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Abstract

In pharmacological and toxicological studies, the aim is to improve drug efficacy while limiting
toxicity. It is now recognised that the gut microbiota, which constitutes trillions of microbial cells and
contains 150 time more genes that the human genome itself, can synthesise enzymes and metabolites
that can influence the metabolism and toxicity of drugs in the host. Conversely, drugs themselves have
also been identified to exert an impact on the community structure of the gut microbiota and thus
modify its overall functionality. Such bidirectional interactions can have implications for host health
and the outcomes of treatment strategies and therefore, it is essential that these complex events are
further understood. In this work a combination of metataxonomic and metabolomic approaches have
been used to explore various drug-microbiota-host interactions.

Firstly, a common chemotherapeutic, methotrexate, was studied. When administrated to rats
at different doses, this drug was found to have a dose-dependent effect on the faecal microbial profile
of the animals. Conversely, colonic bacteria in these animals were found to express an enzyme that
was able to detoxify methotrexate by converting it into the non-toxic metabolite, 2,4-diamino-N-10-
methylpteroic acid (DAMPA). Bacteria belonging to the phylum Firmicutes were found to correlate
with this detoxification process suggesting that measuring this bacterial group (or their enzymes) prior
to treatment with methotrexate could be used to prevent high dose MTX-induced toxicity.

Being able to systematically investigate the capacity of an individual’s microbiome to directly
metabolize a specific drug could help to inform treatment strategies to maximise efficacy and
minimise toxicity. To achieve this, an in vitro model was developed to monitor the concentration of a
drug following its incubation with faecal samples from different human donors. Despite technical
limitations and the need for further development, this work demonstrated the potential utility of this
model for rapidly monitoring the drug degradation capacity of an individual’s microbiome.

The potential for the gut microbiome to indirectly modulate the drug metabolism of the host
was then explored in mice. Here, a high-tyrosine diet was fed to mice to increase the microbial
production of p-cresol in the presence and absence of antibiotics. This work furthered our
understanding of the influence of gut-derived p-cresol on the sulfation capacity of the host liver and
its effect on the phase Il drug metabolism of paracetamol.

Finally, the benefits of inhibiting a specific bacterial enzyme implicated in the toxicity of
irinotecan was explored to improve the outcomes of this drug. The metabolic perturbations induced
by the inhibitor were found to be restricted to the gut environment with minimal biochemical
consequences for the host. This demonstrates that selective inhibition of gut microbial enzymes could
be an attractive target to complement the development of future drugs.

These investigations highlight the importance of taking into consideration the gut microbiota
in clinical, pharmaceutical and toxicological studies. The gut microbiota can explain a notable
proportion of toxicity and variability in drug responses and evaluating an individual’s gut microbiota
prior to drug treatment could help to improve drug outcomes. As technology advances and costs
reduce, there is increasing potential to measure and use this microbial metric in the clinical setting to

facilitate the implementation of stratified and personalised medicine.
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Chapter 1. Introduction

1. The gut microbiota

1.1. What and where is the microbiome?
1.1.1.Definition

The gastrointestinal (Gl) tract hosts 38 trillion bacterial cells and various other microorganisms (Sender
et al.,, 2016). This population of microorganisms are collectively referred to as the gut microbiota. It
comprises archaea, bacteria, eukaryotes and viruses which cohabit within the mammalian organism.
From the Eukaryotes, the fungi account for around 200 species belonging to four phyla (Ascomycota,
Basidiomycota, Micosporidia and Zygomycota - Hamad et al., 2016), although this makes up only 0.03
% of the total faecal microbiota (Ott et al., 2008). Due to limited availability of analytical tools, Archaea
and viruses are understudied, but are still known to play a role in methane production and immune
responses, respectively. However, these organisms only constitute a small proportion of the
microbiota, comparable to that of the fungi, making the bacterial community the most abundant in
the Gl tract. Research on the impact of the gut microbiota and especially bacteria on human health
has considerably increased over the past twenty years as the gut microbiome, which is the collective
term for all the genetic material of the microorganisms inhabiting the gut, encodes a vast range of

metabolic potential.

1.1.2.Localisation and composition of the gut microbiota

The gastrointestinal tract encompasses the mouth, the oesophagus, the stomach, the small intestine
(composed successively of the duodenum, jejunum and ileum), then the caecum, the colon (divided
in the ascending, the transverse and the descending colon) and finishes at the rectum. The stomach
contains a relatively low abundance of microorganisms (10! to 10® Colony-Forming Unit (CFU)/mL)
because of the acidic pH, the presence of the antimicrobial nitric oxide from gastric food processing,
the bactericidal properties of the bile acids, coming from the bile duct upstream of the duodenum,
and the high concentration of oxygen (Nardone and Compare, 2015; Donaldson et al., 2016). These
conditions favour colonisation by facultative anaerobes. Lactobacillus, Streptococcus, Staphylococcus,
Prevotella, Veillonella, Rothia and Haemophilus are the genera the most abundant in the stomach
(Clarke et al., 2019; Nardone and Compare, 2015), along with some pathogens such as Helicobacter

pylori which can easily colonise the stomach and which can lead to ulcers or gastric cancer (Benktander
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et al., 2018). The microbial density and diversity increases moving along the Gl tract from the small
intestine to the colon (Donaldson et al., 2016). The small intestinal microbiota is enriched, particularly
in the jejunum (10* to 10’ CFU/mL; Figure 1-1), with Firmicutes, particularly Clostridium and
Streptococcus species, as well as Proteobacteria, especially Escherichia coli (Zoetendal et al., 2012).
The density of these bacteria is directly related to the nutrient concentrations, as nutrients and small
carbohydrates are easily accessible by the microbiota in these proximal regions of the small intestine.
Such dietary components support rapid growth of microbes (Zoetendal et al., 2012). However, once
in the caecum and the colon, simple nutrients become less abundant and are replaced by non-
digestible polysaccharides and more complex carbohydrates. The digestion is then slower, promoting
a higher proportion of strict anaerobes such as Bacteroidetes (Donaldson et al., 2016). Interestingly,
Firmicutes species are more present in the deep part of the intestinal villi, formed by folds of the
epithelium, and mucosal layer of the intestines in which mucus, secreted by enterocytes and perceived
as a source of nutrients, is denser. In the large intestine this mucus layer is separated into two distinct
zones (Figure 1-1). The inner zone is attached to the epithelium and is tightly packed to restrict the
presence of bacteria, usually a small number of Firmicutes and Proteobacteria (e.g. Actinobacter) can
be found here. The outer zone, which is in contact with the gut lumen, is more dispersed and is richly
colonised by a variety of micro-organisms (Johansson et al., 2008). This includes Bacteroidetes, such
as Bacteroides acidifaciens and Bacteroides fragilis, as this phyla is capable of polysaccharide

degradation (Donaldson et al., 2016).
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Figure 1-1. Exposed view of the gastrointestinal tract, along with its physiological properties and most
abundant phyla. Adapted from (Donaldson et al., 2016).

1.2. Gut microbial influence over the host metabolic system

The gut microbiome encodes enzymes with a vast range of metabolic potential which can influence
the degradation and absorption of nutrients and vitamins (Kau et al., 2011). One of the most important
metabolite classes produced by the digestion of fibres and complex carbohydrates, are short-chain
fatty acids (SCFAs), such as acetate, propionate or butyrate. Firmicutes are the main microbes
responsible for SCFAs production making them available as an energy source for other microbes and
most importantly for colonic epithelial cells to ensure their growth. SCFAs impact the intestinal transit,
lowering the pH of the colon and inhibit pathogen growth while promoting water and sodium
absorption, as well as being involved in metabolic pathways such as cholesterol synthesis (Nicholson

et al., 2012).
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The production of metabolites by the gut microbiome naturally increases the diversity of the dietary
compounds available to the host metabolic system. Choline metabolism by bacterial enzymes allows
for instance the production of various choline-derivatives, such as methylamine, dimethylamine,
trimethylamine (TMA) or TMA-N-oxide (TMAO), through the action of Faecalibacterium or
Bifidobacterium genera. These compounds influence lipid and glucose metabolism. Phenolic
derivatives also give rise to a broad range of metabolites, such as cinnamoylglycine,
phenylacetylglycine (PAG), or catabolites of tyrosine, such as p-hydroxyphenyl acetic acid, p-cresol
and its host-derived conjugates p-cresol glucuronide and p-cresol sulfate. Firmicutes have been
demonstrated to be involved in the production of phenolic compounds. Similarly, indole derivatives
(indole, indole acetic acid, serotonin) are produced by Firmicutes and Proteobacteria and are involved
in gut-brain exchange, development of the epithelial cell barrier and regulation of the immune system.
Polyamines, such as putrescine, spermidine, are produced by the same phyla as indoles and also
influence the inflammatory response of the host. The list of small molecules produced by the gut
microbiota extends to a wide array of metabolites including succinate, urea, lysine, hippurate and

many others (Nicholson et al., 2012).

Bile acids such as cholate and other cholesterol derivatives facilitate the metabolism and the
absorption of dietary fat, lipids and vitamins as well as serving as signalling molecules that can regulate
host energy, lipid and glucose metabolism. The gut microbiome can also synthesise vitamins, such as
vitamin B12 (cobalamin), vitamin B5 (pantothenic acid), niacin (vitamin B3), riboflavin (vitamin B2),
biotin, vitamin K, as well as the active form of vitamin B6, pyridoxal phosphate and tetrahydrofolate,

cofactors involved in amino acid reactions.

1.3. The gut microbiota in health and disease

This metabolic contribution of the gut microbiota has been implicated in disorders such as insulin
resistance (Dumas et al., 2006), diabetes (Blandino et al., 2016) and obesity (Gérard, 2016), cancer, as
well as neurodegenerative and neurodevelopmental diseases, such as Parkinson’s disease (Mulak and
Bonaz, 2015), Alzheimer’s (Jiang et al., 2017) and autism (Ding et al., 2017). However, the specific role
that the intestinal microbiota play across these pathologies is often complicated to determine, firstly
due to the complex structure of the gut microbiota and its interference with the host metabolic and
cellular profile. It is thus often difficult to identify if an altered microbiota is a cause or a consequence
of a disease. However, perturbation of the gut microbiota has certainly been observed in a large

number of diseases (Knight et al., 2017), and should, as a consequence, be explored further.
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Although others would argue, animals, and especially rodents, have been a useful tool to explore the
role of the gut microbiota in health and diseases. Antibiotic treated mice are useful when it comes to
suppressing microbial-metabolic pathways and observing the downstream consequences on the
metabolic profile of the host or on the metabolic fate of a xenobiotic (example in Chapter 5). The use
of germ-free and gnotobiotic animals, which respectively, harbour no bacterial strains or only known
bacterial strains, are common tools used in microbiome research. These models enable the
inoculation of the rodent Gl tract with human faeces, directly after collection, or following culture, to
manipulate its genetic material to create a so-called “humanized mice”, which can be especially
valuable in personalised gut culture (Goodman et al., 2011) or used to explore the complex interaction
between diet and gut microbiota (Turnbaugh et al., 2009b). Finally, the transplant of organ or tissue
from human to rodent, called a xenograft model can also be used. It is particularly promising in cancer
research, as demonstrate a study where tumour organoids were implanted into mice (Pauli et al.,
2017). This model enables drug screening to be directly validated in vivo and could lead to personalised

cancer treatment.

1.4. Factors influencing the gut microbiota

The microbiome is sensitive to environmental effects or even psychological factors, often referred to
as the exposome, which includes factors such as the host diet, physical activity, exposure to pollutants
and therapeutic treatments (Falony et al., 2016). The influence of these factors is particularly great
during the development of the infant intestinal microbiota, as the establishment of adult microbiome
occurs predominantly during the first three years of life and these initial colonisation trajectories have
potential long-term ramifications. The mother’s microbiome is the first of those factors as during birth,
the mother’s vaginal and faecal microbes are passed to the infant, dominated by Lactobacillus,
Prevotella and Sneathia species. These communities are replaced by skin-related bacteria, especially
Staphylococcus, Corynebacterium and Propionibacterium species for caesarean-born infants
(Dominguez-Bello et al., 2010). Other factors can influence the development of the infant microbiome
such as perinatal antibiotic courses, length of gestation (e.g. premature birth) and weaning age, as
well as if the new-born is breastfed or formula fed (German et al., 2008). Indeed, bacterial diversity
and composition of the infant gut microbiota is correlated with breastmilk intake (Pannaraj et al.,
2017) and increased Bifidobacteria compared to formula fed babies, presenting more facultative
anaerobes (Fanaro et al., 2003). In all cases, early-life microbiome development appears to influence
the long-term functionality of the infant-microbiome and demonstrates a role in metabolism and

immunological protection (Mueller et al., 2015).
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Modern western lifestyle has played a key role in the development and evolution of the human
microbiome. Comparison of the microbiome of a population leaving in an isolated Amerindian village
(presumed to have had no contact with civilized population for 11,000 years) with the microbiome of
a US cohort, showed that the microbiome diversity and functionality of the former was the richest
ever reported in human metataxonomics studies, with a higher level of Prevotella and lower level of
Bacteroides (Clemente et al., 2015). In addition, 28 gene markers of antibiotic resistance were found
in their microbial profile (such as the cb/A gene encoding for extended-spectrum B-lactamase
enzymes), although no antibiotic treatments or contact with antibiotic-treated persons were known.
This suggests that antibiotic overuse affects human microbial evolution by uncontrolled
environmental contamination (Martinez, 2009; Danner et al., 2019). The role of industrialization in the
long-term modification of the gut microbiota has been reported and associated with lower amounts
carbohydrate-active enzymes and a higher abundance of gene markers of bacteria for mucus
degradation such as Akkermansia muciniphila (Sonnenburg and Sonnenburg, 2019). Biogeographical
differences in infant intestinal microbiota have also been observed and assumed to be linked to
breastfeeding and lifestyle habits between two cohorts, one more industrialized compared to a more
rural one (Lawley et al., 2019). Consequently, the evolutionary context of the microbiome, through
industrialization and diet habits for instance, is also important to take into consideration (Davenport

et al., 2017).

1.5. Inter- and intra-individual variability of the gut microbiota

As the factors impacting the gut microbiota composition and diversity include diet, life-style, as well
as pollution, natural intra-individual and biogeographical gut microbial variations occur (Kau et al.,
2011; Falony et al., 2016). Eckburg et al., 2005, found that the vast majority of the microbiota in the
caecum, colon and faeces was dominated by bacteria from the Bacteroidetes and Firmicutes phyla.
Although diversity and variability across individuals was reported, this study was only performed on
three individuals (Eckburg et al., 2005). In contrast, a study performed on 124 Europeans showed that
40 % of the genes were in common with 50 % of the rest of the cohort, and that 57 bacterial species
were shared by more than 90 % the entire cohort (Qin et al., 2010). Interestingly, the authors reported
that about 1,150 bacterial species were detected in their experiment and that deeper sequencing
would not increase considerably this number due to the redundancy of the bacteria found in the
different individuals. Yet, it remains unknown what a “healthy microbiota” looks like. In one study,
only 14 genera out of 664 detected were found to be present in 95% of 4,000 individuals measured.

Interestingly, the extensive metadata combining 69 covariates (related to diet, phenotype,
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medication, birth, etc.) explained only 15% of the overall variance in the microbial profiles (Falony et
al., 2016). This suggests that the number of covariates commonly investigated, and assumed to affect
the intestinal microbial composition, is largely underestimated. The factor which was found explaining
the higher percentage of microbial variation (around 10 %), was therapeutic treatment (Falony et al.,

2016).

2. Drug metabolism

2.1. Xenobiotic metabolism by the host

The term xenobiotic describes all molecules alien to a living organism, such as drugs or environmental
pollutants and toxicants, which may influence the endogenous biomolecular reactions with either no
net effect, potential beneficial, or toxicological effects on the organism. Once in the host, xenobiotics

can be subject to two different types of metabolism, simplistically described as “phases” (Figure 1-2).

Xenobiotics entering the cells by
an active transport as o result of
binding with solute carrier proteins
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Figure 1-2. Xenobiotic transport (represented on the left side) and metabolism (represented on the right side)

across an animal cell.
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The two most common phases of xenobiotic metabolism are functionalization and conjugation.
Functionalization reactions (phase 1) encompass oxidations, reductions and hydrolytic
biotransformations. Many of these occur in the smooth endoplasmic reticulum (ER) where
cytochrome P450 (CYP450) enzymes are found. The CYP450 system presents a broad range of enzymes
mainly performing oxidations (monooxygenase, dehydrogenase) and some reductions. Other
enzymes which are not part of the CYP450 family are also able to produce functionalization reactions
(e.g. esterase, oxidase). Conjugation reactions (phase Il) can then be performed on the functional
group that has been introduced, or exposed after an oxidation or hydrolytic biotransformation
reaction, or if a xenobiotic already has a suitable functional group that can be conjugated. The main
conjugation reactions are with glucuronic acid, sulfate or glutathione. These conjugation reactions
require specific enzymes, such as uridine 5'-diphospho-glucuronosyltransferase (UDP-GT),
sulfotransferases and glutathione S-transferase respectively, as well as cofactors, UDP-glucuronic acid,
3'-Phosphoadenosine-5'-phosphosulfate (PAPS) and glutathione, respectively. UDP-GT is localized in
the ER, with its catalytic domain exposed to the luminal side of the membrane structure, whilst the
sulfotransferases are cytosolic. Acetylation glutathione S-transferases (GSTs) are found in many
subcellular locations including the cytosol, mitochondria, the ER, nucleus and plasma membranes
whilst amino acid conjugation occurs in the mitochondria. The movement of xenobiotics into the cells
occurs by the action of active transporters called solute carrier proteins. The movement of xenobiotics
and their metabolites following Phase | and Phase Il reactions, out of the cells, is active via adenosine
triphosphate (ATP)-binding cassette transporter proteins, before being mainly excreted in the bile or

urine (Dobson et al., 2009; Kell, 2016, 2015).
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2.2. Enterohepatic circulation

The vast majority of drugs and other xenobiotics are orally ingested, although dermal, respiratory,
vaginal and rectal routes can also be used. They first cross the mouth, the pharynx and the oesophagus
to reach the stomach. Once in the stomach, acidic pH promotes the dissolution of xenobiotics so that
they can be transported to the lowest part of the Gl tract, starting with the small intestine. In the small
intestine xenobiotics can be metabolised in enterocytes but also come into contact with the gut
microbiota. According to their permeability and solubility, xenobiotics and their derivatives can make
it through the intestinal epithelium of the small intestine (Amidon et al., 1995). However, even the
most commonly used drugs do not combine the optimal permeability and solubility properties to be
easily or entirely absorbed (Dahan et al., 2009). As a result, many are not completely absorbed and a
portion of the dose enters the large intestine, composed of the caecum, the colon and the rectum,
before being re-absorbed or excreted through the rectum. Those compounds which have been
absorbed through the small intestine, travel to the liver via the hepatic portal vein. It is in the liver that
most xenobiotic metabolism occurs, when the compounds enter hepatocytes (although the gut wall,
kidney and lung may also be important in determining the metabolic fate of certain drugs). The
metabolic reactions that xenobiotics undergo up until that stage, either in the small intestine, gut wall
or the liver, are called “first-pass” metabolism. This first-pass metabolism decreases the proportion of
non-metabolized xenobiotics that eventually reaches the systemic circulation. Once metabolised by
the hepatic system, the drug and its metabolites are available for either urinary excretion via the
kidneys, with or without further additional metabolism in the podocytes, or enter the enterohepatic
circulation to be distributed to the lymphoid organs, which includes the gall bladder. When biliary
excretion occurs, drugs and/or their metabolites re-enter in the intestines and can either be directly
excreted in the faeces or be re-absorbed and brought back into the liver and the enterohepatic
circulation. During its second passage through the gastrointestinal tract, enterocytes and the gut

microbiota can affect the drug metabolism for the second time (Figure 1-3a).
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Figure 1-3. Schematic representation of a) enterohepatic circulation and the different molecular reactions
occurring on xenobiotics in the liver, the kidney and in b) the microbiota located in the gastrointestinal (Gl)
tract. Adapted from (Haiser and Turnbaugh, 2012; Carmody and Turnbaugh, 2014; Maier et al., 2018).
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Studying drug absorption, distribution, metabolism and elimination (ADME) is called drug disposition.
It allows for a deeper understanding of how a drug is affected by the host organism and distributed in
the organism. The distribution and elimination of the drug can be monitored by studying how drug
concentrations (e.g. in blood) vary through time after administration (this is known as
pharmacokinetics). It is used to understand the relationship between its concentration in different
organs and its pharmaco- and toxico-dynamic effects on them. In pharmacodynamics, drugs can target
either human-cells or bacterial-cells (Haiser and Turnbaugh, 2012). In pharmacokinetics, a broad range
of factors can affect a drug and its metabolism, this includes host genetics (pharmacogenomics),
polymorphisms associated with host genetic material (pharmacogenetics), and the host microbiome
(pharmacomicrobiomics; Lam et al., 2019). Even though extensive research has been done to explore
the biotransformations that drugs undergo when in contact with human-cells, the potential for

microbial-cells to influence drug metabolism has only been gathering attention in recent years.

2.3. Role of the gut microbiota in shaping drug metabolism

Containing 150 times more genes than the human genome (Qin et al., 2010), the microbiome is able
to produce enzymes and metabolites that can affect drug metabolism both directly or indirectly with

the potential to modulate their toxicities and/or their efficacies (Figure 1-3b).

2.3.1.Direct interactions
A broad range of reactions resulting from the interaction of the drug with the microbial population of
the Gl tract has been observed. An important reaction is hydrolysis, which often results in a more toxic
product, but also acetylation/deacetylation, decarboxylation, dihydroxylation and demethylation
(reviewed in Wilson and Nicholson, 2016). Reductions are also an important metabolic capability of
the gut microbiota from a pharmacological perspective as these reactions can activate prodrugs. Thus,
bacterially mediated reductions can release the active compounds in the organism to exert their
pharmacological effect. Prodrugs are usually used to improve the bioavailability of the active
ingredient, to avoid its absorption in the small intestine for instance and force a release in the colon.
A good example of this is the prodrug sulfasalazine which releases the active compound 5-
aminosalicylic acid following azo reduction by the intestinal bacteria (Peppercorn and Goldman, 1972).
Inactivation or detoxification of the active compound can also be performed following a direct
interaction with a bacterial enzyme as has been reported for digoxin, degraded by Eggerthella lenta,

an Actinobacteirum, into the non-active metabolite dihydrodigoxin (Saha et al., 1983). Direct binding
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between a drug and a microbe has also been observed for the dopamine precursor L-3,4-
dihydroxyphenylalanine (L-DOPA- Niehues and Hensel, 2009). In this case, L-DOPA must cross the
blood-brain barrier before it can be activated to dopamine in Parkinson’s patients. However, it has
been shown in vitro that L-DOPA can bind to the outer membrane of Helicobacter pylori, which could
partly explain the difference in bioavailability across patients which received oral dose of L-DOPA
(Niehues and Hensel, 2009). Finally, direct influence of the drug itself on the gut microbiota
composition can occur, as a quarter of ~ 1,000 orally administrated drugs were recently reported to

present off-target antibacterial activity (Maier et al., 2018; discussed further below).

2.3.2.Indirect interactions

Within the indirect interactions occurring between xenobiotics and the gut microbiota, there is the
creation of microbial intermediates which make the parent compound toxic. Although this is more
often encountered with dietary metabolites, it has been demonstrated through a health scandal in
China in 2008 that it could also be applied to xenobiotics. Melamine-tainted products precipitated and
thus generated kidney stones and other complications which led to several deaths in the population.
Research on the origin of those stones proved the presence of cyanuric acid, a structural analogue of
melamine, produced from melamine, by the single species Klebsiella terrigena (Zheng et al., 2013).
However, the dual presence of cyanuric acid and melamine causes their mutual precipitation in renal
tubules and irrevocable downstream consequences (Kobayashi et al., 2010). Alterated kinetics due to
microbial metabolites have also been reported, especially for the well-known anti-pyretic and
analgesic drug paracetamol, showing higher level of the toxic metabolite NAPQi in the presence of
high concentrations of the microbial metabolite p-cresol (see Chapter 5). Modified gene expression
can also be induced or controlled by a drug, even central drug-metabolism enzyme such as increased
expression of CYP450 in the liver following the activation of specific enzymes or transporters involved
in the detoxification of xenobiotics (Toda et al., 2009). Finally, intestinal microbiota can also impact
on the enterohepatic recycling of xenobiotics and their metabolites. For instance, the active form of
the chemotherapeutic agent, irinotecan, a hydroxylated metabolite, is conjugated to glucuronic acid
before biliary excretion. However, once the conjugated drug reaches the Gl tract, bacterial B-
glucuronidase cleaves back the glucuronic acid and releases the active compound in the Gl tract,
where it is toxic for the gut, causing dose limiting diarrhoea, and enterohepatic recycling (see Chapter

6).

Page | 29



Haiser and Turnbaugh, 2013, reported that the impact of the gut microbiota on drug metabolism has
been investigated for only 40 drugs. However, in vitro tools have also been developed to study the
microbial metabolism of 271 oral drugs (Zimmermann et al., 2019a). This study was able to show that
more that 65 % of these oral drugs could be degraded by at least one bacterial isolate out of 76 tested,
although this does not mean that such effects would be observed in vivo. All together, these results
show the importance of considering the gut microbiota as a factor in inter-individual variability in drug

response and hence in personalised medicine

2.4. Role of drugs in shaping the gut microbiota

As mentioned above, many factors such as the diet, or exposure to pollutants or drug therapy, can
impact on the diversity and the functionality of the gut microbiota, which can have potential
ramifications for host health. Medication has even been reported to explain the largest part of
microbial variance in large cohorts (Falony et al., 2016). Drugs are in general divided into two
categories based on their main molecular target group: (1) human-targeted drugs, which are intended
to exert their pharmacological effects on human cells, and (2) antibiotics, aimed at targeting microbial

cells (Haiser and Turnbaugh, 2012).

2.4.1.Antibiotics

Maurice et al. (2013) investigated the effect of both antibiotics and human-targeted drugs on the
human microbiota by combining flow cytometry coupled with fluorescence-activated cell counting,
amplicon sequencing and metatranscriptomics. By looking at bacterial cell physiology, 75 % of
antibiotic treatments increased bacterial cell damage. Moreover, by looking at the effect of the
antibiotics on the microbial profile, it was observed that most of the bacteria which were affected
(although in different ways) were from the phyla Firmicutes, which include the most prevalent and
active bacteria in healthy human gut microbiota, especially Clostridiales (Maurice et al., 2013). Overall,
antibiotic exposure increased the gene expression of bacteria involved in a broad range of pathways,
such as transporter RNA synthesis and then translation, vitamin synthesis as well as phosphate
transport. Interestingly, host-targeted drugs did not show any impact on microbial cell physiology but
were still enhancing the expression of genes involved in membrane transport, the pentose phosphate

pathway and xenobiotic metabolism (Maurice et al., 2013).
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2.4.2.Drugs with antimicrobial off-target effects

Subsequentially, other drugs have been reported to affect the composition of the gut microbiota,
among others, methotrexate (Nayak et al., 2019), metformin (Forslund et al., 2015) and non-steroidal
anti-inflammatories (Rogers and Aronoff, 2016). A third category of drugs has even been distinguished
from the host-targeted drugs and the antibiotics (Maier and Typas, 2017). They include anti-infective
drugs, which consist of antiprotozoal, antiparasitic, antiviral and antifungal compounds. The same
authors developed a systematic method to explore the role of 1,197 oral drugs from a chemical library
on intestinal microbiota (Maier et al., 2018). Their results proved that, using 40 common gut bacterial
isolates, 24% of the human-targeted drugs and 58% of the anti-infectives could inhibit the growth of
at least one bacterial strain. While the anti-infective drugs affected the growth of a restricted number
of strains, the host-targeted drugs affected the most prevalent species commonly found in healthy
human gut microbiota (e.g. Roseburia intestinalis, Eubacterium rectale and Bacteroides vulgatus).
Moreover, these species are involved in important host-metabolism regulatory pathways such as
short-chain fatty-acids. Such findings prove the necessity of considering the off-target effects that
might result from host-targeted drugs on the microbiota and their long-term consequences on human
health (i.e. microbial diversity reduction following long- or repeated exposure to drugs (Clemente et
al., 2015)) and increased risk of antibiotic resistance induced by host-targeted drugs presenting a

similar mode of action to that of antibiotics (Maier et al., 2018).

2.5. Challenge

In summary, the role that the gut microbiota plays in a drug metabolism is important to study to (1)
understand how interindividual microbiome variability may dictate how the microbiota can impact
the drug metabolism, its efficacy and toxicity, (2) establish how a drug, even a human-targeted, can
shape the gut microbiota diversity and functionality and thus its ramification on the host health and
(3) help to understand and use individual microbiota to personalize drug strategies, improve outcomes
and limit adverse drug reactions. In order to study the complex microbiome-drug-host metabolic

profile system, systems medicine was used.
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3. Systems Medicine

3.1. Omics sciences

Systems medicine is an interdisciplinary area of research which considers human health as part of a
global and complex system with different compartments (Figure 1-4). Since its application in the
clinical setting it has been adapted from the term systems biology (Kirschner, 2016). It aims to
correlate human phenotypes to their exposure to environmental factors (exposome), and to
understand the biomolecular mechanisms occurring at different levels. One means of studying
biomolecular mechanisms at different levels is based on exploring biological samples using different
analytical techniques, gathered under the name of “-omics” sciences. The “-omics” sciences are top-
down approaches that include global metabolic profiling (metabolomics), protein sequencing
(proteomics), RNA-sequencing approaches and DNA-sequencing approaches. As opposed to bottom-
up techniques, mainly based on experimental data, biotransformation rates and kinetics, top-down
techniques aim to holistically capture information from across the different compartments of a
biological system to understand how the system as a whole is functioning and responding to different
stimuli (Bruggeman and Westerhoff, 2007). The results obtained following “-omics” experiments
generate large datasets composed of numerous variables. The interpretation of these datasets
involves the use chemometrics, based on multivariate statistical methods, in order to associate
specific variables (e.g. a metabolite, a protein, a gene or bacterium) with a specific health condition,

nutrition state, therapeutic treatment or exposure to environmental pollutants.
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Figure 1-4. Representation of what Integrative Systems Medicine research takes into consideration to study
human health. Chemometrics allow underlying differences, similarities or correlations between the “-Omics”
sciences, phenotype and exposome to be found.
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3.2. DNA-based omics

As a general rule, genomics is based on DNA sequencing. It combines two different techniques which
are often confused. Although the term of metagenomics is often used for both techniques, herein the
distinctions between amplicon sequencing, based on the sequencing of only one DNA sequence, that
for the 16S rRNA gene, and metagenomics, based on the sequencing of all the genes encoded by the

DNA, will be used here.

3.2.1.Amplicon sequencing
Amplicon sequencing, also called 16S ribosomal RNA (rRNA) gene sequencing or metataxonomics,
gives information about “Which bacteria are present?”. The principle of amplicon sequencing is based
on DNA extraction followed by a polymerase chain reaction (PCR) to amplify the 16S rRNA genes
(Schmidt et al., 1991) then sequencing of the amplicon library. The 16S rRNA gene is present in all
prokaryotes, and in consequence offers valuable insights into phylogenetic relationships. It is probably
the most accessible technique for exploring microbial diversity and composition because of its modest
cost. This technique has been applied in Chapter 3 and is further described in Chapter 2 (Analytical

background).

3.2.2.Metagenomics
Metagenomics, also called direct shotgun DNA sequencing, answers the question “Which bacteria are
present and what are their potential functions?”. This sequencing technique allows the sequencing of
all microbial genes at once (Weber and Myers, 1997). It has proved to be more exhaustive than
amplicon sequencing as it does not target only one gene, but looks at all the microbial DNA, the
metagenome, in an untargeted way, which provides a much more complete picture of the microbiome

of interest (Holst-Jensen et al., 2016).

3.3. RNA-based omics

Metatranscriptomics is based on messenger RNA (mRNA) sequencing. It is by far the most cost-
extensive technique to explore the gut microbiota, or indeed any other biological sample. This
technique provides an answer to the questions “Which bacteria are present, what are their potential
functions, and which ones are currently active?”. The output obtained with this technique is, in

consequence, much more informative than amplicon sequencing or metagenomic sequencing, as it
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gives insight into bacterial gene expression changes as a result of diet changes, xenobiotics exposure
or diseases, or another stimulus. Metatranscriptomics has become quite popular and has been applied
particularly to the nutrition-host-microbiome interaction in humanized mice (Turnbaugh et al., 2009b;
McNulty et al., 2011) or humans (Hoyles et al., 2018). However most of the time, it is still used to
complement amplicon or shotgun sequencing or, cell based techniques (Maurice et al., 2013), as well

as metabolic profiling.

3.4. Metabolomics

3.4.1.Principles
Metabolomics was defined as the determination of all the metabolites which are small molecules
generally weighing under 1000 Da present in a cell (Fiehn, 2002). However, this definition has
expanded to encompass all types of biological samples. It is based on high information content
analytical methods, which allow a “snapshot” of all these metabolites to be acquired. Currently the
two main methods are nuclear magnetic resonance (NMR) spectroscopy (usually proton [*H]) and
mass spectrometry (MS) which is coupled with separation techniques such as ultra-performance liquid
chromatography (UPLC), gas chromatography (GC), capillary electrophoresis (CE) or ion mobility (IM),
and allows a two- or three-dimensional separation of the analytes. Both NMR spectroscopy and MS
techniques can be used in an untargeted or a targeted approach. The targeted approach, most
commonly applied in MS-based techniques, is by definition more sensitive than untargeted
approaches, as experimental parameters can be adjusted in order to focus only on few metabolite(s)
of interest, which can be from the same class of metabolites or a particular biochemical pathway or a
specific drug and its metabolites. The untargeted approach offers a broader, and less biased, view of
all the metabolites present in a biological sample, up to the limit of the metabolites which can be lost
during sample handling or preparation and limited by the sensitivity of the analytical method used. *H
NMR spectroscopy is known to be less sensitive than MS-based techniques, limiting the discovery of
significant biomolecular changes and biomarkers. However, 'H NMR spectroscopy has the strong
advantage of being a robust and repeatable technique, both through time and between laboratories
(Ward et al., 2010). MS-based techniques, especially UPLC-MS, are somewhat less robust and although
targeted assays are generally comparable between laboratories (Orellana et al., 2014; Nye et al., 2019)
untargeted methods require careful quality control (QC, biological pool sample) procedures to be used
to demonstrate robustness and repeatability over time (Gika et al., 2008; Zelena et al., 2009). In
addition, as is well-known, mass spectrometers and chromatography equipment require extensive

and meticulous maintenance to ensure reproducible results.
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The term metabolomics is often used interchangeably with global metabolic profiling and
metabonomics. Although, in practice, there is little or no recognized difference between the two first
terms, metabolomics and metabonomics do differ in definition. Metabolomics is the study of the
metabolic profile in a biological sample at a given time point to explore a specific condition (Fiehn,
2002; Goodacre et al., 2004), while metabonomics is the study of the changes in metabolic profile in
an organism following a stimulus, such as disease, drug intake or toxins exposure (Nicholson et al.,
1999; Lindon et al., 2003). However, most of the research exploring the global metabolic profile of an
organism which underwent a nutritional, physiological, therapeutic or environmental change, used
the term metabolomics. As such and to avoid any confusion the term used by the authors of the
literature discussed will be used and metabolomics while discussing the results reported throughout

this thesis.

3.4.2.Pharmacometabonomics

As for metabolomics/metabonomics, pharmacometabolomics and pharmacometabonomics are often
used interchangeably as terms which describe the use of metabolic phenotyping to predict the
efficacy/toxicity of drug treatment on animals or patients (Clayton et al 2006, 2009: Kaddurah-Daouk
and Weinshilboum, 2014). By comparing metabolic profiles before drug administration, the aim is to
find features in the profile that accurately predict the response of a patient to treatment and, in
consequence, promote the development of personalized medicine (Nicholson et al., 2010; Wilson,
2009). It has highlighted for instance that high urinary concentrations of p-cresol sulfate in humans
were actually inversely correlated with lower concentration of acetaminophen sulfate, suggesting a
competition mechanism between this microbial metabolite and the widely used drug (Clayton et al.,
2009, see also Chapter 5). The metabolic profile obtained before and after a stimuli is increasingly
used in parallel with pharmacogenomics in order to map metabolic and genomic variables together
(Neavin et al., 2016), which has proved to be a useful combination in an early phase clinical trial (Oh

et al., 2018).

Page | 35



3.5. Integration of the “-omics” sciences

As exemplified through the combined use of transcriptomics and genomics analysis, or the yet new
but promising researches where pharmacometabolomics aids pharmacogenomics (Katsila et al., 2016;
Manzoni et al., 2018; Neavin et al., 2016; Oh et al., 2018), the integration of different “-omics” datasets
is a powerful method. It can be by combining two metabolomics datasets or methods together, such
as targeted and untargeted UPLC-MS, which was found useful in “metabolome-microbiome wide
association studies” (Melnik et al., 2017). It can also consists in the integration of untargeted UPLC-
MS-based metabolomics data with DNA sequencing techniques of the microbiome (Zimmermann et
al.,, 2019a). Taking into consideration all the different but complementary compartments of the
“omics” science (Figure 1-4), genomics, transcriptomics, proteomics and metabolomics, as well as
epigenomics or pharmacogenomics, promotes a better understanding of the biological mechanistic of
a specific health condition. For Autism Spectrum Disorder for instance, a new patient-stratification has
been described thanks to multi-omic researches (Higdon et al., 2015), which is a step closer towards
personalized medicine. However, prior to their full implementation in biomedical sciences
computational challenges will need to be addressed with respect to the integration of such large

datasets and interpretation of the outcome with any certainty (Manzoni et al., 2018).

4. Thesis objectives

The general aim of the research described in this thesis was to gain a deeper understanding of the
two-way biomolecular interactions which transpire between the intestinal microbiota and the
metabolism of drugs, as well as the complexity of the biological interactions shaping the tripartite
system drug-microbiota-host. As previously explained, a broad range of interactions can occur, from
direct to indirect mechanisms of the microbiota on drug pharmacological and toxicological profile, to
effect of drugs on the microbial communities’ composition and functions through time. As a result, a
multifaceted approach was adopted to explore these different types of interactions. In the end, the
aim was to clarify the biomolecular mechanisms behind these interactions and the potential
ramifications for host health. Such studies will aid in the assessment of the need to routinely
implement taking the gut microbiota into consideration in clinical and pharmaceutical research aimed

at promoting the development of personalized medicine.
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The overall aims of this research summarized in Figure 1-5, are the following:

>

microbiota interaction

L

To understand if the bidirectional interaction that the drug methotrexate presents with the
gut microbiota, by directly interacting with bacterial enzymes through a detoxification
process, with consequences affecting the structure of the microbiota, correlates with
methotrexate toxicity.

To develop an in vitro model able to monitor drug degradation by the human gut microbiota
and explore the possibility of also determining the impact of the drug on the microbiome
structure within the same model.

To design a in vivo model enabling a clear mechanistic understanding of the impact of a high-
tyrosine diet and induced high concentration of p-cresol on sulfation capacity and therein its
indirect competition with acetaminophen to be obtained

To determine the possibility of targeting the microbiota by inhibiting bacterial B-glucuronidase

and reduce or supress the adverse drug reactions observed during irinotecan chemotherapy.
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Figure 1-5. Overview of the multifaceted approach adopted to deepen the understanding of the complex
tripartite drug-microbiome-host health interaction. It involves direct interactions (methotrexate, MTX) or
indirect interaction. The latter is exemplified by competition between acetaminophen and the microbial
metabolite p-cresol for sulfation, and the potential benefit of targeting the microbiome to reduce irinotecan
induced-toxicity.
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Chapter 2.  Analytical background

To conduct the research described in this thesis, a variety of omics techniques were applied. The
techniques used within each project are summarised in Table 2-1. Metabolic profiling was performed
using both ultra-performance liquid chromatography-mass spectrometry (UPLC-MS) and 'H nuclear
magnetic resonance (NMR) spectroscopy, and thus the theory behind each one of them are described
in this chapter. Targeted UPLC-MS was also used to quantify drugs of interest (specific to each chapter)
and to target a specific class of metabolites (tyrosine and a specific set of catabolites). A method to
target those specific compounds was thus developed for a “fit-for-purpose” validation applied in
Chapter 5. This validation was used as an example in this chapter to describe targeted UPLC-MS
requirements. Finally, amplicon sequencing was also used in the Chapter 3, and in consequence its

use is also presented in this chapter.

Table 2-1. Summary of the analytical techniques use in each Chapter and on which samples it has been
applied.

Chapter 3 Chapter 4 Chapter 5 Chapter 6
Mouse Liver

1H NMR spectroscopy X X Cell supernatants

Mouse faeces

Mouse urine, plasma, liver,
colon tissues, gall bladder

. Mouse urine, faeces, liver,
Rat urine

Untargeted UPLC-MS X X colon tissues, colon contents,
Rat faeces
gall bladder
Rat uri H M ine,
Targeted UPLC-MS at urine uman . ouse urine Mouse plasma, faeces
Rat faeces faecal culture liver and plasma
Amplicon sequencing Rat faeces X X X
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1. Metabolic profiling (Metabolomics)

1.1. 'H NMR spectroscopy

1.1.1.NMR spectrometer
An NMR instrument is composed of three parts: (1) a superconducting magnet, into which the sample
is placed, (2) a spectrometer, where free induction decay (FID) signals are detected and measured,
and (3) a computer, from which the instrument is controlled and FID signals transformed into NMR
spectra. The most complex part is the superconducting magnet, which provides a strong and uniform
magnetic field at a specific resonance frequency. The *H NMR experiments reported herein were
performed on a 600 MHz spectrometer. The samples, in 5, 3- or 1.7-millimetre tubes, were inserted
via the top centre of the superconducting magnet and lowered into the probe (Figure 2-1). The probe
allows the sample to receive and emit radiofrequency pulses. Superconducting-wire coils envelop the
probe to produce the magnetic field. However, to ensure the production of this field, it also requires
a low temperature which is achieved by the use of liquid helium, which presents an absolute
temperature of 4 K. To achieve this, an inner liquid helium tank encases the probe and the magnet,
and an outer liquid nitrogen tank surrounds the liquid helium tank. The whole set up is enclosed in a

vacuum chamber.
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Figure 2-1. A schematic for the superconducting magnet of an NMR spectrometer. The different elements of
the superconducting magnet are the following: (1) probe (2) bore, (3) nitrogen towers, (4) nitrogen ports, (5)
helium ports, (6) helium towers, (7) metal plug, (8) sample insert, (9) vacuum chamber, (10) magnet. Source:
AVANCE Beginners BRUKER Guide (version 006).
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1.1.2.Theory
The principle of NMR spectroscopy is based on the physical and mechanical response of an atom
nucleus to radiofrequency (RF) pulses which are applied in the presence of a magnetic field (Bo). Each
atom nucleus is composed of protons and neutrons, which together define the spin quantum number
(/) of an atom. Atoms, such as H and 3C that have a nucleus with an odd number of protons or
neutrons, have a /=% and are capable to emit an electric current, called the nuclear magnetic moment
(u), in the presence of a magnetic field. Common nuclei analysed by NMR are reported in Table 2-2.

Table 2-2. Common nuclei analysed by NMR and their respective spin quantum number (/) which varies
according their number of protons and neutrons.

Number of Number of Spin quantum number Common nuclei
protons neutrons (N analysed

1/2 IH, 1°F, 31p

Odd Even
3/2 118, 35Cl, °Br
1/2 3¢

Even Odd
5/2 170

Odd Odd 1 2H, N

In the absence of magnetic field, atom nuclei are present in a neutral and disorganised state (Figure
2-2). Once a magnetic field is applied, a nucleus aligns itself with the field. The number of different
alignments that are possible for an atom is obtained by 2/ + 1. Each alignment is at a specific energy
level which is described by the magnetic quantum number (m,), described by the following rule:

my=L1-1,1—-2,...—I

Most commonly, metabolic profiling is based on the measurement of the *H nuclear p. This is because
hydrogens are prevalent in biological molecules with *H having a relative abundance of 99.98 %. As
indicated above, the / of H is %. In consequence, it can present two different magnetic quantum
numbers in the presence of a magnetic field (m, = -¥% and m, = +}4). As shown is Figure 2-2, the negative
magnetic quantum is explained by the nuclear p spinning in an anti-parallel direction to the magnetic
field (B state) and a positive magnetic quantum by a parallel spin (o state). The nuclear u is
proportionally associated with the momentum angle (P) of the spin against the By, according the

gyromagnetic ratio (y), specific to each nucleus:

p=ypP
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The a state requires slightly less energy than the B state. The difference between these two energy
levels is described as AE (Figure 2-2). It represents the energy that requires a nuclear u to pass from

one state to another.
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aE
&
=
Nomagnetic fiald applied Moagneticfield applied
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"

Figure 2-2. H nuclear magnetic moment u spinning around the axis the magnetic field Bo at a momentum
angle (P) in a B and a energy levels, respectively presenting a magnetic quantum number of - 1/2 and +1/2
and separated by an energy difference of AE.

As an atom nucleus contains several protons, a certain number will be orientated in the a state (No)
and others in B state (Ng). There is a slight excess of nuclei in the a state and it is this excess that
provides the signal to be measured. The distribution between each state can be calculated by the
Boltzmann equation (with k being the Boltzmann constant and T the temperature in Kelvin):

N _
Ng

The ability for the nuclei to oscillate between the a and B states depends on the application of a
specific Bo, as the energy difference (AE) between a and B is linked to the magnetic field by the
gyromagnetic ratio (y), which is specific to each nucleus, and the universal constant of Planck (h ~
6.626 x 10°* J*s). On the other side, the energy difference (AE) is directly proportional to the Larmor
frequency at which a nucleus will oscillate. The H Larmor frequency being of 600 MHz and the H
gyromagnetic ratio of 42.58 MHz/Tesla, the magnetic field that needs to be applied on samples to
measure H NMR spectroscopy is equal to 14.1 Tesla.
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Once a magnetic field has been applied and the nuclei aligned, a short radiofrequency (RF) pulse is
sent to the nuclei, which will orientate the spin at a 90 or 180° angle, according to the RF, which usually
last for 2 to 10 ps. Once this pulse is applied, nuclei resonate with the RF energy and oscillate according
its AE described above. Once the pulse is stopped the nuclei relax back to align with Bo (Figure 2-3).
The time taken for the spin to return to its original alignment to By is called the relaxation time. During
the relaxation time, the oscillations produced are registered as a structure-based signal, called a free
induction decay (FID). The application of the Fourier transformation to the FID allows the instrument

to convert the time-scaled FID signal into a frequency-scaled NMR spectrum.

Fourrier
transformation

Amplitude (A}

Time . Frequency

Figure 2-3. Radiofrequency 90° pulse applied on an aligned spin to Bo (initial position Mo).

In a complex biological sample, each nuclear p and thus nucleus FID will depend of the surroundings.
Indeed, during its relaxation time reaching back the initial alignment with the z axis (T1), or Bo, a
nucleus releases its energy to the sample, which is called the spin-lattice relaxation. Nuclei from the
other metabolites will also release their energy to the sample during their own spin lattice relaxation.
The energy released by all the nuclei will create a local magnetic field (B’). This local magnetic field will
influence the excitation state of the nuclei present in a sample, which is known as the shielding effect.
The effective magnetic field perceived by the nucleus, called Bes, is thus linked to the By applied by the

following equation (where o is the shielding constant):

Berr = Bo(1- 0)
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A second parameter depending on the environment of the nuclei will also influence their relaxation.
Metabolites contain several atom nuclei that can interact with one another according to their
electronegativity, as they are on the same scaffold. These interactions can reach up to three chemical
bonds. In this scenario, the magnetic field created by a nucleus is sent to nearby nuclei and can
interfere with the By, delaying the relaxation time in the x-y axis plan, also called spin-spin relaxation
time (T,). It has the consequence of splitting of the NMR signal obtained, which is defined by the

multiplicity of the signal.

The spin-spin coupling and the multiplicity of the signal complies with the Pascal triangle. In that, it
means that if a protonis less than three bonds away from n other protons, it will present a n + 1 signal.
For instance, with ethanol (Figure 2-4), the -CHs directly bound to a -CH, will have a (2 + 1) = 3 signal,
called a triplet. In return, the group -CH, group bound to the -CHs; will have a (3 + 1) = 4 signal, called
a quadruplet. The frequency distance separating each peak within a signal is called the coupling
constant (J) and is the same between each peak within a signhal/multiplet. The H of the hydroxyl group
does not present any coupling because oxygen being electronegative, it will attract the electrons
towards itself, not allowing the small magnetic field B’ to travel across three consecutives bonds. This

results in a more shielded signal.

/H :\\ CH, 111

H 121

\ ~° \c CH, 1331
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=
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Figure 2-4. *H NMR signal multiplicity principle according Pascal’s triangle and exemplified with ethanol.
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Such observations are a valuable tool to determine the close atomic neighbourhood and elucidate
molecular structure. This principle is routinely used in 1D NMR spectroscopy, where the signal
frequency is measured on the x axis and its intensity as the area under the curve on the y axis. Nuclear
Overhauser Effect Spectroscopy (NOESY), is the routine technique to acquire a 'H NMR profile. The
use of Carr-Purcell-Meiboom-Gill (CPMG) pulse sequence is sometimes preferred when samples
contain proteins and/or lipids, as these large macromolecules produce broad spectral peaks that often
overlap and mask those arising from small molecular weight metabolites. The CPMG pulse sequence
is able to selectively attenuate these peaks from the macromolecules enabling more metabolic
information to be measured. This is particularly useful in plasma or liver samples for instance where
lipoproteins and lipids are present. In complex biological mixtures, the large number of signals can
easily become difficult to interpret and analyse. Indeed, signal overlapping between different atom
nuclei and from different metabolites can easily occur. Identification of metabolites present can
therefore be difficult. In this instance 2D NMR techniques can be used to assist metabolite
identification. Here, the signal is registered across two frequency axes, x and y, and its intensity is
measured as the volume under the 3D signal on the z axis. Typical 2D NMR techniques gathered two
types of experiments, the homo- and the heteronuclear ones (Figure 2-5). The homonuclear NMR
experiments explore the coupling that exists between the same type of atomic nuclei, such as two *H.
The two main homonuclear experiments that exist are correlation spectroscopy (COSY) and total
correlation spectroscopy (TOCSY). COSY allow signals to be acquired that can go up to three bonds,
and TOCSY to more than three (Figure 2-5). Heteronuclear experiments measure the energy exchange
between different types of atomic nuclei, such as *H and *3C. Heteronuclear single quantum coherence
(HSQC) and heteronuclear multiple bond correlation (HMBC), are the two main heteronuclear
techniques. HMBC allow signals to be acquired for two atom nuclei directly bound and HSQC acquires

a signal between atom nuclei separated by a larger number of bonds (Figure 2-5).
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Figure 2-5. Different 1D and 2D NMR spectroscopy methods. COSY: correlation spectroscopy; TOCSY: total
correlation spectroscopy; HSQC: heteronuclear single quantum coherence; HMBC: heteronuclear multiple bond
correlation.

