agp7 and Agp9 are described as aquaglyceroporins which are permeable
to water and various small solutes such as urea (Ricanek et al., 2015). Reduced aquaporin

expression has been associated with early-stage IBD (Ricanek et al., 2015).

In addition to genes associated with permeability, we also identified a cluster of genes

involved in angiogenesis that were different between treatment groups. Angiogenesis has
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previously been reported as a contributing factor to IBD (Salem and Wadie, 2017). Our
RNA-seq identified multiple targets involved in angiogenesis including various VEGF family
members and Angpts. With regards to VEGF, VEGF-A appears to be the best described and
has been associated with IBD (Scaldaferri et al., 2009). However, our WT mice appear to
have increased expression of VEGF-A compared to the mdrla’ mice. The study by
Scaladaferri et al. (2009) investigated DSS-treated mice and clinical samples from IBD
patients, thus, VEGF-A could be important in more aggressive or inflammatory forms of
IBD.

It is also possible that other VEGF family members may be important in the development of
colitis. Specifically VEGF-B had increased expression in mdrla’ mice. However, there is a
current lack of studies that have investigated VEGF-B in the context of IBD. Notably,
another VEGF family member, PGF, had significantly elevated expression in mdrla’ mice.
In other studies, PGF has been linked to increased angiogenesis in human microvascular
epithelial cells (Zhou et al., 2016). The interplay between Angptl and Angpt2 has also been
identified as a factor that may control inflammation. Indeed, Angptl was lower in patients in
remission of IBD and Angpt2 was shown to be the best predictor of histological activity
(Algaba et al., 2013). As we saw almost no signs of inflammation, these findings emphasise
the fact that although there are transcriptional changes at this time point, any resulting

phenotypic effects may only be apparent later in life, if at all.

In conclusion, we confirm that mdrla” mice exhibit almost no signs of inflammation at 6
weeks of age. However, we do identify variation in specific metabolites and significant
transcriptional differences in mdrla” mice that may impair gut barrier function. These
changes could be as a consequence of the altered microbiota at this timepoint. However, we
have yet to fully correlate changes in the metabolites and transcription with the onset of

colitis in these mice.
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3.7 Supplementary Information
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Supplementary Figure 1: Random Forest highlights important metabolites. Colonic

mucus was extracted from 6 week old male, FVB background wildtype (WT) and mdrla™

mice. Metabolites were assayed via LC- and a matrix of the M/Z ratios was used as an input

for a random forest model. The predictive accuracy of the model is shown for positive

ionisation mode (A) and negative ionisation mode (B). The five most important metabolites

identified via the Mean Decrease Accuracy value were then selected for positive ionisation

mode (C) and negative ionisation mode (D). n = 3.
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Supplementary Table 1: Metabolites identified in positive ionisation mode.

Peak Query Name Formula Exact

ID m/z Mass

1451* | 320.1993622 - - -

1459 326.2153168 Farnesylcysteine C18H31INO2S | 325.2075499

134 101.0596434 Methyl methacrylate; MMA;Methyl 2- C5H802 100.0524295
methylpropenoate

1450* | 319.6975019 - - -

2133 | 550.3955128 PC(P-18:0/2:0) C28H56NO7P | 549.3794

1847 439.326948 (17Z)-1alpha,25-dihydroxy-26,27-dimethyl- C29H4203 438.3134
17,20,22,22,23,23-hexadehydrovitamin D3 /
(172)-1alpha,25-dihydroxy-26,27-dimethyl-
17,20,22,22,23,23-hexadehydrocholecalciferol

2351* | 632.737244 - - -

127 100.0755659 N-Methyl-2-pyrrolidinone;1-Methyl-2- C5HINO 99.06841392
pyrrolidinone

967* 194.1148305 3,4-Methylenedioxymethamphetamine;N- C11H15NO2 193.1102787
Methyl-3,4-methylenedioxyamphetamine

2412 | 662.4650193 | PC(15:1(9Z)/12:0) C35H68NO8P | 661.4683

1998 | 503.3248693 Kolanone C33H4204 502.3083098

2436 675.4319896 N-Acetyl-leu-leu-leu-leu-tyr-amide;NAc- C35H58N607 | 674.4366982
L4Y-amide

229 114.0912525 epsilon-Caprolactam C6H11INO 113.084064

1467 | 329.262853 MG(0:0/16:1(92)/0:0) C19H3604 328.2613596

1630 379.24161 Cornudentanone C22H3405 378.2406

239* 115.0943557 - - -

1404 305.1830154 Dolichol phosphate C15H2904P 304.1803459

2172 562.3607859 N-Acetyl-leu-leu-leu-tyr-amide;NAc-L3Y- C29H47N506 | 561.3526343
amide

2276 612.3837117 Zizyphine A C33H49N506 | 611.3682843

2358 633.0717273 Vescalin C27H20018 632.0649638

2373 652.4185759 PS(12:0/14:0) C32H62NO10P | 651.4111

2456 747.47431 Myxol glycoside/ (Myxoxanthophyll) C46H6608 746.4758

2470 772.5324081 - C45H74NO7P | 771.5203

* |dentified as important in the Random Forest
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Supplementary Table 2: Metabolites identified in negative ionisation mode.

Peak ID | Query m/z Name Formula Exact Mass

626> 2429760248 | 3,5-Dichlorophenylcarboximide CI9H6CI2N202 | 243.9806329

411 179.9803284 | Unknown - -

503 196.9432906 | 6-BROMO-7H-PURINE C5H3BrN4 197.9541087

81* 103.9299527 | Unknown - -

619* 240.9108433 | Unknown - -

1* 71.01383028 | Methylglyoxal;Pyruvaldehyde;Pyruvic- | C3H402 72.02112937
aldehyde;2-Ketopropionaldehyde;2-
Oxopropanal

175* 129.0544771 | 3-Methyl-2-oxopentanoate;2-Oxo-3- C6H1003 130.0629942
methylvalerate

* Identified as important in the Random Forest
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4.1 Abstract

The gut has the largest commensal bacterial population in the body and its composition can
be impacted by host factors such as production of IgA. Eosinophils in the gut have been
implicated in the production of anti-bacterial factors and maintenance of IgA-secreting
plasma cells. We used an eosinophil-deficient mouse (AdbIGATA-17) to investigate the role
of eosinophils in the regulation of the microbiota, with a particular emphasis on mucus-

resident species in the small and large intestine.

We found no differences in IgA production or IgA expressing plasma cells between naive
littermates in the small or large intestine. However, there were clear differences in the
bacterial communities of the mucus and stools between WT vs AdbIGATA-1"" mice with the
greatest separation between the mucus microbial communities. Mucus-resident bacteria in
AdbIGATA-1"" mice had reduced diversity in the mucus compared with the stools. A gPCR
panel of selected bacteria showed that that the most significant differences in the microbiota
were between mucus-resident bacteria such as the abundance of Clostridiales and Bacteroides

of the small and large intestine versus the stools.

Our data implicates eosinophils in the regulation of the microbiota, especially the bacteria
most hyperlocal to the gut barrier. However, we propose that this is not via regulation of IgA
plasma cells. Importantly, the data revealed that the mucus and stool microbiota are discrete
communities and that stool analysis alone may be insufficient to comprehensively explore

and define the role of the gut microbiota in health and disease.
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4.2 Introduction

An effective gut barrier is crucial for our health by helping prevent entry of pathogens whilst
enabling the entry of helpful nutrients and commensal bacterial products. The gut barrier
comprises a mucus layer that is situated on top of a monolayer of intestinal epithelial cells.
Intestinal epithelial cells and immune cells secrete and transport an array of anti-microbial
factors that include anti-bacterial peptides and secreted IgA, which are particularly
concentrated within the mucus layer (O'Neil et al., 1999). Another crucial component of the
gut barrier is the gut microbiota which also serves to protect against pathogens by competing
for resources or production of anti-microbial factors (Garcia-Gutierrez et al., 2018). A variety
of host cells are involved in the maintenance of the gut barrier with immune cells such as

eosinophils thought to play a key role (Johnson et al., 2015).

Eosinophils are resident immune cells found all along the length of the gut with the highest
proportion in the small intestine (Forman et al., 2016). Eosinophils have been linked to the
regulation of IgA-secreting plasma cells and the gut mucus layer (Chu et al., 2014), both
major components of the gut barrier. Additionally, eosinophils have been linked to the
maintenance of intestinal permeability (Johnson et al., 2015). Therefore, understanding how
eosinophils contribute to barrier integrity and their impact on the gut microbiota is an

important area of investigation.

The microbiota varies along the length of the gastrointestinal tract with fewer bacteria found
at the top of the small intestine and the greatest number and most varied communities found
in the large intestine (Ahmed et al., 2007). The gut microbiota then exists within two major
niches within the gut, the lumen and the gut mucus layer. Given these distinctions among gut
microbial communities, it is perhaps surprising that much of the work to date has focused on
characterising stool bacteria that are unlikely to fully recapitulate this diversity. The
importance of investigating different microbial niches is crucial, as it is likely that the
microbiota within these niches have different functional impacts for the host. Indeed, our
previous work has demonstrated that the colonic mucus microbiota, but not the stool bacteria,

changes before the onset of colitis (Glymenaki et al., 2017).

Here, we investigate how eosinophil-deficiency impacts upon both IgA-secreting plasma
cells and the gut microbiota, with a particular focus on exploring small versus large intestine
and mucus versus stools. Using littermate-controlled WT and eosinophil-deficient

(AdbIGATA-17) mice, we saw no differences in the numbers of IgA-secreting plasma cells
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between genotype. However, we show that both the stool and the mucus microbiota are
significantly different between strains, with stronger separation in our mucus samples.
Specific analysis of which types of bacteria were different indicated that the microbial niche

(i.e. stool vs mucus) was a powerful influencing factor on the gut microbiota.
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4.3 Materials and Methods

4.3.1 Animal Maintenance

AdblIGATA-1 mice (Shivdasani et al., 1997) (kindly provided by Professor Avery August,
Pennsylvania State University- USA) were bred with C57BL/6 mice to produce the F2
generation, which were used for all experiments. Mice from each litter were co-housed but
separated by gender. Thus, WT male mice and heterozygous (Het) female mice, and
AdbIGATA-1"" mice from the same litters were used for all subsequent experiments. It should
be noted that due to the nature of the mutation, female mice could only be Het in this study
but function as WTSs, given the presence of eosinophils in these mice. Food (Beekay Rat and
Mouse Diet No1l pellets; B&K Universal, UK) and water were available ad libitum. Ambient
temperature was maintained at 21 (+/- 2°C) and the relative humidity was 55 (+/- 10%) with
a 12h light/dark cycle. Male mice at 12 weeks old and female mice at 12 weeks and 1 year of
age, were used for experiments. All animals were kept under specific, pathogen-free (SPF)
conditions at the University of Manchester and experiments were performed according to the

regulations issued by the Home Office under amended ASPA, 2012.

4.3.2 Sample preparation

Faecal samples were collected into sterile Eppendorf tubes and snap-frozen on dry ice. Small
intestinal and distal colon snips were fixed in Carnoy’s fixative (60% ethanol absolute, 30%
chloroform and 10% glacial acetic acid) to preserve the mucus. The remaining colon was
then bisected and any remaining faecal matter was removed and gently washed away with
PBS (Sigma, Poole, UK). The inner surface of the colon was scraped using a cell scraper to
remove mucus from the mucus lining which was snap-frozen. Serum was incubated at 37°C
for 2 hours, before centrifugation at 7000xg for 10 minutes to collect the supernatant. The

supernatant was stored at -80°C.

4.3.3 Histology and Staining

Carnoy’s fixed samples were incubated in two changes of dry methanol (Sigma, UK) for 30
minutes each, followed by absolute ethanol (ThermoFisher Scientific, Crawley, UK) for two
incubations at 30 minutes each. Tissue cassettes were processed in a Micro-spin Tissue
Processor STP120 (ThermoFisher Scientic) and immersed in paraffin using a Leica
Biosystems embedding station (Leica Biosystems, Milton Keynes, UK), with the luminal
surface of the colon exposed for tissue sectioning. 5um tissue sections were cut using a Leica

Biosystems microtome and adhered to uncoated microscope slides (ThermoFisher Scientific).
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Slides were dried for 48 hours at 50°C before use. Haematoxylin and Eosin (H+E) and goblet

cell staining were performed and analysed as described previously (Glymenaki et al., 2017).

4.3.4 Fluorescence in-situ Hybridisation (FISH)

FISH was performed as described previously (Glymenaki et al., 2017). In brief, FISH
staining was performed using the universal bacterial probe-EUB338 (5'-Cy3-
GCTGCCTCCCGTAGGAGT-3"), followed by immunostaining with a rabbit polyclonal
MUC?2 antibody and goat anti-rabbit Alexa-Fluor 488 antibody (Life technologies, Paisley,
United Kingdom). The thickness of the inner mucus barrier was quantified by measuring the
distance between the epithelium and the outer mucus layer. Bacterial penetrance was also
investigated by assigning values from 0-4 depending on where bacteria were localised: 0 =
bacteria in the lumen and outer mucus layer, 1 = bacteria in the inner mucus layer, 2 =
bacteria in contact with the epithelium, 3 = bacteria in the crypts, 4 = bacteria in the lamina

propria. All slides were scored in a blind manner.

4.4.5 Flow Cytometry for IgA Plasma Cells

Whole colon and small intestine were harvested and fat was removed from the tissue and
washed thoroughly in PBS Tissue was placed into warm strip buffer (PBS containing 1%
Foetal Bovine Serum, 0.5M EDTA and 0.2mM DTT (all Sigma), and incubated for 10
minutes at 37°C on a shaking incubator (Cole Palmer, Staffordshire, UK) at 205rpm. The
supernatant was removed, and the process repeated before incubation in digest buffer (RPMI,
10% FCS, 1% penicillin-streptomycin, 0.025mg/ml Deoxyribonuclease | from bovine
pancreas (all Sigma) and 0.01% collagenase-dispase (Roche, West Sussex, UK) for 45
minutes at 37°C on a shaking incubator at 205rpm. Cells were strained through a 70um sieve
and pelleted at 450xg for 5 minutes. Cells were resuspended in FACS buffer (0.5% BSA in
PBS) and stained with B220-APCCy7, CD3-PERCP, CD19-AmCyan, MHCII-PacBlue
(ThermoFisher Scientific), IgA-PE (eBioscience- ThermoFisher Scientific) and CD45-BV650
(BioLegend, California, USA). After staining, cells were fixed in IC Fixation Buffer
(ThermoFisher Scientific), resuspended in FACS buffer and then analysed using a BD
Biosciences LSR Fortessa (BD Biosciences, Berkshire, UK). Doublets and dead cells were
excluded from analysis. IgA+ plasma cells were reported as a proportion of total live CD45+

cells. IgA+ plasma
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4.5.6 IgA ELISA

An ELISA was performed using the Invitrogen™ eBioscience™ Mouse IgA ELISA Ready-
SET-Go!™ Kit (Fisher Scientific, UK), according to manufacturer’s instructions. Serum was
used at a 1/5000 dilution. Stool samples were prepared using IDK Extract® stool preparation
tubes according to manufacturer’s instructions (Immundiagnostik, Bensheim, Germany). The
resulting faecal extract was used at a 1/100 dilution. The ELISA was read using a VersaMax

microplate reader (Molecular Devices, San Jose, USA).

4.5.7 16S DNA extraction, amplification and purification

DNA extraction was performed using a Qiamp® Fast Stool DNA Mini Kit (Qiagen,
Manchester, UK), using a modified version of the manufacturer’s instructions. Faecal
samples were incubated in Inhibitex buffer (Qiagen) and mechanically disaggregated, before
incubation at 95°C for 30 minutes. Mucus samples were centrifuged (13000xg for 10
minutes) and the mucus pellets incubated in Inhibitex buffer, mechanically disaggregated and
incubated at 95°C for 30 minutes. 300uL of the resulting lysate was used for the subsequent
steps, which were then performed according to manufacturer’s instructions. Optical density at
260nm was recorded using a UV1101 spectrophotometer (Biochrom Ltd., Cambridge, UK) to
measure DNA concentration.

For the identification of different bacterial species, the 16S rRNA gene was amplified using
the universal primer pairs P3_GC-341F and P2 518 (Table 1), as described previously
(Glymenaki et al., 2017).

