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Titre : Characterization multi-omique des maladies inflammatoires de
I'intestin.

Resumé :

Les maladies inflammatoires de l'intestin (MICI) restent un probléme
majeur pour la prise en charge cliniques et peut parfois altérer
considéralement la vie de jeunes patients a travers des symptomes et
complications potentielles. Bien que de nouveaux traitements tels que les
anti TNF ont révolutionné la prise en charge des MICI, prédire le cours de
la maladie et la réponse aux traitements restent un enjeu majeur de la
pratique médicale. Les études 'omiques', tels que le transcriptome, le
séguencage du microbiome ou la génétique ont changé notre maniére de
faire de la science, et révelent de nouvelles characterisques des maladies
étudiées par le passé. Ici nous souhaitons utiliser nos cohortes internes ett
externes de patients atteint de MICI, a travers le séquencage multi-omique
pour répondre a ces enjeux, identifier des nouvelles cibles thérapeutiques,
améliorer notre compréhension de la maladie and mieux predire son cours.
Dans la premiére partie, nous effectuons une méta-analyse de I'expression
génique de la muqueuse des patients atteints de MICI, accessible
publiquement, totalisant plus de 1000 échantillons, pour montrer qu'il
existe des marqueurs spécifiques des maladies iléales et coliques. Ces
marqueurs pourraient déboucher sur l'identification de nouvelles cibles
thérapeutiques. Dans la deuxieme partie, nous utilsons la puissance de
I'analyse multi-omique sur notre cohorte de patients chirurgicaux
(REMIND), pour prédire la récidive postopératoire aprés résection iléo-
caecale dans la maladie de Crohn (MC). Ces résultats pourront étre associés
a des données cliniques pour améliorer la prédiction du cours de la maladie
et guider les décisions cliniques de maniere impartiale. En utilisant la
génétique, le transcriptomique et le microbiome, nous démontrons la
puissance de l'analyse multi-omique pour atteindre une médecine de
précision dans les MICI.

Mots clés : MICI ; bioinformatique ; transcriptome ; genetique ; RNAseq ;
Crohn ; RCH



Title : Multi-omics characterization of Inflammatory Bowel Diseases

Abstract :

Inflammatory bowel diseases (IBD) remain a constant challenge in clinical
practice and sometimes alter young patients' lives through symptoms and
potential complications. Although new treatments like anti-TNF therapies have
revolutionized the management of IBD, predicting the course of disease and
its response to treatment remains an unmet need in medical practice. 'OMICS'
studies, such as transcriptomic and next-generation sequencing of microbial
or host genetic information, revolutionize how we do science and shed new
light on diseases that have been studied extensively in the past. We aim to
use internal and external cohorts of IBD patients with associated 'omics' to
answer unmet needs; identifying new drug targets, improving our
understanding of the disease and predicting its varying course. In the first
section, we use a meta-analysis of publicly available IBD mucosa gene
expression totaling more than 1000 samples to show that there are specific
markers of IBD in the ileum and in the colon. These markers harness the
potential to yield new drug targets. In the second section, we show the power
of multi-omics on our cohort of patients undergoing surgery (REMIND) to
predict postoperative recurrence after ileocecal resection in Crohn's disease
(CD). These findings can be coupled with clinical data to improve the
prediction of outcomes and guide clinical decisions in an unbiased fashion.
Overall using genetics, transcriptome, and microbiome, we demonstrate the
power of Omics to approach our goal of precision medicine in IBD.

Keywords : IBD ; bioinformatics ; transcriptomics ; genetics ; RNAseq ;
Crohn ; UC
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Abstract

Inflammatory bowel diseases (IBD) remain a constant challenge in clinical practice and sometimes
alter young patients' lives through symptoms and potential complications. Although new
treatments like anti-TNF therapies have revolutionized the management of IBD, predicting the
course of disease and its response to treatment remains an unmet need in medical practice. 'OMICS'
studies, such as transcriptomic and next-generation sequencing of microbial or host genetic
information, revolutionize how we do science and shed new light on diseases that have been
studied extensively in the past. We aim to use internal and external cohorts of IBD patients with
associated 'omics' to answer unmet needs; identifying new drug targets, improving our
understanding of the disease and predicting its varying course. In the first section, we use a meta-
analysis of publicly available IBD mucosa gene expression totaling more than 1000 samples to
show that there are specific markers of IBD in the ileum and in the colon. These markers harness
the potential to yield new drug targets. In the second section, we show the power of multi-omics
on our cohort of patients undergoing surgery (REMIND) to predict postoperative recurrence after
ileocecal resection in Crohn's disease (CD). These findings can be coupled with clinical data to
improve the prediction of outcomes and guide clinical decisions in an unbiased fashion. Overall
using genetics, transcriptome, and microbiome, we demonstrate the power of Omics to approach

our goal of precision medicine in IBD.
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Chapter 1.

1. INTRODUCTION

1.1 Inflammatory Bowel Diseases

1.1.1 Ulcerative colitis and Crohn's disease

Inflammatory Bowel Diseases (IBD), including Crohn's disease (CD) and ulcerative colitis (UC),
are characterized by chronic inflammatory lesions of segments within the lining of the digestive
tract. These lesions may occur in the small intestine, colon and/or anus during CD, but are
restricted to the rectum and colon in UC. IBDs often progress with periods of relapse and
remission. During IBD flare-ups, it is not uncommon for patients to present common digestive
disorder symptoms such as diarrhea or abdominal pain. Other generalized symptoms may include
fever, fatigue, and/or weight loss. In some cases, extra-digestive manifestations arthritis and/or
erythema may also be exhibited. These inflammatory lesions, often ulcerated, persist if the disease
is not controlled and can be responsible of complications, such as abscesses, fistulas or stenosis
that may require surgical intervention. In addition, chronic inflammation increases the risk of
cancer in affected segments (Lennard-Jones, 1989, Jones et al., 1973). These gastroenterology
diseases affect an estimated 1 million individuals in the US and 2.5 million in Europe (Giardiello
et al., 1989, Okayasu et al., 1990).

IBD is a multifactorial disease whose etiology is not yet clearly established but has a clear genetic
component. More than 200 susceptibility loci have been identified such as mutations in the genes
coding for NOD2 / CARD15 (detector of intracellular bacteria), ATG16L1 (linked to the
degradation of these bacteria) or IL23R (implicated in the polarization of the effector T
lymphocytes) (Podosky, 1991, Harig et al., 1989). Environmental factors are known to impact

disease onset and progression, such as smoking behavior and/or air pollution. Abnormalities in the



microbiota (dysbiosis) are also observed in patients with IBD (Madara et al., 1985). Thus, IBD is

a multifactorial disease which aspects we will detail in the following sections.

1.1.2 Disease localization: ileal, colonic, ileo-colonic
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Figure 1. Montreal classification. (top) location of the affected segments (bottom) behavior of the

disease. From Lancet, Crohn’s disease, 2012

CD is typically classified using the Montreal (or Vienna) classification [Figure 1]. The location
can be terminal ileum (L1), colon (L2), ileocolonic (L3), and upper GI location (L4). That
classification also includes a behavior component: B1 non-stricturing, non-penetrating, B2
stricturing, B3 penetrating. Usually, the localization is stable over time. The initial classification
and localization can influence greatly the risk of complications over time, and disease

management. UC is classified as follows: E1 Ulcerative proctitis (Involvement limited to the



rectum), E2 Left-sided UC (Involvement limited to a proportion of the colorectum distal to the
splenic flexure), E3 Extensive UC (pancolitis), Involvement extends proximal to the splenic
flexure. However, several gastroenterology specialists have recently started to question these
classifications and claim that we should perhaps establish a more general distinction between ileal
and colonic IBD (Dulai et al., 2019). This is an idea that we will develop in this thesis, based on

findings at the molecular levels in different localizations.

1.1.3 Disease complications and post-operative recurrence

CD can progress to strictures, abscesses and fistula. When this occurs, patients often require
surgical intervention to remove the diseased segment. New therapies like anti-TNF have delayed
the need for surgery but this risk is still important. Surgery is required in more than 50% of CD
patients with an involvement of the ileum [Figure 2]. Unfortunately, the surgery is not curative
and the disease can come back, usually in the neo-terminal ileum. Risk factors for post-operative
recurrence in CD patients include being of male gender, penetrating diseases, smoking and prior
surgeries. Preventive anti-TNF treatment after surgery have been shown to be efficient on disease
recurrence (Auzolle et al, 2017). Later on, we will explore the molecular mechanism at play during

this post-operative recurrence, and try to build a predictive model for post-operative recurrence.
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Figure 2. ‘Lemann score’: evolution of the digestive damage over time. From Lancet, Crohn’s
disease, 2012



1.2 Epidemiology of Inflammatory Bowel Disease

Internationally, in 2017, there were 6-8 million (95% Ul 6-4—-7-3) cases of IBD globally. The age-
standardized prevalence rate increased from 79-5 (75-9-83-5) per 100 000 population in 1990 to
84-3 (79:2-89-9) per 100 000 population in 2017 (Collaborators, 2020). The incidence rate of
inflammatory bowel diseases is higher in Northern Europe, the United Kingdom, and North
America. These rates are seemingly stabilizing (Baumgart and Carding, 2007). However, the
countries with low incidence rates of inflammatory bowel diseases are showing a rise in these rates
(Ngetal., 2017); these include southern Europe, Asia, north Africa and other developing countries
(Loftus Jr, 2004). Crohn's disease is more prevalent in Hispanic and Asian population than white
and African-American people in North America (Kurata et al., 1992). Another study supports the
significance of racial and ethnic characteristics in the onset of IBD as well as associated

complications (Nguyen et al., 2006).

Regarding ethnic groups, Jewish populations are more prone to developing Crohn's disease
(Heresbach et al., 1998, Hampe et al., 2000). Jewish people also show three to four-time more
incidence rates of ulcerative colitis (Niv et al., 2000). The living location of the Jewish people also
shows marked differences between Jews living in Israel and living anywhere else. As with other
migrant populations, their risk usually equals the prevalence rate of the location they are settling
in (Grossman et al., 1989). As we will see, in addition to geographical influences, the effects of
environment and lifestyles also play a role on the epidemiology, prevalence and incidence rate of
IBD (Zheng et al., 2005, Leong et al., 2004), as does genetics.

1.3 Genetics in IBD

1.3.1 Familial aggregation

The familial relationship of inflammatory bowel disease incidence was first observed in 1930
(Russell and Satsangi, 2004). One of the major risk factors of these diseases is having a family
member who was diagnosed with IBD. If a person has an inflammatory bowel disease, then there
is a major risk to any family member of acquiring this disorder. Many people with Crohn's disease
have some first relatives already suffering or having a history of CD. Moreover, the risk of the

disease is imposed at a greater level to the sibling than any other first relative of the patient.

9



Regarding ethnic groups, it is found or observed that the risk of developing Crohn's disorder for
first degree relatives throughout life is more in Jews than in other people belonging to other ethnic
groups. Similar findings are observed for ulcerative colitis (Russell and Satsangi, 2004), and the
occurrence of extraintestinal complications are 70% more reported in Jews than non-Jews
(Satsangi et al., 1996).

1.3.2 Disease aggregation in twins

The genetic component of IBD has been shown by studying risk in monozygotic and dizygotic
twins (Tysk et al., 1988, Thompson et al., 1996, Orholm et al., 2000). 37.3% concordance is shown
in monozygotic twins for Crohn's disease, 10% for ulcerative colitis; while dizygotic twins show
concordance of about 7% for CD and 3% in UC. These results imply that genetic factors and
various genetic products contribute more to the onset of Crohn's disease than in the onset of
ulcerative colitis (Gaya et al., 2006). It also shows that hereditability is rather low compared to
other inflammatory diseases, clearly demonstrating the importance of the environment for IBD

onset.

1.4 Environmental Factors

10
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Figure 3. Contribution of multiple environmental factors to IBD (Ananthakrishnan et al., 2015)

1.4.1 Geographic and temporal variability

As mentioned in the epidemiology of inflammatory bowel diseases, North America and North
Europe show increase incidence as well as prevalence of the diseases. Likewise, less incidence
and prevalence are reported from areas like South America, South Asia, Australia, and Africa
(Loftus Jr, 2004). Such observations suggest that prevalence and incidence rate increase moving
from south to north. These observations are attributed to many variables such as the availability of
health care, sanitation, industrialization, and similar other aspects. Indeed, there is a lower
incidence in developing countries. The association of IBD with environmental factors is
demonstrated by the increase incidence of immigrants from low incidence countries after one or
two generations after their arrival in high incidence regions (Zheng et al., 2005). Other studies
conducted in North America and Europe have also shown that IBD are more common in urban
areas than rural areas of these geographical regions, but this can also be attributed to other
environmental factors and health care access, rather than the geographical attributes (Moum et al.,
1996, Sonnenberg et al., 1994). These latter results are not supported by further studies conducted
in other regions (Soncini et al., 2006, Lewis et al., 2004).
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1.4.2 Breast feeding and nutrition

While the immunity of a child is being developed, immunity is provided by breastfeeding (Schack-
Nielsen and Michaelsen, 2006). A number of studies have been conducted so far regarding the
correlative risk factors between IBD and breastfeeding, but the results have been heterogeneous.
The severity of IBD is not directly associated with breastfeeding, but the discontinuation of any
prescription drug treatments while breastfeeding is associated (Kane and Lemieux, 2005). Many
observational studies have shown that a high carbohydrate intake imposes a greater risk to the
onset of IBD, especially Crohn's disease (Riordan et al., 1998). A few studies say that intake of
polyunsaturated fatty acids is directly proportional to the risk of IBD (Geerling et al., 2000).
Arachidonic acid derivatives were also thought to be pro-inflammatory in nature, but further
research contradicted these results. No specific food product has been identified to date as directly
responsible for IBD, but clinicians would generally recommend a healthy diet rich in fruits and

vegetables outside of flare periods.

