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Abstract
Irritable Bowel Syndrome (IBS) is a gut-brain-axis disorder with a prevalence of

5.8% in Canada and 3.8% globally. Despite evidence suggesting complex interactions

among neural, immune, and epithelial cells, in
uenced by factors such as diet, micro-

biota, and stress, the pathophysiology of IBS remains incompletely understood. Key

knowledge gaps include the irregular nature of symptoms and the speci�c bacterial

taxa responsible for symptom generation. Therefore, this thesis aims to perform an

integrated analysis of a longitudinal study to investigate the relationship between

IBS symptom dynamics, gut microbiota composition, and metabolite pro�les, to de-

termine whether temporal changes in microbiota predict or drive IBS symptoms.

Clustering analysis identi�ed distinct patterns in symptom occurrence and progres-

sion, categorizing samples into clusters that captured changes in both gut and mood

symptoms, and distinguishing between symptom 
ares and remission. Subjects with

constipation-predominant IBS exhibited consistently higher levels of symptoms while

diarrhea-predominant IBS subjects showed varying symptom levels among abnormal

stool weeks and normal stool weeks. Examining parallel changes in symptom scores

and microbiota beta diversity over time, we found a signi�cant correlation between

the two in only 25% of IBS subjects in our cohort. This suggests a potential link be-

tween microbiota composition and symptom variability in speci�c subsets of patients,

highlighting the heterogeneity in the microbiota-symptom relationship. Integrated

microbiota-metabolite analysis revealed signatures linked to IBS subtypes, with bac-

teria such asLachnoclostridium and Olsenella, and metabolites like chenodeoxycholic

acid among others identi�ed as key nodes in network analysis. In conclusion, this

study o�ers comprehensive insights into the episodic nature and heterogeneity of IBS,
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revealing dynamic symptom patterns and persistent burdens across subtypes. The

�ndings highlight the complex relationship between microbiota composition changes

and symptom variation, as well as the microbiota-metabolite axis in IBS patients.
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Chapter 1

Irritable Bowel Syndrome, a

Disorder of Gut Brain

Communication

1.1 Functional Gastrointestinal Disorders

Functional Gastrointestinal Disorders (FGIDs) are de�ned by a group of symptoms

associated with visceral hypersensitivity, motility disturbance, altered mucosal and

immune functioning, altered central nervous system processing, and altered gut mi-

crobiota and are referred to broadly as disorders of the gut-brain axis (Drossman,

2016). It is one of the major groups of disorders in the �eld of Gastroenterology

and is broken down through the biopsychosocial conceptual model for functional gas-

trointestinal disorders. This model explains the potential in
uences of genetics, early

life events, physiological, and psychological factors on the manifestation of FGID

symptoms.

Classi�cation of FGIDs by the ROME foundation is primarily based on symptoms.

Rome IV criteria de�ne 33 adult and 20 pediatric FGIDs, categorized according to

anatomical regions such as esophageal, gastroduodenal, bowel, biliary, and anorectal

disorders. This classi�cation assumes common diagnostic and management features

among these groups. The transition from focusing exclusively on motility disorders
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to a broader understanding of neural gastroenterology and the interactions within the

gut-brain axis has validated FGIDs for patients and healthcare providers alike. This

shift aids in better characterizing these disorders and facilitates further research.

A survey utilizing both internet and household-based methodologies, examined the

global prevalence of FGIDs (Sperber et al., 2021). Functional bowel disorders emerged

as the most prevalent group among gastrointestinal regions, a�ecting 33.4% of internet

participants and 16.0% of household participants. Within this category, functional

constipation stood out as the most prevalent disorder in both internet and household

surveys, with rates of 11.7% and 6.6%, respectively. Other notable disorders included

functional diarrhea, reported at 4.7% (internet) and 1.2% (household), Irritable Bowel

Syndrome (IBS) at 4.1% (internet) and 1.5% (household), and functional abdominal

bloating/distention at 3.5% (internet) and 1.2% (household).

1.2 Irritable Bowel Syndrome

IBS is a bowel disorder under FGIDs characterized by abdominal pain and stool

irregularities (Lacy and Patel, 2017). It is a complex syndrome resulting from a com-

bination of factors relating to motility, visceral hypersensitivity, mucosal immune dys-

regulation, alterations in gut microbiota, and Central Nervous system (CNS){Enteric

Nervous System (ENS) dysregulation.

1.2.1 Prevalence and Burden

In the realm of global health, Canada's alarming 5.8% prevalence of IBS goes beyond

numbers resulting in disrupted lives and economic strain in the landscape. The global

2
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prevalence of IBS is 3.8% (Drossman, 2016). The Quality of Life (QOL) of IBS

patients is severely a�ected in addition to an economic burden. A recent National

Digestive Disorders Prevalence and Impact Study report by the Canadian Digestive

Health Foundation (http://www.cdhf.ca) showed that more than 70% of IBS patients

indicate that their symptoms interfere with their everyday life and 46% report missing

work or school. Furthermore, IBS patients reported that they are willing to give up

25% of their remaining lifespan (approximately 15 years) to live a symptom-free life.

Data from the United States suggests that IBS patients incur an additional medical

cost of about US$2,026 per year. IBS patients tend to visit physicians more often

compared to patients with diabetes, hypertension, and asthma. IBS accounts for 12

to 14% of primary care visits and 8% of gastroenterologist referrals (El-Salhy et al.,

2021).

1.2.2 Diagnosis

Currently, IBS is diagnosed by eliminating the presence of any organic bowel disease

followed by symptom evaluation using ROME criteria for FGIDs (Lacy and Patel,

2017). The last iteration of this process, ROME IV criteria was published in 2016

(Drossman, 2016).

Individuals with symptoms suggestive of IBS are screened for alarming features

such as unexplained weight loss and iron de�ciency anemia, rectal bleeding, nocturnal

diarrhea, symptom onset after age 50, and family history of organic GI diseases

such as cancer, celiac disease, or irritable bowel disease (Chey et al., 2015). In the

absence of any alarm features, patients undergo a series of screening tests such as

complete cell blood count; evaluation of c-reactive protein, calprotectin, and tissue

3
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Transglutaminase Immunoglobulin A (tTg-IgA). On negative results, the patients

then get checked whether they satisfy the ROME IV criteria for IBS along with stool

form consistency evaluation using the Bristol Stool Scale (BSS). Thus, based on the

presentation of symptoms, subtypes are de�ned as follows, Constipation-predominant

IBS (IBS-C) is characterized by more than one-fourth (25%) of bowel movements

with BSS 1 and 2 and less than one-fourth (25%) with BSS 6 and 7. On the other

hand, Diarrhea-predominant IBS (IBS-D) involves more than one-fourth (25%) of

bowel movements with BSS 6-7 and less than one-fourth (25%) with BSS 1-2. IBS

with mixed bowel habits (IBS-M), involves more than one-fourth (25%) of bowel

movements with BSS 1-2 and more than one-fourth (25%) with BSS 6-7.

There are three major categories of risk factors for IBS based on a consensus out-

lined by Enck et al. (2016),

ˆ Personal factors: Incidence is higher in females with an odds ratio of 1.67 and in

individuals below the age of 50, abdominal surgery, history of somatic symptoms like

joint pain and migraine, and abdominal obesity.

ˆ Environmental factors: Gastrointestinal infection, including a history of gastroen-

teritis where individuals who experienced such infections have 7.3 times higher chances

of developing IBS (Lovell and Ford, 2012) and antibiotic use.

ˆ Psychological/Social factors: Stressful life events, anxiety, depression, somatiza-

tion, history of childhood abuse, family history of mental illness, and poor socio-

economic status.

4
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1.2.3 Heterogeneity in IBS

A notable characteristic of FGIDs lies in the manifestation of multiple physiologi-

cal features. The presentation and intensity of these features 
uctuate depending

on bodily location, and symptom duration not only within the same individual over

time but also across di�erent individuals (Drossman, 2016). IBS symptoms occur in

episodes characterized by clusters of 
ares and remissions with their duration and

frequency varying with the subtypes (Weinland et al., 2011). An extensive study

followed 124 IBS patients over a span of 3 months (minimum of 21 consecutive days)

documenting pain levels, bloating (on a scale of 1-10) and bowel movements with BSS.

Notably, the study abstained the participants from concomitant medication, focusing

on understanding the duration of episodes and the co-occurrence patterns of symp-

toms during these episodes. The study showed that an episode lasts for 2 to 4 days

with average durations varying between diarrhea (2.1 days), constipation(4.5 days),

pain (3.1 days) and bloating (3.5 days) (Palsson et al., 2014). Notably, IBS patients

experienced both constipation and diarrhea for signi�cant durations, irrespective of

their subtype, and these abnormal stool days occurred both with and independent of

pain. Interestingly, pain exclusively occurred for longer durations than the combined

abnormal stool days (both diarrhea and constipation). Additionally, 30-45% of the

duration was found to be free from any IBS symptoms in both subtypes.

Long term follow-up has shown changes in symptom levels over time where the

symptoms worsened in 2-18%, improved in 12-3% and remained unaltered in 30-50%

of IBS patients. Beyond 
uctuating symptom levels, IBS patients frequently migrate

from symptoms associated with IBS-D and IBS-C to IBS-M, a phenomenon referred

to as subtype switching (Chey et al., 2015). Although, switching between IBS-C and

5
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IBS-D subtypes is uncommon. Deciphering the rationale behind subtype switching is

challenging, primarily due to the di�culty in understanding the natural progression

of IBS. The mixed bowel pattern could be due to underlying physiological state or

a consequence of treatment strategies. For example, a signi�cant number of IBS-

C patients experience intervals without bowel movements or with only small, hard

stools, followed by phase of multiple stools of varying consistency, which is perceived

as diarrhea. But most of these individuals have IBS-C, characterized by periods

of gradual stool accumulation leading to eventual bowel purging. This shows the

heterogenous nature of multiple symptoms that can occur both together and mutually

exclusively in IBS patients.

1.2.4 Treatment and Management

Since IBS is a symptom-based disorder, treatment strategies are aimed at alleviation

of symptoms like pain, bloating and abnormal bowel symptoms along with lifestyle

modi�cations introducing changes in diet, improving physical activity and stress man-

agement (Lacy et al., 2021). Treatments with moderate to high certainty of evidence

include chloride channel activators and guanylate cyclase activators for IBS-C pa-

tients, Rifaximin for IBS-D patients along with low-dose tricyclic antidepressants,

and selective 5-HydroxyTryptamine 4 (5-HT4) agonists.

Lifestyle modi�cation recommendations include adhering to a low Fermentable

Oligosaccharides Disaccharides Monosaccharides and Polyols(FODMAPs) diet and

avoiding symptom-provoking food items such as dairy products, ca�eine and lentils.

Despite these recommendations, the underlying mechanisms of how these lifestyle

changes precisely manage symptoms are yet to be understood (Black et al., 2022,
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Staudacher et al., 2023, Spiller, 2021).

1.2.5 Pathophysiology

IBS pathophysiology has both central and peripheral factors. While all the symptoms

discussed above occur peripherally, centrally, there is altered processing of signals

from the gut, hypervigilance, and stress (Enck et al., 2016). Additionally, common

psychiatric comorbidities such as anxiety and depression are prevalent, with rates of

39.1% and 28.8% respectively, in patients with IBS (Zamani et al., 2019). Despite

being highly heterogeneous among IBS patients and not always discernible, the most

observed pathophysiology are explained below,

Intestinal Barrier Dysfunction

Morphological changes such as enlarged spaces between epithelial cells and conden-

sation of cytoskeleton due to under-expression of tight junction proteins Claudin 1,

2 and Cingulin have been observed in biopsies of IBSD patients (Gonz�alez-Castro

et al., 2017, Mart��nez et al., 2017).

Low-grade In
ammation

The immune system plays a crucial role in the pathophysiology of IBS which in-

volves the in�ltration of chronic in
ammatory cells, including T lymphocytes and

mast cells, resulting in increased mucosal cell density and reactivity in the small

and large intestines. This leads to elevated levels of histamines, proteases, Beta de-

fensin 2 (HBD2) and calprotectin which induce and sustain low-grade in
ammation
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and alterations in ENS observed in IBS. Increased levels of Interleukin-1� and Tu-

mor necrosis factor from peripheral blood mononuclear cells (PBMCs), anti-
agellin

autoantibodies, and T-Helper cell 2 (Th2) cytokines in the blood re
ect immune

activation (Aguilera-Lizarraga et al., 2022).

Enteric Nervous System Activation

Abnormal neural signaling in IBS arises from immune and endocrine mediators like

histamine, proteases, PUFAs, and serotonin which can be of host and microbial ori-

gin. Spinal nociceptors, which transmit pain signals to the brain, become activated by

mucosal mediators in individuals with visceral hypersensitivity, a trait seen in IBS pa-

tients with heightened sensitivity but not in those with normal sensitivity (Bashashati

et al., 2014). The heightened visceral sensitivity observed in IBS patients is linked to

the activation of Transient receptor potential cation channels- TRPV4 and TRPA1

via Tumor Necrosis Factor (TNF) and PUFAs found in PBMC supernatants and

colonic samples. These e�ects not only impact the function but also the structure of

the Enteric Nervous System (ENS) in the intestinal environment, leading to neuronal

outgrowth and increased levels of nerve growth factors and mucosal neurons. Con-

versely, neurons release Calcitonin gene-related Peptide and Substance P, triggering

mast cell degranulation. These changes set o� a cascade of interconnected e�ects,

involving both neuronal and immune pathways, both centrally and peripherally (Xu

et al., 2020).
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Visceral Hypersensitivity

Visceral hypersensitivity (VH) is de�ned as the intensi�ed perception of physiological

stimuli perceived as altered sensations like pain and discomfort (Simr�en et al., 2018,

Farzaei et al., 2016). Allodynia and hyperalgesia are the two major components of

VH. Hyperalgesia is an increased response to pain-inducing stimulus while allodynia

is stimuli associated to normal gut functions being perceived as pain. Rectal disten-

sion leads to an increased pain perception and discomfort in IBS patients (Ludidi

et al., 2012). Micro RNA regulating 5-HT3 receptor expression levels are found to

be higher in females with IBS-D. Increased density of 5-HT3 receptors in the gut

can cause hyper-contractility and visceral hypersensitivity (Kapeller et al., 2008). An

elevated presence of mast cells and In
ammatory cytokines can stimulate chemosen-

sitive and mechanosensitive neurons namely sensory and distal peripheral a�erents to

cause prolonged visceral sensitization, altered pain threshold and post in
ammatory

hyperalgesia.