1.1.3.NMR spectrometer calibration
Each NMR spectrometer has instrumental parameters that need to be adjusted before an analysis is
performed. These include phasing, baseline correction and chemical shift calibration. To smooth the
FID signals and increase the NMR spectrometer resolution, adopisation is first performed during the
Fourier transformation. However, by doing so, it increases the signal/noise ratio. A correct threshold
between resolution and signal/noise ratio needs to be determined prior to an experiment. Phasing is
also done in order to obtain symmetrical signals, as well as baseline correction. Finally, chemical shift
calibration needs to be done, particularly if the aim is to obtain quantitative data. The chemical shift
(6) measured by an NMR experiment is expressed in parts per million (ppm) and can be calculated by

the following equation:

_ [Vanalyte (Hz) — Vref(HZ)] 10°
Spectrometer frequency (Hz)

The chemical shift (6), is in consequence, always the same from one instrument to another, which
confers to NMR spectroscopy its robustness and allows easy inter-laboratory method transfers and
comparison. However, for that, as the frequency of the analyte is defined according the frequency of
a reference, a universally recognised reference compound needs to be added to each sample. In

aqueous samples, the preferred reference is trimethylsilylpropionic acid (TSP).
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1.1.4.NMR Data pre-processing

Once the data have been generated, the raw data were imported into Matlab (version R2018a, The
Mathworks Inc.), where an in-house script was used to pre-process and perform the multivariate
statistical analysis. Different pre-processing steps need to be carefully performed. The first step is the
removal of non-biologically relevant signals, such as those arising from residual water, the TSP peak,
and sometimes solvent signals such as those for DMSO. Then, spectral alignment can be performed,
either automatically or manually to adjust for subtle alterations in peak position due to variation in
pH across samples. Normalisation can then be applied (Craig et al., 2006). Normalisation aims to
remove any unwanted and systematic (technical) variation between the samples, which is unrelated
to biological variation. This unwanted noise can be due to the nature of the sample (urine dilution), to
the sample preparation or the analytical experiment. For urine, the objective of the normalisation is
typically to remove the variation induced by differences in dilution across individuals. When it comes
to cells or liver extracts, the starting weight of the material is consistent across all samples and so no
dilution factor is expected, and normalisation should be unnecessary. However, experimental errors
can be observed, such as errors linked to the sample preparation (e.g. pipette error, protein
extraction, etc...). The most common normalisation, and the one used throughout this thesis, is
median fold change, initially called probabilistic quotient normalisation. Its principle is based on
dividing each variable by the median difference between the sample set and a reference spectra for

each variable (Dieterle et al., 2006).

1.2. Untargeted UPLC-MS

1.2.1.Liquid Chromatography

Principle. The sample of interest is injected through a high-pressure liquid mobile phase which flows
into a chromatographic column containing a stationary phase. A separation of the metabolites present
in the sample occurs then, based on their physico-chemical properties. The separation depends on
the variable affinities that the metabolites have with the stationary phase, where the analytes are

more or less retained causing them to elute at different retention times (Tr).
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Choice of the chromatography. Many kinds of chromatographic separation exist, but the main mode
of separation employed in this thesis was reversed phase (RP) chromatography. RP-LC is widely used
in metabolomics and lipidomics (a variant of metabolomics focusing only on lipids). Reversed-phase
(RP), or partition, chromatography employs a non-polar stationary phase and a polar aqueous-organic
mobile phase. In this mode of separation, polar compounds have more affinity for the mobile phase
than the stationary phase and will in consequence be eluted first (green compound, Figure 2-6). Less
or non-polar compounds will share more affinity with the stationary phase, will be retained on the
column for longer. Untargeted metabolic profiling aims to cover as many metabolites as possible and
RPLC is limited to medium polar to non-polar compounds. When the highest possible coverage is
required, the combined use of RP with a separation mode such as hydrophobic interaction liquid

chromatography (HILIC) will allow the range to be extended to polar compounds.

Solvent flow

sample manager | ™= | Chromatographic column | =

Separated analytes
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the system
) 1/2W1
I /\f Twl
] T Tl 3 t

Figure 2-6. Liquid chromatography principle, showing how the analytes contained in a sample can be
separated after passage through the column followed by elution and detection. Unretained compounds,
eluting in the void volume, elute at a time To.

Choice of the column. The first parameter to select for the column is the size of the particles
constituting the stationary phase. Ultra (high) Performance Liquid Chromatography (UPLC) uses sub
2-micron particles as opposed to High-Performance Liquid Chromatography (HPLC) which generally
uses 3-micron, or larger, particles. UHPLC provides greater separation efficiency, although at the cost
of much higher back pressures, and is in consequence preferred in metabolomics. Indeed, the use of

UHPLC results in sharper chromatographic peaks and thus a better separation of the metabolites
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thereby reducing ion suppression. The type of the stationary phase also matters. The main columns
that are used for reversed-phase liquid chromatography (RPLC) are based on C18-bonded silica or, as
mainly used in this work C18-bonded ethylene bridge hybrid (BEH) silica particles. The C18 phases
provide good retention for “medium” polar and non-polar analytes. Alternative phases such as those
based on the shorter C8 carbon have also been popular for the analysis of lipids, whilst the BEH phenyl,

which retains aromatic compounds, has also found application.

However, these columns do not provide good retention of polar compounds. Poorly retained
metabolites are likely to elute in the solvent front (to, Figure 2-6) where high levels of ion suppression
are often observed, which can complicate or prevent the integration, quantification or identification
of metabolites. The ideal retention is described by a retention time factor (k) between 2 and 10, which
can be calculated according the following equation:

tr - tO
to

k =

High strength silica (HSS) T3 columns are useful to retain more polar compounds and increase their
chromatographic resolution (Rs) as they use highly bonded trifunctional C18 alkyl phase. A well
resolved peak is usually defined by a resolution (Rs) superior to 1.5. It enables accurate
chromatographic peak integration and thus quantification, as well as aiding metabolite identification.
It can be calculated by the following equation:

_2(Tr2—-Trl)

5T Tw2 = Twl)

Choice of the mobile phases and the gradient. The mobile phases used for gradient RPLC are usually
based on water as the weak eluent (solvent A) and an organic solvent (solvent B- e.g. acetonitrile,
methanol, isopropanol) used to obtain elution. Gradient chromatography elution is achieved by
changing the proportion of A and B during the time of the analysis (in RPLC going from a low to high
percentage of B). Changing the proportion of A and B during the analysis changes the affinity of
analytes initially retained by the stationary phase, which will result in partitioning into the mobile
phase, exiting the column and entering the detector. A longer gradient with a lower slope can provide
a better separation of the analyte. However, if too long, a gradient can result in broad peak shapes

and reduces peak intensity. A compromise is often needed to obtain the required Rs with an
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acceptable sensitivity. Modifiers are often added in the mobile phase to influence its pH, the
solubilisation of some compounds and enhance ionization of the ion source of the mass spectrometer
(see next paragraph). The most commonly used modifiers are formic acid (FA) and acetic acid (AA),
usually added at a concentration of 0.1 % in each of the solvents constituting the mobile phase. Other
parameters to select for the gradient are the temperature of the column and the flow rate of the
mobile phase through the column. An increased temperature, by lowering viscosity and reducing back
pressure, allows higher flow rates and enable a better peak resolution (Plumb et al., 2006). However,
temperatures that are too high risk analytes being degraded (Fang et al., 2015). In consequence, a
compromise needs to be found to ensure good peak shape, symmetry and resolution, while not losing

any information.

1.2.2.Mass spectrometry
Once eluted from the chromatographic column, the analytes are introduced into the mass
spectrometer. The separation of the metabolites is here based on the mass-to-charge (m/z) ratio of
the analytes which can be ionized. The mass spectrometer is composed of three components. The first
is the ion source, which ionises the analytes coming from the column. The second is the analyser,
which separates the ions according to their mass-to-charge ratio. The third is the detector, which
detects and counts all the ions produced by the source and separated by the analyser. Those three

elements are contained in a single compartment maintained at high vacuum.

lon sources. Numerous ion sources are used in modern mass spectrometry. These include electrospray
ionization (ESI), desorption electrospray ionization (DESI), matrix assisted laser desorption ionization
(MALDI), chemical ionization (Cl), atmospheric pressure chemical ionization (ACPI) and rapid
evaporative ionization (REIMS). These are generally considered to be soft ionization techniques (in
contrary to hard ionization techniques, such as electron ionization (El)) as the energy used to achieve
ionization is not too high. This has the advantage that it avoids excessive fragmentation of the analytes
of interest and thereby enables the observation of both the parent metabolites and the fragments,
also called the fragment, or product, ions. The most used ionization method in LC-MS-based
metabolomics, and the one used here, is ESI (Want et al., 2005), which can be applied in both positive
or negative ionization modes. In global profiling, and to ensure a good coverage of the metabolites,
samples are usually analysed using both positive and negative ESI ionization, as some metabolites
ionize in only one mode, some in both and some simply do not ionize. Dual ionization mode can also
be applied although it can cause a loss in sensitivity due to the time that it takes to switch the polarity
back and forth in global profiling, but this can be less of a problem in targeted assays (see paragraph

1.3.).
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lonization in ESI occurs at the junction between the chromatography, where solvent and analytes are
liqguid and under atmospheric pressure, and the mass spectrometer, in which the solvent and analytes
are transformed into gas phase and under vacuum conditions. It starts by the liquid eluting out from
the column and reaching the ion source by exiting a capillary. At the surface of this capillary a high
voltage is applied which results in the formation of a highly charged solvent cone (called the Taylor
cone) which then forms charged droplets (Figure 2-7). Due to the presence of nitrogen, high
temperature, and an electric field created between the capillary tip and the extractor cone (also called
the ground plate or mass spectrometer inlet), the solvent evaporates from the charged droplets. This
creates an increase in charge density at the surface of the droplets and induces repulsion charges
inside them, causing dissociation into smaller droplets. This desorption then creates ions which enter
the mass inlet. As the m/z ratio is proportional to the molecular weight of the analytes mass
spectrometry in metabolomics is usually based on the study of a singly charged species, often the
molecular ion (dimers or trimers can also be seen although these are less common). However, due to
the presence of solvent or buffer ions (such as formate, acetate, ammonium, sodium or potassium
ions), or ions originating from the glassware used to prepare or store solvent, the features can often

be detected as adducts.
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Figure 2-7. Electrospray ionization (ESI) principle. The mixture of solvent and sample reaches the ion source
through the probe and the capillary, where a high voltage is applied to force the formation of droplets and their
dispersion into ions, attracted by an electrical field to the extractor cone. Source: Common ionization, Waters
Corporation website.
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Mass Analysers. The second part of the mass spectrometer allows the separation of the ions according
their m/z by applying an electrical or magnetic field in the mass analyser. According the type of
analysers used, the m/z will be separated according their trajectory stability (quadrupole analyser),
their resonance frequency (ion trap, Fourier transformation-ion cyclotron resonance - FT-ICR - or
Orbitrap) or their velocity (time of flight of TOF). The different mass analysers are defined by several
parameters that will describe how well the ions will be separated. These parameters are the mass

range, speed of acquisition, sensitivity, resolution, and accuracy.

e The mass range describes the scope of the m/z ratios that can be detected in a sample during
an acquisition (in metabolomics the usual range is from m/z 50 to 1200).

e The speed of acquisition is the time that a mass analyser takes to cover the mass range of
interest.

e The sensitivity is determined by taking three parameters, which are the efficiency of the
detector, the transmission and the duty cycle. The efficiency of the detector simply
represents how efficient the detector can be to detect all the ions present. The transmission
is the ratio between all the ions which reaches the detector and all the ions which entered
the mass analyser. In contrast, the duty cycle is measured by the ratio between one single
ion formed in the ion source and the proportion of the same specific ion being efficiently
detected. In consequence, if only one ion is monitored, the duty cycle will be 100 %. If several
ions are measured, the duty cycle will be decreased according to the time spent monitoring
each ion (called the dwell time).

e Accuracy is defined by how different the measured m/z compares to the theoretical m/z. The
accuracy is tightly linked to the resolution, as a mass spectrometer with a low resolution will
have a low mass accuracy. The mass accuracy can be expressed in part per million (ppm) and

calculated according the following equation:

m m
(7) measured ~ (7)theoretical
ppm = (m

x 10°

Z )theoretical

e Certainly, the most important parameter defining a mass analyser is its resolution, also called
its resolving power (R), which is the ability to separate two ions of similar m/z. It can be
calculated by measuring the mass of a peak divided by the mass difference to that of the m/z
of the similar ion. However, it can also be calculated on a single peak by replacing the mass

difference by the peak width at its half height (full width at half maximum or FWHM).
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The instruments with which the resolution and the accuracy are the lowest are instruments using a
qguadrupole or a triple-quadrupole (TQ) mass analysers and which are generally used to perform
targeted assay, i.e. to monitor known ions and their fragments (further explained in paragraph 1.3).
However, quadrupoles are still used in untargeted global profiling, as they can be combined with
another mass analyser, providing both resolution and sensitivity. This is notably the case for Q-Tof
instruments which combine a quadrupole with a time of flight analyser. Instruments providing high
resolution and mass accuracy include ion traps, Tof and Q-Tof’s. Tof and Q-Tof mass spectrometers
enable the acquisition of the maximum number of m/z measurements while measuring them with
high accuracy. Such measurements facilitate the identification based on the precise calculation of the
empirical chemical formula of metabolites and their fragments. These instruments also permit the use
of fast scan speeds with a good dynamic range. The advantage of the Q-Tof compared to the Tof is
that it offers the possibility of doing MS/MS (further discussed in the paragraph 1.5), which enables
the acquisition of fragmentation patterns for specific ions and makes the identification of metabolites
easier. Finally, ultra-high resolution can be achieved using orbitrap and FT-ICR mass analysers, which
currently provide the highest mass resolution and mass accuracy, although these instruments are
costly compared to QTofs and often more complicated to use, with slower duty cycles. The mass
analysers used here for global profiling were Q-Tof analysers and an example of the ion optics of the

Waters Xevo G2 Q-Tof is presented in Figure 2-8.
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Figure 2-8. lon optics of the Xevo G2 Q-Tof mass analyser used in the Chapter 6. Source: Waters Xevo G2 QTof
Operator’s Overview and Maintenance Guide.
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Q-Tof analysers are, as explained above, constructed using two analysers, a quadrupole and a Tof,
separated by a collision cell (Figure 2-8). The quadrupole is made of four hyperbolic rods and an
electric field is applied on each of the parallel rod pairs. According to the electric field applied, a m/z
filtration is made. Indeed, the trajectory of an ion will be influenced by the RF applied through the
electric field and if an ion hits one of the rods its charge will be neutralised, and the neutral molecule
formed will not be detected. However, if a specific RF is applied to maintain a stable trajectory for the
targeted ion, only this ion will be capable to reaching the detector. While this can be a useful tool in a
targeted assay, the aim of untargeted global profiling is to measure as many ions as possible. To
achieve this, the electrical current applied between the two-opposite cross-pairs of rods oscillates,
which will maintain the trajectory of ions over the mass range of the mass analyser. Once the ions are
separated according their trajectory in the quadrupole, the ions will pass into in the collision cell
(Figure 2-8) where collision-induced dissociation (CID) will occur due to the presence of a neutral gas,
such as helium, argon or nitrogen. The collision between the ions and the neutral gas atoms will
transform the kinetic energy of the ions into an internal energy which will cause the parent ion to
fragment into a number of smaller ions. Finally, these fragments, as well as the non-fragmented
parents, will reach the second analyser, the Tof (Figure 2-8). This analyser is placed at the exit of the
collision cell, where the ions interact with an ion pusher before to be accelerated by an electric field
towards a field-free flight tube. In this tube the ions are not separated by their energy differences
anymore but by differences in their velocity, which defines the time that the ions take to accelerate
and fly to the detector. Heavier ions will naturally reach the detector with a longer time of flight than
lighter ions. This separation, in combination with the quadrupole separation and the fragmentation of
the collision cell, allows the detector to measure ions and fragments with a very rapid duty cycle (5 to
30 times per second) with high resolution, which makes Q-Tof mass analysers valuable tools for
metabolomics. Moreover, a reflectron, made of two lenses oppositely charged and forming an
electrostatic reflective current (simply called an ion mirror) can be added in the middle of the Tof tube.
Once the reflectron is reached by the ions, they are sent in the opposite direction following a “V”
shape (Figure 2-8), or sometime even a “W” shape. The use of a reflectron compensates for induced
kinetic differences at the entrance of the Tof, which can cause peaks to broaden. In addition, this
approach has the advantage increasing the length of the Tof tube and, in consequence, increases the
separation of the ions, thereby improving their resolution. However, each improvement to increase
the resolution of an instrument often comes with the drawback of sensitivity loss and a compromised

need to be taken.
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Two different Q-Tof instruments have been used in the experiments reported here: a Xevo G2 (Figure
2-8) and a Synapt Q-Tof. The latter is a hybrid version of the first, which has three compartments
instead of a collision cell. Those compartments can be used as collision cells. However, the middle one
can also serve as an ion mobility drift cell and provide an additional dimension of separation. The
separation is due to the presence of a neutral gas at low pressure, usually helium, in the presence of
an electric field. The separation is essentially “gas phase electrophoresis” and ion move through the
neutral gas at a rate which depends upon their size, shape and charge. As well as providing a
separation the shape of the molecule, in terms of its “averaged collision-cross section (CCS) value” can
be measured providing another characteristic physicochemical property of a molecule that can be
used as further means of improving metabolite identification in metabolomics (Nye et al., 2019) and

lipidomics (Paglia et al., 2015).

lon detectors. The ions which successfully reach the mass detector are then acquired and can be
displayed in the form of mass chromatograms with a time scale, which corresponds to the elution
order. The default chromatogram is called total ion current (TIC), which is the sum of all the ions
coming at each time point, or scan, that the detector has performed (Figure 2-9.a). In other words, a
mass spectrum is orthogonally present behind each time point. As there are always some residuals
ions, such as the ones coming from the solvents, the baseline obtained is never at zero, which can
bring complexity to the mass spectrum and metabolite identification. Base peak ion (BPI) traces are
thus often preferred as these shows only the most intense ions at each point of the mass
chromatogram (Figure 2-9.a). Extracted ion chromatograms (EIC) can also be observed by selecting
only one m/z, allowing the retention time of a specific ion to be determined. For example, the ions

presenting an m/z of 455.18 in Figure 2-9.a is for instance eluting 1.30 and 3.69 minutes.
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Figure 2-9. Different chromatographic and MS traces. a) Rat urine chromatogram seen according the total ion
current (TIC) trace which shows all the ions eluting during the chromatographic gradient (green), and the base
peak ion (BPI) trace which shows only the most intense ions (red), the extracted ion chromatogram (EIC), which

shows only the elution time of the m/z 455.18 ions (brown), and the BPI chromatogram of the MSE acquisition.
b) Mass spectrum of the MS BPI at 3.61 minutes (red) and mass spectrum of the MSE BPI at 3.61 minutes,
illustrating decrease in intensity of the parent ion with an m/z of 455.18 and an increase in intensities of the

daughter ions. c) EIC traces of the m/z of the four putative fragment ions to see if their retention time was exactly

the same as that of the m/z 455.18/3.61 min ion, and therefore in likely from the same molecule. d) Mass

spectrum of the drug methotrexate reported in the Massbank of North America (MoNA) database, acquired

under MSE conditions, and showing the same fragmentation pattern (fragment m/z and intensities) as the

compound observed in b) and eluting at 3.61 minutes in a).
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1.2.3.Ensuring and monitoring performance monitoring
It is clear from the practical application of LC-MS to metabonomic analysis that several parameters
can induce variations during the analysis of large sample sets. On the UPLC side, the properties of the
column can change due to contamination-by components of the samples, which can cause retention
time drift. On the MS side, contamination of the ion source can influence ionization efficiency, and
contamination in the ion guide affects m/z signal variation. Regular maintenance of the instruments,
such as good practice to prepare the solvents or store the chromatographic columns or regular
cleaning of the ion source and ion guide etc., can help. However, different elements need to be
carefully prepared and monitored before and along the experiment to ensure stable measurements,
and minimize retention time drift or decreases in Rs for the UPLC, or unacceptable changes in

accuracy, sensitivity or resolution for the MS.

Prior to the experiment, the chromatographic column needs to be equilibrated, particularly if it is new.
In RPLC, it needs to be flushed with high percentage of B until the back pressure of the instrument
stabilizes. The proportion of solvent B can then be slowly reduced, step by step, allowing reaching a
stable back pressure to be obtained between each one, until the initial conditions of the gradient are
reached. Once the column is equilibrated, it needs to be conditioned in order to ensure stability of the
stationary phase over time. Indeed, during the time that a sample set is analysed the stationary phase
will change, probably by adsorbing some analytes that will potentially elute out from the column,
resulting in effects on retention. In practice it has been found that these effects can be minimised by
“conditioning” the column with multiple injections of a pooled biological sample, known in untargeted
assays as a QC. Sufficient conditioning has been performed when, after several QC injection, “perfect”
overlap of the mass chromatograms is observed (which commonly takes about twenty injections, but
this is arbitrary and depends on the matrix analysed, the age of the column and its previous use).
Gradients without injection as well as injection of blanks (usually corresponding to the proportion of
mobile phases A and B in the initial conditions of the gradient) are also important to analyse to assess
the “background” noise and the presence, if any, of contaminants in the solvents, in the system or in
the lab equipment which serves to prepare the samples (e.g. glass vials or plastic well plates). During
the sample set, analysis of QCs, usually prepared by mixing aliquots of the study samples, are injected
once every 5 or 10 samples (Dunn et al., 2015, 2011). This allow the stability of the chromatography
over time to be monitored and determine if any bias has been introduced into the experiment. It is
usually checked by overlapping them or by principal component analysis (PCA, see multivariate
statistics paragraphs 1.4.) where all the QCs analysed should cluster together, with no obvious run
order effects, in the the PCA score plot. A dilution series of the QCs can also be used to check that the

intensity of a possible feature of interest decreases while the dilution factor increases.
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In the case of the MS, prior the analysis the instrument detector needs to be tuned and adjusted if
needed. A calibration needs to be performed prior each analysis, usually with a solution of sodium
formate (HCO;Na, 0.5 mM) which provides clusters that can be detected up to m/z 1200 and which
allow to optimise the acquisition parameters to obtain the best resolution. To monitor the mass
accuracy and stability over the run, a lock mass solution is used, composed of leucine enkephalin
(Ca8H37Ns07, 200 pg/ulL in ACN:H,0 1:1), which has an a m/z of 556.2771 for its [M+H]* adduct in
positive electrospray ionization mode (ESI+) and a m/z of 554.2615 for its [M-H] adduct in negative
ESI (ESI-). It is continuously infused through an orthogonal sprayer into the ion source, constituted of
a baffle which rotates, alternatively stopping the sample or the lock mass spray and allowing it to
reach the mass analyser. Any m/z drift during the analysis will cause a difference between the
measured masses of the analytes compared to their theoretical masses, increasing the ppm error and
reducing the mass accuracy of the instrument. Monitoring the m/z of the lock mass with a scan every

60 seconds or so, allows changes to be detected and any m/z drift to be corrected in real time.

1.2.4.Data pre-processing in LC-MS
As for *H NMR spectroscopy, data pre-processing is a crucial step as data normalisation in LC-MS,
filtering, centring, scaling and transformation can significantly change the raw dataset, directly
affecting the multivariate statistics, as well as the potential biomarkers found. For metabolomics there
are open source software or commercial software from different instrument manufacturers that can
be used to pre-process UPLC-MS data. The use of open source tools is mainly dominated by two
softwares (Weber et al., 2017), XCMS first, available as a R-based package (Smith et al., 2006) or online
(Tautenhahn et al., 2012), and MZmine or MZmine2 (Pluskal et al., 2010). Both XCMS online and
MZmine are workflow packages which include the possibility of performing data treatment post pre-
processing. For Waters UPLC-MS instruments, commercially available software are Progenesis Ql or
Unifi. At the beginning of this project, Progenesis and XCMS were explored and compared. Progenesis
was found to be more user-friendly. However, several drawbacks need to be pointed out. To start
with, this is not a free-access software. The algorithms used behind the different steps such as the
peak alignment or the normalisation are not accessible. This makes it a particular problem to adjust
pre-processing parameters to the specific dataset, as it is well-established that in UPLC-MS large
variation can occur from one dataset to another depending for instance on the instrument used and
its resolution, but also the type of chromatography used or the kind of samples analysed. It has also a
problem regarding the output obtained from Progenesis, which reports a lot of features that are just
baseline in the raw data, so called “phantom peaks” (data not shown). For all these reasons, the R-

package based XCMS was preferred at Progenesis to (pre)-process all of the datasets reported herein.

Page | 58



The first step of the pre-processing is to convert the raw data files into a readable format for XCMS,
such as netCDF, mzXML or mzML format files. In the studies reported here mzML formatted files were
used with the conversion performed using MZConvert utility of Proteowizard 3.0 (Chambers et al.,
2012). Then the workflow is divided into two main parts: (1) the conversion of the data files into a
matrix, which is done through successively peak peaking, peak alignment and peak grouping, followed

by (2) data cleaning, which includes data normalisation, filtering and scaling.

Conversion of the data file into a matrix. The first step in converting a data file into a matrix is peak
detection. The algorithm that can be used to perform this step depends on the nature of the dataset.
The algorithm “centWave” is the most adapted for high resolution datasets generated in centroided
mode (Tautenhahn et al., 2008). Centroided data is the calculation of the intensity-weighted average
of the area under the curve of an m/z signal to represent it as a single straight line, in contrast to a
continuous acquisition of the mass spectrum generating a trace all along the mass range measured.
This allows a reduction of the size of the dataset generated, which is quite useful when large sample
sets are analysed. Several parameters can be adjusted, such as the ppm error (as explained in
paragraph 1.2.2.), the m/z error, the minimal and maximal chromatographic peak width, the retention
time error, the signal/noise ratio at which signals will be considered (an in consequence all the signals
below this S/N will be discard), the minimum number of scans needed to describe a good peak shape
(usually defined as 7), etc. As these parameters are likely to vary from one dataset to another,
according the chromatography, the mass spectrometer and the kind of samples analysed, it is
advisable to carefully determine these parameters prior to performing peak detection, usually by

examining the QCs acquired at the beginning, middle and the end of the analysis.
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The next step of the pre-processing is peak alignment. It is composed of retention time drift correction
(if any are observed) and peak grouping between the different samples of the dataset. Three main
methods exist for retention time drift correction. The first one is based on a linear smoothing, which
assumes that the observed drift is linear across the time course of the analysis. However, most of the
time this is not the case, with some chromatographic peaks eluting with exactly the same retention
time throughout the run, whilst others can vary. A local non-linear regression is then preferred,
through the use of the LOESS algorithm (Smith et al., 2006). This polynomial smoothing fixes the most
intense or consistent peaks found in all the samples first and then warps the peaks which are not that
consistent in between. However, if no peaks are found to be consistent from a sample to another,
warping the chromatograms of all the samples compared to a reference sample, carefully selected by
the analyst, is possible by using the OBI-Warp algorithm (Prince and Marcotte, 2006). A lot of
confusion is found in the literature for this step as it is sometimes assumed to be a normalisation
method (Srivastava, 2017; Veselkov et al., 2011). However, retention time drift is not always observed
if the chromatography can be kept stable along the analysis. In the studies reported here, the
retention time error was negligible and neither linear smoothing, LOESS nor OBIl-warp helped to
improve the data alignment. Peak grouping in contrast, was performed which allows the retention
time and the mass spectrum behind each retention time to be matched between all the samples. It
can be done using the “nearest” algorithm or the “density” algorithm. The density overlaps the peaks
by binning whilst the nearest method creates a peak list and matches close signals in the peak list from
each sample. The nearest method is in consequence longer but can avoid two sharp peaks in the same

bin being considered as one. The nearest method was applied in the untargeted studies reported here.

Finally, because of the S/N ratio which is defined during peak detection, features with smaller
intensities will present null values. However, the baseline itself never being at zero, null values are
experimentally not possible and could induce bias in the multivariate statistics. Peak filling is thus
performed to overcome this problem, which consists of going back to the raw data and replacing the

null values by the S/N values or the small intensities detected.

The output obtained from this part of the pre-processing is an extensive table, which is called a matrix.
The rows list the samples and the columns list the variables. Each variable is reported as a m/z and
retention time pair. The matrix also contains the average, the minimum and the maximum values of
the m/z and the retention time as well as in how many samples it has been detected. Each [m/z /

retention time] pair is called a feature, and the intensity of each feature in each sample is reported.

Page | 60



Data cleaning. As for *H NMR spectroscopy, dilution in urine samples or experimental errors, as well
as fluctuations due to the stability of the chromatography over the experiment or the MS signal
(temperature changes, ionization variation...) need to be corrected for by using normalisation.
Nevertheless, normalisation algorithms are not based on biological criteria and in consequence can
be seen as an extra manipulation of dataset introducing significant bias (Mertens, 2017). Careful
consideration of which normalisation and the need for using it must be undertaken. Normalisation is
usually made by the ratio of each variable of the dataset by a constant. This constant can be the
intensity of an internal standards spiked at a known concentration (not always practical due to the
risk of overlapping with analytes and thus inducing ion suppression), an external standard such as
creatinine concentration in urine (which requires a knowledge of the total volume of urine excreted
and which assumes that the urinary concentration of creatinine is the same in all the subjects), or the
median fold change of the variable in a sample compared to a reference. This technique has been
discussed above for *H NMR-based metabolomics, but it is also widely used in UPLC-MS metabolomics
as even if its efficacy in normalisation is similar to other techniques, it is less skewed by most intense

signals (Veselkov et al., 2011).

Filtering is also often performed. Usually, the coefficient of variation of a variable is calculated by the
ratio of its standard deviation (relative to a QC) over its mean. Then, only those variables which have
a CV % below an arbitrary value, usually 20 or 30% in metabolomics, are retained for future analysis.
Other kinds of filtering exist, such as the minimal fraction filter, which remove features that are
present in less than a fixed cut-off fraction of a sample group. This type of filtering was explored during
the experiments reported herein but, as its use was not found to improve the dataset and was judged

to remove too much useful information, CV filtration was preferred.
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1.3. Targeted UPLC-MS

1.3.1.Instrumentation

Although the resolution and the accuracy of triple quadrupole (TQ) mass analysers are inferior to those
of the Q-Tof instruments, TQ provide higher sensitivity and specificity for the targeted analysis of
specific compounds (e.g. single metabolites or xenobiotics), classes of compounds (e.g. bile acids or
amino acids) or even a specific metabolic pathways (e.g., tryptophan or tyrosine biosynthesis or
catabolism). Targeted analysis can also be used on samples that have already been analysed by
untargeted UPLC-MS and which have highlighted the presence of certain compounds as biomarkers.
The quantification of biomarkers or metabolites based on the use of standard calibration curves and
internal/external standards is then possible. The specific and sensitive detection of a targeted
metabolite(s) is made by the measurement of specific m/z transitions resulting from the
fragmentation of the parent compound to give characteristic fragment daughter ions. The degree of
fragmentation, and the number of fragments, depends on the collision energy applied to the parent

compound.

As was the case for untargeted profiling, different types of ionization, such as El, APCl and APPI can be
used, in positive and negative modes, and switching back and forth from positive to negative (multiple
times) is also possible during the same assay, allowing the detection of compounds with different
ionization requirements (see example below). The mode of acquisition is usually MS (single ion
monitoring or SIM) where fragment ions are not monitored, or MS/MS (which uses multiple reaction
monitoring or MRM). To determine the best transition(s) to monitor (and the best parameters by
which to measure them) in MRM-based assays, direct infusion of the standard is usually done while
50 % of mobile phase A and 50 % of mobile phase B is being infused to the mass spectrometer. In such

assays it is preferable to monitor several transitions per compound.

During the work performed for Chapter 5, a fit-for-purpose validated method was developed to
measure tyrosine and its catabolites. In order to explain the targeted approach used in UPLC-MS, the

fit-for purpose validation is described below.
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1.3.2.Fit-for-purpose validation of a targeted assay for tyrosine and selected catabolites

The influence of tyrosine on health and disease is extensive. Indeed, tyrosine, a non-essential (or semi-
essential) amino acid obtained from the diet and protein degradation, plays a key role in hormonal
pathways, vitamin C metabolism, stress management, and is a precursor of dopamine and other
neurotransmitters. It is also a precursor of the bacterial metabolite p-cresol, which has been growing
interest for its impact on host-microbiome reactions. Notably p-cresol is suspected of involvement in
several diseases such as autism spectrum disorder or obesity. However, p-cresol has also been
reported to influence drug metabolism and toxicity by depleting the sulfation capacity of the host.
Indeed, high concentrations of the bacterial metabolite p-cresol have the potential to saturate the
enzyme SULT1A1, which is responsible for the sulfation of a broad range of substrates including
xenobiotics but also endogenous compounds which might have a role in diseases involving hormone
and neurotransmitter metabolism, particularly important in early human development. However, the
bacterial impact on the transformation going from tyrosine to p-cresol and p-cresol-sulfate is still
unclear and a fit-for-purpose UHPLC-ESI-MS method has been developed to quantify tyrosine and
downstream metabolites such as p-cresol, tyramine, p-hydroxyphenylacetic acid (a p-cresol
precursor), and p-cresol glucuronide to better understand microbial metabolism from tyrosine to p-

cresol sulfate (Figure 2-10).
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Figure 2-10. Tyrosine to p-cresol pathway. The 12 analytes detected by UHPLC-MS in the targeted assay are
indicated (p-hydroxyphenylpyruvic acid is indicated in the pathway although it could not be successfully included
in the targeted compounds). The colour represents the literature which used to derive the metabolic pathway,

in either purple (Curtius et al., 1976), blue (Gryp et al., 2017), or black for the compounds common to both
studies.

Sample Analysis. Samples were analysed by targeting the compounds reported in Figure 2-10 (at the
exception of p-hydroxyphenylpyruvic acid which was not detected). The chromatographic separation
is reported in Figure 2-11. Chemicals used, sample preparation and UPLC-MS parameters are reported
in the supplementary information. Calibration curves were run before and after each set of samples
with QC samples run at regular intervals throughout the analysis. The assay described below was
designed to enable the rapid and reproducible quantification of tyrosine and 11 catabolites in urine
and plasma samples (applied to samples in Chapter 5). Derivatization with dansyl chloride was
required for the analysis of the phenolic tyrosine catabolites in order to obtain suitable MS-detection
properties using positive ESI, whilst the phenolic sulfate and glucuronide conjugates of p-cresol were
analysed using negative ESI. However, attempts to use dansylation were unsuccessful for the p-

hydroxyphenylpyruvic acid and, as a consequence, the analysis of this metabolite was not pursued.
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The resulting separation (Figure 2-11) showed good stability, providing reproducible retention times
for all analytes based on the t CVs of the various standards of < 0.81 % across the six replicate

injections of the high QCs over the course of the analysis.

17

T Time
5.40

Figure 2-11. UHPLC-MS chromatogram of the twelve standards and five deuterated internal standards. (1) p-
cresol sulfate-ds, (2) p-cresol sulfate, (3) p-cresol-glucuronide-ds, (4) p-cresol glucuronide, (5) tyrosine-ds, (6)
tyrosine, (7) tyramine-da, (8) tyramine, (9) p-hydroxyphenyllactic acid, (10) p-hydroxyphenylacetic acid, (11) p-
hydroxybenzoic acid, (12) p-hydroxypropionic acid, (13) p-coumaric acid, (14) phenol (15) p-cresol-ds, (16) p-
cresol, (17) p-ethyl phenol.

In the case of dansylated phenol, two well separated peaks were observed in the mass chromatogram
(Figure 2-11) however, the later eluting peak was also present in the blank and represented a
contaminant. With tyrosine, two chromatographic peaks were also observed in the analytes MRM
transition window (Figure 2-11), with the same phenomenon also seen for the SIL IS (tyrosine-d;). The
likely explanation for this is that tyrosine has two derivatizable groups (both the phenolic -OH and the
amino -NH;) and integrating and summing both chromatographic peaks of the calibration curve gave

linear responses that could be used for quantification.

For detection and confirmation, selective MRM transitions were developed for each metabolite and
SIL IS standard (Table 2-3). In the case of the dansylated analytes the loss of the dansyl moiety from
the molecular ion was used and, apart from p-hydroxybenzoic acid and p-hydroxypropoinic acid, co-
elution of these derivatized analytes was not observed. Whilst p-cresol sulfate and p-cresol
glucuronide eluted near each other early in the separation, quantification was possible based on

different molecular ions.
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Table 2-3. Chromatographic and Mass Spectrometric Details for the Determination of Tyrosine and Targeted

Catabolites in Mouse Urine and Plasma. q: quantitative; c: confirmatory.

Tr Daughter Cone Collision MS
Compounds . Parent m/z voltage .
(mins) m/z (v) energy (eV)  polarity

tyrosine 1 g* 2.97 415.07 156.13 50.0 48.0 +
tyrosine 1 c* 2.97 415.07 170.50 50.0 28.0 +
tyrosine 2 g* 2.39 415.07 170.50 50.0 28.0 +
tyrosine 2 c* 2.39 415.07 156.13 50.0 48.0 +
tyramine g* 3.07 371.00 156.26 2.0 36.0 +
tyramine c* 3.07 371.00 170.31 2.0 24.0 +
p-ethylphenol g* 5.20 356.00 156.27 32.0 36.0 +
p-ethylphenol c* 5.20 356.00 171.23 32.0 24.0 +
p-coumaric acid g* 4.21 398.10 156.26 64.0 40.0 +
p-coumaric acid c* 4.21 398.10 171.28 64.0 22.0 +
p-hydroxybenzoic acid g* 4.12 372.03 171.22 10.0 20.0 +
p-hydroxybenzoic acid c* 4.12 372.03 156.26 10.0 36.0 +
p-hydroxyphenyl acetic acid g* 3.95 386.10 156.26 62.0 36.0 +
p-hydroxyphenyl acetic acid c* 3.95 386.10 171.23 62.0 24.0 +
p-hydroxyphenyl lactic acid q* 3.73 416.07 171.21 8.0 26.0 +
p-hydroxyphenyl! lactic acid c* 3.73 416.07 156.24 8.0 40.0 +
p-cresol g* 4.88 342.07 156.26 50.0 32.0 +
p-cresol c* 4.88 342.07 171.23 50.0 22.0 +
phenol g* 4.58 328.03 171.23 10.0 20.0 +
phenol c* 4.58 328.03 156.26 10.0 30.0 +
p-cresol sulfate 1.70 186.71 107.20 2.0 16.0 -
p-cresol glucuronide 1.72 283.31 107.14 18.0 32.0 -
p-hydroxyphenyl propionic acid g* 4.13 400.70 156.26 10.0 40.0 +
p-hydroxyphenyl propionic acid c* 4.13 400.70 171.16 10.0 24.0 +
tyrosine d7 1 g* 2.96 422.13 156.13 50.0 48.0 +
tyrosine d7 1 c* 2.96 422.13 170.50 50.0 28.0 +
tyrosine d7 2 g* 2.38 422.13 170.50 50.0 28.0 +
tyrosine d7 2 c* 2.38 422.13 156.13 50.0 48.0 +
tyramine dsq* 3.06 375.00 156.26 2.0 36.0 +
tyramine das c* 3.06 375.00 170.31 2.0 24.0 +
p-cresol ds g* 4.87 347.07 171.23 50.0 22.0 +
p-cresol ds c* 4.87 347.07 156.26 50.0 32.0 +
p-cresol sulfate d7 g 1.68 193.71 114.20 2.0 16.0 -
p-cresol glucuronide d; 1.71 290.31 114.14 18.0 32.0 -

(* = Compounds detected following dansyl chloride derivatization).

The methodology devised for the analysis of tyrosine and its catabolites was, as far as possible,

consistent with a “fit for purpose” method, developed based on the guidance of the US Food and drug

administration (FDA) (Research, 2019; Tiwari and Tiwari, 2010).
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Analytical range. A linear fit was used for the calibration curves, without weighting or axis
transformation, and applied for peak integration over the range 0.1 to 1000 nM for all analytes (Table
2-S1). For tyrosine, tyramine, p-cresol, p-cresol sulfate and p-cresol glucuronide, where deuterated
stable isotope labelled (SIL) internal standards were available, peak area response ratios were

calculated and plotted against the nominal concentration.

Lower limit of quantification (LLOQ). The LLOQ’s for each of the analytes were set as the lowest
concentration of the calibration curve with an acceptable level of analyte carry over (from 10 to 250
nM depending upon the analyte (Table 2-S2), see below). The assays were established as being linear
up to 1000 nM (used as the ULOQ). Apart from p-ethylphenol with an R2 of 0.972 and p-cresol-
glucuronide with an R2 of 0.967, the R2 values obtained were all better than 0.980, (Table 2-S3). The
final concentration ranges used for each of the analytes, as well as the QC concentrations also used to

determine accuracy and precision are reported in Table 2-S2.

Accuracy and Precision. To monitor the intra-day accuracy and precision during the sample analysis,
the low, medium and high QC’s (Table 2-S2) were injected every 11 samples. A pragmatic assessment
of accuracy (how close the measured concentrations were to the nominal values) and precision (the
variability of the result) was made. The sample analysis was judged acceptable if the lower QC was
within 20 % and the middle and higher QCs were within 15 % of their nominal concentrations. For
acceptance of the analytical data obtained, 2/3 of the QCs (at least 50 % at each concentration) had

to meet these expectations.

By these criteria tyrosine and all the catabolites monitored in this assay gave acceptable results for all
the metabolites in urine, apart from the middle QC of p-cresol-glucuronide in urine (Table 2-4), and
for the metabolites present in plasma (Table 2-5). Therefore, particular care needs to be taken in

interpreting the concentration of p-cresol-glucuronide in the biological samples.
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Table 2-4.QCs monitoring in urine. g: quantitative; c: confirmatory.

Compounds QClow (n=2) QC mid (n=7) QC high (n=6)
Nominal Mean CV% Nominal Mean CV % Nominal Mean CV%
conc (nM) conc conc conc conc conc
(nM) (nM) (nM) (nM) (nM)
tyrosine 1q 375 3403  9.15 400 39372 1.80 800 80478  1.61
tyrosine 1 ¢ 375 3084  0.72 400 38627 212 800 81025  1.61
tyrosine 2 q 375 3288  2.67 400 387.17 222 800 80333  1.29
tyrosine 2 ¢ 375 3668  4.86 400 398.58  2.42 800 807.19  2.10
tyramine q 15.0 1934  17.44 400 386.07  2.19 800 79096  1.93
tyramine ¢ 15.0 2811  13.86 400 433.85  8.04 800 816.88  4.10
p-ethylphenol q 1500  127.41 025 400 23568 2.30 800 798.66  4.20
p-ethylphenol ¢ 150.0 126.56 0.01 400 237.66 1.92 800 800.39 4.09
p-coumaric acid g 75.0 8631  3.31 400 25426 196 800 819.10  3.48
p-coumaric acid ¢ 75.0 8658  1.79 400 25301 232 800 81510  3.45
p-hy d; ‘Zﬁenzo’c 1250 13915  0.23 400 363.86  2.29 800 821.10  3.47
p-hy d; "C)I(,Zbce”zo’c 1250 14117 143 400 363.94  2.32 800 817.49  3.68
p-hydroxypheny! 75.0 8178 116 400 337.15 191 800 810.38  3.81
acetic acid q
p-hydroxyphenyl 75.0 8052  0.81 400 33945  2.18 800 810.19  3.67
acetic acid ¢
p-hydroxypheny! 1250  147.82  2.59 400 34056  2.43 800 82167  3.28
lactic acid q
p-hydroxyphenyl 1250  147.68  2.30 400 340.92  2.52 800 82157  3.34
lactic acid ¢
p-cresol q 1500 14419 067 400 388.60  1.25 800 799.60  0.85
p-cresol ¢ 1500 14570 0.16 400 388.98  1.19 800 799.25  1.57
phenol g 2000 16931  2.61 400 24320 229 800 82170  3.66
phenol ¢ 2000 17081  0.20 400 24506 191 800 819.59  3.67
p-cresol sulfate q 150.0 150.76 3.36 400 356.14 9.54 800 718.28 11.13
p-cresol 2500 27354  1.66 400 400.84  16.66 800 76337  14.01
glucuronide
p-hydroxyphenyl 75.0 86.97  5.32 400 27119 6.17 800 77529  4.68
propionic acid g
p-hydroxypheny! 75.0 88.40  2.86 400 27354 559 800 79175  3.63
propionic acid ¢

Table 2-5. QCs monitoring in plasma. q: quantitative; c: confirmatory.

Compounds QClow (n = 3) QC mid (n=8) QC high (n=7)
Nominal Mean Nominal Mean Nominal Mean
cv
conc conc CV % conc conc CV % conc conc %
(nM) (nM) (nM) (nM) (nM) (nM)
tyrosine 1 q 37.5 33.26 4.49 400 381.69 8.53 800 809.84 1.30
tyrosine 1 ¢ 37.5 32.94 3.25 400 379.94 7.14 800 805.60 1.18
tyrosine 2 q 37.5 30.18 10.75 400 379.44 5.89 800 803.20 1.89
tyrosine 2 ¢ 37.5 31.46 2.50 400 376.87 8.45 800 803.77 1.13
p-hydroxybenzoic acid q 125.0 142.28 2.14 400 363.10 3.11 800 815.65 3.96
p-hydroxybenzoic acid ¢ 125.0 143.18 3.63 400 364.11 5.31 800 818.86 5.87
p-hy dm’g’ 522”)’ lactic 1250  150.42  0.68 400 337.38  2.48 800 815.55 3.08
p-hydroxyphenyl lactic
acid ¢ 125.0 150.05 2.90 400 339.64 3.50 800 814.79 4.35
p-cresol g 150.0 149.51 0.28 400 379.04 7.68 800 801.10 0.46
p-cresol ¢ 150.0 152.36 2.37 400 376.63 8.76 800 798.43 0.74
p-cresol sulfate q 150.0 147.25 8.13 400 356.87 14.97 800 739.44 9.29
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Carryover. Analyte/SIL carryover was assessed by injecting a double blank (pure diluent which had
been through the derivatization process where appropriate) immediately after the top concentration
of the calibration curve (1000 nM). Carry over for analytes was considered to be acceptable if the
amount detected in the double blanks was < 20% of the LLOQ for the standards and < 5% of an internal
standard blank (pure diluent containing only the internal standard mixture that had been through the
derivatization process). Both mid and high QCs passed these acceptance criteria. However, the initial
LLOQs assessment did not provide acceptable levels of carryover using the 30 % criterion, which is
known to be a recurrent issue with the autosampler used during the development and application of
this assay. The lowest concentration solutions of the calibration curves were therefore re-purposed
to answer this issue. All of the analytes showed then acceptable levels of carryover, with the signals
detected being below than 20 % of their respective LLOQ’s (Table 2-54) observed in a double blank
sample (containing no analytes, but with derivatization reagents present and taken through the
sample preparation process). Similarly, the carryover of the internal standards was acceptable at less

than 5 % (Table 2-5S4).

Stability. To evaluate short term analyte stability at 4 °C in the autosampler the results for the low and
high QC samples analysed at both the beginning (0 h) and end (28h) of sample analysis were
compared. In addition, the stability of both derivatized analytes and p-cresol sulfate and glucuronide,
were assessed following 16 days (390h) storage in the autosampler at 4°C. From the resulting data the
percentage bias and CV were calculated, and stability was considered to be acceptable if the bias was

less than 15 %.

Concentrations of the QCs are reported in Table 2-6. The CV % of the concentrations of the QC at 28h
and 390h compared to the initial concentration were calculated and reported in Table 2-7. Compounds
were judged stable if presenting a percentage bias below 15 %. Apart from p-cresol-glucuronide, all
analytes were stable following a period of 28h at 4°C. However, a longer period of 390h showed
significant loss of signal for six compounds (p-cresol-sulfate, phenol, p-hydroxyphenyl propionic acid,
p-coumaric acid and p-ethylphenol). Tyrosine, tyramine, p-hydroxyphenyl lactic acid, p-hydroxyphenyl

acetic acid, p-hydroxybenzoic acid and p-cresol demonstrated stability over the period of 390h at 4°C.
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Table 2-6. Concentration of the low and high QCs for each compound measured initially, and following periods

of 28h and 390h in the autosampler at 4°C.

Concentrations (nM) QC low QC high

Compounds Nominal Initial 28 390 Nominal Initial 28 hours 390
hours hours hours

tyrosine 1 37.5 31.2 31.8 335 800 785.7 815 814.6

tyrosine 2 37.5 34.9 32.7 31.9 800 801.5 814.6 794.8

tyramine 15 16.9 15 17.5 800 811.5 790.8 822.1

p-ethyl phenol 150 129.2 129.7 121.4 800 841.1 834.7 529.8

p-coumaric acid 75 94.1 94.4 79.9 800 873.3 859.6 685.3
p-hydroxybenzoic acid 125 145 145.9 123.1 800 857.8 850.5 702.3
p-hydroxyphenylacetic acid 75 86.5 88.3 76.8 800 843.1 841.4 700.6
p-hydroxyphenyllactic acid 125 154.1 155.2 132.6 800 855.2 854 711.6
p-cresol 150 148 147.7 145.3 800 788.4 819.6 799.2

phenol 200 180.2 173.4 146.3 800 873.4 848.8 568.2
p-cresol sulfate 150 126 133.8 192.7 800 700 752.2 909.4

p-cresol glucuronide 250 357.4 215.1 78.1 800 1172.6 1167.1 95.9
p-hydroxyphenylpropionic acid 75 86.7 95.5 75.1 800 813.1 907.5 653.1

Table 2-7. Percentage bias and CV of the low and high QCs for each compound following a period of 28h and

390h in the autosampler at 4°C compared to the initial concentration measured.