1.4.3 Sanitation, hygiene and antibiotics

As with other auto-immune diseases, hygiene and sanitation are thought to be major factors with
respect to the risk of IBD. As it is seen that in developing countries, the incidence rate was low,
which is now increasing can be attributed to socioeconomic values that also affect hygiene and
sanitation (Desai and Gupte, 2005). Conditions like consumption of contaminated food,
unavailability of certain things like hot water, consumption of contaminated water, low-income
families living in poor conditions like congested space with a greater number of family members,
help in maturing the intestinal immunity of the person. However, when mucosal immunity is not
developed in childhood, later exposure to antigens can lead to IBDs, particularly Crohn's disease
(Hampe et al., 2003, Kinra et al., 2006). Similarly, childhood antibiotic exposures are associated
with an increased risk of developing IBD (Kronman et al., 2012). In addition, psychological stress
can also contribute to developing IBDs, as there is a close relationship between the nervous and

immune systems (Mawdsley and Rampton, 2005).
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1.4.4 Smoking

Smoking cigarettes has a variable effect on Crohn's disease and ulcerative colitis [Figure 4].
Smoking aggravates Crohn's disease but protects from ulcerative colitis. For CD patients, smoking
cessation is highly recommended. In CD, smokers generally have a more severe disease, including
strictures and fistula formation, the need for using corticosteroids, and the need for surgical
intervention to handle the disorder, as well as increased risk for post-operative recurrence (Cosnes,

2004). The reason for this dual effect is unclear and is a highly active area of investigation.

1.5. Intestinal Biology and Immunotherapies

The intestinal epithelium is a single layer of cells containing crypts and villi. It renews itself rapidly
thanks to intestinal epithelial stem cells. The cells that line the intestinal lumen perform the primary
functions of digestion, water and nutrient absorption, and form a barrier against luminal pathogens.
Different intestinal cell types include enterocytes (the majority), Paneth cells, goblet cells, and
neuroendocrine cells [Figure 5]. Briefly, Paneth cells secrete antimicrobial peptides, and goblet
cells secrete mucus. Trillions of bacteria inhabit the gut. While some are pathogenic, others are
commensals that are usually harmless and can also provide important functions for the organism
like regulating immunity. The intestinal lamina propria is also full of immune cells including
macrophages, dendritic cells, B and T cells, which can be recruited to the site of inflammation,
notably in the context of IBD (Mowat and Agace, 2014). The microbiota also plays an important
in the training of the immune system during development and infancy. What results is an
equilibrium between host and microbiome in a tolerogenic state, by protecting against pathogens
but allowing the presence of commensal bacteria. The use of antibiotics and changes in diet have
been proposed as culprits for the breaking of this equilibrium thus allowing the development of
IBD (Belkaid and Hand, 2014).

13
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This understanding of intestinal biology has led, in part, to the discovery of new therapeutics for
IBD. This includes drugs that might target pathways that we see dysregulated in IBD [Figure 6].
Biologic monoclonal antibody therapy, especially Anti-TNF, has been a major improvement for
the treatment of IBD. It has been shown to decrease disease-related morbidity substantially (Su et
al., 2002). Trials of therapeutic strategies have shown that early initiation of such therapy is
associated with greater response. Consequently, treatment paradigms have evolved from a step-up
strategy to favor up-front biologic therapy to prevent damage. However, about 40% of patients do
not respond to treatment, which unnecessarily puts them at risk of infection, carries a high cost,
and gives them false hopes. It has brought forward the importance of personalized treatments,
which requires a priori prediction of the response to each mechanism of action (Adegbola et al.,
2018). Several current treatment strategies target pathways involved in the T cell response:
thiopurines, inducing T cell apoptosis, anti-a4p7 targeting the traffic of gut homing T cells, and
anti-1L12/23 p40, interfering with the Th1l and Th17 differentiation. Hence, the characterization
of the T cell compartment and its evolution during treatment in IBD patients could provide
predictive markers of efficacy and/or new therapeutic strategies (Podosky, 1991, Madara et al.,
1985, Okayasu et al., 1990, Hammer et al., 1990).
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Figure 6. Intestinal immunity in health and inflammation, including mucosa, lymph nodes and
blood vessels. Treatments blocking the different inflammatory molecules are shown by arrows.

(from Lancet, Crohn’s disease, 2016)

1.6 Multi-omics Methods in Human Diseases

Human disease development is a highly dynamic and interactive biological process involve genes,
epigenetic modifications, transcripts, proteins, and metabolites in the human body (Consortium,
2015, Kim et al., 2014). A biological process can be better understood by completely analyzing
the information in these different molecular levels (Civelek and Lusis, 2014). A multi-omics data
approach for studying a disease can be proved to be helpful in a thorough understanding of it as
well as early detection, prevention, and proper treatment (Consortium, 2015, Kim et al., 2014). A
biological process can be better understood by completely analyzing the information in these

molecular levels (Civelek and Lusis, 2014) [Figure 7].

Analysis
Integration of multi-omics data

Proteomics "VL ,,,,,,, ",
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o c o —
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Organization
(organelle, cell, organ, organism) Kim et al., DOL: 10.1016/j.malp.2016.04,017

Figure 7. Layers of the multi-omics ‘model’. Each omics can be analyzed at the cell, organ or
organism level. Omics can also be studied longitudinally with age, or modified by environmental
factors (Kim et al., 2016).
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1.6.1 Why multi-omics?

Biomedical research has been successful in identifying genes and loci on the chromosomes
responsible for the development of some human diseases through genome studies. Through these
approaches, the high complexity of biological systems got revealed for advancements in disease
diagnosis and the handling of diseases. However, it quickly became clear that genetic studies alone
were not sufficient to understand the global complexity of IBD. Driven by the progress in
technologies, scientists discovered other molecular systems in disease development, including
epigenome, proteome, and metabolome. These omics studies analyze a particular molecule, such
as DNA, RNA, proteins, or metabolites and generate multi-level large complex datasets.
Furthermore, analyzing how all these systems interact together is an approach now commonly
known as ‘systems biology’. DNA transcribes into RNA which translates into proteins. Hence,
missing any molecular step in a system can lead to a gap in our understanding of the biological
process. After identifying a GWAS hit, we may need to know its impact on the transcriptome or
the proteome in the tissue, and then perhaps start to attribute a causal role to this genetic variation
(Sun and Hu, 2016). This is where multi-omics studies come into place to push our understanding

of complex diseases.

1.6.2. Genome-wide association studies

For decades, profiling of genetic variants has been used in human disease studies (Klein et al.,
2005). The goal of genome-wide association studies (GWAS) is to associate genetic variations
called Single Nucleotide Polymorphisms (SNPs) (Nielsen et al., 2011) to a particular phenotype
(height, weight, BMI) or disease (IBD, Type 1 diabetes, breast cancer). By now, GWAS has
identified a huge number of genetic variants that are associated with specific phenotypes in human
diseases. As of today millions of people have had their genome sequenced either through research
studies or personal genomics companies (Welter et al., 2014). One question today is what more
information can we gain by increasing more and more the sample size, when we already have
robust studies with hundreds of thousands of people. Another issue with these studies is that the
SNPs often fall into non-coding regions of the genome, making it harder to identify the gene

involved. Also, SNPs tend to be associated (linkage disequilibrium), making it harder to identify
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causal genes for one disease. Once a gene has been identified it can be confirmed using functional
validation of its effects in cell lines, organoids or mice models, and then potentially be the target
for drug compounds. Current areas of interest in the genetic field include increasing the diversity
of the populations sampled, currently most studies include Caucasian populations. Another
approach is whole exome sequencing (WES) and whole genome sequencing (WGS), which instead
of using SNP arrays, sequence the whole genome or the whole exome to identify genetic mutations.
These might solve the problem of missing heritability in GWAS compared to twin studies. New
efforts like the UK Biobank are making available the genome of millions of people together with

carefully annotated clinical records, biological information (Metzker, 2010).

1.6.3. Transcriptomic studies

Transcriptomic studies have become the go-to technique to look at gene expression in tissue and
cell culture. Initially microarray chips were used to detect the expression of thousands of genes
using fluorescent probes. These have been largely replaced by RNA sequencing techniques, which
uses next generation sequencing techniques to quantify the number of reads corresponding to each
gene in the genome (Ozsolak and Milos, 2011). RNA-seq is more quantitative and precise than
microarray. RNA-seq can also be used to look at gene isoforms and alternative splicing. The issue
with transcriptomic studies of tissues is that the signal comes from all different cell contained
within the tissue biopsy or blood sample, it can therefore be noisy and hard to interpret. Single-
cell studies are trying to tackle this problem. Another shortcoming of transcriptomic studies is how
to make sense of hundreds of differentially expressed genes, and pathway analyses methods have
been developed to condense the information (Trapnell et al., 2012). The Cancer Genome Atlas
(TCGA) which looks at the expression of different organ tumors, and the Genome Tissue

Expression (GTEX) project are great examples of insightful gene expression studies (Marx, 2015).

18



1.6.4. Epigenome-wide association studies
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Figure 8. Overview of epigenetic modifications including DNA methylation by methyl groups,
and histone modifications through the binding of histone tails. Epigenetics can be affected by
development, age, environment and cause disease (From NIH).

All our cells have the same DNA but their gene expression can vary from tissue to tissue, cell type
to cell type, as well as with age or diseases [Figure 8]. Several systems are responsible for this
including DNA methylation, histone modification and non-coding RNA (ncRNA)-associated gene
silencing (Bird, 2007). Human diseases are considered to be the result of many genetic and
environmental factors as well as the interrelation of both these fields. It is also thought that
epigenetic modifications are brought up by environmental influences like smoking (Breitling et
al., 2011), poor nutrition (Waterland and Jirtle, 2003), genetic factors (Sun, 2014), and age along
with all human diseases risk factors (Bocklandt et al., 2011). Research by Uddin et al. has shown
the association of gene-level epigenetics of peripheral leukocytes with inflammatory markers
(Uddin et al., 2011). Such associations are very important in studying the pathogenesis of human
diseases. The insights provided by analysis of epigenome may enlighten us about various disease

pathways, pathogenesis, genes, and other environmental factors that may influence the disease
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onset, its susceptibility, and development along with providing insights about how to handle
diseases (Relton and Davey Smith, 2012).

Epigenome-wide association studies are the analysis of epigenetic markers related to a specific
phenotype by examining the epigenomic markers in a population (Sun, 2014). EWAS technique
has been recently affordable and available to scientists for research, and a lot of studies have found
DNA methylation markers that are leukocyte-based and are associated with the phenotypic
characteristics of diseases. The technique has facilitated the ability for scientists to identify many
of the molecules that mediate the genetic and environmental factors responsible for disease onset.
EWAS can include ATAC-seq, Hi-C and Chip-seq studies, all targeting different epigenome
modifications (chromatin accessibility, histone markers, methyl groups) (Demerath et al., 2015,
Dick et al., 2014, Liang et al., 2015). Along with providing amazing results, numerous flaws in
the technigue have also been found, including issues of sample size, specimen types from humans,
imperfections in epigenome editing techniques, specificity for cell type, and framework for

analyzing data. Further improvements in these areas are required (Heijmans and Mill, 2012).

1.6.5. Proteomic studies of human biology and diseases

Proteomic studies include the comprehensive analysis of all the protein products of a single
genome (Wilkins et al., 1996). Proteome knowledge leads to an understanding of normal protein
or amino acid structure and function that can help access abnormal behaviors. Proteomic studies
tell about the isomorphic forms of peptides, modifications that take place after the translational
process, and any mutations that occur in amino acids. This knowledge base contributes to a greater
understanding of certain diseases and their specific mechanism of action (Nilsson et al., 2010). A
unique character of proteomic studies is that it can also point out the localization position and
timing of a protein, highlighting the disease process that cannot be told by any other genomic

study.

This approach of studying a disease is very valuable and is being practiced in studying diseases
like cancer (Tsai et al., 2015), multiple sclerosis (Farias et al., 2014), and schizophrenia (Al Awam

et al., 2015). A study done by Petricoin et al. was successful in distinguishing the ovarian cancer
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cases from the normal ones using just the proteomic technique (Petricoin 11l et al., 2002). Many
biomarkers have been identified so far for various types of cancers. Overall, these proteomic
studies enhance the knowledge about the disease markers providing an integrated picture of
pathogenesis, which can help develop more effective treatment strategies.

1.6.6 Metabolome-wide association studies

The term metabolome refers to the group of all metabolites of low molecular weight that are
produced by the cells. Their metabolism can depict the complete physiological status and activity
of the cell. Metabolome depicts all the endogenous and exogenous characters and factors of a cell,
including genetics, developmental factors, pathological aspects, lifestyle effects as well as the
influence of the environment on biological processes. Metabolomics is a narrow field of study
within the broad context of biological studies that involves profiling of complete metabolome of a
cell or a particular biological sample. It focuses on the processes at a biochemistry level. Unlike
other omic studies, it relates more closely to environmental influences and the effects on cellular
traits. Several databases have been made available to trace the effect on exposome to metabolites
(ex. Exposome Explorer). Contrary to RNA and proteins, metabolites are not a direct product of
DNA, as described by the concept of the ‘Central Dogma’ (Sun and Hu, 2016).