4.5.8 Denaturing gradient gel electrophoresis (DGGE)

A denaturing gradient gel was prepared according to the methods initially developed by
Fischer and Lerman (Fischer and Lerman, 1983). The gel was run as described previously
(Glymenaki et al., 2017).

The gel was then analysed using Phoretix Software (TOTALLAB, Newcastle Upon Tyne,
UK). Lane boundaries were defined to correct for any potential distortions during the gel run
and manually curated to ensure that the bands detected were not artefacts. Reference bands
were selected to align bands across the gel and ‘Rf values’ generated to measure the bands
migration. A binary matrix was then generated based on the Rf values, with 0’s and 1’s
indicating the absence or the presence of a bacterial ‘species’ in a sample. This matrix was
processed in R (R Core Team, 2016). Specifically, the “VEGAN’ (Oksanen et al., 2016),
‘ecodist’ (Goslee and Urban, 2007) and ‘MASS’ (Venables and Ripley, 2002) packages were

The gut microbiota in eosinophil-deficient mice Page 152



used to statistically compare the presence or absence of species (bands) between groups, i.e.
WT lumen, WT mucus, 4dbIGATA-1"" lumen and 4dbIGATA-1"" mucus. The same packages
were used to perform non-metric multidimensional scaling to examine clustering between
groups. Finally, bacterial diversity (total number of bands) was calculated using the Shannon-

Wiener Diversity Index.

4.5.9 gPCR Analysis of Bacteria

Stool, colonic mucus and small intestinal mucus DNA was used as a template for a g°PCR
reaction that consisted of 100ng/uL DNA, 10uM primers, 2x KAPA SYBR® FAST gPCR
Mastermix (Sigma) and nuclease free water to a total volume of 20uL. Primers used are
illustrated in Table 1. A universal 16S rRNA gene was used as a housekeeping control.
Results were calculated using the AACT method. Cycling steps for all primers were:
Denaturing at 95 °C for 10 minutes, followed by 35 cycles of 95 °C for 15 seconds and 60 °C

for 1 minute.

4.5.10 Statistical Analysis

All statistical analysis was performed using either GraphPad Prism 7 (GraphPad Software, La
Jolla, USA) or R. Student’s t Test was used to compare crypt and villi length, muscle wall
thickness, goblet cell number, inner mucus thickness and bacterial localisation between
genotype in male mice. Permutational multivariate analysis of variance (PERMANOVA) was
used to calculate differences in species presence between samples using the ‘adonis’ function
in the vegan R package (Oksanen et al., 2016). Relative expression of quantified bacteria was
compared between niche and genotype using 2 Way Analysis of Variance (ANOVA) with a
Tukey’s Post Hoc Test. Additionally, when comparing young and old female mice, 2 Way
Analysis of Variance (ANOVA) with a Tukey’s Post Hoc Test was used to compare crypt
and villi length, muscle wall thickness, goblet cell number, inner mucus thickness and

bacterial localisation between genotype.
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Table 1: List of primers used

Gene Primers Sequence
GATA-1 GATA1S 5’-CCCAATCCTCTGGACTCCCA-3’
GATA 1 AS 5’-CCTACTGTGTACCAGGCTAT-3’
165 rRNA P3 GC-341F 5’-CGCCCGCCGCGCGCGGCGGGCGGGGCG
GGGGCACGGGGGGCCTACGGGAGGCAGCAG-3’
P2 518R 5’-ATTACCGCGGCTGCTGG-3’
Universal UniF340 5’-ACTCCTACGGGAGGCAGCAGT-3’
UniR514 5’-ATTACCGCGGCTGCTGGC-3’
Actinobacteria Act664F TGTAGCGGTGGAATGCGC
Act941R AATTAAGCCACATGCTCCGCT
Bacteriodetes Bac960F 5’-GTTTAATTCGATGATACGCGAG-3’
Bac1100R TTAASCCGACACCTCACGG
Deferribacteres Defer1115F CTATTTCCAGTTGCTAACGG
Defer1265R GAGHTGCTTCCCTCTGATTATG
Firmicutes Firm934F 5’-GGAGYATGTGGTTTAATTCGAAGCA-3’
Firm934R 5’-AGCTGACGACAACCATGCAC-3’
Verrucomicrobia Verll65F 5’-TCAKGTCAGTATGGCCCTTAT-3’
Verl263R 5’-GAGHTGCTTCCCTCTGATTATG-3

Bacteroides

Clostridiales

Enterrobacteriaceae

Lachnospiraceae/Rumminococceae

Akkermansia muciniphila

Segmented Filamentous Bacteria

5’-GGTTCTGAGAGGAGGTCCC-3’
5’-GCCTCAAGGGCACAACCTCCAAG-3’

BacteroidesF

BacteroidesR

ClostF ACTCCTACGGGAGGCAGC
ClostR GCTTCTTAGTCAGGTACCGTCAT
Uni515F GTGCCAGCAGCCGCGGTAA
Ent826R GCCTCAAGGGCACAACCTCCAAG
LachnoRumF CGGTACCTGACTAAGAAGC
LachnoRumR AGTTTCATTCTTGCGAACG
Amuc_1599F GACCGGCATGTTCAAGCAGACT
Amuc_1599R AAGCCGCATTGGGATTATTTGTT
SFBF GACGCTGAGGCATGAGAGCAT
SFBR GACGGCACGGATTGTTATTCA
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4.4 Results

4.4.1 Absence of eosinophils does not affect colonic or small intestinal morphology

under homeostasis in younger mice

Our overall aim was to investigate how the absence of eosinophils could influence the gut
microbiota. However, we first needed to establish whether there were any changes to overall
gut architecture in eosinophil-deficient mice, specifically changes in intestinal crypt length

and muscle wall thickness.

H+E staining revealed that there were no significant differences in either crypt length or
muscle wall thickness of young male mice (12 weeks of age, Figure 1). Additionally, we
investigated the morphology of the small intestine and found no significant differences in
villus length or muscle wall thickness between genotypes (Figure 1). Thus, the absence of

eosinophils did not alter gross gut morphology in male AdbIGATA-1"" mice.

When female mice were investigated, there were also no significant differences in muscle
wall thickness between Het and AdbIGATA-1""mice, in 12 week old mice (young) or mice
aged to one year (old) (Supplementary Figure 1). Young AdbIGATA-1"" mice tended to have
longer colonic crypts than their Het counterparts (2 way ANOVA with Tukey’s Post Hoc
Test: P =0.011), but this was restored to levels akin to Het in older mice (Supplementary
Figure 1). There were no significant morphological differences in the small intestine between

Het and AdbIGATA-1"" mice of any age (Supplementary Figure 2).
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Figure 1: Loss of eosinophils does not alter gut architecture.Colonic and small intestinal
tissue sections from 12-week old male, C57BL/6 background wildtype (WT) and eosinophil-
deficient (AdbIGATA-17) littermate mice, were stained with haematoxylin and eosin to
observe the gut morphology. Representative images were taken for the colon of WT mice (A)
and AdbIGATA-1"" mice (B), and the small intestine of WT (C) and AdbIGATA-1"" mice (D).
Colonic crypt length (E) and muscle wall thickness (F) and small intestinal villus length (G)
and muscle wall thickness (H) were measured. Data is shown as mean +/- standard error of
the mean (SEM). n = 4. Scale bar = 50um.4.4.2 Mucus barrier integrity
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Eosinophils may play a role in the regulation of the mucus barrier (Chu et al., 2014) and so
we quantified the number of goblet cells and the thickness of the colonic mucus layer (Figure
2). Goblet cell numbers in the colon were equivalent between genotype (Figure 2E). There
were also no significant differences in small intestinal goblet cell number (Supplementary
Figure 3). We also investigated the thickness of the inner mucus layer and saw a similar inner
mucus thickness between genotypes in male mice (Figure 2F). Similar trends were seen in
female mice (Supplementary Figure 4 and 5) although younger, female eosinophil-deficient
mice had more variable mucus thickness when compared to Het mice, which was
significantly different between genotype (2 way ANOVA with Tukey’s Post Hoc Test: P =
0.04, Supplementary Figure 6).

Irrespective of mucus thickness, the quality of the mucus barrier may be altered such that
bacterial localisation could be affected. We therefore stained colon sections with a
fluorescent universal probe for bacteria, and a Muc2 antibody (Figure 2). Sections were
scored based on how far bacteria had travelled from the lumen to the lamina propria. Two
mice that lacked eosinophils had evidence of increased bacterial localisation further into the
gut, however most of the AdbIGATA-1" mice were equivalent to WT counterparts (Figure
2G). Furthermore, bacterial localisation was similar between WT and AdbIGATA-1" female

mice irrespective of age (Supplementary Figure 6).

As IgA is a key component of the mucus barrier, we determined whether eosinophils play a
role in the regulation of IgA-secreting plasma cells (Figure 3). Flow cytometry was used to
define plasma cells which were gated as CD45+, MHCII+, CD3-, IgA+ and B220-. Analysis
of colonic and small intestinal cells isolated from male, WT and AdbIGATA-1"" mice revealed
no striking differences in the number of IgA-expressing cells between genotype (Figure 3A-
B). This was concordant with no differences in serum or faecal IgA levels between young
male WT and AdbIGATA-1"" mice (Figure 3C-D). However, in female mice there was a trend
towards higher levels of serum IgA in AdbIGATA-1" mice compared with Het, with
significant differences in younger AdbIGATA-17 mice compared with Het (2 way ANOVA
with Tukey’s Post Hoc Test: P = 0.002) (Supplementary Figure 7).
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Figure 2: Mucus barrier integrity in 4dbIGATA-1"" mice. Colonic tissue sections were
taken from 12 week old male, C57BL/6 background wildtype (WT) and eosinophil-deficient
(4dblGATA-1") littermate mice. Goblet cells were stained using periodic acid, Alcian blue
and Schiff’s reagent and representative images for WT mice (A) and AdbIGATA-1"" mice (B)
are displayed. Sections were also stained with a fluorescent DNA probe specific for the 16S
rRNA gene to identify bacteria (red), a Muc2 antibody (green) to identify mucus and
counterstained with DAPI (blue). Representative images for WT (C) and AdbIGATA-1"" mice
(D) are displayed. Goblet cells (E), inner mucus thickness (F) and bacterial localisation (G)
were measured. Bacteria were scored based on their location within the gut: 0 = bacteria in
the lumen and outer mucus layer, 1 = bacteria in the inner mucus layer, 2 = bacteria in
contact with the epithelium, 3 = bacteria in the crypts, 4 = bacteria in the lamina propria. Data

shown as mean +/-SEM. n = 6-11. Scale bars = 50um.
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Figure 3: Loss of eosinophils does not impact IgA. Cells isolated from the colon and small
intestine, from C57BL/6 background wildtype (WT) and AdbIGATA-1 littermate mice were
gated to calculate the frequency of IgA+ plasma cells, gated as CD45+, MHCII+, CD3-,

IgA+ and B220-.(A). Numbers of IgA+ cells were reported as a total proportion of live

CD45+ cells (B). Serum (C) and stool homogenates (D) were analysed via ELISA to

determine secreted levels of IgA. Data shown as mean +/- standard error of the mean (SEM).

n=4-11
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4.4.3 Eosinophils influence microbial diversity

We next investigated whether the bacterial communities themselves could be affected by
eosinophil-deficiency. We used a gel-fingerprinting technique (DGGE) to provide an
overview of the bacterial communities in our WT and AdbIGATA-1"" mice (Figure 4).
Although the stool communities were significantly different between genotypes
(PERMANOVA: P = 0.001), the mucus microbiota had a clearer and more significant
separation between genotypes (PERMANOVA: P = 0.00003). Alpha-diversity, a measure of
the range of different bacteria within samples, revealed that eosinophil-deficient mice had
significantly lower diversity in the mucus compared with WT mucus (2 Way ANOVA with
Tukey’s Post Hoc Test: P = 0.0018). In contrast, there was no difference in stool alpha

diversity between genotypes.

In aged female mice, there was no clear difference between Het and AdbIGATA-1" stool
although the stool microbiota was significantly different when comparing young and old
female AdbIGATA-1"" mice (PERMANOVA: P = 0.004) (Supplementary Figure 8). We also
saw no differences in stool diversity between Het and AdbIGATA-1"" mice (Supplementary
Figure 8). When the mucus was examined in female mice, we saw significant differences
between young Het and young AdbIGATA-17" mice (PERMANOVA: P = 0.02) but not the
older mice. However, there was an age effect with young and old Het mice and young and
old AdbIGATA-1" mice having significantly —separated bacterial ~fingerprints
(PERMANOVA: P =0.01 and P = 0.004 respectively) (Supplementary Figure 9).

We also saw a significant reduction in mucus diversity in old relative to young AdbIGATA-1"
mice. However, we did not see a reduction in mucus diversity with age in Het genotypes.
Taken together, the data from male and female mice would suggest that the lack of
eosinophils does impact on the microbiome with a stronger influence on the mucus

microbiota compared with the stool communities.

We then quantified the differences in the microbiota via qPCR (Figure 5). A panel of the
most common bacterial phyla, orders, families and species that comprise the gut microbiota
were selected. Unexpectedly, we saw no significant differences in overall microbial burden or
in the levels of common gut phyla, orders and species between genotype. However, there
were striking differences in the bacteria among microbial niches, with stool versus colonic
mucus or small intestinal mucus containing significantly different bacteria. For example, at

the phylum level in WT mice, we saw a significant reduction in Firmicutes (2 way ANOVA
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with Tukey’s Post Hoc Test: P = 0.04) and a significant increase in small intestinal
Actinobacteria (2 way ANOVA with Tukey’s Post Hoc Test: P = 0.004) when comparing
stool and small intestinal mucus. In AdbIGATA-1"" mice, we saw differences between the
stool and small intestinal mucus, with a significant reduction in Firmicutes (2 way ANOVA
with Tukey’s Post Hoc Test: P = 0.01) and a significant increase in Actinobacteria (2 way
ANOVA with Tukey’s Post Hoc Test: P = 0.0006) in the small intestine. We saw no
differences in the level of the phylum Bacteroidetes. At the order level, we saw a significant
reduction in Bacteroides when comparing WT stool and small intestinal mucus (2 way
ANOVA with Tukey’s Post Hoc Test: P =0.01). In AdbIGATA-1"" mice, we saw a significant
increase in Clostridiales when comparing stool and colonic mucus (2 way ANOVA with
Tukey’s Post Hoc Test: P = 0.0007) and there was a significant reduction in Clostridiales in
the small intestinal mucus compared to the colonic mucus (2 way ANOVA with Tukey’s Post
Hoc Test: P = 0.0001). At the family and genus level, we saw no significant differences in
Lachnospiraceae, Lactobacilli, Ruminococcaceae and segmented filamentous bacteria (SFB)

(Supplementary Figure 9).
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Differences in bacterial species composition and diversity between the stools and mucus of
C57BL/6 background WT and AdbIGATA-1" littermate mice, were analysed by DGGE.
Differences in the bacterial communities were plotted using non-metric multidimensional
scaling (NMDS), for the stool (A) and mucus communities (B). Rings indicate a significant
difference between the bacterial communities of the respective treatment groups, as
determined by permutational multivariate analysis of variance (** p = <0.01, *** p =

<0.001). Subsequent diversity analysis was then performed on stool (C) and mucus (D). Data
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Figure 5: Bacterial communities significantly different between microbial niches. Real-
time quantitative PCR was used to assess expression of gut bacteria in C57BL/6 background
WT and A4dblGATA-1"" littermate mice, in stool, colonic (col) mucus and small intestinal (SI)
mucus. The relative expression of Bacteriodetes (A), Firmicutes (B), Actinobacteria (C),
(D), (E), F),

Enterrococcaeae (G) and Lactobacilli (H) are illustrated. Overall bacterial load is also

Bacteroides Clostridiales Lachnospiraceae and Ruminococcaceae
displayed (I). Data shown as mean +/- standard error of the mean (SEM). Asterisks represent
significant as determined by 2 Way Analysis of Variance with a Sidak’s Post Hoc Test (* p =

<0.05, ** p = <0.01). n = 5.
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4.5 Discussion

Eosinophils have previously been implicated in harmful inflammatory contexts such as
allergy (Ramirez et al., 2018). However, more recent studies suggest that eosinophils play an
active role in the maintenance of gut homeostasis, for example, in the regulation of IgA-
secreting plasma cells (Chu et al., 2014; Forman et al.,, 2016) and the mucus barrier.
However, we found no differences in IgA levels when comparing young WT and eosinophil-
deficient mice, but showed a significant increase in IgA cells in older eosinophil-deficient
mice compared to younger mice. Previous studies have shown conflicting results with regards
to the impact of eosinophils on IgA plasma cells with data implicating both positive and
negative effects (Chu et al., 2014; Forman et al.,, 2016; Haberland et al., 2018). One
difference between our present study and the aforementioned studies is strain, where we use
C57BL/6 mice as opposed to mice on a BALB/c background. It was previously shown that
BALB/c mice natively have significantly higher levels of IgA production compared to
C57BL/6 mice (Fransen et al., 2015). It is also possible that differences in IgA may be niche
specific and become apparent under the context of infection or inflammation. Our previous
work showed that IgA differences were most apparent in infection-induced inflammation and
only in the small intestine (Forman et al., 2016). There may also be an effect of sex
influencing IgA levels, as within our study only young, female eosinophil-deficient mice had
significantly higher levels of IgA in the serum compared to Het. However, this could be a
consequence of female control mice being heterozygous, as opposed to true wildtypes.

