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Abstract

Juvenile idiopathic arthritis (JIA) is a complex autoimmune disease affecting children aged
between 6 months and 16 years. JIA represents a group of 7 subtypes of disease, with the
most common being oligoarticular JIA (oJIA). Despite a prevalence of up to 1 in 400, rates
similar to those in T1D, JIA research is relatively sparse. Research into disease pathogenesis
has largely focussed on genetic risk factors, and has also identified CD4+ T-cells as likely to
mediate the autoimmune process. However, research is particularly needed regarding
diagnosis and prognosis of disease and its outcomes. Currently, diagnosis is almost entirely
dependent on clinical observation and history, with little in the way of biomarkers to classify

patients or to guide clinical management.

Epigenetics represent biological modifications to DNA and chromatin that control gene
expression and chromatin structure. DNA methylation is perhaps the most accessible
modification available for study, and is known to modulate immune cell function particularly
amongst CD4+ T-cell subsets. A number of autoimmune diseases have reported significant
DNAm associations, and have also provided intriguing data on the potential of DNAm to
predict clinical outcomes. This study hypothesised that DNAm is important in oJIA
pathogenesis, and potentially provides a biological basis for the diagnosis and prognosis of
disease. This study utilised CD4+ T-cells and a case-control study design to analyse the
associations between DNAm and olJIA, with data generated from the Illlumina Infinium
HumanMethylation450 BeadChip array. Cases were matched with controls according to age
and sex. Further, cases were subtyped according to current diagnostic criteria and had active

disease, both of which attempted to ensure all cases were clinically homogeneous.

The first aim was to profile DNAm in oJIA cases compared to controls. Processing of data
through analysis pipelines resulted in high quality data. Differential methylation analysis
suggested that oJIA cases and controls could be segregated in cluster analysis using DNAm
data, despite no genome wide significant hits being produced. Immune system pathways
analysis suggested the top hits were relevant to disease, being enriched for receptor binding
of cytokines such as IL6, IL17 as well as MHC class Il. In addition, a number of top ranking
probes were enriched within cell death and survival functions. Indeed, gene expression data
suggested genes within those pathways were also correlated with DNAm. Technical
validation of a selection of probes was highly successful, with all probes validating. A small

replication study, however, was not able to reproduce these findings. Of particular note, a



wide distribution of DNAm values was observed for many of the validated probes. Since
technical validation was so successful, this DNAm heterogeneity potentially derived from
sample group heterogeneity, which may well have played a part in difficulties replicating

data.

Therefore, biological sources of heterogeneity were explored in chapter 5, focussing
primarily on the genetic associations with DNAm. Probes utilised for technical validation
were analysed for genetic associations associating with either mean or variable DNAm. Both
analyses suggested that the most robust associations were for known mQTLs and enhancer
SNPs. Indeed, DNAm differences according to genotype were up to 13% and 27% for 2
probes analysed, representing a many-fold difference over case-control differences (typically
~5%). Combined with an intermediate level of minor allele frequency for many of these
robustly associated SNPs, these mQTLs represent a likely source of biological variation
contributing to oJIA DNAm variation. These minor allele frequencies increase the likelihood
of inadvertent sampling bias, potentially resulting in difficulties in replicating DNAm data.
Deeper analysis provided some initial indication that these mQTLs may also be potential oJIA
risk loci, with the most significant associations again coming from known mQTL or enhancer
SNPs. This also suggested DNAm data may well identify regions of interest for genetic risk

loci discovery.

The final chapter hypothesised that sources of potential clinical heterogeneity not captured
within current classification criteria may well lead to DNAm heterogeneity, as could
recognised subgroups within oJIA. Of primary focus, age of disease diagnosis was assessed
for associations with DNAm. This study found that case-control analyses of older diagnosed
samples (26 years) resulted in case-control clustering using far fewer probes. Indeed, the
reduction of probes required for clustering was more pronounced in the analysis of younger
diagnosed samples (<6 years of age), and also resulted in a genome wide significant hit.
These subgroups represented 2 highly divergent populations, since top ranking probes from
each subgroup had virtually no overlapping probes. This data suggested that age subgroups
in oJIA represent sources of sample heterogeneity, leading to DNAm heterogeneity.
Technical validation for a large majority of the select probes from the younger-diagnosed
analysis was also successful. However, a small replication study could not reproduce these
initial findings. In light of the potential for mQTLs to have pronounced effects on DNAm, as
explored in chapter 5, larger replication groups (or, indeed, discovery groups) will likely be

needed to mitigate the risk of sampling error to enable reproduction of findings.



OJIA heterogeneity was also explored by looking at known subgroups, Persistent vs
Extended disease. A number of oJIA cases would go on to develop extended disease, and the
possibility existed for DNAm signatures to identify these cases prior to disease extension.
This was indeed the case, with an exploratory analysis suggesting a number of probes can
cluster persistent cases from extended-to-be cases. Further, these probes were able to
produce a highly sensitive and specific test to predict disease extension, thereby providing a

proof of principle for a prediction test using DNAm data.

This study is the largest case-control analysis of JIA DNAm to date, and provided insights into
the potential for DNAm to identify pathogenic pathways, identify sources of oJIA
heterogeneity, and opened the possibility for biological markers of disease to be used in
clinical management. The findings regarding the pronounced effect of mQTLs on DNAm also
suggest that genetics is a large source of DNAm variability, far larger than group differences
typically found in a complex diseases (such as oJIA). The identification of subgroup specific
differences, even with a clinically homogeneous subtype, warrants further investigation to
explore potential differences in pathogenesis between age groups and the use of DNAm as

biomarkers for classification or disease management.
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1.1 What is JIA? Life begets Art begets life

Juvenile arthritis (JIA) is the most common form of childhood rheumatic disease. It is an
autoimmune disease largely affecting the joints where there is an abnormal immune
response to self. Currently, JIA diagnosis is based on the exclusion of known causes of
childhood arthritis [1]. Therefore it includes all forms of childhood arthritis having an
unknown cause, beginning before age 16 and persisting for more than 6 weeks [1, 2]. JIA can
cause serious short term and long term disability in the developing body [1]. Whilst
treatments have vastly improved over the last 10 years with the introduction of antibody
based drugs targeting cytokines and their receptors, these are focussed on symptom relief

and are not curative [1].

Historically, JIA was defined first by either Cornil in 1864, Charcot in 1853 or possibly
Herbeden in 1803 [3]. However, JIA’s existence in the population potentially spans over 500
years. Life with JIA is thought to be depicted through Carravaggio’s “Il Amore Dormient”
(Sleeping Cupid) in 1608 and in Botticelli’s “Portrait of a Youth” in 1483 [3-6]. More recently
in 1997, JIA was defined as a group of diseases subtyped into 7 categories, with further

refinement into fewer subtypes likely in the near future [7] [2].

Figure 1-1 Potential early depiction of juvenile arthritis in Caravaggio’s ‘Sleeping Cupid’.

JIA can potentially be observed through swollen fingers, a lump on the wrist akin to a
synovial cyst, distension of the abdomen and potentially shortened thigh amongst other
consequences of long term disease [4].
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Estimates of JIA prevalence vary between 0.1 in 1000 to 4 in 1000, depending on ethnicity
and study design [2]. Despite a similar prevalence to Type 1 diabetes, another childhood
autoimmune disease, comparing PubMed search results suggests JIA publications lag behind
T1D publications ~7:1, and even more so compared to rheumatoid arthritis (10:1). This

relative lack of JIA research exists despite a long history of JIA in art and clinical history.

Currently, one of the central challenges in JIA is the distinct inability to diagnose and classify
the disease quickly and accurately. Indeed, this challenge extended into debate on the
correct diagnosis of the child in ‘Sleeping Cupid’ i.e. juvenile arthritis versus severe rickets [4,
5]. The difficulty in diagnosis and the lack of biomarkers means a diagnosis is not definitive at
initial presentation, and is only made after 6 months of clinical observation post
presentation [8]. This six month mark is particularly crucial for the subtypes of the two most
common subtypes, oligoarticular JIA and polyarticular JIA (described below) [8]. Once a JIA
diagnosis is made, classification of a patient into a subtype is also completed. Yet, subtyping
of patients remains a controversial topic due to the known heterogeneity of patients within
many of the subtypes [2]. This, again, is likely due to a lack biomarkers and clinical nature of
the classification criteria [8]. Clinically based criteria is insufficient for classification purposes,
since superficial clinical manifestations may be the result of a number of different underlying
biological processes. This underlying biology is critical since it may define response to
treatment [9]. Therefore, a better classification criteria is needed, ideally with biomarkers

which subtype patients based on similar underlying biology.

In this chapter the current classification of JIA, heterogeneity inherent to these subtypes and
immunopathology of JIA is discussed to identify potential biological markers that may

address clear problems faced in the classification criteria.

1.2 Classification of JIA: Subtypes

Art mirrors life in the JIA field. Whether considering juvenile arthritis in images such as
Caravaggio’s “ll dormiente amore”, or JIA classification systems in the research arena, both
seem to be centred on the theme of debated diagnoses. Criteria for the classification of JIA
into subtypes have been internationally agreed upon, where 7 subtypes of JIA are defined
according to expert clinical consensus and in fact were designed to facilitate research [8, 10,
11]. However, this subtyping is controversial due to heterogeneity within subtypes [9, 11].

Whilst some subtypes do appear to be more homogenous than others, other subtypes likely
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represent a heterogeneous group of diseases, potentially based on prognosis, age, response

to treatment or severity of disease [9, 12-18].

Treatments are currently targeted towards these subtypes, despite the existence of non-
responding subgroups due to patient heterogeneity [2, 9, 19, 20]. However, biomarkers for
treatment response are not yet clinically available [9]. Obtaining homogenous subtypes
based on biomarkers of underlying biology and/or response to treatment will have definitive
positive benefits for patients. This includes better clinical trial design, improved trial
outcomes due to more homogenous treatment groups and subsequent reduction of futile
and burdensome treatment in non-responders [9]. Predictive biological markers may also
allow earlier treatment and better protection of joint function [9]. The subtypes are outlined
below, highlighting the inherent clinical variation and need to modify the existing
classification criteria. These demonstrate that even within clinically homogenous subtypes,
clinically relevant heterogeneity exists that may be elucidated through biological markers.
Further, a number of studies have begun to identify potential biomarkers associated with
clinical outcomes or response to treatment, highly relevant to the clinical management and

welfare of JIA patients.

1.2.1 Subtypes with a clinical basis for classification

1.2.1.1  Systemic Arthritis

The subtype of systemic arthritis (sJIA) originally bore the name Still’s Disease, after George
Frederic Still who is credited with its early description [21]. It occurs in about 5-15% of North
American and European JIA patients and affects males and females equally [21] [1]. It is
perhaps the most severe of all the subtypes, with 10-20% of patients suffering from
macrophage activation syndrome in which patients present with high, non-remitting fever,
central nervous system dysfunction and can result in life threatening multi-organ failure [1,
22]. This disease has clinical hallmarks of autoinflammatory syndromes, as well as strong
HLA class Il associations consistent with an autoimmune disease [23] [24] [21].
Heterogeneity in response to treatment in clear in this subtype, with a subset of sJIA
patients being non-responsive to antibody treatment to cytokines such as IL-1, IL-6 or their
receptors [19, 25, 26]. The clinical or biological characteristics of non-responders are not yet
clear [2, 19]. However, promising early research suggests a biomarker may identify
responsive subgroups using MRP8/14 levels in serum [9, 27, 28]. In addition, this may also

predict relapse after treatment [28].
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1.2.1.2  Psoriatic Arthritis

Psoriatic arthritis (PsA) occurs in females more often than males, and can be a difficult
subtype to diagnose [1, 29]. Diagnostic criteria tends to overlap with other subtypes but over
time the exclusion criteria, as well as revisions to the inclusion criteria, have facilitated
diagnosis [1, 29]. This criteria includes: presence of dactylitis or nail pitting or psoriasis or
family history in a first degree relative of any of these, [2, 29]. Age of onset appears to mirror
other subtypes such as oligoarticular JIA and polyarticular JIA, showing a bimodal
distribution with peaks at 2-4years and 9-11 years of age [1]. Heterogeneity in this subtype
can potentially result in subgrouping patients according to anti-nuclear antibody (ANA)
positivity or age at onset, similar to reports in other JIA subtypes [1, 30-32]. It has been
proposed that ANA positivity may help define a subgroup of PsA patients together with
another JIA subtype, oligoarticular JIA, since the clinical features tend to overlap [2, 30].
Another potential classifier, age at onset, grouped patients with polyarticular JIA as well,
particularly when considering 1gG glycosylation levels [30]. Whilst ANA status was not useful
when interpreting 1gG glycosylation levels, using age at onset alone did appear to show JIA
patients with far more variability in glycosylation than age matched controls [30]. In another
study, chart review of PsA and oligoarticular JIA patients concluded that in addition to
similarities in age at onset, sex ratio and ANA status, younger PsA patients more typically
displayed hand and wrist joint involvement, mirroring oligoarticular JIA patients with a
younger age of onset [31, 32]. Further, these younger PsA patients needed almost twice the
length of time for treatment to achieve clinical remission [31]. Thus, heterogeneity based on
age of onset in PsA mirrors that seen in other JIA subtypes and may be a variable important

for better classification systems.

1.2.1.3 Undifferentiated Arthritis

This is a subtype that includes all diagnoses that do not fit any other subtype criteria.
Naturally, this subtype will be heterogeneous in the sense that it can incorporate patients
that incompletely fit multiple subtypes [1]. Before the ILAR criteria were revised for JIA in
2004, studies suggested many patients classified into a single subtype could also fit into the
undifferentiated subtype [1, 8]. This was amended in subsequent revisions [1]. However,
clinical experience is that many patients sit in this subtype category until revision of
diagnoses after 6 months or later, whereupon a definite singular classification is made

(personal communication, Dr Roger Allen, Royal Children’s Hospital, Melbourne).
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1.2.2 Subtypes with established biological bases for classification

1.2.2.1 Polyarticular JIA

Polyarticular arthritis (polyJIA), is a subtype of JIA affecting 5 or more joints in the first 6
months of disease [8]. This subtype makes up approximately 15-25% of all JIA diagnoses in
North American and European studies [33]. Reports exist of 50% prevalence of polyJIA
diagnosis in countries such as Kuwait, India and the African continent, however this is

potentially biased by late presentation of patients years after disease onset [34, 35].

This subtype has established biomarkers which enable patients to be diagnostically split by
IgM antibody reactivity to rheumatoid factor, either positive (RF+) or negative (RF-) [8].
PolyJIA patients who are RF+ appear to be more homogenous than those who are RF- and
may be a subtype of its own, regardless of joint count [2, 36]. Prognosis of polylIA patients
may be poor, particularly if there is RF positivity, hip, cervical spine or early hand
involvement amongst other factors [2, 36]. The short and long term effects of treatment in
polylIA are varied. Whilst poly-JIA patients on bDMARDs (biological disease modifying anti-
rheumatic drugs) are free of disease flares during clinical trials, serious adverse reactions are
significantly increased compared to those treated with first line treatments (methotrexate)
[37-39]. Prognosis for polylIA patients is relatively poor, with only 34% reporting no active
joints during the last year of Vidqvist et al’s. study, despite nearly 50% of polyJIA patients

receiving bDMARD treatment at some stage [39].

