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Abstract 

 

Alterations in DNA methylation patterns have been related to several diseases, 

including Rheumatoid Arthritis (RA). CD4+T-cells are critical players for the early 

pathogenesis of RA.  I hypothesise that modification of DNA methylation in 

CD4+T-cells happen early in RA and contribute to the disease progression by 

altering important physiological pathways. The aims of my thesis are 

1) to gain more understanding of early events/pathways in RA pathology by 

studying genome-wide DNA methylation  

2) to select potential CpG candidates for the development of a biomarker for the 

prediction of clinical outcomes. 

For the first aim, Illumina methylation genome-wide array data were analysed in 

naïve and memory CD4+T-cell and monocytes from 6 healthy control (HC) and 

10 early, drug naïve RA patients.  DNA methylation pattern in naïve CD4+T-cell 

confirmed the involvement of several pathways (mainly IL6/STAT3 linked to TNF-

Ŭ, and IFN signalling genes) in the early disease pathogenesis and importantly 

discovered novel pathways such as dysregulation of the commitment of Th17 

polarisation in naïve cells. My findings suggested a novel disease mechanism 

model in which IL6 induces atypical differentiation in a small subset of naïve 

CD4+T-cells, potentially associated with a subset of cells previously observed in 

vivo in RA patients by my supervisor. 

For the second aim, I used several publicly available methylation datasets  to 

develop selection strategies to identify CpGs candidate to develop as a biomarker 

assay for RA classification using a quantitative Methylation-Specific PCR (qMSP) 

technique. A TNF qMSP assay was successfully developed. It detected 

difference in methylation levels between RA and other arthritis with a good 

classification performance (n= 284, AUROC = 0.171 (95%CI: 0.115 - 0.227). This 

assay also showed potential to predict response to Methotrexate (pilot study). 

Further validation with a larger cohort will be necessary to included such assay 

in the management of early RA.  
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Chapter 1 General introduction 

 

1.1 Rheumatoid arthritis  

Rheumatoid arthritis (RA) is a chronic inflammatory disease that primarily affects 

synovial joints. It affects approximately 0.5-1.5% of the population in the UK and 

0.5-1% worldwide (1).   Prevalence is three-times higher in women than in men 

and it increases with age. The average age of onset lies between the ages of 45 

(during active life) and up to 65 years, but it can also affect younger people.  

Frequent signs and symptoms include pain, swelling, stiffness of joints, and 

fatigue (2).   

RA is part of a group of immune-mediated inflammatory diseases (IMID) and 

considered to be an autoimmune disease. It is characterized by persistent 

synovial inflammation (synovitis) and swelling of multiple joints (hands, knees and 

feet) in a symmetrical pattern, association with a particular Major 

Histocompatibility Complex (MHC) (HLA-DR), autoantibody production 

(Rheumatoid factor (RF) and anti-citrullinated protein antibody (ACPA)), cartilage 

and bone destruction, as well as systemic features (e.g. cardiovascular, 

pulmonary,  and depression) (3).  

There is not yet a cure for RA. It is a life-long condition. The treatment of RA aims 

to relieve patients from suffering and slowing down the disease course. However, 

despite the improved RA management strategies available nowadays, many 

patients still cannot attain the full benefits of current treatment options. This life-

long disease also has a considerable socio-economic burden with direct and 

indirect costs of over 2 billion £ /year in the UK (4). The costs are expected to 

increase further due to the rising need for more effective, but more expensive 

treatments notably biological compared to the first-line synthetic drug. The 

optimal management of RA as a life-long condition is a priority for patients, health 

authorities and societies. It relies mainly on early diagnosis and intervention, 

before the damage and disability become irreversible. 
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1.1.1 Etiology and pathophysiology of RA 

The exact cause of RA remains unclear. RA has a strong genetic background 

with heritable rate from parents around 40-65% for APCA+, while lower in APCA- 

disease. However, the monozygotic twin studies show that the chance of both 

having RA is only 15-30%, suggesting other non-coding factors play an important 

role in susceptibility (5). RA is hypothesised to be the effect of genetic 

susceptibility together with environmental triggers (5).   

There is a long known, strong association between RA and the human leukocyte 

antigen (HLA) also known as major histocompatibility complex (MHC)) loci, 

especially with the HLAΆDR gene of the B1*01 B1*04 and B1*10 alleles (6). 

These alleles are coding for chains of MHC molecules that may contain a 

common amino acid motif, known as the shared epitope (SE); which is 

significantly associated with the risk of developing RA. The SE effect on RA is 

thought to involve several mechanisms which are still not completely understood 

but may ultimately promote autoreactive immune responses (3). Evidence up to 

now suggests that it could promote autoreactive immune responses via (i) 

shaping the T-cell repertoire during thymic selection (7-9), (ii) antigen 

presentation with alteration in peptide affinity (10, 11) or (iii) increasing T-cell 

senescence(12). Alternatively molecular mimicry of microbial proteins (13) as 

well as a potential pro-inflammatory signalling function of the SE itself are further 

proposed effects unrelated to the SE activity in antigen recognition (14). 

With the advance of genome-wide association studies (GWAS), >100 additional 

RA-associated loci have been reported although with weaker associations (15-

20). Most of these loci are associated with adaptive immunity and inflammatory 

pathways, particularly, stimulation, activation and functional differentiation of T-

cells, implicating nuclear factor əB (NF-əB)ïdependent signalling and other 

cytokine cascades (3). Many others are related to antigen presentation to T-cells. 

Environmental factors know to be of high risk to RA include smoking, gender-

related factor (as well as contraceptives intake), viral infection (e.g. Epstein-Barr 

virus, parvovirus), bacterial infection (e.g. Proteus and Mycoplasma) and 

exposure to certain substances (such as cigarette smoke, mineral oils) (21-27).  

Other factors such as gastrointestinal microbiome, or experience with adverse or 

traumatic life events could also influence RA (28-30). These environmental 

exposures are thought to trigger RA development in those individual who have a 

genetic susceptibility. For example, interaction between smoking and other forms 

of bronchial stress (e.g. exposure to silica) increase the risk of RA among 

individuals with susceptibility associated with the HLAïDR SE alleles (31). 
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The exact mechanism of how an interaction of environmental factors with genetic 

susceptibility leads to RA remains unclear but an overall key process resulting in 

loss of self-tolerance is needed. Despite a lot of research, no classic antigen 

(i.e. protein) has ever been clearly associated with RA although in the past 10 

years, a breakthrough defined post-translational modification (PTM) of certain 

protein epitopes (harbouring a consensus sequence (32)) as potential triggers of 

the auto-antibody response. These PTM are non-specific to the disease and 

occur as natural responses to cellular stress and inflammation (33, 34) while the 

immune response to this PTM (i.e. the development of IgG autoantibodies) is RA-

specific (i.e. not present in health or other diseases, despite a natural IgM 

repertoire of autoAb present on ~30% of people (35, 36).  

The consequence of this immune response developed against a modified self-

proteins includes antibody against citrullination, called anti-citrullinated protein 

antibodies (ACPA), carbamylation (anti-CarP), oxidation (glycation, oxidation, 

..etc) (37-39)). Another type of auto-antibody against the Fc portion of IgG, known 

as the Rheumatoid factor (RF) is also associated with RA (40, 41).  

The presence of circulating ACPAs (42), as well as other antibodies such as RF, 

anti-Carp and anti-oxidised collagen (38, 40, 43) and circulating pro-inflammatory 

cytokines and chemokines (44) can be detected up to 15 years before clinical 

disease onset (45), which points to immune activation during a preclinical phase 

to the disease, which is now a well-recognised step wise process (46, 47). 

However, there is still no clear conclusion about how the loss of self-tolerance 

at the systemic level, can lead to a localized inflammatory response  in the joint.  

A second series of events needs to happen, for which the cells involved and 

the possible triggers are not yet known although several hypotheses have been 

proposed, including dysregulation of T-cell differentiation, a role for cytokines, 

netosis, pain, osteoclast, Interferon-signalling and/or Th17-cells (3, 47-50).  

The clinical phases of RA, when signs and symptoms develop, takes place in the 

joints. Synovitis (i.e. inflammation of the Synovial membrane) results from 

lymphocytes infiltration into the synovium compartment (tissue and fluid).  Both 

adaptive immune cells (e.g. T-cells and B-cells), innate immune cells (e.g. 

monocytes/macrophages, mast cells, neutrophil and others), as well as resident 

cells (e.g. synovial fibroblasts (SF), chondrocytes, and osteoclasts) contribute to 

a cell-cell interaction network that promotes an inflammatory cascade, tissue 

remodelling and tissue damage. The release of chemokine recruits more immune 

cells. Cytokines induce the activation of macrophage-like synoviocytes and the 

activation/proliferation of synovial cells, (notably fibroblast-like synoviocytes 
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(FLSs)) causing an expansion of the synovial membrane and the release of pro-

inflammatory cytokines, and other substances (such as matrix 

metalloproteinases (MMPs), tissue inhibitors of metalloproteinases (TIMPs), 

protease and nuclear factor əB ligand (RANKL)) promoting bone and cartilage 

damage. FLS (as well as immune cells) also have the potential to migrate from 

joint to joint to propagate disease (51). Furthermore, certain cytokines and in 

particular RANKL promote bone erosion by activation of osteoblast and 

chondrocytes (52). Other events during the disease process are micro-

environmental changes, such as the expression of adhesion molecules in 

synovial micro-vessels, the induction of angiogenesis (via secretion of vascular 

growth factors) in the synovial membrane allowing for even more immune cells 

infiltration (53). The prolonged inflammation promoting cartilage damage and 

bone erosion leads to the deformity and malfunction of the joints and other 

systemic consequences (3, 54-56).  

A summary of the development and progression of RA from the pre-clinical phase 

to clinical symptoms is shown in Figure 1-1. 
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Figure 1-1 Development and progression of RA from a healthy individual to 

a RA diagnosis. In the preclinical phase, genetic susceptibility, and environmental 

factors could both contribute to the risk of developing RA. The post translational 

modification of self-protein by exposure to a high-risk environment is thought to promote 

the loss of self-tolerance, especially in the individual with genetic susceptibility. This 

induced an auto-immune response as detected by the appearance of auto- autoimmunity 

against modified self-proteins such as ACPA, anti-Carp and anti-oxydised collagen. This 

can occur years before onset the clinical symptoms (systemic autoimmunity). The 

transition from pre-clinical phase to clinical phase which suggests the localisation of the 

immune reaction to joints occurs after a second series of events, which remains unclear. 

This include a phase of arthralgia (joint pain with no clinical evidence of inflammation) 

still considered pre-clinical and then the development of measurable symptoms notably 

inflammatory acute phase markers (CRP, ESR) and swelling of the joint (not only pain). 

In the clinical phase, there is the infiltration of immune cells in joints and initiation of the 

inflammatory cascade. Individuals whose symptoms persist for 6 weeks and meet the 

RA classification criteria will be considered early RA. The disease still continues to 

progress if uncontrolled by the initiation of a 1st line treatment (towards established RA), 

leading to permanent tissue damage and bone/cartilage erosion. 

  



6 
 

1.1.2 Immune Cells with pivotal roles in Rheumatoid Arthritis 

RA is a complex disease that involves many immune cells working and interacting 

together with stromal cells (i.e. SFs) in the joints. The major immune cells that 

are known to be involved in the perpetuation of RA pathogenesis are T-cells, B-

cells and macrophages. Although they all play a significant part in disease 

progression, their role may to be determinant, dominant or an accessory at 

different stages of the disease course. My PhD project focusses on T-cells and I 

will therefore describe these more below. 

 

1.1.2.1 Macrophages 

Macrophages are infiltrating the RA synovial membrane. They produce a variety 

of pro-inflammatory cytokines and chemokines (such as TNF-  hand IL1- )̡ (57).  

These pro-inflammatory factors  activate a wide range of immune and non-

immune cells (stromal and endothelia cells). Macrophages also release matrix-

degrading enzymes and reactive oxygen intermediates that contribute to tissue 

damage and joint destruction (57). They can stimulate T-cell responses by acting 

as professional antigen-presenting cells (APCs), although in RA this is thought to 

be mainly the work of B-cells (58). The most abundantly produced cytokines in 

the RA synovium are produced by macrophages (including TNF, IL1, IL6, IL10, 

IL12, IL18, IL15, IL10, GM-CSF, M-CSF and TGFɓ) which remain up-regulated 

for prolonged periods and account for the development of chronicity and the 

persistence of inflammation (57, 59). This stresses the important role of 

macrophages in the pathophysiology of RA, especially in the clinical stage when 

the inflammatory cascade is the main disease feature. As such, studies of RA 

patients synovial tissue while in clinical remission have shown that macrophages 

frequency and activation status are largely reduced (60). 

Histology/histochemistry studies notably showed that a score (OMERACT score) 

based on expression of macrophage markers can provide a measure of disease 

activity in RA (61). 
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1.1.2.2 B-cells 

B lymphocytes play several important roles in the pathogenesis of RA including  

autoantibody (autoAb) production, T-cell activation via their APC function, 

cytokine production and involvement in bone homeostasis (62, 63).   

The obvious evidence of a B-cell contribution to RA is that they are responsible 

for the production of APCA and other autoAbs (as discussed above, which are 

known to form after the triggering of PTM associated with the loss of self-

tolerance). These autoAbs also contribute to immune complex formation and 

complement activation in the joints (64). Animal models have suggested an 

arthrogenic role for these autoAbs, although it is not totally clear in humans (65).  

The therapeutic benefit of B-cells depletion in RA suggested that their function in 

RA pathogenesis involved additional mechanisms beyond autoAb production, 

notably as antibody levels are not changing significantly after B-cell depletion or 

according to response (66, 67). B-cells can promote T-cells activation through 

their efficient capacity for antigen-presenting and the expression of costimulatory 

molecules. Growing evidences show that B cells also contribute to the joint 

expression of several chemokines and cytokines (such as IL12, IL23, as well as 

IL1-  ̡and TNF- )h that promote lymphocytes activation in the joints, the formation 

of ectopic lymphoid structures, angiogenesis, and synovial hyperplasia (68, 69). 

B-cells were also reported to be a source of RANKL involved in bone homeostasis 

(70), while autoAb recognizing citrullinated vimentin were reported to promote the 

differentiation of mononuclear cells into osteoclasts (50). These showed that B-

cells may have a plethora of roles in both the pre-clinical phase (with autoAb 

production) and in the clinical phase of RA. 
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1.1.2.3 T-cells 

T lymphocytes play significant roles in the RA pathogenesis both in the preclinical 

and in the clinical phase. T lymphocytes are cells of the adaptive immune system. 

T-cells mature in the thymus where they are ñtrainedò to become a functional T-

cells through various processes including (i) the rearranging of the T-cell receptor 

(TCR) gene fragment to generate a wide variety of TCR allowing for responses 

to a large diversity of pathogens, (ii) a positive selection to ensure the optimal 

binding to MHC class I and Class II molecule to the TCR and the commitment of 

cells to present either a CD4+ or CD8+ costimulatory molecule, and (iii) the 

negative selection to ensure the tolerance to self-antigen. The mature naive T-

cells leave the thymus and then circulate in the blood to the secondary lymphoid 

organ.   

In a pathogen invasion situation, T-cells are activated by the engagement of the 

TCR and antigen-MHC-I or II complexes on the surface of the APC which have 

picked-up this pathogen, as well as express co-stimulatory signals. They then 

proliferate and differentiate into effector cells and maintain a small proportion of 

cells differentiated into memory T-cell.   

CD4+T-cell or T-helper cells engage with MHC II on APC. Once activated they 

can differentiate into different subtypes of effector T-helper cells based on the 

context in which APC were activated (i.e., B-cells or Macrophages and the type 

of pathogen), whereas CD8+T-cell, or T-killer cells which engage with MHC-I are 

mainly responsible for the elimination of pathogens  that have infected cells.  

CD4+T-cells are intimately involved in cell-mediated immune responses and 

have long been known to be involved in RA development and progression. In 

1982, the ñT-centricò hypothesis in which T-cells get activated by a hypothetical 

arthrogenic agent (viral, bacterial or autoantigen) and then orchestrate the 

inflammatory response and development of RA (71) was raised. Later in the 

1990ôs, a ñcell-networkò hypothesis involving macrophages (56, 72) gained more 

favour, and the T-cells centric hypothesis dropped out of fashion notably as no 

common T-cell antigen could be identified (73). More recently, advances in 

genomics technologies brought novel evidence supporting the strong association 

of T-cells with RA. 

 

Genetic evidence  

Strong evidence for the role of T-cells in RA pathogenesis is that many RA 

susceptibility loci are T-cell related genes, either directly engaged in the T-cells 

activation process or in related signalling pathways. The HLA-DRB gene, which 
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codes for the SE has the strongest association with RA (6). This SE is part of the 

MHC-class-II molecule expressed on APC, which directly contacts the TCR 

complex on CD4+T-cell during their maturation (positive and negative selection 

in the thymus) as well as during the antigen activation process in mature T-cells 

in the periphery. How this SE affects T-cells is still not clear but some evidence 

shows that it could shape the TCR repertoire and possibly promote autoreactive 

immune responses as discussed above (3, 7-14, 74). 

A second major breakthrough from these genetic studies was to bring more 

insight into RA aetiology.  In the past decade, GWASs in various RA patients 

populations and their meta-analysis together with post-GWAS multi-Omics data 

uncovered over 100 RA-susceptibility loci (16-19). Molecular pathway analysis of 

these 100 non-MHC RA-risk loci  revealed that they are lying mostly within genes 

involved in T-cell biology related pathways, also in antigen presentation pathways 

and cytokine signalling pathways (16, 19, 75-78). The most well-studied RA 

susceptibility loci/genes are, for example: 

ü PTPN22 (Protein tyrosine phosphatase, non-receptor type 22) which 

encodes an enzyme involved in signalling pathways associated with the 

immune response, alters the responsiveness of T and B cell receptors, 

associated with several autoimmune diseases.  

ü CTLA4 (cytotoxic T-lymphocyte-associated protein 4 or CD152) which 

encodes a receptor that functions as an immune checkpoint and 

downregulates immune responses on T cells after activation. 

ü IL2RA and IL-2RB (Interleukin-2 receptor alpha and beta chains) which 

involve in stimulating T-cell proliferation. 

ü STAT4 (Signal transducer and activator of transcription 4) which required for 

the development of Th1 cells from naïve CD4+ T cells and IFN-ɔ production 

in response to IL-12. 

ü PADI4 (Peptidyl Arginine Deiminase 4) coding for the enzyme responsible for 

citrullination, involved in the cellular response to stress, creating potential 

antigens that bind to RA-associated MHC proteins. 
 

Recently (in 2020), the largest so far Trans-ethnic GWAS meta-analysis which 

recruited more than 300,000 individuals (RA and controls) from European and 

Asian ancestors has been performed (79).  The  study identified 11 new loci and 

confirmed 71 known- non-HLA susceptibility loci, with another 90 association 

signals related to RA. The majority of variants in RA were shared between the 

two ancestries groups, which have highly distinct linkage disequilibrium 

architecture, suggesting a true insight into RA aetiology. They also integrated the 
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GWAS results with other omics data for transcription factor binding sites and 

histone modification marks, performing enrichment analysis of RA variants. Large 

heritability variants presented preferential relationships with binding sites of the 

transcription factors associated with T-cell receptor signalling. The histone 

modification marks (such as H3Kme3 involved in chromatin accessibility), were 

strongly associated with RA-risk loci specific of CD4+T-cells including stimulation, 

memory and/or regulatory T-cells in agreement with previous trans-ethic GWAS 

meta-analyses performed on >100,00 individuals reported earlier (19). This 

further emphasized the key role for T-cells in the initiation and/or perpetuation of 

RA.  

Note that although more than 100 RA-risk loci have been identified, a large 

proportion of RA heritability is still unexplainable (19, 78, 79).  The Discovery of 

new RA susceptibility loci and the incorporation of other biologically relevant 

analyses such as transcriptomic and epigenetic analyses remains necessary for 

a more complete understanding of RA pathogenesis (80). 

 

Evidence of abnormalities in the CD4 T cell repertoire  

Contraction in the TCR diversity of CD4+T-cells and clonal populations in the 

CD4 compartment were reported in RA  (81).  

Clonal expansion was, at first explained as a consequence of specific responses 

to synovial self-antigens, however this hypothesis of an antigen drive 

autoimmunity in RA is unlikely to be absolutely true because such clonal 

expansions were not limited to the memory compartment, but involves also naïve 

T cells (82, 83). The loss of TCR diversity and the clonal expansion appeared to 

be due to accelerated ageing of the immune system in RA patients, whereby 

thymic function is lost earlier than in healthy people as suggested by the decline 

of TCR rearrangement excision circles (TREC, an indicator of newly generated T 

cells from thymus) notably in early, drug naïve RA patients (82, 84). A further 

reduction in diversity in the T-cells repertoire may result from a clonal expansion 

in order to fill the void left by CD4+ T-cell lymphopenia in RA (85). However, the 

autoreactivity may result from other processes as well. The abnormal CD4+T-

cells repertoire was also shown to results from the shaping of TCR by the SE 

(possibly by presenting self-peptides to CD4+ T cells in the thymus (7, 9, 82, 86) 

as well as preferential binding of citrullinated peptide by the SE alleles (73). This 

might result in selecting TCRs that are more reactive to self-antigens and lead to 

autoimmunity later. 
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Evidence of accelerated in T-cell senescence 

Premature senescence of T-cells in RA is associated with telomeres loss (12). 

The insufficient upregulation of telomerase activity was also reported in RA and 

telomere erosion was found in both the naïve and memory T-cell compartments 

as well as in progenitor cells (87). Loss of telomere length eventually leads to loss 

of gene on the end of chromosomes which can further affect the function of the 

cells. 

 

Evidence of defect in T-cell differentiation 

Defects of T-cell differentiation were observed in RA. The clonal expansion of 

unusual CD4+T-cells (CD4+ CD28- T cells) characterized by lacking CD28 cell 

surface molecule, functionally important for T-cells activation, have been in 

observed in the blood of RA patient (88). The presence of large numbers of such 

unusual T cells is likely to influence immune responsiveness and alter 

mechanisms of inflammation (88-90).   

Defects in CD4+T-cells differentiation was also studied by my supervisor 

research group. The loss of naïve cells and the appearance of atypical CD4+T-

cells that are expressing both naïve and memory differentiation markers 

(CD45RB, CD45RA, CD45RO and CD62L), namely inflammation related cells 

(IRC) (91-93), was observed in the blood of early, drug naïve as well as 

established RA patients. The correlation between the frequency of this  unusual 

cell subsets and levels of C-reactive protein (CRP) and the reduced TREC 

content compared to naive cells, while still being high in IRC, suggested that 

inflammation drives the proliferation of naive T cells and encourages their 

differentiation into atypical IRC. These are also hyper-responsive to antigen and 

mitogen stimulation while remaining naïve with respect to an antigen experience 

(92, 93). They also persist in remission (94, 95). 

 

Evidence of abnormal T-cell polarization  

Naïve CD4+T-cells differentiate and polarize to different effector; helper T-cells 

subsets (Th, e.g. Th1, Th2, Th17, Th9, Th22), follicular helper T-cells (Tfh) or 

inducible Regulatory T-cells - (iT-reg), according to the stimuli they receive. Each 

effector subset release a different pattern of cytokines Figure 1-2.  The abnormal 

polarization of these cells or the cytokines/chemokines releasing from them are 

important in cell-mediated immunity and can contribute to the pathogenesis of 

RA.  
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Th1 cells release pro-inflammatory cytokines such as IFN- ,ɹ IL2 and TNF-Ŭ and 

promote the activation of other immune cells such as macrophages, B cells, and 

CD8+ cytotoxic T-cells, required for host defense against intracellular viral and 

bacterial pathogens. Although the pro-inflammatory cytokine of Th1 cells could 

contribute to inflammatory cascade in autoimmune reactions, they might not be 

involved in RA pathogenesis as the differentiation of naïve CD4+Tcells toward 

Th1 was found to be impaired in RA (96, 97) with impaired commitment and 

expression of T-bet, the master regulator of Th1 polarisation (98, 99). 

Th2 cells produce IL4, IL5, IL9, IL13, and IL17E/IL25 which are important for the 

induction and development of humoral immunity and play an important role in 

coordinating the immune response to large extracellular pathogens. 

Differentiation of naive CD4+T cells towards Th2 appears intact in RA (99, 100). 

Apart from the classic Th1 and Th2 subsets, newly identified cell subset such as 

Th17, Th9 and Th22 have also been implicated.  Th17 cells have significant roles 

in RA pathogenesis. This subset produces potent pro-inflammatory cytokine such 

as IL17A, 17F, IL21, IL22 and TNF-Ŭ (101). The presence of numerous Th17-

cells and high levels of IL17 in the joints of RA patients was reported (102-104). 

