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“Prediction is very difficult, especially about the future”

- Niels Bohr



Abstract

Inflammatory bowel disease (IBD), encompassing Crohn's disease (CD) and ulcerative
colitis (UC), is a chronic remittent-relapsing inflammatory disorder of the gastrointestinal
tract that affects millions of people worldwide. Despite progress in disentangling the
pathogenesis of this disease, the exact cause of IBD remains unknown. As with other
chronicinflammatory disorders, the tissue damage is immune mediated and arises from
an interaction of genetic susceptibility factors, environmental triggers and indigenous
gut microbiota. The gut microbiota play a central role in IBD pathogenesis. However,
despite consistent reports of alterations in gut microbial composition, a coherent

microbial signature for IBD remains elusive.

Therefore, this work investigated the influence of IBD on the gut microbiota with a
particular focus on the multitude of factors, both external and internal, that can
potentially confound the distinctions between healthy and diseased states. Our
investigation uncovered significant compositional disparities, especially in the case of
CD, when comparing individuals with diseases to the control group. Furthermore,
longitudinal analyses revealed reduced temporal stability in the microbiota of IBD
patients, especially those experiencing fluctuations in disease activity. Geographic
location emerged as one of the strongest drivers of microbiota variance, only second to
a diagnosis with CD, followed by a history of surgical resection and a diagnosis with UC.
Other life style factors also exerted an influence, however, the majority of the

compositional variance remained either unexplained or was stochastic in nature.

In view of the increasing evidence that commonly prescribed, non-antibiotic drugs
interact with the gut microbiome, we re-examined the microbiota variance in IBD to
determine the degree to which medications might account for compositional differences
between disease-subtypes and geographic location. Although there were variations in
medication profiles among individuals from different countries, treatments accounted
for a relatively small proportion of the geographic contribution to microbiome. With that
said, the cumulative effects of multiple medications significantly contributed to the

microbiome differences between patients with UC and CD.



Cognizant of the crucial role that microbial metabolites play as molecular messengers
facilitating communication between the gut microbiota and the host, we next conducted
an investigation into the role of microbial metabolites in patients with CD within the
context of the liver-bile acid-microbiota axis. Our findings indicate that the typical
signalling from the gut to the liver is disrupted in patients with CD compared to healthy
controls, which led to excessive hepatic bile acid (BA) synthesis in a subset of patients.
Moreover, variations in hepatic BA synthesis and BA reabsorption within the CD patient
group were associated with the resection status. As a result of this disruption, we
observed specific microbial changes among CD patients marked by an increase in bile-
resistant and a decrease in bile-sensitive genera. This suggests that changes in BA
metabolites significantly contribute to the observed differences in microbial composition

between health and disease as well as between patients with CD.

Collectively, these findings underscore the dynamic nature of microbiomes, highlighting
their capacity to adapt to changing environmental conditions while also being subject to
host-driven regulation. This added complexity, as well as the increasing data volumes,
underscores the need for innovative analytical methodologies that can effectively
capture all available information, especially considering the unique characteristics of
microbiome data. Hence, we assessed machine learning algorithms, including Support
Vector Machines (SVM), Extreme Gradient Boosting (XGB), and Random Forest (RF), for
their ability to classify IBD phenotypes using gut microbiome data. All of the tested
models successfully differentiated between IBD and non-IBD controls and, to a lesser
degree, between IBD subtypes across studies conducted in diverse geographic locations.
Importantly, all three algorithms exhibited variations in the selection of taxonomic
features considered significant for the classification task, underscoring the need for
caution when applying machine learning to tasks aimed at understanding underlying

biological aspects rather than solely achieving precise phenotype predictions.

In conclusion, the multifaceted approaches undertaken in this body of work yielded
valuable insights into the complex interplay of lifestyle, medication, and microbial
metabolites in the context of IBD, emphasising the importance of personalized
approaches for host heterogeneity and environmental factors in the pursuit of precision

medicine.
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1. IBD

Inflammatory bowel disease (IBD) encompasses a group of non-infectious chronic
inflammatory disorders primarily affecting the gastrointestinal tract (GIT). Its primary
constituents are Crohn's disease (CD) and ulcerative colitis (UC) (Sairenji et al., 2017).
However, around 7-10% of patients show clear signs of IBD without definite features
of CD or UC, which are termed IBD unclassified (IBDU) or colitis of uncertain type or
etiology (CUTE) (Geboes et al., 2008). Crohn’s disease can affect any segment of the
gastrointestinal tract (GIT), and is characterized by a discontinuous pattern of
transmural inflammation that may impact other organs through fistulation (Wilkins
et al., 2011). In contrast, UC primarily involves a diffuse and continuous mucosal
inflammation, typically beginning in the rectum and potentially spreading proximally
(Figure 1) (Segal et al., 2021). These relapsing-remitting conditions, CD in particular,
display significant heterogeneity with distinct underlying mechanisms contributing
to a similar clinical presentation which is characterized by abdominal pain, chronic
diarrhoea, rectal bleeding, and weight loss, frequently accompanied by systemic
manifestations like fatigue, malnutrition, fever, and anaemia (Knowles et al., 2018).
In 25% to 40% of patients with IBD the disease causes extra-intestinal manifestations,
which theoretically can affect any organ but primarily involve eyes, liver, skin and
joints (Sairenji et al., 2017). After 10 years of disease, patients with IBD have a
significantly increased colorectal cancer risk compared to the normal population
(Porter et al., 2021) and while the cumulative mortality of patients with UC is
comparable with that of the population without IBD, the mortality of patients with
CD is twice as high (Aniwan et al., 2018, Bitton et al., 2016). These diseases can
manifest at any age, but it most commonly emerges in early adulthood, with a peak
incidence occurring between the second and fourth decade of life and a second
smaller peak in the elderly (Thia et al., 2008, Molodecky et al., 2012). However, an
increase of paediatric-onset IBD, is defined as disease onset before the age of 18

(Benchimol et al., 2014).
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Figure 1: IBD is a chronic relapsing inflammatory condition encompassing two distinct disorders with similar
clinical presentation but different phenotype. Ulcerative colitis is characterized by a continuous inflammation that
is usually constrained to the innermost lining of the colonic mucosa. Crohn’s disease on the other hand can occur
along the whole digestive tract and is typified by patchy inflammation that also involves deeper layers of the
affected tissues.

1.1. Epidemiology

Epidemiological data indicate that in Western countries CD is male dominated in
childhood and adolescence, while it is slightly more prevalent in females in
adulthood. On the other hand, there are no differences in UC incidence rates until 45
years of age, from which point onwards there is a male dominance (Shah et al., 2018).
In Asian-Pacific cohorts, the incidence of CD and UC is predominantly male from
adolescence to middle/late-middle age (Shah et al., 2019) which highlights the for
need future IBD studies to consider gender-specific disease modifiers (Chan, 2019).
Variations in disease phenotype and outcomes have also been documented among
different racial groups, emphasizing the importance of understanding how genetics
and environmental factors interact within diverse populations (Barnes et al., 2021).

For instance, individuals of Ashkenazi Jewish descent, have a notably higher risk of

developing IBD (Bernstein et al., 2006).

In the past, IBD was primarily associated with the so-called Western world. However,
recent studies spanning the last two decades have revealed a significant surge in its
incidence in newly industrialized regions across the Middle East, Asia, and South
America. Conversely, IBD incidence rates in the West appear to have reached a
plateau during the 21st century (Ng et al., 2017). In 2019, the global burden of IBD
was substantial, with an estimated 4.9 million cases worldwide. A recent study that

examined IBD incidence rates showed that 147 out of 204 countries and territories
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noted a significant increase in age-standardised prevalence rates, which correlated
with a higher socio-demographic index (Wang et al., 2023). The direct medical cost
associated with IBD was calculated to exceed USS$6.8 billion in the US per annum
(M’Koma, 2022), while the annual cost in Canada are estimated to be CDNS$1.2 billion
(Rocchi et al.,, 2012) and in Europe €4.6-5.6 billion (Burisch et al., 2013).
Nevertheless, it is noteworthy that indirect healthcare costs, including reduced work
productivity or mental health issues, are reported to surpass the direct financial

burdens of IBD (Kaplan, 2015, van Gennep et al., 2021, Sciberras et al., 2022).

Age-standardised prevalence rate
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Figure 2: Changes in IBD prevalence between 2017 and 2019. While incidence rates in established 'Western
regions appear to have stabilized, emerging industrialized regions across the Middle East, Asia, and South America
have witnessed a notable surge in age-standardized prevalence rates (Figure adapted from (Ng et al., 2017) and
(Wang et al., 2023)).

1.2. Diagnosis

The diagnostic landscape for IBD currently lacks a standardized tool, necessitating a
multifaceted approach for accurate evaluation which can be quite complex and
lengthy (Figure 3a). A Swiss study from 2012 reported that only 75% patients with

IBDU received the correct diagnosis after 6 months, while patients with UC needed

12 months and patients with CD waited as long as 24 months (Vavricka et al., 2012).
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A more recent study that surveyed 19,555 cases of IBD and 78,114 controls found
that less than 50% of patients received specialist care within 18 months of presenting
with chronic gastro-intestinal (Gl) symptoms and that 10% of patients had symptoms
for as long as 10 years before IBD diagnosis (Blackwell et al., 2020). Considering the
significant impact of untreated IBD on patients' quality of life (Ghosh et al., 2007), as
well as the association between delayed diagnosis and an increased risk of
complications and the need for subsequent bowel resection, there is a pressing need
to develop more accessible methods for diagnosing and monitoring IBD (Thia et al.,

2010, Schoepfer et al., 2013).

The state-of-the-art diagnostic process integrates clinical, endoscopic, radiological,
histological, and biochemical assessments (Gomollén et al., 2017). The aim is not only
to diagnose IBD, but also to distinguish between UC, CD, and other diseases such as
colorectal cancer or coeliac disease, as well as to establish the extent, activity and
site of the disease. Patients presenting with symptoms such as abdominal pain and
diarrhoea, after excluding possible viral or bacterial infections, may undergo
diagnostic tests that reveal anaemia and an elevated platelet count in their blood
morphology, suggesting potential IBD (Rampton et al., 2020). For those undergoing
evaluation, a negative result for endomysial or transglutaminase antibodies typically
excludes celiac disease (Bernstein et al., 2016). Elevated levels of C-reactive protein
(CRP) and reduced serum albumin levels are indicative of active disease in individuals
with established disease, as well as suggestive of IBD in patients that haven’t been
diagnosed yet. (Wilkins et al., 2011, Segal et al., 2021). CRP is primarily synthesized
in the liver by hepatocytes and is triggered by pro-inflammatory cytokines at the site
of inflammation. Due to its short half-life, it serves as a valuable indicator for
detecting and monitoring disease activity in CD. In contrast, UC often shows a limited
or negligible CRP response, even with active inflammation (Vermeire et al., 2004).
Another marker that serves as a reliable indicator of intestinal inflammatory activity
and aids in monitoring disease activity in established IBD patients is faecal
calprotectin (fCAL). Conversely, in newly presenting cases with diarrhoea, a normal
fCAL result effectively rules out IBD (Ma et al., 2019). Calprotectin constitutes a major

portion of neutrophil cytosolic proteins, with lower amounts found in monocytes and
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macrophages (Johne et al., 1997). It functions as a positive acute phase protein,
influencing neutrophil migration, adhesion, and phagocytosis, facilitating
chemotaxis, and contributing to innate immunity. The presence of calprotectin in
faeces occurs as a result of neutrophil migration into intestinal tissues during
inflammation (Pathirana et al., 2018). Notably, neither CRP nor fCAL are specific to
IBD, necessitating more invasive approaches for the definitive diagnosis of IBD (Chen

etal., 2020).

The current gold standard for a definitive diagnose of IBD as well as disease activity
monitoring comprises of colonoscopy and endoscopy with biopsies, which provide
direct visualization and tissue samples (Parigi et al., 2022). However, as the
procedures are costly, burdensome for the patient and require a specialist to perform
(Moran et al., 2016), the diagnostic landscape has recently expanded to encompass
supplementary methodologies. These include video capsule endoscopy (Limpias
Kamiya et al., 2022), magnetic resonance enterography, and computed tomography
enterography (Shaban et al., 2022). Notably, the diagnostic images generated by
these modalities can be harnessed by advanced technologies such as machine
learning (ML) and deep learning (DL), i.e. a subset of ML employing artificial neural
networks with multiple layers. These cutting-edge computational models hold the
potential to guide the management and treatment strategies for individuals affected

by IBD (Takenaka et al., 2022).

1.3. Treatment and Management

While there is currently no cure, the management of IBD has improved substantially,
owing to new formulations and better use of conventional drugs, such as
corticosteroids, amino salicylates, antibiotics, and immunomodulatory agents (Figure
3b). For severe and treatment resistant cases the introduction of biologics i.e. drugs
produced from and/or containing components of living organisms, such as proteins,
was a major advancement, reducing both hospitalisation and surgery rates (Dulai et

al., 2016b, Gomollon et al., 2017).
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Figure 3: Diagnosis and treatment strategies for IBD. a) Diagnosis typically requires a combination of tools and
tests, as no single test can definitively diagnose or rule out the conditions. b) Treatment pyramid: Mild
inflammation is initially managed with antibiotics or aminosalicylates, while escalating disease severity
necessitates stronger medications (step-up approach). Recent studies propose a top-down approach to potentially
mitigate bowel damage.

The primary goals in managing IBD are to achieve full clinical and endoscopic
remission, alleviate symptoms, and prevent disease progression and complications
like strictures and colorectal cancer. Simultaneously, the aim is to improve the
patient's overall quality of life (Peyrin-Biroulet et al., 2015). In severe cases or when
complications arise, surgical interventions may be necessary to remove affected

sections of the gastrointestinal tract (Gomollén et al., 2017).

Corticosteroids, known for their rapid action, are typically used to induce initial
remission and manage acute flare-ups in both UC and CD. They work by inhibiting the
production of pro-inflammatory molecules and immune cells. However,
corticosteroids are generally unsuitable for long-term maintenance therapy due to
their potential for serious side effects, including osteoporosis, diabetes, weight gain,
mood disturbances, and increased susceptibility to infections (Hussenbux et al.,
2021). In the paediatric population, a specialized dietary therapy called exclusive
enteral nutrition (EEN) is preferred over corticosteroids as the first-line therapy. It
involves consuming a liquid formula diet as the sole source of nutrition and has
shown rapid clinical and biochemical responses (Banerjee et al., 2018), with 85% of
paediatric patients achieving remission (Rubio et al., 2011). However, it is less widely
used for adult patients due to tolerability and adherence problems (Hansen et al.,

2018).
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Anti-inflammatory 5-aminosalicylic acid (5-ASA) drugs are suitable for treating
moderately active UC or preventing relapse in patients with inactive disease. These
drugs have fewer systemic side effects compared to systemic corticosteroids, making
them a viable long-term option for UC management. Various formulations are
available, differing in their intestinal release profiles (Rampton et al., 2020).
Thiopurines, a class of immunomodulatory drugs, play a valuable role in managing
both steroid-dependent and steroid-refractory CD and UC, as well as fistulating CD.
They work by inhibiting DNA synthesis in T cells, and inducing apoptosis of the same.
However, side effects, including nausea, vomiting, headaches, increased infection
risk, pancreatitis, and bone marrow suppression, may lead to discontinuation in up

to a third of patients (Singh et al., 2022, Hanauer et al., 2019).

In severe or refractory cases of IBD, the therapeutic arsenal includes biologics, a class
of medications encompassing various antibodies and agents designed to counteract
abnormal cytokine expression and impede the migration of immune cells into the gut
wall. Currently, three major categories of biologic therapies are available for
managing IBD. Anti-TNFa agents, such as infliximab and adalimumab, function by
binding to both free and surface-bound TNFa on activated T cells, instigating their
apoptosis (Juillerat et al., 2022). Vedolizumab, on the other hand, targets the a4p7
integrin, effectively impeding immune cell migration within the gastrointestinal tract
(Sandborn et al., 2013). Ustekinumab operates on the p40 subunit of pro-
inflammatory cytokines, notably IL-12 and IL-23, thus curtailing the activation of T
lymphocytes. Meanwhile, Tofacitinib, a Janus kinase inhibitor, disrupts intracellular
signalling pathways involved in the perpetuation of inflammatory processes
(Sandborn et al., 2017). In addition to these, biologics with novel targets are
emerging, such as monoclonal antibodies targeting the B7 subunit of integrins a4p7
and aEB7 (Etrolizumab) (Danese et al., 2022), or the p19 subunit of interleukin 23
(Guselkumab) (Sandborn et al., 2022), further expanding the array of potential

treatments in development for IBD management (Ungar et al., 2016).

Antibiotics are occasionally used to manage infections and complications in IBD
patients. Metronidazole with or without ciprofloxacin, is employed to reduce the risk

of recurrence in CD and is also used in UC patients with pouchitis post-colectomy
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(Nitzan et al., 2016). Broad-spectrum antibiotics may be reserved for cases with
severe colitis, while antibiotics such as amoxicillin, trimethoprim, or ciprofloxacin
may address issues like fatty stools or diarrhoea due to bacterial overgrowth (Nitzan
et al., 2016, Rampton et al., 2020). Additionally, there is an increasing use of
complementary and alternative medicine (CAM), with estimated numbers ranging
from 21-60% of patients (Lin et al., 2018). CAMs include herbal remedies
(Triantafyllidi et al., 2015), traditional Chinese medicines (Yang et al., 2021), and
acupuncture (Song et al., 2019a), with limited data suggesting benefit for some IBD

patients (Cheifetz et al., 2017).

Our increasing understanding of the pathogenesis provides an expanding arsenal of
medications, however, especially biologics come with a hefty price tag (Degli Esposti
et al., 2023) and not all patients respond to certain medications or therapies stop
working or show significant side effects (Stallmach et al., 2010, Cohen, 2001, Click et
al., 2022, Quezada et al., 2018). Application of precision medicine could help improve
IBD patient outcome. The aim of precision medicine is to create a tailored therapy
for individual patients and to apply the most suitable treatment option based on
patient characteristics. However, only few biomarkers are currently available to lead
the choice or dosing of treatment. A recent study found evidence that copies of the
HLA-DQA1*05 allele, carried by approximately 40% of Europeans, significantly
increase the rate of immunogenicity of anti-TNFa therapies, which could be
predictive of treatment failure (Sazonovs et al., 2020). Another example of a
biomarker for guided individual dosing is the measurement of thiopurine
methyltransferase (TPMT; enzyme responsible for the metabolism of AZA and MP,
homozygous deficiency occurs in about 0.2% of the population) levels prior to
starting therapy with azathioprine (AZA) or mercaptopurine (MP). The majority of
cases of TPMT-deficiency are associated with three alleles, TPMT*2, TPMT*3A and
TPMT*3C. Individuals with complete TPMT deficiency who receive standard doses of
AZA or MP are highly likely to develop severe and potentially fatal myelosuppression.
Heterozygotes are also at risk of toxicity at standard doses but this is prevented by
initiation at 50% of the conventional dose (Hawwa et al., 2008, Warner et al., 2018).

The Increasing awareness of the microbial influence of the gut microbiota on both
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the development of the disease and its bidirectional interaction with drugs highlights
the microbiota as a promising target. In particular baseline microbiota has been
observed to influence the response to treatments (Rashidi et al., 2021, Zhang et al.,

2015, Pouncey et al., 2018).

1.4. Surgery

Surgery plays a significant role in the management of IBD, even though surgery rates
have decreased in recent decades for both UC and CD (Frolkis et al., 2013, Burisch et
al.,, 2013) due to advancements in medical therapies, including biologics and
immunomodulators (Ungar et al., 2016). Surgery in IBD may still be necessary for
various reasons, such as severe disease that does not respond to medical treatment,
complications like strictures, abscesses, or fistulae, and to manage certain extra-
intestinal manifestations (Kalman, 2021, DeLeon et al., 2022). In both UC and CD, the
long-term risk of colorectal cancer increases, especially in those with extensive and
long-standing disease. Surgical removal of the colon (colectomy) may be
recommended in some high-risk UC patients as a preventive measure against the

development of cancer (Mattar et al., 2011, Dulai et al., 2016a).

The incidence of surgery varies depending on several factors, including the type of
IBD, disease severity, and individual patient characteristics. Despite surgery offering
a long-term solution for UC, and the risk of recurrence of CD after resection, surgery
is more common in patients with CD than in UC. Approximately 10-30% of patients
with UC will eventually require surgery during their lifetime (Andersson et al., 2009).
Surgery often involves a total proctocolectomy (removal of colon and rectum)
followed by, ileostomy or an internal ileal pouch. Surgery is considered a cure for UC
as the disease is limited to the colon and thus cannot flare-up again after its removal,
even though some extra-intestinal symptoms may remain (Bernstein et al., 2010).
However, the potential need for living with a stoma, long-term follow-up care, and
complications occurring in a significant amount of patients need to be balanced when
considering surgery (Peyrin-Biroulet et al., 2016, Fradet et al., 2020). Additionally
major mal-effects such as depression, body image and sexual function issues have

been reported after surgery (Brown et al., 2015a). In comparison, a significant
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proportion of patients with CD, about 70-75%, will undergo surgery at some point in
their life (Bernell et al., 2000). As CD can occur anywhere along the Gl tract, complete
removal is not an option, and thus surgery is usually not curative. Common surgical
procedures for CD include drainage of abscesses, strictureplasty (widening of
narrowed segments of the intestine) and bowel resection (removing diseased
portions of the intestine) (Strong et al., 2015). Surgery can greatly improve a patient's
quality of life by alleviating symptoms and reducing medication dependency, but as
postoperative recurrence rates in CD are high, about half of patients need repeat

surgery after 10 years (Gklavas et al., 2017).

2. Pathogenesis of IBD

While there is progress in disentangling the pathogenesis of this disease, the exact
cause of IBD remains largely unknown. As with other chronic inflammatory disorders,
the tissue damage is immune mediated and arises from an interaction of genetic
susceptibility factors, environmental factors and indigenous gut microbiota (Figure

4).
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Figure 4: Pathogenesis of IBD. The pathogenesis of IBD involves a multifaceted interplay of genetic, microbial, and
environmental factors that contribute to the disruption of the intestinal barrier. This disruption in mucosal
integrity initiates a complex cycle, which ultimately exacerbates and perpetuates the progression of IBD.
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2.1. Genetic Risk Factors

Support for a role of genetic factors in IBD were originally derived from twin studies
and family-based studies of disease clustering. Between 4% and 14% of patients have
a family history of CD and 8% to 14% of patients with UC. Furthermore, concordance
rates for CD and UC in monozygotic twins are higher (20-50% and 16%, respectively)
than in dizygotic twins (10% and 4%) (Ananthakrishnan, 2015, Moller et al., 2015).
Meanwhile, Genome-wide association studies (GWAS) identified more than 240 non
overlapping genetic susceptibility loci. The majority of these are shared between the
IBD subtypes, implying comparable susceptibility and mutual signalling pathways. It
is important to note that no single risk gene is both necessary and sufficient to cause
IBD, indicating a complex multifactorial aetiology, which polygenetic risk scores
might shed new light on (Sun et al., 2023). Given this heterogeneous complexity and
the observation that genetic determinants yields are relatively modest, IBD is
thought to align with the common variant hypothesis which posits that the condition
arises from cumulative effect of multiple common genetic risk factors (de Lange et
al., 2017, Turpin et al., 2018, Mirkov et al., 2017). A substantial portion of these
genetic risk factors revealed strong associations with immune function, and
specifically with the immune system's interaction with the microbiota such as
pathways for epithelial barrier function, innate mucosal defence and autophagy

(Aschard et al., 2019, Jostins et al., 2012, Liu et al., 2015, Lavoie et al., 2019).

Mutations in the nucleotide-binding oligomerization domain 2 (NOD2) are the
strongest genetic risk factor for IBD. They occur in about a third of patients with CD
(Strober et al., 2006) and carrying one of the three main SNPs in leucine rich repeats,
increases the risk for developing CD 2-4 fold and up to 40 fold if individuals carry two
or more of the same NOD2 variants (Horowitz et al., 2021). The role of NOD2 variants
with UC s less clear, but there is increasing evidence that they also play a role in this
IBD subtype (Liu et al., 2022). NOD2 belongs to the cytosolic Nod-like receptor (NLR)
family, which plays a critical role in detecting microbial invaders and initiating
immune responses (Eckmann et al., 2005). Unlike the membrane-bound toll-like
receptors (TLRs), NOD2 is located in the cytoplasmic compartment. The encoded

protein functions as an intracellular sensor of bacterial components, specifically
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recognizing muramyl dipeptide (MDP), a fragment of peptidoglycans found in the cell
walls of both Gram-negative and Gram-positive bacteria (Strober et al., 2011). Upon
binding on MDP, NOD2 forms an active oligomer that recruits adaptor proteins to
initiate a downstream signalling cascade that activates nuclear factor kB (NFkB). This
ultimately results in transcription and production of pro-inflammatory cytokines, or
in association with ATG16L1 in stimulation of autophagy (Strober et al., 2011). In IBD,
three of the most frequently observed NOD2 variants, namely R702W, G908R, and
1007fs, are located within the leucine-rich repeat domain responsible for binding to
MDP (Lesage et al., 2002). This suggests that the increased risk of IBD may be
attributed to defective bacterial sensing (Eckmann et al., 2005). Moreover, NOD2
variants have been linked to a decreased production of a-defensins and antimicrobial
peptides in Paneth cells (Wehkamp et al., 2004), potentially due to the resulting
abnormal morphology of Paneth cells observed in CD patients (Lala et al., 2003).
Autophagy is a cellular recycling process involving the degradation of cytosolic
components, organelles, and intracellular microbes (Kaser et al., 2011). Stimulation
by MDP triggers this process through the interaction of ATG16L1 and NOD2. The
common T300A mutation in the ATG16L1 gene increases susceptibility to caspase-3
cleavage, leading to reduced autophagic function as well as increased cytokine
release, and decreased intracellular bacterial clearance (Cohen et al., 2019, Lavoie et
al., 2019). Although the majority of risk-associated loci are common across
populations, it's noteworthy that while NOD2 variants are prevalent among most

Europeans, they are notably absent in East Asian populations (Liu et al., 2015).

Despite the substantial number of single nucleotide polymorphisms (SNPs)
associated with the disease phenotype, they can only account for approximately 25%
of the observed heritability (Khor et al., 2011, Loddo et al., 2015), implying the

involvement of other contributing factors.

2.2. Immunological abnormalities

The gut serves as a crucial immunological interface, maintaining a balance by
appropriately recognizing and tolerating commensal bacteria, dietary antigens, and
self-antigens (a tolerogenic response). Simultaneously, it identifies and responds to

harmful pathogens (an immunogenic response) (Xavier et al., 2007). Dysregulated
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immune responses within the gut disrupt the balance between pro-inflammatory and
anti-inflammatory pathways in both innate (immediate, nonspecific defence against
pathogens) and adaptive (highly specific response against pathogens) immunity.
These disruptions are believed to be central to the development and persistence of
inflammation in IBD (Park et al., 2017). Contributing factors include compromised
epithelial barrier function, neutrophil accumulation in the epithelium, reduced
antigen clearance by macrophages, and impaired conditioning of dendritic cells

within the innate immune system (de Souza et al., 2016).

The mucus layer and intestinal epithelium segregate the gut lumen from the host,
forming both a physical and a biochemical barrier against bacteria and food antigens
(Peterson et al., 2014). In the context of IBD, mucosal barrier abnormalities that lead
to heightened permeability have been observed (Kaistha et al.,, 2014). These
abnormalities including impaired expression of junctional proteins, which are crucial
for maintaining epithelial tightness and stability, as well as antimicrobial peptides
that play a role in nonspecific mucosal defence (Wehkamp et al., 2003, Gassler et al.,
2001). Neutrophils, comprising 50-70% of leukocytes, are vital in the immediate
immune response at infection sites, where they phagocytose pathogens and also
generate reactive oxygen species (ROS) with antimicrobial properties. Besides
limiting microbial invasion, they promote the recruitment of other immune cells and
facilitate inflammation resolution via mediator release essential for mucosal healing
(Fournier et al., 2012). Dysregulated control can trigger harmful positive feedback
loops that amplify neutrophil activation and lead to tissue damage (Wéra et al.,
2016). Neutrophil roles in IBD may vary between CD and UC (Fournier et al., 2012);
in UC, overactive neutrophils contribute to the disease (Zhang et al., 2023a), while in
CD, neutrophil dysfunction may hinder microbe elimination and result in
uncontrolled secondary immune responses (Vazeille et al., 2015). Macrophages, the
main tissue mononuclear phagocytes, play a central role in initiating and resolving
intestinal inflammation by efficiently engulfing and breaking down foreign
substances. They originate from circulating monocytes or resident intestinal
macrophages and possess two distinct activation states: pro-inflammatory (M1-like)

and anti-inflammatory (M2-like) (Han etal., 2021). Under normal conditions,
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monocytes mature into M2-like macrophages, which promote anti-inflammatory
cytokine secretion (e.g., IL-10 and TGF-B), exhibit hypo-responsiveness to TLR
stimulation, aid the clearance of apoptotic cells, and promote epithelial stem cell
renewal (Pan et al., 2022). In IBD, this M2 differentiation is disrupted. Monocytes are
drawn to inflamed areas, where they differentiate into M1-like macrophages that
secrete pro-inflammatory cytokines like I1L-12, I1L-23, and IL-1B, leading to Th-1 and
Th-17 immune responses and epithelial damage (Yip et al. 2022, Isidro et al., 2016).

Dendritic cells (DCs) play a crucial role in mediating communication between innate
and adaptive immunity, influencing whether T and B cells develop tolerance or
become immunogenic, thus affecting the balance between mucosal homeostasis and
inflammation (Rescigno et al., 2009). Intestinal epithelial cells (IEC) respond to signals
from commensal bacteria by producing substances like retinoic acid, thymic stromal
lymphopoietin (TSLP), and transforming growth factor beta (TGF-B), which promote
the development of tolerogenic DCs (Peterson et al., 2014). These conditioned DCs,
when exposed to Th-1-inducing pathogens, stimulate the differentiation of naive
CD4+ T cells into Tres cells and the maturation of B cells into IgA-secreting plasma
cells (Rimoldi et al., 2005). However, in about 70% of CD patients, epithelial cells do
not express TSLP, preventing the induction of anti-inflammatory DCs which leads to

the release of IL-12, driving Th1 responses to bacteria (Rimoldi et al., 2005).

Antigen presentation by immune cells like DCs, macrophages, and B cells triggers the
maturation of naive T helper cells, which then differentiate into Th-1, Th-2 or Th-17.
Th-1 cells release IFN-y and combat intracellular pathogens, while Th-2 cells mainly
assist B cells by producing IL-4. Th-17 cells defend against bacteria and fungi but can
worsen inflammation under autoimmune conditions while Tges inhibit effector T cell
function and counteract inflammatory responses (Geremia et al., 2014). Maintaining
a balanced T cell profile is crucial for immune system homeostasis. In IBD, aberrantly
activated T cells release excessive cytokines and chemokines such as Tumour
Necrosis Factor-a (TNF-a), Interferon-y (IFN-y), Interleukin 1 (IL-18), IL-6, IL-9, IL-12,
IL-17, and IL-23, affecting both innate and adaptive immunity (Choy et al., 2017).
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2.3. Environmental triggers

Epidemiological evidence strongly suggests a significant impact of environmental
factors on IBD incidence. Higher incidence rates are observed in developed countries,
whereas there is a notable surge in IBD incidence in developing nations within just
one or two generations following socioeconomic development (Ng et al., 2017).
Furthermore, children of migrants into developing nations face a greater risk of
developing IBD compared to non-migrant children, with the risk increasing the earlier
they left their home country (Brant, 2013). In fact, migrants to developed countries
assume a similar risk of developing IBD as the native population, irrespective of their
ethnicity (Kaplan, 2015). This transition is accompanied by significant microbial
changes, marked by a reduction in microbial diversity, a decline in ancestral
microorganisms, and the loss of enzymes responsible for plant degradation (Vangay
et al., 2018). Potential environmental factors associated with industrialization
encompass urbanization, shifts in dietary habits, increased antibiotic usage,
modifications in hygiene practices, and heightened environmental pollution
(Ananthakrishnan, 2015). These factors have all demonstrated their capacity to
influence the gut microbiome and given the pivotal role of the gut microbiota in the
development and progression of inflammation in IBD (Kostic et al.,, 2014), it
underscores the idea that environmental factors and their interactions with

microbiota have a substantial impact on the pathogenesis of IBD.