1.2.2.2  Poly-articular Arthritis: Rheumatoid Factor positive

This subgroup of polylIA is mainly seen in adolescent females and is thought to be very
similar to adult RF-positive rheumatoid arthritis [2, 33]. RF positivity in this polyJIA subgroup
is likely to define a more homogenous disease [2, 33]. These patients are observed to be
have reduced rates of remission, higher proportions on steroids and bDMARDs and are more
likely to have poorer outcomes [40]. These patients typically have symmetrical involvement
of the small joints in the hand and feet [1]. Of particular note, this subgroup can present
with rheumatoid nodules (small lumps of fibrous tissue) in as many as 1/3 of patients [1].
The rarity of these nodules in other subtypes, and the poor clinical outcomes also point to

rheumatoid factor positivity as a distinct subtype of JIA.

1.2.2.3  Enthesitis related arthritis
Similar to sJIA, this subtype appears to be a different disease compared to other JIA

subtypes. It is also a disease primarily affecting the lower joints, and is the only subtype
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where males present more commonly that females [1, 41]. Enthesitis related arthritis (ERA)
is thought to be a form of spondyloarthropathy with sacro-iliac joint progression occurring in
a large proportion of cases, unlike other types of JIA [2, 41]. As is common in
spondyloarthropathies, antibody reactivity to an antigen presenting molecule, HLA-B27, is
found in most patients and constitutes part of the diagnostic criteria [1]. This subtype
represents an example of the benefits of a biological marker for classification purposes,
which correlate with clinical progression towards specific joint involvement. Classification
criteria is based on identifying at least 2 of a number of different clinically apparent
manifestations, including enthesitis, dactylitis, HLA-B27 positivity, being male >6years of age,
nail pitting and a number of others, suggesting that this subgroup may contain patients with
diverse underlying biological processes [8]. Whether these clinical differences reflect

differences in biological processes is unknown.

1.2.3 Subtypes with potential for biologically based subgroups

These subtypes, as with others, are classified according to clinically apparent similarities
upon initial presentation [2, 42, 43]. However, literature suggests that heterogeneity in
clinical outcomes and response to disease may be reflected or even pre-empted within
biological measures [2, 13, 15-17, 32, 42-51]. These could be combined with clinical
presentation to enable better clinical management of patients [2, 13, 15-17, 32, 42-51]. The
subtypes with known patient heterogeneity, together with mounting data regarding

associated or predictive biological markers, are presented below.

1.2.3.1  Poly-articular arthritis: Rheumatoid factor negative

Patients negative for rheumatoid factor (RF-) occur in approximately 85% of all polyJIA cases,
but this is known to vary according to ethnicity [33]. Patients with RF- polyJIA are distributed
bimodally according to age, peaking at 1-3yrs and again in late childhood [33]. In contrast to
RF+ polylIA patients, subgroups within RF- polylJIA patients have been identified based on
age at disease onset. In one example, gene expression data suggests biological processes
related to B cells cluster RF-polyJIA with similar age at onset [12]. This grouping, based on
age at disease onset, also clustered patients from another subtype of JIA, suggesting
biological similarities across subtypes [12]. Biological similarities amongst RF- polylJIA
females with older age at onset is also suggested, with an even stronger female
preponderance compared to patients with young age at onset (10:1 vs 4:1 respectively,
female to male ratio) [33]. Age at onset is again highlighted in Ravelli et al. 2011, where

identification of antibody reactivity to nuclear proteins (ANA+) appears to cluster patients
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with common clinical and disease progression characteristics such as age at onset, fewer
overall joints affected and higher risk for eye disease [17]. These differences are seen by
some as being able to group RF-polyJIA patients into at least 2 subgroups based on age of
onset or RF positivity [2, 16] . These observations emphasise the heterogeneity inherent to
the current classification criteria, particularly in the RF- polyJIA subgroup, and the need for

biological determinants of diagnosis in addition to clinical markers [2].

1.2.3.2 Oligo-articular arthritis

Oligoarticular JIA (0JIA) is the most common presentation amongst all the JIA subtypes,
making up ~27-56% of all JIA diagnoses [1]. This proportion does vary according to
geographical region where the polylJIA subtype can sometimes make up the larger
proportion of diagnoses (perhaps confounded by delay in diagnosis) e.g. in African or Sub-
continental Asian regions [34, 35] [52, 53]. It typically has an early age of onset, with a peak
age of onset of 2-4 years, with females affected in larger proportions than males [1]. Patients
often have asymmetrical joints affected, with large joint involvement e.g. knees. Early
studies suggested that different HLA alleles associated with different JIA subtypes, yet more
powered studies suggested that HLA-DRB1 position 13 was the key HLA allele in JIA [54] [14].

1.2.3.3 Anti-nuclear antibodies potentially define oJIA subgroups

OJIA appears have further patient heterogeneity. Prakken and colleagues have argued that
biological markers such as ANA positivity (along with age at onset) may better describe a
group of patients, from both oJIA and polylJIA subtypes, with a similar disease course [15, 17]
[47, 49]. Using this, some patients once separated into oJIA or polyJIA subtypes would be re-
classified together into a new subtype e.g. <6 years age & ANA+ [50]. Later studies from
Ravelli et al. extended the application of this new group to patients from further subtypes,
including patients from psoriatic disease and the undifferentiated subtype [17]. Whilst
numbers were smaller in these other subtypes, trends suggested that ANA status is a
potential source of heterogeneity [17]. In support of Ravelli 2011, a paper from Stoll et al.
mirrors the Psoriatic subtype finding [32]. Using this new classification, patients were much
more likely to develop eye disease (iridocyclitis) [17, 50]. Therefore, these patients are now
directed to regular ophthalmologist assessment to detect and treat eye disease early, thus

demonstrating the potential benefits of identifying patient subgroups.

However, debate over the adoption of a new subtype based on age and ANA status

continues. Further, the test for ANA is not without significant shortcomings due to lack of
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specificity in JIA [55, 56]. Regarding the current gold standard ANA test, using indirect
immunofluorescence (IIF), not one but a large spectrum of different antigens are captured in
this test [57]. This is relevant when considering data showing that ~75-80% of oJIA patients
with +ve ANA status do not go onto develop uveitis [17, 49]. This suggests a subgroup of
ANA+ oJIA patients exists that will develop uveitis, perhaps grouping by specific antigens.
This lack of specificity is currently leading to large numbers of needless ophthalmological

follow ups, for which only ~20-25% will gain benefits.

The potential for uveitis specific ANA antigens is supported by data from ELISA based ANA
testing. Currently, ELISA can only test against a subset of ANA antigens compared to IIF [58]
[59]. This potentially excludes uveitis specific antigens. This appears to be supported in
Nordal et al.’s data (based on ELISA methods) which found no relationship between uveitis
and ANA status, suggesting the antigen subsets associated with uveitis were not present on

the ELISA test [60].

The potential of ANA antigen subsets in JIA and uveitis is further supported when looking at
concordance data between IIF and ELISA. Studies in JIA demonstrate only 21% & 36%
concordance between IIF and ELISA, suggesting that antigen subsets resulting in ANA
positivity in IIF were not completely present in ELISA tests [55, 56]. This inability for ELISA to
detect sera with specific ANA’s has been reported [61]. Indeed, this may be an issue specific
to JIA, since many previous studies largely show concordance in IIF and ELISA results from

patients with SLE and other systemic rheumatologic diseases [62-65].

Taken together, this data suggests using ANA as biomarker currently sends a large
proportion of patients towards needless ophthalmological follow up. This is likely due to the
unspecific nature of IIF tests for ANA. Unfortunately, ELISA based tests potentially fail to test
for specific ANA antigens relevant to JIA or uveitis [55, 56]. Since no better tests exists for
predicting uveitis onset, IIF based ANA testing for identification of JIA patients at risk of
uveitis remains necessary. However, to prevent health system wastage and burden on
families through years of futile ophthalmological testing, a serious need exists in defining a
better biomarker. That is, a test which detects the specific ANA antigens or that uses other

clinical or biological markers relevant to JIA associated uveitis.
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1.2.3.4  Persistent vs Extended disease subgroups

OJIA is categorised according to 2 subgroups, persistent and extended disease (oJIA-pers and
oJIA-ext respectively). OJIA-pers is defined as patients having <5 joints affected in the first 6
months [8], whilst oJIA extended disease (oJIA-ext) is based on observation of the disease

after the first six months, and is characterised by 5 or more joints affected in total [53].

oJIA-ext can occur in up to half of those diagnosed with oJIA [66-68]. With a more
polyarticular disease course, outcomes tend to be worse for patients with oJIA-ext. These
patients are less likely to achieve clinical remission off medication, more likely to flare once
in remission, have more time in active disease state, have lower functionality scores and

higher chance of disability [67, 69, 70].

The heterogeneity in clinical outcomes between persistent and extended disease may be
mirrored across a number of biological measures. Immunologically, oJIA-ext is characterised
by altered CD4:CD8 ratios, higher levels of Th17 cells in the joint and reduced numbers of
Tregs cells in the periphery and within the joint [44, 45, 48]. In addition, gene expression
data was able to separate persistent and extended-to-be cases using just 8 vs 13 samples in
synovial fluid mononuclear cells [45]. Initial models to predict disease extension (worsening
of disease) at 1 year produced promising proof of principle data suggesting biological data
may be able to identify patients at risk of poorer outcomes at 1 year [45]. These
observations may be specific to synovial fluid or cells highly enriched in inflamed cells, since
results were not mirrored in peripheral blood cells [45, 46]. This lack of correlation may be
explained by the vast variation in cell types and numbers found in peripheral blood. Relapse
after treatment withdrawal may have biological markers of value to the clinician. Using DNA
methylation data, proof of concept data is oJIA-ext and polyJIA suggested increased disease
activity (flare or failure to maintain inactive disease) can be identified up to 8 months prior

[51].

Eng et al. presented data utilising machine learning to combine 14 indicators and produce 5
all new categories, based on initial presentation [13]. This promising work utilises biological
and clinical data to identify more homogeneous patient groups at presentation. These
groupings also describe highly homogeneous disease trajectories according to disease
activity at 6 months [13]. However this time span is still relatively short, and a fuller picture
of clinically relevant disease activity was not articulated, with disease activity only identified

by haemoglobin and platelet count and included sex and ANA status. Once clinically
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actionable disease activity measures at 6 or 12 months (and beyond) are used, this would be

a powerful tool to continue developing for clinical management.

Whilst a number of these studies potentially suffer from small sample sizes, mounting data
suggests disease heterogeneity can be reduced by identifying subgroups in biologically based
experimental data as opposed to clinical data. Importantly, data from many of these studies
originated from immune cells present in the joint or in blood, cells which are readily

accessible and facilitate further development of biomarkers.

Whilst the ILAR definitions define clinically homogenous groups based on an early clinical
presentation, it is clear that ILAR criteria remain controversial due to the inability to
correlate subtypes with clinical outcomes and not merely initial clinical presentation [2, 11,
42, 43]. The need for biological markers in disease classification is apparent in the number of
JIA subtypes showing apparent heterogeneity within groups, as outlined above. For patients,
this means that disease course, response to treatment and prognosis are difficult to predict
[43]. Of note, the most interesting examples of subtype heterogeneity are those to do with
polyJIA and olJIA, with data from immune cells suggesting molecular markers may reside
within these cell types. Therefore, an understanding of the immunopathology is necessary to

identify sources of potential biomarkers for further study.

1.3 Pathogenesis of Juvenile Idiopathic Arthritis

1.3.1 Adaptive immune system

Autoimmune disease is marked by antigen specific response to self-antigens [71]. The
adaptive immune system is critical to the specificity of this response. Therefore it is
important to understand immunological cells involved in this response to better identify the

immune basis of autoimmune disease.

The adaptive immune response is a highly specific response to almost any potential
pathogen, with the aim of destroying the invader [72]. These responses can be so specific,
even optical isomers and differences of a single amino acid can be distinguished by the
immune system [72]. The cells involved in this type of response are lymphocytes, namely B
and T-cells. Whilst both interact during an immune response, differing mechanisms of

pathogen destruction are employed.
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Two classes of adaptive immune mechanisms are present 1) the humoral response which
includes antibodies, cytokines and chemokines and 2) a cell mediated response [73]. Highly
specific antibody responses are typical of the B cell compartment, whereas T-cells mediate
the antigen specific cell response. Specificity in B and T cell responses is obtained through
antigen recognition receptors, which can be modified by genetic recombination of gene
segments named variable (V), diversity (D) and joining (J). Further, point mutations in the
variable regions as well as nucleotide insertion and deletion mechanisms at segment
junctions can modulate specificity, providing specificity for 5 x 103 different antigens [73-
75]. In addition to destroying the pathogen via highly specific responses, the adaptive
immune system also generates an immunological memory of past responses, allowing rapid

response to reinfection with a known pathogen [73].

The antibody response to particular antigens is carried out by a number of B cells subsets,
which enable a specific response to particular antigen types. These subsets can produce long

or short lasting antibodies, with high, low or a poly-affinity for antigens [76].

Cell mediated immune responses are directed by CD4+ and CD8+ T-cells, the helper T-cells
(Th) in the CD4+ T cell compartment. These are very important to adaptive immunity and are
particularly relevant to autoimmunity [72]). As well as activating BCR stimulated B cells,
CD4+ T-cells respond to intra and extracellular bacterial pathogens, viruses, parasites and
provide mucosal immune protection [77-82]. Further, these stimulate cytotoxic T-cells to
destroy cells infected by a pathogen [83]. Suppression of immune responses and
maintenance of tolerance to self-antigens occurs via CD4 T-cells also, a process which is

likely perturbed in autoimmune disease [84].

A number of subset of T-helper cells exist, centred on the classical Type 1 and Type 2 T-
helper cell (Th1/Th2) paradigm [85]. In addition, Th17, Tth, Th22, Th9 and regulatory T (Treg)
cells are known to exist, all of which can be differentiated and identified by specific cytokine
profiles [85, 86]. Imbalance in the Th1/Th2 axis, as well as between Th17 and Tregs, are

thought to play important roles in autoimmunity [86, 87].

Th2 cells are important for immunity against multicellular parasites, and are present mainly
in the gastrointestinal tract as well as the lung epithelium [88]. Th1 cells are involved in

defense against intracellular infections and cell mediated immunity [89]. Cytokines produced
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by this cell type have been associated with autoimmune diseases for some time, particularly

through the potentially pro-inflammatory effects of IFN-y secretion [86, 90].

