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Abstract

Multiomic Investigation of the Human Gut Toward Insight into Childhood Inflamma-
tory Bowel Disease Pathogenesis

Rachel Edgar

Inflammatory bowel disease (IBD) is an abnormal immune response to the gut
microbiome causing chronic debilitating pain in genetically susceptible people. The de-
velopment of effective therapies for this condition is hampered by a poor understanding
of its complex aetiology. Progress in this area will require identification of both the
immune and epithelial contributions to disease in susceptible individuals as well as
detangling the contributions of different pathways and genes, all in a cell type specific
context. This thesis summarizes my research into the gene regulatory architecture of
IBD in intestinal epithelial cells.

First I assess the utility of intestinal epithelial organoids, a model of the human
intestine. This system is well established and has been shown to be comparable to in vivo
intestinal tissue in many ways. However, my study revealed DNA methylation (DNAm)
is generally lost and becomes more variable the longer organoids are cultured. My
findings suggest amajor impact of prolonged culturing on global organoid DNAmprofiles,
highlighting the importance of considering time in culture in organoid experiments.

Next I explore DNAm, gene expression and genotype to: define a possible IBD
biomarker, explain previously established IBD genotype associations, and identify po-
tential mechanistic candidates for functional follow-up. In both primary epithelial cells
and organoids I found widespread differential DNAm with IBD. Of the CpGs differentially
DNAm in IBD, changes in the major histocompatibility complex class I (MHC I) signaling
pathway are particularly interesting. The MHC I pathway represents a promising candi-
date mechanism of IBD as it is involved in the communication between cells and the
immune system.

Finally, I follow up on the association of MHC I and IBD in individual intestinal epithe-
lial cells. As in the bulk expression data, I also see increased expression of MHC I in IBD
compared to controls. This is consistent across cell types, but interestingly MHC I activity
is higher in villus tip cells compared to crypt cells regardless of diagnosis, suggesting
activity could be related to exposure to luminal microbiota. I also show MHC I can be
activated successfully in organoids with proinflammatory cytokine stimulation, meaning
organoids could be a useful model to study MHC I pathway function in IBD.

In this thesis, I demonstrate that organoids are a valuable model of the human gut,
and use them to identify MHC I activation as a potential mechanism of pediatric IBD
pathogenesis.
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Chapter 1

Introduction

The root of many human diseases is a combination of genetics and environmental exposures.

An individual's genetic makeup can put them at a greater or reduced risk of being sensitive to

their environment. In many diseases there is a complex network of genetic risk factors and

environmental contributors, with many contributing factors still undiscovered. Detangling

the complex network of factors contributing to disease is one of the greatest challenges of

modern genomics. It is clear, from existing work, that full understanding of a disease will

require a holistic view of a biological system. Toward that ultimate goal, it can be bene�cial

to �rst break down a complex biological system and look at individual tissues and disease

time points to determine the importance of each. The pieces of knowledge gained from

work on separate components can then be brought together, toward a more comprehensive

understanding of the disease.

1.1 The Human Epigenome

The risk for developing some diseases is in part encoded in an individual's DNA. This is the

heritable material passed from individual to individual in a population, and cell to cell within

an individual. Since sequencing the human genome [1, 2]1, it is known that the human

genome is three billion base pairs (bp) long. Estimates vary but the human genome contains

approximately 20,000 protein coding genes [4]. At these protein coding genes, genetic

information is transcribed into messenger RNA (mRNA) and then translated into proteins

whose activities give rise to cellular functions. In addition to identifying the protein coding

regions of the human genome, sequencing many human genomes has revealed common

genetic variants between individuals. The most common types of variants in the human

1recently fully resolved [3]
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genome are single nucleotide polymorphisms (SNPs), short regions of variation (indels) and

larger structural variation [5]. Variants in genetic sequence can impact the level of gene

expression or alter the actual protein produced and its function.

As genetic variants can impact gene expression and therefore cellular function, it follows

that having certain genetic variants can explain some risk for developing disease. However,

genetic di�erences alone can not explain all variability in human disease. For example, some

diseases will only appear in one twin in a pair, despite both carrying the same genetic risk

factors. Therefore, factors beyond genetics must exist to regulate gene expression. The

importance of gene regulation can also be seen within an individual. The many cells of the

human body share the same genetic material, yet cells function in vastly di�erent ways.

Gene expression must therefore be regulated di�erently between cells to achieve these

unique functions.

A major factor that can allow gene regulation to be cell type-speci�c or variable between

people is epigenetics. The term epigenetic can be attributed to Conrad H. Waddington [6, 7].

When studying cell di�erentiation during development he described the phenomenon of how

a cell's di�erentiation capacity can shift as an "epigenetic landscape" [6, 7] (Fig. 1.1). Since

then, many factors determining the fate of a cell have been discovered and the de�nition of

epigenetics has evolved and shifted in meaning [8]. Here I use the term epigenetics under

the more recent de�nition, as the heritable information retained during cell division, other

than genetic sequence [9]. This information has been shown to be stored in humans by a

wide variety of epigenetic marks.

Histone Modi�cations

In order for DNA to be packed into a cell, it is wrapped around an octamer of histone proteins.

These histones can be modi�ed to change how tightly the DNA is wrapped. Tight wrapping

of DNA restricts protein access and limits gene transcription. Histones can regulate genome

accessibility though the replacement of histone proteins [10], repositioning of histones along

the DNA [11] and the modi�cation of histone tails (acetylation, methylation, phosphorylation

etc.) [12]. Histones modi�cations and positioning are maintained through cell division and

are an important epigenetic mark in the human genome [13].

DNA Methylation

DNA methylation (DNAm) is a commonly studied epigenetic mechanism as it is easy to

measure and stable over time. In the human genome, the most abundant form of DNAm

is the addition of a methyl group to cytosine nucleotides in a cytosine-phosphate-guanine



1.1 The Human Epigenome 3

Fig. 1.1 Waddington's depiction of the epigenetic landscape.Here the ball represents a cell
which could be imagined to roll down the hillside into a series of valleys as the cell selects a
cell fate. Adapted from Waddington 1957 [6].

dinucleotide (CpG) [14, 15]. Though non-CpG methylation can occur, it is only rarely seen in

di�erentiated cells [14, 15]. The human genome is generally methylated and though tissue-

dependent, generally 70-80% of CpGs are methylated [16, 17]. Unmethylated CpGs typically

occur together and are often found in CpG islands [18, 19]. CpGs islands are stretches, 500-

1500 bp long, with higher density of CpGs than typically seen across the genome [20]. The

high density of CpGs in CpG islands is in contrast to the rest of the human genome, which is

CpG depleted. The 28 million CpGs found in the human genome are fewer than would be

expected based on the genomes guanine and cytosine (GC) content. The genome should

contain closer to 128 million CpGs by chance given the GC content [21]. The observed CpG

depletion in the human genome is due to the high mutability of a methylated cytosine,

which can more easily deaminate to thymine, and thereby methylated CpGs are converted

to thymine-phosphate-guanine dinucleotide (TpGs) more often [21]. This process results in

methylated regions of the genome becoming CpG depleted over evolutionary time. The

exception to this CpG depletion is CpG islands as here the CpG density is what would be

expected given the GC content of the genome [22]. These CpG islands are thought to

have persisted in the human genome by being kept lowly methylated and therefore the

unmethylated cytosines were not as susceptible to deamination. In the human genome,

CpG islands typically exist in gene promoters and 70% of genes have an associated CpG

island [23].
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DNAm Establishment and Maintenance

The methylated and unmethylated regions in the human genome are established and main-

tained through DNAm machinery. Core elements of this machinery are DNA-methyltransferases

(DNMT) which are essential for normal embryo development and act to maintain DNAm

(DNMT1) [24] andde novomethylate DNA (DNMT3A and DNMT3B) [25]. Thede novoDN-

MTs are primarily expressed during development, compared to adults tissue, to establish

DNAm patterns [26]. Maintenance of DNAm needs to happen through DNA replication, as

hemimethylated DNA strands are created as DNA divides [27]. DNMT1 adds DNAm to the

newly synthesized DNA strands. This process of maintenance of DNAm through cell division

makes DNAm a heritable epigenetic mark �tting the above de�nition. Interestingly, the roles

of DNMTs can be interchangeable to some degree, with DNMT1 able tode novoadd and

DNMT3AB acting to maintain [28, 29].

Less well understood than DNAm addition and maintenance, is how DNAm can be lost or

removed from CpGs. DNAm can be lost due to incomplete maintenance of DNAm through

DNA replication, known as passive demethylation [30] or through active demethylation by

ten-eleven translocation (TET) enzymes [31, 32]. Other forms of DNAm are produced as a

byproduct of active DNA demethylation by TET enzymes (e.g. 5-hydroxymethylcytosine),

and possibly these marks may have a distinct regulatory role of their own [33].

DNAm Plasticity

On a single chromosome DNAm is a binary state, either a CpG is methylated or not. However,

DNAm is most often measured in multiple cells, and therefore from many DNA copies at

once. Often these cells will be a mixture of cell states or types (i.e. bulk tissue). This mixture

results in DNAm at individual CpGs ranging from fully unmethylated to fully methylated

and anywhere in-between (Fig. 1.2). DNAm is often quanti�ed as a ratio of methylated to

unmethylated DNA, commonly referred to as a beta value, where a value of one is a fully

methylated CpG and zero is fully unmethylated [34]. Even though these DNAm beta values

are a continuous measure in bulk tissue (as opposed to binary in a single-cell) they still

generally conform to either a methylated (>0.8) or unmethylated (<0.2) state, with relatively

few values observed in-between (Fig. 1.2) [35]. This bimodal distribution suggests that at a

CpG there is coordinated or stable DNAm across the multiple cells measured. The bimodal

DNAm distribution is seen to be set up after the global DNAm erasure during development

and is maintained rather stably through life [36]. The bimodal DNAm distribution represents a

split of CpGs types in the human genome. CpGs are split into the generally unmethylated CpG

islands or the highly methylated intergenic regions and repeat elements. When intermediate
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DNAm values are seen (DNAm around 0.5) these are often considered to be due to a mosaic

of cell types with opposite DNAm values at a CpG [37].

a

b

Fig. 1.2 DNAm is binary in individual cells and has a bimodal distribution across CpGs.a)
DNAm is generally methylated or unmethylated at each CpG. The histogram is a represen-
tative distribution of DNAm at approximately 800,000 CpGs in the human genome from
a bulk tissue sample, showing the bimodal distribution typically produced when averag-
ing DNAm across multiple cells. b) Di�erences in DNAm between samples may be due to
DNAm changing within an individual cell type, the amount of each cell type shifting, or a
combination of both.