The plasticity of the gut microbiota is largest at birth and is becoming continuously
less malleable with age (Thriene et al., 2023). The indigenous microbiota gradually
forming during the initial three years of life, coinciding with the maturation of the
immune system i.e. the process of developing its ability to accurately sense and
respond to environmental threats (Derrien et al., 2019, Gensollen et al., 2016).
Disturbances in the microbiota, particularly in early life, can potentially disrupt the
maturation of the immune system and predispose individuals to immune-related
issues triggered by microbes (Tamburini et al., 2016). Consequently, exposure to
antibiotics, which have been found to devastate the gut microbiome (Modi et al.,
2014, Patangia et al., 2022), especially if recurrent in the first year of life, has been

associated with an increased likelihood of developing IBD. For instance, Shaw and
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colleagues' research indicated that children diagnosed with IBD had a higher history
of early-life antibiotic use when compared to control groups (Shaw et al., 2010).
Moreover, those who received antibiotics until the age of 5 exhibited a threefold
higher risk of developing IBD than children that weren’t exposed (Shaw et al., 2013).
Adults diagnosed with IBD were also more likely to have been prescribed antibiotics
2-5 years before their diagnosis (Shaw et al., 2011). An UK study observed a dose-
response relationship between childhood antibiotic exposure and the development
of IBD, with this association diminishing as the age of exposure increased (Kronman
et al., 2012). A meta-analysis of 11 studies revealed a significant link between
antibiotic exposure and CD, but this relationship was not significant for UC and this
relationship was more marked in children (Ungaro et al., 2014). Curiously, a large
population-based analysis conducted in Asia contradicted these findings and instead

suggested a protective effect against IBD with antibiotic exposure (Lok et al., 2008).

Breastfeeding is another influential early-life factor that significantly shapes the
development of both the gut microbiome and the immune system (Zuurveld et al.,
2020). Human breast milk contains a diverse array of structurally distinct human milk
oligosaccharides and milk microbiota, which possess pre- and probiotic properties,
impacting the assembly of the microbial community (Moossavi et al., 2018).These
components enhance both innate and adaptive immunity by engaging directly with
pathogens or interacting with the intestinal epithelium and immune cells (Yu et al.,
2016, Kurakevich et al., 2013, He et al., 2016). Although the relationship between
breastfeeding and chronic non-communicable diseases remains a topic of debate, an
increasing body of evidence suggests that breastfeeding may play a protective role
(Kelishadi et al., 2014). A potential connection between breastfeeding and the
incidence of UC was recognised as early as 1961 when a consistently higher
proportion of children, that were weaned within the first two weeks of their life, had
UC when stratified by age, social class or family rank (Acheson et al., 1961). In 2004,
a meta-analysis of 17 relevant articles showed a clear inverse association between
breastfeeding and the occurrence of both CD and UC (Klement et al., 2004). This
finding was supported by a 2009 systematic review conducted by Barclay, that

analysed 79 articles focusing on paediatric IBD, which suggested a protective effect
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of breastfeeding against early-onset IBD (Barclay et al., 2009). Additionally, another
systematic review by Xu and colleagues reported a dose-dependent relationship,
indicating that breastfeeding for at least 12 months provided the strongest
protection against the development of IBD when compared to shorter durations of 3

or 6 months (Xu et al., 2017).

In later life the use of various non-antibiotic medications also has been implicated
with the risk of developing or exacerbating IBD. Nonsteroidal anti-inflammatory
drugs (NSAIDs) are among the most frequently used drugs (Singh, 2000).
Gastrointestinal toxicity is a well-recognized problem, with around 25% of all
reported adverse drug reactions being attributed to prescription NSAID use, with Gl
irritation being the most commonly reported one (Hui et al., 2004, Schoenfeld et al.,
1999). NSAID-induced Gl injury can be divided into 3 tiers: indigestion, asymptomatic
ulceration, and more serious complications such as Gl bleeding, perforation and
symptomatic ulceration (Cryer, 2004). NSAIDs are thought to induce gastrointestinal
harm by either directly harming the gastrointestinal mucosa, or systemically, by
reducing prostaglandin production (Schoenfeld et al., 1999). Multiple studies have
explored the connection between NSAID usage and its potential impact on the
development or progression of IBD. Gleeson and David reported a notably high
occurrence of prior NSAID or salicylate exposure among new patients with colitis
(Gleeson et al., 2003). A 2012 study found an elevated risk of both UC and CD in
frequent NSAID users (>15 days/month) and those with prolonged NSAID use (>6
years) compared to non-users (Ananthakrishnan et al., 2012a). Conversely, another
investigation focusing on patients with existing CD or UC revealed associations with
active disease in patients with CD, particularly with more frequent NSAID use (>5
days/month), but not in UC cases (Long et al., 2016). Nonselective NSAIDs were
associated with a 17%-28% relapse rate within 9 days, coinciding with heightened
intestinal inflammatory activity (Takeuchi et al., 2006). On the contrary, low-dose
NSAID usage did not exhibit a notable increase in disease activity among outpatients
with CD or UC. However, high-dose NSAID use was linked to higher disease activity
index scores among CD patients with colonic involvement, although this did not

translate into a rise in significant disease flares (Bonner et al., 2004). Interestingly,
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since the 1960s, it has been known that NSAID use can lead to significant shifts in gut
microbial composition (Kent et al., 1969). Some of these changes may be attributed
to reactions to inflammatory processes (Zeng et al., 2017), but certain studies have
shown alterations in gut microbiota even in the absence of macroscopic or

histological damage or inflammation (Hutka et al., 2021).

Oral contraceptive pills (OCPs) present another example of drugs that have been
investigated as potential risk factors for IBD. OCPs are a commonly employed form
of contraception. Studies exploring the association between OCP use and the onset
of inflammatory bowel disease have yielded conflicting results. Which might be owed
to the fact that many of those studies faced limitations such as small sample sizes
and a retrospective design, which hindered their ability to account for crucial lifestyle
factors (Khalili et al., 2012). However, numerous meta-analyses have consistently
revealed a positive association between the use of OCPs and the risk of both CD and
UC. In 1995, Godet et al. reported a modest link between OCPs and the development
of IBD based on an analysis of 9 studies (Godet et al., 1995). Subsequently, Cornish
et al. extended this observation in 2008, showing that the risk of developing IBD was
not only elevated in OCP users but also increased with the duration of exposure,
synthesizing findings from 14 studies (Cornish et al., 2008). Furthermore, Ortizo et al.
confirmed this association in 2017 with data from an analysis of 20 studies (Ortizo et
al., 2017). The exact mechanisms underlying these observations are not yet fully
elucidated; however, several factors provide biological plausibility to support these
findings. Oestrogen, for instance, has demonstrated the capacity to promote
macrophage proliferation and strengthen the humoral immune system (Cutolo et al.,
2008). Additionally, it participates in altering colonic barrier function (Looijer-van
Langen et al., 2011) and might contribute to multifocal gastrointestinal infarction
owing to its thrombotic potential (Abou-Ismail et al., 2020). There is also growing
evidence suggesting bidirectional interactions between gut microbiota and sex
hormones (Flak et al., 2013). For instance, Flores et al. associated non-ovarian
oestrogen levels with gut microbial richness and diversity (Flores et al., 2012).

Additionally, in a systematic review, d’Afflitto et al. demonstrated correlations
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between sex steroid hormone levels and both gut microbial diversity and

composition (d’Afflitto et al., 2022).

Cigarette smoking (CS) is another significant risk factor for gastrointestinal disorders,
including peptic ulcers, CD, and several types of cancers. Smoking doubles the risk of
developing CD (Mahid et al., 2006), tends to exacerbate the disease's aggressiveness
(Cosnes, 2008) and is concomitant with a higher risk of recurrence after surgery
(Reese et al., 2008). Paradoxically, CS acts as a protective factor against the onset and
progression of UC (Calkins, 1989, Mahid et al.,, 2006). However, discontinuing
smoking increases the risk of developing UC to levels comparable to CD within 2-5
years (Higuchi et al., 2012). And while the elevated risk of UC persists for up to 20
years after smoking cessation (Higuchi et al.,, 2012), the risk does not remain
increased for CD once smoking ceased (Odes et al., 2001). Several mechanisms were
proposed to contribute to the negative effects of smoking on the Gl system. These
include changes in mucus composition, such as increased expression of Muc2, Muc3
(ileum), and Muc4 (colon) (Allais et al., 2016), impaired small intestine barrier
function due to villi atrophy and tight junction alterations (Zuo et al., 2014), as well
as macrophage-specificimmune impairments (O’Leary et al., 2014). Furthermore, CS
can hamper ulcer healing due to alterations in microvaculae and impairment of the
endothelial growth factor pathway, which impacts epithelial cell activities like
proliferation, migration, and mucus production (Zhang et al., 2012). Cigarette smoke
contains over 60 carcinogenic and mutagenic compounds and is rich in ROS and free
radicals, leading to oxidative stress, tissue damage, and disruption of endothelial
function (Berkowitz et al., 2018). The nicotine concentration in gastric fluid has also
been reported to be 10 times greater than that in arterial blood and 80 times greater
than that in venous blood (Lindell et al., 1993). It is therefore not unexpected that
smoking, or the cessation of thereof has been implicated with changes in the gut
microbiota. In mice, exposure to smoke led to significant changes in bacterial activity
and community structure in the colon (Allais et al., 2016). Additionally, Biedermann
et al. observed significant changes in the composition of the intestinal microbiota in
healthy individuals following smoking cessation. This was characterized by an

increase in key representatives from the Firmicutes and Actinobacteria phyla,
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coupled with a decrease in Bacteroidetes and Proteobacteria (Biedermann et al.,
2014). Lee et al. also corroborated these trends for Firmicutes and Bacteroidetes but

not Proteobacteria (Lee et al., 2018).

Part of the effect of industrialisation and migration on IBD prevalence is believed to
be induced by changes in diet. Many studies found associations between dietary
intake of macronutrients and IBD, although the directionality of their results do not
always match. A meta-analysis of 19 studies found elevated consumption of total
fats, polyunsaturated fatty acids (PUFAs), omega-6 fatty acids, and meat was linked
to a heightened risk of both CD and UC. Conversely, a diet rich in fibre and fruits was
associated with a reduced risk of CD, while increased vegetable intake was linked to
a decreased risk of UC. (Hou et al., 2011). A Japanese study found more than a 2-fold
increased risk of CD following the consumption of sugars/sweeteners, sweets, fats
and oils, and total fat (Sakamoto et al., 2005), while another study didn't find any
associations between carbohydrate intake and IBD (Chan et al., 2014b). However,
the potential protective role of dietary fibre and fruit was also reported in other
studies (Amre et al., 2007, Ananthakrishnan et al., 2013b, Milajerdi et al., 2021).
Furthermore, the source of fibres was also found to be important, as the fibre from
fruits was associated with a lower CD risk, while the fibre from grains, bran, and
cereal did not modify disease risk (Ananthakrishnan et al., 2014). In a 2013 study, the
consumption of n-6 PUFA was positively linked to an increased risk of UC, while n-3
PUFAs were inversely correlated with UC risk (Chan et al., 2014a). This inverse
correlation is thought to be mediated by the immunomodulatory effects of n-3
PUFAs, which can shift the balance between Th-1 and Th-2 cells by suppressing Th1l
cell development (Chapkin et al., 2007). In a large prospective study involving 67,581
middle-aged women, a high intake of total protein, particularly from animal sources,
was significantly associated with an increased risk of IBD. Among the various animal
protein sources, a high consumption of meat or fish, but not eggs or dairy products,
was linked to an elevated risk of IBD (Jantchou et al., 2010). Furthermore, another
study found that the consumption of meat, especially red meat, alcohol and
sulphated increased the risk the likelihood of a relapse in patients with UC (Jowett et

al., 2004).
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In addition to macronutrients, micronutrients are acknowledged for their role in
supporting the integrity of the gut epithelial barrier and influencing immune
responses. Deficiencies in micronutrients are prevalent in over half of individuals
with IBD, particularly in those with CD as opposed to UC. The most commonly
deficient micronutrients include iron, vitamin B12, vitamin D, vitamin K, vitamin B6,
vitamin B1, selenium, and zinc (Weisshof et al., 2015). Zinc serves as a cofactor for
various metalloproteins and is an integral part of as much as 10% of the proteome.
Up to 50% of patients with IBD exhibit zinc deficiency (Zupo et al., 2022) primarily
linked to diarrhoea, surgical procedures, and high-output fistulas (Michielan et al.,
2015). This deficiency may play a role in promoting mucosal inflammation and
exacerbating colitis in affected individuals by increasing the production of pro-
inflammatory cytokines (Wong et al., 2015). Furthermore, low zinc levels have been
correlated with an elevated risk of hospitalizations, surgeries, and disease
complications (Siva et al., 2017). Zinc levels exhibit an inverse association with the
risk of CD, although this is not the case for UC (Ananthakrishnan et al., 2015) and zinc
supplementation has been demonstrated to enhance intestinal permeability
(Sturniolo et al., 2001). Another candidate for a micronutrient with a role in the
pathogenesis of IBD is Vitamin D (VitD), which is well-known for its role in calcium
homeostasis and bone metabolism. It also plays a crucial role in preserving the
integrity of the gastrointestinal barrier, which is achieved through the regulation of
proteins related to epithelial cell gap junctions, monitoring the gut microbiota, and
modulating inflammatory immune responses, leading to potent anti-inflammatory
effects (Fletcher et al., 2019). Genetic association studies indicate a significant role
for VD in the development of IBD (Xue et al., 2013). VitD deficiency is common in
people with IBD although it is not established if this is a cause or a consequence of
the disease (Cantorna, 2006). Women with elevated VitD levels demonstrated a
significantly reduced likelihood of developing CD (Ananthakrishnan et al., 2012b).
Conversely, individuals with VitD deficiency faced a higher risk of IBD-related surgery,
although this risk diminished after achieving normal VitD levels (Ananthakrishnan et
al., 2013a). In murine models, the restoration of VitD levels halted disease
progression and alleviated symptoms in mice that had already developed IBD

(Cantorna et al., 2000). Furthermore, a meta-analysis encompassing 19 randomized

30



controlled trials (RCTs) revealed that VitD supplementation significantly lowered the
relapse rate compared to the control group. Interestingly, no significant differences
were observed between low-dose and high-dose VitD treatments (Li et al., 2018).
Vitamin A (VitA) is a fat-soluble component with antioxidant properties that must be
obtained from the diet. It has a central role in preserving the integrity of epithelial
tissues, supporting vision and growth (Glirbiz et al., 2022, D’Ambrosio et al., 2011).
Additionally, it also contributes to the regulation of the immune system by either
directly influencing immune cells or indirectly by modulation of the gut microbiota
(Barbalho et al., 2019). Retinoic acid, the biologically active form of VitA, supports
immune tolerance in collaboration with TGF-B by priming dendritic cells to induce
anti-inflammatory Trec cells through the promotion of Foxp3 expression and the
suppression of pro-inflammatory Th-17 cell differentiation (Brown et al., 2015b,
Bakdash et al., 2015). Vitamin A can also inactivate free radicals which are produced
by neutrophils and cause mucosal damage (Ramakrishna et al., 1997). A meta-
analysis in 2017 with 19 case-control studies showed lower levels of fat soluble
vitamins in patients with IBD compared to controls, as well as significant associations
between C-reactive protein and VitA status in patients with CD (Fabisiak et al., 2017).
Furthermore, VitA supplementation was shown to decrease disease activity in

patients with UC (Masnadi Shirazi et al., 2018).

Macro and micronutrients are not only directly influencing the host, they also serve
as substrates and cofactors for a variety physiological processes in our gut
microbiota. A lack of these nutrients results in the disruption of functions that are
required for commensal bacterial life and the epithelial immune system (Mach et al.,
2017, Albenberg et al., 2014). A 2017 study conducted by Hibberd et al. provided a
clear demonstration of how the absence of a single micronutrient (such as VitA, iron,
zinc, or folic acid) can lead to disturbances in both the composition and function of
the gut microbiota of gnotobiotic mice, which were colonized with human
microbiota. Vitamin A showed the largest effect on bacterial community structure in
that study, leading to a marked increase of Bacteroides vulgatus (Hibberd et al.,
2017). However, every microbial species possesses distinct response mechanisms

that lead to specific needs for micronutrients, unique genomic activities, and cellular

31



metabolism. Consequently, they will exhibit varied responses to different
micronutrients. For example, a deficiency in VitA encourages the growth of
segmented filamentous bacteria (Mach et al., 2017) while magnesium requirements
are greater for Gram-positive bacteria compared to Gram-negative bacteria, which
leads to decreased abundances of Bifidobacterium in mice fed with a magnesium

deficient diet (Mach et al., 2017, Pachikian et al., 2010).

Due to the size differences and the fact that the human gut microbiota coevolved
with its host (Backhed et al., 2005) and form a relative stable community after
reaching adulthood (Thriene et al., 2023), the changes in humans are less marked.
However, multiple studies have demonstrated that changes in the dietary habits can
rapidly lead to significant alterations in the gut microbial composition (David et al.,
2014, Wu et al., 2011, Walker et al., 2011). A number of studies have associated
increased microbial richness, at both the taxonomic or functional level, with diets
higher in fruits, vegetables, and fibre (De Filippis et al., 2016, Martinez et al., 2013,
Maier et al., 2017, Cotillard et al., 2013). Notably, gut microbiota possesses the ability
to adapt their substrate utilization based on the available substrates. Bacteroides
thetaiotaomicron for instance can modulate its gene expression in response to a
scarcity of dietary sources of specific carbohydrates, enabling it to primarily
metabolize host-derived glycans (Sonnenburg et al., 2005). Moreover, some species
have not only developed the ability to thrive in environments with limited
micronutrient availability, giving them a competitive advantage, but certain
pathogens can even manipulate the host's genetic responses to meet their own
nutritional needs. For instance, Salmonella enterica Serovar Typhimurium increases
the expression of the intestinal antimicrobial peptide lipocalin-2, disrupting bacterial
iron acquisition and thereby enhancing their competitive advantage over other

bacteria (Ohland et al., 2015).

In light of the fact that many genetic risk factors for IBD involve host-microbiota
interactions, tissue damage arises from heightened pro-inflammatory immune
responses directed at the gut microbiota, exacerbated by environmental triggers that

also induce significant alterations in microbial composition and behaviour, it
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becomes evident that the gut microbiota play a central role in the pathogenesis of

IBD.

3. Gut Microbiotain IBD

In contemporary microbiology research, there has been a significant paradigm shift,
acknowledging that all eukaryotes should not be seen as single autonomous
organism, but rather be regarded as meta-organisms or holobiont in recognition of
the indispensable connection between eukaryotic organisms and their associated

microbiota, forming an inseparable and functional unit (Jones, 2013).

The combined microbial population residing within and on the human body
surpasses the number of human cells at an approximate ratio of 1.26 microbial cells
to every human cell (Sender et al., 2016). This estimation suggests a total of
approximately 3.8x10713 microbial cells and an estimated 500-1000 species
inhabiting the human body. Notably, the colon stands out as the most abundant
microbial habitat among them, thanks to its vast surface area and the high nutrient
availability (Sender et al., 2016, Turnbaugh et al., 2007). More impressively, the
collective genetic material of these microorganisms, known as the microbiome,
contains a wealth of genetic diversity and functional potential that greatly surpasses
the human genome, underscoring the profound impact and importance of the

microbiota within the human ecosystem (Qin et al., 2010).

The concept of a “microbiome”, a term originally coined by Whipps and colleagues
in 1988, describes a characteristic microbial community residing within a reasonably
well-defined habitat with distinct physio-chemical properties, which serves as the
stage for their activities (Whipps et al., 1988). The term microbiome extends to
encompass various elements, including structural components (such as nucleic acids,
proteins, lipids, and polysaccharides) and metabolites (including signalling molecules,
toxins, and organic and inorganic compounds (Berg, 1999). Conversely, microbial
communities or “microbiota” are commonly defined as collections of (living)
microorganisms coexisting within a shared environment (Konopka, 2009). In the
context of the gastrointestinal tract, the assemblage of bacteria, archaea, eukarya

and viruses has been termed the "gut microbiota". This complex ecosystem has
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evolved in tandem with its host over millennia, establishing an intricate, mutually
beneficial relationship that plays a pivotal role in maintaining host health and
function (Backhed et al., 2005). The normal gut microbiota plays a pivotal role in
maintaining host immunologic, hormonal, and metabolic homeostasis, while also
providing protection against pathogens (Thursby et al., 2017). Disruptions to the gut
microbiota composition and function and their interactions with the host have been
associated with a wide range of diseases, including immune-related diseases (Forbes
et al., 2016), chronic metabolic diseases (Hernandez-Ceballos et al., 2021), and

neurodevelopmental diseases (Griffiths et al., 2018).

The composition of the gut microbiota displays spatial variations depending on the
location and depth within the GI tract. Notably, the abundance of microbial cells
increases progressively from the stomach to the colon. This divergence in microbial
communities is a consequence of their adaptation to specific niches, influenced by
the host's physiological factors, dietary preferences, and growth environment. As a
result, distinct microbial communities develop in different regions of the Gl tract,
leading to the formation of regionally specific microbial populations (Thursby et al.,
2017). Furthermore, these communities can undergo dynamic changes over time in
response to factors such as disease or shifts in environmental conditions (Flores et
al., 2014, Johnson et al., 2019). Those exposures, in conjunction with host genetic
variations, lead to a high degree of interpersonal variation in gut microbiota

composition (Eckburg et al., 2005).

The dominant phyla within the gut microbiota comprise of Firmicutes, Bacteroidetes,
Actinobacteria, Proteobacteria, Fusobacteria, and Verrucomicrobia (Lozupone et al.,
2012), where Firmicutes and Bacteroidetes collectively account for 90% of the gut
microbiota (Mariat et al., 2009). The Firmicutes phylum includes over 200 genera,
including Lactobacillus, Bacillus, Clostridium, Enterococcus, and Ruminococcus, with
Clostridium making up 95% of this phylum. Bacteroidetes is most prominently
represented by Bacteroides and Prevotella, and the phylum Actinobacteria primarily
by the Bifidobacterium genus (Rinninella et al., 2019). Due to their widespread
prevalence and the relative ease of accessibility through the highly conserved 16S

rRNA gene, the bacterial microbiota has been extensively studied (Clarridge, 2004).
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In contrast, the non-bacterial populations, including archaea, fungi, viruses, and
protists, have only recently garnered attention in microbiome research. Emerging
evidence suggests that these populations also play critical roles in maintaining
human homeostasis and contributing to disease aetiology. However, their role in the
pathogenesis of IBD has been reviewed elsewhere (Ungaro et al., 2019, Matijasi¢ et
al., 2020, Hsu et al., 2023, Le et al., 2022) and falls outside the scope of this thesis, as

the methodologies employed here primarily capture bacteria.

3.1. Microbial composition in IBD

Evidence from both animal models and human subjects provides substantial support
for the involvement of the gut microbiome in the pathogenesis of IBD. In animal
models, the absence of gut microbes in germ-free mice prevented -colitis
development in genetically susceptible mice (Veltkamp et al., 2001), and transferring
pro-inflammatory bacteria from diseased mice to healthy ones induced inflammation
(Schaubeck et al., 2016, Du et al., 2015). Additionally, the transfer of naive CD4+
lymphocytes from healthy mice into those lacking T and B lymphocytes was shown
to induce colitis (Powrie, 1995), and this outcome was dependent on differences in
their gut microbiota (Reinoso Webb et al., 2018). Observations in humans align with
these findings, with [IBD activity being particularly pronounced in regions
characterized by elevated bacterial populations situated in proximity to the affected
tissues. Notably, these regions include the terminal ileum and the colon, where faecal
material tends to exhibit relative stagnation (Martinez-Medina et al., 2014). For
patients with CD, modifying the continuity of the faecal stream through surgical
intervention has been demonstrated to improve inflammation in the excluded
portion, despite minimal changes in histopathology (Janowitz et al., 1998). Antibiotic
therapy has proven effective in specific cases of IBD (Thia et al., 2009, Perencevich et
al., 2006, Turner et al., 2014), and certain microbes have been identified as either
driving or suppressing the inflammation (Henke et al., 2019, Chassaing et al., 2013,
Zhou et al., 2020).

A substantial body of evidence suggests that the gut microbiome is altered in patients

with IBD compared to healthy controls. The most consistent findings associated with
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IBD, which were confirmed in various systematic reviews and meta-analyses, were a
reduced microbial diversity, higher temporal instability of the community structure
and an imbalanced microbial composition (Figure 5). Latter is characterized by a
depletion of beneficial microorganisms, including Clostridium IV and XlVa,
Bacteroides, Sutterella, Roseburia, Bifidobacterium, and Faecalibacterium prausnitzii
in conjunction with an increase in certain potential pathogens, such as members of
the Proteobacteria (including invasive and adherent Escherichia coli, Salmonella,
Yersinia and Helicobacter), Veillonellaceae, Pasteurellaceae, Fusobacterium, and the
mucin degrader Ruminococcus gnavus (Abdel-Rahman et al., 2023, Pittayanon et al.,
2020, Aldars-Garcia et al., 2021, Prosberg et al., 2016). Several studies with
treatment naive patients suggested that those alterations are, at least to some
extent, already present at disease onset. (Gevers et al., 2014, Rausch et al., 2023,
Olbjgrn et al., 2019) Microbiome studies often vary, at times substantially, in their
reported differentially abundant taxa and disease-dependent effect sizes, especially
between the IBD subtypes and disease activity states (Abdel-Rahman et al., 2023,
Pittayanon et al., 2020, Aldars-Garcia et al., 2021). The microbiome structure of
patients with UC is often reported to be closer to that of controls than that of CD,
with higher microbe diversity, less severe net loss of beneficial symbionts such as F.
prausnitzii or Blautia as well as less increased Proteobacteria populations
(Sankarasubramanian et al., 2020, Yilmaz et al., 2019, Vich Vila et al., 2018). However,
despite the proposal of a microbiome signature to differentiate between CD and non-
CD samples consisting of Faecalibacterium, Peptostreptococcaceae, Anaerostipes,
Methanobrevibacter,  Christensenellaceae, Collinsella, Fusobacterium, and
Escherichia (Pascal et al., 2017), other studies have identified Eubacteriaceae,
Bacteroidaceae, and Verrucomicrobiaceae as most discriminating taxa (Papa et al.,
2012). In yet another model designed to differentiate between IBD subtypes, key
features encompassed several members of Lachnospiraceae and Ruminococcaceae,

as well as Gammaproteobacteria (Halfvarson et al., 2017).
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Figure 5: The role of gut microbiota in the pathogenesis of IBD. In healthy individuals, a diverse gut microbiome
serves beneficial functions for the host and contributes to maintaining intestinal homeostasis (left). However, in
individuals with IBD, there is an alteration of the gut microbial composition, characterized by an increase in
'pathobionts' and a decrease in commensal microbes and microbial metabolites (right). This imbalance leads to
impaired barrier function, pathogen translocation, and an imbalance in TREG and Th17 cells, ultimately resulting
in elevated levels of pro-inflammatory cytokines (adapted from Cabezas-Cruz et al., 2023, Round et al., 2009 and
Hou et al., 2022).

For the distinction of disease activity states there is a similar picture. While certain
studies reported decreased bacterial richness alongside an increase in F. prausnitzii
and Clostridiales among patients in remission from IBD, with a simultaneous rise in
Proteobacteria in those experiencing relapses (Zhang et al., 2007, Tedjo et al., 2016,

Fukuda et al., 2014, Nishikawa et al., 2009, Zhu et al., 2022) other studies have failed
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to replicate these findings (Galazzo et al., 2019, Bibiloni et al., 2006, Nemoto et al.,
2012). Naftlali and co-authors proposed that a potential explanation for this variation
could be the distinct microbial profiles observed in patients with CD involving the
ileum versus the colon, with discernible differences in relation to disease activity
evident in the former but not in the latter (Naftali et al., 2016). While stool samples
are readily accessible, they do not entirely capture the microbial communities
adherent to the mucosa, which directly interact with the epithelial barrier. These
mucosal communities can, however, only be obtained through an invasive biopsy
procedure through endoscopy, which is especially problematic with regards to
paediatric and longitudinal studies in humans. Although studies in macaques found
a high correlation of taxa and their relative abundances between stool and mucosa
(Yasuda et al., 2015), most human IBD studies found significant differences between
faecal and mucosal samples (Nowicki et al., 2023, Sartor, 2015, Hou et al., 2022). It
is, however, important to note that not all variation arises solely from biological
factors or as reaction to the aforementioned environmental influences. Technical
variations and the diversity in analysis methods and experimental designs also
contribute significantly to the observed variability (Ni et al., 2017, Aldars-Garcia et
al., 2021). Microbiome studies encompass numerous experiments and analytical
procedures, each of which is capable of introducing biases that can potentially
undermine the study's biological findings and reproducibility. In the absence of one-
size-fits-all approaches and standardized methods for microbiome studies this can
cause significant variability in study outcomes (Schloss, 2018, Poussin et al., 2018).
Discrepancies on the microbiome composition outcomes were shown to arise from
factors such as sample storage (Choo et al., 2015), DNA extraction and purification
(Costea et al., 2018), amplification of 16S rDNA via PCR (Hiergeist et al., 2016),
sequencing methodologies and platforms (Clooney et al., 2016b), as well as
bioinformatics analysis (Tanca et al., 2016, Goodrich et al., 2014, Nearing et al.,

2022).

Another issue, unrelated to variation, is that despite the abundant evidence pointing
to differences in the microbiome between health and disease, and the essential role

of the microbiome observed in disease progression, researchers encounter
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difficulties in providing a coherent argument whether the observed changes in gut
microbiota are causal or consequential. An argument for the latter would be the
observations from a recent meta-analysis of microbiome data from 28 studies
spanning ten different diseases. It revealed that fifty percent of the taxa displaying
differential abundance between cases and controls were common across all
investigated diseases (Duvallet et al., 2017). A substantial number of these taxonomic
changes are also linked to the aging process (Ghosh et al., 2020). Significantly, many
of the beneficial commensal microorganisms that exhibit depletion in disease states
belong to the category of strict anaerobes, such as F. prausnitzii, which are sensitive
to oxygen exposure (Zou et al., 2021). In contrast, Proteobacteria encompass obligate
or facultative anaerobes, rendering them more tolerant to the presence of oxygen in
their surroundings (Moon et al., 2018). While the oxygen concentration in the
healthy large intestine typically remains exceedingly low, it can escalate during
episodes of inflammation, either due to an influx of blood into the intestine or as a
consequence of immune activity by phagocytes, which have the capacity to generate
substantial amounts of ROS (Rigottier-Gois, 2013). Henson et al. were able to in
silico replicate changes akin to those observed in IBD by augmenting the oxygen
levels in their multispecies biofilm models (Henson et al., 2017). Ultimately, in
instances of chronic diseases that were initially linked to microbiota, subsequent
research has demonstrated that the observed effects were primarily attributable to
treatment (Forslund et al., 2015) or dietary preferences (Yap et al., 2021). There are
several species that are consistently reported altered in IBD across studies and for
which potential molecular mechanisms have been described which can be roughly

separated into beneficial or potentially harmful.

Faecalibacterium prausnitzii

Faecalibacterium prausnitzii is frequently found decreased in CD, but less so in UC
(Lavelle et al., 2015), where its decreased abundance was found to be predictive of
relapse (Rajca et al., 2014) and CD recurrence after surgery (Quevrain et al., 2016,
Sokol et al., 2008). This species is an important producer of butyrate from
fermentation of complex polysaccharides in the diet (Lavelle et al., 2015). Butyrate is

an important energy source for IECs and also acts as signalling molecule for the

39



regulation of cell proliferation and differentiation. It also strengthens the intestinal
mucosal barrier function and exhibits immunomodulatory effects (Pléger et al., 2012,
Hamer et al., 2008). In addition to these indirect beneficial effects, F. prausnitzii has
been shown to directly interact with the immune system by inducing a tolerogenic
cytokine profile characterized by the induction of very low levels of IL-12 and IFN-y,
along with high levels of IL-10, in peripheral blood mononuclear cells in vitro (Sokol
et al., 2008). Additionally, oral administration of F. prausnitzii or its supernatant to
mice alleviated the severity of trinitrobenzene sulfonic acid induced colitis while also
improving the disrupted gut microbiota (Sokol et al., 2008). Quévrain and colleagues
found a 15kDa protein of unknown function named microbial anti-inflammatory
molecule (MAM). MAM-derived peptides were shown to suppress the r NF-kB
pathway in epithelial cell lines and to effectively prevent dinitrobenzene sulfonic acid
induced colitis in a mouse model (Quevrain et al., 2016). Rossi et al. conducted an
investigation into the immunomodulatory properties of a previously reported anti-
inflammatory strain, F. prausnitzii A2-165 and discovered its capability to modify the
phenotype of mucosal DCs, suppressing IFN-y differentiation while inducing IL-10
producing T cells which might contributes to overall immune homeostasis in the gut

(Rossi et al., 2016, Alameddine et al., 2019).