This approach has yielded interesting findings in human studies. Altmaier et al. researched
metabolome and disease, their targeted approach found out the association of antihypertensives
drugs and lipid-lowering drugs with effects on serum (Altmaier et al., 2014). Untargeted mass-
spectrometry based techniques, and MWAS has now become an effective approach to
understanding any biological questions (Jones et al., 2012). Infectious diseases also get covered
by metabolomic analysis, such as a study done by Weiner et al. found an association of eight

metabolites with tuberculosis disease (Staff, 2016).

1.6.7 Microbiome studies

High throughput sequencing of the microbiome allows identifying quantitatively and qualitatively
the different microbial species present in a sample. Two main techniques exist: 16S ribosomal

RNA (rRNA) gene amplicons and shotgun metagenomics. These enable us to assess within-sample
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diversity (alpha-diversity), between-sample diversity (beta-diversity) and more generally the
species differentially abundant in health and disease (Org et al., 2015). The ratio of Firmicutes to
Bacteroidetes (F/B ratio) can also be determined. Perturbation of this ratio has been associated
with diseases including obesity, and differences in composition have been identified notably in
diabetes. With the meta-genome and even now the meta-transcriptome, we can assess the function
of the different microbial species present in a sample. The Human Microbiome Project

(Huttenhower et al., 2012) is a great example of integrated microbiome analysis in humans.

1.6.8 Single-cell studies
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Figure 9. Overview of single cell sequencing through the 10x Chromium system protocol. Each
cell is barcoded and encapsulated through a fluidics system to a specific GEM that gives it a unique
molecular identifier (UMI). Then all reads are pooled together to infer the transcriptional profile

of individual cells.

A major issue in bulk tissue RNA-seq studies is that it doesn’t account for the heterogeneity in the
cell types contained in the biopsies. Although some deconvolution techniques have been proposed,
it is mostly impossible to know which cell types contributed to the signal that is being captured.
For this reason, and others, single cell techniques have been developed where transcriptome for

each cell can be profiled [Figure 9]. This allows us to look at the changes in cell types proportions

22



between health and disease, and the changes in gene expression from each specific cell type.
Single-cell is currently enabling the confirmation and discovery of hypotheses regarding the
contribution of different cell types to pathologies. Single-cell technologies are being developed to
go further than transcriptomic: i.e. epigenetic (ATAC-seq), proteomics, spatial transcriptomics,

immune repertoire.

1.6.9 Issues and limitations of omics studies

There are several limitations in using omics studies in human diseases. Remarkable differences in
omics data can be the consequence of the 'batch effect.’ Indeed, there are documented differences
in data generated by various labs, technicians, or techniques. But when collaborative research is
being done, and the subjective population is large, then these kinds of differences are hard to
rectify. Other than this, the differences also occur because of various platforms available for a
single omics analysis, like many manufacturers are working for transcriptomic and epigenomic
analysis. They can have various genomic sites and features to work on, like sequencing techniques.
Methods have been developed to resolve these batch effect, but these remain imperfect and the
risk of losing biological information remains high, especially if the variable of interest is
confounded by the batch, or if the different groups are not well represented in each cohort (Sun
and Hu, 2016).

Another major problem is the concordance between omics results. The correlation between RNA-
seq results, and proteomics results for example is generally poor; the reasons why are still not
completely understood. Similarly, the methods to integrate different omics results are still debated.
One can pool them into a model or process them separately prior to integration steps. Another
major issue in the omics analysis is biological variation. Most commonly, blood samples are used
for collecting omics data. Blood is typically used as a surrogate endpoint for looking at diseases.
However, it could prove more informative to look at tissue samples. Yet, these also have several
issues including heterogeneity of cell types known as ‘sampling bias’, and availability of fresh
samples. Statistical methods have been developed to rectify the issues related to the heterogeneity
of cell numbers and proportions (Abbas et al., 2009), notably the CIBERSORT algorithm
(Newman et al., 2019), but with limited success.
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One of the main challenges of multi-omics analysis is also to distinguish causation from
correlation. We can identify correlations between markers and disease at multiple omics layer but
they may only be the consequence of the disease, not the cause. It is possible that only longitudinal
omics studies were each omics is assessed at several timepoints, and we can identify which changes

precedes the occurrence of a disease will answer that question (Hasin et al., 2017).

Of the years many multi-omics methods will be developed for disease subtyping and classification,
biomarker discovery for diagnostics and disease status. These will include Bayesion models
(iCluster), multivariate models (Mixomics), correlation networks. It will become more and more
difficult for non-experts to choose the right models to perform their analysis (Subramanian et al.,
2020).

1.7 Multi-omics in IBD

Inflammatory Bowel Diseases (IBDs) are still very complex to understand in terms of the causes,
its different forms, difficulty in the possible diagnosis, proper treatment, need for surgical
interventions, risk of cancer development, and other risk factors associated with IBD outcomes.
Ulcerative colitis and Crohn's disease both are in the category of complex diseases that are caused
by many factors, including environment, genetics, immune responses, and microbiota. These
factors and their interactions define the onset of diseases and possible outcomes (Fiocchi, 2014)
(Xavier and Podolsky, 2007). If we consider the environment, then there are innumerable
environmental agents that we encounter in our daily life. Genetics consists of numerous genes and
their interactions. The microbiome consists of trillions of microbial species that take part in disease
development. There are an unlimited number of complex biomolecules functioning and interacting
in the human body (Fiocchi, 2014).

1.7.1 Goal of multi-omics in IBD

Various studies conducted on inflammatory bowel diseases have revealed that not just a single
biological compartment plays a role in developing IBD. Instead, all mentioned biological levels
and systems come up to take part and interact to trigger the disease. Exposome, microbiome,

genome, and immunome all play a role in IBD. Immunome and microbiome depend upon the
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environment, and change in genome occurs in about 100 years. In one of the studies, numerous
components affecting the onset of IBD were studied along with various interactions of those
components and resulted in explaining the need for a more comprehensive approach to studying
the disease with all its components (Morris et al., 2010). The significance of the multi-omics study
approach for IBD is also justified by the fact that every individual is unique in behavior or response

to a certain factor (Fiocchi, 2014).

Many emphases have been put on the interactions between omics, but how can these interactions
be studied simultaneously is still in question. Considering IBD, all its components, i.e., genome,
microbiome, immunome, and exposome, all are reciprocally interrelated. Every single interaction
can have a positive or negative effect. According to a recent GWAS, there are about one hundred
and sixty-three variants of both manifestations of IBD (Jostins et al., 2012), and more variants may
later be discovered. Seemingly not one single omic will be able to capture the complexity of IBD,
and multi-omics approaches should provide a more comprehensive picture. Still, there is a need

for such approaches and techniques to take all omics under consideration (Fiocchi, 2014).

1.7.2 IBD genetics

The first IBD related gene identified in Crohn's disease was the NOD2 gene (Nucleotide-binding
Oligomerization Domain-Containing protein 2), which has a major contribution to Crohn's disease
risk (Hugot et al., 2001). This gene codes for a protein that acts as an intracellular receptor for
bacterial products, mainly in monocytes, and transduces signals leading to NF-kB activation
(Loddo and Romano, 2015). To date, more than 200 susceptibility loci have been identified in the
genome for IBD (Jostins et al., 2012, Liu et al., 2015, Huang et al., 2017). Some of these are for
CD, and some are for UC. The coding variants occupy about 30% of loci (Knights et al., 2013).
Functions of many of these loci are still unknown. Other notable genes of interest include
ATG16L1, IRGM or IL23R. ATG16L1 and IRGM are responsible for a defect in autophagy that
can lead to reduced pathogen clearance (Salem et al., 2015, Ajayi et al., 2019). IL23R is a receptor
for IL23, a proinflammatory cytokine, highly expressed in the membrane of T cells notably (Naser
etal., 2012). A more recent study added 25 risk loci, including 3 integrin genes (de Lange et al.,
2017). Recent fine-mapping efforts have tried to pinpoint confident causal variants among these

numerous SNPs (Huang et al., 2014). Causal variants may also be identified through expression
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quantitative trait loci (eQTL) studies (Momozawa et al., 2018). Other ongoing studies include
Whole Genome Sequencing (WGS) and Whole Exome Sequencing (WES) of IBD patients and
controls. Thanks to these new approaches, a new variant in the ADCY7 gene has been shown to
double the risk of UC (Luo et al., 2017). In addition to disease susceptibility, other studies have
looked at disease prognosis as an endpoint for GWAS. Although generally less powered, one study
notably identified four SNPs associated with prognosis but not with disease susceptibility (Lee et
al., 2017).

1.7.3 Transcriptomics in IBD

The next most widely used omics technique in IBD after genomics has been gene expression
studies via microarray or RNA-seq (Wang et al., 2009). One of the first, and still one of the main
transcriptomic studies in IBD comes from the RISK cohort. This is a pediatric cohort of new-onset
ileal CD. Early transcriptomics studies in CD have identified markers of inflammation in IBD:
upregulated genes including DUOX2, and down-regulated ones including APOAL (Haberman et
al., 2014). In a more recent analysis, it was shown the ileal signatures, specifically of extracellular
matrix genes, can predict strictures in this same cohort (Kugathasan et al., 2017). A first attempt
at a molecular classification of CD on a low number of samples hinted at the idea that there would
be two subtypes of samples, one ‘colon-like’ and one ‘ileum-like’(Weiser et al., 2018). Lately, in
the PROTECT trial including pediatric UC patients, transcriptome profiles have highlighted
mitochondrial defects in UC (Haberman et al., 2019). Limitations of transcriptomic studies in IBD
are that it is generally not possible to know which cell types are responsible for the differences we
see in bulk tissue. These could come from changes in diverse immune cells or epithelial cells. The

problem can be partly solved by using a single-cell multi-omics technique (Huang et al., 2014).

1.7.4 Proteomics in IBD

Proteomics studies do not always corroborate findings from RNA-seq studies, notably because of
post-translational modifications (Pandey and Mann, 2000, Mann and Jensen, 2003, Bennike et al.,
2014). Mass Spectrometry is a widely used technique in proteomics (Ong and Mann, 2005).
Several proteomic studies have been conducted in IBD using either blood or mucosal tissues (Jin
etal., 2019, Schniers et al., 2019, Chan et al., 2016, Pierre et al., 2020b). Pathways analyses have
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revealed alterations in immune and inflammatory responses, complement cascade, PPAR signaling
in UC. In CD, increased T-helper cell differentiation and elevated toll-like receptor and JAK/STAT
signaling were observed. Another goal of these studies was to identify additional biomarkers in
IBD, in addition to the existing CRP, and fecal Calprotectin. In that sense these studies have been
somewhat unsuccessful given that to date CRP and calprotectin are still the only two markers used
in the clinic. But a more recent had identified protein biomarkers associated with a risk of relapse

after infliximab removal in CD (Pierre et al., 2020a).

1.7.5 Metabolomics in IBD

In the metabolomics field, a number of small studies have been conducted on fecal samples as well
as on serum samples, plasma samples (Williams et al., 2012), colon tissue biopsy samples
(Bjerrum et al., 2010), and urinary samples (Bjerrum et al., 2010) in mouse models of colitis and
human IBD. But the dysregulation of gut metabolites in IBD is not well understood (Storr et al.,
2013). A recent study by Fransoza and al. aimed to fill this gap. Using untargeted metabolomic
analysis on more than 200 samples of CD, UC and non-1BD controls, they found that sphingolipids
and bile acids were increased in IBD, while triacylglycerols and tetrapyrroles were depleted. These
profiles were generally correlated with the level of fecal calprotectin. One challenge is that the
majority of these metabolites are still uncharacterized, but their function could be identified by
‘guilt-by-association” methods. These metabolites could prove very informative to the pursuit of

small molecule compounds reducing inflammation in IBD.

1.7.5 Epigenetics in IBD

As with other inflammatory diseases, the field of epigenetics in IBD is fairly new but holds a lot
of promises. Histone modifications, methylation marks and chromatin rearrangements have been
studied in IBD, for either case-control, disease activity or disease behavior studies. Yet, to date the
consensus on epigenetic modifications in IBD is fairly limited. Furthermore, it is generally difficult
to target epigenetic modifications, making it seem like an out-of-reach target for therapeutics
(Zeng et al., 2019, Ray and Longworth, 2019, Mateos et al., 2019). The same can be said for
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microRNA (miRNA), which also fall into the category of epigenetic modifications (Schaefer,
2016).

1.7.6 Microbiome in IBD

Early 16s microbial studies in IBD have identified dysbiosis, the imbalance of different species in
the gut, and reduced alpha-diversity as a marker of IBD. The magnitude of this dysbiosis is
debated, as well as its potential for tracking inflammation and predicting disease relapse. Several
species have also been identified as beneficial (Faecalibacterium prausnitzii) or detrimental
(Ruminococcus gnavus) (Khan et al., 2019, Sokol et al., 2008). More recently shotgun
metagenomic sequencing and strain analysis has been conducted on IBD patients and might yield
new insights into the disease. Some strains have been shown to interact with T cells in the gut and
could be targeted. Fecal microbiota transplantation is another area of great interest. So far it has
shown promises in Clostridium difficile infection (Liubakka and VVaughn, 2016), but results in IBD
are conflicting (Sokol et al., 2020b). Poor engraftment of the donor microbiome could be hindering

these approaches.