Brain and Central Nervous System

Several structural modi�cations have been identi�ed in various areas of brain net-

works in IBS patients resulting in a chronically increased 
ow of viscerosensory infor-

mation from the gut (Mayer et al., 2015). The Emotional Arousal Network (EAN)

determines the magnitude and duration of autonomic modulation of gut functions.

Controlled colorectal distension in IBS patients demonstrated increased activation

and downregulated feedback inhibition of amygdala in EAN. The Hypothalamus-

Pitutary- Adrenalin (HPA) axis mediates the adaptive responses of an organism to

stressors through a negative feedback loop, leading to a cascade of endocrine signals
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starting with corticotropin-releasing factor (hypothalamus), followed by adrenocorti-

cotropic hormone (pituitary gland), leading to the release of cortisol (adrenal glands).

corticotropin-releasing hormone (CRH) is also involved in fear acquisition and extinc-

tion learning. IBS patients experience persistent hypervigilance to symptom related

stressors resulting in inability to distinguish and douse conditioned fear responses

in Central Autonomic Network. This chronic state of stress causes upregulation of

CRH-R1 receptors in hypothalamus and dorsal pontine brainstem nuclei causing HPA

axis sensitization leading to chronic visceral hypersensitivity and anxiety which is a

comorbidity in IBS patients (Labus et al., 2013).

Sensorimotor Network (SN) is involved in the sympathetic control of visceral func-

tion resulting in generation of appropriate motor responses and awareness of body

sensations. There is an observed increase in the cortical thickness, grey matter in

posterior insula and abnormalities in the white matter microstructures in the SN all

correlating with symptom severity scores.

Bile Acid Dysregulation

The enterohepatic system is dysregulated in both IBS diarrhea and constipation pa-

tients. Recirculation of bile acids from ileum to liver is altered resulting in excess bile

acids reaching the colon and resulting in diarrhea. In addition, Fibroblast growth fac-

tor 19 which regulates primary bile acid synthesis through a negative feedback loop

is downregulated resulting in further production of Bile Acid (BA) (Raskov et al.,

2016).
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1.3 Gut Microbiota and Gut-Brain Axis

1.3.1 Gut Microbiota

The human body hosts trillions (103-104) of Bacteria, fungi, archaea, and viruses

localized in the oral cavity, respiratory tract, GI tract, vagina, and skin. These mi-

croorganisms collectively outnumber human cells 10 times and the human genome

150 times (Sender et al., 2016). The extensive ecological system of microbes residing

over 200m2 of mucosa in the GI tract is called the gut microbiota and has co-evolved

to form a symbiotic relationship with the host. The gut microbiota is physically

separated from intestinal tissue by a mucosal barrier comprising columnar epithe-

lium cells, lamina propria, and muscular mucosa and mucus produced by goblet cells

(Raskov et al., 2016, Turner, 2009). The term microbiome refers to the genomic pro-

�le of the microbiota. The initial colonization at birth depends on the mode of birth

and is further shaped by factors such as antibiotic treatment and changes in diet.

Around 2.5-3 years, the microbiota diversity increases, and composition converges

towards an adult-like pro�le. Physiological properties such as chemical, nutritional,

and immunological gradients dictate the nature of microbiota composition along the

GI tract. The small intestine typically harbors rapid-growing, mucus-adhering facul-

tative anaerobes which can survive high levels of oxygen, acids, antimicrobials, and a

short transit time. On the other hand, the colon has slower transit and almost no oxy-

gen letting the anaerobes thrive and utilize all the undigested complex carbohydrates

called Microbiota Accessible Carbohydrates (MACs) coming from the small intestine.

Microbiota diversity and composition also vary among colonic mucosal regions, lumi-

nal content, and feces. Hence implications of microbiota must be interpreted in the
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context of the location or source of the sample (Thursby and Juge, 2017). My thesis

speci�cally focuses on bacteria, so from this point forward, when I mention the terms

gut microbiota, I am referring to the bacterial population in the gut.

The gut microbiota population mainly comprises six phyla namelyBacteroides,

Firmicutes, Actinobacteria, Proteobacteria, Fusobacteria, andVerrucomicrobiia where

the �rst two phyla are the most abundant. Tremendous e�ort has been put into de�n-

ing a healthy core microbiota that can act as a reference in microbiota studies but is

met with challenges like multiple niches present within the GI tract, technical de�cien-

cies in identifying common taxa at lower taxonomic levels, distinguishing functional

aspects contributed exclusively by the microbiome and clearly de�ning stable and

resilient members in a community. Eventually, inter-individual di�erences always

outweigh the similarities or common patterns observed (Sharon et al., 2022).

Gut microbiota is shaped by selective pressures from the host and the environment.

Diet is a major factor shaping the microbiota which in turn is largely limited by its

capacity for nutrient utilization. The impact of an unbalanced diet such as a high-

sugar, high-fat, or high-salt diet is the loss of microbial diversity and overgrowth

of bacteria capable of consuming the macronutrient. Apart from diet, environmental

factors such as antibiotic usage, geographic location, rural or urban lifestyle, smoking,

early life events, living arrangements, history of surgery, etc. are implicated in shaping

the microbiota (Vujkovic-Cvijin et al., 2020, Thursby and Juge, 2017).

1.3.2 Gut-Brain Axis

The gut-brain axis is a complex bidirectional communication network between the

CNS, Autonomic Nervous System (ANS), HPA axis, and immune system connecting
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the emotional and cognitive areas of the brain to peripheral organs. It monitors phys-

iological homeostasis by maintaining intestinal functions such as intestinal permeabil-

ity, enteric re
ex, enteroendocrine signaling, and immune activation. Additionally,

it regulates visceral pain, appetite, and mood. The complexity arises from the fact

that each of these systems can interact with and regulate each other, resulting in

system-level physiological changes.

The sympathetic and parasympathetic systems of the ANS relay signals from the

gut lumen to the CNS through enteric, vagal, and spinal pathways (Rao and Gershon,

2016). The vagus nerve is a key component of the parasympathetic branch of the ANS,

containing 80% a�erent neurons conveying visceral, somatic, taste sensations, and

stress responses, and 20% e�erent neurons regulating secretory and motor functions

in the gut. The Enteric Nervous System is the most complex unit of the ANS, with

a network of approximately 500 million neurons encompassing the entire GI tract,

capable of functioning autonomously. Rightly referred to as the second brain, the ENS

can produce about 30 di�erent neurotransmitters, contributing to the body's 90%

serotonin and 50% dopamine production. It facilitates the motor, sensory, absorptive,

and secretory functions of the gastrointestinal tract through its intrinsic primary

a�erent, internal, motor neurons, and an array of chemo and mechanoreceptors.

The GI tract is laden with immune cells such as lymphocytes, mast cells, and

macrophages maintaining a strong boundary from the outside world at the mucosal

surface (Raskov et al., 2016). The pattern recognition receptors maintain an immuno-

logical archive that distinguishes symbionts from pathogens among the gut microbiota

population. In
ammation response to tight junction and barrier permeability status

is regulated by lymphocytes and muscular macrophages through pro-in
ammatory
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cytokines and mast cells through histamines and proteases. The HPA axis mediates

the adaptive responses of an organism to stressors through a negative feedback loop,

leading to a cascade of endocrine signals starting with corticotropin-releasing factor

(hypothalamus), followed by adrenocorticotropic hormone (pituitary gland), leading

to the release of cortisol (adrenal glands).

Therefore, the neural and hormonal pathways of communication converge allowing

the brain to in
uence the intestinal functional e�ector cells (epithelial cells, enteric

neurons, smooth muscle cells, interstitial cells of Cajal, enterochroma�n cells, and im-

mune cells) and vice-versa. The gut microbiota majorly in
uences the gut-brain axis

as it can interact with all the above systems via neural, hormonal, and immunological

signaling.

1.3.3 Implications of Gut Microbiota in Health

The microbiota imparts physiologic e�ects such as colonization resistance against

pathogens, development of intestinal mucosa, and training of the immune system

alongside the large genomic content of microbiota that contributes to numerous ben-

e�cial functions to the host (Thursby and Juge, 2017). Germ-free animal models

have greatly helped in understanding the contribution of microbiota in establishing

homeostasis. Epithelial cell turnover and expansion of Clusters of Di�erentiation 4

(CD4+) T-cell populations is impaired in germ-free mice. Moreover, these de�ciencies

are reversed on exposure to the gut microbiota population. Colonization of the GI

tract by a symbiotic consortium provides colonization resistance against pathogens

by competing for nutrients, attachment sites, and producing antimicrobials. Colonic
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bacteria ferment MACs to produce SCFAs propionate, acetate, and butyrate typi-

cally in the ratio of 1:1:3. Short Chain Fatty Acids (SCFAs) in
uence di�erentiation,

proliferation, gene expression, apoptosis, and chemotaxis in epithelial cells. Several

essential vitamins like vitamin B12, and folate are produced exclusively by Lactic

acid bacteria and bi�dobacteria respectively. Other vitamins contributed by the mi-

crobiota are Vitamin K, ribo
avin, biotin, nicotinic acid, panthenoic acid, pyridoxine,

and thiamine. Bacteria in the colon biotransform bile acids that are not reabsorbed

into secondary bile acids.

1.4 Is IBS a microbiota-gut-brain axis disorder?

Most of the pathophysiology observed in IBS arises from reciprocal signaling among

neural, immune, and epithelial cells, stimulated by extrinsic factors such as diet,

microbiota, and stress, although it remains unclear whether alterations in gut func-

tioning or brain abnormalities are the initiating factors. The highly dynamic nature of

gut microbiota, in
uencing both intestinal physiology and individual behavior, makes

it a key factor in IBS, where disruption of symbiosis between microbiota and the hu-

man host, termed 'dysbiosis,' is considered responsible for initiating and maintaining

the condition in the majority of patients.

Perturbation of previously stable microbiota in healthy adult mice resulted in

changes in Brain-Derived Neurotrophic Factor (BDNF) levels in the hippocampus and

amygdala, along with alterations in behavior (Bercik et al., 2011). Transplantation of

fecal microbiota from IBS-D patients led to faster gastrointestinal transit, intestinal

barrier dysfunction, innate immune activation, and anxiety-like behavior in germ-free

mice(De Palma et al., 2017). Moreover, IBS patients who responded to cognitive
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behavioral therapy exhibited structural changes in regions of the brain associated

with sensorimotor function, salience, and emotion regulation, along with increased

white matter in the basal ganglia and anterior thalamic regions. Eleven genera of

microbiota present before treatment were predictive of treatment response, suggesting

a microbiota-gut-brain axis disorder in IBS that requires addressing both microbiota

and brain aspects, though the direction of causality remains unknown (Jacobs et al.,

2021).

Despite mounting evidence indicating alterations in gut microbiota composition

in IBS, identifying speci�c bacteria involved in symptom generation has been chal-

lenging. A systematic review of 24 clinical studies exploring alterations in gut micro-

biota composition in IBS patients identi�ed consistent di�erences, such as increased

Bacteroidesand decreasedBi�dobacterium and Fecalibacteriumcompared to control

groups, with no di�erences observed among IBS subtypes (Pittayanon et al., 2019).

Since the functional pro�le of microbiota has shown better di�erentiating capacity

than compositional pro�le, it has been widely explored in IBS patients using multi-

omics data and lifestyle factors such as diet, employing machine learning techniques

to identify the possible role of microbiota in IBS. A study by Je�ery et al., com-

bining 16S ribosomal RNA (rRNA) sequencing, shotgun metagenomics, fecal and

urine metabolomics, and dietary analysis of IBS patients, found no di�erences in fe-

cal microbiota composition (Je�ery et al., 2020). However, di�erences were found in

diet-associated metabolites, with �ber-rich foods associated with healthy controls and

processed high-glycemic index foods associated with IBS patients. Further analysis

suggested a possible di�erential utilization of protein among IBS patients and healthy

controls.
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In a comprehensive study, 942 IBS patients were meticulously matched to non-

IBS controls, addressing variations in dairy, protein, greens, and salt intake, as well

as age, sex, Body Mass Index (BMI), and geographical location among di�erent IBS

subtypes. This deeply phenotyped case-control matching approach revealed distinct

compositional and functional di�erences in the microbiota between IBS-C and IBS-D

subtypes. Speci�cally, the study observed a decrease inBi�dobacterium abundance

and an increase inProteus, which are linked to the production of short-chain fatty

acids and neurodegeneration, respectively. Additionally, the study identi�ed 20 path-

ways associated with IBS patients experiencing depression (Su et al., 2023).

Another study investigating the response of IBS patients to a low FODMAP diet

identi�ed distinct microbiota signatures separating patients into two clusters: one

which exhibited lower bacterial diversity, depletion of commensal species likeBac-

teroidetes, and enrichment of pathogenicFirmicutes like Clostridium di�cile, Paeni-

clostridium sordellii, Clostridium perfringens, and Streptococcus anginosus, while the

second which resembled the microbiota composition of healthy controls. Amino acid

biosynthesis and carbohydrate metabolism were the major functional categories dis-

tinguishing the clusters. Although 75% of IBS cases showed improvement on a low

FODMAP diet, cases with pathogenic microbiomes experienced greater symptom

relief compared to cases with healthy microbiomes, suggesting role of pathogenic

mechanisms in IBS (Vervier et al., 2023).