Compounds CV % compared to initial concentration
QC low QC high
28h 390h 28h 390h
tyrosine 1 1.3 5.0 2.6 2.6
tyrosine 2 4.6 6.4 1.1 0.6
tyramine 8.4 2.5 1.8 0.9
p-ethyl phenol 0.3 4.4 0.5 321
p-coumaric acid 0.2 11.5 11 17.1
p-hydroxybenzoic acid 0.4 11.6 0.6 14.1
p-hydroxyphenyl acetic 15 8.4 0.1 13.1
acid
p-hydroxyphenyl lactic acid 0.5 10.6 0.1 13.0
p-cresol 0.1 1.3 2.7 1.0
phenol 2.7 14.7 2.0 29.9
p-cresol sulfate 4.2 29.6 5.1 18.4
p-cresol glucuronide 35.2 90.7 0.3 120.0
p-hydroxyphenyl propionic 6.8 101 78 15.4

acid
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Recovery. In the absence of analyte-free matrix, analytical recovery was assessed for plasma using the
pooled QC sample, into which the SIL ISs were added before and after the protein precipitation step
(Table 2-S5). Both p-cresol-sulfate-d; and p-cresol-glucuronide-d; show essentially quantitative
recoveries (higher than 95%). For the second signal of the tyrosine-d;, the recovery was also quite high
with a percentage of 94.9% but the first signal shows a recovery percentage of only 88.4%, which have
an average recovery for the two tyrosine signals of 91.7%. Tyramine-d, and p-cresol-ds provided

recoveries of 84.0% and 75.2% respectively.

Analyte/Blank Interferences. Blank interferences with the analytes targeted in the assay were assessed
by integrating the area under the signal obtained for the analytes of interest in the double blank
(diluent not containing standards or internal standards, but which had been taken through the
derivatization process, if any). Signals found for the double blank that were < 15% of the signals

obtained in the LLOQ were not considered to be interferences.

In general, there were no interfering signals in the double blank compared to the LLOQ sample (Table
2-S6). All the compounds passed the acceptance criteria, with the exception of the first-eluting signal

of the two ones detected for tyrosine.
Data Processing. The data were acquired using MassLynx software (4.1, Waters Corporation) and

processed using the TargetLynx package. Statistical analyses were performed using the GraphPad

package in Prism Software -version 8.1.2 (California, U.S.A).
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1.4. Multivariate Statistics

1.4.1.Principle

The third component of metabolomics, after NMR spectroscopy and mass spectrometry-based
techniques, is chemometrics which involves the use of mathematical and statistical techniques,
including multivariate statistical analysis, to improve the understanding of the datasets generated by
the analysis. As explained above, the datasets obtained, from both *H NMR spectroscopy or UPLC-MS,
are in the form of a matrix containing N samples (or observations) in rows, and K variables (or features)
in columns. The number of variables obtained by doing metabolic profiling can reach thousands.
Performing univariate statistics, such as a student’s t test, relies on taking into consideration each
variable, one at a time. The correlation between the variables are ignored and likely to induce error in
biomarker discovery such as false positives. By projecting the samples into a multidimensional space,
their distribution between each other gives an insight regarding the similarities or differences that the
samples share in terms of their metabolic profile. Two main kinds of multivariate statistics exist, which
depends on whether the class the sample belongs to is taken into account during the analysis. If the
sample class is not taken into consideration in the algorithm, the resultant model is considered to be
unsupervised. The main method used to perform unsupervised analysis is principal component
analysis (PCA) (Pearson K., 1901). When the analyst specifies prior to the statistical calculations which
sample class (or other response variable) each sample belongs to, the model is supervised. The two
main supervised methods are partial least squares or projection to latent structures (PLS; Wold et al.,
2001) and orthogonal projection to latent structures (OPLS; Trygg and Wold, 2002). However, with the
increasing popularity of -omics sciences and thus the use of chemometrics, various derivative methods
have emerged, such as the covariate-adjusted projection to latent structures (CA-PLS; Posma et al.,

2018). Both unsupervised and supervised methods are discussed below.
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1.4.2.Unsupervised analysis

PCA works by identifying the largest sources of variance in the multidimensional dataset (Eriksson et
al.,, 2013). It projects the samples (or observations) into independent and orthogonal principal
components, depending on the contribution of the different variables (metabolites) in the samples.
The principal components (PC) are axes that follow the variation of the samples in space. The first
principal component represents the largest variance between the samples (PCi- Figure 2-12), the
second component, which is orthogonal to the first one, represents the second largest variance (PC;-

Figure 2-12), and so on.

The position of the samples along these principal components provides a score (t) for the sample for
each component. Scores represent the distance separating the sample from the PC origin. The
distance of a sample to the origin of PC; will result in the score (t1) and to the origin of PC; will result
in the score (t;) (Figure 2-12.a). The distribution of the scores on the different principal components
can be visualised through a scores plot, which can be seen in 2 or 3D, where each axis is a principal
component (Figure 2-12.a). The closer samples cluster in their scores, the more similar the metabolic

profiles of the samples are.

To explore what variables (metabolites) contribute to each PC, the loadings plots can be studied. The
loading (P) value describes the contribution of the variable to the PC. The loading value indicates the
direction of influence of the variable to the PC and the weight of the variable on this PC is calculated
by the cosine of the angle between the variable and PC (Figure 2-12.b). Thus, on a loadings plot (Figure
2-12.b), each point is a variable and the further a variable is from the centre of the plot the greater

influence this variable has on the PC (and movement of samples (scores) along this PC).
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a) PCA Scores plot b) PCA Loadings plot

var. 2

var, 1

Figure 2-12. Principle of principal component analysis. a) Schematic explanation of how principal component
(PC) are built to explain the largest variance possible between the samples, which are projected into the plane
space described by the PCs according the scores (t). This results in a PCA scores plot with the Hotelling’s T2 ellipse
(95 % confidence), where each point is a sample and where a clear separation can be observed between the

IH

“case” and the “control” samples (red and black respectively). b) Representation of the weights that two

variables have on PC1, which are calculated by the cosine of the angle between the PC and each of the variable.
An example of the resulting loadings plot, where each point is a variable and show that variable further away
from the centre are the variables which influence the most the separation between the two sample classes
observed in the PCA scores plot. Credit: Henrik Antti / Umea University.

The number of principal components in a model needs to be high enough to explain as much of the
variance (R?) as possible, but not too high to avoid overfitting the model, which will reduce the
predictability of the model, measured by Q? (Eriksson et al., 2013). The higher the R? and Q? values
the more robust and trustworthy the model is. PCA is useful for observing the general distribution

trends of the model and highlighting the presence of outliers, using the Hotelling’s T2 ellipse with a

default a of 0.05 (Hotelling, 1933).

Due to the extensive intensity variation of the features (dynamic range), two features of different
intensities will not exert the same influence on the multivariate statistical model. Mean-centering,
scaling and transforming can thus be used to regulate the influence of the features with different
intensities. Mean-centering subtracts the mean of each variable across the samples from the variable
of each sample. This allows variables to be centred around the mean so that samples with variables
higher than the mean will have a positive value and samples with variables lower than the mean will

have a negative value (Figure 2-13).
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Figure 2-13. Effect of mean-centring and logio-transforming on PCA scores plot. PCA score plots of - the
normalized and CV-filtered datasets, where QCs are not clustered and sample separation can be observed only
thanks to the colouring (black for controls and red for cases); - the mean-centred dataset, where QCs are
clustered but where separation is still unclear; - the mean-centred and logio-transformed dataset where the
influence of the variables across the all dynamic range have been removed and thus a clear separation can be
observed. The scores t[1] and t[2] represent the distance between a sample to the origin of PC1 and PC,,
respectively.
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Scaling, such as univariate or Pareto, can also be used. Univariate scaling divides all the features by
their standard deviation across all the samples. This gives the same weight to all the features.
However, in UPLC-MS, the dynamic range of a dataset is quite heterogeneous, which thus increase
the influence of baseline signal and decrease the influence of high intensity signals. The use of
univariate scaling was in consequence not assessed. Pareto scaling dividing each variable by the
square root of its standard deviation. This reduces the influence of features with large intensities but
does not amplify the importance of noise. Another scaling, or more precisely transforming, approach
is logio transforming the variables. As some variables are only seen at very low intensity, applying logio-
transformation to them can induce higher variability between them than in the non-transformed data.
The usual way to prevent this possible drawback is to add a constant to—all the logio transformed
values, usually 20 for aqueous extracts (Masson et al., 2011). Figure 2-13 shows how logioe-
transformation eliminate the influence of different m/z values across the broad dynamic range,

allowing a clear separation to be observed, in accordance with the biological classes.

The effect of both Pareto and logie-transformation were assessed during the studies reported herein
and an example generated on how to assess this effect on a UPLC-MS dataset is shown in Figure 2-14.
Ideally, the standard deviation of each mean intensity needs to be similar across all the dynamic range.
It was commonly found that logio transformation slightly reduced the standard deviation of the most
intense features compared to the standard deviation without scaling, but Pareto scaling actually
increases the standard deviation of the most intense features, which can be explained by the fact that
Pareto reduced the importance given to the baseline (Figure 2-14). Mean-centring was not surprisingly
the pre-processing step allowing to obtain the lowest standard deviation across the dynamic range.
These figures were generated for every study in this report and in all cases, mean-centred and logio

transformation were both performed before the multivariate statistical analysis.
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Figure 2-14. An example of the influence of the centring and scaling on the standard deviation of an UPLC-MS
dataset according to the intensity of the feature. The more the intensity increases the more the standard
deviation also increases. This observation is decreased by logio-transforming the dataset or regulated using
mean-centring. Pareto scaling did not decrease the standard deviation of high intensity features.

1.4.3.Supervised analysis

A clear separation within the PCA score plot between the different classes is not always easy to obtain,
particularly in complex study design or in large human phenotyping studies, where a large number of
factors can influence the metabolic profile of the samples and the intervention/class is not the largest
source of variance. PLS models can then be useful, as the class of each sample (e.g. case and control
samples), usually described in a Y matrix, is known before the model gets generated. It is thus naturally
seen as the regression derivatives of PCA models. If more than two classes are described in the Y
matrix, the model generated is a PLS-regression (PLS-R) and if only two classes are described in the Y
matrix, the model generated is a PLS-discriminant analysis (PLS-DA). PLS models minimise the variables
which do not vary between the classes and maximise the variables that differ between them (Figure
2-15). The model is in consequence optimised, which allows a better interpretation of the metabolic

variation between classes or associated with a response (Y) variable.
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As for PCA, a PLS model can be over-fitted and thus decrease the predictive power of the model (Q?).
To ensure that the model has a robust predictive power, cross-validation can be performed. It is
performed by dividing the samples into a training and a test set. The test set represent 1/7%" of the
dataset selected randomly. The model is then build as described above on the remaining 6/7t" of the
data (training set). The predictive power of the new model is tested by assigning the class identity of
20% of the excluded data (the test set) and assessing the error in prediction. This is repeated several
times and the global result allows Q?Y to be calculated. It identifies if the initial model can accurately
predict the class of the samples and if the metabolic difference between the classes is genuine. The
significance of the predictive power (Q?2Y) of the model obtained following cross-validation can then
be assessed by performing a permutation test. The permutation test randomly assign the samples to
classes, generating a new “junk” dataset on which a new model is built. This new model results in a
R?Y and a Q?Y. This iteration is done several times (usually 1,000 times to obtain a satisfactory level of
validation). The true model is found to be robust when its R?Y and the Q2Y are superior to all the ones
calculated by each permutation test and is found to be significant when is QY is significantly different

(p < 0.05) from the permutated Q?Y values (Figure 2-15).
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Figure 2-15. Supervised analysis, cross validation and permutation test. PLS-DA score plot where each point is
a sample and where the class affiliation (“case” and “control” samples which are in red and black respectively)
is taking into consideration to build the model. Permutation test using 100 iteration cycles and proving that the
R?Y (green) and the Q2Y (blue) of the model is superior to the R2Y and Q?Y of the iteration cycles. Cross-validated
PLS-DA shows the robustness of the PLS-DA, as results are similar to the not cross validated model. OPLS-DA
which summarize the PLS-DA components explaining the co-variance between the samples into one orthogonal
component.
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Finally, when a large number of variables exhibit a common behaviour between classes (i.e. metabolic
variation unrelated to Y), another algorithm is used to remove them from the model and generate a
model that is easier to interpret, as it focusses only on those variables that are different between the
classes. This model is described as an orthogonal signal correction of the PLS model (O-PLS, Figure 2-
15). The predictive power of this model remains exactly the same as the PLS model. The first
component is the predictive component, and the second the orthogonal one. Useful features come
with these models, such as the “S-plot”. An S-plot is similar to the loading plot in the sense that it

represents the variables contributing to the predictive component.

CA-PLS is an extension of the PLS method and has been used in the work reported in this thesis. This
technique adjusts for cofounders which can influence the model and cause bias in the distribution of
the samples. This is a valuable tool in metabonomic studies where a lot of parameters can interact
with the general metabolic profile of the host (Posma et al., 2018). In the case of animal studies for
instance, the covariates which were adjusted for were the age and sex of the animals, animal housing,
and biological or experimental replicates. A kernel density estimate (KDE) plot can be generated from
the CA-PLS model which shows the distribution of the scores from each class and if they overlap. The
most important parameters to look at are R?Y and Q?Y, like in the previously explained models, as well
as the robustness of the cross-validation (RCV), which is the ratio between the Q2Y and the R?Y. Closer
the RCV is to 1 the better it is. Logically, when a model as a poor RCV, this means that we can badly
predict the separation between each group, meaning there is no separation between the two different
groups. P-values were also used in addition of CA-PLS-DA in order to appreciate the significance of the

separation between the two classes studied (further explained in paragraph 1.6).

1.5. Univariate Statistics

The drawback of using univariate statistics in metabolomics has been extensively discussed
(Broadhurst and Kell, 2006; Saccenti et al., 2014), due to the fact that of correlation between the
variables are not taken into consideration and thus the increased risk of assignment error. However,
there are two cases where the use of univariate statistics in metabolomics is still seen as valuable
(Broadhurst and Kell, 2006). The first one is when multivariate statistics allows the presence of
metabolites which can potentially be biomarkers to be verified. Validating these findings using
univariate analysis and by comparing the relative quantification of the potential biomarkers between
two groups can provide more confidence in the finding, although the results between multivariate

and univariate statistics can differ. The second scenario in which univariate analysis can be used to
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advantage is when using targeted methods. Absolute quantification can easily be represented in box
plots or column graphs and the complementary used of univariate methods allow to determine the

significance of metabolite distribution between classes.

The type of univariate method to apply to the metabolite concentrations depends on their distribution
across the samples. A normal distribution will allow the use of simple tests such as the student t-test
or ANOVA. However, in metabolomics, variability in analytical measurement, especially in mass
spectrometry force the use of non-parametric test due to the acquisition of data not normally
distributed. Additionally, restricted sample group size in animal studies, as in this report, rarely allows
a normal distribution, which leads to the use of non-parametric tests, such as the Wilcoxon rank sum
test to perform a comparison between two classes and Kruskal-Wallis test to perform a comparison
between more than two classes. The Wilcoxon rank sum test often gives similar p-values, as it is based
on rank, exploring the different possibilities to gather the two classes of interest. A limited number of
possibilities thus exist, and p-values will not be continuous but correspond to a limited number of

values.

Output in multiple group comparisons are described as true positive, false positive or Type | error,
described as a metabolite wrongly assigned as significantly different between two classes, false
negative or Type Il error, which is described as metabolites incorrectly assigned as being non-
significant between two classes, and finally true negative. To take into consideration the high risk of
errors already discussed, as it is especially troubling when a false positive leads to the wrong
assignment of metabolite as a disease biomarker, the use of multiple testing comparison has been
introduced (Broadhurst and Kell, 2006). Two main kinds of approach exist, either by controlling the
family-wise error rate (FWER) or by controlling the false discovery rate (FDR). The FWER predicts the
chances of finding at least one false positive, while the FDR calculates the expect proportion of false
discovery. In other terms, FWER will adjust the p-value in order to ensure that at least 95 % of the
assignments are not false positives, and FDR will adjust the p-value to ensure that less than 5 % of the
assignments will be false positives (Truntzer and Ducoroy, 2017), which makes FWER more stringent.
The most commonly used FWER method is the Bonferroni correction and the most common one for

an FDR approach is Benjamini-Hochberg which was used in the calculations reported herein.
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1.6. Metabolite Identification

Once significant variables or features are highlighted by the multivariate statistics, identification can
be attempted in order to biologically interpret the metabolic variation induced into the two classes.
Metabolite identification is described as one of the major bottlenecks in metabolic profiling studies,
especially in MS-based techniques. Indeed, thanks to the robustness of *H NMR spectroscopic analysis
databases are more easily produced and more trustworthy than for LC-MS-based techniques. The
workflow to identify compounds within each of the analytical techniques is described below.
Nevertheless, as a general rule, feature signals are compared and matched with databases. If a
compound is found to be statistically different but cannot be identified, it is an unknown compound
annotated at a level 4 of confidence, the lowest according to the criteria used by the Metabolomics
Standards Initiative (Sumner et al., 2007). If the chemical class of the compound can be determined,
the annotation level is 3. If a compound can be determined by comparison to database, it is a level 2
of annotation. Emergence of sub-confidence groups in the level 2 annotation emerges, as annotation
to a specific metabolite can be done only on one orthogonal parameter (e.g. m/z values matching to
database) or two orthogonal parameters (e.g. m/z values and retention time) without spiking the
corresponding authentic standard. The sub-confidence group are used herein and reported at 2b and
2a respectively. Finally, if the compound matches with at least two orthogonal parameters (e.g. the
m/z and the retention time) compared to an authentic standard which has been spiked into a sample,
then the level of confidence is 1 and the term identification can be used (although care still needs to
be taken in the case of isomeric compounds e.g., 1 and 3 methyl histidine etc.) in contrast to the term
annotation for the level 2, 3 and 4 (Sumner et al., 2007). It is important always to report the level of
confidence at which a metabolite is annotated/identified, in order to facilitate comparison between

studies and avoid any misleading biological interpretation.

1.6.1.Metabolite identification based on a *H NMR spectrum

As already discussed, the robustness of 'H NMR spectroscopy, and transferability of
interlaboratory/database spectra allowed the chemical shifts of an extensive list of common biological
compounds from in-house or on-line databases (e.g. the human metabolome database (HMDB
Wishart et al., 2018), or Metlin (Smith et al., 2005) or reported in the literature) to be used for
identification purposes. Software where the NMR spectrum can be aligned and peaks fitted to a

compound reference spectrum, such as a the Chenomx NMR suite, are also available whilst they are
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commercial and often expensive. Usually, and particularly for well-studied matrix such as urine, a
major part of the metabolite can be assigned by database matching. However as overlapping between
compounds are often observed in *H NMR spectroscopy, poor resolution of the signals often precludes
metabolite annotation with absolute certainty. Statistical analysis such as statistical total correlation
spectroscopy (STOCSY; Cloarec et al., 2005), allows the correlated chemical shifts coming from the
same metabolite to be discovered through the use of a colour code thereby facilitating interpretation.
J-resolved spectra (J-Res) are routinely acquired and these give insight into the coupling constants (J)
of the signals, which allows the multiplicity of each signal to be more clearly assessed. Two-
dimensional NMR analysis, as explained in the NMR theoretical section above, can also be used to
help annotation. Only *H 1D NMR spectroscopy and J-Res datasets were used in the experiments

reported here.

1.6.2.Metabolite identification based on UPLC-MS data

Mass spectrometry-based metabolite identification is obtained by matching the parent and the
fragment’s m/z’s to known compounds gathered in in-house or in on-line databases, such as those
also used for NMR spectroscopy, or LC-MS specific ones, such as Lipidmaps or MoNA. CEU Mass
Mediator was used here as a tool to explore different databases simultaneously (Gil-de-la-Fuente et
al., 2019). The advantage of having the daughter ions m/z is that it allows the reconstitution of the
fragmentation pattern of the molecule (which depends on the collision energy applied). To obtain
fragmentation information, several modes of MS acquisition are available. Untargeted profiling on
Waters mass spectrometers is usually performed in MS or MSE acquisition mode. MSE has the
advantage of sequentially applying high and low collision energies to peaks entering the mass
spectrometer, which allows the collection of both parent fragment ions, (Figure 2-9.b). This is useful
for metabolite identification, although as several parents can be eluting at the same retention time,
attribution of the daughter-parent couples is often challenging. However, it is easily applicable to any
data and the only drawback is the increased size of the raw data generated. Data-dependant
acquisition (DDA) can also easily be applied to a pool samples during an analysis and enables the
selection (in the quadrupole) of only those ions with m/z with an intensity higher than a specified
value, which are then fragmented (in the collision cell). However, in consequence, a significant loss of
sensitivity is observed and that is why it is performed only on one pooled sample rather than the whole
set of samples. It also assumes than the features of interest are contained in the high intensity

features. However, even if this it is not the case DDA can always give useful fragmentation insight on
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the most abundant metabolites in a sample. Another mode of acquisition, also based on the isolation
of compounds in the quadrupole before fragmenting it, is tandem MS, also called MS/MS. This is
performed only once the samples have already been analysed by MS or MSt mode and that a list of
features of importance (e.g. significantly changed between two subject classes) has been identified by
multivariate statistical analyses. This list of features is then specified by the analyst while setting up
the MS method and it will provide confirmation (1) that the features are present and (2) show they
are fragmented, which will allow matching with databases at a level 2 of annotation, and with more

certainty than with MSE which can fragment several parents at the same time.

Several strategies were used to match features of interest for which DDA, MSE or MS/MS data were
obtained. Firstly, the use of an in-house database (NPC database supported by the MRC and NIHR)
built on the same RP UPLC-MS method applied to the experiment reported here, which allowed the
putative annotation of features based on both their m/z and their retention time. However, the
annotation made on a feature (m/z and retention time pair) list by an algorithm, particularly around
the dead volume, are often found to be either incorrect or there are several different annotations for
the same feature. It is crucial therefore that each annotation is verified by the analyst by exploring the
raw data and comparing it with experimental data generated on the standard. Statistical methods
such as correlation across the features is also a valuable tool as it highlights the presence of features
which belongs to the same metabolite. Indeed, as a single metabolite can produce several product
ions, such as dimers, adducts, isotopes or fragments, a list of important features that in fact all come
from the ions generated by the same metabolite can be reported by multivariate statistics as
significant. Matching each one of them through accurate mass searches of databases would be time-
consuming and could lead to false assignments. Taking into consideration the correlation between all
of these features will gather together all the ions derived from a single metabolite and simplify data
analysis. Although this is a useful tool, it can sometimes result in incorrect correlations, also miss-
correlations, being reported. As always, checking the raw data needs to be done to ensure the
reliability of the correlation, or even identifying new ones. To do so aligning extracted ion
chromatograms of m/z signals observed in a same mass spectrum and validate that they elute at
exactly the same retention time increases the chances that these ions are coming from the same
molecule (Figure 2-9.c). If no match was found based on the in-house database or through accurate
mass search on on-line databases, whilst a correlation is still shown between different features, in
silico searches based on predicting CID (collision-induced dissociation) and matching not only the
parent m/z but also the daughter’s m/z can be useful. However, this kind of tool rarely gives successful
hits and should also be considered as providing a lower confidence level of annotation. In the worst-

case scenario, i.e. when no hit has been found through databases or in silico search, exploring the
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neutral losses between different m/z might give insight in the fragmentation pattern and the
compound class, such as the loss of 176 Da between two co-eluting m/z would naturally be explained
by the loss of a glucuronic acid. Finally, once as many as metabolites possible have been assigned;
factors such as the relationship between their observed retention time and their polarity (log P) can
be explored, and most importantly the biological meaning of the metabolite annotation must also be

validated.

1.7. Comparison between *H NMR spectroscopy and UPLC-MS
'H NMR spectroscopy is a non-invasive technique, as the sample can be recovered and used in a
following experiment (providing that the sample preparation needed for NMR analysis such as D,0
addition, does not interfere with the following experiment). In contrast, ESI UPLC-MS analysis, due to
the nature of the technique, is destructive but, as only relatively small volume is required for the UPLC-
MS analysis (as low as few pL of an often very diluted sample) this does not necessarily cause
problems. NMR spectroscopy also present the advantage of being quantitative if correctly calibrated
to the reference signal prior the analysis (e.g. TSP signal), and methodology is both reproducible and
easily transferred between laboratories. However as previously discussed, the main drawback of NMR
spectroscopy is its relative lack of sensitivity, together with the potential for extensive signal overlap
in the 'H NMR spectrum of a biological samples and in consequence making the metabolite
identification more difficult. UPLC-MS has potentially greater sensitivity, but this is structure
dependent and viable even within classes, and the potential for signal overlap due to analyte co-
elution is also present. Also, multiple ionization modes (positive and negative) and chromatographic
systems (RP and HILIC) are needed to increase metabolite coverage. In addition, there is still room for
improvement in terms of reproducibility and reproducibility. Moreover, the complete coverage of the
metabolites contained in a biological sample is impossible to obtain by using only one analytical
method. This is due to multiple factors (sensitivity limitations, the loss of metabolites during sample
collection, handling, preparation and analysis (e.g. non-retention/non-elution)). In consequence, the
use of both NMR spectroscopy and MS-based techniques through an integrated platform seem to be
a reasonable option, to maximize metabolome coverage, facilitate metabolite identification and built

more robust models through the use of multiple dataset integrations.
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2. Amplicon sequencing

2.1. Principle

Amplicon sequencing, or 16S rRNA gene sequencing, aims to study microbial communities within a
biological sample. The 16S rRNA gene is conserved in all the prokaryotes and does not significantly
evolve, which makes it a useful phylogenetic marker. It is composed of nine variable regions and those
regions are separated by conserved regions (Figure 2-16). The analysis is based on DNA extraction and
guantification, amplification by polymerase chain reaction (PCR) and sequencing of targeted
hypervariable regions on the 16S rRNA gene. The conserved regions around the targeted variable
regions serve as primers for the sequencing. The targeted regions are often V1/V2 or V3/V4, which

have a restricted number of base pairs (bp) compared to the total base pairs of the gene (~1,500 bp).

Sample Barcode Primer Sequence
\ j Constant Region
\ sy 7/
Vi V2 V3 V4 V5 V6 V7 V8 V9
Targeted Region \ \ /
16S rRNA Gene Variable Regions

Figure 2-16. Representation of the 16S rRNA gene, composed of conserved region (blue) and variable regions
(pink). Source: 16S rRNA gene sequencing webpage from LC Sciences.

Different platforms exist to perform the sequencing but a common one, and the one used herein, is
Illumina’s MiSeq Platform. Once the sequences have been generated, bioinformatics is used to pre-
process and analyse the data. Pre-processing is usually based on the operational taxonomic units
(OTUs) clustering method based on similarity of the targeted hypervariable regions (Figure 2-17). Once
the OTUs are clustered, they are compared to databases such as ribosomal database project (RDP) or
Silva database. Due to the limited number of regions targeted and the fact that some bacteria have
variable regions which share a high degree of similarity between each other, the identification of
bacteria to species level is not possible. Identification to the genus level is usually made by using an
arbitrary value of 97 % of similarity between the variable regions targeted of the organisms present in

the samples and the ones found in databases.
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Figure 2-17. Amplicon sequencing workflow. It starts by DNA extraction, followed by the amplification of the
16S rRNA sequence and sequencing, prior OTUs clustering based on sequences similarity and identification by
matching to databases. Finally, the microbial community of the sample is investigated. Adapted from (Morgan
and Huttenhower, 2012).

Whilst it is commonly applied, consensus around a common pipeline has been difficult to achieve. The
use of another method based on amplicon sequence variants (ASVs) instead of OTUs is also being
discussed and seen by some as a more definitive, reproducible and comprehensive technique
(Callahan et al., 2017). ASV-based methods being quite recent at the time of the amplicon sequencing
experiment performed here, is in need of further evaluation by the microbiome-focused community,

the pre-processing was performed using the more traditional method based on OTU clustering.

Page | 86



2.2. Data pre-processing

The pre-processing can be performed using different bioinformatics pipelines, such as QIIME, UPARSE
or mothur for OTUs-clustering method or DADA2 for ASVs methods. The one used for the pre-
processing of the data from the amplicon sequencing experiment reported in Chapter 3 was mothur
(Liu et al., 2012). It consists of three main steps. The first is removing the errors that could have been
induced through the PCR or the sequencing. To do so, the two fastq files generated following the
sequencing, which correspond to the pair-end reads (one forward and one reverse), are paired up.

Any pairs with an ambiguous base-pair (i.e. reads which do not overlap) are then removed.

The next step is to process the improved sequences obtained in the previous step. It starts by removing
the duplicated sequence to save time during the alignment. The alignment is done to the reference
bacterial database SILVA. Trimming poorly aligned sequences, which is defined by sequence starting
before the 25%-tile or finishing after the 75%-tile of all the sequences, is then performed, but this can
re-introduce duplicates, which are once again removed. A first pseudo-clustering step is performed to
check for the presence of chimeras induced by PCR and these are removed. The sequences are then
organised according to their abundance, before being classified according to the RDP using the Wang
approach (Wang et al., 2007). Any sequences classified as not bacterial are removed. Finally, an output
file is created where the cluster of the OTUs is reported and their specific sequences are binned into
phylotypes to obtain OTU taxonomy. Further analysis of the OTU-clusters obtained can be performed

within the Mothur pipeline, but here it was exported as a non-normalised matrix into Phyloseq.

2.3. Data analysis

Phyloseq is an R-based package which offers a broad range of valuable tools. This was found to be
more flexible than other available packages (McMurdie and Holmes, 2013). As for metabolomics,
amplicon sequencing generates extensive matrices with N number of samples and K variables, which
here are OTUs. For each sample, the number of reads (also called the sequencing depth) will vary
extensively, which can induce bias in the abundance and diversity analysis. This is frequently discussed

in the literature and, in consequence brings discussion to the matter of normalisation.
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Several normalisation methods are available, but the two most common are proportion, also called
total sum scaling, which divides the number of counts per OTU by the total number of counts in the
sample, and rarefying. Rarefying is by far the most criticized (McMurdie and Holmes, 2014). Its
principle is based on cutting the sequencing depth of all the samples to the sample presenting the
smallest sequencing depth. However, this can be quite variable from one sample to another, which
can result in a large proportion of the data generated being discarded. However, rarefying is a
compulsory step before exploring the a diversity, which measures the diversity within samples before
comparing it to other samples. Indeed, if a sample presents a high sequencing depth, and in
consequence coverage, it is very likely that it will represent a more diverse bacterial community
compared to a sample with a lower sequence coverage. Several indices can be used to study the a
diversity, such as Chaol which focuses on the richness, which is a measure of the total number of
different species present in a sample, or Shannon and Simpson, which focus on the richness and the
evenness, which compares the proportion of each species in a sample. The different indices were

investigated in the experiment reported here and the results were similar between indices.

Comparing the degree of similarity between samples (B diversity), as well as exploring the taxonomic
profiles in a sample class are two important points to study following amplicon sequencing. But to
avoid ignoring a large part of the data, the use of other normalisation methods other than rarefying
was investigated. Different packages are available to explore sequence read counts, such as edgeT,
edgeR, metagenomeSeq, baySeq, DESeq2, ALDEx2, and they contain their own normalisation
methods. Comparison of these packages has already been performed (Weiss et al., 2017; Thorsen et
al., 2016) and although some variations were observed between them regarding false positive rate
and how they act in the presence of high sparsity, the normalisation effect was negligible compared
to the distance metric used to explore B diversity. Therefore, proportion normalisation was used
before exploring different distance metrics, such as unweighted UniFrac, weighted Unifrac, or Bray-
Curtis, and coordination methods, such as principal coordinate analysis (PCoA) and non-metric
multidimensional scaling (NMDS) (Figure 2-18). The outcome was similar for each possibility.
However, dissimilarity was chosen to be explored through the Bray-Curtis metric, although it does not
consider phylogeny compared to Eucledian Unifrac metrics, as it is not affected by null values. PCoA
and NMDS were preferred over PCA as it allows the use of similarity distance such as Bray-Curtis. No
major difference was seen between PCoA and NMDS ordination (Figure 2-18). Finally, p-values can be
calculated to appreciate the significance of the B diversity distribution by using statistical tests such as

permutational multivariate analysis of variance (PERMANOVA).
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Figure 2-18. Investigation of the influence of distance metric and ordination method on B diversity. The
distance metrics used were weighted-Unifrac, unweighted-Unifrac and Bray-Curtis and the ordination methods
were NMDS or PCoA. No real difference was observed between the repartition of the case group samples (red)
compared to the control samples group (black). The percentage displayed for each axis represents the
percentage of variation.
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Chapter 3. Investigating the two-way
interaction between methotrexate
and the gut microbiota in Sprague

Dawley rats

Aim:

> To explore the impact of methotrexate on the metabolic and microbial profile as well as the

impact of gut microbial metabolism on methotrexate detoxification and how the two actions

interact.

Objectives:

> Apply untargeted and targeted UPLC-MS approaches to explore the impact of methotrexate
on the global urinary and faecal metabolic profiles of rats and to quantify a microbial-derived

methotrexate metabolite and determine its excretion.

» Use amplicon sequencing to characterise the dose-dependent impact of methotrexate

treatment on the faecal microbial profile of rats.
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1. Introduction

Methotrexate (MTX, amethopterin, 4-amino-4-deoxy-N-10-methylpteroylglutamic acid) is a folate
analogue used to treat a range of different pathologies. At doses < 15 mg/kg MTX is used to treat
autoimmune diseases such as rheumatoid arthritis (RA) or psoriasis. Higher doses, usually between 15
and 1000 mg/kg (Nathan et al., 2006), are used in the treatment of neoplastic diseases, mainly for
acute lymphocytic leukaemia, lymphoma and osteosarcoma (Rattu et al., 2013). At low doses, MTX
demonstrates anti-inflammatory properties, but with prolonged use, or with high doses, it can induce
nephrotoxicity, life-threatening myelosuppression, gastrointestinal toxicity and hepatotoxicity
(Buchen et al., 2005). MTX is metabolized in the liver by aldehyde oxidase (AO) into 7-hydroxy-MTX
(7-OH-MTX) and both the parent compound and the metabolite are transported into cells by carrier
proteins (Genestier et al.,, 2000; Goldman and Matherly, 1985). These metabolites can undergo
polyglutamation and the products of this reaction inhibit dihydrofolate reductase (DHFR) and
influence folate metabolism (Allegra et al., 1985). This inhibition blocks tetrahydrofolate (THF)
production from folic acid, inhibiting purine and pyrimidine synthesis and downstream DNA synthesis

(Allegra et al., 1987).

The intestinal microbiota is increasingly recognised to participate in the processing of various
xenobiotics and influences host responses to various compounds (Carmody and Turnbaugh, 2014;
Clarke et al., 2019). However, this understanding remains limited. The gut microbiota can directly
participate in drug metabolism, as occurs with MTX. Following absorption and metabolism of MTX and
7-OH-MTX, these molecules are excreted into the bile and subsequently into the gastrointestinal tract
(Figure 3-1). Here, they undergo further processing by the gut microbiota (Zaharko et al., 1969,
Valerino et al., 1972). A bacterial enzyme, carboxypeptidase glutamate 2 (CPDG2; also referred to as
folylpolyglutamate carboxypeptidase [FGCP]), can cleave the terminal glutamate residues of MTX and
7-OH-MTX (Valerino et al., 1972; Schmiegelow, 2009) resulting in metabolites such as 2,4-diamino-N-
10-methylpteroic acid (DAMPA) and 7-hydroxy-DAMPA, respectively (Widemann et al., 2000). As
these metabolites do not have activity towards DHFR inhibition, glutamate hydrolysis by CPDG2 is
seen as a detoxication process (Donehower et al., 1979; Widemann et al., 1999). As such, CPDG2 is
approved as a rescue agent in cancer patients presenting delayed MTX clearance and acute
nephrotoxicity (Rattu et al., 2013). Several clinical studies have since reported positive results of the
use of CPDG2 as a rescue agent (Buchen et al., 2005; Widemann et al., 2012; Svahn et al., 2017),
although MTX and its relatively insoluble metabolites are still presume to precipitate in kidneys,
causing nephrotoxicity (Buchen et al., 2005), as well as causing severe gastrointestinal toxicity such as
vomiting, diarrhoea, oral mucositis and, in some cases, resulted in the death of patients (Buchen et

al., 2005; Shea et al., 2013).
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2000).

as reported inhuman (Widemann et al.,
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Therapeutic treatment can also impact the community structure of the gut microbiota modulating its
diversity and functionality. MTX has recently been reported to inhibit the growth of 30 % of 40
representative gut bacterial strains (Maier et al., 2018) and of 84 % of 43 bacterial isolates which had
a combined relative abundance covering 43 % of the human gut microbiota (Nayak et al., 2019).
Studies exploring the impact of MTX on the gut microbiota have previously focused on the anti-
inflammatory role of MTX in RA. At low doses (i.e. below 15 mg/kg), MTX in RA patients increased the
species richness and diversity of the microbiota and restored the perturbation of the microbiota
associated with RA (Zhang et al., 2015; Chen et al., 2016). In a recent study (Nayak et al., 2019), MTX
treatment (10 or 50 mg/kg) of humanized gnotobiotic mice decreased the relative abundance of
Bacteroidetes and increased that of the Firmicutes. Such alterations were further demonstrated as
potential interaction with off-target bacterial enzymes, such as DHFR in Escherichia coli or
Lactobacillus casei, as DHFR enzyme is conserved in all domains of life (Bolin et al., 1982). However,
higher doses of MTX (90 mg/kg) administrated to rats with conventional microbiota caused mucositis
and a reduction, by 705-fold, of bacterial diversity, compared to untreated control rats (Fijlstra et al.,
2014). Using a cell enumeration method (flow-FISH), the majority of the alterations were seen to have
occurred via a relative decrease in anaerobes belonging to the Firmicutes, accompanied by a relative
increase in Bacteroides. This was in contrast to the study performed in humanized gnotobiotic mice,
which showed a decrease in abundance of the phylum Bacteroidetes (Nayak et al., 2019). In a rat
model, abundance of Bacteroides increased by 49 %, whilst a decrease (by 58 %) was seen in bacteria
including Clostridium, Ruminococcus, Eubacterium and Bifidobacterium (Fijlstra et al., 2014). By
perturbing the gut microbiota, high doses of MTX may modify the abundance, or functionality, of
bacterial enzymes responsible for MTX hydrolysis, such as CPDG2, which could result in downstream
consequences for the inactivation/detoxification of MTX into DAMPA. Initial CPDG2 concentrations in
such a bidirectional interaction could perhaps explain differences in patient therapeutic responses to
MTX, and also toxicities. As such, a dose-dependent two-way interaction is proposed between MTX

and the gut microbiota.

To further explore the bidirectional interaction between MTX and the gut microbiota, the impact of
drug-free dose vehicle and three different doses of MTX (low [10 mg/kg], medium [40 mg/kg] and high
[100 mg/kg]) were compared in male Sprague Dawley rats. The faecal microbiota was characterised
using 16S rRNA gene amplicon sequencing, while the urinary and faecal metabolic phenotypes were
measured using a UPLC-MS-based metabolomic approach. In addition, the metabolism of MTX was

investigated using a semi-quantitative UPLC-MS assay.
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2. Materials and methods

2.1. Chemical and reagents.
For sample preparation and UPLC-MS, LC-MS Chromasolv acetonitrile (ACN) and methanol (MeOH)
were purchased from Honeywell (Seelze, Germany), Optima LC/MS Grade water with 0.1 % formic
acid (FA) and analytical reagent grade FA were from Fisher Scientific Ltd (Loughborough, UK). For
UPLC-MS mass accuracy and calibration, leucine enkephalin acetate salt (hydrate) and sodium
formate, as well as sodium azide for faecal sample preparation were obtained from Sigma-Aldrich
(Gillingham, U.K.). For chemical standards, MTX, DAMPA, 7-OH-MTX were obtained from Toronto

Chemicals (Toronto, Canada).

2.2. Study design.
As reported in detail elsewhere (Hardwick et al.,, 2014) the animal study was performed at the
University of Arizona and was approved by the Institutional Animal Care and Use Committee (IACUC)
and in accordance with the NIH guideline. Male Sprague Dawley rats (n = 22), 7-8 weeks old, weighing
between 200 and 250 g (Harlan Laboratories, Indianapolis, IN) were fed ad libitum with a control diet
(choline sufficient and amino acid-defined) (Dyets, Bethlehem, PA) and separated into four MTX dose-
related sub-groups (0, 10, 40 and 100 mg/kg, i.p., dissolved in 0.3 M sodium bicarbonate). The animals
were randomly placed 12 h prior to MTX administration into metabolism cages. Urine samples were
collected between -6 and 0 h (pre-dose, 0 h), 6 and 12 h (12 h), 18 and 24 h (24 h) and between 36
and 48 h (48 h); a total of 5 samples per time point were collected. Faecal samples were collected
between -12 h and -6 h and between -6 h and 0 h and combined for analysis (pre-dose, Oh), and
between 6-12 h (12 h) and 36-48 h (48 h) post dose. Due to dose-dependent diarrhoea in some treated
rats, it was not possible to collect all of the post dose faecal samples (see the results section for

details).
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2.3. Faecal DNA extraction for amplicon sequencing.
DNA extraction was carried out on faecal samples (240 mg [+/- 27 mg]) using the Qiagen QlAamp
PowerFaecal DNA kit (Mo Bio, Carlsbad, CA, USA) according to the manufacturer’s protocol, with the
exception that the homogenisation of the samples was achieved using a Bullet Blender Strom (speed
8, 3 min) (Chembio Ltd, St Albans, UK). The Qubit dsDNA BR assay kit (Life Technologies Ltd, Paisley,
UK) was used to quantify the extracted DNA. Dilution of each sample was performed to obtain a final
concentration of 5 ng/mL. Amplification of the V1 and V2 regions of the 16S rRNA gene were
performed using the primers 341F (forward) and 805R (reverse), as previously reported (Mullish et al.,
2018). Library pooling and quantification was carried out with NEBNext Library Quant Kit for Illumina
(New England Biolabs, Hitchin, UK) and the pooled libraries were denatured before sequencing, which
was performed on an lllumina MiSeq platform (lllumina Inc., Saffron Walden, UK) by using the MiSEq

Reagent Kit v3 (Illumina) and paired-end 300 bp chemistry.

2.4. Faecal water preparation for UPLC-MS analysis.
Faecal samples were defrosted and 50 mg (+/- 1.4 mg) were weighed for the first biological replicate
and 51 mg (+/- 1.3 mg) for the second. Samples were mixed with 1 mm diameter zirconium beads
(Stratech Scientific Ltd, Ely, UK) and 1.1 mL of H,O (3.3 mM NaNs) before being vortexed and
homogenised with a Precellys 24 bead beater (40 s per cycle, 6,500 Hz speed, 2 cycles). After 20 min
centrifugation (17,000 g) the supernatants were collected and 1.1 mL of H,0 (3.3 mM NaNs) was
added to the residue, followed by an additional step of bead beating and centrifugation to optimise
metabolite extraction. The two supernatants were combined and 250 uL of the combined faecal
extract were transferred to a 96-well plate. For quality control (QC) purposes, QC samples were
prepared by mixing 150 pL of each sample from the animals which had not received any MTX to
provide a pooled sample (Gika et al., 2007; Broadhurst et al., 2018) from which 250 pL was also placed
into the 96-well plate. The samples were concentrated under a nitrogen flow for 3 h. Then 120 pL of
MeOH:H,0 (1:1) was added to each sample and the plates were centrifuged (5 min, 700 g). For each
centrifuged sample 100 pL was diluted with 100 pL of acidified H,O (0.1 % FA) and transferred, in a

randomised order, into 96-well plates and placed into the LC-MS autosampler at 4 °C.
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2.5. Urine sample preparation for UPLC-MS.
Urine samples were prepared as described previously (Gray et al., 2016). Briefly, 20 uL of urine
samples were mixed with 60 uL of MeOH and stored at -20°C overnight for protein removal. Samples
were centrifuged (5 min, 15,000 g, 4°C) and 25 pl of supernatant was transferred into a 96-well plate
in a randomised order. For a QC sample a 30 uL aliquot each control sample was pooled. A volume of
225 ulL of water was added to each sample and the plates were centrifuged (5 min, 700 g) before

transfer to the autosampler at 4 °C.

2.6. UPLC-MS.
Analysis was performed as previously described (Lewis et al., 2016) on a Waters Acquity I-class UPLC
system (Waters Corp., Milford, MA) with separation on a HSS T3 1.8 uM column (2.1 mm i.d. x 150
mm). The temperature of the column was set at 45 °C with the autosampler temperature at 4 °C. The
volume of sample injected was 5 pL. The mobile phase used was water with 0.1 % FA (v/v) (solvent A)
and ACN with 0.1 % FA (v/v) (solvent B). The initial solvent composition was composed of 99 % of A
with a flow rate of 0.6 mL/min. For gradient chromatography, the proportion of solvent B was set to
increase from 1 % at 0.10 s to reach 55 % at 10 min. The percentage of solvent B was then increased
over 0.65 min to 100 % while the flow rate was increased to 0.8 mL/min. This solvent composition was
maintained for 1 min as a wash step followed by a re-equilibration step of 1 min with 99 % of solvent
A (total run time 12.65 min). Prior to the commencement of the sample analysis the column was
conditioned with 20 QCs at the beginning of the run (Gika et al., 2007; Broadhurst et al., 2018) and a
QC was injected every 11 samples throughout the analysis to monitor the repeatability of the analysis.
Mass spectrometry was performed using a Synapt G2-S mass spectrometer (Waters Corp., Wilmslow,
U.K) conducted with electrospray ionization in positive mode (ESI+). The capillary voltage was 1.5 kV
and the source temperature was set at 120 °C. The cone gas flow was 50 L/h and the gas used was
nitrogen. The desolvation gas temperature was 450 °C at a flow rate of was 900 L/h. The nebulizer gas
flow was 6 bars. The acquisition was carried out over the m/z range 50-1200. Centroid mode with MSE
acquisition was applied to the experiment with a collision energy ramp of 15 to 45 eV. Leucine
encephalin (MW = 556.27 Da, 200 pg/uL in ACN:H,0 1:1) was used to monitor mass accuracy with a
scan collected every 60 s and a cone voltage fixed at 30 V. The data were collected using MassLynx V
4.1 (Waters Corp., Manchester, U.K.). In order to perform semi-targeted analysis for MTX and its
metabolites, calibration curves for MTX, DAMPA and 7-OH-MTX were prepared by addition of the
analytes to the faecal water (0.05, 0.5, 2, 8, 10, 16, 20 ug/mL) and urine matrices (0.1, 2, 8, 10, 16, 20,

30 pg/mL). Run order and batch effects were assessed using the QC data.
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2.7. Data Analysis for the amplicon sequencing.
The sequence reads obtained from the faecal DNA extracts were analysed using the Mothur package
(v.1.39.5.- Liu et al., 2012) based on the MiSeq SOP pipeline (Kozich et al., 2013). The Silva bacterial
database (v.128) was used to process the sequence alignment, and the RDP (v.2014) was used to
classify sequences based on the Wang approach (Wang et al., 2007). The entire dataset (humber of
reads generated per samples reported in Table 3-S1) was exported from Mothur into R (3.4.0 through
RStudio v. 1.1.463) where the package phyloseq (v.1.26.1- McMurdie and Holmes, 2012) was used to
statistically explore the data. To assess B diversity and taxonomic profile, normalisation was based on
the proportion method, which scales each count in a sample by dividing by the counts sum in this
sample (McMurdie and Holmes, 2014). Rarefying to the minimal depth of reads observed in the
samples (N = 4406 reads) was performed to explore the a diversity. Illustration of the taxonomic
profile agglomerated at family level was generated for each of the MTX dose groups and by comparing
pre- and post-MTX treatment. B diversity was assessed using PCoA of Bray-Curtis dissimilarity matrix
and a diversity was assessed using the inverse Simpson index. Drug-related effects such as diarrhoea
allowed only a small quantity of faeces to be collected post-dose, often below the amount required
for DNA extraction for amplicon sequencing. As a consequence, a low number of samples were

available for some groups precluding statistical analysis.

2.8. Targeted UPLC-MS data analysis.
The quantification of MTX, DAMPA and 7-OH-MTX by UPLC-MS was achieved using a linear calibration
curve and a logio transformation of the axis, using TargetLynx V 4.2 (Waters). The R? for the calibration
curve of each of the standards was greater than 0.98 (Figure 3-S1). As the faecal samples were
prepared in duplicate, concentrations of each of the analytes were averaged. As the total volume of
urine samples collected was recorded, it was possible to calculate the total amount of MTX excreted
in the urine. However, the total weight of the faecal samples was not recorded and so the
guantification of MTX and its metabolites excreted in faeces are reported as the mass of the analytes

(ug) per 50 mg of faecal sample.
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2.9. Untargeted UPLC-MS data analysis.
Pre-processing of the untargeted UPLC-MS analysis data was done using the XCMS software, an R-
based package (Tautenhahn et al., 2008; Benton et al., 2010; Smith et al., 2006), after having imported
and converted the raw files into the .mZML format using the MSConvert utility of the Proteowizard
package 3.0 (Kessner et al., 2008). Peak picking was performed based on the “centWave” method
followed by peak grouping using the “nearest” method. The datasets were normalised according to
the median fold change method (Veselkov et al., 2011) and a filter was applied to remove any features
presenting a coefficient of variation (CV = SD / mean) higher than 20% of the QCs. The output file was
imported into SIMCA 14.1 (Umetrics, Umea, Sweden) and both urine and faecal water datasets were
mean-centred and logio-transformed with an offset of 20, typically used for aqueous extracts (Rocke
and Durbin, 2003). PCA models were built to identify outliers and observe general trends in the data.
The datasets were also imported into Matlab R2018a and covariate-adjusted projection to latent
structures regression (CA-PLS-R, Posma et al.,, 2018) models were constructed adjusting for the
animals, the cohort and the replicate cofounders. The goodness and the predictable power of each
PLS-R models was assessed using the R%Y and Q?Y values (respectively), with cut-offs set at 0.25 and
0.1, respectively. Features having a Q-value (p value corrected by a multiple testing based on the
Benjamini-Hochberg method (Benjamini andhochberg, 1995) with a false discovery rate of 5%) after
a Monte-Carlo Cross-Validation (MCCV, using 100 rounds and a partitioning of 3) below 0.05 were

selected for metabolite identification.

2.10. Metabolite identification.
Features selected as significant according the CA-PLS-R models were putatively annotated using
several different approaches. Initially, the m/z and the retention times were searched in the “in-
house” National Phenome Centre Database (NPC, see acknowledgments). In addition, features were
matched with online databases using CEU Mass Mediator (Gil de la Fuente et al., 2018), by comparing
the [M+H]*, [M+H-H,0]*, [M+Na]* or [M+K]* adducts, as well as the main fragments (up to four, Tables
S1 and S2). Data-dependent acquisition (DDA) and UPLC-MS/MS experiments (using a Xevo G2 Q-ToF
[Waters Ltd., Elstree, UK] and the same chromatographic conditions as the original profiling) were
performed on the features putatively annotated to support putative identifications. The capillary
voltage was 3 kV and the source temperature were set at 120 °C. The cone gas flow was 150 L/h and
the gas used was nitrogen. The desolvation gas temperature was 400 °C, the desolvation gas flow was
1000 L/h. Several injections were run with various collision energies, one at 10 eV, another at 30 eV
and finally a ramp collision energy starting from 10 eV and going to 40 eV. Leucine encephalin was

used for mass accuracy (200 pg/uL in ACN:H,0 1:1, with scan collection every 60 sec) . The -logio(g-
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value) multiplied by the sign of the Manhattan score of the CA-PLS-R models were used to build

aheatmap of the metabolites annotated in this way.