Akkermansia muciniphila

Akkermansia muciniphila is another bacterium that is regularly observed to have
reduced abundances in patients with IBD (Png et al., 2010, Dunn et al., 2016, Wang
etal., 2020, Rajilic-Stojanovic et al., 2013). It is recognized for its ability to inhabit the
mucosal layer of the human intestinal tract, primarily by utilizing mucin glycoproteins
as its primary source of carbon and nitrogen (Derrien et al., 2004). This mucin-
degrading, strictly anaerobe bacterium has been shown to contribute to the stability
of the intestinal barrier, likely due to nutrient exchange, immune system maturation
and defence against invading pathogens (Derrien et al., 2004, Everard et al., 2013,
van der Lugt et al., 2019). Extracellular vesicles derived from A. muciniphila reduced
the production of the pro-inflammatory cytokine IL-6 in IECs in vitro and when orally
administered exhibited protective effects against dextran sodium sulfate induced

colitis (Kang et al., 2013, Bian et al., 2019). Through the activation of Toll-like
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receptors TLR2 and TLR4, A. muciniphila induces elevated levels of IL-10, akin to the
response elicited by F. prausnitzii A2-165. This is facilitated by the presence of an
abundant pili-like protein on their outer membrane, called Amuc_1100 (Plovier et al.,
2017). Conversely, the presence of A. muciniphila in an in vitro culture of peripheral
blood mononuclear cells induced a pro-inflammatory profile characterized by TNF-a,
IFN-y secretion, indicating this species cannot be categorised as solely anti-
inflammatory (Cekanaviciute et al., 2017). Indeed, Ansaldo et al. reported that
A. muciniphila induced homeostatic 1gG production and antigen-specific T cell
responses in gnotobiotic mice, but could also elicit different T cell responses in

conventional mice (Ansaldo et al., 2019).

Bacteroides fragilis

Bacteroides fragilis is an opportunistic pathogen that occupies different roles in the
gut. While the non-toxigenic strain NCTC 9343 of B. fragilis (NTBF) is known to
enhance mucosal immune development and mitigate colitis, the enterotoxigenic
strain of B. fragilis (ETBF) is strongly linked to IBD and colorectal cancer (CRC) (Chan
et al., 2019, Prindiville et al., 2000, Basset et al., 2004). A key feature of B. fragilis is
that a substantial part of its genetic makeup is reserved to carbohydrate metabolism
(Xu et al., 2003), encoding functions such as degradation of dietary polysaccharides
and the synthesis of various surface capsular polysaccharides (Krinos et al., 2001,
Coyne et al., 2005). One of them, Polysaccharide A (PSA) stands out among other
zwitterionic polysaccharides, as it can trigger T cell-dependent immune responses.
These responses play a role in influencing the development of CD4+ T cells mediating
a correct Th-1/Th-2 balance for the host (Mazmanian et al., 2005) and also promote
immunologic tolerance through TLR2 signalling on Foxp3(+) Tres cells (Round et al.,
2011). PSA was found to protect mice from Helicobacter hepaticus induced colitis
(Mazmanian et al.,, 2008) and its promotor showed an inversed orientation,
effectively downregulating the expression of PSA in patients with IBD (Blandford et
al., 2019). Conversely, ETBF secrete B. fragilis toxin (BFT), a 20-kDa zinc-dependent
metalloprotease with three isotypes (BFT-1, BFT-2, and BFT-3) (Kang et al., 2014). The
strain also promotes the breakdown of E-cadherin, which leads to heightened

permeability of the gut barrier and triggers the activation of the NF-kB signalling
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pathway, causing colonic epithelial cells to release pro-inflammatory cytokines (Wick
et al., 2010). ETBF is linked to inflammatory diarrhoea in humans and animals (Sears
et al.,, 2008, Sack et al., 1992), and is also associated with clinically active IBD
(Prindiville et al., 2000).

Escherichia coli

Similarly, oral application of the probiotic strain Escherichia coli Nissle 1917, which is
commercially available as a probiotic, can improve a number of Gl issues such as
diarrhoea and symptomatic uncomplicated diverticular disease (SUDD) as well as
maintain remission in patients with UC (Scaldaferri et al., 2016, Losurdo et al., 2015),
while a genetically, phylogenetically, and functionally variable group of E. coli with
adherent-invasive phenotype (AIEC) have been shown to elicit colitis in mouse
models and to potentially contribute to IBD (Chassaing et al., 2013, Benoit et al.,
2014, Small et al., 2013, Kittana et al., 2023, Nadalian et al., 2021). AIEC strains were
shown to have a higher prevalence in ileal CD compared to colonic CD (Darfeuille-
Michaud et al., 2004, Martinez-Medina et al., 2009a), and also have been associated
with both disease activity (Sasaki et al., 2007, Lopez-Siles et al., 2014) and the severity
of inflammation (Elliott et al., 2013, Baumgart et al., 2007). AIEC strains do not
possess the known virulence factors typically associated with other pathotypes of
E. coli (Boudeau et al., 1999, Nash et al., 2010). Additionally, no other virulence
factors have been identified that are either common to all AIEC strains or unique to
them (Conte et al., 2014, Martinez-Medina et al., 2009b, O'Brien et al., 2017).
Instead, AIEC strains are distinguished by their in vitro characteristics. This phenotype
is characterized by its ability to adhere to and invade human epithelial cells (Boudeau
et al., 1999), its capacity for survival and replication within macrophages, and its
ability to induce the production of the pro-inflammatory cytokine TNF-a (Glasser et
al., 2001). AIEC have the ability to breach the mucous layer through the facilitation
of mucin degrading proteases (McGuckin et al., 2011). Additionally, they have been
demonstrated to withstand the action of antimicrobial peptides through two genes
encoding a Mig-14 family protein which is linked to defensin resistance, and an OmpT
family outer membrane protease (McPhee et al., 2014). The attachment to the

intestinal epithelium is then facilitated by type 1 pili (FimH) found on the surface of
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AIEC. These pili interact with cell adhesion molecule 6 (CEACAM®) receptors present
on the ileal enterocytes. Notably, in patients with CD, CEACAMG6 host receptors are
overexpressed, thereby promoting the colonization of the ileal mucosa by AIEC
(Barnich et al., 2007). This colonization induces the upregulation of the pore-forming
tight junction protein claudin-2 within IECs (Denizot et al., 2012), resulting in the
rearrangement of tight junctions from the exterior, causing a reduction and
ultimately the loss of barrier function (Shawki et al., 2017). The presence of flagella
on AIEC surfaces, which play a role in biofilm formation (Martinez-Medina et al.,
2009b), has the capacity to activate and upregulate TLR5. When flagella bind to TLR5
located on the surface of IECs, it stimulates the production of hypoxia-inducible
factor-1a and triggers the NF-kB pathway, which results in the secretion of pro-
inflammatory IL-8. This cascade leads to an escalated inflammatory response and
inhibits autophagy in host cells (Eaves-Pyles et al., 2008, Subramanian et al., 2008).
Via FimH AIEC are also able to bind onto glycoprotein 2 on the surface of microfold
cells, which are distributed among enterocytes, and through a mechanism involving
long polar fimbriae they are also able to enter and translocate through them (Roberts
et al., 2010). In patients with CD, aphthoid ulcers develop at the site of microfold
cells, which constitute around 5% of the follicle-associated epithelium in Peyer's
patches, suggesting a role for AIEC in their formation (Fujimura et al., 1996). Two
AIEC strains, LF82 and 083:H1, were observed to stimulate the expression of TNF-q,
IFN-y, and IL-8 transcripts in colon biopsies from individuals with CD (Ambrose et al.,
1984). The release of the pro-inflammatory cytokine IL-8 by IECs results in the
recruitment of macrophages and DCs to the infection site. Meanwhile, the secretion
of IFN-y and TNF-a by macrophages leads to the upregulation of CEACAM®6

expression, thereby promoting further AIEC colonization (Palmela et al., 2018).

Ruminococcus gnavus

Ruminococcus gnavus is a prevalent member of the healthy gut microbiome with a
median abundance of around 0.1% across 90% of the population (Qin et al., 2010).
In IBD, its numbers have been shown to temporarily increase to up to 69% to the
total microbial composition (Hall et al., 2017) and the increased abundance has been

linked to disease severity in patients with CD (Png et al., 2010), as well as the risk of
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pouchitis in UC patients who have undergone a total colectomy (Machiels et al.,
2017). Adaptation of R. gnavus to the gut environment varies depending on the
specific strain, and there is a significant degree of variation among strains in terms of
their functional characteristics. A study by Hall et al. identified 199 strain specific
genes that were associated with various functions, including adhesion, responses to
oxidative stress, iron acquisition, and the breakdown and utilization of mucus (Hall
et al., 2017). The Ruminococcus species R. gnavus and R. torques were shown to
produce extracellular a- and B-glycosidases that have the capability to cleave the
terminal sugars from MUC2 O-glycans (Hoskins et al., 1985, Beaud et al., 2005). These
O-glycans compose a combination of sialic acid, sulfate esters, blood group antigens,
and Lewis antigens, which collectively render the mucin macromolecule resistant to
microbial degradation (Van Klinken et al., 1995). Once these terminal sugars are
enzymatically cleaved, revealing oligosaccharides and the protein core, the mucin
matrix's structural integrity becomes compromised. It becomes vulnerable to
degradation by other colonic bacteria, potentially resulting in a compromised gut
barrier stability (Tailford et al., 2015). Additionally, R. gnavus strain ATCC 29149,
which is able to grow on mucin as a sole carbon source (Crost et al., 2016), was
observed to be produce an intramolecular trans-sialidase that selectively converts
a2-3-linked sialic acid substrates into 2,7-anhydro-Neu5Ac. This unique enzymatic
activity provides R. gnavus with a nutritional advantage, as 2,7-anhydro-Neu5Ac is
deemed less accessible to other gut microbiota members (Tailford et al., 2015).
Another strategy of R. gnavus to gain competitive advantage is the production of
bacteriocins. Ruminococcin A (RumA) is a small peptide composed of fewer than 40
amino acids with trypsin-dependent lantibiotic activity. Genes similar to rumA have
been observed to be widespread among different strains of R. gnavus (Donia et al.,
2015, Marcille et al., 2002). Furthermore, it has been demonstrated in vivo that the
R. gnavus strain E1 can synthesize the anti-clostridial sactipeptide Ruminococcin C

during its colonization of the digestive tract of rats (Crost et al., 2011).

In addition to influencing the microbial composition via secretion of antimicrobial
peptides, R. gnavus strains can also interact with the host immune system. On the

one hand, they produced a complex glucose-rhamnose cell wall polysaccharide
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(glucorhamnan), which potently induces the pro-inflammatory cytokine TNFa
secretion by DCs in a TLR4-dependent manner (Henke et al., 2019). On the other
hand, some strains of R. gnavus carry a large capsular polysaccharide (CPS) on their
cell surface, which has immunomodulatory properties, as CPS-positive strains did not
induce an immune response (Henke et al., 2021). Thus, R. gnavus strains can elicit

both pro- and anti-inflammatory responses.

These examples of mechanistic processes that are implicated to either contribute to
or protect against IBD highlight the significant disparity in behaviour among different
strains of the same species within the gut environment. This variability is influenced
by their genetic composition and the specific selective pressures they encounter.
Consequently, it becomes crucial to assess the gut microbial community not merely

by the presence of particular taxa but also by the functions they perform.

3.2. Microbial metabolites in IBD

Metabolic pathways from microbes produce a number of small molecules, either as
intermediate or end product of dietary substrates, modified host molecules or
directly microbiota derived metabolites. These metabolites serve as the primary
means through which microbes engage with their host, impacting immune
development and balance, the host's energy metabolism, and the preservation of
mucosal integrity (Postler et al., 2017, Lavelle et al., 2020). The influence of microbial
metabolites on their host has been demonstrated in germfree-mice which exhibit
drastically altered metabolic profiles than that of conventional mice (Wikoff et al.,
2009), with differences observed in plasma, urine, liver and gut tissues (Claus et al.,
2008). Multiple studies investigated how the metabolic profiles, i.e. a snapshot of
small molecules in a sampled environment, of patients with IBD differed from that of
healthy controls (Morgan et al., 2012b, Schirmer et al., 2018, Pascal et al., 2017).
Most notably, Franzosa et al combined metagenomics and metabolomics to analyse
stool samples from 155 IBD patients of the PRISM cohort. The team used 4 separate
liquid chromatography mass spectroscopy methods to measure polar metabolites,
lipids, free fatty acids and bile acids and found more than 8000 molecules, of which

only a fraction could be annotated. Similar to the taxonomic profiles, the metabolic
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profiles of patients with CD showed greater dissimilarity from healthy controls
compared to patients with UC. The authors argued that the variation between
patients with UC, with some resembling those with CD and others resembling healthy
controls, could be attributed to inflammation. Furthermore, they found that 31% of
metabolic features were altered between IBD and healthy controls, with the majority
of features shared between the IBD subtypes. The changes in metabolic profiles
primarily included enrichments in sphingolipids and bile acids, as well as depletions
in triacylglycerols and tetrapyrroles. By integrating the metagenomics and
metabolomics data they were able to find strong associations between differentially
abundant metabolites and taxa (Franzosa et al., 2019). Overall, bile acids, short-chain
fatty acids (SCFAs) as well as tryptophan metabolites have emerged as key classes of
metabolites that are altered and have been implicated in the pathogenesis of IBD

(Lavelle et al., 2020).

Short-chain fatty acids

SCFAs, mainly acetate, propionate and butyrate, are produced by microbes via
fermentation of otherwise indigestible complex carbohydrates (Sonnenburg et al.,
2014). Acetate, which accounts for about 50-70% of SCFAs is produced by a wide
range of bacteria, while propionate, accounts for 10-20% of the SCFA pool is mainly
produced by Bacteroidetes and a small number of Firmicutes. Butyrate, which is only
produced by a small number of Clostridia accounts for most of the rest (Rowland et
al., 2018). The ratios of SCFAs change depending on the intake of dietary fibre
(Veldazquez et al., 2000). SFCAs have been shown to influence a large number of host
processes, including but not limited to central appetite regulation (Frost et al., 2014),
energy metabolism (Tolhurst et al.,, 2012), regulation of intestinal macrophages
(Singh et al., 2014, Chang et al., 2014), Trec cell homeostasis (Furusawa et al., 2013,
Smith et al., 2013), gut epithelial homeostasis (Macia et al., 2015) and B cell
differentiation and responses (Kim, 2016). In patients with IBD faecal SCFA levels are
typically reduced (Marchesi et al., 2016, Takaishi et al., 2008, Vernia et al., 1988). On
the microbial side this reduction of SCFAs is associated with a loss of butyrate
producers like F. prausnitzii and Roseburia hominis (Sokol et al., 2008, Machiels et al.,

2014) and with a reduced genetic capacity for butyrate synthesis by the gut
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microbiota (Laserna-Mendieta et al., 2018). On the host side, genes encoding for
enzymes involved in butyrate metabolism are downregulated in inflamed tissues (De

Preter et al., 2012, Palmieri et al., 2015).

Tryptophan

Tryptophan is an essential aromatic amino acid that plays a crucial role in many
metabolic functions is a precursor of molecules such as serotonin, melatonin and
vitamin B3 (Katuzna-Czaplinska et al., 2019). Dietary tryptophan from food like
poultry, fish, and dairy can be metabolised from the host via the kynurine (KYN) and
serotonin pathways or by the gut microbiota which produce a range of indole
metabolites, some of which can interact with the aryl hydrocarbon receptor that has
been implicated in the pathogenesis of IBD (Lavelle et al., 2020). The rate limiting
step of the KYN pathway, which accounts for 90% of the tryptophan metabolism, is
facilitated by indoleamine 2,3-dioxygenase 1 (IDO1). IDO1, which is expressed in
various immune cells and epithelial cells, plays a role in regulating both systemic and
local immune responses (Richard et al., 2009). In conditions marked by chronic
inflammation, such as IBD, the expression of IDO1 is induced by pro-inflammatory
cytokines (Ciorba, 2013). Nikolaus et al. reported elevated tryptophan degradation
through the KYN pathway and identified a negative association between serum
tryptophan levels and disease activity in IBD patients (Nikolaus et al., 2017). This
observation suggests that tryptophan deficiency may contribute to IBD progression
or worsen disease activity, akin to what has been observed in mouse models where
tryptophan deficiency exacerbated colitis (Hashimoto et al., 2012). Moreover,
the aryl hydrocarbon receptor (AhR), which is an important transcription factor that
mainly exerts protective and anti-inflammatory effects (Zenewicz et al., 2008, Qiu et
al., 2012), can be activated by certain indole derivatives, produced by a limited
number of bacteria, including Peptostreptococcus russellii and some Lactobacilli
(Zelante et al., 2013). AhR signalling, which was shown to inhibit inflammation and
colitis in mouse models, is reduced in patients with IBD as AhR is downregulated in
inflamed mucosa (Monteleone et al., 2011) and also Indoleacrylic acid (AhR agonist)
and indole-3-pyruvic acid (AhR agonist precursor) were found reduced in patients

with IBD (Wlodarska et al., 2017, Alexeev et al., 2018).
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Bile acids

Bile acids (BA) are small amphipathic molecules with a steroid backbone that are
synthesized from cholesterol, accounting for around half of the daily turnover of
cholesterol. The process of converting cholesterol into BAs in the liver can be initiated by
two enzymes: cholesterol 7a-hydroxylase (CYP7A1) in the classic (neutral) pathway, or
mitochondrial sterol 27-hydroxylase (CYP27A1) in the alternative (acidic) pathway (Staels
et al., 2009). The products generated by these pathways, namely cholic acid (CA) and
chenodeoxycholic acid (CDCA), are referred to as primary BAs. To increase the solubility
for secretion into the bile and storage in the gallbladder, the primary BAs are conjugated
with either glycine or taurine which form Na* salts under physiological conditions (Chiang,
2004). Following the consumption of a meal, the gallbladder contracts, releasing micellar
BAs into the intestine to facilitate digestion. Through enterohepatic circulation,
approximately 95% of these BAs are reabsorbed in the distal ileum and then transported
back to the liver through the portal circulation (Hofmann, 1999). The replacement of the
remaining 5% of primary BAs that are excreted in the faeces is regulated by fibroblast
growth factor 19 (FGF19). This regulation occurs when BAs bind to the farnesoid X receptor
(FXR), creating a feedback mechanism where BAs effectively control their own synthesis
(Kim et al., 2007). In addition to their function in lipid digestion and the absorption of fat-
soluble vitamins in the small intestine, BAs also function as signalling molecules that exert
metabolic and immune regulatory effects. These effects are mediated by their binding to
various receptors, including FXR, the transmembrane G protein-coupled receptor 5
(TGRS5), the pregnane X receptor (PXR), the vitamin D receptor (VDR), and the constitutive
androstane receptor (CAR) (Schaap et al., 2014).

The gut microbiota further increases the chemical diversity of the BA pool by modifying
the host derived BAs. Microbial bile salt hydrolases deconjugate amino acid residues from
primary BAs, leading to the formation of free primary BAs (Jones et al., 2008). These
unconjugated primary BAs can then undergo further modifications facilitated by a rather
small fraction of the resident gut microbiota, including dehydroxylation, dehydrogenation,
and sulfation, giving rise to secondary and tertiary BA forms. In humans, deoxycholic acid
(DCA) and lithocholic acid (LCA) are the major secondary BAs produced from CA and CDCA,

respectively (Ridlon et al., 2006). A normal microbial BA metabolism was shown to play a
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crucial role in regulating the immune response by modulating colonic RORy* Tres cell
differentiation thus ameliorating host susceptibility to inflammatory colitis (Song et al.,
2020, Hang et al., 2019). However, while BAs can be modified by microbiota, they in turn
exert an significant effect on microbiota, either directly by inhibiting the growth of certain
taxa (Kurdi et al., 2006) or indirectly by stimulating the expression of antimicrobial peptides
such as cathelicidin (D'Aldebert et al., 2009), angiogenin (Inagaki et al., 2006, Hooper et al.,
2003), and inducible nitric oxide synthase (Wallace et al., 2000, Inagaki et al., 2006), while
FXR activation was shown to prevent bacterial overgrowth and translocation (Lorenzo-
Zuiiga et al., 2003). Faecal BA profiles in individuals with IBD have been repeatedly
reported altered compared to healthy controls, characterized by reduced secondary BAs
and elevated primary BAs (Franzosa et al., 2019, Jansson et al., 2009, Jacobs et al., 2016,
Vantrappen et al., 1977, Kruis et al., 1986). Furthermore, it was shown that not only the
faecal concentrations of LCA and DCA were decreased in the ileal pouches of patients with
UG, but also the biosynthetic capabilities to convert primary BAs into secondary BAs was
reduced. The same study also showed that secondary BA supplementation was able to
reduce intestinal inflammation in mouse models of colitis (Sinha et al., 2020). Finally,
several taxa have been associated with the reduction in secondary BAs in patients with
IBD, namely Bifidobacterium and Clostridium clusters IV and XIVb (Wang et al., 2021),
Roseburia and unclassified Subdoligranulum species (Lloyd-Price et al., 2019) as well as
Ruminococcaceae (particularly Clostridium leptum) (Yilmaz et al., 2019, Vich Vila et al.,

2018, Sinha et al., 2020).

We know that the microbiota are central to the pathogenesis of IBD and to a certain
degree malleable, which makes it an attractive target for new treatment strategies. Due
to the high inter-personal heterogeneity and the lack of consistency between studies we
have problems to fully exploit the opportunities microbiome research represents for
personalised medicines or even to decide what came first: the chicken or the egg. To
address this question, influences of IBD on the gut microbiota must be thoroughly
characterised, with a particular focus on the multitude of factors, both external and
internal, that can potentially obscure our picture of the interactions between the gut

microbiota and its host.
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1. Glossary

16S Ribosomal RNA gene Transcribed form of the small subunit gene located in the 30S
subunit of a prokaryotic ribosome. Contains 9 variable regions that can be targeted for
amplification and used for profiling of microbial communities.

Amplicon Naturally or artificially amplified target gene sequence.

Amplicon sequence variant (ASV) Refers to individual DNA sequences recovered from a
high-throughput marker gene analysis after the removal of spurious sequences
generated during PCR amplification and sequencing.

Annotation Assigning a taxonomic lineage to a marker gene or genome or a function to
a gene.

Archaeome Collective coding capacity of archaea within a defined environment.

Assembly Aligning and merging fragments from a longer DNA sequence in order to
reconstruct the original sequence.

Binning Grouping reads or contigs based on particular attributes and assigning them to
operational taxonomic units.

Bioinformatics Use of computer science and statistics to analyze and interpret biological
data.

Biomarker Measurable indicator of some biological state or condition.

Centroid The most representative point/sequence/ASV within in a cluster.

Chimeric sequences An artificial DNA sequence generated during amplification,
consisting of a combination of two (or more) parental sequences.

Clonal culture A culture of cells produced in such a way that individual clones, i.e.
identical cells that are derived from the same cell, can be selected.

Contig Short for contiguous, assembly of short overlapping reads that together build a
consensus region of DNA.

Diversity A measure of the taxonomic distribution within a community, either in terms
of distinct taxa or in terms of their evolutionary/phylogenetic distance.

Functional expression screening Method of screening prepared genomic or cDNA
libraries for genes of interest.

Hamming distance A metric for comparing two data strings. It is defined as the number
of positions in which the corresponding symbols are different when comparing two
binary strings of equal length.

Heuristic Practical method to solve a problem/task, speeding up the process of finding
a satisfactory solution while not guaranteeing optimal results.

Internal transcribed spacer (ITS) Highly polymorphic non-coding spacer DNA situated
between the small-subunit rRNA and large-subunit rRNA genes which length ranges
from 450 to 750 bp and is utilized as universal fungal barcode sequence.

k-mer Sub-sequences of length k contained within a biological sequence.

Lowest common ancestor (LCA) In graph theory the lowest common ancestor of two
nodes x and y in a tree is the lowest (i.e. deepest) node that has both x and y as
descendants.
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Marker gene sequencing Also called amplicon sequencing, after extracting DNA from a
sample, certain marker genes are amplified and successively sequenced and serve as
proxy for the whole genomes in the further analysis.

Metagenome The experimentally determined data set of genomic sequences in a given
environment.

Metagenomics The study of microbial communities, typically relying on high-throughput
experimental data and bioinformatic techniques.

Microbiome Collective coding capacity of microorganisms within a defined
environment.

Microbiota Total collection of microbial organisms within a community or sample.

Mock community Defined mixture of microbial cells or nucleic acid molecules created in
vitro to simulate the composition of a microbiome sample or the nucleic acid isolated
therefrom.

Mycobiome Collective coding capacity of fungi within a defined environment.

Operational Taxonomic Unit (OTU) A cluster of sequence which are similar beyond some
threshold (e.g. 97%) used in place of species, genus, etc.

Orthologues Functionally equivalent genes in different species that have been derived
from a common ancestral gene.

Paralog Homologous genes within a genome that are the result of gene duplication
events.

Phageome Collective coding capacity of bacteriophages within a defined environment.

Phylogenetically independent contrasts Generalization of the paired comparison
method in comparative biology, which maps data for phenotypic traits onto an existing
phylogenetic tree.

Phylogenetics The study of the evolutionary history and relationships among individuals
or groups of organisms.

Pipeline Series of tools or scripts for the analysis of particular data where the output of
the previous step is the input for the next step.

Reads DNA code of segments obtained from a sequencing experiment.

Shotgun sequencing Extracted DNA from a sample is sheered into fragments and
randomly sequenced.

Taxa Populations of phylogenetically related organisms.

Taxonomy Science of naming, defining and classifying groups of biological organisms on
the basis of shared characteristics.

Variant calling Process of identifying variants between closely related sets of sequence
data, which typically take the form of single-nucleotide polymorphisms.

Virome Collective coding capacity of viruses within a defined environment.

Whole Genome Shotgun (WGS) sequencing Shotgun sequencing of individual organisms
or microbial communities.
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2. Introduction

Metagenomics is the process of recovering genetic material of all microbes present
in an environmental sample with the aim of studying the population dynamics and
functional potential of these microorganisms. Although the term microbiome refers
to all bacteria, fungi, archaea, viruses and protozoa, bacteria and archaea have been
the focus of the majority of research to this point. Studies of other phyla are
increasing, for instance of the phageome as it has a major impact on dairy production

(Pujato et al., 2019).

When the concept of metagenomics was first described in 1998 it involved the
cultivation of clonal cultures followed by a functional expression screening, which for
the first time, at least theoretically, allowed access to the collective metagenome of
a given sample and a route to harvest its biosynthetic capabilities (Handelsman et al.,
1998). The advent of next generation sequencing (NGS) techniques after 2005
resulted in rapidly decreasing costs for sequence-based metagenomics analysis and
provided researchers with the capability to capture complete microbial profiles
without prior knowledge of composition and independent of the ability to culture the

organisms concerned.

Metagenomics today serves as an umbrella term for two different approaches,
amplicon or marker gene sequencing, and true whole genome shotgun (WGS)
sequencing. Marker gene studies typically involve the use of generic primers to
amplify conserved regions between species and their proximal hyper-variable
regions. Whole genome shotgun metagenomics, on the other hand, entails non-
targeted sequencing of all genetic material in a microbiome. The key difference
between the two is that, while marker gene studies can detail what organisms at
what relative abundance are present in a microbial sample, the presence of entire
genomes yielded by WGS also gives detailed information about metabolic potential,

evolutionary relationships, and the structure and organization of microbial genomes.

The rapid development of high throughput sequencing (HTS) technologies has
granted unprecedented insights into microbial populations within different

environments across disciplines including medicine, biology, environmental and food
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sciences. While traditional labour intensive “wet lab” experiments have been, by and
large, replaced, new challenges have emerged in dealing with the analysis of huge
and noisy NGS data. Noise in this context refers to a large amount of additional
information and random errors introduced by preparation of the genetic material,
the sequencing process, and the downstream processing, obscuring the view to the
data signal of interest. The analysis of metagenomics sequences is further
complicated by the substantial complexity of these data, differing in read length,
sequencing depth, base quality and error profiles. An increasing number of
bioinformatics pipelines, platforms and tools are being developed and updated to
accurately reveal the underlying microbial community profiles with an increasing

resolution, while dealing with the disparities in the produced data.

Studies have shown that not only do the wet lab stages of an experiment (sample
storage, DNA extraction, primer type, amplification, and NGS platform) influence the
outcome of a metagenomics experiment but also the choice of bioinformatics
pipeline used to treat the sequence data. Although numerous benchmarking studies
attempt to find the optimal workflow to process and analyse raw data from
sequencing experiments, there is currently no agreed optimal pipeline. Instead, the
approach taken is based on the environment and research question to be asked (Xue

etal., 2018, Golob et al., 2017, Walsh et al., 2018).

The principal steps of a metagenomics survey are (i) sampling, microbial DNA
extraction and sequencing, followed by (ii) bioinformatics sequence processing of the
raw sequence data and finally (iii) statistical analysis and visualization. In this chapter
we will concentrate mostly on the second step and give an overview of the general
workflow from the raw data delivered by sequencers to a human interpretable state,

suitable for further statistical analysis.

2.1. Choice of Metagenomic Approach
Both sequencing strategies (amplification and whole genome shotgun) possess their
own advantages and disadvantages which need to be considered before choosing an

approach. In addition to the considerable economic considerations, the environment
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being sampled can also dictate this decision, as well as the availability of

computational resources and bioinformatics expertise.

WGS metagenomics sequences fragments of the total microbial DNA of a sample and
thus not only allows the inference of the relative abundance of every member of the
community at high resolution (species and even strain level), but it also enables
guantification of metabolic pathways to give a picture of the metabolic potential of
the studied microbial community. As random fragments of the complete length of
the genomes are sequenced, a much greater depth of sequencing is required for this
approach compared to amplicon sequencing. This is not only slower and more costly,
but also results in a much larger amount of data whose analysis is computationally
expensive due to the need to assemble the fragments, either against a reference
database or using de novo assembling techniques. Another problem with reference-
based assembly is that not all genomes are yet represented. More recently
characterized species are better represented in 16S rRNA databases, meaning that
for some environments, amplicon sequencing is more effective than WGS sequencing

despite the lower information content (Tessler et al., 2017).

Marker gene studies involve the sequencing of well-defined and relatively small
phylogenetic markers following amplification via polymerase chain reaction (PCR).
This results in a smaller amount of data as each organism is represented by its
phylogenetic marker. As only a defined region of each genome in the sample is
sequenced, namely the marker gene, more samples can be processed in every
instrument run. This does not only decrease the required minimum sequencing depth
but also the costs. While the amplification step is known to create biases, it also
allows the analysis of samples with a low microbial load or with a high amount of host
DNA, as it specifically amplifies the DNA of interest. On the downside, marker gene
studies usually deliver only a genus level resolution of the microbial composition,
even though bioinformatics tools exist that try to infer species (Spingo (Allard et al.,
2015)) and even strain level (Himap (Segota et al., 2019)) resolution of the
microbiome under study. Although there have been efforts to estimate functional
profiles from amplicons using a variety of tools (PICRUSt (Douglas et al., 2018),

Tax4Fun (Asshauer et al., 2015), Piphillin (lwai et al., 2016)), these tools are generally
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applied in an exploratory sense to narrow the field for future more in-depth studies

with shotgun sequencing.

These two approaches are not mutually exclusive; often an effective trade-off is to

carry out a broader analysis with an amplicon sequencing method with a larger

sample size, before proceeding to WGS metagenomics with a subset of samples.

Table 1 compares amplicon sequencing and WGS metagenomics.