One aspect overlooked in the aforementioned studies is the irregular occurrence

of IBS episodes and whether patients experienced symptom 
ares during the study

sampling. Additionally, these studies did not investigate whether symptom severity

has any associations with microbiota composition. In a study by Mars et al., 77
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IBS patients provided six stool samples each over six months, with an additional

sample taken during self-identi�ed symptom 
ares. Longitudinal sampling revealed

altered metabolites like tryptamine, hypoxanthine, and primary bile acids among IBS

subtypes, but only a subset of 
are samples exhibited distinct microbiota composition

or metabolites (Mars et al., 2020). Another study, grouping IBS patients by symptom

severity, found no di�erences in macronutrient or micronutrient consumption among

the groups or subtypes (Tap et al., 2021).

Studies have found that reducing fermentable carbohydrate intake alleviated ab-

dominal pain in IBS patients, accompanied by changes in gut microbiota and de-

creased urinary histamine levels. Germ-free mice colonized with fecal microbiota

from high histamine-producing IBS patients demonstrated that histamine from spe-

ci�c gut bacteria contributes to visceral hypersensitivity, suggesting potential ther-

apeutic strategies targeting bacterial histamine to treat chronic abdominal pain in

certain IBS patients (McIntosh et al., 2017, De Palma et al., 2022).

Germ-free mouse models when monocolonized withRuminococcus gnavus, devel-

oped IBS like symptoms by increasing peripheral serotonin (5-HT) production. Ad-

ditionally, Ruminococcus gnavuspromoted the conversion of phenylalanine and tryp-

tophan into phenethylamine and tryptamine, respectively, which in turn stimulated

5-HT production in intestinal cells through the activation of trace amine-associated

receptor (TAAR1) (Zhai et al., 2023a). Further tryptamine and phenethylamine, are

both implicated in insulin resistance. The catabolism of dietary amino acids byRu-

minococcus gnavusimpairs insulin sensitivity through the TAAR1-MAPK signaling

pathway, contributing to insulin resistance in gut dysbiosis-associated conditions like

IBS and Type 2 Diabetes (T2D) (Zhai et al., 2023b).
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1.5 Hypothesis and Aims

Despite signi�cant research e�orts aimed at understanding the pathophysiology of

IBS, several knowledge gaps persist, such as comprehending irregular episodes and

identifying speci�c bacterial taxa responsible for symptom generation. Additionally,

there is a need to discern changes in bacterial taxa relative to varying symptom levels.

An approach to addressing these challenges involves evaluating IBS symptom levels

alongside changes in gut microbiota composition and metabolites.

Longitudinal sampling in IBS patients, as suggested by several studies, can help

control the large heterogeneity observed in IBS patients. This integrated approach

holds promise for elucidating whether gut microbiota contribute to the exacerbation

of IBS symptoms. Therefore we hypothesize that,

\ Temporal changes in gut microbiota composition and/or metabolism

drive the symptoms of IBS "

Speci�c aims

1. Identify the patterns of co-occurring symptoms and their progression during 
ares

and remission among the subtypes of IBS.

2. To assess whether changes microbiota composition/taxa are associated with changes

in symptoms in individual subjects.

3. Identify speci�c microbiota taxa and metabolites associated with varying symptom

levels.
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Chapter 2

Methods

2.1 Study design

This study was a single-center, prospective, and observational study. The study was

approved by the Hamilton Research Ethics Board (HiREB# 11-445) and took place

at McMaster University Medical Center in Hamilton, Canada. IBS patients attending

McMaster University Digestive Disease Clinic between June 2012 and June 2015 were

recruited.

2.1.1 Inclusion criteria

Inclusion criteria for study participation included: Individuals aged between 18 and 70

years old, diagnosed with diarrhea-predominant IBS or constipation-predominant IBS

according to Rome III criteria, who were able to comply with the study procedures,

as assessed by the investigator.

2.1.2 Exclusion criteria

Exclusion criteria for study participation included: Concurrent systemic diseases or

laboratory abnormalities posing risks to data collection; concurrent organic gastroin-

testinal pathology, excluding benign conditions; history of attempted suicide or being

at risk of suicide; psychiatric diagnoses other than anxiety or depression, particularly
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severe cases with a HAD score of 15 and above; daily therapeutic doses of antidepres-

sants and/or anxiolytics, though stable subtherapeutic doses of tricyclic antidepres-

sants were allowed; history of active cancer within the last �ve years, except for basal

cell skin cancer; pregnancy or breastfeeding without adequate birth control measures;

dementia or unwillingness to comply with the protocol; alcohol and/or drug abuse;

current or recent participation in another trial within one month prior to enrollment;

lactose and fructose intolerance without a stable diet; celiac disease; recent antibiotic

use within the past three months; abdominal surgery, excluding speci�c procedures;

and use of speci�c analgesics or medications not permitted by the protocol, such as

morphine, codeine, antidiarrheals, antispasmodics, or laxatives.

Patients were allowed to continue their prescribed medication, which was recorded

at the beginning of the study. Any changes in medication during the study were re-

ported weekly. Rescue medication for severe worsening of IBS symptoms was provided

under study physician's prescription. Patients were asked to refrain from using com-

mercial probiotic preparations during the study. Subtherapeutic doses of tricyclic

antidepressants and stable doses of benzodiazepines were permitted if the dose had

been stable for> 3 months.

2.2 Data collection

2.2.1 Symptom questionnaires

All eligible participants who provided consent underwent a comprehensive assessment

process, encompassing the collection of background information such as demograph-

ics, medical history, medications, allergies, and BMI. Participants completed validated
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questionnaires, including the Birmingham IBS Stool Scale, Bristol Stool Scale, Hospi-

tal Anxiety and Depression Scale, State-Trait Anxiety Inventory, and Patient Health

Questionnaire 15 { Somatization weekly over a 25-week period (6 months). These

assessments aimed to evaluate IBS symptoms, bowel habits, anxiety, depression, anx-

iety traits, and somatic symptoms [Table 1]. Participants were provided with iPads

equipped with internet service to complete electronic versions of the questionnaires

via the study website. The study website was accessible through a combination of

MyOSCAR (Personal Health Record, http://myoscar.org/) hosted by McMaster Uni-

versity's Department of Family Medicine and OSCAR (Electronic Medical Record),

which had undergone security and privacy audits and was OntarioMD certi�ed.

2.2.2 Stool sample collection

The patients submitted their stool samples weekly, within 24 hours of completing the

questionnaires. Each patient received a kit containing a single 50-ml sterile vial with

an air-tight sachet, an Oxoid Anaerobic kit, and a cooling pad. They were instructed

to transfer several grams of feces into the vial, leaving the lid slightly loose, then place

the vial into the airtight sachet. After tearing open the Oxoid sachet, they placed

it into the airtight sachet and sealed it, ensuring better preservation of anaerobic

bacteria. These samples were transported on the cooling pad, pre-frozen, to McMaster

University within six hours of defecation. In the laboratory, a portion of the stool

sample was transferred into 2-ml cryovials and snap-frozen using liquid nitrogen for

molecular and in
ammatory marker analysis, respectively. The remaining portion

was transferred into a 5 ml cryovial, mixed with a corresponding amount of Ringer-

cysteine solution with 10% glycerol, and stored in a -80ºC freezer.
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Table 2.1: Symptom questionnaires

Questionnaire Clinical relevance
Symptoms
evaluated

Total
score

Interpretation Reference

Birmingham
IBS stool scale

A self-administered
14-item symptom
questionnaire
measuring
symptoms of IBS

Constipation (Hard
bowel motions,
straining,
constipation)

Diarrhea (Loose,
watery stools
Diarrhea Leaked
or soiled, urgency,
mucus or slime)

Pain (Pain, Pain
after eating,
sleep problem)

11*5= 55

< 18: Normal

19 to 36: Borderline

> 37: Signi�cant

(Roalfe et al., 2008)

Bristol stool scale

A scale to identify
the form of stool and
a guide to intestinal
transit time

Number of bowel
movements and
form or appearance
of stool.

Types
identi�ed
by
numbers
1 to 7

1 and 2: Constipation

6 and 7: Diarrhea

3, 4 and 5: Normal

(Lewis and Heaton, 1997)

Hospital Anxiety
and Depression
Scale

Two questionnaires
evaluating the
state of anxiety
and depression

Statements relevant
to either
generalized anxiety
or depression

21

< 7: Normal

8 to 10: Borderline

> 11: Signi�cant

(Zigmond and Snaith, 1983)

State Trait
Anxiety Inventory

Based on the
importance of
distinguishing
between anxiety
as an emotional
state and individual
di�erences in anxiety
as a personality trait.

Consists of two
20-item scales

Statements
evaluating intensity
of anxiety as an
emotional state
(S-Anxiety) and
individual di�erences
inanxiety proneness
as a personality trait
(T-Anxiety)

80 > 40: Signi�cant (Beckler, 2010)

Patient Health
Questionnaire 15
- Somatization

Evaluates recurrent
and multiple medical
symptoms with no
discernible organic
cause.

13 symptoms such as
fainting spells,
pounding heart and
chest pain are
rated based on severity

30

> 5: Normal

6 to 14: Borderline

< 15: Severe

(Kocavalent, 2013)

2.2.3 Microbiota 16S rRNA sequencing

DNA exraction from stool samples and sequencing was carried out at Mobix labo-

ratory, McMaster university and University of Waterloo with the de�ned protocols

(Whelan and Surette, 2017). The V3-V4 region of the 16S rRNA gene in total genomic

DNA extracted from the fecal samples was ampli�ed by Illumina sequencing using

CCTACGGGAGGCAGCAG and GGACTACHVGGGTWTCTAAT as forward and
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reverse primers (Bartram et al., 2011). The reads were processed and visualized in

R (version 4.2.1) using the using Divisive Amplicon Denoising Amplicon 2 (Callahan

et al., 2016, R Core Team, 2023). Raw sequencing reads were quality-�ltered and

trimmed to remove low-quality bases and adapter sequences using cutadapt (Martin,

2011). Chimeric sequences were removed from either forward or reverse reads to en-

sure data accuracy . This process was individually performed for the 5 sequencing runs

and merged eventually. Processed reads were clustered into Amplicon Sequence Vari-

ants (ASVs) based on sequence similarity using Naive Bayesian Ribosomal Database

Project classi�er (version 2.14) (Wang et al., 2007). Taxonomic assignment was per-

formed by comparing representative sequences of OTUs against SILVA SSU 138.1

training set (2020) at genus level (Quast et al., 2013). The minimum and maximum

number of reads per sample was 807 and 117,399 respectively. In total, there were

22,218,048 reads in the dataset with an average of 24,415 reads per sample. The anno-

tated sequence IDs, their respective counts and associated metadata were combined

into a phyloseq object for further analysis after �ltering and pruning of sequences for

quality control (McMurdie and Holmes, 2013).

2.2.4 In
ammatory markers quanti�cation

Stool levels of Human Beta Defensin 2 and Calprotectin were quanti�ed using ELISA

kits (Immunodiagnostik-K6500, Bensheim, Germany, and BIOHIT HealthCare Cal-

protectin ELISA, 602260, Ellesmere Port, UK, respectively), following the manufac-

turer's instructions.
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2.2.5 Stool sample processing for Metabolomics

Samples were transferred to 2 mL cryovials and snap-frozen with liquid nitrogen be-

fore storage at -80°C until further processing. To avoid freeze-thaw cycling, punches of

frozen samples were taken for metabolomic analysis. Frozen samples were lyophilized

for 24 hours at room temperature, with Kimwipes secured over the vial openings. The

lyophilized samples were then homogenized by vortexing and accurately weighed ( 15

mg) into 1.5 mL microcentrifuge tubes. A pooled quality control (QC) sample was

also prepared by transferring stool from each pooled subgroup sample into a clean

vial. These samples were homogenized, weighed, and extracted, with additional steps

including the addition of stable-isotope glucose analog and doubling the concentra-

tions of internal standards. Prior to analysis, all stool extracts were sedimented to

ensure no residual particulates were suspended in the extracts.

Metabolomic analyses were conducted using an Agilent G7100 capillary elec-

trophoresis system coupled with a high-resolution time-of-
ight mass spectrometer.

Separation was achieved using two di�erent bu�er conditions on an open-tubular

fused-silica capillary. Sample injection was done in a 13-plug serial format to en-

hance throughput, with individual samples and a single quality control analyzed in

a randomized sequence. Hydrodynamic and electrokinetic injections were utilized

for optimal zonal separation of metabolites. Raw data were processed using Mass

Hunter Workstation Software, with molecular features extracted based on accurate

mass. Peak areas and migration times were normalized to internal standards, and

data matrices were generated after removing metabolites with poor technical precision

and low frequency of detection (Shanmuganathan et al., 2021a,b).
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2.3 Data analysis and visualization

2.3.1 Clinical data mining and clustering

Multiple Factor Analysis (MFA) was conducted as an extension of Principal Compo-

nent Analysis (PCA). This method accommodates multiple variables of diverse data

types organized into groups, facilitating the assessment of similarity among sam-

ples concerning the entire set of variables and the relationship between them. The

variability within the data is consolidated into dimensions, analogous to principal

components in PCA. FactoMineR package was utilized for performing MFA to dif-

ferentiate between subjects or groups of subjects based on their symptoms (Lê et al.,

2008).

2.3.2 Hierarchical clustering

The clustering tendency of the data was evaluated using average silhouette score and

within-cluster inertia gain for the �rst 9 components from MFA accounting for 90%

variation in the data (Pina et al., 2020). The optimal number of clusters based on

average silhouette score was determined using fviznbclust function in the factoextra

package (version 1.0.7) (Kassambara, 2017). The sum of the within-cluster inertia

was calculated for each partition. The absolute loss of inertia (i(cluster n) - i(cluster

n+1)) was plotted along with the tree. The optimim number of clusters was deter-

mined based on the lowest inertia, followed by re�nement through k-means clustering.