2.11. Correlogram.
To assess correlation between the faecal excretion of DAMPA, as well as the urinary and faecal
excretion of MTX and the microbial taxonomic profile, a correlation matrix was generated. Bacterial
family being present in more than one pre-dose faecal sample from three animals treated with 100
mg/kg MTX were selected and correlated with the quantity of MTX excreted in urine samples at 12 h
post-dose and with the quantity of MTX and DAMPA excreted in faecal samples at 48 h post-dose
(according to the peak excretion of these compounds in each matrix). The correlation method used
was Spearman, and the clustering method was based on single linkage clustering. The significance
level of the correlation was calculated and added to the correlogram using the corr.mtest function in

R.

3. Results

3.1. Quantification of MTX and its metabolites 7-OH-MTX and DAMPA
The concentrations of MTX and its two main metabolites, 7-OH-MTX and DAMPA, were measured in
urine and faeces using semi-quantitative targeted UPLC-MS (Figure 3-2). In urine, MTX was the only
analyte detected and, of the time points available for analysis (0-6, 6-12, 18-24 and 36-48 h), was
predominantly found in the 6-12 h samples. In the faeces, animals receiving 10 mg/kg of MTX excreted
the majority of the drug by 12 h post dose and those receiving 40 or 100 mg/kg doses excreted the
highest concentrations of the drug in the 36-48 h samples. DAMPA was detected in the faecal extracts
over both time-periods (6-12 and 36-48 h) for the animals treated with 10 mg/kg and mainly in the
36-48 h faecal collection for the animals treated with 40 or 100 mg/kg. The faecal concentration of 7-
OH-MTX was negligible and was only detected in 6-12 h post-dose samples from animals receiving 10
mg/kg of MTX and 36-48 h collections for the animals treated with 40 mg/kg. The faecal excretion of
7-OH-MTX was particularly low in the animals treated with 100 mg/kg of MTX. Similarly, the faecal
concentrations of DAMPA were lower in the animals treated with 100 mg/kg compared to the group

treated with 40 mg/kg for the 36-48 h post dose samples.
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Figure 3-2. Quantification of MTX, 7-OH-MTX and DAMPA using a semi-targeted UPLC-MS approach. a)
Excretion profile of MTX in urine, reported in total pug. The faecal excretion of b) MTX, c) 7-OH-MTX and d)
DAMPA, reported in ug/50 mg of faeces. N = 5 for each time point within each dose-related group in urine. For
the faecal samples of the untreated rats, N=6at0h, N=3at 12 h and N =5 at 48 h; for the rats treated with
10 mg/kg, N=10at0h, N=5at 12 h and N = 4 at 48 h; for the rats treated with 40 mg/kg, N=9at0h, N=3 at
12 h and N = 3 at 48 h; and for the rats treated with 100 mg/kg of MTX, N=12at0h, N=3at12hand N=3 at
48 h.

The trace levels at which 7-OH-MTX were measured over the experiment and particularly for those
animals treated with 100 mg/kg of MTX, where no metabolite could be detected, could be explained
by its possible degradation into 7-OH-DAMPA (Figure 3-2), although no evidence to support this was
found in the untargeted MS data. Nevertheless, other metabolites were tentatively annotated in
urine, such as 7-OH-MTX-sulfate, 7-OH-DAMPA-glucuronide, DAMPA-sulfate and MTX-glucuronide
(Figure 3-2), but because these compounds were found only in trace amounts in the initial MSE
experiment and because MS/MS experiments did not reveal the expected fragments, these

annotations were excluded.
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3.2. MTX modulated the urinary metabolic profile
Principal components analysis (PCA) models were built using the urinary metabolic profiles from each
MTX dose to identify sources of variation (Figure 3-3). A modest time-related effect was observed in

the control group, particularly at 48 h into the study.

Untreated 10 ma/kg
30 30
bl )
' [ ] [ -
¢ _° ®e °
Lo i o
< Y & °
] ® ® [ ]
[ X [ ]
®
L ]
3 3 !
0 3 0 9
40 mg/kg co 40 mgig 12 100 mg/kg Il CO 100 mg/kg On
CD 40 mg/fig 48 CD 100 mg/ig 48
[l <0 40 mgrug 24 ! I <0 100 maieg 24
Wco 40 marg o _ W <o 1o marg 12
L]
| [ ]
] | °
. . ) ® .
& ) = [ ]
L) [ ] | °
L) ® N
® ® | ‘.
] L ] | oo
1] a ‘-S) 5 5

Figure 3-3. PCA scores plots of the urine metabolic profile, plotted according the dose of MTX administrated.
One PCA scores plot per MTX-dose is displayed with different colours indicating the four time points 0, 12, 24
and 48 h (black, dark red, plum and tan, respectively). N =5 per time point per dose-related group. The scores
t[1] and t[2] represent the distance between a sample to the origin of PC1 and PC, respectively.

Supervised multivariate statistical analysis using covariate-adjusted projection to latent structures
regression (CA-PLS-R, Posma et al., 2018) analysis, was performed to illuminate the metabolic
response following each MTX dose (Figure 3-S2). The skyline significance representations (Figure 3-
4a) show that as the dose of MTX increased, the number of urinary features significantly varying with
time increased. As seen for the PCA of the untreated (control) animals (Figure 3-3), time-dependent
metabolic shifts in the urinary metabolic profiles of the untreated animals were observed by CA-PLS-
R with changes in the signal intensity of features over time (Figure 3-4a). The features related to time
and found to significantly change in the control group were subtracted from the animal groups treated

with MTX, to identify only the features significantly affected by MTX treatment.
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Figure 3-4. CA-PLS-DA models performed on the metabolic profile of the urine samples. a) Skyline significance
of the CA-PLS-Regression models, performed for each of the MTX dose groups (0, 10, 40 and 100 mg/kg),
representing the number of features having a g-value less than 0.05 and which significantly increased (red
colour) or decreased (blue colour) over time (0, 12, 24 and 48h). b) Heatmap of the metabolites putatively
annotated and significantly influenced by MTX treatment. Colour represents the -logio(g-value) multiplied by
the Manhattan sign of the CA-PLS-R models. Red represents an increase of the feature over time and blue
indicates a decrease overtime. N = 5 per time point per dose-related group.
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A large number of features were significantly altered following MTX treatment (1,651 for the urine
dataset and 644 for the faecal dataset). Features of interest were matched to an in-house database
(based on retention time and m/z) and to online databases (based on m/z) (Table S2). For a metabolite
annotation to be reported it had to meet the criteria of having two m/z values match with the values
from the database by MSE and be confirmed by MS/MS as well as biological plausibility. The putative
annotations are reported in Table S2 and Table S3, for urine and faecal samples respectively. A
heatmap based on the -logio(g-values) of these annotations was constructed from these data (Figure
3-4b). From the clustering analysis of the metabolites two main clusters emerge. One cluster included
the metabolites that increased over time following MTX treatment and the other clustered those that
decreased. Metabolites that decreased on dosing included ribothymidine, pimelylcarnitine, N-acetyl-
arginine and thymidine. Among the metabolites that increased, two clusters can be distinguished, one
includes metabolites that showed a modest increase across all MTX dosed animals (creatine, N6-
carbomoyl-threonyladenosine, N-methyl-4-aminobenzoate, 1-methyladenosine and xanthurenic
acid), and the other included metabolites whose excretion increased in a dose-dependent manner.
These metabolites included acetylcarnosine, which closely clustered with methionine sulfoximine, and

N-acetyl-L-glutamine, biopterin, arginine, 5-hydroxyindoleacetic acid, creatinine and acetylcholine.

3.3. MTX effects on the faecal metabolic profile

From the PCA models built on the faecal metabolic profiles (Figure 3-5), time-related variation was
also observed. This occurred in the untreated (0 mg/kg) profiles along the principal component one.
A large amount of variation was seen in the 12 h samples and the 48h samples from animals treated

with MTX. This effect was dose-dependent being more pronounced at the higher dose.
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Figure 3-5. PCA scores plots of the faecal metabolic profiles plotted according the dose of MTX administered.
One PCA scores plot per MTX-dose is displayed with different colours indicating the four time points 0, 12, 24
and 48 h (black, dark red, plum and tan, respectively). For the rats untreated, N =6 at Oh, N=3 at 12h and N =
5 at 48h; for the rats treated with 10 mg/kg, N = 10 at Oh, N =5 at 12h and N = 4 at 48h; for the rats treated with
40 mg/kg, N =9 at Oh, N = 3 at 12h and N = 3 at 48h; and for the rats treated with 100 mg/kg of MTX, N = 12 at
Oh, N =3 at 12h and N = 3 at 48h. When available, biological replicates were analysed. The scores t[1] and t[2]
represent the distance between a sample to the origin of PC1 and PC,, respectively.

CA-PLS-R models were also built to identify metabolic variation occurring over time following the MTX
dose (Figure 3-54). A number of metabolic features significantly changed (after correction for multiple

testing using the false discovery rate) over time for each of the MTX dose-related groups (Figure 3-6).
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Figure 3-6. CA-PLS-DA models performed on the metabolic profile of the faecal samples. a) Skyline significance
of the CA-PLS-Regression models, performed for each of the MTX dose groups (0, 10, 40 and 100 mg/kg),
representing the number of features having a g-value less than 0.05 and which significantly increased (red
colour) or decreased (blue colour) over time (0, 12, 24 and 48 h). b) Heatmap of the metabolites putatively
annotated and significantly influenced by MTX treatment. Colour represents the -logio(g-value) multiplied by
the Manhattan sign of the CA-PLS-R models. Red represents an increase of the feature over time and blue
indicates a decrease overtime. N = 6 at Oh, N = 3 at 12h and N = 5 at 48h; for the rats treated with 10 mg/kg, N
=10 at Oh, N =5 at 12h and N = 4 at 48h; for the rats treated with 40 mg/kg, N=9 atOh, N=3 at 12hand N=3
at 48h; and for the rats treated with 100 mg/kg of MTX, N = 12 at Oh, N = 3 at 12h and N = 3 at 48h. When
available, biological replicates were analysed.
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No major difference was observed between the skyline significance plots of the animals treated with
10 and 40 mg/kg of MTX. However, an increase in biochemical perturbations and their intensity is
observed in the skyline significance of the animal group treated with 100 mg/kg of MTX and the lower
dosed groups. Indeed, many features seem to show a stronger increase over time following
administration of 100 mg/kg of MTX compared to lower doses. The features significantly changing
over time in the untreated animal group were subtracted from those of the MTX dose groups to focus

the metabolite identification only on the features affected by MTX treatment.

In total, 26 compounds significantly altered by MTX treatment were putatively annotated (Table S3).
Of these, fourteen were dipeptides and one a tripeptide. Several of the other metabolites altered were
acids, namely nicotinic acid, 3-oxocholic acid, 4-ketoretinoic acid and N-acetyl-neuraminic acid (Figure
3-6b). From the cluster analysis of the altered metabolites two main clusters of compounds were
observed. One is composed of four compounds which decreased through time in each of the MTX
dose groups, and another group composed of the features which increased. Within the cluster of
compounds increasing, some increased only in rats treated with 100 mg/kg of MTX (especially
dipeptides containing leucine or isoleucine, as well as glycyl-phelylalanine, prolyl-asparagine and
prostaglandin B3) whilst others were significantly increased in animals receiving 40 mg/kg. In the case
of animals treated with 40 mg/kg of MTX, leucyl-glutamine, 4-ketoretinoic acid, N-acetyl-neuraminic
acid, octadecatriynoic acid and glutamate increased over time even more than in the case of the
animals treated with 100 mg/kg (especially leucyl-glutamine and 4-ketoretinoic acid). A similar
observation can be drawn in the cluster of compounds that decreased over time following treatment
with MTX, where four of the compounds, serinyl-proline, nicotinic acid, histidinyl-proline and 3-

oxocholic acid, decreased even more dramatically in the faecal samples from animals treated with 40

mg/kg.

3.4. MTX effect on the faecal microbial profile

Bray-Curtis PCoA was used to assess B-diversity (variation between samples) within the dataset (Figure
3-7a). The PCoA plots comparing the faecal samples of the 12 h post-dose time point with the pre-
dose time point indicate no or low dissimilarity levels between the two time points for each of the
MTX dose-related animal groups. Greater variance was seen 48 h post-dose compared to the pre-dose
time point across all groups however, this was also observed in the control group. This dissimilarity
was particularly marked for the faecal samples of the animals treated with 100 mg/kg. a diversity
(diversity within samples) was also assessed using the Inverse Simpson index. The averaged a diversity

is reported in Figure 3-7b. The a diversity of the untreated animals (0 mg/kg) was stable over time.

Page | 106



For the animals treated with 10 mg/kg, the a diversity of their faecal samples increased 12 h post MTX-
dose before decreasing by 48h post MTX-dose. The a diversity of the faecal samples of the animals
treated with 40 mg/kg MTX decreased at 12 h post dose and stabilised at 48 h post-dose, which was
not the case for the animals treated with 100 mg/kg of MTX, where a diversity progressively decreased

for 48h following MTX administration.
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Figure 3-7. Investigation of the B and a diversities of the faecal samples. a) B diversity represented using PCoA
of Bray-Curtis distance, displaying the similarity between the samples. For the untreated animals, N=4 at 0 h,
N=2at12 hand N =3 at 48 h; for the animals which received a dose of 10 mg/kg, N=8at0h, N=3 at 12 h and
N =3 at 48 h; for the animals which received a dose of 40 mg/kg, N=8at0h, N=2at12 hand N =4 at 48 h; for
the animals which received a dose of 100 mg/kg, N=9at0h, N=3 at12 hand N =2 at 48 h. b) A diversity values
representing the microbial richness of each of the faecal samples of the animals according the MTX dose groups
over time. The richness is assessed using the Inverse Simpson index. Low numbers of samples due to diarrhoea
and other limitations due to study design do not allow statistical tests between the a diversity of the different
groups to be performed.
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As both B and a diversity display a stronger shift at the 48h post MTX-dose (Figure 3-7), the taxonomic
profile of each of the MTX dose-related groups were aggregated and plotted for the pre- and 48h post-
dose periods only (Figure 3-8). The faecal microbiota of the animal group dosed with 100 mg/kg of
MTX provided the most notable microbial shift with a striking increase in the relative abundance of
Peptostreptococcaceae and Porphyromonadaceae and a decrease in the relative abundance of
Ruminococcaceae. This alteration appears to have been dose dependent as it was not seen in the
animals treated with 0 or 10 mg/kg of MTX but was visible in animals receiving 40 mg/kg of the drug.
A microbial shift was also observed over time for the vehicle-only treated group (0 mg/kg), with an
increase in the relative abundance of unclassified Firmicutes and a decrease in the relative abundance
of Erysipelotrichaceae. This change was also noted in animals that received 10 and 40 mg/kg of MTX,
but not those treated with 100 mg/kg of MTX, where the reverse occurred. Also, a decrease in the
relative abundance of Bacteroidaceae, unclassified Bacteroidales, Bacteroidetes and Mollicutes was
observed for the MTX-treated rats, particularly the 100 mg/kg-dosed animals, compared to the control

group (0 mg/kg).
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Figure 3-8. Taxonomic profiles of the faecal samples of the rodents representing the relative abundance of
the Family in each of the MTX dose-related group pre- and post- MTX treatment (0 and 48 h respectively). For
the untreated animals, N=4at0h, N=2at 12 hand N = 3 at 48 h; for the animals which received a dose of 10
mg/kg, N=8at0h, N=3at 12 hand N =3 at 48 h; for the animals which received a dose of 40 mg/kg, N = 8 at
Oh,N=2at12 hand N =4 at 48 h; for the animals which received a dose of 100 mg/kg, N=9at0h, N=3 at 12
hand N=2at48 h.
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Taxonomic profiles of the animals over time following MTX were also assessed at phyla level (Figure
3-9). A different trend was observed in response to the lowest and highest doses of MTX in changes
at the phylum level. At 10 mg/kg, a decrease in the relative abundance of Bacteroidetes and an
increase in the relative abundance of Firmicutes was observed, while at 40 mg/kg, the trend was
reversed with an increase in the relative abundance of Bacteroidetes and a decrease in the relative

abundance of Firmicutes, which was exaggerated in the animals treated with 100 mg/kg of MTX.
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Figure 3-9. Taxonomic profiles of the faecal samples of the rodents representing the relative abundance of
the phyla in each of the MTX dose-related group pre- and post- MTX treatment (0 and 48 h respectively). For
the untreated animals, N=4at0h, N=2at 12 h and N = 3 at 48 h; for the animals which received a dose of 10
mg/kg, N=8at0h, N=3at 12 hand N =3 at 48 h; for the animals which received a dose of 40 mg/kg, N = 8 at
0h, N=2at12 hand N =4 at 48 h; for the animals which received a dose of 100 mg/kg, N=9at0h, N=3 at 12
hand N=2at48h.

3.5. Correlation between DAMPA faecal excretion and intestinal microbial profile
Correlations analysis between the bacterial family present in the faecal samples of these high dose
animals prior to MTX treatment, with the quantity of MTX measured in urine at 12 h and in faeces at
36-48 h, as well as the quantity of DAMPA excreted in faeces samples between 36 and 48 h, were
undertaken (Figure 3-10). The excretion of DAMPA in faeces was positively correlated with the pre-
dose relative abundance of Prevotellaceae, Anaeroplasmataceae, Ruminococcaceae and
Lactobacillaceae, and a negative correlation with the pre-dose relative abundance of
Deferribacteraceae and Coriobacteriaceae. Other significant bacterial-metabolite linkages included a
negative correlation between Deferribacteraceae and the bacterial families Veillonellaceae,
Prevotellaceae, Pasteurellaceae, Acidaminococcaceae and Anaeroplasmataceae (five families showing
positive correlations with one another) and Ruminococcaceae (Figure 3-10). Similarly,
Coriobacteriaceae was negatively correlated to Prevotellaceae, Anaeroplasmataceae and

Ruminococcaceae (Figure 3-10).
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Figure 3-10. Correlogram integrating the genera present pre-MTX-dose in the faecal samples with MTX
concentration measured in urine at 12h and in faeces at 48h, as well as the quantity of DAMPA excreted in
faeces samples at 48 h. Only significant correlations are represented (p < 0.05). Represents the significant
correlations only (p < 0.05) showing positive correlations for DAMPA excreted in faeces with Prevotellaceae,
Anaeroplasmataceae, Ruminococcaceae and Lactobacillaceae and a negative correlation with
Deferribacteraceae and Coriobacteriaceae. N = 3 animals.

Correlation analyses between the bacterial families present in the fecal samples of these high dose
animals prior to MTX treatment, with the relative intensities of the putatively annotated metabolites
measured in urine and in feces at 36-48 h were also performed (Figure 3-11). The relative abundances
of Prevotellaceae and Anaeroplasmataceae, previously found to be positively correlated with the
excretion of DAMPA in feces at 48h (Figure 3-10), were found positively correlated with glutamate
excreted in feces and 5-hydroxyindole acetic acid in urine at 48h (Figure 3-11). Similarly, the relative
abundances of Defferibacteraceae and Coriobacteriaceae, previously found negatively correlated with
the excretion of DAMPA in feces at 48h (Figure 3-10), were found positively correlated with glutamate
excreted in feces and 5-hydroxyindole acetic acid in urine at 48h (Figure 3-11). The relative
abundances of Prevotellaceae and Anaeroplasmataceae were negatively correlated with the relative
abundances of Defferibacteraceae and Coriobacteriaceae in both analyses (Figures 3-10 and 3-11).
Finally, the relative abundances of Ruminococcaceae and Lactibacillaceae, previously found positively

correlated with the excretion of DAMPA in feces at 48h (Figure 3-10), were also positively correlated
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with N-methyl-4-aminobenzoate excreted in urine at 48h. In addition, Ruminococcaceae was also

positively correlated with methionine sulfoximine excreted in urine at 48h (Figure 3-11).
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Figure 3-11. Correlogram integrating the bacteria present pre-MTX-dose in the faecal sampls at family level
with putatively annotated compounds excreted in urine and faeces samples at 36-48 h. Represents the
significant correlations only (p < 0.05) showing positive correlations between the relative abundance of
Prevotellaceae, Anaeroplasmataceae and glutamate in faeces and 5-hydroindoleacetic acid in urine at 48h,
and negative correlation of the same metabolites with the relative abundance of Defferibacteraceae and
Coriobacteriaceae. N = 3 animals.
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Correlation analyses between the quantity of MTX measured in urine at 12 h and in feces at 36-48 h,
as well as the quantity of DAMPA excreted in feces samples between 36 and 48 h, with the relative
intensities of the putatively annotated endogenous metabolites present in the urine and fecal samples
of these high dose animals prior to MTX treatment, were also made (Figure 3-12). The excretion of
MTX in feces at 48h was found to negatively correlate with prolyl-asparagine in feces and 5-
hydroxyindoleacetic acid in the urine samples of the predose animals. At 48h, 5-hydroxyindoleacetic
acid was found to be positively correlated with the relative abundances of Prevotellaceae and
Anaeroplasmataceae pre-treatment and negatively correlated with the relative abundances of
Deferribacteraceae and Coriobacteriaceae pre-treatment (Figure 3-11), themselves showing the same
correlative patterns with the excretion of DAMPA in feces at 48h (Figure 3-10). The excretion of MTX
in urine at 12h was found to be positively correlated with the excretion of 4-ketoretinoic acid and

prolyl-asparagine in the feces samples of the predose animals (Figure 3-12).
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Figure 3-12. Correlogram integrating the putatively annotated endogenous compounds excreted in urine and
feces samples of the animals pre-MTX treatment with MTX concentration measured in urine at 6-12 h and in
feces at 36-48 h, as well as the quantity of DAMPA excreted in feces samples at 36-48 h. Represents the
significant correlations only (p < 0.05) showing negative correlations for 5-hydroxyindole acetic acid in urine
samples of the animals pre-MTX treatment with MTX excretion in feces at 48h. N = 3 animals.

Page | 112



4. Discussion

A combination of targeted and untargeted UPLC-MS based metabolic profiling approaches were used
to assess the biotransformation of MTX and determine its wider biochemical impact on the urinary
and faecal metabolome of rats. In parallel, the faecal microbial profiles were defined to characterise

the bidirectional interplay between MTX and the microbiota.

The untargeted UPLC-MS results highlighted a number of biochemical pathways affected by MTX,
particularly at the 100 mg/kg dose. For example, it is known that MTX impacts DNA synthesis by
inhibiting dihydrofolate reductase (DHFR) and by consequence the production of tetrahydrofolate,
which is required for purine and pyrimidine synthesis, as well as transmethylation of phospholipids
and proteins (Beh et al., 2017). MTX also inhibits thymidine synthesis in host tissues when the plasma
concentration of MTX exceeds 10 nM (Chabner and Young, 1973). This is in agreement with the
reduced excretion of the pyrimidine nucleosides, namely ribothymidine and thymidine, after MTX
administration. In contrast, 100 mg/kg MTX increased the excretion of purine nucleoside-related
compounds, such as N6-carbamoyl-threonyladenosine and 1-methyl-adenosine, which is likely to be
a consequence of the increase adenosine release previously reported as anti-inflammatory property
of MTX (Cronstein et al., 1993). Consistently, xanthine, a purine base produced following the

degradation of adenosine monophosphate to uric acid, increased in faeces following MTX exposure.

The urinary excretion of creatinine and its precursor creatine increased following MTX treatment
(Figure 3-4b). Interestingly, arginine, a precursor of creatine and a related metabolite N-
acetylglutamine, were also reduced in the urine following MTX intake. In contrast, urinary N-
acetylarginine was reduced, possibly due to an increased degradation to produce arginine, or reduced
consumption of arginine. When the metabolic profile of the biofluids from this study was studied by
'H NMR spectroscopy, creatine was also found to be increased in the urine samples (Kyriakides et al.,
2014). Other urinary metabolites to be changed using *H NMR spectroscopic analysis following MTX
treatment were methylamine, dimethylamine, TMAO, formiminoglutamic acid, alanine,
phenylacetylglycine, succinate, citrate, 3-indoxyl sulfate, hippurate and formate. MTX-induced
elevations in the urinary excretion of creatine could also reflect disruptions to energy metabolism, as
creatine is required for the production of phosphocreatine and thus ATP. The potential for MTX
treatment to impact on energy metabolism has been previously reported (Kyriakides et al., 2014) and
hypothesised to be related to reduced nutrient intake explained by MTX-induced gut epithelial loss
and inflammation, morphological damage and malabsorption, previously reported in rats (Naruhashi
et al., 2000; Hardwick et al., 2014). Naruhashi et al. (Naruhashi et al., 2000) previously reported a

disruption to intestinal peptide transporters such as the PEPT1 following MTX exposure, which may
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explain alterations in the faecal excretion of dipeptides following the 40 and 100 mg/kg MTX doses,
reflecting an impairment in protein digestion or absorption. Similarly, 5-hydroxyindoleacetic acid, a
gastroenteritis marker (llkhanizadeh et al., 2001), was increased in urine following MTX treatment
along with, in the faecal samples, 4-ketoretinoic acid, involved in the maintenance of the epithelial
tissue (Heise et al., 2006) and N-acetyl-neuraminic acid, found in the gut mucus membrane (among
others), which were also found to be increased following MTX treatment. Other metabolites related
to gut function were also perturbed by MTX intake. Faecal carnitine and urinary acetylcholine, both
implicated into bile acid secretion, were found to increase, while the bile acid 3-oxocholic acid was

found to decrease in faeces.

Faecal glutamate excretion increased over time following MTX treatment, which may have arisen from
the degradation of MTX into DAMPA by the bacterial enzyme CPDG2 releasing glutamate. The semi-
guantification of MTX, 7-OH-MTX and DAMPA in faecal water samples identified two distinct effects
occurring depending of the dose of MTX administered to the animals. At the lowest MTX dose (10
mg/kg) both the drug and its metabolite 7-OH-MTX were excreted in the faeces at 12 h while the
microbial metabolite DAMPA was excreted from 12 to 48 h. At the higher dose levels (40 or 100 mg/kg)
MTX and DAMPA excretion was delayed until 48 h. Surprisingly, DAMPA excretion following the 100
mg/kg MTX dose was lower than that measured during the same time period for the animals
administered with 40 mg/kg MTX. The MTX excretion profile was found to be in agreement with
previous report of the same study using an alternative MS platform ( Hardwick et al., 2014). Saturation
of CPDG2, the enzyme that cleaves glutamate from MTX to produce DAMPA may explain this
observation. Alternatively, a shift in the microbial community structure following the highest dose of
MTX may reduce CPDG2 activity. Indeed, the faecal microbial profile was modulated by MTX with
notable changes occurring 48 h post-dose being most pronounced at the 100 mg/kg dose.
Interestingly, at the phylum level, the microbial shift induced by 10 mg/kg MTX included a decrease in
Bacteroidetes and an increase in the Firmicutes. This was consistent with previous findings (Nayak et
al., 2019). Such changes were then reversed at the 100 mg/kg dose level. This could explained than
the antimicrobial effect of MTX, only recently reported (Nayak et al., 2019) and confirmed herein, is

specific to the dose of MTX administrated.
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The gene encoding for the bacterial enzyme CPDG2, extracted from the intestinal brush border of pigs
and humans, was already studied for its H475Y polymorphism (Devlin et al., 2000). For the folates, the
consequence of this particular type of polymorphism is a reduction of their absorption through the
intestinal epithelium. This could potentially be applied to MTX absorption by the same process, which
will increase MTX exposure in the intestinal tract and thus MTX’s intestinal toxicity (histological
changes, diarrhoea or weight loss). Alternatively, the impact of MTX on the community structure and
functionality of the intestinal microbiota may explain the intestinal toxicity associated with this
xenobiotic. However even if the gene encoding for CPDG2 has already been extracted from human
jejunal brush border (Devlin et al., 2000), the bacterial strains producing this enzyme is, as far as we

are aware, unknown.

Correlative studies show that DAMPA in faeces was positively associated with Prevotellaceae,
Anaeroplasmataceae, Ruminococcaceae and Lactobacillaceae and was negatively associated with the
relative abundance of Defferibacteraceae and Coriobacteriaceae (Figure 3-10). Interestingly,
Prevotellaceae and Anaeroplasmataceae as well as Defferibacteraceae and Coriobacteriaceae show
the same correlative pattern with the excretion of glutamate in faeces and the excretion of 5-
hydroxyindoleacetic acid in urine at 48h (Figure 3-11). This could mean that the bacterial enzyme
CPDG2 which cleaves MTX into DAMPA and glutamate might be produced by bacteria from the
families Prevotellacea and Anaeroplasmataceae. However, the latest metabolite, above explained to
be a gastroenteritis marker, was found to be negatively correlated with the excretion of MTX in feces
at 48h (Figure 3-12). The excretion of the metabolite 4-ketoretinoic acid, above explained to maintain
gut epithelial layer, was found to be positively correlated with the excretion of MTX in urine at 12h

(Figure 3-12).

Prevotellaceae and Anaeroplasmataceae were strongly correlated with Ruminococcaceae and
Lactobacillaceae, all of them positively correlating with DAMPA excretion in fecal samples, but also
with the relative abundances of Veillonellaceae, Pasteurellaceae and Acidaminococcaceae, which
might express a symbiotic effect between those bacterial families. Out of those seven bacterial
families, one is part of the phylum Bacteroidetes (Prevotellaceae), one is from the Tenericutes
(Anaeroplasmataceae), one is from the Proteobacteria (Pasteurellaceae) and the other four are from
the Firmicutes (Ruminococcaceae, Lactobacillaceae, Veillonellaceae and Acidaminococcaceae).
However, as shown in Figure 3-4, the relative abundance of the phylum Firmicutes decreased
following a dose of 100 mg/kg of MTX. This demonstrate that higher abundance of certain bacteria
mainly from the Firmicutes phylum pre-MTX treatment are positively associated with higher
concentrations of DAMPA in faecal samples. These bacteria could be producing the bacterial enzyme

CPDG?2, responsible for DAMPA production through MTX metabolism. Although further studies are

Page | 115



required to confirm this, understanding the bacterial strains that can produce CPDG2 and determining
the expression/activity of this enzyme in the gut microbiome of a patient prior to MTX administration

could enable a patient’s risk of MTX toxicity/reduced efficacy to be estimated prior to drug therapy.

5. Conclusions

The use of semi-quantitative targeted drug/metabolite profiling combined with metataxonomic
analysis further characterised the gut microbial involvement in the hydrolysis of MTX to DAMPA and
glutamate, two non-toxic metabolites. The complementary use of untargeted UPLC-MS-based
endogenous metabolic and metataxonomic profiling helped to illuminate the impact that, MTX can
also have on gut microbial diversity, with corresponding reciprocal effects on its metabolism.
Specifically, the excretion of DAMPA in the faeces at 48h was associated with several bacterial families
present in the pre-treatment faecal samples. These bacteria, which could produce CPDG2 to cleave
the glutamate residue of MTX or other folate analogues, were mainly from the phylum Firmicutes,
with their abundance reduced by high doses of MTX, leading to a decrease in clearance of MTX and
an increase in gastrointestinal toxicity. This could have relevance for chronically administered
xenobiotics that modify the functional capacity of the microbiome over time resulting in consequences
for drug metabolism and toxicity. Unfortunately, the origin of CPDG2 production by these bacteria by
exploring database was unclear and could not be confirmed. Further in vitro culture experiments
could prove that these bacteria can metabolise MTX. Application to personalised medicine, by
assessing the level of these bacteria in patients prior to prescribing them high doses of MTX, could
potentially avoid exposing cancer patients to delayed clearance of MTX and the resultant adverse drug
effects such as nephrotoxicity as well as a weakened immune system, thereby improving patient

outcomes.
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Chapter 4. Development of an in vitro
model to investigate direct drug-
microbiome interactions

Aim:

» Develop a rapid and cost-effective anaerobic temperature-controlled culture system that can
be inoculated with human faeces to assess the capacity for an individual’s microbiome to

metabolize a drug.

Objectives:

> Test the model using 96-well plate in which human faecal homogenates from five donors to
assess their capacity to metabolize sulfasalazine, paracetamol, methotrexate and

paracetamol-glucuronide over time.

» Use a targeted UPLC-MS based approach to measure drug concentrations and their

metabolites in the culture

» Optimise the methodology in term of drug solubility and bacterial faecal community.
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1. Introduction

As presented in the introduction chapter, the intestinal microbiota has been shown to impact the fate
of xenobiotics through both direct and indirect mechanisms (Carmody and Turnbaugh, 2014), which
can contribute to inter-individual variability in drug efficacy and toxicity. Gut microbes possess
enzymes that can directly act on drugs or their metabolites, which can generate active ingredients,
inactivate a drug, or produce metabolites that are toxic for the host. Understanding this metabolic
potential and how it varies across individuals will assist in advancing drug treatment strategies either
to harness or minimise this microbial contribution. In addition, this highlights the necessity for a
clinically useful tool that can be used to assess the potential for an individual’s microbiome to modify
a drug prior to treatment. This information may be relevant for predicting adverse drug reactions or

alterations in drug efficacy and can be used to inform therapeutic strategies.

Recently, striking progress has been made in the development of models to explore the impact of the
gut microbiota on drug metabolism (Park et al., 2017). Indeed, Zimmermann et al. created a
computational pharmacokinetic model that could distinguish whether a drug metabolite was of either
host or bacterial origin (Zimmermann et al., 2019b). This model takes into consideration absorption,
exposure and bioavailability of the drug as well as intestinal transit time and enzyme activity. It was
successfully applied to three drugs, namely brivudine, sorivudine and clonazepam. However, prior to
use, the model parameters require optimisation through conventional and germ-free mouse
experiments (Zimmermann et al., 2019b). The same research team published another study, reporting
an in vitro system (Zimmermann et al.,, 2019a) in which 76 bacterial isolates were anaerobically
incubated with 271 oral drugs during a 12 h time period. The results found that 176 drugs out of the
271 tested were degraded by at least one bacterial strain and this allowed phyla to be correctly
grouped according their drug-metabolizing capacity. This demonstrates that metabolic functions are
specific to phylogenetic classification. To obtain these results, the authors developed a technique for
exploring the DNA functionality enhancement of specific strains which reveals the bacterial genes
responsible for drug metabolism. These genes were clustered with drug metabolites measured by
untargeted LC-MS (Zimmermann et al.,, 2019a). However, the results were inconsistent with the
outcomes obtained when the drugs were incubated with human faecal cultures, proving that the
metabolic fate of a drug in contact with the microbiome requires consideration of the bacterial species
as a community rather than a single entity. Another recent in vitro tool has been used to explore the
microbiome-drug metabolism interaction, but this time in the other direction, i.e. through the
investigation of the impact of drugs on the gut microbiota. In this model drugs were incubated

anaerobically with a mixture of 40 human bacterial isolates, which cover 60% of the median relative
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abundance estimate of bacterial species from human faeces (Maier et al., 2018). However, it was
acknowledged that it was difficult to grow some bacterial species and, most importantly, that the
bacterial strains selected for the study were a restricted part of the gut microbiota (Maier et al., 2018).
Moreover, inter-individual variability in the microbiome cannot be explored with a bacteria

community pooled from several donors.

To study the biomolecular interactive mechanisms occurring between bacterial species and intestinal
epithelium, a broad range of in vitro tools already exist. For instance, in vitro 2D static culture models,
such as centrifuge tubes containing Caco2 cells, also called “Human oxygen-bacteria anaerobic” or
HoxBan system (Figure 4-1; Sadaghian Sadabad et al., 2015). Alternatively, the trans-well model, based
on a well-plate containing nanopores, thus allowing communication between the basolateral
membrane, located in the bottom of the well-plate, and the apical membrane located on top, is valued
for its simplicity and robustness (Figure 4-1; Park et al., 2017). However, in vitro 3D culture models
provide a better appreciation of the spatial structure of the tissues, the Host-Microbiome Interaction
(HMI™) model for instance, which contains bacterial species in a luminal compartment, and
enterocytes in a tissue compartment (Marzorati et al., 2014). The advantage of this tool is that it can
be connected to vessels which model intestinal organs (e.g. small intestine), and that fluid flow
through the membrane of the two compartments which mimics the blood circulation (Figure 4-1).
However, this model lacks intestinal and immune cells as well as epithelium. Organoids have also been
applied to host-microbiome interaction studies following injection of the bacterium Helicobacter
pylori into a stomach organoid (Figure 4-1; McCracken et al., 2014). As patient cells, or microbiome
cells from patients can easily be implanted into the organoids, this model shows potential for
personalised medicine investigations (Park et al., 2017). However, both in vitro 2D and 3D tissue
models, which are by convention static cultures, are limited in time. Indeed, due to the static nature
of these models, bacteria growth is difficult to control, which will rapidly induce bacterial overgrowth
and will reduce the viability of the models. Micro-physiological systems are one of the most advanced
systems to explore the gastrointestinal tract, such as the “Human-Microbiome Crosstalk” (HuMIX)
model, which consists of assemblies of micro-engineered chambers allowing the control of various
parameters seen in 2D or 3D models but most importantly controlled aerobic/anaerobic conditions
(Figure 4-1; Shah et al., 2016). An even more advanced tool, the “gut-on-a-chip”, offers the enormous
advantage of modelling peristalsis. This system has been successfully used in experiments with various
human cells and microbiome cultures, in the presence of probiotics and antibiotics which further
impacted the epithelium morphology of the gut (Figure 4-1; Kim et al., 2016). However, such models
are time-consuming, expensive, and their use cannot be envisaged in a high-throughput clinical

setting.

Page | 119



3D models

c) microbial biofilm

continuous flow to SHIME

semi-continuous flow

— mucus layer
semi-permeable layer

functional double-layer

continuous flow from SHIME
of bactenal suspensicn

semi-continuous. flow 4
of cell medium

0, diffusion

signal exchange

d)
Stomach organoid Control Helicobacter pylori infection
Suction ‘—L-’ H. pylori
) .
Glass J\ Micrainyection . ‘
Y Nuclei, COH1, H. pylon

Porous membrane
Intestinal epithelium

Figure 4-1. In vitro models allowing the investigation of biomolecular mechanisms between bacterial species
and intestines epithelium. The 2D models are represented by a) the Caco-2 cell cultures in a centrifuge tube
which allows the growth of a bacterial species b) the Trans-well culture model, where the use of Caco-2 cells
applied on the apical side of a nanoporous membrane allow the growth of an epithelium layer prior to explore
its short-term interactions with bacterial species added on the apical side of the model. The 3D models
represented are c) the HMI™ model which is composed of two compartments, a lower one containing intestinal
cells and an upper one which contains a microbial biofilm, separated by a semi-permeable mucus layer allowing
metabolic and microbial exchange and d) the 3D organoid model which consists in the injection of a bacterial
pathogen into an gastric organoid, allowing to observed on which side of the epithelium the colonization occurs
using immunofluorescence. Micro-physiological model examples are e) the HuMIX model which combine
microbial and intestinal epithelium Caco-2 cells separated by a mucus layer and cultured in anaerobic conditions
and f) the organ-on-a-chip microdevice which consists in a micro engineered device with culture medium flowing
through and possibility to induce peristatic movement allowing the formation of intestinal villi (represented by
schematic drawings) with or without the presence of bacterial cells (shown by fluorescence images). Figures
from (Park et al., 2017), except for Figure 4-1.c. which were from (Marzorati et al., 2014).
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In summary, no method is currently available that allows the rapid investigation of direct interactions
between the complex microbiota community and therapeutic drugs or to establish the potential for
an individual’s microbiota to degrade a specific drug. Given the large amount of inter-individual
variability in this capacity, a model would be highly valuable to inform drug treatment strategies. Most
of the existing in vitro models available to study the impact of the gut microbiota on health are not
optimised to study microbiota-drug interactions, or if so, require time-consuming—experiments,
complex laboratory setups, or are limited to study the interaction of a single bacterial strain with a
specific drug. Therefore, in this chapter a tool was developed to study the potential of an individual’s
faecal microbial community to metabolise a specific drug. By studying an individual’s microbial
community, inter-individual variation in the capacity of their microbiome to biotransform drugs can

be elucidated.

2. General Experimental Section

2.1. Chemicals
Acetaminophen (paracetamol, APAP), acetaminophen-(methyl-d;), methotrexate (MTX), p-
acetamidophenyl §-D-glucuronide, 1.0 M hydrochloric acid solutions (HCI) and dansyl chloride were
purchased from Sigma-Aldrich (Gillingham, UK). Anaerobic sachets, optima LC-MS grade 0.1% formic
acid (FA) in water, optima LC-MS Water and analytical reagent grade FA were purchased from Fisher
Scientific UK Ltd. (Loughborough, UK). Dimethyl sulfoxide (DMSO) was purchased from VWR
Chemicals (Lutterworth, UK). Acetonitrile (ACN), methanol (MeOH) and 2-isopropanol (IPA) were
obtained from Honeywell (Seezle, Germany). All chemicals were of analytical grade and solvents were

LC-MS grade quality. Ostro plates were purchased from Waters (Wilmslow, UK).

2.2. Ethical considerations
This in vitro study was approved by the University of Roehampton Research Ethics Committee (ethics
ref. LSC 18/236). All of the faecal donors had the experimental procedure explained and were given
the opportunity to ask questions. All donors provided verbal consent for the use of their faeces in the

study.
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2.3. Faecal homogenate preparation
Faecal samples were obtained from healthy human volunteers (body mass index (BMI) ~20) who had
no known metabolic or gastrointestinal diseases. Faecal samples were collected from donors the same
morning as the experiment was carried out and put on dry ice immediately. For each donor, faeces
were diluted 1:10 (w/v) in phosphate-buffer saline (PBS) and homogenised for 2 min (400 beats/min)

(0.1 g/mL) with 10 mm glass beads added before the solution was vortexed for 5 minutes.

2.4. Selection of the drugs and range of concentration to test
As the objective of the study was to develop an in vitro model allowing to monitor the degradation of
specific drugs according their interactions with the bacteria present in human faeces, different drugs
were selected to cover different types of interactions with the gut microbiota. Paracetamol (APAP),
was selected as a negative control, as it has not been previously reported to be degraded by bacteria
present in the human Gl tract, although it has been reported to be N-deacetylated to p-aminophenol
while being incubated with rat cecum content (Smith and Griffiths, 1974). The second xenobiotic
selected was sulfasalazine (SSZ). This served as a positive control as it is a pro-drug known to be
metabolized by bacterial azo-reductases to release the active ingredient 5-aminosalicylic acid and
sulfapyridine (Peppercorn and Goldman, 1972). As explained in the previous chapter, MTX is
hydrolysed by the bacterial enzyme CPDG2 to give the inactive metabolite DAMPA. The activity of
CPDG2 is assumed to vary in humans, which could explain inter-individual variation between patients
in clearing MTX and therefore, differences in MTX-induced toxicities. As such, MTX was selected to
validate this hypothesis by assessing variation in its bacterially mediated degradation across

individuals.

The concentrations studied during the different experiments were calculated as an approximate
concentration present in the gut, assuming that the bulk of the initial oral dose reaches the colon

(indicated in Table 1). An example calculation for MTX is provided below:

e.g. If MTX is administered at 100 mg/kg x 80 % not absorbed = 80 mg/kg.

Assuming a human weighing around 70 kg so 70 x 80 = 5,600 mg.

Considering that ~ 9 L of liquid passes through the Gl tract per day: 5,6 g/ 9 L = 0.6 mg/mL.
For the remaining drugs, for which the percentage absorption was not found, it was likely to be

overestimated and the value presented in the table represents a maximum.
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Table 4-1. Approximate concentrations of APAP, SSZ and MTX in the gut.

Drugs Molar Dose Absorption Bioavailability Time  Concin Gl Concin
mass tract Gl tract
(9/mol) (mg/mL)  (mM)
Methotrexate  454.44 LDMTX < 15 mg/kg 90% 60% 1to 0.6 14
(MTX) HDMTX >20 mg/kg 20% <60 % 2h

(up to 1,500 mg/kg
with a rescue
agent, here 100

mg/kg picked)
Paracetamol 151.163 1x4g/day + 70-90 % 15to 0.13 0.88
(APAP) 60
min
Sulfasalazine 398.39 Acute CD:3to 6 10% <15% 0.6 1.5
(SS2) g/day

3. Development of a rapid in vitro model

The objective of this experiment was to determine if drug degradation could be monitored when
incubating it with faeces from human donors in a miniaturised and rapid in vitro model using a 96 well-

plate format. The drugs tested for this first development attempt were APAP and SSZ.

3.1. Experimental part

3.1.1.Medium
The basal medium used for the preliminary study was composed of peptone water (2 g/L); yeast

extract (2 g/L), NaCl (0.1 g/L), K,HPO,.3H,0 (0.04 g/L), KH,PO4 (0.04 g/L), NaHCO; (2 g/L), MgS0,.7H,0
(0.01 g/L), CaCl,.6H,0 (0.01 g/L), Tween 80 (2 mL/L), haemin (50 mg/L), vitamin K1 (10 uL/l), L-cysteine
(0.5 g/l), bile salts (0.5 g/L), resazurin (1 mg/l) and distilled water. The medium were autoclaved

before to be used in the model.

3.1.2.Incubation experiment
To develop a rapid in vitro model a 96 well plate was used. The experimental layout of the plate is
presented in Figure 4-2. Solutions of APAP and SSZ, diluted in either warm H,O or NH,OH 2.94 M
respectively, were prepared at four different concentrations (0, 1, 10, 100 mM) to be further diluted
1in 10 to obtain a final concentration during the incubation of 0, 0.1, 1, or 10 mM, either in PBS (row
A), basal medium (row B), or in a mixture of basal medium and faecal homogenates from five healthy
donors (row C to G). Row H contained the drug at the middle concentration (1 mM), mixed with faecal
homogenate from all of the donors without any basal medium. Five plates were prepared for each

drug and terminated as specific time points (0, 1, 2, 6 and 24 h).
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Figure 4-2. Location of the samples across the 96-well plate used in the development of the in vitro model.

Once the plates were prepared (in a specific, descending order to control the starting time-points of
incubation (24, 6, 2, 1 and 0 h)), they were placed in anaerobic jars with anaerobic sachets and fixed
on shakers placed in cabinets at 37°C (Figure 4-3). Once the incubation of each plate was finished, it
was taken out of the anaerobic jar, centrifuged at 700 g at 4°C for 20 min, and put directly on ice. The

resulting supernatant was collected into a new plate. All plates were then placed in storage at -80°C.

f\C‘ Anaerobic
F'eﬂlhwnogenne incubation (24h) 7
é /—-.‘i sbasal '-i 10llvert. 55

medium

Targeted

UPLC-MS
Protein preclpntat;on
Phosphollpld removal
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Figure 4-3. In vitro model workflow. From preparation of the 96-well plates, to the incubation, supernatant
collection, preparation and dilution for targeted UPLC-MS.

= u;)emaiznts
collection and freezing
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3.1.3.UPLC-MS

APAP sample preparation for UPLC-MS analysis. Plates were defrosted and centrifuged at 700 g and
4°C for 10 minutes. A volume of 150 pL of the supernatant was added to Ostro plates placed on top
of a collection plate and mixed with 450 puL ACN. The plate duplex was centrifuged at 700 g and 4°C
for 2 minutes to filter and collect the filtrate into the collection plates (concentrations at that stage
were 0 M, 25 uM, 250 uM, 2,500 uM). The solution obtained from the collection plates were diluted
by mixing with water to give APAP concentrations of 500 nM in all the wells. All UPLC-MS plates were
stored at 4°C until UPLC-MS analysis (Figure 4-3).

SSZ sample preparation for UPLC-MS analysis. The same protocol than the one applied for APAP was
applied for the plates incubated with SSZ, at the exception that the final concentration used for UPLC-

MS analysis was 100 nM in order to meet the linear range of the drug.

UPLC-MS parameters. The analysis was performed using an Acquity I-class UPLC system interfaced
with a Xevo TQ-S (Waters Corp., Wilmslow, UK). The column used was an Acquity UPLC HSS T3 (2.1 x
50 mm, 1.8 um). Mobile phase A consisted of 0.1% FA in water and mobile phase B consisted of 0.1%
FA in ACN. The gradients used for each of the drugs are reported in Table 4-S1. H,O:ACN (5:95 v:v) was
used as a strong wash solvent (1000 pL) and H,O:ACN (95:5 v:v) as a weak wash (1000 uL). The
temperature of the column was maintained at 40 °C and 5 pL of sample were injected in full loop
injection mode. Positive electrospray ionization (ESI) was used to monitor the transitions reported in
Table 4-S2. The capillary voltage used was 2 kV, the source temperature was 150 °C and the
desolvation temperature 600°C, apart from the detection of ESC, which was performed using a
capillary voltage of 1 kV and a desolvation temperature of 500 °C. The cone gas flow was 150 L/h, the

collision gas flow 0.15 mL/min, the desolvation gas flow 1000 L/h and the nebuliser gas flow 7 Bar.

Data acquisition and treatment. The data were acquired using Masslynx (Waters, MA). TargetLynx
(Waters, MA) was used to process the data acquired from samples and quantify the compounds of
interest. Within-run QCs were used to assess the accuracy and precision of the run, which were judged
acceptable if the CV compared to the nominal concentration at each QC level was below 20 % for the
low QC and below 15 % for the mid and high QCs (data not shown). A calibration curve (CC) was run
before and after each plate (the concentration of the calibration curves used are reported in Table 4-
S3) and the calibration curves were integrated according a linear function and a weighting of 1/X

(where X is the concentration).
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3.2. Results
As shown in Figure 4-3, a first attempt to develop a rapid in vitro model was made. To do so, 96 well-
plates of 1 mL well volume were used. The basal medium chosen did not contained any glucose, in
order to deplete any source of carbon and force any reactions that could potentially happen between
the drug of interest and the faecal microbiota. The drug and the basal medium were both directly
incubated with the five faecal homogenates, in five different plates that were stopped at different
time following the beginning of the incubation (0, 1, 2, 6 or 24 h), providing five different kinetic time
points. Once the incubation had been terminated, the plates were centrifuged, and the supernatants
collected and prepared for UPLC-MS analysis. The drugs used for this first attempt toward a
miniaturised model were once again APAP as a negative control and SSZ as a positive control. The

concentrations tested were 0 mM, 0.1 mM, 1 mM and 10 mM.