Table 1: Comparing sequencing strategies: Advantages and disadvantages

Amplicon sequencing

WGS metagenomics

Cost

Information content

Suitability

Reference databases

® Minimum 10x cheaper per sample than WGS
metagenomics sequencing

® Analysis more accessible as less computational
power needed

®Provides data specific to amplicon used, i.e.
Bacteria/ archaea with 16S rRNA

®Genus level resolution with some species level
resolution possible

®Taxonomy  only, with some inferred
metagenomics information using tools such as
PICRUST2

®More sensitive due to the enrichment of the
target sequence but also prone to bias due to
amplification step

®Databases more comprehensive when
characterizing novel environments, as they are
easier to populate

®Extensive databases include also less well
studied species

o Different databases are known to contradict
each other in the assignment of certain
sequences

® Prohibitively expensive for smaller labs

®Requires considerable processing power for
most analysis platforms

®Provides data on all microorganisms present
in a sample

®Species and strain level resolution possible

®Detailed taxonomic and functional
information available as full genomes
generated with  sufficient sequencing
coverage

® | ess susceptible to bias as no amplification is
required.

®No amplification means that e.g. in biopsies
where host DNA can make up 99% of all DNA,
WGS is unsuitable without microbial
enrichment.

® More exotic species might not be represented
and can get overlooked

As the WGS method sequences most DNA in a sample, regardless of what the user

intended target may be, the sample type and preparation must be taken into

consideration. In environmental samples this may not be a concern, but when trying

to sequence microbial populations within host tissues, for example contaminated

meat products, the DNA sequenced will be overwhelmingly host DNA, making it

difficult to gain sufficient sequencing depth of the microbial content. In instances

such as this, amplicon sequencing strategies may be more suitable, at least for initial

analysis. The next issue relates to the nature of the sequence data required. There

are a variety of sequencing solutions available, discussed in detail in the next section,
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but the correct choice of technology, or combinations thereof, has an enormous
impact on any downstream research outputs. Other important aspects of

experimental design include the following:

1. The use of both positive and negative controls to ensure the reproducibility
and comparability of results.
2. The recruitment of an adequate sample size to draw statistically significant

conclusions, which can be aided by carrying out a pilot study to measure the

effect size.
3. The collection and (manual) curation of comprehensive meaningful metadata

for all samples to enable a robust statistical analysis of the generated

sequence data.

Figure 6 highlights the key differences in terms of required inputs and the resulting

output data between amplicon sequences and WGS.
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Figure 6: Bioinformatic approaches to metagenomics

2.2. Overview of Sequencing Technologies
Moore’s Law states that the number of transistors on a microchip doubles every two

years, resulting a halving in the overall cost (Muir et al., 2016). Sequencing technology
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increases in accuracy and decreases in cost that even supersede Moore’s Law
(Wetterstrand, 2022), making it a rapidly-evolving field that is difficult to precisely
define. To assist in this, sequencing strategies are grouped together in different

generations of the technology, a current snapshot of the state of the art is as follows.

Sanger sequencing, developed in 1977, is referred to as the first generation of
sequencing. While still widely used for some projects due to its relatively long read
length (on average 650 base pairs), and high accuracy, it is not an appropriate tool
for metagenomics studies due to its low throughput and high cost (Escobar-Zepeda
et al., 2015). Next generation sequencing methods are massively parallel and can
often produce millions of reads during a typical run, where the genomic DNA present
is sequenced repeatedly in small random fragments. The two predominant NGS
methods are lon Torrent and Illumina but differences between them in terms of cost,
underlying chemistry, output and accuracy mean they are not always suited to the
same tasks. The lllumina sequencing platforms provide the most popular sequencing
solutions owing to their low cost, high accuracy, and high output (Utturkar et al.,
2014). The lllumina MiSeq platform offers low sample output of up to 15 Gb but
relatively long reads at an affordable price. The paired-end functionality (i.e. DNA
fragments are sequenced from both sides, 5’ and 3’) offers overlapping reads of up
to 300 bp each, making this the technology of choice for amplification-based
sequencing experiments such as 16S rRNA gene sequencing. Other lllumina platforms
such as the HiSeq, NextSeq and NovaSeq offer much higher output, with the NovaSeq
generating up to 6000 Gb, but with shorter read lengths of up to 150 bp (Ambardar
et al., 2016). lon Torrent sequencing yields reads up to 400 bp in length. However
only single-end reads (i.e. DNA fragments are only sequenced from one end) are
available, and the low total output of up to 15 Gb makes this technology impractical
for anything other than amplicon sequencing. In fact, this method has a higher error

rate when long repeat regions are present in the sample (Quince et al., 2017).

In the context of WGS, the short reads generated by second generation technologies
often yield incomplete genome assemblies. In more complex cases such as genomes
with long repeat regions or paralogs, or when sequencing viruses such as

bacteriophages, longer reads are often required to close the genomes (Pollard et al.,
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2018). Third generation sequencing platforms targeting individual DNA molecules,
have been developed to meet this demand. Two platforms are currently available,
the Oxford Nanopore sequencing methods, and the Pacific Biosciences PacBio
platform. A variety of Nanopore solutions are available based on the number of flow
cells they contain, ranging from the portable MinlON, designed for use in the field to
the scaled up PromethlON with on board data processing. These Nanopore methods
produce reads of up to 100 kb in length (Bowden et al., 2019). The Sequel2 is the
current state of the art PacBio technology and can sequence reads up to 60 kb in
length. As these third generation strategies begin to reliably upscale their output,
their use in metagenomics studies will become more widespread (Quince et al.,

2017). A summary of the sequencing options available is found in Table 2.

Table 2: Comparison of sequencing solutions across 3 generations of sequencing

Generation Method Output type Max read length  Throughput Error rate Runtime

First Sanger SE 650-900 bp 62.4 kb 0.0001% 1-3 hours

Second Illumina SE and PE 75-300 bp 13.2-6000 Gb 0.26%—-0.8% Up to 6 days

Second lon torrent SE 150-400 bp 10 Gb 1.785% 7.3 hours

Third Nanopore SE Up to 100 kb 0.1-1Gb 12%-38% Real time data
analysis

Third PacBio SE Up to 60 kb 1Gb 11%-15% 2 hours

SE: single-end sequencing; PE paired-end sequencing

2.3. Quality Filtering of Metagenomics Data

As the quality of sequencing data returned can be variable, quality filtering is a crucial
first step in any analysis. This is particularly important when working with second
generation sequence data. Although the error rate with third generation
technologies is higher, it remains stable across the length of the sequence, whereas
with second generation sequencing technologies, lllumina in particular, a quality
profile is generated that depreciates with sequence length, particularly in the reverse
read of a pair (Tan et al., 2019). This makes quality filtering prior to downstream

analysis a critical step in any analysis pipeline.

The typical output of a sequencing experiment (lllumina and lon Torrent) is paired or
unpaired reads in the fastq format (Figure 7). It contains sequence data in
conjunction with machine readable error annotations for each sequenced base, the

so called a Phred score. This per base quality score ranges from 1 to 40 and is
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translated as 10 log10(P), with P being the probability of a base being called
erroneously. For example, a Phred score of 10 means there is a 1:10 chance of the
base being called incorrectly, whereas the maximum score of 40 means a 1:10,000
chance of error. The fastq format serves as input for most programmes which are
utilized to trim away lower quality reads. The trimming itself can either be based on
manual visual analysis and cutting a given sequence to a specified length or setting a
minimum quality cut off, or a combination of both. Freely accessible technologies for
quality filtering sequence data include Trimmomatic (Bolger et al., 2014) and the

FASTX-Toolkit (Hannon, 2010).

Sequence Identifier

@DE18INS656:25:000000000-ADRN4:1:1101:11792:1247 2:N:0:
GCGTAGTAGCGTAAGRGACTACACGGGTATCTARTCCIGITTIGCTICCCCACGCTTICGAGCCTCAACGTCAGTTACCGTCCAGTARG
+

; + 1 CCGGEGGEFGEGEEEE, CC#GGEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEECFGEEEE

Sequence

o

Phred Quality Score

Figure 7: The Fastq format

3. Amplicon Sequencing

Amplification-based sequencing is a fast and cost-effective way to gain insight into
the taxonomic composition of a microbial community and the phylogenetic
relationship between their members in an environment of interest. As mentioned,
amplicon sequencing involves amplification of marker genes via PCR from DNA,
extracted from the microbial community of a given sample. Amplicons are
subsequently sequenced and aligned against a reference database to gain
information about the host organism of that sequence. Such a molecular marker is
ideally present in every member of a population, and differs between any individuals
with distinct genomes in a manner correlating with the evolutionary distance

between individuals of the population (Morgan et al., 2012a).

The 16S small subunit ribosomal RNA (rRNA) gene is commonly used as marker gene
as it combines a number of necessary traits. The rRNA gene, which is ubiquitous in
bacteria and most archaea, is an integral part of the ribosome and its function has
not changed over time, implying that random sequence variations are a precise
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measure of evolutionary time. The gene consists of both highly conserved regions,
which allow targeted amplification with generic primers, and nine hypervariable

regions (HVR),which serve as phylogenetic clock (Tringe et al., 2008).

The shorter read length of second generation HTS platforms does not allow the
sequencing of the full 16S rRNA gene, which is 1.5 kb in size, and so one or more
adjacent variable regions are usually amplified and subsequently sequenced. It has
been shown that those sub-sequences allow for accurate taxonomic classification
(Liu et al., 2007), but naturally, this restriction to HVRs comes with a lower taxonomic
resolution compared to the full-length gene (Schloss, 2010). Furthermore, different
HVRs of the same 16S rRNA gene may result in different taxonomic classification
(Youssef et al., 2009). A popular choice is the V4 region. It not only allow the complete
overlap of the paired reads in the lllumina MiSeq platform, improving the quality of
the generated reads (Kozich et al., 2013), but also has been shown to have the highest
correlation to the phylogenetic signal of the complete 16S gene (Yang et al., 2016).
Ultimately, the choice of target region should be determined by its discriminatory
power between different taxa in the environment of interest, which ideally should be

tested with a small subset of samples.

16S rRNA gene sequencing is primarily a method for characterizing the bacterial
members of a microbial community. Although some resolution of the archaeome is
also provided, it does not include the whole spectrum of archaea, thus knowledge
about the archaeome is more a by-product (Koskinen et al., 2017). More recently,
the mycobiome has been studied via the use of Internal Transcribed Spacers (ITS)
located within the ribosomal gene operon, but the specific databases which are used
for taxonomic assignments are still poorly filled in comparison with the 16S specific
databases (Xu, 2016, Nilsson et al., 2019). Viruses completely lack a universal gene
marker and the analysis of the virome relies completely on shotgun sequencing

(Cantalupo et al., 2019).

3.1. Controlling for Biases and Contamination
Regardless of the study goal, it is highly recommended to take measures to control

for contamination and bias at each stage of the process, from sampling to data
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analysis. Such bias can introduce changes in the observed relative abundance and
may have an impact on the community diversity (Pollock et al., 2018). It can be
controlled by the introduction of positive controls. For example, synthetic mock
communities, composed of predetermined ratios of DNA originating from a mixture
of selected bacteria, can be sequenced and analysed along with the experimental
samples. This allows the quantification of sequencing errors but also provides
information on which taxa are likely to be over or underrepresented (Schloss et al.,
2011). Another positive control are spike-in standards, which are added directly to
the samples and enable a per sample basis quality control of the used methodology.
Then again, adding genetic material directly to the sample bears the risk of crossover
between the 16S rRNA gene sequences contained in the standards and those found
in samples. Hence, it is important to select bacteria which are highly unlikely to occur
in the samples of interest (Tourlousse et al., 2017). Furthermore, it is crucial to
include a negative control along with the samples to identify contaminants arising
from DNA extraction kits, reagents and the lab environment. It has been shown that
not only contaminants between different DNA extraction kits are distinguishable, but
also between batches of the same DNA extraction kits (Salter et al., 2014). In high
biomass environments contaminants might play a less important role, as their
relative abundance in the sample is negligible, but in low biomass samples
contaminants can make up a relative high proportion of the sample. This can lead to
erroneous conclusions in the downstream analysis if not handled carefully (Karstens
et al., 2019). While it is not appropriate to simply remove reads from taxa that have
been identified as contaminants since some of these reads might originate from the
tested sample, there are tools available (e.g. the R package Decontam (Davis et al.,
2018) or SourceTracker (Knights et al., 2011)), that attempt to statistically identify

and remove reads from contaminants in metagenomics sequencing data.

3.2. Bioinformatic Analysis

Bioinformatic analysis of amplicon sequences generally consists of the pre-treatment
of the raw sequence data followed by microbial diversity analysis and advanced data
analysis. Several comprehensive pipelines are available which bundle different tools

into one platform, most notably Quantitative Insights Into Microbial Ecology
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(QIIME2) (Bolyen et al., 2019), mothur (Schloss et al., 2009), UPARSE (Edgar, 2013),
the Divisive Amplicon Denoising Algorithm (DADA2) (Callahan et al., 2016), and the
web based MG-Rast (Meyer et al., 2008), which are summarized in Table 3. These
and other existing platforms not only differ in the underlying algorithms used, but
also in available documentation (i.e. extend of publicly available tutorials, manuals
and support) as well as in required computational power and runtime. While all these
packages provide effective pipelines for 16S rRNA gene analysis, the choice usually
depends on the quality of the raw data, the available bioinformatics skills, and
computational resources. The mothur and QIIME platforms have been deemed
superior to their competitors due to the availability of extensive documentation, the
flexibility of the provided processing and analysing methods, accepted input and
output formats, and supported sequencing technologies (D'Argenio et al., 2014,

Nilakanta et al., 2014, Plummer et al., 2015).

Table 3: Premier 16S rRNA sequence analysis pipelines

Web Description Open source Access Reference

QIIME2  https://giime2.or o Rewrite of the QIIME 1 yes local  (Bolyen et al., 2019)
microbiome analysis pipeline
e End to end microbiome analysis

pipeline
e Visualisation
mothur  https://www.mothur. e Incorporated the functionality of yes local (Schloss et al., 2009)
org DOTUR, SONS, TreeClimber,
s-LIBSHUFF, and UNIFRAC
e End to end microbiome analysis
pipeline
e Visualisation
UPARSE  https://www.drive5.c e End to end microbiome analysis e 32 bit version free local (Edgar, 2013)
pipeline for personal/
om/uparse/ o No visualisation academic use
® 64 bit version
1485 USD
DADA2  https://benijineb.githu e Amplicon pipeline from raw data yes local  (Callahan et al., 2016)
b.io/dada2/index.html to as?igning taxonomy for
amplicon sequence variants
o No visualisation
MG Rast www.mg-rast.org e End to end microbiome analysis  yes web-  (Meyer et al., 2008)

pipeline
o No visualisation
o Data repository

based
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3.3. Pre-processing

Bioinformatics analysis usually starts with the pre-processing of the raw sequence
data, followed by clustering and taxonomic annotation of the quality filtered reads
and results in abundance tables which serve as input for the downstream statistical

analysis.

The in silico treatment of the raw amplicons begins with quality filtering. As low-
quality reads, artefacts and contamination can compromise any downstream
analysis, and taxonomic annotation in particular, it is crucial to apply a stringent
sequence curation. Pre-processing starts with the removal of sequences with
ambiguous bases in the primer and the barcode region, as well as reads with overall
low quality scores, homopolymers longer than eight nucleotides and sequences well
above or below the expected lengths for a given NGS platform (Kunin et al., 2010,
Schloss et al., 2011). The quality filtered reads are subsequently demultiplexed, i.e.
the reads are sorted into their respective sample bins according to the unique
barcode sequences which have been added to the primer sequences during the
amplification. After the removal of any sequencing adapters, amplification primers,
and multiplex identifiers, it is necessary to identify and remove chimeric sequences.
Chimeric sequences are a known artefact from PCR amplification, resulting from
cross-hybridization of unrelated DNA fragments which can inflate the diversity
metrics if left untreated. Chimera removal is integrated in the most commonly used
classifiers and can either be performed by comparing sequences to a known chimera
free data base (Chimera Slayer (Haas et al., 2011) and DECIPHER (Wright et al., 2012))
or de novo by detecting low abundance sequences that could be formed by a
combination of two sequences of higher abundance within the dataset (Perseus
(Quince et al., 2011) and UCHIME (Edgar et al., 2011)). The database-independent
approaches have the advantage of being able to detect chimeric sequences of
unknown organisms which is particular useful if one expects a high degree of
uncultured bacteria in their sample. Finally, one optional step to accelerate
processing times is read de-replication. Here identical reads are compressed into one
representative sequence with adjoined abundance count, which considerably

reduces the amount of data for later analysis.

64



Provided their overlapping regions are sufficiently long, paired-end reads can be
merged, generating consensus sequences by aligning the forward and reverse reads
and resolving any mismatches found in the alignment. This enables calculation of an
improved estimate of the number of errors in the read. Depending on the quality of
the data, this can be done either at the beginning of the quality filtering or at

subsequent steps (Hugerth et al., 2017).

3.4. OTU Clustering

Most of the 16S rRNA gene sequence is conserved, but in the HVRs small numbers of
base pairs can change in a very short evolutionary time. Thus, a difference of few
base pairs can differentiate between different species. The amplification step can
introduce substitution and deletions due to incorrect base pairing and polymerase
slipping (Turnbaugh et al., 2007), while during sequencing point errors occur due to
incorrect base calls and omitted or spurious base calls. Error rates are often thought
to be around 0.01%, hence, in a typical study spanning millions of sequences, it is
expected that many sequences have at least one sequencing error. This creates the
bioinformatical challenge of distinguishing between PCR or sequencing artefacts and
true biological variation. A similarity cut-off of 100% would separate biologically
clonal sequences which only differ due to errors in the procedure of generating
amplicon reads, obscuring correct taxon identification and inflating diversity
measures. This problem is usually solved by clustering sequences at a convenient
similarity threshold, typically 97% identity, into so called operational taxonomic units
(OTUs) which are used as the equivalent of species in the downstream analysis
(Morgan et al., 2012a). OTU clustering is performed by one of three methods, namely
closed reference, open reference and de novo clustering. The closed reference
approach clusters the pre-processed reads exclusively by aligning them against a
sequence collection in a reference database, and any unaligned sequences are
discarded. With the open reference approach, the OTU picking is firstly reference-
based but instead of discarding any unaligned reads, they will be subjected to de novo

clustering (Tatusov et al., 2003, Navas-Molina et al., 2013, Tatusov et al., 2000).

In contrast, de novo clustering groups the sequences without the use of a reference

database, which is computationally more expensive but said to be more accurate
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(Westcott et al., 2015). This approach is also less stable, meaning that the same
sequence might be assigned to a different OTU depending on the community context
(He et al., 2015). Hierarchical clustering, which is implemented for instance by
mothur (Schloss et al., 2009) and Ortho-MCL (Li et al., 2003), involves gathering
sequences based on a distance matrix containing all pairwise differences and can be
broadly divided into single-, complete- and average-linkage. For single-linkage, a
sequence is placed into a certain cluster if it has a similarity above a threshold to at
least one other sequence in the cluster. This approach forms very large,
heterogeneous clusters and is rarely used except for clustering sequences of the
rapidly evolving fungal ITS region (Lindahl et al., 2013). For complete linkage, on the
other hand, sequences with a similarity above a threshold to all other members of
the clusters are grouped together, which therefore generates much more and smaller
OTUs and has the tendency to overestimate the community richness. Finally, average
linkage clusters are constructed when the average similarity between a sequence and
all others in the same cluster is above a threshold. It is computationally very
demanding to run all against all comparisons on data sets with millions of reads so
heuristic techniques like USEARCH (Edgar, 2010) , SEED (Bao et al., 2011), and
VSEARCH (Westcott et al., 2015) have been developed. These approximate average
linkage clustering by only comparing each sequence to a “centroid” sequence within
each cluster, grouping a candidate into an existing cluster if a preselected distance
cut-off is met. Centroids are chosen from the input sequences in decreasing
abundance, under the premises that high-abundance reads are more likely to be

correct amplicon sequences corresponding to true biological sequences.

The selected OTU clustering method can result in very dissimilar outputs for identical
datasets with the outputs dependent on the chosen identity threshold, the
complexity of the data and the abundance ratios of the reads (Schmidt et al., 2015).
Benchmarking of OTU clustering methods found that average-linkage clustering
produced the most stable and meaningful OTUs but at the expense of very high
computational costs. Thus, heuristic methods are usually preferred, but extra care
has to be taken with the quality of the data, the clustering threshold and the actual

clustering method (Chen et al., 2013).
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3.5. Sub-OTU Methods

Many scientific questions can be addressed by broad taxonomic profiles as provided
by OTU clustering, but some applications require higher specificity. Additionally, the
biological relevance of the 97% identity threshold has been questioned as it has been
shown that 16S rRNA gene sequences with 99% identity represent functionally
distinct microorganisms (Patin et al., 2013). Furthermore, the OTU picking strategy
has a major effect on the data interpretation and reproducibility and thus tools have
been developed that skip the OTU picking, so-called Sub-OTU methods. These
methods attempt to correct sequencing errors to determine the true underlying
sequence and provide the maximum possible biological resolution for a given dataset
by collapsing the reads into so called sequence variants after error correction. The
first amplicon sequencing error correction tools were designed to remove noise from
454 sequencing data, but now a collection of Illumina sequencing denoisers (i.e.
algorithms that attempt to rectify sequencing errors) are available that differ in the

way they attempt to correct sequencing errors (Quince et al., 2011).

The Divisive Amplicon Denoising Algorithm (DADA2) collapses lllumina reads into
amplicon sequence variants (ASVs). Its denoising algorithm is based on the lllumina
error model which is trained on each sequencing run separately. For each sequencing
run a unique mathematical error model is build which considers the properties of
each particular run. DADA2 clusters amplicons by considering their abundance
distribution as well as the distance from other reads. It uses the above mentioned
values in combination with the quality scores provided by the sequencing platform
for the given run to calculate a substitution error model. Finally, this model is used to
assign low frequency reads to high abundance reads from which they are likely to be

derived from by substitution (Callahan et al., 2016).

UNOISE, which is part of the UPARSE pipeline, also denoises reads produced by
Illumina sequencers and is optimized for speed. It uses a one-pass clustering strategy
that does not use quality scores, but instead uses two parameters with pre-set values,
that are believed to work well on a broad range of datasets, to cluster reads into so-
called zero radius OTUs, which are an attempt to report all correct biological

sequences in a dataset. UNOISE also uses all reads of a dataset simultaneously and
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starts by eliminating low abundance OTUs. It then fits an error model based on the
premise that the larger the distance between a low-abundance unique sequence and
a higher abundance unique sequence, the larger the difference in their relative

abundance should be (Edgar, 2013).

In contrast, DEBLUR (Amir et al., 2017) operates on each sample separately and thus
substantially reduces the computational demands relative to similar Sub-OTU
methods. After sequences are sorted by abundance, the number of predicted error-
derived reads is subtracted from neighbouring reads based on their Hamming
distance (see Glossary), using an upper bound error probability profile based on a
parameterized maximal probability for indels and a parameterized mean read error
rate for normalization. Any sequence whose abundance drops to zero after

subtraction is considered to be noise and is removed (Amir et al., 2017).

A recent independent benchmarking paper that compared open reference OTU
clustering at 97% and the three above mentioned denoising algorithms found that
the four methods produce vastly different numbers of OTUs or ASVs, respectively,
with open reference clustering finding most OTUs followed by DADA2. But while OTU
picking clustered reads on average in the 95%—97% identity range, the sub-OTU
methods achieved 99%—100%. Unfortunately, this ability to detect low abundance
species seems to come with the trade-off of a higher false positive rate. Overall, all
three denoisers resulted in a comparable community structure, suggesting that the
choice of denoising tool should not affect biological conclusions that are based on
relative abundance data. In terms of computational run time DADA2 was significantly
slower than the other two, followed by DEBLUR, and UNOISE3 being the fastest
(Nearing et al., 2018).

3.6. Taxonomic Assignment

The next crucial steps in analysis is the inference of community composition via
taxonomic classification of the previously determined OTUs. Broadly, there are three
strategies for the taxonomic assignment of sequences: word match, best hit and

Lowest Common Ancestor (LCA).
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1. Word match approaches compare k-mer frequencies between sequences,
where the higher the degree of shared k-mer nucleotide frequencies, the
more similar the queried sequences. This approach is computationally less
expensive than the other two approaches, which require the alignment of the
full query sequence against reference databases.

2. In the best hit approach, a query sequence is aligned to every sequence in a
reference database and is assigned to the sequence that obtains the highest
alignment score.

3. Inthe LCA method, on the other hand, the query sequence is assigned to the
lowest common ancestor if the sequence obtains multiple hits against the

reference database.

The Ribosomal Database Project (RDP) classifier (Wang et al., 2007) uses a naive
Bayesian approach to classify sequences on exact matches of k-mers of length 8 in
conjunction with bootstrapping to provide a measure of confidence for the given
assignment. Initially, SILVA Incremental Aligner (SINA) (Pruesse et al., 2012) also
implements a k-mer based search, but then uses the subset of the best matched
sequences to build a phylogenetic tree representing the selected sequences. Finally,
exact alignments between the query and the reference sequence are calculated and
the taxonomy is assigned as the lowest common ancestor of the top-scoring
alignments. Another tool supporting taxonomic assignment by the LCA algorithm is
MEGAN (Huson et al., 2007), which employs two different LCA approaches, naive and
weighted. In the naive LCA approach, each read is directly assigned to some taxon
matching the LCA criteria, while the weighted approach is a two-step computation.
In the first step, all reads get assigned a weight based on the number of reads that
uniquely align to a given reference sequence. In the second step, all reads are
assigned to the taxon that is bigger than 75% of the total weight of all references for
which the read has a significant alignment. This approach leads to a more sensitive

taxonomic assignment but at the cost of longer runtimes.

The most cited tool for pairwise alignment is probably BLAST (Altschul et al., 1990)

which vyields high accuracy at reasonable computational costs, while BLAT (Kent,
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2002) and USEARCH (Edgar, 2010) are developed for increased speed, but with the

cost of decreased sensitivity.

Regardless of the method used for taxonomic assignment, each tool compares a set
of queried sequences against a defined 16S rRNA reference database. Ultimately, the
success of this process relies not only on the accuracy and speed of the used
classification algorithms, but also on the range of annotated sequences available in
public repositories. For bacteria in particular, there are very large reference
databases of the 16S rRNA gene, which have been sequenced to a much greater
extent than whole genomes. However, on the downside, this means that most
information about included organisms are only derived from environmental
sequencing rather than single strain sequencing, leading to conflicting annotations

between the different databases (Edgar, 2018).

The Ribosomal Database Project (RDP) (Maidak et al., 2001) is maintained by the
Center for Molecular Ecology at the University of Michigan and is updated regularly.
Its latest release in 2016 contained more than 3 million 16S rRNA gene sequences
and approximately 125,000 fungal 28S rRNA sequences. SILVA (Yilmaz et al., 2014)
was last updated in 2017 and currently contains over 6 million small subunit
sequences and 900,000 large subunit sequences. The SILVA database is maintained
by the Microbial Genomics and Bioinformatics Group at the Max Planck Institute for
Marine Microbiology in Bremen. Greengenes (DeSantis et al., 2006) is a database of
full length 16S rRNA genes that combines the NCBI taxonomy with the cyanoDB
(Hauer, 2019) and allows taxonomic identification based on de novo tree inferences.
However, it has not been updated since 2013 and hence misses all organisms
described since then. Table 4 shows the aforementioned reference databases for 16S
rRNA genes as well as the UNITE reference database for the molecular identification

of fungi containing 1.75 million public fungal ITS sequences (Nilsson et al., 2018).
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Table 4: Predominant marker gene sequence databases

Database Size Latest revision Target organism References

SILVA 695,171 non-redundant, December 2017 85% bacteria, some archaea and(Yilmazetal., 2014)
6,073,181 total fungi

RDP 3,356,809 total September 2016 Comprehensive bacteria and fungi,(Cole et al., 2014)

with some archaea

Greengenes 92,684 non-redundant, May 2013 Bacteria and some archaea (DeSantis et al., 2006)
1,012,863 total

UNITE 98,183 non-redundant, September 2019 Fungi (Nilsson et al., 2018)

1,750,261 total

Errors in databases due to sequencing or amplification errors as well as incorrect
labelling of sequences can lead to misidentification of sequences. It is recommended
to use the most diverse database available, or preferably to create personalized
reference databases containing only organisms known to inhabit the environment
under study allowing an improved assignment of lower taxa level (Werner et al.,
2012, Ritari et al., 2015). Any choice of algorithm and database to profile a microbial
community has their own inevitable built-in biases. Which method ultimately reveals
most of the underlying community is difficult to assess and depends on the specific

environment of interest (Golob et al., 2017, De Filippis et al., 2018).

3.7. Copy Number Variation

Another difficulty that arises when studying the microbiome of a given sample with
amplicon sequencing is the varying number of 16S rRNA gene copies among different
species, the so-called copy number variation (CNV). The copy number per genome
varies from 1 to 15 copies between species (Klappenbach et al., 2000), and to a lesser
extent, there is even variation among strains of the same species (Acinas et al., 2004).
Both the multiplicity and the variability in 16S rRNA gene copy numbers can lead to
problems in the assessment of bacterial community structure if not accounted for in
the analysis. The multiplicity will skew the abundance estimates of individual taxa
along with the relative abundance, while the variability biases the diversity measures.
Differential abundance between different samples or treatments groups on the other
hand is unlikely to be biased by CNV as different taxa will have the same copy
numbers in all groups. In cases where the copy number of the 16S rRNA gene of a
species is known, it is recommended to correct abundance estimates with the inverse

of the gene copy numbers, i.e. if the gene copy number is 5 for a particular gene, the
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counts for that particular gene would be divided by 5. Obviously, this is not quite as
straight forward when the copy number of a species is not known. In those cases,
possible solutions include using the gene copy number of a closely related species or
to estimate them based on phylogenetically independent contrasts (Vetrovsky et al.,
2013, Felsenstein, 1985). While tools to correct for copy number variation like
CopyRighter (Angly et al., 2014), rrnDB (Stoddard et al., 2015) and the R-package
picante (Kembel et al., 2010) have been shown to increase the accuracy of diversity
measures, their reliance on databases makes the correction of rare and poorly

studied organisms challenging, as they are less likely to be represented.

4. Whole Genome Shotgun Sequence Analysis

As mentioned earlier, whole genome shotgun sequencing is the non-targeted
sequencing of all genetic material present in a sample. Since the seminal work by
Craig Venter in 2004 (Venter et al., 2004), sequencing microbial populations present
in the Sargasso Sea, this sequencing strategy has contributed to breakthroughs in a
range of research areas. Most notably, the Human Microbiome Project. This project
had the stated aims (i) of understanding the full impact of microbial components on
their human host by studying samples from multiple body sites, (ii) investigating the
role of the microbiome in health and disease and (iii) providing a comprehensive
standardized repository of data to support future research (Peterson et al., 2009).
This was expanded upon in the Integrative Human Microbiome Project which focused
on microbiome-host interactions (Proctor et al., 2019, Butte et al., 2014). Further
work ranges from bacterial associations in Inflammatory Bowel Disease (Gevers et
al., 2014), and describing the effect of the human microbiota on host directed drugs
(Peppercorn et al., 1972), to tracking the outbreak of human and foodborne

pathogens (Loman et al., 2013).

The expansion in applicability of whole genome shotgun sequencing has been
mirrored only by the rapid advances in the number of bioinformatics platforms
available for analysis of the ensuing data. Whether for aligning reads to reference
genomes, assembling reads into contiguous segments of overlapping DNA (contigs),
or functionally annotating a metagenome, there is a myriad of possible tools, none
of which outperform all others in every circumstance. A comprehensive review of the
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relevant literature is outside the scope of this chapter, but is highly recommended

before undertaking any analysis of shotgun sequence data.

4.1. Translating Sequence Data into Genomes

The most obvious and important questions in any metagenomics survey is what
microorganisms inhabit the ecological niche being characterized, in what
proportions, and what do they do. These questions have predominantly been posed
of the bacterial constituents of a given microbial community but have been expanded
to include viruses and fungi. These questions can be answered in two different ways.
While many modern bioinformatics platforms combine metagenomics assembly and
downstream analysis into one pipeline, the principles remain the same as for

individual genomes.

Whole genome sequencing strategies fall under two umbrella terms, based on
whether the target DNA is well characterized, or if novel DNA is expected. Simply put,
if the sample is expected to contain previously characterized bacteria, taxonomic and
functional annotation can be performed by referring to available databases. If these
are not available, sequencing reads must be manually assembled into contigs using a
variety of methods. There are advantages and disadvantages to both approaches that

must be considered before proceeding beyond this point as outlined below.