Given the location of eosinophils within the gut, there could be cross-talk between
eosinophils and intestinal epithelial cells that maintain gut homeostasis that do not involve
IgA. Indeed, eosinophils have been shown to influence mucus thickness (Chu et al., 2014).
However, in our hands we saw no changes in goblet cell numbers or mucus thickness.
Physical changes in the properties of the mucus, for example glycosylation and viscosity
however could still impact on the microbiome. Our finding that there was not consistent
altered gut bacterial penetrance suggests that it did not impact on bacterial localisation at least
in homeostasis. However eosinophils could still directly impact on the makeup of the
microbiota. For example, eosinophils contain a variety of cytotoxic granules that can have a
notable physiological impact on the host (Acharya and Ackerman, 2014). Indeed eosinophils
interact with the gut microbiota to limit Clostridium dificile infection in an IL-25-dependent
manner (Buonomo et al., 2016). It was notable in our study that mucus bacteria were

markedly different from the stool bacteria as revealed by qPCR, fingerprint profiling and
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alpha diversity analysis. Given our observation that there were no striking differences in IgA
production, we would hypothesise that the impact on mucus resident bacteria is either via
production of epithelial derived anti-bacterial peptides or secretion of anti-bacterial factors
from the eosinophils themselves.

With regards to the microbiota, it is known that cage effect has a marked impact (Campbell et
al., 2012). The microbiota is hugely dependent on the mother, food and the environment that
the mouse is reared in (Cabrera-Rubio et al., 2012; Lukens et al., 2014) and so robust studies
into the microbiota should control for the environment. Indeed, cage effect has been reported
to have a stronger impact on gut microbiota variation than genetics (Hildebrand et al., 2013).
Thus, it is important to consider whether littermate controls have been used in a study. Many
microbiota studies do not report the use of littermate controls or crucial information about
animal housing that could influence results (Bramhall et al., 2015; Florez-Vargas et al.,
2016). Although previous work (Chu et al., 2014) showed that there was a significantly
altered microbial community in the stools of AdbIGATA-1"" mice, littermate controls were not
reported as being used. Importantly, we controlled for littermates and saw that although there
was an effect on stool microbiota, the most striking differences were in the mucus-resident
bacteria of littermate controls. Indeed, we demonstrated a reduction in mucus-resident alpha
diversity with no changes to stool alpha diversity in mice that lacked eosinophils. Reduced
gut microbial diversity is often associated with diseases such as inflammatory bowel disease
(Menni et al., 2017).

Although we saw overall differences in the gut microbiota by DGGE, our specific analysis of
common bacterial phyla, orders and families revealed no differences between genotypes in
our mice. It is possible that the bacteria significantly different between genotype were not
encompassed in our qPCR panel of common gut bacteria. However, our gPCR and DGGE
analysis of stool, colonic and small intestinal mucus highlighted differences in the microbial
population among those niches. It is known that the microbial composition between stool and
mucus is significantly different (Li et al., 2015; Tang et al., 2015; Glymenaki et al., 2017).
For example, one study showed that mucus samples had a greater relative abundance of
Proteobacteria and Fusobacteria than stool, although the stool had a greater proportion of
Firmicutes and Bacteroidetes (Tang et al., 2015). Taken together, these data emphasise the
need to investigate the different microbial niches within the gut, to comprehensively explore

the gut microbiota and the impact of genotype or environment.
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We demonstrate that eosinophils did not influence IgA production, goblet cell number or
mucus thickness. However, eosinophils did play a role in the regulation of the gut microbiota,
with a notably greater impact on the mucus bacteria, rather than the stool bacteria. Our data
highlights that a focus on stool is insufficient to capture the overall complexity of the gut

microbiota.

Given the location of eosinophils within the gut, there could be cross-talk between
eosinophils and intestinal epithelial cells that maintain gut homeostasis that do not involve
IgA. Indeed, eosinophils have been shown to influence mucus thickness (Chu et al., 2014).
However, in our hands we saw no changes in goblet cell numbers or mucus thickness.
Physical changes in the properties of the mucus, for example glycosylation and viscosity
however could still impact on the microbiome. Our finding that there was not altered gut
bacterial penetrance suggests that it did not impact on bacterial localisation; however
eosinophils could still impact on the makeup of the microbiota. Indeed eosinophils have also
been shown to interact with the gut microbiota in imparing Clostridium dificile infection in an
IL-25-dependent manner (Buonomo et al., 2016). It was notable in our study that our mucus
bacteria were markedly different from the stool bacteria as revealed by fingerprint profiling
and alpha diversity analysis. Given our observation that there were no striking differences in
IgA production, we would hypothesise that the impact on mucus resident bacteria is either via
production of epithelial derived anti-bacterial peptides or secretion of anti-bacterial factors

from the eosinophils themselves.

With regards to the microbiota, it is known that cage effect has a marked impact (Campbell et
al., 2012). The microbiota is hugely dependent on the mother, food and the environment that
the mouse is reared in (Cabrera-Rubio et al., 2012; Lukens et al., 2014) and so robust studies
into the microbiota should control for the environment. Indeed, cage effect has been reported
to have a stronger impact on gut microbiota variation than genetics (Hildebrand et al., 2013).
Thus, it is important to consider whether littermate controls have been used in a study. Many
microbiota studies do not report the use of littermate controls or crucial information about
animal housing that could influence results (Bramhall et al., 2015; Florez-Vargas et al.,
2016). Although previous work (Chu et al., 2014) showed that there was a significantly
altered microbial community in the stools of AdbIGATA-1"" mice, littermate controls were not
used. Importantly, we controlled for littermates and saw that although there was an effect on
stool microbiota, the most striking differences were in the mucus-resident bacteria of
littermate controls. Indeed, we demonstrated a reduction in mucus-resident alpha diversity
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with no changes to stool alpha diversity in mice that lacked eosinophils. Within the gut
environment, reduced microbial diversity is often associated with diseases such as
inflammatory bowel disease and high diversity is associated with a healthy phenotype (Menni
et al., 2017) and thus it may be that this makes the mice more susceptible to inflammatory

disease.

Although we saw overall differences in the gut microbiota by DGGE, it is curious to note that
our specific analysis of common bacterial phylum, orders and families revealed no
differences between genotypes in our mice. One study identified a significant reduction in
Bacteroidetes in the stools of AdbIGATA-1" mice compared with WT; however it is not clear
whether this study used littermate controls (Jung et al., 2015). We analysed stool, colonic and
small intestinal mucus and highlighted differences in microbial population within those
niches. It is known that the microbial composition between stool and mucus is significantly
different (Li et al., 2015; Tang et al., 2015; Glymenaki et al., 2017). The fact that many
significant differences in bacteria between colonic mucus and small intestinal mucus were
found in mice lacking eosinophils, could support the suggestion by Forman et al. (2016) that
eosinophils may play different roles in the colon and small intestine. Although the gPCR
screen of bacteria was unable to highlight genotypic differences in the gut microbiota,
highthroughput sequencing may allow the elucidation of the specific differences in the gut
microbiota that were not demonstrated in the present study. Taken together, these data
emphasise the need to investigate the different microbial niches within the gut, to

comprehensively explore the gut microbiota and the impact of genotype or environment.

We demonstrate that eosinophils did not influence IgA production, goblet cell number or
mucus thickness. However, eosinophils did play a role in the regulation of the gut microbiota,
with a notably greater impact on the mucus bacteria, rather than the stool bacteria. Our data
highlights that a focus on stool is insufficient to capture the overall diversity of the gut

microbiota.
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4.6 Supplementary Information
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Supplementary Figure 1: Loss of eosinophils leads to altered gut morphology in old
AdbIGATA-1"" mice. Colonic tissue sections from female 12 week (young) and 12 month
(old) old, C57BL/6 background heterozygous (Het) and eosinophil-deficient (AdbIGATA-17)
mice, were stained with haematoxylin and eosin to observe the gut morphology.
Representative images of young Het mice (A); old Het mice (B); young AdbIGATA-1"" mice
(C) and old AdbIGATA-1" mice (D). Colonic crypt length (E) and muscle wall thickness (F)
were measured. Data is shown as mean +/- standard error of the mean (SEM). Asterisks
represent significant as determined by 2 Way Analysis of Variance with a Tukey’s Post Hoc
Test (p* = <0.05). n=4. Scale bar = 50um.
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Supplementary Figure 2: Loss of eosinophils did not impact on morphological
differences in small intestine structure. Small intestinal tissue sections from 12 week
(young) and 12 month (old) old, C57BL/6 background heterozygous (Het) and eosinophil-
deficient (AdbIGATA-17") mice, were stained with haematoxylin and eosin. Representative
images were taken from young mice (A) and old (B) Het mice; young (C) and old (D)
AdbIGATA-1" mice and small intestinal crypt length (E) and muscle wall thickness (F) were
measured. Data is shown as mean +/- standard error of the mean (SEM). Asterisks represent
significant as determined by 2 Way Analysis of Variance with a Tukey’s Post Hoc Test (p* =
<0.05). n = 4. Scale bar = 50um.
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Supplementary Figure 3: Lack of eosinophils does not impact upon small intestinal
goblet cells. Small intestinal (SI) tissue sections were taken from 12-week old male,
C57BL/6 background wildtype (WT) and eosinophil-deficient (AdbIGATA-17) littermate
mice. Goblet cells were stained using periodic acid, Alcian blue and Schiff’s reagent and
representative images for WT mice (A) and AdbIGATA-1"" mice (B) are displayed. Goblet
cells were quantified (C). Data is shown as mean +/- standard error of the mean (SEM). n = 4.

Scale bar = 100um.
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Supplementary Figure 4: Loss of eosinophils does not impact upon goblet cell number
in young or old mice. Colonic tissue sections from 12 week (young) and 12 month (old) old,
C57BL/6 background heterozygous (Het) and eosinophil-deficient (AdbIGATA-1"") mice,
were stained for mucopolysaccharides using alcian blue, periodic acid and Schiff’s reagent.
Representative images were taken for each treatment group: young Het mice (A); old Het
mice (B); young AdbIGATA-1"7" mice (C) and old AdbIGATA-1"" mice (D). Goblet cells were
measured (E). Data is shown as mean +/- standard error of the mean (SEM). n = 3-4. Scale

bar = 50um.
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Supplementary Figure 5: Trend towards increased small intestinal goblet cells in
AdbIGATA-1" mice. Small intestinal tissue were obtained, from 12 week (young) and 12
month (old) old, C57BL/6 background heterozygous (Het) and eosinophil-deficient
(AdbIGATA-1") mice. Sections were stained for mucopolysaccharides using alcian blue,
periodic acid and Schiff’s reagent. Representative images were taken for each treatment
group: young Het mice (A); old Het mice (B); young AdblGATA-1"" mice (C) and old
AdbIGATA-1" mice (D). Goblet cells were measured (E). Data is shown as mean +/- standard
error of the mean (SEM). n = 4. Scale bar = 50um.
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Supplementary Figure 6: Inner mucus layer characterisation. Colonic tissue sections
from 12 week (young) and 12 month (old) old, C57BL/6 background heterozygous (Het) and
eosinophil-deficient (AdbIGATA-1"") mice were stained with a fluorescent DNA probe
specific for the 16S rRNA gene to identify bacteria (red), Muc2 antibody (green) to identify
mucus and counterstained with DAPI (blue). Representative images were taken for each
treatment group: young Het mice (A); old Het mice (B), young AdbIGATA-1"" mice (C) and
AdbIGATA-1" mice (D). Inner mucus thickness (E) and bacterial localisation (F) were
measured. Bacteria were scored based on their location within the gut: 0 = bacteria in the
lumen and outer mucus layer, 1 = bacteria in the inner mucus layer, 2 = bacteria in contact
with the epithelium, 3 = bacteria in the crypts, 4 = bacteria in the lamina propria. Data is
shown as mean +/- standard error of the mean (SEM). Asterisks represent significant as
determined by 2 Way Analysis of Variance with a Tukey’s Post Hoc Test (p* = <0.05). n =
3-4. Scale bar = 50um.
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Supplementary Figure 7: Loss of eosinophils leads to increased serum IgA in younger
mice. Serum was analysed via ELISA to determine levels of IgA in 12 week old and 1 year
old C57BL/6 background heterozygous (Het) and AdbIGATA-1" mice. Data shown as mean
+/- standard error of the mean (SEM). Asterisks represent significant as determined by 2 Way

Analysis of Variance with a Tukey’s Post Hoc Test (p* = <0.05). n = 4-6.
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Supplementary Figure 8: Differences in the bacterial communities and diversity in the
stool of Heterozygous (Het) and eosinophil deficient (AdbIGATA-1"") mice. Differences in
bacterial species composition and diversity between the stools of 12 week (young) and 12
month (old) old, C57BL/6 background heterozygous (Het) and AdbIGATA-1" mice, were
analysed by denaturing gel-gradient electrophoresis. Differences in the bacterial communities
were plotted using non-metric multidimensional scaling (NMDS) for Young Het mice versus
young AdbIGATA-1" mice (A); Old Het mice versus old AdbIGATA-1" mice; Young Het
mice versus old Het mice (C); young AdbIGATA-1""mice versus old AdbIGATA-1"" mice (D).
Rings indicate significant differences between the bacterial communities of the respective
treatment groups, as determined by permutational multivariate analysis of variance (p** =
<0.01). Subsequent diversity analysis was then performed on stools (E). Data is shown as

mean +/- standard error of the mean (SEM). n = 4-6.
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Supplementary Figure 9: Differences in the bacterial communities and diversity in the
colonic mucus of Heterozygous (Het) and eosinophil deficient (AdbIGATA-17) mice.
Differences in bacterial species composition and diversity between the colonic mucus of 12
week (young) and 12 month (old), C57BL/6 background heterozygous (Het) and AdbIGATA-
17 mice, were analysed by denaturing gel-gradient electrophoresis. Differences in the
bacterial communities were plotted using non-metric multidimensional scaling (NMDS) for
Young Het mice versus young AdbIGATA-17mice (A); Old Het mice versus old AdbIGATA-
17 mice; Young Het mice versus old Het mice (C); young AdbIGATA-1"" mice versus old
AdbIGATA-1" mice (D). Rings indicate significant differences between the bacterial
communities of the respective treatment groups, as determined by permutational multivariate
analysis of variance (p** = <0.01). Subsequent diversity analysis was then performed on

mucus (E). Data is shown as mean +/- standard error of the mean (SEM). n = 4-6.
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Supplementary Figure 10: Expression of Enterrococcaceae and SFB in WT and
AdbIGATA-1" mice. Real-time quantitative PCR was used to assess expression of gut
bacteria in 12 week old male WT and 4dbIGATA-1"" mice. DNA was extracted from stool,
colonic mucus and small intestinal (SI) mucus and used as a template for gPCR, using a 16S
rRNA gene as a housekeeping control. The relative expression of Enterrococcaeae (A) and

Segmented Filamentous Bacteria (SFB) are illustrated. Data shown as mean +/- standard

error of the mean (SEM).
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5. Summary Discussion

5.1 Summary of Findings

This thesis has overall aimed to explore the gut microbiota, with a particular focus on the
mucus microbiota and its functional contributions to the host. In the introductory chapter, |
hypothesised that host-health is associated with characteristic changes in gut bacterial
communities, with the mucus-resident bacteria having the most profound impact on the host.
I have investigated the gut microbiota in a wide array of contexts, such as in mice of different
ages, genotypes and social groups, as well as the microbial niche. In every case, | found that
the microbiota can be associated with these different conditions of interest. These

associations were most evident in Chapter 2.