3.2.1.Paracetamol (APAP)
The initial concentrations of APAP determined by UPLC-MS were different from those expected
(Figure 4-4). The initial dose of APAP provided in the basal medium was 100 uM however, the
concentration detected was 34.96 +/- 15.49 uM for the 0 h samples. This concentration did increase
directly from 1 h (63.85 +/- 29.67 uM ) falling to a maximum of 77.80 +/- 16.55 uM at 6 h. At the 1,000
UM dose level, 208.50 +/- 111.54 uM was detected in the 0 h samples, 201.30 +/- 125.84 uM in the 1
h samples and 178.99 +/- 70.94 uM in the 2 h samples before reaching the expected concentration
(1,064.84 +/- 138.49 uM) at the 6 h collection time point. Similarly, at 10,000 uM, the concentration
of APAP in the media was observed to slowly increase from a value of 1,477.71 +/- 824.05 uM at 0 h
to 7,515.56 +/- 1,558.12 uM at the 6 h collection time point. From 6 h, once the maximal
concentrations were reached, no major degradation was observed, except when APAP was incubated

at 100 uM with the faecal sample of donor 3 (blue line, Figure 4-4).
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Figure 4-4. APAP concentrations measured in the first attempt to develop an in vitro model. APAP was
incubated in 96 well-plates with faecal samples from five healthy human donors (D1 to D5) and basal medium
(BM), or in basal medium alone without any faecal sample as a control (orange line), or in PBS as another control
(grey line). Collection time points were 0 h (immediately after addition of the drug), 1, 2, 6 and 24 h.
Concentration spiked in the wells are indicated in the top of each graph (100, 1,000 and 10,000 uM). Each point
is the mean of the triplicates and the error bars are the standard deviations.

As indicated in Figure 4-2, row H of each plate was used for another type of control, where only faecal
samples and the drug were incubated together, without the basal medium. This control was made at
the middle concentration (1,000 uM) of the drug, and in duplicate for each of the faecal donors, on
each of the five plates incubated at different time points. Interestingly, concentration of the drug in
the different faecal samples (measured at 482.04 +/- 100.55, Figure 4-5) at 0 h was higher than when
the drug was incubated with both faecal sample and basal medium (208.50 +/- 111.54 uM, Figure 4-
4). This could suggest a solubility issue of the drug under these conditions for the first few hours of
incubation before an equilibrium was reached (around 6 h). No degradation of APAP was observed
between the 6 and the 24 h collection time points, although significant variability was observed,

particularly for donor 1 at the 6 h time point.
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Figure 4-5. APAP controls concentrations measured in the first attempt to develop an in vitro model. Control
samples from the miniaturized in vitro model where APAP was incubated with faecal samples alone from the
five healthy human donors (D1 to D5) without basal medium (BM). Collection time points were 0 h (immediately
after the addition of the drug), 1, 2, 6 and 24 h. Concentration spiked in the wells was 1,000 uM. Each point is
the mean of the triplicates and the error bars are the standard deviations.

3.2.2.Sulfasalazine
High amount of variability was observed for the first three collection time points (0, 1 and 2 h). As a
result, these data were not considered reliable. The concentration of the drug even exceeded the
amount initially spiked in the model, as it appeared that when 100 uM was incubated, the measured
concentration reached 122.72 +/- 42.03 uM in the 1 h samples, and when 1,000 uM was incubated,
the measured concentration reached 1,496.80 +/- 372.94 uM in the 6 h samples. For the highest
concentration (10,000 uM), the initial concentration observed was 5,808.60 +/- 2287.50 pM.
Nevertheless, the concentration of SSZ was observed to decrease over time, particularly between the
6 h and the 24 h collection time points. However, this may indicate a stability issue with the drug
rather that microbial metabolism as degradation occurred at a similar rate in the PBS control (except

at the lowest concentration 100 uM).
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Figure 4-6. SSZ concentrations measured in the first attempt to develop an in vitro model. Results obtained for
the miniaturized in vitro model where SSZ was incubated in 96 well-plates, with either one faecal sample from
the five healthy human donors (D1 to D5) and basal medium (BM), or just in glucose-free basal medium without
any faecal sample as a control (orange line), or in PBS as another control (grey line). Collection time points were
0 h (just after spiking in the drug), 1, 2, 6 and 24 h. Each point is the mean of the triplicates and the error bars
are the standard deviations.

No pattern difference was noted when SSZ was incubated in the faecal samples without any basal
medium (Figure 4-7), compared to the incubation of SSZ in faecal samples and basal medium (Figure

4-6). Although extensive variability was observed for the first three time points.
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Figure 4-7. SSZ control concentrations measured in the first attempt to develop an in vitro model. Controls
during the first attempt toward a miniaturized in vitro model where SSZ was incubated just with the faecal
sample from the five healthy human donors (D1 to D5) but without basal medium (BM). Collection time points
were 0 h (just after spiking in the drug), 1, 2, 6 and 24 h. Each point is the mean of the triplicates and the error
bars are the standard deviations.

3.3. Conclusions
In this study, significant variability in drug concentrations was observed. These results are best
explained by drug solubility issues, particularly during the early time points of the experiment, which
limits the interpretation of the resulting data. As such, further optimisation of the in vitro model was
required. One optimisation step could involve a pre-incubation step so the drug can reach equilibrium

before starting the incubation or finding an “ideal” solvent to ensure solubility, is required.

4. Optimization experiments

Optimization experiments were performed to address the problems encountered in the initial
experiments, notably on the solubility issues and the fact a 6 h incubation seem to be needed before

to reach an equilibrium. The optimization experiments consisted in:

e Test temperature (room temperature vs 37°C) and diluents (H,O, PBS, basal medium, gut
model medium (GMM)) influence on APAP concentration over time.
e Test glass and plastic containers effect on APAP concentration over time.

e Determinate the effect of anaerobic and aerobic pre-incubation on APAP concentration over

time.

e Explore APAP interactions with faecal fixed and non-fixed cells.
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4.1. Experimental section

4.1.1.Medium
In comparison to the basal medium previously used and described, a gut microbiota medium (GMM)
was also prepared as previously reported (Goodman et al., 2011) with peptone water (5 g/L), tryptone
(5 g/L), yeast extract (4.5 g/L), NaCl (4.5 g/5L), KCl (4.5 g/L), casein (3 g/L), pectin (2 g/L), xylan (2 g/L),
arabinogalactan (2 g/L), NaHCOs (1.5 g/L), MgS0O,4 (1.25 g/L), guar gum (1 g/L), inulin (1 g/L),
cysteine.HCI (0.8 g/L), KH,PO4 (0.5 g/L) and bile salts (0.4 g/L) which were dissolved in 4 L of H,O before
adding starch dissolved in H,0 (5 g/L), mucin (paste in H,0, 4 g/L), CaCl,.6H,0 (0.15 g/L), FeS04.7H,0
(5 mg/L), hemin in a few drops of 1M NaOH (0.05 g/L), tween 80 (1 mL/L) and vitamin K (10 pL/L). This

medium was autoclaved before use.

4.1.2.Incubation experiment
Sample preparation. A fresh stock solution of APAP was prepared in MeOH at a concentration of 500

mM. Once prepared, samples were stored at 4°C until analysis.

Optimisation experiment 1 — testing temperature and diluents. APAP stock solution (500 mM in MeOH)
was diluted in five different diluents: H,O, DMSO, PBS, basal medium and GMM to obtain a final
concentration of 50 mM. The five solutions were incubated at either room temperature (RT) or 37 °C
for 24 h. For each of the incubations (5 diluents x 2 temperatures = 10 APAP solutions), 12 uL were

sampled at three time-points (0, 6 and 24 h), diluted in H,O (500 uM) and stored at 4°C until analysis.

Optimisation experiment 2 — testing glass vs. plastic container. APAP stock solution (500 mM in MeOH)
was diluted in GMM (50 mM). This solution was transferred in triplicate to a 96-well plate, identical to
the one used for the in vitro model. In parallel, the solution was added in triplicate to glass vials. All
were incubated at 37 °C for 24 h. For each of the incubations (2 containers x triplicate = 6 APAP
solutions), 12 uL were sampled at three time-points (0, 6 and 24 h), diluted in H,O (500 uM) and stored

at 4°C until analysis.

Optimisation experiment 3 — testing anaerobic vs. aerobic pre-incubation of drug. APAP stock solution
(500 mM in MeOH) was diluted in GMM (50 mM). This solution was transferred into nine glass vials.
Three of the glass vials were incubated aerobically and 12 uL were collected at three time-points (0, 6
and 24 h), diluted in 1,188 pL of H,O (final concentration = 500 uM) and stored at 4°C until analysis.
Due to the need to establish and maintain anaerobic conditions, it was not possible to sequentially

sample the anaerobic incubations, so the six other glass vials were placed into an anaerobic jar with
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an anaerobic sachet. Three were incubated for 6 h and three for 24 h. The anaerobic sachet placed
into the jar was changed when the three vials of the 6 h were taking out of the incubation. From each
vial, 12 pL were collected, and diluted as described above in H,0 (to 500 uM) and stored at 4 °C until

analysis.

Optimisation experiment 4 — testing drug interactions with fixed/non-fixed cells. APAP stock solution
(500 mM in MeOH) was diluted in GMM (100 mM). The solution was separated into two batches of 5
mL to perform a pre-incubation step of 24 h under two different conditions, one conducted
anaerobically and the other aerobically, both at 37°C for 24 h. Faecal homogenates (10 wt. %) were
prepared in phosphate-buffered saline (PBS, 0.1 M phosphate buffer solution, pH 7.4) with 10 mm
glass beads added before being vortexed for 5 minutes. The faecal homogenate was also pre-
incubated anaerobically for 24 h at 37 °C. Paraformaldehyde (PFA; 4 %) solution in PBS was prepared
by mixing 2 g of PFA, 30 mL of LC-MS grade water and 100 pL of 1 M NaOH and gently warmed to aid
dissolution. Then 16.6 mL of PBS were added to the solution before it was pH adjusted with 100 pL 1
M HCI (pH 7.2). Finally, the volume was increased to 50 mL with LC-MS grade water. The use of PFA in
the incubation allows the fixation of the bacterial cells stopping their metabolic activity.

Post pre-incubation, 300 pL PFA, 400 pL of the pre-incubated APAP in GMM and 100 pL of the pre-
incubated faecal homogenate were mixed into 24 vials (50 mM) with four different conditions; three
aerobically pre-incubated PFA(+), three aerobically pre-incubated PFA(-), three anaerobically pre-
incubated PFA(+), three anaerobically pre-incubated PFA(-). All were then incubated under anaerobic
conditions at 37 °C. After 6h 50% were terminated and the remainder after 24h. For all incubations,

samples of 12 uL were collected, diluted in 1,188 puL H,0 (500 uM) and stored at 4 °C until analysis.

4.1.3.UPLC-MS
Calibration curve (CC), Internal Standard (IS) and Quality Control (QC) samples. APAP was dissolved in
MeOH and diluted in H,0 to have 14 solutions for the calibration curve as indicated in Table 4-S3.
Calibration curves were injected between each optimisation experiment. Internal standard APAP-d3
was included and spiked in the calibration curve solutions at a concentration of 350 nM. APAP QCs
were provided at three concentrations: low, medium and high (5 nM, 150 nM and 500 nM,

respectively).

UPLC-MS parameters. The same instrument and parameters to monitor APAP transitions were used
as those employed during the first attempt made toward a miniaturised in vitro model. The MS

parameters for detection of APAP-d3 are reported in Table 4-S2.
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4.2. Results

4.2.1.0ptimization experiment 1

To ensure that the drug was completely solubilised before being used in the in vitro model, the APAP
solution in MeOH was diluted into four different diluents, H,O, PBS, basal medium and GMM, prior to
an incubation either at room temperature (RT) or 37 °C. No real difference was observed between
either the different diluents or between the two temperatures tested (Figure 4-8). However, the
concentration of APAP in GMM (44.91 +/- 2.96 mM) was the closest to expected (50 mM), particularly
when incubated at 37 °C (45.65 +/- 4.21 mM), and as both this medium and this temperature seemed
more suitable to reproduce Gl tract conditions, the GMM and the incubation at 37 °C were used for
further development.

Optimisation experiment 1:
effect of diluents and temperature (— RT, --- 37°C) on [APAP].
T
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Figure 4-8. APAP concentrations in the first optimization experiment testing different diluents (H20, PBS, basal
medium and gut microbiota medium) at two temperature (room temperature and 37°C). Drug concentrations
were stable but slightly below (42.12 +/- 3.01 mM) the concentration expected (50 mM). Incubation of APAP in
GMM at 37°C gave the closest concentration (45.65 +/- 4.21 mM). Each point is the mean of the triplicates and
the error bars are the standard deviations.

4.2.2.0ptimisation experiment 2
The possibility of APAP binding to the walls of the model (plastic well plate) during the incubation was
investigated by using plastic wells versus glass vials for incubation of the drug. No significant difference
was observed at 0 or 24 h (p = 0.448 and p = 0.08, respectively, t-test) between the two conditions
(Figure 4-9), while a significant difference was observed at the 6 h (p = 0.046, t-test), indicating that

the use of plastic well-plates for the incubation had not resulted in any binding.
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Optimisation experiment 2:
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Figure 4-9. APAP concentrations in the second optimization experiment testing plastic vs glass containers.
Significant difference was observed in drug concentrations between the two culture materials following 6 h of
incubation (p = 0.046, t-test) but not initially (0 h) and not after 24 h of incubation. Each point is the mean of the
triplicates and the error bars are the standard deviations.

4.2.3.0ptimisation experiment 3
As faecal bacteria growth is predominantly oxygen sensitive and requires anaerobic incubation
conditions, the effect of aerobic and anaerobic conditions on drug concentrations during the
incubation was investigated. APAP in GMM (50 mM) was incubated under both conditions with drug
concentration measured by UPLC-MS. The results suggest that at 6 h, neither anaerobic (46.09 +/-
1.87 mM ) nor aerobic (47.69 + 1.11 mM) conditions had significant effect on drug concentrations (p =

0.2845, t-test), nor at 24 h (50.83 +/- 5.88 mM vs 45.34 +/- 1.01 mM, respectively, p value = 0.2452, t-
test- Figure 4-10).
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Optimisation experiment 3:
effect of aerobic (—) and anaerobic (---) pre-incubation of APAP on [APAP].
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Figure 4-10. APAP concentrations in the third optimization experiment testing incubation under aerobic or
anaerobic conditions. Drug concentrations were stable and close to the 50 mM expected (aerobic: 46.52 +/-
1.60 mM; anaerobic: 48.33 +/- 3.71 mM) and no statistical differences were observed between the samples
incubated under both conditions at any of the time points. Each point is the mean of the triplicates and the error
bars are the standard deviations.

4.2.4.0ptimisation experiment 4
To ensure that no other non-bacterial components in faeces interacted with the drug once mixed into
the model, pre-incubated faecal homogenate was spiked with 4 % PFA to fix the microbial cells and
halt their metabolism prior to being incubated with APAP in GMM (50 mM). APAP concentrations were
measured with UPLC-MS and showed a significant difference across 0 h samples (p = 7.6x107 - ANOVA)
due to a high concentration of APAP measured when incubated without PFA in anaerobic condition
(59.94 +/- 0.65 mM) compared to without PFA in aerobic condition (50.71 +/- 0.08 mM), with PFA in
anaerobic condition (50.97 +/- 0.30 mM) and with PFA in aerobic condition (48.18 +/- 0.30 mM).
However, after 6 and 24 h of incubation, no more significant difference was observed (p = 0.971 and

p = 0.621, respectively, ANOVA - Figure 4-11).
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Figure 4-11. APAP concentrations in the fourth optimization experiment testing incubation under aerobic or
anaerobic conditions, both with normal and fixed (4 % PFA) faecal homogenate. Significant difference was
observed between the conditions at 0 h but notat 6 and 24 h (p =7.60x107, p =0.971 and p = 0.621, respectively,
ANOVA). Each point is the mean of the triplicates and the error bars are the standard deviations.

4.3. Conclusion
Various model design conditions were tested using APAP in order to explore the solubility problem
identified in the first study. The different diluents, room temperature or 37 °C, the containers tested
(glass or plastic) and the aerobic/anaerobic conditions had no effect on drug concentrations. These
experiments cannot explain the variability in the initial drug concentrations seen in the model during
the first experiments. However, these findings contribute to the development of this in vitro model as
these parameters were found not to influence the results. This validates the use of the intestinal-
inspired composition of the GMM and incubation at body temperature (37 °C) mimicking real host
conditions. It was also shown that neither aerobic nor anaerobic conditions had any effect on APAP
concentrations. However, a significant difference was observed in the concentration of APAP when
incubated in plastic vs glass container at 6 h, but no significant was observed at 24 h. Due to the lower
cost and their convenience, it was decided to adopt the plastic well-plates as a container for the
incubation, and, in consequence, a pre-incubation step of the drug in GMM at 37°C in aerobic
conditions during 24 h was added to the protocol. Lastly, drug-faeces interactions were tested by fixing
microbial cells in the faecal homogenate with 4 % PFA prior the addition of APAP. Significant difference
was observed only initially (O h) but not at 6 or 24 h following the beginning of the incubation, showing
that no interactions, independent of the bacteria, were identified to impact on drug concentrations
and confound the model after at least 6 h. A pre-incubation step for the faecal samples at 37 °C of 24

h was thus also implemented, under anaerobic conditions to ensure the survival of the bacteria.
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5. Refinement of the in vitro model

A pre-incubation step with the drug in GMM and separately, the faecal homogenate in GMM, was
implemented. The drugs tested in these experiments were APAP and SSZ, as well as methotrexate
(MTX) and the glucuronidated form of paracetamol (APAP-G), which arises from host phase Il drug
metabolism. APAP-G enables bacterial B-glucuronidase activity to be studied in the faecal samples,

which is explored in Chapter 6.

5.1. Experimental section

5.1.1.Medium

The medium used for these experiments was the gut microbiota medium tested in the preceding

optimisation experiments and was prepared as described previously.

5.1.2.Incubation experiment
Pre-incubation of the faecal homogenates. Once prepared, faecal homogenates were collected and
diluted in GMM [2.572 mg/mL] before pre-incubation under anaerobic conditions on a shaker at 37

°C for 24 h.

Preparation and pre-incubation of drugs in GMM. Stock solutions (24 mM) were prepared for all the
test drugs and then diluted in four intermediate solutions (0.48 mM, 4.8 mM, 24 mM and 3 mM) using
MeOH for the three drugs APAP, SSZ and APAP-G, and DMSO for MTX. To produce solutions in GMM
for plate preparation, solutions with concentration of 0.48 mM, 4.8 mM and 24 mM were diluted in
GMM (18 uM, 180 uM, 900 uM, respectively). Solutions with a concentration of 3 mM were diluted in
H>0 (180 uM) for control. GMM alone serve as the 0 M drug concentration. Final drug concentrations
of 0, 10, 100 and 500 uM were used for selected wells during the incubation. Plates were then
incubated aerobically on a shaker at 37 °C for 24 h.

Plate preparation, incubation and termination. After completing a 24 h pre-incubation step of plates
with the drug in GMM and a separate 24 h pre-incubation step of faecal homogenate in GMM, the
two components were mixed in a ratio 5:4, respectively, to obtain the final drug concentrations (0 M,
10 uM, 100 uM and 500uM, Figure 4-12). The rest of the workflow was the same as that applied during

the first attempt towards a miniaturized in vitro model.
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Figure 4-12. Detailed pre-incubation steps added to the refined in vitro model. The drug was dissolved and
diluted at different concentration in a suitable solvent, in order keep the same volume of solvent when dilution
into GMM is made (here 3 mL). Following dilution in GMM, pre-incubation directly in the plate in aerobic
conditions at 37 °C for 24 h. The faecal homogenate was diluted in GMM and pre-incubated anaerobically at 37
°C for 24 h. Next, the faecal homogenate was added to the 96-well plate containing the pre-incubated drug and
incubated anaerobically at 37 °C before to initiate the anaerobic incubation of the drug and the faecal

homogenate together.
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5.1.3.UPLC-MS
Sample preparation for APAP and APAP-G UPLC-MS analysis. Compared to the first attempt, plate
preparation for the refined in vitro model experiment attempt was similar, apart from an addition of
30 pL of APAP-d3 (IS) in the Ostro plate when the compounds studied were APAP and APAP-G, and a
reduction in the volume of cold ACN to 420 uL. Centrifugation was used to transfer the solution to
collection plates (concentrations at that stage were 0 M, 2.5 uM, 25 uM and 250 uM). Further dilutions
in water were made to obtain a final concentration of 500 nM in all the wells. All UPLC-MS plates were

stored at 4 °C until UPLC-MS analysis (Figure 4-13).

Sample preparation for SSZ UPLC-MS analysis. The same protocol was applied for the plates incubated
with SSZ, with the exception that no internal standard was available here so the volume of ACN added
to the wells was 450 pL. Two consecutive dilutions were needed to obtain a final concentration for

UPLC-MS of 90 nM.

Sample preparation for MTX UPLC-MS analysis. MTX plates were prepared in a similar way as for SSZ
but the final concentration for UPLC-MS analysis was 16.2 nM.
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Figure 4-13. Refined in vitro model workflow. The drug was diluted in GMM and directly pre-incubated in the
plate in aerobic conditions at 37 °C for 24 h. The faecal homogenate was diluted in GMM and pre-incubated
anaerobically at 37 °C for 24 h. Next, the faecal homogenate was added to the 96-well plate containing the pre-
incubated drug and incubated anaerobically at 37 °C. Supernatants were collected at 0, 1, 2, 6 and 24 h after
initiation of incubation with faecal homogenate and then prepared for UPLC-MS targeted analysis.
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UPLC-MS parameters. The UPLC-MS analysis was the same as previously reported for the first attempt
toward an in vitro model. As MTX and APAP-G were also analysed with the refined in vitro model, the
gradient, the MS parameters and the linear range are reported in supplementary information (Tables

4-S1, 4-S2 and 4-S3, respectively).

5.2. Results
APAP and SSZ were selected as negative and positive controls, respectively. MTX was selected as
donor-dependent variation in efficacy has been observed previously across patients (see Chapter 3).
Finally, APAP-glucuronide (APAP-G) was investigated to assess bacterial B-glucuronidase activity in the
model (explored in Chapter 6). Concentrations tested through this second attempt to develop an in

vitro model were 0, 10, 100 and 500 uM.

5.2.1.Acetaminophen

For the three concentrations tested, initial drug concentrations at 0, 1 and 2 h across the four APAP
concentrations were affected by a confounding factor causing lower concentrations than expected to
be measured at the 1 and 2 h time points before increases in the concentration were observed at the
6 h time point (Figure 4-14). Drug concentrations stabilised after 6 h, but concentrations remained
either lower or higher than expected when the concentration was supposed to be 10 uM (7.16 +/-
1.93 uM) or at 500 uM (744.08 +/- 59.03 uM) but was correct for 100 uM (109.15 +/- 8.69 uM).
Surprisingly, APAP was detected at low concentrations in a control well with no drug spiked in.
However, no degradation of APAP in any of the donors or controls, i.e. PBS, GMM and H,0O was

measured, which is in accordance with the hypothesis that APAP is suitable as a negative control.
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Figure 4-14. APAP concentrations measured in the refined an in vitro model. APAP was incubated in 96 well-
plates, at four concentrations (0, 10, 100, 500 uM, indicated on top of the graphs) with either a faecal sample
from one of the five healthy human donors and gut microbial medium (GMM), or as control, in GMM, PBS of
faecal homogenate alone. Sampling time points were 0 h (just after spiking in the drug), 1, 2, 6 and 24 h. Each
point is the mean of the triplicates and the error bars are the standard deviations.
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5.2.2.Sulfasalazine

Initial SSZ concentrations were in accordance (11.90 +/- 8.65, 100.67 +/- 18.51, 584.04 +/- 238.81 uM)
with those expected (10, 100 or 500 uM), although a small increase above the highest expected
concentration was observed (Figure 4-15). Moreover, degradation of the drug in all donors was noted,
and even though the same observation was made in the controls (PBS or GMM), the degradation
occurred quicker in the presence of faecal samples. Interestingly, variation was noted in the velocity
of degradation across the donors and this variation was conserved from one concentration to another.
Overall, faecal samples from donors 1 and 2 showed total degradation, at a faster rate, than the faecal

samples of donors 3, 4 and 5. This indicates donor-specific degradation patterns.
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Figure 4-15. SSZ concentrations measured in the refined an in vitro model. SSZ was incubated in 96 well-plates,
at four concentrations (0, 10, 100, 500 uM, indicated on top of the graphs) with either a faecal sample from one
of the five healthy human donors and gut microbial medium (GMM), or as control, in GMM, PBS of faecal
homogenate alone. Sampling time points were 0 h (just after spiking in the drug), 1, 2, 6 and 24 h. Each point is
the mean of the triplicates and the error bars are the standard deviations.
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5.2.3.Methotrexate

At the initial time point, the measured concentration of MTX (9.98 +/- 2.49 uM) was only consistent
with the amount added for the 10 uM incubation (Figure 4-16). For the two highest doses the
concentrations measured were higher than expected (242.71 +/- 110.56 uM instead of 100 uM and
1162.92 +/- 435.63 uM instead of 500 uM) and unexpected patterns were again observed in the first
three time points for the highest concentrations. Also, 6 UM of the drug where detected in the wells
in which no drug had been spiked in for all the five time-point plates. No degradation was really

observed over time. However, variability was observed in the quantities of MTX between the donors

without that any donor-specific pattern was underlined.
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Figure 4-16. MTX concentrations measured in the refined an in vitro model. MTX was incubated in 96 well-
plates, at four concentrations (0, 10, 100, 500 uM, indicated on top of the graphs) with either a faecal sample
from one of the five healthy human donors and gut microbial medium (GMM), or as control, in GMM, PBS of
faecal homogenate alone. Sampling time points were 0 h (just after spiking in the drug), 1, 2, 6 and 24 h. Each
point is the mean of the triplicates and the error bars are the standard deviations.
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5.2.4.Acetaminophen-glucuronide

As for MTX, no degrading pattern in the concentration of APAP-G were measured by UPLC-MS (Figure
4-17). The measured concentrations of APAP-G were at higher concentrations than expected (16.05
+/-1.58 instead of 10 uM, 309.46 +/- 99.46 uM instead of 100 uM and 2,048.15 +/- 1,129.76 uM
instead of 500 uM). It did not stabilise as for the other compounds as it kept increasing over the 24h
of incubation. However, degradation appeared to have occurred for both PBS and GMM controls in
the higher concentrations (3.77 +/- 0.95 uM in PBS and 10.50 +/- 2.65 pM in GMM at 24 h when
incubated with 500 uM of APAP-G).
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Figure 4-17. APAP-G concentrations measured in the refined an in vitro model. APAP-G was incubated in 96
well-plates, at four concentrations (0, 10, 100, 500 uM, indicated on top of the graphs) with either a faecal
sample from one of the five healthy human donors and gut microbial medium (GMM), or as control, in GMM,
PBS of faecal homogenate alone. Sampling time points were 0 h (just after spiking in the drug), 1, 2, 6 and 24 h.
Each point is the mean of the triplicates and the error bars are the standard deviations.
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5.3. Conclusion

The results obtained from APAP and SSZ obtained during the refinement experiment (Figures 4-14 and
15, respectively) compared to the results obtained during the first attempt to develop the in vitro
model (Figures 4-4 and 4-6, respectively) were slightly improved, as less variability was observed at
the first three time points and the degradation patterns seem consistent with our expectations (APAP
being a negative control and SSZ a positive control). However, when the model was applied to the
compounds MTX and APAP-G (which were run at the same time and using the same faecal samples)
the results indicate methodological issues. The expected metabolites for each drug (DAMPA for MTX
and APAP for APAP-G) were also measured by UPLC-MS but neither of them was detected. An
important detail was noted between the in vitro models applied to APAP and SSZ compared to MTX
and APAP-G whereby, after the pre-incubation and during the incubation itself, the faecal samples
used during the in vitro models applied to APAP and SSZ, emitted a characteristic odour, indicative of
a viable culture. However, this odour was absent when the model was applied to MTX and APAP-G,
which could suggest an issue with the bacterial culture during this incubation, possibly explaining the
lack of degradation of these test compounds. Finally, detection of the drugs by UPLC-MS in the wells
where no drugs had actually been added, especially for APAP and MTX, suggests an eventual
evaporation of the solutions which could condensate on the cap-mat and lead to the contamination
of other wells. This would also explain the high variability between wells containing the same
concentrations and is consistent with variable volumes observed in the wells of a same plate following

the incubation.
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6. General discussion

To study the potential for an individual’s gut microbiota to modulate the bioavailability of an orally
ingested drug, attempts were made to develop a simple, cost-effective, 96 well plate-based, in vitro

model that could rapidly assess this capacity based on an individual’s faecal sample.

6.1. Strengths

This protocol was designed to be applied to a range of drugs, using faeces from human donors, as a
preliminary screen to inform any future in vivo studies, offering extensive access to the bacterial
community and microbial metabolites of the colon. Most importantly, it provides the opportunity to
explore inter-individual variability in microbially-mediated drug metabolism. Indeed, such variability
was observed with microbial SSZ degradation in the in vitro model (Figure 4-15). The inter-individual
variability could potentially be explained by a subset of faecal donors able to reduce SSZ more rapidly
than other donors, thus releasing the active ingredient in the gut sooner modifying its pharmacological
properties. Careful consideration was given to developing a cost-effective and efficient model, utilising
a 96-well plate. This number of wells would enable a high-throughput model able to evaluate a range
of drugs (with replicates) in a single patient with the addition of control samples as well. The nature

of this model also enables a variety of different concentrations to be studied simultaneously.

UPLC-MS sample preparation included filtration with Ostro plates to remove unwanted contaminants
such as, e.g. protein and phospholipids if present, to clean-up samples prior analysis and avoid ion
suppression. For each analysis, a single or a selection of specific compounds were of interest.
Consequently, targeted UPLC-MS was preferred to deliver accurate metabolite quantification based
on the use of calibration curves. Accordingly, MRMs transitions and suitable MS parameters for each
of the test drugs were chosen based on published data (Ambavaram et al., 2013; Gu et al., 2011; Guo
et al.,, 2007) and short UPLC-MS gradients were developed for optimal separation and detection
(Tables S1, S2 and S3). Calibration curves and within-run QCs were used in every analysis to assess
linearity, concentration and accuracy during the run, and an IS was used where feasible. Untargeted
UPLC-MS could also be implemented to explore the dynamic metabolic profile of the faecal

homogenates following their different incubation times with a specific drug.
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6.2. Limitations

Several limitations exist for the model we attempted to develop. Firstly, the use of MeOH or DMSO to
dissolve the drugs probably affect the culture of the bacteria, even if these solvents represent only 1%
of the total volume incubated. This could be explored by comparing the metabolic or the microbial
profile of faecal cultures with or without solvent. Also, the model being in vitro and not in vivo, does
not simulate any of the host metabolic activities, such as drug absorption, hepatic, or extrahepatic,
metabolism or enterohepatic recirculation. The absence of enterocytes and intestinal epithelium of
3D morphology does not replicate the gastrointestinal cavities in which drug encounters bacteria in
vivo. It simply allows an investigator to determine if a drug is degraded if placed in contact with a
human faecal sample. Another limitation of this model is thus the assumption that the faecal microbial
populations and their activity in vitro reflect those found in the colon. Although previous research
reported that human faecal transplants in germ free mice were able to reproduce normal bacterial
variation along the gut (Turnbaugh et al., 2009b), and that three-stage fermentation system with
temperature, pH and nutrients control has proved to accurately model human colon (Macfarlane et
al., 1998), miniaturized cultures such as the one reported herein have not yet been demonstrated to
accurately model the diversity and functionality of the gut microbiota. Analysis of the bacterial profile
of the samples just after collection and following culture, with and without drugs, could help
determining how representative the bacterial community obtained after the incubation is compared
to the real bacterial community. Moreover, it appears that the incubation step of the faecal samples
is sensitive to bacterial loss of viability. As was discussed for the MTX and APAP-G experiments, the
characteristic odour of a viable culture was not present for these incubations. This may suggest that
subtle variation in the plate preparation may have killed some members of the bacterial community,
especially strictly anaerobic ones. Preparation in an anaerobic cabinet or culture of the faecal samples
for several days under anaerobic conditions, as has already been reported (Goodman et al., 2011),
could be an option to maintain the metabolic activity of the bacterial community. Finally, careful
consideration needs to be taken regarding the choice of the solvent. Discrepancies in the initial
concentrations of the drugs and changes throughout the experiment suggest that there were solubility
issues. Optimisation of the solvents for delivering the drugs may overcome these issues but care must
be taken as solvents such as DMSO can impact the microbiome community and their growth,

potentially inducing false negative results.
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6.3. Perspectives and future work

Although the results obtained in the experiments reported above were not entirely satisfactory, the
in vitro model has the strong potential to rapidly determine the capacity of an individual’s microbiome
to degrade a specific drug, and thus help toward personalised therapeutic treatments. Such
information would provide supportive evidence that the drug PK profile might partly be shaped by
interaction with the gut microbiota. Such interactions could, in certain circumstances, explain inter-
individual variability in drug responses and toxicity. It could also be applied in clinical setting, medical
research and drug development. For instance, for hospitalised patients, it could help identify optimal
drug treatments or dose levels prior to administration. It could also be useful in pharmaceutical
industry for determining the interaction of new drug candidates with faecal bacterial contents. If
further optimisation of the model was successful, measuring gut microbial diversity could also be
pursued, either using fluorescence in situ hybridisation (FISH) analysis, or amplicon sequencing (as
described in Chapter 2). This could enable not only the measurement of the impact of the gut
microbiota on drug metabolism but also the effect of a given drug on the microbial diversity of the

faecal samples.

7. Conclusion

Using the compounds APAP, SSZ, MTX and APAP-G, a promising start has been made in developing a
rapid in vitro model that could be used to investigate the effect of the complex gut microbiota on the
metabolism of specific drugs. This model has potential to determine the direct interactions occurring
between the microbiome and a specific drug and promote the development of personalised
therapeutic treatment. However, this methodology requires further development to answer the
current issues and properly assess the feasibility of incorporating such a tool in routine clinical or of
pharmacological investigations. Consequently, future studies should aim to develop standardised
methodologies, based on this model, and assessed against a much wider range of drugs. A valuable
complimentary technique to this model would be to explore, in addition to just the disappearance of
the drug, both drug metabolite concentrations and the impact of the drug on the gut microbiota
diversity and composition. This would help to make it a completer and more informative model on the

bidirectional interaction between the gut microbiota and the drug(s) under investigation.
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Chapter 5. Dietary manipulation of gut
microbial metabolism and its influence
on host paracetamol metabolism

Aim:
» Toinvestigate the impact of a high tyrosine diet on the gut microbial production of p-cresol
and related metabolites in mice.
» Determine the impact of diet-induced changes in microbial tyrosine metabolites on the
host metabolism of paracetamol.
Objectives:

» To establish a mouse model feeding a high tyrosine diet to enhance the microbial
production of p-cresol and subsequently increase the hepatic conjugation of these

microbial metabolites in the host.
» To determine the contribution of the gut microbiota to the dietary-induced modulation of
conjugative drug metabolism by feeding the high tyrosine diet in combination with

antibiotics.

» To characterise tyrosine and paracetamol metabolism in the mouse using two targeted

UPLC-MS-based methods to measure metabolites in urine, plasma and liver samples.

» To investigate the wider impact of a high-tyrosine diet, antibiotic treatment and

paracetamol treatment on the global hepatic metabolic profile using *H NMR spectroscopy.
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1. Introduction

N-Acetyl-p-aminophenol (APAP), commonly known as paracetamol or acetaminophen is the most
commonly used antipyretic and analgesic drug (Sharma and Mehta, 2013) and is categorised under
the “Essential Medicines” list by the World Health Organization. The safe dosage limit for adults is
recommended to be 1-2 g/day to treat mild pain or fever symptoms (Graham et al., 2013), with a
maximum dosage limit of 4 g/day for adults (Mazaleuskaya et al., 2015). Despite its wide therapeutic
window, APAP overdose is one of the most commonly reported drug overdoses (Mazaleuskaya et al.,
2015). Because of this, it is the main cause of acute liver failure in the US and other major developed

countries (Hodgman and Garrard, 2012).

In humans, orally administrated APAP gets rapidly absorbed in the duodenum and transported to the
liver. It then undergoes hepatic conjugation reactions, mainly involving sulfation (20 to 30 %) and
glucuronidation (55 to 60%; Hodgman and Garrard, 2012), leading to the detoxification of the drug
and rapid excretion via urine or bile (Mast et al., 2015). APAP also follows two other oxidation
reactions, one leading to a catechol derivative (< 5 %) and another one during which it gets oxidized
by cytochrome P450 (CYP450) enzymes (i.e. CYP2E1 and CYP3A4) leading to the formation of a toxic
metabolite called N-acetyl p-benzoquinone imine (NAPQj; 5 to 15 %; Hodgman and Garrard, 2012)).
NAPQi can either be detoxified by glutathione (GSH) conjugation, leading to the formation of APAP-
cysteine (APAP-C), which can get further acetylated to APAP-N-acetylcysteine (APAP-NAC), or it can

bind to thiol functions of cell proteins causing toxicity.

One emerging factor that has been shown to influence the efficacy and toxicity of APAP in human is
the microbial metabolite p-cresol (Clayton et al., 2009). p-Cresol is produced from the bacterial
degradation of tyrosine (Smith and Macfarlane, 1997). Tyrosine undergoes degradation to tyramine
and p-hydroxyphenylacetate (pHPA) before being converted to p-cresol as a result of putrefaction by
certain bacterial strains (e.g. Clostridium difficle [C. difficile]) found in the gastrointestinal tract
(Sivsammye and Sims, 1990). p-Cresol has bacteriostatic properties that can confer a growth
advantage to C. difficile over other bacterial strains (Passmore et al., 2018). Once absorbed from the
gut, p-cresol is conjugated to produce p-cresyl glucuronide (pCG) and p-cresyl sulfate (pCS). However,

p-cresol and APAP are structurally similar (Figure 5-1).
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Figure 5-1. Molecular structure of p-cresol and paracetamol (APAP).

Because of their structural similarity, both can serve as substrate to SULT1A1 enzymes to undergo
sulfation in the liver and colonic mucosa (Teubner et al., 2007). As such, both compounds compete for
the binding site of the enzyme as well as the co-factor (3’-phosphoadenosine 5’-phosphosulfate) PAPS.
Studies have shown that in humans, p-cresol is primarily converted to pCS indicating the high
efficiency of p-cresol as SULT1A1 ligands (de Loor et al., 2005). High exposure of the liver to p-cresol
prior to APAP treatment has been hypothesized to deplete the hepatic sulfate pool of the host and as
a result, skew the metabolism of APAP towards other pathways (Clayton et al., 2009). This can lead to
an increase in the generation of the hepatotoxic NAPQi, but also to a saturation of enzymes like
glutathione-S-transferase (GST) which plays a major role in NAPQi detoxification (Ketterer Brian et al.,
1983). This competition between APAP and p-cresol for host phase Il (conjugative) drug metabolizing

systems is represented in Figure 5-2.
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Figure 5-2. Schematic representation of the competition between p-cresol, obtained from the
microbial degradation of tyrosine from the diet, and the common used orally administered analgesic
APAP. Both are conjugated with sulfate and glucuronide by bacterial and hepatic enzymes, before
urinary or biliary excretion occurs.

Nevertheless, the exact indirect mechanism occurring between the microbial metabolite p-cresol and
APAP metabolism is unclear. Moreover, sulfation through SULT1A1 is a major pathway implied in the
elimination of other xenobiotics and endogenous compounds, such as hormone or neurotransmitter
crucial for early human development (James and Ambadapadi, 2013). It is then crucial to understand
how high concentrations of p-cresol obtained from a dietary route can modify sulfation capacity to

influence host xenobiotic and endogenous metabolism.

As p-cresol is produced by the bacterial degradation of tyrosine and that tyrosine is an amino acid
abundant in proteins, it is then assumed than individual consuming a high-protein diet will have a
higher level of p-cresol and its conjugated derivatives. This observation has also been made in people
consuming either a low-fibre (Khosroshahi et al.,, 2019) or a high-fat diets (Wan et al., 2019).
Perturbation in the gut microbiota was also observed in the high fat diet study, with decreased relative
abundance of the phylum Firmicutes and increased relative abundance of Bacteroidetes (Wan et al.,
2019). Consequently, it is also key to understand how the microbiome can process a high-tyrosine diet

and influence the production of p-cresol.
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In this study, a high tyrosine diet (diet based on 5 % by weight of tyrosine) was administrated to 16
female BALB/mice for a period of 2 weeks to increase the bacterial production and host exposure to
p-cresol and its conjugated derivatives. A subtoxic dose of APAP (300 mg/kg, p.o.) was administered
to the mice after 2 weeks on the high tyrosine diet to observe how the high tyrosine diet would alter
APAP metabolism. The hepatic metabolic profiles of the mice were explored using H-NMR
spectroscopy and two targeted UPLC-MS based assays were used to selectively quantify tyrosine
catabolites and APAP metabolites in urine, plasma and liver. To demonstrate/understand the
contribution of the microbiota in this diet-based model an additional study group was included where
the microbial metabolism was suppressed with antibiotics and the high tyrosine diet was supplied.

The results were compared and validated with control mice group.

2. Experimental section

2.1. Chemicals and reagents

Tyrosine assay: The chemicals used to perform the tyrosine targeted assay are the same as those
reported in the analytical background chapter (supplementary information for the paragraph 11.1.3.).
APAP assay: Paracetamol (APAP), APAP-glucuronide (APAP-G; sodium salt), deuterated APAP internal
standard (APAP-ds) and dansyl chloride were purchased from Sigma Aldrich (Gillingham, U.K.). APAP-
sulfate (APAP-S; potassium salt), cysteinyl APAP (APAP-C; trifluoracetic acid salt), N-acetylcysteine
APAP (APAP-NAC; disodium salt) and deuterated internal standards APAP-S-ds (potassium salt), APAP-
G-ds (sodium salt), APAP-C-ds (trifluoracetic acid salt), APAP-NAC-ds (sodium salt) were purchased
from Toronto research chemicals (Toronto, Canada).

Mass spectrometry: For sample preparation and UPLC-MS, LC-MS Chromasolv acetonitrile (ACN),
isopropanol (IPA) and methanol (MeOH) were purchased from Honeywell (Seelze, Germany). Optima
LC/MS Grade H>0 with 0.1% formic acid (FA) and analytical reagent grade formic acid were purchased
from Fisher Scientific Ltd (Loughborough, U.K.). Dansyl chloride and ammonium hydroxide (28% w/v
in water), as well as leucine, enkephalin, acetate salt (hydrate) and sodium formate for UPLC-MS mass
accuracy and calibration, leucine enkephalin acetate salt (hydrate) and sodium formate, were
obtained from Sigma-Aldrich (Gillingham, U.K.).

'H NMR spectroscopy: Potassium phosphate salts (KH,PO4), TSP (3-(trimethylsilyl)-[2,2,3,3-d]
propionic acid sodium salt, sodium azide (NaNs), methanol (MeOH) and DO were all purchased from

Sigma-Aldrich (Gillingham, U.K.).
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2.2. Animal handling

The animal study was conducted by Janvier Labs (Genest-Saint-Isle, France) in accordance with the
2010/63/UE guideline and its transposition in the French law. The protocol was validated by the ethical
committee of the Janvier LABS animal experimentation (n°78). Forty BALB/c female mice were
randomly assigned to three diet groups - high tyrosine (HT) (n = 16), high tyrosine group plus antibiotic
treatment (AB) (n = 16) and a control group (C) (n = 8). The control diet consisted of a standard AIN-
93G diet and the high-tyrosine diet was fortified with 5% tyrosine (compared to 0.98% for the control
diet, Table 5-S1) based on a previous study (Shiba et al., 2014). Mice were eight weeks old at the
beginning of the dietary study and were maintained on their respective diets for 14 days. Antibiotic
treatment (4 mg/mL of streptomycin and 2 mg/mL of penicillin G in the animal’s drinking water) was
provided on days 11-14 for the AB group. Urine was collected from all animal groups at three different
time points — pre-administration of the assigned diet (PD), and after 7 and 14 days from the beginning
of the study. Blood collection by the mandibular vein was made prior mixing with lithium heparin as
an anticoagulant and centrifugation at 2,690 g for 15 minutes to collect plasma. Plasma collection was
undertaken at two time points — pre-administration of the assigned diet (PD) and after 14 days from
the beginning of the study. On day 15 of the administration of the assigned diet, the animal groups
received a subtoxic dose of APAP (300mg/kg, p.o.). Half the number of animals (n = 8 for the HT and
AB groups, n = 4 for the CT group) were euthanized with carbon dioxide one-hour post APAP treatment
(1 h) and the other half were euthanized six hours post-APAP treatment (6 h). Prior to euthanasia,
urine samples were collected from the urinary meatus. Once euthanized, liver samples were collected
as well as blood via cardiac puncture. Plasma were extracted as described above. Samples were stored

at -80°C until mailing and then at -40°C until analysis.
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2.3. UPLC-MS targeted analysis

2.3.1.UPLC-MS targeted assay for tyrosine and its catabolites

The method of preparation of the calibration curve solutions and of the QC samples along with the
UPLC-MS method and parameters used, are described in the paragraph I.1.3 Targeted UPLC-MS of

the Analytical Background (Chapter 2). Sample preparation is described below.

Urine and plasma sample preparation: Urine and plasma were prepared by mixing an aliquot of 10
or 20 puL (depending on the initial volume of sample available) with ACN: IPA (1:1, v/v) and IS mixture
at a final ratio of 1:3:1 v/v/v. The IS standard mix used for urine samples was at 3.2 uM whilst that for
plasma samples was 20 uM. The QC biological pool sample was prepared by collecting 20 uL from each
sample and mixing them together. A blank QC pool sample (QC-B) was prepared by mixing 20 uL of
H>0, 20 pL of QC biological sample and 60 puL of ACN: IPA (1:1, v/v). A QC biological sample with internal
standard (QC-IS) was prepared by adding 20 pL of IS mix to 20 uL of QC sample and 60uL of ACN: IPA
(1:1; v/v). A QC biological pool sample with internal standards and standard (QC-IS-S) was prepared
by mixing 30 pL of IS mix, standard mix (intermediate solution 1 at 10 uM) and 60uL of ACN: IPA (1:1;
v/v). The rest of the protocol was the same as that used for the samples. The samples were vortexed
and left overnight at -20°C for protein precipitation, followed by centrifugation at 11,250 g for 10
minutes at 4°C. A volume of 30 pL of the supernatants were collected and placed in 96 well-plates.
Derivatization of the analytes was performed by adding 24 uL of 7% NH4OH and 6 uL of a 12.5 mg/mL
solution of dansyl chloride, in order to derivatise the phenolic hydroxyl group of the targeted
compounds. The plates were foil heat sealed and incubated at 65°C for 30 minutes. Due to the design
of the animal study, concentrations of the analytes were uncertain prior to sample analysis (especially
for those mice given the HT diet). Therefore, to ensure that, following dilution, the samples lay within
the linear ranges of the calibration curves analysis of various dilutions of the pooled QC samples were
performed prior to committing the bulk of the samples to the analysis. Based on these a 1:50 dilution
with water was used with the mouse urine samples in order to analyse tyrosine, tyramine, p-
ethylphenol, p-cresol, phenol and p-hydroxyphenylpropioinic acid (giving final IS concentrations of 6.4
nM). A further dilution of 1:6 (final dilution 1:300) using water was necessary to analyze p-coumaric
acid, p-hydroxybenzoic acid, p-hydroxyphenyl acetic acid, p-hydroxyphenyl lactic acid and p-cresol
sulfate resulting final in IS concentrations of 1.067 nM). A dilution of 1:50 using water was done to

analyse tyrosine and all its catabolites in the plasma samples, giving a final IS concentration of 40 nM.
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Liver sample preparation: Liver samples (n = 40) were initially weighed out between 50-60 mg in bead
beating tubes filled with 1 mm zirconium beads. A volume of 1,380 pL of cold H,O:ACN:IPA (2:1:1,
v/v/v) were added to all the samples along with 120 pL of tyrosine IS mix at 20 uM. The samples were
homogenized using a Precellys 24 bead beater (40 sec per cycle, 6,500 Hz speed, 2 cycles). The samples
were then centrifuged at 11,250 g for 10 minutes at 4°C. The supernatants from each sample was
pipetted and stored for the APAP analysis as well (described below). A volume of 100 uL of each of the
supernatants was collected and placed into 96 well plates in a randomized order and derivatized by
adding 80 pL of NH,OH (7% aq) and 20 pL of dansyl chloride (12.5 mg/mL in acetone). Sample plates
were heat-foiled and incubated at 65°C for 30 minutes. Samples were firstly analyzed without dilution
(IS concentration = 800 nM) but was later diluted in water (1:50) in order to analyze tyrosine within

the linear range (IS concentration = 16 nM).

2.3.2.UPLC-MS targeted assay for APAP and its metabolites

The method of preparation of the calibration curve solutions and of the QC samples along with the
UPLC-MS method and parameters used, was developed and validated by R. Dargue (R. Dargue, 2019;
not yet published). A brief description of them is given in supplementary information. Sample

preparation is described below.

Urine and Plasma sample preparation. Urine (n = 40) and Plasma (n = 40) samples were thawed and
5, 10 or 20 pL (according the volume of sample available) were mixed with MeOH in a 1:3 ratio. Protein
precipitation was performed at -20°C for 40 minutes. Samples were centrifuged at 11,250 g at 4 °Cfor
15 minutes. A volume of 5 pL of each supernatant was collected and added with 10 pL of SIL IS mix
(described in supplementary information) and 235 pL of H,O for a 1:50 dilution. Urine samples
required a further dilution of 1:300 to assay the following compounds- APAP, APAP-NAC, APAP-GSH
and a dilution of 1:7500 with water to assay the following compounds- APAP-S, APAP-C and APAP-G.
The final concentrations of internal standards after their respective dilutions contained 666.7 ng/mL
APAP-d3, 37.34 ng/mL APAP-NAC-ds, 0.03 ng/mL paracetamol-glutathione-ds; (APAP-GSH-d5),142.1
ng/mL APAP-S, 23.3 ng/mL APAP-G, 34.6 ng/mL APAP-C. Plasma samples required a dilution of 1:50
with water and the final IS standard concentrations were 800 ng/mL APAP-ds, 137.6 ng/mL APAP-S-
ds, 27.4 ng/mL APAP-G-ds, 33.52 ng/mL APAP-C-ds, 44.8 ng/mL APAP-NAC-ds and 0.04 ng/mLAPAP-
GSH-d.
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Liver sample preparation: Supernatants collected from the liver aqueous extraction performed for
the tyrosine pathway targeted analysis were used for this section of the study. A volume of 5 pL of
each of the sample supernatants were mixed with 5 pL of SIL IS mix and 240 pL of H,0 (1:50 dilution).
All APAP metabolites were within the respective linear ranges with this dilution. The final IS
concentrations were 400 ng/mL APAP-ds, 68.8 ng/mL APAP-S-ds, 13.7 ng/mL APAP-G-ds, 16.76 ng/mL
APAP-C-ds, 22.4 ng/mL APAP-NAC-ds and 0.02 ng/mL APAP-SG-ds.