These promote the activation of fibroblasts and chondrocytes, induces 

expression of the osteoclast differentiating factor RANKL. Besides, Th17 are able 

to suppress the differentiation of iTreg which have a role in regulating or 

suppressing other immune cells, thus shifting T-cell homeostasis toward 

inflammation (105). Despite this, studies about the role of Th17-cells in RA 

pathogenesis have suggested that Th17 cells may play a central role in the early 

disease-onset stages of RA from the at-risk stages up to diagnosis, but have 

limited effect later in the disease course (102, 106-108), notably in line with the 

lack of therapeutic efficacy of anti-IL17 Ab in RA (109). 

An increased frequency of Th9 cells and of the expression of IL9 was reported in 

the synovial tissues and fluid of RA patients (110). Th9 cells released IL9 which 

is involved in prolonging the survival of neutrophils in the synovium, stimulated 

the production of MMP-9 and facilitated Th17 cell differentiation (111).  

Th22 cells, which secrete IL22, are more likely to be recruited in the skin and 

contribute to host defines against microbial pathogens and promote tissue repair 

or remodeling (112).  

Treg cells are responsible for immune suppression, maintaining immune 

homeostasis and self-tolerance, which is mediated by regulating the activity of 

the effector T-cells via releasing of the suppressor cytokines IL10 and TGF-ɓ. In 

early and preclinical RA, Treg cell function is impaired, while Treg cell counts are 
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also reduced (48, 91, 113, 114). The balance between Th17/Treg is tilted toward 

more Th17 cells, suggesting  an association with RA development (115). 

Tfh cells release cytokine such as IL4, IL21, and IFN- ,h promote the survival and 

proliferation of B cells in germinal center and their production of antibodies. An 

increased  frequency of peripheral Tfh cells was reported in RA patients (116). 

This high level of Tfh also correlated with increasing ACPA levels  suggesting  the 

possible involvement of Tfh cells in the disease progression of RA (116).  

 

 

 

 

 

Figure 1-2 CD4+T-cells subsets Naïve CD4+T-cells can differentiate into a 

number of specific cells subset according to the signals provided by the 

microenvironment (i.e. polarising cytokine milieu). The differentiation/polarisation 

requires signalling through cytokine receptor/JAK/STAT complex resulting in  the 

induction of the expression and epigenetic commitment of transcription factors as 

master regulator of the engagement in polarisation (Tbet, GATA3, RORyt and 

RORa, AHR, BCL6,  Foxp3).  The diagram shows required cytokine signal, 

transcription factors of specific cell subset included Th1, Th2, Th9, Th17, Th22, 

Tfh, and Treg as well as the cytokine production profile. 
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Evidence of disturbed cytokine production 

Cytokines are responsible for the communication between the parts of the 

immunes system and  have an important role in RA pathogenesis. Cytokines can 

affect proliferation, differentiation/polarisation, and the survival of T-cells, all 

functionalities that contribute to RA pathogenesis.  

Cytokines are very important mediators in RA as proven by the success of 

therapies blocking their effect such as anti-TNF (117, 118), anti-IL6 (119) as well 

as JAK-inhibitor (120) more recently, while anti-IL1 was less effective (121, 122) 

and surprisingly anti-IL17 was not at all (123, 124).  

Effector CD4+T-cells release cytokines that promote inflammation (e.g., TNF-Ŭ, 

IFN-ɔ) or cytokine that promotes B-cell maturation (e.g., IL6 notably). However, 

the main source of cytokines expressed in the synovium in established RA (e.g. 

TNF-Ŭ, IL6, IL1, IFN-ɔ) are macrophages and FLS (125). This was the main 

argument to suggest a passive role for T-cell in promoting inflammation (in the 

late 90ôs) however, this was observed once the disease is already fully 

established. 

T-cells also contribute to RA pathogenesis through other cytokine production.  A 

clear example is the production of potent pro-inflammatory cytokines such as 

IL17A (126), IL17F (127), IL21 (128), and IL22 (129) and TNF-Ŭ (101, 130) by 

Th17 cells. IL17 promotes recruitment of other cells such as monocytes and 

neutrophils in the synovium, which in turn can further fuel inflammation in RA 

(131). They also promote activation of fibroblasts and chondrocytes, and 

osteoclast differentiation via  RANKL (132).  

Type-I interferon (IFN) signalling related gene expression has been described in 

many Autoimmune disease (AIDs) including RA (133). There is a substantial body 

of evidence to indicate the contribution of type-I IFN activity in RA, however with 

a role for IFN-ɓ, whilst most other AIDs place a greater emphasis on IFN-Ŭ (134-

136). IFN-ɓ in the joint is notably capable of protecting T-cells from undergoing 

apoptosis and thus has been associated with the development and maintenance 

of chronic inflammation (137).  IL7 which is highly expressed in the joints of RA 

patients, is also a major cytokine involved in CD4+T-cell survival, and is also 

highly expressed in RA synovial tissue (138-140).  
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Evidence of alteration in cross-talk between different cell types  

The most recent models of RA pathogenesis suggests that T-cell mediates/ 

orchestrate the action of other cells contributing to disease. T-cells have 

interactions with other cell types that are abundantly found in RA synovium; 

macrophages, FLSs as well as cells such as Dendritic cells (DCs), endothelial 

cells, and B-cells have been described which I summarised in Figure 1-3.   

Macrophages have been thought to be central to RA due to the fact they produce 

much of the cytokines involved in the inflammatory cascade. More recent data 

demonstrated that they actually share this role with FLS which are also central to 

RA. They notably undergo hyperplasia and express altered levels of cytokines, 

chemokines driving influx of immune cells, and matrix-degrading enzymes 

contributing to joint destruction (2).  

DCs are potential key regulators of the induction of immunity in their capacity as 

professional APC (141). In RA synovium, where immune cells are accumulated, 

T-cells can be activated through the presentation of auto-antigens by APCs, co-

stimulation (e.g. via pathways dependent on CD28, CD154 or CD47), or the local 

release of cytokines (e.g. IL12, IL6, IL21) by adjacent cells (142). In turn, T-cells 

can themselves produce as well as promote cytokine production by other cells, 

in particularly TNF-Ŭ production by macrophages as well as other cytokines such 

as IL1-ɓ, IL12, IL15 IL18 through cell-cell contact interactions (83, 142, 143). 

Activated T-cells can induce monocyte differentiation into osteoclasts via up-

regulation of receptor activator of RANKL contributing to bone erosion (144).  

Activated T-cells can also induce the release of TNF-Ŭ, IL15, MMPs by FLS as 

well as FLS proliferation (142, 145). Since the cytokines in the synovium can also 

induce more T-cells activation, positive feedback loops are  also created which 

maintain a vicious cycle and perpetuate the inflammatory state.  

T-cells also crosstalk to endothelial cells lining blood vessel. Endothelial cells 

response to Vascular endothelial growth factor (VEGF) the factor that leads to 

angiogenesis notably produced by cells when hypoxia develops when the 

synovium increase in cell content.  Under the influence of IL2, Ag or hypoxia, T-

cell can release VEGF, activate endothelial cells and promote angiogenesis as 

well as increasing expression of adhesion molecule and changing the 

permeability of vessels, allowing more immune cells infiltration  into the synovium. 

VEGF in turn, also affects T-cells differentiation toward Th1 (146). 

The accumulation of T cells and B cells in the synovium results in tissue 

organisation into lymphocyte aggregates, some with features of ectopic germinal 

centres (147). These can promote further recruitment of B cells via IL-21 
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production and promotes B-cells survival, proliferation and maturation (147), 

although this was demonstrated in tissue from the established disease.  

All types of interactions have therefore been described in RA but whether all 

mechanisms are relevant during the initiation, the progression to chronicity or the 

established phase of disease phase remains to be determined. It is likely that a 

specific time line of events is directing early progression while, after the 

establishment of chronicity, many more pathways may get activated untimely 

driving the development of heterogeneity in the disease and leading to many 

different patient phenotypes associated with different ability to respond to certain 

treatments better than others. 

 

Figure 1-3 The cross-talk between CD4+T-cells and different cell types in 
the RA synovium.  
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Modern T-cell targeted therapy 

Treatment for RA have evolved considerably over the past 2 decades. 

Historically, a number of lymphocytotoxic therapies have been employed in RA, 

ranging from total lymphoid irradiation to using monoclonal antibodies (mAbs) 

such as Campath (a T-cell depleting antibody) (148). In the early 2000ôs, 

autologous stem cell transplantation was used, in which patients received an 

infusion of their own pluripotent stem cells following aggressive chemotherapy, 

usually with cyclophosphamide (149). An initially unexpected óside effectô of 

these depleting therapies was prolonged peripheral blood lymphopenia, 

particularly of the CD4+ T-cells subset (up to 7 years after therapy) while CD8+ 

T-cells and B-cells were rapidly reconstituted (150). Furthermore, 

lymphocytotoxic therapy was followed by oligoclonal lymphocyte expansions in 

the blood and synovium of RA patients, presumably from peripheral memory T-

cell populations (151).   

Immunosuppressive drugs have been used since the early 2000ôs, mainly 

methotrexate (MTX) (152, 153) which was then used as the standard of care 

for the treatment in RA a few years later (154, 155), while hydroxichlorochine 

(HCQ) or sulfazalasine (SSZ) were used if MTX was not well tolerated. These 

however mainly worked in early stage disease and allowed about half of the 

patients to achieve a state a clinical remission (156) that may be relatively long 

lasting for some, particularly if introduced very early in the disease course (i.e. 

less than 6 month after the development of symptoms) (157). For the other half, 

patients develop resistance to these agents, requiring additional drug options. 

With early treatment being accepted as best practice, remission was observed 

in many more patients and allowed the development of a new concept, the 

window of opportunity in early RA (158). The goal of therapy therefore became 

the induction of remission as early as possible in the disease course (159), with 

national/international guidelines (160, 161) promoting this treat to target 

approach (i,.e. aiming for remission) ,. This is now achieved by the introducing 

MTX 1st, then escalating to MTX+HCQ if remission is not achieved 3 months 

later and then up to triple therapy adding SSZ later (160),  as the new 2018 

NICE national guidelines 

Finally, modern drugs were developed, some notably targeting T-cells with 

renewed success. The therapeutic modulation of T-cell co-stimulation (e.g. 
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abatacept- a CTLA4-lg fusion that block the CD28:CD80/86 costimulatory 

pathway(162)) or the profound immunodepletion of CD4+T-cells (e.g. keliximab, 

anti-CD4 monoclonal antibody (163) also confirm the significant role of T-cells in 

RA pathogenesis (164) while anti TNF agents (receptor blocking Ab, infliximal or 

adalunimab) or soluble receptor decoy (etanercpt) have now proven their efficacy 

for more than 10 years. The latest Ab therapy was an anti-IL6 agents (e.g. 

Tocilizumab, sarilumab) while the downstream signalling inhibition of the many 

cytokine pathways, the JAK-inhibitors (e.g baricitinib, tofacitinib) are small 

molecules that also both showed effective results for the treatment of patients 

with RA (165, 166). 

In conclusion, the evidence (added to the success of drug targeting T-cells) 

suggested many significant roles of T-cell in RA pathogenesis.  The strong link 

between the immunogenetic risk associated with RA, the contraction of TCR 

repertoire  which can contribute to the loss of self-tolerance suggested a most 

significant role for T-cells in the initiation of disease,  the pre-clinical and the early 

phases of RA pathogenesis.  Defective of T-cells differentiation as shown in 

atypical CD4+T-cell subsets and the polarization of CD4+T-cells toward Th17 are 

then hypothesized to be part of a second hit, involved the transition from pre-

clinical phase to clinical phase.  Once chronicity has established itself 

(established RA), T-cells appear to have a more passive role as the 

cytokine/chemokine present in the join are mainly the production of macrophages 

and stromal cells. 

Altogether, T-cells, B-cells, dendritic cells, endothelial cells fibroblasts and 

macrophages all have a role to play in RA pathogenesis, while some may be 

dominant at different time in the course of the disease.  

Recently, the advances of single-cell technology helped pinpoint further the 

importance of sub-population of cells with an inflammatory state contributing to 

RA pathogenesis (167-169). The integration of single-cell RNA sequencing, 

single-cell mass-cytometry, bulk RNA sequencing and flow cytometry data for 

CD4+T-cell, CD8+T-cell, B-cell, monocytes, and synovial fibroblasts from tissue 

biopsies of RA patient (167) identified several cell sub-populations of immune 

cells. The new cell subsets that were observed in RA were peripheral helper T 

(TPH PDCD1+) cells and follicular helper T (TFH) cells, CD8+T-cells expressing 

highly IFN-g, senescent memory CD4+T-cells, autoimmune B cells 
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(ITGAX+TBX21+), pro-inflammatory monocytes and sub-lining fibroblasts 

(THY1(CD90)+ HLA-DRAhi). Further change in the detailed phenotypeof these 

sub-populations of cells seem to be associated with RA pathogenesis, for 

example, change of homing capacities  and effector functions of CD4+T-cells, a 

more inflammatory status of monocytes (expression of IL1b) and fibroblasts 

producing IL6. More functional studies will have to be conducted to fully 

understand the role of these cell subsets in RA.  

Nonetheless, considering the strong evidence supporting a possible role for T-

cells as central to early pathogenesis in RA, this will be the focus of my PhD.  
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1.1.3 Unmet needs in RA 

The cause and early pathogenesis of RA still remains unclear. The obvious 

events  after the onset of disease, are an inflammatory cascade of immune cells 

activation, fuelling positive feedback loops.  The prolonged inflammation in joints 

leads to the destruction of tissue, cartilage and bone resulting in irreversible 

structural disabilities with time and pain.  Despite recent advances, there is still 

no cure for RA. Treatments currently still aimed to relieve  inflammation (i.e. 

treating symptoms but not the cause) and to slow down disease progression. 

Taking into account the progressive stages of the disease development while the 

disability are irreversible and RA a life-long condition, early diagnosis and early 

and effective treatment to stop the progression of the disease at its very beginning 

are  crucial to make a real difference for patents.  

In clinical practice, the main useful biomarkers commonly used to diagnose RA 

nowadays is the presence of autoantibodies such as RF, but more specifically 

antibodies to citrullinated peptides (ACPA) (170). However, ACPA positivity still 

has limitations and around ~40% of patients at presentation (i.e. not yet meeting 

the diagnostic criteria for RA), do not show the presence of ACPA (171). The 

delays in being able to be identified patients presenting with joint inflammation 

symptoms as an RA patient (i.e. meeting the criteria for such classification), 

prevents them from receiving a suitable treatment early, with a great reduction in 

clinical benefit for the rest of their life. Therefore, the development of novel 

biomarkers that could help in diagnosing RA (either used alone or together with 

other markers) remains very important, particularly for a large proportion of 

ACPA- RA patients. 

In addition, major heterogeneity exists between patients and an effective 

treatment for one patient may not be effective for another. This emphasizes 

another urgent clinical need for the discovery, validation, and development of 

stratification biomarker to classify patient subgroups for the better use of 

therapies. Elucidation the genes/ pathway involve at the beginning of RA will also 

help point to target for biomarker development (diagnosis/or others)  and also 

provide more understanding of disease pathogenesis, which will be beneficial for 

new target for treatment. 

RA was postulated to develop on a high-risk genetic background in combination 

with environmental exposures, notably smoking (172). Environmental risks are 

often causing a modification of the epigenome of cells (173). After cancer, 

Immune-mediated inflammatory disorders (IMIDs) and in particular, RA, became 

the topic of many research studies analysing epigenetic modifications. The recent 

analysis of the DNA methylation patterns in synoviocytes from RA patients 
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demonstrated a significant shift towards hypomethylation (174-176). Some of 

these modifications were further observed in circulating T-cells(173) suggesting 

that T-cells may also be  the target of epigenetic modifications that may lead to 

disease and also have biomarker value (due to their accessibility as blood 

samples) while providing new understanding of the disease pathogenesis. 
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1.2 Epigenetic (DNA methylation) 

 

Epigenetics regroups a number of mechanisms that regulated gene activity 

without a change in the DNA sequence itself. Epigenetic marks can be inherited 

in daughter cells (i.e. after cell division) or via the germline to the offspring.  It 

determines which genes in a genome are turned ON or OFF thus it is very 

important to normal cellular processes (177, 178).  A few examples are the role 

of epigenetic in cell differentiation (179, 180), the formation of tissue-specific 

cellular phenotypes (181, 182), X chromosome inactivation in female (183, 184).  

Although in general the epigenetic marks are stable and propagated over multiple 

cell divisions, at some specific DNA sites/regions they can be modified under the 

influence of the environment (e.g. nutrition, stress, medication), thus serving as 

an important mechanism for the adaptation of cells to changes in their 

environment (185). However, such alteration to the original patterns may also 

lead to pathogenic situations; especially in conditions that could not be fully 

explained by genetic variations (e.g. moderate concordance between identical 

twin studies), or conditions with a strong impact of the environment on disease 

development (186).  The environment can indeed influence epigenetic marks 

over time in particular when associated with a genetic background including 

variants in the epigenetic machinery enzymes, which might contribute to the 

disease risk. This has been largely documented, particularly in cancer (179, 187-

189) and more recently in IMIDs and in RA (173). 

 

1.2.1 Epigenetic mechanism 

Epigenetic mechanisms affect gene transcription without changing the DNA 

sequence itself (177). There are 2 major epigenetic mechanisms; DNA 

methylation, and histone modifications (while interference with small RNA (e.g. 

small interfering RNA, microRNAs, non-coding RNAs) are also sometimes 

considered under the epigenetic umbrella) both causing gene expression 

changes.   

In Eukaryotic cell, Chromosomal DNA is well-wrapped around proteins, the 

histones, which packed into a set of eight histone proteins formed a nucleosome 

structure that coiled, results into chromatin to accommodate a large amount of 

DNA in a small space and protect the genetic material (Figure 1-4).  The 

chromatin structure can regulate gene transcription by altering the availability of 

regulatory regions (e.g. promoters and enhancers) for the transcription machinery 

to bind to. An open chromatin structure, called Euchromatin, allows DNA-binding 
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proteins and Transcription factor (TF) to interact with regulatory DNA sequences 

and activate gene transcription. On the other hand, a closed condensed 

chromatin structure, the Heterochromatin, whereby the DNA is packed tightly 

around protein complexes, prevents TF interaction with regulatory sequences, 

leading to gene silencing (190-192).  

DNA methylation and Histone modifications regulate gene expression via 

different molecular mechanisms but both aim to control the close or open 

chromatin structure allowing the transcription machinery to do its job, whereas 

miRNA regulate gene expression by either repressing the translation of already 

transcribed mRNA or causing the degradation of multiple target mRNAs (193, 

194) 

Among these mechanisms, due to its relative stability in somatic cells and the 

ease of experimental detection, DNA methylation is the most studied epigenetic 

modification at the genome-wide level both in health and in diseases (195)  and 

is the focus of my thesis. 

 

DNA methylation 

DNA methylation is a modification of the DNA by which a methyl group is added 

to the 5ô position of cytosine (C) forming 5-methylcytosine (5-mC). DNA 

methylation mainly occurs in CpG dinucleotide (Cytosine-phosphate-Guanine, 

CpG site, Figure 1-4). DNA methyltransferases (DNMTs) are a family of enzymes 

that catalyse methylation by transferring the methyl group from S-adenyl 

methionine (SAM) to 5-mC (Figure 1-4).  DNMT3a and DNMT3b add methylation 

pattern to unmodified DNA (de novo DNA methylation)(196) whereas DNMT1 is 

primarily responsible for the maintenance of existing methylation on CpG loci, 

especially during cell proliferation (197, 198).  CpGs are distributed throughout 

the genome. CpGs can stand alone as an ñisolate CpGò dinucleotides, or present 

clustered together in a CpG-rich regions called a CpG island, which are usually 

located in the promoter region of genes (199, 200). Methylation of CpG sites 

located in a gene promoter therefore often coincide with suppression of gene 

transcription as methylation of these sites tend to promote a closed conformation 

of the chromatin (201, 202). Indeed, Methylated DNA regulation of gene 

transcription process by either itself, physically blocking the binding of the TF 

(203, 204) or through the binding to proteins specifically recognizing methylated 

DNA such as Methyl-CpG-binding domain proteins and the DNA 

methyltransferases themselves (205, 206). The binding of these proteins recruits 

additional proteins such as histone deacetylases and other chromatin remodeling 
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proteins to the  region, facilitating  chromatin compaction  and reinforcing a close 

chromatin structure forbidding the transcription process (205). 

 

 

Figure 1-4 DNA packaging and DNA methylation. 

A) The addition of a methyl (-CH3) group to DNA at 5ô of cytosine base 
forming 5-methylcytosine (5-mC ).      

B) Methylation occur at cytosine-phosphate-guanine (CpG) position of double 
strand DNA.  

(adapted from Molecular Biology, Chromatin Compaction, by Joëlle Brodeur and 
Martin Toussaint. 2006. DNA Methylation associated with diseases) 
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1.2.2 Methylation and diseases 

Methylation plays a critical role in maintaining normal cellular processes including 

embryonic development, cell specificity, differentiation of cell, ageing, and many 

other processes (reviewed in (207)).   

Abnormal patterns of methylation can lead to the pathological conditions 

including cancer, auto-immunity, metabolic disorders and many others.  The 

effect of such abnormalities has largely been studied in cancer. On one hand, 

global hypomethylation of CpGs in tumour cells (often closely associated with 

repeated DNA elements) (208) disrupts the ñnormalò state of large regions of the 

chromatin, resulting in genomic instability and contributing to cell transformation. 

On the other hand, hypermethylation of CpG islands is also observed in a 

number of tumour suppressor genes promoter resulting in their silencing and the 

further contribution to transformation (188, 209, 210). Hypermethylation of APC, 

RASSF1A and TP53, promoter region has been reported as a common marker 

for early detection of cancer or evaluation of cancer development (211). 

The original ñinjuryò associated with such epigenetic modifications is still unknown 

for many diseases although environmental factors are likely to be causal 

particular in malignancies (173). Certain factors that have long been associated 

with cancer (for example carcinogens such as arsenite, chlorobenzene, nickel) 

do not have mutagenic abilities (as observed for other class of molecules that can 

directly alter the genetic code), however, they were shown to exert their effect 

through epigenetic mechanisms (212-214). These reagents may also be able to 

target the epigenetic machinery itself. Such epigenetic modifications are 

therefore now called epimutation and are as important in tumorigenesis as 

genetic mutations (173, 187, 210, 215). Punctual mutations are also not likely to 

cause major functional disruption if they are not directly associated with a 

mechanism allowing the development of the cancer (or other diseases). On the 

other hand, methylated cytosine create a ñlesionò that cannot easily be 

discriminated by the mismatch mutation DNA repair mechanisms and may result 

in an increase G:T transition (i.e. a mutation)(216, 217), while, genetic mutations 

also often target genes implicated in the epigenetic machinery (218, 219). It was 

then suggested that an earlier involvement of epimutations and epigenetic 

mechanisms may allow DNA damages to persist unchecked by lowering the 

ñproof readingò capability of cells (220). DNA damage accumulating over time 

would then lead to further increase mutations and vice versa. Another essential 

observation was then, the discovery of epimutations present in the tissue 

surrounding tumours (221, 222). This therefore suggested a wider local 

perturbation reflecting an initial epigenetic injury at a wider levels. A localised 

genetic event (potentially in a single cells) may then developed in this 
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predisposed tissue and turn into a transformed clone of cells and then into a 

cancer.  

These observations led to the conclusion that mutations may not be the early 

events leading to cell transformation but a later consequence of an overall genetic 

instability initially created by epimutations. The nature of the original epigenetic 

injury is still elusive in certain forms of cancer, but in diseases like autoimmune 

disorders and particularly RA, inflammation appears a likely candidate while 

genetic events points to T-cells.  

 

DNA Methylation in RA 

In RA, there is increasing evidence showing alterations in methylation patterns. 

These modifications have been studied in SF, peripheral blood mononuclear cells 

(PBMC), and different subsets of immune cells and reviewed in (173, 185, 223).  

Early studies showed that  

ü SF showed global hypomethylation, causing overexpression of 

inflammatory cytokines (224-226) as well as aberrant re-expression of 

LINE-1 elements (175, 176) a retrotransposon that contributes to the 

general genome instability. Overexpression of IL-6, an inflammatory 

cytokine that stimulates many inflammatory responses, was further 

specifically associated with the hypomethylation of CpG Island in its 

promoter (227, 228).  

A few studies performed a close analysis of the change in methylation patterns 

in different immune subsets.  In general, it appears that hypomethylation affected 

genes that are activated during immune responses, hence likely towards 

perpetuating the disease.  

In T-cell,  

ü demethylation of the CD40L gene, crucial for immune activation of B-cells 

was observed, (229-231).   

ü hypermethylation in CTLA-4, protein receptor that functions as an immune 

checkpoint an essential molecule for Treg function (232, 233) suggesting 

impaired Treg, which play a role in suppressing the immune system 

ü decrease in methylation of the FoxP3 gene, (the master regulator for the 

development and suppressive function of Treg) was associated with 

therapeutic effect of MTX (234), resulting in Foxp3 upregulation and 

consequently increase CTLA-4 normalization of RA Treg function.  
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In addition to the genes involved in immune response,  

ü various genes involved in the methylation and demethylation machinery 

itself (such as DNMT1, TET1, TET2 and TET3) have also been reported 

to be altered at the DNA methylation levels in RA, which could have a 

major direct effect on the methylation status of more genes in T-cells (235).  

