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Abstract 
Myalgic Encephalomyelitis/Chronic Fatigue Syndrome (ME/CFS) is a debilitating disease affecting 
approximately 20,000 New Zealanders. Patients experience lifelong persistence of the disease with 
symptoms including a characteristic post exertional malaise, and dysfunctions in cognition, sleep 
and the autonomic nervous system. Symptoms are severe enough to prevent normal function, 
leaving a significant proportion of patients house or bed bound greatly reducing quality of life. Prior 
research and disease presentation indicates a multi-systemic pathophysiology primarily involving 
metabolic, immune and neurological dysfunctions. Susceptibility is believed to be a combination of 
a genetic predisposition in combination with environmental stressors. Recent investigative efforts 
have turned to epigenetics in order to further understand the disease. DNA methylation is a well-
characterized epigenetic modification that is linked to changes in gene expression, especially when 
it is found within the regulatory regions of the genome such as promoters. Additionally, DNA 
methylation is a malleable, environmentally affected regulatory modification with the potential to 
provide insights into systematic changes linked to the disease. This investigation aimed to 
characterize, in depth, the DNA methylation patterns of ME/CFS patients compared with age and 
gender matched healthy controls.  
 
In order to determine the DNA methylation variation in ME/CFS a cohort of 10 patients and 10 
matched controls were investigated in the study. DNA was extracted from peripheral blood 
mononuclear cell fractions purified from whole blood. Following quality assessment of isolated 
DNA, DNA fragment libraries were prepared for Reduced Representation Bisulfite Sequencing 
(RRBS). The RRBS libraries were sequenced using high throughput next generation sequencing. 
The subsequent data were analysed using multiple bioinformatic platforms in order to determine 
patterns of differential methylation between the patient and control groups. RRBS designed 
MethylKit and DMAP analysis pipelines were utilised in order to investigate changes at each 
individual cytosine and at clustered cytosines within DNA 40-220bp fragments respectively. 
Additional methylation variation was investigated across genomic features of interest including 
promoters, enhancers and gene bodies. Genes identified associated with gene body differential 
methylation were then utilised for further pathway enrichment analyses. 
 
With appropriate statistical significance thresholds, Methylkit identified 394 differentially 
methylated cytosines  and DMAP identified 76 differentially methylated fragments. Manual 
inspection of the data identified four clusters of MethylKit cytosines overlapping or in close 
proximity to DMAP fragments. These clusters identified regions of regulatory importance for 16 
protein-coding genes. Further independent regulatory feature analysis identified 22 promoter 
regions associated with 45 differentially methylated cytosines (utilising MethylKit data) and 11 
promoters associated with 12 fragments (utilising DMAP data). Analysis of gene body differential 
methylation identified 91 genes associated with 121 individual differentially methylated cytosines 
and 31 genes associated with 31 fragments containing methylated cytosines. Functional pathway 
enrichment analysis with a FDR <0.05 identified 7 functional pathways through analysis of 
MethylKit identified genes, and 23 functional pathways through analysis of DMAP identified  
 
The 16 genes associated with the regulatory regions identified by clusters of differential 
methylation largely falling into either immune or metabolic/mitochondrial related functions. Further 
gene body analysis identified a number of enriched functional pathways including a number of 
immune, metabolic and particularly neurological related functions. Together the pattern of DNA 
methylation in patients implicated components of a number of systems that may be differentially 
methylated and therefore potentially differentially regulated compared to a healthy population. 
Particularly the large number of enriched neurotransmitters and neuropeptide reactome pathways 
identified by DMAP genes implicate an irregular stimulation of the HPA axis through the ‘Stress 
Centre’ (Paraventricular nucleus), a link between an irregular neuroendocrine response to stress and 
the stress sensitivity of ME/CFS patients. Overall this work shows specific changes in ME/CFS 
methylation with compelling links to the pathophysiology of the disease 
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Glossary of Terms 
 
GLOSSARY TERM Glossary Definition 
5-CARBOXYLCYTOSINE The final oxidized derivative of 5-

methylcytosine 
5-FORMYLCYTOSINE   An oxidized derivative of 5-methylcytosine 
5-HYDROXYCYTOSINE  An oxidized derivative of 5-methylcytosine 
5-METHYLCYTOSINE  The methylated form of the DNA base 

cytosine. Known to be involved in the 
regulation of gene transcription 

ADENYLATE CYCLASE A key enzyme involved in a number of 
regulatory roles in a broad range of cell 
types 

APOPTOSIS Controlled cell death 
AUTO REACTIVE T CELLS  A type of lymphocyte that has reacted to 

antigens causing it to grow large. Often 
associated with viral illnesses.  

AUTONOMIC SYSTEM  A control system that regulates a number 
of bodily functions, largely unconsciously, 
including heart rate, digestion, respiratory 
rate, pupillary response, urination and 
sexual arousal 

BAM FILES  A binary file format that contains sequence 
alignment data 

BIOANALYZER  A chip-based capillary electrophoresis 
machine commonly used to analyse DNA 
as well as RNA and protein products.  

BISMARK  A free to use tool designed for the analysis 
of bisulfite converted data that includes the 
mapping and methylation calling of the 
data.  

CASPASES Enzymes that digest proteins that have 
essential roles in apoptosis  

CHROMATID   One half of a replicated chromosome 
CHROMATIN  A combination of DNA and histone 

proteins that helps form chromosomes and 
can cause changes in DNA replication and 
gene expression through it’s configuration.    

CIRCADIAN ENTRAINMENT The biological mechanism that sets the 
biological clock i.e. circadian rhythm, 
based on environmental signal 

CORTISOL An important hormone released by the 
adrenal cortex that stimulates the stress 
response 

CpG    A cytosine- guanine dinucleotide 
CpG ISLAND   A region of the genome that contains a 

large number of Cytosine-Guanine 
dinucleotide repeats. They are located 
within regulatory important regions of the 
genome 
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CYTOCHROME C A protein between the inner and outer 
mitochondrial membrane that transfers 
electrons between complex III and 
complex IV of the mitochondrial election 
transport chain. 

CYTOKINE A type of protein secreted by immune 
related cells that affects the function of 
other cells. 

CYTOSINE  The DNA base most commonly methylated  
DAUER  A biological response to environmental 

stress that affects the cellular metabolism 
DIURNAL CYCLE  A pattern that recurs every 24 h generally 

regulated by environmental cues generated 
by the daily rotation of the earth 

DIZYGOTIC  (Non-identical twins). Twins derived from 
two separate ova 

DMAP   A publically available 'Differential 
Methylation Analysis Program' that is able 
to determine fragments of differential 
methylation 

DNA METHYLATION   The addition of a methyl group to a 
cytosine base of DNA 

DNA METHYLTRANSFERASE  A family of enzymes that transfer methyl 
groups to the cytosine base of DNA 
resulting in DNA methylation 

DNASE HYPERSENSITIVITY REGIONS  Regions of chromatin sensitive to cleavage 
by Dnase making them hallmarks of 
regulatory regions due to their open 
structure 

EFFECTOR B CELLS  Immune cells (also called plasma cells) 
that secrete antibodies 

ELECTROSTATIC INTERACTIONS  The attractive or repulsive interaction 
between objects with electric charges 

ENHANCERS  A short region of the genome that can be 
bound by proteins to increase the chance of 
gene expression of an associated gene 

ENTEROVIRUS  A group of viruses that case a number of 
mild infectious illnesses but can cause 
serious illness if they infect the central 
nervous system. 

EPIGENETICS The modification of gene expression 
without altering the genetic code itself 

EPITYUPER  A mass spectrometry based bisulfite 
sequencing method that regionally 
interrogates DNA methylation in a 
quantitative and high-throughput analysis 

ETIOLOGY  The cause of disease 
F VALUE The ration of two mean square values used 

to determine probability statistics in 
ANOVA test 

FALSE DISCOVERY RATE  The proportion of false positives you 
would expect to get in a statistical test 
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FLUORINE DEOXYGLUCOSE A radio-labelled marker for positron 
emission tomography (PET) imaging. 

GENE BODIES  The transcribed region of the gene i.e. 
introns and exons 

HISTONE PROTEINS  Proteins that package and order DNA into 
chromosomes  

HYPOTHALAMIC-PITUITARY-
ADRENAL (HPA) AXIS  

A neuroendocrine system responsible for 
the central stress response system 

INTERFERONS Proteins made by cells in response to viral 
infection. Interferons in turn signal anti-
viral defence responses 

INTERLEUKIN-1  A family of cytokines that plays a central 
role in the regulation of immune and 
inflammatory responses to infections 

LC/MS  Liquid chromatography-mass spectrometry 
is a technique that utilises the physical 
separation of liquid chromatography with 
the mass spectrometry mass analysis 

LEPTIN A hormone produced in the small intestine 
that regulates energy balance through the 
inhibition of hunger 

METHYLATION BINDING DOMAIN 
PROTEINS (MBD) 

Proteins that contain domains that bind to 
DNA containing methylated CpGs 

METHYLKIT   A publically available program that is 
used to measure differential methylation 

MICRORNA A subset of the non-coding RNA group 
containing only RNA's with a small 
number of nucleotides ~22bp 

MONOZYGOTIC TWINS  (Identical twins) Twins that develop from a 
single ovum 

MSP1 A restriction enzyme that is commonly 
used in the preparation of reduced 
representation bisulfite converted DNA 
libraries as it cuts at C|CGG sites 

NANODROP SPECTROMETER  A tool that allows for the measurement on 
small samples of DNA concentration and 
quality based on the intensity of light 
relative to wavelength 

NEUROPEPTIDE Small molecules that are released by 
neurons in signaling. They can have roles 
in other functions not limited to neuronal 
signaling such as regulation of DNA 
expression etc.  

NEUROTRANSMITTER Endogenous chemicals that are released 
from neurons and received by target 
neuronal cells for chemical messaging 

NEUROTROPHIC FACTORS Small proteins and peptides involved in the 
growth, survival and differentiation of 
neurons 

NON-CODING RNA  RNA that is transcribed but not translated 
into proteins. Often have functional roles 
in the regulation of gene expression 
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NUCLEAR FACTOR KB   A transcription factor considered a 
regulator of innate immunity as it is 
involved in the transcription of immune 
related genes, cytokine production and cell 
survival. 

ORTHOSTATIC INTOLERANCE  Development of symptoms, such as light-
headedness, that occur while upright and 
are relieved with reclining. 

P VALUE A probability value that is based on the 
likelihood of obtaining the observed results 
based on chance 

PARAVENTRICULAR NUCLEUS A group of neurons in the hypothalamus 
that are activated in response to stress and 
in turn influence a number of other 
biological systems 

PARVOCELLULAR NEURONS Neurons within the Paraventricular nucleus 
that stimulate the anterior pituitary  

PATHOPHYSIOLOGY  The physiological processes involved in a 
disease 

PCR - (POLYMERASE CHAIN REACTION)  A commonly used lab technique that 
exponentially amplifies a DNA fragment(s) 
of interest 

PERFORIN  A pore forming protein that is released by 
T lymphocytes and Natural Killer cells. It 
allows for the diffusion of proteases into 
the target cell  

PERIPHERAL BLOOD MONONUCLEAR 
CELLS   

Blood cells that contain a round nucleus 
i.e. lymphocytes and monocytes 

PERIVENTRICULAR NUCLEUS A small group of neurons located within 
the hypothalamus and is involved in the 
production of a number of hormones 

POST EXERTIONAL MALAISE  The inability to recover from exercise and 
an increase in severity of symptoms post 
exertion 

PRINCIPLE COMPONENT ANALYSIS  A statistical measure that measures data 
based on the most variance in the data  

PROMOTERS  A region of DNA located near the 
transcription start site of genes that leads to 
the initiation of transcription of the 
associated gene.  

PROTEIN KINASE A A regulatory protein that through protein 
phosphorylation has multiple roles 
dependent on the tissue type 

PROTON LEAK The migration of protons to the 
mitochondrial matrix independent of ATP 
synthase 

Q VALUE  A P value that has been adjusted for the 
proportion of false positives you would 
expect to get from a test 

QUBIT FLUOROMETRIC 
QUANTIFICATION  

A method of determining DNA 
concentration through the detection of 
fluorescent dyes bound to the target DNA 
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REACTIVE OXYGEN SPECIES Chemically reactive chemical species that 
contain oxygen - they are unstable and 
easily react with other molecules leading to 
damage 

REDUCED REPRESENTATION 
BISULFITE SEQUENCING  

A high-throughput technique to investigate 
a representative sample of the whole 
genome.  

S-ADENOSYL-L-METHYIONINE  The methyl donor involved in the DNA 
methylation reaction 

STRING A tool that performs network functional 
enrichment analysis on a list of proteins 

SUPRACHIASMATIC NUCLEUS A group of neurons within the 
hypothalamus that regulates the circadian 
rhythm 

TEN-ELEVEN-TRANSLOCATION   Enzymes that catalyse active 
demethylation 

TRIER SOCIAL STRESS TEST   A protocol that induces moderate 
psychological stress though a free speech 
and mental arithmetic in front of an 
audience in order to produce ACTH and 
cortisol  

TUMOUR NECROSIS FACTOR-A A cytokine activated by macrophages 
involved in systemic inflammation 

UCSC GENOME BROWSER A publically available database containing 
annotated genome data 
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Chapter One Introduction  

1.1 Myalgic Encephalomyelitis/Chronic Fatigue Syndrome (ME/CFS) 

1.1.1 Background 

In 1984, the small Southland town of Tapanui, (population <1000) was struck down by an 

unknown disease. After a flu-like infection, 28 patients initially reported prolonged, ongoing fatigue 

that left doctors baffled. Media showed interest in the outbreak and coined the moniker 'Tapanui 

Flu' (Poore et al. 1984). A decade later eight of these patients still displayed persisting severe 

symptoms, including debilitating fatigue, unrefreshing sleep, painful lymph nodes, sore throat, 

muscle pain and severe cognitive disruptions (Levine et al. 1997). Tapanui Flu is now believed to 

be New Zealand's first recorded outbreak of what is now referred to internationally as Myalgic 

Encephalomyelitis/Chronic Fatigue Syndrome (ME/CFS).  

The first recorded cases of ME/CFS internationally appear in the 1930's, with many records 

showing outbreak events similar to those as described in Tapanui. An outbreak in London during 

the 1950's coined the term 'benign Myalgic Encephalomyelitis', though the term benign was soon 

dropped after the course of the disease was clearer (Compston 1978). At the time, the lack of 

outward physical signs, and the female bias in the patient groups lead to a belief that it was not a 

genuine disease but a psychological phenomenon, such as mass hysteria. In the following years, 

however, there were repeated recorded incidences, including an outbreak in Florida that lead to the 

first use of the name, Chronic Fatigue Syndrome (Chester & Levine 1994). In 1969, the World 

Health Organisation had taken an important step to legitimise ME/CFS classifying it as a 

neurological disease (ICD 10 G93.3). The acknowledgement of the disease as a physical disorder 

was an initial important push against the common and still in some quarters an ongoing belief that 

ME/CFS is a psychological phenomenon. The Institute of Medicine of the US Academy of Sciences 
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(now known as the National Academy of Medicine) published an extensive report in 2015 that 

strongly asserted that ME/CFS was not a psychiatric disorder (Institute of Medicine. 2015).  