2.3.3.Data analysis

The raw LC-MS/MS data obtained from the tyrosine targeted assays were treated as described in the
Analytical background (Chapter 2). Those obtained for the APAP targeted assay were processed using
the TargetLynx package of the MassLynx software (version 4.1., Waters Corporation). The raw data
pre-processing and peak integration for all compounds were done individually using linear calibration
curve response with a log axis transformation. For all the compounds except for APAP-GSH, internal
standards were spiked in the samples and calibration curves in order to monitor their peak area
response and correct the nominal concentration of the corresponding standards. The results acquired
from both targeted assays were then imported into R and box plots were made in R using the ggpubr
package (version 0.2.3). Univariate statistics within each diet group was done using Wilcoxon test.
Multivariate statistical analyses, data integration and modelling for all the acquired MS data was done

using MixOmics R package (version 6.1.1).

2.4. 'H NMR spectroscopy
2.4.1.Liver-sample extraction and preparation for NMR analysis

Frozen liver samples were thawed, and 50-60 mg of tissue were placed in bead beating tubes filled
with zirconium beads (1 mm diameter, Stratech Scientific Ltd, Ely, UK). The tubes were then filled with
300 pL of pre-chilled CHCl;:MeOH (2:1, v:v) and H,0 (300 pL). Samples were homogenised with a
Precellys 24 bead beater (40 sec per cycle, 6,500 Hz speed, 2 cycles). The samples were later
centrifuged at 11,250 g for 10 minutes at 4 °C. Aqueous and organic layers were carefully separated
into separate tubes after discarding the fat layer in-between. Pellets were resuspended with 300 uL
of pre-chilled CHCl3: MeOH (2:1, v:v) and H>0 (300 pL). The samples were vortexed and spun at 11,250
g for 10 minutes at 4°C. The aqueous and organic layers were again separated and added to the
previous aliquots, thereby achieving a double extraction. The aqueous extracts were dried overnight

in a savant vacuum concentrator set at 30 °C in vacuum aqueous mode and the organic extracts were
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left in a fume hood to dry. The samples were then stored at -40°C until the day of 'H NMR
spectroscopic analysis. The dried aqueous extracts were then thawed and resuspended using 540 uL
D,0 and 60 pL urine buffer (9:1; v:v). 'H NMR spectroscopy urine buffer was prepared by dissolving
10.2 g of KH;PO4in 40 mL D,0 and 50mg of TSP (3-(trimethylsilyl)-[2,2,3,3-d4] propionic acid sodium
salt, used for spectral calibration); 6.5 mg of NaNs; (sodium azide, in order to prevent bacterial
contamination) in 3-5 mL of D,0 and buffer pH was adjusted to 7.4 using KOH 1M solution. The final
volume was made up to 50 mL using D,0. Each liver sample was vortexed followed by centrifugation
at 11,250 g for 10 minutes at 4°C. A volume of 580 uL of supernatant of each sample was pipetted into

5mm (outer diameter) NMR tubes.

2.4.2.2H-NMR NOESY spectral acquisition of aqueous liver extracts

The samples were randomised and one dimensional (1D) *H NMR spectra was obtained using a Bruker
600 MHz spectrometer (Bruker, Rheinstetten, Germany) at an operating frequency of 600.13 MHz and
a constant temperature of 300 K. The samples were referenced to TSP at 0 0 ppm. The NMR pulse
sequence used a recycle delay (RD)-90°-t;-90°%-t-90°-acquisiton, with t; = 3 ps, tn= 100 ms and 90°
pulse ~10 us. Water peak suppression was performed by using selective irradiation during RD of 4 s.
The number of dummy scans used were 4 and the actual number of scans were set at 32 with a spectral

resolution of 20 ppm.

2.4.3.2H-NMR spectral pre-processing and multivariate statistical analysis

Spectral phase correction and baseline correction were automatically performed by Topspin software
(version 3.5; Bruker BioSpin GmbH, USA). The acquired raw spectra was imported into MATLAB
(R2108b) using an in-house script to carry out multivariate statistical analyses. Peaks related to the
water (0 4.7-5.1 ppm) and TSP (0 0 ppm) were removed. The raw spectra were subjected to pre-
processing steps- manual alignment (recursive peak alighment method) and normalisation
(probabilistic quotient method). Both, PCA and OPLS-DA models were generated with Pareto scaling
used for the PCA models.
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3. Results

3.1. Effect of high tyrosine diet on urine and plasma tyrosine metabolism

The tyrosine pathway targeted by UPLC-MS and the fit-for purpose method validation performed on
the urine and plasma samples is reported in the analytical background (Chapter 2). Urine samples
were collected from the three treatment groups (Control [CT], High tyrosine group [HT] and antibiotic
treated high tyrosine fed group [AB]) at three different sampling points (Pre-diet [PD], 1-week post-
high tyrosine diet [1w] and 2- week post-high tyrosine diet [2w]). In both HT and AB animals a
significant increase was noted in urinary tyrosine, tyramine and p-hydroxyphenylacetate (pHPA)
concentrations compared to the control group at 1 week and 2 weeks on the diet (Figure 5-3.a).
Although a significant increase in urinary tyrosine and tyramine was also noted at 1 w and 2 w in the
control compared to the PD sampling point, the increase was more significant for the HT and AB
groups. Following AB treatment, from days 11 to 14 of the diet, the urinary excretion of p-cresol sulfate
(pCS) and p-cresol glucuronide (pCG) was found to be lower compared to the HT group. Again, a
significant increase was also observed in urinary pCS and pCG in the 1w and 2w samples of the control
group compared to the PD samples of the control group, but this increase was lower compared to the
increase seen in the HT group. However, no significant difference was observed in urinary p-cresol

sulfate or p-cresol glucuronide between the control and the HT group at 1 w or 2 w.

Plasma samples were collected at the pre-diet and 2-week time points (Figure 5-3.b). Tyrosine, p-
hydroxyphenyllactic acid (pHPL) and p-hydroxybenzoic acid (pHB) were significantly increased in the
plasma from both the HT and AB groups at 2 w compared to the PD plasma samples of the respective
groups. At 2 weeks, significant differences were observed between the CT and both HT and AB animals
for plasma tyrosine and pHPL. However, no significant differences were observed in the plasma

tyrosine, pHPL and pHB concentrations between the HT and the AB groups.
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Figure 5-3. High tyrosine diet effect on tyrosine metabolites in a) urine and b) plasma. Whiskers in the box
plots represent the full range quantiles and boxplots the 25, 50 and 75 % quantiles. Individual animals are
indicated by a dot in the plot. Statistical tests within each group were done using Wilcoxon test. Only metabolites
with significant p-values are reported on the graph. pHPA: p-hydroxyphenylacetic acid, pCS: p-cresol sulfate,
pCG: p-cresol glucuronide; pHB: p-hydroxybenzoic acid; pHPL: p-hydroxyphenyllactic acid; C: control in grey; HT:
high tyrosine diet in blue; AB: high tyrosine plus antibiotic treatment in orange; PD: pre-diet; 1w: 1week; 2w: 2
week.
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3.2. Effect of high tyrosine diet on APAP metabolites detected in the urine, plasma and liver

A sub-toxic oral dose of 300 mg/kg of APAP was administered to all treatment groups and half of the
groups were euthanized 1 hr post APAP treatment (Control, n = 4; HT, n = 8; AB, n = 8) and the other
half 6 hr post APAP treatment. All APAP metabolites: APAP, APAP-S, APAP-G, APAP-GSH, APAP-C and
APAP-NAC were quantified. Linearity across APAP measurement reported a r? superior to 0.990 for all
the compounds and QCs monitored for each urine, plasma and liver were within the acceptance

criteria range (Tables V.S3, V.54 and V.S5 respectively).

The APAP hepatic metabolic profile is shown at 1 h (Figure 5-4.a) and 6 h following APAP treatment
(Figure 5-4.b). The most abundant APAP metabolites in liver were APAP-GSH and APAP-C. Pair-wise
comparison between the groups at 6 h show significant differences between control and AB animals
in hepatic APAP and APAP-GSH concentrations. No significant differences were observed in APAP
metabolism between HT and control groups at any of the time points. In the HT group, one animal

which was euthanized in the 1 h group consistently showed higher concentration of APAP and APAP

metabolites compared to the other animals.
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Figure 5-4. Boxplots of the APAP metabolites measured in the liver samples at a) 1h following APAP
administration and b) 6h following APAP administration. Diet-related groups are indicated on the x axis.
Whiskers in the box plots represent the full range quantiles and boxplots the 25, 50 and 75 % quantiles. Individual
animals are indicated by a dot in the plot. Statistical tests within each group were done using Wilcoxon test. C:
control in grey; HT: High tyrosine in blue; AB: High tyrosine plus antibiotic treatment in orange.
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APAP plasma metabolic profiles are illustrated at 1 h (Figure 5-5.a) and 6 h following APAP treatment
(Figure 5-5.b). The parent drug, as well as APAP-G were the most concentrated APAP-related
compounds in plasma. Low concentrations of APAP-GSH were noted. A significant difference was
observed between the control and the HT group for APAP-C concentrations at 6 h, being higher in the
control group. No significant differences were observed in the pair-wise comparisons between the
groups. Once again, one animal from the HT group euthanized at 1 h following APAP administration

showed higher concentrations across all the metabolites.
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Figure 5-5. Boxplots of the APAP metabolites measured in the plasma samples at a) 1 h following APAP
administration and b) 6 h following APAP administration. Diet-related groups are indicated on the x axis.
Whiskers in the box plots represent the full range quantiles and boxplots the 25, 50 and 75 % quantiles. Individual
animals are indicated by a dot in the plot. Statistical tests within each group were done using Wilcoxon test.:
control in grey; HT: High tyrosine in blue; AB: High tyrosine plus antibiotic treatment in orange.
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The concentration ranges of APAP metabolites show that the majority of the drug was removed from
the liver and plasma at 6 h compared to the 1 h samples (Figure 5-4 and Figure 5-5). However, similar
urinary concentrations of APAP metabolites were observed between the 1 (Figure 5-6.a) and 6 h time
points (Figure 5-6.b). The concentration range was also much higher for the APAP metabolites in urine
compared to both liver and plasma, with the exception of APAP-GSH, which was present at higher
concentrations in the liver and plasma compared to the urine. APAP-G was the most concentrated of
the APAP metabolites in urine. Finally, the same animal from the HT group euthanized at 1 h which
showed higher concentrations of APAP metabolites in the liver and plasma samples also demonstrated
higher concentrations in urine. Another HT animal, but this time euthanized at 6 h, also showed a

higher concentration of APAP metabolites in urine samples.
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Figure 5-6. Boxplots of the APAP metabolites measured in the urine samples at a) 1 h following APAP
administration and b) 6 h following APAP administration. Diet-related groups are shown on the x axis. Whiskers
in the box plots represent the full range quantiles and boxplots the 25, 50 and 75 % quantiles. Individual animals
are indicated by a dot in the plot. Statistical tests within each group were done using Wilcoxon test. C: control
in grey; HT: High tyrosine in blue; AB: High tyrosine plus antibiotic treatment in orange.

Page | 166



3.3. Effect of APAP intake on tyrosine metabolism in the urine, plasma and liver

To investigate how tyrosine metabolism was modified by APAP intake, the tyrosine-related
metabolites were studied at 1 h and 6 h post APAP treatment in the liver (Figure 5-7.a), plasma (Figure
5-7.b) and urine samples (Figure 5-7.c). The fit-for-purpose validated tyrosine targeted method was
thus applied to liver extracts. The CV % of the QC over the run is reported in Table 5-S6. In the liver,
only tyrosine was above the limit of detection and a significant decrease was seen in the AB group at
6 h compared to the 1 h time point. In plasma, tyrosine increased in the HT and AB groups compared
to the control group at both 1 and 6 h post APAP dosing. For pHB and pHPL, significantly greater
amounts were observed in the plasma of HT diet fed mice compared to those on the control diet at 6
h. However, this significant increase was observed at 1 h when comparing the control and the AB
group. Indeed, the three metabolites detected in plasma (tyrosine, pHB and pHPL) were higher in the
HT group at 6 h compared to 1 h. Similar to APAP metabolites, urine samples had a higher
concentration of tyrosine metabolites compared to plasma and liver samples. As for plasma,
significant increase of most of the metabolites (tyrosine, tyramine, pHPA and pHPL) was observed at
the 6 h time point when comparing the control group with both HT and AB groups. However, no
significant difference was observed between the HT and the AB groups for those metabolites. As
observed prior to APAP treatment, urinary pCS and pCG were supressed in the antibiotic treated

group, and this observation remained at 1 and 6 h following APAP treatment.
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Figure 5-7. Boxplots of the tyrosine metabolites measured in the a) liver samples b) plasma samples and c)
urine samples, at 1 h and 6 h following APAP administration. Whiskers in the box plots represent the full range
quantiles and boxplots the 25, 50 and 75 % quantiles. Individual animals are indicated by a dot in the plot.

Statistical tests within each group were done using Wilcoxon test. C: control in grey; HT: High tyrosine in blue;
AB: High tyrosine plus antibiotic treatment in orange.
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3.4. Effect of high tyrosine diet and APAP administration on the hepatic metabolic profile

The sulfate to glucuronide ratio was investigated to explore the difference in conjugation reactions
between the different treatment groups for both APAP and p-cresol (Figure 5-8.a). S/G ratios were
below 1 for both compounds, showing that a higher proportion of APAP and p-cresol was
glucuronidated than sulfated. As inter-animal variability was observed in the concentration of both
tyrosine and APAP metabolites, the APAP-S/APAP-G ratio was plotted per animal and categorised per
group, as was the concentration of pCS prior to APAP-treatment (Figure 5-8.b). No correlation was
found between the APAP-S/APAP-G ratio and the pCS pre-APAP treatment concentration for the HT
and the AB group. However, an increase in pCS pre-APAP concentration is inversely associated to
APAP-S/APAP-G ratio in the control group. AB treatment in Figure 5-8.b. shows a reduced
concentration of pCS compared to the control and HT groups. However, a significant increase was
observed in the pCS/pCG ratio when comparing the AB group to both the control and HT group, at
both 1 and 6 h time points. This indicates an increase in the proportion of p-cresol sulfation compared
to glucuronidation in the AB group, probably due to lower amount of p-cresol requesting sulfation and

thus causing no depletion of sulfation capacity.
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Figure 5-8. Investigation of pCS concentration impact on Sulfate/Glucruonide ratio. a) APAP and p-cresol
sulfate to glucuronide ratio in urine samples at 1 and 6 h. Wilcoxon test has been performed to calculate p-
value. b) Inter-animal variability of APAP-S/APAP-G ratio (top panel) compared to the urinary concentration of
pCSin the pre-APAP samples (bottom panel). C: control in grey; HT: High tyrosine in blue; AB: High tyrosine plus
antibiotic treatment in orange.
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3.5. Multi-blocks integration of the targeted UPLC-MS data

Multi-block integration was performed on the tyrosine and APAP metabolites to determine if the
combination of both the diet and treatment were strong enough to separate the samples by their
treatment groups during multivariate analysis. Although no separation was observed on the Sparse
PLS-DA (sPLS-DA) due to APAP treatment (data not shown), a specific sample distribution due to the
diet was observed when combining the tyrosine-related metabolic profiles from the urine and plasma
samples at 2 weeks, for the urine samples (Figure 5-9.a). Correlation between the metabolites
measured in the urine and in the plasma samples were made through a circos plot (Figure 5-9.b).
Interestingly, pCS and pCG were only positively correlated with pHB in plasma. These two correlations
were found to be associated only with the second component of the sPLS-DA, along which AB urine

samples separated from the HT and control urine samples.
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Figure 5-9. Integration of the urine and plasma tyrosine metabolic profile to perform a a) sparse PLS-DA model
and b) a circos plot, highlighting correlations between tyrosine metabolites. The metabolites detected in the
plasma are shown in red and tyrosine metabolites measured in the urine are shown in yellow. The correlation
cutoff was set at 0.5 and the plot shows the co-relation between each metabolite within and among all sample
groups (red for positive correlation and blue for negative correlation). The outside of the circus plot represents
the mean relative abundance of each metabolites according the groups. C: control in grey; HT: High tyrosine in
blue; AB: High tyrosine plus antibiotic treatment in orange.
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3.6. 'H-NMR spectroscopic analysis of liver aqueous extracts

To investigate the wider hepatic biochemical changes induced by tyrosine and APAP intake,
untargeted *H NMR spectroscopy-based metabolic profiling was performed on liver tissue collected
from groups 1 h and 6 h post APAP-treatment. Pair-wise principal component analysis (PCA) models
were built to identify metabolic changes in the hepatic profiles at 1 h (Figure 5-10.a, b and c) and 6 h
(Figure 5-10.d, e and f). From the scores plots obtained from these PCA models, no clear metabolic
variation was observed between any of the groups. The absence of metabolic variation between the
different groups was confirmed with the construction of supervised orthogonal projection to latent

structures-discriminant analysis (OPLSDA) loading plots (Figure 5-57).
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Figure 5-10. Scores plots from pairwise PCA models comparing the hepatic metabolic profiles of the different
treatment groups 1 h and 6 h post APAP treatment. a. control 1 hvs HT 1 h b. control1hvs AB1 hc. HT1 hvs
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4. Discussion

Even though APAP metabolism has been extensively studied for many years, the influence of gut
microbial metabolites or host-microbial co-metabolites on APAP metabolism remains an
underexplored area of interest. It was demonstrated in 1974 that incubating APAP with caecal
contents from rats resulted in the direct metabolism of APAP by the microbiota to p-aminophenol
through N-deacetylation (Smith and Griffiths, 1974). However, it has only recently been shown that
the gut microbiota can influence the conjugative metabolism of APAP through the production of p-
cresol (Clayton et al., 2009). Here, the potential to manipulate the microbial production of p-cresol in
mice using a high tyrosine diet was investigated. To do so, a female BALB/c mouse model was chosen
due to previous reports demonstrating that its intestinal microbiota can overproduce p-cresol when
provided with a high tyrosine diet (Shiba et al., 2014). An antibiotic treated group was also included
to attenuate the metabolic activity of the microbiota and evaluate the importance of microbial
metabolism in producing p-cresol following a high tyrosine diet. Finally, whether this manipulation
could modulate host sulfation capacity and APAP metabolism was determined by using a sub-toxic
dose (300 mg/kg) of APAP. A sub-toxic dose was selected to avoid hepatotoxic formation involving

centrilobular necrosis (Kyriakides et al., 2016).

4.1. Antibiotic treatment
To assess if tyrosine metabolites were either produced by host or microbiome-mediated enzymes,
antibiotic treatment was used in conjunction with the high tyrosine diet. A reduction in pCS and pCG
was observed after antibiotic treatment compared to the HT group and was still observed 1 hand 6 h
following APAP treatment. This confirms the involvement of the microbiota in the production of these
microbial-host co-metabolites. Moreover, AB treated mice excreted different tyrosine-related
metabolites in the urine compared to the control and HT group. AB treatment appeared thus to have
the greatest impact on tyrosine metabolism in the mice, compared to the other groups. However, the
urinary excretion of tyramine and its metabolite pHPA, a p-cresol precursor, was observed to be
increased in both the HT and AB groups compared to the control group. This indicates that the
metabolism of tyrosine to pHPA is performed by the host. Similarly, pHPL and pHB showed the same
plasma concentrations in the AB group as the HT group indicating that both pHPL and pHB are also
produced by host-mediated metabolic reactions. Interestingly, the reduction of pCS and pCG in the AB
group result in a significantly higher pCS/pCG ratio (Figure 5-7.a). This suggests that the p-cresol is
preferentially sulfated and as lower amounts of p-cresol is produced in the AB treated mice the
sulfation capacity is not depleted, compared to the HT and the control groups, and thus an increase

in pCS production is seen compared to the production of pCG, leading to higher pCS/pCG ratio.
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4.2. High-tyrosine diet

Naturally, higher urinary excretion of tyrosine in the HT and AB groups were observed compared to
the control animals, as a result of the high tyrosine diet. This indicates that not all the ingested tyrosine
was metabolized by the host or the microbiota. A similar increase in tyrosine concentration was
noticed in plasma samples of the HT group indicating that tyrosine was present in the circulation
before being excreted in the urine or bile. In addition, this may suggest an increase in gut membrane
permeability, as it has already been found to be a consequence of the higher presence of phenolic

compounds due to lipid saturation (Heipieper et al., 1991; Keweloh et al., 1991).

Concentrations of pCS and pCG in the HT group were similar to those of the control group. This
suggests that the bacterial enzymes responsible for producing p-cresol may have been saturated by
the HT diet and higher amounts of p-cresol production is not immediately possible. This is in
accordance with the increased urinary excretion of tyrosine. This indicates that a HT diet may need to
be provided for a period superior to 2 weeks to promote the growth of bacteria that are able to utilise
tyrosine and produce p-cresol. This may indicate that acute dietary changes in humans do not lead to
immediate differences in p-cresol exposure although further work is necessary to validate this. In
plasma, high concentrations of pHPL and pHB were observed in the HT and AB groups compared to
the control group, showing that the metabolism of tyrosine also followed other degradation routes

(Figure 2-10 in Chapter 2) rather than solely being degraded sequentially to tyramine, pHPA, p-cresol.

4.3. APAP treatment

The potential for changes in bacterial p-cresol production to alter the metabolism of APAP was then
explored in these mice. Interestingly, in urine there was a significant increase in the concentration of
all APAP metabolites when compared to plasma and liver, which is our primary site of interest as major
APAP conjugates are excreted through urine. Metabolism of APAP across the different matrices was
consistent with common drug metabolism routes, with APAP-GSH the most abundant APAP

metabolite in the liver, APAP and APAP-G in plasma and APAP-G in urine.
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In plasma, significantly less APAP-GSH in the plasma of the AB animals could be explained by the
absence of pCS and pCG in these animals. By suppressing the microbial enzymes that produce p-cresol,
the sulfate and glucuronic acid pool will not be depleted. If these pools are not depleted, APAP will be
conjugated to APAP-G and APAP-S at a higher rate and this will result in a lower proportion of APAP
undergoing glutathione (GSH) conjugation. This could indicate that modulating the gut microbiota
through AB treatment and thus decreasing production of p-cresol could serve to prevent sulfation

depletion and drug toxicity.

In the HT group, urinary APAP-G excretion was higher compared to APAP-S, suggesting a higher rate
of glucuronidation compared to sulfation. This was confirmed by plotting the S/G ratio of both p-cresol
and APAP (Figure 5-7.a), which both demonstrated ratio values inferior to one (indicating a higher
proportion of glucuronide-conjugate compared to sulfate-conjugate). Interestingly, inverse
relationship was observed between the APAP-S/APAP-G ratio and the pre-treatment pCS
concentration in the control group, which is in accordance with a previous study in humans (Clayton
et al., 2009). However, this inverse association was not observed in the HT group, likely due to the
saturation of conjugation enzymes in the HT animals, as described above. Similarly, no significant
difference was observed in the pCS/pCG ratio between the HT and the control groups. As previously
discussed, pCS/pCG ratio was found to significantly increase in the AB group compared to the HT and
control groups, due to lower level of p-cresol produced, which allow the sulfation capacity to be
preserved compared to the HT and control group and this increase pCS/pCG ratio. The clinical
significance of this finding may be that phase Il drug metabolism could be different in individuals
consuming large and stable amounts of tyrosine over a long period of time (e.g. from a high meat diet)
compared to individuals consuming lower amounts of tyrosine (e.g. from a plant based or vegan diet).
However, this observation was not confirmed by the results reported herein. Similar pCS
concentrations were observed in the HT group compared to the control group, and high inter-animal
variability was observed in the HT group. Saturation of the enzymes responsible for p-cresol
production could explain this observation and thus longer exposure to high-tyrosine diet might be
needed to entrain the microbiome onto this substrate and see marked increases in p-cresol

production.
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The fact that this was not observed in the HT diet is related to inter-animal variation, which was
noticed in the concentrations of most of the metabolites. Indeed, pCS concentration was fairly uniform
within the control group as well as within the AB group but presented huge inter-variability in the HT
animals, potentially due to variability in the microbiota of the animals and its adaptation to the HT
diet. The results were consistent throughout as the same animals showed consistently high metabolite
concentrations compared to other animals. These higher concentration values were not considered
as outliers in this study as this could have a deeper biological implication, most likely involving the
difference in microbiota composition among animals and their ability to adapt to the HT diet over a

short period of 2 weeks.

5. Conclusion

The HT diet did not produce a model with increased pCS and pCG excretion as expected and previously
reported (Shiba et al., 2014). This could be explained by the 2014 study providing the control animals
with a tyrosine-free diet (0 % against 0.98 % in the study reported herein). However, as total removal
of tyrosine from the diet would not represent a realistic dietary condition and could induce a metabolic
deficiency, potentially adding a bias in the experiment, this option was not considered. Administration
of the HT diet through a longer period of time than two weeks might allow the microbiota to adapt
further and allow a higher production of pCS and/or pCG. This study still provides an insight into the
competition between APAP conjugation metabolism and pCS when looking at the control diet group.
This allows the previous hypothesis by (Clayton et al., 2009) to be confirmed suggesting a higher
concentration of p-cresol would promote APAP glucuronidation over APAP sulfation, meaning that p-
cresol depletes the host sulfate pool. Our results suggest that when the concentration of p-cresol is

IM

low or “normal”, pCS can be used as a sensitive marker of APAP metabolism and toxicity. However,
this marker is lost when the system producing p-cresol and its conjugates is saturated by high amounts
of dietary tyrosine. This study has a major clinical significance pertaining to the threat posed by
incomplete APAP conjugative metabolism leading to the production of toxic APAP metabolites in liver
eventually causing hepatotoxicity. This study could be further extended to study gut tissues and gut
contents, as well as gall bladders, kidneys, muscles and brains, as APAP and p-cresol metabolism also
involves a complex inter-organ communication as the metabolites are drained into circulation or bile
for further distribution or elimination. Amplicon sequencing of the faecal contents could also be
performed to explore (1) the impact that APAP has on the gut microbiota and (2) perform correlative

study between microbial profiles and pCS production, which could potentially explain the extensive

inter-animal variability by an increase presence of specific bacteria.
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Chapter 6. Investigating the metabolic
perturbations induced by the selective
inhibition of bacterial B-glucuronidases,
enzymes known to influence drug
toxicity

Aim:

» Explore the impact of selectively inhibiting bacterial B-glucuronidases in the gut on the
host metabolic phenotype.

Objectives:

> 'H NMR spectroscopy and UPLC-MS will be used to measure the metabolic profiles of the
liver, gall bladder, and colon, as well as colon contents, faeces, plasma, and urine of mice
treated with a targeted bacterial B-glucuronidase inhibitor and compared to those of

control animals.

> Assess the possibility of using this inhibitor to selectively manipulate the activity of the gut
microbiome to limit the toxicity induced by bacterial B-glucuronidases during irinotecan

chemotherapy.
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1. Introduction

Irinotecan, also called CPT-11, is a common chemotherapeutic treatment for colorectal cancer, and it
is also part of the first-line regimen for pancreas cancer. It is a prodrug which is activated by the host
carboxylesterase in the systemic circulation to its active form, SN-38. This active form targets
topoisomerase | which regulates DNA synthesis in tumour cells. When the active form of irinotecan
reaches the liver, it is conjugated with a glucuronide group by a UDP-glucuronosyltransferase which
inactivates the drug and facilitates its elimination through the bile (Gupta et al., 1994). Once
transported into the Gl tract the glucuronide group on the inactivated drug can be hydrolysed by
bacterial B-glucuronidase enzymes liberating the active form of the drug (SN-38) in the gut (Figure 6-
1). The release of SN-38 into the Gl tract causes severe intestinal toxicity (Tobin et al., 2003; Stein et
al., 2010), such as diarrhoea and often results in the discontinuation of the treatment (Mathijssen et

al., 2001; Ma and MclLeod, 2003).
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Figure 6-1. The metabolism of irinotecan (CPT-11). It is first activated into the active metabolite SN-38 followed
by its conjugation with UGT producing SN38-glucuronic acid (SN-38G). SN-38G reaches the intestines where
bacterial B-glucuronidase cleaves the glucuronic acid, releasing the aglycone SN-38 into the Gl tract and causing
severe adverse drug reactions (Wallace et al., 2010).
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Cleavage of the glucuronide group provides the bacteria with a source of carbon and this is a clear
example of how microbial enzymatic activity can impact on host drug metabolism and dramatically
increase the toxicity of irinotecan. Given the key role of the gut microbiota in potentiating this toxicity,
with implications for treatment strategies, manipulation of this microbial metabolism may enable this
toxicity to be attenuated allowing higher doses to be administered and the efficacy to be improved.
Inhibition of bacterial B-glucuronidases has been explored using antibiotic treatment, which blocks
bacterial B-glucuronidase activity but also non-selectively transforms the overall structure and
diversity of the gut microbiota, which may have broad implications for the immune system, barrier
against pathogens (including nosocomial infections) and loss of beneficial metabolites arising from the
microbiome. The potential effects on the immune system of the patient are an area of concern for
patients with colorectal cancer. This lack of selectivity led Wallace et al., 2010, to screen a chemical
library to find an inhibitor specific to this bacterial enzyme. Four candidate compounds were found to
potentially inhibit the bacterial enzyme and Inhibitor 1 has been characterised as the most potent and

selective inhibitor after molecular modelling (Figure 6-2.C).
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Figure 6-2. Results of the high-throughput screening of a chemical library to underline compounds able to
inhibit bacterial B-glucuronidase enzyme. (B) Crystal structure of the B-glucuronidase encoded by Escherichia
coli. (C) Inhibitors 1 to 4 which were found to successfully inhibit bacterial B-glucuronidase follwing high-
throughput screening (Wallace et al., 2010).
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In mice this inhibitor was found to significantly limit adverse drug reactions induced by irinotecan
(Figure 6-3) and also to prevent changes in the abundance of Enterobacteriacea caused by this
compound (Bhatt et al., 2020). Also, no variation has been observed in the PK profile of irinotecan and
its metabolites when co-administrated with the B-glucuronidase inhibitor (Wallace et al., 2015). This
inhibitor was later found to be more efficient for Firmicutes and Proteobacteria B-glucuronidases and
ineffective for B-glucuronidases from Bacteroidetes fragilis (Wallace et al., 2015). This highlights
diversity in the B-glucuronidases across different species. Bacterial B-glucuronidase enzymes also
impact other xenobiotics, such as non-steroidal anti-inflammatory drugs (NSAIDs- LoGuidice et al.,
2012) and heterocyclic aromatic amines (HAs- Humblot et al., 2007). Targeted inhibition of bacterial
B-glucuronidases is an attractive approach to limit adverse drug reactions induced by these enzymes

during the course of several therapeutic treatments whilst preserving the overall structure of the gut

microbiome.
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Figure 6-3. Decreased toxicity of irinotecan (CPT-11) in the presence of the first inhibitor of B-glucuronidase
(Inhibitor 1). (A) Bloody diarrhoea percentage in vehicle mice and inhibitor 1 mice (0 %), in CPT-11 treated mice
(starting from ~ 5 % at day 8 following the treatment and reaching 100% at day 10) and in CPT-11 + inhibitor 1
treated mice (< 25 %). (B) Histologic score of distal and proximal colon, showing a significant difference between
the mice treated only with CTP-11 and the one treated with CPT-11 + inhibitor 1. (C) Colon histology showing
that the co-administration of inhibitor 1 with CPT-11 protect the damage that can be induced by administration
of CPT-11 on its own, as the structure of the colon tissue in the co-administrated mice is more similar to the one
observed in the vehicle or inhibitor 1 treated mice (Wallace et al., 2010).
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While inhibitors of B-glucuronidase have been demonstrated in mice to prevent ADRs from CPT-11
(Wallace et al., 2010), there is currently limited understanding of the influence of these bacterial
enzymes on wider host metabolism. This work aims to understand the downstream impact of
inhibiting bacterial B-glucuronidases on host metabolic pathways. Following previous research from
Redinbo and co-workers, the scaffold of the inhibitor of B-glucuronidase has been improved and the
optimised inhibitor is termed Inhibitor 9 (Inh-9, Figure 6-4; Pellock et al., 2018). To determine the
effect of the Inh-9 on the metabolic profile of the murine host it has been administered without
irinotecan, which can induce further metabolic changes and make the understanding more complex.
Three oral doses of 20 pg of Inh-9 were administered to mice at 0, 24, 48 h (n = 8/group) and compared
to a group of seven control mice that did not receive the inhibitor. Urine and faecal samples were
collected from each animal pre-dose and at 24 and 48 h. After a wash-out period of 48 h, the mice
were euthanized 96 hours after the start of the study. At necropsy, plasma, colon, colon contents, liver
and gall bladder were collected. On these samples, *H NMR spectroscopy and/or UPLC-MS analysis

were performed.

Figure 6-4. Structure of the inhibitor 9 (Inh-9), which inhibits the bacterial B-glucuronidase.
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2. Experimental Section

2.1. Chemicals

Dimethyl sulfoxide (DMSQO) was purchased from Hybri-Max (US). Analytical reagent grade formic acid
and optima LC-MS grade water with and without 0.1% formic acid were obtained from Fisher Chemical
(Loughborough, UK). Acetonitrile (ACN), methanol (MeOH) and isopropanol (IPA) were purchased
from Honeywell (Seelze, Germany). For UPLC-MS mass accuracy and calibration, leucine enkephalin
acetate salt hydrate and sodium formate, as well as sodium azide for faecal sample preparation were
obtained from Sigma-Aldrich (Gillingham, U.K.). The B-glucuronidase inhibitor Inh-9 was provided by
Professor Matthew Redinbo from the University of Carolina at Chapel Hill. The molar mass of the

compound is 447.98 g/mol.

2.2. Study design
Fifteen C57/BL6 mice were weighed, and pre-treatment urine and faecal samples were collected
before eight of the mice received their first dose of 20 pg of Inh-9 per oral gavage (dissolved in DMSO
at a concentration of 2 mg/mL prior to being diluted with sterile 0.9 % saline and pre-warmed). Control
mice received a vehicle solution (sterile 0.9 % saline solution). The distribution of the animals in the
cage was as follows: a first cohort was composed of two cages (two females in the first one, 10 weeks
old, treated with the vehicle solution; two females in the second cage, 10 weeks old, treated with Inh-
9); a second cohort was composed of 6 cages (one with two females, 10 weeks old, treated with the
vehicle solution; one with two females, 10 weeks old, treated with Inh-9 solution; one with one male,
8.5 weeks old, treated with the vehicle solution; one with two males, 8.5 weeks old, treated with Inh-
9; the next with two males, 10 weeks old, treated with the vehicle solution; and finally one with two
males of 10 weeks old, treated with Inh-9). When available, urine and faecal samples were then
collected at 24 h and 48 h, just prior to the second (at 24 h) and third (at 48 h) administration of the
inhibitor or saline solution. After a wash-out period of 48h after the last treatment, urine and faeces
as well as plasma, liver, colon tissues, colon contents and gall bladders were collected at 96 h.

Collection of the samples was made in the same order as the animals were treated.
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2.3. 'H NMR spectroscopy sample preparation

Urine samples were thawed, vortexed and centrifuged at 10,621 g for 10 minutes at 4°C, before being
diluted (1:1) with 30 pL urine buffer (1.5 M KH,PO4, 2 mM NaNs3, 1 % TSP solution, pH = 7.4) and mixed
(Dona et al., 2014). The samples were centrifuged at 20,783 g for 10 minutes at room temperature
and 50 pL were transferred into a capillary NMR tube (1.7 mm). Plasma samples were thawed,
vortexed and mixed in a 1:1 ratio with 100 pL of plasma buffer (0.075 M NaH;PO4, 2 mM NaNs, 1 %
TSP solution, pH = 7.4) (Dona et al., 2014). The samples were centrifuged for 5 minutes at 15,294 g at
4 °C and 180 pL was transferred into 3mm NMR tubes. Liver and colon tissues were thawed on ice.
Approximately 20-30 mg of each sample was weighed and placed into special bead beating tubes. A
volume of 300 uL of CHCI;:MeOH (2:1) was added, as well as ~100 pL of 1 mm Zirconium beads before
vortexing and two cycles of bead beating (40 s at 6,500 Hz speed- Percellys bead beater). A volume of
300 pL of H,0 was added to the homogenate before centrifugation at 20,783 g for 10 minutes at room
temperature. The organic and aqueous layers were carefully separated by pipette before the addition
of 300 pL of CHCl;:MeOH (2:1) and 300 pL of H,0. Each sample was vortexed and centrifuged again,
and each of the layers separated and combined with the corresponding previous one. Organic extracts
were left under the fume hood overnight and aqueous extracts were dried using the Savant vacuum
concentrator (180 min, 45°C, V-AQ mode). Dried extracts were stored at -40°C until the day of the
analysis, during which the aqueous extracts were thawed, resuspended in 700 pL of D,0:H,0 (9:1, 1
mM TSP), vortexed and centrifuged at 6,797 g for 10 minutes at 4°C. A volume of 600 uL was then

transferred into 5 mm NMR tube.

2.4. UPLC-MS sample preparation

The urine samples were prepared according a published method (Gray et al., 2016). Briefly, the
samples were thawed and vortexed, before being mixed with cold MeOH (1:3), vortexed and stored
overnight at -20°C. A 10 minute centrifugation at 4°C, 14,000 g was then performed, before a 1:10
dilution of the supernatant with H,0 in 96 well-plates, which was centrifuged just before the UPLC-
MS analysis. Sample were analysed in in a randomized order. If available, a biological duplicate was

prepared.
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Liver samples were prepared as indicated in a previous method (Want et al., 2013). Briefly, samples
were thawed and a first replicate of 50.04 mg (+/-0.30 mg) was collected followed by a second
replicate of 50.10 mg (+/-0.30 mg). Zirconium beads (~100 uL) and 1.2 mL of cold MeOH:H,0 (1:1)
were then added to the samples before homogenisation with two cycles of Percellys bead beater (40
seconds, 6,500Hz), centrifugation at 10,000 g (10 min, 4°C) and the supernatant (250 uL) was
collected. A pooled sample was also prepared for quality control purposes. All the samples were
concentrated overnight under nitrogen flow at room temperature and the dried extracts were kept at
-40 °C until the day of the UPLC-MS analysis. The same protocol was applied for the colon tissue
preparation, with the exception of a volume of 1.5 mL of cold MeOH: H,0 (1:1) instead of 1.2 mL to
48.93+/-3.18 mg. Also, the limited quantity of the samples available did not allow the preparation of
biological replicates, but technical replicates were analysed. The gall bladders were collected and
frozen intact. The gall bladder metabolite extraction was then performed on the entire organ, which
presented very small and variable weights (1.93 +/- 2.26 mg), by keeping the ratio 0.8 mg: 200 uL of
cold MeOH: H,0 (1:1). The rest of the protocol was the same as for the liver or colon tissues metabolite
extraction. The liver and colon tissue extracts were resuspended in 120 pL of MeOH: H20 (1:1), while
the gall bladders were resuspended into 43.5 L, before to being vortexed, centrifuged (5 min, 20,783

g, room temperature), randomised and analysed.

Faeces and colon contents were prepared in a similar way as the liver tissues. Although the solvent
used for the metabolite extraction was H,0 with 3.3 mM NaNs to prevent bacterial overgrowth, and
the weight of the samples was variable with some samples providing less than 10 mg of material. The
volume of the solvent used was by consequence adapted to the weight of each sample maintaining a
ratio of 50 mg sample: 1.1 mL of solvent. The homogenisation was made with two cycles of Percellys
bead beater (40 seconds, 6,500Hz), followed by a centrifugation at 13,000 g (20 min, 4°C).
Supernatants were collected before to repeat the bead beating steps with another volume of H,0
(3.3mM NaNs) to optimize metabolite extraction. After centrifugation, both supernatants were
combined, and the resultant aqueous extracts were kept at -40 °C until the day of the analysis.
Concentration of the samples under nitrogen flow overnight was done, before re-suspending in
MeOH: H,0 (1:1), in proportion to the ratio 50 mg of initial sample: 528.9 L, vortexed, centrifuged (5

min, 20,783 g, room temperature) and analysed.
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2.5. 'H NMR spectroscopic analysis

The *H NMR analysis was performed on a Bruker 600 MHz spectrometer (Bruker Biospin,
Karlsruhe, Germany) operating at 300K. The parameters of the acquisition were as previously
reported for urine, serum and plasma (Dona et al., 2014). Standard 1D Noesy experiments
were performed for all samples except plasma incorporating a water pre-saturation step. For
the plasma samples, a Carr-Purcell-Meiboom-Gill (CPMG) experiment was performed with
water pre-saturation. For the tissue samples, 64 scans were acquired after 4 dummy scans for
each sample, and 4 dummy scans were followed by 32 scans for the urine and plasma
samples. The acquisition was imported into Matlab (version R2014a, The Mathworks Inc.).
The residual water region was removed (6 4.82 + 0.15). For the urine dataset, the urea (6 5.92
+ 0.24) and DMSO signals (6 3.18 £ 0.02 and § 2.73 + 0.02) were removed. The urine and the
liver datasets were normalised using the probabilistic quotient method before manual
alignment of the spectral data. The colon tissues and plasma datasets were not normalised.
Principal Components Analysis (PCA) was performed for each dataset to identify any outliers.
One plasma spectrum from a control mouse was identified as an outlier due to its 'H NMR
spectra being off and the difficulty to align it properly to the *H NMR spectra of the other
samples and was removed from future analyses. For the urine dataset, mean-centring and
Pareto scaling were applied. For the plasma, liver and colon tissues, the datasets were mean
centred only. Metabolite annotation was performed by database comparison (in-house
libraries and Chenomx Suite) as described in the analytical background chapter. The -logio(q
value) of the metabolites successfully annotated by UPLC-MS were used to generate
heatmaps, as explained in the analytical background chapter as well, in the aim to visually
assess their variation in the mice group treated with the inhibitor compared to the control

mice group.

2.6. UPLC-MS analysis

Analysis was performed as previously reported (Lewis et al., 2016) on a Waters Acquity I-class
UPLC system (Waters Corp., Milford, MA) with separation on an HSS T3 1.8 uM column (2.1
mm i.d. x 150 mm). The temperature of the column was set at 45 °C with the autosampler

temperature at 4 °C. The volume of sample injected was 1 pL. The mobile phase used was
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water with 0.1 % of formic acid (solvent A) and acetonitrile with 0.1 % of formic acid (solvent
B). The initial mobile phase composition was composed of 99 % of A with a flow rate of 0.6
mL/min. The proportion of solvent B was set to increase from 1 % at 0.10 min to reach 55 %
at 10 min. The percentage of solvent B was then gradually increased in 0.15 min intervals of
10% before 100 % was reached at 10.70 min. This solvent composition was maintained as for
0.95 min as a wash step followed by a re-equilibration step of 2 min with 99 % of solvent A
(total run time 12.65 min). Volumes of 1000 pL of weak wash solvent (H20: ACN 3:1) and of
1000 pL of strong wash solvent (IPA) were used. Fifteen QC pool samples were used at the
beginning of each matrix analysis to condition the column (Gika et al., 2007; Broadhurst et al.,
2018) and a QC was injected every 5 samples throughout the analysis to monitor its
repeatability.

The Acquity UPLC-MS system was interfaced with the Waters Xevo G2 Q-ToF mass
spectrometer (Waters Corp., Wilmslow, U.K). In positive electrospray ionization (ESI +), the
capillary voltage was 1.5 kV, the source temperature was set at 120°C, the cone gas flow was
50 L/h, the desolvation gas temperature was 600 °C and the desolvation gas flow was 1000
L/h. The same parameters were applied to negative electrospray ionization (ESI -), apart from
the capillary voltage which was 1 kV, and the cone gas flow which was 100 L/h. The acquisition
was carried out over the m/z range 50-1200. Centroid mode with MSE acquisition was applied
to the experiment with a RAMP collision energy going from 15 to 45 eV. Leucine encephalin
(MW =556.27 Da, 200 pg/uL in ACN:H,0 1:1) was infused for mass accuracy at a flow rate of 10
uL/mL with scan acquisition every 60 seconds. The data were collected using MassLynx V 4.1
(Waters Corp., Manchester, U.K.).

The raw datafile were firstly imported on R and converted into mzML format using
ProteoWizard 3.0. The pre-processing of the data was performed with an XCMS script (Smith
et al., 2006). The peak picking was performed using centWave method (parameters adapted
according raw data exploration). Peak grouping was performed using the nearest method.
Normalisation of the datasets was performed using median fold change normalisation and
filtered based on the coefficient of variation of each variable, using a threshold of 20 %
compared to the QC pool sample. The percentage of null values compared to the total number
of features detected was of 0.009 % of the dataset. Investigation of the influence of the
features across the dynamic range of each model was carried out following different

transformation/scaling in order to know which one was the most adapted to homogenise the
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influence of all the features. Mean-centring and logio-transformation, with an offset of 20,
were found to fulfil the most this requirement. Unsupervised analyses were performed using
SIMCA 14.1 (Umetrics, Umea, Sweden) in order to assess the presence of outliers. Supervised
analyses were performed in Matlab R2018a to produce covariate-adjusted projection to
latent structures discriminant analysis (CA-PLS-DA) of all the samples (control vs Inh-9)
excluding the pre-dose for urine and faeces and at 96 h for the rest of the matrices (Posma et
al., 2018). Supervised models were in consequence adjusted for any bias which could have
been introduced due to cohort, sex, age, cage or replicate cofounders. The goodness of fit
and the predictable power of each PLS-DA model was assessed by studying the R? and Q?
values (respectively), which were both set to be above 0.05 and 0.01, respectively. Wilcoxon
rank sum test was used to calculate a p-value and to estimate the significance of the
separation along the unique component of the models. If the p value was found to be
significant (a < 0.05) and the skyline significance plot reported features having a Q-value (P-
value corrected by a multiple testing based on the Benjamini-Hochberg method (Benjamini
and Hochberg, 1995) with a false discovery rate of 5%) after a Monte-Carlo Cross-Validation
(MCCV, using 100 rounds and a partitioning of 5) below 0.05, then these features were
selected for metabolite identification. Features found to significantly influence the model
were putatively annotated using different approaches. Initially, a correlation script was used
to highlight features derived from the same metabolite (isotopes, adducts, dimers, etc..).
Features were also matched with the m/z and the retention times of the compounds in the
National Phenome Centre (NPC) in-house database acquired with the same method applied
here (Lewis et al., 2016) to help the putative annotation of the observed features. In addition
features were also matched with online databases (HMDB, Metlin and LipidMaps) using CEU
Mass Mediator (Gil de la Fuente et al., 2018), by comparing the [M+H]*, [M+H-H,QO]*, [M+Na]*
or [M+K]* adducts for ESI+ datasets and [M-H] and [M+Cl]- and [M-H-H20O]" for ESI- datasets,
as well as the main fragments. The -logio(q value) of the metabolites successfully annotated
by UPLC-MS were used to generate heatmaps, as explained in the analytical background
chapter, in the aim to visually assess their variation in the mice group treated with the
inhibitor compared to the control mice group. Molecular networks were also generated in
MetExplore (online version 2.22.24, (Cottret et al., 2010)), based on the BioSource Mus
Musculus iS51393 (MetExplore ID 5677) in which some of the compounds identified had to

be implemented based on their CHeBI or KEGG identifier.
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3. Results

'H NMR spectroscopy was performed on plasma and urine samples and tissue extracts from
the colon and the liver. All the collected matrices except plasma (urine, faeces, colon
contents, colon tissues, liver and gall bladders), were analysed by reversed-phase untargeted

UPLC-MS in both positive and negative ESI modes (Table 6-S1).

3.1. Plasma samples
Unsupervised analyses performed on the 'H NMR spectroscopy dataset of the plasma
samples did not show any sign of clustering by treatment group (Figure 6-S1). Supervised CA-
PLS-DA analysis and Wilcoxon rank sum test used to analyse the significance of the treatment
group separation along the predictive component of the models showed no significant
difference (a < 0.05) between the groups for the plasma samples measured by 'H NMR

spectroscopy (Figure 6-5).

3.2. Liver tissue
Unsupervised analyses performed on the *H NMR spectroscopic and UPLC-MS datasets of the
liver extracts did not reveal any metabolic variation between the animals treated with the B-
glucuronidase inhibitor and the animals treated with the saline solution (Figure 6-S1).
Supervised CA-PLS-DA analysis and Wilcoxon rank sum test used to analyse the significance
of the separation on the predictive component of the models showed no significant difference
(o < 0.05) for either the 'H NMR spectroscopy or the UPLC-MS ESI- datasets of the liver
extracts (Figure 6-5). A significant difference was observed in the hepatic metabolic profiles
measured by UPLC-MS ESI+ (p = 0.002), although following Monte-Carlo cross-validation and
false positive discovery rate correction, no significant features were positively associated with

this separation (Figure 6-5).