These initial observations clearly suggested that methylation change could be 

involved in RA pathogenesis. The advance in microarray technology later 

facilitated the study of DNA methylation changes associated with RA genome-

wide.  

ü 383 hyper- and 785 hypo-methylated CpGs were reported on CD4+T-cell 

from long lasting RA patients. These candidate CpGs were related to 

genes particularly involved in transcript alternative splicing and protein 

modification in addition to methylation changes in HLA genes (e.g. HLA-

DRB6, HLA-DQA1 and HLA-E) and other genes were also highlighted 

including HDAC4, NXN, TBCD,TMEM61, ITIH3, TCN2, PRDM16, 

SLC1A5 and GALNT9 (236). 

ü A second Genome-wide DNA methylation study again in long lasting RA 

patients from another group, identified 509 and 252 CpGs in T- and B-

lymphocytes, respectively (237). ARSB, DUSP22, GALNT9  were 

highlighted in T-cells and ADAMTS17, ASB1, BARX2  in B-cells.  They 

also emphasized the distinct changes in methylation pattern specifically 

associated with these two cells population in RA.   

Most of the studies of DNA methylation in RA have focused on established RA, 

where different courses of disease progression, different treatments and the 

accumulated burden of chronic inflammation  will have contributed to altered DNA 

methylation patterns while generating much heterogeneity at the same time. DNA 

methylation changes at the early stage of RA, while still naïve for disease 

modifying drug, have then gained attention.   

ü studies from SF, circulating T-cell, and B-cell in the early stages of RA 

demonstrated that DNA methylation alteration could occur early in the 

course of the disease and contributes to its development (238-240). The 

genes highlighted were  related to the wnt signaling pathway for SF, DNA 

binding protein and transcription factor in T-lymphocytes, and kinase 

activity and plasma cell functions in B-lymphocytes   study that compared 

DNA methylation change in early and established RA in T-cells showed  

o ~50 CpGs  that were common between the two stages  

o 218 CpGs  that are dominant in one of the stage.  
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Methylation changes that were dominant at the established stage are more likely 

to be  the consequence of the progression as well as reflect the variations in the 

disease course and its response to various treatment over time, whereas 

methylation changes at the early (drug naïve) stage are more likely to be 

important to the initiation of the disease and contribute to its pathogenesis.  

 

1.2.3 The role of Inflammation in triggering epigenetic changes  

Epigenetic could be influenced by environmental exposures. Various factors such 

as air pollution, tobacco smoke, malnutrition, and all sources of stress could 

induce epigenetic change leading the pathological condition (241). Several 

pieces of evidence from oncology research showed that inflammation can 

contribute to tumorigenesis via alteration of epigenetic profile of cytokine genes 

for example. IL1ɓ was reported to increases the risk of gastric cancer via the 

induction of aberrant DNA methylation profile in a mouse model (242). IL-6-

induced inflammation was shown to promotes tumorigenesis in the oral cavity by 

altering LINE-1 elementôs methylation (243). The proposed mechanism was that 

IL6 regulates the expression of the DNMT genes, which encoding the 

methyltransferase enzymes responsible for establishing and maintaining DNA 

methylation, thereby regulating  DNA methylation of other genes (244) and 

contributing to genetic instability and cancer progression. There is also other 

evidence (although with no clear mechanism) suggesting that oxidative stress 

and other pro-inflammatory cytokines (e.g. TNF-Ŭ and IFN-ɔ) could also induced 

methylation changes in cancer (review in (245)).   

A study in RA also supports a role for inflammation-induced DNA methylation 

changes (246).  It showed that chronic exposure to IL1 potentially contributes to 

global hypomethylation in RA SF also through the regulation of DNMT 

expression.  

Altogether inflammation could be an important factor in driving aberrant DNA 

methylation, contributing to the progression of disease. Smoking, bacteria or virus 

infections and injury are well-known environmental risk factors for RA.  It is 

possible that the inflammation caused by exposure to these factors triggers 

epigenetics change which together with RA genetic susceptible loci may be 

leading to pathogenesis.  
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1.3 The study of DNA methylation  

 

There are several methods to study DNA methylation. The methods of choice in 

my project were adapted to the purpose of each part of my study towards  

ü the discovery of novel epigenetic change as an exploratory study of DNA 

methylation in different cell subsets from early drug naive RA patients  

ü the determination of regions/genes of interest with specific alteration in 

DNA methylation patterns. 

ü the analysis of a specific mark in more details towards a clinical 

applications (i.e. as a biomarker)  

For an exploratory study, the recent advances in technology for next-generation 

sequencing and microarrays have allowed the epigenetic study of the whole 

genome with high resolution from a large number of samples. The technology 

that has been the most widely used for DNA methylation is genome-wide 

microarray as it provides a cost-effective platform and is easy to use 

experimentally (247-249).  Bisulfite conversion of unmethylated cytosine to uracil 

on DNA chains helps distinguish between methylated and un-methylated 

cytosine while the Microarray technology enables the study of multiple specific 

CpG sites spread all over the genome.  

The technology that was used to determine DNA methylation in samples in my 

project is the Illumina Infinium Human Methylation 450 Bead Chips array (Illumina 

Inc., CA, USA)(250, 251).  It allows to assess methylation levels in more than 

485,000 CpG sites per sample at a single-nucleotide CpG levels of resolution. It 

is designed to cover 99% of all known genes (by RefSeq) and 96% of identified 

CpG islands, with additional coverage for the regions flanking them (called 

shores/shelves) (251-253).  This technology allows a wide view of the genome 

methylation status to make sense in biological terms and offers the opportunity 

to find all the methylation marks that are linked to a disease for example. 

Computational tools are essential for handling the large and complicated datasets 

generated by microarrays. A limited range of publications describing 

computational analytical tools and packages were available in the public domain 

for the analysis of methylation microarray-derived data particularly beyond the 

initial stage of technical processing of the data  and notably at the time I started 

my PhD.  The programming language R is one of the most powerful open source 

tool for data analysis and statistical computing.  The capabilities offered by R are 

extensive, particularly when used in combination with packages from 

Bioconductor (254, 255), the open-source software repository that provides tools 



30 
 

for the analysis and comprehension of high-throughput genomic data.  

Nonetheless, in order to get a biologically meaningful result, which highly 

depends on the research question, a specific strategy is needed to develop an 

analysis pipeline after the basic tools for pre-data processing are applied.    

In contrast to genome wide array, the assessment of methylation at a specific site 

of interest, can employ several techniques.  These are either based on the 

enzymatic reaction or DNA bisulfite conversion, then followed by downstream 

molecular techniques such as  PCR and sequencing, pyrosequencing (256, 257), 

methyl specific PCR (258), quantitative Methylation-Specific PCR (qMSP) (259, 

260), or Methylation-Sensitive High Resolution Melting (261).  Which method to 

choose depends on the amount and quality of the DNA sample, the sensitivity 

and specificity requirements of the study, the robustness and simplicity of the 

method, the availability of specialized equipment and reagents, and 

bioinformatics software, and cost (248).  The method of choice in my project, is 

bisulfite sequencing and qMSP which will be described in more detail in the 

relevant chapter.   
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Chapter 2 Overall Rational and hypothesis  

 

The early pathogenesis of RA is still not clear and the series of events leading to 

disease remain to be elucidated as well as timed with respect to each other. In 

RA management, the diagnosis and treatment are not 100% effective. 

Understanding How and When genes/pathways involved in RA disease 

progression, will provide novel understanding about the pathogenesis which may 

be beneficial in many aspects including the discovery of new targets for treatment 

and for biomarker development.  

DNA Methylation alteration are now central to new hypothesis about their role in 

leading to disease rather than being a consequence of genetic instability 

(alteration being detected before other molecular events). As DNA methylation 

can be influenced by the environment, modification detected could provide the 

missing link between such triggers and the resulting measurable events leading 

to disease. Methylation change detected in RA so far were shown to be 

associated with known pathological pathways, suggesting that they are indeed 

truly reflecting the disease situation and could provide more understanding of RA 

pathogenesis.  

Considering that many RA susceptible loci are related to T-cell biological 

functions, all the other supporting evidences described for an pivotal role of T-

cells in the initiating phase of RA progression, the importance of aberration in T-

cell subsets at the disease initial stage (including the biomarker values associated 

with such disturbances),   I  hypothesised that methylation change in T-cells may 

occur early and can drive the disease towards chronicity.  

Therefore a study of DNA methylation in T-cells at the early stages of RA (drug 

naïve) was initiated by my supervisor. CD4+T-cells comprise several subsets, 

naïve and memory, regulatory, polarised helper cells é etc, which are different 

in nature and importantly use epigenetic changes as part of their differentiation 

commitment.  Considering that methylation change associated with the disease 

should be distinct from the epigenetic changes resulting from the differentiation  

of these cell subtypes, there could be more potential for discovery in taking a 

closer look at naive CD4+T-cells.  

The work performed over 20 years by my supervisor also pointed to changes 

and/or defect in naïve CD4+ T-cells (48, 92, 94, 95). This study, therefore used 

an illumina methylation genome-wide technology, for an exploratory study of RA 

pathogenesis, measuring  DNA methylation of early, drug naive RA compared to 

HC, in naïve and memory CD4+ T-cells.  Monocytes were also included as a 
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reference for another immune cell that respond to inflammation stimuli and also 

has an important role in RA.  

The aim of my project is first to identify changes in DNA methylation in these cells 

in early RA, to understand more about RA pathogenesis and second to select a 

CpG target for biomarker development.  

 

My thesis is therefore based on a general hypothesis and one main assumptions: 

General hypothesis   

ü Change in DNA methylation in CD4+ T-cells happen early in RA and may 

drive the disease development by altering important physiological pathways.  

Assumption  

ü Naïve CD4+T-cells are the main cells targeted by such changes  

My project is organised in 2 main part  

1. gain more understanding of early events/pathways in disease pathology 

by studying genome wide data on DNA methylation  

2. select potential CpG candidates for the development of a biomarker for the 

prediction of clinical outcome using the qMSP technic. 
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Chapter 3 Materials and Method 

 

This chapter describes the general material and method used in my thesis. All 

detail of reagents, kits, buffer and instruments used in this research can be found 

in Appendix 1.  

 

3.1 Ethics, Patients 

My project used samples from healthy volunteers and patients who were enrolled 

from an early arthritis clinic (EAC) into an observational register (named 

IACON/RADAR) of the Inflammatory Arthritis disease continuum at the Chapel 

Allerton (ChA) hospital in Leeds. All subjects and healthy volunteers gave 

informed written consent. The observational IACON/RADAR study obtained 

ethical permission in 2010 under the REC number: 09/H1307/98 (ethical approval 

letter attached in Appendix 2). 

In EAC, patients were examined using various clinical assessments (joint counts 

notably), diagnostic blood tests (for autoantibodies, inflammation markers), 

medical history, physical questionnaires of well-being, patient ability to perform 

daily tasks and imaging (ultra sound) in order to be classified toward a specific 

type of arthritis and to receive proper treatment. These parameters at the first visit 

(referred to as baseline) and follow-up visits (3, 6 and 9 months and yearly) were 

recorded in databases.  Blood samples were collected, processed, and stored by 

the ChA tissue bank team for research purposes at baseline and 6 months.   

At the first visit, some patients expressed features that met the classification 

criteria for RA or another type of arthritis (psoriatic, reactive, or osteoarthritis), 

another type of inflammation (gout, connective tissue inflammation) and can be 

allocated a specific diagnosis, while others remain unclassified (i.e 

undifferentiated arthritis, UA). Some patients also spontaneously resolve 

symptoms and are discharged. In some cases, it took up to 2-3 years to be able 

to be diagnose RA.   

For this project, I used different  

ü sample groups : HC, RA, other arthritis or UA,  

ü sample types : fresh blood, serum, frozen PBMC, frozen whole blood 

ü time points : baseline or week 24 



34 
 

in different experimental designs. The demographic and clinical details of the 

samples used in the different lines of work are described in the corresponding 

results chapters. 

 

3.2 Analytical resources  

My project needs access to several types of analytical tools and resources. Most 

of the bioinformatics work was performed with the R programming languages 

(262) and R packages available in Bioconductor (255), an open source software 

providing tools for the analysis and comprehension of high-throughput genomic 

data.  The R packages and other analytical tools used in my project are listed in 

Table 3-1.    
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Table 3-1 Analytical tools and data resource for the analysis 

Analytical tools     

R Package Package source and description Package web link 

dplyr (263) R package for data manipulation https://CRAN.R-project.org/package=dplyr 

reshape2 (264) R package for data restructure and aggregation https://CRAN.R-project.org/package=reshape2 

rms (265) R package for Regression model strategies https://CRAN.R-project.org/package=rms 

qqman (266) R package for generate Manhattan plot https://cran.r-project.org/web/packages/qqman/ index.html 

gplots (267) 
R package for data visualisation; Heat maps/ 
hierarchical clustering  

https://CRAN.R-project.org/package=gplots 

ggplot2 (268) R package for data visualisation https://cran.r-project.org/web/packages/ggplot2/index.html 

Minfi (269) 
R/Bioconductor package for DNA methylation 
data pre-processing, analysis and visualisation 

http://bioconductor.org/packages/release/bioc/html/minfi.html 

FDb.Infinium Methylation. 
hg19 (270) 

R/Bioconductor package for annotation Illumina 
Infinium DNA methylation probes 

http://bioconductor.org/packages/FDb.Infinium Methylation.hg19/ 

genefilter (271) 
R/Bioconductor package for statistical analysis 
from high-throughput experiments 

https://www.bioconductor.org/packages/release/bioc/html/genefilter.html 

bumphunter (272) 
R package for data Differentially methylated 
region (DMR) finding 

https://www.bioconductor.org/packages/release/bioc/html/bumphunter.html 

DMRcate (273) R package for data DMR finding http://bioconductor.org/packages/release/bioc/html/DMRcate.html 

Web-based tool     

Bio venn (274) 
web-based tool for comparison and 
visualization of biological lists using area-
proportional Venn diagrams 

http://www.biovenn.nl/ 

Panther (275) web-based tool for gene classification http://pantherdb.org/ 

https://cran.r-project.org/web/packages/qqman/
http://bioconductor.org/packages/release/bioc/
http://bioconductor.org/packages/FDb.Infinium
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String network analysis (276) 
web-based tool and database of known and 
predicted protein-protein interactions 

https://string-db.org/ 

Other Software    

Primer ExpressÊ Software 
v3.0.1 (Applied BiosystemsÊ)  

Primer design software Applied BiosystemsÊ 

Methyl Primer ExpressÊ 
Software v1.0 

Primer design software Applied BiosystemsÊ 

MethPrimer 2.0 Primer design software http://www.urogene.org/methprimer2 

Bi search web server Primer design software http://bisearch.enzim.hu/  

Sequencing Analysis 5.2 
(Applied Biosystems ),  

Sequencing analysis software Applied BiosystemsÊ 

The Design and Analysis II   qPCR  analysis software Themo fisher could application. 

Data resource     

UCSC database 
  

Genome browser 
  

UCSC Genome Browser: Kent WJ, Sugnet CW, Furey TS, Roskin KM, 
Pringle TH, Zahler AM, Haussler D. The human genome browser at 
UCSC. Genome Res. 2002 Jun;12(6):996-1006.  

NCBI GEO dataset 
database for methylation data and gene 
expression data 

https://www.ncbi.nlm.nih.gov/gds 

 

http://bisearch.enzim.hu/
http://www.genome.org/cgi/content/abstract/12/6/996
http://www.genome.org/cgi/content/abstract/12/6/996
http://www.genome.org/cgi/content/abstract/12/6/996
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3.3 Initial procedures for obtaining Genome-wide DNA 

methylation data: Samples procedure and data acquisition 

 

Before I started my PhD, a Genome-wide DNA methylation array (Illumina 

Infinium Human Methylation 450 Bead Chip) was performed by an external 

contractor (Hologics, Manchester) on peripheral naive CD4+T-cell, memory 

CD4+T-cells, and monocytes from 6 HC and 10 early patients (who meet the 

EULAR-2010 classification criteria for RA (1)), being naïve for disease-modifying 

anti-rheumatic drug (DMARD) and having an active disease with at least 3 

swollen joints and raised inflammation markers (CRP>10 mg/L). The raw data 

were provided to my supervisor as 48 idat files. I performed an analysis of this 

data set.  

The detail of samples processing, and data acquisition are described in the 

appendix 3.  These were performed by a research technician before my arrival in 

Leeds. 
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3.4 Genome-wide DNA methylation data analysis 

A data analysis pipeline was designed using a combination of R (V3.3.1)(262), 

Bioconductor R packages, in-house R scripts, and other analytical tools. An 

overall analysis and experimental workflow show in Figure 4-1in part 1 

introduction. 

 

3.4.1 Quality control and Data pre-processing 

A total of 48 genome-wide DNA methylation profiles (from 3 cells subset of 6 HC 

and 10 early RA patients) were retrieved in IDAT files and were loaded into R.  

Each sample provided reads for signal intensities (for both methylated and 

unmethylated DNA) for the 485,512 CpG site (each specifically associated with 

a probe). Data quality control analysis and pre-processing were performed with 

the R package Minfi (269). Plots of Methylation levels (in form of ɓ-values) for 

density including all 48 samples and bean plots for each individual sample were 

generated using the same R package.  

CpG probes which were identified to be common SNPs and cross-reactive probes 

that have been shown to hybridise to multiple locations in the genomes were 

filtered out to prevent false interpretation of the methylation signal 

difference(277). Methylation levels for each CpG site were presented as ɓ-value 

or M-value according to the analysis to be performed.  

¶ ɓ-values are the ratio of the fluorescence intensity between the methylated 

and unmethylated probes, ranging from 0 (all copies of the CpG in the 

sample are un-methylated) to 1 (all copies of the CpG in the sample are 

methylated). 

¶ M-values are log-transformed ɓ-values preferably used for statistical 

testing(278).  
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3.4.2 Initial exploration of data 

3.4.2.1 Visualizing Multivariate Data 

Multidimensional scaling (MDS) for (i) each cell types, (ii) genders, and (iii) RA 

versus HC was performed to examine the source of variation in the dataset and 

were plotted using the mdsplot function in the minfi package in R(269).  

 

3.4.2.2 Identification of Differentially Methylated individual CpG site (T-

test,  Manhattan plot, heatmap) 

2-sided t-tests (on M-value) were performed on every CpG using the function 

rowttest in the genefilter package (271) for significance of the difference in 

methylation between HC and RA.  

A manhattan plot for illustrating the levels of significance of differentially 

methylated CpGs between HC and RA was plotted using -log10(P-values) for 

each probe on the array against its chromosomal position using R package 

ñqqmanôô (266). Three thresholds defining high/medium/low level of significance 

for differentially methylated CpG were set at p-value Ò 0.0001, Ò 0.001, and Ò 

0.01, respectively. 

A hierarchical clustering and a heatmap of the significant DM CpG (P-value Ò 

0.01) between HC and RA was generated for visualising the DNA methylation 

level and observing the relationship between groups (HC/RA). This was 

generated from ɓ-values using the heatmap2 function of the gplot package (267).   

 

3.4.2.3 Annotation of CpG Island and Gene information associated with 

individual CpG/probe  

The relevant information related to CpG Island and gene associated with each 

probe (gene symbol), were retrieved before further analysis to select candidate 

CpGs with biological meaning.  Each CpG sites/probe was related to annotation 

for CpG Island information on position, size, enrichment of CpG, number of 

probes in the island, and the associated gene using using getAnnotation in the 

minfi package (269) and the getNearestTSS function in 

FDb.InfiniumMethylation.hg19 package (270). It is worth noticing that this 

package associates the nearest Gene transcript to a CpG, however, this may not 

be its true biological association. 



 
40 

 

3.4.3 Developing tool to identify Differential Methylation (DM) 

To identify clusters of DM CpG, a custom R scripts to score each individual CpG 

and prioritise them was developed (the concept and details will be described the 

results section, full code available on request). 

 

3.4.4 Further analysis to understand the biological relevance of DM 

gene to RA pathogenesis. 

Several tools were used to understand the relevance of DM. This included Gene 

Expression Omnibus (GEO) repository to retrieve publicly available gene 

expression data, and STRING database (279, 280) to examine the interaction the 

proteins associated with DM.  I worked in collaboration with other students in my 

supervisor research group for some of this analysis.  This will be clearly 

mentioned in each particular section of the result part. 
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3.5 Sample preparation 

3.5.1 Isolation of peripheral blood mononuclear cells (PBMC) from 

human peripheral blood (Ficoll) 

A sample of peripheral blood (PB) was collected from all participants in EDTA 

containing vacuette blood bottles. The PBMCs were isolated by density gradient 

separation using LymphoprepTM, according to the manufacturer's instructions.  

Briefly, PB was dilute 1:1 with PBS before slowly layer on to the lymphoprep (with 

ration 1 lymphoprep: 2 diluted PB) at RT and centrifuged at 2,400 rmp, with no 

break for 20 min at RT.  The cloudy lymphocyte layer was then aspirated and 

transferred to new falcon tube containing cold PBS before centrifuge at 1,800 

rpm, 10 min at 4oC.  The supernatant was discarded, and cell pellets were 

washed twice with cold PBS before centrifuging at 1500 rpm, for 10 min, at 4oC. 

After removing the supernatant, cell pellets were kept on ice until ready to for 

further steps.  Cell counting was performed during the washing step or after finish 

as described below.   

Fresh PBMS samples were used for fluorescence-activated cell sorting.  

 

3.5.2 Cell counting and viability Testing with Trypan Blue Exclusion 

Method 

Cell number and viability was assessed by Trypan blue on the basis that living 

cells possess intact cell membranes that exclude the dye while dead cells do not.  

The cell suspension was mixed with 0.4% trypan blue dye in 1:1 dilution. 

Live/dead cells were counted with a haemocytometer with a light microscope.  

 

3.5.3 Fluorescence-Activated Cell Sorting (FACS) 

FACS is a technique that identifies and purifies a cell subset form a mixture of 

cell populations.  It used the capability of flow cytometry to detect the specific light 

scattering characteristics of each cell and the fluorescent labelled attached to cell 

surface molecules by specific antibodies.   

In this project, I sorted 5 cell subsets: CD4 T-cells, CD8 T-cells, NK cells, B-cells, 

and monocytes.  In brief the, PBMC were isolated from fresh EDTA blood and 

stained with antibodies using a standard cell surface staining protocol. (see 

below).  
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3.5.4 Standard cell surface staining protocol  

Cell pellets were resuspended in blocking buffer for 30 min at 4oC. Blocking buffer 

was removed by centrifuging at 500g, for 5 mins at 4oC (same for other centrifuge 

steps) and the supernatant was poured out. Cells were resuspended in 1x 106 

cells/100 µL of FAC buffer were stained with antibodies according to the purpose 

of the experiment (see detail below), for 30 min at 4oC in the dark. Stained cells 

were then centrifuged to discard the excess antibodies and washed once with 

FACS buffer before resuspending in 200 µL of FACS buffer for analysis on the 

FACS machine.    

For cell sorting, cell stained with a single cell surface marker (i.e., 1 antibody only) 

were used first for setting gates. Then cells stained with a mixture of all antibodies 

were sorted on the Influx FACS machine, operated by the Flow Cytometry and 

Imaging facility support staff. Antibodies used for staining each cell type and an 

example for gating are showed in Figure 3-1,A (antibodies detail are described in 

Appendix 4). 

For purity (see below), cells were stained with a single antibody (anti-CD4) or 

together with anti-CD3 (optional) and analysed on Attune machine, against light 

scattering. Antibodies used for staining and an example for gating are showed in 

Figure 3-1, B.  
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A:  Cell sorting 

Antibodies for cell sorting assay 

Staining tube Antibody Dye Volume used/ 1x106 cells 

Single staining 1 CD3+ FIT C 6 µL 

Single staining 2 CD4+ APC-cy7 4 µL 

Single staining 3 CD8+ A700 4 µL 

Single staining 4 CD14+ Pacific Blue 6 µL 

Single staining 5 CD19+ APC 10 µL 

Single staining 6 CD56+ PE 10 µL 

Mix staining Combination of all 6 antibodies above 

 

Gating detail for cell sorting  

Target cell Antibody Dye 

CD4+T-cell CD3+ FITC 

CD4+ APC-cy7 

CD8+T-cell CD3+ FIT C 

CD8+ A700 

B-cell CD19 APC 

NK cell CD56+ 

CD3 - 

PE 

(no FITC) 

NKT cells CD56+ 

CD3+ 

PE 

FITC 

Monocyte CD14+ Pacific Blue 
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B: CD4+T-cells purity check 

Antibodies for CD4+T-cells purity check  

Staining tube Antibody Dye Volume used/ 1x106 

cells 

Single staining 1 CD4+ V500 5 µL 

Single staining 2 

(optional) 

CD3+ FIT C 6 µL 

 

 

Figure 3-1 Cell sorting and CD4+T-cells purity check 

A) Antibodies staining condition detail and gating for cell sorting and B) CD4+T-

cells purity check  assays.  
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3.5.5 Working from frozen PBMC 

The Frozen PCMC were taken out from the -150oC freezer ChA tissue bank.  