The most variation in DNAm is seen during development or between di�erent cell and

tissue types. Still, DNAm only varies at approximately 20% of CpGs in the human genome be-

tween embryonic stem cells and di�erentiated cells [38], with DNAm only di�ering modestly

between di�erent cell lineages, and only at speci�c loci [39]. Similarly approximately 20% of

CpGs vary in DNAm between tissues [40]. Compared to other molecular marks DNAm is

generally static and invariable in di�erentiated cell types [41].

Though more subtle and less well established than developmental and tissue di�erences

in DNAm, environmental exposures can also drive changes in DNAm. Changes in DNAm

with cigarette smoke exposure is one of the most reproducible changes with DNAm with

environmental exposure [42]. Although the plasticity of DNAm in response to cigarette
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exposure is striking, this example also highlights the stability of DNAm over time, as DNAm

changes persist even a decade after smoking cessation [43]. These two features can be

challenging to reconcile. Smoking cigarettes can cause changes to DNAm in adults, suggesting

DNAm is at least somewhat plastic and that mechanisms exist within cells to modify DNAm

not only during development. One way to interpret the plasticity despite the stability

of DNAm, is that possibly DNAm changes only with long-term exposure to a repeated

stimulation. These DNAm changes may then take a long time to reverse. As the cigarette

smoke example shows, DNAm is a fascinating epigenetic mark, but its stability and plasticity

in response to environmental exposures is still not fully understood.

In addition to between tissues, cell types, across development and with some environ-

mental exposures, DNAm has a demonstrated association with age. Although this is only

as a biomarker of age with no known mechanism, the DNAm changes are robust and seen

in many tissues and independent populations of individuals [44]. In addition to DNAm

changing in a linear reproducible pattern with age, DNAm becomes more variable with age,

a phenomenon known as epigenetic drift [45, 46].

DNAm and Genetic Variation

Since its inception, the in�uence of genetics on epigenetics has been recognized. Wadding-

ton's original description of epigenetics included the importance of genetics underpinning

the epigenetic landscape (Fig. 1.3). When studying epigenetics and comparing individuals

the contribution of genetic variants to DNAm variation must be considered.

With high-throughput technologies, the extent of the genetic contribution to DNAm

can be assessed. At individual CpGs DNAm can be associated with genetic variation, often

SNPs, and these are known as DNAm quantitative trait loci (mQTL). It has been observed

that at 13% of CpGs, DNAm is signi�cantly associated with a near-by mQTL [47]. While most

CpGs under some genetic control are within several kilobases of the mQTL [48], associations

between DNAm and distant genetic variants have also been seen [49]. These distant, often

called trans-mQTLs, generally act polygenically with many genetic variants contributing to

DNAm level, and the nearby or cis-mQTLs more often act alone [50].

Just as variation at a SNP can impact DNAm, variation at a SNP can also impact gene

expression and these are known as expression quantitative trait loci (eQTL). In some cases a

SNP can be both an mQTL and eQTL in the same tissue [51, 52]. It is expected that the mQTL

which are also eQTL are more likely functional than other mQTL, as their DNAm is more

closely related to gene expression. In addition, mQTL can also associate with variation in

histone modi�cations and chromatin accessibility [53, 54]. Sites where DNAm is associated
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Fig. 1.3 Waddington's depiction of the underside of the epigenetic landscape.Figure
adapted from Waddington 1957 [6]. Here valleys through which a cell could move down are
shown to be underpinned by genes of the cell, suggesting possibilities for a cell are in part
determined by genetics.

with an mQTL, and that mQTL is associated with variation in other molecular marks would

be particularly interesting candidate locations for a functional impact of DNAm. However,

the QTL may simultaneously, but independently, impact multiple epigenetic marks and

gene expression or there could be a complex interplay of marks making cause and e�ect

challenging to determine.

At loci with shared QTL the cause and e�ects structures between DNAm, other epigenetic

marks and gene expression can potentially be understood using causal inference testing.

Causal inference testing is a step-wise approach to associate molecular traits as mediators of

genetic variants and disease risk (Fig. 1.4) [55]. Here a series of conditional correlation tests

are done to examine a potential mediator (i.e DNAm), which may act between known causal

factors (i.e. genetic variants) and the disease [56]. Mediation of genetic risk for disease by

DNAm would mean that a proportion of the variance in the disease-genetic risk association

can be accounted for by DNAm. Causal inference testing has been used to successfully show

DNAm as a mediator of genetic risk for rheumatoid arthritis [56]. In addition to determining

if DNAm is a mediator of genetics and disease, causal inference testing can also be used to

examine if DNAm mediates genetic e�ects on gene expression (i.e when a QTL is both an

mQTL and eQTL). With this approach it is observed that in some cases DNAm and genetic

variants act synergistically toward changes in gene expression [57]. In other cases, a QTL

appears to a�ect gene expression and DNAm independently [57]. This means that sometimes

DNAm may just be a passive consequence of gene expression di�erences, genetic variation
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or both, but in other cases, DNAm seems to play an active role in mediating genetic variation

and gene expression [57].

Fig. 1.4 Causal inference testing models for DNAm, genetic variation and disease risk.
These could all be present in the genome at di�erent loci. Figure adapted from [56].

DNAm and Gene Expression

As a general principle, increased DNAm at gene promoters associates with lower gene

expression [22] and within gene bodies DNAm associates with higher gene expression [58].

However, the relationship between DNAm and gene expression is highly context-speci�c.

Both positive and negative associations between promoter DNAm and gene expression can

be seen at individual gene-CpG pairs [57]. The relationship between DNAm and expression

can be negative, positive or non-existent, all dependent on the genomic and cell type context.

For example, the genomic context of CpG density matters, and CpG rich promoters have a

stronger negative correlation between DNAm and expression [23].

Recent careful experimentation has shed some light on the cause-and-e�ect between

DNAm and gene expression. Regions of open chromatin are generally lowly methylated,

more bound by DNA binding factors, and DNA binding factors can further reduce DNAm

when bound [59], suggesting transcription factor binding may require unmethylated DNA

[59]. However, when looking at many binding motifs, DNAm can positively or negatively

impact transcription factor binding, with many expression activating factors sometimes

preferring DNAm at their binding sites (for example HOXB13 and POU5F1) [60]. In systems

designed to study the timing of DNAm and gene expression changes, it has been shown that

DNA methylation changes do occur after changes in gene expression [61]. There are also

examples where DNAm has been removed with CRISPR/Cas9/TET systems to speci�cally

remove DNAm at gene promoters and this leads to increased gene expression [62, 63]. The

relationship between DNAm and gene expression can not really be generalized. In some
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cases, DNAm is a passenger and only changes after longer-term di�erences in transcription

factor presence, and in other contexts, it has causal impacts on gene expression.

The connection between DNAm and gene expression remains a controversial issue

given the necessarily correlative nature of most DNAm and gene expression studies. It

is a challenge to tease apart these e�ects, as changes in transcription factor binding or

more active transcription may change DNAm [37, 64]. With the advent of technologies

to alter DNAm by targeted addition or removal, the role of DNAm in speci�c systems can

be interrogated and a clearer picture of the importance, or lack thereof, of DNAm as a

mechanism of gene regulation will become clearer.

1.2 Epigenetics and Complex Disease

Genome sequencing of individuals has led to the discovery of the causes of many genetic

diseases, which has subsequently allowed for screening for carriers of risk variants and even

the development of treatments in some cases. For example, causal genetic variants have

been identi�ed in the cystic �brosis transmembrane conductance regulator (CFTR) gene that

lead to cystic �brosis [65]. Regular sequencing of individuals forCFTRvariants has allowed

for screening of carriers and informed family planning [66]. Sequencing to determine an

individual's speci�c causal mutation inCFTRcan allow for tailoring mutation class-speci�c

drug combinations to an individual's genetics [67]. For some genetic diseases, such as

Huntington's, it was a great challenge to identify the speci�c gene mutated and the disease

pathogenesis [68]. Even though tenacious sequencing e�orts eventually lead to the discovery

of the trinucletoide repeat inHTTthat causes Huntington's, e�ective treatments remain

elusive. Consequently genomic sequencing is still intensely employed toward developing

therapies that target the disease-causing variant [69].

The success of genomic sequencing for single-gene genetic diseases inspires hope for the

study of all genetic-based diseases. Complex diseases involve multiple genes in combination

with environmental factors. For complex diseases genome sequencing has been less bene-

�cial, so far, in terms of screening programs and therapeutic development. Studying the

epigenetic di�erences in complex disease may provide insight beyond the genetic di�erences

found though sequencing.

Population Studies of Epigenetics

The challenges of capturing rare variants contributing to complex genetic diseases have led to

genome-wide association studies (GWAS) which include more than 100,000 individuals [70].
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Beyond ever-expanding cohort sizes for GWAS, epigenetic marks are also being investigated in

large population cohorts using high-throughput genome-wide methods. As many observed

GWAS identi�ed variants are in non-coding regions of the genome [71], studies of the

epigenetic marks in non-coding regions therefore can complement GWAS well. Epigenetic

studies can be done using similar strategies to GWAS, with large populations and high-

throughput genome-wide data, these studies are known as epigenome-wide association

studies (EWAS). For practical reasons, such as ease of measurement, DNAm is a commonly

measured epigenetic mark in EWAS. Aside from diseases that involve mutations to the genes

encoding key readers of DNAm or DNAm machinery, such as Rett syndrome (MECP2) [72]

and ICF syndrome (DNMT3B) [73], there is evidence of DNAm di�erences between disease

and healthy tissues seen through EWAS. Some of the clearest evidence for DNAm as a

biomarker of disease or for an association between DNAm and a causal disease mechanism,

comes from twin studies in human populations. Here the genetic contribution to both

disease and DNAm variation is controlled for when comparing within twin pairs. The DNAm

of young monozygotic twin pairs is more similar than older monozygotic twin pairs [74],

suggesting DNAm in twins starts very similar and di�erences are accumulated over a lifetime,

through di�erent environmental exposures. In a study of monozygotic twins, discordant

for systemic lupus erythematosus, di�erential DNAm of immune genes was seen [75]. In

a similar study, di�erential DNAm of a few genes was seen between monozygotic twins

discordant for multiple sclerosis, but DNAm di�erences were also related to multiple sclerosis

treatment [76]. Di�erential DNAm has also been seen in monozygotic twins discordant for

schizophrenia, though across twin pairs there is high variability in di�erential DNAm [77]. In

a study of type 1 diabetes, DNAm was seen to be more variable in twins with diabetes [78].