3.3. Gall bladder tissue
Unsupervised analyses performed on the UPLC-MS datasets of the gall bladders did not show
any sign of clustering by treatment group (Figure 6-S1). Supervised CA-PLS-DA analysis and
Wilcoxon rank sum test used to analyse the significance of the treatment group separation
along the predictive component of the models also showed no significant metabolic variation
in the gall bladder profiles (a < 0.05) between the treatment groups measured by UPLC-MS
ESI+ and UPLC-MS ESI- (Figure 6-5).
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Figure 6-5. CA-PLS-DA score plots and the kernel density estimation (KDE) obtained for the plasma, liver tissue
and gall bladder samples. The analysis performed on the UPLC-MS ESI+ (p = 0.001), the UPLC-MS ESI- (p = 0.938)
and the 'H NMR spectroscopic (p = 0.613) datasets of the liver extracts are represented on the left panel. The
analysis performed on the UPLC-MS ESI+ (p = 0.694) and the UPLC-MS ESI- (p = 0.463) datasets of the gall
bladders and on the H NMR spectroscopic (p = 0.535) dataset of the plasma samples are reported on the right

panel. Each dot represents a sample and the black colour represents samples from the control group while the
red colour represents samples from the animals treated with the inhibitor.
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3.4. Colon tissue

For the colon tissue extracts, no separation was observed between the treatment groups
based on the unsupervised analyses performed on the 'H NMR spectroscopic and UPLC-MS
datasets (Figure 6-S2). Supervised CA-PLS-DA analysis in combination with the Wilcoxon rank
sum test showed that there were no significant differences (a < 0.05) between the colon
profiles from the two treatment groups in either the 'H NMR spectroscopic or the UPLC-MS
ESI- datasets (Figure 6-6). A significant difference was observed for the UPLC-MS ESI+ dataset

of the colon tissue extracts (p = 2.75x10 - Figure 6-6).
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Figure 6-6. CA-PLS-DA score plots with the kernel density estimation (KDE) obtained for the colon tissue
extracts. The analysis performed by 'H NMR spectroscopy (p = 0.152) are reported on the top left panel and by
UPLC-MS ESI- (p = 0.245) dataset reported on the top right panel. The bottom panel shows the CA-PLS-DA score
plot of the UPLC-MS ESI+ (p = 2.75x10#) colon tissue extracts dataset with the KDE on the left side. For the score
plots, each dot represents a sample and the black colour represents samples from the control group while the
red colour represents samples from the animals treated with the inhibitor. The Skyline significance on the right
side of the bottom panel, displaying features found to be significantly differ between the metabolic profiles of
the mice treated with the B-glucuronidase and the control animals. Features coloured in red if they increased in
the treated animals and in blue if they decreased in the treated animals compared to the vehicle-dosed animals
(o< 0.05).
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For the UPLC-MS datasets, putative metabolite annotation following successful deconvolution and/or
in-house database and on-line database matching was performed on features found significantly
changed following bacterial B-glucuronidase treatment for colon tissues in ESI+ mode (Table 6-S2).
The relative changes in the putatively annotated metabolites (increased or decreased) following the
treatment is represented in Figure 6-7. An increase in the fatty-acid tetracosahexaenoic acid was
observed in colon tissues. Changes were observed in bile acid species in the colonic tissue with
nutriacholic acid increased with the inhibitor as well as a mild increase in glycocholic acid compared
to the control animals. Overall, an increase was found for all the molecules annotated in the colon
tissues of the treated animals, with the most significant increase in 4-(2-aminophenyl)-2,4-
dioxobutanoate, nutriacholic acid, N-acetyl leucine, glycocholic acid, tetracosahexanoic acid, NG,NG-

dimethyl-arginine and a slight increase in tyrosine (Figure 6-7).

Colon tissues ESI RP +

4-(2-aminophenyl)-2,4-dioxobutancate W
nutriacholic acid
n-acetylleucine
glycocholate
tyrosine

G.NG-dimethyl-L-arginine
tetracosahexanoic acid .

Figure 6-7. Heatmap of the metabolites annotated as impacted by the Inh-9 treatment by UPLC-MS ESI RP +
in the colon tissues. The colours represent the -logio(q values) x the Manhattan sign obtained in the CA-PLS-DA
models, which allow to assessment the increase (red) or the decrease (blue) of a metabolites in the animals
which received the inhibitor treatment compared to the control animals.

3.5. Colon contents

No significant variation was observed in the UPLC-MS ESI- metabolic profiles of the colon contents
between the treatment groups (Figure 6-S2). However, a significant difference was observed for the
CA-PLS-DA model built on the UPLC-MS ESI+ dataset of the colon (p = 5.76x10*, Figure 6-8). Treated
animals had a lower abundance of features with a m/z between 50 to 600 mainly, eluting up to 8
minutes into the analysis (n = 255), and an increase in features having a m/z ~ 650 Da eluting after 8

minutes (n = 57).
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Figure 6-8. CA-PLS-DA score plots and KDE for the models performed on the faecal and colon content extracts.
UPLC-MS ESI- datasets of the faecal extracts (p = 0.981) is reported on the top left corner and of the colon
content extracts (p = 0.463) on the top right corner. Middle panel shows the CA-PLS-DA score plots and the
Skyline significance obtained from the UPLC-MS ESI+ dataset obtained on the colon content extracts (p =
5.76x10%) and bottom panel shows the UPLC-MS ESI- dataset obtained on the faecal extracts (p = 7.17x10%). On
the score plots, each dot represents a sample and the black colour represents samples from the control group
while the red colour represents samples from the animals treated with the inhibitor. The Skyline significance
plot displays features found to significantly differ between the metabolic profiles of the mice treated with the
B-glucuronidase and the control animals. Features coloured in red if they increased in the treated animals and
in blue if they decreased compared to the vehicle animals (a < 0.05).
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Putative metabolite annotation following successful deconvolution and/or in-house database and on-
line database matching was performed on features found to be significantly changed following
bacterial B-glucuronidase treatment for colon contents in ESI+ mode (Table 6-S3). The relative changes

in the putatively annotated metabolites (increased or decreased) following treatment is represented

in Figure 6-9.
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Figure 6-9. Heatmap of the metabolites identified as impacted by the Inh-9 treatment by UPLC-MS ESI RP + in
the colon contents. The colours represent the -logio(q values) x the Manhattan sign obtained in the CA-PLS-DA
models, which allow to assess the increase (red) or the decrease (blue) of a metabolites in the animals which
received the inhibitor treatment compared to the control animals.
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Similar to colon tissues, changes in lipid-like molecules were also observed, such as the decrease in
the fatty-acid tetracosahexaenoic acid in colon contents (which increases in colon tissues), as well as
the decrease of the vitamin D derivative tetranor-23-oxohydroxyvitamin D3. The phosphatidic acid
PA(10:0/8:0) was also annotated and found to be reduced in the treated mice compared to the control
animals. Overall, only nutriacholic acid, 4-(2-aminophenyl)-2,4-dioxobutanoate and glucosamine
phosphate was also found to be significantly increased in the treated group compared to the control
group (Figure 6-9). Several dipeptides and tripeptides were also annotated (glycyl-proline, prolyl-
tyrosine, leucyl-valine, prolyl-isoleucine, glycyl-lysyl-tyrosine, seryl-isoleucyl-leucine, phenylalanyl-
leucine, prolyl-tryptophan, arginyl-glutamyl-arginine, tryptohan-leucine) and were found to all
decrease in the animals treated with the B-glucuronidase inhibitors compared to the controls. The
same observation can be drawn for the indoles, such as indole-3-carbaldehyde and indole acrylic acid
which were both found to decrease in the colon contents of the treated animals. Various compounds
were also reduced in the treated group compared to the control group, such as leucine,

deoxyguanosine, uridine, tyrosine, hypoxanthine, glutamate, formino-glutamic acid, or serotonin.

3.6. Faecal samples

No difference was also observed in the PCA scores plot comparing the faecal profiles measured by
UPLC-MS ESI-. However, modest clustering was observed between the faecal samples of the treated
animals compared to the control animals in the UPLC-MS ESI+ dataset (Figure 6-S2). This observation
was confirmed by the supervised CA-PLS-DA analysis and Wilcoxon rank sum test (a < 0.05). A
significant difference was seen in the CA-PLS-DA model built on the UPLC-MS ESI+ dataset from the
faecal samples (p = 7.17x10%, Figure 6-8). Surprisingly, metabolite annotations were not possible as
all the features found to have been significantly affected by the treatment appeared to be lipids, in
particularly sterol lipids (data not shown). Unfortunately, the metabolite extraction, as well as the
UPLC-MS RP method were both optimised for small molecules observation rather than lipids.
Therefore, the metabolite annotation was difficult and the confidence in the annotation was too low

to be reported.
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3.7. Urine samples

For the urine metabolic profiles measured by *H NMR spectroscopy and UPLC-MS, a separation was
observable in the PCA score plots, but it was subsequently attributed to the sex of the animals, rather
than inhibitor treatment (Figure 6-10). Indeed, metabolite identification by *H NMR spectroscopy
showed that this separation was due to trimethylamine (TMA) and trimethylamine-N-oxide (TMAO)

(loading plot, Figure 6-10).
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Figure 6-10. Unsupervised analysis performed on the UPLC-MS and 'H NMR spectroscopic urine sample
dataset. PCA score plots obtained by both UPLC-MS ESI+ and UPLC-MS ESI- of the urine samples as well as the
PCA score plot obtained by H NMR spectroscopy for the urine sample and the loading plot and showing the
metabolites driving the separation along principal component 1. The loading plots linked to the NMR PCA
showed that the separation between male and female mice was due to higher concentrations of TMAO in
females and of TMA in males.

The CA-PLS-DA models adjusted for cofounders that could bias the model, such as sex, indicated
significant metabolic variation related to inhibitor treatment, for the 'H NMR spectral profiles (p =
0.005), the UPLC-MS ESI+ (p = 2.67x10°) and the UPLC-MS ESI- (p = 4.55x10°®) datasets of the urine

samples (Figure 6-11).
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Figure 6-11. Supervised analysis performed on the UPLC-MS and *H NMR spectroscopic urine sample dataset.
CA-PLS-DA models obtained for both UPLC-MS ESI+ (p = 2.67x10°®) and UPLC-MS ESI- (p = 4.55x10°®) datasets are
reported in the top and middle panel respectively and the CA-PLS-DA model obtained for the 'H NMR
spectroscopic (p = 0.005) dataset is reported on the bottom panel. The left side shows the score plots and the
right panel the skyline significance. On score plots, each dot represents a sample and the black colour represents
samples from the control group while the red colour represents samples from the animals treated with the
inhibitor. The Skyline significance plot displays features found to significantly differ between the metabolic
profiles of the mice treated with the B-glucuronidase inhibitor and the control animals is reported on the right
side of each panel. Features are coloured in red if they increased in blue if they decreased in the treated animals
compared to the vehicle-dosed animals (a < 0.05 for UPLC-MS and a < 0.1 for 'H NMR spectroscopy).

Putative metabolite annotation of features found significant changes following bacterial -
glucuronidase treatment for urine samples analysed by both *H NMR spectroscopy, and UPLC-MS in

ESI+ mode (Table 6-S3) and ESI- mode (Table 6-S4). Urinary variation (increase or decrease) of the
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metabolites successfully annotated in the treated mice compared to the control is reported in Figure
6-12. 'H NMR spectroscopy results show increases in TMAO, 3-indoxyl sulfate (3-IS),
phenylacetylglycine (PAG), orotate, hippurate, p-cresol sulfate (pCS) and p-cresol glucuronide (pCG) in
the animals that received the B-glucuronidase inhibitor, as well as a decrease in the excretion of
creatinine, TMA and trans-aconitate. Similarly, to *H NMR spectroscopy, UPLC-MS ESI- results showed
an increase in PAG, pCS and pCG in the urine of the treated mice, along with phenyl glucuronide and
allantoin. In the urine ESI+ dataset, hydroxyprolyl-methionine, N-acetyl glutamine and N-acetyl lysine
were the annotated compounds found to be significantly higher in the treated mice compared to the
controls. Similarly, to the colon tissue and the colon contents, 4-(2-aminophenyl)-2,4-dioxobutanoate
was found to be increase in both ionization modes. However, the dipeptide glycyl-proline was found
to increase in the urine of the treated group were found to increase in urine while it was found to
decrease in the colon contents. A larger number of compounds were found to be decreased in the
treated animals based on the urine ESI+ dataset, such as uridine and leucine (similar to colon
contents), NG,NG-dimethyl-arginine (found to increase in to colon tissues), tyrosine (found to
decrease in colon contents but increase in colon tissues), as well as trigonelline, biotin,
hexanoylglycine and octenoylglycine, glycyl-aspartate, or 3-hydroxyanthranilic acid found to be

decreased.

Several additional glucuronide-compounds were found to be affected also in the urine ESI+ dataset,
such as dihydroxyquinoline-B-glucuronide, or dihydrocaffeic acid glucuronide, which were found
slightly reduced in the mice that received the inhibitor compared to the control mice. Moreover, three
other compounds from which the MS spectra of the glucuronide form were not available on database,
were annotated and supposedly in the form of a glucuronide because of a neutral loss of 176 Da
observed from the [M+H]* ion. These compounds include a 2-indole-carboxylic acid glucuronide,
which was found to slightly increase in the treated group, phenylalanine glucuronide and xanthurenic
acid glucuronide which were found to decrease in the urine samples of the treated mice compared to
the control mice. In the urine sample analysed in the negative ionization mode, several additional
glucuronide-compounds were significantly affected by the treatment. Consistent with the positive
ionization mode data, phenylalanine glucuronide, dihydroxyquinoline-B-glucuronide, dihydrocaffeic
acid glucuronide and xanthurenic acid glucuronide were excreted in lower amounts by the mice
receiving the inhibitor compared to those receiving the saline. However as reported above, phenyl-
glucuronide and p-cresol glucuronide were found to increase in the treated mice. Additional
conjugated metabolites changed with inhibitor intake. As its glucuronide homologue, p-cresol sulfate
significantly increased following the inhibitor while p-coumaric acid sulfate and ferulic acid 4-O-

sulfate, were both significantly decreased. Another metabolite from tyrosine catabolism, p-

Page | 196



hydroxyphenyllactic acid, was significantly reduced in the urine following inhibitor treatment. Other
compounds which were found lower in the urine samples of the treated animals were sucrose, glycyl-
aspartate, pimelic acid and porphobilinogen, as well as hexanoylglycine and octenoylglycine (similarly
to the ESI+ dataset). Others compounds significantly increased following inhibitor treatment
compared to the controls were 4-pyridoxate, glycerophosphocholine and glycerol-phosphate,
cinnamoyglycine, N-acetyl glutamic acid and N-acetyl histidine, arabinose, hippuric acid and succinic
acid. The fatty acyl tetranor-5-NO,-CLA was also detected in urine in both ionization modes showing

a slight increase in the urine samples of the treated mice.
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Figure 6-12. Heatmap of the putatively annotated metabolites found significantly different between the Inh-
9-treated animals and the control animals, in the urine samples by 'H NMR spectroscopy, UPLC-MS ESI RP +
and ESI RP —. The colours represent the -logio(q values) x the Manhattan sign obtained in the CA-PLS-DA models,
which allow the increase (red) or the decrease (blue) of a metabolites in the animals which received the inhibitor
treatment compared to the control animals to be assessed.
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3.8. Network analysis

A molecular network was generated by importing 53 of the metabolites annotated by UPLC-MS in the
urine samples (Figure 6-13). In total, the urine metabolites were involved in 54 pathways (listed in
Figure 6-13), with 8 pathways related to transport. The pathways most related to the urinary
metabolites included the biosynthesis of tyrosine, phenylalanine and tryptophan, biotin metabolism,
dipeptide degradation, taurine metabolism, biomass, lysine metabolism, phenylalanine metabolism
urea cycle, methionine metabolism, histidine metabolism and tyrosine metabolism (coverage > 10).
From the metabolites annotated, many were involved in reactions that occur in the cytoplasm or in
the mitochondrion. Two reactions were involved in the transport of metabolites between the
mitochondrion and the cytoplasm. The first one is part of the glycolysis/gluconeogenesis pathway and
involved a reaction between glycerol-3-phosphate (G3P) from the cytoplasm and flavin adenine
dinucleotide oxidized (FAD ox) from the mitochondrion to produce dihydroxyacetone phosphate
(DHAP) and the reduced FAD (FAD red). The second is part of the urea cycle/amino group metabolism
and involved in the two ways passive diffusion of creatine. Transport of taurine from cytosol to
peroxisome is also underlined as well as the transport of 3,4-dihydroxy-L-phenylalanine from the

tyrosine pathway, across the apical surface of the lumen to the cytoplasm (Figure 6-13).
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Figure 6-13. Molecular network of the metabolites annotated in the urine samples analysed by UPLC-MS. The

list of pathways in which those metabolites are involved is listed on the right side (except the transport

pathways). The colours of the metabolites represent the compartments, listed on the middle top of the picture.

A zoom is made on the reactions doing the junction between the cytoplasm network (pink) and the

mitochondrion network (blue green). G3P: glycerol-3-phosphate (G3P), FAD ox: flavin adenine dinucleotide

oxidized (FAD ox), FAD red: flavin adenine dinucleotide reduced, DHAP: dihydroxyacetone phosphate.
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Molecular network analysis of the colon content extracts was generated by importing 30 of the
metabolites annotated by UPLC-MS. A total of 38 pathways were affected, mainly in the cytoplasm
(Figure 6-14). The ones presenting the most coverage were tyrosine, phenylalanine and tryptophan
biosynthesis, the salvage pathway, dipeptide degradation, purine catabolism, phenylalanine
metabolism, biomass and nucleic acid degradation (coverage > 10). In the mitochondrion, arginine
and proline metabolism, nucleotides, folate metabolism, valine and (iso)leucine metabolism, tyrosine
metabolism, lysine metabolism, glutamate metabolism, phenylalanine metabolism and cysteine
metabolism were the most represented pathways. Folate metabolism was also reported to take place
in the lysosome and extracellularly (Figure 6-14). No transport connections from one compartment to

another were highlighted in the colon content molecular network.
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Figure 6-14. Molecular network of based on the metabolites annotated in the colon contents. A global view of
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on the bottom, with the metabolites which have been imported displayed, and with the list of pathways affected
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The molecular network of the colon tissues was generated by importing 7 of the metabolites
annotated by UPLC-MS (Figure 6-15). Once again, tyrosine, phenylalanine and tryptophan biosynthesis
were the pathway the most represented by the metabolites, followed by food processing-related
pathways, tyrosine metabolism, biomass, tryptophan metabolism, bile acid biosynthesis and fatty acid
activation (coverage > 1). As for the colon contents, no metabolite was identified as part of a transport

reaction doing the junction from one compartment to another.
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4. Discussion

With the central role that gut microbial metabolism has in the potentiation of irinotecan gut toxicity,
the feasibility of selectively attenuating this microbial metabolism to modulate drug toxicity outcomes
was explored. While collaborators previously demonstrated that blocking bacterial f-glucuronidases
could reduce irinotecan toxicity (Figure 6-1 (Wallace et al., 2015, 2010)), it was unknown if there were
wider ramifications for microbial metabolism, microbe-host biochemical interactions and also host
metabolism. As such, this chapter studied the metabolic disruptions to the host caused by the
inhibition of bacterial B-glucuronidases in the mouse. This was studied locally in the gut and at the gut

wall and globally throughout the biochemical system of the mice.

Bile acids, such as glycocholic acid and nutriacholic acid, were increased in the colon wall and contents
following bacterial B-glucuronidase inhibition. Bile acids are secreted into the gut as glycine and
taurine conjugates (Goto et al., 2007). The small proportion (1-5 %) of conjugated bile acids not re-
absorbed in the small intestine reach the colon where they become modified by the colonic
microbiota. Firstly, bile salt hydrolase enzymes cleave the glycine or taurine residue from the bile acids
before further modifications occur to the steroid nucleus resulting in the production of secondary bile
acids. Most of the bacteria present in the large intestine are able to deconjugate bile acids with
specificity towards different bile acids. It has been shown in vitro that Clostridium perfringens and
Bacteroides fragilis are particularly influential in deconjugating the primary bile acid, glycocholic acid
(Masuda, 1981). It is unclear why inhibiting bacterial -glucuronidase activity increases the abundance
of this bile acid in colon tissue, but glucuronidated bile acids are from interest as it has been
hypothesized that they could potentially be a non-neglectable energy source to bacteria able to
process them (Pellock and Redinbo, 2017). However, glycocholic acid has been reported to be an
activator of B-glucuronidases in the human liver suggesting that these changes may promote the up-

regulation of the host glucuronidases to compensate for the loss of this bacterial activity (Ho, 1985).

In the urine metabolic profile, obtained by both *H NMR spectroscopy and UPLC-MS, several
metabolites arising from microbial metabolism were altered by the enzyme inhibitor. This included an
increase in TMAO, hippurate, or 5-hydroxyindoleacetic acid (5-HIAA), N-acetylputrescine, succinate
and a decrease in creatinine, creatine, TMA, biotin. Interestingly, 5-HIAA is formed by the degradation
of serotonin, which was found to decrease in the colon contents of the treated mice. This suggests
that the inhibition of bacterial B-glucuronidases has a wider impact on gut microbial metabolism
including the metabolism of bile acids (glycocholic acid), choline (production of TMAO from TMA),

vitamins (biotin), polyamines (putrescine derivatives), indoles (5-HIAA or serotonin), and lipids
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(Nicholson et al., 2012). Bacterial tyrosine metabolism was also altered with the inhibitor. PAG was
found to be increased in the treated mice whilst tyrosine and its microbial degradation products, p-
hydroxyphenyllactic acid and p-coumaric acid sulfate, were decreased compared to the control

animals.

Inhibition of the bacterial B-glucuronidases resulted in an increase in the urinary excretion of phenol
glucuronide, alongside other glucuronides such as p-cresol glucuronide. While this is expected, there
was a lower excretion of other glucuronides following treatment, such as xanthurenic acid
glucuronide, phenylalanine glucuronide, dihydrocaffeic acid glucuronide, dihydoxyquinoline-f-
glucuronide and 2-indole-carboxylic acid glucuronide. A potential explanation is that Inh-9 has a
specificity towards the enzymes from the Firmicutes and Proteobacteria and not towards those from
Bacteroidetes (Wallace et al., 2015). Indeed, there is a well-described set of six distinct active site
geometries for gut microbial B-glucuronidases, and these enzymes have differential activities with
distinct substrates (Pollet et al. and Redinbo, Structure, 2018). This could only affect the bacterial
enzymes in charge of the hydrolysis of the glucuronic acid placed on non-substituted phenols, or only
para-substituted phenols, which is the case of p-cresol glucuronide and the active ingredient of SN-
38. Secondly, the lack of glucuronidase activity decreases the cleavage of some glucuronide-
conjugated compounds, which is assumed to decrease the bacterial quantity of glucuronic acid

available to perform further glucuronidation.

Nevertheless, the biochemical perturbations associated with the inhibition of the bacterial B-
glucuronidases appeared to be restricted to the colonic contents, colon wall, faeces, and urine
metabolic profiles. No effect was seen in other parts of the global metabolic system of the mice,
including liver, gall bladder, and plasma. This demonstrates the feasibility of selectively inhibiting
bacterial B-glucuronidases using Inh-9 to limit irinotecan ADRs without impacting on the host
metabolic system. The fact that Inh-9 treatment was found to affect principally gut microbial co-
metabolites, in the colon tissues, colon contents, faeces and urine could indicate the potential impact
of Inh-9 on the microbial community and its functionality. However, collaborators have previously
demonstrated that the B-glucuronidase inhibitor does not modulate the community structure of the
intestinal microbiota (Bhatt et al., 2020; Wallace et al., 2015). Moreover, irinotecan has been found
to increase the abundance of Proteobacteria (68 %) in mice but such changes were reduced (14 %)
when irinotecan was co-administered with the inhibitor. Similarly, bacterial a diversity was reduced
in mice following irinotecan treatment, but not when the drug was co-administered with the inhibitor
(A. P. Bhatt et al., submitted). Thus, Inh-9 successively targets the microbiome without impacting host
metabolism demonstrating that specific manipulation of this bacterial activity can be used to optimise

drug treatment strategies.
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5. Conclusion

The potential of inhibiting bacterial B-glucuronidases as a strategy to limit ADRs induced by irinotecan
treatment by blocking the release of the active ingredient SN-38 in the gut was assessed in mice.
Inhibition of bacterial B-glucuronidases altered the abundance of several microbial co-metabolite
classes, such as bile acids, lipids, dipeptides, indoles, as well as choline-, polyamine-, vitamin-
derivatives and tyrosine-related metabolites. However, bacterial B-glucuronidase inhibition does not
induce significant changes in metabolic profile of the global host system. This demonstrates that
specific inhibition of the bacterial B-glucuronidase is a usable strategy to limit the toxicity of irinotecan
chemotherapy potentially allowing the dose range to be expanded and efficacy to be improved. With
our increasing appreciation for the influence of the gut microbiome on host drug metabolism and
toxicity there is an increasing demand to develop novel strategies to fine tune this influence for

favourable drug outcomes.
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Chapter 7. General Discussion and
Perspectives

1. General discussion

This thesis aimed to assess the potential for the gut microbiota to directly and indirectly influence host
drug metabolism and toxicity and for drugs to impact on the microbes themselves. In addition, it
aimed to develop a tool to determine this gut microbial potential for drug metabolism prior to drug
treatment and to explore methods to modulate gut microbial metabolism to reduce adverse drug
reactions without negatively impacting the host. This was achieved through several studies discussed

in the previous chapters.

First, direct interactions between the chemotherapeutic drug, methotrexate (MTX) and the bacterial
enzyme CPDG2 was studied in rats. DAMPA, a non-toxic metabolite of MTX produced by the bacterial
enzyme CPDG2 as a detoxification reaction (Zaharko et al., 1969; Valerino et al., 1972), was quantified
in faecal samples. Correlation with amplicon sequencing data indicated that the faecal excretion of
DAMPA was positively associated with bacteria mainly from the phylum Firmicutes, which suggests
that this bacterial phylum is able to produce the enzyme CPDG2 to degrade MTX. While further
analysis is required to validate this hypothesis, determining the abundance of these bacteria in
patients prior to dosing may have potential to predict MTX treatment outcomes. Such information
could help to inform this chemotherapeutic treatment contributing to the personalisation of this
strategy. Patients identified to have a low relative abundance of Firmicutes could be proactively
supplemented with CPDG2 to mitigate against MTX toxicity rather than used as a rescue agent as is
currently the case (Rattu et al., 2013). Conversely, high doses of MTX were shown to perturb the gut
microbial community, increasing the relative abundance of Bacteroidetes and decreasing the relative
abundance of Firmicutes, presumably as a result of gut toxicity. Chronic exposure to MTX could modify
the composition and functional capacity of the microbiome with a subsequent impact on its ability to
detoxify the drug as well as other xenobiotics. Such perturbations could also have implications for the
immune system of cancer patients, which is known to be altered by chemotherapeutic treatment.
These results demonstrate the direct two-way interactions that occur between MTX and the gut
microbiota, a relationship that could be altered through chronic dosing. A clearer understanding of
this relationship in humans has great potential to enhance the effectiveness of MTX and minimise

toxic outcomes.
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Attempts were made to develop an in vitro model that could assess the potential for an individual’s
microbiome to have a direct impact on a specific drug. This model was successfully applied to
paracetamol (APAP) and sulfasalazine (SSZ), which were used as negative and positive controls,
respectively. This model highlighted the variability in the functional capacity of the microbiome across
different donors to degrade the prodrug SSZ. This reinforces the contribution of the intestinal
microbiota to variation in drug responses and the value in determining this metabolic capability prior
to drug administration. However, this in vitro model requires further development as a number of
technical issues need to be resolved. Specifically, there were issues maintaining the viability of the
faecal cultures and problems with the solubility of the drugs in the model. As a result of these issues
the in vitro model could not be used to study MTX and paracetamol-glucuronide (APAP-G). If this
model can be developed successfully, it would allow the metabolic capacity of the entire faecal
microbial community to be studied simultaneously, rather than a single bacterial isolate or a restricted
set of bacterial isolates (Haiser and Turnbaugh, 2012; Maier et al., 2018; Zimmermann et al., 2019a).
If correlated with 16S rRNA gene sequencing and applied to a large study population, this simple model
could be used to identify bacterial groups that are associated with the drug degradation profile. This
in vitro model could also be used to rapidly and simultaneously profile several therapeutic treatments
against an individual’s gut microbiota prior to drug selection. This could enable the most efficient

and/or the least toxic treatment options to be selected without harm to the patient.

Attempts were also made to explore how the diet could interact with the microbiota to liberate
microbial metabolites that influence the host phase Il (conjugative) metabolism of APAP. Here, a high
tyrosine diet was fed to female BALB/c mice with the aim of increasing the microbial production of p-
cresol in the gut, as demonstrated previously (Shiba et al., 2014). Increased host exposure to p-cresol
was hypothesised to increase its hepatic sulfation generating p-cresol sulfate (pCS) while depleting
the sulfation capacity of the liver, a key drug metabolism reaction involved in APAP metabolism.
Unfortunately, the high tyrosine diet was not observed to increase the production of pCS as it had
been anticipated, presumably due to a saturation of the bacterial enzymes responsible for producing
p-cresol. This suggests that a pronounced diet-induced change in the production of microbial
metabolites may require longer term exposures to promote the growth of certain bacterial groups,
such is the case with lifestyle choices for example, vegetarianism. Nevertheless, it was still possible
to investigate the competitive interaction between p-cresol and APAP. Interestingly, in the control
mice the excretion of pCS was found to be inversely associated with the sulfation of APAP, as
evidenced by the APAP sulfate/glucuronide ratio. Thus, it appears that increased host exposure to p-
cresol indeed depletes the sulfation capacity of the liver, which leads to a greater amount of APAP

being glucuronidated rather sulfated. Furthermore, the loss of this microbial p-cresol production
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following antibiotic treatment resulted in an increased APAP-S/APAP-G ratio due to lower hepatic p-
cresol exposure. These observations provide further confirmation of a previous hypothesis drawn in a
human study performed by (Clayton et al., 2009) and could have clinical significance by limiting
sulfation capacity of the host. Regarding APAP metabolism, this can lead to the production of
hepatotoxic metabolites (i.e. NAPQI). Increased risk of elevated p-cresol concentrations in the host
has been observed in populations following high-fat (Wan et al.,, 2019) and low-fibre diets
(Khosroshahi et al., 2019). Taking into consideration the Western-type diet adopted in most
industrialised countries, many individuals are likely to be exposed to high amounts of p-cresol, with
potential downstream consequences for their capacity to sulfate and clear endogenous and xenobiotic
compounds. This highlights that indirect interactions between microbial metabolites and the host drug
metabolizing systems should also be factored in when considering the microbiome in the

individualisation of therapeutic strategies.

Finally, bacterial B-glucuronidase enzymes are known to potentiate the toxicity of irinotecan. Targeted
inhibition of this bacterial activity has been demonstrated to be an effective strategy to blunt this toxic
outcome (Wallace et al., 2010). This demonstrates the potential utility of selectively modulating the
activity of the microbiome to promote favourable drug outcomes. However, with the fine balance
between the microbiota and the host, as well as the multiparametric biochemical exchange occurring
between these two complex systems, it was not clear if selective inhibition of the microbiota would
have wider downstream effects on host metabolism and ultimately host health. Therefore, work was
undertaken to characterise the wider biochemical impact, if any, of that inhibition on the host and
microbial global metabolic profile. Importantly, inhibition of bacterial B-glucuronidases was shown
not to impact the wider metabolic profile of the mouse host and the metabolic changes were limited
to alterations in microbial metabolites within the gut (colon tissues and colon contents), as well as in
the faecal and urine samples. Inhibition of bacterial B-glucuronidases was found to affect microbial
metabolites including bile acids, lipids, vitamins, choline and polyamine derivatives, as well as indoles
and tyrosine metabolites such as pCG and phenol-glucuronide. The increased amounts of these latest
metabolites is not anticipated to have downstream consequences for host health as they are
predominantly excreted in the urine and no differences were observed in the liver tissue or plasma.
Inhibition of the B-glucuronidases appeared to be specific to those of bacteria from the phyla,
Firmicutes and Proteobacteria but not the Bacteroidetes (Wallace et al., 2015). This suggests that
there are different levels of specificity that can be targeted for inhibition. These results demonstrate
the potential for manipulating an individual’s microbiota to improve drug outcomes. In this example,
the gastrointestinal toxicity induced by irinotecan can be limited allowing dose levels to be increased

to potentially enhance its effectiveness. A similar strategy could be applied to other classes of drugs,
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such as non-steroidal anti-inflammatory drugs (NSAIDs), which can also be de-glucuronidated in the
gut (LoGuidice et al.,, 2012). In combination with in vitro models, an individual’s microbial B-
glucuronidase capacity could be evaluated prior to dosing and the inhibitor could be delivered

accordingly.

Collectively, the multifaceted approach adopted here enables a better comprehension of the
biomolecular mechanisms behind the tripartite drug-microbiota-host interaction and its potential
ramifications for host health. Together, these results show the importance to assess the biomolecular
exchange happening between a drug and an individual microbiota, the need to further explore this
variable in relation pharmacological and toxicological studies, and how it could be used in
pharmaceutical and clinical context as a strategy to manipulate the microbiome to improve drug

outcomes and thus facilitate the development of personalised therapeutic treatment.

2. Limitations

Exploring drug-microbiome-host tripartite interactions would benefit from more studies being
performed in humans rather than rodents. Indeed, the gut microbiome of human is assumed to be
different from a mouse microbiota. In consequence, conclusions drawn from rodent models require
extra care when translating their importance to humans. Also, even more extensive inter-individual
variability is expected in humans compared to mice, which can lead to extensive variation in drug
response and toxicity. Intravenous treatment and its impact on the host microbiota as well as how
drugs administrated by this route are metabolised by the gut microbiota once reaching the intestine
could also be explored. Finally, the work reported in this thesis is restricted to the study of three drugs
and their respective interactions with the microbiota and thus does not cover all the possible
interactions which can occur between a drug and gut microbiota. However, investigating the
interaction of a single drug with the gut microbiota requires time-consuming studies and often the
use of animals which, as discussed above, limit the translation of the results. The development of a
model to perform high-throughput screening with human gut microbiota is thus needed in the field.
Unfortunately, difficulties in in vitro model development to investigate the impact of the gut
microbiota on a larger number of drugs were encountered and suggest the need for further

optimisation.

3. Perspectives and further work

Further development of the promising in vitro model to explore an individual microbiota capacity to
metabolise a drug will be undertaken in a wider project, within which additional precautions such as

performing the protocol directly in an anaerobic cabinet to substitute the use of anaerobic jar is
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seriously considered. Moreover, microbial community investigation would be performed by FISH
techniques or next-generation sequencing. Regarding the degradation of the drug of interest, the
detection and quantification of drug metabolites produced following an interaction with the gut
microbiota, if known, could be targeted by UPLC-MS/MS. The correlation between drug degradation,
drug-metabolite appearance and microbial community would not only allow an individual
microbiome’s capacity to metabolise a drug to be determined but it would also provide biomolecular
mechanistic insights into how it is metabolised and what microbial perturbation it induces. Such a tool
would enable pharmaceutical companies to systematically assess the potential interaction that a new
drug candidate has with the gut microbiota. The increasing number of drugs found to have their
metabolism influenced by the gut microbiota (Zimmermann et al., 2019a) or which have been found
to influence the microbiota structure (Maier et al., 2018) prove the necessity of including the gut

microbiota in toxicological assessment for future drugs.

Future perspectives are also envisioned considering the manipulation of the gut microbiota as a
therapeutic strategy to limit adverse drug reactions. The selective inhibition of B-glucuronidase to limit
irinotecan has demonstrated that well-designed microbiome-targeted treatments could be adapted
and applied to other drugs to improve their outcomes. For example, bacterial p-cresol formation has
been shown to influence the hepatic sulfation pool. Manipulating this production is an attractive
target and one that is being pursued further. Indeed, additional research performed with collaborators
has identified that Clostridium difficile produces p-cresol to provide the pathogen with a growth
advantage over other bacteria facilitating its persistence in vulnerable individuals (Passmore et al.,
2018). As such, selective inhibition of the enzyme producing p-cresol could not only prevent sulfation
depletion but also prevent C. diff overgrowth, which could have life-changing application in the
treatment of C. difficile infections. Manipulation of the gut microbiota structure could also be
performed by administrating pre- and/or probiotics. Prebiotics are nutrients to promote the growth
of beneficial bacteria in the gut and probiotics are beneficial bacteria directly administrated to the
patient. A combined use of pre- and probiotics is called synbiotics. Their use has already been of
growing interest to reduce disease symptoms such as inflammatory bowel disease (Bernstein, 2014).
It has also been investigated to prevent cancer and in chemotherapy (Scott et al., 2018). It could
eventually promote the growth of beneficial bacteria over bacteria that can be a threat to induce drug
toxicity. However, the variability in individual microbiome is such that researchers face difficulties to
clearly conclude the long-term beneficial effects of pre- and probiotics and this area will require

further investigation before it can be routinely applied in clinical settings.
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4. General conclusion

The influence of the gut microbiota on therapeutic treatments is not negligible, neither is the influence
of therapeutic treatments on microbiome diversity and functionality. Having a better understanding
of this bidirectional interaction is essential to advance to personalised medicine and improve human
health. Not only will this enhance the effectiveness of drug therapy, it will also limit drug toxicity. The
combined use of omics techniques has been proven to be a useful tool to explore this tripartite
interaction and constant progress in expanding chemometrics should open up promising perspectives

to deepen our understanding of the role of the intestinal microbiota in therapeutic treatment.
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Appendices

Supplementary data for Chapter 2: Analytical Background

Supplementary information for the paragraph 1.3. Targeted UPLC-MS

Chemicals and Reagents. L-tyrosine, p-ethyl phenol, p-coumaric acid, 4-hydroxybenzoic acid, p-cresol
were obtained from Fisher Scientific Ltd (Loughborough, U.K.), tyramine, 4-hydroxyphenylpropionic
acid, 4-hydroxyphenylacetic acid and phenol from Sigma Aldrich (Gillingham, U.K.) whilst 4-
hydroxyphenyllactic acid were purchased from Flurochem (Hadfield, U.K.). P-cresol glucuronide, and
the deuterated internal standards p-tyramine-ds-hydrochloride, p-cresol sulfate-d7 potassium salt and
p-cresol glucuronide-d; were obtained from Toronto Research Chem (Toronto, Canada) whilst p-
cresol-2,3,5,6-ds was sourced from Sigma-Aldrich (Gillingham, U.K.) and L-tyrosine-d; from Cambridge
Isotope Laboratories (Andover, USA). Dansyl chloride, leucine enkephalin acetate salt (hydrate) and
sodium formate, were obtained from Sigma-Aldrich (Gillingham, U.K.). LC-MS Chromasolv acetonitrile
(ACN), isopropanol (IPA) and methanol (MeOH) were purchased from Honeywell (Seelze, Germany)
ammonium hydroxide (28% w/v in water) Optima LC/MS Grade H,O with 0.1% formic acid (FA) and

analytical reagent grade formic acid were purchased from Fisher Scientific Ltd (Loughborough, U.K).

Stock solution, Calibration curve and IS mixture preparation. The twelve compounds targeted in this
assay were weighed individually at an initial concentration of 20 mM. The solvent used for dissolution
was either 1 M HCI (tyrosine), ethanol (tyramine), acetonitrile (p-ethylphenol, p-coumaric acid, p-
hydroxyphenylpropionic acid, p-hydroxyphenylbenzoic acid and p-hydroxyphenyllactic acid) or water
(p-hydroxyphenylacetic acid, p-cresol, phenol, p-cresol sulfate and p-cresol glucuronide). An
intermediate concentration stock solution was prepared at 10 uM in water and then further diluted

using water to 50 nM.

The stable isotope-labelled (SIL) analogues p-cresol-di, L-tyrosine-d;, p-tyramine-ds-hydrochloride
used as internal standards were individually dissolved in either water, 1 M HCl or ethanol respectively,
whilst p-cresol sulfate-d;-(potassium salt) and p-cresol glucuronide-d; were dissolved in methanol (at
5 mM except for L-tyrosine at 2.3 mM). Intermediate-IS stock solutions (3.2 uM and 20 uM) were

made for L-tyrosine-d; by diluting in water.
Calibration curve (CC) and quality control (QC) solution preparation is shown in Table S1. All these

solutions except the initial blank were also mixed with 420 pL of NH,OH (7 %; v/v; aq.) and 180 L of

dansyl chloride (12.5 mg/mL in acetone) to perform the derivatization.

Page | 228



A blank QC pool sample (QC-B) was prepared by mixing 20 uL of H,0, 20 uL of QC biological sample
and 60 pL of ACN: IPA (1:1, v/v). A biological QC sample with internal standard (QC-IS) was prepared
by adding 20 pL of IS mix to 20 pL of the QC sample and 60uL of ACN: IPA (1:1; v/v). A pool biological
QC sample with internal standards and standards (QC-IS-S) was prepared by mixing 30 uL of IS mikx,
standard mix (intermediate solution 1 at 10 uM) and 60puL of ACN: IPA (1:1; v/v). The rest of the

protocol was the same as that for the samples.

UHPLC-ESI-MS/MS Analysis. The chromatographic separation was performed with Acquity UHPLC
solvent manager system coupled to a 2777C autosampler (Waters, Wilmslow, U.K.) on an ACQUITY
UPLC® BEH C8, 1.7 um column (1 mm x 100 mm, Waters, Wilmslow, U.K.). Column and autosampler
temperatures were 65 and 4°C respectively. The mobile phases were composed of water containing
0.1% FA (v/v) as solvent A and ACN:IPA (1:1) with 0.1% FA (v/v) as solvent B. Multilinear reversed-
phase gradient elution, at 0.2 mL/min, was performed starting at 1% B and increasing (from 0.1 min)
to 10% B at 0.75 min then to 25% B at 2.00 min, 60% B at 5.50 min, and 99% B at 5.60 min. This solvent
composition was maintained until 6.50 min when was returned to the starting composition of 1% B at
6.60 min and held until 7.50 min for column re-equilibration. A sample volume of 1,000 uL was used
with a weak wash solvent of H,0: ACN (90:10 v:v) containing 0.2% FA (v/v) and a strong wash solvent
of IPA with 0.5% FA (v/v) added. One weak solvent wash cycle, one strong solvent wash cycle and
another weak solvent wash cycle were used between each injection to remove sample-derived
injection system contamination.

The eluent from the column was directed to a Xevo-TQS mass spectrometer (Waters, Wilmslow, U.K.).
Electrospray ionization (ESI) was used in positive ionization mode to detect the dansylated analytes
with switching to negative ESI for the p-cresol sulfate and glucuronide conjugates. Apart from p-cresol-
sulfate and glucuronide and their deuterated IS’s, two MRM transitions were monitored for each
compound, one for quantification (q) and one for confirmation (c). Details of the MRMs used, together
with the cone voltages and the collision energies used for each analyte can be found in Table 2-1.
The desolvation gas used was nitrogen and the collision gas used was argon. The source temperature
was set to 150°C and the desolvation temperature to 550°C. The capillary voltage was fixed at 2.50 kV
for MRMs in positive ionization mode and 1.50 kV for MRMs in negative ionization mode. The cone
gas flow was fixed to 150 L/hr, the desolvation gas flow at 1000 L/hr, the collision gas flow at 0.15

mL/min and the nebulizer gas flow to 7 Bar.
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Table 2-S1. Preparation of the calibration curve and QC solutions*.

Intermediate .V of IS vol of V of o IS conc Conc
inter Derivatization after Standard after
standard 3.2uM H20 . e
ID solution used sol (ul) (L) reagent present deriv, Derivatization
(WL) (nM) (nM)
Blank / / / 600 No 0 0
D_
blank / / / 600 Yes 0 0
I5- / / 150 450 Yes 400 0
blank
CcC1 2 2.4 150 447.6 Yes 400 0.1
Ccc2 2 12 150 438 Yes 400 0.5
CcCc3 2 24 150 426 Yes 400 1
CcC4 2 120 150 330 Yes 400 5
CC5 2 240 150 210 Yes 400 10
CC6 2 360 150 90 Yes 400 15
cc7 1 2.4 150 447.6 Yes 400 20
CC8 1 3 150 447 Yes 400 25
CC9 1 4.5 150 445.5 Yes 400 37.5
CC10 1 6 150 444 Yes 400 50
CC11 1 9 150 441 Yes 400 75
CC12 1 12 150 438 Yes 400 100
cC13 1 15 150 435 Yes 400 125
CC14 1 18 150 432 Yes 400 150
CC15 1 21 150 429 Yes 400 175
CC16 1 24 150 426 Yes 400 200
cc17 1 30 150 420 Yes 400 250
CC18 1 36 150 414 Yes 400 300
MidQC 1 48 150 402 Yes 400 400
CC19 1 60 150 390 Yes 400 500
CC20 1 72 150 378 Yes 400 600
CcC21 1 84 150 366 Yes 400 700
HighQC 1 96 150 354 Yes 400 800
CC22 1 108 150 342 Yes 400 900
CC23 1 120 150 330 Yes 400 1000

*Middle QC and high QC are indicated but low QC varying from one compound to another it is not reported here

but in Table 2-S2.
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Table 2-S2. Concentrations of the calibration curve (CL = Calibration levels) and of the QCs in nM.

Compounds CL1 Cl2 Cl3 C4 CL5 Ce CL7 CL8 QcC Qc Qc
LLoQ uLoQa low mid high

tyrosine 10 25 50 100 250 600 900 1000 37.5 400 800

tyramine 5 25 50 100 250 600 900 1000 15 400 800

p-ethyl phenol 50 75 125 200 250 600 900 1000 150 400 800

p-coumaric acid 25 50 100 175 250 600 900 1000 75 400 800
p-hydroxybenzoic acid 375 75 150 200 300 600 900 1000 125 400 800
p-hydroxyohenyl acetic acid 25 50 100 175 250 600 900 1000 75 400 800
p-hydroxyohenyl lactic acid 37.5 75 150 200 300 600 900 1000 125 400 800
p-cresol 50 75 125 200 300 600 900 1000 150 400 800

phenol 100 125 150 175 250 600 900 1000 200 400 800

p-cresol sulfate 50 75 125 200 300 600 900 1000 150 400 800

p-cresol glucuronide 175 200 300 500 600 700 900 1000 250 400 800
p-hydroxyphenyl propionic acid 25 50 100 175 250 600 900 1000 75 400 800

Table 2-S3. Linearity of the calibration curve obtained through the analysis of a minimum of three calibration

curves per matrix and LLOQ.

Compounds R? LLOQ (nM)
tyrosine 1 0.999 10
tyrosine 2 0.999 10
tyramine 0.998 5
p-ethyl phenol 0.972 50
p-coumaric acid 0.991 25
p-hydroxybenzoic acid 0.996 37.5
p-hydroxyohenyl acetic acid 0.997 25
p-hydroxyphenyl lactic acid 0.994 37.5
p-cresol 0.999 50
phenol 0.981 100
p-cresol sulfate 0.999 50
p-cresol glucuronide 0.967 175
p-hydroxyphenyl propionic acid 0.990 25
Table 2-S4. Carry over results for analytes and SIL IS’s
Compounds Area DB Compared to (nM) Area Carry over (%)
tyrosine 1 257 10 2955 8.7
tyrosine 2 171 10 1161 14.7
tyramine 0 5 121 0.0
p-ethyl phenol 7019 50 47903 14.7
p-coumaric acid 1365 25 11703 11.7
p-hydroxybenzoic acid 2372 37.5 19612 12.1
p-hydroxyohenyl acetic acid 4777 25 38013 12.6
p-hydroxyohenyl lactic acid 2514 375 16701 15.1
p-cresol 5593 50 29432 19.0
phenol 1981 100 10735 18.5
p-cresol sulfate 648 50 4250 15.2
p-cresol glucuronide 0 175 16 0.0
p-hydroxyphenyl propionic acid 166 25 2133 7.8
tyrosine-d; 1 108 400 51115 0.2
tyrosine-d; 2 136 400 17809 0.8
tyramine-dy 0 400 7942 0.0
p-cresol-d, 294 400 22271 1.3
p-cresol sulfate-d; 57 400 37398 0.2
p-cresol glucuronide-d; 0 400 1007 0.0
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Table 2-S5. Analytical recovery of the internal standards spiked before and after the protein precipitation step

for the QC plasma pool sample.

Blank Interference (%)

Compounds % Recovery

tyrosine-d; 91.7

tyramine-d, 84.0

p-cresol-d4 75.2

p-cresol sulfate-d; 101.3

p-cresol glucuronide-d; 95.9

Table 2-S6. Analyte to double blank interference.
Compounds

tyrosine 17.9
tyramine 0.0
p-ethyl phenol 3.0
p-coumaric acid 0.0
p-hydroxybenzoic acid 1.1
p-hydroxyohenyl acetic acid 0.0
p-hydroxyohenyl lactic acid 4.1
p-cresol 1.2
phenol 3.5
p-cresol sulfate 2.9
p-cresol glucuronide 0.0
p-hydroxyphenyl propionic acid 0.9
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Supplementary data for Chapter 3: A two-way interaction between

methotrexate and the gut microbiota in Sprague Dawley rats

Table 3-S1. Number of reads per samples after 16S rRNA gene sequencing pre-processing and prior

importation into phyloseq for data investigation.