Cells were rapidly thawed by gently swirling the vial in the 37oC water bath until 

only a small crystal was left in the vial.  Cells were then transferred to a 15 ml 

tube and diluted with ice-cold PBS.  Cells were maintained in a cold condition for 

all of the following step. The Cell suspension was centrifuged at 500g for 5 min 

at 4oC before the freezing milieu was discarded. Cells were then washed with ice-

cold PBS and centrifuged.  Cell counting was performed after the final wash.  

Of note, after thawing, frozen cells may be sticky and clumped as there was a lot 

of cell death and cell debris.  Such PBMC could be used directly for DNA 

extraction. However, for CD4 T-cell isolation, well-separated cells are needed 

and the clumped PBMC cells needed to be discarded. Filtering aggregated 

suspensions through a 37 µm cell strainer or using a DNase treatment was tested 

as an alternative option. 

 

3.5.6 CD4-T-cell isolation by magnetic bead and purification check by 

flow cytometer and purity check 

CD4+ T-cells were isolated from frozen PBMC using the immuno-magnetic 

negative selection, Human CD4+ T Cell Isolation Kit (EasySepÊ). The principle 

is to label unwanted cells with antibody that will form complexes with magnetic 

particles before using a magnet to separate the magnetically labelled cell from 

the untouched target cells, here the CD4+T-cell. CD4+T-cell isolation was 

performed according to the kit protocol with optimisation for frozen cells. In short, 

PBMC were suspended at 5 x 107 cells/mL in recommend buffer (PBS containing 

2% FBS and 1 mM EDTA) adjusting volume depending on cell counts in 

polystyrene round-bottom tube. 50 µL/mL of the Isolation cocktail of antibodies 

were added to the cells and incubated for 5 min, at RT.  

The magnetic beads (RapidSpheresÊ), were then added at 50 ÕL/mL to the 

sample.  The sample was mixed and toped-up with the buffer to 2.5 ml before 

placing the tube into the magnet for 3 min to allow magnetically labelled cell to 

attach to the tubeôs wall.  The non-labelled cells (CD4+T-cells) were then poured 

out into a new tube. After isolation, the purity of the isolated CD4+T-cells was 

checked by flow cytometry using a single antibody (anti-CD4) labelled with V500 

(5 µL per test). Cells were stained according to the standard protocol described 

above and analysed as per the gate described in Figure 3-1. Cells were also 

counted as described above. 
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CD4+T-cells with purity more than 90% were used in further experiments.  Cells 

were immediately processed for DNA isolation or stored as cell pellets at -80oC 

for future use.  

Notes;  

¶ Contaminants were mainly unidentifiable debris (i.e. not other cell types) 

hence the needs to eliminate such samples as they would be containing 

large amount of DNA from unknown cells. 

¶ In case of having a limited number of target cells, after pouring the CD4+T-

cells fraction out, the tube with labelled-unwanted cells on the wall was 

removed from the magnet and were resuspended with 2.5 mL recommend 

buffer. The tube was then placed again into the magnet to gain more CD4 

T cells that might stayed in the bottom of the tube. This did not affect the 

purity of isolated cells, but gained more CD4+T-cells.  

 

3.5.7 DNA isolation and quality check 

Genomic DNA of target cells (from both fresh or frozen cells) were extracted using 

a silica-membrane-based DNA purification principle (QIAamp DNA Blood Mini 

Kit). DNA isolation was performed according to the manufacturerôs protocol.  

Briefly, Cell pellets, up to 5 x 106 cells resuspended in in 200 µL PBS were added 

to 20 µl of Proteinase K, followed by 200 µL of lysis buffer (Buffer AL) in a 

microcentrifuge tube and incubated at 56oC for 10 min. DNA was precipitated by 

adding and mixing well with 200 µl of 100% ethanol. The sample was transferred 

to a QIAamp Mini spin column, then centrifuged to separate the supernatant at 

15000 g for 1 min (used for all centrifugations). The DNA which is adsorbed onto 

the QIAamp silica membrane in the column was washed using 2 centrifugation 

steps with 2 different wash buffers, (Buffer AW1 and Buffer AW2), to remove any 

residual contaminants. Purified DNA was then incubated with Buffer AE for 10 

min before being centrifugated to elute the DNAfrom the QIAamp Mini spin 

column.  

DNA quality and concentration were asserted using a spectrophotometer 

(ND1000). An absorbance ratio (OD280/OD260) at 1.8 ï 2 was accepted as pure 

DNA and such samples were used for further experiment. Poor quality DNA was 

also used although data were analysed separately to ensure alignment with good 

quality samples.  Isolated DNA was stored at 4oC for use within 1-2 week or at -

20oC for long-term storage.  
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3.6 ELISA  

Frozen serum samples were retrieved our departmental tissue bank from -80°C 

freezers.  Two commercial Sandwich enzyme-linked immunosorbent assays 

(ELISA) kits were used to measure cytokines: IL-21 and IL-34 (Biolegend, UK). 

ELISA was performed according to the manufacturerôs instructions. Briefly, 50 ÕL 

of the standard or sample was added pre-coated plated with a monoclonal mouse 

anti-the specific human antibody and incubated while shaking at 200 rpm for 2h. 

The plate was washed 4 times with wash buffer before adding 100 µLof the 

Human detection antibody solution and incubate while shaking for 1h. The 

sample was washed and then incubated with 100 µL of Avidin-HRP for 30 min 

followed the wash and 100 µL of substrate solution for 10 min. 100 µL of stop 

solution was added in the final step and the absorbance was read at 450nM. The 

cytokine concentration was calculated by comparing the absorbance to the 

standard curve in the log-log graph.  Non-parametric Mann-Whitney U-test was 

performed on data comparing HC and RA. Statistical analysis was performed in 

SPSS V24.  
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3.7 Bisulfite sequencing  

3.7.1 Method Principle of bisulfite sequencing 

Bisulfite sequencing is considered the gold standard technique used to study 

DNA methylation in a region of interest at a single nucleotide resolution (281). It 

is the combination of two techniques: bisulfite conversion and sequencing. 

Bisulfite conversion help distinguish the unmethylated from the methylated 

cytosines. The sequencing technology provided effective access to the nucleic 

acid sequence.  

Bisulfite sequencing includes 3 main steps:  

ü bisulfite conversion,  

ü PCR amplification,  

ü sequencing and methylation status analysis. 

 

Bisulfite conversion 

The conversion of cytosine using Bisulfite makes it possible to map un-

methylated cytosine as these are change into a different base while methylated 

Cytosine (in a CpG site) are protected from that conversion (282). The reaction 

of bisulfite conversion involved denaturation of genomic DNA, deamination of 

unmethylated cytosine residues and desulfonation (Figure 3-2). This treatment 

causes the unmethylated cytosines to convert into uracil, which will then be 

amplified as a thymine in a following PCR, while methylated cytosines remain 

intact (Figure 3-3).  Conversion allows to distinguish between methylated and 

unmethylated-cytosine in a base level, enabling DNA methylation studies.   
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Figure 3-2 The chemical reaction that underlies the bisulfite conversion of 

cytosine into uracil. (modified from (283)) Genomic DNA is denatured and 

treated with sodium bisulfite (sodium hydrogen sulfite NaHSO3,) leading to the 

conversion of cytosines tocytosine sulfonate, which is converted touracil 

sulfonate, and then desulphonated to uracil while the methylated cytosines 

remain intact. 

 

 

 

Figure 3-3 DNA sequence after Bisulfite conversion and PCR amplification.  

The free cytosine (shown in black) and unmethylated cytosine at CpG site (shown 

in orange) are converted to uracils by bisulfite and changed to thymine after PCR 

reaction.  In contrast, methylated cytosines at CpG sites (shown in blue) remain 

cytosines after the conversion and PCR.  
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PCR amplification  

A second important step is PCR amplification of the target region from the 

bisulfite-converted DNA.  In this step, the target region should be amplified 

regardless of methylation status. Therefore, primers should be designed in a 

region that do not contain CpG site. It is however difficult to achieve this as DNA 

methylation studies when looking at CpG rich region or CpG island. If unable to 

avoid any CpG site, the CpG site should then be located at the 5ô end of the 

primer where the mixed bases (either cytosine and thymine) should not interfere 

too much with priming and allowing DNA amplification.  

 

Primer design guideline for bisulfited converted DNA  

Unlike normal PCR, designing the PCR reaction for bisulfite converted template 

is challenging. Conversion of many unmethylated cytosines to thymine reduces 

DNA complexity. Furthermore, as a result of the conversion, DNA remains 

relatively denatured by high temperature (i.e. no longer fully complementary 

double strand). DNA also becomes highly fragmented.   

Primer design is critical for a successful amplification and thus should be done 

considered these facts.  

ü As DNA is not complementary, primers for the sense strand are different 

from the anti-sense strand.  The methylation status of CpG could be 

accessed using primer design for either of them. The lower complexity of 

the DNA increase the possibility of promiscuous binding, making it difficult 

to design PCR with high specificity. Primer, therefore, need to be longer 

(26-30 bases) than normal PCR and the melting temperature should be 

higher (>55oC) than for PCR (and even higher for qPCR, see later). In the 

complete bisulfite treatment reaction, all free cytosines (cytosine at non-

CpG site) are converted to thymine. Thus, the free cytosine should be 

included in primer sequences to ensure amplifying of the fully converted 

DNA.   

ü Fragmented template DNA (by the bisulfite treatment) limit the length of 

PCR product. Primers should aim for the amplicon between 150-300 bp.  

In addition, designing bisulfite converted PCR primers should also follow the 

basic rule of PCR, For example,  

ü the forward and reverse primers should have a compatible melting 

temperature,  

ü they should not form duplexes with each other or themself,  
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ü they should be specific for the target region, and not for other regions in 

the genome. 

Aside from primer design, PCR condition could also contribute to the successful 

amplification. It is recommended to use  

ü Hot Start polymerase to improve the reaction specificity.   

ü Because DNA is no longer complementary Increase the PCR cycle to 35 

- 40 cycles (it takes longer before the reverse primer can bind to its 

complementary template which is generated just from the forward primer. 

 

Sequencing and methylation status analysis. 

The third step is the sequencing of the amplified target region. The sequencing 

remains based on the dideoxynucleotide chain termination and capillary 

electrophoresis-based separation of the sequencing products. The results are 

displayed as an electropherogram in which a sequence of peaks each 

representing a base-position and the four colours identifying the base (A, T, C or 

G).   

The DNA methylation status at each CpG site can be interpreted by analysing 

the electropherogram peak. The CpG site (after conversion) can be observed by 

reference to its position in the original DNA sequence (unconverted). 

Unmethylated free cytosines are converted to thymine while methylated 

cytosines in CpG remain the same or not if the CpG is un-methylated. At the 

individual CpG site, the presence of a C-peak therefore indicates a methylation 

at CpG site, the presence of a T-peak indicates an un-methylation CpG site, the 

presence of a mixture of both C and T-peaks indicates partial methylation at that 

CpG position.    

It is important to consider that at each individual CpG site in the genome, a 

cytosine can either be methylated or unmethylated.  DNA samples are derived 

from the DNA of populations of cells, some that could have methylated CpG, and 

some cells that could have unmethylated at each CpG site. Therefore, the 

methylation status of individual CpG refers to the proportion (hence usually 

described as a percentage) of cell in that population in which cytosine are 

methylation at that CpG site. 
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3.7.2 Method detail of bisulfite sequencing 

3.7.2.1 Bisulfite conversion 

To differentiate between unmethylated and methylated cytosine in DNA 

methylation studies, Bisulfite conversion was performed using the EZ DNA 

Methylation-Gold Kit  following the manufacturerôs protocol. In short, 500 ng of 

genomic DNA in 20 µL PBS and 130 µL of the CT conversion reagent were mixed 

to a final volume of 150 µL in PCR tubes and placed into a Gradient Thermal 

Cycler programmed to denature at 98 ºC and incubate at 64ºC for 10 min and 2.5 

h, respectively. Samples were then transferred to the Zymo-SpinÊ IC Column 

for desulphonation and clean-up through adding 200 µL of desulphonation buffer 

followed by several washing and centrifugation steps (15000 g for 30 at RT).  

Pure Bisulfite-converted DNA was eluted from the column matrix with 20 µL of 

Elution Buffer and used for immediate analysis for PCR/sequencing or stored at 

-20ºC for later use. Note: Bisulfite converted DNA is less stable, it is better to use 

within 1-2 week.  The Quantity of bisulfite converted DNA was measured by 

nanodrop using the value of 50 ɛg/mL for Ab260nm =1.0) 

 

3.7.2.2 Direct Bisulfite sequencing 

Bisulfite sequencing was used to access DNA methylation status at target CpG 

sites of the candidate genes.  

 

3.7.2.2.1 Primer design for Bisulfite-converted DNA 

Primers were designed to amplify a region containing the candidate CpG sites to 

be tested for methylation status from Bisulfite converted Genomic DNA according 

to the primer design guideline.  Design could use either sense or antisense DNA 

strands.  

First, the genomic DNA sequence of candidate regions was obtained from UCSC 

or NCBI database (Human Genome Assembly GRCh37.p13). The sequence was 

then bisulfite converted in silico, using the sequence manipulating function in the 

online platform, MethPrimer 2.0.  Forward and Reverse primers were designed 

using 3 primer design softwares (MethPrimer 2.0, Bisearch, and Methyl Primer 

ExpressÊ Software v1.0). The primer sequences were modified to obtain the 

suitable Tm (between 55 and 60 oC) and to avoid self-dimers/hairpins or primer-

dimers.   
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The PCR product was checked in silico to ensure the specificity to the genome, 

absence of homology with other sequences of bisulfite-converted human genome 

DNA, using the blasting function of the Bisearch primer-design and search tool.   

All primers were synthesised by Thermo Fisher Scientific, reconstituted to a 

concentration of 100 uM in sterile water.  Primers were aliquoted stored at -20oC. 

The detail of each primer described in the appropriate result sections.    

 

 

3.7.2.2.2 PCR Amplification of target DNA   

The target DNA regions containing the candidate CpGs was amplified from 

Bisulfite converted DNA by PCR with the specific-design primer pair. In order to 

obtain the amplified product, PCR conditions were optimised from a standard 

PCR mixture and conditions as recommend by the manufacturerôs instructions of 

the HotStarTaq DNA Polymerase and HotStarTaq Master Mix Kit and described 

in Table 3-2. All reactions were performed in the TC-512 gradient thermocycler 

machine. The PCR product size and primer specificity were analysed by Agarose 

gel electrophoresis and visualized under the UV light (see agarose gel section).   

In order to ensure the specificity and a good yield of each PCR product for each 

primer pair, the following factor were optimised.  

ü Aneling temperature,  

ü Mg2+ concentration,  

ü Primer concentration (labelled in blue in Table 3-2).   

Successfully amplified PCR products were used immediately in the next step or 

were stored at 4oC for use within 2-3 days. 
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Table 3-2 Composition of PCR reaction and PCR cycling program 
recommended by the manufacturer 

 

A : Composition of PCR reaction recommended by the manufacturer 

 

 

B: PCR cycling program recommended by the manufacturer 

 

 

  

Stock conc. Reagent Final conc. vol/1 reaction

10X PCR Buffer* 1x 2

25mM MgCl2 1.5 mM (vary at  1.5-3 mM) 0*

10 mM of each dNTP mix 200 uM of each 0.4

100 uM Primer A 0.5 uM (vary 0.1-0.5 uM) 0.1

100 uM Primer B 0.5 uM (vary 0.1-0.5 uM) 0.1

5 Unit/ul HotStartTaq DNA polymerase 2.5 U/reaction 0.5

Distilled water 14.9

Template DNA < 1ug/100 ul reaction 2

Total Volumn 20

*Buffer contain 1.5 mM

PCR cycle

Initial activation 95 °C 15 min

Denaturation 94 °C 0.5-1m 25-30 cycles

Annealing 50-68 °C 0.5-1m

Extension 72 °C 1 m

Final extension 72 °C 10 min
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3.7.2.2.3 Agarose gel electrophoresis  

The PCR products were analysed by Agarose gel electrophoresis.  1.5% w/v of 

Agarose gel was prepared in Tris-borate-EDTA buffer (TBE) and 5µl ethidium 

bromide /100 ml of Agarose gel.  5 µL of PCR product and 1 µL of 6X gel loading 

dye were mixed and loaded into a well of the Agarose gel.  50 bp or 100 bp DNA 

ladder were used as size marker.  The agarose gel electrophoresis was run at 

100 V for 20-45 min in 1x TBE buffer and visualized the under the UV light 

(ChemiDoc Imaging Systems,). 

 

3.7.2.2.4 Sequencing  

Purification of the PCR product 

The amplified PCR product (amplicon) from converted DNA was purified prior to 

performing the direct sequencing in order to remove unincorporated primers and 

dNTPs that might interfere with the sequencing result.  2.5 µL of PCR product 

was added with 1 µL of ExoProStar enzyme, which include Exonuclease I and 

Alkaline Phosphatase, and incubated at 37oC, for 15 min, and then at 80oC, for 

15 min for enzyme inactivation. 

 

Sequencing reaction 

The purified PCR amplicon was used as the template for sequencing using 

BigDyeÊ Terminator v3.1 Cycle Sequencing Kit.  The mixture and thermocycling 

condition of the standard reaction was described in Table 3-3. The sequencing 

reaction for each target region was performed according to the standard 

recommendation of the manufacturer's protocol. The reaction was performed in 

TC-512 thermocycler machine. 

Before loading the sequencing reaction onto the analyzer, the product of the 

sequencing reaction was cleaned-up using ethanol precipitation. Briefly, 10 µL of 

the reaction product was added with 3 µL sodium acetate (3M, pH 5.2) and 30 µL 

95% ethanol. After incubation at RT for 30 min, the DNA was then centrifuged at 

2254 g, for 30 min.  DNA pellets were washed with 70% ethanol and dried for 1 

minute at 95°C.  The purified pellets were re-suspended in 20 µL of HiDi 

formamide and sequenced on the 3130xl Genetic Analyzer.    
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Table 3-3 Composition of sequencing reaction and thermo cycling program 
recommended by the manufacturer 

 

A : Composition of sequencing reaction  

 

 
 
 

B:  Thermo cycling program  

 
 
 

  

Reagent vol/1 reaction (uL)

Ready Reaction Mix (RRM) 4 ul

Primer 3.2 uM (forward only ) 1 ul

Nuclease free water 4 ul

DNA Template 1 ul

Total volume 10 ul

Thermo Cycle

Initial denaturation 96ºC 1min

Denaturation 96ºC 10 sec 28 cycles

Annealing 50ºC 5 sec

Extension 60ºC 4 min

Hold at 15ºC
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To obtain the best quality sequences for specific PCR product, optimisation was 

performed on these following parameters:  

ü DNA template concentration,  

ü Primer concentration,  

ü RRM enzyme concentration,  

ü thermocycling conditions.   

The controls used to optimize each step prior to use the patient DNA samples 

were : 

ü fully Methylated DNA, in which 100% of CpG are methylated, based on 

DNA from Human cells or from Hela cells.  

ü fully Un-Methylated DNA, in which 100% of CpG are methylated, based 

on DNA from Human cells  

 

 

3.7.2.3 Bisulfite sequencing analysis 

Sequencing data were obtained in a *.ab1 file format from the 3130xl Analyzer. 

The Data analysis software, Sequencing Analysis 5.2 (was used to process the 

raw data of which the results were displayed as an electropherogram of the base 

pair sequence (each base is represented by a peak in a different colour).   

The percentage of methylation at individual CpG sites was calculated by dividing 

the height of the peak of cytosine signal (i.e. protected from conversion by the 

methylation) by the height of both the peak of thymine (converted as not protected 

by methylation) added to the height of the cytosine peak signal, and multiply by 

100 as in the formula below. 

 

% of Methylation = [ C Peak/ (C Peak + T Peak)] x 100 

 

Of note: The completeness of the bisulfite conversion reaction can be confirmed 

by the absence of free cytosine peak (i.e., a cytosine that is not at CpG site) as 

all free cytosine should be converted to Thymine.  
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3.8 TNF-  hpromotor Bisulfite sequencing condition 

The conditions for the TNF-Ŭ promotor region sequencing after Bisulfite 

conversion were optimised with another student (co-author) and presented in my 

manuscript (284).  Briefly, CD4 T-cells were isolated (CD4+ T cell enrichment kit 

STEMCELL) with ~ 97% purity. DNA was extracted (QIAamp DNA blood mini kit), 

and bisulfite converted using the EZ DNA methylation-GoldTM kit. To amplify a 

small region in the promoter of the TNF gene, a polymerase chain reaction (PCR) 

was performed (containing HotStarTaq enzyme, dNTPs, buffer, QIAGEN), 500 

nM of forward and reverse primers (F5ô-GAGTGTGAGGGGTATTTTTGATGTT-

3ô), (R5ô-CTCTCCCTCTTAACTAATCCTCTA CTATCC-3ô), 1mM MgCl2 and 2 ÕL 

of converted DNA. PCR conditions were 1 cycle of denaturation (10 min at 95°C), 

followed by 40 cycles of amplification (94°C for 10s, 59°C for 20s and 72°C for 

45s), and a final extension (72 °C for 10 min). The PCR product (2.5 µL) was 

added to 1 µL of ExoProStar enzyme (IllustraTM ExoProStarTM) and placed in 

the thermocycler for 1 cycle of 15 min at 37°C, followed by 15 min at 80°C. The 

PCR product was finally diluted with 3.5 µL of nuclease-free water before use in 

the sequencing step. BigDye Terminator (V3.1 Cycle sequencing kits,) was used 

for sequencing: 0.25 ÕL of ñReady Reaction Mixò, 3.5 Õl of ABI sequencing buffer 

and 0.16 µM primer (forward and reverse reaction done separately) were add to 

1 µL of PCR product in 10 µL total volume. The mix was placed on a thermocycler 

for 28 cycles (96°C for 10 sec, 50°C for 5 sec, and 60°C for 4 min). The samples 

were then precipitated with ethanol and the DNA pellets dried for 1 minute at 

95°C. Pellets were re-suspended in 20 µL of HiDi formamide and sequenced on 

the 3130xl Genetic Analyzer. 

  



 
59 

 

3.9 Development of qMSP (Quantitative methylation-specific 

PCR) 

3.9.1 Method Principle of qMSP 

qMSP is a fluorescence-based, real-time qPCR method to detect DNA 

methylation at a locus in genomic DNA (258, 259).  This technique employed the 

capability to distinguish methylated cytosine from normal cytosine after bisulfite-

conversion and the capability of highly sensitive quantification of a target region 

by qPCR (258, 259, 282, 285).  The detection of methylation status relies on 

methylation-specific primers (and also the probe when using TaqMan-based 

detection). The concept is therefore to prime and amplify only when a target locus 

is either methylated or unmethylated. This imply that specific CpG itself(s) is/are 

usually targeted by the assay (rather than a whole region)(286). The methylated 

(or demethylated) status of the target locus can be determine using the Ct value 

from the specific reaction (target-Ct) and the quantitative part needs to be 

calculated as the relative methylation value (DCt) of that specific CpG to the 

implication of a reference gene that is not dependent on methylation (reference-

Ct)(286, 287).  

 

There are two types of fluorescent reporter molecules to detect qPCR products 

for this technique, the SYBR green and the TagMan chemistry. 

SYBR green-based detection  

The SYBR green method uses a double-stranded DNA binding fluorescence dye 

to monitor the amplification of the PCR product (included in the PCR reaction 

reagents) (288).  As the PCR progresses, more PCR product is generated. The 

SYBR green dye binds to double-stranded DNA amplicon, which results in an 

increase of fluorescence intensity proportionally to the amount of PCR product 

(289, 290). The SYBR green method is relatively low costs and easy to design. 

However, the binding of SYBR green dye is non- specific (it binds to any double-

stranded DNA in the reaction) which can lead to false-positive fluorescence 

detection notably if primer dimers or other type of double strand DNA are present. 

Thus, well-designed primer and a post-PCR analysis for the ampliconôs specificity 

is very important.   This can be achieved using melting curve analysis and 

Agarose gel electrophoresis after the reaction to ensure the reaction specificity 

(i.e. the presence of a unique amplicon and the absence of primer dimers or 

heteroduplex)(291).    
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Melting curve analysis (Figure 3-4)  

After a SYBR green PCR reaction, a melting curve analysis can determine the 

PCR specificity by observing how the fluorescence signals change while 

increasing the temperature.  As the temperature raise, double-strand DNA which 

has incorporated the fluorescence dye molecules, dissociates into single-strand 

DNA and the dye molecules is released (hence not able to fluoresce any longer).  