In EWAS of unrelated individuals, di�erential DNAm can also be observed but must be

interpreted with caution as DNAm can be impacted by many factors and not actually be

related to the disease being investigated. When genetics and tissue are carefully considered,

population studies comparing DNAm from disease cases and controls can be informative.

These studies can reveal regions of the human genome previously not seen in GWAS or

can validate known regions from GWAS but re�ne the disease association to individual

causal genes through regulatory marks. For example, in rheumatoid arthritis DNAm was

shown to be a potential mediator of known genetic risk variants for disease [56]. In a

study of type 2 diabetes, small changes in DNAm were seen between diabetics and healthy

controls, although the changes were small they were replicated in an independent cohort

[79]. Schizophrenia has been studied for DNAm di�erences in the twin study mentioned, but

also in a case control design where they saw di�erential DNAm associated with known GWAS

variants [80]. Ideally, �ndings from EWAS, whether with twins or unrelated individuals, can
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be validated by functional studies of DNAm di�erences. For example, the systemic lupus

erythematosus associated di�erential DNAm is validated through the appearance of lupus

symptoms in mice with inhibited DNA methyltransferase [81].

1.3 In�ammatory Bowel Disease

In�ammatory bowel disease (IBD) is an umbrella term for several related diseases. As a

broad category IBD a�ects 2.5-3 million people in Europe [82]. The two major diseases

encompassed by IBD are ulcerative colitis (UC) and Crohn's disease (CD), which themselves

are clinically complex and present with unpredictable penetrance and severity. Both CD and

UC result in painful symptoms such as diarrhea, abdominal pain, rectal bleeding, weight loss

and fatigue [83]. Mild UC can involve up to four bloody stools a day, and severe UC is more

than six bloody stools daily, with toxicity such as fever and anaemia [84]. There is a normal

life expectancy for UC, but the 10 year colectomy rate is 25% [84]. Life expectancy for CD is

slightly reduced [85].

In UC, in�ammation is restricted to the colon2 and occurs in a di�use continuous patch

extending from the rectum proximally (Fig. 1.5). In CD, in�ammation is sporadic along the

entire gastrointestinal tract and lesions are transmural, a�ecting all layers of the gut wall

[84]. In UC the lesions are super�cial and limited to mucosa rather than transmural [84].

IBD can develop at any age but commonly begins during adolescence and young adult-

hood with 25% of patients diagnosed before the age of 20 [86]. In children, CD involving

only the colon is more common than in adults, making it di�cult to distinguish between UC

and CD. Therefore the classi�cation IBD unspeci�ed (IBD-U) or indeterminate colitis is often

used in children [87].

Pathogenesis of IBD

The pathogenesis of IBD is complex and is associated with both genetic and environmental

factors. One factor often associated with IBD pathogenesis is the composition of the intestinal

microbiome. The intestinal microbiome and intestinal immune system are linked as the

microbiome is known to have a role in maturation of the intestinal immune system [88].

Mice de�cient in the gut microbiota have an underdeveloped immune system [88], which

can be pushed to develop through colonization of the gut with microbiota [89]. Although

the microbiome is important for the intestinal immune system and has been implicated

in IBD pathogenesis, a direct causal relationship has not been established. One of the

2except for rare ileal in�ammation from backwash ileitis[84]
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more consistent �ndings is a lack of diversity in the microbiome in IBD [90, 91]. There is

also evidence for decreased abundance of anti-in�ammatory bacteria (e.g.Firmicutes) in

IBD patients stool [92, 91]. As well, in CD there is evidence for increased abundance of a

more adherent and therefore invasive, type of the pathogenic bacteria,Escherichia coli

[93, 94]. It is possible however, that observed di�erences in the IBD microbiome are actually

consequences of intestinal in�ammation, as it is known that in�ammation can lead to

changes in microbiome community structure [95]. Any causal role of microbiome di�erences

in IBD is challenging to establish in humans, due to di�erences in genetic susceptibilities

and the variety of environmental factors potentially contributing to pathogenesis.

Environmental factors have been associated with IBD but, similar to the microbiome,

direct causal mechanisms are not established. Appendectomy has an interesting and con-

trasting association between types of IBD [96, 97]. The removal of an in�amed appendix is

associated with a decreased risk for UC, but an increased risk for CD [96, 97]. There is an

association between early life antibiotic use and the development of IBD [98, 99] with the as-

sociation of antibiotic use and CD validated in a meta-analysis of studies [100]. Breastfeeding

seems to have a protective e�ect for IBD [101, 102], potentially through breastfeeding related

changes to the microbiome [103]. Urbanization has an increased risk for the development

of IBD, with IBD being more common in urban areas [104]. Urbanization is a complicated

term though, capturing many factors and a variety of lifestyle di�erences (e.g diet, pollution

exposure).

One factor of urbanization often thought to contribute to increased IBD risk is diet.

Dietary �ber may be an important protective factor for development of CD, but this is

dependent on the source of �ber, with fruits having a strongest protective e�ect [105].

Dietary polyunsaturated fatty acids (PUFA) have been seen to either increase or decrease

risk of UC dependent in the PUFA type [106]. Zinc levels may have a protective e�ect against

CD, with higher zinc levels associated with less severe disease in CD patients [107, 108].

One of the best validated environmental factors associated with IBD risk is smoking. A

meta-analysis of the e�ect of smoking on UC risk showed a signi�cantly lower risk of UC in

people who smoke [109]. Conversely, smoking increases the risk of CD and is associated

with a more severe disease course [110, 111]. In both cases the impact of smoking on disease

appears to be temporary, with UC becoming worse with smoking cessation [110, 111] and

smoking cessation improving the disease course in CD [111].

The complex array of factors associated with IBD pathogenesis, means an individual's

current environmental exposures and risk factors do not help much in the challenge of

assigning an IBD diagnosis, when someone �rst presents IBD-like symptoms.
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Diagnosis

No non-invasive diagnostic test exists for IBD. Clinical diagnosis for IBD involves the laboratory

evaluation of blood and stool, though 10-20% of children with IBD will have normal laboratory

results [112]. Follow-up of suspected IBD for a diagnosis requires endoscopy with a biopsy for

histological evaluation [87]. In both CD and UC, there is large variability and unpredictability

of disease severity. Mucosal markers have little correlation with patient reported outcomes

[113]. The only accurate predictor of remission or relapse is the disease behaviour in the

previous year [84].

Treatment

To treat IBD the goal is to limit gut in�ammation, induce remission of symptoms and maintain

that remission. The ultimate goal of treatment would be mucosal healing and a histologically

normal intestine. As there is currently no way to identify more severe IBD cases at diagnosis,

a step-up approach to treatment is standard practice in most European gastroenterology

departments [114]. This step-up approach involves an escalation of treatments to more

potent approaches when IBD can not be managed with the current treatment [114].

At diagnosis, induction treatments are given to induce remission and relieve symptoms.

These typically include corticosteroids, 5-Aminosalicilates (5-ASA), and/or exclusive enteral

nutrition (EEN), which is the intake of only nutritional formula for up to 8 weeks [115]. Then

toward maintaining remission, immunomodulators such as thiopurines can be used and have

an anti-in�ammatory e�ect on the intestinal mucosa, leading to more prolonged remission

[116]. Some courses of hospital admission and intravenous corticosteroids treatment can

also be required [84].

Patients not responding to steroids and immunomodulators, may then be administered

biologics as a treatment. Biologics are proteins meant to target a speci�c biological pathway.

For pediatric IBD, biologics commonly used (In�iximab and Adalimumab) target tumour

necrosis factor (TNF) and can lead to mucosal healing [83]. Anti-TNF biologics in children have

been very successful with 73% and 88% response to In�iximab for UC and CD, respectively

[117, 118].

When patients are not tolerating immunosupression or their disease is refractory to

treatments, surgery is an option. In CD this is required in 14% of children within 5 years of

diagnosis [119]. In CD the type of surgery required will vary, depending on the regions of

the gastrointestinal tract a�ected. In UC the surgery most commonly used for treatment is

proctocolectomy, the surgical removal of the colon and rectum, leaving the small intestine

[84].
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Though this is the typical step-up treatment course, individual treatments are given

based on the patient's needs and indications. In contrast to the step-up approach, a more

potent induction treatment, such as biologics at induction, can lead to better outcomes for

severe IBD (i.e. top-down approach) [120]. With a step-up approach, not all patients will

require treatment with biologics and can be managed without ever receiving them. The

strategy is to avoid risking treatment side e�ects in mild IBD cases. Any indication of future

IBD severity at diagnosis, potentially from molecular markers, would be very valuable in

guiding IBD treatment courses for individuals.

Fig. 1.5 Gut segment di�erences in IBD types. UC is restricted to the colon and in�ammation
occurs in a continuous patch. In CD, in�ammation occurs in sporadic patches throughout
the intestine.

1.4 Molecular Characterization of IBD

IBD Genetic Variants

Many genetic studies have been done to understand the complexity of IBD. These studies

have suggested a strong genetic component. In a meta-analysis of twins, heritability esti-

mates, meaning the variance in disease liability explained by genetics, of 0.67 and 0.75 were

seen3 for UC and CD, respectively [121]. Despite the predicted strong genetic component,

like many complex diseases, the variants identi�ed in IBD GWAS are mostly in non-coding

regions of the genome and have therefore led to limited understanding of IBD mechanisms.

Extensive GWAS and GWAS meta-analyses IBD have been performed [122� 126]. The most

3Heritability on the liability scale; 1 would be an entirely heritable trait
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recent and largest meta-analysis with nearly 60,000 individual [126] reported 241 IBD as-

sociated SNPs, many of which (188 SNPs) were replicated from the previously largest IBD

GWAS meta-analysis [125]. Of these IBD SNPs 45 have been �ne mapped to single causal

genetic variants [127].