The initial confusion surrounding the name of the disease remains with both 'Myalgic 

Encephalomyelitis' and 'Chronic Fatigue Syndrome' sometimes used as synonyms for each other, 

but sometimes as distinct terms for a different illness. In addition to professional disagreement 

around nomenclature, there is a level of patient dissatisfaction surrounding the name Chronic 

Fatigue Syndrome - with an American survey performed in 2004 reporting 85-92% of patients 

wanted the name changed (Jason et al. 2004). Their key objection was the inclusion of 'fatigue' in 

the name as it was thought to be misleading and a major factor contributing to the persisting 

disregard of the severity of the disease. The 2015 report described above commissioned by the US 

Academy of Sciences and undertaken by their Institute of Medicine suggested changing the name as 

it underestimated the seriousness of the disease (Institute of Medicine, 2015). They suggested the 

alternative name 'Systemic Exertion Intolerance Disorder' emphasising a key characteristic of the 

disease, Post Exertional Malaise (PEM). The acronym SEID was proposed therefore as an 

alternative name for ME/CFS. However, it has not been widely accepted and an international 

meeting of IACFS in 2016 endorsed the term ME/CFS to capture both the European (ME) and 

American (CFS) names. The majority of researchers and patients worldwide continue to use 

Myalgic Encephalomyelitis either with or without the addition of Chronic Fatigue Syndrome. For 

the remainder of this thesis, the acronym ME/CFS will be utilised for consistency with current 

thinking and most common current usage. 

 

 

 

 



 

 18 

1.1.2 Prevalence and Demographics 

Estimates on the prevalence of ME/CFS vary depending on location reflecting the 

diagnostic criteria utilised for the particular studies. With a large proportion of countries lacking 

epidemiological data on ME/CFS the estimates of global prevalence are based on averages of the 

currently reported data and may be underestimated as a result of many affected people going 

undiagnosed. Reports of global prevalence indicate that the percentage of a population affected 

ranges widely - between 0.001% in Norway (Bakken et al. 2014) to as high as 2% in Canada (Rusu 

et al. 2015). As the majority of studies have taken place in western countries the data are 

predominantly from American and European populations. While no studies have specifically 

focused on ME/CFS prevalence in NZ it is estimated to affect ~0.5% (~20,000 New Zealanders) 

(ANZMES), and in Australia, a range of estimates average at ~1% (250 000) of the population 

(Working Group of the Royal Australasian College of Physicians 2002). 

Within a country or state, women are most likely to be affected, with most published population 

studies indicating a ratio of ~3:1 female to male. The US National Academy of Medicine in its 

description within the 2019 resolution of the US senate proclaiming May 12th as ME/CFS day 

Figure 1.1 International reports of ME/CFS prevalence. Grey shading indicates countries with no 
published data concerning the prevalence of ME/CFS. Table with exact percentages available in 
Appendix A, pg. 192). Figure constructed by Author.  
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records the ratio as 4:1 (H.Res 399). However, in some reports, the female incidence rate has been 

reported to be as high as 7-8 times that of males (Moss-Morris et al. 2011). Most demographic 

studies indicate that while the majority group of those diagnosed with ME/CFS are Caucasian 

women between the ages of 30-40, community studies show that the actual risk is higher in Latino, 

African American and Native American individuals (Jason et al. 2009). A significant younger 

cohort (pre-teen to young teen) is also evident. The disparity between risk and known prevalence 

highlights the importance of healthcare and social services being available and accessible for those 

affected and for improving and standardising the international diagnostic methods for ME/CFS.  

 

1.1.3 Impact, Symptoms, and Diagnosis 
ME/CFS is a life-altering disease for which there is no clear cause, pathophysiology or 

molecular diagnostic marker. Symptoms show disparate levels of intensity and frequency both 

between individuals and within an individual throughout the progression of the disease and their 

lifetime. Quality of life is severely diminished with only a very small percentage of patients 

(estimated to be ~5%) ever going on to recover their pre-illness capabilities and with up to 80% of 

patients unable to work (Chu et al. 2019). Additionally, the symptoms are often severe enough for 

the patients being unable to perform even basic functions, and up to 25% remain in an acute phase 

of being bed or housebound. This outcome of the disease results in a huge social and emotional cost 

to the patient. Financially, estimated costs to affected families are ~NZ $45,000 each year of their 

life (ANZMES). Hence a typical patient with onset at 30 years of age (and the New Zealand 

economy) can lose NZ$2 million over their lifetime. 

There are a large number of diverse symptoms experienced by ME/CFS patients, however, the core 

symptoms include; extreme fatigue, post-exertional malaise, sleep-related dysfunctions such as 

unrefreshing sleep and insomnia, severely impaired cognitive functioning, orthostatic intolerance 

and autonomic dysfunction. Patients can also display a selection of additional symptoms including 

light, heat, and sound sensitivities, widespread pain, gastric intestinal dysfunctions, immune 
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impairments, hyper allergenic responses, and neuroendocrine manifestations (Carruthers et al. 

2011). These described symptoms can vary in severity both between patients and within an 

individual as their disease progresses and relapses.  

Critically, due to a lack of molecular biomarkers, clinical analysis of symptoms are key to 

eventually obtaining a diagnosis. While a large number of published diagnostic clinical criteria exist 

they all rely on the lengthy observations by the attending clinician of a core group of symptoms 

coupled with the exclusion of any disease that may mimic the symptoms. Due to these requirements 

and the lack of a definitive clinical biomarker diagnosis, there is often a lengthy and stressful 

process for the patients who may not gain a diagnosis for a long time as they search for answers, 

often requiring several changes in their health practitioner to get their illness validated.  

1.1.4 Treatment 
The apparent heterogeneous nature of ME/CFS and the lack of knowledge surrounding the 

underlying mechanisms cause difficulties in management and treatment. Reviews have shown a 

number of treatment attempts and approaches to lifestyle management undertaken with little 

success. Currently, there is no globally established treatment option; rather patients rely on their 

own accumulated understanding of their disease and the finding of a knowledgeable clinician to 

work with them to help manage the disease. Nevertheless, the confusion surrounding the nature of 

the disease and lack of a definitive treatment can form blocks for partial recovery or symptom 

alleviation. The lack of knowledge resulting in the denial of ME/CFS as an organic disease with a 

biological basis has lead to damaging treatment options by medical professionals that are at best 

ineffective, and at worst have been life-ending for the affected individual (Goudsmit & Howes 

2017). While empathetic management and support can allow for some relief it still is only rarely an 

individual can regain their prior quality of life.  

ME/CFS patients themselves have sought and described a system of symptom management that 

includes incorporation of alternative treatments such as nutritional supplements, traditional 
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supplements and complementary therapies such as acupuncture, yoga, craniosacral therapy and 

gentle massages (Goudsmit & Howes 2017). The target of many patient strategies often is focused 

on alleviating pain in addition to treating common co-morbid diseases such as depression. ME/CFS 

patients are very sensitive to drug medications, and yet studies done in Australia and America show 

47% of patients are prescribed antidepressants, 27% took sedatives, and 74% took pain relievers 

(Kreijkamp-Kaspers et al. 2011; Boneva et al. 2009). 

1.1.5 Aetiology 
While the onset of ME/CFS has been linked to a variety of factors, it remains complex and 

ultimately uncertain. Reports from doctors and patients show a variety of predispositions linked to 

onset, with some patients able to identify an event or trigger they associate with the onset of their 

symptoms. However, this is not always the case with some individuals reporting nothing out of the 

ordinary occurring before symptom presentation (Jason et al. 2009). While gradual onset is more 

commonly reported, a sudden onset is not uncommon. Both genetic and environmental factors have 

been investigated in regards to their contribution to disease onset and are described below.  

A key feature that patients often report is an episode of environmental stress. Examples include a 

death in the family, a traumatic incident, exposure to chemicals but by far the most common trigger 

reported by patients is an acute viral infection. A large number of patients have linked the 

development of their illness to a severe viral infection before or during the time of disease onset 

(Underhill 2015). The Epstein-Barr virus has come under particular scrutiny, with many ME/CFS 

patients having an initial Glandular Fever diagnosis prior to the onset of the disease. Of particular 

relevance, is a longitudinal investigation of 246 patients with glandular fever where researchers 

found that 7.4% met the criteria for ME/CFS after six months (Moss-Morris et al. 2011). Several 

additional viral agents have been detected in studies, such as the murine retrovirus, enteroviruses, 

and Hepatitis C (Lombardi et al. 2009). Although many viral agents have come under scrutiny, no 

follow-up study has found conclusive evidence that the viral agent in question was causative or 

present in another patient population.  
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More recent work has focused on identifying genetic risk variants linked to ME/CFS. This is due to 

the theory of patients likely having a genetic predisposition making the patient more susceptible to 

the development of ME/CFS following a stressful event like emotional trauma, or viral infection. 

The genetic risk for ME/CFS was investigated initially with the comparison of monozygotic and 

dizygotic twins. Two separate studies found a higher concordance in monozygotic twins confirming 

a degree of heritability (Schur et al. 2007; Buchwald et al. 2001). In addition to these studies, a 

familial aggregation study showed that there was a higher risk of developing ME/CFS among first-

degree relatives (Walsh et al. 2001). The family clustering may, however, be due to the shared 

environmental risk (emotional trauma or viral infection) that close relatives would be exposed to. 

There were also significant risk for second and third-degree relatives where external risk exposure 

would decrease in similarity and indicate a genetic risk component (Albright et al. 2011).  

The most comprehensive genetic investigation to date was a GWAS study published in 2016 

involving 80 patients that identified SNPs potentially linked to ME/CFS (Schlauch et al. 2016). A 

total of 442 statistically significant ME/CFS associated SNPs were identified with only 12 situated 

in coding regions. The identification of several risk variants is in line with the current belief that 

ME/CFS is a multifactorial disease. Identification and investigation of such genetic risk variants 

provide interesting future targets for diagnostic, potential treatment and understanding 

pathophysiological purposes but requires a larger study cohort to get the power required for such 

targets.  

1.1.6 Pathogenesis 
Just as the onset of ME/CFS is varied with many potential triggering events, the primary 

human response event underlying pathogenesis has proven difficult to elucidate. It is clear that there 

is a multi-systemic disruption occurring within the affected patients, but the initial physiological 

response that leads to these multi-systemic effects is unresolved. The following section will 

describe relevant research into the dysfunction of the often-interconnected immune, metabolic, 

inflammatory and neurological systems. 
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With many symptoms presenting as flu-like and the commonly reported initial viral infection, an 

immunological disruption is well supported. Studies focused on immune markers, such as cytokine 

profiles, natural killer cell function, and T cell responses and have shown abnormalities that do not 

show up on a simple blood screen. While these observations can provide a link to fatigue and 

inflammatory associated symptoms, the replication of such results in additional cohort studies has 

proven difficult (Lorusso et al. 2009). A longitudinal study over twenty-five days identified a link 

between the levels of the energy balance hormone leptin and fatigue severity (Stringer 2016). It was 

argued that the daily symptomatic fluctuations within an individual, in addition to the symptom 

heterogeneity between patients, may be preventing conclusive findings in cross-sectional studies. 

This is supported by a cross-sectional study that found an association between cytokine levels and 

symptom severity but only within the extremes of a normative range (Montoya et al. 2017). Of the 

seventeen cytokines identified thirteen were pro-inflammatory. While these may allow for the 

subgrouping within ME/CFS patients in terms of disease severity, they are unable to show a clear 

distinction from healthy controls.  

An inflammatory disruption is further supported by recently published research that focused on the 

gene expression patterns of ME/CFS patients. A total of 33 differentially expressed RNA transcripts 

were identified as differentially expressed in the PBMCs of ME/CFS patients (Sweetman et al. 

2019). Functional analysis of the top three enhanced gene transcripts highlighted inflammation as 

the common functional pathway. However further pathway investigations of the full transcripts also 

showed that in addition to inflammation there was an overrepresentation of functional pathways 

related to; metabolism, circadian clock, cellular stress response and mitochondrial function, 

highlighting that there is likely a multi-systemic disruption occurring in patients.  

Anomalies in further studies indicate a possible autoimmune component to ME/CFS (Lorusso et al. 

2009). Specifically, there have been observed increases in the levels of pro-inflammatory linked 

cytokines interleukin-1, nuclear factor-kB and tumour necrosis factor-a in addition to a decrease in 

natural killer cell function in patients (Morris et al. 2014). The combination of these autoimmune 
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associated factors with additional abnormal cytokine profiles described above supports a possible 

autoimmune disruption contributing to the ME/CFS disease state. A possible autoimmune 

contribution is interesting since the increased proportions of female patients in ME/CFS reflect 

gender ratios often seen in autoimmune diseases.  

With characteristic symptoms seen in ME/CFS, such as severe fatigue and post-exertional malaise, 

the possibility that malaise might be related to energy production and aberrant metabolism has 

prompted research focused on identifying abnormal metabolites. The consensus among multiple 

studies has led to an inference that ME/CFS patients have a hypometabolic syndrome with 80% of 

plasma metabolites decreased (Naviaux et al. 2016). Efforts to utilise metabolites as a ME/CFS 

diagnostic marker with the initial findings would be difficult due to their complicated and 

personalised nature. Linking the metabolites to biological functions however indicated amino acid 

depletion with concentrations suggesting that aerobic energy production would be inhibited 

(Naviaux et al. 2016; Armstrong et al. 2015). This is supported by a two-day exercise study that 

investigated the gas exchange of ME/CFS patients. The observed decrease in oxygen use in 

ME/CFS patients indicated decreased aerobic respiration (Snell et al. 2013). However, instead of 

glucose being utilised to fuel anaerobic respiration, they found that glutamate was being used more 

to fuel this pathway resulting in a similar pattern to the response seen in sepsis and starvation. The 

apparent decrease in mitochondrial activity and increase in levels of oxidative stress, indicate that 

ME/CFS cells may exist in a chronic state of mild starvation.  

Researchers have compared this cellular metabolic response in ME/CFS to the evolutionarily 

conserved response to environmental stress known as dauer (Naviaux et al. 2016). Dauer is 

characterised by several metabolic and structural changes that are triggered by environmental stress, 

allowing the organism to survive harsh conditions. A metabolic response to stress may be causing 

ME/CFS patient cell physiology to change but at a high cost to the individual. In a dauer response 

changes occur in many functions, changes also observed in ME/CFS metabolomic studies, 

mitochondrial functions and fuel preferences.  
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A popular new perspective on ME/CFS, focusing on metabolic issues, is that the patient's 

mitochondrial function is compromised. This is supported by the similarities between mitochondrial 

diseases and ME/CFS - with common symptoms including muscle pain, neurological issues and 

exercise intolerance. A specialized study from our group found a number of proteins involved in the 

mitochondrial complexes to be up-regulated or down-regulated in ME/CFS patients compared to 

healthy controls (Sweetman et al. 2019b). This indicates that patients would likely have abnormal 

regulation of energy production and regulation of reactive oxygen species. Mitochondrial complex 

V is the final mitochondrial complex that performs the oxidative phosphorylation process critical 

for the production of cellular energy. In ME/CFS patients the rate of ATP synthesis by the 

mitochondrial complex V was found to be reduced, with the activity of the energy production 

increased in the remaining respiratory complexes, implicating a compensatory response in patients. 

It was concluded that this would leave patients in a similar state to controls in a normal system but 

they would not be able to respond to produce more energy when under stress (Missailidis et al. 

2019) as the mitochondria were already overcompensating for a defective complex V.  

Symptoms such as fatigue, impaired concentration, attention and memory implicate a neurological 

disruption in ME/CFS is apparent. Neuroimaging studies have identified structural and functional 

differences that vary between ME/CFS patients and healthy controls. Structural differences have 

been seen in subcortical white matter (Chen et al. 2008). Additionally, grey matter was also 

significantly changedin patients, with reductions correlating with a reduction in physical activity (de 

Lange et al. 2005). The likelihood that this link is associated with ME/CFS symptoms seems weak 

and there is a lack of supportive and indeed conflicting evidence from other studies (Afari & 

Buchwald 2003). Brain blood flow appears to be reduced supporting the hypothesis of altered brain 

metabolism. PET scans with Fluorine deoxyglucose infusion show significant hypometabolism in 

the brains of ME/CFS patients. Additional investigations have shown central nervous system 

associated factors such as neurotrophic factors, neurotransmitters and cytokines abnormalities 

(Chen et al. 2008). This is reinforced by evidence showing autonomic dysfunction and serotonin 
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abnormalities (Noda et al. 2018), and an underlying role involving the neurological system seems 

likely.  