Once the number of clusters are determined, agglomerative hierarchical clustering was

performed using the HCPC function of the FactoMineR package (Lê et al., 2008).The

resulting clusters were visualized using factoextra::fvizcluster (Kassambara, 2017).
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The clusters were further validated for stability and goodness based on silhouette

score of each cluster calculated using silhouette function in cluster package (version

2.1.6) (Maechler et al., 2023).

2.3.3 Microbiota analysis and visualization

Initially, unclassi�ed and chloroplast OTUs were removed, followed by the identi�-

cation and elimination of OTUs assigned to mitochondria. Subsequently, samples

with less than 1000 reads were �ltered out, along with singletons (OTUs with only

one read count). Further re�nement included �ltering OTUs with less than 3 reads

in over 10% of the samples. Filtering was also performed on an individual level to

remove both low count and low variance reads. Filtering based on taxa prevalence

within subjects retained ASVs present in at least 25% of samples within each sub-

ject. Furthermore, another criterion focused on taxa presence across a minimum

number of subjects, retaining ASVs present in at least 4 subjects (10% of the total).

The �nal phyloseq object contained 910 samples with 174 ASVs at genus level. The

microbiota diversity and composition was extensively analyzed and visualized with

the help of a series of R packages such as phyloseq (McMurdie and Holmes, 2013),

microbiome (Lahti and Shetty, 2017), microbiomeutilities (Shetty and Lahti, 2022),

and microviz (Barnett et al., 2021). ASV counts were transformed wherever required

for assessing diversity metrics to understand community structure, followed by iden-

tifying altered taxa using mixed e�ect models. The di�erential abundance of taxa

at the genus level was analyzed using negative binomial mixed models implemented

through the glmmTMB package (Magnusson et al., 2017). Absolute counts of taxa

were modeled to detect variations between IBS-D and IBS-C groups, in comparison
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to healthy controls. Additionally, di�erences among clusters within the IBS-D and

IBS-C groups were examined. Age, gender, and total read count were included as

�xed e�ects. Patient ID and sequencing batch were treated as random e�ects to ac-

count for individual variability and batch e�ects, respectively. Statistical di�erences

between groups were assessed using estimated marginal means and custom contrasts,

using emmeans package (version 1.10.2.090002) in R (Lenth, 2024). The�Sid�ak cor-

rection was subsequently applied to adjust for multiple comparisons, maintaining a

signi�cance threshold of p< 0.1.

2.3.4 Procrustes analysis

Procrustes analysis was conducted on the symptom pro�le and microbiota composi-

tion pro�les of each subject, based on the approach outlined by Jhonson et al (Johnson

et al., 2019). Atchison distances (centered-log-ratio transformed euclidean distances)

representing the beta diversity of microbiota, and log-transformed Euclidean dis-

tances of symptom data were calculated. Subsequently, principal coordinate analysis

(PCoA) was applied to both the microbiota and symptom distances. Procrustes anal-

ysis was then utilized to evaluate the congruence between the PCoA results of the

two datasets using protest function in vegan package (version 2.6-6.1) in R (Oksa-

nen et al., 2024). Eigenvalues were computed to depict the variance explained by

each principal component. The resulting data were organized for visualization, with

points plotted on a graph depicting the PCoA outcomes, color-coded by data type

(microbiota or symptoms).
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2.3.5 Metabolomics data pre-processing

Each metabolite in the dataset underwent annotation based on its mode of detection,

accurate mass, and tentative identi�cation, to ensure the analysis's robustness. The

compounds that demonstrated adequate technical precision, with coe�cients of vari-

ation (CV) below 40% and detection frequencies exceeding 70% were retained in the

dataset. Peak areas and migration times for all features and internal standards were

normalized to internal standard Cl-Tyr or NMS to derive relative peak area (RPA)

and relative migration time (RMT) for positive and negative mode detection, respec-

tively. To address missing data input attributed to matrix interferences, a random

forest method was employed, and non-detected missing values were substituted using

quantile regression imputation of left-censored data (Wei et al., 2018). Additionally,

relative peak area values were normalized to dry weight to alleviate variations in stool

water content across samples. This will help correct for variations in hydration/stool

consistency especially for IBS-D and IBS-C stools.

2.3.6 Di�erential metabolites and pathways enrichment anal-

ysis

The di�erential abundance of metabolites was analyzed using linear mixed e�ect mod-

els implemented through the lme4 package (Bates et al., 2015). log transformed RPA

values of metabolites were modeled to detect variations between IBS-D and IBS-C

groups, in comparison to healthy controls. Additionally, di�erences among clusters

within the IBS-D and IBS-C groups were examined. Age and gender were included as

�xed e�ects. Patient ID was treated as a random e�ect to account for individual vari-

ability. Statistical di�erences between groups were assessed using estimated marginal
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means and custom contrasts, using emmeans package (version 1.10.2.090002) in R

(Lenth, 2024). The �Sid�ak correction was subsequently applied to adjust for multiple

comparisons, maintaining a signi�cance threshold of p< 0.1. MetaboAnalyst [version

6.0], a web-based tool, was employed to explore and analyze associations between

phenotypes and metabolomics features, while considering additional experimental

factors or covariates (Lu et al., 2023). It utilizes general linear models tailored for

contemporary epidemiological studies and provides visualization tools such as PCA

and heatmaps for exploratory analysis. Furthermore, metabolite set enrichment anal-

ysis (MSEA) was conducted to identify signi�cantly altered pathways, utilizing hu-

man metabolite data from the Small Molecule Pathway Database (SMPDB) as the

reference metabolite set (Jewison et al., 2014, Xia et al., 2009).

2.3.7 Microbiota-Metabolome integrated biomarker analysis

We utilized Data Integration Analysis for Biomarker Discovery using Latent cOmpo-

nents (DIABLO), a method introduced by Ra�q et al. (2023) and Singh et al. (2019).

DIABLO, a supervised learning approach based on partial least squares (PLS), in-

corporates sparse Generalized Canonical Correlation Analysis (sGCCA) to optimize

covariance between linear combinations of variables (latent component scores) and a

response variable. Centered-log-ratio transformed taxa counts and log transformed

RPA values of metabolites were used for the analysis. Before data integration, indi-

vidual sparse-PLS-discriminant analysis (sPLS-DA) was performed to identify major

sources of variation in each dataset. Loading plots illustrate the contribution of vari-

ables (such as genes or metabolites) to the di�erentiation between sample groups in
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the latent component space, aiding in the identi�cation of in
uential variables. Addi-

tionally, correlation circles and networks were utilized for visualizing and identifying

associations and potential interactions among di�erent types of omics data.
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Chapter 3

Results and Discussion

3.1 Symptom Co-occurrence and Progression in

IBS Subtypes during Flares and Remission

3.1.1 Study cohort overview

This is a longitudinal prospective observational study that enrolled 20 participants

with IBS-D, 8 with IBS-C, and 10 healthy controls, recruited based on Rome III

criteria. Over a period of 6 months (25 weeks), each participant documented their

symptoms and provided stool samples on a weekly basis. Consequently, the number

of samples totaled 224 in the Healthy Controls group, 470 in the IBS-D group, and

220 in the IBS-C group, resulting in a combined total of 914 stool samples for the

study. On average, each participant contributed 22 samples among Healthy Controls,

23 among IBS-D, and 27 among IBS-C (Figure 1A). Demographic details of the cohort

are presented in Figure 1B.

The symptom questionnaires submitted by the participants were matched with

the stool sample collection date. Data compilation and cleaning exhibited a 10% rate

of missing entries. Scores were interpreted using the respective scales of validated

questionnaires, as outlined in Table 2 and symptoms were categorized as normal,

borderline, or signi�cant. Given the variability in symptom presentation in IBS, our

objective was to assess this heterogeneity within our cohort and ascertain the presence

32
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Figure 1: Cohort Description (Caption on next page)
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(Figure on previous page) Figure 1- Cohort Description: (A) Sample Distribution
Map: Distribution of symptom data and the number of samples collected from each
subject over the study duration. Samples selected for 16S rRNA sequencing and
metabolite pro�ling are indicated. (B) Demographic characteristics of study partici-
pants: Di�erences among groups were assessed using the Wilcoxon rank sum test. No
signi�cant di�erences were observed based on age, sex, ethnicity, smoking status, or
alcohol consumption. BMI was signi�cantly di�erent between HC and IBS subjects
(p=0.02) (IBS-D and IBS-C combined.)

of IBS episodes in our participants. Figure 2A illustrates the proportional occurrence

of major symptoms among the IBS subtypes in our cohort. Notably, both IBS-D

and IBS-C subjects exhibited varying levels of borderline and signi�cant symptoms

throughout the study, with IBS-C subjects experiencing signi�cant symptoms for

longer durations. Interestingly, both subtypes also had periods where they did not

experience any symptoms, accounting for almost 50% or more of the study duration,

highlighting the episodic nature of IBS.

3.1.2 Clustering of samples using Multiple Factor Analysis

Our next goal was to separate samples associated to symptom episodes from asymp-

tomatic periods among subjects in our cohort using Multiple Factor Analysis (MFA).

Clinical scores gathered from the questionnaires were separated into quantitative and

qualitative variables, organized into groups for factorization (Figure 3).
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Figure 2: Interpretation of symptom evaluation questionnaires: (A) Percentage of
weeks with normal, borderline, and signi�cant levels of IBS and mood symptoms
among the study groups (HC, IBS-D, and IBS-C) over the study period, as determined
by the respective symptom questionnaires. (B) Classi�cation of samples based on the
Bristol Stool Scale.
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IBS symptoms measured consisted of pain, diarrhea, constipation scores, and fre-

quency of bowel movements. Mood symptoms measured included Hospital Anxiety

and Depression scores, Somatization (PHQ15), and State Anxiety Inventory. Subjects

were categorized based on age as above and below 50 , as age over 50 is a risk factor

for IBS. Bristol Stool Scale was used to classify all samples from a speci�c subject

as either normal stools (scores 3, 4, 5), Diarrhea stools (scores 6 and 7), and Consti-

pation stools (scores 1 and 2) (Figure 2B). Through this approach, we successfully

captured changes in bowel habits, such as alternation between diarrhea and consti-

pation, in our cohort, irrespective of the IBS subtype. Hence, our grouping of stool

form is justi�ed. Beta Defensin-2 and Calprotectin data were excluded from MFA,

as they did not exhibit signi�cant di�erences among the groups. All the aforemen-

tioned variables within their respective groups were considered active variables and

utilized in the data factorization process. IBS subtypes and subjects were designated

as supplementary variables, thus not part of the factorization but projected onto the

active space after factorization to derive approximate statistics (Figure 3).

Figure 4A illustrates the dimensions explaining the variance in the data. Dim 1

contributes to 17.9%, and Dim 2 contributes to 11.5% of the variance in the data.

There are a total of 16 dimensions, with the �rst 10 accounting for 90% of the vari-

ance. Figure 4B illustrates the representation of variable groups among the �rst two

dimensions. The variable groups contribute to the dimensions in the following or-

der: Bristol stool scale, followed by IBS and mood symptoms to Dim 1, and Gender,

followed by age and immune markers to Dim 2.
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Figure 3: Multiple Factor Analysis of clinical variables: IBS symptoms, mood symp-
toms, and immune markers consist of respective symptom scores, which are continuous
variables. Age, gender, Bristol Stool Scale, IBS subtype, and subject are categorical
variables. IBS subtype and subject are treated as supplementary variables and are not
included in the factorization. HADA: Hospital Anxiety and depression scale-Anxiety
score; HADD:Hospital Anxiety and depression scale-Depression score; PHQ15- Som-
atization; STAY: State Trait Inventory- Anxiety score.

The supplementary variables are also shown in Figure 4B. If `Subject' had been

included for factorization, it would have explained the maximum variation in Dim1.

This between individual variation will be accounted for in all subsequent statistical

analysis as a random e�ect using mixed e�ect models thus allowing for the analysis

of repeated measurements while controlling for the correlation between observations

from the same subject.

Figure 4C and 4D depict the contribution of each continuous and categorical symp-

tom score/category. Pain, among IBS symptoms, and somatization and depression,

among mood symptoms, are the continuous variables with the highest in
uence on
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Figure 4: Contribution of variable groups to data factorization(Caption on next
page)
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(Figure on previous page) Figure 4: Contribution of variable groups to data factor-
ization: (A) Eigenvalues of dimensions resulting from MFA. (B) Contribution of vari-
able groups to the �rst two dimensions, accounting for 29.4% of the variation in the
data. Only active variables involved in factorization are shown. (C) Correlation plot
showing correlations among continuous variables involved in factorization. The direc-
tion and extent of symptoms indicate their correlation/contribution to the respective
dimension. Positively correlated variables are in the same quadrant, negatively corre-
lated variables are in the opposite quadrant, while variables in the adjacent quadrants
have no correlation. (D) Categorical variables involved in factorization. Figures (B),
(C) and (D) can be interpreted in conjunction. HADA: Hospital Anxiety and depres-
sion scale-Anxiety score; HADD:Hospital Anxiety and depression scale-Depression
score; PHQ15- Somatization; STAY: State Trait Inventory- Anxiety score.

the factorization. Additionally, Figure 4C illustrates correlations among the symptom

scores indicating IBS and Mood symptoms are positively correlated.