Chapter 2 involved the development of a method to characterise microbiota associated with
different treatment groups: age (6 and 18 week old mice), genotype (WT and mdrla™ mice-
mice that spontaneously develop colitis over time), microbial niche (stool vs mucus) and
social group (cage). We employed traditional methods, beta diversity and NMDS, and then a
machine-learning approach (random forest- RF) in order to distinguish the microbiome in
different conditions. The traditional method of analysis revealed clear separation of the
microbiome by microbial niche, age and cage, but not by genotype. When an RF model was
employed, we found that the microbiome could be distinguished by treatment group to an
even further extent than the traditional method, although, genotype could still not be
distinguished. However, this method allowed the elucidation of characteristics that were
important to find microbial associations with treatment groups. | hypothesised that the most
abundant taxa of any phylogenetic scale would be important for discriminating between
treatment groups. Taxa of intermediate phylogenetic scales were important for distinguishing
niche, age and cage. However, taxa on the lowest end of the taxonomic scale (sub-specific
groupings) were also important to distinguish cage. Contrary to my hypothesis, it was
bacteria of moderate abundance that were most important for distinguishing niche, age and
cage, although highly abundant taxa were also important for cage. This work highlights the
intricacies of how the microbiota can differ between treatment groups that would otherwise
be undetectable through traditional methods alone. Notably, | also confirm that cage has a
significant impact on the gut microbiota and emphasises the need for littermate controls, to
avoid confounding effects of different environments with treatment effects. After establishing

methodology to characterise the microbiome, | then focused on more functional analysis.
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In Chapter 3, | investigated the metabolite profile of the colonic mucus. The mucus layer
within the colon is host to a distinct population of bacteria and it was previously
demonstrated that mdrla™ mice have an altered mucus-resident microbiota that precedes the
onset of colitis. Given that the microbiota makes substantial metabolomic contributions, |
hypothesised that these mice would have an altered metabolite profile in the mucus when
compared to healthy WT mice. | found that there were no overall differences in the mucus
metabolite profile between WT and mdrla’ mice. However, there was variability in the
relative concentration of individual metabolites, although the identities assigned to these
metabolites were putative. In concordance with these putative, individually altered
metabolites, | found significant differences in the transcriptional profile between genotype,
particularly with regards to genes associated with intestinal permeability and angiogenesis.
These transcriptional and metabolomic changes, in concert with an alteration to the mucus
microbiota, may predispose mdrla’ mice to the development of colitis. Overall, this work
suggests that the mucus could be a key source of host and bacterial-derived metabolites that
could impact on host health, although the methodology for metabolite extraction and analysis
requires further development. Given my focus on the mucus, | then investigated the

microbiota in a mouse model of disrupted mucosal immunity.

In Chapter 4, | investigated the gut microbiota within eosinophil-deficient (AdbIGATA-17)
mice. My overall hypothesis stipulated that host-health was associated with changes in
different gut bacterial populations, with mucus-resident bacteria having the most profound
impact on the host. Eosinophils have been shown to play a role in gut barrier function and the
maintenance of IgA-secreting plasma cells. Thus, | hypothesised that there were would be a
significantly altered gut microbiota in mice lacking eosinophils, with a notable impact on the
mucus-resident bacteria. The most substantial changes in the gut microbiota are within the
mucus of AdbIGATA-1" mice when compared to WT mice. However, these changes did not
lead to an obvious functional impact on host-health, with no evidence of inflammation in
AdbIGATA-1"" mice. When quantifying the microbial differences selecting key gut bacterial
taxa or families via qPCR, | could no longer detect a genotype effect, but instead highlighted
how taxa can vary between stool, colonic and small intestinal mucus. These data support
findings in Chapter 2 and to an extent Chapter 3, that a comprehensive study into the gut
microbiome should consider microbial niche, as a focus on stool is insufficient to capture the

diversity of the gut microbiota.
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5.2 What is the impact of an altered mucus-microbiome on host-health?

Much of this thesis has addressed the mucus in various contexts. | developed an RF model to
investigate the stool and mucus microbiota and found significant associations between the
microbiota and microbial niche i.e. stool vs mucus, with over 90% accuracy. The RF model
therefore confirms the distinct microbial communities within the stool and mucus (Chapter
2). Additionally, further work using a qPCR panel of bacteria highlighted that there were
significant differences between different microbial niches; stool, colonic mucus and small
intestinal mucus (Chapter 4). For instance, the small intestinal mucus is dominated by the
phylum Actinobacteria, whereas Bacteroidetes and Firmicutes dominate in the stool and
colonic mucus. Given that this work builds on previous findings showing that the microbiome
varies by niche (Zoetendal et al., 2002; Ahmed et al., 2007; Section 1.3), an important
question to ask would be how an altered mucus-microbiome impacts upon host health.

Several studies of disease have shown that there can be niche-specific changes, where the
mucus but not the stool microbiota is altered. For example, the colonic mucus microbiota was
significantly different in cirrhosis patients, whereas the stool microbiota was unaffected
(Bajaj et al., 2012), suggesting that the mucus-resident bacteria could potentially mediate
more systemic effects beyond the gut. In human patients, the mucus-associated bacteria F.
prausnitzii is thought to be decreased in the context of IBD, specifically Crohn’s Disease
(CD) (Frank et al., 2007). Additionally, we established that the mucus-resident bacteria
changed before the onset of colitis in mdrla’ mice (Glymenaki et al., 2017b). However, how
these changes in the mucus-resident bacteria may functionally impact on the host have not

fully been elucidated.

In Chapter 4, we reported that AdbIGATA-1"" mice had a significantly different microbiota,
with reduced diversity in mucus-resident bacteria that was not seen in the stool. Lower
microbial diversity in the gut is typically associated with negative consequences, in diseases
such as IBD or infirm ageing (Manichanh et al., 2006; Pascal et al., 2017). Despite this
impact on the mucus diversity, there was no evidence of inflammation in the AdbIGATA-1""
mice. However, there could be an impact on the physical properties of the mucus, for
example glycosylation and viscosity, which was not investigated in my study. This in turn,
could impact on mucus permeability and therefore impaired barrier function, driving
inflammation in the host. A thinner mucus barrier is associated with inflammation in the gut
(Desai et al., 2016). If the mucus barrier were less viscous in the AdbIGATA-1"" mouse, it
could make the mouse more vulnerable to pathogen challenge or barrier disruption. However,
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various studies do not detect defects in the ability of eosinophil-deficient mice to combat
parasite infection (Swartz et al., 2006; O'Connell et al., 2011; Fabre et al., 2009). Regardless,
decreased viscosity could lead to increased permeability that could be specifically assessed
by the use of FITC-dextran labelled conjugates (Johansson et al., 2010). Although I saw no
evidence of increased bacterial localisation or changes to mucus thickness, in the event it is
less viscous, small molecules such as metabolites could diffuse more readily which could
have impacts on inflammation and barrier function. Indeed, several immune cell types are
known to respond to metabolites, such as B cells, where SCFAs can facilitate the production
of healthy antibody responses (Kim et al., 2016). Metabolite localisation could be
investigated via RAMAN-spectroscopy (Carter et al., 2009). Understanding this localisation
could give a key as to how metabolites are interacting with the host cells and thus mediating

their function.

Mucus degradation can also be mediated by the microbiota. When the mucus-microbiota
population is altered, there can be a detrimental impact on barrier function, leading to
inflammation. When mice were fed a high fat (low fibre) diet, it lead to an increase in mucin-
degrading bacteria A. muciniphila and Bacteroides caccae that resulted in a thinner mucus
barrier and consequential inflammation for the host (Desai et al., 2016). In Chapter 2, the RF
model identified the sulphate-reducing genera Desulfovibrio, as important to discriminate
between the ages of mice. Curiously, this genus was found almost exclusively in 18 week old
mice, the time point in which mdrla”™ mice begin to develop colitis. Desulfovibrio bacteria
are typically involved in sulphur reduction which produces hydrogen sulphide. Hydrogen
sulphide has been shown to facilitate the degradation of the mucus barrier and impact on host
health (Carbonero et al., 2012; ljssennagger et al., 2016). Sulphate reducing bacteria and
increased levels of hydrogen sulphide have also been associated with IBD (Loubinoux et al.,
2002; Khalil et al., 2014). This could be one example of how a change in the mucus-resident
microbiota could predispose mice to developing colitis and thus impact on host-health.

One hypothesis was that the change in mucus-resident microbiota in mdrla™ mice would lead
to an altered metabolomic profile within the mucus (Chapter 3). My study expands upon
previous stool, serum and urine-focused work by investigating a niche containing potentially
novel metabolites. One study did investigate metabolites within the mucus of human patients,
although it was by taking whole caecal or sigmoid colon explants (McHardy et al., 2013).
They found that genera comprising Faecalibacteria, Phascolarcobacteria and Roseburia
were associated with genes linked to fatty acid synthesis. Additionally, the PICRUSt tool was
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used to make functional inferences based on the stool and mucus microbiota identified in WT
and mdrla™ mice with regards to metabolites (Glymenaki et al., 2017a), and the primary
metabolic functions identified involved fatty acid synthesis. However, in my study, we did
not see overall metabolomic changes and instead saw variability in individual metabolites
between WT and mdrla’ mice. One limitation of the method used is that the identities
assigned were putative. Therefore, it is difficult to make functional inferences based on my
current analysis. The urinary metabolite profile can separate out mdrla” mice by genotype
(Glymenaki et al., 2017a), so the mucus may not give the best representation of the overall
metabolomic profile, being likely to be restricted to local host or microbial constituents.
Urinary metabolite profiling is a routine procedure, whereas we are still developing and
optimising the methodology for working with mucus samples. As a result, my current data
may only be partially reflective of the mucus metabolomic profile. The methodology could be
improved through further optimisation. As SCFAs are thought to be particularly important for
the gut barrier, it would be interesting to do a more focused analysis. Specifically, this would
require the running of known SCFAs such as butyrate to act as standards, through the LC-MS
pipeline in order to confirm the m/z ratio and retention times of the SCFAs on the in-house
machinery. The metabolite features arising from these standards could then be compared

against my samples.

An alternative explanation for the limited changes in metabolites, is that these changes may
only become apparent in the context of progressed inflammation. Indeed, even when urinary
metabolites were investigated in mdrla’ mice, the metabolite profile remained relatively
unchanged, even at the onset of inflammation (Glymenaki et al., 2017a). Studies of human
IBD, DSS-induced colitis or those using 1L-10" mice that developed severe inflammation and
colitis showed differences in the metabolite profiles when comparing inflammation to healthy
controls (Murdoch et al., 2008; Le Gall et al., 2011; Schicho et al., 2010; Schicho et al.,
2012). Other than differences in the sampling approach to analyse metabolites, a key
difference between my study and these models is that my mice did not develop colitis at the 6
week time point chosen (i.e. the age of the mdrla”mice). This time point was chosen because
the mucus-microbiota are altered, whereas the stool microbiota remains unaffected and
pathology is normal, making it a good time point to study initiating events in the
inflammation pathway (Glymenaki et al., 2017b). Thus, there is potential to explore older
mdrla’ mice where their colitis has progressed, however this would not reveal whether

metabolite changes were causative or as a consequence of inflammation. As my work in
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Chapter 3 was a pilot study, | focused solely on the mucus. However, future work could
investigate stool, urine and serum in order gain a broader understanding of how metabolites
change in the context of the development of severe inflammation. One limitation with the
mdrla’ mouse model is that colitis development can be unreliable, however, unlike methods
such as DSS-treatment, the mucus remains intact and facilitates our investigation of the
mucus. As a compromise, alternative mouse models could be investigated, such as NEMO-
deficient mice (Nenci et al., 2007) that are known to more reliably develop severe chronic
intestinal inflammation, but the deficiency itself does not directly impact on the mucus.

| have chosen to investigate metabolites within the mucus because the microbiota are
responsible for a large portion of dietary-derived metabolites. However, the mucus also
presents an opportunity to look for novel, non-metabolite biomarkers of inflammation.
Current studies have primarily focused on stool and serum. For example, the calcium-binding
protein, SI00A12, has been identified as a biomarker of IBD in human serum and stool (de
Jong et al., 2006; Manolakis et al., 2010). Levels of faecal calprotectin, a protein in
neutrophils and macrophages, are also commonly used as a biomarker for IBD (Smith and
Gaya, 2012). There are a wealth of other IBD biomarkers that have been identified in patients
as reviewed by Norouzinia et al. (2017). Some of the issues of these biomarkers can be
specificity, for example can the marker discriminate between IBD and irritable bowel
syndrome, and sensitivity, whether the marker has a high rate of false positives/negatives.
Perhaps biomarkers in the mucus could be more robust. For example, increased levels of
hydrogen sulphide can lead to an increase in mucus-degradation, so the levels of hydrogen
sulphide within the mucus could be investigated to see whether this correlates with
inflammation. Other candidates to explore in the mucus could be the levels of antimicrobial
peptides (AMPs). Faecal beta-defensin has been used a biomarker for IBD in children (Kapel
et al., 2009) and so if there is a significant change/increase in the mucus-resident bacteria,
there could be increased levels of AMPs in the mucus. The AMP Regllly was shown to
impact more on the mucus-resident microbiota than the stool microbiota and could therefore
be another potential target for analysis. Machine learning approaches developed in Chapter 2
could be used to try and correlate what communities of bacteria drive levels of AMPs and
could therefore help in the identification of the most influential bacteria.

Skin homeostasis can also be regulated by both the microbiota and the production of
antimicrobial peptides (Williams et al., 2017; Williams et al., 2018). For example, wound
repair was significantly decreased when mice were administered muramyl dipeptide (MDP),
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an agonist of the NOD2 pattern recognition receptor (Williams et al., 2018). This stimulation
also led to the upregulation of beta-defensins, notably 1, 3 and 14. In mice deficient in beta-
defensin 14, wound healing was impaired with a delay in neutrophil recruitment, but an
increase in the localisation of pro-inflammatory macrophages. These findings highlight the
immunomodulatory capabilities of AMPs. Therefore, if AMPs are altered in the gut as a
consequence of a perturbed mucus-resident microbiota, this highlights a potential mechanism
for how the microbiota can have an indirect immunomodulatory function on the host and thus

influence host health.

It is known that the microbiota is altered at the onset of IBD and it is now becoming more
apparent that faecal samples alone are insufficient to capture these microbial alterations
(Gevers et al., 2014; Glymenaki et al., 2017b; Zhang et al., 2018). Notably, one recent study
discussed that probiotics are recommended for patients that have received a course of
antibiotics in order to restore the microbiota (Suez et al., 2018). However, they found that
probiotics impeded the reconstitution of the mucus microbiome. This could therefore impact
on patient treatment, where patients may be more susceptible to opportunistic pathogen
infection until their mucus microbiome is restored. However, there is one major limitation to
investigating the mucus. Stool is commonly used because it is practical and easily accessible
via routine procedures. Even if mucus is a valid source of biomarkers and metabolites,
extracting mucus from human patients is not routinely practical and typically even for
biopsies, patients will have had a bowel prep treatment that could damage their mucus lining
(Hollister et al., 2014). However, a novel method has been developed by Origin Sciences
(Origin Sciences, 2018) that extracts rectal mucus with limited invasiveness and can

potentially facilitate the investigation of the mucus in human patients.

Overall, changes in the mucus-specific microbiota could potentially mediate a multitude of
effects for gut health and susceptibility to inflammation. Another important area to consider
is how cells interact to mediate barrier protection. This thesis focused on eosinophils and

their potential role in gut homeostasis will be discussed next.

5.3 How important are eosinophils for regulation of gut homeostasis?

There has been considerable debate as to how or whether eosinophils contribute to gut
homeostasis and they are best understood currently for the roles in Th2-associated
inflammation (Lee et al., 2004; Rothenberg, 2004; Jacobsen et al., 2014). However,

eosinophil recruitment is also a hallmark of Thl inflammatory conditions suggesting their
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role is not restricted to Th2 immunity and anti-helminth or allergic responses (Spencer et al.,
2009). Eosinophils are armed with a plethora of preformed mediators as well as being able to
make cytokines and mediators de novo and it is now known they can mediate both
inflammatory and anti-inflammatory effects. Indeed some studies to suggest that eosinophils
may be beneficial, in terms of glucose tolerance, intestinal permeability and the regulation of
IgA-secreting plasma cells (Wu et al., 2011; Chu et al., 2014; Johnson et al., 2015; Masterson
et al., 2015). Thus, although eosinophilia is a trademark of several inflammatory conditions,
eosinophils are resident cells in a healthy gut. It is therefore important to consider how

eosinophils contribute to the regulation of gut homeostasis.