1.7.7 Single-cell in IBD

Two major studies (Smillie et al., 2019, Martin et al., 2019) have been conducted in IBD using
single-cell techniques, one for Crohn’s disease, one for Ulcerative Colitis. Both as part of the new
Human Cell Atlas initiative. The UC study has revealed new subsets of immune and epithelial cell
types and showed an association between the presence of inflammatory fibroblast and resistance
to anti-TNF treatment. This study has also mapped GWAS susceptibility loci to identify in which
cell type they were expressed. The CD study, utilizing both high-dimensional cytometry (Cytof)
and scRNA-seq on ileal CD samples, has shown that the presence of IgG plasma cells,
inflammatory mononuclear phagocytes, activated T cells, and stromal cells was associated with
resistance to anti-TNF treatment. Yet, these studies are usually costly and laborious, restricting

them for now to a low number of patients analyzed.
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1.8 Multi-omics in IBD

The complex traits of IBD are attributed to an abnormality in immune responses, environmental
effects, microbiome, diet, and drug histories as well as immune functions that can be impaired by
genetic mutations leading to inflammatory bowel diseases (Tyler et al., 2013). Dysbiosis or
imbalance in the gut microbiome can occur because of the bodies' immune response towards
commensal bacterial species. Dysbiosis conditions can also change the immune response or
microbiome structure as an increased number of opportunistic bacteria results in more pathogens
invading the lining of the gut. Diet also plays a role in changing the gut environment as well as the
microbiome (Kugathasan et al., 2017). Drugs that are antimicrobial and immunosuppressants in
nature are also thought to bring changes in the microbiome and the immune responses. Response
to some IBD drugs can also be predicted by the genetics of the host (Gevers et al., 2014). So, it is
seen that there are wide associations of genetics, medication, environment, microbiome, and
immune responses in IBD. All such aspects of omics can be studied via technologies of high
throughput sequencing. Genomics, transcriptomics, and immunomics in general give an overview
of the human immune response and genome of the host. VVarious gene sequencing technologies,
metagenomics, meta-transcriptomics give an overview of the microbiota. Signaling between host
and microbiome and simultaneous metabolism can be studied via metabolomics and proteomics
(Huang et al., 2014). The dual RNA sequencing technique can be used to study the transcriptome

of the host and microbiome at the same time (Wang et al., 2009).

1.8.1 Multi-omics studies in IBD

A cohort study was conducted by Kugathasan et al. (2017) focusing on stricturing and penetrating
diseases, as they lead to the morbidity of Crohn's disease in adults and children and that there was
less information available on the risks of these complications and the effects of treatment on the
disease progression (Kugathasan et al., 2017). The study analyzed multi-omics ("genotypes,
antimicrobial serologies, ileal gene expressions, the microbiota of ileal, rectal and fecal samples")
of the patients and found that anti-TNFa therapy reduces the risk of penetration and diminishes

the risk of stricturing. Moreover, it was found out that ileal genes that control the regulation of the
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extracellular matrix are associated with stricturing complications (Kugathasan et al., 2017).
Another study combined GWAS and eQTL to establish a transcriptional risk score predictive of

complications in Crohn’s disease (Marigorta et al., 2017).

Another cohort study was conducted by Gevers et al. (2014) about the treatment of IBD in the new
onset of Crohn's disease in patients. The study found out through microbiome studies that the use
of antibiotic drugs adds to the microbial dysbiosis in Crohn's disease. Also, early diagnosis of
Crohn's disease can be made through analysis of the microbiota of rectal mucosal sample (Gevers
et al., 2014). A study on mucosal transcriptomes in ulcerative colitis, done by Haberman et al.
(2019) revealed that in active patients, increase in mitochondrial genes along with innate immune
genes are related to the severity of the disease. A subset of these severity genes can help predict
the remission of disorder following corticosteroids use. An association between this gene subset
and anti-TNFo and anti-04p7 was also found. These changes are also associated with the gut

microbiota composition (Haberman et al., 2019).

One of the best examples to date of a multi-omics study in IBD comes from the Human
Microbiome Project 2 (HMP2) cohort (Lloyd-Price et al., 2019). This huge effort analyzed
genome, transcriptome, methylome of the host in blood and biopsy, and meta-genome, meta-
transcriptome, metabolome, proteome and virome of the fecal microbiota. This including CD, UC,
and non-IBD samples from adult and pediatric subjects from 5 different cohorts over the US, in
different locations of the gut, at different timepoints. One major concern for this study is analysis
power. By multiplying so many conditions and combinations it is hard to see how we can ascertain
the robustness of some of the results. Still the authors were able to identify major disruptions in
the microbiome (clostridia) and the metabolome (bile acids), as well as temporals shifts with

disease activity.

Last, an in-depth study conducted by Smillie et al. (2019) assessed the pathways and cell type
specifications of risk alleles of ulcerative colitis, found by GWAS, using 51 subsets of cells from
colon mucosa. It was found that in the disease course, expansion is seen in M-like cells,
inflammatory monocytes and fibroblasts, as well as CD8 T cells expressing IL-17. Major findings

also include that drug response in UC can be affected by the presence of pro-inflammatory
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fibroblasts (Smillie et al., 2019). Each omics study in IBD provides insights about a single aspect
of the disease that is much complex in nature. So, multi-omics studies can be key to develop novel
and comprehensive insights on the disease in order to devise various treatment strategies.
However, this is an uphill task to collect all omics data on a cohort of the same patients and analyze

it simultaneously. Meticulous planning of such a study is often required (Huang et al., 2014).
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Outlined Methods

The methods for each specific study are described in the results section separately. | give here, a

brief overview of the methods used.

Cohort selection

For the meta-analysis study, we performed a search for IBD gene expression studies on GEO, in
the literature and in our different centers. To maximize robustness, we selected 5 independent
cohorts with the greatest sample size, including patients with Crohn's ileitis, Crohn's colitis,
Ulcerative colitis, as well as ileum control, and colon control [Supplementary Figure 1, Table 1].
Cohorts with lack of basic clinical information on samples were excluded. The RISK cohort®, the
REMIND study’, two cohorts from Leuven®® and the PROTECT trial® were chosen. In each
cohort, we selected only samples obtained from patients with active disease, and no prior to
treatment. In each study, biopsies were collected from IBD patients and controls either during
endoscopy or from a surgical specimen. RNA was extracted and analyzed with microarray chips

or RNA sequencing.

Gene expression analyses

For public cohorts, RNA-seq count and microarray expression data were downloaded from the
Gene expression omnibus (GEQO) website. For the REMIND cohort microarray expression data
were generated in-house. We collected patient characteristics for each study, including gender,
location of biopsies, and disease status from GEO. We collected relevant clinical factors for the
REMIND study in the Case Report Form (CRF). RNA-seq count matrix was processed and
normalized using DESeq (Anders and Huber, 2010). Microarray data was processed and
normalized using Robust Multichip Average (RMA) method. To calculate differentially expressed
genes (DEG) we fitted a linear model on each gene using the log-transformed, library-size
normalized, counts for RNA-seq, and the gene expression of microarray data. Then, for each
comparison, FDR 5% significant genes were selected. Finally, the top 20 DEGs per comparison

were selected to generate the heatmaps, ranked by absolute log Fold-Change (logFC).
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GWAS study

We mapped our samples to the HapMap Project (International HapMap et al., 2010) to obtain
ancestries for our cohort. The GWAS for post-operative recurrence was performed using standard
methods. SNPs were imputed using Michigan Imputation Server
(imputationserver.sph.umich.edu), using the 1000 genomes reference. Association testing between
SNP and outcome was run using plink 1.9 (Purcell et al., 2007), with Minor Allele Frequency
(MAF) < .05, Hardy-Weinberg equilibrium 10”-6. We adjusted for Sex, smoking, post-operative
anti-TNF and PC1, PC2 as covariate.

Microbiome analyses
16s microbiome FASTQ were normalized and aligned using the Qiime (Bolyen et al., 2019)
software. OUT assignment was done in the Qiime software. Count taxa OTU tables were then

generated and log-transformed for downstream analyses.

Mutli-omics analyses
Correlations between each distinct omic (microbiome-transcriptome) were calculated using the
Spearman coefficient. P-value and multi-correction testing (Bonferroni) were also performed to

obtain significance.

Batch correction

To correct for batch effect we used Combat, a widely used batch correction algorithm, based on
empirical Bayes regression (Johnson et al. 2007). After batch correction, with cohort as a batch
and location (ileum, colon) as a covariate, we were able to obtain distinct clusters for the ileum

samples and the colon samples.

eQTL, mQTL
For eQTL and mQTL studies a linear model was fitted to expression or microbiome data like so:
‘Gene expression’ ~ SNP or ‘Microbiome abundance’ ~ SNP. Results were corrected for multiple

comparison using Bonferroni correction.
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Pathway analyses

To derive the pathways containing differentially regulated genes, we performed a hyper-geometric
test to assess over-representation. We queried Gene-Ontology (GO) (Mi et al., 2019) , Kyoto
Encyclopedia of Genes and Genomes (KEGG) (Kanehisa and Goto, 2000), Reactome (Jassal et
al., 2020). The top 100 upregulated and downregulated genes were selected from the bulk RNA-
seq study to execute the test. Pathways with p-value <0.05 were reported.

Predictive modelling

For predictive modelling the cohort was split into training (70%) and testing set (30%). Then a
regularized linear model was fit on the gene expression matrix with a 10-fold cross-validation in
the package glmnet. The model accuracy was assessed on the testing set using Area-Under-the-
Curve (AUC).

Genetic risk score
To characterize the individual genetic risk score for IBD, we calculated an IBD polygenic risk

score (PRS) for each patient defined as follows:
IBD _risk_score = Zbeta_i * SNP_i

By capturing multiple SNPs in one metric, such score has been able to identify groups of
individuals with substantially increased risks in multiple diseases (Crouch et al., 2020)

Differential expression

We performed a differential analysis in each cohort applying three different contrasts: Crohn's
ileitis vs. ileum control, Crohn's colitis vs. colon control and Ulcerative colitis vs. colon control.
Differential expression was obtained via a linear model on each gene using limma's ImFit, and

empirical Bayes statistics (eBayes). We used a threshold value of FDR < 5%.

Meta-analysis

We performed a meta-analysis of each differentially expressed genes in the different studies. Log
Fold-Change (LogFC) values were combined using invariance variance model in the R package
metafor. Genes were included in the meta-analysis only if they were differentially expressed in the

same direction in at least two cohorts.
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Data availability & browser

The raw data from each study can be accessed via GEO (GSE117993, GSE75214, GSE16879,
GSE109142). The curated differential expression tables resulting from the meta-analysis for each
disease subtype are available as supplementary. We also provide an online browser where the

results of the meta-analysis can be queried (https://ibdot.shinyapps.io/IBD_meta_analysis/). The

tool can take a gene or a list of gene (Entrez gene symbol) and will display a heatmap of DEGs in
the three conditions Crohn’s ileitis vs. ileum control, Crohn’s colitis vs. colon control, Ulcerative

colitis vs. colon control.

Immuno-staining

Three micrometers thickness ileal and colonic resection margins; tissue sections fixed on polarized
slides were first deparaffinized and rehydrated with successive baths of Xylenes isomeric mixtures
and Ethanol at different concentrations. Antigen retrieval was performed using Citrate buffer (pH
6,0; Sigma Aldrich®) heated in a microwave. For immunohistochemistry, endogenous peroxidase
activity was inhibited using hydrogen peroxide. After blocking unspecific bonds with blocking
buffer (prepared with a 5% species&#39; serum of the secondary antibody), staining with primary
antibodies was performed. For CA2 immunohistochemistry, primary antibodies were detected
with an iVIEW DAB Detection Kit (Ventana ®) using an automated system. CA2 staining was
performed using primary nuclear antibody from Abcam (ab182611, Dilution 1/50, Rabbit
polyclonal Antibody).
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Scientific questions and thesis aim.

IBD are highly heterogenous diseases with a varying course, and challenging medical and surgical
management. In this work we ask whether we can use multi-omics studies to improve our
understanding of the pathophysiology of IBD, identify gene drug targets, and predict disease
course. We will use publicly available IBD mucosal gene expression data, totaling more than 1000
samples, to ask whether ileal or colonic diseases share common or distinct gene signatures. These
datasets have been generated using different platforms (microarray and RNAseq), and it remains
unknown whether we can effectively combine both. We will also compare our results with another
IBD manifestation called pouchitis. In the second section, we will ask whether multi-omics in a
cohort of patients undergoing surgery (REMIND) can accurately predict postoperative recurrence
after ileocecal resection in Crohn's disease (CD), and help us understand the physiopathology of
recurrence. We will demonstrate that using both ‘open-data’ publicly available data and our own
cohorts we can leverage multi-omics analysis, notably transcriptomics and genetics to improve our

understanding of IBD.
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Chapter 2.

2.1 Meta-analysis of IBD gut samples identifies specific

markers of disease In lleal and Colonic Diseases

Here we present a first example of how to leverage publicly available gene expression data in IBD
to improve our understanding of the disease. Analyzing more than 1000 samples from 6 different
studies including ileal CD, colonic CD, UC, control ileum and colon, we robustly identify specific
markers of ileal and colonic diseases. These results suggest that, at the gene expression level, these
diseases are better characterized by their localization (ileum vs. colon) than their classification.

The markers identified could also lead to specific therapies for ileal CD, colonic CD and UC.