The neuroendocrine system has been under particular focus in the pathophysiology of ME/CFS 

especially the Hypothalamic-pituitary-adrenal (HPA) axis. It was first implicated in the disease in 

1981 when basal hypocortisolism was first reported in patients (Poteliakhoff 1981) indicating that 

they were unable to produce sufficient amounts of cortisol in response to stress. Since then 

researchers have identified enhanced corticosteroid-induced negative feedback and reduced diurnal 

variation in ME/CFS patients (Tomas et al. 2013). Cortisol, which is released by the HPA axis in 

response to stress, affects a number of systems including the immune and metabolic but reduced 

levels in patients reflect a stressed state that is chronic. Then, without normal concentrations of 

cortisol functioning to maintain the immune system in a healthy state, the individuals with ME/CFS 

may react to relatively minor physical or other forms of stress with an extreme immune response.  

The paraventricular nucleus (PVN) within the hypothalamus plays a critical role in the detection of 

emotional and physical stress making it vulnerable to neuro-inflammation and external stressors. As 

it is key to the activation of not only the autonomic nervous system but also the HPA axis, 

disruptions would have implications for a large range of physiological functions including 

inflammatory responses, hormone secretion and lymphocyte apoptosis induction in addition to 

neuroendocrine regulation, i.e. HPA axis activation (Mackay and Tate 2018). With such a wide 

range of disruptions linked to a dysfunctional PVN, it has been proposed as a foundation for the 

prolonged, heterogeneous symptoms of ME/CFS (Mackay and Tate 2018). An area of interest 

within the PVN is the Parvocellular neurons that produce the stress hormone, corticotrophin-

releasing hormone (CRH). This is due to the impact CRH has on serotonin expression in divergent 

stress states. Serotonin is an important neurotransmitter with a wide variety of functions including 

but not limited to; sleep, apetite, emotion, motor, autonomic and cognitive functions (Frazer and 

Hensler 1999). CRH has two classes of receptors that respond to different states of stress.  One 

receptor, CRHR2, responds to severe stress and elicits an increase in serotonin production 
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(Homberg and Contet 2009). It has been hypothesized that ME/CFS patients interpret every stress, 

minor or major, as a severe stress event resulting in elevated serotonin. Interestingly, excessive 

serotonin causes many of the same symptoms experienced by ME/CFS patients (Volpi-Abadie et al. 

2013)  

 

1.2 Epigenetics and DNA Methylation 

1.2.1 Background  
From the research studies to date, it is likely a series of complex biological interactions are 

creating the wide-ranging symptoms characteristic of ME/CFS. As established above it is clear that, 

along with the nervous system, cellular metabolism and immune responses are all involved in the 

progression of the disease. With this in mind, a key element of further investigation is the activity of 

genes within the cells of ME/CFS patients. While the activity of genes can be modulated by a 

number of regulatory mechanisms, the following sections will focus on epigenetic modifications, 

especially DNA methylation and how that modification may contribute to our understanding of the 

disturbed metabolism and physiology in ME/CFS. This is the subject of the investigations described 

in this thesis.  

 

The regulation of gene expression is maintained by a number of interacting biological factors. This 

fine-tuned control is necessary in order for complex organisms to develop differentiated tissue types 

with different gene expression patterns from cells with identical genomes. Of increasing relevance 

in health and development is epigenetics (Rozek et al. 2014). Epigenetics is literally defined as 

“above or on top of genetics” and the field has grown in recent years as our understanding of 

genetic health has expanded beyond the invariant base code of the genome - with some believing 

that epigenetics will bridge the gap in disease not explained by environment and core genetics alone 

(Ladd-Acosta & Fallin 2016).  
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1.2.2 Epigenetic mechanisms 
Epigenetics relies on DNA associated elements that efficiently organize DNA within each 

cell. Histone proteins, for example, are a major factor with subunits compacting the DNA into the 

chromatid precursor chromatin through electrostatic interactions. Histone modifications are 

therefore a major form of epigenetic control with alterations such as methylation and ubiquitination 

to the tails causing DNA configuration changes linked to altered expression patterns (Dong & 

Weng 2013). The most common, and best-understood human epigenetic modification, however, is 

DNA methylation and analysing the methylome’s – the DNA methylation status across the genome 

- of ME/CFS patients and healthy controls is the focus of this thesis.  

 

DNA methylation is simply the addition of a methyl group to the 5' carbon of a cytosine base 

thereby forming 5-methylcytosine. It is critical in regards to normal development as it can be 

maintained through mitosis, helping to establish distinct cell lineages. The most well-known 

function of DNA methylation is the association between high levels of methylation within gene 

promoters and decreased gene expression (Anastasiadi et al. 2018). While the mechanism linking 

methylation and transcriptional repression is yet to be fully understood, methylated DNA is 

hypothesized either to prevent transcription factor binding directly to the DNA either through 

altering DNA configurations or through preventing the binding by sequestering methyl-CpG 

binding (MBD) proteins. MBD proteins, once bound to methylated DNA,  are  known to recruit 

associated proteins such as chromatin remodelling factors or deacetylation proteins, to regulate gene 

expression (Lang et al. 2015). These additional proteins can then prevent the binding and function 

of enzymes such as the pre-initial complex therefore preventing or reducing transcription. 

Interestingly, studies have also identified DNA methylation having the opposite effect in non-

promoter regions of the genome such as within the coding region of genes (Yang et al. 2014), 

highlighting the importance of thorough investigation of DNA methylation at individual sites 

throughout the genome rather than forming general conclusions from limited data. 
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Figure 1.2  DNA Methylation in Action: A simple summary of the current theory for DNA 

methylation based DNA configuration and expression maintenance. The promoter region is 

enriched for CpG Islands in which the cytosine bases are methylated by DNA methyltransferases. 

Methylation binding proteins (MBDs) bind to the methylated cytosines and recruit chromatin 

remodelling proteins and deacetylation proteins. This prevents the binding of proteins required for 

DNA transcription for the associated gene. (Figure constructed by Author) 
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Sections of the genome are disproportionally affected by DNA methylation with high frequencies of 

cytosine-guanine dinucleotides occurring in regions referred to as CpG islands (Deaton & Bird 

2011). In humans, a CpG island consists of a region of DNA of 300 to 3000bp with over 50% of the 

bases CG dinucleotides. CpG islands are not randomly distributed throughout the genome, rather 

they are selectively associated within promoter regions (Vangeel et al. 2015). Forty percent of 

promoters have CpG islands providing for important functional control over gene expression of the 

corresponding gene locus. This pattern is predicted to be beneficial to the corresponding genes as 

the levels of CpG islands in other regions of the genome are much lower than would be expected 

statistically. This is likely the result of spontaneous deamination of methylated cytosine over time 

resulting in a thymine base being established in its place within the genome. Such modifications in 

an area not of functional benefit would tolerate this loss, whereas by contrast, CpG islands would be 

maintained in locations where a loss would be detrimental. The clustering of CpG islands across 

promoter regions therefore highlights the importance of DNA methylation in the regulation of gene 

expression.   

1.2.3 Maintenance of DNA methylation 

 DNA methylation itself is gained and maintained by DNA methyltransferases that allow for 

the environmental and genomic interface through the transfer of the methyl group from S-adenosyl-

L-methionine to the cytosine base (Moore et al. 2013)  (Figure 1.3). All three human DNA 

methyltransferases are active in both de novo methylation and in maintaining established 

methylation patterns. DNA methyltransferase1 (DNMT1) is the most active of the three. It is known 

as the ‘maintenance methyltransferase’ as it preferentially methylates hemimethylated DNA 

allowing for the transfer of DNA methylation patterns through transcription. DNMT1 also performs 

de novo methylation allowing for the addition and maintenance of a methylation pattern (Dhe-

Paganon et al. 2011). All methyltransferases are initially highly expressed in embryonic stem cells 

and early embryos that then their expression decreases indicating their key activity in establishing 

methylation patterns in early development.  
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The loss of DNA methylation can occur actively or passively. Members of the ten-eleven 

translocation (TET) family actively de-methylate cytosines by oxidising 5-methylcytosine. These 

form intermediate products including intermediates such as 5-hydroxymethylcytosine, 5-

formylcytosine and 5-carboxylcytosine. During active de-methylation, these intermediates are then 

excised by thymine DNA glycosylase before repair, in order to prevent the establishment of a 

thymine, through the base excision pathway (Law & Jacobsen 2010). These demethylation 

intermediates have been linked with potential functional roles; 5-formylcytosine, in particular, is 

shown to attract and bind gene regulatory factors (Shi et al. 2017). Alternatively, methylation 

patterns can be lost through cell replication over time. Passive demethylation occurs when 5mC is 

lost or erased when DNA methyltransferases are absent or non-functional. As described earlier 

spontaneous deamination is also known to occur resulting in a loss of 5-methyl cytosine and 

establishment of thymine.  

.  

 

 

 

 

 

 

 

 

 Figure 1.3 Simple Summary of DNA methylation Regulation. From cytosine to 5-
methylcytosine to 5-hydroxymethylcytosine. The methyl group gained through DNA 
Methyltransferase action then is lost through the action of Ten-Eleven-Translocation enzyme 
before the base is excised by Base excision repair. Figure constructed by Author 
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1.2.4 DNA methylation and Development 

Due to the malleable nature of epigenetic modifications, DNA methylation provides a 

biological interface for the environment to interact with the genome and subsequently influence 

gene expression. Variation is therefore expected between individuals, and it has been observed not 

only between individuals but also among tissue types in healthy individuals. Varying patterns 

develop naturally in response to environmental changes and normal development (Moore 2013). 

This is apparent in the observations of methylation changes over key stages of development such as 

embryogenesis, puberty, pregnancy and general ageing that appear to require specific DNA 

methylation for the healthy maturation and maintenance of cell and tissue types (Kanherkar et al. 

2014).  

While it is clear that the environment plays a large role in the establishment of DNA methylation 

there is also compelling evidence for the role of genetics in DNA methylation with some patterns 

appearing to be clustered in families (Bjornsson et al. 2008). These patterns appear to be within 

highly variable regions with links to enhancers making them functionally relevant (Garg et al. 

2018). Interestingly, there also appears to be a level of underlying genetic variation affecting both 

SNPs and DNA methylation. Having a mechanism to affect both methylation and gene expression 

is biologically important as it implies genetic variation can potentially affect the function of both 

genetic and epigenetic regulation (Bell et al. 2011). 

The effect of the external environment on epigenetic patterns is becoming increasingly understood. 

This is observed in identical twins with variation increasing as they age and experience different 

environments (Boks et al. 2009). While the list of possible environmental facilitators of change 

appears limitless, a few key factors found to be strongly related to DNA methylation status include; 

diet, stress, and exposure to drugs and chemicals. While many of the methylation changes are 

benign reactions to the individual's changing environment, sometimes the change can be linked, 

either causally to, or be caused by disease, as will be discussed in the next section.  
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1.2.5 DNA methylation and Disease 

While variation in DNA methylation is expected within and among individuals, there are 

also clear links to disease. As with the natural variations in methylation, there are a large number of 

contributing factors that link methylation changes to disease including; prenatal environment, 

environmental factors like diet, or chemical exposure, or drugs, and defined diseases such as cancer 

or infection. These links to disease are important not only for understanding the role DNA 

methylation has in the development of disease but also for the potential of disease treatment, for 

diagnosis, and for predicting disease prognosis in an individual. These ideas are pertinent to my 

study of the epigenetics of ME/CFS patients and will be further explored in this section. 

The exposure of an individual to detrimental environments can have an impact on the creation of 

DNA methylation patterns that have been linked to disease. This can occur from as early as 

embryonic development. Any prenatal stressors can have a significant impact on the developing 

fetus both in regards to physical factors like immediate birth weight as well as life-long future 

mental health and well-being. Post-natal exposures have also been found to be important for 

development of diseases such as asthma and obesity. These are linked to disruptions in DNA 

methylation due to exposure to endocrine disruptors, tobacco smoke, polycyclic aromatic 

hydrocarbon, infectious pathogens and many more (Ho et al. 2012). The impact is not immediately 

apparent in the individual with the effects often not developing till later in life. Other diseases are 

increasingly being linked to DNA methylation including immune disorders, diabetes, bipolar 

disorder, metabolic disorders and cancer.  

Infection offers an interesting perspective as there is an observable epigenetic ‘arms race’ in 

response to an infection as a host response to prevent damage from viral pathogens. Viruses can 

benefit however, from the heritable epigenetic changes possible with DNA methylation, by 

exploiting changes in host gene expression to produce a supportive environment for themselves. 

Genes involved in cell cycle progression, senescence, survival, inflammation and immunity are 
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prime targets for viral epigenetic manipulation to prolong or support an infection. ME/CFS, most 

commonly initiated after an infection, involves inflammatory and immune pathways (Sweetman et 

al 2019). The recruitment of DNMTs and subsequent methylation of a viral genome to suppress the 

expression of viral proliferation genes is seen as the first line of defence against infection (Birdwell 

et al. 2014). The host defence system aims to prevent subsequent misregulation of expression 

caused by viral infection by suppressing its genome, resulting in large-scale regulatory changes 

(Balakrishnan & Milavetz 2017).  

With the increasing understanding of the importance of DNA methylation in disease development 

and progression, researchers have developed novel therapeutic approaches that target methylation. 

This is most relevant in cancers with a disruption in global methylation patterns across the genome 

Some researchers are proving the potential for methylation patterns to predict patient outcomes, and 

even for use as a diagnostic tool (Delpu et al. 2013). The relevance of DNA methylation for 

therapeutic interventions is already established with the treatment of several cancers utilising 

methylation inhibitors (Pechalrieu et al. 2017). More specific cases have also been recorded, for 

example, in Type 2 diabetes where increased methylation of the PGC1a (peroxisome proliferator-

activated receptor gamma 1-alpha) promoter is contributing to the disease. As this epigenetic 

change is modifiable by lifestyle changes as an adult it introduces the exciting potential for disease 

treatment through environmental regulation (Davegårdh et al. 2018).  

The role of this DNA methylation as a potential biomarker in relation to disease onset, clinical 

course or response to treatment is apparent. Already diagnostic and predictive methylation marks 

are commercially available in test kits for colorectal, lung and prostate cancer (Mikeska & Craig 

2014). An exciting aspect of DNA methylation then is the addition to personalized medicine. Due to 

the relationship between DNA methylation and gene expression, DNA methylation has been 

hypothesised to be able to predict a patient's response to drugs using variation in DNA methylation 

within the genes of drug-metabolizing enzymes, drug transporters and drug target associated genes 

(Tang et al. 2014). 
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1.2.6 Investigating DNA methylation 

With the ability to bridge the gap between environmental and genetic risk and the clear 

potential in understanding and treating diseases, epigenetics has become an appealing target in 

modern health-related research and has rapidly expanded the level of investigative analytical 

techniques available. 

Quantification of global methylation can provide insights into large systemic disruptions. Due to the 

popularity of such epigenetic investigations, several biotech companies offer kits commercially to 

quantify global DNA methylation, requiring only small DNA sample inputs ranging from 4ng 

through to 100ng. This is seen in an Enzyme-linked immunosorbent assay (ELISA) that utilises 

primary antibodies raised against 5-methylcytosine for the measure of global methylation 

percentages (Kint et al. 2018). ELISA kits require ~100ng to detect global changes in DNA 

methylation. An alternative method that provides lower variability of detection is liquid 

chromatography coupled with tandem mass spectrometry (LC/MS). This requires first the 

hydrolysis of the DNA so the levels of methylated cytosine can be measured but it still provides an 

accurate measure even if the quality of the DNA sample is compromised (Liu et al. 2009). This 

protocol can be effective with quantities of DNA as small as 4ng and so it makes investigations 

possible with limited amounts of source DNA. 

There are several alternative methods for DNA methylation detection that have been well-reviewed 

in the current literature including techniques such as Restriction Fragment Length Polymorphisms 

(RFLP) or Amplified fragment length polymorphisms (AFLP), which digests the DNA with 

isochizomers with differential sensitivity to cytosine methylation for later sequencing (Jaligot et al. 