In Figure 4D, the normal, diarrhea and constipation stools of healthy controls

and IBS subtypes are distinctly separated, along with age and gender. Samples with

similar pro�les are close to each other on the factor map. Figures 4B, 4C, and 4D

can be interpreted in conjunction. Considering the directionality of IBS and mood

symptoms in Figure 4C, quadrants I and IV in Figure 4D represent the symptomatic

region, while quadrants II and III are the asymptomatic regions. The distribution

of samples in Figure 4D indicates that all healthy samples lie in the asymptomatic

region, whereas all IBS-C samples reside in the symptomatic region. IBS-D samples

are distributed between the two, suggesting that IBS-D subjects experience changes

in symptoms during 
are and remission, whereas IBS-C subjects do not. Additionally,

males and patients below the age of 50 appear to be more asymptomatic compared

to females and patients above the age of 50.

Following MFA, the samples were separated into clusters using Hierarchical Clus-

tering on Principal Components (HCPC). The �rst 9 dimensions accounting for 90%
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variance are included to compute the clusters (Figure 3B). A good separation model

with optimum number of clusters was determined using average silhouette width and

inertia gain (Figure 5A, 5B) . Figure 5A shows that the average silhouette width

reached the highest when data was separated in 10 clusters. In Figure 5B, X-axis

represents number of clusters and Y-axis is represents inertia between the clusters.

The inertia drops sharply when the samples are grouped into 9 or more clusters.

As a result, the optimal number of clusters for achieving optimal separation in our

dataset was determined to be 9. Therefore, K-means clustering was performed with

n=9, leading to the formation of distinct clusters and well-separated centroids (Figure

5C). Figure 5D shows distribution of samples among clusters. Clusters 1, 2 and 3

include healthy control samples, categorized based on normal, diarrhea and constipa-

tion stools respectively. Clusters 4, 5, and 6 consist of IBS-D samples and Clusters

7, 8, and 9 consist of IBS-C samples seperated on the basis of normal, diarrhea and

constipation stools. Therefore, our clusters e�ectively di�erentiate between samples

based on stool consistency and subtype, seperating the occurrence of diarrhea and

constipation in IBS patients regardless of the subtype.

3.1.3 Cluster characteristics

This section explores how the clinical variables contribute in de�ning the clusters and

determine if these clusters e�ectively distinguish between episodes and non-episodes

in our study cohort. Figure 6 provides description of clusters based on the clinical

variables.
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Figure 5: Hierarchical clustering of MFA factors (Caption on next page)
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(Figure on previous page) Figure 5: Hierarchical clustering of MFA factors. (A) Op-
timal number of clusters based on average silhouette width. (B) Clusters dendrogram
and inertia plot. (C) K-means clustering algorithm was employed to partition our
dataset into 9 distinct clusters based on highest average silhouette width and inertia
gain. (D) Number of samples among clusters.

The chi-square tests were utilized to assess the strength of the associations be-

tween the clusters and the categorical variables employed in clustering. The results

demonstrate highly signi�cant associations for all the categorical variables examined.

Speci�cally, the distribution patterns of the Bristol Stool Scale (p< 0.001) across clus-

ters followed by subject and subtype are the most crucial in distinguishing between

the clusters.

The relationship between clusters and quantitative variables were evaluated using

single factor ANOVA where Eta-squared value measures the proportion of variance

in each quantitative variable that is explained by clustering. The accompanying p-

values indicate the statistical signi�cance of these relationships. Among the variables,

somatization, pain, constipation, and diarrhea emerged as the highest contributors

to the separation of clusters, in that order.

Further exploring di�erences among the IBS-D clusters (clusters 4,5 and 7), El-

evated levels of all IBS and mood symptoms were observed during diarrhea weeks

compared to normal stool weeks. Moreover, anxiety (HAD and STAY) and number

of bowel movements per day in IBS-D during normal stool weeks were comparable

to HC (Figure 6). This shows the dynamic nature of symptoms in IBS-D subtype.

Conversely, among the IBS-C clusters (clusters 6,8 and 9), IBS and mood symptoms

remain higher than overall mean irrespective of changing stool form (Figure 6). In

addition to lack of 
uctuation, symptoms in the IBS-C group remained signi�cantly
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Figure 6: Cluster charecteristics (Caption on next page)
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(Figure on previous page) Figure 6: Cluster charecteristics. Description of clusters
based on the clinical variables. (A) Chi-squared test was employed to evaluate any sig-
ni�cant associations between the clusters and categorical variables. (B) Eta-squared
(Eta²) value from single factor anova model measured the proportion of variance in
each quantitative variable that is explained by the clusters. (C) Comparing mean of
a variable in a cluster to the overall mean across all clusters indicating overrepresen-
tation or underrepresentation of the variable in a particular cluster.

higher compared to HC, indicating a persistent symptom burden regardless of stool

consistency in IBS-C subtype.

Final validation of clusters was performed by computing the silhouette scores for

individual clusters and the overall average silhouette score giving a general indication

of clustering quality. The silhouette plot post clustering revealed no negative silhou-

ette widths, and an average silhouette width of 0.55. None of the clusters fell below

the average score, indicating e�ective clustering and data separation (Figure 7).

Hence, the application of Multiple Factor Analysis followed by Hierarchical Clus-

tering resulted in well-de�ned and meaningful separation of clinical variables into 9

clusters. Among the categorical variables, Bristol stool scale and subject have the

highest di�erences among the clusters. The continuous clinical scores also vary signif-

icantly among clusters while also showing meaningful trends with respect to Bristol

stool category of the respective cluster. Therefore, the newly de�ned 9 clusters show

e�ective separation both visually and in terms of clinical di�erences. Di�erences in

Bristol stool scale and subtype are accounted for in the cluster separation. Confound-

ing e�ects of within-subject di�erences, age and sex will be accounted for using mixed

models-random e�ects when further examining speci�c bacterial and metabolite dif-

ferences among the clusters.

44

http://www.mcmaster.ca/
https://gs.mcmaster.ca/program/medical-sciences/


Ph.D. Thesis { V Mohan McMaster University { Medical Sciences

Figure 7: Cluster validation: Silhouette plot indicating the silhouette scores for indi-
vidual clusters and the overall average silhouette score giving a general indication of
clustering quality.
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3.2 Relationship Between Change in Microbiota

Composition and Symptom Variation in IBS

Subjects

3.2.1 Microbiota pro�le of clusters

Our objective was to examine whether alterations in microbiota composition/taxa

correlate with changes in symptom severity. Initially, we investigated the di�erences in

microbiota composition among the de�ned clusters. Average alpha diversity (Shannon

index) of both IBS-D and IBS-C groups was not signi�cantly di�erent from HC. Upon

comparing Shannon diversity between the clusters within IBS-D and IBS-C subtypes,

no signi�cant di�erences were observed either.

The NMDS plot of Bray-Curtis distance (beta diversity) in Figure 8B illustrates

no distinct separation of samples based on either the study groups (HC, IBS-D, and

IBS-C) or clusters (Permanova Rsquared=0.08, p=0.001). Since there is no visual

separation on the basis of stool form (diarrhea or constipation weeks), correlation

among Bristol stool scale and Shannon index (r=-0.08, p< 0.05, Spearman correlation)

was also evaluated showing that Shannon diversity remains stable despite changes in

stool form.

Trends were noted where HC exhibited the widest dispersion of samples in the or-

dination space, closely followed by IBS-D, indicating a high variability in microbiota

composition within these groups. Conversely, IBS-C samples displayed approximately

50% less dispersion compared to HC and IBS-D samples. Similar trends were observed

in alpha diversity, with the range of Shannon index highest in IBS-D, followed by HC
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Figure 8: Microbiota diversity plots (Caption on next page)
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(Figure on previous page) Microbiota diversity plots: (A) Shannon diversity index of
groups and clusters. Linear mixed e�ect model correcting for inter-individual varia-
tion with subjects treated as a random e�ect. No signi�cant di�erence was observed
among the groups and clusters. (B) NMDS plot of Atchison distance, depicting beta
diversity among samples. The plot is faceted by group for better visualization. Sam-
ples are color-coded by subject, and PERMANOVA was employed to evaluate the
statistical signi�cance of di�erences in dispersion among groups. PERMANOVA:
IBS-D vs IBS-C vs HC, R2=0.08, p< 0.001; IBS-D clusters, R2=0.02, p< 0.001; IBS-C
clusters, R2=0.068, p< 0.001

and then IBS-C. This phenomenon may be attributed to reduced bowel movements

observed in IBS-C patients, potentially resulting in more resident microbiota mem-

bers. In contrary, IBS-D samples, based on their microbiota pro�les, exhibited an

intermediate position between HC and IBS-C groups, with a similar trend observed

in their symptom pro�les (Figure 5B), suggesting the existence of a more transient

microbiota in IBS-D subjects 
uctuating closer to HC pro�les during lower symptom

weeks and IBS-C pro�les during higher symptom weeks. Another observation from

Figure 8B is that all samples from each subject tend to cluster together, indicating

that they are correlated and therefore not independent.

3.2.2 Di�erential microbial taxa

Di�erentially abundant bacterial taxa among the clusters were identi�ed using mixed

e�ect models. The 450 unique Amplicon Sequence Variants (ASVs) were collapsed at

genus level resulting in 174 genus ASVs. Negative binomial mixed e�ect model was

used to identify the signi�cantly di�erent genus among the groups and clusters. The

e�ects of age, sex and total number of reads were accounted for in the mixed model.

Subject and sequencing run were included as a random e�ect (random intercept). A
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Figure 9: Di�erential taxa in IBS-D group (Caption on next page)
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(Figure on previous page) Di�erential taxa in IBS-D group: Heatmap shows genus
level microbiota taxa distribution in IBS-D clusters compared to healthy controls. The
columns represent samples collected from either HC or IBS-D subjects. Rows show
genus level taxa counts transformed to z-score. Negative binomial mixed e�ect models
were used to test statistical di�erences ,correcting for age, sex and inter-individual and
sequencing batch variation (with subject and sequencing run as a random e�ect).̀ *'
indicates genus that are signi�cantly di�erent in IBS-D group compared to HC with
FDR corrected p< 0.1 . `�' indicates genus that are signi�cantly di�erent among
IBS-D clusters 4,5 and 6 with FDR corrected p< 0.1.

total of 30 genus were found to be signi�cantly di�erent in one or more groups and

clusters.

Upon comparing the IBS-D group to HC (Figure 9), we observed a relative in-

crease inRuminococcus gnavusgroup, Dorea and ASF356 group ; a relative reduction

in Candidatus stoque�cusand genusNegativibacillus in the IBS-D group. Changes

were observed among IBS-D clusters as well. Among the signi�cantly di�erent ASVs,

Escherichia-shigellaand Eggerthellarelatively increased during diarrhea weeks com-

pared to the normal weeks. Furthermore.Haemophilusvaried temporally with change

in stool form in IBS-D subjects in increasing order during constipation weeks, normal

weeks and diarrhea weeks (Appendix A-Table A1,A2).

In our comparison between the IBS-C group and HC (Figure 10), there was a rela-

tive increase ofSreptococcus, Clostridium and Negativibacillusand a relative decrease

in Paeniclostridium. Furthermore, among IBS-C clusters,Prevotella, Suterella, Ru-

minococcus gnavus groupand Klebsiellavaried signi�cantly with change in stool form

(Appendix A-Table A1,A3).

Ruminococcus gnavushas been suggested to play role in IBS-D by metabolizing

dietary phenylalanine and tryptophan to stimulate serotonin production, leading to

increased gut motility via activation of trace amine-associated receptor 1 (TAAR1)
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Figure 10: Di�erential taxa in IBS-C group (Caption on next page)
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(Figure on previous page) Di�erential taxa in IBS-C group: Heatmap shows genus
level microbiota taxa distribution in IBS-C clusters compared to healthy controls. The
columns represent samples collected from either HC or IBS-C subjects. Rows show
genus level taxa counts transformed to z-score. Negative binomial mixed e�ect models
were used to test statistical di�erences ,correcting for age, sex and inter-individual and
sequencing batch variation (with subject and sequencing run as a random e�ect).̀ *'
indicates genus that are signi�cantly di�erent in IBS-C group compared to HC with
FDR corrected p< 0.1 . `�' indicates genus that are signi�cantly di�erent among
IBS-D clusters 7,8 and 9 with FDR corrected p< 0.1.

(Zhai et al., 2023a). Dorea speciesare involved in the production of methane and

hydrogen sul�de having a possible role in bloating and pain (Rajili�c-Stojanovi�c and

de Vos, 2014). Several pathogenic genus such asEscherichia-shigella, Heamophilus

and Klebsiella have also been found to be signi�cantly di�erent. Shigellosis signi�-

cantly increased the risk of developing IBS, with an incidence of 31.8% in the Shigella-

infected group compared to 5.7% in the control group (Youn et al., 2016, Soheilipour

et al., 2024). In IBS patients with high urinary histamine levels, it was observed that

Klebsiella aerogenescarrying a variant of the histidine decarboxylase gene produced

large amounts of histamine in vitro, leading to increased visceral hypersensitivity

(De Palma et al., 2022).

Therefore, examining the functional pro�les of the identi�ed bacteria can aid in

understanding the implications of changing symptom levels. Although several genera

show di�erential abundance among the clusters in both IBS subtypes, Figures 9 and

10 demonstrate that their counts are elevated only in a subset of samples within each

cluster. Identifying their temporal changes at the individual subject level will provide

further insight into the role of these identi�ed species within subsets of IBS subjects.
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Figure 11: Individual longitudinal microbiota-symptom association (Figure
continued on next page)
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Figure 11: Individual longitudinal microbiota-symptom association (Caption on
next page)
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(Figure on previous page) Figure 11: Individual longitudinal microbiota-symptom
association. Within subject longitudinal microbiota- symptom pairing using Pro-
crustes analysis. Red boxes indicate subjects having a Procrustes correlation with
p< 0.1. Subjects are ordered left to right, top to bottom by lowest to highest p value.