Sudden decrease of fluorescence signal are detected when the melting 

temperature (Tm) of dsDNA amplicon is reached.  Because this Tm is directly 

related to the length and GC content of the amplicon, the melting characteristics 

can be used to distinguished different sizes of DNA products (i.e. the amplicon 

versus primer dimers).  Primer dimers are shorter than the expected PCR product 

thus have a lower Tm. Plotting the change in fluorescence / change in 

temperature (ïȹF/ȹT) against temperature provides a good view of melting 

dynamics. The peaks show a sudden change in signal when a Tm is reached.  A 

single peak indicates a single product while multiple peaks indicate more than 

one product (288, 291).  

 

 

 

Figure 3-4 Melting curve analysis. A) A single peak indicative of a single PCR 

product. B) Multiple peaks indicative of more than one PCR product being 

produced. 

 

 

  

A. B. 
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Tag-Man based detection  

The Tag-Man method (292) was designed to improve specificity of the Real-time 

PCR by introducing an oligonucleotide probe in the reaction. This probe is 

designed to the bind DNA sequence between the two primers (in the amplicon) 

and contains a fluorescent reporter dye on the 5' end of the probe and a quencher 

dye on the 3' end. While the probe is intact, the proximity of the quencher dye 

prevents the fluorescence emitted by the reporter dye through fluorescence 

resonance energy transfer. During the PCR reaction, the probe binds to the target 

sequence (single stranded amplicon). When the Taq polymerase synthesising 

the new DNA strand from the forward primer reaches the probe, it cleaves the 

probe using its intrinsic 5ô nuclease activity.  The destruction of the probe causes 

the separation of the reporter dye from the quencher, allowing the reporter to 

produce a fluorescent signal.  Each time a new PCR amplicon is created, the 

reporter and quencher are separated, and the fluorescence increases 

proportionally (288).  

Fluorescence, therefore, increase proportionally with the product allowing 

effectively monitor of the reaction throughout the run (288).  TagMan provides 

more specific detection and no need for post PCR check-up however it comes 

with the high cost and needs more effort for assay design. 

  



 
62 

 

qPCR analysis (Figure 3-5)  

PCR theoretically doubles the number of amplicons with each amplification cycle.  

The fluorescence can be detected and recorded by the instrument at every cycle 

as the reaction progresses. The instrument then generates amplification curves 

by plotting fluorescence against the cycle number showing the accumulation of 

PCR products over the duration of the entire reaction.  

 

 

Figure 3-5 qPCR amplification plot of the target gene (blue) and reference 

gene (red) assay. qPCR amplification plot demonstrates the change in 

fluorescence over the number of cycles. It shows in sigmoidal curve compose of 

3 phases.  The cycle threshold (Ct) value of each reaction is defined as the cycle 

number when the fluorescence of a PCR product can be detected above the 

background signal in the exponential phase. The relative amount of PCR product 

of the target gene can be measured by comparing Ct of target gene reaction to 

the reference gene reaction (ȹCt). 

 

The PCR amplification curve develops over 3 phases :  

ü initially a background phase at the beginning of the reaction where there 

is no fluorescence as the amount is below detection capacity of the 

instrument,  

ü an exponential phase where the amplification is at full efficiency, and 

fluorescence levels double at each cycle to the next, 

ü a plateau phase where the reaction is limited by the exhaustion of 

reagents.  
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Data collected during the exponential phase of the reaction allows the user to 

determine the initial quantity of the amplification target precisely.   

A reaction threshold needs to be set in the exponential phase where the level of 

fluorescence is directly proportional to the cycles and where the PCR efficient is 

theoretical 100% efficient.  The quantity of an amplification determined by a 

certain amount of florescent is chosen ( a level significantly away from the 

background phase) that is related to a specific cycle of the PCR reaction : a cycles 

threshold or Ct,  which is the cycle number at which the chosen fluorescent levels 

is achieved.  Ct values are directly related to the starting amount of target 

sequence. The higher the Ct value, means that more cycles are needed to 

amplified the amount of PCR product needed to reach the fluorescence level 

chosen.  

Relative amount of PCR product are usually used to described data. This is done 

by using a reference gene to be amplified under the same condition but for which 

the initial amount is only related to the amount of input material. It is used to 

normalize samples. For gene expression this is usually performed using 

housekeeping gene(s), which expression is not regulated by any factor and 

therefore is the same in every cells. In the case of qMSP it should be a region of 

DNA that does not include any CpG hence not susceptible to change in 

methylation status.  

 

qMSP Reaction  

qMSP reactions are an adaptation of the qPCR Principe.  Both SYBR green  and 

TaqMan chemistries can  be used. Two types of reactions are needed for a 

quantitative assay: one assay, methylation-dependent for a CpG of interest and 

a methylation-independent assay for a control gene for normalization. 

The detection of the methylation status of the target genes by qMSP relies on 

methylation-specific primers that are designed to prime and amplify only when 

the target CpG is either methylated or unmethylated.   The assay is developed 

by designing primers covering a region with several CpG sites. The more CpG 

sites (with the same methylation status), the more specific the assay. This applied 

to both design for a SYBR green or TaqMan assay. 

To achieve accurate and reliable qPCR results when working with the patient 

DNA samples which vary in initial template quantity and integrity, especially after 

bisulfite treatment, normalization of the target CpG against a control assay (for a 

region not susceptible to change in DNA methylation) is critical to adjust for these 
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difference in quantity and quality of DNA input.  The Internal control for qMSP 

could be any sequence of DNA that is not containing CpGs. The control region 

assay can be performed in a separate reaction parallel to the reactions of the 

target gene for an individual patients sample. 

 

Quality control and assay development 

Optimizing qMSP reaction as well as working on multiple samples (multiple 

plates) requires the use of standard DNA sample with known levels of methylation 

that is achieved using completely methylated or completely unmethylated DNA 

derived from cells (or cell lines) and commercially available. During optimization 

it is needed to see the specificity of methylation-dependent primers and for 

creating a dilution curve to access the assay efficiency. No template control is 

also used in the assay development and to check contamination or any false 

positive signal (particularly when using SYBR green to detect primer dimers). 

 

Efficiency of the PCR assay  

In an Ideal PCR reaction, the amount of template should double in every cycle 

during exponential amplification. The efficiency, which is an ability to double the 

amount of template in every cycle, should be 100%. However, in the practical 

PCR reaction, the experimental factors such as the secondary structure, non-

optimal reagent, PCR inhibitor can influence the reaction efficiency (293). 

Therefore, the efficiency of the newly developed reaction should be tested before 

the assay can be used.   

PCR efficiency of each assay could be obtained from the dilution curve which is 

the plot between the log of the serial of DNA concentration and its Ct value.  

Fitting the standard curve to linear regression model provides information on the 

slope, y-intercept and correlation coefficient (R2) of the curve.  The reaction 

efficiency was calculated from the slope using the formula below. 

 

Efficiency = 10(ï1/slope) ï 1 

 

Efficiency varies between reactions and primers pairs / concentration. The 

reactions should have efficiency as close to 100% (a slope of ï3.32) as possible. 

Efficiencies between 90% and 110% were considered a good reaction and then 

was chosen to continue to work with the real clinical sample (288). 
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The y-intercept corresponds to the theoretical limit of detection of the reaction. It 

may be useful for comparing different amplification systems and targets. R2 could 

provide how well the data fit the regression model. The closer to 1 the better. In 

some case, data at the edge of dilution series (either at high or low concentration) 

could be removed from the plot to improve the R2.  The range of DNA 

concentration in which R2 still in a good fit implies the sensitivity of that PCR 

assay. It provides the dynamic range of DNA template that can be used in PCR 

reaction where it does not affect the efficiency. 

 

3.9.2 Method detail of qMSP 

qMSP is used to quantify the methylation status in region containing a candidate 

CpG site.  The Development of qMSP started with assay design, reactions 

optimisation and efficiency test which were done using fully unmethylated and 

methylated control DNA.  The Optimized assay was then used to quantify 

methylation of the target locus in genomic DNA from patients samples. The 

design and optimisation were performed for two qPCR detection method, SYBR 

green and Tag-Man, as separately described below.  

 

3.9.2.1 Design and optimisation of a SYBgreen assay 

3.9.2.1.1 Assay set up 

For the individual samples, two types of reaction are required in order to 

determine the methylation of the target genes using qMSP assay. 

ü a PCR reaction for the gene of interest which is a methylation-

dependent reaction designed to interrogate the methylation status of a 

specific CpG. 

ü a PCR reaction for an internal control which is a methylation- 

independent reaction designed to normalise the target gene reaction to 

the input DNA in the sample.  

 

3.9.2.1.2 Primer design  

qMSP primer was designed following the basic rules for amplifying bisulfite-

treated DNA.  This includes increasing the reaction specificity by increasing 

primer length or introducing more Guanine in the primer sequence), decreasing 

the PCR product size, and/or increasing cycle number (294). 
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For the PCR reaction of the target genes, qMSP primers were aimed for detecting 

the demethylated DNA at the specific CpG site targeted.  Thus, the primers were 

designed to recognize the unmethylated CpG site targeted and located at 3ô end 

of the primer. Because unmethylated cytosines were converted to Thymine (after 

DNA bisulfite conversion), the primers sequence for the CpG site were then 

designed to detect TG not CG. 

For the PCR reaction of the internal control, the qMSP primers should amplify 

bisulfite modified DNA independently its methylation status. They were therefore 

designed to avoid regions containing CpG sites.   Example of primers design on 

target gene and control genes shows in Table 3-4.   

 

To do this, First, the genomic DNA sequence of candidate genes was obtained 

from NCBI database. The sequence was then bisulfite converted in silico using 

the sequence manipulating function in MethPrimer 2.0.  Forward and Reverse 

primer were designed using the, Primer Express 3.0.  The primers sequences 

were manually modified to obtain the best Tm difference, %GC, position of the 

CpG site in the primer, the number of free cytosines, and most importantly to 

ensure no primer dimers/loop or secondary structure.   

The In silico PCR product was checked to ensure specificity as the absence of 

homology present with other sequences on the bisulfite-converted human 

genome, using the blasting function in Bisearch primer-design and search tool.   

All primers were synthesised by Thermo Fisher Scientific, reconstituted to a 

concentration of 100 uM in sterile water.  Primers were aliquoted stored at -20oC. 

The detail of each primer pair was described in the result section and Appendix 

5. 
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Table 3-4 Example of SYBR green qPCR primers design on target gene and  
control genes.   

 

3.9.2.1.3 General SYBgreen-based qMSP reaction  

After bisulfite conversion, genomic DNA was amplified using locus-specific PCR 

primers. Power SYBRÊ Green PCR Master Mix was used. The standard PCR 

mixture and Thermo cycle condition recommend by the manufactureôs protocol 

were followed as described in Table 3-5 and Figure 3-6. The PCR reaction was 

performed in MicroAmpÊ Optical 96-Well Reaction and run on QuantStudio 5 

Real-Time PCR Systems.  To confirm the reaction specificity, melting curve 

analysis was also performed on the same machine right after the PCR reaction. 

This informs on the presence of a single PCR amplicon (hence specificity) as well 

as presence of primer dimers even if the design was meant to limit them. The 

data was collected and analyses by " The Design and Analysis II " module.  The 

threshold cycles (Ct) method was used to quantify the product and normalise it 

to the control PCR. After the thermal cycling reaction, Gel electrophoresis was 

also performed to validate the data obtained from a melting curve.  
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Table 3-5 Reaction composition and qPCR cycling program of SYB Green-
based qMSP  

 

A: Composition of qMSP reaction 

 

 

 

B: qPCR cycling program 

 

 

 

 

 

 

Figure 3-6 Diagram of SYBgreen-based qMSP cycling program  

  

Stock conc. Reagent Final conc. Vol/reaction (ul)

2X SYBR mastermix 1X 12.5

vary F primer 50-900 nM 2.5

vary R primer 50-900 nM 2.5

 10 ng/ul DNA template 50 ng/ul 5

Distilled water 2.5

Total Volumn 25 ul 25

qPCR cycle

Step Temperature Time

Initial activation 95 ºC 10 min

Denaturation 95 ºC 15 s

Annealing/Extension 60 ºC 60 s

95 ºC 15 s

60 ºC 60 s

95 ºC 1 s

Melt curve

40 cycles
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3.9.2.1.4 Optimisation  

For each SYBR green based qMSP reaction, several factors need to be optimised 

to obtain a efficient assay.  The fully unmethylated DNA control was used during 

this optimisation process. 

ü Primer concentration: The purpose of this procedure is to determine the 

minimum primer concentrations giving the maximum ȹRn.   

o F and R primer were tested between 50 mM-900 nM 

according to the primer matrix below. 

 

 

 50 nM 300 nM 900 nM 

50 nM    

300 nM    

900 nM    

 

 

ü Annealing temperature is optimal in SYBR green qPCR assay at 59-

60oC. Adjusting annealing temperature of the primers was performed to 

increase the reaction specificity in all primer set.   

o The reaction was run at different annealing temperature 

±3oC from the standard annealing temperature at 60oC.  

It is important for SYBR green reaction to ensure of the absence of primer 

dimer or any non-specific product that can lead to the false positive signal.  

 

3.9.2.1.5  Efficiency and specificity of the PCR assay for un-methylated DNA  

PCR efficiency of both the target gene and internal control reactions were 

assessed by creating a dilution curve.  A serial dilution of fully methylated and 

unmethylated DNA controls was performed at a concentration range from 0.01 

ng to 50 ng. The reaction was performed in triplicate for each condition. Ct value 

of each  points in the dilution series was collected and plotted against the log of 

DNA concentration to generate a standard curve for both the target and reference 

genes. The assay efficiency of both assays was calculated as mentioned earlier. 

PCR specificity for the target gene and the control gene could also be observed 

from this experiment. The internal control reaction should be able to amplify both 

methylated and unmethylated DNA sample with the same efficiency, while the 
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target gene reaction should only be able to amplify specifically the unmethylated 

DNA.  

 

3.9.2.2 Design and optimisation of Tag-Man assay  

3.9.2.2.1 qMSP Assay set up 

Two types of reaction are again required in order to determine the methylation of 

the target genes using qMSP assay. 

ü a PCR reaction for the gene of interest which is a methylation-dependent 

reaction designed to interrogate the methylation status of the targeted 

CpG. 

ü a PCR reaction for the control gene which is a methylation-independent 

reaction designed to normalise the target gene reaction to the input DNA 

in the sample.  

 

3.9.2.2.2 Primer/probe design  

qMSP primers were designed following the same basic rules.  

However, for this TaqMan PCR reaction for the target CpG, qMSP primers and 

probe were aimed for detecting and amplifying  the methylated DNA at specific 

CpG sites (mainly due to need for high melting temperature difficult to achieve on 

the unmethylated sequence).  Because of methylated cytosine will still  remain 

as a cytosine after bisulfite conversion, the primers should be designed include 

3-5 CG sites and should detect CG (not TG as in the previous SYBR green assay 

that was detecting the un-methylated DNA).  Location of the CpG site at 3ôend of 

primer help increases specificity.   Probe also can be designed to include CG site 

to increase the reaction specificity.  For the PCR reaction of internal control, 

qMSP primers should amplify bisulfite modified DNA independent of methylation. 

They were therefore designed to avoid CpG rich regions.    

The genomic DNA sequence surrounding the candidate CpG was obtained and 

converted as previously described. Forward primer, Reverse primer and probe 

were designed using the TagMan MGB quantification function of the primer 

design software, Primer Express 3.0.  The primers/probe sequences were 

manually modified to obtain the better Tm difference, %GC, position of CpG site, 

and the number of free cytosines.  The In silico PCR product was checked to 

ensure the specificity to the converted genome as before.  All primers were 

synthesised by Thermo Fisher Scientific, reconstituted to a concentration of 100 
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uM in sterile water.  TagMan custom probe-MGBNFQ were synthesised by 

Applied Biosystems reconstituted to a concentration of 2.5 uM in sterile water.  

Primers and probe were aliquoted stored at -20oC. The detail of each primer pair 

and probe design, are described in the relevant results sections   

 

3.9.2.2.3 Tag-Man PCR reaction 

After bisulfite conversion, genomic DNA was amplified using locus-specific PCR 

primers and TaqManÊ MGB Probe. TaqManÊ Universal Master Mix II, (no UNG 

version) was used. The standard PCR mixture and Thermo cycle condition 

recommend by the manufactureôs protocol are described in Table 3-6 and Figure 

3-7. The PCR reaction was performed as before. The data was collected and 

analysed as before. 
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Table 3-6 Reaction composition and qPCR cycling program of TaqMan-
based qMSP  

 

A: Composition of qMSP reaction 

 

 

 

B: qPCR cycling program 

 

 

 

 

Figure 3-7 Diagram of TaqMan-based qMSP cycling program.  

  

Stock conc. Reagent Final conc. Vol/reaction (ul)

2X universal mastermixII no UNG 1X 10

vary F primer 50-900 nM 2

vary R primer 50-900 nM 2

2.5 uM Taqman probe 250 nM 2

DNA template 10 ng/uL 2

Distilled water 2

Total Volumn  20 ul 20 ul

Step Temperature Time

Initial activation 95 ºC 10 min

Denaturation 95 ºC 15 s

Annealing/Extension 60 ºC 60 s
45 cycles
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3.9.2.2.4 Optimisation 

For each TagMan reaction, several factors needed to be optimised the same was 

as the SYBR green reaction.  The fully methylated DNA control was however, 

used during the optimisation process. 

ü Primer concentration: tested between 50 mM-900 nM.  

ü Annealing temperature: tested ±3oC from the standard 60oC. 

 

3.9.2.2.5 efficiency of the PCR and specificity for methylated DNA  

PCR efficiency of TagMan assay was performed the same way of for the SYBR 

green-based qMSP as described earlier.  

PCR specificity checking for the control gene reaction in TagMan assay was also 

the same with SYBR green-based assay. However, the TagMan target gene 

reaction should be able to amplify specifically to methylated DNA instead of 

unmethylated DNA.  

 

3.9.3 Assay performed on patients samples 

Once I had optimised the final condition for the assay, it was used to access 

methylation of the target CpG in genomic DNA.  

For each sample, target gene reactions were run in parallel to the control reaction 

and were performed in duplicate/triplicate. Fully methylated and unmethylated 

control DNA were included on each plate as a positive and negative control. 

 A no-template control was also added to ensure no contamination. 
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3.9.4 qMSP quantification 

The relative level of methylation in the target gene could be measured using Ct 

value of the reactions.  It is presented as a percentage of methylation (% M).  The 

formula to calculate it is as followed. 

 

Percentage of methylation (%M)  = Relative level of methylation x 100 

     = 2 -ȹȹCt x 100 

By; 

ȹCt sample  = Ct sample target gene - Ct sample internal control 

 

ȹCt calibrator =  Ct calibrator target gene - Ct calibrator internal 

control 

 

ȹȹCt  =  ȹCt sample - ȹCt calibrator 

 

Relative level of methylation  =  2 -ȹȹCt 

 

Sample   is an individual bisulfite converted DNA sample. 

Calibrator   is the standard fully methylated bisulfite converted DNA refer 

as 100% methylation 

Target gene   is the methylation-dependent reactions of each target genes 

Internal control  is the methylation-independent reactions of the internal 

control to normalized target gene reaction with the input DNA 

of the individual sample. 
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3.10    Statistics  

Highly specific statistics were applied all the way through the thesis and were 

described in the relevant sections. This notably applies to the bioinformatics 

analysis performed in my thesis. The development of a Biomarker requires 

specific tools as well which are described here in details.  

Different statistic tests were used for comparing the % of methylation between 

different patients groups according to each analysis. Non-parametric tests were 

used, Mann-Whitney U (MWU)(unpaired), Wilcoxon signed-rank test (paired), 

and Dunn test (Ó3 groups) followed by KruskalïWallis test for multiple corrections 

were used as data were not normal distributed. The statistical significance was 

obtained when the p values are 0.05 or less. Statistical analysis was performed 

using R software 3.5.2.  

 

Statistic involved in evaluation of Biomarker performance 

A biomarker can predict whether or not that patient has a particular outcome (a 

disease, or a risk for something or a particular response to treatment).  Several 

statistical characteristics are used to evaluate biomarker performance. Receiver 

Operator curve (ROC) and area under the curve are used to access the predictive 

or discrimination ability of biomarker (295).  Performance characteristics such as 

sensitivity and specificity describe how well the test is able to identify patients 

with the target outcome, while positive and negative predicted value gives 

information about the value of a specific test (296).  These scores are calculated 

by comparing the biomarker predicted  result to the actual outcome (as further 

detailed below).   

 In order to obtain a predicting value for a biomarker, a model of the interaction 

between the outcome (or response variable) and the biomarker (predictor 

variable) have to be developed. The statistical tools used to help with this analysis 

are usually logistic regressions. 

 

Logistic regression is used to examine the relationship between a dependent 

categorical variable (the outcome) and one (or more) independent variable(s). It 

is a method of choice to evaluate biomarkers in clinical research when looking at 

a binary outcome (297) e.g. a biomarker used to determine whether or not (ñyesò 

or ñnoò) patients are having the outcome (a disease, or a ñ good responseò or 

ñpoor responseò to an intervention).  This kind of analysis is known as a binary 

logistic regression.  
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Logistic regression fit models for the probability of an event occurring (the clinical 

outcome) depending on the values of the independent variables (the biomarker 

and other variables).  Logistic regression also attempted to  

1) estimate the probability (P) that an event occurs vs does not occur,  

2) predict the effect of an independent variable(s) on a binary outcome (increase 

or reduce the risk),  

3) classify observations in a particular category or another (i.e. high/low risk). 

 

Odds ratios (OR) obtained from logistic regression can be used to describe the 

strength of associations of biomarkers with clinical events. OR describe how odds 

of having a particular outcome change with an increase of 1-unit in the biomarker 

measurement (297, 298).  OR = 1 means there is no association between the 

marker and the clinical outcome. OR > 1 means greater odds of association 

between the marker and the clinical outcome, while OR < 1 indicate an 

association in the opposite direction (i.e., protective against the outcome). 

Logistic regression model provides the probability (P) of the event at a giving 

value of the overall sets of biomarker/variable included in the model.  To provide 

the predicting performance result of the model, a probability threshold needs to 

be set.  When the probability is greater than the set threshold, the event is 

predicted to happen otherwise it is predicted not to happen.  

 

Confusion matrix or classification matrix 

The prediction ability or classification performance of the logistic regression 

model can be described using a confusion matrix which is a table comparing the 

actual outcomes to the model (predicted outcomes) with the actual outcome itself 

(observed outcome)(295) Figure 3-8. At a selecting threshold, the model predicts 

positive or negative events.  After comparing these number to the actual 

outcomes, the number of True positives (TP), True negatives (TN), False 

positives (FP), and False negatives (FN) events are obtained (confusion matrix) 

and can be used to calculate the performance of the binary classification test as 

below and in Figure 3-8; 

ü Sensitivity, also referred to as true positive rate, measures the 

proportion of actual positives that are correctly identified. 

ü Specificity, also referred to as true negative rate, measures the 

proportion of actual negatives that are correctly identified.  
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ü Accuracy measures the total number of predictions that are correct.  

ü Positive predictive value (PPV) is the probability that the disease is 

present given a positive test result. 

ü Negative predictive value (NPV) is the probability that the disease is 

absent given a negative test result.  

Sensitivity and Specificity are used as criteria for biomarker validation in the 

development process, however, for the clinician who has a test result in hand, 

PPV and NPV are more useful.   

Difference threshold setting will affect the model result.  The threshold should be 

selected according to the use of the test or the specific scenario where more false 

negative or false positive may be more or less acceptable.   

 

ROC 

The overall performance of a particular biomarker ( or that of a model) can be 

evaluated by summarizing the results created by different sensitivity/specify 

thresholds in one curve.  This curve, called receiver operating characteristic curve 

(ROC, Figure 3-9), plots True Positive Rate (or sensitivity) versus False positive 

rate (or 1- specificity) at all possible threshold.  This curve shows the overall tread 

off between specificity and specificity (295) and can be used for determining the 

best cut off value for predicting whenever a new observation is a YES or a NO.   

 

The area under the ROC curve (AUC or AUROC) are used to evaluate the 

overall prediction or classification performance of a logistic regression model 

(297). The AUROC value can range from 0 to 1. An area close to 1 (comprised 

between 0.5-1) indicates a perfectly correct prediction of the outcome of the 

test/model and increasing performance in classification getting closer to 1 and 

while an area of 0.5  indicated a random prediction. An area tending to 0 

(comprised between 0 - 0.5) indicates a perfectly correct prediction against the 

outcome (i.e. a protective value) and best performance in classification tending 

to 0.    

AUROC notably helps investigators compare between different logistic models to 

decide which (or which biomarkers) is best or to determine whether the new 

biomarker has  an added value compared to the exist biomarkers or risk factors. 
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Figure 3-8 Confusion matrix and the derivation of main diagnostic 
parameters  

 

 

 

Figure 3-9 ROC curve. Comparing ROC curve with different classification and 

prediction performance.  
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Chapter 4 Results Part1 : Genome-wide DNA methylation data 

analysis 

 

4.1 Introduction  

 

To gain more understanding of whether DNA methylation is involved early in the 

RA pathology, I analysed DNA methylation patterns of ~480,000 CpGs, in 3 cell 

types (naive CD4+T-cells, memory CD4+T-cells, and monocytes) from 6 HC and 

10 early RA patients obtained from an Illumina methylation genome-wide array.  