2002). Additional methods focus on the bisulfite conversion of DNA before quantitatively 

measuring methylation levels - such as the EpiTyper kit that utilises in vitro transcription and 

cleavage at uracil residues, measured via mass spectrometry (Suchiman et al. 2015) 
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While the global measurement of DNA methylation determines large disruptions to an individual's 

DNA methylation pattern, other methods can identify changes on an individual base level. The 

Illumina EPIC array is the latest in a line of Illumina Infinium BeadChips which utilise first sodium 

bisulfite sequencing and then probes on a microarray to gain single-base resolution for CpG sites of 

interest. The probes are specifically designed to target CpG sites proximal to promoter regions to 

gain the most biological insight from the data. The EPIC BeadChips contains over 850,000 probes 

corresponding to the equivalent amount of methylation sites across the genome (Pidsley et al. 

2016). A more comprehensive option is Whole Genome Bisulfite Sequencing (WGBS) that 

provides a huge mass of data covering the methylation pattern of an entire genome. WGBS relies on 

the conversion of unmethylated cytosine to uracil utilising sodium bisulfite leaving only methylated 

cytosines unchanged. These methylated cytosines are then detected when the DNA is sequenced 

and analysed (Stockwell et al. 2014). A similar, cheaper and more efficient method is Reduced 

Representation Bisulfite Sequencing (RRBS). This relies on the digestion of the genome with 

restriction enzymes such as Msp1 that cuts the genome at CCGG sites. By performing various size 

selection methods sections of the genome with high quantities of methylation rich CpG islands can 

be selected for analysis. This allows for the analysis of areas of the genome more likely to see 

relevant changes to methylation patterns making the process more efficient both for time and cost.  

An important aspect of DNA methylation analysis is the subsequent processing of the data, 

especially in regards to the whole genome or reduced representation data. There are a large number 

of investigative pipelines available online that can take inputs either from raw DNA sequence data 

or from previously aligned data to detect statistically significant differentially methylated cytosines 

or fragments of a set length. Such methods include the Differential Methylation Analysis Package 

(DMAP), MethylKit, BiSeq and others (Stockwell et al. 2014; Akalin et al. 2012; Fouse et al. 

2010). Due to variations in the inbuilt statistical testing and other parameters unique to each method 

they can produce varying results which is important to consider when selecting which investigative 

pipeline to follow or in the interpretation or comparison of subsequent results. 
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1.3 DNA Methylation and Myalgic Encephalomyelitis/Chronic Fatigue Syndrome 

1.3.1 Background 

The emergence of DNA methylation as an indicator of disease has provided ME/CFS 

researchers with a possible tool to bridge what environmental and genetic contributions cannot 

alone explain about a disease of such complex nature as ME/CFS. The possibility of an epigenetic 

contribution to the onset and unexplained prolonged disease state of ME/CFS has stimulated 

research into DNA methylation in the last 5 years (Falkenberg et al. 2013).  

The following section will discuss the research currently published, summarized in Table 1.1, 

concerning DNA methylation and ME/CFS starting from the earliest investigations, where technical 

limitations reduced the scope to individual genes of interest, to the very recent studies that have had 

the capabilities to investigate global changes to the genome and identify potential 

pathophysiological links to ME/CFS.   
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Table 1.1 A summary of prior research investigating changes in DNA methylation in ME/CFS patients. Includes the year published, the name of the 

paper, the target of the investigation, the methods used to assess methylation status, cohort size (patients and controls), statistical thresholds and the 

main findings summarised. Methods used to assess methylation status are discussed in the previous section.  

Publication 
Year 

Publication Title  Target Method Cohort Main Result 

 2013 Acute Psychosocial Stress-Mediated 
changes in the expression and 
methylation of perforin in chronic 
fatigue syndrome (Falkenberg et al. 
2013).  

Single Gene: 
PRF1 Promoter 

Bisulfite 
pyrosequencing   

P = 34,  
C = 47 

Hypermethylation of the PRF1 
promoter in ME/CFS patients 

2014 Methylation Profile of CD4+ T Cells in 
Chronic Fatigue Syndrome/Myalgic 
Encephalomyelitis (de Vega et al., 
2014) 
 

Whole 
Genome: 450K 
targeted probes 

Infinium 
HumanMethylation450 
BeadChip  

P = 25, 
C =18 

120 differentially methylated CpGs – 
85% hypomethylated. Differentially 
methylated genes were linked to 
apoptosis, cell development, cell 
function and metabolic activity.  

2014 DNA Methylation Modifications 
Associated with Chronic Fatigue 
Syndrome (de Vega et al., 2014) 
 

Whole 
Genome: 450K 
targeted probes 

Infinium 
HumanMethylation450 
BeadChip 

P = 12,  
C=12 

1192 differentially methylated CpG 
sites – 826 associated genes. Genes 
were mainly hypermethyated (70%).  
Differentially methylated genes were 
linked to immune response, cellular 
metabolism and kinase activity.  

2015 Chronic Fatigue Syndrome and DNA 
Hypomethylation of the Glucocorticoid 
Receptor Gene Promoter 1F Region: 
Associations With HPA Axis 
Hypofunction and Childhood Trauma 
(Vangeel et al 2017). 
 

Single Gene: 
NR3C1 
Promoter 

Sequenom EpiTyper P = 76,  
C = 19 

Hypomethylation of the NR3C1 
promoter in patients.  

2017 Glucocorticoid receptor DNA 
methylation and childhood trauma in 
chronic fatigue syndrome patients 
(Vangeel et al. 2017). 
 

Single Gene: 
NR3C1 
Promoter 

Pyrosequencing and 
EpiTyper 

P = 80, 
C = 91 

Hypomethylation at NR3C1-1F in 
ME/CFS patients with methylation 
levels associated with patient fatigue 
severity.  
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2017 

 
Epigenetic modifications and 
glucocorticoid sensitivity in Myalgic 
Encephalomyelitis/Chronic Fatigue 
Syndrome (ME/CFS) (de Vega et 
al.2017).  
 

 
Whole 
Genome: 450K 
targeted probes 

 
Infinium 
HumanMethylation450 
BeadChip 

 
P= 49,  
C = 25  

 
12608 differentially methylated CpG 
sites – 71% hypermethylated. 
Differentially methylated genes were 
linked to cellular and metabolic 
regulation, and neuronal cell 
development.  

2018 Identification of Myalgic 
Encephalomyelitis/Chronic Fatigue 
Syndrome-associated DNA methylation 
patterns (Trivedi et al. 2018). 
 

Whole 
Genome: 850K 
targeted probes 

ELISA plate  
Illumina Methylation 
EPIC microarray 

P = 13,  
C = 12  

17,269 differentially methylated 
CpGs. 6368 genes were differentially 
methylated. Pathway analysis 
identified a strong immune system 
association with the differentially 
methylated genes.  

2018 Genome-epigenome interactions 
associated with Myalgic 
Encephalomyelitis/Chronic Fatigue 
Syndrome (Herrera et al., 2018). 
 

Whole 
Genome: 450K 
targeted probes 

Infinium 
HumanMethylation450 
BeadChip 

P = 61, 
C = 48  

141 differentially methylated CpGs.  
Differentially methylated genes were 
found to associate with cellular 
metabolism. 

2018 Integration of DNA methylation & 
health scores identifies subtypes in 
Myalgic encephalomyelitis/chronic 
fatigue syndrome (de Vega et al., 2018). 

Whole 
Genome: 450K 
targeted probes 

Infinium 
HumanMethylation450 
BeadChip 

P = 70,  
C = 0 

Identified 1939 differentially 
methylated sites that were able to 
differentiate between clinical 
subtypes of ME/CFS 
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1.3.2 Variation at Individual Genes 

 The initial investigation into the relationship between DNA methylation and 

ME/CFS began tentatively with a focus on CpG sites in the perforin (PRF1) gene 

(Falkenberg et al. 2013). The focus on the perforin gene was due to its link to the 

cytotoxicity of natural killer and CD8+ cytotoxic T-cells through its apoptosis-

inducing pore-forming activity in targeted cells. In addition, perforin's connection to 

both stress regulation and the immune system led to their hypothesis that it may be 

involved with ME/CFS through the disruption of the hypothalamic-pituitary-adrenal 

(HPA) axis. As discussed earlier, the HPA axis has been shown to have an altered 

response in ME/CFS patients with research showing a decreased cortisol awakening 

response to stress. Falkenburg et al 2013 found a high baseline PRF1 promoter 

methylation in patients, however, after measuring CpG site-specific methylation 

responses to a Trier Social Stress Test (TSST), a reliable laboratory test that induces a 

stress response in humans, they observed no significant differences in ME/CFS 

patients when compared to controls.  

Following this initial attention, research focused on the glucocorticoid receptor, 

nuclear receptor subfamily 3 group c member 1 (NR3C1) gene, and the 1F promoter 

region (Vangeel et al. 2015) with childhood trauma as a possible effector of change. 

With a female cohort with 76 patients, they were able to identify hypomethylation of 

the NR3C1-1F amplicon. By investigating individual CpG sites they also identified 

significant site-specific hypomethylation in patients compared to controls. 

Dexamethasone suppresses adrenocorticotrophic hormone (ACTH) that stimulates 

cortisol production through the HPA axis. After administrating dexamethasone they 

observed that hypomethylation was associated with lower post-dexamethasone 
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cortisol levels. This investigation was confirmed in 2018 with a second female cohort 

of 80 patients (Vangeel et al. 2018).  

Of interest to note, there was a relationship between the DNA methylation and 

severity of fatigue linked with childhood trauma but this finding was not significant in 

either study after multiple testing. This type of relationship between environment and 

disease state does, however, showcase the power of DNA methylation patterns for 

such a personalised medicine approach.  

1.3.3 Variation of Global Methylation  

As the cost of large-scale DNA sequencing has decreased it has provided a 

valuable addition to the available techniques for investigating DNA methylation. 

Newer studies have moved to global DNA methylation changes in ME/CFS. By using 

technology such as the Illumina Infinium 450 Methylation Array, investigations of 

450,000 CpG sites could be interrogated identifying large patterns of variation in 

DNA methylation linked to ME/CFS. DNA methylation changes could then, in turn, 

be associated with genes and their promoter regions thereby highlighting functional 

pathways that might be affected. 

In 2014, the first investigation into the methylation profile of immune CD4+ T cells 

from 25 patients was released (Brenu 2014). Using the previously discussed Illumina 

Infinium 450 Human methylation array a total of 120 CpG sites were identified as 

differentially methylated with 75 of these linked to known genes (detection P-value < 

0.001, fold difference of two or greater). Eighty-five percent of these sites were 

hypomethylated and interestingly most of the differential methylation was within 

promoter regions, which may imply alterations in gene expression. Gene ontology 
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analysis of the most significantly differentially methylated sites was not powerfully 

informative showing that the differentially methylated genes fell within the following 

pathways; type I diabetes mellitus, autoimmune thyroid disease, viral myocarditis, 

antigen processing and presentation and cell adhesion molecules. Differential 

methylation of twelve ME/CFS patients with sudden infectious onset was interrogated 

using the Infinium HumanMethylation450 BeadChip (de Vega et al. 2014) using their 

peripheral blood mononuclear cells (PBMCs). A total of 1192 CpG sites (detection P 

<0.01) were found to be differentially methylated (methylation difference greater than 

20% and a FDR P-value < 0.05). The differentially methylated loci were associated 

with 826 genes. Contrary to the prior analysis this investigation found that gene 

regions were primarily hypermethylated (70%). More informatively, the differential 

methylation in this study was linked to metabolic regulation, cellular components, 

kinase activity and immune cell regulation through Gene ontology analysis. Critically 

both promoter and gene regulatory regions showed differentially methylated genes 

linked to immune cell regulation supporting a hypothesis that altered DNA 

methylation in immune-related genes may play a role in the pathology of ME/CFS.  

The same group completed a larger study in 2017 in ME/CFS identifying methylation 

differences linked to ME/CFS, again using PBMCs as their targeted tissue type. They 

utilised the largest cohort size to date in a methylation study of ME/CFS with 49 

patients and 25 controls and utilising the HumanMethylation450 BeadChip, 

successfully identified 10 fold more differentially methylated loci (12,608) (FDR P-

value <0.05, methylation difference 5%+) (de Vega & McGowan 2017). The 

differential methylation was predominantly hypermethylation (71.%). Of interest the 

methylation levels decreased as distance from CpG islands increased.. The analysis 
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was paired with an in vitro investigation of glucocorticoid sensitivity in which they 

stimulated PBMCs with phytohaemagglutinin and suppressed growth with 

dexamethasone. From this, they were able to detect two distinct patient subgroups. 

The difference in glucocorticoid sensitivity was associated with 13 differentially 

methylated sites with the top sites (GSTM1, MYU3B and GSTM5) having upwards 

of 10% increase in methylation.  

In a study of the PBMCs from 13 patients with the newly available Illumina EPIC 

microarray that covered 850,000 CpG sites in 2018, the global variation between 

patients and healthy controls were analysed (Trivedi et al. 2018). The Illumina 

microarray found 17,269 differentially methylated cytosines (FDR P-value <0.05, 

Methylation difference 5%+). In contrast to the previous studies, the vast majority of 

these sites were hypomethylated both within gene regions and within CpG regions 

(98% to 99.3%). They identified hypomethylation in promoters of genes known to 

regulate the adaptive immune response and pathways linked to pro-inflammatory 

cytokine expression. 

An interesting recent approach has been the investigation into the association of DNA 

methylation with single nucleotide polymorphisms i.e. (SNPs) in ME/CFS patient 

lymphocytes (Herrera et al. 2018). This approach utilised both the Human 

Methylation 450K Array and quantified around 480,000 CpG loci along with a 

Human Omni 5-4 Array that interrogated around 4.3 million possible SNPs -141 

CpGs with significant associations with ME/CFS were found (P <0.05). When 

compared they were all found to associate with SNP genotypes indicating that there is 

a genetic basis for the methylation patterns associated with ME/CFS. Specifically, 

differentially methylated CpGs had significant correlations with neighbouring SNPs 
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indicating that a patient's methylation pattern is affected by their specific genotype. 

Additionally, the differential methylation was primarily located near genes involved 

with immune function and cellular metabolism.  

Perhaps the most relevant paper to ME/CFS showcased the ability of PBMC DNA 

methylation patterns in 1939 sites in conjunction with health scores to identify 

subtypes of ME/CFS patients (de Vega et al. 2018). While several functional 

pathways were implicated in the sites used as subtype biomarkers key differences 

occurred in the immune response, metabolic regulation, cellular energy and the 

frequency and severity of symptoms related to the post-exertional malaise. When 

comparing the level of differential methylation in the various functional pathways 

within each subgroup they were able to determine that methylation difference in 

genes related to metabolic and immune responses were linked to physical functioning 

and post-exertional malaise in ME/CFS (in the subtypes).  

While there is some common ground between the research described above it is also 

apparent that the key differences between the study methodologies make comparisons 

between them difficult. The differences in DNA methylation detection techniques, the 

type of tissue analysed, the study cohort and the statistical rigour used in the analysis 

are all key areas that can cause divergent results and conclusions. However, it is 

noteworthy that there are links between ME/CFS patients and DNA methylation 

patterns shared among the multiple studies that are worth exploring further with a 

more in-depth analysis.  
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1.4 Investigative Focus 

1.4.1 The Dunedin ME/CFS Cohort 

The characterization of ME/CFS patients to fully understand disease 

pathophysiology and to identify biomarkers with multiple molecular studies on well-

characterized ME/CFS cohorts has been the focus of the Tate laboratory for several 

years. The Dunedin ME/CFS cohort consists of an equal distribution of males and 

females with ages ranging from the late teens to the late '70s. Their diagnoses were 

confirmed by the collaborating physician Dr Rosamund Vallings. Several research 

projects have investigated these patients with matched controls in order to understand 

at a detailed level the physiology of the patients.  This includes a number of "-omics" 

studies undertaken as part of multiple research projects including the transcriptome 

(Sweetman et al. 2019),  and proteome (Sweetman et al 2019b, Noble 2017; Denny 

2015). By investigating the changes occurring within the ME/CFS patients compared 

to controls on utilising a number of investigative platforms the complex biological 

basis of the disease can be better understood. 