3.2.3 Procrustes analysis of subjects

Group analysis with heterogeneous datasets can o�er valuable insights on a large

scale. However, it frequently fails to account for the nuanced di�erences within in-

dividual subjects or subsets. Hence, we aimed to investigate whether the microbiota

composition changes in parallel with changing symptom levels in individual subjects

over time. To explore these potential shifts, Procrustes analysis was conducted on a

subject-by-subject basis. Procrustes analysis involves identifying correlations between

the principal components of two datasets that are superimposed. For each subject,

principal component analysis was performed on the composition of microbiota taxa

(Atchison distance) and symptom scores (Euclidean distance). The resulting PC1 val-

ues from both datasets were plotted over time, and the plots were then transformed

to minimize the distance between PC1 values at each time point. The signi�cance of

the Procrustes results was assessed based on the correlation between symptom scores

and microbiota beta diversity principal ordinates. This analysis was performed for

both HC and IBS subjects (Figure 11). Subjects with signi�cant Procrustes corre-

lations greater than 0.4 (adjusted p< 0.1) are indicated in Figure 12A. A total of

5 IBS-D (MIR17, GIR01, HOR16, HAR09 and TOR10) and 2 IBS-C (DOR37 and

WIR31) subjects out of 28 IBS subjects (25%) and 2 Healthy Controls (HV10 and

HV06) showed a signi�cant correlation between symptom scores and microbiota beta
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Figure 12: Procrustes signi�cant subjects: Subjects with Procrustes correlation
above 0.3 and p< 0.1.

diversity. The HC showing signi�cant correlations are the same individuals who ex-

perienced some gut and mood symptoms for a few weeks over the course of the study.

This indicates that changes in microbiota composition/taxa might be associated with

changes in symptoms only in a subset of IBS subjects.

We wanted to identify the tipping points if any, where changes in microbiota

composition precede or succeed the occurrence of episodes. Autocorrelations were

performed with Week-2, Week-1,Week1, and Week2 microbiota composition and Week0

symptoms, but could not �nd any signi�cant correlations.
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3.2.4 Procrustes signi�cant subjects: Microbiota pro�les

The taxonomy compositions of Procrustes signi�cant subjects were further examined

to identify potential cluster-speci�c di�erences or visual trends. We could observe

a di�erence in Shannon diversity among clusters of Procrustes signi�cant and non-

signi�cant subjects, a distinction absent in the group analysis (Figure 12C). Next, we

explored the taxa composition of individual subjects over time, visualizing the top

15 genus-level relative abundances in each subject through area charts. Our obser-

vations reveal a highly individualized microbiota composition among subjects, with

varying degrees of diversity. While some subjects exhibit a diverse microbiota, others

demonstrate less variability, particularly those with higher abundance of Bacteroides.

Notably, 4 out of 5 IBS-D Procrustes signi�cant subjects showcase a fairly diverse

microbiota with lower levels of Bacteroides (Figure 13A). Conversely, the microbiota

composition in IBS-C subjects remains relatively stable over time (Figure 13B). Also,

IBS-D microbiota appears to be more dynamic with sharp spikes and drops of several

genus realtive toBacteroides. The genera that exhibit the most variation within our

study cohort areBacteroides, Blautia, Faecalibacterium, and Pseudobutyrivibrio.Our

analysis of microbiota composition in IBS subjects reveals a highly individualized

pattern, with signi�cant variability among individuals. These �ndings underscore the

complex dynamics of microbiota in IBS and suggest that personalized approaches

may be necessary to identify and understand the mechanisms underlying IBS patho-

physiology.
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Figure 13: Individual microbiota composition (Figure continued on next page)
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Figure 13: Individual microbiota composition (Caption on next page)
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(Figure on previous page) Figure 13: Individual microbiota composition. Area plots
of relative abundance of top 15 genus-level taxa in the dataset for each subject over
the study duration. Low-abundance taxa are grouped together as `other'. Subjects
are ordered left to right, top to bottom by Procrustes correlation lowest to highest p
value.

3.3 Microbiota Taxa and Metabolites Signature As-

sociated with Varying Symptom Levels in IBS

Patients

3.3.1 Identi�cation of di�erential metabolites

A total of 230 samples were selected for untargeted metabolome pro�ling. The sam-

ples were selected based on Total Birmingham scores followed by HAD-Anxiety scores,

resulting in the identi�cation of three samples with the highest symptom scores and

three with the lowest from each subject (Figure 14A). Additionally, all timepoints

of subjects exhibiting the highest signi�cance of Procrustes correlation among IBS-

D (MIR17, p=0.0007, r=0.48), and IBS-C (WIR31, p=0.02, r=0.37) subtypes were

included for metabolite pro�ling. This approach yielded a total of 111 metabolites,

comprising 64 known and 47 unidenti�ed compounds.

RPA of each metabolite was normalized to dry weight of stool samples. Principal

component analysis (PCA) to assessing the variance in metabolome pro�le reveals a

signi�cant overlap between IBS-D and IBS-C groups compared to healthy controls

(Figure 14 B,C and D). This underscores a shared metabolic landscape within the

broader IBS population, despite the clinical heterogeneity represented by the distinct
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Figure 14: Metabolome pro�le of cohort (Caption on next page)
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(Figure on previous page) Figure 14: Metabolome pro�le of cohort. (A) Number of
samples selected from clusters for metabolomics. PCA plots comparing metabolome
pro�le of (B) HC vs IBS-D group (C) HC vs IBS-C group (D) IBS-D vs IBS-C group.
Shapes indicate clusters within groups.

subtypes. Notably, while this convergence is apparent, there might be some metabo-

lites unique to IBS-D or IBS-C groups di�erentiating the metabolic dynamics between

IBS subtypes.

Figure 15 is a k-means clustered heatmap which illustrates the distribution of

metabolites among the groups and clusters. Upon comparing the IBSD group to HC,

we observed a signi�cant increase in histidine, chenodeoxycholic acid, acetylcholine,

lysine, threonine, propionate and creatinine (FDR corretced p< 0.1, Appendix B-

Table B1,B2). Among IBS-D clusters, acetylputrescine and picolinic acid were asso-

ciated with changes in stool form. Further, 13 unidenti�ed metabolites were signi�-

cantly in IBS-D group.

Comparing the IBS-C group to healthy controls (Figure 16), we found a decrease

in acetylglutamate and caproic acid; an increase in chenodeoxycholic acid and histi-

dine (FDR corrected p< 0.1, Appendix B-Table B1,B3). Additionally, 11 metabolites

were associated to changing stool form among the IBS-C clusters. Few notable ones

are cholic acid, ketodeoxycholic acid, histamine, histidine, putrescine, and acetylca-

davarine.

Caproic acid, a medium-chain fatty acid, has been implicated in various gastroin-

testinal disorders, includingClostridium di�cile infection, ulcerative colitis, Crohn's

disease, IBS, and colorectal cancer (Patel et al., 2019, Sinha et al., 2016, Le Gall

et al., 2011). Acetylcholine, a neurotransmitter, plays a crucial role in regulating
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Figure 15: Di�erential metabolites in IBS-D group (Caption on next page)
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(Figure on previous page) Figure 15: Di�erential metabolites in IBS-D group.
Heatmap shows metabolites distribution in IBS-D clusters compared to healthy con-
trols.The columns represent samples collected from either HC or IBS-D subjects.
Rows show metabolites RPA values transformed to z-score. Linear mixed e�ect mod-
els were used to test statistical di�erences, correcting for age, sex and inter-individual
variation (with subject as a random e�ect).̀ *' indicates metabolites that are signif-
icantly di�erent in IBS-D group compared to HC with FDR corrected p< 0.1 . `�'
indicates metabolites that are signi�cantly di�erent among IBS-D clusters 4,5, and 6
with FDR corrected p< 0.1.

colonic motility and inhibiting TNF � production from macrophages, thereby re-

ducing intestinal permeability. Interestingly, anxiety and stress have been shown

to inhibit the production of acetylcholine from choline by Choline-acetyltransferase,

leading to increased in
ammation. Additionally, the production of choline is stim-

ulated by acetylcholinesterase, a metabolite located upstream in the production of

phosphatidylcholine (16:0) (Gros et al., 2021). Production of histamine byKlebsiella

aerogenesin IBS patients was discussed earlier. Histidine, an amino acid, can be con-

verted to histamine by the enzyme histidine decarboxylase (De Palma et al., 2022).

Threonic acid, also known as threonate, has been previously implicated in colorectal

cancer. Studies suggest that magnesium threonate, a form of magnesium, can regu-

late gut microbiota, subsequently improving the in
ammatory response of nerve cells

through the regulation of the gut-brain axis (Liao et al., 2024).

3.3.2 Pathway analysis

We annotated the 64 known metabolites using the reference metabolite set from

the Small Molecule Pathway Database (SMPDB). Quantitative Enrichment Analysis

(QEA) was then performed to identify pathways signi�cantly enriched in the quan-

titative metabolomic data depicted in Figure 17. An enrichment factor greater than
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Figure 16: Di�erential metabolites in IBS-C group (Caption on next page)
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(Figure on previous page) Di�erential metabolites in IBS-C group: Heatmap shows
metabolites distribution in IBS-C clusters compared to healthy controls. The columns
represent samples collected from either HC or IBS-C subjects. Rows show metabo-
lites RPA values transformed to z-score. Linear mixed e�ect models were used to
test statistical di�erences, correcting for age, sex and inter-individual variation (with
subject as a random e�ect). `*' indicates metabolites that are signi�cantly di�erent
in IBS-C compared to HC with FDR corrected p< 0.1. `�' indicates metabolites that
are signi�cantly di�erent among IBS-C clusters 7,8 and 9 with FDR corrected p< 0.1.

1 indicates an overrepresentation of metabolites or pathways compared to the back-

ground, while a factor equal to 1 suggests no enrichment, and a factor less than 1

implies under-representation among the compared groups. Pathway analysis revealed

changes in previously implicated pathways in IBS such as tryptophan metabolism,

bile acid biosynthesis, and histidine metabolism (Mars et al., 2020, De Palma et al.,

2022). Additionally, several other pathways, including ammonia recycling, lysine

degradation, biotin metabolism, urea cycle, and aspartate metabolism, were altered

in IBS patients of both subtypes (Figure 17A). Upon closer examination of subtype-

speci�c di�erences, pathways associated with glucose metabolism, such as glycol-

ysis, galactose metabolism, gluconeogenesis, lactose synthesis and degradation, tre-

halose degradation, and the transfer of acetyl groups into mitochondria, as well as the

Warburg e�ect, showed alterations in the IBS-D group compared to the HC group.

Notably, IBS-D clusters revealed signi�cant alterations in threonine and oxobutane

degradation, cysteine metabolism, valine, leucine and isoleucine degradation and

arachidonic acid metabolism (Figure 17B and 17C). Conversely, pathways related to

protein metabolism, namely Arginine and proline metabolism, glycine metabolism,

tyrosine metabolism, and homocysteine metabolism, were found to be altered in the

IBS-C group compared to HC (Figure 17D). Among the IBS-C clusters, Histidine
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Figure 17: Metabolic pathway enrichment (Caption on next page
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(Figure in previous page) Figure 17: Metabolic pathway enrichment. Pathway pro-
�les with signi�cant alterations (p < 0.05) in enrichment factor among groups and
clusters are shown. An enrichment factor greater than 1 indicates an overrepresenta-
tion of metabolites or pathways compared to the background, while a factor equal to
1 suggests no enrichment, and a factor less than 1 implies underrepresentation among
the compared groups.

metabolism was signi�cantly altered along with phosphatidylcholine biosynthesis,

phospholipid biosynthesis and phosphatidylethanolamine biosynthesis (Figure 17E

and 17F).

Several of the above listed pathways and metabolites have previously been im-

plicated in IBS (Je�ery et al., 2020, Jacobs et al., 2021). These include changes

in levels of short-chain fatty acids like propionate and butyrate, primary and sec-

ondary bile acids a�ecting gut health and bowel movements, as well as mediators of

in
ammation such as histamine, which regulates pain and visceral hypersensitivity.

Hence the pathways shown to be altered provide valuable insights into the distinct

metabolic perturbations associated with each IBS subtype. Therefore, the other iden-

ti�ed di�erential metabolites show promise as potential discriminative biomarkers for

distinguishing between di�erent clinical groups.

3.3.3 Integrated analysis of microbiota and metabolome

The multiomics nature of the data was harnessed to investigate the interaction be-

tween gut microbiota and metabolites in IBS patients, utilizing Data Integration

Analysis for Biomarker discovery using Latent cOmponent (DIABLO). A total of 174

genus-level bacterial taxa and 111 log-transformed metabolites were integrated, with

features exhibiting near-zero variance removed.
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Figure 18: IBS-D Microbiota-Metabolome integrated biomarker analysis (Caption
on next page)
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(Figure in previous page) Figure 18: IBS-D Microbiota-Metabolome integrated
biomarker analysis. Diagnostic plot from DIABLO for IBS-D vs HC model. (A)
Relationship between microbiota and metabolome datasets or blocks indicating de-
gree of agreement between the di�erent blocks and the discriminative ability of each
data set. Ellipse indicates 95% con�dence interval. (B) Classi�cation error rates of
components in IBS-D vs HC model are represented on the y-axis with respect to the
number of components on the x-axis for each prediction distance presented in the
model.