In this chapter, I will describe the profiles of DNA methylation in HC and RA in 3 

cell subsets and the strategy that I developed to find differentially methylated CpG 

(DM-CpG) as an exploratory phase.  I will then describe the further downstream 

analysis and some experiments performed to validate the analytic results and to 

link DM observed in RA to disease pathogenesis.  An overall analysis and 

experimental workflow is shown in Figure 4-1. 

This dataset (48 genome-wide DNA methylation profiles) was obtained by my 

supervisor prior to my arrival in her group. I analysed it using the combination of 

standard analysis workflow for this platform and in-house R scripts.  

I would like to make a point at the beginning of this chapter that parts of this work 

have been published in a manuscript entitled ñDifferential CpG DNA methylation 

in peripheral naïve CD4+ T-cells in early rheumatoid arthritis patientsò on 07 April 

2020 in Clinical Epigenetics journal.  The manuscript also included some works 

done in collaboration with others members of the group and data from my 

supervisorôs previous work. The content included in my Thesis represents the 

work I have performed and the data obtained in collaboration will be mention 

where appropriated in the chapterôs discussion or otherwise in the appendix. 

Demographic and clinical data details of the HC and RA samples used to sort the 

3 cell subsets analysed by the 450 K DNA methylation genome-wide array are 

described in Table 4-1. This is typical of an early RA presentation although my 

supervisor took particular care in selecting patients with at least 3 swollen joints 

and raised inflammatory makers (CRP>10 mg/L) hence a slightly long disease 

duration (13 months).  
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Table 4-1 Demographic and clinical data for the control and RA patients used in 
the DNA methylation bead array  

 

Cohort-1 :  HC (n=6) RA (n=10) 

age (years)* 42 (38-47) 50 (40-74) 

M/F 3/3 7/3 

ACPA (Pos/Neg) na 6/4 

Duration (months)* na 13 (3-24) 

TJC na 10 (3-16) 

SJC na 3 (3-11) 

CRP (mg/L) na 20 (10-40) 

Data are presented as the median (range) 
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Figure 4-1 DNA methylation data analysis workflow. 
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4.2 Objective 

 

For the first part of my PhD, my overall aim is to gain more understanding of 

early events/pathways involved in disease pathology by studying genome wide 

data on DMA methylation.  

 

The hypothesis behind this is that alterations in DNA Methylation are central to 

the early events leading to RA pathogenesis rather than a consequence of its 

development and may therefore drive the development of chronicity. Secondly 

these alterations will affect CD4+T-cells, and preferentially naïve cells, 

considering on one hand that T-cells genes are the mainly targeted by the genetic 

susceptibility associated with RA and on the other, that naïve cells are more 

epigenetically uncommitted Th0 cells. Inflammation represents the hypothetical 

epigenetic injury trigger, leading to these epigenetic alterations.  

 

Objectives are to: 

¶ Explore genome-wide DNA methylation data in naïve and memory 

CD4+T-cell as well as monocytes in early RA compared to HC 

o Establish list of DM CpGs in the 3 cells types 

¶ Validate DM CpGs  

o DNA level (using bisulfite sequencing) 

o RNA level (compared with publicly available gene expression data) 

o Protein level (using Elisa) 

¶ Validate DM selection strategy using publicly available tools (R packages) 

o Obtain final list of DM CpGs aligned to genes symbols 

¶ Develop a strategy to apprehend methylation changes with a biological 

meaning towards understanding better the early RA pathogenesis.  

o Establish a list of pathways targeted by DM  

o Explore in silico functional interactions between DM gene products.  

¶ Additional work for understanding the biological meaning of DM (using 

flow-cytometry) is also included in the discussion of this part-1 of my thesis 

that has been performed in collaboration with other students (included on 

publication).  
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4.3  Result 

4.3.1 Preliminary exploration of DNA methylation data  

4.3.1.1 Quality control of the dataset 

After constructing b-value histograms and bean plots, two samples (naïve 

CD4+T-cells of HC group) showed an abnormal distribution of the methylation 

level (ɓ-value), (Figure 4-2) and had to be removed from the datasets.   

On each DNA methylation profile, the probes which were related to common SNP 

and/or known to have cross-reaction effect were identified in the QC procedure  

and a total of 45,022 CpG sites were filtered out prior to any further analysis 

resulting in the final dataset of 440,490 CpG sites in 46 samples (4 HC and 10 

RA of CD4+ naïve T-cell samples, 6 HC and 10 RA of CD4+ memory T-cell 

samples, and 6 HC and 10 RA of CD14+ monocyte samples).  
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Figure 4-2 Quality control and data pre-processing  A) ɓ-value histograms 

and B) Bean plot for the 48 samples (naïve CD4+ T-cell (6HC,10RA), memory 

CD4+ T-cell (6HC, 10RA), and CD14+ monocyte (6HC, 10RA)). DNA methylation 

value should be distributed between only 2 values; 0-unmethylated or 1- 

methylated. The 2 samples (naïve CD4+T-cells of HC group) with intermediate 

density values (black arrows) failed the quality analysis and were excluded.  

  



 
85 

 
4.3.1.2 Preliminary exploration 

The datasets were initially explored by multi-dimensional scaling (MDS) plot.  The 

samples clustered tightly by cell type separating monocytes from naïve and 

memory T-cells (Figure 4-3,A). MDS did not segregate samples with respect of 

any gender bias (Figure 4-3,B, after exclusion of Chromosome X and Y data) or 

for disease groups (HC/RA) (Figure 4-3,C), although, there was some degree of 

segregation by PCA between HC and RA in monocytes that was not observed in 

T-cell subsets. 

Methylation patterns are therefore more specific to the cell type than it is to other 

factors such as gender or disease.  Interestingly, the PCA/MSD analysis resulted 

in a large separation between the 2 types of CD4+T-cell (naïve and memory) 

away from the monocytes. All further analysis to determine differences in 

methylation between HC/RA will be performed in the individual cell subsets.   

The methylation difference between disease and HC for each CpG was examined 

using t-tests, in the individual cell subset datasets. This generated p-values for 

each CpG.  In every test, there is always a chance that a result indicates a 

difference between two groups while no real difference actually exists  (false 

positive, or type I error).  In statistical analyses where a large numbers of tests 

are performed, the number of false positives increase and controlling of this 

number is highly recommended. However, correcting  for multiple testing using 

the false-discovery-rate (FDR) method was too conservative in my study, and led 

to a very low number of significant In order to obtain a predicting value for a 

biomarker, a model of the interaction between the outcome (or response variable) 

and the biomarker (predictor variable) have to be developed. The statistical tools 

used to help with this analysis are usually logistic regressions. Therefore in the 

exploration phase, I decided not to apply the FDR and non-adjusted p-values 

were used. 
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Figure 4-3 Preliminary exploration of datasets using MDS  for A) cell 

subset, B) gender and C) RA versus HC.  Data were clearly segregated by cell 

types. Analysis by gender (in individual cell types) showed no discrimination 

similarly to analysis by disease for T-cells although monocytes showed some 

degree of separation (arrows).   
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The levels of DM that could have a significant effect were then explored in an 

ordered manner on each chromosome.  The overall methylation differences 

between HC and RA across the genome were explored using Manhattan plots in 

the 3 individual cell types. The plots highlighted clouds of data points departing 

from the axis (high values for ïlog10(p-value) above a region with very high 

density of dots (low values for ïlog10(p-value). Three thresholds were set for 

different levels of the p-value; highly significant (p Ò 0.0001), medium significant 

(p Ò 0.001) and low significant (p < 0.01). The p-value indicates the probability of 

detecting a false-positive. Setting the cut-off p-value at a lower level (highly 

significant) help obtaining results with lower chance of being a false positive, thus 

more reliable results.  In this dataset where the total test number of each cell 

subset is 440,490 CpGs, the false-positive rate from using a highly significant 

threshold would be 44 CpG while at the medium and low significant would present 

at 440 and 4,404 CpGs, respectively.  In the Manhattan plot, there was a number 

of data-points (Table 4-2 561 data point in naïve cells) distributed at a higher-

magnitude values for highly significance set at above -4 (Figure 4-4. 

corresponding to p Ò 0.0001), a larger number of data-points with medium 

significance (2,891, 0.0001< p Ò 0.001), and an even larger with low significance 

(14,568 , 0.001 Ò p < 0.01) above the main region of highly dense data-points    

The number of CpGs passing each threshold were much more than the expected 

number of false positive suggesting that there are real differential methylations of 

the CpGs between HC and RA, which did not just happened by chance.  This plot 

separates differentially methylated-CpGs (DM-CpGs) more clearly from the 

background. The number of  DM-CpGs for the 3 cell types shows in Table 4-2. 

In naïve T-cells, the number of DM-CpGs (18,020, p Ò 0.01) was the highest 

(4.1% of total tested CpG). Of this number 3.11%, 16.04% and 80.84% were 

categorised into high, medium, and low threshold of significance, respectively. 

After annotation, I analysed the distribution of DM-CpGs with respect to their 

location in gene structures for (i) core of CpG-islands (ii) shelves/shores of an 

island or (iii) in open sea (i.e. outside of a defined island).  An equal distribution 

of DM-CpG in each category was observed.  There is also similar proportion of 

hypo and hyper-methylation, with a slight bias toward hypomethylation.   

In memory T-cells the main difference was that DM preferably occurred in the 

core of islands (50%) and were mainly hypermethylation (93% of all DM) which 

could possibly suggest more generalised gene silencing. In monocytes, DM was 

of lower significance altogether (Table 4-2).   

A hierarchical clustering analysis displayed as heatmaps (Figure 4-5) showed a 

clear segregation of patients and HC for individual cell subset, as well as major 
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hypermethylation (green in HC versus red in RA) in memory T-cells. Overall, 

these explorations demonstrate distinct patterns of methylation changes between 

cell types and between HC and RA.   
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Table 4-2 Summary of differential methylation at individual CpG level  

 

 Naïve CD4 

T-cell 

Memory CD4 

T-cell 

Monocytes 

Number (%) of differentially methylated  % 

total probes tested (440 490) 

18 020 

4.09 % 

14 197 

3.22 % 

6 490 

1.47 % 

Number  (%)* of probes with  

high significance (p Ò 0.0001) 

medium significance (0.0001<p Ò 0.001) 

low significance (0.001<p Ò 0.01) 

 

561 (3.11%) 

2 891 (16.04%) 

14 568 (80.84%) 

 

440 (3.10%) 

1 885 (13.28%) 

11 872 (83.62%) 

 

130 (2.00%) 

672 (10.35%) 

5 688 (87.64%) 

Number and (%)*of probe associated with  

core island  

shelves/shore island  

outside of CpG island 

 

6 141 (34.08%) 

5 873 (32.59%) 

6 006 (33.33%) 

 

7 120 (50.15%) 

3 948 (27.81%) 

3 129 (22.04%) 

 

1 985 (30.59%) 

2 060 (31.74%) 

2 445 (37.67%) 

Hypermethylation in RA : n, (%)* 8 425 (46.75%) 13 218 (93.10%) 3 525(54.31%) 

Hypomethylation in RA : n, (%)* 9 595 (53.25%) 979 (6.9%) 2 965 45.69%) 

Number of probe (%)** associated with an 

island/shelve/shore  

hypermethylated 

hypomethylated 

outside of an island ( Open sea)        

hypermethylated 

hypomethylated 

 

 

1 201 (34.79%) 

1 111 (32.18%) 

 

176 (5.10%) 

964 (27.93%) 

 

 

1 842 (79.23%) 

114 (4.9%) 

 

299 (12.86%) 

70 (3.01%) 

 

 

209 (26.06%) 

310 (38.65%) 

 

190 (23.69%) 

93 (11.60%) 

* (%) of all probes with pÒ 0.01    ** (%) of all probes with pÒ 0.001 
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Figure 4-4 Manhattan plot  displaying the -Log10(p-values) against the 
position on chromosome of ~480,000 individual CpG for A) naïve T-cells, 
B)memory T-cells, and C) monocytes. 3 thresholds of significance were derived 
from the plot (high , medium, and low).
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Figure 4-5 Hierarchical clustering and Heatmap representation of DM-CpG (p<0.01) between 10 RA patients (red bar) and 6 HC (blue 
bar) for A) naïve T-cells, B) memory T-cells, and C) monocyte. Note the high proportion of hypermethylation in memory T-cells  (93%) 
compared to 46% in naïve T-cells and 54% in monocytes
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4.3.1.3 Differential methylation patterns 

To evaluate the possible effect of DM on gene structure, I manually inspected a 

few regions on the genome for the top p-value CpGs. Three typical patterns were 

identified (Figure 4-6);  

ü DM at a single CpG usually located in the core of a CpG island (example 

A),  

ü clusters of DM-CpGs in the shore/shelf of an island (example B),  

ü an isolated CpG in open sea (not always associated with a specific gene) 

(example C).     

Example A illustrates the effect of the most significant DM-CpG observed 

(CpG06292898; p=1.06e-17) which occurs on a single CpG located in a 321 bp-

long CpG island with no other difference found for the other 7 probes located in 

the island.  Although this probe showed a very clear difference in methylation 

between HC and RA and there are several binding sites for transcription factors 

(such as SP1, TFAP2c, PAX-5 or E2F1) localised nearby this CpG (although not 

directly overlapping), that could nonetheless be influenced by this methylation.  It 

may or not have a substantial biological effect, as a single CpG may not produce 

sufficient physical effect on the structure of the chromatin to affect gene 

expression. 

Example B illustrate the effect of 16 medium significant DM-CpGs (p-values 

(0.0003<p<0.001)) located on the edges of a 47bp CpGs island.  They were 

clearly clustered between 2 regions covering about 900 bp on the left 

shore/shelve of the island and 150 pb on the right.  The close proximity of many 

differential hypo-methylations suggests they could locally have a cumulative 

effect on the chromatin and affect gene expression.    

Example C is an isolated, highly significant DM-CpG (p=5.78e-13) far from any 

recorded island/gene or the next CpG interrogated by a probe (over 10,000 bp 

away). An effect of this is difficult to understand and hardly supportive of a direct 

gene expression change, although other distal effects can be imagined such as 

contribution to an enhancer (which are not specifically targeted by this 450K 

array).  
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Figure 4-6 Examples of 3 typical patterns of the differential methylation. 
Example-a : DM at a single CpG. usually located in the core of a CpG island. 
Example-b : clusters of DM-CpGs in the shore/shelf of an island.  
Example c : an isolated CpG in open sea (not always associated with a specific 
gene).     
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4.3.2 Design of rules to prioritise clusters of differential CpG 

methylation 

Considering the physical impact that DNA methylation could have on the 

chromatin packaging and DNA accessibility to the transcriptional machine, to 

continue my project, rather than relying only on the significance of DM between 

HC and RA for individual CpG loci, I decided to find clusters of significant 

differentially methylated CpG (DM-CpG-clusters) also called differentially 

methylated region (DMR).   

I designed rules to define and prioritise DM-CpG-clusters and wrote a R code to 

analyse datasets automatically and systematically (R-code available on request).  

The rules were designed with respect to the significance of individual CpGs and 

the distance (in bp) between them (Figure 4-7, A). Hypomethylation and 

Hypermethylation CpG/probe were investigated separately.  

ü The first rule was aiming at filtering only probes with a high significance for 

DM 

o Rule1 :  score = 1 if the p-value of the considered  probe is 

highly/medium significant (p Ò 0.001) 

ü The second rule determined how many high/medium significant probes 

were located in a proximal region set within three nucleosome length 

(~750bp) 

o Rule2 :  score = number of probes with a p-value Ò 0.001 and 

located within -/+ 750 bp of the considered probe. 

ü The third rule determined how many low significant probes were located 

in the same proximal region,  

o Rule3:  score = number of probes with 0.001<p-value Ò 0.01 and 

located within -/+ 750 bp of the considered probe. 

ü The fourth rule determined how many probes at all level of significance 

were located in a distal region, covering three further nucleosome lengths 

o Rule4: score = number of probes with p-value Ò 0.01 and located 

between -/+ 750 bp to -/+1500 bp of the considered probe. 

Further prioritising criteria were set. The probes which are highly/medium 

significant (p-value Ò 0.001) and have at least one proximal high/medium 

significant probe (p-value Ò 0.001) [Rule 1 score=1 and Rule 2 score Ó1] were 

selected.  Lists of selected probes for all three cell types were generated.  This 

resulted in low number of candidate probe obtained and no overlap for any probe 

was found between the 3 cell types. Therefore, that selection criteria may have 

been too strict.   
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More flexible filtering criteria were then set.  This filtered probes that were 

highly/medium significant (p-value Ò 0.001) and had at least one proximal 

significant probe at any level of significant (p-value Ò 0.01) [Rule 1 score=1, and 

Rule 2 or 3 score Ó1]. The number of DM-CpGs-clusters with a score of >2 are 

listed in Table 4-3. 

To further prioritize DM-CpG-clusters for a list of candidates for each cell subset, 

CpG were then prioritized using the sum of each rule : total score = score 

rule1+2+3+4). An example shows in Figure 4-7,B.  

In monocytes, most clusters only showed the initial selecting CpG associated with 

only 1 other DM-CpG (final score=2). In contrast, in naïve T-cells, some clusters 

showed up to 7 selecting CpGs and scores up to 13, suggesting much larger 

effects on a wider region of the DNA. Intermediate results were observed in 

memory T-cells (score up to 9). 
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Figure 4-7 Design of rules to prioritise clusters of differential CpG methylation   
A)  Rule design for prioritising CpG. Rule-1 score 1 point vs. none, selecting only CpG-probes that had a high/medium significant p-value 
(represented by a red bar, pÒ0.001). Probes of high/medium significance in a proximal region of +/-750bp (about 3 nucleosomes) were 
counted in rule-2 (1 point for each probe). Probes of low significance (blue bars, 0.001<pÒ0.01)  were separately counted in the same 
proximal region as rule-3 (1 point for each probe). Finally, rule-4 counted probes at all levels of significance (red and blue) in a distal region 
covering a further +/-750pb (1 point for each probe).
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B) Example of a CpG island scoring.  The top panel describe the structure of the 
B3GALT4 gene  (blue box) and its CpG island (green box). The position of 
individual CpG (as cg.x codes, orange and purple) are displayed below the island.  
The methylation profile in RA (red line) and HC (blue line) are displayed in the 
second plot. 4 highly significant DM-CpG are circle in green (2 hypomethylated 
(shores) and 2 hypermethylated (core). Score resulting from the selection of 
these 4 CpG (rule-1) are displayed in the bottom 2 panel where ïlog10(p-values) 
are displayed against the chromosome sequence centred on the +1 transcription 
of the gene. 3 of selected CpG scored 3 points due to the presence of 2 more 
significantly DM-CpG in the area while the 4th CpG score 13 points due to a dense 
cluster of DM-CpG surrounding it. 
 
  



 
98 

 

4.3.3 Clustered and isolated DM-CpG in the 3 cell subsets 

DM-CpG-clusters were then identify using the scoring system.  The lists of gene 

associated with these clusters were derived. This process generated 648 genes 

for naïve T-cells (detailed in Table 4-3) 354 for hypomethylation and 294 for 

hypermethylation, 605 genes for memory T-cells and 58 genes for monocytes.  

Emphasising this is still an exploration of data  (including the heatmap and 

Manhattan plots previously described), naïve cells showed the most DM 

compared to other cells types and a bias towards more hypomethylations, which 

seems reasonable in terms of biological meaning as naïve cells are prompt 

toward response resulting in their differentiation into a particular helper T-subset. 

Thus they are particularly receptive to epigenetically clues and many sets of gene 

are available to be turned ON or OFF by changing DNA methylation levels.   

The gene that received the highest score from the scoring system was beta-1,3-

galactosyl transferase-4 (B3GALT4) in naïve T-cells (score=13, hypomethylated 

DM-CpG-cluster). The 2nd and 3rd highest score for hypomethylated DM-CpG-

cluster were TNF-Ŭ, which presented no DM in memory cells or monocytes, and 

the Src-homology adaptor (ABI3) gene, (also specific to naïve cells). For memory 

T-cells, most of the DM-CpG-clusters were hypermethylated (600 genes) vs 

hypomethylated (5 genes).  This hypermethylation suggested gene silencing 

which may aligned with the reported anergic characteristic of memory CD4+T-

cells in RA patients (299) although this would need to be confirmed. The DM-

CpG-clusters show the lowest scores in monocytes, which may suggest that 

epigenetic modification is not a mean of regulating cell function in such short live 

cell type.   

Although DM-CpG clusters are likely to affect gene activity, highly significant CpG 

which no other significant CpG nearby (isolated DM-CpG), were still included in 

further analysis as they may have an effect on gene activity if the CpG is located 

in a distant transcriptional factor binding site  for an enhancer. Isolated-DM-CpGs 

(P<0.0001, detailed in Table 4-3) kept were annotated with gene symbol (via 

array annotation). 266 hypomethylated genes were related to these isolated-DM-

CpG in naïve cells (top 3 associated genes being FOXF1, PARD6B, MAFF) and 

133 hypermethylated genes (top 3: CHGA, SKI, FSTL1).  

Several of the genes on these lists appeared familiar to known biological 

processes implicated in RA. We further used ranking based on the p-value of the 

t-test to prioritise these isolated-DM-CpGs. Similar data for memory T-cells and 

monocytes are summarised in Table 4-3. Full lists of DM-CpG-clusters and 

isolated-DM-CpG in all cell subsets are available in (Data S1-3).  
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Table 4-3 Summary of the prioritisation of clusters of DM-CpG and 
associated genes. 

 
 Naïve CD4 

T-cells 

(n= 4HC,10RA) 

Memory CD4 

T-cells 

(n= 6HC,10RA) 

Monocytes 

 

(n=6HC,10RA) 

Hypermethylation 
Score range 

 

DM-CpG-clusters 

Number of CpG with a scoreÓ3 

Number of CpG with a score=2 

  

ScoreÓ 3 mean   

Corresponding Number of gene (all 

clusters) 

 

Isolated-DM-CpG 

Number of gene associated with a CpG in:  

island/shelve/shore  

in Open sea       

 
0-9 

 

 

143 

277 

 

3.91 

354 

 

 

 

 

121 

12 

 
0-9 

 

 

305 

414 

 

3.85 

600 

 

 

 

 

249 

18 

 
0-4 

 

 

6 

15 

 

3.5 

19 

 

 

 

 

34 

14 

Hypomethylation 

Score range 

 

DM-CpG-clusters 

Number of CpG with a scoreÓ3 
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I then analysed the distribution of genes that were common to the different cell 

types (Venn diagrams displayed in Figure 4-8). For the DM-CpG-clusters, only 1 

hypermethylated gene, 4-aminobutyrate aminotransferase (ABAT), was common 

to all 3 subsets and none for hypomethylation, suggesting differential effect of the 

disease on each cell subset while suggesting that the effect common to all 3 in 

this unique gene may be very strong. I considered that this finding may  be 

artefactual although, this gene is associated with 9 DM-CpGs in naïve cells, 6 in 

memory and 4 in monocytes (most p<0.001).  

Hypomethylated CpG associated genes common to both T-cell subset were no 

more numerous with only 1 gene but more for hypermethylation with 72 genes. 

For the isolated-DM-CpG, a similar analysis suggested again no overlap for either 

hypo or hyper-methylated gene between the 3 subsets.  

Limited overlap was also observed between the T-cell subsets.  The lack of 

commonality in methylation (only 1 gene) in 3 cells subsets and limited 

commonality between T-cell subsets points to the uniqueness of disease 

associated methylation change in each cells subsets in RA. 