1.4.2 Specific Focus 

The potential of rigorous DNA methylation analysis to provide insights into 

ME/CFS has provided the motivation for this research. The work builds upon a 

foundation established in 2017 where global DNA methylation in our Dunedin cohort 

of ME/CFS patients was assessed using ELISA and Mass Spectrometry based 

methods. Initial data suggested a decreased methylome in ME/CFS patients, 

specifically a state of global hypomethylation compared to healthy controls and that 

encouraged this investigation to determine specific variations in the global patterns of 
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ME/CFS patients compared to controls including regulatory elements, gene regions 

and associated functional pathway variations.  

This investigation aims to identify regions of differential methylation in the genomes 

of ME/CFS patients using Reduced Representation Bisulfite Sequencing (RRBS). 

This will be the first report of an RRBS-based study on a group of ME/CFS patients 

and healthy controls. The outcome will identify patient-specific patterns of DNA 

methylation that not only distinguish them from the control group but also to provide 

insights into the aetiology and pathology of ME/CFS.  

Specifically, I will:  

(i) Use DNA from a ME/CFS cohort of our Dunedin study to make libraries of 

fragments of the genomes following restriction digest by Msp1 and bisulfite 

conversion.  

(ii) Characterise the libraries from each patient and control to ensure they are of 

suitable quality and are of the correct fragment size and quality for reduced 

representation bisulfite sequencing  

(iii) Following high throughput sequencing, analyse the DNA methylation data using 

both an individual cytosine approach in addition to a RRBS optimised fragment-based 

analysis approach.  

(iv) Derive individual genes and related functional pathways that are 

disproportionally differentially methylated in ME/CFS patients.  

(v)   Relate these findings to the pathophysiology of ME/CFS.  
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Chapter Two  Methods 

2.1 Summary 

 In order to investigate differential methylation associated with ME/CFS a 

group of 10 Dunedin based patients and 10 age and gender matched controls were 

recruited.  Peripheral Blood Mononuclear Cell (PBMC) fractions were separated from 

the whole blood samples in order to extract DNA. In order to detect DNA methylation 

patterns in ME/CFS patients and matched controls Reduced Representation Bisulfite 

Sequencing (RRBS) was performed on each sample. This involved the careful 

preparation of the DNA through stages including; multiple DNA purification steps, a 

Msp1 digest, adaptor annealing, end repair, adenylation of 3’ ends, and a final PCR 

and size selection in order to isolate a library containing DNA of the correct fragment 

size for RRBS libraries ready for sequencing. Post sequencing, the data was 

investigated with multiple statistical analyses in order to identify statistically 

significant differentially methylated cytosines and fragments that could be used to 

identify gene and promoter regions of interest. These regions then could be used to 

show insights into ME/CFS specific differentially methylated functional pathways.  

The methods used are described in full in the following section (materials available in 

Appendix B pg. 203-4).  

 

2.2 Study Population 

The Dunedin ME/CFS cohort (Sweetman et al. 2019; Denny 2015) consists of 

10 patients with 10 age and gender matched controls (see Table 2.1) . This cohort has 

been the focus of a personalised approach to understanding the disease as detailed in 
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depth previously. The ME/CFS diagnosis was confirmed for each patient by ME/CFS 

specialist clinician Dr. Rosamund Vallings based on the Canadian Consensus 

Criterion (Carruthers et al. 2011). Each cohort (patient and matched controls) 

contained 5 males and 5 females. The cohort ranges in age from 14 to 72 at the time 

blood was taken. The average age of the patients was 38.2, and average age of the 

controls was 42.6. 

 

Table 2.1 Summary of Dunedin Cohort. Controls prefaced with a C, Patients 

prefaced with an ME. *Age is taken at the time of blood extraction 

Sample ID Age* Gender 
C001 30 Female 
C002 72 Male 

C003 46 Male 
C004 38 Female 
C005 64 Female 
C006 16 Male 
C007 47 Female 
C008 60 Male 
C011 30 Male 
C012C 23 Female 
ME001 58 Male 
ME003 38 Female 
ME004 69 Female 
ME006 72 Male 
ME007 26 Female 
ME009 20 Female 
ME011 14 Male 
ME014 40 Male 
ME015 25 Male 

ME016C 20 Female 
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2.3 Sample Preparation 

Tina Edgar, an experienced technician in the Tate lab, processed the blood 

samples collected from patients and controls prior to this investigation. In brief the 

whole blood in 5ml EDTA tubes was diluted 1:1 with sterile PBS. A 4mL sample of 

whole blood was then layered onto 3mL Ficoll-Paque PLUS (GE Healthcare) before 

being centrifuged at 400 × g for 40 min at room temperature using a swinging bucket 

rotor. It was brought to a stop with no braking to separate plasma and PBMC layers. 

The PBMC layer was removed into a Falcon tube and three volumes of sterile PBS 

was added before centrifuging again at 100 × g for 10 min at room temperature in the 

swinging bucket rotor  (brake on for de-acceleration) to form a pellet. The pellet was 

resuspended in 6mL of PBS and re-centrifuged. The final pellet was resuspended in 

1mL PBS and 2-5mL of RNA later and stored at -80°C.  

 

2.4 DNA Extraction 

DNA was extracted from PBMC fractions using Illustra blood GenomicPrep 

Mini Spin Kit (GE Healthcare) according to the manufacturer’s instructions. A 

sample (200µL) of PBMC fraction was vortexed for 10 min with Protinease K and 

lysis buffer 10 in order to facilitate lysis. DNA was bound to a column and the 

unwanted product removed by centrifuging for 1 min at 11,000 ×g. Lysis buffer 10 

was added for an additional lysis step by centrifuging the column for 1 min at 11,000 

×g. Columns were washed with Wash Buffer 6 by centrifuging for 3 min at 11,000 

×g. Columns were incubated with pre-heated (70°C) Elution Buffer 5 at room 

temperature for 1 min before the DNA was eluted by spinning the column for 1 min at 

11,000 ×g.  
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2.5 Qubit Fluorometer DNA Measure  

Concentrations of the DNA samples were detected using a Qubit dsDNA HS 

Assay (ThermoFisher) as outlined in the Qubit dsDNA HS Assay Kits protocol. The 

working solution was prepared by diluting the Qubit dsDNA HS Reagent 1:200 in 

Qubit dsDNA HS Buffer. Working solution (190µL) was pipetted into two 0.5mL 

PCR tubes for use with the standards, and 198µL into a 0.5 ml PCR tube for the 

samples. Standards (10µL) were added to make the volume to 200µl and the mixture 

was vortexed for 2-3 s. Sample DNA (2µL) was added to the 198µl sample tube and 

vortexed for 2-3 s. Tubes were incubated for 2 min. Using the Qubit 2.0 Fluorometer 

set to dsDNA High Sensitivity Assay the standards were measured. After the 

calibration was complete the sample tube were measured. The sample concentrations 

were then calculated using the Dilution Calculator option.  

 

2.6 Reduced Representation Bisulfite Sequencing 
The procedure followed for the bisulfite conversion of sample DNA was based 

on methods developed by Dr Aniruddha Chatterjee of the University of Otago 

Pathology Department (Eccles laboratory group).  

 

2.6.1 Msp1 digest  

The digest was set up in 200µL PCR tubes with components according to the 

template below with buffer added first followed by the DNA, Msp1 and the H2O.  
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The digest mix was centrifuged on the myFUGE (Benchmark Scientific) bench top 

centrifuge and incubated overnight (~16 h) on a PCR thermal cycler.  

 

2.6.2 DNA QIAQuick Purification 
From this stage onwards, all centrifuge spins were performed at 17,900 x g 

(13,000rpm). Following Mspl digestion the DNA was purified using the QIAQuick 

purification kit and corresponding protocol. In brief, 5 volumes of QIAQuick Buffer 

PB was added to 1 volume of the restriction digest to bind the DNA before it was 

centrifuged briefly on a myFUGE bench-top centrifuge and applied to a QIAQuick 

spin column. The sample on the column was then centrifuged for 1 min and the 

flowthrough discarded. The sample was washed with the addition of 750µL of Buffer 

PE before centrifuging for 1 min. The spin column was then centrifuged again for an 

additional min to remove any residual liquid and the spin column placed into a clean 

1.5µL Eppendorf. The DNA was eluted with 60µL QIAQuick Buffer EB by 

centrifuging for 1 min after an incubation period of 10 min. The eluate was reapplied 

to the spin column membrane and after 1 min of room temperature incubation it was 

centrifuged for 1 min. The spin column was then removed with the purified DNA and 

kept in the Eppendorf into which it was eluted before it was end repaired. 

Input DNA  

(amount) 
 500ng  

 

NEB Msp1 (20 U/µL) 160 U 

10 x NEB Buffer 4 10% of final Vol  

MQ H2O x µL to bring to 

final Vol 

Total: 20 µL 
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2.6.3 End Repair 

The purified DNA was end repaired using a protocol adapted from the TruSeq 

DNA Sample Preparation Guide, Illumina Propriety (Catalog# PE-940-2001; Part# 

15005180 Rev. A). In short, the Nano End Repair Mix 2 was thawed and briefly 

centrifuged for 5 s. In a 200µL PCR tube, 60µL of the purified DNA sample eluted 

previously was added to 40µL of End Repair Mix 2. The tube was then mixed by 

flicking and then briefly centrifuged on the myFUGE bench centrifuge. The mix was 

then incubated for 30 min at 30 o C on the thermocycler. It was held at 4 o C when 

completed. 

2.6.4 DNA MinElute Purification 

Immediately following End Repair the mix was then purified using protocols 

adapted from the MinElute PCR Purification Kit protocol, MinElute Handbook 

03.2008 (QIAGEN: 28006), pp 19-20. The 100µL end repair solution was added to a 

1.5mL tube and 500µL of MinElute Buffer PB was added. After mixing by inversion 

the solution was briefly spun with the myFUGE centrifuge and applied to a MinElute 

column. The column was centrifuged for 1 min and the flow through discarded. The 

spin column was then washed with 750µL of MinElute Buffer PE. The column was 

centrifuged for 1 min and the flow through was discarded. Any residual liquid was 

removed in an additional centrifuge step for 1 min. The spin column was placed in a 

clean 1.5mL Eppendorf tube and the DNA was eluted by adding 17.5µL of MinElute 

Buffer EB directly to the centre of the spin column membrane and incubating at room 

temperature for 10 min. After incubating the column was centrifuged for 1 min. The 

eluate (17.5µL) was then reapplied to the column and incubated at room temperature 

for 1 min before it was spun for 1 min to elute the DNA.  
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2.6.5 Adenylation of 3’ Ends 

After thawing the A-tailing mix (ATL) it was centrifuged for 5 s. In a 200µL 

PCR tube, 17.5µL of the previously purified DNA was added to 12.5µL of the ATL. 

The solution was mixed by flicking and then briefly centrifuged on the myFUGE 

centrifuge. The mix was then incubated in the thermocycler using a heated lid with 

the following conditions: 37o C for 30 min, 70o C for 5 min and 4o C for 5 minutes. 

The mix was then held at 4o C.  

 

2.6.6 Ligation of Adaptors 

Adaptor ligation utilises methods provided by the TruSeq DNA Sample 

Preparation Guide, Illumina Proprietary (Catalog# PE-940-2001; Part # 15005180 

Rev. A). In short, the 30µL DNA solution following 3’ adenylation was added to a 

200µL PCR tube and a reaction mix consisting of the following; 2.5µL RSB buffer, 

2.5µL of DNA adaptor index and 2.5µL of Ligation Mix 2. The DNA adaptor index 

was specific for each sample. After mixing it was briefly centrifuged in the myFUGE 

centrifuge. It was then incubated on the thermocycler at 30o C for 10 min and held at 

4o C. Immediately after incubation 5µL of Stop Ligation Mix (STL) was added to 

inactivate ligation. It was mixed by flicking the tube and briefly centrifuged.  

 

2.6.7 DNA MinElute Purification 

Following adaptor ligation the mix was then purified using protocols adapted 

from the MinElute PCR Purification Kit protocol, MinElute Handbook 03.2008 

(QIAGEN: 28006). In short, the 42.5µL solution was added to a 1.5mL tube and 

212.5µL of MinElute Buffer PB was added. After mixing by inversion the solution 
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was centrifuged with the myFUGE centrifuge and applied to a MinElute column. The 

column was then spun for 1 min and the flow through discarded. The spin column 

was then washed by adding 750µL of MinElute Buffer PE. The column was then 

centrifuged for 1 min and the flow through was discarded. Any residual liquid was 

removed in an additional centrifuge step for 1 min. The spin column was placed in a 

clean well-labelled 1.5mL Eppendorf tube and the DNA was eluted by adding 17.5µL 

of MinElute Buffer EB directly to the centre of the spin column membrane and 

incubating at room temperature for 10 min. After incubating the column was 

centrifuged for 1 min. The eluate (17.5µL) was then reapplied to the spin column 

membrane and incubated at room temperature for 1 min. The column was then spun 

for 1 min to elute the modified DNA. 

  

2.6.8 Bisulfite Conversion 

The DNA was bisulfite converted following protocols based on the EZ DNA 

methylation Kit - Direct Protocol, EZ DNA methylation-Direct Kit Instruction 

Manual Version 1.0.7 (Zymo Research, D5020 and D5021. The CT conversion 

reagent was prepared by adding 790µL of M-Solubilization Buffer and 300µL M-

Dilution Buffer to a tube of CT Conversion Reagent. It was mixed thoroughly at room 

temperature and shaken for 2-3 h. After shaking, 160µL of M-Reaction Buffer was 

added to the CT mix and it was shaken for an additional 5 min. The CT mix was then 

added to the adaptor ligated DNA. The DNA was first made up to 20µL with 4µL 

MQ H2O. To this, 130µL of the CT conversion reagent was added and the solution 

mixed by flicking the tube. The samples were then briefly centrifuged on the 
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myFUGE before incubating in the thermocycler under the following conditions; 98o C 

for 8 min, 64o C for 3.5 h and 4o C for up to 20 h (normally left overnight). 

 

M-Binding Buffer (600µL) was added to a Zymo-Spin IC column and placed in a 

collection tube. Following incubation, the bisulfite-converted DNA sample was added 

to the spin column containing the M-binding buffer and mixed by inverting several 

times. The column was then centrifuged at full speed for 30 s and the flow through 

was discarded. The sample was washed by adding 100µL of M-Wash buffer to the 

spin column and centrifuging at full speed for 30 s. Following this 200µL of EZ DNA 

M-Desulphonation Buffer was added to the spin column and it was left at room 

temperature for 20 min before being centrifuged at full speed for 30 s. Following 

desulphonation, the sample was washed twice by adding 2 x 200µL of M-Wash 

Buffer and centrifuged at full speed for 30 s. The collection tube was discarded and 

the spin column was placed into a clean 1.5µL Eppendorf tube. The DNA was then 

eluted with 15µL of EZ DNA M-Elution Buffer directly to the spin column filter, and 

centrifuging at full speed for 30 s. The 15µL eluate was then reapplied to the spin 

column matrix and centrifuged at full speed for 30 s. The DNA sample was then 

transferred to a 200µL tube. 

 

 

2.6.9 Semi-Quantitative PCR 

 Following bisulfite conversion, semi-quantitative PCR was performed based on 

methods adapted from Smith et al. 2009 outlined ‘High-throughput bisulfite 

sequencing in mammalian genomes’ in Methods, 48, 226-232.  The PCR master mix 
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was set up with the following conditions: 

 

 

 

 

 

 

 

 

The master mix was mixed by briefly flicking the tube before centrifuging in the 

myFUGE centrifuge. Master mix (22 µL) was then aliquoted into a 200µL PCR tube 

and 2µL of DNA was added for each sample. These solutions were mixed by flicking 

the tube and briefly centrifuged. Of this mix, 12µL was then removed and placed in a 

second 200µL PCR tube, so there was 2 tubes for each DNA sample for 15 and 20 

cycles of PCR.  