There have been some protein-coding risk variants with demonstrated causal roles

identi�ed for IBD. A protein-coding variant, associated with CD, suggests the involvement

of IL23R via proin�ammatory signalling in T cells [128]. This �nding has led to clinical trials

of drugs targeting the signalling pathway [129]. Another CD risk variant in ATG16L1 links

cellular autophagy and IBD [130� 132]. As well, C1ORF106 has been linked to UC risk and has

a role in the barrier function in intestinal epithelium [133]. Apart from these few examples

of protein-coding variants, the majority of IBD-associated variants are in non-coding regions

of the genome [71], which has led to the exploration of gene expression and gene regulatory

marks to gain insight into the function of these non-coding variants.

Gene Expression Di�erences in IBD

Although IBD-associated SNPs have been well studied and characterised, functional conse-

quences and causal mechanisms remain largely unknown. A common approach for asso-

ciating SNPs to function is through identifying eQTL. So far eQTL associations have given

insight into the potential mechanistic functions of only some IBD risk variants. Typically,

IBD SNPs are not themselves eQTL but often colocalize with eQTL, meaning the IBD risk

variant and an eQTL co-exist in the same genomic region and the SNPs may be varying in

genotype together [127]. This colocalization is seen in isolated immune and gut epithelial

cells but not observed in whole tissue [127], suggesting IBD relevant eQTL are highly cell type

speci�c. Despite challenges in discovering functional mechanisms through eQTL mapping,

functionally relevant changes have been seen in the regulation of integrin genes in IBD [126].

The approach involved a GWAS meta-analysis of 59,957 subjects and eQTL signals speci�c

to isolated immune cells [126]. Following this success as a model, more functional insights

may be discovered from eQTL mapping, but studies will likely require large sample sizes and

tissue-speci�c experimental designs.

Gene expression has been informative on IBD mechanisms and pathology even when

genetic variation is not directly considered. Transcription in the mucous has pointed to

the possible involvement of mitochondrial gene expression in UC and the potential for

gene expression to predict treatment-induced disease remission [134]. The ability to stratify

patients based on gene expression pro�les has promise for characterising subtly di�erent

subtypes of IBD. Just like IBD can be meaningfully subtyped into UC and CD, there is utility
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in further subtyping patients to an even more granular strati�cation. Both CD and UC can

be split into two clinically relevant subtypes based on CD8+ T cell gene expression [135].

In CD speci�cally, gene expression in colon samples distinguished �ileum-like CD� cases,

which had a di�erent disease presentation from �colon-like CD� cases [136]. Strati�cation of

patients into disease subgroups can be a powerful tool for increased speci�cation of the

treatment course, prediction of patient outcomes and re�nement of experimental designs for

future study toward new treatment development. In IBD there has already been successful

patient strati�cation based on molecular marks with clinical relevance [137]. Measuring

more molecular marks, paired with sophisticated data integration, new biomarkers can be

discovered and perhaps patients can be meaningfully strati�ed.

Epigenetic Di�erences in IBD

Functional roles of IBD-associated SNPs have also been explored through epigenetic marks.

It has been seen that a signi�cant amount of the genetic heritability of IBD through genetic

variants is attributable to mQTL [47]. It has been observed that in data from the same

individual, IBD-associated di�erential DNAm and gene expression is enriched near IBD-

associated SNPs [138]. There is evidence from integrating genotyping and blood DNAm, that

DNAm may mediate the associations of some SNPs with IBD [139]. Potentially, mediation

analysis could point toward causal mechanisms through the DNAm [140].

Many IBD-associated variants are in regions with histone marks for active promoters

and enhancers [141, 71]. Non-coding IBD variants are enriched in tissue-speci�c histone

marks from immune, but also gut mucosal, cells suggesting both tissues play important and

unique roles in disease development [142]. For the immune component of IBD, risk variants

are enriched speci�cally in T-cell active promoters and enhancers elements, an enrichment

shared with many immune diseases [71]. Unique to UC is an enrichment of UC-associated

SNPs in colon mucosa active promoters and enhancers elements, which is not seen with CD

SNPs [71]. Possibly UC and CD both involve T cell dysregulation, but UC may involve more

dysregulation in the gastrointestinal tract compared to CD [71].

The enrichment of IBD risk variants in gene promoters speci�c to blood and intestinal

mucosa suggests the potential dysregulation of genes in both tissues in IBD [71]. In blood

there is an enrichment of IBD associated di�erential DNAm around IBD genetic risk variants

[143]. Blood, being a more accessible tissue compared to intestine, makes it a promising

candidate for establishing clinically useful biomarkers of IBD. Its accessibility also allows

for exploring potential mechanisms of IBD in cohorts larger than would be feasible with

intestinal biopsies. In studying blood DNAm, in IBD and other diseases, the composition of
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the cell types in blood must be considered and controlled for as blood cell composition can

a�ect DNAm [144]. This is true especially important in when comparing healthy controls to

individual with IBD as in�ammation in blood is seen in IBD [145]. When blood cell composition

is taken into consideration and adjusted for, di�erential DNAm can be seen between IBD and

controls with some DNAm di�erences observed to be blood cell type speci�c [139, 146]. In

addition there are associations between DNAm and gene expression at sites with observed

di�erential DNAm in IBD, suggesting potential mediation of IBD associated di�erential gene

expression via DNAm [139]. Despite best e�orts to control for cell composition in blood,

DNAm may remain be associated with measures of in�ammation [140] and once disease

related in�ammation is treated IBD di�erential DNAm can shift to a level closer to controls

[140]. Given the sensitivity of blood DNAm to in�ammation, an approach combining studies

may identify the most robust di�erential DNAm in IBD. In a meta-analysis of IBD blood

DNAm studies, despite clinical and technical di�erences between the included studies, a

consistent direction of e�ect for DNAm di�erences was seen across studies [147]. A consistent

enrichment for IBD associated DNAm di�erences in genes associated with in�ammation,

immune response and cell�cell adhesion was seen, which may represent robust IBD DNAm

di�erences in blood [147].

Typically studies of blood DNAm have identi�ed pathways associated with both CD and

UC, opposed to identifying unique pathways involved in either disease [147, 146, 140]. This is

in contrast to the disease speci�c di�erences often observed in intestinal tissue [71, 138]. In

intestinal tissue IBD associated DNAm di�erences are speci�c to UC and CD with little overlap

and gut segment speci�c di�erences are seen between disease types as well [138]. In the

colon, both UC and CD have associated DNAm and gene expression di�erences, compared

to a healthy intestine [138]. However, in the small intestines of the same individuals, only

associations to CD are observed [138]. At the clinical level, gut segment di�erences between

UC and CD are well established. As both clinical and molecular evidence demonstrate tissue

and gut segment speci�city of IBD types, the separation of IBD into UC and CD will likely

bene�t the analysis of molecular data from the intestine.

Di�erential DNAm in IBD, in intestinal tissues, has also been validated by a meta-analysis

[148]. Additional strong evidence for di�erential DNAm associated with IBD is observed in a

twin study of the mucosa from twins discordant for UC [149]. Di�erences in DNAm between

twins suggest a possible role for DNAm in mediating di�erences in environmental exposures

over the life course of the twins [149].

DNAm is a promising molecular mark for mediating the impact of the environment on

IBD pathogenesis, as some of the established IBD environmental risk factors are known to

impact DNAm as well. As discussed, DNAm has a well established association with smoking
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(Section 1.1). Smoking is also an environmental factor associated with IBD risk and severity

[110, 111]. In addition to smoking, diet has been linked separately to both IBD risk and DNAm.

A western diet has been linked to increased prevalence of IBD [150, 151]. This same diet

has been seen to be associated with di�erences in DNAm at key colorectal cancer tumor

suppressor genes [152].

The multitude of evidence for di�erences in gene regulation in IBD across data types

(genotype, histone marks, DNAm and gene expression) suggests a complex regulatory

architecture underlying IBD pathogenesis. Going forward, collection of multiple molecular

marks from the same patient and thoughtful data integration could allow for mechanistic

insight into IBD pathology or re�ned patient strati�cation to guide clinical decisions.

1.5 Cell Composition of the Human Gut

The molecular complexity of IBD, in combination with many genetic and gene regulatory fac-

tors, is multiplied by the various tissues and cell types involved. In order to understand gene

regulatory di�erences between IBD and controls, it will be important to study di�erences in

these individual contributing tissues and cell types.

Structurally, cells in the human intestine exist in either the lumen, the continuous tube

lined by a single layer of epithelial cells, where food passes, mucous and microbiome reside,

or in the lamina propria. The lamina propria is the sca�olding for the epithelial wall and

is made up of connective tissue, containing the blood supply for the intestine and much

of the intestinal immune system. The human intestine is divided into segments, the small

intestine consists of the duodenum which is closest to the stomach, followed by the jejunum

and then the ileum. Then the large intestine beings with the caecum, then ascending colon,

sigmoid colon, and terminates at the rectum (Fig. 1.5). The segments of the intestine are

composed of various cell types in speci�c proportions to best serve the di�erent functions

of the segments.

Cells of the human intestine can be broadly grouped into three cellular compartments:

stromal, immune and epithelial. Stromal cells provide a supportive cell matrix for the

epithelium and exist in the lamina propria. These cells are relatively homogeneous compared

to other compartments but do have distinct cell types and functions including myo�broblasts,

pericytes, glial and endothelial cells. A recent study of the stromal compartment has revealed

underappreciated cellular heterogeneity and a role in epithelial wall repair in IBD [153, 154].

Immune cells of the intestine maintain delicate homeostasis between the intestinal

microbiome and the healthy function of the body. This balance is achieved through a diverse

set of immune cells working in concert in the intestine. The human intestine contains a
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reservoir of T cells which are diverse in function and spatial organization. In the intestine T

cells observed are mostly cytotoxic (able to kill cells) and are a mix of CD8+ and CD4+, which

respond to di�erent antigen-presenting pathways [155]. There are fewer T cells in the large

intestine compared to the small intestine [156]. In addition to T cells, B cells reside in the

intestine, as well as their di�erentiated form, plasma cells, which produce immunoglobulin

and limit bacterial contacts with epithelial cells [157]. Dendritic cells reside in the lamina

propria and act as specialised antigen presenting cells [158]. Macrophages also reside in the

lamina propria for the degradation and phagocytosis of microbiota and dead cells [159].

Epithelial cells, which are the primary focus of this thesis, form a physical barrier between

the lumen and lamina propria (Fig. 1.6). They are a nexus of many intestinal functions and

are involved in nutrient absorption, excreting compounds to aid digestion, and have a role

in signalling the immune system.