Gut barrier function is a crucial aspect of gut homeostasis (Section 1.2). Eosinophils have
been shown to impact on barrier function negatively. The eosinophil-derived granule protein
eosinophil peroxidase (EPX) downregulated expression of the epithelial TJ protein occludin
in vitro, which is important for epithelial barrier integrity (Furuta et al., 2005). It is therefore
perhaps curious that Johnson et al. (2015) show that mice fed a high fat diet had increased
intestinal permeability, that was associated with a depletion in eosinophil numbers. However
these disparate data may be due to differences in the function of the eosinophils. In the study
by Furuta et al. (2005), eosinophils are known to respond to environmental cues that will
dictate their function. For example, it was recently shown that eosinophils recruited into the
gut activate a specific transcriptional profile in response to live bacteria that suppresses
inflammation (Arnold et al., 2018). Without the environmental cues found in vivo, perhaps
the in vitro eosinophils are more pathogenic. Additionally, the study by Johnson et al. (2015)
would suggest that eosinophils may play a role in the maintenance of permeability. However,
this was a correlation and they did not specifically delineate the mechanism behind the
increased permeability. Intestinal permeability is maintained in part by tight junction
proteins. Other cell types, such as YA T cells are known to regulate tight junction proteins
(Dalton et al., 2006) and so it is conceivable that eosinophils could also be involved. Perhaps
eosinophils produce factors that maintain barrier integrity as well as deplete it. As suggested
above, eosinophils respond to environmental cues, so in one context eosinophils could be
protective (such as obesity) and in another they could be harmful (allergy). Therefore,
expression and localisation of TJ proteins could be investigated and such experiments could
be applied to my own work in AdbIGATA-1" mice. Specifically, TJ protein expression and
distribution could be analysed by immunohistochemistry in situ. Eosinophils and intestinal

epithelial cells could also be co-cultured to investigate specifically how eosinophils can
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impact on barrier integrity and TJ protein expression, either through directly quantifying TJ
proteins or through measuring transepithelial electrical resistance (TEER) (Srinivasan et al.,
2015). FITC-dextran absorption in vivo or assessment of faecal aloumin could give measures
of intestinal permeability. If these experiments are combined with eosinophils in different
contexts, such as health, inflammation and obesity, these data would further our
understanding as to how eosinophils specifically interact with host epithelial cells and

influence barrier integrity.

The mucus layer of the gut is also an important part of the gut barrier. Eosinophils have been
shown to influence mucus thickness (Chu et al., 2014). However, in our hands we saw no
changes in goblet cell numbers or mucus thickness. A key difference between our study and
the previous work is the use of littermate controls. Therefore, it is possible that the
differences in environment could have mediated the differences in mucus thickness between
studies. Even within the same animal house, the mucus thickness is dependent upon the
microbiota and affected in mice housed in different rooms (Jakobsson et al., 2015). These

data highlight the need to control for environment.

The microbiota both contributes to and is regulated by gut homeostasis. In our own hands, we
saw a significant difference in the microbiota in the stools and mucus of AdbIGATA-17" mice
via DGGE. The data | showed suggested that loss of eosinophils led to a significant alteration
to the gut microbiota and this could have functional consequences for the host, such as
driving inflammation. However, | saw no evidence of inflammation in the AdbIGATA-1"
mice, which could suggest that the microbiota and the lack of eosinophils does not impact the
host in the steady state. Curiously, when the microbiota were quantified via gPCR, | found no
genotypic differences in stool, colonic or small intestinal mucus. This could simply be a
limitation of my qPCR panel, which although screened for the most common types of gut
bacteria, may have missed where differences in the bacterial communities lay. Therefore, it
would be of interest to perform high throughput sequencing in order to fully characterise the
microbiome in this mouse model. This sequencing would be necessary to quantify

specifically how eosinophils impact on the gut microbiome.

All the data in my thesis was in naive mice and it may be that eosinophils may play different
roles in a perturbed state, such as under the context of a high fat diet or parasite infection.
One study infected WT and AdbIGATA-17 littermates with Trichuris muris to drive

inflammation in the colon and Toxoplasma gondii, to drive inflammation in the small
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intestine (Forman et al., 2016). The lack of eosinophils had no impact on inflammation or
parasite burden. However, there were differences in the ability of eosinophils to regulate IgA
plasma cells in the small intestine, with a significant decrease in small intestinal IgA+ plasma
cells post-infection and in the large intestine, with a significant increase in large intestinal
IgA+ plasma cells post-infection. These data would suggest that eosinophils can play
functionally different roles depending on their location or dependent on inflammation stimuli.
For example, eosinophils in the adipose tissue can polarise macrophages to become anti-
inflammatory and this function was required to maintain glucose tolerance (Wu et al., 2011).
The significance of eosinophils having different phenotypes based on their location, could be
one reason for the discrepancy between eosinophils positively and negatively contributing to
host health in different studies. For example, there may be different signals from the host or
even the microbiota that influence eosinophil function in the different anatomical regions The
suggestion to co-culture eosinophils with intestinal epithelial cells could therefore be
combined with eosinophils isolated from different regions of the host (for example colon and
small intestine) and would help to illustrate the phenotypic differences that may arise. For
example colonic eosinophils may positively contribute to barrier integrity, whereas small
intestinal eosinophils may impact negatively. The factors that eosinophils produce in these
cultures could be analysed via ELISA and the cellular RNA could be extracted for gPCR

analysis.

Eosinophils were previously thought to play a role in the regulation of IgA-secreting plasma
cells under naive conditions, where eosinophil-deficient mice had reduced levels of IgA (Chu
et al., 2014). However, this study did not use littermate controls and the WT control mice
were bought in, so it cannot be ruled out that the microbiota was responsible for an induction
of greater IgA levels in the control mice. Indeed, subsequent littermate-controlled studies
could not confirm an impact on IgA in naive eosinophil-deficient mice (Forman et al., 2016;
Haberland et al., 2018). In my study, | could not see differences in the numbers of IgA
plasma cells between WT and AdbIGATA-17" mice. My work showed that contrary to the
study by Chu et al. (2014), which suggested a reduction in IgA levels in naive mice, | saw no
difference in naive young mice. However, there were slightly higher levels of serum IgA in
older AdbIGATA-1" mice when compared to WT littermates. Although this is not the same as
IgA plasma cell numbers, it may potentially suggest that eosinophils play more important
roles under perturbed conditions, in this case ageing. The consequences of altered IgA could

be numerous. For example, one study showed that high-affinity IgA bound to bacteria could
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select for colitis-inducing species (Palm et al., 2014). Therefore, if eosinophils do indeed
regulate IgA, it could perhaps predispose mice to the development of colitis by altering the
amount of IgA available to bind colitis-inducing microbes or enhance susceptibility to
infection by reduced ability to bind pathogenic microbes. The methodology developed by
Palm et al. (2014) could be applied to my own work, where IgA-bound bacteria can be
isolated by flow cytometry and sequenced. The resulting data would help to illustrate whether
eosinophils can impact on the microbiota, IgA-binding and also whether this functionally
matters for the host.

Eosinophils have been implicated in a wide array of gastrointestinal conditions such as IBD,
reviewed by Rothenberg (2004). In a model of experimental colitis induced by the chemical
DSS, there was prominent colonic eosinophilia and high levels of the eosinophil granule,
EPX (Forbes et al., 2004). They also revealed that eotaxin was a key driver of eosinophil
localisation to the gut after DSS administration. In human patients, eosinophil-associated
cytokines were shown to be linked to both CD and ulcerative colitis (UC) patients (Neubauer
et al., 2018). Therefore, it is possible that eosinophils are key drivers of inflammation in these
contexts and could in fact play a detrimental role in gut homeostasis. To test this idea,
eosinophil-deficient mice could be treated with DSS to experimentally induce colitis and such
experiments have been carried out before. One study showed that AdbIGATA-17 mice
developed greater clinical pathology and weight loss when compared to WT mice upon
treatment with DSS (Vieira et al., 2009). This is in contrast to an alternative study, where
PHIL mice, showed that wildtype mice developed significantly worse colitis than those that
were eosinophil-deficient (Masterson et al., 2015). The PHIL mice study used littermate-
controls whereas there AdbIGATA-1"" mice used bought in WT controls. Although there are
obvious differences in the genetic mechanism behind eosinophil-depletion in these models, it
is possible that sharing of the gut microbiota between WT and PHIL mice led to a more
benign microbial profile. Conversely, single housing of AdbIGATA-1" mice may have
fostered a more pathogenic microbiota. This hypothesis could be tested by comparing the
effects of DSS-treatment on co-housed WT and AdbIGATA-1"" mice and those separated by
genotype.

In summary, eosinophils have often been associated with inflammation. However, they have
also been associated with more positive roles, such as the maintenance of glucose tolerance
and intestinal permeability. Under naive conditions, the role that eosinophils play in gut

homeostasis may not be apparent from my own experiments. However further experiments
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involving perturbations to the host could allow the elucidation of how eosinophils contribute
to gut homeostasis. It is also known that the microbiota regulates aspects of homeostasis.

How the microbiota can drive inflammation will now be discussed.

5.4 How could changes in the microbiota drive inflammation and colitis?

In Section 5.2, | focused specifically on how changes in the mucus microbiota could impact
on host health. I will now discuss how general changes in the microbiota could drive
inflammation and colitis, another focus of my thesis. A change in the microbiota is likely to
coincide with a change in the metabolite profile and the metabolites could drive
inflammation. Various studies have investigated metabolites in the context of IBD (Garner et
al., 2007; Machiels et al., 2014; De Preter et al., 2015). One study investigated the faecal
metabolite profile in CD and UC patients (De Preter et al., 2015) and showed that CD
patients had significantly increased benzene, phenol and carbon disulphide, compared to
healthy patients. The increase in carbon disulphide is particularly intriguing, given that
sulphide products are thought to mediate degradation of the mucus barrier as discussed in
Section 5.2. UC patients had significantly increased cyclohexane, 3-methyl butanal and
pyrrole that were not present in CD or healthy patients. The aforementioned studies focused
on faecal samples to give a more accurate representation of the microbiota-associated
metabolite profile, compared to serum and urine alone. The SCFA butyrate is thought to
provide anti-inflammatory effects (Furusawa et al., 2013; Trompette et al., 2014) and
decreased faecal butyrate is associated with IBD (Machiels et al., 2014). Additionally,
butyrate has been shown to regulate barrier integrity in vitro in Caco-2 cells (a human gut
epithelial cell line), where the cells were cultured with supernatants from a batch culture of
CD patient-derived faecal microbiota (Geirnaert et al., 2017). Specifically, one portion of the
culture supernatant was mixed with a cocktail of butyrate-producing species, whereas the
other was not. The cells had decreased barrier integrity when treated with the plain portion of
supernatant, but showed higher barrier integrity when cultured with the mixed supernatant, as

determined by TEER measurements.

One mechanism for butyrate’s ability to promote barrier integrity is that butyrate stimulates
mucin production (Canani et al., 2011), that may contribute to increased mucus thickness. It
is thus interesting to note that we have previously shown the mucus barrier to be thinner in
mdrla’ mice (Glymenaki et al., 2017b). Although we did not specifically identify SCFAs in
our metabolite analysis, many of our metabolites could not be identified when compared to
various databases. Given that there are differences in retention time and peak intensity
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between different chromatography runs and different machines, it is still possible there was
an alteration to SCFA metabolism that we were unable to detect (Dunn et al., 2011).
Therefore, as stated in Section 5.2, metabolites of interest are required to act as standards to
run through the LC-MS pipeline, before thorough metabolomic interpretation can be made.

Beyond metabolites, we identified transcriptional differences in the colon of mdrla™ mice at
6 weeks of age. Given that microbial dysbiosis is linked with IBD development, the change
in the microbiota could have an impact on host-transcription. A previous study in young (4-5
week old) non-inflamed mdrla™ mice performed a microarray examining intestinal
transcription, although littermate controls were not used (Collett et al., 2008). This study
identified changes in genes associated with antigen recognition, which were not significant in
our hands. Notably, we identified changes in genes associated with intestinal permeability
and angiogenesis. This discrepancy could be driven by the microbiota, as different animal
facilities can have a functionally different microbiota (Jakobsson et al., 2015).

In IBD, given that there is continuous damage to the gut structure, repair mechanisms are
needed to alleviate the tissue damage caused. Angiogenesis is the process of developing new
blood vessels and plays a role in a variety of contexts such as wound repair, cancer and
inflammation (Dvorak et al., 1995; Scaldaferri et al., 2009). Thus, angiogenesis is an
important process in IBD. Factors that promote angiogenesis are those associated with the
VEGF-family. As discussed in Chapter 3, there are various members of the VEGF-family. A
previous IBD study has associated one factor, VEGF-A with gut inflammation in humans and
mice (Scaldaferri et al., 2009). Specifically, they showed that blockade of VEGF-A led to a
decrease in colitis severity in mice. The microbiota has been shown to play a role in the
regulation of angiogenesis, where a high fat diet led to gut microbial dysbiosis that drove
low-grade chronic inflammation associated with cytokines such as IL-1p, TNF-a and VEGF-
A (Andriessen et al., 2016). The combination of these factors contributed to age-related
macular degeneration in the eye. The microbiota may also drive intestinal angiogenesis,
where a study used human intestinal microvascular cells and treated them with bacterial
ligands (Schirbel et al., 2013). They showed that TLR and NOD receptor stimulation by
bacterial ligands drove angiogenesis. This could potentially happen in vivo and therefore,
there is potential to investigate the levels of VEGF-associated factors, either by gPCR or by
immunohistochemistry in the mdrla” mice, in order to validate the RNA-seq in my study.
The machine learning method developed in Chapter 2 could be used to associate certain
communities of bacteria with the levels of VEGF family members. Additionally, the
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intestinal epithelial cells could be co-cultured with specific bacteria of interest or metabolites
to investigate whether bacteria (or their products) could drive expression of angiogenic
factors. These experiments have the potential to highlight whether the microbiota can
influence angiogenesis and therefore provide a relatively novel mechanism for the microbiota

driving inflammation.

Although not VEGF family members, we noted differences in angiopoietins (Angpts) that
also mediate angiogenesis. In our hands, we saw reduced levels of Angptl expression in
mdrla’ mice, whereas we saw higher expression of Angpt2. Angptl and Angpt2 are ligands
of the Tie-2 receptor expressed on endothelial cells and their binding helps to control vascular
stability and remodelling (Linares et al., 2014). Specifically Angptl acts as a regulator of
blood vessel maturation and is involved in anti-inflammatory responses whereas Angpt2 is
involved in the development of lymphatic vasculature (Linares et al., 2014). DSS-treated
mice deficient in Angpt2 had significantly reduced leukocyte infiltration and inflammation
when compared to WT mice (Ganta et al., 2010). Additionally, a study in human patients
showed significantly higher levels of Angpt2 in patients with active IBD when compared to
healthy patients (Koutroubakis et al., 2006). No study has yet linked the gut microbiota to the
expression of these proteins. However, the gut microbiota has been shown to mediate
impaired glucose tolerance in mice deficient in another Angpt family member, Angpt4
(Janssen et al., 2018). Therefore, it is possible that there is a link between the microbiota and
other members of the Angpt family. If there is a link, it could implicate the microbiota in
regulating vascular permeability and thus a mechanism for the microbiota driving

inflammation.

Inflammation could also be driven by an increase in intestinal permeability, the ability of
fluid and solutes to diffuse through the lumen and gut tissue. Mdrla” mice already have a
defect in transport of small molecules across the gut barrier, due to the loss of the p-
glycoprotein transporter. However, permeability is regulated by a variety of other factors,
including tight junction (TJ) proteins. We specifically found a reduction in claudin-2
expression and an increase in occludin expression in our mdrla” mice. Altered TJ protein
expression is a hallmark of IBD. Occludin has been reported to be significantly decreased in
IBD (Gassler et al., 2001), however, occludin is just one protein in a complex of tight
junction proteins that are important for the barrier. Occludin-deficient mice could still form
intact tight junctions (Saitou et al., 1998) and selective knockdown of both in vitro and in
vivo occludin did not affect the tight junction structure per se, although there was increased
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permeability (Al-Sadi et al., 2011). Specifically, disruption of occludin enabled larger
macromolecules to pass through the barrier more readily. The claudin family of TJ proteins
appears to be more important for tight junction formation. Mice deficient in claudin-1 die
within 24 hours of birth due to large electrolyte and fluid loss as a result of the impaired
barrier function (Lee, 2015). Therefore, the increase in occludin transcription may not
necessary have any physiological impact, whereas the decrease in claudin expression may
lead to more dramatic physiological consequences, for example, increased bacterial

translocation.