Th17 cells are present at mucosal surfaces and provide immunity to microbes overlapping
with Th1 and Th2 responses [82]. Cytokines from Th17 cells inhibit regulatory T cell
development, and vice versa [84, 91]. Therefore these two cell types work in balance to
check immune responses during infection in order to avoid tissue damage [92]. Th17 cells
are now seen as particularly important in autoimmunity, with data from animal models
suggesting the combination of Th17 upregulation and Treg downregulation (by the same

cytokine signals) can trigger autoimmunity (reviewed in [87]).

Treg cells are involved in suppression of the immune system, particularly self-reactive T-cells,
and are a well-recognised subset largely identified by FOXP3 expression [93, 94]. To carry
out this suppressive function, Tregs target T-helper cells. Mechanisms include cell-cell
contact that may initiate killing of self-reactive cells via induced apoptosis, cytokine release
to cause inhibition, induction of cytolysis, or dendritic cells can be modulated to inhibit T-
cells [95]. Tregs have likely roles in autoimmune diseases derived from their important

functions in maintenance of self tolerance and controlling the immune response [96].

1.3.2 Immunopathology

The immunopathology of JIA is known to involve the adaptive immune system. Much like
rheumatoid arthritis, there is mass infiltration of immune cells into the sub lining layer of the
synovium within the joint, including monocytes, B cells as well as T-cells [97-99].
Immunohistochemical characterisation of immune cells in the synovium identified CD4+ and
CD8+ T-cells, which were more activated in certain subtypes [100]. In addition, there is a
higher ratio of CD4+:CD8+ T-cells in the synovial fluid [2]. The accumulation of CD4+ memory
T-cells in the inflamed joint is also symptomatic of JIA [101]. Effector CD4+ T-cells in the joint
appear to be Thl skewed, expressing high concentrations of CCR5 [101, 102]. Of note, some
subpopulations of T-cells may be specific for certain subtypes [103]. What is not clear is
whether these subtype differences or Thl skew is a result of long term disease processes in
the joint, since participants in these studies were sampled a number of years post diagnosis.

Nonetheless, CD4+ T-cells appear strongly correlated to JIA pathogenesis.

Of note, the Treg subset of CD4+ T-cells are known to be associated with autoimmune

diseases, characterised by higher Treg numbers [104]. However, data in JIA is conflicting,
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with reports of higher numbers of Tregs in opposing disease states i.e. remitting and active
disease [44, 48, 105]. This apparent contradiction may be explained by Treg cell subsets.
Bending et al. showed that remitting disease was associated with lower proportions of a
Treg subset with strong FOXP3 expression [106]. Conversely, the subset of low FOXP3
expressing Tregs associate with a worse disease course, and may explain Wu et al.’s findings
i.e. Wu et al.’s findings may reflect a higher proportion of low FOXP3 expressing Tregs [105,
106].

Immunopathology involving Tregs in JIA may be driven by genetic variants. Tregs found in
joints from JIA patients contain T cell receptors encoded by autoimmunity associated
variants [106]. Thus immunological evidence pointing to the importance of CD4+ T-cells in

JIA may have genetic variants driving this association.

Another CD4+ T cell subset of relevance to JIA is Th17 cells. Th17 cells in JIA are found to be
enriched in the synovial fluid of JIA patients compared to peripheral blood across a number
of different studies [48, 107, 108]. Th17 cells are observed to exist in a reciprocal
relationship with Tregs in JIA [109] [48, 105, 108]. Further, Th17 cells appear increased in the
subgroup with worse disease i.e. oJIA extended [48]. One study found a contrasting
relationship compared to the above results [110], which suggested Th17 cells are not
elevated in synovial compared to peripheral blood. Whilst that study interrogated higher
numbers of patients and avoided confounding due to medication exposure, the study’s
robustness was diminished due to the use of a less specific measure of Th17 cells (%Th17 of
total mononuclear cells). This likely reduced the sensitivity to observing changes in subsets
of cells, since it was against a background/denominator of very large cell numbers (total
mononuclear cells). Using the more specific % CD4 T-cells or % T-cells (as the other studies
did) would have mitigated this diminished sensitivity, and better reflects the balance with

Tregs that Th17 cells cooperate in within the T cell compartment.

Interestingly, most studies suggest that there are no differences in peripheral Th17 cells of
JIA patients compared to controls [48, 105, 107]. However, when comparing between JIA
cases only, those who have longer remission days or active disease are more likely to have
increased Th17 cells [48, 105]. Therefore, Th17 cells appear to be important in the
pathogenic process of more profound disease as observed in both synovial fluid and

peripheral blood.
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Thus it is clear that dysregulation of CD4+ T-cells in number, subset expansion and function
are relevant to JIA pathology. The importance of CD4+ T-cells in JIA is further highlighted by

the early discovery of strong genetic associations, particularly that of the HLA region.

1.4 Genetic Risk factors in JIA

1.4.1 Introduction

JIA'is a complex disease, with both genetic and environmental factors contributing to disease
causation [2]. Three billion bases make up the genetic code, and variations to the sequence
can have functional or regulatory effects on the genome. Estimations of variation occurrence
have suggested as many as 1 in 1250 base pairs may differ between individuals, though this

can vary across certain genomic regions [111].

Genetics may contribute to disease through to variations in DNA sequence that may affect
protein coding, DNA structure, gene regulation and expression. Indeed, many disease
associated sequence variants are located in non-coding functional regions [112]. Whilst only
2.9% of the genome is protein coding, 80.4% of the genome is involved in a biochemical

events including protein coding and functional non-coding regions [112].

Variations in the sequence occur throughout the genome, spanning single or multiple bases,
can occur as translocations or repeats of small and large genome segments [113]. These
variants are largely responsible for the phenotypic differences seen between individuals, and
also contribute to an individual’s likelihood for developing complex diseases such as

autoimmune diseases [113].

Complex diseases are likely to fit into the model of ‘common disease, common variant’ (CD-
CV) [114]. This refers to a model where common variants (with a minor allele frequency
>0.05) provide only a modest propensity to disease, enabling transmission of these
pathogenic alleles to further generations. The accumulation of these variants with modest
effects is what likely leads to disease. As a complex disease, JIA is well suited to research
under the CD-CV model to understand the contribution of genetics to disease pathogenesis

and clinical characteristics [115].
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1.4.2 Genetic studies in JIA

Research into the biological determinants of JIA have largely focussed on genetic
predisposition. Early studies suggested a complex relationship with disease and one not
likely to follow typical Mendelian inheritance [116-120]. The importance of genetic factors
was suggested in early studies of families with JIA affected children. These suggested that
there was higher occurrence of autoimmunity in 1% and 2" degree family members [121,
122]. Furthermore, monozygotic (MZ) twin concordance rates of 25-40% are observed [116,
123, 124]. Disease concordant MZ twins have also been found to be concordant for age of
onset and disease course [125, 126]. In addition, concordant MZ twins developed JIA much
closer in time compared to concordant non-twin siblings (5.5 vs 37 months apart,
respectively) [126]. Together, these studies formed an early evidence base for a genetic

contribution to JIA.

Concurrent to early family studies, HLA associations were amongst the first genetic
associations to be reported in JIA. Indeed, HLA-B27, HLA-DR4 and DR1 associations were
based on family data, and began to lay an evidence base for the role of CD4+ T-cells in JIA
due to unique presence of HLA class Il molecules on these cells [127-129]. The HLA region
has also been identified as the strongest genetic risk factor for JIA [130, 131]. Early studies
helped to validate the HLA region’s genetic risk contribution to JIA, particularly the HLA-
DRB1*08 allele, and this finding was validated by meta-analyses [132, 133]. This region was

found to be particularly relevant in oJIA and polyJIA [132].

Fine mapping efforts of Hollenbach et al. suggested more precise haplotypes and alleles
responsible for JIA susceptibility, again focussing on common JIA subtypes oJIA and polyJIA
[14]. Higher precision HLA typing found specific HLA risk haplotypes which overlapped with
Thomson et al.’s findings, such as HLA DRB1-DQA1-DQB1 haplotype [133] [14]. This
haplotype association was again replicated in one of the largest genetics studies in JIA [130].
To further validate the importance of the HLA-DRB1 region in oJIA and RF- polyJIA
susceptibility, Hinks and Bowes et al. suggest approximately half of the known heritability
resulting from the entire HLA region (8-10%) is explained by the DRB1 alleles [130, 131].

These findings strengthen the evidence base for CD4+ T-cells in the pathogenesis of JIA.
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1.4.3 Heterogeneity in HLA associations according to JIA subtype and
subgroups
HLA associations according to subtype have so far provided conflicting results, either for or
against the notion of heterogeneity in JIA subtypes. Hinks & Bowes et al. finely mapped the
HLA region in a large JIA case-control study [54]. This study converted HLA genetic data to
HLA amino acid residues. They observed multiple independent effects in the HLA-DRB1
region, which ultimately originated from amino acid 13 and 67 positions [54]. The amino acid
13 position was the primary HLA signal associated with not only oJIA and polylIA, indeed
with 5 of the 7 JIA subtypes [54]. This suggests a potential genetic and biological

homogeneity in disease processes contributing to most JIA subtypes.

However, this homogeneity contrasts with debates and studies that have identified
subgroups within defined subtypes i.e. identifying a lack of homogeneity in clinical,
molecular, HLA genetic and immunological data [12-14, 17, 42, 50]. Regarding HLA
associations, Hollenbach et al. observed associations in age subgroups within JIA subtypes,
as well as subtype specific HLA risk alleles [14]. Their observed HLA-DRB1*08 association was
specific to poly-JIA cases aged older than 6 years at disease onset [14]. Further, a young age
of onset effect (<6 years age) in oJIA cases was also observed in HLA-DRB1*11:03/11:04 [14].
This finding highlighted the heterogeneity in JIA classification due to age and mirrored early
data showing HLA associations according to age of onset, and also mirrored previous JIA
classification criteria that incorporated age of onset [134] [135, 136]. Hollenbach et al. also
reported oJIA subgroup differences in persistent vs extended disease related to HLA class |
haplotypes. Specifically, HLA-A associations appear to protect from extended disease and
HLA-C predisposes to persistent disease [14]. Hints of uveitis and temporo-mandibular joint
arthritis associated HLA alleles also exist [137-139]. These studies suggest HLA risk alleles

may not be homogeneous across JIA subtypes or associated with clinical outcomes.

In addition to the mentioned contrasting studies, 1) disease specific HLA associations are
found across paediatric autoimmune diseases (potentially mirroring JIA subtypes
differences) and 2) the contrasting genetic studies (e.g. Hollenbach et al. and Hinks Bowes et
al.) suffered from small sample sizes in some subtypes [14, 54, 131]. Therefore the potential
for homogeneous HLA risk alleles suggested in Hinks et al. in JIA subtypes needs further

exploration [54].
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Alternatively, subtype or oJIA subgroup differences may potentially be due to genes outside
of the HLA region. Hinks & Bowes et al.’s data suggests most subtypes have ~50% of the
heritability originating from outside the HLA region [54]. Further studies on biological
differences between JIA patients may help determine a biological basis for a new JIA
classification system that could include genetic, immunological or other molecular markers.
In addition, more recent and larger HLA genetic studies have unfortunately not reported age
of onset data. Mining those datasets would also be important to determining the genetic

basis of subtype heterogeneity.

1.4.4 Non-HLA genetic associations in JIA

Whilst a number of robust HLA associations have been identified in JIA, this is likely due to
the strong effect size of these alleles (with odds ratios of approximately 6) [54, 130]. Yet few
non-HLA genetic associations have been robustly reported, likely owing to the complex
nature of JIA including the likely interplay of environment in aetiology, the large number of
subtypes, the likely subgroups existing within subtypes, and the low prevalence of this

disease [122].

However, prior to 2015, only 6 non-HLA associated sites have met curation criteria for
NHGRI/EBI GWAS catalogue from 5 GWAS' reported in JIA [131, 140] [141-144]. These
studies typically suffered from small samples sizes, reduced genome coverage and even the
largest study suffered issues with population stratification in the lead association [140].
Since 2016, larger GWAS’ and meta-analyses have begun adding more robust associations to
the body of knowledge (Table 1-1). Li et al.’s large paediatric autoimmune disease meta-
analysis produced 46 loci passing NHGRI/EBI curation criteria Table 1-1 [131]. However, of
those only 7 loci were driven by JIA [131]. Among these 7 loci, 3 were novel and 4 replicated
associations from the literature including IL2ZRA and PTPN22 [131]. McIntosh et al. reported
45 novel JIA loci in the largest GWAS meta-analysis to date, 4 of which overlap regions of
known associations to other autoimmune diseases [145]. Subtype specific GWAS have also
been published more recently, including for sJIA and RF+ polyJIA subtypes [23, 146]. Sample
sizes for these studies were relatively small and limited the number of robust associations,
mainly reporting the HLA region (sJIA and RF+: 2 and 1 association < 5 x 10 from 770 and
340 samples respectively) [23, 146]. However, a number of suggestive associations are
reported (23 and 13 associations respectively) indicating loci that could be validated in larger

or more specific candidate gene studies.

40



An example of a powerful candidate gene approach has been the ‘immunochip’, a
microarray interrogating a collation of known immune related SNPs from multiple immune
diseases [147]. Hinks & Cobb et al. used a high powered study using immunochip which
focussed on oJIA and RF- polylJIA [130]. They reported 14 robust JIA susceptibility loci at
GWAS significance level, many of which were outside the HLA region and 7 of which
replicated published variants including PTPN22, PTPN2, STAT4 [130]. Of the 11 regions with
a suggestive association, four had supportive evidence from the literature [130]. Six loci
were independently replicated in a study by this group including ERAP2-LNPEP, RUNX1 and
UBE2L3 [148]. The unreplicated loci may indicate a lack of true association or the relatively
small number of samples in the replication cohort [148]. Further, Mclntosh et al.’s large
meta-analysis replicated 12 loci observed in Hinks & Cobb et al. [145]. Altogether, Hinks &
Cobb et al.’s Immunochip study was perhaps the most robust and outcome rich of all genetic
studies in JIA. However it was limited to oJIA and RF- polylJIA subtypes, and follow up studies
on other subtypes have been limited in sample size or focussed the MHC region only [23, 54,
146]. Therefore, higher powered studies JIA in subtypes including oligo- and RF- polyJIA and
others are needed to better define genetic susceptibility factors. These studies may point

towards potential mechanisms including immunological or epigenetic.