The depth of read coverage of the genomes present can dictate which method to
use, as 20x coverage is generally recommended as a minimum for genome assembly
(Quince et al., 2017). This limits the effectiveness of assembly-based methods in
analysing complex microbial communities given the current sequencing technologies
available. Genome assembly, and the associated downstream tasks are
computationally intensive which can often limit the size of the study, whereas most
reference-based methods emphasize efficiency allowing for large scale metagenomic
analyses (Vollmers et al.,, 2017). As is indicated by the name, reference-based
methods require a database which contains at a minimum closely related microbes
to those found in the samples, whereas assembly-based strategies are able to resolve
genomes of novel organisms (Lischer et al., 2017). While some degree of manual

supervision is required for reference-based assembly, the tools involved require
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minimal intervention when compared to the degree of curation required for accurate
contig assembly and taxonomic binning (Quince et al.,, 2017). The theory of
metagenomics assembly is the same in principle as genomic assembly, and the same

underlying principles are observed.

4.2. Genomic Assembly

4.2.1. Reference-Based Genome Assembly

Also called assembly-free profiling, this approach makes use of already sequenced
reference genomes. The quality filtered short reads generated by a sequencing
platform are aligned to a reference genome using an alignment tool. Commonly used
alignment tools for single genome methods include Bowtie (Langmead, 2010) and

Burrows-Wheeler aligner (Li et al., 2009).

4.2.2. Denovo Genome Assembly
This refers to sequencing DNA when no reference genome is available for alignment.
Instead, genomes are assembled from the DNA segments yielded from a sequencing

experiment, these segments are referred to as reads (Ghurye et al., 2016).

Genome assembly occurs in one of three ways. Greedy assembly is the simplest
method, whereby reads with overlapping regions are combined into contigs in an
iterative manner starting with the longest overlaps and ending once no further reads
can be merged. This method is easy to implement but has considerable drawbacks
that limit its use in modern sequencing experiments. Among these, the most glaring

is that only local alignments are considered.

The Overlap-Layout-Consensus method assembles by calculating pairwise overlaps
between all paired reads, which are computed with an alignment algorithm which
enables the method to allow for read errors. Finally, an overlap graph is constructed,
where each node is a read and all vertices are overlapped between them (Ghurye et
al., 2016). De Bruijn Graphs are constructed by breaking up each sequencing read
generated into overlapping fragments of a fixed size. These become the edges and
vertices of the graph. The genome is assembled by finding a Eulerian path through
this graph, as first described by Leonhard Euler to solve the Bridges of Konigsberg

problem some 300 years ago (Compeau et al., 2011, Quince et al., 2017). De novo
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sequence assembly is commonly assessed using a metric called N50, which is defined
as the minimum contig length needed to cover 50% of the genome. However, it is not
simply the median over all contigs lengths, but weighted to emphasize the

importance of longer contigs (Castro et al., 2017).

These methods were originally developed for single genome assemblies. The fact that
metagenomics data contains a variety of different organisms, with varying
abundances and degrees of relatedness makes metagenomics assembly considerably
more complicated (Ghurye et al., 2016). Metagenomics is firmly established as the
go-to technology for analysis of bacterial populations. Unfortunately, assembly
methods for these data remain inadequate, which is stifling research, particularly into

novel environments with minimal reference material available (Nurk et al., 2017).

4.3. Metagenomic Assembly

As mentioned before, the principles of assembly remain the same for metagenomes,
but the process becomes more complicated. Metagenomic resequencing-based
methods skip the assembly stage as they rely on existing sequence data for reference
and proceed directly to the alignment of reads to taxonomic and functional
databases. Many tools exist for the de novo assembly of metagenomes, and while
they all incorporate at least one of the three genome assembly methods outlined
previously, they differ in how they are applied to the significantly more complicated

task of assembling an entire metagenome.

4.3.1. De novo Metagenome Assembly

Most metagenomics assemblers use a modification of the De Bruijn graph approach.
However, as sequencing errors dramatically increase the size of the graph, and
therefore the processing power required, overlap-layout-consensus methods have
returned to the fore for the assembly of data from single molecule technologies, such

as PACBIO and Nanopore (Ghurye et al., 2016).

Metagenome assembly is still undoubtedly an imperfect science, and no one
assembler can be relied upon to outperform all others in every situation. As such, a

variety of assemblers have been designed to supplement the existing established
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assemblers IDBA and SPAdes, which have added metagenome specific extensions.
IDBA-UD (Peng et al., 2012) is built as an extension on to IDBA, and was specifically
designed to take into account the Uneven read Depth of typical metagenomics
sequence data. A drawback in terms of implementing this tool is that it was originally
designed for read lengths up to 100 bp, and a k-mer size of 12 bp. Modification of
this, to suit a longer fragment length requires the modification of some accessory
scripts when compiling the tool, undefined for the casual user. MetaSPAdes (Quince
etal., 2017, Nurk et al., 2017) first constructs a De Bruijn graph of all reads available,
using SPAdes. This is followed by a variety of graph simplification strategies to
transform this into an assembly graph. This step constructs the paths corresponding
with fragments within the genomes sequenced. Variations between highly similar
contigs, potentially due to strain level variation are not considered by MetaSPAdes.
The tool instead aims to assemble reliable consensus sequences giving the most
accurate representation of species present, without accounting for strain level
variation. Unlike the two previously mentioned tools, BBAP (Lin et al., 2017) is an
overlap-consensus based genome assembler, making it more suited to sequence data
with high error rates, such as those from SMRT technologies or highly polymorphic

DNA.

Considering no tool consistently outperforms all others, multiple assembly methods
should be attempted and compared before proceeding with this type of analysis. A

summary of other commonly used metagenomics assemblers is shown in Table 5.

Table 5: Additional options for metagenome alignment

Platform Description Multithreading References

METAVELVET  De Bruijn graph based metagenomics assembler. Yes (Namiki et al., 2012)
Initial graphs divided into sub-graphs treated as species
from which scaffolds are constructed.

MEGAHIT Assembler optimized for metagenomes by using variety of Yes, + GPU options  (Li et al., 2015)
k-mer sizes, uses De Bruijn graphs

SOAPdenovo2 De Bruijn graph metagenome assembler optimized to Yes (Luo et al., 2012)
reduce memory consumption

Omega Overlap consensus based metagenome assembler, suitable Not possible (Haider et al., 2014)
for third generation sequencing data

Ray meta De Bruijn graph metagenome assembler Yes, with run agent. (Boisvert et al., 2012)
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In addition to the tools outlined above, the efficiency of metagenomics assembly can
be further improved by either reference assisted de novo assembly or hybrid

assembly using multiple sequencing technologies.

4.3.2. Reference Assisted De novo Assembly

Binning of contigs by their species can be done prior to or during assembly (Lischer
etal., 2017). Clustering of sequencing reads by taxonomy, referred to as binning, can
help to reduce the assembly of mixed genomes. In theory, this will produce one bin
per unique genome present in the sample, and is useful when a metagenome
contains, or is suspected to contain many closely related species (Roumpeka et al.,
2017). A variety of programmes exists to facilitate this, approaching the problem
from a number of different angles and accounting for variable levels of complexity.
Lightweight tools include LikelyBin (Kislyuk et al., 2009)(, which is based on the
underlying assumption that oligonucleotide frequency remains constant within a
given bacterial genome, and is therefore only suitable for low complexity
communities. Other popular tools for phylogenetic binning include PHYSCIMM
(Kelley et al., 2010) and MetaWatt (Strous et al., 2012).

Once assembly has been completed, it is important to assess the quality of that
assembly and therefore the performance of the assembly tools. There are a number
of statistical methods available for this task, which measure some combination of
number of scaffolds assembled, length of scaffolds, coverage rate, N50, and in rarer
cases, completeness of gene prediction. Scaffold length can have downstream effects
on many components of metagenomics analysis, particularly if the N50 is shorter
than gene length. While the N50 is a purely statistical measure that can be manually
calculated, MetaQUAST (Mikheenko et al., 2016) is a dedicated platform for the
assessment of metagenome assembly quality. This tool is a modified implementation
of the original QUAST (Gurevich et al., 2013) algorithm designed for individual
assemblies, and evaluates assembly quality based on alignments to closely related

reference genomes.
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4.3.3. Hybrid Assembly Using Multiple Sequencing Technologies

As mentioned earlier, despite the many advantages of lllumina sequencing, the short
read length means the data yielded by this approach is not always suited to de novo
sequencing, particularly in genomes with long repeat regions (Utturkar et al., 2014),
such as ribosomal DNA operons. As third generation sequencing platforms continue
to improve in accuracy, hybrid assemblies combining the high volume of reads
yielded by second generation technologies, and the length of reads provided by third

generation technologies will become the norm.

4.4, Analysis of Assembled Genomes

Many tools combine both assembly and classification/function analysis, particularly
in the case of reference-based methods. Profiling of microbial species present, and
their abundance, in an environmental sample can also be carried out without prior
genome assembly. Assembly-free profiling is similar in principle to the tools used for
single genome alignments to a reference, but adapted for metagenomics use. This
approach has a number of advantages, as it is less computationally demanding and
can provide information on low abundance organisms that would not be sequenced
to sufficient depths for assembly (Quince et al., 2017). Also, reference-based
approaches generally require less manual intervention than assembly-based
methods. The principal limitation is that even with improvements to the algorithms
used, if the biological material present in the sample has not, at a minimum, had a
close ancestor sequenced, they are impossible to identify (Quince et al., 2017).
Despite this, the complex community structure of common sample sites such as the

human gut, make assembly free profiling the more suitable method.

At a fundamental level, assembly free profiling means comparing sequence data
yielded from a sequencing experiment to existing databases of microorganism
genomes in a way that is accurate and computationally efficient. In practice, this is
carried out in four different ways. Sequences can be classified by sequence similarity
to a reference genome, similarities in composition such as codon usage, hybrid
methods that combine elements of the first two approaches, or finally, marker-based
methods. These classify sequences based on the presence of specific marker

sequences such as the 16S rRNA gene fragment in bacteria, or the ITS region in fungi
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(Peabody et al., 2015). These tools all rely on models derived from reference

sequences of existing sequenced genomes.

Simple “brute force” mapping of reads to sequenced genomes in a database leads to
spurious false positives in terms of taxonomic classification. A selection of more
reliable approaches are outlined below. Kraken (Wood et al., 2014) which uses as
default the REFseq database hosted by NCBI extracts k-mers of default length 31 from
sequence data and finds the lowest common ancestor in which this is present in the
database. It is therefore still a similarity-based method, but considerably faster than
BLAST based methods. Relative synonymous codon usage (RCSU), based on the
established fact that codons are differentially favoured in different organisms, is a
computationally efficient way to discriminate between microbes, particularly at

higher levels of taxonomic resolution (Novoa et al., 2019).

MetaPhlAn (Segata et al., 2012), and the more recent extension MetaPhlAn2 (Truong
et al., 2015) use clade specific marker genes to characterize microbial communities.
As of the most recent release, this classification program contains over 1 million clade
specific markers, which equates to approximately 145 markers per bacterial species
for over 7000 commonly identified species. Additional functionality for classification

of viral and eukaryotic components of metagenomics samples has also been added.

When classifying microbial reads, a balance must be found between accuracy and
speed. Similarity based classification methods based on BLAST are often the slowest
methods, but modifications of similarity-based classification using short regions,
considerably improves on this speed without sacrificing accuracy. A summary of more
commonly used metagenomics classification tools is shown in Table 6 below, with
the suggestion that a review of the relevant literature is performed before selection

of one.
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Table 6: Additional tools for taxonomic profiling

Tool Organisms detected Function References

MiCoP All microbes including viruses and eukaryotes Mapping based alignment (LaPierre et al., 2019)
CLARK Bacteria and archaea k-mer based whole genome matching (Ounit et al., 2015)
MALT All microorganism if recorded in RefSeq k-mer based matching and alignment (Herbig et al., 2016)
Mothur  Bacteria and fungi Marker gene recognition (Schloss et al., 2009)

4.5. Variant Calling

Reference based sequence assembly also allows for variant calling analysis. This is the
process of identifying variants between closely related sets of sequence data, which
typically take the form of single-nucleotide polymorphisms (SNPs). Variant calling
analysis based on WGS data has superseded more traditional methods such as PFGE
or MLST, as the level of sensitivity to small, localized changes is much higher

(Yoshimura et al., 2019).

A typical workflow for variant calling involves aligning WGS sequence data to a
reference genome, creating BAM files. This is done using a genome aligner such as
Bowtie (Langmead, 2010), or Burrows-Wheeler aligner (Li et al., 2009). Following this,
differences between the aligned reads and the reference genomes are identified and
written to a variant call file (VCF). This can be done using tools within the SAMtools
package (Li, 2011). Lastly, this VCF file must be filtered to ensure results are
significant, and not resulting from artefacts of the sequencing process. This can also

be done within the SAMtools package.

Variant calling allows for the differentiation of microorganisms at the strain level
(Segata, 2018), which can be of crucial significance in metagenomics. For example,
when tracking the evolution of antibiotic resistance in methicillin-resistant
Staphylococcus aureus (Harris et al., 2010). Variant calling can be scaled upwards to
process entire metagenomics datasets, and tools such as StrainPhlan (Truong et al.,
2017) apply the same principle, but are tuned for the complexities of large mixed

samples.
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4.6. Analysis of the Functional Capacity of a Metagenome
Once the primary question of what microorganisms inhabit the environment or
environments sampled has been answered, the focus usually shifts to what it is that

they can do, i.e. the functional potential of a microbial community.

Following an assembly-based approach, methods for characterizing the metabolic
potential of a microbial community can again be adapted from methods designed for
single genome characterization. There are several gene prediction tools available
ranging from basic tools which predict genes based on presence of start and stop
codons and GC content, to more complex tools such as GeneMarkHMM (Lukashin et
al., 1998) and Glimmer (Kelley et al., 2012). The former is an extension of the original
GeneMark (Besemer et al., 2005), which was the first widespread methodology for
gene finding in genome projects. It was the tool used for annotations of many of the
earliest full genomes to be sequenced such as Methanococcus jannaschii. The output
is a probability for each fragment of DNA to carry a coding sequence in one of the six
possible reading frames, or to be designated as non-coding DNA (Lukashin et al.,
1998). Glimmer is more recent, and similarly to GeneMark uses interpolated Markov
Models to identify coding regions and distinguish them from non-coding DNA (Kelley
etal., 2012).

The functional analysis tools mentioned previously, require that the sequences to be
annotated have been assembled to a degree in advance. Two of the biggest
challenges faced in gene prediction are short read lengths of sequence data, and the
increased error rate that occurs in longer read length sequencing technologies
(Mantere et al., 2019). Average gene length in microorganisms is 950 base pairs (Rho
et al., 2010), which is considerably longer than the reads available using the more
accurate second generation sequencing technology. In these situations,
FragGeneScan (Rho et al., 2010) can be used, which is designed specifically with this

situation in mind.

As with taxonomic classification, functional annotation is at its most fundamental,
the process of identifying coding regions within sequenced genomes, and aligning

these to a translated protein database. There are several databases containing
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functional information relating to genes and genomes. The Kyoto Encyclopaedia of
Genes and Genomes (KEGG) (Kanehisa et al., 2017) is an online database of genomes
and genes with the primary aim of assigning functional meaning to both. The
information is stored in a hierarchy of different levels as Kegg Orthology (KO)
containing molecular level functional annotations, with each annotated KO being
homologous to a gene or protein. Higher level functional information for a gene or
protein is kept in BRITE hierarchies and KEGG pathway maps (Kanehisa et al., 2017).
This database can be queried with amino acid sequence data using the BlastKOALA
tool (Kanehisa et al., 2016). The Clusters of Orthologous Groups (COGs) of proteins
database is curated by clustering together orthologues from different genomes, with
the hypothesis that orthologous genes can be expected to have a conserved function.
Functional prediction of proteins is performed by querying which cluster the protein
falls into, using the COGNITOR program (Tatusov et al., 2000, Tatusov et al., 2003).
UniProt (UniProt, 2008) is a vast database containing both a manually annotated and
curated database of protein sequences and functional information in
UniProtKB/Swiss-Prot, and a much larger database of automatically annotated
records in UniProtkKB/TrEMBL (Junker et al., 2000). This database is provided by the
UniProt Consortium, which is comprised of the subsidiaries Swiss Institute of
Bioinformatics, the Protein Information Resource, and the European Bioinformatics

Institute (UniProt, 2014).

Without refinement, analysis of this kind leads to considerable computational
bottlenecks, particularly in a large scale metagenomics dataset. It is impossible to
manually cross-reference all available data with databases of this type, intermediary
programmes such as HuManN2 (Franzosa et al., 2018) and MEGAN (Huson et al.,
2007) are therefore required to bridge the gap. MEGAN, currently in its sixth
iteration, has an advantage over many other metagenomics platforms in that it is
compatible with all Windows, Mac and Linux operating systems. MEGAN first uses
the DIAMOND alignment tool to align all reads to a database, typically the NCBI-nr
database. MEGAN then takes this alignment file as a reference for binning the reads,
functionally and taxonomically. The lowest common ancestor (LCA) algorithm assigns

each sequenced read to the lowest taxonomic rank of common ancestor of all
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organisms the read in question aligns to. This is repeated for all reads in the dataset.
Functional annotation is carried out by searching for the best alignment between a
sequenced read, and a functionally annotated DNA sequence from one of the
following databases, SEED (Bao et al., 2011), KEGG (Kanehisa et al., 2000),
InterPro2Go (Burge et al., 2012) or eggNOG (Huerta-Cepas et al., 2019).

HuManN2 (Franzosa et al., 2018) performs species level functional annotation of
metagenomes and metatranscriptomes. Unlike taxonomic profiling, functional
profiling quantifies the metabolic potential of a microbial community. HuManN2 uses
a “tiered search” strategy to rapidly profile the functional composition of a
metagenome. Initially, MetaPhlAn2 is used to identify previously characterized
microbes in the sample, and constructs a database per sample, merging existing data
with pan genomes of identified species. Following this, reads in a given sample are
mapped against the samples pan genome database at the nucleotide level. The reads
that do not align are then translated and used to query a protein database which has
by default either UniRef90 or UniRef50. The alignments created by this tiered search
strategy, once weighted by sequence length and quality of alignment, are used to
generate per-organism and total community, gene family abundance (Franzosa et al.,

2018).

As with any other aspect of metagenomics research, a thorough understanding of the
tools available and their strengths and weaknesses is recommended. A non-

exhaustive summary of these tools is shown in Error! Reference source not found..

Table 7: Commonly used tools for functional annotation of metagenomes

Functional .
Gene ) Functional
Tool . annotation . Interface Databases used References
prediction profiling
of sequences

HuManN2 No No Yes Local MetaCyc (Franzosa et al., 2018)
MEGAN No Yes Yes Local COG, KEG, SEED (Huson et al., 2016)
COGNIZER No No Yes Local COG, KEGG, Pfam, SEED, GO, FIG  (Bose et al., 2015)
metaCLADE No Yes Yes Local Pfam (Ugarte et al., 2018)

KEGG, MetaCyc, Pfam, SEED,
ARDB, and others.

GenBank, SEED, RefSeq, KEGG,
UniProt and others.

MOCAT2 Yes Yes Yes Local (Kultima et al., 2016)

MG-RAST  No Yes Yes Web based (Keegan et al., 2016)
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For more specific investigations such as antibiotic genes, databases such as the
Comprehensive Antibiotic Resistance Database (CARD) (McArthur et al., 2013), the
Antibiotic Resistance Genes Database (ARDB) (Liu et al., 2009) and resfams (Gibson
etal., 2015) can be used to complement functional annotation. CARD is an intensively
curated database consisting of data on antimicrobial resistance at the genetic level.
Another database of interest is the Virulence Factor Database (VFDB) (Chen et al.,
2005), a curated database of microbial pathogens including in particular foodborne
pathogens. Unlike CARD, VFD has an inbuilt search tool called VFanalyzer, but in the
cases of both databases and the numerous others that exist, search tools such as
BLAST (Altschul et al., 1990) and alighment tools such as BOWTIE (Langmead, 2010)
or BWA (Li et al., 2009) can be used to query sequencing results against these
databases. Table 8 shows a non-exhaustive list of bioinformatics tools and platforms

for metagenomics analysis.

5. Further Analysis

Metagenomics data is usually summarized as a table of read counts per OTU/ASV or
gene/genome per sample. Those tables tend to be very sparse, where counts of
zeroes may mean the true absence of an OTU/ASV or gene/genome or that its
presence is below the detection limit. This detection limit can vary between samples
due to differences between sequencing runs and an unequal representation of
samples in pooled sequencing libraries. One way of bioinformatically dealing with this
problem is to discard instances which are observed in less than a certain percent of
samples, proportion of reads or given number of independent samples (de la Cuesta-

Zuluaga et al., 2016).

Once a metagenomics dataset has been characterized taxonomically and
functionally, statistical comparisons between groups, experimental conditions or
time series experiments among others can be carried out using regular parametric
and non-parametric methods within traditional multivariate statistical approaches.
Beyond this, several traditional ecological methods can also be applied to microbial
ecology, and packages such as vegan (Oksanen J, 2022) and phyloseq (McMurdie et

al., 2013, Oksanen J, 2022) exist within the R environment to facilitate their use.
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Table 8: Non-exhaustive list of bioinformatics platforms for metagenomics analysis

Category

Details

Platform and references

Quality Filtering Tools

Metagenomic
assemblers

Shotgun read binning

Reference based
classification
methods for shotgun
data

Functional annotation
of shotgun data

Functional databases

OTU-picking

Sub-OUT methods

Chimaera removal

16S rRNA gene
amplicon classifiers

Amplicon databases

16S rRNA gene
pipelines

Tools for read assessment, read
filtering and trimming

Tools for alignment and merging of
reads generated by sequencing into
longer contiguous regions or
scaffolds to reconstruct the original
sequence found in the sample.

Tools to group contigs or reads
based on specific features to
classify  taxonomically or aid
assembly

Approaches are based on aligning
to reference genome, similarities in
codon

Tools to predict genes in shotgun
data

Tools to carry out translated search
of functional databases

Databases containing translated
protein sequences and their
assigned function. Can be manually
or computationally annotated.

Tools to perform OTU clustering
with open reference, closed
reference or de novo methods

Tools to generate amplicon
sequence variants

Tools for removing chimeric
sequences

Software to assign taxonomy to 16S
marker gene OTUs

Reference databases for marker
genes

Packages of tools and commands to
analyse 16S marker gene data from
raw data to visualization

FASTQC (Andrews, 2010), FASTX-Toolkit (Hannon,
2010), Trimmomatic (Bolger et al., 2014), PRINTSEQ
(Schmieder et al., 2011), NGS QC Toolkit (Patel et al.,
2012), meta-QC-chain (Zhou et al., 2014b)

IDBA-UD (Peng et al., 2012), metaSPAdes (Nurk et
al., 2017), Meta-IDBA (Peng et al., 2011), MetaVelvet
(Namiki et al., 2012), MetaVelvet-SL (Afiahayati et
al., 2015), (Lin et al., 2017)BBAP(Lin et al., 2017), ray
meta (Boisvert et al., 2012), MEGAHIT (Li et al.,
2015), MetaBAT (Kang et al., 2019), Omega (Haider
et al., 2014), SOAPdenovo2 (Luo et al., 2012),
Minimus2 (Sommer et al., 2007)

MetaBin (Sharma et al., 2012), LikelyBin (Kislyuk et
al., 2009), PHYSCIMM (Kelley et al., 2010), MetaWatt
(Strous et al., 2012), MaxBin (Wu et al., 2016),
SortITEMS (Monzoorul Haque et al., 2009)

Kraken (Wood et al., 2014), MetaPhlAn (Truong et
al., 2015), MiCoP (LaPierre et al., 2019), CLARK
(Ounit et al., 2015), MALT (Warinner et al., 2017),
mothur (Schloss et al., 2009), Kaiju (Menzel et al.,
2016), DeepMicrobes (Liang et al., 2020), MSC, k-
SLAM (Ainsworth et al., 2017), MegaBLAST (Zhang et
al., 2000)

GeneMarkHMM (Lukashin et al., 1998), Glimmer
(Kelley et al., 2012), FragGeneScan (Rho et al., 2010),
MetaGeneMark (Zhu et al., 2010), MetaPath (Liu et
al., 2011), HuManN2 (Franzosa et al., 2018), MEGAN
(Huson et al., 2016), COGNIZER (Bose et al., 2015),
metaCLADE (Ugarte et al., 2018), MOCAT2 (Kultima
et al., 2016), MG-RAST (Keegan et al., 2016)
MetaCyc (Caspi et al., 2020), COG (Tatusov et al.,
2003), KEGG (Kanehisa et al., 2017), SEED (Bao et al.,
2011), pfam (Finn et al., 2014), GO (Ashburner et al.,
2000), ARDB (Liu et al., 2009), GenBank (Sayers et al.,
2019), RefSeq (Rajput et al., 2019), eggNOGv5
(Huerta-Cepas et al., 2019)

Mothur (Schloss et al., 2009), OrthoMCL (Li et al.,
2003), DOTUR (Schloss et al., 2005), CD-HIT (Li et al.,
2006), ESPRiT-Tree (Cai et al., 2011), DNACLUST
(Ghodsi et al., 2011), HmmUFOtu (Zheng et al.,
2018), SEED (Bao et al., 2011), VSEARCH (Westcott et
al., 2015)

DADA2 (Callahan et al., 2016), UNOISE2 (Edgar,
2016), Deblur (Amir et al., 2017), AmpliconNoise
(Quince et al., 2011), CFF (Tikhonov et al., 2015)
UCHIME (Edgar et al., 2011b), ChimeraSlayer (Haas
et al., 2011), perseus (Quince et al., 2011), CATCh
(Mysara et al., 2015), DECIPHER (Wright et al., 2012)
Mothur (Schloss et al., 2009b), RDP Classifier (Wang
et al., 2007), UTAX (Edgar, 2013), 16S Classifier
(Chaudhary et al., 2015, Edgar, 2018), SPINGO (Allard
et al., 2015a), SINA (Pruesse et al., 2012)

SILVA (Pruesse et al., 2007), Greengenes (DeSantis et
al., 2006), RDP (Maidak et al., 2001), rrnDB (Stoddard
et al., 2015), PhylOPDb (Jaziri et al., 2014), UNITE
(Nilsson et al., 2018)

QIIME2 (Bolyen et al., 2019), mothur (Schloss et al.,
2009b), SILVA (Yilmaz et al., 2014), MEGAN (Huson
et al., 2016), FASTGroup (Seguritan et al., 2001),
PANGEA (Giongo et al., 2010), CLOTU (Kumar et al.,
2011), JAguc (Nebel et al., 2011), DADA2 (Callahan et
al., 2016), MICCA (Albanese et al., 2015), FunFrame
(Weisman et al., 2013), UPARSE (Edgar, 2013), MG-
Rast (Keegan et al., 2016)
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These can be complemented by multidimensional scaling tools which are extremely
important for the visual representation of high dimensional data and are facilitated

by the ape package (Paradis et al., 2004) within the R environment.

Specific tools tailored to metagenomics data also exist, which have been modified to
be more sensitive to the specific nature of the data. For instance, the problem of
calculating differential abundance across experimental conditions, be it of taxa or
gene expression, is one that has been significantly improved on with the
development of bespoke bioinformatics tools. The DeSeq algorithm was developed
for RNAseq data, with the aim of finding genes that are differentially expressed across
treatment groups, samples or time points based on the negative binomial
distribution. The second iteration of DeSeq2 has been extended to other types of HTS
data and can now be used as a tool for detecting gradients of bacterial colonization
between experimental conditions and biomarker discovery (Love et al., 2014).
MetagenomeSeq was specifically designed for marker gene surveys such as 16S rRNA
gene sequencing and the detection of differentially enriched bacterial taxa but can
equally be used for count tables generated by whole genome shotgun sequencing
experiments. It addresses the effects of both normalization and under-sampling of
microbial communities and also incorporates the testing of feature correlations
(Paulson et al., 2013). The Anova-Like differential expression tool for high through
put sequencing data (ALDEx2) uses underlying assumptions of compositionality

(Fernandes et al., 2013).

6. Reproducibility and Benchmarking

There are a multitude of bioinformatics platforms available for metagenomics
analysis, and not only the tools of choice but also how a specific pipeline is used, can
have an effect on the conclusions drawn by the resulting data. As every step of a
metagenomics study can bias the result and change our perception of the underlying
microbial community, it is vital to keep all variables consistent throughout a study
and include them in the method section. Apart from the DNA extraction method and
choice of sequencing technologies, and in case of amplicon sequencing studies which

16S rRNA region was targeted with which exact primers, this also must include a
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description of how DNA contamination was controlled for, how the sequencing error
rate was assessed and importantly an in depth description of the in silico analysis. It
is not sufficient to only report the used tools but also the versions and specific
parameters (if divergent from the defaults) have to be indicated. To allow
reproducibility and comparison of studies it is recommend to not only make the
generated data of study available but also the implemented code used to analyse the

data (De Filippis et al., 2018, Golob et al., 2017, Ye et al., 2019).

When developing a suite of tools or pipeline for analysis, the benchmarking of
different potential platforms is an effective way to ensure the developed pipeline
suits the experimental needs. Tools such as MetaSim (Richter et al., 2008) provide
the raw materials for such a benchmarking project. This allows the user to define and
simulate a sequencing dataset of known microbial composition, and consequently to
assess the accuracy and speed of potential metagenomics platforms (Richter et al.,
2008). In terms of reproducibility, an important initial step in promoting this is to
deposit the results of any sequencing experiment into one of the online sequence
data repositories available. Two of these are the Sequence Read Archive (SRA)
(Leinonen et al., 2011) and Metagenomic Rapid Annotations using Subsystems

Technology (MG-RAST) (Wilke et al., 2016).

7. Data Deposition

The sequence read archive, or SRA, is one of the most important platforms involved
in metagenomics research. It is the primary repository of high throughput sequencing
data hosted by the National Institute of Health in the United States, and part of the
International Nucleotide Sequence Database Collaboration. A wide range of
sequencing data is accepted, such as Roche454, lllumina and Pacific Biosystems data.
All data submitted to this portal is publicly available, and serves the purpose of aiding
new discoveries by increasing access to data, and promoting the reproducibility of
the field of metagenomics, which is at present one of the key weaknesses of the field
(Leinonen et al., 2011). MG-RAST is another repository for sequence data. It currently
stores over 150,000 datasets with over 23,000 of them in the public domain. As the
name suggests, it also provides some limited functionality in metagenomics analysis.

Raw reads can be uploaded in fastq format, which are then taxonomically and
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functionally annotated with minimal user input. Further analysis and visualization is

then possible through an interactive web server (Wilke et al., 2016).

8. Concluding Remarks

The sheer number of different bioinformatics tools and pipelines available can seem
daunting when planning a metagenomics project. The first step should always be a
thorough review of the literature to ensure that the optimal strategy is used based
on the research question, the computational power, and bioinformatics experience
available. Benchmarking papers are particularly useful as they can illustrate the
variable output given by many of these different pipelines. As computing power
increases, big data analysis of metagenomic data and the storage of said data will
become more accessible as less specialized equipment is required. However,
reproducibility of results, already a point of contention, is a key challenge for the
future. Diligent storage in public repositories of sequence data and robust annotated

code is the responsibility of all metagenomics researchers.

88



Aim of this thesis

Clinical and experimental research consistently highlights alterations in gut microbial
composition among individuals with IBD, underscoring the pivotal role of the gut
microbiota in disease pathogenesis. However, the presence of high inter-personal
heterogeneity, inconsistency across studies, and numerous confounding factors have
hindered the establishment of a definitive microbial signature for IBD. Consequently,
the full potential of microbiome research for personalized medicine remains

untapped.

Therefore, this thesis aims to conduct a comprehensive investigation into the
multifaceted influences of lifestyle and environmental factors, treatments for IBD
and comorbidities, as well as microbial metabolites of the gut microbiota in
individuals with IBD. Additionally, it seeks to explore novel technologies, particularly
machine learning approaches, for navigating the complexities of such convoluted

data.

Chapter Il of this thesis focuses on quantifying the relative contributions of various
lifestyle and environmental factors to the compositional variability of the gut
microbiota within a large longitudinally sampled IBD cohort. Whereas Chapter Il
aims to untangle microbiota variance, shedding light on the extent to which
differences in treatments may contribute to apparent geographic influences on gut

microbial composition.