Although studies have implicated the microbiota in the degradation of the mucus-barrier,
leading to increased intestinal permeability and increased inflammation (Rey et al., 2013;
Desai et al., 2016), far fewer studies have directly examined the association of the microbiota
and tight junction protein expression. One study indirectly investigated the role of the gut
microbiota in tight junction protein expression, through studying how dietary protein
impacted upon the microbiota and consequently, the gut barrier (Fan et al., 2017). The
microbiota produces beneficial metabolites such as butyrate, that are known to mediate

improved barrier function through improved TJ protein expression (Ma et al., 2012).

Beyond the gut barrier, the microbiota has been shown to be necessary for blood brain barrier
development (Braniste et al., 2014). Specifically, they revealed that germ-free mice had
reduced expression of claudin-5 and occludin, leading to altered endothelial tight junctions in
the brain. Functionally, they showed that metabolites produced by bacteria could be
important in developing these tight junctions. They colonised mice with either butyrate
producing Clostridium tyrobutyricum or Bacteroides thetaiotaomicron that produces acetate
and propionate, or supplemented germ-free mice with butyrate. In all cases, permeability of
the blood brain barrier was restored to levels akin to pathogen free mice. In the gut, it has
been shown that the mucus-degrading bacteria Akkermansia can regulate tight junctions
through the production of extracellular vesicles (Chelakkot et al., 2018). Therefore, it is
possible that the altered microbiota in mdrla” mice could contribute to a decline in barrier

integrity before the onset of colitis.

Although they are not TJ proteins, | saw a decrease in aquaporin (AQP) expression in our
mice. AQP7 was highly variable in mdrla” mice, but consistently low in WT mice.
Conversely, AQP9 had consistently low expression in mdrla’ mice, but two WT mice had

high expression. Aquaporins act as water channels across biological membranes, but AQP7 is
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thought to also transport glycerol, while AQP9 can transport other small solutes such as urea
(Ishibashi et al., 2009). Therefore, a defect in the presence of these aquaporins could
potentially lead to altered epithelial cell polarity and nutritional defects from impaired fluid
transport. AQP9 may play a role in driving colitis. It was shown to be expressed on
leukocytes (Ishibashi et al., 1998) and therefore an alteration to AQP9 expression on these
cells could lead to functional changes, for example, predisposing cells to become more
inflammatory or regulatory. One study showed that AQP7 expression was reduced in the
ileum and colon of patients with UC, in addition to other family members including AQP3
and 8 (Ricanek et al., 2015). Notably, although it was not identified in our experiments,
knockdown of AQP3 was shown to lead to a dramatic increase in bacterial translocation in
vitro, as well as a reduction in claudin-1 and occludin expression (Zhang et al., 2011). This
data would suggest that aquaporins are able to interact with TJ proteins and can potentially
mediate bacterial translocation. This could potentially influence the changes in the mucus-

resident microbiota that are seen at the 6 week time point in the mdrla’ mice.

What is surprising is that very few studies have focused specifically on how both the stool
and the mucus microbiota interact with gut epithelial cells. The interaction of microbes is
thought to be crucial for epithelial turnover, where germ-free mice had impaired epithelial
cell turnover that could be restored with either oral administration of chloroform-treated
faeces from SPF mice, or the administration of SCFAs (Park et al., 2016). Thus, the
metabolites produced by bacteria were vital to epithelial cell turnover. Given that barrier
function is vital to maintain healthy gut homeostasis, this represents an important area to
investigate how the microbiota can impact upon host health. There is potential to identify
bacteria that are significantly altered between the healthy and inflamed state and co-culture
these bacteria with intestinal epithelial cells, to see whether the microbiota can influence
aspects of barrier function, such as tight junction protein expression. Germ-free mice could
be colonised with the identified bacteria to investigate their impact on barrier integrity such
as TJ formation. However, germ-free mice have disrupted mucosal immunity with less gut
associated lymphoid tissue (Round and Mazmanian, 2009). Given that certain immune cell
types such as Ay T cells can regulate TJ’s (Dalton et al., 2006), there could be confounding
factors in germ-free mice that impede barrier function. However, there are numerous other
study possibilities, such as sampling the microbiota and metabolites (stool and mucus),
isolating the intestinal epithelial cells and performing RNA-seq for example, under different

conditions (e.g. young and old, normal and high fat diet, WT and mdrla™ mice etc.). This

Summary Discussion Page 197



will allow holistic analysis of how changes in microbial communities and metabolites can
impact specifically on epithelial cell transcription. Given that | have already developed
methodology to find associations between the microbiota and different conditions of interest
(Chapter 1), my machine learning approach can be adapted to facilitate the proposed
analysis of linking changes in the microbiota (cause) to changes in host metabolites and

transcription (effect).

5.5 Are current methods of microbiome analysis adequate?

The microbiome has been studied in a variety of environments such as on the skin (Grice and
Segre, 2011), in the lung (Moffatt and Cookson, 2017) and in the gut. The microbiota has
also been explored beyond a host, such as in the soil (Ramirez et al., 2017). Analysis of the
microbiome however, is relatively consistent, irrespective of the environment that is sampled.

However, there are both sequencing and sequencing-independent methods to consider.

In Chapter 4, | used sequencing-independent methods, i.e. DGGE and gPCR, to explore the
gut microbial communities (stool and mucus) in AdbIGATA-1"mice. One obvious
discrepancy in my work is that DGGE showed a genotypic difference between WT and
AdbIGATA-1""mice, whereas gPCR did not. DGGE was performed using 16S rRNA
sequencing primers and gives an overall microbial fingerprint, where bands could correspond
to any taxonomic level and any number of taxa. gPCR is more specific and although 1
performed a screen for the most common gut taxa, it is not as high throughput as other
methods and thus I may simply not have screened the specific groups of bacteria that are
different between WT and AdbIGATA-1"mice. Ultimately, it is important to consider what
information is required with regards to microbiome data. If a microbial-fingerprint is
required, then DGGE is suitable to provide a broad and inexpensive scan of community
differences. If the focus is on a specific group of bacteria, then gPCR is a viable method to
quantify such changes. However, if more high-throughput quantification is required, then a
form of NGS (16S or Whole Genome Sequencing- WGS) would be the preferred method.
gPCR could then be a way of validating the findings from the sequencing experiments. Many
microbiome studies have focused on 16S rRNA sequencing to investigate the gut microbial
communities and this could perhaps be a limitation of my own work. Indeed, one of the
limitations of 16S rRNA sequencing is a loss of taxonomic resolution at the species level,
whereas WGS can more accurately define species (Ranjan et al., 2016).
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Almost all sequence data undergoes a form of quality control before analysis and this is a
necessary and standardised step, depending on the sequencing platform. It is the processing
of sequences subsequent to these quality control steps that can influence a researcher’s
findings. The pipeline implicated by QIIME has become the gold standard for 16S rRNA
analysis, often implicating a 97% cut off for sequence similarity (Caporaso et al., 2010). The
purpose of this cut off is to account for differences that may arise due to sequencing error
(Schloss, 2010) and is a reasonable consideration to make. QIIME analysis allows a broad
and well established snapshot of the gut microbiota and can certainly be used effectively.
Changes in the microbiota at individual taxonomic levels, for example at the phylum level
with regards to obesity (Ley et al., 2005) and at the species level with regards to wound
healing (Williams et al., 2017) have been identified. The issue is that various studies will use
these individual measurements to distinguish the gut microbiota and their conditions of
interest. However, given that the microbiome is a diverse community of microorganisms, a
loss of individually defined-taxa may have no bearing on host function if there are other
bacteria that can perform a similar role. Microbiome analyses that consider such a possibility,
i.e. taxa at all phylogenetic scales and the importance of changes at different taxonomic
levels, are rare. The novelty of the RF method proposed in my thesis (Chapter 2) is that bias
towards individual taxa is avoided as much as possible, by focusing on phylogenetically-
defined clades that are more reflective of the true microbial community. Given that numerous
bacteria fall within a clade, we have focused on bacteria at all levels and are therefore not

biased by single taxonomic levels.

It should be noted that other microbiome studies have used RF models before, although they
have used OTU’s as the input. For example, the RF technique was used to find associations
between changes in brain structure and diet-dependent changes on the gut microbiota (Ong et
al., 2018). Additionally, the microbiota was used to determine the post-mortem period in
samples derived from grave soil and skin using the RF method (Belk et al., 2018). These
studies would suggest that the RF technique can be used to identify particularly complex
associations between the microbiota and conditions of interest (Ong et al., 2018). In a more
relevant context, the RF has been used in the study of IBD (Papa et al., 2012; Tedjo et al.,
2016). One study investigated whether RFs could identify important OTUs associated with
remission or active CD in human patients (Tedjo et al., 2016) and identified remission with
73% accuracy and active CD with 78% accuracy. An additional study was able to
discriminate between UC and CD in child patients using a RF model (Papa et al., 2012). As
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stated, the limitation in these studies was that OTUs were assigned using QIIME and so
potentially novel information could be missed. Specifically, by using phylogenetic clades, 1
could determine important characteristics about bacteria that distinguished our treatment
groups that would not be possible with the OTU method. For example, | identified that
moderately abundant bacteria of intermediate taxonomic levels were most important to
distinguish between stool and mucus samples. This information could be obtained without
assigning any identity to the 16S rRNA sequences, which again, would not be possible via
the traditional OTU method. Once the important clades have been identified, taxonomic
information can then be provided to identify the bacterial communities that do matter when

being associated with a condition, such as inflammation.

One limitation of my study was that only a small number of mice developed colitis and the
RF was unable to discriminate between healthy and colitic mice based on this small subset
(Chapter 2). Indeed, RF’s can be susceptible to variation in sample size between treatment
groups and this is one of the limitations of the RF method (Walters et al., 2014). Therefore, it
would be necessary to increase the sample size in order to accurately study whether the
microbiota can be associated with inflammation. The model could then be applied to different
datasets and different conditions of interest for further validation. For example, in the context
of wound healing, to identify bacteria associated with healing and non-healing wounds. We
already possess such data from human patients (Williams et al., 2018) and it would be
interesting to see whether my method would be as effective in human data as compared to
mouse data. My method could also be directly compared to the results of QIIME analysis.
For example, can differences in the relative abundance of certain taxa identified via QIIME
also be identified in our proposed method? Additionally, does the RF detect these bacteria as
important? Such comparisons could help to further validate and strengthen our proposed

method, which could be used as a supplement to QIIME analysis.

Overall, the gold-standard QIIME method has been used by almost every microbiome study
to date. It provides a broad, accessible understanding of the gut microbiome and how it
changes from one state to another. However, limitations in the method are such that data is
biased to available taxonomies and focused on single level taxonomic changes. | have
avoided this bias, by focusing on phylogenetically-defined clades and without the need to
assign taxonomic information. It is therefore hoped that my method could be used to identify

what bacterial communities do matter when distinguishing a condition of interest.
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5.6 Using littermate controls: Why is cage effect so important?

One of the most important factors in mouse microbiota research is the use of littermate
controls. Indeed it has been shown that cage effect has a powerful influence on the microbiota
(Deloris Alexander et al., 2006; Hildebrand et al., 2013). However, many studies do not
report on these crucial factors (Bramhall et al., 2015; Florez-Vargas et al., 2016). Using the
RF model, I was able to illustrate this cage effect, where the microbiota could be associated
with around 80% accuracy to the cage a mouse was reared in (Chapter 2), suggesting that
each cage can have a distinct microbial signature. Cage effect may be due to the different
environments as well as a result of influence of the maternal microbiome. Indeed my analysis
showed it was possible to track back to the mother with ~98% accuracy based on the
microbiota (Appendix 1). Therefore, mice split into different cages in different environments
or with different mothers could have different microbiotas (Hildebrand et al., 2013). One
study found that mice deficient in the caspase-1 activating protein, apoptosis-associated
speck-like protein (ASC), developed severe DSS-induced colitis symptoms that were not seen
in separately housed WT mice (Elinav et al., 2011). In isolation, this data would suggest that
the ASC mutation increases the susceptibility of mice to colitis. However, the study then co-
housed the ASC”" mice with either WT mice that were bought in externally, or WT mice bred
in-house. The externally purchased WT’s developed severe colitis symptoms akin to the ASC’
" mice, whereas the WT’s bred in-house developed milder colitis symptoms. Therefore it is
possible that the bought in WT mice could have more pathogenic microbiota that facilitates
colitis development, whereas the in-house WT mice could have a microbiota more robust to
influence by the ASC”" mice. Another study showed that the microbiota of mice housed in
two separate rooms within the same animal facility had divergent microbial profiles, and
mice from one room had greater inner mucus permeability compared to mice from the other
room (Jakobsson et al., 2015; Rodriguez-Pineiro and Johansson, 2015). Collectively, these
data highlight that the environment, be it a cage or a different location within the same animal

facility, can lead to a significant and (most likely) unintended phenotypic outcome.

There also appears to be a strong maternal impact on the gut microbiota. Indeed, the mother
could be associated with her offspring based on the gut microbiota alone with around 98%
accuracy, irrespective of cage (Appendix 1). From my data, it might be inferred that the
maternal effect is stronger than the environmental cage effect and homogenisation of the
microbiota via coprophagy. This is in contrast to another study, which showed that cage

effect was stronger than the effect of litter (Deloris Alexander et al., 2006). The focus of that
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study was on the Altered Schaedler Flora (ASF), a ‘concoction’ of bacteria commonly found
within the gut (Schaedler et al., 1965; Dewhirst et al., 1999). Germ-free mice were colonised
with the ASF and thus maternal transmission of the microbiota could not be investigated. A
study did attempt to quantify the effects of genetics, cage and inter-individual variation
(Hildebrand et al., 2013) and found that strain had the biggest effect on the microbiota,
followed by cage effect and then genetics. Notably, they co-housed mice from different
strains, so although they could assess strain and cage effect, they could not assess genetic

effect within an individual strain.

Cross-fostering mice (removing mouse pups from their original mother and transferring them
to a surrogate) can also have a significant impact on the gut microbiota and host function. In a
skin microbiota study, we showed that when separated, Nod2” mice had a significantly
different microbiota compared to WT mice, concordant with a delayed wound-healing
phenotype (Williams et al., 2017). However, when Nod2”" mice were cross-fostered with WT
mice, the WT mice acquired the defective skin microbiota and consequently the delayed
wound-healing phenotype. Perhaps the most famous example of cross-fostering having
significant physiological implications was that of the T-bet”x RAG2” Ulcerative Colitis
(TRUC) mice (Garrett et al., 2007). TRUC mice have an impairment to adaptive immunity
that results in the development of colitis. However, when WT mice were cross-fostered with
a TRUC mother, the WT mice developed colitis which suggested that the mother and cage

effect can have a substantial physiological impact.

In human studies, the microbiota is also vertically transmissible (from mother to offspring)
and horizontally transmissible (between family members) (Korpela et al., 2018). A recent
study found that populations from the phylum Actinobacteria and the class Bacteroidia were
almost always transferred to vaginally-delivered babies and that these bacteria were stable
throughout adulthood (Korpela et al., 2018). However, Bacteroidia was the strain least likely
to be replaced through diet and the ageing process. Sharing of strains between family
members was significantly more frequent than non-related individuals (Korpela et al., 2018;
Rothschild et al., 2018). However, the incidence of person to person transmission peaked
between the ages of 2 and 10. The significance of these findings could have implications for
treatments that involve altering the gut microbiota, such as faecal microbiota transplants
(FMTs). Indeed, a mother with an especially ‘robust’ microbiota may have children that are
resistant to such transplants, whereas a different mother may have a microbiota that is
malleable to change. This could explain the discrepancy in the effectiveness of FMTs in some
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patients. Similarly, the efficacy of probiotics could be influenced by the robustness of the
maternally-inherited microbiota. Indeed, one study found that some individuals are
‘permissive’ to the effects of probiotics on the microbiota, whereas others are more resistant
(Zmora et al., 2018). Notably, the study also showed that that probiotics can have a
significant impact on the faecal microbiota, but almost no impact on the mucosal microbiota.
Given the functionality of the mucus microbiota as discussed in Section 5.2, probiotics that

can target and affect the mucus microbiota would be of great interest.