Interestingly, a comprehensive study has been reported of risk variants for autoimmunity
which suggest potential epigenetic and immunological mechanisms. The Epigenome
roadmap consortium utilised risk variants identified specifically from immunochip based
studies, including the JIA study from Hinks and Cobb et al. [149]. This consortium was able to
identify potentially causal SNPs in autoimmune diseases, noting that the lead SNPs from
Immunochip studies were often a median of 14kb away [149]. Of note, these potentially
causal SNPs often mapped to regulatory regions, enriched at immune cell enhancers [149].
In JIA, this coincided with regulatory elements for Th17 cells, Thl and Th2 cells [149]. This
finding mirrored ENCODE’s reporting of GWAS hits enriched at gene regulatory sites,
particularly enhancers [112]. Thus, the enrichment of disease associated genetic variants at
non-coding sites, particularly at epigenetically marked enhancer sites, suggests that the
convergence of genetic and epigenetic data is becoming more and more relevant, as is the
need for research of complex diseases combining these two mechanisms. This is likely to be
relevant for JIA research due to the potential for interplay between genetic heritability and

environmental factors mediated by epigenetics.
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Table 1-1 Summary table of GWAS in JIA. Data sourced from NHGRI/EBI GWAS catalogue [152].

Discovery sample Replication No. assoc.
Author Analysis number sample number (p<1 x 10®) Top 3 ranking SNPs

Behrens et al., 67 cases

2008 [144] JIA 1952 controls - 1 rs2395148, TSBP1-AS1

Hinks et al., 279 cases 321 cases,

2009 [142] JIA 184 controls 2024 controls 1 rs12046117, VTCN1

Thompson etal., | JIA 814 cases 1744 cases 4 rs4688011, TIMMDC1

2012 [143] 658 controls 7010 controls rs6479891, IMJID1C
rs12411988, REEP3

Hinks et al., JIA (oligoarticular or 2,816 cases - 31 rs7775055, HLA-DQB1/MTCO3P1

2013 [130] rheumatoid factor- 13,056 controls rs6679677, RSBN1/PHTF1

negative polyarticular) rs10174238, STAT4

Aydin-Son et al., 26 cases

2015 [150] JIA 52 controls - 0 -

Lietal., Paediatric autoimmune 1112 cases - 46 rs2066363, ADGRL2

2015 [131] diseases inc. JIA 27131 controls rs114846446, LINC0O1250
rs7672495, CYTL1/RN7SKP113

Finkel et al., 1166 cases 480 cases

2016 [140] JIA 9500 controls 480 controls 1 rs953387, CXCR4

Ombrello etal., Systemic JIA 982 cases - 25 rs41291794, HLA-DRB9/HLA-DRA

2016 [23] 9010 controls rs72632736, LINCO1777/EEF1DP6
rs1823549, AC114485.1/AC099567.1

214 JIA cases with uveitis

Haasnoot et al., Uveitis in JIA compared S - 2 HLA-DRB1*11

2018 [151] to JIA patients with no uveitis 362 JIA cases w/o uveitis HLA-DRB1*08

Haasnoot etal., Uveitis in JIA compared to 214 JIA cases with uveitis

2018 [151] controls 398 controls - 0 -

Haasnoot et al., 576 cases

2018 [151] JIA 398 controls - 0 -
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1.5 Environmental influences on JIA

JIA is recognised as a complex disease, with genetics and the environment both likely
contributing to aetiology. Noteworthy is the attributable portion to each factor, with
estimates varying widely. Li et al. suggest ~80% of JIA is genetically driven with just 20%
explained by the environment, which appears to support population based heritability
estimates [131] [122, 127]. However both estimates may be potentially inflated by gene-
environment interactions or the presence of subtypes with stronger heritability (e.g. ERA or
olJIA-ext as seen in Hink & Bowes et al.) [131]. The potential influence of environment is
highlighted in Hinks & Bowes et al., who suggest the immunochip genes contributes just 13%
to heritability [54]. This is striking since their immunochip study is the richest source of
validated JIA susceptibility loci. A significant potential environmental component is also
suggested from monozygotic twin concordance rates, estimated only to be 25-40%, which
are well below the full concordance expected of Mendelian trait [118, 126, 153]. Therefore,
environment and interplay between genes and environment are important to consider in JIA

aetiology [126, 154].

1.5.1 Neonatal and family life influences

A number of environmental exposures have been linked to JIA, but debate ensues on the
robustness of these reports. An environmental exposure with inconsistent findings is
breastfeeding. A lack of breastfeeding may be a form of stress on the child e.g. reduced
bonding time. The molecular basis for this effect has been suggested through epigenetic
studies in children of anxious mothers, nurturing deficient rats and more recently in
nurturing deficient macaques [155-157]. However, epidemiological studies have been
conflicting in JIA showing null, protective or risk associations [158-160]. Papers reporting a
risk suffered from low sample numbers and/or selection bias of controls (controls were
known to the JIA cases), whilst the protective report did not adjust for multiple testing [154,
158-160]. The CLARITY project also suggests breastfeeding as a risk factor, yet adjustment
for socio-economic status removed this association [158]. Clearly study designs are an issue
and whilst the CLARITY study is building numbers to help answer this question, lack of other
environmental studies plus the lingering threat of recall bias indicate that further work

needs to be done in JIA to elucidate the risks or protective effects of breastfeeding.

Sibling exposure has recently been reported to be protective [161]. The protection seemed

to be higher with greater sibling year exposure, and higher numbers of siblings [161].
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Despite the reduced sample sizes at these higher exposures, confidence intervals remained
narrow suggesting a real effect. In addition, the study added robustness with validation in a
second control group [161]. This report replicated findings from a registry based study that
also found protection from JIA with any sibling exposure compared to an only child [162].
However, another registry based study reported that siblings had no protective effect [163].
The discrepancies in the two registry based reports may be due to sample selection with
Carlens et al. selecting a 30 year window compared to Neilsen et al.’s 3 year window.
However, despite a larger study by Carlens et al., a potential exists for confounding due to
difficulties in accurately identify JIA 30 years ago. Carlens et al.’s data was collected at a time
when JIA was even less recognised, where multiple classification criteria existed for JIA and
diagnoses may have included a number of other diseases with rheumatic manifestations

[11].

Despite a need for further studies on environmental exposures, hypotheses from other
immune related diseases provide another perspective e.g. the hygiene hypothesis and the
role of exposure to early life infection may be pertinent to JIA [154, 162, 164]. This has found
some support particularly since reports suggest farm living and sibling exposure (therefore

infection exposure) are protective, and high incomes a risk factor [161, 162].

1.5.2 Microbial and antibiotic exposure
Indeed, the role of infections in JIA have long been reported, however studies on a number
of viruses are conflicting. Studies into rubella initially suggested a role for this in JIA

aetiology, whilst 2 later studies (one with a similar analysis) suggested otherwise [165-167].

Parvovirus B19 infection is perhaps the most contentious. An association with this virus and
JIA was reported early on and supported by two other reports [168-170]. However, multiple
conflicting studies have since been published, with the largest study utilising at-diagnosis
samples reporting no association. This suggests earlier positive results were potentially a

consequence of long term disease [171, 172].

Other studies into Epstein-Barr virus and Human Cytomegalo virus were negative, however
positive associations with Influenza A was reported [173, 174]. This positive association with
Influenza A was translated into a small clinical trial treating the viral infection, with positive
outcomes reported [175]. Akin to anti-retroviral treatment, treatment of Streptococcus

infection was related to more cases of remission compared to control patients [176].
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However, all these studies have shortcomings, particularly due to small sample sizes or
control groups, differences in samples types analysed (IgM responses vs virus isolated from
blood) and difficulties identifying cause vs consequence due to sampling times (incident vs

prevalent cases). These make robust conclusions and comparisons difficult.

Related to microbial exposure is antibiotic use. Studies showing an increase in JIA with
antibiotic use appear contrary to studies on the increased risk of JIA due to Streptococcus
[176-178]. However, Horton et al. suggests that deleterious effects on the gut microbiome
may better explain the mechanism behind this association. Alterations in gut microflora, and
increased gut permeability are observed in JIA and potentially support subclinical gut

inflammation as important contributors to pathogenesis [179-181].

1.5.3 Smoking

Another environmental factor of relevance is smoking, as it is known to be a risk factor for
adult rheumatoid arthritis. Data in JIA is still sparse and controversial, with 2 studies showing
protection, 1 no effect and 1 other study suggesting smoking as a risk factor [158, 163, 182,
183]. Regarding the protective effects of smoking in pregnancy observed in 2 separate
studies [158, 183], the results of the Ellis et al. study appear robust as the effect remains
across a number of different measures of smoking exposure. A third study reported smoking
as a risk factor for JIA [182]. Trends towards this are observed upon closer inspection of data
from Shenoi et al., particularly when looking at smoking only in pregnancy [182, 183]. Yet

the numbers in Jaakkola et al. may be too small to draw firm conclusions from.

The molecular effects of smoking are well reported, particularly in DNA methylation
(reviewed in [184]). Importantly, the amount of smoking exposure is an important variable
for molecular effects of smoking to take place. Specifically, maternal smoking through a
large part of pregnancy, not just at any time in gestation, was important to this effect [184].
Amongst JIA studies reporting smoking data, the specific duration of smoking exposure was
not captured or reported well. Thus, studies to further elucidate the true effect of smoking
in JIA require higher numbers, more refined questions or better study designs to capture this
smoking data accurately. This will be important as the effects of smoking at the epigenetic

level are dependent on the timing and duration of the exposure.

It is clear that epigenetic effects due to an environmental exposure like smoking can be

observed. Since epigenetic marks like DNA methylation can act as the conduit between
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genes and the environment, these are likely to be important in a complex disease such as

JIA. It is therefore important to understand epigenetics and DNA methylation in particular.

1.6 Introduction to Epigenetics

Epigenetics can be broadly described as the structural adaptation of chromosomal regions so
as to register, signal or perpetuate altered activity states [185]. These adaptations are
regularly cited as mitotically heritable, covalent modifications of DNA and histones, which
are intimately involved in the control of gene expression [186]. Epigenetic modifications to
DNA affect the accessibility of DNA to transcription machinery thereby regulating expression
of genes [187]. These also largely determine cell fate and function, and together form a

pattern that is distinct for any cell type [188].

In addition to being mitotically heritable, epigenetics may act as the conduit between genes
and environmental exposures [189]. This possibility heightens during times of epigenetic
change in early development, which could lead to ‘epimutations’ [188]. These can be
mitotically inherited by daughter cells potentially leading to disease states resulting from

aberrant gene expression [189].

DNA methylation and histone modifications are the two major types of covalent
modifications studied. These mechanisms are well conserved amongst plant and animals, as
are mechanisms for its maintenance [190]. DNA methylation is the most widely studies
epigenetic modification, and is particularly relevant to immunology. Therefore, DNA
methylation will be the focus of this study, with mechanisms and associations with

immunology and disease expanded upon below.

1.6.1 DNA methylation

In mammals, DNA methylation (DNAm) of symmetrical CpG dinucleotides are the most
common type of DNA methylation observed, but it is also known to be found in different
contexts [191, 192]. In CpG dinucleotides, covalent modification occurs by addition of a
methyl group to the 5™ carbon of a cytosine nucleotide. Of the ~28 million CpGs in the
genome, known as the methylome, a large majority of CpGs in the genome are methylated
[193]. Yet 10% are usually unmethylated (often occurring at transcription start sites),

creating a bimodal distribution of CpG methylation in the human genome [193, 194].
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CpG dinucleotides at transcription start sites tend to occur as CpG islands, regions of
genomic sequence highly enriched for CpG dinucleotides that can span up to 2Kb in length
[193, 195]. These are known to be associated with open chromatin structures and
transcription, and DNAm modification of these is associated with dysregulation of gene
expression in cancer [195]. Logistically, DNAm overall is likely to be important in maintaining
gene expression patterns across mitotic cycles due to its stability [194]. Mitosis involves the
disruption of most other factors and structures for gene expression whilst this modification
remains stable, ideally suited as a mechanism for gene expression maintenance across

multiple mitotic generations [194].

The regulatory enzymes important in maintenance and establishment of DNAm are named
DNA methyltransferases (DNMTs) [194, 196, 197]. Maintenance of DNAm it achieved with
DNMT1, particularly during cell replication. In this scenario, DNMT1 uses the undisrupted
DNAm on the original strand to maintain DNAm patterns across cell divisions [194]. It does
this due to its high affinity to the DNA replication machinery during replication and its high
specificity for hemi-methylated DNA, as would be found during a newly synthesised DNA
strand [198, 199]. De novo activity occurs via DNMT3A and DNMT3B, which set the bimodal
distribution of DNA methylation in the newly fertilised developing human embryo during the

implantation stage [194, 197, 200, 201].

Both at local and global levels, the potential of genetics and environment to modulate
methylation are potentially relevant for complex disease pathogenesis. Below | outline some

potential genetic and environmental factors important for methylation regulation.

1.6.2 Regulation of DNA methylation

1.6.2.1 Environment and DNA methylation

Windows of opportunity in methylome vulnerability are suggested to occur during times of
rapid epigenetic change, such as reprogramming of the zygote methylome [202]. A window
may also exist in early life, as it is suspected of being home to a changing and
environmentally sensitive methylome in studies of immune cells, rats and association studies
in humans [157, 203-205]. An early life environmental insult cued at the earliest of
embryonic development stages may set abnormal epigenetic patterns resulting in abnormal
phenotypes [205]. The phenotype may not even present immediately, but the self-sustaining
mechanisms inherent to epigenetics and DNAm perpetuate the effects and may result in

long term changes [194, 205].
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Slight differences in intra-uterine environments are suspected to explain monozygotic twins’
discordance in methylomes [202, 206]. Diverging methylomes throughout life, known as
epigenetic drift, is seen in individuals and monozygotic twins in the early years of life and
into adulthood [207-209]. Thus a breathing, pliable methylome apparent in early
development and early childhood allows time and space for environmental cues to influence
and possibly perturb [202, 205]. Environmental cues such as smoking, metal exposure, and
stress due to famine or maternal anxiety are reported to have such effects [155, 184, 204,

210-214]. An environmental cue of known importance is smoking.

Smoking effects on the methylome are now well replicated, in particular the changes seen in
the AHRR gene, encoding an enzyme involved in the detoxification of chemicals found in
tobacco smoke (reviewed in [184]). Maternal smoking affected umbilical cord blood
methylation in multiple cohorts, all affecting the same probe [215-217]. The exposure to
smoking throughout most of gestation is important to this effect [184]. In addition, prenatal
exposure effects can be detected even after 18 months. However, this may be reversible
since DNAm levels in adult former smokers quickly approaches levels of never smokers
within the first few years of smoking cessation [217, 218]. DNAm changes at the gene level
may also be affected the genetic structure, influencing how much of the environmental
insult is able to change local methylation. Genetic regulation of DNAm is therefore important

to understand.

1.6.2.2 Genetic regulation of DNA methylation

Genetic modulation of DNAm through methylation quantitative trait loci (mQTL) is a well-
studied phenomenon, with pivotal studies in brains identifying 5-10% of CpGs have an
mQTLs associated [219, 220]. Further studies, across different cell types and interrogating
larger numbers of CpGs, validated these initial observations and suggested the percentage of

CpGs with an mQTL associated may more likely be between 2-10% [221-229].