In Chapter IV, the attention is directed towards the microbes-metabolic axis in
individuals with Crohn's disease, aiming to elucidate how the bidirectional
interactions between bile acids and microbiota in the gut influence the microbial

composition.

Finally, Chapter V investigates the utility of machine learning approaches as tools for
querying microbiome data. Specifically, it examines whether certain pre-processing
techniques or algorithms exhibit superior performance in an endeavour to provide
insights into the strengths and weaknesses of different commonly used ML

algorithms and to help guide future application of ML in microbiome research.
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Abstract
Objective: The microbiome contributes to the pathogenesis of inflammatory bowel
disease (IBD) but the relative contribution of different lifestyle and environmental

factors to the compositional variability of the gut microbiota is unclear.

Design: Here, we rank the size effect of disease activity, medications, diet and
geographic location of the faecal microbiota composition (16S rRNA gene
sequencing) in patients with Crohn’s disease (CD; n=303), ulcerative colitis (UC; n =
228) and controls (n=161), followed longitudinally (at three time-points with 16

weeks intervals)

Results: Reduced microbiota diversity but increased variability was confirmed in CD
and UC compared with controls. Significant compositional differences between
diseases, particularly CD, and controls were evident. Longitudinal analyses revealed
reduced temporal microbiota stability in IBD, particularly in patients with changes in
disease activity. Machine learning separated disease from controls, and active from
inactive disease, when consecutive time points were modelled. Geographic location
accounted for most of the microbiota variance, second to the presence or absence
of CD, followed by history of surgical resection, alcohol consumption and UC
diagnosis, medications and diet with most (90.3%) of the compositional variance

stochastic or unexplained.

Conclusion: The popular concept of precision medicine and rational design of any
therapeutic manipulation of the microbiota will have to contend not only the
heterogeneity of the host response, but also with widely differing lifestyles and with

much variance still unaccounted for.
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1. Introduction

Clinical and experimental research has linked the gut microbiota with the
pathogenesis of Crohn’s disease (CD) and ulcerative colitis (UC) (Bernstein et al.,
2017, Nishida et al., 2018, Sheehan et al., 2017, Zuo et al., 2018, Ryan et al., 2020).
Reduced microbial diversity and other non-disease-specific changes in the
microbiome, which probably reflect changes secondary to inflammation, have been
reported by several investigators. In addition, some have recently reported apparent
disease-specific changes (Franzosa et al., 2019, Pascal et al., 2017, Yilmaz et al.,
2019, Halfvarson et al., 2017). However, diet, medications, ethnicity, geography,
and a multitude of lifestyle or environmental variables may confound the
interpretation and replication of microbiome studies. This is particularly problematic
with small studies. Few large-scale longitudinal studies across stages of disease
activity have been conducted (Halfvarson et al., 2017, Rampton et al., 2016, Lin et
al., 2014) particularly with intercontinental comparisons. Therefore, we undertook
a study over different time-points of a large population of patients with CD and UC
from two socioeconomically developed but geographically separated regions (Ireland
and Canada), during periods of active (relapse) and inactive (remission) disease and

ranked the contribution of variables to microbiota composition.

The results confirm microbiota compositional instability in patients with fluctuating
disease activity, but show that geographic location (which may reflect ethnic and
lifestyle differences) ranks higher in its contribution to microbiota variance than
common variables such as prior surgical resection, age, gender, and diet. However,
the majority of the compositional variance remains unaccounted. The findings have
implications for the prospect of personalized therapeutics based on microbial

manipulation.

2. Methods

2.1. Study Populations, Sample and Data Collection

This study was approved by the Cork hospitals’ research ethics committee and the
University of Manitoba Health Research Board. All patients had well-established
diagnoses by conventional and investigative criteria (Rampton et al., 2016). Patients
were not invited to comment on the study design and were not consulted to develop
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patient relevant outcomes or interpret the results. Patients were not invited to
contribute to the writing or editing of this document for readability or accuracy. An
active state of IBD was defined as a faecal calprotectin measurement of >250ug/g
(Lin et al., 2014). Patients from Cork, Ireland (n=283) and Manitoba, Canada (n=409),
were sampled at three separate time points approximately 16 weeks apart (Table 1).
All subjects completed a Food Frequency Questionnaire (FFQ) to capture long-term
dietary habits through frequencies of medium food servings of 157 items (Claesson
et al., 2012, Harrington et al., 2011), The FFQ used in Ireland was adapted for the
Canadian participants to reflect common food items consumed by the Canadian
population (Clooney et al., 2016a). These frequencies were normalized to per month

counts and were grouped into 28 broader food categories.

2.2. Sample Processing and Sequencing

All samples were processed in a single laboratory in Cork using the same protocols.
Irish subjects brought samples to a morning-time gastroenterology clinic which were
promptly delivered to the microbiology laboratory and frozen at -80°C. Canadian
samples were stored at -80°C, before shipment to Cork on dry ice. There were no
inadvertent episodes of freeze-thawing. An experiment was conducted to investigate

the time delay in transporting the Canadian samples (see Results).

Aliquots of approximately 0.2 g were transferred into tubes with one 3.5 mm glass
bead, 0.1 mL of 1.0 mm zirconia/silica beads and 0.1 mL of 0.1 mm glass beads
(Biospec, Bartlesville, USA). QlAamp Fast DNA stool kit (Qiagen GmbH, Germany) was
used for DNA extraction. First, 1 mL of InhibitEX buffer was added to the faecal
samples, which were disrupted by bead-beating in a Mini-Beadbeater-24 (Biospec)
for 30 s, thrice at maximum speed (3450 strokes/min). Samples were heated at 95°C
for 5 mins and subsequently processed according to the kit instructions resulting in
genomic DNA eluted in 200 uL ATE buffer. DNA concentrations were measured using
a NanoDrop 2000 Spectrophotometer (Thermo Scientific, USA) and stored at -80°C
until 16S rRNA gene amplicon sequencing library preparation. Library preparation
was performed following lllumina (San Diego, USA) recommendations. Aliquots of 15
ng of extracted DNA were subjected to PCR amplification of the 16S rRNA V3-V4

hypervariable region in a total volume of 30 pL. Primers (Forward: 5’-
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CCTACGGGNGGCWGCAG-3’, Reverse: 5’-GACTACHVGGGTATCTAATCC-3’) were
selected from Klindworth et al. and Illumina adapters, containing overhang
nucleotide sequences, were added to the gene-specific sequences (Klindworth et al.,
2013). The PCR primers (Eurofins Genomics, Germany) at a concentration of 0.2 uM
were used with the Phusion High-Fidelity DNA polymerase (Thermo Scientific, USA).
PCR amplification was performed on a 2720 Thermal Cycler (Applied Biosystems,
USA) at 98°C for 30 s, followed by 25 cycles of 98°C for 10 s, 55°C for 15 s, 72°C for
20 s and 72°C for 5 min. Post-PCR products of the amplified 16S rRNA gene band was
verified in an agarose gel and purified using Agencourt AMPure XP magnetic beads
(Beckman-Coulter, USA) and eluted in 50 uL of EB Buffer (Qiagen). After purification,
5 uL of DNA was amplified in a second PCR employing Nextera XT Index primer
(lumina) run at 98°C for 30 s, and followed by eight cycles of 98°C for 10 s, 55°C for
15 s, 72°C for 20 s and 72°C for 5 min, followed by a second purification step with
Agencourt AMPure XP magnetic beads. The amplicons containing the Nextera
indexes were finally eluted in 25 uL of EB Buffer and DNA concentration quantified
using Qubit high sensitivity dsDNA assay kit (Thermo Scientific). A randomized pooled
library was created by adding 40 ng of each sample. Finally, a diluted sample of this
library with a 30 nM concentration was sent for MiSeq sequencing (lllumina) to

Eurofins Genomics.

An additional -80°C frozen aliquot containing approximately 0.5 g of faecal material
was used to measure calprotectin concentration in an ImmunoCap 250 autoanalyser
employing EIliIA™ Calprotectin Immunoassay v2 (Phadia-Thermo Scientific, Sweden).
The BUHLMANN fCAL ELISA kit was deployed for faecal calprotectin measurement in

the Canadian cohort. Results were expressed as pg/g feces for both assays.

2.3. Bioinformatic analysis and statistics

First, “cutadapt” (Martin, 2011) was used to remove the adapter sequences from the
V3-V4 region of the 16S rRNA amplicon reads allowing for an error rate of 0.2.
USEARCH (v.8.1.1861) script “fastq_merge” was employed to merge forward and
reverse reads. The QIIME script “split_libraries” was used to demultiplex retaining
reads with a minimum average PHRED quality of Q25 and a length of 390-465bp. De

novo clustering of Operational Taxonomic Units (OTUs) was carried out using
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“cluster_otus” in USEARCH, while chimeras were removed using “uchime_ref’ with
the ChimeraSlayer GOLD database(Edgar et al., 2011). The Mothur implementation
of the Ribosomal Database Project (RDP) classifier (v.11.4) was used to classify OTU
taxonomy (phylum and genus) with a bootstrap cut-off of 80%, and all others
assigned as unclassified at that particular rank (Schloss et al., 2009). For species
classification and clostridium clusters SPINGO (v.1.3) (Allard et al., 2015) was
performed against the RDP database (v.11.4) with similarity score of 0.5 and
bootstrap cut-off of 0.8. Sequence data are available at NCBI SRA PRINA414072.

All downstream analysis was performed in R v3.6.0. Alpha and beta diversity was
calculated using R package “phyloseq” while plots were constructed in “ggplot2”.
Differential taxa abundance was done using “MetagenomeSeq” (v.1.26.3), while
differences in diet consumption were calculated using Wilcoxon tests. Heatplots
were constructed using the “made4” library with Spearman correlations combined
with hierarchical Ward-clustering. Hierarchical clusters were cut using
“dynamicTreeCut” with a minimum cluster size of 75 samples and tested with Fisher’s
tests for the categorical data and the Wilcoxon tests for quantitative data. Spearman
correlations were used to assess correlations between food groups/taxa/metadata
and PCoA/PCA axes. Adonis from the “vegan” library based on Bray-Curtis
dissimilarity was performed to investigate and rank the effect of 14 environmental
factors including medications on overall microbial composition. The FFQ data were
condensed into one factor, the Healthy Food Diversity (HFD) Index, as previously
described (Drescher et al., 2007), using individual food items. For the different
therapies and disease activities, the variance was adjusted for IBD group to quantify
effects between active/inactive and treated/untreated, rather than the effect of
healthy/IBD sufferer. Cumulative explained variance was calculated in a greedy
stepwise approach, whereby environmental factors contributing with the highest R?
value (P-value<0.1) were iteratively added to the model in the previous iteration. To
distinguish between health/disease and active/inactive disease, gradient boosted
trees models were generated via "xgboost" based on either proportional normalized
OTUs present in at least 5% of the samples, or ratios between these OTUs of two time

points from patients with non-changing disease states. Optimal model parameters
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were determined with bootstrapping of 1000 iterations and 5-fold cross-validations.
For each binary classification n leave-one-out models were generated to predict the
class of the n™ sample. OTU importance was determined by the gain an OTU added
to a model and the frequency with which each OTU was used for a model.
Performance of each classification was measured by Area Under the Receiver
Operating Characteristics (AUROC). P-values were adjusted for multiple testing
where appropriate, using the Benjamini and Hochberg method (Benjamini et al.,

2001).

3. Results

3.1. Microbial composition in IBD differs from that of controls

We collected 1,816 stool samples from 303 patients with CD, 228 patients with UC
and 161 healthy controls from the regions of Manitoba, Canada (59% of subjects) and
Cork, Ireland. The samples were longitudinally collected from subjects who were
either in relapse (active; 34% of 1,515 IBD samples) or in remission (inactive) with
time intervals of on average 16 weeks (95% Cl: 15.6-17.0). See Table 9 for subject

characteristics.

The 16S rRNA V3-V4 region of all samples were amplified, sequenced and subjected
to quality and chimera filtering in Cork, resulting in a mean of 21,647 (95% Cl: 21,298-
21,996) usable reads per sample. These were clustered into 3,148 OTUs with 297%
identity and analyzed further. To ensure that the time lag in mailing the Canadian
samples to Cork did not confound microbiota results, we analyzed four fresh samples
stored in duplicates for up to 7 days at room temperature. There was no significant
difference between time points in terms of microbiota alpha diversity, nor was any
OTU differentially abundant between samples processed at different time points

(Supplementary Figure 1).

Beta diversity analysis based on Bray-Curtis distances (Figure 8a) showed a significant
disease-associated shift along Principal Components (PCs) 1 and 2, with CD samples
located furthest from healthy controls, followed by UC. Samples from patients with
active disease were further from controls than those from patients in remission

(inactive) for both UC along PC1 (p-value<0.0.13) and CD along PC2 (p-value<0.012).
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Table 9: Subject characteristics and sample sizes for the a) Canadian and b) Irish cohorts.

a) MANITOBA
Cohort CD uc non-1BD Control
Number of subjects 186 144 79
Gender (%female) 72 58.3 36.7
Age (mean +/- SD) 54.4 +12.6 56.9+12.6 57.6+15.9
Age of disease onset 30.5411.9 36.113.2 NA
(mean =/- SD)
Smoking Status
Non (%) 40.1 41.1 35.4
Ex (%) 443 44.2 24
Current (%) 9.5 6.1 2.1
Alcohol Consumption
> 2 units per day (%) 33 4.9 11.5
< 2 units per day (%) 47.9 49.1 38.5
Non (%) 42.9 37.5 11.5
Sample type Active Inactive Active Inactive non-IBD Control
Number of samples 238 340 167 324 96
Prior resection (%) 47.5 41.8 91.6 91.7 NA
Medication
Biologics (%) 17.6 8 4.2 2.8 0
5-ASA (%) 26.9 25 50.9 49.4 0
Mercaptopurine (%) 139 24.1 11.4 11.4 0
Corticosteroids (%) 5.9 3.5 9.6 3.7 1
Proton pump inhibitors (%) 26.1 20.9 234 11.1 31.3
Other GIT drugs (%) 19.3 221 13.8 71 2.1
Antibiotics (%) 29 4.4 4.2 0.9 0
Supplements (%) 60.9 66.8 47.9 45.4 21.9
NSAI Drugs (%) 28.2 28.5 31.1 23.1 18.8
Diabetes drugs (%) 1.7 1.7 6.6 4.9 0
b) CORK
Cohort CcD ucC non-IBD Control
Number of subjects 117 84 82
Gender (%female) 48.7 36.9 50
Age (mean +/- SD) 41.0 £11.7 45.6 £12.6 40.88 +16.5
Age of disease onset 26.4410.6 30.8+12.1 NA
(mean =/- SD)
Smoking Status
Non (%) 39.8 51.9 55.3
Ex (%) 48.1 41.5 14.5
Current (%) 12 6.6 6.1
Alcohol Consumption
> 2 units per day (%) 12 9.9 5
< 2 units per day (%) 42.3 47.2 31.8
Non (%) 45.6 41.5 14
Sample type Active Inactive Active Inactive non-IBD Control
Number of samples 55 180 61 150 179
Prior resection (%) 65.5 52.2 93.4 98 NA
Medication
Biologics (%) 27.3 20.6 11.5 10.7 0
5-ASA (%) 40 32.8 57.4 57.3 0
Mercaptopurine (%) 14.5 22.2 18 24.7 0
Corticosteroids (%) 25.5 10.6 24.6 7.3 1.1
Proton pump inhibitors (%) 18.2 18.3 4.9 17.3 2.2
Other GIT drugs (%) 14.5 10 33 6.7 1.1
Antibiotics (%) 0 0 1.6 0.7 0
Supplements (%) 12.7 20.6 14.8 18 10.1
NSAI Drugs (%) 14.5 4.4 0 8 1.7
Diabetes drugs (%) 3.6 3.9 4.9 4 0
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Several food groups and other metadata (discussed later) were significantly
correlated to PC1 and/or PC2 axes and, thus, associated with the overall variation in
microbiota composition (Figure 8b; Supplementary Table 1). Among the strongest
correlates were geographic location, resection, age of onset, and food supplements.
However, the overall strongest correlation was for alpha diversity, which was lower
in patients with IBD. Irrespective of correlations with beta-diversities, alpha diversity
was significantly lower in patients with CD and UC compared to controls (Figure 8c;
Supplementary Table 2), and also in active vs inactive UC. For individual subjects
(pair-wise version of Figure 8c), active UC showed significantly lower alpha diversity
than the corresponding inactive sample from the same subject (Supplementary

Figure 2).
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Figure 8: Microbiota composition and diversity in CD, UC and control subjects. a) Principle Coordinate Analysis
based on Bray-Curtis distances with proportional normalization on all OTUs present in more than 5% of samples,
with samples grouped by disease and activity state. Violin plots show projections of PCoA points into PC1 and PC2.
b) Spearman correlations between PC axes and food groups/metadata and alpha diversity. Only categories with
significant correlations are represented. The direction and length of the arrows indicate the direction and strength
of the correlation. c) Comparison of distances between time points from the same subject based on Bray-Curtis
distances. d) Comparison of Chaol diversity for disease type and status of patients with IBD versus healthy
controls. e) Comparison of intra- and inter-individual Bray-Curtis distances. P-values: *< 0.05; ** < 0.01; ***
<0.001.
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3.2. Species associated with disease

The OTUs were classified to species level and filtered down to 200 species present in
at least 5% of the samples in order to remove outlier taxa with low prevalence.
MetagenomeSeq analysis showed a greater number of species with significantly
higher abundance in disease compared to controls. Of these, 68 were significantly
decreased and 35 significantly increased in CD relative to controls. Similarly, 60
species were significantly decreased, and 27 species were increased in UC compared
to controls (Figure 9; Supplementary Tables 3-5). The most significantly increased
species in CD compared to controls were Ruminococcus gnavus and Eggerthella
lenta. In contrast, several Eubacteria (E. eligens and E. rectale) and Faecalibacterium
prausnitzii species were decreased in CD when compared to controls. Eggerthella
lenta was also increased in UC versus controls along with Holdemania filiformis and
Clostridium innocuum, whereas Eubacterium eligens and Clostridium
aminobutyricum were decreased in UC relative to controls. There were no significant

differences between active and inactive CD, or active and inactive UC.
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Figure 9: Differential species abundances (volcano plots) between disease groups and disease state. Points above
the horizontal line are significant while the x-axis position of each point indicates the direction of fold change. The
size of each point refers to the abundance of the species across the cohort while the color indicates the family
rank.
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A microbial signature for CD has been suggested using a Boolean algorithm on eight
differentially abundant taxa resulting in accuracies between 64-82% and 77-85% to
distinguish patients against UC and healthy controls, respectively (Pascal et al., 2017).
Applying the same algorithm and genera to our dataset generated lower accuracies
of 61% (UC vs CD) and 68% (Control vs CD). A more powerful approach, particularly
for heterogeneous datasets (Chen et al., 2016), is the Machine Learning technique
Extreme Gradient Boosting. With this method, we observed an Area Under the Curve
(AUC) of 0.88 (84% accuracy) for CD vs control, and 0.88 (83% accuracy) for UC vs
control, with Eubacterium rectale and Clostridium cluster XIVa being the most
important discriminatory OTUs in both diseases, respectively (Figure 10;
Supplementary Table 6). The AUC for CD vs UC was, however, much lower (0.67; 64%
accuracy). Repeating the classification within each location only marginally changed
the AUCs (Figure 10), whereas intercontinental cross-validation reduced AUCs
somewhat with an average of 0.071 (Supplementary Figure 3; Supplementary Table
7). Curiously, classifying disease activity was only possible by using longitudinal
within-subject change between two consecutive time points as ratios of each OTU,
as opposed to OTUs from a single time point. With the former method, we obtained
higher AUCs of 0.81 (81% Accuracy; H. saccharovorans most important) for CD, 0.73
(85%; Bifidobacterium) for UC and 0.91 (89% Accuracy; A. hadrus) for patients

combined (Figure 11; Supplementary Table 8).
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Figure 10: Machine learning classification of the subject cohorts, first combined and then separated by geographic
location. Receiver operating characteristic curves (ROC) for the boosted tree models on the bases of proportional
normalized OTUs present in more than 5% of samples. Below each ROC-curve variable importance plots show the
relative importance for the 10 OTUs with the highest gain for each comparison alongside their highest known
classification. The white UCs, CDs within the bars indicate which OTUs are increased in their respective patient
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Figure 11: Single and dual time-point Machine Learning classification of disease activity for patient with CD and
UCseparately and combined cohorts based on proportional normalized OTUs present in more than 5% of samples.
The ROCs for the boosted tree models on the second row were generated based on the ratio of each OTU between
two consecutive time-points. Only subjects that did not transition between disease states were included, Canadian
and Irish combined. Below each ROC-curve are variable importance displayed indicating the relative importance
for the 10 OTUs with the highest gain for each model.

3.3. Hierarchical clustering reveals groups dominated by prevalent species

In view of the heterogeneity of UC and CD, we assessed potential stratification based on
microbiota composition. Hierarchical clustering revealed 10 sub-groups (clusters) based
on their proportional species composition, with several clusters dominated by particular
species (Figure 12). Clusters ranging in size between 79 and 328 samples were often
distinguished by varying relative family abundances. Among these, clusters 7-10 had
significantly more (mainly Canadian) patients with IBD than the other clusters. Cluster 1
(Bacteroides vulgatus), cluster 7 (Escherichia/Shigella) and cluster 8 (Akkermansia
muciniphila for 1/3 of subjects) contained significantly more subjects post resection, while

clusters 1, 2 (Prevotella copri) and 10 had more subjects taking biologics (anti-TNF)

(Supplementary Figure 4; Supplementary Table 9).
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Figure 12: Hierarchical clustering of stool microbiota. Heatplot of OTUs classified at species level with spearman
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indicates the disease and status of each sample, the second horizontal bar shows samples of the same patient
that clustered adjacent to each other. The species names on the right of the plot, along with the cluster number,
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3.4. Temporal stability

Temporal stability was assessed by comparing within-subject Bray Curtis distances
across multiple time points. Patients with CD or UC had significantly greater within-
subject differences (reduced microbiota stability) compared to controls (Figure 8d;
Supplementary Table 10). In addition, we observed significantly higher within-subject
transitional microbiota differences in samples taken across different activity stages
for both CD and UC, than in samples from patients whose disease activity did not
change. Inter-individual differences were also substantially larger than intra-

individual differences for all cohorts (Figure 8e).

We further investigated temporal stability by testing whether samples from the same
subject had a higher tendency to be adjacent to each other in the hierarchical tree
clustering (Figure 12). Of all samples in this tree, 36% were closest to samples from
the same subject. In support of the temporal observations above (Figure 8d;
Supplementary Table 11), samples from the same (either CD or UC) subject, but with
transitioning activity states, were less likely to be next to each other than with a
sample with non-changing activity state. Samples from the same control subjects

were more likely to be next to each other than samples for patients with CD or UC.

3.5. Age, diet and geography affect the microbiota

Separating the beta diversity PCoA into the two geographical locations
(Supplementary Figure 5) showed that CD microbiota from Manitoba subjects were
to a higher degree responsible for the horizontal shift observed in Figure 8a and
Supplementary Figure 6, primarily attributed to resection (see next section). There
were otherwise no major differences between disease, activity and control cohorts
across the two locations. The alpha diversity for Cork controls and UC inactive
subjects was significantly increased compared to the Manitoba cohort
(Supplementary Figure 7). As the latter cohort were older than the Cork cohort (Table
9), we adjusted for geographical location, but still found the same two Cork cohorts
having significantly higher alpha diversities than the corresponding Manitoba
cohorts. Age was also negatively correlated with alpha diversity for Cork inactive and
Manitoba active CD cohorts (Supplementary Figure 8a). We observed significant

shifts in microbiota composition between the two locations along both principal
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components also for separate cohorts (Supplementary Figure 6). Thus, a number of
species were significantly different between the two locations with 68 species for CD
(13 active, 51 inactive), 57 for UC (13 active, 27 inactive), and 20 different between
the control groups (Supplementary Figure 9; Supplementary Tables 12-18). The
carbohydrate fermenting Clostridium leptum was the most significantly abundant
species in Manitoba subjects for both CD and UC compared to Cork, overall and for

inactive states.

Several food groups (high sugar foods, brown pasta, poultry, red meats, alcohol and
brown bread) were significantly correlated with overall microbiota composition, as
illustrated by correlations to the two PC axes in Figure 8b (Supplementary Table 1).
Across both geographical locations, consumption of high sugar foods, nuts, butter
and oils were increased in subjects with IBD, while controls consumed more fruit,
vegetables, high-fiber and breakfast cereals, sauces and alcohol (Figure 8b;
Supplementary Table 19). Additionally, 20 food groups were consumed differently
between the population cohorts (Supplementary Figure 10) with potatoes, beans,
white bread, processed meats, sauces and breakfast cereals significantly increased in
the Cork cohort, while among others vegetables, high-sugar foods, nuts, pasta and

rice were increased in the Manitoba group.

We found microbiota diversity to be positively correlated with the HFD index for all
cohorts combined and for Manitoba UC inactive (Supplementary Figure 8).
Unexpectedly, microbiota diversity in patients with inactive UC in Cork was
negatively correlated with the HFD index, in contrast to their Canadian counterparts.
A microbiota-independent PCA based on the 157 food items showed that the long-
term dietary habits of patients with CD and UC were somewhat different from
controls with a significant shift away from controls along PC2 (Figure 13). The main
drivers of this shift were brown pasta/rice and dressing (higher in controls) and

butter and oils (higher in IBD) (Figure 13; Supplementary Table 20).
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Figure 13: Food composition in CD, UC and control subjects. a) Principle Component Analysis (PCA) of the food
groups colored by disease and disease status. Violin plots represent the points in the PCA projected to the PC1 and
PC2 axes to assess shifts in the groups. Patients with greater than 1 identical questionnaire are indicated by black
circles. b) Spearman correlations between PC axis of PCA and food groups/metadata. Only features with
significant correlations are represented. The direction and length of the arrows indicate the direction and strength
of the correlation.

3.6. Medications and bowel resection associated with a changing microbiota

Both microbiota diversity and composition were significantly associated with bowel
resection and the use of some medications. Resected subjects had lower alpha
diversity than non-resected subjects and controls (Supplementary Figure 11), and
also showed a significant shift in beta diversity away from non-resected subjects and
from healthy controls (Supplementary Figure 12). Resection was a treatment
primarily within our CD cohorts; thus, when comparing these subjects it became
evident that resection in Manitoba had a particularly marked effect on the
microbiota composition (Supplementary Figure 13). The significant shifts along PC2
away from controls and non-resected subjects had the same directions for both

countries, but was much more pronounced for Manitoba.

There were up to 63 species differentially abundant (Supplementary Table 21-25)
between any of these resection/non-resection groups, including Faecalibacterium

prausnitzii and Clostridium leptum being increased in non-resected subjects, and
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Blautia producta, Bacteroides fragilis and Ruminococcus gnavus being increased in

resected subjects.

Subjects on proton pump inhibitor (PPIs) medication were located further away from
controls than non-users and had also significantly lower alpha diversity
(Supplementary Figure 12; Supplementary Table 26). Two out of 10 significantly
increased species in PPl-users belonged to the Streptococcus genus (S. agalactiae and
S. mutans). The only medicated subjects with microbiota composition closer to
controls (higher PC1 values) were those taking 5-aminosalicylates (Supplementary
Figure 12). Similarly, alpha diversity (Supplementary Figure 11) was significantly
higher for patients on 5-aminosalicylates, and controls, compared to those who were

not. However, these changes were not attributable to any particular species.

Finally, we tested how much microbiota variance (beta-diversity) was explained by
the 25 environmental factors for 650 subjects at one randomly selected time point
(Figure 14). Presence or absence of a CD diagnosis had the greatest impact on the
microbiota, followed by geographic location, previous surgical resection, alcohol
consumption and UC diagnosis. Diet (summarized in the HFD Index), anthropometrics
and medications also explained some variation in the microbial composition. The
reason why smoking and disease activity showed non-significance may be due to the
relatively small and uneven sizes of these groups (Table 9). It should, however, be
noted that when combined, these factors explain less than 9.7% of the total

microbiota variance.
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Figure 14: Factors explaining microbiota variance. Association between 25 tested environmental factors and the
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4. Discussion

The relationship between microbiota and pathogenesis of IBD is well established, but
there is limited information to rank the influence of known variables on microbiota
composition, including longitudinal follow up at different phases of disease activity.
Our results show that disturbances in faecal microbial composition are most marked
in active disease, particularly in CD. The longitudinal study design allowed for
microbiota dynamics to be investigated, showing that inter-individual variance was
greater than intra-individual, and that the microbiota was more unstable in CD and
UC compared to controls. This is consistent with earlier reports of smaller cohorts
(Scanlan et al., 2006, Halfvarson et al., 2017, Lloyd-Price et al., 2019). The greatest
changes in microbiota composition were linked with transitions across active and
inactive phases of disease. The importance of longitudinal sampling became even
more apparent with machine learning models capable of separating active and
inactive disease, even though specific taxa were not linked with different activity
states. This was only possible when using intra-individual ratios of each OTU between
two consecutive time-points, but not when using OTUs from single time-points.
Biologically, this is intuitively obvious since inflammation and other disease-related
factors (such as medications to treat inflammation, antibiotic use, surgery, etc.) are
more likely to lead to microbiota variability in patients with IBD than in controls. Thus,
frequent and long-term sampling might permit an improved classification, and

potentially relapse-predicting, models (Vazquez-Baeza et al., 2018).

As expected, faecal microbiota alpha diversity was reduced in both CD and UC, but in
contrast to microbiota composition, diversity did not vary significantly with disease
activity. Of the microbial species found to be significantly increased in CD compared
to controls, we concur with previous reports for Ruminococcus gnavus (Willing et al.,
2010, Joossens et al., 2011) and Fusobacterium nucleatum (Gevers et al., 2014),
although the opposite has also been reported for the former species (Gevers et al.,
2014). We found decreased abundance in CD for Ruminococcus albus, Eubacterium
rectale and Faecalibacterium prausnitzii compared to controls, in agreement with
previous studies (Kang et al., 2010, Gevers et al., 2014) and meta-analysis (Cao et al.,
2014). Eubacterium and Roseburia species were among the most important taxa for

classifying CD and UC compared to controls.
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Some species were particularly prominent in certain subgroups of patients. For
example, clusters associated with B. vulgatus, A. muciniphila and Escherichia/Shigella
were prominent in patients with prior surgical resections, which has also been noted
by others (Neut et al., 2002). It has been proposed that reduced stool pH with 5-
aminosalicylate might account for blooms of Bifidobacteria and Lactobacilli,
theoretically reducing mucosal inflammation and minimizing alterations in the
microbiota (Xue et al., 2012). Patients receiving 5-ASA drugs may also have a
microbiota closer to that of controls because of milder disease than those requiring

biologics.