SAMPLE ID READS COUNT
10_C_01 13189
10_C_02 13680
11_c_o01 13129
11_C_02 6182
11_C_04 15638
11_C_08 12801
12_c_o01 16269
13_D_04 15603
14_D_01 17043
14_D_02 17909
14_D_08 14648
15_D_02 16451
16_D_02 15168
16_D_08 11959
17_E_01 12937
17_E_02 19481
17_E_08 10813
18_E_01 15943
18_E_08 14209
19_E_01 15241
19_E_08 16935
1_A_08 15753
20_E_01 19037
20_E_02 14600
21_F 01 16923
21_F 02 18220
22 F 01 18429
22_F 08 17227
23_F 01 18852
23_F 02 18097
23_F 08 18209
24 F 01 17406
24 F 02 4406
25_G_01 15517
25_G_02 16624
25_G_04 17014
25_G_08 6745
26_G_01 18234
26_G_02 18370
27_G_01 11336
27_G_04 13117
28_G_01 17482
28_G_02 15805
29_H_01 12397
29_H_04 14809
29_H_08 11919
2_A_02 18056
2_A_08 15282
30_U_01 16765
30_U_02 21982
31_H_01 15485

31_H_08
32_H_01
32_H_02
33_1_02
33_1_04
33_1_08
341 01
34_1_02
35_1_01
35_1_02
35_1_04
35_1_08
36_1_01
36_1_02
36_1_08
37_1.01
37_1_02
38_1 01
38_1_02
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MTX

|[Compound name: MTX
[Correlation coefficient: r = 0.994352, r"2 = 0.988735
Calibration curve: 0.570289 * x +2.8007
Response type: External Std, Area
[Curve type: Linear, Origin: Exclude, Weighting: Null, Axis trans: Log
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DAMPA

Compound name: DAMPA

Correlation coefficient: r = 0.993325, "2 = 0.986694

Calibration curve: 0.570953 * x + 2.72712

Response type: External Std, Area

Curve type: Linear, Origin: Exclude, Weighting: Null, Axis trans: Log
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7-OH-MTX

ICompound name: 7-OH-MTX

Correlation coefficient r = 0.988871, 2 = 0.977865

Calibration curve: 0.604062 * x + 2.34667

Response type: External Std, Area

Curve type: Linear, Origin: Exclude, Weighting: Null, Axis trans: Log
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Figure 3-S 1. Screenshot of TargetLynx V4.1 showing the three calibration curves for MTX, DAMPA and 7-OH-
MTX used during the faecal sample analysis. Linear curve with log axis was used, all the R? for each of the
standards for both the urine and the faecal samples were superior to 0.97.
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Figure 3-S2. CA-PLS-R (covariate-adjusted projection to latent structures regression) analysis performed over
time (0, 12 and 48h) on the faecal samples of each of the MTX dose groups. R?Y indicate how well the model
fits the data, the Q%Y how well the model predicts the data. Root mean squared error (RMSE) and root mean
squared error of the prediction (RMSEP) represent the root mean squared error the root mean squared error of
the prediction respectively. The model set is represented by grey circles and the predictions by red crosses.
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Table 3-S2. Putative annotations for metabolites detected in the urine samples. The database reference number of each putative annotation is indicated, as well as if the
matching was done with as spectra coming from real measurements or in silico calculation, and finally if validation of the annotation by MS/MS or DDA is reported as well as
matches with the NPC database. Confidence of annotation are indicated in ID level (Sumner et al., 2007). Frag = fragment; theo = theoretical; obs = observed

ID Calculat RT MS/M
. aleulate frag1 frag2 frag3 fraga frag1 frag2 frag3 frag 4 ) In silico / NPC
putative ID Adduct formula leve m/z d (mins Database Sor
theo theo theo theo obs obs obs obs or exp DB
| mass ) DDA
- " 175.082 . ESIQ-
arginine [M+H] CeH14N4O; 2a 3 175.1187 158.093 130.098 116.071 112.087 158.057 130.053 / 112.056 0.61 Metlin 13 TOF Yes Yes
M+N 136.050 ESIQ-
creatinine [ + 2l C4H7N3O 2a 2 136.0481 114.069 86.0741 / / 114.068 86.0722 / / 0.65 Metlin 8 TOCFI / Yes
) , 132.078 ) ESIQ-
creatine [M+H] C4H9N302 2a 6 132.0768 114.066 90.0555 87.0557 / 114.068 90.0568 87.0566 / 0.67 Metlin 7 TOF Yes Yes
acetyl choline [M+H]* C7H15NO2 2a 146.12 146.118 87.0448 64.0165 60.0818 / 87.0459 / 60.0826 / 0.69 Metlin 57 E]S-:)?— / Yes
ribothymidine [M-i;Na] C10H14N206 2b 2815075 281.0744 259.093 133.048 127.05 110.023 259.094 133.052 127.052 / 0.95 Metlin 85160 E_IS_IO?- Yes /
N-acetyl-L-glutamine [MtNa] C7H12N204 2a 211'1071 211.0689 189.087 172.06 130.05 84.0444 189.089 172.061 130.052 84.045 1.07 Metlin 58344 E]S-:)?— Yes Yes
M+N 291.107 HMDB001288
acetylcarnosine [ t 2l C11H16N404 2b 0 291.1064 269.124 251.114 209.058 156.077 269.126 251.115 209.058 156.077 1.08 1 In silico Yes /
- " 217.132 . ESIQ-
N-acetyl-arginine [M+H] CgH16N4O3 2b 0 217.1298 200.103 175.117 158.083 / 200.105 175.12 158.084 / 1.08 Metlin 58241 TOF Yes /
. + 282.121 " ESIQ-
1-methyladenosine [M+H] C11H15Ns04 2b 5 282.1200 264.109 206.067 150.077 / / 206.019 150.08 / 1.40 Metlin 6888 TOF Yes /
o [M+Na] ) ESIQ-
N-acetyl-L-glutamic Acid + C7H12N204 2a 212.054 212.053 148.061 130.05 102.055 84.045 148.065 130.052 102.06 84.048 1.49 Metlin 3325 TOF Yes Yes
X . [M+Na] " ESIQ-
biopterin " CoH11N503 2b 260.078 260.075 238.094 220.083 194.068 178.073 238.096 220.085 194.069 178.073 1.58 Metlin 247 TOF Yes /
L + 265.083 . ESI Q-
thymidine [M+H] C10H14N20s 2a o 265.0795 243.114 127.05 117.055 99.0439 243.056 127.054 117.057 / 2.25 Metlin 3375 TOF / Yes
. . " 384.117 . o
succinoadenosine [M+H] C1aH17NsOs 2b 9 384.1150 252.073 236.078 206.067 192.052 252.076 236.08 206.067 192.053 2.45 Metlin 5867 In silico Yes /
ESI Q-
xanthurenic acid [M+H]* C10H7NO4 2b 206.048 206.044 188.034 178.046 160.038 132.044 188.074 178.053 160.042 132.082 2.97 Metlin 5841 'IS'O? Yes /
N6- |-L- M+N 435.12
6-carbamoy!- IMENal | oNs0s | 2b 35125 | 4351235 | 413.142 | 281.099 | 136062 | 102016 | 413.143 | 281101 | 136064 | 102055 | 3.4 Metlin 95993 In silico Yes /
threonyladenosine 5
. - + HMDB001332 -
pimelylcarnitine [M+H] Ci14H25NOg 2b 304.178 304.176 286.165 268.154 258.17 240.159 286.174 268.11 258.18 239.997 3.15 3 In silico Yes /
methionine sulfoximine [M+H]* C5H12N103 2b 1816063 181.0640 163.038 135.059 118.032 102.055 163.052 135.058 118.066 102.016 3.20 Metlin 65992 E_IS_IOCFI- Yes /
. . . + 192.067 . ESI Q-
5-Hydroxyindoleacetic acid [M+H] C10HgNO3 2b 6 192.0637 146.06 110.009 / / 146.063 110.011 / / 3.54 Metlin 2975 TOF Yes /
152.072 134.060 108.081 106.065 104.049 134.061 108.082 106.065 104.010
N-Methyl-4-aminobenzoate [M+H]* CgHoNO, 2b 0 152.0710 0 0 0 0 6 3 3 0 3.66 Metlin 65994 In silico Yes /
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Figure 3-S3. Example of N-acetyl glutamine identification in urine samples of rat treated with 100 mg/kg of
MTX and collected in the 6-12h time window. The m/z 211.0711, eluting at 1.07 min was found to significantly
influenced the samples separation in the supervised model. In house database matching (based on m/z and
Tr comparison) resulted in a putative annotation of this m/z as the [M+Na]* adduct of N-acetyl glutamine.
Validation of this putative annotation to a level 2a confidence was done by comparing its fragmentation
pattern (m/z and intensities of the fragment) to the experimental spectra from Metlin (top left panel) to the
raw data. Fragments of the molecule in the raw data show identical retention times.
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Figure 3-S4. CA-PLS-R (covariate-adjusted projection to latent structures regression) analysis performed over
time (0, 12 and 48h) on the faecal samples of each of the MTX dose groups. R?Y indicate how well the model
fits the data, the Q%Y how well the model predicts the data. RMSE and RMSEP represent the root mean squared
error the root mean squared error of the prediction respectively. The model set is represented by grey circles

and the predictions by red crosses.
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Table 3-S3. Putative annotations for metabolites detected in the faecal samples. The database reference number of each putative annotation is indicated, as well as if the
matching was done with as spectra coming from real measurements or in silico calculation, and finally if validation of the annotation by MS/MS or DDA is reported as well as
matches with the NPC database. Confidence of annotation are indicated in ID level (Sumner et al., 2007). Frag = fragment; theo = theoretical; obs = observed

In
N I S . T [l v o ool el B B el B B S A I T Rl B
exp

carnitine [M+H]* C;H1sNO3 2a 162.113 162.113 103.04 102.092 85.0291 60.0821 103.04 102.055 85.048 60.081 0.62 Metlin 52 Oisolf Yes Yes
prolyl-asparagine [M+H]* CoH1sN3O4 2b 230.113 230.114 213.087 195.076 133.061 98.06 213.089 195.078 133.061 98.0602 0.65 Metlin 85910 silllli"co Yes /
N-acetyl-neuraminic acid [M+H]* C11H19NOg 2a 310.12 310.12 292.106 274.093 232.083 108.044 292.102 274.091 232.083 108.049 0.66 Metlin 24101 (;Solf Yes Yes
formylisoglutamine [M+H]* CeH1oN,04 2b 175.073 175.071 157.061 147.076 139.05 130.05 157.062 147.077 139.057 130.051 0.66 Metlin 63495 silll?co Yes /
histidinyl-proline [M+H]* C11H16N4O3 2b 253.128 253.13 235.119 138.066 116.071 110.071 235.118 138.056 116.071 110.075 0.67 Metlin 85799 silll?co Yes /
serinyl-proline [M+H]* CgH14N,04 2b 203.099 203.103 185.092 171.076 157.097 116.071 185.088 171.076 157.092 116.072 1.05 Metlin 85940 silll?co Yes /
nicotinic acid [M+H]* CgHsNO, 2b 124.04 124.039 106.029 80.0501 78.0344 / 106.048 80.05 78.034 / 111 Metlin 240 Cftscif Yes /
xanthine [M+H]* CsHy4N4O, 2b 153.041 153.04 136.013 110.035 82.0402 / 136.015 110.035 82.041 / 1.45 Metlin 82 (;Solf Yes /
isoleucyl-histidine [M+H]* C12H20N403 2b 269.159 269.161 251.15 223.155 156.077 114.091 251.146 223.157 156.076 / 1.47 Metlin 85815 silll?co Yes /
leucyl-glutamine [M+H]* Cy1Hy1N30,4 2b 260.16 260.16 243.134 147.077 130.05 86.0964 243.133 147.076 130.05 86.0963 1.61 Metlin 85831 S”'I?co Yes /
glutamate [M+H]* CsHgNO, 2b 148.06 148.061 130.05 105.954 102.055 84.0446 130.04 105.947 102.053 84.0445 1.77 Metlin 19 Cftscif Yes /
valyl-valine [M+H]* C10H20N203 2a 217.155 217.155 199.144 171.149 118.086 100.076 199.144 171.149 118.086 / 2.09 Metlin 86032 silll?co Yes Yes
alanyl-leucine [M+H]* CoH1gN,05 2a 203.139 203.142 185.131 157.136 132.104 86.0979 185.128 157.134 132.102 86.0966 23 Metlin 442668 Oisolf Yes Yes
serinyl-isoleucine [M+H]* CoH1gN,04 2b 219.134 219.134 201.123 173.128 132.102 60.0444 201.124 173.129 132.102 60.0447 2.35 Metlin 85935 silll?co Yes /
glycyl-leucine [M+H]* CgH16N,03 2b 189.125 189.123 171.113 143.118 132.102 86.0964 171.113 143.119 132.103 86.0973 2.5 Metlin 5727 silll?co Yes /
prolyl-isoleucine [M+H]* C11H20N,05 2b 229.151 229.152 183.147 70.0645 / / 183.143 / / / 2.78 Metlin 23879 Cftscif Yes /
glycyl-Phenylalanine [M+H]* C1:H1N, 03 2b 223.103 223.108 177.102 166.086 120.081 103.054 177.1 106.081 120.077 103.053 2.9 Metlin 85758 s”'l?co Yes /
isoleucyl-leucine [M+H]* C12H24N,03 2b 245.186 245.186 227.175 199.18 132.102 114.091 227.176 199.18 132.102 114.097 3.45 Metlin 85817 silll?co Yes /
glycyl-isoleucyl-leucine [M+H]* Cy4H27N30,4 2b 302.205 302.204 171.109 143.114 132.099 / 171.107 143.113 132.095 / 3.76 Metlin 23190 C;Scl)f Yes /
leucyl-phenylalanine [M+H]* Ci5H22N,03 2b 279.108 279.17 233.165 132.102 120.081 103.054 233.155 132.102 120.081 103.055 4.12 Metlin 85839 Silll?co Yes /
tryptophyl-isoleucine [M+H]* Cy7H23N30;3 2b 318.182 318.181 301.155 272.176 159.092 132.102 301.156 272.182 159.093 132.103 5.02 Metlin 85979 silll?co Yes /
prostaglandin B3 [M+H]* Cy0H2504 2b 333.202 333.205 315.195 197.184 171.112 157.099 315.198 297.176 171.112 157.1 6.81 Metlin 36190 OiS;f Yes /
4-ketoretinoic acid [M+H]* CyoH2603 2b 315.197 315.196 297.185 269.191 251.18 149.097 297.183 269.19 251.179 / 8.36 HMDB0006285 silll?co Yes /
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Supplementary data for Chapter 4: Development of an in vitro model to

investigate drug-microbiome interactions

Table 4-S1. MRMs, cone voltages and collision energies used for the detection of the drug of interests.

Analyte Precursor ion (m/z)  Daughter ion (m/z)  Cone voltage (V) Collision energy (eV)

APAP 152.10 92.88 30 22
APAP-d3 155.07 111.00 30 20
174 398.98 93.95 30 20
MTX 455.10 175.10 8 38
APAP-G 328.13 152.09 30 14

Table 4-S2. Concentrations of the calibration curve solutions used for each of the drug of interest. The

concentrations are reported in nM.

APAP APAP-G 55z MTX
0 0.5 0.1 1
1 1 0.5 5
2 5 1 40
5 10 2.5 50
10 25 5 70
20 50 10 80
50 100 15 150
125 150 20
250 200 125
375 250
500 350
750 400

1000 500
1500 700
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Table 4-S3. Chromatographic gradients used for the analysis of the different drugs of interest.

Time (min) Flow rate (mL/min) % B

APAP / APAP-G Initial 0.6 5
2 0.6 16

3 0.6 95

4 0.6 95

4.1 0.6 5

AL 74 Initial 0.6 10
0.5 0.6 15

1.5 0.6 95

2.5 0.6 95

2.6 0.6 10

MTX Initial 0.6 10
0.3 0.6 30

0.45 0.6 35

1 0.6 95

1.5 0.6 95

1.6 0.6 10
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Supplementary information for the Chapter 5. Manipulation of Gut Microbial

Metabolites and its Influence on Paracetamol Metabolism

Table 5-S 1. Diet composition for all animal groups in this study.

Based on AIN-93G diet High tyrosine diet AB High tyrosine diet ~ Control (AIN-93G diet)
(% by weight) (HT) (AB) (C)
Corn Sugar 39.75 39.75 39.75
Casein Lactic 20.00 20.00 20.00
Granular Sugar 10.00 10.00 10.00
Dextrin 13.20 13.20 13.20
Solka Floc-40 5.00 5.00 5.00
AIN-93 mineral Mix 3.50 3.50 3.50
AIN-93 vitamin Mix 1.00 1.00 1.00
L-Cysteine 0.30 0.30 0.30
Choline Bitartrate 0.25 0.25 0.25
Soy Oil 7.00 7.00 7.00
Tyrosine 5.00 5.00 0.98

Stock solution, Calibration curves and IS mix preparation for APAP assay:

The analytical protocol used was the same from a previously validated study (R. Dargue,2019, not yet
published). Briefly, APAP stock solution was prepared by initially weighing out around 1 mg of all the
standards individually (APAP, APAP-G, APAP-S, APAP-C, APAP-NAC, PAP-G) and diluting in MeOH: H,0O
(1:1; v/v) to obtain a final concentration of 1 pug/mL stock solution. Final concentration of standard
stock solution (Stock A) was 50 pug/ml of APAP, 8.59 pg/mL of APAP-S, 70.3 ug/mL APAP-G, 1.39 pg/mL
of APAP-C, 1.75 ug/mL of APAP-NAC and 1.82 pg/mL of APAP-SG. Stock A was serially diluted to
produce 8 calibration standard stocks, which was then further diluted in a 1:100 ratio to obtain the
required calibration curve range. Stocks were produced with two LLOQ concentrations (LLOQ1 and
LLOQ?), in order to avoid any background interference that might occur at low concentration of
metabolites. Stable isotope labelled (SIL) IS solutions were prepared by weighing out the compounds
and diluting in MeOH: H20 (1:1; v/v). The final concentration of IS in the SIL ISs solution contained 20
ug/mL of APAP-ds, 3.44 ug/mL of APAP-S-ds, 0.685 pg/mL of APAP-G-ds, 0.838 pg/mL of APAP-C-ds,
1.12 pg/mL of APAP-NAC-ds, 0.001 pg/mL of APAP-SG-d,
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UPLC-MS parameters. The chromatographic separation of APAP and its metabolites were performed
usinga 2.1 x 100 mm 1.8 um 100 A C18 Acquity HSS T3 column (Waters Corporation, Manchester, UK).
Areversed-phase gradient was used with water and 0.1 % (v/v) FA as the mobile phase A and methanol
and 0.1 % (v/v) FA as the mobile phase B. Initial chromatographic conditions were 5 % of B until 0.5
minutes, 7 % of B was reached at 1.85 minutes, 8 % of B at 1.9 minute, 10 % of B at 2.5 minutes, 16 %
of B at 4.0 minutes, 25 % of B at 5.0 minutes and reaching 95 % of B at 5.1 minutes for one minute
wash before to lower down B back to 5 % for 1.4 column minutes re-equilibration. Total length of the
gradient was thus 7.5 minutes. The weak wash solvent used was H,O: MeOH (9:1 v:v) and strong wash
solvent was 100 % isopropanol. The sample loop was subjected to both weak and strong solvent wash
between each injection. The chromatography part was interfaced with a Xevo—TQs mass spectrometer
(Waters Corporation, Manchester, UK). Detection of each compound was done using electrospray
ionization (ESI) in positive ion mode in a multiple reaction monitoring (MRM) mechanism reported in
Table V.S2. The source temperature was fixed at 150 °C and desolvation temperature at 500 °C. The
desolvation gas used was nitrogen and the collision gas used was argon. The capillary voltage was
fixed at 3 kV for MRMs in positive ion mode. The cone gas flow was fixed at 150 L/hr, the desolvation

gas flow at 1000 L/hr, the collision gas flow at 0.13 mL/min and the nebulizer gas flow to 7.0 bar.

Table 5-S2. MRMs measured for the APAP targeted assay, as well as the cone voltage and collision energy
used for each MRM measurement

COMPOUND PARENT ION PRODUCT ION CONE COLLISION RT
(m/z) (m/z) VOLTAGE VOLTAGE (V)  (MIN)
(V)

APAP 152.1 110.06 30 16 2.87
APAP-D3 155.1 111.0 30 20 2.84
APAP-C 271.0 139.99 34 24 2.48
APAP-C-Ds 276.2 142.81 36 26 2.88
APAP-S 232.1 110.09 30 22 2.19
APAP-S-D3 235.0 111.02 30 22 2.20
APAP-G 328.1 152.09 20 14 1.74
APAP-G-Ds 353.2 177.12 42 16 1.74
APAP-NAC 335.1 152.03 6 16 4.96
APAP-NAC-Ds | 340.2 152.02 34 18 4.94
APAP-GSH 457.2 140.0 30 36 3.82
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Table 5-S3. APAP QCs monitoring in urine.

Compounds QcC low QcC mid QC high
CV% V% CvV%
APAP 1.73 2.47 1.45
APAP-S 6.49 5.36 1.90
APAP-C 191 3.13 1.13
APAP-G 3.05 3.34 5.20
APAP-NAC 11.87 6.64 7.32
APAP-GSH 4.78 2.04 3.14
Table 5-S4. APAP QCs monitoring in plasma.
Compounds QcC low QcC mid QC high
V% V% cV%
APAP 2.13 1.51 1.38
APAP-S 8.99 5.77 1.33
APAP-C 5.10 1.37 4.32
APAP-G 3.82 6.84 7.97
APAP-NAC 15.94 4.51 11.77
APAP-GSH 2.35 1.98 3.55
Table 5-S5. APAP QCs monitoring in liver tissues.
Compounds QC low QcC mid QC high
CV% V% V%
APAP 0.97 1.36 0.80
APAP-S 4.82 4.67 4.74
APAP-C 0.78 4.03 1.20
APAP-G 6.54 2.61 6.90
APAP-NAC 27.76 9.06 2.24
APAP-GSH 3.61 0.86 0.83
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Table 5-S6. Tyrosine QCs monitoring in liver tissues.

Compounds QC low Qc mid QC high
CV % CV % CvV%
tyrosine 1 ¢ 0.17 2.28 1.86
tyrosine 2 ¢ 3.05 3.60 1.59
tyramine q 9.73 4.79 1.76
p-hydroxybenzoic acid q 5.84 1.31 1.73
p-hydroxy phenyl acetic acid q 3.24 4.16 5.28
p-hydroxy phenyl lactic acid q 5.64 3.05 5.13
p-cresol q 2.03 1.40 0.80
phenol q 0.66 2.07 4.98
p-cresol sulfate q 1.47 7.99 6.65
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Figure 5-S 1. OPLS-DA loading plots proving so significant separation within pair-wise comparison between
treatment groups in liver samples.
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Supplementary data for Chapter 6. Investigating the metabolic perturbations
induced by the selective inhibition of bacterial B-glucuronidases, enzymes

known to influence drug toxicity

Table 6-S1. Summary of the metabolomics experiments (*H NMR spectroscopy or UPLC-MS ESI+ and ESI-)
performed on the samples.

MATRICES 'H NMR SPECTROSCOPY UPLC-MS (ESI +/-)

LIVER v v

GALL BLADDER - v
PLASMA v =

COLON TISSUES v v

COLON CONTENTS - v

FAECES - v

URINE v v
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Figure 6-S1. PCA score plots obtained for the 'H NMR spectroscopy datasets of the plasma samples and the
liver extracts and for the UPLC-MS ESI+ and the UPLC-MS ESI- datasets of the liver and the gall bladders
extracts. The scores t[1] and t[2] represent the distance between a sample to the origin of PC: and PC,

respectively.
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Figure 6-S2. PCA score plots obtained for the UPLC-MS ESI+ and the UPLC-MS ESI- datasets of the colon tissue,
colon content and faecal extracts. The scores t[1] and t[2] represent the distance between a sample to the origin

of PC1 and PC, respectively.
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Table 6-S2. Metabolite annotations putatively performed on the features found to be significantly affected by the inhibition of the bacterial B-glucuronidase in colon
tissues in UPLC-MS ESI+ mode. All the m/z reported correspond to [M+H]* adducts and the levels of annotation are reported according the levels of confidence described in
the Analytical Background Chapter.

ID Calculated frag 2 frag 3 frag 4 frag1 frag 2 frag 3 frag 4 RT In silico NPC
putative ID formula m/z frag 1 theo DB
level mass theo theo theo obs obs obs obs (mins) / exp DB
trimethylsilyl I-alanine CeH1sNO,Si 2b 162.0938 162.0945 145.0679 144.0839 116.089 99.0625 / 144.0821 | 116.0833 / 0.55 HMDB0094699 Theo No
NG,NG-dimethyl-L-arginine CgH1gN4O, 2a 203.1603 203.1497 158.1285 116.0708 88.0875 70.0659 / 116.0828 / 70.0741 0.78 Metlin 6891 Exp Yes
tyrosine CoH11NO;3 2b 182.2005 182.0864 165.0548 147.0451 136.0753 123.0424 165.0721 147.0603 136.0902 123.0567 1.43 Metlin 34 Exp No
4-(2-aminophenyl)2,4-
C10HgNO, 2b 208.0849 208.061 190.0504 164.0712 | 162.0555 | 120.0449 | 190.0728 / 162.0619 | 120.0952 3.38 HMDB0000978 Theo No
dioxobutanoate
n-acetylleucine CgH1sNO3 2a 174.0926 174.1147 156.1035 132.1034 | 128.1088 86.0987 156.098 132.1169 | 128.0802 86.1016 4.23 Metlin 43866 Exp Yes
glycocholate Ca6Ha3NOg 2a 466.3685 466.3151 448.3056 430.2936 | 412.2836 | 337.2524 | 448.2846 | 430.2847 412.267 337.2895 8.46 Metlin 202 Exp Yes
nutriacholic acid Ca4H3504 2b 391.2386 391.2843 373.2737 355.2632 345.2788 327.2682 373.3144 355.2968 / 327.258 8.93 HMDB0000467 Theo No
tetracosahexanoic acid Cy4H360; 2b 357.3146 357.2788 339.2682 321.2577 311.2733 297.2577 339.3076 321.2757 311.2566 297.271 9.95 HMDB0002007 Theo No
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Table 6-S3. Metabolite annotations putatively performed on the features found to be significantly affected by the inhibition of the bacterial B-glucuronidase in colon
contents in UPLC-MS ESI+ mode. All the m/z reported correspond to [M+H]* adducts and the levels of annotation are reported according the levels of confidence described
in the Analytical Background Chapter.

In
ID Calculated frag1 frag 2 frag 3 frag 4 frag 2 RT
putative ID formula m/z frag 1 obs frag 3 obs frag 4 obs DB silico NPC DB
level mass theo theo theo theo obs (mins)

/ exp
glutamine CsH1oN,05 2a 147.0765 147.0762 130.0495 102.0547 101.071 84.0448 130.0504 102.0561 101.0719 84.0451 0.57 Metlin 18 Exp Yes
glutamate CsHgNO, 2a 148.0609 148.0607 130.0501 102.0548 84.0446 / 130.0503 102.0557 84.0449 / 0.59 Metlin 19 Exp Yes
citrulline CgH13N305 2a 176.103 176.1019 159.0757 116.0715 115.087 113.0706 159.0766 116.0715 115.0869 113.0706 0.61 Metlin 16 Exp Yes

glucosamine
C;H13N304 2b 260.0458 260.053 162.0761 146.0812 144.0655 98.9842 162.0765 146.0819 144.0652 98.9751 0.63 Metlin 3390 Theo No

phosphate

formino-glutamic
" CgH10N,04 2a 175.0715 175.0719 157.0613 148.061 140.0348 129.0188 157.0604 148.0609 / / 0.64 HMDBO0000854 Theo Yes
aci
5-aminopentanoic
» CsH11NO, 2a 118.0867 118.0864 101.0602 100.076 82.0657 56.0504 101.0608 100.0764 82.0665 56.0505 0.67 Metlin 6902 Exp Yes
aci
glycyl-proline C7H12N,05 2a 173.0921 173.0915 155.081 127.0863 116.0706 70.0655 155.0819 127.0868 116.071 70.0662 0.68 Metlin 4185 Exp Yes
leucine CgH13NO, 2b 132.1022 132.1016 86.0969 73.067 69.07 55.0538 86.0973 / / / 0.96 Metlin 24 Exp No
uridine CgH12N,06 2a 133.0491 133.0489 115.0372 113.0349 97.0298 85.0289 115.0352 113.0354 97.0285 / 1.41 Metlin 90 Exp No
tyrosine CoH1:NOs 2b 182.0821 182.0864 165.0548 147.0451 136.0753 123.0424 165.0553 147.0438 136.0764 123.0444 1.43 Metlin 34 Exp No
guanine CsHsNsO 2b 152.0559 152.0566 135.0299 110.0355 107.0357 82.0409 135.0297 110.0348 107.0487 82.043 1.63 Metlin 315 Exp No
hypoxanthine CsHaN,O 2b 137.0458 137.0455 119.0351 110.0348 94.0403 82.0406 119.0389 110.0356 94.0412 82.0404 1.64 Metlin 83 Exp No
deoxyguanosine C10H13Ns04 2a 268.1074 268.1031 152.0558 135.0291 117.0535 99.0437 152.0572 135.0323 117.0522 99.0424 1.72 Metlin 3395 Exp Yes
proline CsHgNO, 2b 116.0702 116.0708 70.0659 68.0506 / / 70.0662 68.0513 / / 1.77 Metlin 29 Exp No
phenylalanine CoH1:NO, 2a 166.0862 166.0858 149.0591 131.0484 120.0806 103.0537 149.0599 131.0497 120.0811 103.0547 1.89 Metlin 28 Exp Yes
217 -
pro tyr C14H15N,04 2b 279.1338 279.1329 233.1282 182.0807 70.0651 / 233.1484 182.0793 70.0667 / Metlin 23717 Exp No
2.43

leu val C11H22N,03 2b 231.1703 231.1671 185.1613 118.0843 86.0955 72.0803 185.1661 118.0859 86.0965 72.0817 2.45 Metlin 23890 Exp No
val leu C11H2,N,03 2b 213.158 213.1666 185.1618 132.1 86.0944 72.0796 185.165 132.1016 86.097 72.0816 2.59 Metlin 23950 Exp No
proile C11H0N,03 2a 229.1547 229.1523 211.1388 183.1473 86.093 70.0645 / / 86.0968 70.0667 2.67 Metlin 23879 Exp Yes
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indole-3- CgH,NO 2b 146.0612 146.0589 118.0642 91.0528 65.0379 / 118.0656 91.0542 / / 2.69 HMDB0029737 Exp No
carbaldehyde
serotonin C10H1N,0 2b 177.1031 177.102 160.0752 | 142.0648 132.0806 115.0541 / 142.0652 132.0799 155.0546 2.78 Metlin 23 Exp No
indole acrylic acid C11HsNO, 2b 188.0712 188.0698 170.06 146.0602 142.0645 115.0534 170.0628 146.06 142.0655 115.0547 2.8 Metlin 5702 Exp No
4-(2-
aminophenyl)2,4- C10HsNO,4 2b 208.0592 208.061 190.0504 | 164.0712 162.0555 120.0449 190.0486 / 162.0555 120.0443 3.38 HMDB0000978 Theo No
dioxobutanoate
gly lys tyr C17H26N40s 2b 364.2003 367.1946 332.1599 | 310.1715 186.1209 129.1006 332.1543 / 186.1243 129.1013 3.53 Metlin 20072 Exp No
serile leu C15H29N305 2b 332.2135 332.225 201.1272 | 173.1321 132.1058 86.0985 201.1245 173.1293 132.1023 86.0974 3.57 Metlin 22825 Exp No
phe leu Ci5H2,N,03 2b / 279.1687 233.1623 132.0994 120.0792 86.0941 233.1669 132.0986 120.081 86.0981 3.72 Metlin 23831 Exp No
pro trp C16H15N30;5 2b 302.1563 302.1487 205.095 188.0686 181.1006 70.0653 205.0879 188.0699 / 70.0654 3.94 Metlin 24006 Exp No
arggln arg C17H34N100s 2b 459.2759 459.2802 442.2558 | 303.1753 286.1471 215.3198 442.2702 / 286.144 / 43 Metlin 19907 Exp No
trpile or trp leu C17H23N303 2b 318.1697 318.1799 301.153 273.1581 159.0906 144.0805 301.1552 273.1696 / 144.0855 5.26 Metlin 23956 Exp No
tetranor-23-oxo-
hydroxyvitamin Cy3H3403 2b 359.2561 359.2581 341.2475 | 323.2369 219.1743 139.0754 341.248 323.1792 219.1415 / 8.73 HMDB0060114 Theo No
D3
nutriacholic acid Ca4H3304 2b / 391.2843 373.2737 | 355.2632 345.2788 327.2682 373.2695 355.262 345.2475 / 8.93 HMDB0000467 Theo No
cervonoyl
Cy4H3603 2b 373.2722 373.2737 355.2632 | 329.2475 311.2369 103.039 355.2637 329.2156 / / 9.11 HMDB0013627 Theo No
ethanolamide
cervonic acid
Cy4H360, 2b 357.279 357.2777 311.2355 | 215.1773 119.0845 175.146 311.1736 | 215.1841 119.0849 175.1455 9.58 Metlin 62947 Exp No
ethyl ester
PA(10:0/8:0) Cy1H4108P 2b 453.2591 453.2612 435.2506 373.2949 355.2843 213.1632 435.2499 373.2746 355.2639 213.1849 9.71 HMDB0114778 Theo No
tetracosahexanoi
c acid Cy4H360; 2b 357.2791 357.2788 339.2682 321.2577 311.2733 297.2577 339.265 321.2613 / 293.2396 9.95 HMDB0002007 Theo No
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Table 6-S4. Metabolite annotations putatively performed on the features found to be significantly affected by the inhibition of the bacterial B-glucuronidase in urine
samples in UPLC-MS ESI+ mode. The levels of annotation are reported according the levels of confidence described in the Analytical Background Chapter.

ID Calculated frag 1 frag 2 frag 3 RT " NPC

putative ID Adduct formula m/z frag 4 theo frag 1 obs frag 2 obs frag 3 obs frag 4 obs DB silico
level mass theo theo theo (mins) DB

/ exp
S-adenosylmethionine [M+H]* C1sH22Ng0sS 2a / 399.1434 298.094 264.0908 250.0918 136.0604 298.0981 / 250.0933 136.0638 0.55 Metlin 3289 Exp Yes
N-acetylspermidine [M+H]* CoH21N30 2b 188.176 188.1755 171.1488 117.1018 100.0758 72.0812 171.1496 117.1032 100.0769 72.0823 0.55 Metlin 3323 Exp No

N6,N6,N6-trimethyl-L-

Iysine [M+H]* CoH20N202 2a 189.1603 189.1598 172.1332 171.1492 143.1543 114.1277 / 171.1496 / / 0.55 HMDB0001325 Theo Yes
lysine [M+H]* CsH1aN202 2a 147.113 147.1125 130.0857 106.0021 84.081 64.0165 130.0876 84.0818 / 0.55 Metlin 25 Exp Yes
5-hydroxylysine [M+H]* CeH14N203 2a / 163.1083 145.0977 128.0712 117.1028 99.0922 / 128.0723 117.1044 99.0896 0.55 HMDB0000450 Exp Yes
histidine [M+H]* CeHsN30, 2b 156.0779 156.0764 110.0713 95.0606 93.0449 83.061 110.0746 95.0602 93.0449 83.0622 0.55 Metlin 21 Exp No
taurine [M+H]* C2H7NOsS 2a 126.0232 126.0214 108.0107 84.9596 78.9847 64.9698 108.012 / 78.9833 / 0.56 Metlin 31 Exp Yes
glycerophosphocholine [M+H]* CgH20NOsP 2a 258.1105 258.1101 184.0732 166.0625 125.000 104.1071 184.0755 / 125.0012 104.1081 0.58 Metlin 370 Exp Yes
glutamate [M+H]* CsHgNO4 2a 148.0621 148.0607 130.0501 102.0548 84.0446 / 130.0508 102.0554 84.0448 / 0.59 Metlin 19 Exp Yes
5-aminopentanoic acid [M+H]* CsH11NO2 2a 118.0864 118.0864 101.0602 100.076 82.0657 56.0504 / 100.0768 82.0671 56.0501 0.6 Metlin 6902 Exp Yes
carnitine [M+H]* C7H1sNO3 2a 162.1127 162.1107 103.0385 102.0908 82.0282 60.0812 103.0422 102.0933 / / 0.6 Metlin 52 Exp Yes
thiamine [M+H]* C12H16N4OS 2a 265.1123 265.1117 144.0476 122.0714 81.0449 / 144.0495 122.0719 81.0492 / 0.62 Metlin 229 Exp Yes
creatinine [M+H]* CaH7N3O 2a 114.0671 114.0687 86.0741 72.0474 / / 86.0722 72.0446 / / 0.63 Metlin 8 Exp Yes
sucrose [M+Na]* C12H2,011 2a 365.1058 365.1051 203.0514 185.0414 / / 203.0556 / / / 0.63 Metlin 137 Exp Yes
N-acetylneuraminic acid [M+H]* C11H19NOg 2a 310.1105 310.1123 292.101 274.0929 256.0852 250.0927 292.1043 274.0932 / 250.0893 0.64 Metlin 5739 Exp Yes
trigonelline [M+H]* C7H/NO, 2a 138.0557 138.0553 94.0663 92.0506 78.0349 67.0552 94.0666 92.0506 / 67.0545 0.65 Metlin 273 Exp Yes
creatine [M+H]* C4HsN30, 2b 132.0779 132.0768 115.05 114.0661 90.0555 87.0557 115.0516 114.0669 90.0555 87.0555 0.65 Metlin 7 Exp No
NG,NG-dimethyl-arginine [M+H]* CsH18N4O2 2b 203.1508 203.1497 158.1247 133.0964 116.0704 88.0875 158.1294 133.0965 116.0713 88.0879 0.67 Metlin 6891 Exp No
glycyl-aspartate [M+H]* CeH10N20s 2a 191.0682 191.0662 173.0557 155.0451 145.0608 127.0502 173.0563 155.0456 / 127.0471 0.68 HMDB0028837 Theo Yes
N-acetylhistidine [M+H]* CgH11N303 2b 198.0873 198.0865 180.0757 156.0759 152.081 110.0709 180.0764 156.0771 152.0768 110.0723 0.71 Metlin 44784 Exp No
citrulline [M+H]* CeH13N303 2a 176.1031 176.1019 159.0757 116.0715 115.087 113.0706 159.0758 116.0704 / 113.0721 0.71 Metlin 16 Exp Yes
N-acetylglutamine [M+H]* C7H12N204 2a 189.0867 189.0869 172.0603 147.0747 130.0496 84.0444 172.0616 / 130.0512 84.0455 0.82 Metlin 58344 Exp Yes
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4-guanidino butanoic acid [M+H]* CsH11N302 2a 146.0934 146.0917 128.0817 104.0707 87.0447 86.0607 128.0822 104.0714 87.0448 86.0613 0.82 Metlin 4155 Exp Yes
glycylproline [M+H]* C7H12N203 2a 173.0937 173.0915 155.081 127.0863 116.0706 70.0655 155.0821 127.0879 116.0711 70.0663 0.82 Metlin 4185 Exp Yes
N-acetyllysine [M+H]* CsH16N203 2a 189.1242 189.123 172.0961 171.1124 147.1123 129.102 172.0972 171.1133 147.112 129.1016 0.83 Metlin 63102 Exp Yes
N-acetylputrescine [M+H]* CsH1aN20 2a 131.0901 131.184 114.0915 72.0816 / / 114.0922 72.0818 / / 0.83 HMDB002064 Exp Yes
N-acetylglutamic acid [M+H]* C7H1NOs 2a 190.0736 190.076 172.0611 148.0601 130.0495 102.0559 172.063 148.06 130.0513 102.0544 1.35 Metlin 3325 Exp Yes
uridine [M+H]* CoH12N206 2a / 133.0489 115.0372 113.0349 97.0298 85.0289 / 113.0365 / / 1.38 Metlin 90 Exp Yes
tyrosine [M+H]* CoH11NO3 2a 182.0849 182.0864 165.0548 147.0451 136.0753 123.0424 165.0538 147.043 136.0755 123.0423 1.43 Metlin 34 Exp Yes
3-hydroxyxyanthranilic
[M+H]* C7H7NOs 2b 154.0497 154.049 136.0386 108.0441 80.0498 / 136.0399 108.0437 80.0501 / 1.47 Metlin 3275 Exp No
acid
leucine [M+H]* CeH13NO2 2a 132.1011 132.1016 86.0969 73.067 69.07 / 86.0973 / / / 1.56 Metlin 24 Exp Yes
1.56 -
4-pyridoxate [M+H]* CgHoNO4 2a 184.0603 184.0604 166.0495 148.0387 144.9871 138.0558 166.0508 148.0401 144.9589 138.0536 Metlin 239 Exp Yes
1.71
dihydroxyquinoline-B-
[M+H]* CisH1sNOg 2b 338.0869 338.087 320.0765 302.0659 292.0816 162.055 320.0977 302.0807 / 162.0548 1.79 HMDB0011658 Theo No
glucuronide
phelalanine [M+H]* CoH11NO2 2a 166.0849 166.0858 149.0591 131.0484 120.0806 103.0537 149.06 131.0492 120.0807 103.0559 21 Metlin 28 Exp Yes
porphobilinogen [M+H]* C10H14N204 2b 227.1025 227.11 210.0876 182.0926 165.0826 138.0645 210.0745 182.0876 / / 2.28 Metlin 76 Exp No
dihydrocaffeic acid
[M+H]* Ci5H18010 2b 359.0874 359.0973 341.0867 323.0761 183.0652 165.0546 / 323.0755 183.0666 165.055 2.38 HMDB0041720 Theo No
glucuronic acid
2-indole-carboxylic acid [M+H]* CoH7NO2 2b 162.0556 162.0555 144.0449 134.0242 118.0293 116.05 144.0438 / / 116.0508 2.76 HMDB0002285 Theo No
xanthurenic acid
” ide) [M+H]* C10H7NO4 2b 206.0441 206.0442 188.0336 178.0462 160.0382 132.0435 188.0238 178.0486 160.0389 132.0482 2.77 Metlin 5481* Theo No
glucuronide
4-(2-aminophenyl)2,4-
[M+H]* Ci10HoNO4 2b 208.0613 208.061 190.0504 164.0712 162.0555 120.0449 190.0499 164.0658 162.0555 120.047 3.38 HMDB0000978 Theo No
dioxobutanoate
hippuric acid [M+H]* CoHoNO3 2a 180.0667 180.0672 139.0574 121.1007 105.0338 77.0394 / 121.1048 105.0348 77.0402 3.58 Metlin 1301 Exp Yes
hydroxyprolyl-methionine [M+H]* C10H18N204S 2b 263.1037 263.106 245.0954 227.0849 217.1005 199.09 245.0905 227.0887 217.0969 199.30889 3.62 HMDB0028869 No
biotin [M+H]* C10H16N203S 2a 245.0923 245.0956 227.0849 184.0819 167.0533 166.0685 227.0839 / / / 37 Metlin 243 Exp Yes
phenylacetylglycine [M+H]* C10H11NO3 2a 194.0813 194.0808 148.0745 120.0814 91.0546 76.0398 148.0755 120.081 91.0549 76.0404 4.04 Metlin 4237 Exp Yes
5-hydroxyindoleacetic
[M+H]* C10HgNO3 2b 192.0663 192.0637 146.0599 110.0086 68.9833 66.0208 146.0607 110.0106 / / 4.13 Metlin 2975 Exp No
acid
hexanoylglycine [M+H]* CgHi1sNO3 2b 174.1123 174.1125 156.1019 128.107 99.0804 76.0393 156.1024 128.1125 99.082 76.0385 4.68 HMDB0000701 Exp No
cinnamoyglycine [M+H]" C11H11NO3 2b 206.0479 206.0464 188.0373 160.0378 131.0488 103.0547 188.0381 / 131.0507 103.0556 5.34 Metlin 34534 Exp No
tetranor-5-NO2-CLA [M+Na]* C14H23NO4 2b 292.1532 292.1519 270.17 252.1594 / / 270.1711 252.1606 206.1535 177.1279 5.7 LMFA01120010 Theo No
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octenoylglycine

[M+H]*

Ci0H17NO3

2b

200.13

200.1281

183.1016

182.1176

165.091

154.1226

182.1196

165.0939

154.1247

6.2-
6.31

HMDB0094801

Theo
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Table 6-S5. Metabolite annotations putatively performed on the features found to be significantly affected by the inhibition of the bacterial B-glucuronidase in urine
samples in UPLC-MS ESI- mode. The levels of annotation are reported according the levels of confidence described in the Analytical Background Chapter.

In
ID Calculated frag 2 frag 3 frag 4 RT NPC
putative ID Adduct formula m/z frag 1 theo frag 1 obs frag 2 obs frag 3 obs frag 4 obs DB silico /
level mass theo theo theo (mins) DB
exp
5-hydroxylysine [M-H] CeH1aN203 2b / 161.0926 144.0661 143.0821 130.0504 117.1028 144.0651 143.084 / / 0.55 HMDB0000450 Theo No
taurine [M-H] C2H7NOsS 2a 124.0069 124.0062 106.9814 94.9808 80.9651 79.957 106.9842 94.9783 80.9629 79.9568 0.56 Metlin 31 Exp Yes
glycerol-phosphate [M+Br] C3Hs06P 2a 251.0491 251.047 171.0139 114.943 86.9067 71.045 171.0058 / / / 0.58 HMDB0000126 Exp Yes
glutamate [M-H] CsHoNO4 2a 146.0463 146.0452 128.035 102.056 85.0293 / 128.0353 / 85.0279 / 0.58 Metlin 19 Exp Yes
glycerophosphocholine [M-H] CsH20NOgP 2b / 256.0956 242.0813 168.0423 152.9959 78.9586 242.0795 168.0391 152.9913 78.9584 0.58 Metlin 370 Exp No
N6,N6,N6-trimethyl-L-
[M-H] CoH20N20, 2a / 187.1452 130.0874 128.0717 114.0561 74.0248 / 128.0698 114.0509 74.0256 0.61 HMDB0001325 Theo Yes
lysine
allantoin [M-H]" C4H6N4O3 2a 157.0355 157.0344 140.0056 114.0292 97.0034 71.0251 140.0068 114.0296 97.0027 / 0.63 Metlin 89 Exp Yes
N-acetylneuraminic acid [M-H] C11H19NO9g 2b 308.0989 308.0983 290.0875 170.0453 98.0607 87.0091 290.0854 170.0472 98.0619 87.0092 0.64 Metlin 5739 Exp No
glycyl-aspartate [M-H] CeH10N20s 2b 189.0518 189.0517 171.0411 145.0619 132.0302 127.0513 171.0398 / 132.0383 / 0.68 HMDB0028837 Theo No
arabinose [M-H] CsH100s 2a 149.0452 149.0425 131.0599 113.0226 101.0233 89.0237 131.0348 113.0242 101.0239 89.0246 0.68 Metlin 65497 Exp Yes
sucrose [M-H] C12H22012 2a 341.1071 341.01085 179.0553 161.0444 143.0342 119.0341 179.055 161.0385 143.033 119.033 0.7 Metlin 137 Exp Yes
N-acetylhistidine [M-H] CgH1:1N303 2b 196.0721 196.0722 178.0617 154.0617 152.0824 134.0718 / 154.0614 152.0831 134.068 0.71 HMDB0032055 Theo No
4-guanidino butanoic acid [M-H] CsH11N302 2b 144.0767 144.0782 127.051 102.0555 84.0448 83.0612 127.0554 102.0576 / 83.063 0.94 Metlin 4155 Exp No
N-acetylglutamic acid [M-H] C7H11NOs 2b 188.0561 188.0553 170.0446 144.0654 128.0345 102.0555 170.0468 144.0658 128.0352 102.0566 1.38 Metlin 3325 Exp No
succinic acid [M-H] C4HeO4 2a 117.0189 117.019 99.0086 73.03 55.019 / 99.008 73.0279 / / 141 Metlin 114 Exp Yes
tyrosine [M-H] CoH1:NO3 2b 180.0679 180.0654 163.0392 119.0502 93.0346 72.0089 163.041 119.053 93.0433 / 143 Metlin 34 Exp No
deoxyuridine [M-H] CoH12N20s 2a 227.0672 227.066 184.0593 136.0372 111.0195 94.03 184.0613 136.042 111.009 94.0301 1.62 Metlin 91 Exp Yes
4-pyridoxate [M-H] CsHoNO4 2b 182.0457 182.0448 138.0552 123.0315 120.0442 108.0446 138.0557 123.0329 120.0451 108.046 1.75 Metlin 239 Exp No
dihydroxyquinoline-B-
[M-H] Ci5H1sNOg 2b 336.0726 336.0725 318.0619 292.087 290.067 160.0404 318.0638 / / 160.0398 1.99 HMDB0011658 Theo No
glucuronide
phenylalanine
[M-H] CoH11NO2 2b 164.0727 164.0711 147.0445 103.0549 91.0549 72.0094 / / / / 2.09 Metlin 28 Exp No
(glucuronide)
225.0887
porphobilinogen [M-H] Ci0H1aN204 2b 225.0872 181.097 163.0864 152.071 120.0816 181.0954 163.0875 / / 232 Metlin 76 Exp No
2
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dihydrocaffeic acid

[M-H] CisH18010 2b 357.0825 357.0827 339.0722 181.0506 163.0401 117.0193 339.0734 181.049 163.0456 117.0192 242 HMDB0041720 Theo No
glucuronic acid
p-hydroxyphenyllactic
[M-H] CoH1004 2a 181.0495 181.0496 163.0385 135.044 119.0505 72.9928 163.0412 135.0443 119.05 / 2.72 Metlin 34515* Exp Yes
acid
2-indole-carboxylic acid
[M-H] CoH7NO2 2b 160.0403 160.0399 142.0293 116.05 114.0344 / / 116.053 / / 2.76 HMDB0002285 Theo No
(glucuronide)
xanthurenic acid
[M-H] Ci0H7NOs 2b 204.0296 204.029 160.0391 132.0459 116.049 / 160.0397 132.0432 116.0495 / 2.85 Metlin 5481* Theo No
(glucuronide)
5-hydroxyindoleacetic 3.18 -
[M-H] C10HsNO3 2a 190.0504 190.0407 146.0602 144.044 131.0382 / 146.0606 144.0442 131.0368 / Metlin 2975 Exp Yes
acid 3.38
phenyl glucuronide [M-H] C12H1407 2b 269.0659 269.0667 251.0555 175.0243 129.0189 113.0241 251.0556 175.024 129.0551 113.0245 3.28 Metlin 1825 Exp No
4-(2-aminophenyl)2,4-
[M-H] C10HoNO4 2b 206.0452 206.0453 188.0348 162.0555 160.0399 145.029 188.0351 162.0555 160.0398 145.0452 3.38 HMDB0000978 Theo No
dioxobutanoate
p-coumaric acid sulfate [M-H] CoHsg06S 2b 242.9965 242.9969 224.9863 199.0071 163.0401 145.0295 / 199.0062 163.0396 / 3.49 HMDB0125166 Theo No
pimelic acid [M-H] C7H1204 2a 159.0663 159.0647 141.0545 115.0755 97.0656 95.0502 / 115.0766 97.0648 95.0466 3.51 Metlin 3280 Exp Yes
indoxylsulfuric acid [M-H] CgH7NO4S 2a 212.0011 212.0019 132.0448 80.9653 79.9576 / 132.045 80.963 79.954 / 3.53 Metlin 252 Exp Yes
hippuric acid [M-H] CoHoNO3 2a 178.053 178.0503 134.0607 132.0449 77.0399 56.0139 134.053 132.0449 77.0387 / 3.61 Metlin 1301 Exp Yes
ferulic acid 4-O-slufate [M-H] C10H1007S 2b 273.0073 273.0074 254.9969 229.0176 193.0506 175.0401 254.9608 229.0183 193.0503 175.041 3.67 HMDB0029200 Theo No
phenylacetylglycine [M-H] C10H11NO3 2a 192.0661 192.0631 91.054 74.0244 / / 91.0561 74.0246 / / 4.04 Metlin 4237 Exp Yes
p-cresol-glucuronide [M-H] Ci3H1607 2b 283.082 283.0818 265.0712 239.0919 175.0243 107.0497 265.0717 239.0977 175.0226 107.05 4.35 HMDB0011686 Theo No
p-cresol-sulfate [M-H]” C7Hs04S 2b 187.0068 187.0065 160.9909 107.0497 105.043 80.9646 / 107.0499 105.0324 80.9641 4.46 HMDBO0011635 Theo No
hexanoylglycine [M-H] CgH1sNO3 2b 172.0968 172.0979 154.0874 128.1081 126.0924 97.0659 / / / / 4.68 HMDB0000701 Theo No
cinnamoyglycine [M-H] C11H11NOs 2b 204.0662 204.0656 160.0758 130.0654 117.0693 103.0545 160.0773 130.0654 117.0722 103.0559 534 Metlin 34534 Exp No
tetranor-5-NO2-CLA [M-H] C14H23NO4 2b 268.1545 268.1554 206.1548 168.0663 154.0507 112.0403 206.1525 / / / 5.73 LMFA01120010 Exp* No
6.2-
octenoylglycine [M-H] Ci0H17NO3 2b 198.1126 198.1136 181.087 180.103 154.1237 152.108 181.0918 / 154.1228 / HMDB0094801 Theo No
6.31

*(Salvatore etal., 2013)
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