Published mQTLs are commonly found in close proximity to the CpG of interest. Whilst a
large proportion of mQTL appear to directly affect the CpG of interest [219, 228], mQTLs are
highly enriched in regions ~10Kb from the CpG, with most mQTLs often reported an average
under +/-100Kb of the CpG of interest [221-229]. This average distance of 100kb changes
little despite a number of publications searching up to 1Mb from the CpG [220, 224, 226].

Two seminal studies from Liu et al. and Gibbs et al., despite looking for mQTL associations
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genome wide, still suggested an overwhelming proportion of mQTLs (~¥80%) were under

~150kb and ~120Kb from the CpG respectively [219, 222].

MQTLs are likely to be involved in the modulation of multiple CpG sites, as reported by Liu et
al. [222]. These CpG sites may be contiguous, potentially following patterns similar to
Linkage disequilibrium in genetics but over much smaller regions, and may be spread over

hundreds of kilobases [222].

Ethnicity is an important factor influencing DNAm. It is clear that ethnicity accounts for a
large proportion of DNAm differences between individuals, as observed in early
investigations of HapMap cell lines [230-233]. Following genetic differences and similarities
between ethnicities, DNAm in Americans of African descent were clearly different from
Caucasian and Asian Americans, who tended to cluster together [230-232]. As well as having
global effects on DNAm, ethnicity specific DNAm is observed through region specific
enrichment e.g. Caucasian (and Caucasian enriched) specific CpG sites are more prominent
at transcriptionally active or enhancer sites upstream of the gene, whilst depleted amongst

African Yoruba samples [231, 232].

The driver of these ethnic differences appears to heavily favour genetic sources i.e. local
mQTLs [230-232]. Interestingly, data also suggests that these mQTLs are population specific.
That is, DNAm differences according to genotype are often limited to a single ethnic group
such that MQTLs in one ethnicity are often not observed in another [230-232]. This SNP data
mirrors CpG data, where ethnicity specific genomic region enrichment is observed [231,
232]. This correlation makes sense, if one considers the local effect of ethnicity specific

mQTLs perhaps leading to region specificity in DNAm.

The remaining ethnic differences are likely due to gene x environment (GxE) and gene x gene
(GxG) interactions, potentially favouring GxE as observed in Teh et al. and Czamara et al.
[234, 235]. This complex modulation of DNAm again suggests DNAm is relevant to study in
complex diseases [236]. Concordantly, many of the SNPs behind these ethnicity mQTLs were

also associated with complex traits that have ethnicity specific preponderance [231, 232].

Therefore, whilst ethnicity is an important component of DNAm studies, arguably the
specific, local genetic drivers near any one CpG site are going to be an equally defining factor

to take into account during DNAm studies. This may be particularly so of complex disease
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studies, where differences are likely to be small and potentially have mQTLs contributing to

disease risk.

1.6.2.3 MQTLs are potentially relevant to complex diseases

MQTL are known to be relevant to disease and may be relevant to oJIA. The link between
mQTLs and disease susceptibility was hypothesised by Feinberg et al. early in the GWAS era
and appeared to pre-empt the direction of research post-GWAS era [237]. GWAS in complex
diseases resulted in a number of top ranking SNPs residing within non-protein coding regions
of the genome [112, 238-240]. Studies of mQTLs, in part, have been used in attempts to
overcome a lack of simple, protein modification based mechanistic explanations of GWAS
hits [241]. Consequently, a number of mQTL studies suggest GWAS signals are indeed
enriched within mQTLs, particularly in autoimmune diseases, cancer, chronic inflammatory
diseases, haematological parameters and neurological diseases such as schizophrenia [222,
226, 242-244]. This relationship to autoimmune diseases, and potentially to olJIA, may be
relevant to this study. In particular, mQTLs may be a source of olJIA heterogeneity affecting

DNAm. MQTLs may also identify new susceptibility risk loci in JIA.

1.6.2.4 DNAm variation modulated by genetics

Whilst DNA methylation is likely to be environmentally modifiable, the genetic aspects
contributing to the extent of variability at any CpG is a question well worth considering.
Feinberg and Irizarry in 2010 proposed a particular model, suggesting genetics may indeed
play this role in modulating epigenetic variation [236]. They suggest these genetic changes
would affect the distribution of loci specific DNAm in a population [236]. In simulations, this
variation of DNAm allows for increased fitness, since the ability to vary DNAm can be a
mechanism for adapting to larger range of environmental changes [236]. To Feinberg and
Irizarry, this allows natural selection to use variability in epigenetics to adapt to changing
environments [236]. This variation would occur at regions they termed variably methylated

regions (VMRs).

In order to validate this hypothesis, Feinberg and Irizarry re-examined previously published
DNAm data and identified VMRs i.e. regions with high DNAm variation between individuals
[236]. VMRs were observed across tissues, and often associated with tissue specific DNAm.
The connection of VMRs to genetics was identified, with VMRs correlated with differences in
the underlying sequence [236]. This demonstrated to Feinberg and Irizarry a proof of

principle supporting their hypothesis. i.e. a genetic basis for methylation variation.
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Indeed this hypothesis bore specific fruits, in those found in Feinberg’s 2013 paper linking
genetics and DNAm in Rheumatoid Arthritis. A number of those genetic variants linked to
DNAm were highly associated with variation in methylation [245]. Genetic variants
associated with this variation were shown to be approximately 80Kb upstream of the probe

itself [245].

Further, Teh et al. and Czamara et al. both also identified this association between DNAm
variation and genetics, also validating early hypotheses from Feinberg et al. [234, 235].
Firstly, both papers validated VMRs are strongly associated with genetics. Secondly, the
genetics x environment link, noted as a mechanism for environmental adaptation by
Feinberg et al., was one of the most significant findings in these papers [234, 235]. That is,
62-88% of VMRs were best explained by a model integrating genetics and environment.
Environment alone often explained less than 1% of VMRs. Thirdly, genetic variants
associating with VMRs were also enriched for complex disease risk loci (identified from
publicly available GWAS data) [234]. Together, these 3 key papers validate the strong
potential for genetics to play a role in modulating DNAm variation, and the potential for

these to influence risk to complex diseases [234, 245, 246].

1.6.2.5 Enhancer regions may be relevant to mQTLs and disease

Feinberg and Irizarry propose regions that are tissue specific and localise near a gene may be
sufficient for genetics to influence DNAm variation. Regulatory regions such as enhancer
sequences fit into their description of possible genetic mechanisms for a number of reasons.
Enhancers are known to be tissue specific, can be proximal or distal to a gene whilst still
having effects on the gene, have recently been associated with differential methylation, and
also harbour SNPs associated with methylation differences. These regions may well harbour

more as yet unidentified genetic variants associating with methylation and disease.

Genetic variants at enhancer regions are also known to be important for methylation.
Gutierrez-Arcelus et al. in 2013 found enhancers are enriched for genetic variants associated
with methylation (mQTLs). In addition and corroborating Feinberg’s hypothesis, these
enhancer mQTLs were also associated with tissue differentiation [247]. Enhancer associated
mQTLs are also associated with disease, including in breast cancer, colorectal cancer and
glioblastoma [248-250]. Indeed, enhancer mQTLs are associated with clinical outcomes
including glioblastoma survival [250]. In breast cancer, much of the tumour heterogeneity

was accounted for by mQTLs at enhancers [248]. This variation is analogous to Feinberg’s
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hypothesis regarding regulatory mQTLs and increased variation between individuals. In
addition, Czamara et al. also identified mQTLs of highly variable regions enriched for
regulatory regions such as transcription or enhancer regions [234]. This data lends support
to the importance of genetics in affecting DNAm, particularly at regulatory regions such as

enhancers.

The disease relevance of enhancer regions were further exemplified in large meta-analyses
of disease risk variants. GWAS hits for multiple diseases were enriched at enhancers in
multiple cell types in ENCODE data, including immune like lymphoblastoid cell lines [112]. A
meta-analysis of Immunochip studies in multiple autoimmune diseases identified genetic
variants enriched at immune cell specific enhancer sites [112, 149]. Of particular interest to
this study, Gutierrez-Arcelus et al. found GWAS hits for diseases amongst enhancer located

SNPs associated with DNAm [251].

Therefore, enhancer regions are likely to be highly relevant to disease genetics as well as
DNAm, and are potential regions where SNPs may modulate DNAm variation as postulated

Feinberg et al. [236].

1.6.3 DNA methylation in the immune system and autoimmunity

1.6.3.1 DNA methylation in immune cells

Methylation is known to be important in later stages of lymphoid cell development [193].
DNMT17 early stage thymocytes are skewed in numbers and are less abundant in secondary
lymphoid tissues [252]. Naive T-cells with DNMT1 deletions have disrupted proliferative
capacity, along with impaired maturation [252]. Further, despite impaired replication,

cytokine levels were increased in these knockouts [252].

Moving to peripheral immune cells, numbers of memory T-cells were also affected by
DNMT1 mutations [252]. In addition, effector CD4 and CD8 T-cells also misregulate cytokine
profiles for the Th2 lineage [253]. This occurs without misregulating other lineage specific
cytokines, which the author suggested may implicate DNA methylation control of the Th2

program, particularly in CD8 T-cells [253].

Although these effects may be due to gross changes to the phenotype that come with highly
disruptive gene knockouts. Whilst Makar et al. did not look more specifically into the role

DNA methylation had in controlling the Th2 cytokine program at the gene level, Lee et al. did
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find a correlation of CD8 demethylation and expression with a bias of CD8+ early stage
thymocytes [252, 253]. Whether this caused the skewing of early stage thymocytes, or is just

an association is not clear.

The importance of DNA methylation to CD4+ T-cells is well characterised, particularly in
subset formation and lineage maintenance. With the importance of CD4+ T-cells to
autoimmunity, DNA methylation’s role in regulating normal immune function can give

insights to its potential dysregulation in disease.

The classical methylation dependent control of immune cell lineage is that of Treg cells.
Demethylation of the FOXP3 enhancer region is important for maintaining FoxP3 expression
and suppressive activity in Tregs [254-256]. The enhancer region is now known as the Treg

specific demethylation region (TSDR) [254-256].

However, the role of methylation is not limited to Tregs in the CD4+ population. At a global
level, in addition to earlier studies on DNMT1'’s effects on CD4+ T-cell cytokines, DNMT3a
knockouts affect the lineage speciation of CD4+ T-cells. These knockouts allow cytokine
expression of both Th1 and Th2 lineages even under Th1 culture conditions [257]. Expression

of these cytokines is concurrent with demethylation of the IFNG and /L4 loci [257].

Effects of DNMT3a deletion was not restricted to Thl conditions, but Th2, Th17 and iTregs
also expressing Th1 cytokine IFNy [258]. This further suggests that de novo methylation
helps restricts lineage plasticity, therefore serving as a controller to maintain the identity of

a T-cell lineage [258].

Methylation changes in T-cell differentiation have been investigated through genome wide
DNAm studies in mice. Using memory, naive and effector T-cells, memory T-cells undergo
larger changes in methylation than effector T-cells and naive T-cells [259]. In response to
antigen, hypomethylation is enriched at subset relevant genes, and many of these sites

display enhancer activity in reporter assays [259].

Further, genome scale DNA methylation data was able to identify T-cell subsets, particularly
the naive and activated cells from both CD4+ Treg and conventional CD4+ T-cells [260]. In
Tregs, activation induced changes in DNA methylation at hundreds of loci, enriched at sites

for FOXP3 binding [260]. This suggested DNA methylation is not just an upstream controller
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of Treg function via FOXP3 TSDR regulation, but an important controller of downstream

FOXP3 function in Tregs at many FOXP3 regulated loci [260].

Continuing with immune cell differentiation, Th1 and Th2 cell differentiation is accompanied
by methylation changes in loci of cytokines of the respective lineages. In Th1 cells, early
studies suggested Th1 centric /IFN-y hypomethylation in Th1 cells and not Th2 cells [261].
This was reproduced in studies using early stage thymocytes, naive T-cells and CD8 T-cells
where the IFN-y locus was unmethylated, and the Th2 program appears to have active
silencing of the IFN-y site [262-264]. This coincides with Makar et al.’s suggestion of
methylation’s role in control of the Th2 program. During the Th2 program, IL4 expression
can be induced by demethylating agents, validated by data showing chromatin remodelling
at the IL4 loci is accompanied by DNA hypomethylation [265-267]. Kim et al. shows that this
is STAT-6 dependent, as did Bird et al. [256]. Yet they differ in their suggestions on cell cycle
dependence. Kim et al. states this is an active process independent cell cycle [256]. Yet the
more comprehensive cell cycle blocking experiments from Bird et al. suggest that cell cycle
progression is actually necessary for IL4 expression. It’s interesting to note that Bird et al. did
not look at IL4 expressing cells at day O to compare to day 1, where Kim et al. draw their
conclusions from. Nonetheless, in addition to /L4, IL2 demethylation corresponds with open

chromatin at the /L2 locus and higher expression in CD4+ effector T-cells [268].

The role of DNA methylation in T-cell differentiation and function is becoming clearer and
better defined. Thus the dysregulation of DNA methylation is therefore likely to be
implicated in immune dysregulation as a mediating factor. By natural extension, a potential
outcome of this could be autoimmunity. In JIA, this has begun to be explored in CD4+ T-cells.
A particularly subset of Tregs at the site of inflammation have methylation of the Treg
specific demethylated region (TSDR) reported to be decoupled from FOXP3 expression,
suggesting DNAmM may not be a reliable marker of abnormal Treg function in JIA [106]. Whilst

the authors state a de-coupling, a complete de-coupling may not necessarily be the case.

Closer inspection of their data suggests that methylation is only slightly dysregulated in
different subsets of Tregs as compared to classical Treg populations. Therefore DNAm may
not be completely decoupled from FOXP3 expression. Supporting this, their data shows non-
classical CD25low Tregs as well as FOXP3low Tregs with abnormal methylation profiles
coupled with abnormal expression. This coupled dysregulation of mid-low DNAm with

expression appears to mirror observations of Tregs in mice. In the FOXP3low Treg population
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in Floess et al., expression and DNAm again appear to be coupled, where the amplicons of
the TSDR region are only partially demethylated whilst maintaining some FOXP3 expression

[254]. Therefore, DNAm in Tregs may still be a reliable marker of abnormal Treg function.

Both datasets, taken together, suggest that methylation is still likely to be important in
regulation of FOXP3 expression in Tregs in diseases like JIA. Thus at sites of inflammation,
dysregulated methylation may indeed be linked to autoimmunity. Bending et al. describe a
link to another autoimmune disease in addition to JIA, noting that the CD25low population

has also been found in lupus patients [106].

JIA research into epigenetics from our group has also focussed on the CD4+ T-cell group and
found a number of significant associations, as well as genotypic and expression relationships
to methylation in one of the significant findings [269]. This underscores the importance of

the CD4+ T cell compartment to epigenetic research.