Significant associations between compositional changes and habitual diet were
observed and which are consistent with reports of dietary constituents as potential
risk factors for IBD (reviewed (Lewis et al., 2017). Remarkably, about 90% of the
microbiota variance in IBD remains unaccounted for, either not measured or due to
stochastic factors. This is higher than what was previously observed (84%) in a large
Belgian-Dutch cohort (Falony et al., 2016), where UC had a relatively small effect on
overall variance. Geographic location (which may reflect variance in lifestyle, diet and
ethnicity) had the second greatest non-disease-related influence in our cohort and
was recently shown to have significant impact among infants (Stewart et al., 2018).
Although similar trends were evident in both geographic locations studied by us, the
work of others has highlighted ethnicity (Deschasaux et al., 2018) and geographic
location (He et al., 2018) as important considerations for studies of the microbiota.
This might also contribute to some of the inconsistency in microbiota studies of IBD.
Regardless, both microbiota and host heterogeneity, which may be inter-dependent,
will represent a challenge for the prospect of personalised prognostics or

therapeutics based on microbiota manipulation.
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6. Appendix
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Supplementary Figure 1: Comparison of samples stored for various periods of time at room temperature. a) Chaol
diversity, b) samples clustered by time at RT, c) samples clustered by subjects.
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Supplementary Figure 3: Cross-geographic Machine Learning classification of the subject cohorts based on
proportional normalized OTUs present in more than 5% of samples. Receiver operating characteristic curves (ROC)
for the intercontinental validation of boosted tree classifiers between the same groups as in Figure 10. Here, the
first row of ROC-curves used Manitoba subjects as training set and Cork subjects as test set, whereas the second
row shows the results of the opposite case (Cork subjects as training model and Manitoba as test set). A model
with an AUC of 0.5 has no discriminatory capacity, whereas an AUC of 1 indicates perfect separation of the
response variables.
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Supplementary Figure 5: Principle Coordinate Analysis based on Bray-Curtis distances with proportional
normalization on all OTUs present in more than 5% of samples, with samples grouped by disease and activity state
for a) Cork and b) Manitoba separately. Violin plots show projections of PCoA points onto PC1 and PC2. The arrows
represent Spearman correlations between PC axes and food groups/metadata and alpha diversity. Only categories
with significant correlations are represented.
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118



After

I 0.3606 0.5994 0.0008 0.1382 0.0110
adjustment
0.07 0.38 0.01 0.25 0.024
2-
o A
(=3 - -i- -
S - -
g . | |
> | |
L | |
| |
g s
3 | P -
— [ 1
o] I [} |
B | I |
(9} — = - |
[ 1
a. [ 1
” |
| |
| | | |
| 1 e e I N
=ale = 1
. :
o 1} ' 1 ' 1 1 1 ] ' ]
CD active CD active CDinactive  CDinactive Control Control UC active UC ctive UCinactive  UCinactive
Manitoba Cork Manitcba Cork Manitoba Cork Manitoba Cork Manitoba Cork
(n=68) (n=25) (n=118) (n=87) (n=79) (n=64) (n=44) (n=23) (n=100) (n=58)
‘ CD active ‘ CDinactive - Control ‘ UC active $ UCinactive
[] Manitoba ' 7' Cork

Supplementary Figure 7: Comparison of Alpha diversity across disease groups, disease activity and geographic
location. P-values in black represent differences before adjustment for age while the red values show P-values
after adjustment.

Chao Diversity

— Overall  pr-0.014; P-value: 06563

Manitoba

— CDactive  p:-0.379; Pvalue: 00015

— Cinactive p: 0.072; P-valus: 0.4405

— Controls  @: 0.179; Pvalues 01137

— UCactive p: 0.202 Pvalue: 01878
UCinactive p: 0.151; P-value: 01332

Cork

- - CDactive  p:4.335 Pualue; 01018

= = CDinactive p:-0.276; P-value: D.0098

= = Controls pe 0.237; Pvalue: 0.0651

- - UCactive  p: 0.055; Pvalue: 0.8036
UCTnactive pi 0,123; P-value: 03348

Chao1 Diversity

— Overall  p: 0.016 P-value: 3.4e-05

Manitoba

=— CDactive  p: 0.108; Pvalue: 0.3828

— CDinaclive p: 0.149; P-value: 0.1065.

— Contrals  p: D.035; P-value: 0.7884

— UCactive  p: 0145 Pvalue: 03529
UCinactive p: £.243; P-value: 00168

Cork

== CDactive  pi-0.008; Povalue: 09730

= = CDinactive p: OO P-value: 09536

- - Controls i 0.123; Pvalue: 03190

- = UCactive  pi-0.397; P-value: 00684
UCinactive p: 0.183; P value: 01722

5 030
Age (years) Healthy Food Diversity index

Supplementary Figure 8: Spearman correlations between alpha diversity (chaol) and a) age and b) Healthy Food
Diversity (HFD) index.

119



cD
<Manitoba Cork—=>

All
Significance(~log10 FDR)

uc
<Manitoba Cork—>

Significance(~log10 FDR)

Significance(~log10 FDR)

0

Control
<Manitoba Cork—>

5.0 25 25

00
log2 Fold Change

<Manitoba Cork—>

50 25 0.0 25
log2 Fold Change

& Manitoba Cork—>

50

= z
[a} [a}
w10 10
2 E
@ o o
2 3 8
= LA -
v U g
< 5 §
£ &
5 5°
°
*
o ) ! h'
-50 -25 00 25 50 -50 -25 00 25 50
log2 Fold Change log2 Fold Change
<Manitoba Cork—> &Manitoba Cork—>
15 15
[ =
Eu @ B
¢ o s
2 % >
- o o
(v 1
o T T
£ g
- &
5 > 5°
A . i .
. .
o 0
-50 =25 FC_ 25 50 -50 -25 0.0 25 50

log2 Fold Change

log2 Fold Change

25 00 25
log2 Fold Change

. Unclassified

Other

Verrucomicrobiaceae
. Actinomycetaceae
Bifidobacteriaceae
Coriobacteriaceae
Desulfovibrionaceae
Enterobacteriaceae
Sutterellaceae
Bacteroidaceae
Porphyromonadaceae
Prevotellaceae
Rikenellaceae
Acidaminococcaceae
Clostridiaceae
Erysipelotrichaceae
Lactobacillaceae
Lachnospiraceae
Peptococcaceae
Peptostreptococcaceae
Ruminococcaceae
Streptococcaceae
Veillonellaceae

1st Quartile
2nd Quartile

3rd Quartile

4th Quartile

Supplementary Figure 9: Volcano plots showing differential abundant species between the Cork and Manitoba
cohorts across disease and disease status. Points above the horizontal line are significant while the position on
the x-axis of each point indicates the direction of fold change. The size of each point refers to the abundance of
the species across the cohort while the color indicates the family rank.

120



Brown Bread Brown Pasta

Breakfast Cereal

Beans

'
ozoo

*

o

;e

'
S0

' ' ' '
6000 000 £0010 000

'
5100

' ' '
swwo oo soo0
FBuepunqy aniejay

g
H

e

' '
0100 so00

duepunqy anieay

g
g

aduepUNqY SALej3Y

......ﬁ

' '
o S000 000
uBpUNGY 3A1ERY

0

Dressing High Fibre Cereals High Sugar Food

Brown Rice

*xk

'
ool

*ex F

*%

.t

-

UBpUNgY aAl1e|3Y

' '
o100 sovn

aduepunqy aniejay

' ' '
6000 010 000
aduepunqgy nne|y

e es o o

' ' '
S o S000
FdUBPUNGY ANe|SY

' '
0 05000 SZO0O 00000

0000

——

0000

Qily Fish Potatoes Ready—made meals

Nuts

*¥

*5E

'
S100

*EE

'
swn

L

. .......+

' ' ' '
S000 05000 SIODD 000D

'
0z

3duepungy aAiejay

' '
0100 000 000
33uepungy aAlle[3Y

—_—

L] (1)

=

' ' '
0o so00 o000
aduEpUNgY BA1IE[3Y

i

Processed meats

===

' ' ' '
SH0 oo s000 0000
IdUEPUNGY 3A11R[3Y

Soyproducts Vegetables

Sauces

-

—

3

€00

*r

'
Zio0

' '
oo so00 0000
aduepunqy aaieay

=

' '
z00 100
aduepunqy aaieay

g
s

' '
o100 000
33uBpUNqY dAle[3Y

2

-

' ' '
8000 Yoo 0000
33UBpUNQY 3A)1E[3Y

White Rice

White Pasta

—

- Manitcba ‘ Cork

Supplementary Figure 10: Boxplots representing differential consumption of food groups between the Cork and

White Bread
Manitoba cohorts. Only food groups with a significant difference were plotted (20).
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Abstract

In view of the increasing evidence that commonly prescribed, non-antibiotic drugs
interact with the gut microbiome, we re-examined the microbiota variance in
inflammatory bowel disease (IBD) to determine the degree to which medication and
supplement intake might account for compositional differences between disease-
subtypes and geographic location. We assessed the confounding effects of various
treatments on the faecal microbiota composition (16S rRNA gene sequencing) in
persons with Crohn’s disease (CD; n=188) or ulcerative colitis (UC; n = 161) from
either Cork (Ireland) or Manitoba (Canada) sampled at 3 time points. The medication
profiles between persons with UC and CD and from different countries varied in
number and type of drugs taken. Among Canadian participants with CD, surgical
resection, and overall medication and supplement usage is significantly more
common than for their Irish counterparts. Treatments explained more microbiota
variance (3.5%) than all other factors combined (2.4%) and 40 of the 78 tested
medications and supplements showed significant associations with at least one taxon
in the gut microbiota. But while treatments accounted for a relatively small
proportion of the geographic contribution to microbiome variance between Irish and
Canadian patients, additive effects from multiple medications contributed

significantly to microbiome differences between UC and CD.
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1. Introduction

Inflammatory bowel disease (IBD) which comprises Crohn’s disease (CD) and
ulcerative colitis (UC) have been linked with changes in the gut microbiome (Ryan et
al., 2020, Alam et al., 2020), although cause and consequence have not been
disentangled (Khan et al., 2019, Aldars-Garcia et al., 2021). Moreover, no uniform
microbiome pattern or signature has been identified consistently across multiple
studies (Pittayanon et al., 2020). This may be due to the heterogeneity of IBD and/or
variations in study design and patient populations (Khan et al., 2019). Also
medications have been shown to alter the gut microbiome and add an additional
layer of confounding factors. Not only antibiotics have a well-described, cumulative
long-lasting effect on the intestinal microbiome (Elvers et al., 2020), but also
commonly prescribed non-antibiotic medications have been shown to impact the gut
microbiome (Oh et al., 2021, Maier et al., 2018). Standard therapies for IBD include
anti-inflammatory drugs like 5-aminosalicylic acids (5-ASA) and corticosteroids,
immunosuppressants such as thiopurines, methotrexate and biologics (TNF-a
inhibitors and integrin or interleukin receptor antagonists). Several studies have
shown that these drugs can impact the microbial composition (Sargautiene et al.,
2020, Huang et al., 2015, Swidsinski et al., 2007, Letertre et al., 2020, Magnusson et
al., 2016), but vice versa can gut microbiota modulate their pharmacological activity
via drug (in)activation and biotransformation (Franzin et al., 2021). For instance,
bacterial azoreductases release 5-ASA from its prodrugs, while bacterial N-
acetyltransferases are responsible for the inactivation of 5-ASA (Sargautiene et al.,
2020). Aminosalicylates in turn can increase the levels of some Firmicutes while

reducing the levels of Bacteroidetes and Proteobacteria (Xu et al., 2018).

Moreover commonly used non-IBD drugs can also affect the composition and
metabolic function of gut microbiota (Vich Vila et al., 2020). In a major in vitro study,
Maier and colleagues (Maier et al., 2018) tested the effect of more than 1000 drugs
against 40 representative gut bacterial strains and found that approximately a
qguarter of human targeted drugs inhibited the growth of at least one test strain, with
butyrate and propionate producing bacteria being more sensitive, and y-

Proteobacteria being more drug-resistant. Pathogens and commensals alike have
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been shown to be able to metabolize and/or bio-transform a variety of drugs leading
to an altered bacterial metabolism and changes in microbial composition due to
metabolic cross-feeding and changes in the intestinal microenvironment
(Zimmermann et al., 2019, Klunemann et al., 2021). To this end, a variety of studies
have elucidated the microbiota-altering effects of commonly prescribed medications
(proton pump inhibitors (Clooney et al., 2016a, Weersma et al., 2020), lipid lowering
statins (Vieira-Silva et al., 2020), laxatives (Tropini et al., 2018), metformin (Forslund
et al., 2015), beta blockers (Lin et al., 2021) and ACE inhibitors (Tuteja et al., 2019),
SSRI antidepressants (Munoz-Bellido et al., 2000). In some cases, the drugs explained
more of the microbiota variability than the disease itself (Falony et al., 2016, Forslund
et al., 2021b), which bears the question as to what degree this variability is secondary

to the disease, or to the drugs treating it.

We recently showed in a large intercontinental twin city study of the microbiome in
IBD that geographic location (Ireland vs. Canada) had a major influence on microbiota
variance almost equivalent to that of a diagnosis of Crohn’s disease itself (Clooney et
al., 2021). While the influence of geography may, in part, be due to cultural and
ethnic influences, differences in treatment on either side of the Atlantic may also
have a contribution. Therefore, the purpose of the present study was to re-examine
and disentangle microbiota variance in IBD to determine the degree to which
differences in treatment at different locations might account for the apparent
geographic influence. The results confirm that the overall trends of microbiota
composition and diversity as previously reported by us remain different across IBD
subtypes and geographic location. Only a small part of the effect of geographic
location is explained by the differences in medication and supplement intake.
However, a large proportion of the disease-associated shift in microbial composition
between patients with UC and CD can be explained by additive interaction effects

from multiple medications.

2. Methods
The V3-V4 16S rRNA amplicon sequences from our previous study, which had been
processed in a single laboratory in Cork utilizing the same protocols, were

downloaded and pre-processed as previously described (Clooney et al., 2021), with
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the exemption of the taxonomic classification, which was performed within the
mothur suite (v1.39.3)(Schloss et al., 2009) via the classify.seqs function against the
SILVA database (v132) (Quast et al., 2013) with a bootstrap cut-off of 80%. OTUs that
fell below that cut-off were assigned as unclassified at that particular rank. Species-
level resolution was provided by SPINGO (Allard et al., 2015) using a similarity score
of 0.5 and bootstrap cut-off of 0.8 against the SILVA database (v132). Conflicts
between the two methods were resolved by means of BLASTn (v2.8.1; May 10 2021)
(Altschul et al., 1990). The raw medication data was classified based on the
anatomical therapeutic chemical (ATC) classification system, which hierarchically
classifies medications and dietary supplements based on the therapeutic use of their
main active ingredient (1%t level: anatomical main group; 2" level: therapeutic
subgroup; 3" level: pharmacological subgroup; 4™ level: chemical subgroup; 5% level:
chemical substance) (WHO Collaborating Centre for Drug Statistics Methodology,
2021), and recorded as a qualitative variable. While surgical resection is neither
medication or supplement, it is a common treatment for IBD as 80% of patients with
CD require surgery during their lifetime (Sica et al., 2013). It is also has been shown
to significantly alter the microbiome of patients (Fang et al., 2021) and was therefore
included in the analysis as treatment. Long-term dietary habits were captured
through frequencies of medium food servings of 157 items via Food Frequency
Questionnaires (FFQ) and were summarized into one factor, the Healthy Food
Diversity (HFD) Index, as previously described (Clooney et al., 2021, Drescher et al.,
2007). An active state of IBD was defined as a faecal calprotectin measurement of 2

250 pg/g (Lin et al., 2014) .

All statistical analyses were performed in the R environment version 4.1.0 and
visualizations were produced with the ggplot2_3.3.5 package (Wickham, 2016). In
order to alleviate the constant sum constraint of compositional data (Gloor et al.,
2017), zeros were removed from the raw counts via the count zero multiplicative
method within the zCompositions_1.3.4 package (Palarea-Albaladejo et al., 2015)
and subsequently subjected to a centred log ratio (CLR) transform, i.e. the data were
expressed as logarithms of ratios with the geometric mean as denominator using the

propr_4.2.6 package (Quinn et al.,, 2019). Beta diversity (i.e. between sample
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diversity) of the microbiome was evaluated via principal component analysis on
Aitchison distances (Aitchison et al., 2000) within phyloseq_1.36.0 (McMurdie et al.,
2013), while vegan_2.5.7 (Oksanen et al., 2013) was used for permutational
multivariate analysis of variance between groups. Alpha diversity (i.e. within sample
diversity) was calculated with iNEXT_2.0.20 (Chao et al., 2014). Differential taxa
abundance and effect sizes without adjusting for confounding factors was computed
via ALDEx2_1.24.0 (Fernandes et al., 2013) using 1000 Monte Carlo samples.
Differences in the usage of medications and supplements between the different IBD-
subtypes and patients from the two different geographic locations were tested for
significance with Fischer’s Exact tests. Distance based redundancy analysis (dbRDA)
was performed with the capscale function in vegan_2.5.7 (Oksanen et al., 2013) to
evaluate the effect of environmental factors on the medication profiles (Jaccard
distances) and gut microbial composition (Aitchison distances). Here, medication
profiles and microbial abundances constitute the set of response variables, while the
environmental factors represent the predictive variables. The proportion of
explained, compared to the total fitted variance indicates how much of the variation
between samples is due to differences in environmental factors. Selection of the
most relevant species and features in the dbRDA was implemented with the
ordiselect function in goeveg 0.5.1 (von Lampe, 2021). Differences in numbers of
used medications as well as the number of changed medications and intra-personal
differences in alpha and beta diversity measures were assessed via Wilcoxon rank

sum tests.

Explained variance of single covariates in a multivariate data set was computed with
the VpThemAll_0.0.0.9 wrapper (Moitinho-Silva et al., 2021), which chooses a model
via the ordistep function that explains most variance in microbiota composition and
then looks at each included metadata variable separately, conditioning out the effect
of all other included metadata variables using the varpart function. The difference
between the naive (shared) effect and the unique effects amounts to the interaction
effect. The variation in community data with respect to explanatory tables was
calculated with the varpart function in vegan_2.5-7 (Oksanen et al., 2013) allowing

only permutations within the samples of the same patient to adjust for multiple
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measurements. Significant associations and effect sizes of covariates with single taxa
were computed with the metadeconfoundR_0.2.8 package (Forslund et al., 2021a),
specifying “patient” as random variable. P-values were adjusted for multiple testing
where appropriate, using the Benjamini and Hochberg method (Benjamini et al.,

2001).

3. Results

After extracting from the Clooney et al. (Clooney et al., 2021) data set samples of
persons with IBD with all 3 time-points and no missing data, 349 persons were
included for further analysis, of which 188 were diagnosed with CD and 161 with UC.
The sampling time points were on average 15.18+0.42 weeks apart. Usage
information on medication and dietary supplements had been collected for all of the
1,047 samples. Of the originally 3,148 operational taxonomic units (OTUs) that were
clustered at 297% identity, 2,409 remained after filtering, leaving on average 22,024
+492 usable reads per sample. Applying the ATC classification system (WHO
Collaborating Centre for Drug Statistics Methodology, 2021) to the raw medication
data yielded 302 different chemical substances (5™ ATC level). A number of dietary
supplements (n=74) had no ATC classifier and were aggregated under “Other
supplements”. For the analysis the medications and supplements were then further
combined into 120 pharmacological subgroups (3 ATC level) and drug usage was
recorded as a qualitative yes-no variable. Long-term dietary habits were summarized
into one factor, the Healthy Food Diversity (HFD) Index, as previously described
(Clooney et al., 2021, Drescher et al., 2007). An active state of IBD was defined as a
faecal calprotectin measurement of 2250 ug/g (Lin et al., 2014). (Figure 15,

Supplementary Table 1 and 2).
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Figure 15: Subject characteristics and sample sizes of the study cohort. The ATC classification system classifies
medications hierarchically based on the therapeutic use of the main active ingredient: 15 level: anatomical main
group; 2" level: therapeutic subgroup; 3" level: pharmacological subgroup; 4" level: chemical subgroup; >t level:
chemical substance.

3.1. Microbiota composition is different both between IBD subtypes and
geographic locations

In contrast to our original study, here we used a ‘compositionally-aware’ analysis
approach, which more accurately quantifies taxa without the confounding relative
effect of total read count per sample (Gloor et al., 2017). As previously reported
(Clooney etal., 2021), alpha (i.e. within sample) diversities were lower for all patients
with CD compared to UC, and also for Canadian participants in general (Wilcox p <
0.05; Figure 16a and b, Supplementary Table 3). Abundances of OTUs were CLR-
transformed and beta (i.e. between sample) diversity analysis was calculated from
Aitchison distances of all OTUs present in at least 10% of the samples. The first two
principal component axes captured a much higher proportion of the microbiota
variation in the data set (71.6%) whilst showing the same significance (PERMANOVA
p < 0.05) for disease and location-associated shifts (Figure 16c and d). Differential
taxa abundance analysis was carried out using ALDEx2, initially without accounting

for any confounders. Here, the OTUs were aggregated based on their highest known
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taxonomic classification and filtered for an abundance in at least 10% of samples,
resulting in 233 tested taxa. Of these, 108 OTUs were significantly different
(Wilcox/Welch p < 0.05) between persons with UC and CD (Figure 16e), but displayed
only weak to moderate effect sizes, ranging from -0.38 to 0.41. Faecalibacterium
prausnitzii, Ruminococcaceae UCG-002 and Eubacterium were the most increased
taxa in patients with UC, while Lachnoclostridium, Erysipelatoclostridium and
Escherichia/Shigella had the highest abundance in the microbiome of patients with
CD (Supplementary Table 4). The effect sizes of the 100 taxa that were significantly
different (Wilcox/Welch p < 0.05) between subjects from Manitoba and Cork were
slightly higher than between the IBD subtypes (Figure 16f), ranging from -0.33 to
0.59. Members of Saccharimonadaceae, Streptococcus, and Ruthenibacterium
lactatiformans were the most enriched taxa in the Manitoba cohort, while
Lachnospiraceae_UCG-004, Odoribacter splanchnicus and Bacteroidales were the
most increased taxa in the Irish cohort (Supplementary Table 5). Thus, with updated
analysis, compared to our previous work (Clooney et al., 2021), the overall trends of
microbiota composition and diversity remain different across IBD subtypes and

geographic location.

3.2. Higher usage of resection, medications, and supplements among Canadian
patients

To disentangle the effect of medication on microbiota we first quantified any
significant differences in IBD treatments, both dependently and independently of
geography. Of the 120 different pharmacological subgroups found in this study, 78
were recorded at least 5 times as “yes” in total and were included in the downstream
analysis (default MetadeconfoundR requirement). We also included surgical
resection as a treatment. Of these, 28 medications and supplements showed
significantly (Fischer p < 0.05) different usage between the Irish and the Canadian
cohort (Figure 17a). Between patients with either CD or UC, 18 pharmacological
subgroups were differentially (Fischer p < 0.05) used. Surgical resection was
significantly more present in the Manitoba cohort and in persons with CD. Intestinal
anti-inflammatory agents, a subgroup which contains ‘locally acting corticosteroids’,

and ‘aminosalicylic acid and similar agents’” were the most commonly used
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treatments, which were over-represented in persons with UC and Irish participants.
The most taken supplements were vitamin A and D, which were over-represented in

Canadians with CD (Figure 17a, Supplementary Table 6).
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Figure 16: Comparison of (a) Chaol (species richness) and (b) Shannon diversity (species richness and evenness)
between different IBD-subtypes and geographic location. Principal component analysis (PCA) based on Aitchison
distances on all operational taxonomic units (OTUs) present in >10% of samples, with samples grouped by (c) IBD
subtype and (d) geographic location. Violin plots show projections of the PCA points onto PC1 and PC2. Stars show
significant differences between the groups as determined by Wilcoxon test. Top 20 most differential OTU
abundances between (e) IBD subtypes and (f) geographic location calculated with ALDEx2; *p < 0.05; **p < 0.01;
***p <0.001.

Jaccard distance-based redundancy analysis (dbRDA), which is more suitable for
quantifying distances between binary data (e.g. medication A: TRUE vs. FALSE), was
used to evaluate the effect of IBD subtype and geographic location on medication

usage patterns. Both the IBD subtype (F=33.71; p < 0.001) and geographic location
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(F=25.96; p < 0.001) showed a significant effect, with a CD/UC diagnosis accounting
for 26.6% and location for 19.5% of the explained variation in treatments (Figure 17b
and c). Surgical resection and vitamin A and D supplementation were most prevalent
in Canadian participants, while intestinal anti-inflammatories best distinguished Irish

participants with UC from the other cohorts.
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Figure 17: Comparison of the 20 most common medications and supplements taken in the study cohort separated
by IBD subtype and geographic location (a). Ordination plot of Jaccard distance-based redundancy analysis
(dbRDA) of used medications and supplements constrained by (b) geographic location and (c) IBD subtype. The
points represent samples, crosses represent medications and X represent the centroids of the depicted groups.
The 5% of medications with the best axis fit are labelled; Fishers test: *p < 0.05; **p < 0.01; ***p < 0.001.

The participant groups from varying locations and with a different disease type not
only diverged in their drug usage pattern, but also in the amount of ingested
pharmaceutical compounds. Overall, persons with CD took a significantly higher

number of supplements and medications (Wilcox p < 0.05) than persons with UC.
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Similarly, Canadian participants used a significantly greater number of supplements
and medications than their Irish counterparts (Figure 18 a and b). Another source of
variation between the groups was the frequency with which specific medications
were changed over the course of the study. Only 73 of 349 participants did not
change their medication regime during the 6 months of study, while another 93
persons changed 5 or more medications over the three time points (Figure 18c).
Unsurprisingly, due to the higher usage of pharmaceutical products in the Canadian
cohort, there were also significantly (Wilcox p < 0.05) more changes of medications
in this group, while there were no significant disparities between persons with UC

and CD within their cohort (Figure 18d).
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Figure 18: Comparison of the amount of (a) supplements and (b) medication taken per person and time point. (c)
Histogram of changes in medications and supplements with ATC classification per subject over the course of the
study. (d) Comparison of changes in medications and supplements between patients with differing IBD subtype
and from different geographic locations. Wilcoxon test: *p < 0.05; **p < 0.01; ***p < 0.001.
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3.3. Polypharmacy associated with the disease-associated microbiota shift in
Crohn'’s disease

Polypharmacy (PP) is defined as the concurrent and regular use of at least 5
medications, and excessive polypharmacy (EPP) as use of 10 or more different drugs.
In our study, 120 persons at 233 time points fit in the former category, while 22
persons (42) fit the latter group (Figure 19b). Polypharmacy expectedly increased
with age as persons in the EPP and PP group were significantly older than those that
took less than 5 medications on a regular basis (Figure 19c). The microbial
composition of persons with EPP, PP and no polypharmacy (NP) showed a gradual
shift along the first PC axis (Figure 19a). This corresponded with the shift seen when
grouping by IBD-subtype (Figure 16¢), which is not surprising as persons with CD used
significantly more medications than persons with UC (Figure 18b). Taking multiple
medications at the same time can lead to increased side effects and drug interactions

that amplify adverse complications (Ticinesi et al., 2017).

Since the intake of these pharmaceuticals might influence disease-associated
microbiome disturbances, we investigated the influence of changes in the treatment
regime on the microbiota. We compared intra-individual alpha and beta diversity
differences between the first and second, and second and third, time points of
patients who did change their medications and those who did not (Supplementary
Table 7). Persons with CD who started new medications between time points
displayed significantly higher Shannon diversity differences (Figure 19e) and intra-
individual Jaccard distances (Figure 19g). This finding was not reproduced in persons
with UC, which might be due to the higher microbial richness compared to persons
with CD. Neither disease group showed significant differences in intra-individual
species richness (Figure 19d) nor in Aitchison distances (Figure 19f) after starting a
new medication. Thus, while presence or absence of certain taxa can be affected by
a change in medication, this does not necessarily translate to overall differences in
species richness. Additionally, it may have also been important to know when exactly
a change in the medication regime has occurred. Unfortunately, this information was

not available to us.
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3.4. Treatment explains more variation in microbial composition than IBD-

subtype
Having established differences in both microbiota and treatment between locations,
as well as microbiota-polypharmacy associations, we further assessed the overall
effect of these treatments on the gut microbiota in more detail. Thus, we performed
multivariate regression analysis of the explained microbiota variance (Aitchison
distances) of different variables such as medications, patient demographics,
environmental factors, and disease status and activity. The full explanatory
regression models contained 16 of those variables, which together explained 7.88%
of the total variation in microbial composition (R?: 0.788; Figure 20a, Supplementary
Table 8). This is slightly less than in our original study (9.7%) (Clooney et al., 2021),
and is likely due to the fact that here we considered a slightly different number of
participants and no control subjects. A conservative estimate of the unique effect of
each variable present in the full model was obtained by evaluating all the variables
separately, while at the same time partitioning out the effects of all other included
covariates. Thus, the difference in explained variation between the naive effect and
the unique effect are the interaction effects between the variables. When taken
together, all medications explained more microbiota variation than IBD-subtype
alone (1.47% versus 0.25%), but less than surgical resection (1.68%) or geographic
location (1.23%). It was also notable that the interaction effects associated with the
proportion of variance explained by IBD-subtype were much higher (1.57%) than the
interaction effects explained by geographic location (0.50%) (Figure 20a,
Supplementary Table 8). Treatment (surgical resection and medications combined)
explained more variation (3.48%) than all other clinical and environmental factors
together (2.40%) (Figure 20b). The effects of disease remission and intestinal anti-
inflammatory agents were positively correlated with UC, while surgical resection,
drugs for peptic ulcers and gastro-oesophageal reflux disease (GORD), and antacids
as well as EPP and Insulins and analogues were positively associated with the effect
of CD on the gut microbiome (Figure 20c). In concordance to the previous differential
taxa abundance analysis (Figure 16e), Escherichia/Shigella, Klebsiella and Blautia

were most associated with CD, whilst a high abundance of several F. prausnitzii
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species characterized persons with UC. lIrish participants exhibited a higher
abundance of Lachnospiraceae UCG-004 than Canadians, who in turn showed a
higher proportion of Escherichia/Shigella and Ruthenibacterium lactatiformans

(Figure 20d).
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3.5. Disease-associated bacteria are less affected by medications than beneficial

bacteria
To further quantify individual drug-microbiota effects, we implemented a univariate
statistical approach that identifies naive associations between taxa and metadata for
confounding effects, i.e. distortions of the association between taxonomic feature
and metadata variable which are caused by additional variables. We included 79
treatments, which were recorded at least 5 times as “yes” within the study, as well
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as 8 additional metadata variables (geographic location, IBD-subtype, disease
activity, smoking status, alcohol consumption, HFD-index, years since diagnosis and
biological sex). Of these, 49 variables had at least one significant association
(FDR<0.05, Cliff’s Delta >0.1) with a taxonomic feature in the gut microbiome

(Supplementary Table 9).

When clustering the taxa and meta-data associations by their effect sizes (Figure
20e), we noticed that the majority of treatments seem to amplify the effect of IBD
on the microbiota in so far that many of the associations between treatments and
microbiota had the same direction (i.e. positive or negative) as the associations
between IBD and microbiota. As detailed further below, many of the taxa that we
found to be increased or decreased in patients with IBD were also correlated with
commonly used treatments of these patients. The health-associated taxa
F. prausnitzii, Lachnospiraceae NK4AI36-group, and Subdoligranulum (Aldars-Garcia
et al., 2021, Pittayanon et al., 2020, Shanahan et al., 2021, Deleu et al., 2021) were
not only depleted in CD compared to UC, but also had the highest number of
(negative) correlations with other covariates (21, 20, 17 and 17 associations,
respectively). Equally, many taxa that are positively correlated with IBD, such as
Escherichia/Shigella (n=18), Streptococcus (n=22), Klebsiella (n=19) and
Veillonellaceae (n=19), as well as bacteria from the oral cavity such as Rothia
dentocariosa (n=22), Fusobacterium nucleatum (n=21) or Oribacterium sinus (n=19),
were among those that showed the highest number of positive correlations with
medication and supplements (Figure 20e). At higher taxonomic ranks,
Verrucomicrobiae, Bacteroidia and y-Proteobacteria were significantly (Fischer p <
0.05) less associated with medications than Actinobacteria, Bacilli and Clostridia,
among others (Figure 21a, Supplementary Table 10). It was also notable that the
Clostridia taxa Ruminococcaceae, Clostridiales vadinBB60 group and unclassified
Clostridiales had the highest proportion of negative associations. While
Lachnospiraceae were relatively unaffected by medications (Figure 21c), they also
showed a relatively high proportion of negative associations (Figure 21d,

Supplementary Table 11).
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Figure 21: Taxa whose proportions of associations were significantly over- or under-represented compared to the
overall distribution of OTU- counts at (a) class and (c) family level as determined by Fisher exact test. Proportion
of positive and negative associations for (b) class level and (d) family level. Bars are ordered by the ratio of
associations to counts and negative to positive associations, respectively.
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3.6. Additive effects of multiple medications amplify the effect of IBD-subtype
on gut microbiota

In terms of specific treatment-association to taxa, surgical resection (198
associations), antipropulsives (167), and intestinal anti-inflammatory agents (140)
showed the highest number of significant associations. A combination of oestrogens
and progesterons, chemotherapeutics for topical use, insulins and peripherally acting
antiandrenergic agents, showed the strongest associations with single taxa (Figure
22a). Of the overall 2,754 significant associations between covariates and the
taxonomic features, 35% were confounded i.e. the effect size value for a metadata/
taxonomic feature pair could be reduced to at least one other covariate while
retaining its own significance (Figure 22b). Markedly, the proportion of confounded
associations was lower for geographic location (16.8%) but much higher for IBD-
subtype (60.4%). IBD-subtype showed interaction effects with either years since
diagnosis, geographic location, biological sex or surgical resection, as well as 5 other
treatments (AO7E, BO3A, A07D, NO2A, and A12B in Supplementary Table 2).
Moreover, 2,547 of all associations (92.5%) involve taxa that were also significant for
the IBD-subtype, whereof 80% were in the same +/- direction and thus potentially
amplifying the separation of the gut microbiome composition between persons with
CD and persons with UC. For example, the immunosuppressant subgroup (LO4A),
which contains selective immunosuppressants such as mycophenolic acid but also
tumour necrosis factor alpha (TNFa) inhibitors and other immunosuppressants like
methotrexate and azathioprine showed significant associations with 124 taxonomic
features. Of these, 120 were not only also significant for IBD-subtype but also co-
directional. A notable exemption to this exacerbating effect were intestinal anti-
inflammatories, a pharmacological subgroup that contains locally acting
corticosteroids, and aminosalicylic acid and similar agents and shared 129 of its 140
significant associations with IBD-subtype, but none of those were co-directional,
suggesting that they counteracted the effect of IBD-subtype towards a healthier
microbiome. Other variables that reduced the effect of IBD-subtype were a
combination of progesterone and oestrogen (54 shared, whereof only 4 were co-

directional), HFD-index (106 shared, 6 co-directional), and biological sex (26 shared,
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3 co-directional; Figure 22c). The amplifying effect for geographic location was much
less pronounced, as 2,037 associations (80%) were shared with other variables and
only 60% of those were co-directional. Surgical resection, Vitamin A/D
supplementation and antipropulsives had the most co-directional associations with
geographic location (111, 92 and 85 respectively). Years since diagnosis and IBD-
subtype also showed a high overlap with the effect of geographic location (107 and
109 co-directional; Figure 22d). While most of these effects were weak or moderate
(Figure 22a), the summation of the many co-directional effects from different
treatments might obscure which taxa were most depleted or increased due to a

variable of interest in this case IBD-subtype and to a lesser degree geographic

location.
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4. Discussion

In our previous study we showed that geographic location accounted for the second
highest explained variance in gut microbial composition after a diagnosis with CD
(Clooney et al., 2021). The present study extends the earlier observations by
addressing differences in medication profiles in greater detail. We discovered that
multiple medications and supplements were differentially used between persons
with UC and CD as well as between Canadian and lIrish participants. Indeed,
Canadians were found to take significantly more medications and supplements than
their Irish counterparts and IBD-subtype accounted for only slightly more variation in
drug usage patterns than geographic location. Despite this, when assessing the
confounding effects of treatments on the microbiota, only a small part of the
variation in microbial composition between patients from the different geographic

locations was explained by the differences in medication and supplement intake.