 

The PCR was run on the BioRad DNAEngine Peltier Themal Cycler with the 

following conditions: 

 

95ºC 2 min  

*95ºC 30 s  

x n cycles *65ºC 30 s 

72ºC 45 s 

   

10x PfuTurbo Cx reaction buffer 17.5µL 

dNTP stock (2.5mM) 21µL 

TruSeq PCR Primer Cocktail 21µL 

PfuTurbo Cx HotStart DNA Polymerase 8.4µL 

MQ H2O 86.1µL 

Total: 154µL 
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72ºC 7 min After last 

cycle 

4ºC Hold  

 

PCR Block A  n = 15 (‘Semi-15’) 

PCR Block B   n = 20 (‘Semi-20’) 

 

To see the semi-quantitative PCR output samples were run on a 3% NuSieve agarose 

gel. This was prepared by adding to a 500ml Schott bottle 200mL of 0.5x TAE buffer 

(prepared in Eccles laboratory) with a concentration of 0.0024% ethidium bromide). 

This was stirred with a stir bag on a magnetic stirrer and 6g of NuSieve GTG agarose 

(Lonza, 50080) was slowly added. After the NuSieve was added, the solution was left 

for a further 30 min on the stirrer at room temperature. The solution was heated in a 

microwave for 2 min at 50% power. After gently swirling it was returned to the 

microwave and again heated for 2 min at 50% power. If any ‘floating material’ 

remained, the gel was heated for 1 min intervals at 50% power until completely clear. 

When the gel had cooled enough it was poured into a 110mm by 60mm tray with a 13 

tooth-comb (wells are 6.5mm wide, 8mm deep and 1mm thick). The gel required 60 

min to set. Once set the comb was removed and the tray was transferred into a Mupid-

exU electrophoresis tank (TaKaRa).  

 

Once the Semi-Quantitative PCR of the bisulfite converted DNA was complete, it was 

run on the NuSieve gel. First, 2µL of 10x XC loading dye was be added to each 

reaction. The samples were loaded into the lanes before the addition of TAE running 

buffer to prevent any loss of sample. DNA ladder (7µL of 18 x 25bp multiples 
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between 25bp and 450bp) (Invitrogen, 10597-011) was added to the first and last lane 

and 12 µL of each PCR product was added into subsequent lanes. The samples were 

loaded in pairs from the same sample i.e. 15 and 20 PCR rounds are placed next to 

each other for ease of comparison after the gel was run. After the samples were 

loaded fresh 0.5x TAE running buffer was added to the tank so that the gel was fully 

submerged and the gel was run at 50V for 90 min. Once the electrophoresis was 

complete it was removed from the tank and immediately observed on the GelDoc 

under UV. The Gel was then assessed and the optimal cycle number for large-scale 

PCR amplification was determined to give a reasonable amount of 150-330bp product 

without non-specific amplification. The semi-quantitative PCR determines the 

optimal cycle number for large-scale PCR amplification based on the observation of 

library to adaptor visible in the gel.  

 

2.6.10 Large Scale PCR 

After determining the optimal cycle number for large-scale PCR the final 

amplification of the libraries was performed following the protocol adapted from 

Smith et al. (2009). The PCR master mix was first made up with the following 

components;  

 

 

 

 

 

 

10x PfuTurbo Cx reaction buffer 56µL 

2.5mM dNTP stock (3.3mM final) 70µL 

TruSeq PCR Primer Cocktail 70µL 

PfuTurbo Cx HotStart DNA 

Polymerase 

28µL 

MQ H2O 287µL 

Total: 511µL 
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Master mix (80µL) was added to the first 200µL PCR strip tube with 10µL of DNA 

sample. This was mixed by flicking the tube and centrifuged briefly in the myFUGE. 

Of this PCR mix (12µL) was then aliquoted into the remaining 200µL PCR strip 

tubes for each sample. The samples were then briefly centrifuged before running on 

the BioRad DNAEngine Peltier Thermal Cycler using the following reaction 

conditions with the number of cycles for each sample being determined from the 

semi-quantitative PCR. 

 

95ºC 2 min  

95ºC 30 s  

x n cycles 65ºC 30 s 

72ºC 45 s 

72ºC 7 min  

4ºC hold  

 

2.6.11 PCR MinElute Purification 

 Following the large-scale PCR reaction, the samples were then purified using 

the protocol adapted from the MinElute PCR Purification Kit Protocol, MinElute 

Handbook 03/2008 (QIAGEN, 28006). In short, the individual PCR reactions are 

pooled into a 1.5mL tube for each sample and 5x the volume of MinElute Buffer was 

added i.e. 450µL for the total 90µL of PCR reaction. The solution was mixed by 

inversion before being briefly centrifuged and applied to a MinElute spin column. The 

column was then centrifuged for 1 min and the flow through discarded. The spin 

column was then washed by adding 750µL of MinElute Buffer PE, and centrifuging 
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for 1 min. The flow through was discarded and the column was centrifuged for a 

further 1 min before the spin column was placed in a new 1.5mL Eppendorf tube. The 

DNA was eluted with 18µL of MinElute Buffer EB directly to the centre of the spin 

column and incubating at room temperature for 5min. The column was then 

centrifuged for 1 min. The eluate (18µL) was then reapplied to the spin column 

membrane and after 1 min room temperature incubation was centrifuged for 1 min.  

 

2.6.12 NuSieve Gel Size Selection 

To select for the desired fragment length of 150-325bp bands the samples 

were run on a 3% NuSieve agarose gel, the preparation of which has been described 

above. The gel was loaded prior to the addition of the running buffer to ensure 

minimal loss of product. DNA ladder (7µL of DNA in sizes of 25bp steps) was loaded 

into the first and last lane. The purified large-scale PCR product (18µL) was mixed 

and loaded with 2µL of XC loading dye with a lane between each sample. Fresh 0.5x 

TAE buffer was then added to the tank to fully submerge the gel and it was run at 

50V for 90 min. On completion, the gel was removed from the tank and placed onto a 

clean surface (a clean cell culture flask) in order to excise the gel bands. Using a clean 

razor blade the ladder was cut from the gel and imaged at the GelDoc. The lane 

containing the ladder was set on the GelDoc along with a plastic ruler with the 16cm 

mark lining up with the bottom of the gel. The ladder was then visualised under UV 

light and using the ruler the 150bp and 325bp band positions were determined and 

their corresponding position on the ruler recorded.  
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These measures were used then to excise the desired library from the NuSieve gel. 

Using a new blade for each sample lane, they were separated, one at a time, from the 

gel. Each lane was then aligned with the ruler against the 16cm mark and a straight 

horizontal cut, with a clean blade, was made slightly above the calculated 325bp 

mark. After re-aligning the gel with the 16cm mark and using a new blade a straight 

horizontal cut was made below slightly below the 150bp mark. With the same blade 

the excised fragment was transferred into a 2mL Eppendorf tube. This was repeated 

for each sample. Once they were all separated the gel was reassembled and viewed in 

the GelDoc under UV in order to estimate the quality of the libraries cut from the gel 

based on the intensity of the adaptor band. The fragments were then weighed, with the 

weight, correcting for the weight of the Eppendorf tubes, before immediately carrying 

out the gel extraction protocol.   

 

2.6.13 Gel Extraction 

 To extract the DNA from the gel fragment the protocol based of the MinElute 

Gel Extraction Kit Protocol, MinElute Handbook 03/2008 (QIAGEN, 28006), pp 25-

26 was followed. For samples larger than 400mg they were split into two 2mL tubes. 

To the 2mL tube, 3 volumes of Buffer QG was added for each ‘weight’ of gel i.e. for 

200mg of gel 600µL of Buffer QG was added. This mixture was then incubated at 

room temperature for 20 to 40 min while spinning to ensure that the gel was fully 

dissolved. One gel volume of isopropanol was added to the sample and mixed by 

inversion. The sample was then briefly centrifuged in the myFUGE bench centrifuge 

and applied to a MinElute column. The column was then centrifuged for 1 min and 

the flow through discarded, 500µL of buffer QG was then added to the column - it 
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was centrifuged for 1 min and the flow through discarded. MinElute Buffer PE 

(750µL) was added to a column for a washing step. The column was incubated for 2-5 

min and then centrifuged for 1 min. The flow through was discarded and the column 

was then spun for an additional 1 min to remove any residual liquid. The spin column 

was then placed in a new 1.5mL Eppendorf tube. The DNA was eluted with the 

addition of 20µL of MinElute Buffer EB warmed to 65 o C that was added directly to 

the centre of the spin column. The column was incubated at room temperature for 10 

min before centrifuging for 1 min. The 20µL eluate was then reapplied to the spin 

column membrane and incubated for 1 min at room temperature before centrifuging 

for 1 min. The final concentration of the eluate was determined using Qubit 

quantification as described earlier. The final elution was then stored at -20o C. 

 

2.7  Bioanalyser High Sensitivity DNA Assay 

In order to determine the quality of the libraries prior to sequencing they were 

assessed using the Bioanalyser High Sensitivity DNA assay. The protocol is described 

in detail in the Agilent 2100 High Sensitivity DNA Kit Guide Manual (G2938-90321 

Rev. B) and is described in brief as follows. The gel-dye mix was brought to room 

temperature. The high sensitivity DNA chip was placed in the priming station and gel 

dye mix (9µL) was pipetted into the single well, marked with a unique G (dark 

background). The plunger was pressed till held by the clip and left for 1 min to 

pressurise the chip. After 1 min the clip was released and the plunger left to rise. If the 

plunger had not reached the 1mL mark after 30 s then the plunger was gently pulled 

up. Following this the chip priming station was opened. Gel-dye mix (9µL) was then 

pipetted into each of the remaining three right hand wells marked G (no background 
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markings). High Sensitivity DNA marker (35/10380bp) (5µL) was then pipetted into 

the sample wells and the ladder well. DNA ladder (1µL) was pipetted into the well, 

marked with a ladder symbol, and 1µL of each sample was pipetted into the sample 

wells.  The samples were diluted to 1ng/µL according to the qubit measurements for 

this protocol. The chip was then placed in a vortex mixer and vortexed for 60 s at 

2400 rpm. Immediately after the chip was placed into the Agilent 2100 Bioanalyser 

receptacle and the lid closed. The high sensitivity DNA assay was then run. The 

output was then used to determine the viability of the sample for sequencing based on 

the proportion of library to adaptor present. Samples with large amounts of adaptor 

were cleaned using a AMPure XP Bead Purification protocol 

 

2.8 AMPure XP Bead Purification 

If the bioanalyser tracers showed high levels of adaptor contamination in the 

samples they required further purification. This was done utilising AMPure XP size 

selection beads (Life Sciences). The beads are warmed to room temperature and 

vortexed to resuspend. The DNA sample volume was made to 45µL with samples 

diluted with MilliQ to meet the required volume. Samples were transferred to an 

Eppendorf tube and the AMPure XP beads were added in a 1:1 ratio (45µL) pipetted 

and vortexed to mix thoroughly. The sample was then incubated at room temperature 

for 10 min to allow the DNA to bind to the beads. After incubation, the tube was 

placed in the magnetic rack for 5 min until the beads formed a clump on the side of 

the tube. The supernatant was discarded and the beads were washed with 200µL of 

freshly made 80% (v/v) ethanol, pipetting it over the beads. After a vortex the ethanol 

was discarded. The tube was then left on the magnetic rack with the cap open for 10 
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min in order to remove residual ethanol by evaporation. The beads were then 

resuspended in 10µL of nuclease free H2O and pipetted up and down to mix 

thoroughly. The Eppendorf tube was then left in the magnetic rack for 10 min to elute 

the DNA from the beads, and the supernatant containing the DNA was then ready for 

Qubit and further Bioanalyser measurement.    

 

Initial use of the beads resulted in a complete loss of DNA for the entire library 

preparation. This complex procedure had to be repeated but some of the samples 

required additional DNA to be extracted from PBMCs. This was completed using the 

same protocol described previously for samples; ME003, ME006, ME004, C004, 

C002, C008 and ME014.  

 

2.9 Sequence Analysis 

After the preparation of the new DNA library samples to adequate levels of 

quality they were sent for sequencing. All samples except C012C and ME016C were 

sequenced with high throughput 100bp single end sequencing through Custom 

Science. The 18 samples were pooled with 6µL of each sample. They were then 

sequenced over three lanes in one batch. C012C and ME016C were prepared in a 

separate cohort as part of additional work but as they were a matched pair they were 

included in this analysis. They were sequenced through the Otago Genomics and 

Bioinformatics Facility again on three lanes with high throughput 100bp single end 

sequencing.  
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2.9.1 Adaptor trimming 
After samples were sequenced, the raw fastq files were processed by Peter 

Stockwell (University of Otago Pathology Department), where they were checked for 

adaptor presence and if necessary trimmed using the following in the Unix based 

command line (MAC OS X).  

 

 cleanadaptors -I contam.fa -x 20 -t 3 -z -F HWNV7BCX2-4368-01-14-

01_S1_L001_R1_001.fastq.gz -Z >  ./adtrimmed/ME016C.fastq  

 

This command used a file of adaptor sequences and trimmed three bases back from 

any detected adaptor to delete the C incorporated during library preparation and 

rejected any reads that were trimmed to less than 10bp. 

2.9.2 Sequence Alignment 
 Following quality checking and adaptor trimming where necessary the 

sequence was then aligned using Bismark. Bismark is a publically available program 

released by Babraham Bioinformatics that maps bisulfite converted sequence to a 

genome, in this case the human genome version GRCh37, with the output including 

methylation calls. This was performed with a command in the layout below: 

 

bismark –n 1 --bowtie1 <PathtoGenomeDirectory> ME0016A.fastq  

This generated a BAM file for each sample (in the above example ME016C) that was 

used then for the following analysis.  
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2.10 Data Analysis 

2.10.1 Differential Methylation Analysis Program  
Differential Methylation Analysis Program (DMAP) is a free to use software 

pipeline that specialises in detecting differentially methylated fragments (Stockwell et 

al. 2014) based on the resulting 40-220bp length of the RRBS library DNA fragments 

following Msp1 digestion. The DMAP pipeline scans the genome for Msp1 cleavage 

sites and CpGs that fit the size requirement (40-220bp). Following this the individual 

samples are scanned and the methylated and un-methylated CpGs are checked in 

order to find the fragment on the list to which the CpG positions match. It then 

calculates the coverage and quantifies the methylation of each fragment. The program 

was run on the Mac OS X command line (Unix) by Dr. Peter Stockwell.  

 

The following command describes an example of the differential methylation 

command that produced the differential methylation output file between the ME/CFS 

patients and controls utilising the aligned data from each sample. The example shows 

only one control and one patient whereas the command utilised included the entire 

cohort (10 patients and 10 controls). 

 

diffmeth-G/<PathtoChromosomalFastafiless> -B 40,220 -N -z -F 2 -t 10 \ 

-R C001_bismark.bam \ 

-S ME001_bismark.bam \ 

 

In short, this command took the sample BAM files (Control files indicated with ‘R’, 

Patients samples indicated with ‘S’) and ran an ANOVA F ratio test (on fragments 
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40-220bp in length). It indicated that the analysis required that at least 2 CpGs in each 

fragment to have 10 or more sequence reads and that the leading CpG of 3' mapped 

reads be assigned to the preceding fragment. The output was a .txt file that held 

information on the fragment location, size, number of CpGs within the fragment, P-

value, F statistic, number of samples in the test and methylation values for the 

samples in the test. This output was produced by Peter Stockwell in the Department of 

Pathology, University of Otago. From this point on I performed all analyses.  