The early JIA research into DNAm was based on microarray technology, as has much of
DNAm work in autoimmune disease research particularly in the period since 2010. Yet,
autoimmune disease associations with DNA methylation date further back to as early as
1990, when epigenetic research was still in its relative infancy. Despite the field’s infancy,

strong associations were still found and are described below.

1.7 DNA methylation in autoimmune diseases

Whilst the imperative for epigenetic research in autoimmunity is clear, the potential for this
line of investigation had precedents as far as 30 years ago. Inhibitors of DNA
methyltransferases, enzymes that act to maintain or create de novo methylation, were used
to induce autoimmune like states in T-cells. Self-reactivity was induced in in CD4+ T-cells,
and mice developed lupus like symptoms after such treatments [270-279]. Genomic
hypomethylation was a feature of Systemic Lupus Erythematosus (SLE) and Rheumatoid
arthritis (RA) T-cells [270, 271]. Once normal human T-cells were treated with DNA
methyltransferase inhibitors, they incorporated phenotypic and functional similarities to T-
cells from lupus patients [275, 277-279]. This strongly suggested DNA methylation was key
to immune cell function and possibly involved in autoimmunity. Further, early methylation
studies into RA had already indicated the potential of methylation research in identifying

therapeutic targets. IL6 was found to be differentially methylated, a molecule that later
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became a target of antibody therapies in RA and JIA [280]. However, much like Cornil,
Heberden’s or even Caravaggio’s early clinical and artistic descriptions of JIA, these early
signs of epigenetic disturbances in autoimmune diseases (AID) were not developed through

extensive research for some time.

Further research did eventually come to pass, particularly when technology for genetic
variant interrogation (through microarray technologies) translated to the epigenetic space to
allow interrogation of hundreds of CpGs. Using this technology, early studies on AID
methylomes with phenotypic similarities did have some success [281]. Once the
HumanMethylation27 beadchip microarray made large scale methylome studies accessible
and affordable (followed by the updated HumanMethylation450 microarray and other array
technologies), AID studies in DNAm significantly increased with a number of publications in

the years following [282-286] [245, 287-312].

Early genome scale studies focussed on (RA), SLE, Type 1 diabetes (T1D) and inflammatory

bowel disease (IBD). Seminal EWAS’ in autoimmune diseases are described below.
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Table 1-2 Summary table of EWAS studies in 4 key autoimmune diseases, plus JIA

Validation sample

Disease (Rl Discovery cohort size EWAS method Significant probes numbers Validation Validation No.. CpGs validated in Reference
used . cell type cells notes indep. samples
(independent)
Discovery + 1 MZ twin, 4 DZ
White blood 5 MZ discordant twins, 2 twins, 7 non twin sibling Javierre et al. 2010
SLE cells (PBL’s) matched controls/twin pair Goldengate 49 pairs. All discordant PBL’s Pyrosequencing 2/2 CpGs [281]
5 tested, correlation between EWAS Jeffries et al. 2011
SLE CD4+ T cells 12 cases vs 12 controls Infinium HM27k 341 90 CD4+ T-cells Pyrosequencing and pyrosequencing =0.83 [296]
Pyrosequencing
and Methylation-
sensitive single-
White blood 66 cases, 102 controls, 12 RA White blood nucleotide primer Lin et al. 2012
SLE cells (PBL's) 12 cases vs 12 controls Infinium HM27k 2165 genes cases cells (PBL’s) extension 2 of 2 CpGs [297]
CD4+ T cells, CD4+ T cells
CD19+ B cells 49 cases, 58 controls 166 CpGs in B-cells, 97 CpGs (Naive,
and CD14+ (monocytes:27 cases-control in monocytes, and 1,033 CpGs memory and T 76.8% of 1031 sites. 33-37% of 1031 Absher et al. 2013
SLE monocytes pairs) Infinium HM450k in T-cells 26 cases, 18 controls reg) Infinium HM450k sites in other cells types [287]
CD4+ Naive T CD4+ naive T Validated using Jeffries et al. 2011, Coit et al. 2013
SLE cells used 18 cases, 18 controls Infinium HM450k 86 18 cases, 18 controls cells HM27k r2=0.86 [289]
n = 186 (94 anti-dsDNA positive replication (n = 140. 62 anti-
and 92 anti-dsDNA negative SLE dsDNA positive and 78 anti- Chung et al. 2015
SLE PBMC cases) Infinium HM450k 16 CpG sites at p<1.07 E-7 dsDNA negative SLE cases PBMC Infinium HM450k 16 of 17 CpG sites [306]
80 patients with SLE having 56 (28 with kidney
nephritis and 245 patients with involvement, 28 without), 56 Mok et al. 2016
SLE PBMC SLE not having nephritis Infinium HM450k 19 controls CD4+ T cells Infinium HM450k 4 of 19 CpGs [309]
7625 in overall analysis. 5321 SLE (n=201) and controls
347 cases, 400 controls. associated with medication in (n=187). In treatment naive 7245 CpG sites, in treatment naive Imgenberg-Kreuz
SLE whole blood Treatment naive n =132 Infinium HM450k SLE. study replication n=89 Whole blood Infinium HM450k :3295 of 7425 et al. 2018 [307]
256 CpG sites in 124 genes
across all 3 groups, 247
between mild and Severe 2
subgroup, Severe 2 vs Severe
1 subgroups: 18 CpGs, Severe
1 vs Mild subgroups: 53 CpGs Lanata et al. 2019
SLE PBMC 333 cases Infinium HM EPIC (all FDR 0.1) 302 PBMC Infinium HM450k 132/158 CpGs [308]
28 (5 CD, 9 UC, 14 paired 12 (4 CD, 8 UC, 6 paired Intestinal Lin et al. 2011
IBD Intestinal tissue controls) Goldengate 50 controls) tissue Goldengate 50 of 50 CpGs [298]
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Table 1.2 Continued. Summary table of EWAS studies in 4 key autoimmune diseases, plus JIA

Validation sample

Disease I Discovery cohort size EWAS method Significant probes numbers elicatcnly el atel ‘No. G aidesiy Reference
used . cell type cells notes indep. samples
(independent)
Rectal
biopsies,
including
separation
into Epithelial
and non-
Epithelial
(immune cell
enriched) Cooke et al. 2012
IBD Rectal biopsies CD: 16, UC:16, 8 controls Infinium HM27k NA CD:16, UC 16, 8 controls fractions pyrosequencing 3 of 3 CpGs [290]
MSAM: 4 CD discordant + 4
concordant MZ twins, 7 UC
discordant + 3 concordant MZ MSAM (Methylation
twins. 450k: 3 discordant MZ specific amplification CD vs controls: 1.UC vs
White blood twins (UC & CD), 14 paediatric microarray) and control (adults): 0. UC vs Harris et al.2012
IBD cells (PBL’s) CD, 8 paediatric UC, 14 controls 450k controls (children):6 - - - - [294]
HM27k &
Methylated DNA 148-fold more MVPs in proximity to
Intestinal Immunoprecipitation Intestinal the 10 validated loci, p=9.11 x Hasler et al. 2012
IBD biopsies 20 discordant UC twins 385k array 61 50 UC cases biopsies Pyrosequencing 10-44 [295]
21 CD cases vs 19 controls + 16 Nimmo et al. 2012
IBD Whole blood Paediatric CD cases Infinium HM27k 1117 - - - - [300]
36 paediatric CD (18 treatment
naive, 18 established CD) 87 adults with CD and 85 Whole-blood Adams et al. 2014
IBD Leukocytes cohorts and 3 controls. Infinium HM450k 65 healthy controls (adults) pyrosequencing 20/20 replicated [313]
3196 probes between CD
cases and controls
(p<0.05),1481 probes Treatment naive paediatric Colonic
149 IBD cases (61 UC, 88 CD) between UC cases and IBD (15 CD and 9 UC) and 22 mucosa tissue McDermott et al.
IBD PBMC and 39 controls Infinium HM450k controls controls. samples 2 of 2 CpGs 2016 [283]
439, and 5 DMRs. 412 DMPs
. when comparing CD to 240 established IBD cases,
IBD PBMC (Zfzcjln;:g/n_jliigojz;uﬁg ;;ées Infinium HMA450k controls, 203 when 98 controls. Also 36 PBMC pyrosequencing Top DMP is adults, r=.77 in children Ventham et al.

controls

comparing UC to controls. No
differences between UC and
cD

paediatric CD, 36 controls
from Adams 2014.

and HM450k

of top 5,000 DMPs (CD vs controls).

2016 [284]
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Table 1.2 Continued. Summary table of EWAS studies in 4 key autoimmune diseases, plus JIA

Validation sample

Disease I Discovery cohort size EWAS method Significant probes numbers elicatcnly el atel ‘No. G aidesiy Reference
used . cell type cells notes indep. samples
(independent)
3569 in CD vs control (lleum),
66 treatment-naive children 641 CD vs UCin ileum. 0 in UC
newly diagnosed with IBD (43 vs controls in ileum. 1743 in
with Crohn's disease [CD], 23 CD vs controls in colon cells.0
with ulcerative colitis [UC]), and in CD vs UC in colon cells.
Mucosal 30 children without IBD 51613 in UC vs control in CD (n=5) and matched Mucosal pyrosequencing Howell et al. 2018
IBD biopsies (controls) Infinium HM450k colon cells. healthy controls (n=7) biopsies for top DMPs. 3 of 3 top CpGs [282]
Almost all probes
164 paediatric patients (1-17 1189 b/w diagnosis and None. But looked at 3 years changed to normal Somineni et al.
IBD Whole blood years old). 74 controls. Infinium HM EPIC controls. 717 unique genes later in same samples - levels. - 2019 [286]
96 nephropathy T1D cases, 96 Bell et al. 2010
TiD Whole blood non-nephropathy T1D controls Infinium HM27k 19 - - - - [288]
1. 0/13 via pyroseq. 2. P=0.0375
1. Discovery + 5 discordant showing expected direction (in 132
MZ twins 2. Discovery + 4 CpGs). 3. P=0.015 showing expected
discordant MZ twins 3. 7 direction (in 132 CpGs), i.e. 71% and
cases, pre and post disease 66% of pre vs control AND post vs
onset 4. 4 cases (Ab+, no control. 4. P=0.0023, showing
disease) vs 5 controls expected direction (in 132 CpGs),
CD14+ (discordant twin pairs from CD14+ pyrosequencing & i.e. 67% of T1D CpGs showed same Rakyan et al. 2011
T1D monocytes 15 discordant MZ twins Infinium HM27k 132 above) monocytes HM27k directionality [301]
12 T1D-discordant MZ twin. All DVPs were also hypervariable in
Three immune CD14+ and CD4+ cells CD4+ and CD14+ cells compared to
effector cell derived from 201 and 139 healthy unrelated controls. DVPs
types. CD4+ T unrelated, healthy HM27k: 5 year FDR<0.001 also present 5 years
cells, CD19+B 1 probe diff in mean DNAm in individuals. 98 newborns of cord blood of follow up samples. later (CD14+ monocytes P=7.7 x
cells and T cells. DVPs: 10,548 DVPs in whom 50 had progressed to newborns H450k: unrelated 10-5 and CD4+ cells P=7.8 x 10-3).
CD14+CD16- 52 MZ twin pairs discordant B cells, 4,314 in T cells and overt T1D during childhood, who progress controls analysis + Zero (0) found in cord blood pre- Paul et al. 2016
T1D monocytes for T1ID Infinium HM450k 6,508 in monocytes while 48 did not. to overt T1D newborns analysis disease. [314]
7 long-term disease-discordant
MZ twin pairs and five pairs of Technically
HLA-identical, disease- 20,760 in discordant MZ validated via
discordant non-twin twins. In HLA identical NTS 6 additional T1D-discordant pyrosequencing of Elboudware et al.
T1D whole blood siblings (NTS) Infinium HM450k analysis 12,362 CpGs MZ twin pairs five candidate CpG 0 of 5 CpGs 2016 [315]
White blood 5 MZ discordant twins, 2 Javierre et al. 2010
RA cells (PBL’s) matched controls/twin pair Goldengate 0 - - - - [281]
Fibroblast like
synoviocytes 7 (gene expression), Top 20 loci Nakano et al. 2013
RA (FLS) 5 RA, 6 Osteoarthritis (OA) Infinium HM450k 1859 RA vs OA 5RA, 6 OA, 6 normal FLS HM450k clustered unseen samples correctly [299]
Fibroblast like
synoviocytes
(FLS) @ 3rd, 5th 2375 genes vs OA & Normal Whitaker et al.
RA Infinium HM450k FLS - - - - 2013 [302]

and 7th passage

3 RA, 3 0A, 3 normal
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Table 1.2 Continued. Summary table of EWAS studies in 4 key autoimmune diseases, plus JIA

Validation sample

o Cell type . . —— Validation Validation No. CpGs validated in
Disease YP Discovery cohort size EWAS method Significant probes numbers . - Reference
used . cell type cells notes indep. samples
(independent)
Fibroblast like
synoviocytes De La Rica et al.
RA (FLS) 6 RA, 6 OA Infinium HM450k 2571 - - - 3/3 CpGs 2013 [291]
CD14+ Liu et al. 2013
RA Whole blood 354 cases, 337 controls Infinium HM450k 51,476 12 cases, 12 controls monocytes HMA450k 3/3 CpGs [245]
1st. N = 14 patients and
N =15 controls. 2nd. N =11 10/64 CpG sites in first replication
cases and N = 11 controls. cohort. 4/64 in second replication
50 cases and N = 75 healthy 3rd 56 SLE and 47 control B- cohort. In 3rd (SLE) cohort, all show
RA B cells controls Infinium HM450k 64 significant CpG sites cell samples SLE: B cells HM450k same direction Julia 2017 [310]
CD14+
monocytes, 63 Female patients, 57 were Using only ~5000 FLS probes,
CD19+ B cells, seropositive for rheumatoid 1056 were also significant in
CD4+ naive and factor and/or anti-cyclic naive CD4 cells. Genome wide Rhead et al. 2017
RA memory T cells citrullinated. 31 controls Infinium HM450k analysis: 0 associations. - - - - [316]
six sites predict treatment Glossop et al. 2017
RA T cells 46 treatment-naive cases Infinium HM450k response - - pyrosequencing - [317]
27 CpG sites with active
disease. Erosive disease
identified 84 CpG sites mostly
CD14+ in B cells (74%). RAAD score:
monocytes, 89 CpG sites mostly in
CD19+ B cells, 63 FEMALE patients, 57 were monocytes. Sharp score: 68
CD4+ naive T seropositive for rheumatoid CpG sites spread amongst
cells, and CD4+ factor and/or anti-cyclic cells types. A handful were Mok et al. 2018
RA memory T cells citrullinated Infinium HM450k shared b/w all cell types. - - - - [311]
33 RA (n=10 second visit Rodriguez-Ubreva
RA Monocytes samples), healthy controls n=17 Infinium HM EPIC 133 - - - - et al. 2019 [312]
2 RA subjects and 2 normal clustered RA and controls Tseng et al. 2019
RA PBMCs donors methyl-seq separately 18 CD cases, 25 controls Whole blood HMA450k 10 CpGs [318]
137 subjects, of whom 63 were CD4 T cells 15.6% of DMPs, 80
ACPA-positive, 66 were ACPA- 9 RA treatment naive, 13 from RA (38%) of 208 RA-
negative, and 8 had self- controls. DMRs: 8 self samples (all specific DMRs 15.6% of DMPs. 80 (38%) of 208 RA- Shao et al. 2019
RA Whole blood reported RA bisulfite sequencing 1303 DMRs, 1909 DMPs reported RA cases female) were replicated specific DMRs were replicated [319]
145, 11 in MTX naive only Ellis et al. 2012
-”A CD4+ T cells 13 cases vs 13 controls Infinium HM27k analysis 12 cases, 12 controls CD4+ T cells EpiTYPER 2/2 CpGs [292]
68 poly-articular and extended Spreafico et al.
JIA CD4+ T cells oligo-articular JIA patients Infinium HM450k 5 CpG modules - - - - 2016 [51]

Table includes information on significant findings and biological validation studies performed. PBL: Peripheral blood lymphocytes. SLE: systemic
lupus erythematosus. IBD: Inflammatory bowel disease. T1D: Type 1 diabetes. RA: rheumatoid arthritis. MZ: monozygotic. DZ: dizygotic. ACPA: anti-
citrullinated protein antibodies. HM27k/450k/EPIC: Human Methylation27/450/EPIC beadchip array. DMR: differentially methylation region. DVP:

differential variable methylation position.
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1.7.1 Systemic Lupus Erythematosus

SLE studies are generally grouped into 2 types of studies, those looking at sub group analyses
and those comparing general SLE differences. The common theme amongst all is the
presence of interferon related genes and pathways as important to SLE generally and to

subgroups with worsening or active disease.