Overall, there are many factors in animal studies that can influence the microbiota that can be
reasonably controlled for, i.e. cage and mother. | have illustrated that there can be functional
consequences that result from separating, co-housing and using littermate controls. If the
effect of a condition such as genotype is to be investigated, co-housed, littermate controls
should be used to account for environmental effects. Given that maternal and person to
person transmission of the microbiota also occurs in humans, there could be relevant

functional impacts to consider that may be of clinical relevance for human health.

5.7 Conclusions

My thesis has overall aimed to explore how changes in the gut microbiota, especially the
mucus-resident bacteria, can impact on host-health. Our machine learning model confirmed
that the communities in the stool and mucus are distinct and highlighted the effect of the
environment and genetics. | showed what characteristics were important for associating
bacteria with certain conditions, for example, moderately abundant taxa of intermediate
taxonomic levels could be used to discriminate between microbial niches. | subsequently
showed that the presence of several metabolites was variable between genotype within the
mucus of mdrla™ mice and in concert, identified significant transcriptional changes in these
mice, particularly with regards to intestinal permeability. Therefore, metabolite and
transcriptional changes, in addition to the altered mucus-resident microbiota could predispose
these mice to colitis. In a mouse model with perturbations to mucosal immunity, | revealed
that the biggest differences in the microbiota were found in the mucus, rather than stool.
Collectively, I show that a focus on stool alone is insufficient to fully capture the diversity
microbiota or its functional profile. Therefore, it is important to explore all niches within the

gut in order to truly understand how the microbiota can impact on host function.
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6. Supplementary Materials and Methods

6.1 Animal Maintenance
All procedures were performed in accordance with the Home Office project licence
(7018127).

AdbIGATA-1" mice (Shivdasani et al., 1997), a kind gift from Professor Avery August
(Pennsylvania State University, USA) were bred with C57BL/6 mice to produce the F2
generation, which were used for all experiments. Mice from each litter were co-housed but
separated by gender. Thus, WT male mice and heterozygous (Het) female mice, and
AdbIGATA-1"" mice from the same litters were used for all subsequent experiments. It should
be noted that due to the nature of the mutation, female mice could only be Het in this study
but function as WTs, given that their eosinophils remain intact. Male mice at 12 weeks old

and female mice at 12 weeks and 1 year of age were used for experiments.

Mdrla” mice (FVB.129P2-AbchlatmiBor N7) (Schinkel et al., 1994) were bred with
control FVB mice purchased from Taconic Farms (Albany, NY), to produce the F2
generation. Thus, WT and mdrla’ mice from the same litters were used for all subsequent
experiments. Male mice at 6 and 18 weeks of age were used for experiments.

Food (Beekay Rat and Mouse Diet Nol pellets; B&K Universal, UK) and water were
available ad libitum. Ambient temperature was maintained at 21 (+/- 2°C) and the relative
humidity was 55 (+/- 10%) with a 12h light/dark cycle. All animals were kept under specific,
pathogen-free (SPF) conditions at the University of Manchester and experiments were
performed according to the regulations issued by the Home Office under amended ASPA,
2012.

6.1.1 Genotyping of 4dbIGATA-1"" mice and mdrla’ mice

The genotype of the AdbIGATA-1"" mice and mdrla’ mice was determined by PCR and gel
electrophoresis. Ear snips were collected and placed into buffer (100mM Tris-HCI, pH 8.5;
5mM EDTA, pH 8.0; 200mM NaCl and 0.2% SDS). Samples were incubated at 54°C under
agitation for one hour in buffer containing 1ug/ml Proteinase K (Promega, Wisconsin, USA)
After centrifugation (13000xg for 10 minutes) the resultant supernatant was mixed with
isopropanol and incubated on ice for 40 minutes, washed in 70% ethanol and re-suspended in
nuclease free water (Promega). PCR was then performed using a G-Storm Thermocycler
(Labtech, Sussex, UK) and appropriate primers (Table 1). 1uL of DNA was added to a PCR
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‘mastermix,” consisting of Ranger buffer (Bioline, London, UK), Ranger polymerase

(Bioline), 5uM of each primer and made up in nuclease free water

The PCR conditions used for the AdbIGATA-1" mice are summarised as follows:
denaturation/ polymerase activation at 95°C for 5 minutes, followed by 30 cycles of
denaturation at 95°C for 1 minute, annealing at 61°C for 1 minute, elongation at 68°C for 1
minute, and a final elongation step at 68° for 1 minute. Samples were run on a 1.5% agarose
gel and imaged with a Bio-Doc-1t® Imaging System (UVP, Cambridge, UK). A band at 509
base pairs (bp) indicated a homozygous mutation, a band at 459bp indicated a wild type copy
of the 4dbIGATA-1 gene and two bands indicated a heterozygous mutant.

The PCR conditions used for the mdrla™ mice are summarised as follows: denaturation/
activation at 95°C for 8 minutes followed by 30 cycles of denaturation at 94°C for 45
seconds, annealing at 60°C for 1 minute and elongation 72°C for 1 minute, and a final
elongation step at 72°C for 5 minutes. A band at 500bp corresponded to a homozygous
mutation and a band at 270bp corresponded to a wildtype copy of the mdrla gene. Two bands

indicated a heterozygous mutant.
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Table 1: List of primers used

Gene Primers Sequence
GATA-1 GATA1S 5’-CCCAATCCTCTGGACTCCCA-3’
GATA 1l
G 5’-CCTACTGTGTACCAGGCTAT-3’
mdrla AS2 5’-CTCCTCCAAGGTGCATAGACC-3’
AW?2 5’-CCCAGCTCTTCATCTAACTACCCTG-3’
AKO2 5’-CTTCCCAGCCTCTGAGCCCAG-3’
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6.2 Histology

6.2.1 Tissue Processing

Ileum, proximal and distal colon snips were fixed in Carnoy’s fixative (60% ethanol absolute,
30% chloroform and 10% glacial acetic acid) to preserve the mucus. Carnoy’s fixed samples
were incubated in two changes of dry methanol (Sigma-Aldrich, Dorset, UK) for 30 minutes
each, followed by absolute ethanol (ThermoFisher Scientific, Paisley, UK) for two
incubations at 30 minutes each. Tissue cassettes were processed in a Micro-spin Tissue
Processor STP120 (ThermoFisher Scientific) and were immersed in 70% ethanol for 15
minutes, 90% ethanol for 30 minutes, 95% ethanol for 30 minutes, two changes of 100%
ethanol for 60 minutes, 100% ethanol for 20 minutes, xylene for 15 minutes, two changes of
xylene for 30 minutes (all at 40°C) and twice in fibrowax pastillated wax (Becton Dickinson,
Oxford, UK) for 1 hour at 60°C. Tissue samples were then mounted in paraffin blocks using
a Leica Biosystems Embedding Station (Leica Biosystems, Milton Keynes, UK). 5um tissue
sections were cut from these blocks using a Leica Biosystems microtome and adhered to
uncoated microscope slides (ThermoFisher Scientific). Slides were dried for 48 hours at 50°C

before use.

6.2.2 Haematoxylin and Eosin (H+E) Staining

Tissue sections were dewaxed using Citroclear Solution (Sigma-Aldrich) for 15 minutes and
rehydrated through a series of decreasing ethanol concentrations (100%, 90%, 70% and 50%)
for 2 minutes and placed into distilled water (dH,0). Following this rehydration, slides were
stained with Harris Haematoxylin (Sigma-Aldrich, Dorset, UK), cleaned in running tap water
for 1 minute and differentiated in acid alcohol solution (1% HCL in 70% ethanol) for 10
seconds. The slides were placed into running tap water for 5 minutes before staining with
Eosin solution (Sigma-Aldrich) for 30 seconds. Sections were washed in tap water for 30
seconds and dehydrated through a series of increasing alcohol concentrations (50%, 70%,
90% and 100%) for 30 seconds each. Sections were then placed into two batches of fresh
Citroclear for 2.5 minutes each. Slides were then mounted using DPX mounting medium
(ThermoFisher Scientific). Tissue sections were analysed for length of intestinal crypts, villi
and muscle wall thickness. 20 measurements were made per sample, for each parameter and
averaged. Slides were analysed in a blinded manner. Images were captured using a Nikon
Eclipse E600/SPOT camera (Image solutions Inc., Preston, UK) and were processed using

MetaVue (Molecular Devices, Wokingham, UK) software.
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6.2.3 Goblet Cell Staining

Goblet cells were visualised with a combination of mucin stains. Sections were dewaxed and
rehydrated as described above. Sections were then stained with 1% Alcian blue (Sigma-
Aldrich) in 3% acetic acid pH = 2.5, for 5 minutes and then washed in dH,O for 1 minute.
Slides were then treated with 1% periodic acid (in dH,0) for 5 minutes and then rinsed in
dH,0 for 1 minute. Slides were then transferred to running tap water for 5 minutes and rinsed
in dH,0 for 1 minute. Sections were then treated with Schiff’s reagent (Scientific Laboratory
Supplies) for 15 minutes and washed with running tap water for 5 minutes. Slides were
counterstained with Mayer’s Haematoxylin (Sigma-Aldrich) for 1 minute and ‘blued’ in
running tap water. Sections were dehydrated and mounted as described in Section 6.2.2.
Goblet cells appear as blue or magenta stained cells and at least 20 crypts or villi per mouse
were counted for goblet cells and averaged. Slides were analysed in a blinded manner.
Images were captured using a Nikon Eclipse E600/SPOT camera (Image solutions Inc) and

were processed using MetaVue (Molecular Devices) software.

6.2.4 Colitis Scoring
Slides were scored out of 9 for signs of inflammation, as detailed in Table 2.
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Table 2: Histological scoring system for mucosal inflammation

Active inflammation

Lamina propria cellularity

Surface ulceration

0: Normal

1: Mild crypt distortion and
loss and/or mild cryptitis
(<5% of crypts infiltrated by
neutrophils) with mild crypt
abscess formation
2: Moderate crypt distortion
and/or moderate cryptitis
(<50% of crypts infiltrated
by neutrophils) with mild
crypt abscess formation
3: Severe crypt distortion and
loss with widespread and
diffuse cryptitis (>50% of
crypts involved) and diffuse

goblet cell depletion

0: Normal

1: Mild but unequivocal
increase in mixed

inflammatory cells

2: Moderate increase mixed

inflammatory cells

3. Severe and diffuse
increase in inflammatory

cells

0: No ulceration with intact

surface epithelium

1: Probable erosion with

focally stripped epithelium

2. Unequivocal erosion

3. Surface ulceration and

granulation tissue formation
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6.2.5 Fluorescence in-situ Hybridisation (FISH)

Sections were pre-warmed at 60°C for 10 minutes, before incubation in two batches of xylene
substitute solution for 10 minutes each (Sigma-Aldrich). Slides were then air dried until all
liquid had evaporated from the sections. A Cy3-conjugated DNA probe specific for the 16S
rRNA gene (EUB338, 5CY3-GCTGCCTCCCGTAGGAGT-3") (Eurofin Genomics,
Ebersberg, Germany) was mixed with hybridisation solution (Tris HCL 20mM, pH 7.4; NaCl
0.9M; and 10% SDS) and applied to each section. From this point, slides were kept in the
dark and incubated at 48°C for one hour. Following hybridisation, slides were immediately
placed into wash buffer (Tris HCL 20mM, pH 7.4; NaCl 0.9M) pre-warmed at 46°C. After 15
minutes, slides were immersed in cold dH,O (4°C), and then washed in 3 batches of fresh
PBS for two minutes each. Sections were then reduced using 10mM DTT (in Tris HCL 0.1M
solution, Sigma-Aldrich for 30 minutes at room temperature. This was followed by an
alkylation step, where 25mM iodacetamide (in Tris HCL 0.1M solution) was added to each
section (30 minutes, RT). Following 3 washes in PBS, sections were blocked using 10% Goat
Serum (Vector Laboratories, UK) in PBS, containing 1% BSA for 30 minutes. After
blocking, MUC2 antibody was added to each section and incubated overnight at 4°C.

Following overnight incubation, slides were washed in cold PBS (4°C) 3 times before
incubation with Alexa-488-conjugated goat anti-rabbit antibody (Life Technologies- supplied
by ThermoFisher Scientific) at 2.5ug/ml for one hour at 4°C. Slides were washed 3 times in
cold PBS (4°C), before mounting with VECTASHIELD Hardset Mounting Medium with
DAPI (Vector Laboratories). Slides were imaged using a BX51 upright microscope and a
Coolsnap EZ camera (Olympus, Tokyo, Japan) and images were processed using Image J.
The thickness of the inner mucus barrier was quantified by measuring the distance between
the epithelium and the outer mucus layer. Bacterial penetrance was also investigated by
assigning values from 0-4 depending on where bacteria were localised: 0 = bacteria in the
lumen and outer mucus layer, 1 = bacteria in the inner mucus layer, 2 = bacteria in contact
with the epithelium, 3 = bacteria in the crypts, 4 = bacteria in the lamina propria. All slides

were scored blinded.
6.3 Enzyme-linked immunosorbent Assays (ELISAS)

6.3.1 IgA ELISA
An ELISA was performed using the Invitrogen™ eBioscience™ Mouse IgA ELISA Ready-

SET-Go!™ Kit (Invitrogen, UK), according to manufacturer’s instructions. In brief, Corning
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Costar 9018 ELISA plates (Corning, Amsterdam, The Netherlands) were coated with capture
IgA antibody in 1x PBS at a 1:250 dilution overnight. Wells were washed twice with PBS
containing 0.5% Tween (Sigma-Aldrich) and blocked with the blocking buffer provided for 2
hours at room temperature. The provided standard at 50ng/ml was serially diluted 2-fold until
a minimum concentration of 1.56ng/ml was achieved. Samples were diluted 1:1000 in the
provided Assay buffer and 100puL of sample was added to the plate in duplicate. Samples
were incubated on a shaker at 400rpm for 2 hours. Wells were washed 4 times before
addition of the provided detection antibody. TMB provided in the kit was added and
incubated for 15 minutes before quenching with H,SO4. The ELISA was read using a
VersaMax microplate reader (Molecular Devices) at 450nm, with wavelength subtraction at
570nm.

6.3.2 Albumin ELISA

Faecal samples were mixed with PBS (Sigma-Aldrich) at 100uL per 10mg of faeces and
homogenised. Samples were centrifuged at 200xg for 5 minutes to pellet debris, the
supernatant was collected and centrifuged at 8000xg for 5 minutes to pellet the bacteria. The
supernatant was collected and stored at -80°C. Albumin levels in serum diluted 1/100 were
assessed using a Mouse Albumin ELISA Kit (Universal Biologicals Ltd, Cambridge, UK)

according to manufacturer’s instructions as described in Section 6.3.1.

6.4 Analysis of Microbial Communities via DGGE

6.4.1 16S DNA extraction, amplification and purification

DNA extraction was performed using a Qiamp® Fast Stool DNA Mini Kit (Qiagen,
Manchester, UK), using a modified version of the manufacturer’s instructions. Faecal
samples were incubated in Inhibitex buffer (Qiagen) and mechanically disaggregated, before
incubation at 95°C for 30 minutes. Mucus samples were centrifuged (13000xg for 10
minutes) and the mucus pellets incubated in Inhibitex buffer, mechanically disaggregated and
incubated at 95°C for 30 minutes. 300uL of the resulting lysate was used for the subsequent
steps, which were then performed according to manufacturer’s instructions. Optical density at
260nm was recorded using a UV1101 spectrophotometer (Biochrom Ltd., Cambridge, UK) to

measure DNA concentration.

For the identification of different bacterial species, the 16S rRNA gene was amplified using
the universal primer pairs P3_GC-341F and P2_518 (Table 2). For faecal samples, 100ng of

DNA was added into each PCR reaction. For mucus samples, 200ng of DNA was added into
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each PCR reaction. The PCR reaction contained: 2mM MgCl,, 200uM of ANTP mix, 0.4uM
of each primer pair and 2U of FastStart Taqg DNA polymerase (All provided by Roche, UK).
Bovine Serum Albumin (BSA) (0.1ug/uL, New England Biolabs) was also added to the PCR
mixture. The PCR conditions used are summarised as follows: denaturation/ polymerase
activation at 95°C for 5 minutes, followed by 30 cycles of denaturation at 95°C for 1 minute,
annealing at 55°C for 1 minute, elongation at 72°C for 1 minute, and a final elongation step at

72° for 10 minutes.