Meta-analysis of IBD gut samples gene expression identifies specific markers of ileal and

colonic diseases
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Summary (40 words). We meta-analyzed more than 1000 samples from 5 different cohorts of
mucosal gene expression from patients with IBD and controls, and identified specific markers of
ileal and colonic diseases. We showed that colonic CD resembles UC, and is distinct from ileal

CD, which is in turn similar to pouchitis.

Abstract (250 words).

Background

Inflammatory Bowel Diseases (IBD) are chronic inflammatory diseases that can affect any
segment of gastrointestinal tract. Ulcerative colitis (UC) is limited to the colon and the rectum,
while Crohn's disease (CD) may involve any part of the gastrointestinal tract and is most prevalent
in the terminal ileum and the colon. The pathogenesis and disease course can vary greatly
according to the location of the disease, asking the question whether ileal and colonic CD are
indeed two separate entities.

Methods

We utilized meta-analysis to identify specific signatures of ileal and colonic diseases, and to
compare gene expression profiles in CD ileitis, CD colitis, UC and pouchitis. We meta-analyzed
1047 samples from 5 different studies of mucosal gene expression of patients with IBD and healthy
individuals, in ileal and colonic biopsies. In each cohort separately, we compared CD ileitis to
normal ileum, and CD colitis and UC compared to normal colon, and meta-analyzed the results.
Results

We identified specific markers of ileal (FOLH1, CA2) and colonic (REG3A) inflammation, and
showed that, with disease, some cells from the ileum start to express colonic markers. We

confirmed by immune-histochemistry (IHC) that these markers were specifically present in ileal
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or colonic diseases. We highlighted that, overall, colonic CD resembles UC, and is distinct from
ileal CD, which is in turn similar to pouchitis.

Conclusions

We demonstrated that ileal and colonic diseases exhibit specific signatures, independent of their
initial clinical classification. This supports molecular, rather than clinical disease stratification, and

may be used to design drugs specifically targeting ileal or colonic diseases.

Keywords (3-5)
IBD, transcriptome, disease location, meta-analysis

Introduction

Inflammatory bowel diseases (IBD) are chronic inflammatory diseases that can affect any
segment of gastrointestinal tract. Ulcerative colitis (UC) is limited to the colon and the rectum,
while Crohn's disease (CD) may involve any part of the gastrointestinal tract and is most prevalent
in the terminal ileum and the colon.! There is a high heterogeneity in the clinical presentation and
course of these debilitating diseases, thus presenting a continuous challenge to medical care. In
addition to the CD/UC distinction, CD is often categorized by the segment of the Gl tract being
affected: as upper gastrointestinal, ileal, ileo-colic, or colonic disease?. The pathogenesis and
disease course of these subtypes can vary drastically, pointing to the notion that perhaps CD should
be divided into ileum-dominant and isolated colonic diseases®. Furthermore, genetics studies have
shown that the genetic risk for IBD is not uniform, but rather a continuum of disorders, from UC
to colonic CD and ileal CD*. Another type of inflammation, pouchitis, develop in the majority of
patients with UC undergoing total proctocolectomy and ileal pouch-anal anastomosis restoration
(pouch surgery). The ‘de novo’ inflammation occurring in the ileal pouch resembles that of ileitis
in CD®.

Multiple studies of mucosal gene expression in IBD have now been published® ©. Meta-
analysis is a powerful tool, notably in epidemiology and genetics, to combine results from
different studies and highlight the most significant signals. Here we aimed to utilize meta-analysis

to identify specific signatures of ileal and colonic diseases, and to assess whether colonic CD has
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a similar profile to UC, and pouchitis-to ileal CD. We meta-analyzed 1047 samples from 5
different studies of mucosal gene expression of ileal and colonic biopsies of patients with IBD and
healthy individuals. We analyzed differential gene expression in CD ileitis compared to normal
ileum, and in CD colitis and UC compared to normal colon. In addition to assessing the
reproducibility of results from studies utilizing different techniques (RNA-seq and microarray),
we identified specific markers of ileal and colonic inflammation, and showed that the segment
affected determines the expression profile rather than the type of disease. We further confirmed
by immune-histochemistry (IHC) that these markers were specifically present in ileal or colonic

diseases.

Methods

Cohort selection

We performed a search for IBD gene expression studies on GEO, in the literature and in our
different centers. To maximize robustness, we selected 5 independent cohorts with the greatest
sample size, including patients with Crohn's ileitis, Crohn's colitis, Ulcerative colitis, as well as
ileum control, and colon control [Supplementary Figure 1, Table 1]. Cohorts with lack of basic
clinical information on samples were excluded. The RISK cohort®, the REMIND study’, two
cohorts from Leuven®® and the PROTECT trial*® were chosen. In each cohort, we selected only
samples obtained from patients with active disease, and no prior to treatment. In each study,
biopsies were collected from IBD patients and controls either during endoscopy or from a surgical

specimen. RNA was extracted and analyzed with microarray chips or RNA sequencing.

Data gathering & QC

We used Gene Expression Omnibus (GEO) tools to gather gene expression matrices from each
study. Microarray data was preprocessed, normalized and quality controlled using Robust Multi-
array Average (RMA). RNA-seq data was aligned using the STAR pipeline. Each sample’s

annotation was standardized for disease type (CD, UC) and biopsy location (ileum, colon).
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Differential expression

We performed a differential analysis in each cohort applying three different contrasts: Crohn's
ileitis vs. ileum control, Crohn's colitis vs. colon control and Ulcerative colitis vs. colon control.
Differential expression was obtained via a linear model on each gene using limma's ImFit, and

empirical Bayes statistics (eBayes). We used a threshold value of FDR < 5%.

Meta-analysis

We performed a meta-analysis of each differentially expressed genes in the different studies. Log
Fold-Change (LogFC) values were combined using invariance variance model in the R package
metafor. Genes were included in the meta-analysis only if they were differentially expressed in the

same direction in at least two cohorts.

Data availability & browser

The raw data from each study can be accessed via GEO (GSE117993, GSE75214, GSE16879,
GSE109142). The curated differential expression tables resulting from the meta-analysis for each
disease subtype are available as supplementary [Suppl.]. We also provide an online browser where

the results of the meta-analysis can be queried (https://ibdot.shinyapps.io/IBD_meta_analysis/).

Immuno-staining

Three micrometers thickness ileal and colonic resection margins; tissue sections fixed on polarized
slides were first deparaffinized and rehydrated with successive baths of Xylenes isomeric mixtures
and Ethanol at different concentrations. Antigen retrieval was performed using Citrate buffer (pH
6,0; Sigma Aldrich®) heated in a microwave. For immunohistochemistry, endogenous peroxidase
activity was inhibited using hydrogen peroxide. After blocking unspecific bonds with blocking
buffer (prepared with a 5% species&#39; serum of the secondary antibody), staining with primary
antibodies was performed. For CA2 immunohistochemistry, primary antibodies were detected
with an iVIEW DAB Detection Kit (Ventana ®) using an automated system. CA2 staining was
performed using primary nuclear antibody from Abcam (ab182611, Dilution 1/50, Rabbit
polyclonal Antibody).
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Results

Similar results observed in each cohort, according to disease type and location

To identify robust markers of IBD in each location, we selected four studies of mucosal gene
expression from IBD patients and controls, this included samples from Crohn's ileitis, Crohn's
colitis, Ulcerative colitis, Ileum controls and Colon controls. The RISK® cohort comprised of 322
samples of RNA-seq from newly diagnosed pediatric Crohn's disease patients. The REMIND
cohort consisted of 415 microarray data from surgical patients undergoing ileo-caecal resection.
Two cohorts from Leuven®® of microarray data studying mucosal gene expression in IBD, and
response to Infliximab (IFX) treatment were included. The PROTECT?? trial looked at pre-
treatment rectal gene expression in 206 pediatric UC patients. Characteristics of the patients

including age, gender and disease duration are detailed in Suppl Figure 1.

In each cohort, we selected samples from inflamed tissue (active disease) and non-IBD controls
only. Since the ileum and the colon harbor different gene expression in normal conditions, we
compared Crohn’s ileitis to ileum controls, and Crohn's colitis and UC to colon controls. In each
distinct cohort we observed similar differentially expressed genes, according to disease type and
location [Fig. 1]. We then performed a meta-analysis of all studies to obtain a more definitive

assessment of the differences in each disease location and subtype.
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Figure. 1. Top differentially expressed genes in Crohn's ileitis vs. ileum control, Crohn's colitis vs.
Colon control and Ulcerative colitis vs. colon control. Union of the top DEGs for each cohort,
disease type and location, colored by Fold-Change. Non-significant comparisons are shown in grey
tiles. FDR < 5%. All top DEGs are shown for each cohort.

Meta-analysis of IBD gut samples gene expression identifies location specific markers in ileal

and colonic diseases

We combined the expression fold change from each comparison, using inverse variance method,
for each contrast. [Fig. 2]. First, there was a common inflammatory gene signature to all three
subtypes, including several markers of innate immunity DUOX2, DUOXA2, MMP1, MMP3,
S100A8, SLC6A14, CHI3L1, CXCL8, LCN2, and IL1B. Similarly, there were a number of genes
that were downregulated in all three comparisons, including gut mucosa and tight junction genes
GUCAZ2B, PRKG2, MT1M, CLDNS.
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Overall, the pattern of gene expression in Crohn's colitis was similar to Ulcerative colitis, but
partially different from Crohn’s ileitis. This could indicate that the tissue type may be a determining
factor of observed differences rather than the distinction between CD and UC. Among the
differences between ileal and colonic diseases, we saw that genes that were primarily expressed in
the ileum were downregulated in Crohn's ileitis, like CUBN, SLC13A1 and genes that were
primarily expressed in the colon were downregulated with Crohn's colitis or UC, like AQP8 and
HMGCS2. Conversely, a number of genes were upregulated in Crohn's ileitis only (FOLH1, CA2,
...); anti-microbial peptides REG genes (REG3A, REG1A), and defensins (DEF5A) were

upregulated in colonic diseases (colonic CD and UC) only. [Fig. 3]
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Figure. 2. Combined results of the meta-analysis in Crohn's ileitis vs. ileum control, Crohn's colitis
vs. Colon control and Ulcerative colitis vs. colon control. All top DEGs are shown for each

comparison, colored by Fold-Change. Non-significant comparisons are shown in grey tiles. logFC
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were combined using an inverse variance method. Genes were kept only if they showed significant

differential expression in at least two cohorts, with the same directionality. FDR < 5%.

FOLH1, REG3A and CAZ2 exhibit distinct patterns of expression in CD ileum and in CD and
UC colon

Using gene expression studies, we were able to identify specific markers of ileal and colonic
disease, particularly upregulation of FOLH1 and CA2 in ileal CD, and upregulation of REG3A in
colonic diseases. We next looked at the actual level of expression of these markers in each cohort
separately. We first see that our findings are replicated at the individual level, in each cohort
separately. Interestingly, FOLH1 was upregulated in Crohn's ileitis only. REG3A was upregulated
in colonic diseases, not expressed in the normal colon, while its level was high in both normal
ileum and Crohn's ileitis without noticeable difference [Suppl Figure 2]. In contrast, CA2 was
upregulated in Crohn's ileitis samples, with no expression in normal ileum, but highly expressed

in normal colon.

To investigate this pattern of gene expression further, we stained CA2 in the normal colon,
inflamed ileum in CD, non-inflamed ileum in CD from the REMIND cohort, and non-1BD
controls. Consistent with our findings, CA2 was ubiquitously expressed in the colon crypts, not
expressed in normal and non-inflamed ileum, and exhibited sporadic expression in some regions
of the inflamed ileum in CD. [Fig. 4].
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Figure. 4. A. B. C. Immuno-histochemistry (IHC) of CA2 in control colon, inflamed ileum in CD,
non-inflamed ileum in CD and control ileum. D. Quantification of CA2 epithelial cell rate in

Control, inflamed ileal mucosa and un-inflamed ileal mucosa
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Discussion

We performed a meta-analysis of gene expression in IBD, which included more than 1000
samples from 6 different cohorts. While each study taken separately yielded a separate message,
here we identified similar results across studies coming from different centers, and using various
techniques. We showed that the clinical distinction between CD and UC is only partially reflected
in the transcriptome. On the contrary, colonic CD resembles UC, whereas pouchitis resembles CD,
suggesting that the segment affected is more important in determining the disease signature. We
therefore established a distinct signature for ileal and colonic diseases. Taken together, our results
highlighted specific patterns of disease in CD ileitis (FOLH1, CA2), CD colitis, and UC (REG
genes). We also established an inflammatory gene signature (CXCL8, MMP3, DUOX2, S100A8)
common to all IBD subtypes. Folate hydrolase FOLH1/PSMA/GCPII is upregulated in CD ileitis
only. FOLHL1 is responsible for cleaving polygammaglutamate folate and enable the freeing and
uptake of folate'*. FOLH1 has been shown by immuno-staining to be expressed on the apical part
of the villi in IBD'®. Rais et al*® had previously reported that FOLH1 is elevated in patients with
IBD and that its inhibition seems to improve inflammation in preclinical murine models. Here we
show that this finding is specific to CD ileitis, and pouchitis. This not only supports the similarities
between ileal inflammation regardless of phenotypic definitions, but may also be important to
guide future clinical studies. Indeed, it is for example already known that anti-TNF therapies show
better efficacy in colonic than ileal diseases in CD?.