Intestinal Epithelial Cells

The epithelium of the intestine is composed of di�erent mixtures and spatial organization

of cell types, to best suit the speci�c functions of di�erent gut segments. In the small

intestine, such as the terminal ileum (TI), epithelial cells are organized into crypts and villi

(Fig. 1.6). Crypts are tubular invaginations, at the base of which epithelial stem cells reside

and replenish all epithelial cell populations. Stem cells give rise to rapidly proliferating transit-

amplifying (TA) cells which have a limited self-renewal capacity, divide three or four times,

and produce the various other types of epithelial cells before themselves di�erentiating (Fig.

1.6). Di�erentiated cells move up the crypt-villis axis toward villi tips and upon reaching tips

undergo apoptosis and shed into the intestinal lumen [160]. Epithelial cells in the intestine

rapidly turn over and only live 3-5 days [161]. The exception to the pattern of di�erentiating

and moving up villi is paneth cells. These di�erentiated specialized cells reside alongside

stem cells in crypt bases and maintain a semi-sterile niche through antimicrobial peptide

release [162]. The large intestine, such as the sigmoid colon (SC), also contains crypts but

the lining of the colon is �at, contrasted with the �nger-like villi of the small intestine. There

are no paneth cells in the colon, but there are stem cells at crypt bases producing TA cells

(Fig. 1.6).

The various di�erentiated epithelial cells, seen in both gut segments but in di�erent

abundances, have specialized functions to support digestion and gut homeostasis [164]. The

most abundant epithelial cells are enterocytes. These cells are responsible for absorbing the

products of digestion, and have microvilli on their luminal side to support mucus integrity

and limit bacterial contacts with cells [165]. There exist enterocytes that specialize in the
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Fig. 1.6 Intestinal epithelial cell types and structure. Left panel, scanning electron micro-
graph of crypts and villi in small and large intestine. Middle panel schematic of the cell types
and structure of crypt and villi. Right di�erentiation hierarchy of epithelial cells. Adapted
from [163].
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absorption of salt, ions and metal and are de�ned by expression of the calcium-sensitive

chloride channel bestrophin-4 (BEST4) and are therefore called BEST4 enterocytes [155, 166].

Other di�erentiated epithelial cells mainly secrete, opposed to absorb. Goblet cells secrete

mucins into the intestinal lumen as a physical barrier of mucus which limits microbial contact

with epithelial cells. The large intestine has a thicker mucus layer and more goblet cells

compared to the small intestine, related to the larger microbiome population in the large

intestine [162]. Enteroendocrine cells secrete hormones which aid in digestion, insulin

secretion, and appetite [167]. Tuft cells are chemosensory and sense pathogens in the

lumen, speci�cally parasites and protozoa, then secrete proin�ammatory cytokine to elicit

an immune response [168].

In IBD the contribution of individual epithelial cells types and epithelial cells as a broad

category will be crucial for interpreting molecular di�erences between IBD and a healthy

intestine. Using approaches that separate cell types we can now explore in detail the unique

role of intestinal epithelial cells as an IBD component [155, 166, 154].

1.6 Epithelial and Immune Interactions in the Gut

The human intestinal immune system needs to maintain a delicate balance of tolerance

and reactivity. It must be tolerant to the commensal bacteria, which are bacteria that

are harmless to human health and some can even aid digestion [169]. While tolerating

commensal bacteria, the intestinal immune system must still be reactive to pathogenic

bacteria and viral infections. The intestinal epithelial layer participates in this balance as a

physical barrier between the intestinal lumen environment, where the microbiome resides,

and the underlying immune cells of the lamina propria. In addition to acting as a physical

barrier, intestinal epithelial cells can facilitate communication of what is in the lumen to

survey immune cells. Intestinal epithelial cells are exposed to a wide variety organisms in

the mucosa, some of which can enter epithelial cells on their luminal side (e.g.Helicobacter

pylori [170] and rotavirus [171]). These infections are communicated to the immune system

as intestinal epithelial cells have the capacity to act as non-professional antigen presenting

cells.

Major Histocompatibility Complex Class I in Intestinal Epithelial Cells

A key component in epithelial cell antigen-presenting capacity is the expression of major his-

tocompatibility complex (MHC) class I (MHC I) molecules. MHC I molecules are constitutively

expressed in a broad range of cell types, not just specialized antigen-presenting immune
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cells. The expression of classical and non-classical MHC I genes (Box 1.6) has been seen in

intestinal epithelial cells speci�cally [172]. The main function of MHC I class molecules is

the display of endogenous peptides as antigens to CD8+ T cells to support their immune

surveillance [173]. Peptides produced from the cell should be ignored by T cells, but those

not recognized by the T cells as self will lead to targeting of the antigen-presenting cell for

elimination. While MHC I activity is observed in all cells, major histocompatibility complex

class II (MHC II) presentation of exogenous peptides to CD4+ T cells [174], is restricted to

professional antigen presenting cells (B cells, macrophages and dendritic cells) [175].

MHC I activity is important in the dynamics of the proliferative capacity of the intestine. In

epithelial stem cells, MHC I activity is linked to their active proliferation, with quiescent stem

cells of hair follicles not expressing MHC I and not being targeted by T cells for elimination

[176]. In intestinal and ovarian stem cells there is active cell division, expression of MHC

I and elimination of stem cells by T cells [176]. The presentation of antigen by intestinal

stem cells, via MHC I, could lead to a dramatic loss of this key cell population is not carefully

regulated [176].

NLRC5 is a Transactivator of MHC I

Nucleotide Oligomerisation Domain (NOD) Like Receptor (NLR) CARD containing 5 (NLRC5) is

a key transactivator of MHC I expression and forms part of a transcription activation complex

[177, 178]. NLRC5 binds, in combination with a complex not directly itself,in vitro at the

promoters of MHC I genes [177]4 and activates the expression of MHC I genes [177, 179].

While NLRC5 is not considered a master regulator, as NLRC5 knock-out mice still have MHC I

expression, NLRC5 is considered a key transcriptional regulator as MHC I expression is strongly

reduced in NLRC5 knock-out mice [180]. Gene expression activation by NLRC5 is speci�c to

MHC I and there is no e�ect of NLRC5 levels on MHC II gene expression [177]. NLRC5 has

a demonstrated role in host defence from intracellular pathogen infection, through MHC I

activity and CD8+ T cell activation. NLRC5 knock-out mice have impaired induction of MHC

I genes (but not MHC II genes) compared to wild type when exposed to an intracellular

pathogenic bacteria [181]. NLRC5 has a crucial role in the cellular response to pathogenic

bacteria through CD8+ T cell activation. The MHC I pathway is activated by interferon


(IFN
 ) stimulation via induction NLRC5 of expression [182� 184, 174]. In turn, increased MHC

I activity activates CD8+ T cells, which then produce more IFN
 , so the system operates in a

positive feedback loop [181].

4HLA-A, -B, -C, -F, -G, and� 2M
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Box 1: MHC I Gene List
Classical HLA genesare the MHC class I heavy chains, which form the cell surface component of

the MHC I molecules along with B2M in order to present peptides [173, 185]. These genes are

highly polymorphic, so individuals are able to present a wide variety of peptides bound to the

MHC I molecule.

ˆ HLA-A
ˆ HLA-B
ˆ HLA-C

Non-classical HLA genesdi�er from classical HLA genes in their genetic diversity (less polymor-

phic), expression structure and/or function [186]. They are also MHC class I heavy chains and

form MHC I molecules with B2M in order to present peptides [187].

ˆ HLA-E: expression is correlated with classical HLA gene expression [188]. HLE-E binds natural

killer cells when presenting peptide at the cell surface [189].
ˆ HLA-F: similar to HLA-E is also seen to bind natural killer cells when presenting peptide at

the cell surface [190]
ˆ HLA-G: is demonstrated as an antigen presenting [191]. Mostly HLA-Gis expressed in

cytotrophoblast cells at the maternal-fetal interface and protects fetal tissues from the

maternal immune system[192], but HLA-Gexpression has also been observed in intestinal

IEC in IBD during in�ammation [193].

Non-HLA genes

ˆ B2M: � 2 microglobulin forms the light chain of the MHC I molecule. Its expression is

upregulated by NLRC5[177].
ˆ TAP1andTAP2: Transporter associated with antigen processing 1 and 2 are peptide trans-

porters which form a heterodimeric complex. Mice de�cient inTAP1show fewer cell

surface MHC I molecules and unable to present MHC I antigens [194]. In cells with defective

antigen-processing the process can be restored withTAP2transfection [195]. The TAP1/2

transporter is a key MHC I complex and expression ofTAP1has been seen to be upregulated

by NLRC5[177].
ˆ PSMB8andPSMB9: (PSMB9akaLMP2) form a proteasome optimized to generate MHC

I peptides and the subunits are inducible by IFN
 . PSMB9expression upregulated by

NLRC5[177]
ˆ IRF1: Interferon Regulatory Factor 1 is a DNA-binding transcription factor which induces

expression of MHC I genes [196].
ˆ NLRC5: Key transcriptional transactivator which up-regulates many MHC I genes [177].
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The Role of MHC I in IBD

The MHC I pathway is an interesting candidate for involvement in IBD as MHC I is active in

intestinal epithelial cells and is a means of communication between these epithelial cells and

the immune system [172]. A potential role of MHC I in IBD has been highlighted by genetic

variants in the HLA genes associated with IBD risk [197, 198].

As well as genetic di�erences seen in MHC I genes, di�erential expression of MHC I genes

has been seen in both UC and CD in intestinal mucosa [199]. In UC only, the non-classical

MHC I genes were more highly expressed in rectal mucosa of people with UC [110]. In IBD

MHC I has been seen to shift in its spatial localization, with MHC I proteins shifted to the

basolateral side of cells [200]. In addition to spatial organization changes and di�erential

gene expression, di�erential DNAm of MHC I has been seen in the intestine [138]. In the TI

from individuals with CD, less DNAm and higher expression of classical and non-classical

MHC I genes was seen compared to healthy controls [138]. This di�erential DNAm of MHC

I genes was then validated in a meta-analysis of IBD DNAm studies [148]. The genetic risk

factors, di�erential DNAm and expression all together suggest a possible role of MHC I in

IBD particularly in intestinal tissue.