Following successful amplification, DNA was purified using a MinElute Purification Kit
(Qiagen) according to manufacturer’s instructions and DNA yield was determined through
measurement of optical density at 260nm using a UV1101 spectrophotometer. DNA was then

stored at -20°C until further use.

Table 3: Primers used to amplify bacteria for denaturing gel electrophoresis (DGGE)

Gene Primers Sequence
5’-CGCCCGCCGCGCGCGGCGGGCGGGGLCG
16S rRNA P3_GC-341F
GGGGCACGGGGGGCCTACGGGAGGCAGCAG-3’
P2_518R 5’-ATTACCGCGGCTGCTGG-3’
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6.4.2 Denaturing gradient gel electrophoresis (DGGE)

A denaturing gradient gel was prepared according to the methods initially developed by
Fischer and Lerman (Fischer and Lerman, 1983). A non-denaturing solution that contained
40% acrylamide/bis-acrylamide solution (Fischer Scientific), 50x TAE (Bio-Rad,
Hartfordshire, UK) and dH,O (0% denaturing solution) was prepared. A second solution that
contained the same reagents, but also included 40% formamide (Sigma-Aldrich) and 7M urea
(Sigma-Aldrich) as denaturing agents (100% denaturing solution) was also prepared. Both
solutions were degassed under a vacuum, mixed and then 10% ammonium persulfate (Bio-
Rad) and N,N,N’,N’-Tetramethylethylenediamine (TEMED) (Bio-Rad) were added to
facilitate polymerisation of the gel. A gradient maker (Hoefer SG-50) was used to generate
the gel gradient, following the addition of the mixed denaturing solutions. 150ng of purified
DNA per sample (faecal and mucus) was loaded onto the gel. The DGGE gel was run at 60°C
for 16 hours and at 63V in 1x TAE buffer using the DCODE Universal Mutation Detection
System (Bio-Rad). Gels were stained with SYBR Gold nucleic acid stain (ThermoFisher
Scientific UK) for 30 min and gel bands were visualised and imaged using a Bio-Doc-It®
Imaging System.

The gel was then analysed using Phoretix Software (TOTALLAB, Newcastle Upon Tyne,
UK). Lane boundaries were defined to correct for any potential distortions during the gel run
and manually curated to ensure that the bands detected were not artefacts. Reference bands
were selected to align bands across the gel and ‘Rf values’ generated to measure the bands
migration. A binary matrix was then generated based on the Rf values, with 0’s and 1’s
indicating the absence or the presence of a bacterial ‘species’ in a sample. This matrix was
processed in R. Specifically, the “VEGAN’ (Oksanen et al., 2016), ‘ecodist’ (Goslee and
Urban, 2007) and ‘MASS’ (Venables and Ripley, 2002) packages were used to statistically
compare the presence or absence of species (bands) between groups, e.g. WT lumen, WT
mucus, AdbIGATA-1"" lumen and AdbIGATA-1"" mucus. The same packages were used to
perform non-metric multidimensional scaling to examine clustering between groups. Finally,
bacterial diversity (total number of bands) was calculated using the Shannon-Wiener

Diversity Index.
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6.4.3 gPCR Analysis of Bacteria

Stool, colonic mucus and small intestinal mucus DNA was used as a template for a g°PCR
reaction that consisted of 100ng/uL DNA, 10uM primers, 2x KAPA SYBR® FAST qPCR
Mastermix and nuclease free water to a total volume of 20uL. Primers used are illustrated in
Table 3. A universal 16S rRNA gene was used as a housekeeping control. Results were

calculated using the AACT method. Cycling steps for all primers were: Denaturing at 95 °C

for 10 minutes, followed by 35 cycles of 95 °C for 15 seconds and 60 °C for 1 minute.

Table 4: List of primers used for gPCR

Gene Primers Sequence
Universal UniF340 5’-ACTCCTACGGGAGGCAGCAGT-3’
UniR514 5’>-ATTACCGCGGCTGCTGGC-3’
Actinobacteria Act664F TGTAGCGGTGGAATGCGC
Act941R AATTAAGCCACATGCTCCGCT
Bacteriodetes Bac960F 5’>-GTTTAATTCGATGATACGCGAG-3’
Bac1100R TTAASCCGACACCTCACGG
Deferribacteres Defer1115F CTATTTCCAGTTGCTAACGG
Defer1265R GAGHTGCTTCCCTCTGATTATG
Firmicutes Firm934F 5’-GGAGYATGTGGTTTAATTCGAAGCA-3’
Firm934R 5’-AGCTGACGACAACCATGCAC-3’
Verrucomicrobia Verll65F 5’>-TCAKGTCAGTATGGCCCTTAT-3’
Verl263R 5’-GAGHTGCTTCCCTCTGATTATG-3’

Bacteroides

BacteroidesF

BacteroidesR

5’-GGTTCTGAGAGGAGGTCCC-3’
5’-GCCTCAAGGGCACAACCTCCAAG-3’

Clostridiales ClostF ACTCCTACGGGAGGCAGC
ClostR GCTTCTTAGTCAGGTACCGTCAT
Enterrobacteriaceae Uni515F GTGCCAGCAGCCGCGGTAA
Ent826R GCCTCAAGGGCACAACCTCCAAG
Lachnospiraceae/Rumminococceae  LachnoRumF CGGTACCTGACTAAGAAGC
LachnoRumR AGTTTCATTCTTGCGAACG
Akkermansia muciniphila Amuc_1599F GACCGGCATGTTCAAGCAGACT
Amuc_1599R AAGCCGCATTGGGATTATTTGTT
Segmented Filamentous Bacteria SFBF GACGCTGAGGCATGAGAGCAT
SFBR GACGGCACGGATTGTTATTCA
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6.5 Analysis of Microbial Communities via 16S rRNA Sequencing

6.5.1 16S rRNA gene sequencing processing

16S amplicon sequencing targeting the V3 and V4 variable regions of the 16S rRNA (Table
5) was performed on the Illumina MiSeq platform (Illumina, California, USA) according to
manufacturer’s guidelines and generated paired-end reads of 300bp in each direction.
[llumina reads were demultiplexed to remove adapter sequences and trim primers. Illumina
paired-end reads were merged together using SeqPrep (StJohn, 2018) and submitted to MG-
RAST’s metagenomics pipeline (Meyer et al., 2008). Reads were pre-processed to remove
low-quality and uninformative reads using SolexQA (Cox et al., 2010). The quality-filtering
process included removal of reads with low quality ends (i.e. ambiguous leading/trailing
bases) and the removal of reads with a read length two standard deviations below the mean.
Artificial duplicate reads were then removed based on MG-RAST’s pipeline.

The resulting FASTQ files for every sample were merged into a single file of 590822
sequences to simplify processing, manually adding 3 known Archaeal 16S rRNA sequences
from Acidilobus saccharovorans, Sulfolobus tokodaii and Methanobrevibacter smithii.
Sequences were aligned using a specialist 16S RNA aligner using the Infernal algorithm
(Nawrocki and Eddy, 2013), via a web-based interface provided by the Ribosomal Database
Project (Cole et al., 2014). This file was then manually curated in R (Team, 2016). . Unless
otherwise stated, all analyses were performed using custom scripts in R. The number of
aligned bases in each sequence was recorded and the distribution of continuously aligned
bases was examined. Any sequence that had less than 437 continuously aligned bases was
discarded. The remaining 496550 sequences were taken forward for analysis. All sequences
were identified using BLAST+ and the top hit for each sequence was recorded (Camacho et
al., 2009). The ‘classification’ function in the ‘taxize’ R package (Chamberlain and Szocs,
2013) was then used to assign full taxonomic information to each identified taxa where

possible.
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Table 5: Primers used for next generation sequencing

16S rRNA F |5-

Sequencing TCGTCGGCAGCGTCAGATGTGTATAAGAGACAGCCTAC
Primers: V3-V4 GGGNGGCWGCAG-3’
(containing R |5-
adapters) GTCTCGTGGGCTCGGAGATGTGTATAAGAGACAGGACT

ACHVGGGTATCTAATCC-3'
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6.5.2 Phylogenetic Tree

A phylogenetic tree of all sequences was generated using FastTree (Price et al., 2010), using
the general time reversible (GTR) + CAT model and default parameters. The tree was rooted
using the archaeal sequences as an outgroup. Phylogenetic clades were obtained using the
‘Ancestor’ function in the ‘phangorn’ R package (Schliep, 2011). A relative abundance
matrix, with abundance based on how many times sequences belonging to a phylogenetic

clade appeared in a sample, was calculated.

6.5.3 Ordination

Bray-Curtis dissimilarity values were calculated among all samples (based on the relative
abundance matrix) and used for non-metric multidimensional scaling (NMDS) via the
‘MASS’ (Venables and Ripley, 2002) and ‘ecodist’ R packages (Goslee and Urban, 2007).
Significance of clustering was determined using permutational multivariate analysis via the

‘Adonis’ function in the ‘vegan’ R package (Oksanen et al., 2016).

6.5.4 Machine Learning

Random Forest (RF) models were run using the ‘randomForest’ package (Liaw and Wiener,
2002) in R. Specifically, the relative abundance matrix was used as an input for the RF,
using a forest of 100,000 trees and the mtry value was left at default settings. 100000 trees
gave close to a maximally accurate association of clades and importance (Supplementary
Figure 2), minimising variability in importance values estimated. Separate forests were run to
predict whether a sample was 6 or 18 weeks old, whether a sample was stool or mucus,
whether it was a WT or an mdrla” sample, what cage the sample was taken from, the mother
of the offspring and whether it could discriminate between combinations of these treatment
groups. The ‘MeanDecreaseAccuracy’ (MDA) value was used as a measure of how important
each node was at predicting treatment information and the out-of-bag (OOB) error rate was
used to determine the predictive accuracy of the model. Nodes were ranked based on MDA
value, taking the five most important nodes, determining the descendant tips and confirming
the identity of the tip sequences via the BLAST+ results (Camacho et al., 2009).
Additionally, the depth of each node was determined using the ‘distances’ function in the
igraph R package (Csard and Nepusz, 2006). A phylogenetic tree annotated with the resulting
information was plotted using the ‘plot.phylo’ function in the ‘ape’ package (Paradis et al.,
2004).
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6.5.5 Validation of the Model

In order to validate each model, we included a ‘randomised’ negative control RF where
relative abundances of each node were permuted with respect to each sample and the
predictive accuracy was assessed. In addition, we also took the relative abundances of an
important node for age and redistributed the abundance to only WT samples. The RF was
repeated to investigate whether this node would appear as important for genotype. We also
ran RF’s with an increasing number of trees and performed Spearman’s Rank correlation on
the MDA values obtained between each RF. The Michaelis-Menten model was used to

elucidate how an increasing number of trees affected correlation of the MDA values.

6.6 Metabolite Profiling Using LC-MS

Mucus homogenisation and subsequent metabolite extraction was undertaken using a
Tissuelyser Il (Qiagen). The homogenisation solvent (1:1 chloroform:methanol, 800 pL pre-
chilled to -20 °C) was added to each sample, a steel bead added and then homogenised for 20
min at 25 Hz. Once homogenised, 400 uL of water was added and the sample vortex mixed
for 15 s. To initiate phase separation the samples were then centrifuged (8000 xg for 10 min)
before the organic fraction was collected LC-MS analysis. The organic fraction was
subsequently vacuum concentrated (Eppendorf Vacuum concentrator, RT, 8 h) and stored at -
20 °C until analysis. Upon analysis, the metabolite extracts were resuspended in methanol
(normalised to dry-weight) and analysed by LC-MS. A portion of each sample was pooled to
give a representative pooled biological ‘quality control’ (QC) which can be used to assess

instrumental variation during the analytical run (Broadhurst et al., 2018).

All LC-MS analysis was conducted on a QExactive Plus equipped with an Ultimate 3000
UHPLC (Thermo, UK). The UHPLC was equipped with a Hypersil Gold reverse phase
column (C18 -2.1 mm x 150 mm; 1.9 um particle size). The solvents employed were (A)
water + 0.1% formic acid and (B) methanol + 0.1 % formic acid. The flow gradient was
programmed to equilibrate at 95% A for 2 min followed by a linear gradient to 95% B over 8
min and held at 95% B for 2 min before returning to 95% A for 2 min. The column was
maintained at 40 °C and the samples chilled in the autosampler at 4 °C. A sample volume of
5 uL was injected onto the column with a constant flow rate of 400 uL/min. Blank injections
were analysed at the start and end of the analytical batch to assess the background and
carryover. In addition pooled QC samples (as above) were analysed at every 6" injection to

assess for analytical drift over time. Data acquisition was conducted in full MS mode in the
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scan range of 70-1050 m/z with a resolution of 70,000, an AGC target of 3e® and a maximum
integration time of 200 ms. The samples were analysed in positive and negative mode in

separate acquisitions.

The raw data was converted to mzXML file format (Proteowizard) and XCMS was used to
deconvolve the data. The data underwent QC-based filtering, where any feature that was
missing in more than 50% of QCs was removed. All features within a given sample were
normalised to account for variation that may arise between sample injections. PCA’s were
plotted from the processed data using R (R Core Team, 2018) and the ggfortify package
(Tang et al., 2016). An RF model was run using the randomForest package in R (Liaw and
Wiener, 2002), with the default mtry value and 100000 trees. The relative peak area
distribution for the top 4 metabolites identified by the RF, based on their MDA value, were
plotted. The m/z ratio for each metabolite feature was used to assign putative identity based
on comparisons to databases such as the Kyoto Encyclopaedia for Genes and Genomes
(KEGG) and the Human Metabolome Database (HMDB).

6.7 RNA-seq

Proximal colon snips were taken from 6 week old WT and mdrla’ mice, stored in RNA-
Later (ThermoFisher Scientic) and stored at -80°C until use. RNA was then extracted using
the RNeasy Mini Kit (Qiagen). Samples were diluted to 1pg/uL concentration and rRNA
depleted using a Ribo-Zero Gold rRNA Removal Kit (Illumina). Samples were diluted to
1ng/uL concentration for RNA-seq. RNA-seq was performed using the HiSeq4000 (Illumina,
California, USA). Data was analysed using DESEQ?2 in R. Specifically, unmapped paired-
end sequences from an Illumina HiSeg4000 sequencer were tested by FastQC
(http://www.bioinformatics.babraham.ac.uk/projects/fastqc/).  Sequence  adapters  were
removed and reads were quality trimmed using Trimmomatic_0.36 (Bolger et al., 2014). The
reads were mapped against the reference mouse genome (mm10/GRCm38) and counts per
gene were calculated using annotation from GENCODE M14
(http://www.gencodegenes.org/) using STAR_2.4.2 (Dobin et al., 2013). Normalisation,
Principal Components Analysis, and differential expression was calculated with
DESeg2_1.16.1 (Love et al., 2014). A heatmap was produced in R using the Gplots package
(Gregory et al., 2016).
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6.8 Statistical Analysis

All statistical analysis was performed using either GraphPad Prism 7 (GraphPad Software, La
Jolla, USA) or R. Student’s T Test was used to compare goblet cell number, inner mucus
thickness and bacterial localisation between genotype. Man Whitney U Tests with false
discovery rate correction for multiple testing was used to analyse relative peak area
distribution between genotype. Permutational multivariate analysis of variance
(PERMANOVA) was used to calculate differences in either the relative abundance of species
between samples, or presence/absence of species in samples using the ‘adonis’ function in R.
It was also used to calculate differences in overall metabolites and transcription. Relative
expression of bacteria quantified via gPCR were assessed for significant differences using a 2
Way ANOVA with a Sidak’s Post Hoc Test.
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7. Appendices

7.1 Appendix 1
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Figure 1: The microbiota of an individual can be linked back to its mother, irrespective
of cage. 16S rRNA sequence data derived from the stools and mucus of 6 and 18 week old
mice (FVB background, wildtype vs mdrla’ mice) were used to construct a phylogenetic
tree. A Random Forest (RF) model of the relative abundance of phylogenetic clades was used
to find associations between the gut microbiota and different experimental treatments. The
predictive accuracy of the RF model at taking a sample and discriminating between the
mother of an offspring is illustrated. Asterisks represent significance determined using
Student’s T Test: p =<0.00001 (****),
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