Subgroup differences in SLE appear to be robustly identifiable, and may only require a small
number of CpGs. Auto-antibody presence and nephritis are associated with merely 16 and
19 differentially methylated probes (DMPs) respectively, with both findings replicated in
independent samples [309]. However, these used a priori clinical classifications, which may
contain complex and heterogeneous biological mechanisms. However, Lanata et al. relied on
biology (using DNAm as a proxy) to determine the subgroups [308]. Their study was able to
robustly identify 3 unique subgroups according to severity of disease [308]. Again, only a
small number of CpGs are needed to identify groups, with the largest number of CpGs
associations belonging to comparisons of the most clinically disparate groups (mild disease

vs very severe disease).

Case-control studies generally identified interferon pathways as significantly associated with
SLE. This finding was reported in small early, case-control SLE EWAS’ [287, 289]. Since then,
the enrichment of genes in the interferon pathway has been replicated a number of times,
suggesting a robust association with SLE [285, 306-309]. Indeed, it may be present in and
slightly more prominent in active or more severe disease [307, 308]. Interestingly, this is in
contrast to earlier studies that did not find associations with disease activity [287, 289].
However, this may reflect an epigenetic poising of interferon genes, potentially facilitating

interferon expression prior to or during disease flare [287, 289].

1.7.2 Inflammatory Bowel Disease

Studies of genome scale DNAm in inflammatory bowel disease (IBD) typically involved use of
mucosal biopsy studies, particularly in earlier studies, whereas later studies favoured
investigations of immune cell DNAm [282-284, 286, 290, 294, 295, 298, 300, 313]. Studies
usually utilised both Crohn’s disease (CD) and Ulcerative colitis (UC) samples. More recent
studies in IBD also utilised larger sample sizes, similar to the patterns observed in SLE [282-
284, 286, 313]. The general findings tended to replicate across studies, that is, UC and CD
DNAm profiles are similar both in PBMCs and colon cells [282-284]. These similarities

between UC and CD are suggested to result from an all-encompassing IBD signature [282].
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Also generally observed are the differences compared to controls, where CD displays

numerous differences unlike the limited differences observed in UC vs controls [282-284].

Whilst inflammation may have contributed to some of the significant associations in IBD, the
possibility of disease specific DMPs in IBD was supported by evidence from Howell et al.
[282]. Use of non-inflamed controls allowed identification of disease specific associations,
many of which were stable over time and in culture [282]. The stability of DNAm associations
over time are similar to early findings in SLE and perhaps serve a similar purpose
hypothesised in SLE. That is, a potential mechanism for priming a cell for inflammation,
either by impairing function or poising inflammatory pathways for disease flare [287, 289,

320].

1.7.3 Inflammatory Bowel Disease DNA methylation links with genetics
The enrichment of IBD DNAm associations near known IBD risk loci is a common finding.
Enrichment near risk loci is reported to be as close as 10Kb and strengthening when
approaching 250kb from DMPs [284]. DMPs correlated with expression also suggest
enrichment of risk loci for other complex immune diseases such as T1D and Multiple

Sclerosis [282].

Whilst one study was not able to replicate these general findings, differences in enrichment
analyses (windows surrounding DMPs vs annotated genes of DMPs) and fewer risk loci used
(47 vs ~200) likely contributed to discrepancies [295]. These included use of fewer risk loci
(due to fewer known at the time of publication), as well as a limited enrichment analysis
which used only annotated genes of DMPs compared to windows surrounding DMPs in other

studies.

Genetic risk loci acting through DNAm have also been identified [284, 286]. A SNP near the
IBD risk loci RPS6AK2 [286], was identified as causal of IBD mediated by DNAm, whilst there

was suggestive evidence for a similar effect of a VMP1 SNP [284].

Somineni et al.’s genetic analyses suggested previously identified IBD DMPs may be a
consequence of disease [284, 286, 313]. However, Somineni et al. analysed children,
contrasting with analyses of adults in previous studies. Interestingly, analysis of childhood
disease may be a powerful method to understand causal biology, as childhood disease may

have a stronger genetic risk compared to adult onset, due to the early onset of disease. This
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is perhaps evidenced by the children’s study being able to detect causal genetic risk loci

using 50% fewer samples than the adult study by Ventham et al.

Study of childhood disease may facilitate identification of genetically driven (thus potentially
causal) DNAm differences, as well as facilitating isolation of DNAm associations

consequential to disease.

Nonetheless, it is clear that genetics is likely to play a role in IBD EWAS findings, and may be

further elucidated through larger studies.

1.7.4 Rheumatoid Arthritis

EWAS in Rheumatoid arthritis were commonly undertaken employing a case-control design,
however most were smaller in size than IBD or SLE EWAS’. The smaller RA EWAS’ looked at
specific cell types e.g. B cells or monocytes, which may have reduced the potential
confounding in studies of whole blood [310-312]. Despite the differences in cell types used,
these cell specific studies identified pathways involved in cytokine signalling as well as
monocyte or macrophage signalling or differentiation [310, 312]. In addition, pathways for
interferon signalling were found in both high disease activity and remission analyses,

findings similar though contentious in SLE [287, 289, 306-309].

Liu et al.’s EWAS is the most powerful RA study to date, interrogating vastly higher number
of samples and integrating GWAS data [245]. This EWAS was also able to identify genetic risk
loci for RA acting through DNAm, mainly in the MHC region. They also suggest the monocyte
fraction as the pathogenic cell type, since DMPs were robustly replicated in monocytes and
contained larger methylation differences potentially masked in whole blood analyses [245].
Variable DNAm according to genotype was also observed, similar to reports from Rodriguez
et al. [312]. However, Liu et al. observed these within the MHC region, whilst Rodriguez et
al.’s variable DMPs were not enriched for the MHC region, suggesting that variable DNAm

maybe a more widespread phenomenon in RA [245, 312].

Interestingly, out of the four case-control studies, most identified limited numbers of DMPs
[245, 310-312]. The largest study to date of over 300 RA samples (Lui et al.) reported over
51,000 DMPs, compared to an average of 65 DMPs from other smaller studies averaging 48
RA samples [245, 310-312]. Indeed, one study found no genome wide significant DMPs

[311]. Whilst Liu et al.’s findings in whole blood were adjusted for cell type, differences in

63



specific subsets within cell types (which are well known to exist) may have inflated the
number of DMPs identified. Further, the cell mixture correction method developed by
Houseman et al.’s (utilised by Liu et al.) was developed from only a maximum of 11 samples
that may not may have captured the variability in a population, or the genetic differences
well known between Scandinavian and other western European populations [321, 322].
Since Liu et al.’s data were sourced from a Scandinavian country these potential deficiencies
in Houseman et al.’s method may be pertinent, as DMPs may be confounded by cell type

differences not fully corrected for.

RA EWAS were also carried out using knee joint synovial fibroblasts (FLS). Nakano et al.
described just 20 CpG sites able to differentiate RA from Osteo-arthritis (OA) and normal FLS
[299]. Through this and follow up studies, it became clear that that RA and OA FLS are very
clearly differentiated at the DNA methylation level, as well as gene expression and miRNA
expression levels, and that some of these significant DMPs are also reflected in peripheral

blood cells [291, 299, 302, 316].

1.7.5 Type 1 Diabetes

Monozygotic twins discordant for disease were primarily used for TID EWAS, which
attempted to remove the confounding effects of differing intra-uterine and early childhood
environments as well as genetics. This is particularly important in diseases arising in

childhood such as T1D.

Two studies from the same group were able to detect both mean differences and higher
DNAm variability in T1D twins [301, 314]. Mean DNAm differences in monocytes were
observed in 132 loci, unconfounded by complications of diabetes such as kidney or heart
disease. A number of these replicated in independent samples, however none were
observed in a smaller study of similar design [315]. Rakyan et al.’s DMPs appear to be
temporally stable marks, with similar associations observed prior to disease diagnosis,
detecting the same direction of effect in 71% of DMPs in pre-T1D samples [301]. These
DMPs may also represent disease specific associations, since T1D risk loci and auto-antigen

genes (HLA-DQB1 and GAD) were amongst top ranking probes [301].

Increased DNAm variability (differentially variable probes- DVPs) between discordant twins
has also been reported, in far larger numbers than DMPs [301, 314]. Increased variability

appear to be stable throughout disease, with similar associations observed after a further 5
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years of disease [314]. Although mean DNAm differences were observed pre-disease, DNAm
variability was not found in pre-disease cord blood [314]. However, DNAm variability may

yet manifest after birth and prior to T1D onset [314].

Differences in DMP findings between studies (Rakyan et al. and Elboudwarej et al.) is likely
due to differences in cell types used [314, 315]. The latter study’s use of heterogeneous
blood samples contrasts with the single cell type (monocytes) used in the earlier study
reporting DMPs [315]. Even though a cell mixture correction algorithm was used, residual

cell type differences may have contributed to these differences.

Much like in IBD, SLE and RA, T1D DNAm differences may yet be due to an underlying
inflammatory or immune process, since disease duration in both studies averaged 11 and
~20 years [301, 314]. Inflammatory processes may also have influenced pre-disease DNAm
findings, since pre-disease samples displayed signs of autoimmunity i.e. presence of known
T1D associated antibodies [301]. Whilst DMPs precede disease diagnosis, it may not precede
pre-clinical disease processes such as the autoimmune inflammatory process, as alluded to
by the authors [301]. Further, the effect of inflammation associated with prolonged
autoimmunity and potentially poorly managed glucose levels may potentially explain why
29% of DMPs and no DVPs were detected prior to disease. As done for IBD studies, use of
known inflammation associated probes may help disentangle diseases specific findings from

generalised inflammation derived DMPs.

1.7.6 Juvenile Idiopathic Arthritis

EWAS reports in JIA are limited, with just 2 studies published prior to this investigation. An
early study by this group reported a number of associations with oJIA and polyJIA with
pathway analysis identifying enrichment around TNF, a current therapeutic target,
suggesting findings were disease relevant [292]. Interestingly, many associations were no
longer present once methotrexate (MTX) naive only samples were used, correlating with
other studies in RA. The potential effect of MTX on DNAm is plausible, due to the effects on
the folate pathway which feed the de novo DNAm and DNAmM maintenance mechanisms

[323].
Clinical outcomes in JIA may be predictable using DNAm. A more recent study, similarly using

CD4+ T-cells, looked at clinical outcomes (post treatment withdrawal) and suggested DNAm

markers can predict those who will maintain inactive disease and those who will flare [51]. T-
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cell activation pathways appeared to be enriched within top hits, correlating with gene
expression findings in CD4+ T-cells. Oddly, DNA methylation patterns were similar between
patients who had disease flare, and patients maintaining inactive disease. This may
potentially be explained by low levels of inflammation that may exist in patients that do not
achieve inactive disease. As such, correcting the analysis for clinical markers of inflammation

may help untangle the effects of general inflammation from disease specific mechanisms.

1.8 Risks and Opportunities in Autoimmune disease DNA

methylation studies

1.8.1 Effects of medication on DNA methylation

Medications have the potential to influence the methylomes of AID patients. In a number of
genome scale studies in T1D, IBD, SLE and RA (disease activity, joint erosion, long term
damage medications have been controlled for in statistical analyses and often report no

differences on DMPs once these are accounted for [284, 295, 311, 314].

Some studies have attempted preliminary analyses looking at effects of specific medications
on DNAm. These studies are usually small, and have reported variable and sometimes
conflicting results. Glucocorticoids and azathioprine may have the most robust associations
with DNAm, with expansive differences due to glucocorticoids observed in SLE [324]. Anti-
TNF treatment has also been associated with DNAm in RA samples but not in IBD [286, 311],
whilst statins, thyroxin, immunomodulator’s and chloroquine’s show no associations [314,

324].

Methotrexate (MTX) affects the folate pathway, important for DNAm maintenance [323].
Four studies in JIA and RA suggest effects of MTX on DNAm [311, 325, 326]. In JIA, significant
associations in JIA were significantly reduced in number upon use of an MTX naive analysis
(JIA), whilst analyses lumping methotrexate, chloroquine’s and leflunomide also suggested
significant associations in long established RA [292, 311]. However, 2 other studies (similar in
size to the JIA study - n=33 and n=8 respectively) suggest no genome scale effects of MTX in
RA and SLE [307, 312]. Mok et al. suggest that effects on DNAmM may be cell type specific,
where anti-TNF treatment effects naive CD4+ T-cells and DMARDs preferentially affecting
monocytes [311]. The variable susceptibility of cell types for medication induced DNAm
differences may potentially explaining conflicting findings. However, all studies are small and

may require larger sample sizes.
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Studies have attempted to avoid issue of medication by utilising treatment naive samples.
Treatment clearly reduces inflammation, which is known to affect DNAm, but other specific
effects are not deeply understood. Whilst some medications may not have direct effects on
the methylome, the anti-inflammatory effects and subsequent effects on the methylome are

likely to affect many DMPs [286]. These are discussed below.