1.7 Sampling and Modelling the Human Gut

Whole-Biopsies and Isolated Cells

To study the human intestinal epithelium, tissue samples can be collected from the endo-

scopic biopsy. These whole-biopsy samples can be explored and molecular phenotypes

measured from the entire population of cells [201]. These whole biopsies will be a hetero-

geneous mixture of stromal, immune and epithelial cells, which could introduce noise and

obscure biological signals. The epithelial portion of whole biopsies can be isolated using

magnetic bead sorting for the epithelial cell adhesion molecule (EPCAM) [202]. Once sorted

these isolated epithelial cells (IEC) should represent a more uni�ed epithelial signature of

disease, although contamination with lymphocytes may remain [203].

Organoids as a Model of the Human Gut

Intestinal epithelial organoids are self-organising, with a three-dimensional structure, and can

be maintained in culture long-term [204, 205]. Intestinal organoid models closely resemble

the morphology, function and cell composition of thein vivointestine, and maintain gut

segment di�erences [206� 208]. The mimicry ofin vivoorgans has made organoids powerful
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translational research tools with a wide range of applications, including the development

of new treatments, testing of existing drugs as well as the application of a personalised

treatment approach in several diseases [209� 213]. Similar to human cell lines, organoids can

be used to directly model human biology, but organoids also display cell-to-cell interactions

and some organ-like structures [204, 205], which can be important in modelling tissue and

organ development and evaluating disease phenotypes.

Intestinal organoids can be generated from dividing adult stem cells, found at the base

of crypts isolated from primary intestinal samples, and will consist exclusively of epithelial

cells. Alternatively intestinal organoids can be generated from induced pluripotent stem

cells (iPSC) [214, 215]. While iPSC derived intestinal organoids are composed of more than

just epithelial cells [216] and this greater variety of cell types can be of interest, having

organoids derived from intestinal stem cells can mean that tissue-speci�c di�erences, such

as DNAm, are maintained in organoids [206]. To generate intestinal-derived organoids, an

intestinal stem cell population is collected from an endoscopic biopsy and then crypts are

isolated [204, 205]. Isolated crypts are then embedded in a 3D matrix and given key growth

factors so the stem cells can maintain self-renewal capacity [217]. The proliferation media, in

which organoids are maintained, mimics the crypt niche, suppresses cell di�erentiation and

promotes stem cell proliferation [204, 205]. These proliferative organoids are composed of

the three major epithelial cell types (enterocyte, stem and TA cells) [207]. Organoids can

however be di�erentiated by withdrawing WNT3A and other factors, so organoid cells then

di�erentiate into the variety of epithelial cell types seenin vivo[218, 219].

The main value of organoids is the ability to mimic primary tissue and disease states.

For example, intestinal epithelial organoids have been successfully used to model IBD. As

IBD involves the complex interaction of the immune system and intestinal epithelial cells, it

can be complicated to detangle the e�ects of the two tissues in primary patient samples or

animal models. Intestinal epithelial organoids have enabled the epithelial cell component

of IBD to be examined separately from the immune cell component [138]. Organoids have

been used to con�rm IBD biomarker stability and explore the mechanisms of known genetic

associations to IBD [220, 138, 221, 206, 222].
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1.8 Thesis Outline

The overall aim of my thesis will be to explore the role of intestinal epithelial cells in pediatric

IBD through epigenetics, gene expression and genotyping. In Chapter 2 I have focused

on the e�ects of long-term culturing of organoids on DNAm. In Chapter 3 I looked at the

interaction of genetics, DNAm and gene expression in both organoids and IEC from pediatric

IBD cases and controls. This analysis identi�ed a key candidate, the dysregulation of MHC I

signalling. In Chapter 4, using single-cell RNA-sequencing (scRNA-seq) in intestinal epithelial

organoids and primary biopsies, I have explored the role of MHC I signalling in response to

proin�ammatory stimulation and the association of MHC I activity and IBD compared to

healthy controls. Chapter 5 presents an overview of shared themes, conclusions, challenges

and future directions.

Fig. 1.7Overview of experimental set up and sample types used for each chapter in this
thesis.



Chapter 2

Long Term Culture of Human Intestinal

Organoids Leads to DNA Methylation

Changes

This chapter describes my study of long-term culture e�ects on DNAm and expression in

intestinal organoids. To perform the analyses described below, I have used novel datasets

generated by the group of Dr. Matthias Zilbauer, by Francesca Perrone and Komal M Nayak,

as well as publicly available data (Table 2.1). All analyses described below were carried out

by me.

An associated manuscript was also written by myself, edited collectively and agreed

upon by all co-authors. The results of the study are in preparation to be published in the

following paper:

Rachel D Edgar*, Francesca Perrone* Felicity Payne, Sophia Lewis, Komal M Nayak, Judith

Kraiczy, Aurélie Cenier, Franco Torrente, Camilla Salvestrini, Robert Heuschkel, Kai O Hensel,

Leanne Jones, Matthias Zilbauer* and Daniel R Zerbino*. Distinct culture associated DNA

methylation changes impact on cellular function of Human Intestinal Organoids.Submitted

(* equal contribution).

2.1 Introduction

Human organoids are a powerful tool to model major aspects of intestinal development,

health and diseases, as patient derived cultures retain many features foundin vivo. Despite

culturing in a medium to closely mimicin vivoenvironment, generation of organoids is

still a removal of cells from the environment of the intestine. For intestinal organoids, the
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lack of signalling from the microbiota and mucosa could have unknown e�ects on organoid

function, and any e�ects of losing these endogenous signals may be more pronounced with

longer duration in culture. This is of concern, as long-term culturing of cells, as cell lines, can

result in phenotypic drift, in the form of morphological and functional change [223, 224].

A necessary aspect of the organoid maintenance long-term is the requirement to expand

culturesin vitro through several rounds of passaging. Passaging intestinal organoids involves

the isolation of organoid crypts and therefore the stem-cells and expanding these each into

an organoid (Fig. 2.1). The e�ect of passaging and culture duration on organoids has been

studied less than cell culture, but e�ects have been observed on morphology and gene

expression [225], though these were speci�c to the type of culture used [226]. Unfortunately,

some of the most promising applications of organoids, such as drug screening, require a

large number of cells and therefore many passages [227].

The molecular stability of organoids long-term in culture is crucial to their utility as a

model, but epigenetic stability of organoids in culture is unknown. Genetically organoids are

stable over long-term culture, with a low rate of mutations during culturing [228]. Although

DNA methylation (DNAm) is important in intestinal epithelium development and can be used

as a biomarker of intestinal disease, there has been less study of the epigenomic stability of

organoids [229, 138, 230, 206, 148]. DNAm is maintained through organoid generation in

tissue- , age- and disease-relevant regions of the genome, but DNAm also di�ers in many

ways between organoids and primary samples [138, 206, 222] and the stability of DNAm in

organoids during passaging is currently unclear.

Chapter Summary

In this chapter, I demonstrated why culture duration should be considered a critical variable

for comparisons of phenotypes in organoid models. I used 199 human intestinal organoids to

examine the e�ect of culture duration on DNA methylation (DNAm) and gene expression (Fig.

2.1). My analyses revealed a major e�ect of culture duration on DNAm, leading to signi�cant

changes at 61,337 loci. Over time spent in culture, I saw global hypomethylation and local

hypermethylation; DNAm also became more variable over time. Gene expression also

changed with culture duration and I observed di�erences in response to proin�ammatory

cytokines and organoid di�erentiation. These results suggest the comparability of organoids

to primary tissues diminishes over time spent in culture.
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Fig. 2.1Overview of experimental set up in this chapter.

2.2 Methods

Table 2.1 Datasets used in analysis. Cohorts are either generated for this analysis or are
publicly available from the listed sources.

Cohort
Organoid
Number

Tissue Age Source

1 80 Intestinal Pediatric Generated by Zilbauer group
2 30 Intestinal Pediatric E-MTAB-4957[206]
2 26 Intestinal Fetal E-MTAB-4957[206]
3 21 Intestinal Pediatric and Adult GSE141256[222]
4 42 Intestinal Pediatric Generated by Zilbauer group

5 25
Multiple (lung, intestinal,

esopahgus, stomach
and pancreas)

Adult GSE144213[231]

2.2.1 Data Generation

Organoid DNAm and expression data were generated by the Zilbauer group. In brief, intestinal

biopsies were collected from two segments of the intestine the TI and SC (Fig. 1.5) from 57

children under 16 years of age undergoing diagnostic endoscopy. This study was conducted
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with informed patient and/or carer consent as appropriate, and with full ethical approval

(REC-12/EE/0482). Intestinal organoids were generated from mucosal biopsies by isolation

of intestinal crypts and culturing as described previously [205, 232, 138].

2.2.2 DNAm Data Preprocessing

For each of 82 organoid samples (Cohort 1), DNAm data was measured on Illumina In�nium

MethylationEPIC array (EPIC; Illumina, Inc., CA). I processed DNAm data using the min�

package[233], speci�cally thepreprocessfunction to extract beta values from IDAT �les.

I then normalized based on control probes on each array using functional normalization

[234]. I removed one sample as it did not correctly cluster with the other samples labelled

as coming from the same gut segment. I removed another sample as it did not cluster with

the labelled gender and was likely mislabelled. These data checks left 80 samples from 46

individuals for analysis. Starting with the 866,238 probes on the EPIC, I �ltered probes if

they: assayed a polymorphic CpG [235], were on a sex chromosome, had a demonstrated

potential to cross hybridized to several regions of the genome [235], or had a detection

p-value >0.05 in 1% of samples. This �ltering left 798,096 CpGs for analysis.

2.2.3 Passage Exploration of DNAm

I assessed the main drivers of variation in the DNAm data using Principal Component Analysis

(PCA). I associated the loadings of each PC with technical and biological variables using

ANOVA for categorical variables or Spearman correlations for continuous variables.