Another interesting finding is that REG genes are upregulated in colonic IBD, and they are
highly expressed in the normal or diseased ileum. REG3A had been shown by immuno-staining*?
to be expressed in both ileum control, and ileal CD, not in colon control, but expressed in the crypts
of the inflamed colon. These antimicrobial peptides are secreted by Paneth cells in the ileal crypts,
which may suggest that inflammation in the colon drives the differentiation of secretory cells'’,
normally absent from this segment of the GI tract. Interestingly, Paneth cell metaplasia has
previously been described in UC patient’s mucosa'®. Lastly, Carbonic Anhydrase (CA2) was
upregulated in colonic IBD. CA2 is expressed in the colon, the stomach, and the duodenum
particularly, where it helps neutralize gastric acid. However, it is normally not expressed in the
ileum®®. The reason why these ileum-specific genes or colon-specific genes start to be expressed
in the colon or the ileum with disease is unclear. We could hypothesize that either inflammation is

a driver for the expression of these genes, or that perhaps that this is a response to aberrant
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microbial populations in each specific segment (an ileal microbial population that colonizes the
colon, or vice-versa).

Generally, we used meta-analysis to highlight importance of specific ileal or colonic
signatures by combining several studies. Using similar techniques, Kaiko*? et al. recently identified
PAI-1 as a key factor in mucosal damage studying gene expression data of colon-only samples
from several cohorts of patients with IBD. Some of these results (DUOX2, APOAL) had also
already been described in mono center cohorts’. There are several limitations to this study. First,
even in patients with active disease, mucosal inflammation may vary between samples, particularly
in CD. Second, patients recruited in these studies are at different stages of their disease (early vs
late, behavior: inflammatory vs penetrating and stricturing disease), and may be receiving different
treatments. We believe that those issues were addressed by the large sample size, as well as
confirmatory sub-analysis in each separate study. Also, clinical features and outcome were not
available for all samples. Hence, it was not possible to associate the expression of certain markers
with a better or worse disease course, or a specific clinical phenotype. Moreover, gene expression
studies on whole tissue do not account for heterogeneity in the cellular composition of the biopsy
samples. In that regard, single cell studies may contribute information, tracking changes at the

cellular level.

Conclusion

In summary, we hereby show that ileal and colonic IBD exhibit specific signatures, that
may be more informative than their clinical classification. In addition to potentially highlighting
different pathogenetic pathways, these findings may be relevant for drug design, targeting

specifically either ileal or colonic IBD.
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Cohorts

RISK (RNA-seq, GSE117993)
Context: New onset, pediatric CD and UC
N =512 samples

Sample selection & QC

Only active CD and UC patients, with macroscopic or
microscopic inflammation and controls
N =397 samples

REMIND (HG-U133_Plus_2)
Context: Surgical patients, ileal CD
N = 415 samples

Only CD patients, on inflamed tissue, at time of surgery and
controls
N =225 samples

Arijs-1 (HuGene-1_0-st, GSE75214)
Context: Mucosal gene expression
N = 194 samples

"IN =155 samples

Only patients with active disease, and controls

Arijs-2 (HG-U133_Plus_2, GSE16879)
Context: Response to IFX
N =133 samples

Only patients before treatment, and controls
N =73 samples

PROTECT (RNA-seq, GSE109142)
Context: Pediatric, UC
N = 226 samples

Only patients before treatment, and controls
N =226 samples

Suppl. Figure. 1. Flowchart of the study. Description of selected cohorts, including technique,

context and sample size. Criteria for sample selection, including disease activity and patient status.

Quiality control.
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Suppl. Figure. 2. Expression of disease-specific genes CA2, FOLH1, REG3A, in each study in

Crohn's ileitis, ileum control, Crohn's colitis, Colon control and Ulcerative colitis.

2.2. Other approaches and extension to Pouchitis

2.2.2. Pooled analysis of all samples from separate studies

As an alternative approach, we also tried to analyze all the samples from all cohorts together. This
approach can be complex because of the heterogeneity in the cohorts (localization, disease), how
the samples were processed, and the technique used to obtain gene expression (RNA-seq or
microarray). Indeed, when we first tried to cluster all samples together, we saw each cohort was
clustering separately indicating a clear batch effect [Figure 1]. To correct for batch effect we used
Combat, a widely used batch correction algorithm, based on empirical Bayes regression (Johnson
et al. 2007). After batch correction, with cohort as a batch and location (ileum, colon) as a
covariate, we were able to obtain distinct clusters for the ileum samples and the colon samples.

These clusters also recapitulated the disease subtypes we observed previously: ileum control, ileal
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disease (Crohn’s ileitis), colon control, colonic disease (Crohn’s colitis, and Ulcerative colitis).
Here again there was no marked difference between Crohn’s colitis and UC [Figure 2]. We also
saw that these clusters displayed a gradient of Calprotectin (SLI00A8/S100A9) gene expression,
compatible with different levels of inflammation in the samples [Figure 3].

100 100
Cohort Location
¢ Arijs-1 * Colon
*  Arijs-2 ; s lleum
i ‘ * CERTIFI 5o -
* HMP2
* REMIND
&S * RISK &S
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-504
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° = ° [
Disease Location
© Colon Control
1001 100+ | @ Colon
© Colonic CD © lleum
© lleal CD
© lleum Control
© Ulcerative Colitis
50 1 ) 501
o o
[&] o
a a
04 0
-50 1 -501
-40 0 40 80 40 0 40 80
PC1 PC1

Figure 2. PCA of all samples after batch correction. Colored by disease subtype (left), and location
(right).
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Figure 3. Gradient of Calprotectin (S100A8) gene expression in all samples.

2.2.3. Extension to pouchitis

A. Proctocolectomy

with anal sphincter B. Stage one C. Stage two
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Figure

Lastly, we sought to compare the gene expression changes in another instance of gut inflammation,
Pouchitis. The Pouchitis is an inflammation that occurs in the lining of the ileal pouch created

during surgical removal of the colon to treat ulcerative colitis (Mayo Clinic). To this end we
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included a cohort of samples obtained patients after pouch surgery from the Rabin Medical Center,
Israel (Dubinsky et al., 2020). The samples included both pouch inflammation as well as ileal
control. By comparing the gene expression changes in Pouchitis and in all other IBD subtypes we
saw that Pouchitis was clearly similar to Crohn’s ileitis, and not Ulcerative Colitis or Crohn’s
colitis. Notably over-expression of FOLH1, CA2 and CEACAMY7 were observed in Pouchitis, and
REG1A/B was not upregulated, which is characteristic of an ileal disease. This finding adds to our
postulate that the segment affected by the disease, and not the type of disease, will determine the

gene expression changes with inflammation.
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Figure 1. Gene expression changes in Pouchitis, Crohn’s ileitis, Crohn’s colitis and Ulcerative
colitis. Last 3 come from the results of the meta-analysis, Pouchitis is an external cohort.

2.4 Conclusion.

We have used internal and external cohorts to identify specific markers of IBD in ileal (FOLH1,
CA2) and colonic diseases (REG3A/B). These markers should be functionally validated to
understand their role in disease, perhaps using organoid culture. We could see if the expression of
these genes is triggered by inflammation on organoids. We could try to knock down or knock in
(sh-RNA, AAV, or small molecules) some of the genes in mice models and see their impact on
colitis. Some compounds are already available. Antimicrobial peptide treatments could also be
used to boost the response. Anti-FOLH1 compounds are currently tested in pre-clinical trials
(REF?). Seeing that some genes expressed in the ileum are expressed in the colon with
inflammation and vice-versa, we could explore the interplay between the ileum and the colon. One

ambitious idea would be to expose ileal organoids to microbiota isolated from the colon. We have
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also identified new ‘Paneth-like’ secretory cells in the colon; perhaps we could try to isolate them

and characterize their transcriptome, compared to normal ileal Paneth cells.
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Chapter 3.

Genetic, multi-omics analysis of a surgical IBD cohort

3.1. The REMIND cohort

The REMIND cohort is a multi-omics cohort of surgical ileal CD patients. Biopsies were taken
from surgical specimens after ileocecal resection. We performed gene expression, and microbiome
analysis on the inflamed part (MO) of the mucosa and distant part (M1) at time of surgery. We also
performed the same analysis on the biopsies gathered at follow-up endoscopy 6 months after
surgery (M6). During this endoscopy about % of the patients show signs of endoscopic recurrence.
We also have clinical records for all of these patients. And genotyping is available for the majority

of patients.

lleal CD Surgery 6 months A
later 1/3 remission

2/3 recurrence

Figure 1. The REMIND cohort.

We first identified male gender as a risk factor for postoperative recurrence (POR), in addition to
known risk factors: smoking, anti-TNF (protecting), previous surgery (Auzolle et al., 2018). We
also showed via TCR sequencing that clonal expansions of T cells in CD are associated with

smoking and POR (Allez et al., 2019). A microbiome study found bacteria in the ileal mucosa
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associated with POR (Sokol et al., 2020a). Pathology studies identified microscopic lesions in the

ileal margin predictive of POR (Hammoudi et al., 2020).

Surgery 6 months post- surgery
,E§ — Bé
! " X
] \ \\r‘ ,
ha i neoterr;"bal ileum
Inflamed lleal A
area margin
Remission Recurrence
(M6-Rem) (M6-Rec)
t Surgery

Figure 2. Sketch describing the different localizations (MOI, MOM, M6), and study design (Ngollo
etal., 2020).

3.2. Transcriptome analysis of the REMIND cohort

In this section we analyzed the mucosal transcriptome of the REMIND cohort. Biopsies were
available at time of surgery (inflamed part and margin) and 6 month later during follow-up
endoscopy. We used bioinformatics tools to identify genes and pathways predictive of post-

operative recurrence.

Crohn’s disease mucosal transcriptomes highlight JAK/STAT pathway involvement in

postoperative recurrence.

Marjolaine Ngollo, Kevin Perez, Nassim Hammoudi, Yuri Gorelik, Marc Delord, Claire Auzolle,
Hugo Bottois, Dominique Cazals-Hatem, Madeleine Bezault, Stéphane Nancey, Benjamin
Pariente, Xavier Treton, Mathurin Fumery, Antony Buisson, Nicolas Barnich, Philippe Seksik,
REMIND study group investigators, Shai S. Shen-Orr, Lionel Le Bourhis, Matthieu Allez

Summary
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Background: Crohn’s disease displays heterogeneity in terms of disease location, progression and
response to treatment. Most patients require an intestinal resection due to complicated disease, and
a majority of them will experience disease recurrence. We aimed to characterize biological
pathways driving postoperative recurrence and to identify predictors which could guide therapeutic

management.

Methods: In this multi-center prospective study, we conducted transcriptome analysis on ileal
mucosa of CD patients undergoing ileocolonic resection. Samples were collected from the most
inflamed part of the ileum (n=200), from the ileal resection margin (n=149) and in the neo-terminal
ileum 6 months after surgery (n=122). The primary endpoint was postoperative endoscopic
recurrence at month 6. We applied a regression model to identify gene signatures predicting

endoscopic recurrence.

Findings: Molecular patterns of early endoscopic recurrence significantly differed from those
observed in chronic inflammation. Gene expression analysis of the inflamed area of the surgical
specimens identified clusters of CD patients. However, pathway gene signatures at the ileal margin
were superior to those of the inflamed area to predict postoperative outcome. Several pathways,
including JAK/STAT signaling, cell adhesion molecules and extracellular matrix protein were
associated with a higher risk of endoscopic recurrence. JAK/STAT pathway activation at the ileal
margin predicted early postoperative endoscopic recurrence (AUC of 0-74) and was associated
with a higher rate of clinical relapse in the long term. A significant increase of p-STAT3 levels at
the ileal margin was associated with severe endoscopic recurrence (i3, i4) compared to no
recurrence (i0) (p=0-02) and moderate recurrence (i1, i2) (p=0-04).

Interpretation: Gene expression analysis at the ileal margin of the surgical specimen may strongly
predict postoperative outcome. The inflammatory processes associated with postoperative
recurrence differ from those engaged in chronic inflammation. Activation of JAK/STAT signaling
at the ileal margin of the surgical specimen is predictive of postoperative recurrence and should be

specifically targeted.
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Figure 1: (left to right) A. PCA of all samples: Ctrl, MO, MI, M6. B. Genes predictive of Post-
Operative Recurrence from biopsies at MOl and MOM. P-value is shown from a linear model on
each gene. C. Kaplan-Meir curves of recurrence-free survival of JAK/STAT gene signature. Red
line is the group with an increase activation of the pathway and blue line is the group with a low

activation. The cut-off value between high and low group was computed by ROC AUC analysis.

3.3 Genetics analysis of the REMIND cohort

Here we analyze the genetics of the REMIND cohort and its relations to other available omics.
246 patients of the REMIND cohort were genotyped from peripheral blood, using the sequencing
platform at the Broad Institute in Cambridge, MA for SNP array chip (GWAS). The baseline

characteristics of the cohort, and clinical predictors of POR are listed below:
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Table 1: Cohort characteristics, at baseline, and clinical predictors of Post-Operative Recurrence.