The discriminative potential of this integrated microbiota and metabolites dataset

between IBS subtypes and HC was visualized. Figure 18A demonstrates that metabo-

lites exhibit greater capability in distinguishing IBS-D from HC compared to micro-

biota, where a notable overlap exists between IBS-D and HC microbiota. On the

other hand, metabolites display a broader distribution along variate 1 (x-axis), and

those situated outside the overlapping region of the IBS-D centroid ellipse may might

be discriminatory in nature. The optimal number of components for the model was

selected based on lowest classi�cation error rate of 21% determined using centroid

distance technique and a 25-fold cross-validation (repeated 10 times). As a result,

two components were selected for the IBS-D vs HC model (Figure 18B). Further

tuning led to the identi�cation of a panel comprising 11 taxa and 17 metabolites

(8 known and 9 unknown) which can discriminate IBS-D from HC (Microbiota taxa

AUROC =0.83, Metabolites AUROC=0.68 as indicated in Figure 20B). Moving for-

ward, correlations among the identi�ed discriminatory taxa and metabolites were

explored set at a correlation cut-o� of 0.4 (Figure 19). This showed that 6 out of

11 signi�cantly di�erent taxa have both positive and negative correlations with the

17 metabolites. These interactions were visualized using relevance networks, which

showed that Unknown196.0873 is a nodal hub interacting with �ve discriminatory
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Figure 19: IBS-D microbiota taxa and metabolites associations: Circos plot showing
correlations greater than 0.4 between the most discriminatory taxa (purple blocks)
and metabolites (red blocks) in IBS-D subjects. Positive correlations are displayed
using yellow line-connectors and negative correlation using grey line-connectors.
The lines outside the circle depict the overall expression of the selected variables
blue line indicating HC Group and yellow line indicating IBS-D group.
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Figure 20: IBS-D discriminatory microbiota taxa and metabolites: (A) Relevance
network of discriminatory taxa (red nodes) and metabolites (purple nodes) with
correlation above 0.6. Size of node indicates it contribution to Component 1. (B)
AUROC curves of �nal IBS-D vs HC model consisting of selected set of microbiota
taxa and metabolites
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Figure 21: IBS-C Microbiota-Metabolome integrated biomarker analysis (Caption
on next page) 73
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(Figure in previous page) Figure 21: IBS-C Microbiota-Metabolome integrated
biomarker analysis. Diagnostic plot from DIABLO for IBS-C vs HC model. (A)
Relationship between microbiota and metabolome datasets or blocks indicating de-
gree of agreement between the di�erent blocks and the discriminative ability of each
data set. Ellipse indicates 95% con�dence interval. (B) Classi�cation error rates of
components in IBS-C vs HC model are represented on the y-axis with respect to the
number of components on the x-axis for each prediction distance presented in the
model.

taxa. Although Olsenelladid not reach statistical signi�cance, it is another hub node

interacting with several discriminatory metabolites, including Chenodeoxycholic acid

and Acetylglutamate (Figure 20A). Olsenella, a lactic acid-fermenting bacteria asso-

ciated with periodontal disease and gut in
ammation (Goker et al., 2010), exhibits

correlations with metabolites in the study. Chenodeoxycholic acid, a bile acid ad-

ministered to IBS-C patients for colonic transit acceleration, also shows signi�cant

associations (Vijayvargiya et al., 2018).

Looking into IBS-C datasets, microbiota was distinctly separate between IBS-C

and HC. With respect to metabolites, although there is a signi�cant overlap among

IBS-C and HC, the centroids are well separated, and several metabolites can have a

discriminatory potential (Figure 21A). Based on the lowest classi�cation error rate of

11%, 2 components were selected for the IBS-C vs HC model (Figure 21B). Tuning

of the model led to the identi�cation of 16 taxa and 26 metabolites (19 known and 7

unknown) which can discriminate IBS-C from HC (Microbiota taxa AUROC =0.98,

Metabolites AUROC=0.84 as indicated in Figure 23B). The IBS-C vs HC model dis-

played a denser correlation plot and interaction network between predictive taxa and

metabolites (Figure 22 and 23A). This complexity may stem from the distinct phys-

iology observed in IBS-C patients, characterized by minimal or no bowel movements
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Figure 22: IBS-C microbiota taxa and metabolites associations: Circos plot showing
correlations greater than 0.4 between the most discriminatory taxa (purple blocks)
and metabolites (red blocks) in IBS-C subjects. Positive correlations are displayed
using yellow line-connectors and negative correlation using grey line-connectors.
The lines outside the circle depict the overall expression of the selected variables
blue line indicating HC Group and yellow line indicating IBS-C group.
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Figure 23: IBS-C Discriminatory microbiota taxa and metabolites: (A) Relevance
network of discriminatory taxa (red nodes) and metabolites (purple nodes) with
correlation above 0.7. Size of node indicates it contribution to Component 1 (B)
AUROC curves of �nal IBS-C vs HC model consisting of selected set of microbiota
tax and metabolites.
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on a given day, potentially allowing the microbiota to exert an undisturbed and pro-

longed e�ect on the gut. Nearly all predictive metabolites exhibit either positive or

negative correlations with predictive taxa, reinforcing this observation. The relevance

network revealedLachnoclostridium being at the network's center, exhibiting nega-

tive interactions with discriminatory metabolites (Figure 23A).Lachnoclostridium, a

recently identi�ed genus, is implicated in transforming choline to Trimethylamine, po-

tentially serving as a biomarker in colorectal cancer diagnosis (Cai et al., 2022, Liang

et al., 2020). Another noteworthy observation from these networks is that all metabo-

lites interacting with this bacterium are amino acids (Figure 23A), aligning with our

pathway analysis indicating altered pathways related to protein metabolism in IBS-C

patients. Next steps in the analysis would be identifying the unkown metabolites and

looking into the interactions between these bacteria and identi�ed metabolites.
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Chapter 4

Conclusion, Limitations and

Future Directions

4.1 Conclusion

Our longitudinal prospective observational study delves into the symptom co-occurrence

and progression in IBS subtypes during 
ares and remission, shedding light on the

episodic nature of the condition and its heterogeneity within the study cohort. Our

results revealed variability in symptom presentation among IBS subtypes, with both

IBS-D and IBS-C subjects experiencing varying levels of symptoms, including periods

of symptom-free intervals. Clustering identi�ed patterns in symptom occurrence and

progression, resulting in separating the samples into 9 clusters capturing changes in

both gut and mood symptoms, and distinguishing between symptom 
ares and re-

mission. Notably, clustering separated samples with diarrhea and constipation stools

from the same subject successfully, capturing the presence of a mixed/alternating

stool pattern in IBS patients (Chira et al., 2016). This phenomenon of 
uctuat-

ing stool patterns is one of the major challenges in the �eld and has implications for

symptom management and treatment (Palsson et al., 2012). Symptom pro�les within

clusters showed elevated symptoms among IBS groups compared to healthy controls,

with similar severity thresholds across IBS subtypes. IBS-C subjects have higher
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levels of symptoms compared to IBS-D subjects consistent with the previous litera-

ture (Shah et al., 2020). IBS-D subjects exhibited dynamic symptom changes during

abnormal stool weeks (Bristol stool scale 1, 2, 6, and 7), while symptoms in IBS-C

subjects remained consistently elevated regardless of stool consistency. Notably, the

transition between symptom levels varied among subjects, with some showing clear

distinctions while others maintained consistent symptom levels. Our study o�ers

a unique perspective by examining both central and peripheral symptoms of IBS,

encompassing gut and mood aspects simultaneously, unlike previous studies focus-

ing solely on gut symptoms. Moreover, our longitudinal design allows us to capture

changes over time, surpassing the limitations of single-timepoint analyses commonly

found in the literature.

To understand the role of gut microbiota in IBS symptom generation, we ex-

plored microbiota composition di�erences among clusters. Although IBS-D and IBS-

C groups showed lower Shannon diversity than HC, no signi�cant di�erences were

observed within subtype clusters, suggesting that the stool consistency has no in-


uence on microbiota diversity (Vandeputte et al., 2016). Beta diversity indicated

overlapping microbiota composition among groups, with IBS-C samples showing the

least dispersion, potentially due to fewer bowel movements in IBS-C. Previous studies

have noted similar trends, with no signi�cant di�erence in alpha diversity observed,

yet the beta diversity in IBS-D and IBS-C patients varies from that of healthy con-

trols (Mars et al., 2020, Su et al., 2023). However, there is no consistent evidence

demonstrating either increased or decreased bacterial diversity associated with IBS.

Therefore, such �ndings should be interpreted solely as changes in bacterial diversity

compared to Healthy controls.
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To further explore the relationship between microbiota composition and symptom

levels at the individual level, Procrustes analysis was conducted. This analysis re-

vealed signi�cant correlations between symptom scores and microbiota beta diversity

in 7 (25%) IBS subjects, indicating a potential link between microbiota composi-

tion and symptom variability only in a subset of IBS patients. This indicates the

heterogeneity in the microbiota-symptom relationship among individuals. Moreover,

signi�cant di�erences in symptom estimates were noted in Procrustes signi�cant sub-

jects when compared to those analyzed collectively, particularly in IBS-D subjects.

These �ndings suggest a potential role of microbiota in modulating symptoms in spe-

ci�c subsets of IBS patients. Additionally, the taxonomy compositions of Procrustes

signi�cant subjects exhibited distinct patterns, further highlighting the individualized

nature of microbiota composition and its association with symptom variability. Over-

all, Procrustes analysis reveals that there are subsets of IBS patients where microbiota

might in
uence symptom levels, others where symptoms might in
uence microbiota

composition, and a third where microbiota and IBS symptoms are independent of

each other. It is essential to tease out these subsets to understand the various under-

lying mechanisms, which would otherwise be missed in group analysis. In the subset

where microbiota composition in
uences symptom levels, it's crucial to consider the

time component in microbiota-host interactions. As observed in the taxa composition

plots of the IBS-C group, these subjects show minimal variation over time, and they

might harbor more static/resident microbiota, allowing ample time for physiological

in
uence on the host. This is also re
ected in the microbiota-metabolome analy-

sis, where the microbiota demonstrates greater predictive power in the IBS-C group

80

http://www.mcmaster.ca/
https://gs.mcmaster.ca/program/medical-sciences/


Ph.D. Thesis { V Mohan McMaster University { Medical Sciences

compared to the IBS-D group. In contrast, the microbiota in the IBS-D group expe-

riences constant perturbation. A study by Tropini et.al, revealed signi�cant shifts in

bacterial community composition within the �rst 24 hours of PEG treatment, with

subsequent equilibration of almost all taxa within 7 days post-treatment. However,

the steady-state microbiota composition remained markedly distinct from the pre-

treatment baseline, with over 75% of taxa showing signi�cant alterations even two

weeks after the treatment (Tropini et al., 2018). Similarly, exploring how microbiota

gets perturbed and recovers during episodes of diarrhea in IBS patients is crucial to

better understand the role of microbiota in IBS pathophysiology.

The analysis of microbiota taxa and metabolites in IBS patients revealed signif-

icant di�erences in 25 bacterial taxa at the genus level and 30 metabolites, with

FDR-corrected p-value< 0.1 where di�erences were observed in either the IBS-D and

IBS-C groups or within their respective clusters. The �ndings provide intriguing

insights into the potential biomarkers and pathways associated with symptom vari-

ations, highlighting the complex interplay between gut microbial composition and

metabolic pro�les.

Di�erential metabolites, such as Chenodeoxycholic acid and Histidine, highlighted

subtype-speci�c metabolic alterations implicated in IBS pathophysiology. Pathway

analysis elucidated perturbations in key metabolic pathways, including Tryptophan

metabolism and bile acid biosynthesis, consistent with previous studies (Mars et al.,

2020). Subtype-speci�c alterations in glucose and protein metabolism pathways pro-

vided further insights into the metabolic dysregulation underlying IBS-D and IBS-C

phenotypes.
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Interestingly, carbohydrate and protein metabolism appear to have opposing ef-

fects in the subtypes, although the enrichment factor does not reach statistical sig-

ni�cance for these pathways. Among the top 25 altered pathways, most belong to

carbohydrate and lipid metabolism in the IBS-D group compared to HC, while pro-

tein metabolism is altered among its clusters (3 and 4). Conversely, in the IBS-C

group, protein metabolism is altered compared to HC, and carbohydrate metabolism

varies among its clusters (5 and 6). This discrepancy could be attributed to a shift in

the basal metabolic pro�le/capacity of these individuals, rendering them susceptible

to symptoms further driven by speci�c diet and diet-microbiota interactions, which

warrants further investigation by tracking changes in diet and microbiota composition

in conjunction with these individuals.

Integration of microbiota and metabolomic data through DIABLO analysis re-

vealed distinct microbiota-metabolite signatures associated with IBS subtypes. Metabo-

lites demonstrated superior discriminatory power in distinguishing IBS-D from HC

compared to microbiota composition.Olsenellaand Chenodeoxycholic acid emerged

as pivotal nodes in the network, underscoring their potential roles in IBS pathophys-

iology. Similarly, in IBS-C, Lachnoclostridium exhibited central interactions with

discriminatory metabolites, implicating its involvement in protein metabolism dys-

regulation. The correlations between predictive taxa and metabolites underscore

the dynamic crosstalk between gut microbiota and metabolic pathways in IBS. No-

tably, the dense correlation network in IBS-C suggests prolonged microbial e�ects

due to minimal bowel movements, highlighting the role of gut physiology in shaping

microbiota-metabolite interactions. Further exploration of these interactions holds

promise for unraveling novel therapeutic targets and personalized interventions in
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IBS management.

In conclusion, our study provides comprehensive insights into the episodic na-

ture and heterogeneity of IBS, underscored by dynamic symptom patterns and per-

sistent symptom burdens across subtypes. The classi�cation of samples facilitates

nuanced analysis and highlighting the interplay between symptoms and stool con-

sistency in IBS progression. Furthermore, our analysis sheds light on the complex

relationship between microbiota composition changes and symptom variation in IBS

subjects. Overall, our integrated analysis provides a comprehensive understanding

of the microbiota-metabolite axis in IBS, o�ering valuable insights into the complex

interplay between gut microbial composition and host metabolism underlying symp-

tom variations. Further research focusing on individualized approaches to microbiota

analysis and symptom assessment and investigations into the functional roles of iden-

ti�ed biomarkers and pathways are warranted to elucidate their potential implications

for IBS diagnosis, prognosis, and therapeutic interventions.