As the e�ect of passage on DNAm could be seen genome-wide (i.e. associated with the

second principal component or PC2), I further investigated passage at an individual CpG

level. I tested each of the 798,096 CpGs for both heteroskedasticity in DNAm and di�erential

DNAm with increasing passage number. I have organoid samples from 1-16 passages, but

there are more samples of organoids with one to four passages (Fig. 2.3B). Therefore I

downsampled low passage organoid samples (passages 1-4) to only �ve organoid samples

per passage level. I did the downsampling 1,000 times, and each cohort subsample contained

42 organoid samples for testing. I then �t a linear model to measure the association between

DNAm and passage in each subsample, at each CpG. In addition to the di�erential DNAm

p-value, I calculated the e�ect size of passage on DNAm as the change in DNAm between

organoid samples from 1 and 16 passages as a delta beta. In each cohort subsample, I used a

Breusch�Pagan test on the residuals of the linear model between passage and DNAm, to test

for heteroskedasticity. I took the number of times, out of the 1,000 subsamples, that the

di�erential or heteroskedasticityp-values were signi�cant (FDR < 0.05) to generate a robust
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di�erential and heteroskedasticityp-value for each CpG. I de�ned heteroskedastic CpGs as

those passing the Breusch�Pagan test in a signi�cant number of the 1,000 subsamples (p <

0.05). Similarly, I de�ned di�erentially DNAm CpGs as those with an association between

passage and DNAm in a signi�cant number of subsamples (p< 0.05) but also with an absolute

delta beta greater than 0.15.

I submitted all samples to the epigenetic clock software [44] and predicted epigenetic

age was compared to chronological age of the patient when the biopsy used to derive the

IEO was taken.

Public DNAm Data Validation

To validate the passage e�ect, I collected more intestinal epithelial organoids from publicly

available data. I collected the data deposited under E-MTAB-4957 [206] as IDAT �les from

ArrayExpress. I refer to this as Cohort 2. I processed the data in the same way described

above, except with a di�erent annotation as Cohort 2 is on the 450K array, not the EPIC

[236]. Of the 42 available pediatric organoids, again from the SC and TI, 30 are unique

organoids samples but 12 organoids were derived from individuals also used in Cohort 1,

as Cohort 2 was originally published by the Zilbauer group. I excluded these 12 organoids.

I again associated DNAm at individual CpGs to passage with a linear model. However, in

Cohort 2, I did not downsample the early passage organoids since there are fewer organoids

available, making downsampling challenging. The 30 Cohort 2 organoids do have a more

even spread of samples across passages though. Also included in Cohort 2 are 26 fetal

intestinal organoids (sampled from the distal or proximal gut). I processed these samples in

the same way as the rest of Cohort 2. For comparison to fetal organoids, I included 11 fetal

primary gut epithelial samples (also from the distal or proximal gut) available in Cohort 2.

I collected another dataset of intestinal epithelial organoids, available under GSE141256

[222], as IDAT �les from Gene Expression Omnibus (GEO) [237]. I refer to this as Cohort 3

and it includes 21 samples from duodenum, jejunum and colon. In addition, though not

published with the data, I obtained passage number for these samples through personal

communication with the original authors. I processed the DNAm data in the same way

described above for both the EPIC and 450K arrays, as Cohort 3 includes both array types.

I only used the 384,188 CpGs present on both arrays, after probe �ltering. I performed

batch correction for array type using ComBat [238]. I �t linear models to associate DNAm to

passage in the 21 organoids.
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2.2.4 DNAm and Expression Cohort

In addition to the DNAm data from Cohort 1, the Zilbauer group generated another 42

samples (Cohort 4) but with both DNAm (EPIC) and gene expression (RNA-seq) from the

same organoid samples (Table 2.2). This dataset was split into low (2-4 passages) or high

(8-12 passages) passage with organoid samples from the same individual in each group just

grown to di�erent passages.

DNA methylation was measured and I processed it the same I did for Cohort 1. In the 18

untreated undi�erentiated organoids, I tested for di�erential DNAm with increasing passage

number with a linear model including a covariate for donor. For di�erential DNAm with

di�erentiation and proin�ammatory cytokine treatments, I split samples into low or high

passage then within these groups �t a linear model with a covariate for donor to identify

any di�erential CpGs.

Gene Expression Data Preprocessing

For each of the 42 Cohort 4 samples, RNA was prepared with the Truseq mRNA library

preparation (Illumina, San Diego, CA, USA) and sequencing was done on NextSeq 75 cycle

high output run.

I performed quality control of the RNAseq data using FastQC [239]. I pseudoaligned

reads using kallisto [240] indexed human transcriptome (GRch38) and quanti�ed with

100 bootstraps. Using sleuth [241] I measured di�erential expression at the gene level

by aggregating across all transcripts associated with a gene (Ensembl Genes 104) [242, 243].

I associated gene expression with passage as a continuous measure (2-12 passages) using a

likelihood-ratio-test with a covariate for donor. For di�erential expression with di�erentiation

and proin�ammatory cytokine treatments, I split samples into low or high passage then

within those groups I used a likelihood-ratio-test with a covariate for donor. To calculate fold

change to compare e�ect size I used a wald test as likelihood-ratio-tests do not generate an

easily interpretable e�ect size value.

2.2.5 Trimodal Distribution Identi�cation

To quantify the trimodal distribution observed in higher passage organoids I focused on the

71,384 most variable CpGs in Cohort 1 initially. These CpGs had a di�erence in M values

(logit transformation of beta values [244]) of 2.75 between the 10th and 90th percentile. I

used this subset of CpGs to visualize DNAm beta value distributions and classify samples.

To classify the DNAm beta value distributions by their number of peaks (either bi-modal or
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tri-modal), I �t a mixture of three beta-binomial distributions with a uniform background

distribution using expectation-maximization, with the maximum likelihood estimation used

to optimize the parameters of each distribution. Once an overall �t reached convergence, I

compared the �nal maximum likelihood of the intermediate peak (median approximately 0.5)

to the maximum of the background uniform distribution. When the intermediate likelihood

exceeded the background I considered the sample to have a trimodal DNAm distribution

(Fig. 2.9).

To look at trimodality in the 30 unique organoids in Cohort 2, I called variable CpGs in

the same way as Cohort 1. Using a 2.75 M value threshold for variability 47,924 CpGs passed

and I �t the same mixture model to call sample distributions as trimodal. Also included

in Cohort 2 are 30 pediatric primary gut epithelial samples (also SC and TI). To illustrate a

healthy primary sample DNAm distribution I identi�ed the 47,924 most variable CpGs in

these primary samples; I did this separately from the organoids (Fig. 2.10A).

In the 21 available organoids in Cohort 3, I identi�ed variable CpGs, in the same way,

using a 2.75 M value threshold, with 55,379 CpGs passing. Then I �t the same mixture model

to call sample distributions as trimodal.

In Cohort 4, I assessed the trimodality of samples beta distributions using top 71,384

most variable CpGs and the same mixture model as in the other cohorts to call sample

distributions as trimodal.

A dataset of 25 cancer organoids derived from colorectal, pancreatic, oesophageal,

stomach, and lung cancer are available under GSE144213 [231]. I refer to this as Cohort 5. I

collected these data as IDAT �les from GEO and processed the DNAm data in the same way

described above for the EPIC array. In the 25 available cancer organoids, I identi�ed the top

71,384 most variable CpGs and �t the same mixture model to call sample distributions as

trimodal.

For comparison of the trimodal DNAm distribution of cancer samples to high passage

organoids, I collected two publicly available cancer datasets (GSE42752 and GSE48684)

[245� 247]. The two datasets included healthy and colorectal cancer (CRC) samples from the

colon. I identi�ed the 71,384 most variable CpGs separately in both data sets. I then have

shown DNAm distributions in the same way as in our organoids for comparison.

2.2.6 Genomic Enrichments

I then explored the identi�ed di�erential and heteroskedastic CpGs from Cohort 1 for enrich-

ment in genomic features. I collected the Ensembl Regulatory Build [248] for GRCh37 using

biomart [249]. I annotated CpGs on the EPIC as overlapping any of the 6 regulatory regions
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or as not in any annotated regulatory region. I calculated enrichmentp-values for di�erential

and heteroskedastic CpGs, in each regulatory region, using 1,000 randomly sampled lists of

CpGs on the EPIC, to account for the underlying distribution of CpGs on the EPIC array (Fig.

A.2). To make the background CpG list more fair I considered the DNAm level in passage

one organoids. For a CpG to be considered hypomethylated and hypermethylated with

passage a minimal a change in DNAm of 0.15 of -0.15 was required, respectively. I, therefore,

modi�ed the background of randomly sampled CpGs to exclude those CpGs with a mean

DNAm value < 0.15 for hypomethylated CpGs and >0.85 for hypermethylated CpGs in the

passage one organoids. These 223,695 and 295,469 CpGs, respectively, could never pass

the required delta beta threshold and should not be included in the background CpGs for

comparison to the di�erential CpGs. Similarly, I generated enrichmentp-values for CpGs

located in previously described cancer di�erentially methylated regions (c-DMR) [250]. I

also assessed the distance of CpGs from origins of replication using the absolute minimum

distance of a CpG from a boundary of an ORC2 binding peak [251]. I then compared the

mean distance of CpGs with DNAm associated with passage to the mean distance of 1,000

randomly sampled lists of CpGs on the EPIC, as above for regulatory region associations,

with the exclusion of CpGs not meeting the required passage one mean DNAm.

Gene Ontology Enrichment

I associated the heteroskedastic and di�erential CpGs with adjacent genes. I assigned a

CpG to a gene based on proximity to a transcript from Ensembl Genes 99 GRCh37.p13

collected from Biomart [249]. I associated CpGs with a gene if they were located between

1500bp upstream of the transcript start site (TSS) and 300bp downstream of the transcript

end. I then aggregated CpG-transcript associations by Gene stable ID. I then used these

CpG-gene associations for the enrichment of gene ontology (GO) terms. I used the GO

annotations of the 25,676 genes associated with any EPIC CpG as the background list. I tested

enrichment of GO terms in the list of passage associated genes (Heteoskedastic: 13,267 genes,

Hypomethylated: 5,579 genes, Hypermethylated: 3,673 genes) using overrepresentation

analysis in ErmineJ [252]. I have reported the signi�cance of GO terms as false discovery rates

(FDR) computed using the Benjamini�Hochberg method in ErmineJ. I have also included the

multifunctionality scores of GO terms [253].

2.2.7 Data and Code Availability

I have deposited DNAm data have been deposited in the ArrayExpress database at EMBL-EBI

(www.ebi.ac.uk/arrayexpress) under accession number E-MTAB-9748 and the validation
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cohort DNAm under MTAB-11545 and expression E-MTAB-11548 My code for analysis is

available at:

redgar598.github.io/DNAm_organoid_passage.