Using DMAP commands (utilizing Mac OS X Unix based command line) the location 

of proximal genes in relation to the differentially methylated fragments was 

determined. The following line of code took the differential methylation file and 

annotated it with protein coding gene information from a feature table from SeqMonk 

(GRCh37/hg19 genome).  

identgeneloc -i -Q -U -R -B "protein_coding" -G hs_GRCh37.txt -r 

Proj1_dmeth_anova_F2t8.txt 

 The components of the command identgeneloc indicated that it should; ‘-i’ relate the 

fragments to the intron and exon boundaries as well as their location (intronic or 

exonic) within the gene body, ‘Q’ lets the program know to expect feature table 

information from SeqMonk, ‘-U’ scan for the nearest upstream CpG island, ‘R’ show 

the ranges of the CpG islands and ‘B “protein_coding” indicates that it should only 

include protein coding genes in the annotation, ‘G’ simply precedes the file name 

containing the feature table and ‘r’ the DMAP diffmeth output file produced 

previously.   
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With the differentially methylated fragments annotated with proximal gene location 

written into a .txt file the remaining analysis was undertaken using primarily R 

Studio, though Excel was briefly utilised in some cases for formatting, data sorting 

and data viewing. Both the DMAP and the following MethylKit analyses were 

performed using R Studio and the accompanying programs within the Bioconductor 

software source. An accompanying R Markdown document showing the code utilised 

for each step of the investigation is available (Electronic Supplementary: 

ME/CFS_RRBS_Analysis PDF) however a brief outline of the analysis undertaken is 

described below.  

 

The analysis of the DMAP fragments initially explored the relationships between the 

samples based on their patterns of methylation. This included visualising the 

euclidean distance (calculated from methylation variation) between each sample 

which were then clustered using Ward’s method - a measure of the relationship 

between the individual’s methylation euclidean ‘distance’ based on the least amount 

of variation between the samples (Ward 1963) and displayed as a dendrogram. 

Additionally, the relationship between the samples was determined using a principal 

component analysis and visualised in a PCA plot (plotting the first two principal 

components against each other). Disease status was utilised in the PCA analysis in 

order to determine whether it was the methylation variation captured by the first two 

principal components was associated with ME/CFS status.  

 

Following individual sample analysis, the most appropriate statistical threshold was 

determined for ongoing investigations. After initial observations of the data utilising 

the R program ‘qvalue’ (John Storey & Bass 2019) a statistical threshold of a raw P-
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value < 0.05 was applied in order to fully explore the data and differential methylation 

captured with the DMAP analysis. The data was filtered for differentially methylated 

fragments that were included in a minimum of 7 samples from the control and 7 from 

the patient groups. A minimum methylation difference between patients and controls 

of 15% was also applied following the advice of Dr. Chatterjee in order to remove 

‘noise’ from the data.  

 

After the thresholds were applied the top differential methylation was determined. 

The proportion of hypo- vs. hyper-methylation was noted. Additionally, the genomic 

location of the differential methylation was determined by finding overlaps with 

annotated data from UCSC genome database sourced BAM files. This included both 

general genomic features such as; introns, exons, intergenic and promoter regions 

(defined as 1500bp upstream and 500bp downstream of the TSS) as well as the 

relation to CpG data such as; CpG islands, CpG shores and ‘Other’.  

 

Regulatory associated DNA methylation was specifically investigated utilising a 

TxDB (transcript database) based ‘Genomic ranges’ object (a data object designed to 

hold genome locations in addition to a wide variety of corresponding 

annotations/meta data) containing genomic features from UCSC Genome Browser 

(Human genome version GRCh37/hg19). Promoter ranges were defined as 1500bp 

upstream and 500bp downstream of the transcription start site. Differentially 

methylated fragments with potential regulatory importance were determined by 

finding overlaps between the sequence ranges associated with the differentially 

methylated fragments and the proximal promoter regions within the Granges object. 

The methylation scores for each individual across each fragment identified in the 
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analysis were then visualised utilising a heatmap. The genes associated with the 

differentially methylated promoter regions were analysed utilising the 

overrepresentation analysis software publically available through STRING.org (Snel 

et al. 2000).  

 

Gene body differential methylation was determined by filtering the non-protein 

coding gene associated fragments from the data as the overlapping gene data had 

already been annotated to the data in the previously described ‘identgeneloc’ 

command. The genes identified and the individual methylation variations between the 

samples were again visualized utilizing a heatmap. Gene associated pathway 

enrichment analysis was then performed using STRING analysis in order to determine 

differentially methylated pathways potentially associated with the pathophysiology of 

ME/CFS. 

 
2.10.2 MethylKit analysis 

MethylKit is another publically available analysis pipeline that utilises 

Bismark aligned sorted BAM files to detect differential methylation through R Studio 

(Akalin et al. 2012). The BAM files were sorted using Rsamtools ‘sortBAM’  

function; 

 

‘sortBAM(“~/Desktop/WD/C001_bismark.bam”, destination = 

“~/Desktop/WD/C001SortedBam.bam”) 

 

 This ensured the files were appropriately sorted by chromosome and read position 

columns before being read into R Studio using the MethylKit command; 
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processBismarkAln(“~/Desktop/WD/C001SortedBam.bam”, sample.id = 

“C001”, assembly = “GRCh37”, read.context = “CpG”, save.folder = 

“~/Desktop/WD/C001Meth”) 

 

This was done for all 20 samples resulted in the data for the individual samples being 

saved as ‘methylRaw’ objects containing descriptive information of the methylation 

calls with the individual methylation score per base.  

 

The data from all samples were then filtered by coverage and normalized using the 

following; 

 

FiltRawList <- filterByCoverage(RawList, lo.count = 10, lo.perc = NULL, 

hi.count = NULL, hi.perc = 99.9) 

 

NormRawList <- normalizeCoverage(FiltRawList, method = “mean”, save.db = 

“FALSE”) 

 

These two commands took the samples and filtered them based on very high (more 

than the 99.9th percentile of coverage in each sample) or very low read coverage (less 

than 10 times coverage). The data was then normalized based on the mean coverage 

distribution.  
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The samples were then merged into a single object that contained base-pair 

methylation data covered in at least seven out of ten samples in each group (patient or 

controls).  

 

Meth <- unite(RawListNorm, min.per.group = 7L) 

 

The previously described preparation steps are not included in the associated R 

Markdown file due to the size of the data files creating time out issues and preventing 

the document from knitting. The following analysis steps are shown in the associated 

Rmarkdown file available in the electronic supplementary disk (PDF file: 

ME/CFS_RRBS _Analysis) but will be described in brief below.  

 

The relationship between the individual samples based on their methylation patterns 

was determined in the same manner as described previously with the DMAP analysis. 

The samples were compared first in a dendrogram that measured the euclidean 

distance between samples then clustered using Ward’s method. Additionally, a 

principal component analysis was also performed on the samples again with disease 

status also shown on the PCA plot in order to see any clustering based on ME/CFS 

status linked to the first two principal components.  

 

Following the individual sample comparison, the differential methylation analysis 

was performed. The samples were pooled into control and patient data groups and a 

Fishers exact test was performed in order to detect statistically significant differential 

methylation. The first step in the subsequent analysis was determining the most 

appropriate significance threshold for the data, again utilising the ‘qvalue’ software. It 
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automatically calculates the q value based off the distribution of P values and 

producing more stringent significance values lowering the presence of false positives. 

After the observation of the statistical summary the false discovery rate corrected Q-

value threshold of <0.05 was applied to the data. Additionally, the data was filtered so 

that only sites with above 15% differential methylation between the patient and 

controls were included.  

  

The initial analysis of the data involved the visual inspection of the overall patterns of 

differential methylation locating regions that had a large number of statistically 

significant differentially methylated cytosines in close proximity. The DMAP 

fragments were included and regions that had both clusters of differentially 

methylation identified through MethylKit and DMAP were investigated further. 

Changes between the individuals were illustrated in boxplots. Further investigation 

into the genome region the clusters were located in utilised USCS genome browser in 

order to identify any overlaps with genomic features of interest such as gene bodies 

and regulatory elements like DNase hypersensitivity regions or enhancer regions 

recorded in the USCS database. 

 

Differential methylation associated with regulatory regions was determined by finding 

overlaps with promoter annotation data stored on a Granges object created using a 

TxDB (transcript database) with promoter regions defined as 1500bp upstream and 

500bp downstream of the transcription start site. The pattern of DNA methylation 

across promoter regions was visualized per sample on a heatmap. The genes 

associated with these promoter regions were then analysed for functional pathway 

associations utilising STRING.org. 
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Further genomic features of interest, overlapping with differentially methylated 

cytosines, were identified, by finding overlaps with a Granges object created from a 

TxDb (transcript database) with gene body (intron/exon) region annotation data. The 

methylation of the individual cytosines across the associated gene bodies was shown 

in a heatmap. The identified genes were then analysed for functional pathway 

connections utilising the publically available software on STRING.org. 

Hypermethylated and hypomethylated genes were analysed separately.  
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Chapter Three  Results 

3.1 Introduction 

This chapter describes the differential methylation analysis of ME/CFS 

patients and aged/gender-matched controls. Variations in the pattern of methylation, 

specific to ME/CFS patients, have been explored in detail. The chapter outlines 

aspects of the research from (i) the initial preparation of the DNA from the patient and 

control samples, (ii) the production of the Reduced Representation Bisulfite 

Sequencing (RRBS) libraries, and (iii) the analysis of the extensive data arising from 

the sequencing by in-depth bioinformatic analysis including various quality 

assessments and procedures taken to ensure that the data were high quality. 

Following the first step of DNA extraction, the second step involving the production 

of RRBS libraries required several repeat preparations and quality checks to select for 

the bisulfite converted DNA fragments most appropriate for the sequencing. This 

included optimization of the PCR amplification for each sample following restriction 

enzyme digestion with Msp1, to determine the most suitable amplification cycle rate. 

When the final libraries were produced, they required careful size selection of the 

DNA fragments to remove the free adaptors from the final library product. Once the 

quality of these samples was ensured as determined by Qubit and Bioanalyser 

analyses, the DNA was sequenced using single-end high throughput sequencing. The 

resulting sequences were then aligned and trimmed before they were analyzed.  

In order to thoroughly explore the depth of change seen in the DNA methylation 

patterns specific to ME/CFS patients, two analytical methods were utilized; 
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MethylKit and DMAP as described in the Methods. This dual strategy allowed for the 

identification of both differentially methylated individual cytosines, as well as 

differential methylation across fragments of DNA. Additionally, MethylKit and 

DMAP pipelines utilize different statistical tests to identify variation (Fishers Test and 

ANOVA F test respectively). The initial analysis focused on the patterns of variation 

on a sample-specific level, before the overall differential methylation of the patients 

compared to controls was interrogated. This identified regions of interest with high 

levels of differential methylation including promoter and gene regions. Finally, these 

changes were interrogated with pathway enrichment analyses to determine potential 

disruptions in functional pathways linked to ME/CFS pathophysiology. 

3.2. DNA Extraction from ME/CFS patient and control PBMCs 

The production of RRBS DNA libraries required careful preparation of sample 

DNA. DNA was extracted from Peripheral Blood Mononuclear Cells (PBMCs) 

purified from the blood of ME/CFS patients and matched controls. The initial DNA 

extraction was first performed as part of my 2017 honors thesis. Figure 3.1 shows 

representative samples from several control subjects (C001- C006) forming a single 

band of DNA present in two successive fractions from a final step column elution (1) 

fraction 1 (50µl) (2) fraction 2 (150µl). It indicated the isolated genomic DNA was > 

20kbp in size in both fractions with no evidence of smaller fragments that would have 

indicated degradation. Initial experiments were also performed to determine both the 

quality and quantity of the DNA from such extractions. As evident in Figure 3.1 and 

quantified in Figure 3.2, fraction 1 had a higher concentration of DNA than fraction 2, 

but given their different volumes each yielded a similar amount of DNA (Fig 3.2B). 



 
 
 
 

 
 

79 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

50
ul

15
0u

l
0

20

40

60

80

Concentration

Elution Volume

ng
/u

l

<0.0001p

50
ul

15
0u

l
0

1000

2000

3000

4000

Yield

Elution Volume

Yi
el

d 
(n

g)

50
ul

15
0u

l
0.0

0.5

1.0

1.5

2.0

2.5

Elution Volume

26
0/

28
0

260/230

50ul
150ul

0.0

0.5

1.0

1.5

2.0

2.5

260/280

Elution Volume

26
0/

28
0

0.0067P =

A B 

C D 

Figure 3.1 Consecutive DNA elution fractions after extractions from six control 
samples. An agarose DNA Gel (1%) shows DNA in successive 50µL and 150µL 
DNA column elution fractions from six study controls; C001-C006. The DNA was 
fractionated at 90V for 45min. Samples were added in the following volumes, 2µl for 
50µl elution, 4µl for 150µl elution, 2µl of the DNA ladder derived from a digest of 
Lambda DNA (HindIII+EcoR1). Figure adapted from Helliwell 2017 honors thesis. 

Figure 3.2 Average Concentration, yield and quality measures of 
DNA recovered in two elution fractions. Bar plot showing A. the 
average concentration of six control DNA fractions: 1(50µL) and 
2(150µL). B, the amounts recovered in A and B amounts in each 
elution. C, the 260/230 ratio for each elution. D, The 260/280 ratio for 
each elution. Figure adapted from Helliwell 2017 honors thesis 
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When assessing the quality of the DNA for further use it was clear that the 150µl 

elution fraction had small but significantly higher 260nm/280nm ratios (determined 

using a Nanodrop Spectrometer) but both had the desired ratio of >1.8. There was no 

significant change in the 260/230 ratio between the fractions. Further purification of 

Fraction 1 was investigated to see if it would improve the quality of the DNA for 

library preparation. While this further purification step before library preparation 

modestly increased the quality of the DNA (Figure 3.3), there was a significant loss of 

yield. For library preparations, therefore 500ng from the second elution fraction of 

each DNA sample extracted from patient and control PMBCs was determined to be of 

sufficient quality, even without additional purification step and was therefore used in 

the subsequent experiments.  

 

 

 

 

 

 

 

 

 

The amount of DNA in Fraction 2 of the eluted DNA (Figure 3.4) varied among 

samples so different volumes were required for the 500ng DNA needed to prepare the 

RRBS libraries. There was no clear cause of the variation in DNA concentration 

though it may have been due to variations in the cell numbers between samples. 

Figure 3.3 Average quality measures from Fraction 1 samples at 
extraction and post purification. Bar plot showing A, average 260/280 
ratio. B, average 260/230 ratio. 

Ex
tra
cti
on

Pu
rif
ica
tio
n

0.0

0.5

1.0

1.5

2.0

26
0/
28
0

260/230

p = 0.0039
A 

B 260/230 



 
 
 
 

 
 

81 

Additionally, the samples were processed on different days implicating a potential 

technical variation between samples. The cause of the variation was not investigated 

as all samples had sufficient DNA for the protocol (Figure 3.5) with required volumes 

all below 150µl, varying from 128µl (ME016C having a concentration of 3.9ng/µl) to 

samples with higher initial yields such as C011 with a concentration of 33.6ng/µl 

needing only 15µl.  

 

 

 

 

 

 

 

 

 

 

 

 

 

The DNA from all samples produced libraries that were suitable for sequencing. A 

schematic diagram (Figure 3.5) shows the procedure used. 

 

Figure 3.4 Concentration of DNA used for initial RRBS library preparation.  
Bar graph showing the concentration of DNA in the fractions used to create the 
RRBS library. Concentration is in ng/µl and was determined using Qubit 
measurement. Black bars indicate control samples whereas orange bars indicate 
patient samples. 
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Figure 3.5 Summary of the protocol used to produce RRBS libraries. Using 
the 500ng input DNA extracted and purified from PBMCs, each sample was 
digested with restriction endonuclease, Msp1, to preferentially isolate 
cytosine rich fragments of the genome. The ends of the DNA fragments were 
then repaired and A tails were added. Methylated adaptors were ligated to the 
A tails. Fragments were converted with bisulfite to deaminate un-methylated 
cytosine into uracil but to leave methylated cytosines unchanged. The DNA 
was then amplified via PCR before DNA fragments were displayed on a gel. 
The desired gel section containing fragments ranging from 150-300bp was 
excised and extracted from the gel. The quality and concentration of this 
DNA were determined with a Bioanalyser and affirmed as suitable for RRBS. 
If it were still contaminated significantly with adaptors then the DNA 
fragments were purified further with a 'Bead clean up kit' before being 
reassessed and sequenced. 