The most immediately recognisable DM genes associated with RA were 

cytokines/receptors including TNF/TNFRs, some IFN-signalling related genes, 

HLA-related genes, STAT family, and some integrin that has been known to 

involve in RA (Table 4-4).  DM cytokine/receptor were numerous in naïve T-cells; 

several were repeated in memory T-cells and monocytes.  
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Figure 4-8 Venn diagram displaying the overlap between cell subsets for 

clustered and isolated DM-genes, hypo or hyper-methylated. Number in each 

section represent the number of overlapping genes. 
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Table 4-4 DM of  cytokine genes in early RA  

Gene 
Symbol 

naive cells memory cells monocytes 

INTERLEUKIN  FAMILY 

high 
significance 

IL1B, IL31,  
IL2RA IL6R, IL21R 

    

medium  
significance 

IL13,IL16, IL24, IL34, 
IL1R2, IL2RB, IL10RA, 
IL17RC, IL17REL, 
IL18BP, IL1RAPL1 

IL6,  
IL17REL, IL17RA 
IL20RB  

IL1RN  
IL12A 

low 
significance 

IL6, IL10, IL12A, IL15, 
IL17C, IL17D, IL19, IL21, 
IL25, IL36G, IL1RN, 
IL4R, IL15RA,IL17RA, 
IL20RB, IL21R, 
IL21RAS1, IL27RA 

IL1B, IL12A, IL15, 
IL17D, IL24, IL37, 
IL1R2, IL4R, IL6R, 
IL12RB1, IL15RA, 
IL21RAS1, 
IL17RD 

IL16, IL37, 
IL17RC 

TUMOUR NECROSIS GROWTH FACTOR  FAMILY 

high 
significance 

TNF, TNFSF10,  
TNFRSF1B 

TNFRSF10C TNFAIP2 

medium 
significance 

TNFSF11, TNFSF14, 
TNFRSF8, TNFAIP3, 
TNFAIP8 TNFRSF13B, 

TNFRSF19 
TNFRSF13B, 
TNFRSF13C 

 TNFRSF1B 

low 
significance 

TNFSF18, TNFAIP2, 
TNFAIP8L1, TNFRSF1A, 
TNFRSF6B, TNFRSF9, 
TNFRSF10B, 
TNFRSF10C, 
TNFRSF18, TNFRSF19, 
TNFRSF21 

TNFAIP8, 
TNFAIP8L3, 
TNFAIP8L1,  
TNFRSF9, 
TNFRSF10B, 
TNFRSF18, 
TNFRSF25 

TNFAIP3, 
TNFRSF18, 
TNFRSF19, 
TNFRSF25 

INTERFERON  FAMILY 

high 
significance 

IFNGR2     

medium 
significance 

IFNL4     

low 
significance 

IFNA2, IFNA7, IFNG, 
IFNGR1, IFNAR1, 
IFNAR2 

IFNGR2, IFNGR1,    

TRANSFORMING GROWTH FATOR FAMILY 

medium 
significance 

 TGFA, TGFB2AS1, 
TGFB1I1 

TGFB3 TGFBR3L  TGFA 

low 
significance 

TGFB1, TGFBI, 
TGFBR1, TGFBR2, 
TGFBR3, TGFBR3L 

TGFB1, TGFBR2, 
TGFBR3,  

TGFB1, 
TGFB2AS1 
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4.3.4 Validation of DM gene 

After  establishing lists of DM-gene, the next step would be the validation of this 

data.  I wanted to confirm that DM-genes identified on the Illumina methylation 

array dataset really have altered methylation levels, and/or whether such 

changes are able to affect downstream process such as transcription into mRNA 

or expression of protein.  

 

4.3.4.1 Bisulfite sequencing of the TNF gene promoter in CD4+T-cells 

Some of the genes on the DM-list above were already shown to be DM in RA in 

published research using bisulfite sequencing (228) and pyrosequencing (224), 

although not in early, drug naïve RA. These notably included TNF(300), IL6, IL6R 

(227, 228, 301).   

I chose to use the bisulfite sequencing technique to validate DM of a CpG island. 

I selected the TNF-Ŭ gene given its high score (second highest score from the 

scoring system) and its central and unequivocal role in RA pathology, for further 

validation in early drug naïve RA patient (Error! Reference source not found., 

A). This work was done in collaboration with a Master student in the group (co-

author on the publication).  

A 273 bp regions (indicated by a grey box on the TNF gene structure on Figure 

4-9, B) in the TNF gene promotor encompassing 8 CpGs (3 of which present on 

the illumine 450K array) was amplified by PCR and sequenced from DNA isolated 

from total CD4+T-cells DNA (average purity of the CD4+T-cells population 

97.5%) following cell sorting using magnetic beads from 7 HC and 9 RA patients.  

Details of the patients used in this study are included in Table 4-5. 

Table 4-5 Demographic and clinical data for the control and RA patients 
used in the TNF bisulfite sequencing 

Cohort 2 : bisulfite sequencing HC (n=7) RA (n=9) 

age (years)* 55 (48-63) 46 (31-65) 

M/F 1/6 3/6 

ACPA (Pos/Neg) na 7/2 

Duration (months)* na 15 (5-24) 

TJC na 5 (3-18) 

SJC na 3 (1-6) 

CRP na 10 (<5-83) 

Data are presented as the median (range) 
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Hela cell control DNA, used as reference, was fully methylated at each of the 8 

CpGs. In HC (n=7), I observed on average about 50% methylated/de-methylated 

CpG  at each position, suggesting 2 populations of cells, one with methylated and 

one with un-methylated DNA of about equal proportion (Figure 4-9, A). In early, 

drug naïve RA patients (n=9), the overall proportion of cells with un-methylated 

DNA reached on average 90% (i.e. 10% of cells with methylated CpGs) at all 8 

CpGs suggesting that most CD4+T-cells have altered their TNF gene, early in 

the RA disease process. 

Looking back at the Illumina methylation dataset in this region of the TNF gene 

promoter (Figure 4-9, B, region in amount of the +1 of transcription), naïve 

CD4+T-cells showed partial demethylation with an average ɓ-values of 50% 

methylation). DM was observed in RA with consistent hypomethylation of the 

whole region with on average a 7.1% less in ɓ-values (range -2.3% to -20.8%). 

In contrast, this region is almost fully demethylated (average 22% ɓ-values) in 

memory cells, while in monocyte the region was also fully demethylated (average 

8% ɓ-values) with no significant difference between HC and RA for both cell 

subsets.    

The DNA methylation level of ~45%in total CD4+T-cells DNA observed by 

bisulfite sequencing is the result of the contribution of the methylation level from 

both naïve and memory CD4-T-cells.  While  there was no DM between HC and 

RA in memory CD4-T-cells, our data,  confirm that in RA a large proportion of 

naïve T-cells have hypomethylated the TNF gene-promoter compared to HC, 

resulting in 90% of demethylated DNA in that region in a total CD4+T-cell DNA 

sample. 
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Figure 4-9 DNA bisulfite sequencing of the TNF-  h promoter region  

A) A region of 273 bp in the promotor of TNF gene was selected for direct bisulfite 

sequencing of DNA extracted from total CD4+T-cell from HC and early drug naïve 

RA patients.  Results of the sequencing covering 8 CpG (including the 3 used by 

the illumine 450K array highlighted by (*)), showed on average ~45% methylation 

in HC (n=7, blue dots) reduced to ~10% methylation in RA (n=9, red dots).  Box 

plot represent the median and 25%/75% of the distribution of % of DNA 

methylation in each group. Statistical analysis comparison of HC and RA were 

performed using the MWU test (**p<0.01, (***p<0.001). 

B) The TNF gene structure is presented at the top, showing the gene (black box) 

with bp numeration starting at the +1 of transcription (green box). CpG density in 

the Illumina 450K array are displayed below. 3 Illumina CpG included in bisulfite 

sequencing are highlighted by (*). Methylation levels ( -̡values) of CpG 

associated with the TNF gene obtained from the array results for naïve, memory 

CD4+T-cells and monocytes, plotted in order along chromosome 6. The region 

sequenced (273 bp- dark grey box) was located in the gene promoter. The 

median -̡values of most CpG showed significant hypomethylation in RA patients 

(red line) compared to HC (blue line) in naïve T-cells. This region was highly de-

methylated in memory cells and in monocytes although with no DM observed 

between HC and RA patients. 
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4.3.4.2 Differential gene expression compared to differential gene 

methylation in CD4+T-cells 

To validate the downstream effect of DM between HC and RA patient in mRNA 

level (302, 303), I compared the DM-gene list to a differentially expressed gene 

list obtained from similar early, drug naïve RA patients.  This work was done in 

collaboration with another student in the group (co-author on the publication). We 

selected two publicly available gene expression datasets for CD4+T-cell (as there 

is no data available for naïve CD4+T-cells) from early, DMARDs naïve RA patient 

and HC (302, 303). After normalisation and aggregation of the 2 datasets 

(detailed is in the Appendix 6), we obtained a list of differentially expressed genes 

(DEG) (with adjusted p-value Ò 0.05, FDR Ò 0.05, fold change Ó1.5) between HC 

and RA. These genes included JAK1, TNF-family, ICOS, CD69, several MAP-

kinases and their regulators, TGF-ɓ1, c-FOS and JUN, HLA-related molecules, 

several IFN-signalling genes (IRFs, IFITMs), some TLRs, cytokines/chemokines 

their receptors and PADI4. These were aligned with the original findings 

published with the datasets (302, 303). 

From the lists of DM-genes (DM-CpG-cluster with score Ó3 and highly significant 

isolated-DM-CpG (pÒ0.0001)), 102 DEG genes could be matched using gene 

symbols after removing microRNA, open reading frames and other ambiguous 

gene symbols. These included 33 over-expressed and 69 under-expressed 

genes in early RA.   

Amongst the hyper-methylated genes, JAK1, transcription factors (TOX2, 

ZNF683), cytokine (IL12A), growth factor receptor (FGR1), adhesion protein 

(ITGA4), ubiquitination (FBXL3), galactose transferase (b4GALT2), chromatin 

structural proteins (amphoterin/HMGB1 and Protein AF10/MLLT10) were the 10 

top over-expressed genes, while heat shock protein (HSP72), transcription factor 

(ZNF213, ZNF219), regulator of transcription (TORC1/CRTC1, LMO4), AP1-

signalling (AP1S2), signalling adaptor (SHKBP1, WLS, ASAP1), ubiquitination 

(UBAp2L) and galactose transfer (b3GALT4), kinases (STK10, PRKCD) were 

under-expressed as summarised in Figure 4-10.  

Hypo-methylated genes were matched for over expression with IL2RA, interferon 

signalling (IFITM1), phosphatases (PTPRC, PSTPIP1), as well as for under 

expression with STAT5A, kinases (MAP3K11, CSK, TRIB1) adaptor of signalling 

(SH3BP4, CISH, SH2B2), interferon response gene (IRF8), transcription factors 

(FGD2, TFEB), transporters (SLC1A5, SLC16A3, SLC43A2), regulator of 

apoptosis (DAXX, CORO1A). Taking the top genes based on fold differences in 

gene expression between RA and HC, the DM/DEG-genes associated with 
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known RA pathological pathways pointed to JAK1/STATs signalling, TNF-family, 

IFN-related signalling genes. 

 

 

 

Figure 4-10 Gene expression analysis. Venn diagram and Table of overlapping 

genes between DEG (fold change expression Ó1.5, with adjusted p-value Ò 0.05) 

and DM-genes  (DM-CpG-cluster with score Ó3 and highly significant isolated-

DM-CpG (pÒ0.0001).  
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4.3.4.3 Cytokine expression compared to DM-genes 

Many cytokines were present on the list of DM-genes (Table 4-4) including 

notably IL1-ɓ, IL17C, IL21, IL34  TRAIL, RANKL, LIGHT, TNF, TGF-ɓ1 as well 

as many of their receptors  (IL2RA/RB, IL6R, IL10RA, IL17RC, IFNGR2, TACI). 

Many of these cytokines were shown to be up-regulated at the protein levels in 

early RA patients (304-306); in particular IFN- ,ɹ TNF-Ŭ, IL1-ɓ, IL10, IL12, IL17, 

and IL6 for which there was also reports of association with DM at the gene level 

in established RA and at mRNA levels in PBMC cells from long lasting RA 

patients (228). There were DM genes on the list for 3 cytokines for which no data 

were available in early RA, IL21, IL34 and RANKL (for which the group since 

published data (307)).  I selected these 3 cytokines for measuring protein levels 

in serum sample using 3 commercial ELISA. The serum samples were from 

independent HC (n=10) and early RA patients (n=20) who had closed 

demographic and clinical characteristics compared to the samples used for the 

illumine array (Table 4-6).  This was due to the unavailability of matched serum 

sample and the benefit of having a larger samples size .  

Table 4-6 Demographic and clinical data for the control and RA patients used in 

the Elisa.  

Cohort 3 : ELISA HC (n=10) RA (n=20) 

age (years)* 51 (40-63) 60 (41-75) 

M/F 4/6 7/17 

ACPA (Pos/Neg) na 14/6 

Duration (months)* na 4 (1-24) 

TJC na 12 (5-22) 

SJC na 11 (0-22) 

CRP na 20 (<5-60) 

Data are presented as the median (range) 

All 3 cytokines showed higher levels in early RA (all p<0.001, Figure 4-11, A). 

Combined  with data generated by my supervisor in previous published work 

(308) showing higher levels of IL1-ɓ, IL6, IL10, IL12, IL17A, IFN-gamma and 

TNF-Ŭ (all p<0.001) in HC (up to 20 samples) and early, DMARDs naïve RA 

patients (up to 40 samples) (Figure 4-11,B ), these data  confirmed  the possible 

effect of DM genes at protein level for these cytokines.  

Altogether, both validations (DEG and ELISA) showed that many of DM-gene on 

the list, demonstrate associated change of expression at mRNA or protein levels, 

suggesting a pathophysiological contribution of such changes in DNA methylation 

in early RA.  
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Figure 4-11 Levels of expression of several cytokines in HC and early RA 
patients.  

A) Novel data are displayed. Serum samples were tested for cytokines levels 

using ELISA. The samples were collected from HC ((grey box plot in each pair, 

n=10) and early RA (black box plot, n=20). All cytokines were significantly over 

expressed in RA (Mann-Whitney U-test , pÒ0.001).   

B) Data recapitulated from previous studies (308). Data were generated by 

cytometry bead array or ELISA (unpublished) from variable number of samples 

from HC (up to 20) early drug naïve RA patients (up to 40).   
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4.3.5 In silico functional interactions between products of DM-genes 

in naïve CD4+T-cells.    

I next explored whether the DM genes in naïve CD4+T-cells (DM-CpG-clusters 

(Ó3) and isolated-DM-CpG/genes (pÒ0.0001) including 591 gene symbols would 

point to specific pathways and/or functions that could be associated with 

pathogenesis. I constructed hypothetical functional networks using the STRING 

database (279, 280) of known and predicted protein-protein interactions which 

mines direct and indirect physical interactions and/or functional associations from 

several knowledge-databases, including genomic context, laboratory 

experiments, co-expression and text mining.  The 70% confidence was used in 

interactions setting.  

I generated an initial network with several association/interaction nodes (Figure 

4-12, A). The network was shaped around interaction of several nodes centred 

on cytokines (TNF-Ŭ, IFN- ,ɹ IL1-ɓ and TGF- )̡. This software suggested a manual 

addition of several genes to strengthen nodes in the proposed STRING 

interactions. This notably included genes from the cytokine/receptor list (Table 

4-4, medium and lower significance) as well as intermediate kinases and 

downstream signalling molecules in cascades.  I interrogated methylation data 

manually for all suggested genes. I included or rejected suggested genes based 

on whether they had a DM-CpG cluster with a score=2 or an isolated-DM-CpG 

(PÒ0.001).  

The genes suggested included several members of the IL17/IL17R axis. Th17 

cells develop from naïve T-cells resulting in full polarisation in memory T-cells. 

IL17 related genes were therefore added to strengthen this axis also because 

they were showing clear DM in memory T-cells. Other additions were accepted 

for isoforms of regulators of cytokine signalling (SOCS), caspases and regulators 

of apoptosis and finally, additional members of the interferon related gene 

signalling cascade. The final gene list (n=687) is detailed in supplementary files 

(Data S4), detailing all manual additions (96 genes).   

 

At the end of this analysis, my final STRING model (Figure 4-12, B) clearly 

displays an interaction network centred on several JAK1/STATs nodes, and 

defining several groups of genes : 

ü a 1st linked to IL6/IL6R/STAT3 signalling (blue group of genes),  

ü a 2nd for IL27RA/STAT2 (orange group) linking to downstream interferon 

signalling,  
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ü a 3rd centred on IL2/IL15/STAT5 (dark blue group )  

ü and a 4th on IL12/IL13/STAT4 (green group).  

Many other associations were suggested, notably with respect to  

ü TGF-ɓ signalling (pink group).  

ü an IL17/IL17R related group of genes (duck green group)  

ü as well as a one involving epigenetic programming (yellow group).   

Many of the links (grey lines) were associating proteins with IL6, which itself 

was linked to a  

ü TNF-Ŭ signalling (purple group).  
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Figure 4-12 Functional interaction network (STRING analysis)  

 

 

A)The initial STRING model included 
genes symbol/proteins from the DM-
cluster-CpG with a score Ó3, and 
highly significant isolated-DM-CpG for 
both hypo- and hyper methylation.   
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B) The Final STRING model included 
the same genes symbol/proteins from  
DM-CpG, and manually added genes 
as suggested by the program when 
verified for cluster scores =2 or 
medium/high significant isolated-DMï
CpG.  

The network analysis displays 
JAK1/STATs nodes link to several 
signalling pathway :  

¶ JAK1 signalling node in red;  

¶ STAT3 node (blue) linked to  

¶ IL6 signalling (light green);  

¶ STAT2 and downstream interferon 
related signalling (orange);  

¶ IL15/IL2/STAT5 node (dark blue); 

¶ IL12/IL13/STAT4 (green);  

¶ TGF-ȸ signalling node (pink);  

¶ IL17/IL17R axis (duck green);  

¶ TNF-Ŭ related genes (purple);  

¶ DNA methylation/modification 
related genes (yellow). 
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I subsequently analysed the IL6 and TNF signalling cascades in more details 

(Figure 4-13, done in collaboration with another student in the group, co-author 

on the publication).  The component of the IL6 and TNF signalling cascades were 

retrieved form several data knowledge sources and assembled into a signalling 

cascade schematic.  The DM-genes (DM-CpG-cluster score>=2, isolated-CpG p-

value <0.001) were mapped to these schematic with green for hypo-methylation 

and red for hyper-methylation labels  (Figure 4-13, A and B).  Many DM-genes 

were directly involved in the TNF signalling cascade while similar and/or 

additional genes showed the same for the IL6 pathway.  

I also aligned DEG (with adjusted p-value Ò 0.05, fold change Ó1.5) using the 

previous analysis (as described on page 106) onto these two signalling cascades 

(Figure 4-14, A and B, red as over-expressed and green as under-expressed in 

RA). This highlighted JAK1 and STAT3 and 4 and many more genes, which, 

following manual investigating into DM, also showed low/medium significant 

levels of DM at the DNA level which was not prioritised.  

Altogether, this work tied together many observations and focalised my 

investigations further into IL6 and TNF as central to early disease events.  
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Figure 4-13 DM-genes in signalling cascade for a) IL6 and b) TNF-Ŭ. 

Components of the signalling cascades were listed from several data knowledge 

sources, and assembled as a signalling cascade schematic. Hypomethylated 

DM-gene in RA are represented in green; hypermethylated DM-gene in red. 
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Figure 4-14 DEG-genes in signalling cascade for a) IL6 and b) TNF-Ŭ. 

Components of the signalling cascades were listed from several data knowledge 

sources, and assembled as a signalling cascade schematic. Under expressed-

gene in RA are represented in green; over expressed-gene in red. 
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STRING network analysis of memory T-cells and monocytes DM-genes.  

A similar STRING analysis was performed on the memory and monocyte 

datasets. Hypermethylation was mainly observed in memory T-cells, suggesting 

a potential global gene silencing effect (by analogy to the cancer field). The 

STRING analysis of DM genes (DM-CpG-clusters (score Ó3), isolated-DM-

CpG/genes (pÒ0.0001), and some manually add gene if score Ó2 or pÒ0.001 ) in 

a list of 502 gene symbols, suggested a single major network, centred on EP300 

(Figure 4-15, A). This node then linked to several other genes, SKG1, histone 

modification enzymes (Hist3H2A), transcription factors (HES5, PAX6, FoxO3) 

and signalling protein (TRAF6).  

EP300 encodes the histone acetyltransferase p300 that regulates transcription of 

genes playing an essential role in cell growth and/or differentiation, notably 

preventing tumor growth. EP300 contains a domain that recognizes acetylated 

lysine residues bromodomain that is known to be involved in IL6 signaling (309) 

and as a co-activator of hypoxia-inducible factor 1 alpha (HIF1A) resulting in 

VEGF induction. IL6 signalling therefore appears also central to the memory 

networks via EP300.  

Serine/threonine-protein kinase (SGK1) regulates ion transport and is under the 

control of stimuli including insulin (as seen here with the insulin receptor gene 

INSR), growth factors and glucocorticoids (310). It has been shown to contribute 

to several pathways including inflammation, cell proliferation and apoptosis (311).  

A similar analysis run for monocyte specific DM-genes (from a list of 187 gene 

symbols) revealed no particular dominant node (Figure 4-15, B).  Although 

IL6R/IL6 were not themselves DM in monocytes, EP300 remained central to the 

network generated for this subset. 

 

Overall from the STRING network construction, the same number of DM genes 

in naïve cells (687 DM genes entered) brings up more relationship and highlights 

several pathways than  in memory cells (502 DM genes).  The network contains 

genes that are both unknown and well-known  for being involved in RA or 

inflammation/immune responses.  The known genes shown in the network 

confirm linkage with established knowledge while they also support forming new 

theories about early pathological events in RA (This point will be further 

mentioned in the discussion).   
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Figure 4-15 STRING network of functional relationships between DM-genes 

in A) memory T-cells and B) monocytes. The small network related to IL6 

signalling and EP300 are heighted in pink. 
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4.3.6 Validation of the scoring system using available R-packages  

 

My DNA methylation analysis workflow used standard procedures of data 

management, with an in-house analysis for prioritising DM-CpG-cluster and 

isolated-DM-CpG. DM-CpG-cluster were scored based on the physical 

positioning of CpG/probes, and a t-test for comparing methylation level between 

HC and RA.  Therefore probe-poor regions may have been discarded due to lack 

of physical proximity in their positioning, rather than by lack of individual 

methylation different between HC and RA. I therefore also considered highly 

significant isolated DM-CpGs in the candidate lists.  However, For the analysis of 

high-throughput genomic data, it is usually suggested to correct for multiple 

hypothesis testing, estimation of the false discovery rate (FDR) controlling the 

family-wise error. Controlling for multiple comparisons in our data left us with very 

little significant CpGs the further analysis (most likely due to n=10), so I decided 

not to considered this in my primary analysis, this being an exploratory study 

whereby some false-positive results were an acceptable risk.   

In order to further validate the scoring system, I ran the DNA methylation dataset 

through two publicly available R packages; DMRcate (273) and Bumphunter 

(272). These 2 packages aim to find a differentially methylated region (DMR), 

based on a similar concept to my analysis finding DM-CpG-Cluster, although they 

use more stringent statistics.  

DMRcate uses moderated t-statistic to find significant individual CpG and then 

uses a function to agglomerate the nearby region from groups of significant CpG 

(273). It allows for several parameters to be adjusted such as the statistical 

significance (FDR adjusted p-value), the methylation difference itself (the ɓ-value 

difference between group), and the length of the region to consider. The DMRs 

can then be annotated to the associated gene. Running this analysis using the 

recommended/default settings (FDR Ò 0.05, 1000 bp, average Dɓ-value Ó0.05), 

only 2 genes were DM in RA, CUTA (CutA divalent cation tolerance homolog), 

and B3GALT4 (Beta-1,3-Galactosyltransferase 4). Using customised settings 

with similar criteria to my scoring system (allowing results to  be compared) 

resulted in a list of genes including 251 hypo and 294 hyper-methylated genes 

respectively (Data S5). When compared to my scoring system list in naïve T-cells, 

results showed a large overlap with 106 genes commonly identified by both 

analyses (Figure 4-16).  
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Bumphunter finds regions of interest based on regression modelling and 

smoothing techniques as well as permutation to assess the statistical uncertainty 

for each DMR (272). I attempted to run this package despite our small number 

and obtained a list of ñbumpsò with 68 hypo and 92 hyper-methylated genes 

respectively (Data S5)  These were overlapping with my scoring system for 38 

genes.  

An overlap between the three strategies revealed 20 genes (14 hypo and 6 hyper-

methylation) in common (Figure 4-16). The most immediately recognisable genes 

were TNF, some IFN-signalling related genes; IFITM, PSMB9 and AIM2, and 

some transcriptional regulator; MEOX1, EOMES and HIC1.   

A similar analysis was performed for memory T-cell and monocytes subset 

(Figure 4-17, A and B). 27 hypermethylated were overlapped between 3 

strategies in memory T-cell while 4 (3 hypo and 1 hyper-methylation) overlapping 

genes found in monocytes. Interestingly, ABAT remained though for all strategies 

in 3 cell types. 
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Figure 4-16 Overlapping of naïve T-cells DM gene between 3 strategies.  The DNA 

methylation data of naïve T-cells were analysed using our scoring method, the 

DMRcate and the Bumphunter packages. Overlap between list of DM-genes are 

presented as Venn diagrams and gene symbols (Table). 
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Figure 4-17 Overlapping of DM gene between 3 strategies. The DNA 

methylation data of A) memory T-cells and B) monocytes were analysed using 

our scoring method, the DMRcate and the Bumphunter packages. Overlap 

between list of DM-genes are presented as Venn diagrams and gene symbols 

(Tables).    
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4.4 Discussion  

My study of genome-wide methylation analysis of T-cells helped gain more 

understanding of RA pathogenesis.  Despite being an exploratory study it could 

both confirm the involvement of known pathway (mainly TNF, IL6 and type-1 IFN) 

in the early disease pathogenesis and importantly discover up new candidate 

genes or pathways.  