TABLE 1 Patient characteristics at time of surgery

Men
Mean age (y, SD)
Age at diagnosis
<16y (A1)
17-40 y (A2)
>40 y (A3)
Mean disease duration (y, SD)

Mean time between resection and colonoscopy (mo, SD)

Active smoker at surgery
Smoking cessation
Previous intestinal resection
<10y
Number of previous resection(s)
0
1
2
3
Surgical indication
Stricturing complication
Penetrating complication
Failure of drug therapy
Disease phenotype (Montreal classification)
Inflammatory phenotype (B1)
Stricturing phenotype (B2)
Penetrating phenaotype (B3)
Disease location (Montreal classification)
lleal (L1)
lleocolonic (L3)
Anoperineal lesion
Extra-digestive symptoms
Joint manifestations
Skin manifestations
Eye manifestations
Median Harvey-Bradshaw index (Q1-Q3)
Mean body mass index (kg/m?, min-max)
Pre-operative enteral nutrition
Pre-operative parenteral nutrition
Previous exposure to anti-TNF therapy
Anti-TNF therapy <3 mo before surgery
Adalimumab
Infliximab
Previous exposure to thiopurines

Thiopurines <3 mo before surgery

TABLE 2 Bivariate analysis: predictors of early endoscopic

recurrence
N = 225 (%)
104 (47)
34.6 (12)
26 (12) Gender (male)
176 (78) Mean age (y, SD)
23 (10) BMI (kg/m?, SD)
88(9) Mean time between diagnosis
7.3(1.9) MORION )
73(32) Previous intestinal resection
14 (19) IMi(?ﬁon. for s.urgery
2219) Stricturing disease
Penetrating disease
14 (6)
Other reasons
183 (81) Active smokers at surgery
Smoking cessation
29 (13) T
94 nal disease
402 Penetrating phenotype
Anastomosis technique
Side-to-side anastomosis
126 (56)
End-to-end anastomosis
85 (38)
Side-to-end anastomosis
14 (6)
Length of small bowel
resection (cm)
?4) Healthy resection
117 (52) margin (>5 cm)
99 (44) Pre-operative antibiotics
Pre-operative steroids
139 (62) Preoperative IS*
83 (37) Pre-operative anti-TNFa®
51 (23) Post-operative antibiotics
Post-operative IS
41 (18) Post-operative anti-TNFa
12 (5)
4(2)
5(2-7)
21.8 (14-39)
37 (16)
33(15)
142 (63)
112 (50)
70 (62)
42 (38)
163 (72)
71(32)

No endoscopic Endoscopic

(i0-i1),
n =117 (%)

43 (37)
338(11.8)
215 (4.8)

82(84)

15 (13)

63 (54)
49 (42)
5(5)
26 (22)
4(4)
28 (24)
58 (50)

99 (85)
16 (14)
2(1)
226 (19.3)

64 (55)

41(35)
39 (33)
40 (34)
59 (50)
8(7)
18 (15)
40 (34)

(i2-i4),

n=107 (%) P-value

60 (56)
35.6 (12.4)
220 (3.5)

8.5(9.6)

27 (25)

63 (59)
36 (34)
8(7)
46 (43)
10 (9)
23(22)
41 (38)

81 (76)
24 (22)
2(2)
235(17.3)

48 (44)

35(33)
38 (36)
31(29)
53 (50)
7(6)
22 (21)
26 (24)

0.006
0.30
0.40
0.70

0.03

0.30

0.001

0.80

0.80

0.10

0.20

0.70

0.80
0.80
0.50

0.20
0.09

We first sought to identify the ancestry population structure of our cohort. This information is

important in the GWAS when adjusting for PCA components notably. We mapped our samples to

the HapMap Project to obtain ancestries for our cohort.
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Figure 1. Population structure of the REMIND cohort. In red, yellow, blue and green, dots
represent the various ethnic populations in the HapMap Project, projected on PC1 (C1), PC2 (C2).
The REMIND cohort is shown in purple. The REMIND cohort lies in between European and
African populations.

The Remind cohort was a mix of patients of European and African ancestry, with some admixed

population between Europeans and Africans.

3.3.2 Distribution of IBD susceptibility SNPs in the REMIND
cohort.

Here we focus only on IBD susceptibility SNPs, selected according to the IBD Genetics
consortium data (Jostins et al., 2012; Liu et al. 2015(Huang et al., 2017). We first looked at the
general distribution of IBD susceptibility SNPs in the REMIND cohort, compared to the general
population. We also distinguished between SNPs that have been associated with CD, UC or IBD.
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P-value Minor allele frequency Minor allele frequency Ratio

Variant Gene IBD type (IBD GWAS) (Gen. Pop.) (REMIND) (REMIND/Gen. Pop.)
rs5743293 (fs1007insC) NOD2 co 0 0.036 0.085 2.36
rs2066844 (R702W) NOD2 cb 4.47E-140 0.063 0.127 2.02
rs2066845 (GO08R) NOD2 cD 2.34E-92 0.022 0.071 3.23
rs6752107 (T300A) ATG16L1 cD 1.41E-73 0.453 0.446 0.98
rs6426833 RNF186 uc 1.51E-67 0.445 0.417 0.94
rs11236797 Cllorf30 IBD 2.24E-50 0.467 0.46 0.99
rs6017342 HNF4A uc 9.77E-48 0.456 0.429 0.94
rs3812565 CARD9 IBD 6.46E-46 0.402 0.375 0.93
rs3197999 MsST1 IBD 1.38E-44 0.303 0.31 1.02
rs1887428 JAK2 IBD 2.57E-42 0.397 0.363 0.91
rs33993564 IRGM IBD 8.32E-37 0.093 0.204 2.19
rs56167332 IL12B IBD 3.72E-36 0.353 0.325 0.92
rs1801274 FCGR2A IBD 9.77E-34 0.477 0.466 0.98
rs11614178 IFNG IBD 2.24E-32 0.398 0.345 0.87
rs10775412 KSR1 cD 2.51E-25 0.316 0.222 0.70
rs61839660 IL2RA co 6.46E-24 0.094 0.125 133
rs28449958 1L27 IBD 7.59E-24 0.344 0.306 0.89
rs10748781 NKX2-3 IBD 6.46E-23 0.45 0.427 0.95
rs1260326 GCKR cD 1.74E-21 0.41 0.442 1.08
rs395157 OSMR IBD 2.22E-20 0.48 0.46 0.96
rs6561151 LACC1 cD 1.05E-19 0.239 0.292 1.22
rs2816958 NR5A2 IBD 1.14E-18 0.11 0.131 1.19
rs601338 FUT2 cD 1.78E-15 0.478 0.435 0.91
rs10220572 GPR65 IBD 2.14E-14 0.092 0.111 1.21

Table 1. Distribution of IBD susceptibility SNPs in the REMIND cohort.

Pos: SNP genomic coordinate (Chr:Bp), variant: SNP rsid, gene: implicated gene, trait: variant
concerns IBD, UC or CD only, P: p-value of the association with IBD, UC or CD, MAF: minor
allele frequency, Freq: frequency in the REMIND cohort, ratio: ratio between the REMIND cohort

and the general population, log(ratio).

Overall, the REMIND cohort was enriched for NOD2 variants (fs1007insC, 2.36x, R702W, 2.02x,
G908R, 3.23x), which is to be expected of ileal CD cohort. The other SNPs were mostly on par
with the general population, except for an enrichment in IRGM (rs33993564, 2.19x). Also, the
pairwise correlation between the main SNPs NOD2 and ATG16L1, was very low (cor < 5%), they
were mostly decorrelated. We also derived a combined NOD2 phenotype by summing all 3 NOD2
variants. In this combined NOD2 score, 59% of patients had 0 NOD?2 risk allele, 25% of patients
had 1 NOD2 risk allele, and 15.9% of patients had 2 NOD2 risk allele. This number is compatible
with previous reports, indeed between 30% and 50% of CD patients in the Western hemisphere

carry Nod2 mutations of at least one allele (Yamamoto et al., 2009).
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3.3.3 GWAS for Post-Operative Recurrence

We next performed a GWAS for our primary endpoint, Post-Operative Recurrence, in the
REMIND cohort. The GWAS for post-operative recurrence was performed using standard
methods. SNPs were imputed using Michigan Imputation Server
(imputationserver.sph.umich.edu), using the 1000 genomes reference. Association testing between
SNP and outcome was run using plink 1.9, with Minor Allele Frequency (MAF) < .05, Hardy-
Weinberg equilibrium 107-6. We adjusted for Sex, smoking, post-operative anti-TNF and PC1,

PC2 as covariate.
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Figure 2. GWAS Post-Operative Recurrence
Adjusted for Sex, Smoking, Post-Op Anti-TNF, (+ PC1, PC2)

No SNP reached genome wide significance (p < 5 x 107-8). 10 loci reached the 10"-5 p-value
threshold, indicating a trend towards significance. Notably 5 SNPs on Chromosome 17 in the q12
subunit, in the vicinity of the genes MED1 and CDK12. Also 2 SNPs on Chromosome 14, close
to the PRKCH gene.
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Chromosome Position Allele P-value

8 8:53073253 T 1.45E-06
17 17:39504593 C 3.67E-06
21 21:20536091 A 4.25E-06

1 1:67073314 C 5.53E-06
17 17:39432017 C 6.68E-06
14 14:61421132 G 6.93E-06
17 17:39450988 T 7.91E-06
14 14:61462565 C 8.83E-06
17 17:39419525 A 9.37E-06
17 17:39507970 G 9.71E-06

Table 1. SNPs associated with POR at p-value < 107-5.

MEDL1 is a mediator of transcription, not previously associated with IBD. CDK12 and PRKCH are
two protein kinases involved in transcription and signaling, but neither of them have been

previously associated with IBD.

As few studies have looked at the predictive value of genetics to post-operative recurrence and/or
reoperation (Seiderer et al., 2006, Alvarez-Lobos et al., 2005) (Bining et al., 2004). Some found
Nod2/Card15 loci to be associated with post-operative recurrence. It is likely that previous studies
were less powered (lower sample size), or the statistical analysis was not done rigorously (selecting

only SNPs of interest, not correcting for multiple comparisons, ...).

We had a relatively low sample size for a GWAS study. Generally, genome wide significant results
can be obtained with a sample size of N > 1000 samples. With N = 300 we have a relatively low

power to detect associations (http://csg.sph.umich.edu/abecasis/gas_power_calculator/). It will be

interesting to run this GWAS again when we have reached double this number of samples with the

next Remind cohort.
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3.3.4 I1BD susceptibility SNPs, smoking and post-operative
recurrence

We next investigated the relationship between IBD susceptibility SNPs, smoking and the risk for
post-operative recurrence. Smoking is a major environmental risk factor for both Crohn’s disease
and Post-Operative Recurrence. It is thus interesting to interrogate the relationships between this
environmental factor and the genetic susceptibility to IBD. To characterize the individual genetic
risk score for IBD, we calculated an IBD polygenic risk score (PRS) for each patient defined as

follows:

IBD risk_score = Zbeta_i * SNP_i

By capturing multiple SNPs in one metric, such score has been able to identify groups of
individuals with substantially increased risks in multiple diseases (Crouch et al., 2020). In IBD,
CD patients with higher risk scores demonstrated clinical characteristics typically associated with
a more severe disease course including ileal location and earlier age at diagnosis (Chen et al.,
2017).

There was no clear distinction between the risk score distribution in recurrence vs. non-recurrence,
however a subset of patients seemed to have a higher risk score (IBD_score > .75) than the rest of
the population. More males were in the high-risk group than females (70% vs. 42%, p = 0.03). All

others characteristics were similarly distributed between high-risk and non-high-risk patients.
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Figure 1. IBD risk score in recurrence and no-recurrence.

We looked at the distribution of the IBD risk score in both smokers and non-smokers, with or

without post-operative recurrence.

IBD_risk_score distribution

NS | S
251
201
201
151
31.5-
G
G
1.01
T 101
0.5 051 \
0.0 0.0-
000 025 050 075 1.00 025 050 075
IBD_score

PostOpRec + Smoking
NR NS

| \Rs
| | rns

RS

Figure 2. IBD risk score distribution. According to smoker status (smoker: S, non-smoker: NS)
and post-operative recurrence (POR: R, no POR: NR). Probability density distribution of the IBD
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risk score is shown in smokers, and non-smokers separately. The IBD risk has been calculated

according to established formula listed above.

We then tested the association of individual IBD SNPs with both smoking behavior and post-
operative recurrence. To maximize power, we selected SNPs that have both a strong association
with IBD, and a frequency between 30% and 50% so that we can have equally sized positive and
negative groups. We tested associations for SNPs in the genes ATG16L1, NOD2 (at least one
allele), CARD9 and JAK2.
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Figure 4. Association between smoking, POR and IBD SNPs

Association of smoking status, post-operative recurrence and IBD SNPs.
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Out of the four genes we tested it seems that Atgl6l1 was the one for which the interaction with
smoking and post-operative recurrence was the strongest. Indeed, the effect of Atg16l1 on POR

seemed to be stronger in non-smokers than smokers. Although the result was not significant.

Interestingly a study by (Liu and Stappenbeck, JCI 2018) found that “CD subjects who were of
the ATG16L1T300A genotype and who were also smokers (T300A-smoking group) showed
significantly shorter time to recurrence after surgery”. However, the outcome is not exactly similar
since the authors looked at the time to recurrence instead of recurrence at 6 months. Overall, these
results hint at possible interesting interactions between environmental factors, genetic factors and

post-operative recurrence but need to be validated in an independent cohort.

3.3.5 Associations between I1BD susceptibility SNPs and the transcriptome.

We next looked at the relationship between genetics and transcriptomics in the Remind cohorts.
For each timepoint, inflamed ileum at time of surgery (MO), ileal margin at time of surgery (M1)
and neo-terminal ileum (during follow-up endoscopy at 6 months), we computed the differentially
expressed genes with 2 of the main IBD associated SNPs: ATG16L1 rs6752107, and
NOD2_rs2066844.
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Figure 5. Association between genetics and transcriptomics
Differentially expressed genes (DEGs) with Atg16l1 or NOD2 genotype, at the three timepoints
MO, M1, M6. Top 15 DEGs ranked by absolute logFC are shown and labeled. P-value < .01.