1.8.2 Inflammation in AID DNA methylation

DMPs identified in autoimmune disease may be consequences of inflammatory processes. It
is known that low grade inflammation does indeed modify the methylome, as observed by
DMPs associating with C-reactive protein (CRP) [327]. In addition, further associations with
CRP, as well as ESR (Erythrocyte sedimentation rate, another clinical measure of
inflammation) and histologically identified inflammation have been reported [282, 284, 286,
312]. Indeed, many IBD DMPs overlap with CRP associated DNAm [284, 286]. This is further
supported in both IBD and RA, where DMPs revert to control levels in in remission samples
or post treatment [286, 312]. Autoimmune specific inflammatory processes may also
underlie DMPs, as observed in RA and IBD [312] [295]. In RA, cytokines increased during high
disease activity recapitulate DMPs in cultured cells [312]. Autoimmune specific inflammation
might also be observable in RA joint cells. Osteoarthritis (OA) has been recently recognised
as having inflammatory processes involved [328]. However, OA joint cells (synoviocytes)
differ from autoimmune RA synoviocytes at the DNAm level, suggesting autoimmune

specific processes associating with RA DMPs [291, 299, 302].

Mitigation of inflammation effects on DNAm have been attempted by use of control
samples. In IBD, histologically non-inflamed IBD samples were used to identify inflammation
associated DMPs, finding 80-92% of DMPs may be thus associated [282]. Hasler et al. could
not replicate IBD DMPs in non-IBD inflammatory samples, suggesting IBD specific DMPs were
identified [295]. Studies in SLE and RA may need to further address generalised
inflammation as a source of confounding amongst DMPs, perhaps by using CRP associated

DMPs as performed in IBD studies.

Identifying causal DMPs and mitigating DMPs consequential to inflammation may also be
performed using genetics. Causal inference tests to identify causal SNPs acting through
DMPs has been completed in IBD and RA, and have identified a small number of CpGs in
RPS6AK2 and potentially VMP1 (IBD), USP35 and the HLA region (RA & SLE) likely to be

causative of disease and not consequential of disease processes like inflammation [245, 284,
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286, 308]. However, these reports have been accomplished only in studies with larger
sample sizes. Future EWAS incorporating genetics may require even larger studies (as has

been completed in GWAS) to identify robust causative SNPs mediated by DNAm.

1.8.3 Clinical outcome associations in AID EWAS

The potential for DNAm to associate with clinical outcomes or measures has been
investigated in a number of AIDs. Indeed, the variability in RA DNAm was suggested to be
related to disease activity by Rodriguez et al. Similar to findings in IBD, RA DNAm was found
to be associated with ESR and CRP, both clinical measures of inflammation [312]. Further,
disease activity, in which greater inflammation is present, was also associated with DMPs at
thousands of CpGs [312]. Similar associations to disease activity in naive CD4+ cells have
been reported in another RA study, and both studies also reported interferon pathways as
enriched amongst DMPs, mirroring findings in SLE and IBD [309, 312]. This suggests that
DNAm may reflect common inflammatory pathways upregulated during AID disease activity,

or that Interferon may be a strong modulator of DNAm.

In SLE, DNAm is able to identify clinically relevant subgroups according to disease severity,
outside of conventional clinical grouping [308]. Indeed, the interferon pathway associates
with differences between mild and the most severe subgroups of disease. However, whether
these differences underlie pathogenesis in more severe disease or is just an effect of

disease, is unknown.

There’s potential for DNAm to predict clinical outcomes in IBD, with two reports suggesting
DNAm can identify either need for surgery, future use of biological (antibody) therapy or
those needing therapy escalation [282, 284], or response to medication in RA [317].
Responders to disease modifying anti-rheumatic drugs can be identified with 90% specificity,
however specificity and sensitivity is lower and not yet of clinical utility for other predictive
algorithms in AID [282, 284] [317]. Prospective cohort studies and larger numbers will be
needed to identify highly sensitive and specific algorithms based on DMPs. Further, even in
studies with high specificity, a significant risk of overfitting exists (i.e. data being reliable only
for the original dataset due to the small and heterogeneous sample) [317]. However, blood
DNAm is an accessible and readily measurable marker which facilitates further clinical

development of biomarker tests.
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A clear precedent of strong findings from AID EWAS exists, suggesting DNAm may well
harbour identifiable differences associated with autoimmune disease pathogenesis, disease
activity and clinical outcome. Whilst studies in SLE, IBD and RA are more mature and robust,
a gap exists for larger and more robust studies in JIA. Further, proof of concept studies in
clinical outcome prediction provide rationale for larger studies to enable successful

translation of these research findings to the clinic.

1.9 Hypothesis and Aims

The primary hypothesis in this study is that there are key differences in the CD4+ T-cell DNA methylation

profile of JIA cases compared to healthy controls, matched for age and sex.

This study utilised a case-control design focussing on a single subtype, oligoarticular JIA, naive from disease
modifying anti-rheumatic drugs and identified at or near diagnosis. This aimed to identify genes or

pathways aberrant early in disease.
The approach to investigating DNAm was a genome scale microarray analysis, integrated with genetic

analyses. The following chapters describe development of the approach, as well as insights into the

potential role of DNAm in olIA.
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Chapter 2. Materials and Methods
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2.1 Participant recruitment

Participants were recruited through the Royal Children’s Hospital (RCH) and Monash Medical
Centre in Melbourne, Victoria in Australia as part of CLARITY (ChiLdhood Arthritis Risk factor
Identification sTudY) [158]. At the time of sample selection, 604 JIA cases and 786 controls
had been recruited, incorporating all 7 ILAR subtypes of JIA. Cases were recruited from
rheumatology clinics, and a blood sample collected. Questionnaires regarding early life
environmental exposures were given to parents or guardians to complete. Controls recruited
were otherwise healthy children admitted for minor surgical procedures such as
tonsillectomy, pinning of ears or removal of grommets. Blood was collected during the
procedure, and parents/guardians also filled in questionnaires on early life exposures. This
project was approved by the Royal Children’s Hospital and Monash Medical Centre human

research ethics committees, HREC #27127 and HREC #12377 respectively.

2.2 Blood processing

Up to 9 mL of peripheral blood was collected from each participant into a tube containing
KsEDTA as the anticoagulant (Greiner Bio-one, Kremsmunster Austria) and delivered to the
MCRI Biobanking facility. Within 2 hours of collection, plasma was removed and stored.
Within 24 hours of collection, PBMCs (peripheral blood mononuclear cells) were isolated
using Ficoll gradient procedures (GE Healthcare, Illinois USA) and leucosep tubes (Greiner
Bio-one, Kremsmunster Austria). Ficoll separation of blood cells allows isolation and
separation of mononuclear cells from red blood cells and granulocytes based on density
differences between cell types [329]. In order to do this, blood was layered onto the ficoll
layer, and centrifuged for 10 minutes at 1000 x g. This step separates cell fractions into
layers based on density. The PBMC layer is removed and placed into a new tube, as is the
granulocyte layer. Granulocytes are stored at -80°C. In order to remove platelets from the
PBMCs isolated, cells are twice mixed with PBS and centrifuged at 250 x g. To store PBMCs
viably, cells are frozen using freeze mix at concentrations ~5-10 x10’ cell/mL. Freeze mix
consisted of FBS and DMSO at 10%v/v. Samples are frozen to -80°C using a slow cool
container (cooling at a rate of 1°C/min) (Thermo Fisher, Waltham, Massachusetts USA),

before being transported to vapour phase liquid nitrogen storage.

PMBCs are a highly diverse complement of immune cells. This is particularly relevant to

epigenetics, since DNAm differences according to cell type is a well-known phenomenon
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[254-264, 268]. However, these differences may also mask or potentially confound findings
from DNAm studies. Importantly, specific cell types are known to be strongly associated with
autoimmune diseases e.g. JIA (described in the Introduction, Chapter 1.3.2). As such,
investigation of specific cell types may more likely identify robust and potentially pathogenic
signatures associated with disease. Specifically, JIA has many known links with CD4+ T-cells,
including immunological, histological, molecular and genetic [14, 101-103, 130]. Therefore,
both to reduce the cellular heterogeneity that may potentially obscure disease relevant
associations, and to facilitate the potential identification of pathogenic associations, PBMC’s
were further processed to isolate CD4+ T-cells for DNAm analyses. The isolation of CD4+ T-

cells are further described in Chapter 3.2.5.

2.3 DNA methylation analysis

2.3.1 DNA extraction

DNA for EWAS work (Chapter 4) was extracted using the Qiagen Flexigene DNA kit (Qiagen,
Hilden, Germany) using the cultured cells protocol. This kit is a salt and alcohol precipitation
based method using microtubes for the DNA isolation. Cells are lysed in buffer FG1, before
having nuclei homogenized and proteins and proteases degraded using buffer FG2 and
protease solution. After incubation at 65°C, DNA was precipitated with isopropanol ata 1:1
ratio with the homogenized nuclei solution. DNA was then washed with 70% Ethanol (Merck,
Darmstadt Germany) to remove excess salts, before allowing excess ethanol to evaporate at

room temperature. DNA was eluted in volumes ~50 pL.

DNA samples for EWAS were quantified using picogreen as part of quality control checks
carried out by a commercial service provider prior to application to methylation beadchip
arrays (ServiceXS, Leiden, The Netherlands). A subset were also quantified using the
Nanodrop 1000 in house (Thermo Fisher Scientific, Waltham, USA), and results were very
similar (data not shown). Therefore, DNA samples used for other projects described in this

thesis were confidently quantified using the Nanodrop 1000.

2.3.2 Bisulphite conversion

The DNA bisulphite modification technique was developed to convert unmethylated
cytosines to uracil, thus effecting a nucleotide base change that can be detected similarly to
the alleles of a single nucleotide polymorphism (SNP) (Figure 2-1) [330]. In this way, the

methylation status of C bases within CpG motifs can be measured.
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The process for conversion is as follows. DNA is fragmented at 95°C, then bisulphite
converted by addition of sodium bisulphite to deaminate cytosine residues in fragmented
DNA. This process adds a sulphite moiety, which is removed (desulphonation) by incubation
at high pH to yield uracil. The methylated cytosines are protected from the process, allowing
differentiation of methylated vs unmethylated residues by a base change of cytosine to

uracil Figure 2-1 [331].

Samples for EWAS were bisulphite converted by the commercial service providers
(ServiceXs, Leiden, The Netherlands), utilizing the Zymo EZ DNA Methylation gold kit (Zymo
Research, Irvine USA). Other bisulphite conversions required for technical validation and
replication studies described in this thesis also utilized this kit to maintain consistency and
avoid differences in methylation due to conversion methods. This kit employs a column
based method. 250-500 ng of gDNA was denatured and simultaneously bisulphite converted
in a 1.5 mL microtube by a 98°C incubation for 2.5 hours, followed by 64°C incubation for 2.5
hours and 4°C hold overnight (for all samples). The sample was mixed with M-binding buffer,
applied to the column, and bound to the membrane by a 20 second centrifugation at 18,000
x g. The bound converted DNA was then washed with M-binding buffer and the
centrifugation repeated. M-Desulphonation buffer was then applied to the column and
incubated for 15-20 minutes at room temperature. Repeating the centrifugation step as
above, the sample was then washed using M-Wash buffer twice. Converted DNA was then
eluted from the membrane using M-elution buffer, incubating for 10 minutes prior to the

centrifugation step as previously described. DNA was then stored at -20°C.
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Figure 2-1 Bisulphite conversion of genomic DNA.
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Chemical reaction steps involved in converting a cytosine with an unmethylated carbon at
the 5 position (5-C) to a uracil. Cytosine with a methylated carbon at the 5 position (5-mC)
are protected from this conversion and remain a cytosine. Therefore, differences in

methylation can be detected as a nucleotide differences [332].
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2.3.3 Genome scale analysis of DNA methylation

Illumina Infinium HumanMethylation450 BeadChips (HM450K) (lllumina, San Diego, USA)
were used for genome scale DNA methylation analysis. The arrays measure DNA methylation
at over 485,000 CpG sites throughout the genome covering 99% of RefSeq genes, and
averaging ~17 CpGs per gene region [333]. Regions covered include gene bodies, regulatory
regions as well as intergenic regions. Samples were distributed randomly across chips to

avoid confounding due to inter-chip variability.

2.3.3.1 Preprocessing

Once data had been generated, preprocessing of data attempted to remove systematic
technical errors inherent to the assay. In this context, background fluorescence of probes
and differences in colour intensities between probes needs to be adjusted for. Further, since
the HM450K arrays employ 2 different probe chemistries to interrogate DNAm (Type | and
Type Il), differences in DNAm distribution due to probe types also needs to be normalised

[333].

Data was analysed using R studio (www.rproject.org), and packages used for analysis were
downloaded from Bioconductor (www.bioconductor.org). The Minfi package was utilized to
carry out quality control and preprocessing steps [334]. Samples were visually inspected for
deviations from the expected bimodal distribution of DNAm, utilising the ‘qcReport’ function
in Minfi. To adjust for background fluorescence and differences in colour intensities, the
‘genome studio method’ was implemented. Probe type differences need to be adjusted for
in order to avoid these technical differences affecting DNAmM measurements. To do this,

SWAN was applied [335].

Next, removal of non-informative and low quality probes was carried out. X and Y
chromosome probes were removed to reduce the potential for sex based differences to
confound the DNAm analysis. Probes with a detection p-value >0.01, i.e. probes that were
not significantly different from background levels, were removed. This left 464,144 probes
remaining. Probes with SNPs at the single base extension site with MAF>0.05 were also
removed, to avoid common genetic variants directly affecting methylation readings. Probes
known to bind non-specifically, listed as part of the Minfi package, were also removed. A
total of 430,191 probes were available for analysis. Signal intensities were then converted to
beta and M values. Beta values represent the ratio of the methylated intensity over the total

intensity (of methylated and unmethylated intensities), ranging from 0-1 and is a more
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biologically intuitive value. However, the use of M-values is more statistically valid for
differential DNAm analysis, since beta values violate a key assumption of many modelling
techniques used for high throughput microarray analysis i.e. variation in standard deviations
across the methylation range [336]. This is resolved by the use of M values, which represents
the log?2 ratio of the methylated and unmethylated intensities, which homogenises standard

deviations.

2.3.4 Data exploration

To identify data structures inherent to the dataset, principal components analysis was
carried out using the prcomp function within R studio. Principal components were correlated
and analysed against potential covariates such as group (case/control), age, sex and chip
using Pearson’s correlations and student’s asymptotic p-values. Data was visualized as a heat

map using the WGCNA package in R studio [337].

2.3.5 Differential methylation analysis: RUV

The MissMethyl package was used to identify DMPs via Bayesian linear regression,
implementing the RUV4 package in a case-control design [338]. RUV (applied as the RUV-
inverse function) attempts to use the data itself to capture factors that need to be adjusted
for in linear modelling. It attempts to identify both technical and biological variation not

related to the factor of interest (see

Figure 2-2). lllumina negative control probes (INCs) on the arrays enable technical error to be
estimated and adjusted for (Stage 1). A differential DNAm (DM) analysis was carried out
usin