4.2 Study Limitations

One limitation of our study is that the participants were recruited based on diagnoses

using the ROME III criteria, which was the standard at the time of recruitment. The

ROME IV criteria is more restrictive than ROME III, resulting in the identi�cation

of more severe cases of IBS. ROME IV achieves this by re�ning non-speci�c terms,

which vary based on an individual's perception. According to ROME III criteria,

recurrent abdominal pain or discomfort occurring at least 3 days per month in the last

3 months had to improve with defecation and the onset had to be related to changes

in frequency or appearance of stool. Discomfort here is de�ned as an uncomfortable

83

http://www.mcmaster.ca/
https://gs.mcmaster.ca/program/medical-sciences/


Ph.D. Thesis { V Mohan McMaster University { Medical Sciences

sensation not described as pain. However, the term 'discomfort' has been removed

from ROME IV criteria. Further, ROME IV criteria no longer includes the onset

criterion, acknowledging that abdominal pain may not always coincide with changes

in stools. A more speci�c criteria for recurring abdominal pain has been included

which is abdominal pain should be present at least 1 day per week for the past 3

months (Drossman, 2016, Schmulson and Drossman, 2017). This has led to lower IBS

prevalence rates by ROME IV compared to previous versions of the criteria, generally

half or less of ROME III rates in the same countries. A recently published study in

the United States, Canada, and the United Kingdom, using a similar methodology,

supports this trend (Sperber et al., 2021). On the other hand, a stricter ROME IV

criteria for diagnosing IBS results in more homogeneous diagnostic groups for clinical

research and drug trials compared to ROME III. This shift in diagnosis towards more

severe cases of IBS may have implications for treatment strategies for moderate cases,

recruitment of a skewed population into research studies.

The methodology used in this study comes with certain limitations. Clustering

methods are invaluable in biological data analysis, revealing hidden patterns and rela-

tionships. However, it's important to recognize that these methods will always gener-

ate clusters, even when no natural groupings exist in the data. Determining whether

the data naturally form meaningful clusters is a crucial aspect of cluster analysis.

To address this, we employed methods that evaluate within-cluster variability based

on compactness and separateness, as well as overall cluster quality. Following this,

we conducted detailed pro�ling to understand each cluster's de�ning features. As a

result, we were able to identify biologically meaningful clusters in which samples were

grouped based on a range of IBS and mood symptoms. These clusters e�ectively
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distinguished between periods of symptom episodes and non-episodes in IBS patients

within our cohort (Altman and Krzywinski, 2017, Pina et al., 2020).

Another limitation is employing 16S rRNA sequencing for microbiota pro�ling.

Although this method was found to be e�ective in identifying patterns and cap-

turing broader shifts in community over time (Poretsky et al., 2014), one of the

signi�cant drawbacks of 16S sequencing lies in taxonomic assignment. Assigning tax-

onomic origin to 16S rRNA gene sequences, particularly at deep taxonomic levels

like genus, can be challenging, leading to low con�dence in results. Additionally,

the databases used for sequence comparisons are limited, with fewer comprehensive

and curated databases compared to genomic databases. This limitation can result

in reduced accuracy in assigning 16S rRNA gene reads to speci�c taxa. Moreover,

biases in databases, where some databases may have a disproportionate representa-

tion of certain taxa, further a�ect the accuracy of taxonomic assignments. Hence,

metagenomic sequencing of speci�c samples of interest in individual subjects will be

required to delve deeper into the certain species or strains of bacteria involved in IBS

pathophysiology.

We have exclusively focused on assessing the microbiota composition using stool

samples. However, numerous studies have indicated di�erences in microbiota compo-

sition between stool samples and samples obtained from the small intestine and inner

colon using various methods. Reports have also demonstrated that IBS patients ex-

hibit an altered mucosal microbiota, which can signi�cantly impact gut physiology

compared to luminal microbiota (Sundin et al., 2020). This study highlights a cor-

relation between changes in the bacterial composition of the sigmoid colon in IBS
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patients and the presence of symptoms and immune activation. Bio�lms are discov-

ered adhering to the mucosa of the ileum and right colon in nearly two-thirds of IBS

patients. These bio�lms are associated with dysbiosis, characterized by an overgrowth

of Escherichia coli and Ruminococcus gnavus, as well as elevated excretion of fecal

bile acids (Baumgartner et al., 2021). Although not speci�c to IBS, there are compo-

sitional and functional variations in the microbiota based on the sampling site when

comparing duodenal biopsies from three di�erent locations, duodenal aspirates, and

stool from subjects with Celiac Disease (Constante et al., 2022). This underscores the

importance of studying mucosal microbiota from both the small intestine and colon

to gain a comprehensive understanding of the role of gut microbiota in IBS.

4.3 Future Directions

The immediate next step involves identifying unknown metabolites with signi�cant

discriminatory power and con�rming the identities of known ones. Our focus will

be on identifying 10 unknown stool metabolites using MS/MS that exhibit adequate

precision, higher average abundance, and fewer missing data, while also con�rming

the identi�cation of other named metabolites for which we have standards that can

be quanti�ed. These metabolites, a total of 32 putatively identi�ed and unknown

ions, di�erentiate healthy controls from individuals with IBS-D and IBS-C, as de-

termined by our linear mixed model. Overall, several stool-derived metabolites were

found to be most discriminating, including histidine, histamine, chenodeoxycholic

acid (CDCA), propionic acid, and several unknown ions (such as NEG449, which

correlates strongly with CDCA, and POS202). Notably, unknown cation103 exhib-

ited the best discriminatory ability between IBS-D and IBS-C based on a ROC curve
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(with an AUC of 0.743). Lifestyle variables such as diet, exercise, physical activity,

alcohol consumption, stress, and occurrence of positive events will be integrated into

the microbiota-metabolites analysis. This comprehensive approach will provide a bet-

ter understanding of the underlying mechanisms and potential modes of intervention

for any bacteria-metabolite interactions of interest. Any bacteria-metabolite interac-

tions identi�ed as being of interest will need to be further explored in animal models

to elucidate the underlying mechanisms of action and determine whether they have

the potential to serve as interventions to improve patient status.
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Appendix A

Table A1: Signi�cant taxa comparing overall IBS-D and IBS-C to HC

Variable
Estimated Marginal Means

HC IBS-C IBS-D

Paeniclostridium 200.47 25.62a 247.11

Dorea 108.19 283.65a 228.80a

X.Ruminococcus..gnavus.group 0.28 0.24 22.61a

Streptococcus 21.59 112.06a 28.71

UCG.009 1.49 0.14 0.09a

Adlercreutzia 0.26 0.32 2.37a

Negativibacillus 10.31 54.81a 2.05a

Faecalitalea 0.07 0.27 1.23

ASF356 0.06 5.68a 0.79a

Frisingicoccus < 0.001 0.01 0.19a

Peptococcus 0.48 1.88 0.01a

Candidatus.Stoque�chus < 0.001 0.06 0.34a

Angelakisella 0.05 < 0.001a < 0.001

Clostridium.sensu.stricto.2 0.00 13.87a < 0.001

aSigni�cant change compared to HC
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Table A2: Di�erential taxa in IBS-D group

Variable
Estimated Marginal Means

Constipation

stools

Diarrhea

stools

Normal

stools

X.Ruminococcus..gnavus.group 17.02 41.15a 12.85

Escherichia.Shigella 6.22 18.26a 7.90

Incertae.Sedis 81.63 114.51c 99.50

Colidextribacter 48.26c 22.71 28.70

Barnesiella 0.03 0.09c 0.06

Sutterella 0.01 0.15a,c 0.03

Eggerthella 4.04 4.74a 2.22

TM7x < 0.001b 0.02 0.08

Erysipelotrichaceae.UCG.003 22.67b,c 10.01a 6.97

Parasutterella 13.56 21.27a 14.44

Lachnospira 2.65 5.14a 2.09

Haemophilus 1.04b 13.19a,c 3.54

X.Eubacterium..nodatum.group 0.92c 0.28 0.62

GCA.900066575 < 0.001b 0.33c 0.29

aSigni�cant change between normal and diarrhea stools.bSigni�cant change be-

tween normal and constipation stools.cSigni�cant change between diarrhea and con-

stipation stools
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Table A3: Di�erential taxa in IBS-C group

Variable
Estimated Marginal Means

Constipation

stools

Diarrhea

stools

Normal

stools

Subdoligranulum 137.51 425.94a,c 162.84

X.Ruminococcus..gnavus.group 0.00b 2.13c 0.26

Butyricicoccus 55.47b 99.52c 85.88

Holdemanella < 0.001b < 0.001 < 0.001

Prevotella 9 < 0.001b < 0.001c < 0.001

Incertae.Sedis.1 0.45 6.03c 1.63

Sutterella 9.84b 18.63 29.78

Intestinimonas 20.01c 6.75 12.98

Roseburia 273.53b 706.30 638.64

X.Eubacterium..nodatum.group 2.05c 0.26a 1.96

Fusobacterium < 0.001b < 0.001 < 0.001

Ligilactobacillus 0.09 0.06a 0.50

Tyzzerella < 0.001 < 0.001a < 0.001

Klebsiella 2.14c 0.01a 3.75

X.Eubacterium..�ssicatena.group < 0.001 < 0.001a < 0.001

aSigni�cant change between normal and diarrhea stools.bSigni�cant change be-

tween normal and constipation stools.cSigni�cant change between diarrhea and con-

stipation stools
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Table B1: Signi�cant metabolites comparing overall IBS-D and IBS-C to HC

Variable
Estimated Marginal Means

HC IBS-C IBS-D

POS 114.0662Creatinine < 0.001 < 0.001a 0.001

POS 133.0272Unknown 0.785 1.267a 1.383

POS 146.1175Acetylcholine 0.054 0.116a 0.128

POS 147.1128Lysine 0.462 0.708a 0.754

POS 156.0768Histidine 0.032a 0.071a 0.078

POS 196.0873Unknown 0.007 0.003a 0.001

POS 241.0311Cystine 0.001 0.001a 0.002

POS 378.2281Unknown 0.005 0.005a 0.003

POS 398.3266Unknown < 0.001a 0.001a 0.001

POS 434.1872Unknown 0.006 0.009a 0.010

POS 448.3353Unknown 0.003a 0.001a 0.001

NEG 115.0759Caproic acid 0.060a 0.019 0.028

NEG 129.051Unknown 0.012 0.009a 0.007

NEG 188.0558Acetylglutamate 0.006a 0.003 0.004

NEG 235.1178Unknown 0.009 0.004a 0.028

NEG 285.1668Unknown 0.004 0.006a 0.008

NEG 391.2865Chenodeoxycholicacid 0.197a 0.533a 0.473

NEG 405.2646Ketodeoxycholicacid 0.006 0.008a 0.013
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NEG 407.2803Cholic acid 0.014 0.032a 0.047

NEG 449.3115Unknown 0.003a 0.007 0.005

aSigni�cant change compared to HC
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Table B2: Di�erential metabolites in IBS-D group

Variable
Estimated Marginal Means

Constipation

stools

Diarrhea

stools

Normal

stools

POS 120.0655Threonine 0.064b 0.101 0.107

POS 124.0393Picolinic acid 0.085c 0.058 0.074

POS 131.1179Acetylputriscine < 0.001 0.002a,c 0.001

POS 133.0272Unknown 1.164 1.136a 1.617

POS 137.0458Hypoxanthine 0.131c 0.084 0.101

POS 148.0604Glutac acid 1.538c 1.011a 1.388

POS 152.5809Unknown < 0.001 0.001a,c 0.001

POS 160.1331Unknown 0.277 0.182a 0.254

POS 203.1301Unknown 0.008 0.015c 0.011

POS 232.1331Unknown 0.002b 0.005c 0.005

POS 265.1183Phenylacetylglutane 0.024b,c 0.012 0.014

POS 268.104Adenosine 0.003 0.008c 0.005

POS 277.0958Unknown 0.005 0.009c 0.007

NEG 91.0438Unknown 0.021c 0.011a 0.018

NEG 187.0071p.Cresolsulfate 0.001c < 0.001a 0.001

NEG 218.1034Pantothenic acid 0.011c 0.008 0.009

NEG 285.1668Unknown 0.007 0.006a 0.009
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aSigni�cant change between normal and diarrhea stools.bSigni�cant change be-

tween normal and constipation stools.cSigni�cant change between diarrhea and con-

stipation stools
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Table B3: Di�erential metabolites in IBS-C group

Variable
Estimated Marginal Means

Constipation

stools

Diarrhea

stools

Normal

stools

POS 64.0132Unknown 0.026 0.039a 0.024

POS 89.1079Putrescine 0.004b 0.020c 0.015

POS 112.0875Histamine < 0.001b 0.001a 0.001

POS 138.5749Unknown 0.002 0.005a 0.002

POS 145.1329Acetylcadaverine 0.015 0.016a 0.039

POS 156.0768Histidine 0.056 0.126a,c 0.071

POS 159.1485Unknown 0.003 0.004a 0.011

POS 179.5779Unknown < 0.001 0.001a < 0.001

POS 188.1665Unknown 0.008b 0.021 0.020

POS 196.0873Unknown 0.002 0.004a 0.002

POS 241.0311Cystine 0.001 0.002a 0.001

POS 265.1183Phenylacetylglutane 0.020b,c 0.010 0.012

POS 268.104Adenosine 0.002b 0.007 0.006

NEG 88.0404Sarcosine 0.025 0.035a 0.025

NEG 111.02Uracil 0.007 0.016c 0.011

NEG 130.0798Unknown 0.081 0.114a 0.078

NEG 135.0299Threonic acid 0.003 0.010a 0.005

NEG 174.088Unknown 0.022 0.030a 0.022

NEG 203.0823Unknown 0.011 0.015a 0.010
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NEG 405.2646Ketodeoxycholicacid 0.008 0.015a 0.008

NEG 407.2803Cholic acid 0.029 0.052a 0.030

aSigni�cant change between normal and diarrhea stools.bSigni�cant change be-

tween normal and constipation stools.cSigni�cant change between diarrhea and con-

stipation stools
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