DEGs with SNPs were computed using a linear model on each gene. 1 or 2 risk alleles were treated
as positive, 0 as negative. Bonferroni correction was applied for multiple comparison testing.

We saw that NOD2 rs2066844 allele was associated with a decrease in Paneth cell function,
characterized by the 2 alpha-defensins genes DEFA5 and DEFAG, only for the ileal margin.
Interestingly this association has already been reported: ‘NOD2 (CARD15) mutations in Crohn’s
disease are associated with diminished mucosal a-defensin expression’(Wehkamp et al., 2004).
Another study has found that Atg1611 and smoking in combination alter the Paneth cell function
in CD (Liu et al., 2018)

These results should be validated in a second cohort (Remind cohort 2). Or both cohorts should be

pooled together to increase power.

3.4 Conclusion.

The work on post-operative recurrence will be validated in a second cohort (REMIND 2).

Doubling the sample size will allow us to strengthen the power of our association with post-
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operative recurrence if we chose to pool the samples or validate our findings in a validation cohort.
Another option would be to identify an external validation cohort with a model of post-operative
recurrence. A long-term goal for this study could be to build a point-of-care diagnostic tool to
improve the prediction of risk for recurrence. Given the involvement of the JAK-STAT pathway
in post-operative recurrence, we could also envision using anti-JAK drugs to prevent post-
operative recurrence. Ustekinumab is currently in trial at our center for this indication (NCT?).
Studying the transcriptome in response to biotherapy treatment after surgery, together with our
longitudinal analysis of response to biotherapies in our ELYP cohort are promising areas of
research.
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Chapter 4.

Conclusion and Discussion

4.1 Summary of my work

In the first section of our work, we performed a meta-analysis of IBD affected gut samples and
identified specific markers of disease in ileal and colonic diseases. This study analyzed gene
expression in IBD using more than 1000 samples from 6 contrastive studies. By meta-analyzing
each study’s results, we highlighted specific gene expression patterns of Crohn's ileitis (FOLH1,
CA2, etc.), Crohn’s colitis, and Ulcerative colitis (REG gene). We showed that at the
transcriptional level, signatures of diseases in the ileum and in the colon were distinct, regardless
of disease classification (CD/UD). We also identified a common inflammatory gene signature
(CXCL8, MMP3, DUOX2, S100A8) present in all three subtypes. We also highlighted some cross-
talk between the colon and the ileum with disease. Some genes that were expressed in normal
colon, but not normal ileum, started to be expressed in inflamed ileum. We lastly showed that this

work can be extended to other inflammatory diseases such as Psoriasis.

The second part of our work was the multi-omics analysis of a surgical IBD cohort, the REMIND
cohort. After studying the clinical factors associated with post-operative recurrence (POR), we
showed that the engagement of the JAK-STAT pathway at the ileal margin was predictive of post-
operative recurrence. At the genetic level, we saw trends associated with post-operative recurrence
but these need to be confirmed with increased sample size and power. Looking specifically at the
IBD susceptibility genes we saw that ATG16L1 was protective of POR, and had a link with
smoking behavior. We also confirmed that NOD2 polymorphism was associated with a reduction
of defensins. We also outlined some multi-omics comparisons between genetics, transcriptome

and microbiome.

72



4.2 Future Perspectives

4.2.1 Multi-omics analysis of the REMIND study

In this work we presented genetics, transcriptomic and combined genetic and transcriptomic of the
REMIND cohort. Given the ongoing interest in studies of the gut microbiome in IBD, and its
relationship with the host transcriptome and immunome, it will be of primary interest to try to
combine these analyses with 16s microbiome of the gut, as well as TCR sequencing studies
previously performed in the REMIND cohort. Here we present preliminary results of our ongoing

effort to perform multi-omics analysis of the REMIND cohort.

We first start by showing the completion of each omics in the cohort at each timepoint. We had
almost a complete cohort for DNA genotyping. We also had a decent cohort completion in
the other omics (transcriptome, microbiome) given that gathering all these samples in different

omics with matching IDs requires a great organization.

Microbiome.M&

Microbiome. MO

Transcriptome.M& ‘ ||| | |||
Transcriptome. M| | ’ || | |

Transcriptorme. MO

DMNA

Figure 1. Cohort completion. All patients in X-axis. Grey bar if a sample is available for the

specific omics for this patient.
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Contribution of each omics to clinical characteristics

As a first step we tried to understand the contribution of each clinical factor to the variance of the
different omics. This will allow us to see the impact of the clinical factors on the omics, and

identify potential cofounders.

0.013 | 0.007 | 0.012 | 0.008
(0.014) | (0.509) | (0.168) | (0.29)
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Figure 2. Contribution of clinical factor to omics. Analysis of variance (Permanova). Colored and

labeled by R2, in parenthesis significance levels.

We conducted an analysis of variance using the Adonis R package, which implements a
permutational multivariate analysis of variance (Permanova). We saw that antibiotics had the
biggest impact on the microbiome at MO and M6. The association at MO would be expected given
that antibiotics are known to alter the gut flora, the one 6 months later less so since one could
expect a recovery of the microbiome after such period of time. Post-op Anti-TNF treatment had
an impact on the transcriptome at M6, which can suggest an effect of the post-operative treatment
on the transcriptome 6 months later, potentially bringing it down a less inflammatory state, and

knowing that post-op anti-TNF also has protective effects for post-operative recurrence. No other
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significant association was detected in our analysis, notably preoperative treatments (immune-

suppressive, steroids, ...).

Correlations between genetics, transcriptome and microbiome

We next wanted to investigate the relationship between each omics. The transcriptome may have
an impact the gut microbiome, and vice-versa. The genetic background can also alter both the
transcriptome and the gut microbiome of the host. Here we show the correlation between

transcriptome and microbiome, and genetics and transcriptome (eQTL) and microbiome (mQTL).
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Figure 3. Correlation between genes and bacteria. Correlation between SNPs and genes/bacteria.

By performing pair-wise correlation using the Spearman coefficient, we identified an interesting
correlation with a solute carrier SLC10A2, negatively correlated with a detrimental bacteria
(Klebsiella), and positively correlated with a beneficial one (Ruminococcus). We also found a
correlation between the IBD and Parkinson’s susceptibility gene LRRK2 and the inflammatory
marker CHI3L1. A SNP in Clorf106, a gene recently shown to regulate the stability of epithelial
adherents junctions (Mohanan et al., 2018), was negatively correlated with the presence of the
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bacteria Bacillus. Lastly the inflammatory marker S100A12 was negatively correlated with the
anti-inflammatory bacteria Ruminococcus. The gastric inhibitor GIP was inversely correlated with
Coprococcus. These all show potential interplay between the genetic background, the host
transcriptome and gut microbiome. A pro-inflammatory bacteria is shown to be inversely
associated with an anti-inflammatory gene and vice-versa. The key question here would be to
identify causality, which could only be answered by either functional experiment or longitudinal
data where we could try to identify which change precedes the other (changes in microbiome

precede changes in transcriptome or vice-versa).

Multi-omics patient subtypes
Lastly, we tried to identify clusters of patients using both transcriptome and microbiome at MO

and M6, and to relate them to clinical subtypes. Instead of identifying clusters in only the

transcriptome or the microbiome we used a combination of both to derive subtypes of patients.

Multiomic clustering at MO Multiomic clustering at M6

Transcriptome (M0)

Transcriptome (M6)

Microbiome (MO)
Microbiome (M6)

Patients Patients

Figure 4. Multi-omics clustering at MO and M6. 10% most variable genes/microbes are shown.

For that we used the R package iCluster, that fits a regularized latent variable model-based
clustering that generates an integrated cluster assignment based on joint inference across data
types. We identified 4 clusters at MO and 4 clusters at M6. These clusters did not correlate with

any clinical marker we had but one of them did correlate with the level of inflammation in the
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samples, assessed by Calprotectin (S100A8). This result emphasizes that what we see at the
transcriptomic level in the gut do not necessarily reflect clinical characterization, or that additional
clinical information is required, something we also showed in the meta-analysis of IBD samples
(chapter 2.). Nevertheless, with a larger cohort and more detailed phenotypes we cannot exclude

that we would see clearer associations.

Overall, these preliminary results set the ground for a multi-omics framework of the REMIND
cohort aimed at better understanding and predicting post-operative recurrence in CD. In the future
we can also try new approaches for analyzing multi-omics data. For example, the MixOmics R
package, which offers a wide range of multivariate models for multi-omic data (PCA, PLS-DA,
CCA), as well as visualization tools. Another key question when doing predictive modellings with
several omics, is whether to treat each omic matrix separately and then combine the results maybe
with ensemble model, or combine the matrices column-wise, thus creating one single matrix later

used for modelling.

4.2.4 Perspectives

This work highlights also the power of data-sharing in IBD. We could not have conducted our
analyses without investigators agreeing to share their genomic data publicly. One major goal for
multi-omics study is to establish a clear path to therapeutics. So far, most of the treatments on the
market for IBD do not come from multi-omics studies in IBD. Most treatments come from general
studies on inflammation, sometimes in other diseases: rheumatoid arthritis (anti-TNF, anti-JAK),
psoriasis (Ustekinumab). If we summarize multi-omics findings in IBD: from genetics (NOD2,
ATG16L1), to the transcriptome (DUOX2, APOAL) and microbiota (F. prausnitzii), so far none
of them have yielded treatments. This can be for many reasons, one of them being the time it takes
to develop drugs. Another one may be the reproducibility of the results; however, the majority
have now been validated in large studies. Yet we might still see them come through in the near
future. But we need to think about how to follow-up on these targets. This would probably require
a partnership between academia and industry. Multi-omics methods will constantly improve in
accuracy and resolution. Our ability to follow-up on these discoveries may not follow the same

pace.
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Appendix

A. 1. The ELYP study

Immune phenotyping and disease course of IBD patients undergoing biotherapies
N. Hammoudi, K. Perez et al.

Background
A dysregulated T cell response is involved in the pathophysiology of Inflammatory Bowel

Diseases (IBD). T cells expressing the NKG2D activation receptor are implicated. Here, we
investigated changes in intestinal T lymphocyte subsets overtime in patients treated by biotherapy

for active disease.

Methods

In this prospective single-center study, patients with IBD who have started a biotherapy
(Infliximab, Adalimumab, Golimumab, Vedolizumab, Ustekinumab) for active disease were
included. Mucosal biopsies in inflamed segments were taken during endoscopies before treatment
initiation (WO0) and in the same location 14 weeks (W14) and 52 weeks (W52) after inclusion.
Control biopsies were taken from 16 patients without IBD (7 ileal and 9 colonic).
Immunophenotyping of isolated lymphocytes was performed by flow cytometry at each timepoint.
Correlation with endoscopic response was evaluated. For Crohn's Disease (CD), response was
defined by a 50% decrease of the CDEIS score. For Ulcerative Colitis (UC), response was defined
by a 2 points decrease of the UCEIS

Results

Between February 2016 and November 2018, 85 patients were included. Forty-four were male
(52%). Forty had active CD with the most inflamed segment located for 28 in the colon and 12 in
the ileum. Thirty-nine patients had active UC and 6 pouchitis. An anti-TNF was started for 51
patients (60%), Vedolizumab for 16 patients (19%) and Ustekinumab for 18 (21%). Lymphocytes
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phenotyping was performed at inclusion for the whole cohort, at W14 for 67 patients (79%) and
at W52 for 49 patients (58%). Data concerning endoscopic response was available for all patients.
At WO, IBD patients displayed higher rates of CD4 T cells and lower rates of CD8 T cells than
controls (medians: 31% vs 48% for CD4, p < 0.001 and 52% vs 37% for CD8, p<0.001
respectively). Endoscopic responders experienced a normalization of these mucosal populations
as compared to non-responders (W14: 58% vs 45% for CD4, p=0.005 and 40% vs 28% for CDS8,
p=0.03; W52 56% vs 43% for CD4, p=0.01 and 27 vs 43% for CD8, p=0.003). Results remained
significant when splitting the cohort in CD and UC patients.

Before treatment initiation, IBD patients displayed lower expression of NKG2D on CD8 T cells
(78% vs 94%, p<0.001). At W52, endoscopic responders presented significantly higher expression
of this marker on CD8 T cells compared to non-responders (85% vs 68%, p<0.001). Results

remained significant in UC and CD patients.

Conclusion

The intestinal T cells of IBD patients with active disease present an increase of the CD4to CD8 T
cell ratio and lower expression of NKG2D on CD8 T cells reflecting an engagement of this receptor
in inflammation. These T cell parameters are normalized in endoscopic responders but not in non-

responders

inclusion study follow-up

Visit 0 Visit 1 Visit 2 Visit 3 Visit 4 Visit 5

WO w6 w14 W30 w52
@ blood
@ biopsy
Ag Description Ag Description Ag Description
T cells
CD3 T cells CCRE Recruitment PD-1 Imhibitory R.
CD4 CD4 T cells CD45R0 Memory CTLA-4  Inhibitory R.
CD8 CD8 T cells Ectonucleases
gd gd T cells NKG2D  Receptor NK CD39 ATP -> AMP
CD161  Thi7 Pheno CD73 AMP -> Adenosine
Intestinal Mucosa
CD103  aEb? CD25 IL-2 Receptor
MAIT CD127  IL-7 Receptor

Va7.2 MAIT cells TCR
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