The amount of methylation information offered also depend on the technology of 

choices. Here for this project, I use the 450K array, an improved version from 27k 

array, measuring  ~485,000 CpG on the genome although aiming mainly  at 

promoter regions and  gene body, which covered most of CpG islands identified 

in the human genome, their shelf and shore but very few CpG Island outside 

these structures. The methylation information provide is therefore  limited to the 

coverage and the probe design appropriate for this technology. 

To validate  results from my scoring concept I compared results generated with 

other analysis tools (DMRcate and Bumphunter). The overlapping number of DM-

gene between these two strategies and my scoring system was not very large.  

This is likely due to the statistical design behind DMR finding algorithms and the 

strictness of the selected criteria.  The main weakness of my scoring system was 

that it focused on statistical significance, not accounting for the actual difference 

in methylation level (delta ɓ-value difference)  which was included in the other 

two packages. Therefore, highly significance CpG could present with small 

methylation difference. Relaxing setting criteria naturally provides more DM 

genes candidates but can overload list including false positives. On the other 

hand, too strict criteria resulted in no candidate at all. A balance between these 

therefore needed to be met, and the aim of my exploratory analysis, using relaxed 

criteria, was therefore to generate lists of candidate genes that could lead to 

further understanding about early events in the disease pathogenesis.  Indeed 

molecular and cellular functional investigation will be needed as further steps to 

definitely prove and explain how change in methylations of particular genes can  

explain the pathological mechanisms of the disease. Thus, my scoring system, 

which calculated a score on individual CpG (instead of picking up the whole 

region with high DM), will be useful in designing further study at a base-pair level 

to relate individual changes with functional effect. Another limitation of my scoring 

system (and also for the other packages) is that it focuses on regions with high 

CpG density. Genes with more probe will get better chances to be scored. Thus  

these are biased toward the chosen areas/genes coverage by the Illumina 
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probes. Thus the result might not be fully representative of the biological 

differences between HC and RA. 

Despite the limitations of my scoring system, data provided lists of DM-genes 

which were partly validated by the other packages and  highlighted several RA 

pathogenesis pathways. Combining this work with my supervisor previous work 

also pointed to the new insight into the RA pathogenesis  which were published 

in a manuscript entitled ñDifferential CpG DNA methylation in peripheral naµve 

CD4+ T-cells in early rheumatoid arthritis patientsò on 07 April 2020 in Clinical 

Epigenetics journal.   

The initial exploration and analysis to identify DM gene in naïve CD4+T-cells, 

memory CD4+T-cells, and monocytes from of HC and early RA patient using my 

in-house scoring system showed that the DNA methylation alterations in RA for 

each cell types is quite unique. The very limited number of genes being commonly 

affected between in 3 cell subsets reinforced the fact that such epigenetic 

modifications are highly cell-specific, similarly to previously reported (312), and 

suggested different effect on each cell types in disease pathogenesis. 

The only overlapping DM-gene to all 3 subsets was ABAT, 4-Aminobutyrate 

aminotransferase enzyme. This gene is responsible for the catabolism of gamma-

aminobutyric acid (GABA), an essential inhibitory neurotransmitter, reducing 

neuronal excitability throughout the nervous system, and directly responsible for 

the regulation of muscle tone. T-cells express the GABA receptor and exposure 

to GABA is involved in regulatory loop reducing inflammation and promoting 

"regulatory" responses (313, 314). As such GABA has been implicated in 

autoimmune diseases in animal models including arthritis (315, 316). Hyper 

methylation in ABAT may therefore contribute to a loss of GABAôs regulatory 

effect in all blood cell types, promoting inflammation and autoimmunity. Being 

similarly regulated in all subsets, the DM of ABAT suggest a general effect on this 

particular gene, while cell subset specificity appears to be the rule for most 

others.  

Methylation changes in RA were observed more in naïve CD4+T-cells than 

memory CD4+T-cells or monocytes. DM cytokine/receptor genes were numerous 

in naïve T-cells while several were repeated in the other two cells. Consider the 

involvement of T-cells in the early stage of RA pathogenesis and that naïve T-cell 

is an immature cell with an ability to differentiated to particular effector cells 

depending on the stimuli, it is sensible that the methylation alteration in RA were 

targeting naïve T-cells;  especially on the cytokine/chemokine receptor genes 

which receive signals from the outside environment as well as for the cytokine 
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production itself which is a sign that naïve cells  may be changing toward a 

particular polarisation subtypes.   

Focusing on naïve CD4+T-cells as the most susceptible cell type to change in 

DNA methylation, a functional relationship network analysis of DM gene  

highlighted a central role for IL6/STAT3 with downstream effects on several 

pathways including TNF signalling, the potential for differentiation towards Th17 

cells and interferon signalling.  

IL6ôs importance is well recognised in RA (165, 301), as is the effectiveness of 

the therapeutic IL6 blockade (119).  DNA methylation alteration of IL6/IL6R genes 

was reported in SF, PBMC, and T-cells of established RA patients (227, 228, 

301). IL6 has been shown to induce the DNA methylation change in cancer and 

SLE (243, 317).  Recent gene expression analysis in CD4+T-cells also suggested 

a role for IL6, very early in the RA disease process, notably compared to patients 

with inflammatory joint symptoms not progressing to RA (302).  Increased  IL6 

levels in serum of early, drug naive RA is well established  and was shown here 

using data from my supervisor (304-306). The functional effects of IL6 on CD4+T-

cells have been explored extensively (reviewed in (318)).  Specifically, in naïve 

CD4+T-cells, IL6 induces survival (319), proliferation (320) while memory 

CD4+T-cells respond mostly by expanding the effecter/memory pool (321).  

My data also suggests that naïve T-cell in early RA are prompted towards Th17 

development (which is clearly observed in memory cells at DNA methylation 

levels on the IL-17A gene (322)). The differentiation of Th17-cells in vivo remains 

unclear, while in vitro, it can be induced by variable combinations of the pro-

inflammatory cytokines IL1- ,̡ IL21, IL23, IL6 with/without TGF-  ̡(127, 323-326).  

My analysis showed that IL6/IL21/IL21R and TGF-  ̡ -1 gene (and the overall 

gene family of TGF )̡ were DM in naïve T-cells. The RORC gene encoding for 

RORɔt, the master regulator of the Th17 cell lineage itself, was also DM in naïve 

cells (>5% ǧ̡ -values at 2 CpG sites).  Th2 differentiation appears intact in RA 

(327). In contrast, Th1 polarisation was shown to be compromised by a deficit in 

Tbet engagement in established RA (96, 97). Interestingly, no evidence of DM 

were observed on genes of the Th1 or Th2 differentiation cascades (while 

observed in the Th17 cascade) which add context to the observed difference in 

the Th17 axis. Defective Th1 polarisation in early RA could therefore be a 

mechanism resulting in Th17-cells developing preferentially.   

An IFN signalling gene node was also highlighted in my String network. 

Dysregulation of IFNs are often observed in autoimmunity (Systemic Lupus, 

Systemic Sclerosis, Sjogrenôs Syndrome, Multiple sclerosis, Dermatomyositis, 
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Diabetes Mellitus type1, Psoriatic Arthritis) (133, 328-330) suggesting that an 

activated IFN-response gene expression profile is a common characteristic of 

chronic inflammatory diseases. In a study of at-risk individual for RA, genes 

specifically induced by type-1 IFN were indicative of the progression to the 

inflammatory arthritis stage (331). IFN signatures were so far only associated with 

outcome in (very) early RA and no longer predictive later in the disease course. 

As further supported by our data this suggests that IFN-signalling is associated 

with early pathogenesis, independently of whether this can be exploited clinically 

later in the disease course. Furthermore, links between IL6 signalling/production 

and type-I IFN-gene signatures (and vice versa) were also observed in other 

inflammatory diseases (332, 333), supporting a possible link in early RA 

development. 

Using several techniques, I also confirmed DM of the TNF gene promoter in 

CD4+T-cells of early RA, as well as higher protein levels of several cytokines.  

String network also shows many other DM gene in TNF family and its receptors.  

The central role of TNF on RA pathophysiology has long been established while 

my data provide further evidence at a new levels (i.e. DNA methylation) very early 

in the disease process as well as clearly establishing that this is uniquely 

associated with naïve CD4+T-cells. TNF has a pro-inflammatory influence on a 

wide variety of function. It activates leukocyte, endothelial cell, and SFs, inducing 

the production of cytokines, chemokines, adhesion molecules, and matrix 

enzymes, activation of osteoclasts and promote angiogenesis (3).  TNF can both 

act on T-cells and can be produced by T-cells (334).  TNF can induce the 

activation and proliferation of naïve and effector T-cells, can also promote 

apoptosis of highly activated effector T cells, and block Treg suppressive effect 

(334).  Although TNF-Ŭ is produced mainly by monocytes, interestingly,  my data 

shows no TNF DM in early RA on monocytes, and as well as memory T-cells. 

This might suggest that in the early events, DM of TNF in naïve cells suggest that 

they are the relevant cells in RA pathogenesis before other cell types.  This help 

supports the central role of naïve CD4+T-cells in the initial stage of RA 

pathogenesis. 

Apart from the genes that were previously known to associate with RA or related 

to an inflammatory partway, my analysis also brings up other DM genes that were 

so far unknown to be related to RA,  which, may have an important role in RA 

pathogenesis. This includes genes involved in epigenetic modification itself,  DNA 

methyltransferase (DNMT3B, SALL3), Histone deacetylase family (HDAC2, 

HDAC4), and Histone methyltransferase (EHMT2, PRDM14). The DNMT gene 
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family is responsible for both de novo DNA methylation or the maintenance of 

methylated DNA. It plays a critical role during CD4+T-cells development and 

differentiation where both DNMT and methylation are essential for the 

appropriate expression of specific genes that help to define lineage and dictate 

function of T cells (335).   

Similarly, Histone modification is also crucially involved in the expression of 

genes associated with the development of effector and memory T cells (336).  

Therefore abnormal methylation of these genes involved in the epigenetic 

machinery in naïve T-cells could lead to defective T-cells capabilities later which 

may change the  ability of T-cell to responds to stimuli and differentiated into 

particular effector cells.   

There are several other new genes that showed up on the string network linked 

to a known pathway not yet involved in RA. For example, Genes that regulated 

cell growth and differentiation within the TGFB/SKI signalling cascade; The 

ubiquitin system and the proteosome encoded gene (PSMB8, S20 subunit) 

linking the TNF, STAT2, IFN group of genes on string network  to an essential 

function, the immunoproteasome which processes MHC peptides.  

DNA methylation may contribute to pathogenesis via regulating gene activity.  

Analysis of the downstream process; gene expression and protein transcription, 

can help confirm the effect of DNA methylation on the ongoing pathology. To 

validate my list of DM gene, gene expression microarray data from early drug 

naïve RA patients was retrieved from publicly available sources and compared to 

my DM list. Many DM genes were matched with a DEG at mRNA level.  Serum 

Cytokine level information retrieved from my supervisor previous work and Elisa 

experiments on a similar sample set also showed changes of expression for 

several DM genes. In terms of technical and biological validation, it would have 

been more informative to study DNA methylation, mRNA transcription, and 

protein translation in the same patients or with a single cell transcriptome and 

methylome analysis, which has now gained more interest and is more affordable 

(notably compared to when my data were acquired).  However, utilising publicly 

available data also remains a useful option where sample resource are limited, 

while also allowing the use of larger sample numbers.  The compatibility of the 

patient cohorts needs to be considered with caution (both for demographic and 

clinical parameters) while the technology/platform used and the sample types 

needs to be adapted to each type of analysis. I took particular care when selecting 

patients from the tissue banks in order to match their characteristics as much as 

could be achieved.  No statistical difference was noted between the groups 
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(methylation array, gene expression, ELISA, TNF sequencing) except for a 

slightly longer symptom duration for the patients used in the array due to the 

choice of 3 swollen joint as a criteria. 

After the validation of the possible effect of DM genes at mRNA and protein levels 

and the interest raised toward a particular pathway (IL6 signalling), a functional 

study at the cellular level to help decipher the actual contribution of naïve CD4+T-

cells to RA pathology would be important. What assay to select depends on that 

function of the genes/pathways involved. However, this  functional study was not 

within the scope of my PhD. My project will nonetheless allow to design new 

hypothesis to be tested  in a functional study of the associated biological function 

altered by DM,  for which my supervisor is applying for funding. 

Within the publication of this part of my PhD, additional work was nonetheless 

performed in collaboration with other member of the group included as co-

authors. A model of unusual T-cell differentiation in RA was proposed by my 

supervisor group in 2002 (92).  My work and the additional work performed in 

collaboration with other member of the group allow us to propose an updated 

version of the original model of T-cell differentiation defect in RA (284). 

In 2002, my supervisor group reported the development of an atypical subset of 

naïve CD4+T-cells (CD45RA+ but CD45RO-/dull), in direct relation with levels of 

in vivo inflammation (measure by CRP), proliferating (1 or 2 cycles, evidence by 

TREC dilution) but remaining naïve with respect to antigen stimulation while 

becoming hyper-responsive to TCR (signal 1) + co-stimulation (signal 2) or 

mitogen (PHA) stimulation, having lost CD62L-.  These were hypothesised to 

results from differentiation following exposure to IL6 (amplified by IL2/TNF) (337), 

as reported by others (reviewed in (29)).  These also had important clinical 

significance as biomarker for  (I) classification from an early arthritis clinic (ii) in 

relation to the progression of RA from pre-clinical and early inflammatory stages 

and (iii) for the prediction of 1st line treatment induced clinical remission as well 

as the stability of remission once achieved (48, 94, 113, 114). 

Considering that methylation at a particular CpG position is a binary event 

(methylated/unmethylated), methylation levels in the form of -̡value represent a 

proportion of cells in the sample that is methylated  at that CpG. The differences 

in -̡values between RA and HC observed on the array therefore suggests the 

emergence of a subpopulation of cells that have altered their methylation status 

at such positions.  Our group therefore hypothesised that the methylation 

changes affecting cell surface molecules could allow  the identification of  the 

subset of naïve CD4+T-cells in which such modifications had happened.  
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I performed an analysis of the keyword associated with DM-genes and produced 

a list of potential cell surface marker (Table 4-7). From this list, markers were 

selected on the basis of their relevance.   

An additional experiment was performed to analyse DM cell surface molecule on 

peripheral blood of 10 HC and 35 early, drug naïve RA patients (Table 4-8, within 

the same parameters as previous patient groups) using flow cytometry. This 

experiment was performed by  members of a group (co-authors of the paper) 

(detailed method in Appendix 7).  The expression of cell surface molecule (listed 

below) was first analysed in naïve CD4+T-cells (identified  using CD45RA+ and 

CD45RO-, Figure 4-18, red square).   

ü CD4, showing DM with a ǧ̡ -value of 9.92% (p=1.80 x10-4) 

ü CD62L, showing low DM with a ǧ̡ -value of 1.26% (p=1.72x10-2) but 

directly down-regulated by IL6 at the gene expression level (337) 

ü IL6R, showing DM with a ǧ̡ -value of 17.05% (p=3.80x10-6), or 3.9% 

(p=1.30x10-5) 

ü IL2R, showing DM with a ǧ̡ -value of 21.47% (p=4.38x10-5) 

ü CXCR4, showing DM with a ǧ̡ -value of 13.23% (p=3.45x10-3) 

 

Table 4-7 DM cell surface molecules  

Cluster of 
differentiation 

Cytokine receptors 
Chemokine 

receptor 

HLA 
related 

markers 

IFN 
related 

signalling 
Others 

CD4 TGFBR1 IL15RA CXCR4 HLA-E IFNAR1 SELL/CD62 

CD27 TGFBR2 IL17RA CXCR5 HLA-J IFNAR2   

CD160 TGFBR3 IL17RC   
HLA-
DOA IFNGR1   

CD68 TGFBR3L IL17REL     IFNGR2   

CD300A TNFRSF10B IL1R2         

  TNFRSF10C IL1RAPL1         

  TNFRSF13B IL1RN         

  TNFRSF18 IL20RA         

  TNFRSF19 IL20RB         

  TNFRSF1A IL21R         

  TNFRSF1B IL27RA         

  TNFRSF21 IL2RA         

  TNFRSF6B IL2RB         

  TNFRSF8 IL4R         

  TNFRSF9 IL6R         

  IL12RB1 IL10RA         

Note; DM form naïve String DM gene list (DM-CpG-clusters (score Ó3), isolated-
DM-CpG/genes (pÒ0.0001), and some manually add gene if score Ó2 or 
pÒ0.001.  
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Table 4-8 Demographic and clinical data for the control and RA patients 
used in characterisation of a subpopulation of cells using  flow cytometry. 

 

Cohort 3 : Flow cytometry HC (n=10) RA (n=35) 

age (years)* 44 (26-59) 54 (26-76) 

M/F 5/5 7/13 

ACPA (Pos/Neg) na 15/5 

Duration (months)* na 4 (1.5-12) 

TJC na 9 (0-28) 

SJC na 5 (0-20) 

CRP na 6 (<5-151) 

Data are presented as the median (range) 

 

 

 

Figure 4-18 The expression of cell surface molecule  imported form our 

publication entitle Differential CpG DNA methylation in peripheral naïve CD4+ T-

cells in early rheumatoid arthritis patients, 2020 (284) 

Flow cytometry characterised naïve CD4+T-cell of HC and early RA patients. 

CD3+CD4+T-cells (orange gate) were first gated. Naïve cells were then gated as 

CD45RA+/CD45RO- (red square) and memory cells as CD45RA-/CD45RO+ 

(green circle) in a representative HC and RA patient.   
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The mean fluorescence intensity (MFI) of CD4, CXCR4 and IL2R expression was 

significantly higher in RA (p<0.0001) but not IL6R, which expression was very 

variable compare to HC (Figure 4-19).  The expression of CD62L is either positive 

(Figure 4-20, A, red circle) or negative (blue square). The % of CD62L- naïve 

CD4+T-cells was significantly higher in RA (median 1.3%, p<0.0001) compared 

to HC (median 0.15%) and particularly raised in 3 patients with high CRP (55, 75 

and 178 mg/L). This demonstrated that CD62L could identify 2 subpopulations of 

naïve T-cell in RA; the classical naive CD62L+ cells and CD62L- naïve T-cells as 

described by my supervisor in 2002 (92).  

The expression of CD4, IL6R, and IL2R was further analysed between CD62+ 

naïve, CD62L- naïve and memory CD4+T-cells (Figure 4-20, B, CD45RA- and 

CD45R+, green circle) in the 3 RA patients that showed  a clear CD62L- 

subpopulation.   There was (i) no significant difference of CD4 expression 

between 3 cell types, (ii) clearly a reduction of IL6R expression on CD62L- 

compared to CD62L+ naive cells as well as on memory cells, and (iii) a  

dichotomous IL2R expression on CD62L- (with a positive and a negative peak) 

compared to CD62L+naïve (all negative) while memory cells were mainly 

positive. 
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Figure 4-19 Expression of CD4, IL6R, IL2R and CXCR4  imported form our 

publication entitle Differential CpG DNA methylation in peripheral naïve CD4+ T-

cells in early rheumatoid arthritis patients, 2020 (284) 

Expression of CD4, IL6R, IL2R and CXCR4 in CD45RA+ naïve T-cells using 

Mean Fluorescence Intensity (MFI). Results are shown as box plot for 11 HC and 

35 RA patients. CD62L was either positive or negative and % of naïve CL62L- 

cells was recorded and displayed. Significant differences (Mann-Whitney U-test, 

p<0.05) are highlighted by stars. 
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Figure 4-20 Subpopulation of naïve CD4T-cells in RA patients  imported form 

our publication entitle Differential CpG DNA methylation in peripheral naïve CD4+ 

T-cells in early rheumatoid arthritis patients, 2020 (284) 

A) CD45RB and CD62L were further used to refine the phenotype of naïve 

CD4+T-cells.  CD45RB expression was consistently high in naïve cells but 

declined in experienced cells and was low in memory cells (green circles), with 

no major difference between HC and RA for this subset. CD62L expression is 

positive on naive cells (red circle, consistently in HC) but was either positive (red 

circle) or negative (blue square) in RA defining an subpopulation of naïve CD62L- 

cells also expressing reduced levels of CD45RB (blue circle).   

B)  Differential levels of expression for CD4, IL6R and IL2R are shown in a RA 

patients with a raised CD62L-naïve cells subpopulation (best representative 

patient displayed) for naïve (red) memory (green) and IRC (blue) cells. Levels of 

CD4 were not significantly different (n=3). The expression of the IL-6R was lower 

on CD62L- (MFI 7,300) compared to CD62L+ naive cells (17,600) as well as on 

memory cells (11,400). The IL2R expression was negative on CD62L+ naïve cells 

but presented 2 populations (negative <1000 fluorescence units and + fractions 

> 1000) for CD62L- naïve cells. Memory cells were mainly positive (72% of cells).   
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Binding to the IL6R by IL6 triggers the formation of a complex with gp130  

accompanied by the internalization of the IL-6/IL-6R/gp130-complex (338, 339).  

Therefore, levels of the IL6R at the cell surface may reflect a balance  between 

recently and past IL6-activated cells (lowered IL6R levels), and non-

activate/resting cells (high IL6R levels). Thus, a large distribution of IL6R levels 

as observed in total naïve cells is not  unexpected,  if this observation was used 

to support the hypothesis of a proportion of naïve cells undergoing IL6 driven 

differentiation. IL6 signalling was shown to directly reduce the expression of 

CD62L (337). As Such, the naïve cells that have lost CD62L expression, have 

also reduced their expression of the IL6R (suggesting exposure, signalling and 

internalisation of the receptor) for most of them, and may therefore directly 

represent the subset of naïve cells that are undergoing IL6 driven differentiation.  

IL6 was reported to increase the expression of DNMT1 which correlate with DNA 

methylation in T cells (244, 335), suggesting a direct link between inflammation 

and alteration in DNA methylation (340). The main conclusion of my work is 

therefore that IL6 could induce the change in DNA methylation of the DNMT1 

gene (ǧ̡ -value of 8.86% (p=0.0224) as well as several other genes involved in 

the epigenetic machinery (i.e.DNMT3, SALL3, HDAC2 , HDAC4, PRDM14, and 

EHMT2 ) observed in early RA, resulting in an abnormal activity of these genes 

leading to abnormal DNA methylation in other genes (as well as other 

modifications that needs to be explored further as well).  

IL6 signalling also alters the chemokine receptor balance at the surface of T-cells, 

silencing CD62L while increasing chemokine receptor expression for pro-

inflammatory factors such as CCL1/MCP-1 or CCL12/SDF1 to allow cells to 

migrate to inflamed tissue (341). CD62L- naïve T-cells may also exhibit other 

changes resulting from alterations in DNA methylation, these cells, previously 

maned Inflammation related cells (IRC) in a publication from my supervisorôs 

group (94), were shown to have specifically increased their expression of CXCR4 

(also DM with a ǧ̡ -value of 13.23%, p=3.45 x10-3), CXCR5 (ǧ̡ -value of 5.50%, 

p=4.07 x10-5), CCR3 ( ǧ̡ -value of 19.54%, p=8.73 x10-4). In addition, another 

recently described subpopulation of CD4+T-cell, Follicular T-cell (TFh), are also 

indirectly induced by IL6, via IL21 (342). These TFh cells display CXCR5+/PD1high 

phenotype (343, 344). They have recently been observed in RA (345). Both these 

markers were modestly DM (CXCR5 ǧ̡ -value of 5.50%, p=4.07 x10-5 and  PD1 

ǧ̡ -value of 6.69%, p=6.05 x10-3) while considering the IL21 ELISA results, and 

the high expression of CXCR5 expression previously reported on CD62L- naïve 

cells in RA patients (94), these data altogether further support the potential of 
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IL6/IL21 in generating CXCR5+ cells that may correspond to (i) CD62L- naïve 

cells, and/or (ii) TFh.  

The new data present in my thesis, enabled me to redefine the original model of 

the IL6 driven alteration in naive CD4+T-cells presented in 2002 by my supervisor 

(92) which proposed the perturbation of CD4+T-cells differentiation in early RA, 

as a result of IL-6 activation of naïve T-cells, introducing alteration of DNA 

methylation driven by IL-6 as a possible mechanism for the generation of the 

unusual population of CD62L ï naïve CD4+T-cell (92, 94, 243, 337). DM in genes 

enables changes in the DNA accessibility to several genes in pathways such 

several signalling cascades (TNF, TGF, IL2/15/21) , Interferon signalling related 

genes expression, the polarisation of Th17 cells. The effects of these changes 

together with functional alteration in naïve CD62L- CD4+T-cells may then allow 

them to migrate to the joints and contribute to the development of chronicity via 

the acquisition of resistance to apoptosis as previously suggested (137, 346) and 

the local maturation of Th17 cells. In Figure 4-21, I therefore propose an updated 

version of the original model of T-cell differentiation defect in RA.   
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