2.3 Results

2.3.1 Organoid DNAm Changes with Culture Duration

To examine the e�ect of long-term culture on genome wide DNAm, I used the number of

times an organoid line has been passaged as the measure of 'culture duration'. Cohort 1

consists of 80 patient-derived, intestinal epithelial organoids from 46 individuals and two

gut segments (TI and SC). The organoids were passaged between 1 and 16 times, and I used

PCA to explore overall trends in DNAm (Fig. 2.2). I found the �rst PC accounted for 23%

of the variance in organoid DNAm and was associated with the segment of the primary

patient sample (Fig. 2.3A). This was expected given the known tissue di�erences in DNAm

pro�les and mirrors the pattern in primary data [138]. The second PC, which accounts for

10% of the variability in DNAm, was associated strongly with the passage number of the

organoid samples (Rs= -0.82; Fig 2.3B). Despite the e�ect of passage on DNAm, the organoid

epigenetic age re�ected the chronological age of the patient when the original biopsy was

collected (Rs= 0.52; Fig. 2.4). Taken together there seems to be a strong association between

DNAm and passage but DNAm based age and gut segment di�erences are maintained in

organoids culture long-term.

2.3.2 Genomic Regions are A�ected Di�erently by Passage

The association of passage with genome-wide variation in DNAm could be due to two types

of change in DNAm at individual CpGs: stochastic dysregulation of DNAm with increasing

passage (referred to as 'epigenetic drift'), directed and systematic changes in DNAm at

speci�c CpGs, or a combination of the two. To assess if either is the case at individual CpGs,

I measured di�erential DNAm with passage at each CpG and quanti�ed epigenetic drift

by assessing heteroskedasticity of DNAm with passage at each CpG. The 41,852 CpGs that

showed signi�cant heteroskedasticity with passage (FDR <0.05, Fig. 2.5A) were enriched in

transcription factor (TF) binding sites, open chromatin, enhancers and promoter �anking

regions but depleted in promoters and CTCF binding sites using established genome annota-

tions [248] (FDR <0.05, Fig. 2.5B). There were 23,766 CpGs showing signi�cant di�erential

DNAm with passage (FDR <0.05, |delta beta| > 0.15, Fig. 2.5A). Splitting these into hyper-
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Fig. 2.2 Segment and passage contribute to the major components of variance in DNAm.
The scree plot shows the amount of DNAm variance accounted for by each PC. The heat map
shows the associations between sample variables and each PC. The I generatedp-values
with a Spearman correlation for continuous variables or an ANOVA for categorical ones.

and hypomethylated CpGs, hypomethylated CpGs were more common (17,352 CpGs) and

were signi�cantly enriched in open chromatin, enhancers and promoter �anking regions

but depleted in promoters, CTCF binding sites and TF binding sites (FDR <0.05, Fig. 2.5B).

Hypermethylated CpGs (6,414 CpGs) were enriched in TF binding sites and promoter �anking

regions but depleted in promoters and CTCF binding sites (FDR <0.05, Fig. 2.5B). This sug-

gests the dysregulation of DNAm with passage occurred genome wide, except in generally

non-variable unmethylated regions of the genome (i.e CTCF binding sites and promoters).

2.3.3 Independent Validation of the Passage E�ect

To check whether the culture duration DNAm changes were a general phenomenon and not

limited to this one Cohort 1, I aimed to validate the e�ects in other cohorts. An independent

cohort of intestinal organoids with DNAm data exists (E-MTAB-4957, Cohort 2) [254] that

consists of organoids also sampled from the SC and TI regions of the gut. In Cohort 2 I looked

only at the 30 organoids from 11 pediatric individuals not also assayed in Cohort 1. Of the

23,766 CpGs di�erentially DNAm with passage in Cohort 1, 7,628 were measured in Cohort 2.

These are split into 5,098 hypomethylated and 2,530 hypermethylated CpGs, of which 70%
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Fig. 2.3 Segment of origin and organoid passage number are associated to the main com-
ponents of DNAm variation.(a) PC1 and PC2 are plotted for each sample. Samples are
coloured by the segment of origin. (b) PC2 and PC3 are plotted for each sample. Samples
are coloured by passage number. Lines connect samples derived from the same patient,
but where organoids were cultured to a di�erent number of passages. The histogram in the
legend shows the distribution of passage numbers across the cohort.
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Fig. 2.4 Chronological age and epigenetic age are similar in patient derived organoids.The
association between chronological age and epigenetic age is shown, with points coloured by
the passage of the organoid.

and 47%, respectively, were also signi�cantly di�erent with passage in Cohort 2 (FDR <0.05,

|delta beta| > 0.15, Fig. 2.6A). The direction of e�ect of passage on DNAm across all CpGs

was highly consistent between Cohort 1 and 2 (r = 0.53; Fig. 2.6B).

In addition to the pediatric organoids available in Cohort 2 there were also 26 organoids

from fetal samples. In fetal organoids, 78% of the CpGs hypomethylated in pediatric samples

are also hypomethylated in the fetal organoids, but only 33% of the CpGs hypermethylated

in pediatric samples are also hypermethylated in the fetal organoids (Fig. 2.6CD).

Another intestinal epithelial pediatric organoid dataset is available under GSE141256

(Cohort 3) [222]. These 21 organoids range from 2 to 11 passages. The passage e�ect at

individual CpGs validates similarly to Cohort 2. Of the 23,766 CpGs di�erentially DNAm

with passage in Cohort 1, 7,673 were measured in Cohort 3. These are split into 5,129

hypomethylated and 2,544 hypermethylated CpGs, of which 68% and 44%, respectively,

were also signi�cantly di�erential with passage in Cohort 3 (FDR <0.05, |delta beta| > 0.15,

Fig. 2.7A). Similar to Cohort 2, the direction of e�ect of passage was highly consistent (r =

0.27; Fig. 2.7B).

Another cohort of organoid DNAm pro�les was generated to validate the passage e�ect

(Cohort 4). This 42 organoid cohort included simulations to look at organoid function

(presented below) but for di�erential DNAm with passage, I looked just at the untreated

undi�erentiated organoids (n=18) as these are the most comparable conditions to Cohort 1.

Of the 23,766 CpGs di�erentially DNAm with passage in Cohort 1, 23,737 were measured in

the validation cohort. These are split into 17,327 hypomethylated and 6,410 hypermethylated

CpGs, of which 54% and 7%, respectively, were also signi�cantly di�erent with passage in
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Fig. 2.5 Passage a�ects DNAm in speci�c regions of the genome.(a) Representative CpGs
with DNAm signi�cantly associated to passage. CpGs were selected that are either signi�-
cantly heteroskedastic with passage or are di�erentially DNA methylated and either lose
(hypomethylated) or gain (hypermethylated) DNAm with increasing passage. Samples are
coloured by passage number and grey lines connect samples derived from the same patient.
Regression lines between passage and DNAm are in black. (b) Fold change between the
number of passage associated CpGs in regulatory genomic features and expected number
based on the EPIC array background. Standard error bars around the mean fold change are
for the error across 1,000 random samplings.(c) Fold change between the number of pas-
sage associated CpGs in cDMRs and expected number based on the EPIC array background.
Standard error bars around the mean fold change are for the error between 1,000 random
samplings.
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the validation cohort (FDR <0.05, |delta beta| > 0.15, Fig. 2.7C). The direction of e�ect of

passage on DNAm across all CpGs was highly consistent between Cohort 1 and the validation

cohort (r = 0.67; 2.7D).

2.3.4 Organoid DNAm Values Display a Trimodal Distribution at High Pas-

sages

In Cohort 1 the e�ect of passage on global DNAm can also be seen in the distribution of

DNAm values across the genome. Typically when looking at DNAm measured at CpGs

across the genome, a bimodal distribution is seen (Fig. A.1). In Cohort 1, when looking

at the 71,384 CpGs with the most variable DNAm values, high passage organoids have a

trimodal, rather than bimodal, DNAm value distribution (Fig. 2.8A). This pattern is muted,

but present, when looking at all CpGs measured not just the most variable (Fig. A.1). The

e�ect of culture duration on DNAm can be separated from patient-speci�c confounders

because for 12 patients, organoids were grown to di�erent passage numbers. Indeed, the

e�ect of high passage on organoid DNAm is present when comparing high and low passage

organoids from the same individual (Fig. 2.8C). I quanti�ed the appearance of the trimodal

distribution in high passage samples. When the intermediate peak (centered at 0.5) exceeded

the background DNAm distribution (Fig. 2.9), I considered a sample trimodal. Using this

classi�cation of trimodal, 53 samples (86%) at four passages or fewer were bimodal, whereas

of samples at passages greater than six, 7 samples (70%) were trimodal (Fig. 2.8B).

This trimodality in high passage samples was also in the other cohorts but was not as

striking. In the 30 unique Cohort 2 pediatric organoids, when looking at the top 47,924 most

variable CpGs the same trimodal distribution was observed at high passage (Fig. 2.10A).

Using the trimodal thresholding, higher passage organoids are still more often trimodal,

although this is less clear than in Cohort 1. In Cohort 2, 6% of samples below 8 passages

and 36% above 8 passages were trimodal (Fig. 2.10B). In addition to the pediatric organoids

available in Cohort 2, there were also 26 organoids from fetal samples. When looking at the

28,418 variable CpGs in fetal organoids the DNAm distribution shifted to hypomethylated

but there was no increase in hypermethylation, or trimodal distributions in high passage

fetal organoids (Fig. 2.10CD).

In Cohort 3 similar to Cohort 1 and 2, in higher passage organoids there is a shift to

hypomethylation, and a trimodal DNAm distribution becomes apparent in some samples

(Fig. 2.10EF).

Looking at the most variable CpGs in Cohort 4, a trimodal distribution was observed

more often in high passage samples. Of the low passage organoids, 14% were trimodial
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Fig. 2.6 DNAm changes with culture duration are the same direction in all cohorts.Panels
on the left show representative CpGs where DNAm was signi�cantly associated with passage
in Cohort 1 and associated in each validation cohort. Samples are coloured by passage
number and grey lines connect samples derived from the same individual. Regression lines
between passage and DNAm are in black. Panels on the right show the direction of the
e�ect of culture duration is consistent between cohorts at all CpGs. The delta betas from
Cohort 1 and the other cohort are shown as points with CpGs signi�cantly associated with
culture duration in both cohorts in blue. (a,b) Cohort 2 pediatric organoids (c,d) Cohort 2
fetal organoids.
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