In contrast, a major part of the disparity between the gut microbiomes of persons
with UC versus CD seems to be due to, or amplified by, interaction effects with
treatment. About half of the tested medications and supplements showed significant
associations with at least one taxon from the gut microbiota and together
treatments, including surgical resection and, medications and supplements,
explained more variation in gut microbial composition than all other tested

environmental factors.

Several taxa whose increase are generally reported with a shift away from healthy
gut microbiome composition to an inflamed state, including Escherichia/Shigella,
Streptococcus, Klebsiella and Veillonellaceae (Khan et al., 2019, Aldars-Garcia et al.,
2021, Butté et al., 2016, Mirsepasi-Lauridsen et al., 2019) were found here to be
increased in the microbiome of persons with CD. These taxa also notably ranked
amongst the highest number of positive associations with the tested covariates.
Bacteria from the oral cavity such as Rothia dentocariosa and Fusobacterium
nucleatum, which have been reported to be increased in PPl users (Weersma et al.,
2020, Clooney et al., 2016a) showed not only significant positive associations with
drugs for peptic ulcers and GORD in the present study but also belong to the top 40

most affected bacteria. A depletion of Faecalibacterium prausnitzii, was here and in
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other studies associated with CD (Pittayanon et al., 2020, Clooney et al., 2021, Sokol
et al., 2008, Melgar et al., 2010) and was also described in persons treated with the
immunosuppressant azathioprine (Effenberger et al., 2021). And whilst we were
unable to confirm a negative association of F. prausnitzii with the intake of
immunosuppressants, it was among the taxa which had the most negative
associations with the tested drugs. The lack of diminution of this taxon by
immunosuppressants here, might be explainable due to the fact that the ATC
subgroup LO4A not only includes thiopurines but also TNFa inhibitors, latter of which
have been shown to increase SCFA producing bacteria (Estevinho et al., 2020). It is
noticeable though that immunosuppressants share nearly all their significant
associations to taxonomic features with IBD subtype and all of those shared
associations showed the same directionality and thus increases the disparity
between the gut microbiota of persons with UC and CD. In contrast to that, intestinal
anti-inflammatory agents are among the few drugs that did not follow this
exacerbating trend. While this medication subgroup also shared most of its
significant associations to taxa with IBD-subtype, none of them were co-directional.
This observation is in agreement with earlier reports that 5-ASA drugs can partially
recover the gut microbiome to a healthy status (Clooney et al., 2021, Olaisen et al.,

2019).

Comparing the distribution of the number of reads and significant associations to
medications for each taxon showed that some taxa were more resistant towards the
effect of human targeted drugs, e.g. Verrucomicrobiae, Bacteroidia and y-
Proteobacteria, while others, such as Actinobacteria, Bacilli and Clostridia, were
more sensitive. These results concurred with a study from Maier et al. which found
y-Proteobacteria to be more drug resistant than the highly abundant commensals
like Roseburia intestinalis, Eubacterium rectale, and Blautia obeum (Maier et al.,

2018).

While this study couldn’t confirm treatment as a major factor explaining
dissimilarities in gut microbiota of persons from different geographic locations, it
shows that the highly variable medications profiles of persons with IBD and their

effect on the faecal gut microbiota likely impede the discovery of a universally valid
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microbial signature distinguishing the IBD-subtypes and at least in part, explain the
high disparity between different IBD microbiome studies. Furthermore, it highlights
the need to include an exhaustive list of medication intake (and ideally dosages) of
study participants in the analysis that go beyond the common IBD therapeutics to

improve reproducibility between IBD-studies.

There are several limitations to our study. Due to the highly variable drug usage
patterns not all medications could be assessed for univariate analysis. The evaluation
of the confounding effects of medication on gut microbiota was further hampered
by extreme polypharmacy and a multitude of changes in medication regimes over
the course of the study. It is therefore possible that some of the reported effects of
particular medications were under-estimated. However, while the exact effect sizes
of single medications may not be robust, taken together they reveal a trend that
treatments can exacerbate disease-associated shifts by additive effects of multiple
medications on the microbiome as well as by affecting some groups of microbiota
more than others. It is noteworthy though, that all described effects between
medication and microbiome in this study are associative rather than causative and
thus intervention studies with treatment naive persons with IBD and animal models
will be needed to comprehensively disentangle the role of treatment and disease on

the variation the gut microbiome of IBD patients.
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General Discussion

Despite substantial efforts in the research field, the precise cause of IBD remains
elusive. The prevailing theory for IBD pathogenesis is that a combination of genetic
susceptibility and environmental factors trigger an abnormal immune response against
the gut microbiota (Kostic et al., 2014, Matsuoka et al., 2015). Evidence from both
animal models and human subjects strengthens the case for the microbiome's
involvement in IBD. The absence of gut microbes in germ—free mice prevented the
development of colitis in genetically susceptible mice (Veltkamp et al., 2001), and
transferring pro-inflammatory bacteria from diseased to healthy mice induced
inflammation (Schaubeck et al., 2016, Du et al., 2015). Moreover, the transfer of naive
CD4+ lymphocytes from healthy mice into those lacking T and B lymphocytes was
shown to induce colitis (Powrie, 1995), contingent on the differences in their gut

microbiota (Reinoso Webb et al., 2018).

Observations in humans also align with these findings, as disease activity in IBD is most
pronounced in areas with high bacterial populations in close proximity to the affected
tissues, such as the terminal ileum and the colon, where faecal material remains
relatively stagnant (Martinez-Medina et al., 2014). In patients with Crohn’s disease
(CD), surgical manipulation of the continuity of the faecal stream has been shown to
improve inflammation in the excluded part, despite little change in histopathology
(Janowitz et al., 1998). Antibiotic therapy has proven effective in certain IBD cases (Thia
et al., 2009, Perencevich et al., 2006, Turner et al., 2014), and specific microbes have
been identified as drivers or suppressors of inflammation (Henke et al., 2019,
Chassaing et al., 2013, Zhou et al., 2020). There is also growing interest in the
ameliorative potential of prebiotics, probiotics, and even faecal microbiota
transplantation for some IBD patients (Gionchetti et al., 2003, Zocco et al., 2006, Zhang
et al., 2022b). Genome-wide association studies focusing on IBD have identified over
230 independent risk single nucleotide polymorphisms (de Lange et al., 2017, Turpin
et al., 2018). A substantial portion of these genetic risk factors revealed strong
associations with immune function, and specifically with the immune system's
interaction with the microbiota (Aschard et al., 2019, Jostins et al., 2012, Liu et al.,
2015, Lavoie et al., 2019).
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Thus, it is now widely accepted that the microbiome plays a key role in IBD
pathogenesis, albeit the exact mechanisms, causality and microbial agents are not
equivocally understood (Pittayanon et al., 2020, Aldars-Garcia et al., 2021, Khan et al.,
2019). A multitude of studies, including our own (Clooney et al., 2021), consistently
reported differences between patients with IBD and controls including lower microbial
diversity, decreases in commensal bacteria, increases in pathobionts and oral
microbiota, as well as variations in bile acid profiles (Upadhyay et al., 2023). However,
inconsistencies in methodologies, cohorts and study design, as well as variations in
reported ecological impacts and their magnitudes across IBD studies hamper the
identification of clinical and biological factors that can best predict disease progression
and treatment outcomes over time (Aldars-Garcia et al., 2021, Abdel-Rahman et al.,
2023). Importantly, these factors are a key requirement for precision medicine, needed
to tailor treatments to individual patients based on their clinical and biological
characteristics, and thereby optimizing patient care (Borg-Bartolo et al., 2020, Kashyap
et al., 2017). Yet, even after extensive work in the field a specific microbial signature
for IBD or other diseases remains elusive (Pizarro et al., 2019, Khan et al., 2019). In this
thesis we identified multiple sources of variation between subjects and studies

contributing to this challenge, emphasizing the need for continued research.

Chapter Il of this thesis examined the faecal gut microbiota of a large population of
patients with CD and UC relative to healthy controls from two geographically separated
regions but with similar socioeconomic background over the course of several months.
The longitudinal design allowed for the observation of active and inactive disease
states, while the collection of anthropometrics as well as medication intake, dietary
information and lifestyle variables enabled the identification of potentially
confounding effects. Similar to other studies (Pittayanon et al., 2020, Abdel-Rahman et
al., 2023, Franzosa et al., 2019) we observed a decreased microbial diversity in patients
with IBD and altered faecal microbiota communities in patients with UC or CD
compared to healthy controls. Furthermore, we confirmed an elevated compositional
instability of gut microbiota in patients with fluctuating disease activity (Scanlan et al.,
2006, Halfvarson et al., 2017, Lloyd-Price et al., 2019). Although patients with active

disease, especially those with UC, showed only a modest shift further away from
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healthy controls and a slight decline in microbial diversity compared to their remittent
counterparts, we did not observe a difference in relative species abundances between
patients in relapse or remission in this study. While a ML approach was able to
successfully discriminate between patients with UC or CD and healthy controls, and to
a lesser extent, between the IBD subtypes based on relative abundances of taxa at a
given point in time, separating patients with active and inactive disease state was only
possible when considering temporal changes, indicating that cross-sectional study
design does not sufficiently capture all necessary information. Moreover, an increased
sampling frequency in future studies might not only allow to seize the exact moment
of a relapse, but such information could potentially enable relapse prediction based on
gut microbial changes, allowing a timely medical intervention for the benefit of the

patient.

However, it is not only disease related factors that influence the gut microbial
community. A multitude of factors encompassing almost all facets of human existence
have been shown to shape the gut microbiome, including but not limited to ethnicity
(Deschasaux et al., 2018) birth mode (Dominguez-Bello et al., 2010), breastfeeding
(Penders et al., 2006), ageing (Claesson et al., 2012), cohabitation (Rothschild et al.,
2018), diet (Johnson et al., 2019, Asnicar et al., 2021), physical activity (Clarke et al.,
2014), smoking (Biedermann, 2013) and alcohol consumption (Falony et al., 2016).
Notably, in our study all 25 included factors explained only 10% of the microbiota
variance. While this is consistent with other studies (Falony et al., 2016, Zhernakova et
al., 2016) it shows that most of the variability in gut microbial communities is yet
unaccounted for. Likely contributors to this unexplained variance include uncollected
patient information, inter-individual variability and stochastic noise. Hence any
biological conclusions researchers draw should be considered in respect to the great

unknown.

In terms of assessing and ranking the collected sources of microbiota variation, we
discovered that geographic location exerted the most significant non-disease-related
influence. This influence surpassed the impact of a diagnosis of UC and even previous
surgical resection, coming second only to the impact of a diagnosis of CD. Geographic
location may reflect variations in a wide range of environmental factors, such as

248



ethnicity, lifestyle, diet, food additives and pollutants, healthcare differences, or social
networks. This does, however, not only underscore the critical importance of
considering environmental factors when designing studies, but also provides a

potential explanation for inconsistencies among different microbiota studies.

Moreover, the increasing evidence of not only antibiotics but also commonly
prescribed non-antibiotic drugs interacting with the gut microbiome (Maier et al.,
2018, Weersma et al., 2020, Radhakrishnan et al., 2022), raises concerns about
potential distortions in microbial community. Inadequate control for drug treatments
can introduce noise into data, hindering our ability to accurately attribute microbiota
variations to their true causes. This issue is exemplified in studies on type 2 diabetes
mellitus and gut microbiota, where metformin treatment obscured microbial signals,
leading to conflicting conclusions (Zhang et al., 2013, Qin et al., 2012, Karlsson et al.,

2013, Forslund et al., 2015).

In Chapter lll, we therefore undertook a thorough re-evaluation of microbiota variance
among patients with IBD, with a specific focus on investigating the microbiota impact
of potential confounding factors related to treatment and supplement usage. Our
study revealed notable disparities in treatment regimens, not only between subtypes
of IBD but also across different countries of origin. However, a multivariate regression
analysis assessing the confounding effects found that the combined impact of
medication and supplement intake, while significant, accounted for only a modest
portion of the observed variation in gut microbiota composition attributed to
geographic location. Interestingly, the additive effects stemming from the usage of
multiple medications not only explained a greater degree of variation in gut microbiota
profiles than the specific IBD subtype but they also exacerbated the differences in
patients diagnosed with CD and UC. In our study patients with CD or UC ingested 302
different chemical substances, which were subsequently combined to 120
pharmacological subgroups. About half of those displayed significant associations
between at least taxon from the gut microbiota. Notably, several taxa typically
associated with a microbiota shift towards an inflamed state, including
Escherichia/Shigella, Streptococcus, Klebsiella, Veillonellaceae, and Fusobacterium
nucleatum, not only exhibited increased presence in the microbiomes of CD patients
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but also had the strongest positive correlations with medication and supplement
usage. Conversely, generally health-associated taxa,such as F. prausnitzii,
Lachnospiraceae NK4AI36-group and Subdoligranulum, were not only depleted in CD
when compared to UC but also displayed the most prominent negative correlations
with the tested pharmacological subgroups. Comparing the distribution of taxa and
their associations to medications showed that Verrucomicrobiae, Bacteroidia, and y-
Proteobacteria, exhibited greater resilience to the influence of human-targeted drugs.
In contrast, Actinobacteria, Bacilli, and Clostridia were more susceptible to medication
effects. These findings align with a study by Maier et al, which identified y-
Proteobacteria as more resistant to drugs compared to highly abundant commensals
like Roseburia intestinalis, Eubacterium rectale, and Blautia obeum (Maier et al., 2018).
Consequently, it becomes evident that at least some of these microbial variations can
be attributed to treatment and supplement usage among the groups under

investigation.

When we compare the substantial diversity of medications and supplements ingested
in our study to the typically reported medication profiles, a noticeable knowledge gap
emerges. Given that the prevalence of polypharmacy is high in IBD patient cohorts
(Cross et al., 2005, Mesonero et al., 2022), this discrepancy likely results from
underreporting rather than our study being an outlier. Assuming that participants in
other IBD microbiome studies consume similar quantities of pharmaceutical
substances, it is plausible that their medication profiles are equally diverse and
potentially distinct across studies. This variability in medication profiles across studies
likely contributes to confounding effects on faecal gut microbiota, potentially
hindering the discovery of a universally applicable microbial signature for IBD. It also
underscores the importance of incorporating comprehensive documentation of
medication intake, extending beyond the common treatments of the disease under
study, and ideally including dosage information in order to enhance the reproducibility
between IBD studies and separate disease-associated effects from treatment-

associated effects.

Variability in gut composition is not only influenced by external factors such as diet,
medication and lifestyle choices, but also by host-derived factors, such as BAs, as well
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as the products of the gut microbial metabolism, which add another dimension to the
observed variability in gut structure. Primary bile acids (PBAs), originating from the
host, possess bacteriostatic properties and can impact microbial composition. Gut
microbes detoxify BAs, altering the pool of available BA in the gut. Microbiota-modified
secondary bile acids (SBAs) further influence microbiota composition and concurrently
modulate host immunity (Thomas et al., 2022). BA malabsorption (BAM) is a condition
in which the digestive system fails to reabsorb BAs properly in the small intestine,
resulting in an excess of BA in the colon and often increased intestinal motility and so
called BA diarrhoea (BAD). It is a common manifestation in IBD, particularly affecting

patients with ileal inflammation or resection (Vitek, 2015).

In Chapter IV, we assessed faecal and circulating levels of metabolites associated with
the BA-sensing farnesoid X receptor (FXR) in conjunction with faecal microbiota
composition of patients with CD, both in those who have previously undergone surgical
resection and those who have not. Our findings indicated that the normal signalling
from the gut to the liver is disrupted in patients with CD relative to healthy controls,
resulting in excessive hepatic BA synthesis, reminiscent of BAM/BAD, in a subset of
patients. We observed signs of BAM/BAD in approximately one-third of patients with
CD, with a notably higher prevalence among those who had undergone resection
surgery; however, fewer than half of these individuals received treatment for this
condition. This places the BAM incidence in our study cohort toward the lower end of
the reported prevalence range, with previous studies indicating higher rates in both
non-resected and resected patients (Barkun et al., 2013, Bromke et al., 2021).
Furthermore, among CD patients, differences in surgical resection history were
associated with variations in hepatic BA synthesis (directly measured through 7a-
hydroxy-4-cholesten-3-one levels) and BA reabsorption (indirectly assessed by
fibroblast growth factor 19 concentrations). Within the CD cohort, the rate of hepatic
BA synthesis and the resulting increased levels of PBAs accounted for more variation
in the gut microbial composition than the patient’s resection status. They also showed
a similar association pattern with taxonomic features of the gut microbiome as the
disease-phenotype, suggesting that changes in BA metabolism likely contribute to the

observed disease- and resection-associated shifts in the gut microbiota. The group of
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patients with elevated BA production exhibited significantly higher relative
abundances of the bile-resistant genus Enterocloster (Vich Vila et al., 2023) as well as
a depletion of health associated butyrate producing bacteria like Faecalibacterium,
Lachnospiraceae, Ruminococcaceae, Christensenellaceae and Subdoligranulum
(Aldars-Garcia et al.,, 2021). Recent studies have demonstrated the ability of
Enterocloster bolteae, formerly known as Clostridium bolteae, to engage in the re-
conjugation of BAs with amino acids, resulting in the formation of compounds known
as microbial conjugated BAs (MCBAs) (Quinn et al., 2020). The amide conjugations
occurring at the C24 acyl site cause notable alterations in their chemical properties,
primarily an increase in hydrophobicity, which has been proposed as a protective
mechanism employed by bacteria to counteract potential toxic effects (Garcia et al.,
2022). On the other hand, the depletion of beneficial species may be linked to their
relative sensitivity to bile (Lopez-Siles et al., 2012, Foditsch et al., 2015) as well as the
pathology of BAM, which can manifest in watery diarrhoea. Research has consistently
demonstrated that diarrhoea can lead to significant alterations in the composition of
the gut microbiota. These changes are characterized by an increase in Proteobacteria
and a reduction in butyrate-producing bacteria, including members of the Clostridia
families Lachnospiraceae and Ruminococcus (Duvallet et al., 2017). The observed shifts
in microbial composition and their associations with FXR-associated metabolites
strongly suggest that changes in BA metabolites significantly contribute to the
observed differences in microbial composition between health and disease. This study
further illustrates that both CD and a patient's resection status significantly affect BA
signalling, leading to altered BA profiles and therefore increased variability among

patients with CD.

Combined, these results demonstrate that microbiomes are dynamic ecosystems
which not only have to adapt to shifting environmental conditions but are also under
active regulation by the host (Staley et al., 2017, Benson et al., 2010). This added
complexity, as well as the increasing data volumes, necessitate innovative analytical
approaches to capture all available information, especially considering the unique
characteristics of microbiome data. These data are not only compositional (Gloor et

al., 2017) but also exhibit profound heterogeneity and high dimensionality, yet they
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are often sparse in nature. The capacity of ML to harness computer algorithms to
uncover intricate patterns within extensive datasets, without the need for prior
knowledge of the underlying data to be explicitly coded into the model, renders it

exceptionally well-suited for the demands of microbiome research.

In Chapter V, a comparative methods analysis was therefore conducted to assess
various non-linear ML algorithms (Support Vector Machine, Random Forest, and
Extreme Gradient Boosting) along with different filtering and normalization techniques
for the prediction of host-phenotypes, specifically distinguishing between CD from
control groups, as well as differentiating IBD subtypes based on taxonomic features
from the gut microbial community. The internal validation, via a nested for loop
approach and external validation via publicly available independent datasets, showed
a comparable discriminatory performance, indicating a good generalizability of the
models despite differences in treatment status, geographic location and study cohort.
The models from all three algorithms were well able to distinguish between health and
disease. Notably, in a meta-analysis of 28 microbiome studies of 10 different diseases,
Duvallet et al. observed that many genera associated with individual studies respond
to more than one disease, suggesting that many association are shared non-IBD-
specific responses (Duvallet et al., 2017), while others reported many of those taxa also
being associated with unhealthy aging (Ghosh et al., 2022) or non-antibiotic
medications (Maier et al., 2018). Thus the signal between Crohn’s patients and healthy
controls likely consists of disease specific and non-disease specific alterations of taxa.
This also aligned with our observation that patients with several confounding patient
characteristics, such as higher age, longer disease duration, higher medication intake
or previous surgical resection, were less likely to be misclassified. Conversely, the
classification performance for the distinction of IBD subtype was a lot less profound,
even though all algorithms were able to build classifiers that were better than random
for the distinction of IBD subtype. This drop in performance might on the one hand
reflect the fact that only disease-specific signals are useful in this case, which are a lot
less pronounced (Clooney et al., 2021), and on the other hand showcases the

heterogeneity of patients with IBD (Verstockt et al., 2022).
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However, in microbiome research the goal is not solely to achieve precise classification
between groups of interest, but also identifying specific microorganisms or their
metabolic by products that directly exert an influence on the host phenotype. The
efficacy of a discriminatory model is therefore just as important as the taxa that were
successfully used to train such a model. In fact, interpretability is imperative for any
prospective application of ML systems in medicine and healthcare (Vellido, 2020, Yoon
et al., 2021). Notably, contemporary complex (non-linear) ML methodologies are
renowned for their inherent opaqueness, and increasing interpretability and

explainability of ML models is the focus of ongoing research (Tjoa et al., 2021).

An analysis of feature importance, which measures the individual contribution of
specific predictors to the model performance, found several butyrate producing
commensals including several members of the Clostridium cluster XIVa as well as
potential pathogens such as Eggerthella lenta to be most important for the
classification of health versus disease within our data. For the distinction of IBD
subtypes, a depletion of Faecalibacterium prausnitzii, C. leptum and C. ruminantium
separated patients with CD from patients with UC. Yet, when comparing the
contributions across different models for the same classification task, there was only
minimal overlap in the set of important features between models of different
algorithms. Only three OTUs were found in top 20 most important features in all
models for the classification of Crohn’s disease, while the classification of the IBD
subtype gained four shared OTUs. Part of the disparity in selected features between
the models certainly arises due to the different underlying mathematical modelling
approaches of the classifiers, as well as differences in methods to obtain feature
importance and lastly the metric of importance itself (Saarela et al., 2021), but some
variation will also stem from redundancy in the feature space. If we consider multiple
predictors that each have the same correlation with the response variable, but are not
correlated among each other, then adding any of the predictors to a model will reduce
the variance of the response variable to a certain, equal amount. However, if the
predictors themselves are correlated with each other, then the earlier predictors will
reduce the variance in the response to a higher degree than the later added predictors

because much of the predictive power has already been accounted for, although the
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predictors in reality may have the same correlation to the response variable (Hand,
2006) This is problematic, as we know that microbiome data are highly collinear. But
while we can computationally circumvent misinterpretation of feature importance by
grouping correlated features together or removing them altogether (Molnar et al.,
2022) this further complicates the identification of specific candidates that directly

affect the host phenotype.

Not accounting for collinearity when applying or evaluating ML based approaches is
not the only pitfall of ML based science. A recent study by Quinn evaluated 102 ML-
based microbiome papers and found that the vast majority of them had
methodological problems, first and foremost of these being test set omission and test
set data leakage (Quinn, 2021). But microbiome research is not the only field that
struggles with methodological problems when applying ML, a study from Kapoor and
Narayanan surveyed ML reviews across a broad range of scientific fields for issues and
likewise reported a multitude of methodological problems, such as lack of clean
separation of training and test set, use of illegitimate features, non-independence of
training and test samples and selection bias. Along with limited data availability and
the use of inappropriate methods or performance metrics this is widely causing
irreproducible results and overoptimistic performance estimates (Kapoor et al., 2023,
Greener et al.,, 2022). While the application of ML to biological data has its own
challenges, these methodological inconsistencies only add to the so called
“reproducibility crisis” in microbiome research. In additional to inter-lab differences in
sample processing, i.e. sample storage, DNA extraction method, primer choice,
amplification, or choice of sequencing platform, which can all have an substantial
effect on the resulting data, pre-processing of the raw sequences data and taxonomic
assignment can influence the outcome of a metagenomics experiment (Salonen et al.,
2010, Kuczynski et al., 2011, Clooney et al., 2016b, Golob et al., 2017, Cardona et al.,
2012). A lack of universally accepted standards for data processing and analysis of
microbiome data can cause technical batch effects that surpass biological effects
(Goodrich et al., 2014) and impede comparability between studies. Moreover, high
inter- and intra-personal variability, the influence of environmental factors (Rothschild

et al., 2018), as well as difficulties in actually defining a healthy microbiome (Shanahan
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et al., 2021) for case-control studies making it a challenge to establish consistent
patterns between different study cohorts. Incomplete reporting of study details,
limited data sharing and incomplete metadata can also hinder reproducibility (Huang

etal., 2021).

Future perspectives

Projects like International Human Microbiome standards (IHMS) or more recently the
Human Microbiome Action (HMA) aim to improve microbiome research methods and
develop a set of minimum standards in microbiome research to increase international
comparability and aid the translation of findings into practical clinical applications and
public health guidance. In particular the use of ML for human microbiome research has
been further highlighted and optimised in the recently completed EU COST Action
ML4Microbiome (D’Elia et al, 2023, Papoutsoglou et al.,, 2023). Increasing
reproducibility is just one aspect in these goals, in addition to harmonizing the
collection, pre-processing, and analysis of microbial samples for effective data sharing
and the integration of multiple study cohorts and data types. In order to elucidate the
complex interplay between genetic, environmental, and microbial factors in the
context of IBD, robust research will require very large, well-defined study cohorts
encompassing various geographic locations and diverse treatment patterns. Study
populations that accurately represent the entire IBD population without biases
toward, for example, specific ethnicities, socioeconomic backgrounds, or exposomes
are essential to establish causal effects for certain environmental factors on IBD and
which biological sighatures can be used as indicators of specific clinical outcomes (Scott
etal., 2019). Given the substantial cost and time investment required to generate such
comprehensive, deeply phenotyped data, achieving this goal is likely beyond the
capacity of a single research group. Thus, it calls for extensive collaboration and
community-wide efforts, and ultimately underscoring the critical need for FAIR
(Findable, Accessible, Interoperable and Reusable) data sharing, the implementation
of which is currently still found to be deficient (Hughes et al., 2023, Wilkinson et al.,
2016).

Furthermore, longitudinal studies with frequent sampling time-points are needed to
allow for the investigation of the natural progression of IBD pathology and intra-
individual changes of the microbiome in respect to environmental triggers or
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treatments. Following patients longitudinally would also eliminate inter-personal
variation among patients, in so far as patients can be used as their own control, thereby
facilitating the identification and validation of robust unbiased biomarkers for disease
susceptibility, prognosis, and treatment response, which are essential to the concept

of precision medicine (Lloyd-Price et al., 2019).

Contemporary microbiome studies demand a shift beyond the conventional practice
of community profiling towards a more nuanced exploration of microbial functionality.
While researchers have only recently begun to direct their attention to the non-
bacterial subpopulations of the gut microbiome and begin to understand microbial
interactions among themselves and with the host organism, this is not sufficient to
answer which species are present in a certain environment (Laforest-Lapointe et al.,
2018, Zhang et al., 2022a, Du Toit, 2022). Given the functional redundancy between
different microbial species and functional dissimilarity within the same species, host-
microbiota interactions should extend to the metabolic environment and functional
capacity (Schirmer et al., 2018). For instance, at the species level gut microbiomes are
not readily discernible between patients with active and inactive diseases, but they
differ within their functional repertoire (Lloyd-Price et al., 2019). Nuanced changes in
function might allow potential therapeutic targets, diagnostic markers, and disease

mechanisms to be elucidated.

Genomics data are anticipated to become one of the most prominent examples of big
data in the coming decades, potentially surpassing domains like astronomy and the
internet (Stephens et al., 2015). This seems to present an ideal opportunity for the
application of ML to address problems where traditional data analysis approaches may
encounter limitations. However, caution is warranted when drawing conclusions from
models trained on specific datasets, as these may not accurately reflect the
characteristics of the underlying study population (Clemmensen et al., 2022). Even
with the emergence of model-agnostic approaches to feature importance,
interpretability, and explainability, especially for complex non-linear ML methods,
challenges persist. Given the high inter-correlatedness among members of the
microbiome, our ability to definitively identify the contributions of various features to
a model is limited (Molnar et al., 2022). Consequently, the primary focus should be on
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employing models to accurately predict risk factors, such as disease progression or
treatment response, rather than relying on models to explain disease phenotypes
(Greener et al., 2022). Moreover, it is imperative to exercise diligence to ensure that
ML models are used correctly and only where they are well-suited. It is therefore
recommended that scientific claims made through predictive modelling are
accompanied by so-called model cards. These cards provide crucial standardized
information about a particular machine learning models and are designed to enhance
transparency, accountability, and responsible Al practices (Mitchell et al., 2019, Kapoor

et al., 2023).

Final Conclusion

The research conducted in this thesis quantified both intrinsic and extrinsic factors that
influence the composition of the human gut microbiome, which can confound shifts
associated with disease. Notably, in the context of medications and polypharmacy,
these factors explained a greater degree of variation in the structure of the gut
microbial community than the disease phenotype itself. This underscores the
imperative need for studies with well-described metadata that enable us to adjust for
confounding factors in microbiome analysis and sheds light on the challenges of
reproducibility in IBD studies. Moreover, the research demonstrated that a cross-
sectional study design alone is insufficient to distinguish between patients in relapse
and those in remission. This distinction became possible only when incorporating
temporal shifts in taxonomic features, indicating that intra-personal variability can be
leveraged to increase the diagnostic and prognostic power of microbiome data. Lastly,
a comparative analysis of various ML algorithms aimed at classifying IBD disease
phenotypes based on taxonomic features in the gut microbiome revealed similar
effectiveness across algorithms. However, these algorithms placed importance on
different members of the microbial community when training models, underscoring
the need for caution when employing machine learning for tasks that aim to
comprehend underlying biological aspects rather than simply accurately predicting

specific phenotypes.
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