 
 
 
 

 
 

83 

3.3 RRBS Library Preparation 
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Figure 3.6 Analysis of library preparation on NuSieve gels. A. Semi-quantitative PCR 
shows a sample of the results of 15 and 20 rounds of PCR amplification of RRBS libraries 
prepared from five DNA samples (C001, C003, C005, C008 and ME011).  PCR products 
were run on 3% NuSeive agarose gel (50V for 90min). Samples (14µl) (12µL RRBS PCR 
product + 2µl CX loading dye) were added to the lanes for each sample. A DNA ladder - 
7µl of the 25bp DNA ladder was added to the lanes at each end of the gel. B. Large Scale 
PCR run on a 3% NuSeive gel (50V for 90min) showing the final PCR amplification of the 
RRBS libraries for size selection for the 125-300bp product to be sequenced. Gel was 
imaged after fragments were cut from gel (indicated by red rectangle). Sample (18µl of the 
PCR product) with 2µl of the XC loading dye. The 25bp ladder was in the last lane with an 
input volume of 7µl). 
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The preparation of RRBS libraries requires careful size selection of the required DNA 

following bisulfite conversion to reduce or completely remove the excess adaptors, as 

shown in Figure 3.7. This involved an initial quantitative PCR step (Figure 3.6A) 

where the optimal level of PCR amplification was determined based on the relative 

intensity i.e. ratio of the RRBS library against adaptor. The optimal level of PCR 

amplification kept adaptor presence low so if the RRBS library intensity was adequate 

at lower PCR rounds it was the preferred condition. The appropriate level of PCR 

amplification was then used on the final library preparation (Figure 3.8B) and 

recorded in Table 3.1. The library of DNA fragments of the desired size was then 

excised from the gel. As seen in Fig 3.8 the fragments were carefully selected to be 

between 125 and 300bp to exclude residual adaptors (below 125bp) allowing for the 

isolation of the RRBS library for each sample. 

To determine if the RRBS DNA libraries excised from the gel were of adequate 

quality and quantity for sequencing, the samples were run through a Bioanalyser 

analysis (Figure 3.7). This indicated whether a further size selection 'bead clean up' 

step was necessary. When the initial samples were analyzed it was clear that there 

were higher levels of adaptor present than desirable (for example, see Figure 3.7 – 

[red arrow]) and so all 20 samples were purified further. Disastrously, applying a bead 

clean up protocol resulted in the complete loss of all DNA - both the adaptors and the 

desired library.  
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  1          2        3         4         5 

          lanes 

When investigating the DNA loss it was apparent that the bead clean-up kit supplied 

to me was the cause. A comparison of my kit with two other kits showed that there 

was, by contrast, no retention of the test DNA sample (DNA ladder) (lanes 4 & 5) 

after processing. As this was the same bead clean up kit utilized in my RRBS library 

preparation (Figure 3.8) it was subsequently replaced. 

Figure 3.7 Bioanalyser traces of control sample C003 
samples at a key stage of library preparation.  The 
florescence intensity is shown on the Y axis against 
fragment size (base pairs) on the x axis. The red arrow is 
indicating high concentrations of adaptor present in DNA 
sample. 

Figure 3.8 Gel image comparison of 
failed and two new bead clean up 
kits. Lanes 1, 2 and 3: A DNA ladder 
re isolated using two bead clean up 
kits sourced elsewhere, Lane 4 and 5 
show the absence of any recovery of  
DNA from the ‘Bead clean up’ kit 
used on my initial  libraries. 
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With the complete loss of DNA from the bead clean up procedure the libraries were 

prepared again. As some of the patient/control DNA samples had low initial DNA 

concentrations this required new rounds of DNA extraction from patient PBMCs. 

This was completed using the same methods as the 2017 protocol for samples; 

ME003, ME006, ME004, C004, C002, C008, and ME014. As with the earlier DNA 

preparations, although there were differences in final concentrations there was 

sufficient DNA in each case for the subsequent library preparation (see Appendix C 

pg. 196). 

After the RRBS libraries were prepared a second time, the new bead clean up kits 

were utilized and were found to effectively retain and release the desired RRBS 

library DNA while removing excess adaptor. This is seen in Figure 3.9A where the 

red arrow indicates high levels of adaptor presence in the sample that is greatly 

reduced following the AMPure bead clean up protocol. This can be seen in Figure 

3.9B where the red arrow now shows a reduced level of adaptor while still having 

adequate concentrations of the library (red dotted box). 

  

A B 

Figure 3.9. Bioanalyser traces of a newly prepared ME016C DNA library. A.  Prepared 
library showing adaptor contamination, and, B. after treatment with the new bead clean up kit. 
The florescence intensity is shown on the Y axis against fragment size (base pairs) on the x 
axis. The red arrow indicates the adaptors in Figure 3.9A and 3.9B while the red dashed 
rectangle highlights the region where the RRBS library thankfully was present (125 – 300bp). 
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3.4 Sequencing Analysis and Coverage summary 

The libraries were now of sufficient quality for the DNA to be sequenced. The 

DNA was first pooled with input concentrations as close to 10ng/µl, if possible, in a 

volume of 6µl or 29µl depending to which sequencing provider they were being sent. 

ME016 and C012 were sequenced separately as they were prepared as part of an 

additional experiment, however were included in this cohort as they were an age/sex 

matched pair. Table 3.1 shows the variation in the concentrations of the samples but 

all were in the suitable range, i.e. provided adequate yields of the library DNA for 

sequencing. Additionally, unique adaptor sequences allowed for the successful 

pooling and differentiation of individual samples post sequencing.  

The samples were analyzed with single-end, high throughput sequencing and returned 

in fastq format before they were trimmed if necessary and aligned to the human 

genome GRCh37/hg19 using Bismark. Sequence trimming and alignment were by 

performed Peter Stockwell (Department of Pathology). Table 3.2 shows the summary 

of this alignment. Across the samples, there was variation in the measures used to 

determine the quality of the sequence and success of the alignment. For instance, 

while the average number of sequence reads across all of the samples was ~16 

million (actually "16,000,443.85") the range across the samples was over 12 million 

reads. Additionally, the average mapping efficiency – the percentage of reads mapped 

to the genome - was 38%, with a range from 12% for sample C007 to 50% for 

C012C. It is established that bisulfite-converted sequences have a reduced mapping 

efficiency in general as the mapping program can only work with 3 rather than 4 

nucleotides in traditional sequencing processing (Porter et al. 2015). This can affect 

the mapping efficiency due to the consequent build-up of reads over a large number 
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of sites resulting in their removal. While the efficiency would ideally be over 90% in 

traditional sequencing mapping, lower levels of mapping efficiency such as between 

40-80% are generally observed in RRBS analysis (Porter et al. 2015). So, while the 

mapping efficiency seen here is on the lower end of the spectrum it is not unusual for 

RRBS data.  

Unlike the mapping efficiency, the conversion rate was estimated to be very high for 

all samples (either 99% or 100%). This estimate is calculated by MethylKit's 

‘processBismarkAln’ function and was made by dividing the number of Thymines 

(i.e. non-methylated cytosines post-sequencing) by the coverage for each non-CpG 

cytosine (methylated cytosine post-sequencing) then taking the average of those 

values, therefore, making a basic estimation of the C to U bisulfite conversion rate. 

The conversion rate utilized here is based on the assumption that non-CpG 

methylation is rare and would, therefore, provide a good estimate of conversion. The 

low proportions of non-CpG methylation seen in this analysis, either 1% or 0%, 

(Table 3.1) supports this assumption. Optimally conversion rates would be calculated 

by adding a control sequence into the experiment i.e. DNA with a known methylation 

state before bisulfite conversion. However, the estimation described above allows for 

confidence in the success of the conversion, which in this case was shown to be high 

in every sample.  
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Table 3.1 Summary of sample information for the preparation of sequencing. For 
each sample the final PCR amplification round number, the corresponding adaptor 
number, the final concentration and the volume. Note that samples indicated with * 
were prepared in a separate cohort and as such were pooled with different volume 
requirements. 

SAMPLE ID PCR 

ROUNDS 

ADAPTOR CONCENTRATION 

(ng/µl) 

C001 20 AD001 10.2 

C002 20 AD015 31.3 

C003 20 AD008 36.2 

C004 18 AD003 33.5 

C005 20 AD010 38.2 

C006 20 AD002 6.17 

C007 20 AD004 3.98 

C008 20 AD011 32.7 

C011 20 AD005 7.74 

C012C* 20 AD015 12.18 

ME001 18 AD013 3.89 

ME003 18 AD009 28.8 

ME004 18 AD014 25.7 

ME006 18 AD006 22.1 

ME007 20 AD021 24.9 

ME009 20 AD022 28.2 

ME011 18 AD020 26.5 

ME014 20 AD027 24.0 

ME015 20 AD016 23.2 

ME016C* 17 AD004 13.64 
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Table 3.2 Summary of sequencing data and bismark alignment output. Each 
sample, as identified by sample ID, has corresponding data for PCR rounds in the 
final amplification, adaptor reference, total reads, mapping efficiency from bismark, 
methylated cytosines in three different contexts (CpG, CpHpG and CpHpH).  H can 
be either A, T or C and the percentage is calculated individually for each context 
following the equation: % methylation = 100 ´ methylated Cs / (methylated Cs  + 
unmethylated Cs ). The bisulfite conversion rate has been calculated as the average of 
the number of Ts (non-methylated Cytosines) divided by coverage for each non-CpG 
cytosine. 

SAMPLE 
ID 

TOTAL 
READS 

MAP.EFFIC. 
% 

methylC 
CpG % 

methylC 
CpHpG 
%  

methylC 
CpHpH  
% 

CONV. 
RATE 
% 

C001 9221090 49 39 1 0 100 

C002 14000485 28 39 1 1 99 

C003 15237052 45 41 1 0 100 

C004 16305850 45 48 1 1 99 

C005 14146640 50 41 1 1 99 

C006 17961183 26 39 0 0 100 

C007 21023385 12 42 0 0 100 

C008 14287174 45 40 1 1 99 

C011 14605142 29 40 0 0 100 

C012C 19983522 49 50 1 1 99 

ME001 20739258 25 42 0 0 100 

ME003 12830866 51 38 1 1 99 

ME004 16521910 34 43 1 1 99 

ME006 16888563 30 39 1 1 99 

ME007 13589812 51 42 0 0 100 

ME009 14374956 49 43 0 0 100 

ME011 21391108 40 39 1 0 100 

ME014 13587009 37 41 1 1 99 

ME015 13261182 28 61 1 1 99 

ME016C 20052690 46 45 1 1 99 
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 To estimate the methylation percentage at each cytosine in a bisulfite sequencing 

experiment the read coverage i.e. the number of reads mapped to the site of interest is 

essential. With an appropriate level of coverage (i.e. at least 10 reads per base) the 

number of cytosines vs. thymine at that position can calculate the methylation 

percentage e.g. if four out of ten nucleotides at the position of interest are read as 

cytosines (and the remaining as thymine) the site would have a methylation percent of 

40%. Due to the importance of the coverage depth, the individual distributions of 

coverage across each sample were assessed and are shown in Figure 3.10. 

 

Figure 3.10 Frequency Histograms showing the read coverage per base per sample. The Y axis 
shows the frequency of the read coverage from 0-60,000. The x axis shows the log10 of the read 
coverage per base. 
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The coverage distributions show all samples, with the exception of ME015, had a 

high (frequency of reads peaking between ~20,000 to 60,000) peak on the left edge of 

each histogram (between log10 1-2) indicating there was a high frequency of read 

coverage below 100 with the majority falling closer to 50 or below. ME015 is the 

exception as it has an extremely low peak however it still follows the same 

distribution as the other samples with the majority of reads, while in a much smaller 

peak, frequency of coverage read depth around 10-50 (Log10 1-1.2) peaking at a 

frequency ~1500  (see Appendix D1, pg. 196). It is important to observe that none of 

the samples show a secondary peak on the far right which would be indicative of PCR 

amplification bias i.e. the presence of high numbers of duplicate reads caused by 

unequal amplification efficiency of the PCR products that would reduce the quality of 

the following analysis.  

Figure 3.11 Frequency Histograms showing the percent methylation per base per sample. 
The Y axis shows the frequency of occurrence of a particular methylation score from 0-
100000. The x axis shows the percent methylation per base from 0-100. 
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Utilizing the coverage at each base methylation percent across the sequence for each 

sample was calculated. The frequency of these methylation scores was displayed in 

the histograms above (Figure 3.11) where the methylation density per sample is 

shown. Again, except for ME015, they showed a similar pattern of methylation with 

peaks at either end of the density plots, the majority showing low levels of 

methylation i.e. around 0% (~70% of the methylation frequency), and the second peak 

of high methylation i.e. around 100% (~20% of the methylation frequency). This is an 

expected pattern due to the presence of methylation at any given site in any given cell.  

ME015 appeared to show no peaks of methylation -  however a non-scaled version of 

the ME015 figure (see Appendix D2, pg. 196) showed that there was methylation 

present in the sample, although at a much lower frequency when compared to the 

other samples. It does however share the same distribution of methylation with the 

majority falling either at 0% or 100%, albeit with relatively high levels of methylation 

detected between 0-100%. This indicated that the sample may be of poor quality. This 

is supported by the coverage distribution of ME015 described previously (Figure 

3.10), which showed a low coverage distribution - breaking from the pattern seen in 

the other samples.  

3.5 Individual Sample Analysis 

With each sample having their methylation scores determined they could then 

be further analyzed. This was done utilizing two different publically available 

software pipelines specifically designed to analyze RRBS data; MethylKit and 

DMAP.  
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MethylKit is an accessible analysis pipeline that provides methods for differential 

methylation analysis starting from Bismark aligned BAM files and continuing 

through individual sample analysis before determining differentially methylated 

cytosines between control and patient groups, with statistical testing appropriate for 

the data. Utilizing this pipeline and the associated functions the data for each 

individual sample were first filtered to remove very high (99.9th percentile) or low 

(lower than 10) read coverage in order to remove any data that would reduce the 

quality of the results i.e. low coverage would reduce the power of the methylation 

scores calculated and high coverage is indicative of PCR bias as described above. The 

sample coverage values were then normalized using a scaling factor derived by the 

mean coverage distribution. As the significance values (P-Values) calculated by 

MethylKit are associated with the coverage it was important to normalize as the 

coverage of the samples varied between individuals. Following the initial MethylKit 

filtering, the data were further sorted so that individual CpGs were only included in 

the differential methylation analysis if they had adequate read coverage in at least 7 

out of 10 individuals in the patients and 7 out of the 10 individual control samples.  

DMAP or 'Differential Methylation Analysis Program' is another popular method for 

the analysis of bisulfite-converted data and is specifically designed for RRBS 

analysis. It is unique in that it optimally designed to analyze the sequence data on a 

40-220bp-fragment basis. This correlates with the size of DNA fragments produced in 

RRBS experiments following the digestion with the restriction enzyme Msp1. DMAP 

takes the output of Bismark alignments and scans the sequence finding Msp1 

cleavage sites and CpGs compiling a list of fragments within the desired 40-220bp-
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size range. Unlike MethylKit, DMAP calculates the average methylation of each 

fragment.  

Utilizing this pipeline, cutoffs for read coverage (>10) and the number of CpGs (>1) 

within each fragment were set to remove low-quality data. The program 

simultaneously performed an ANVOA F ratio test to determine the differential 

methylation between the patient and control groups. Unlike MethylKit, DMAP also 

includes a command that allowed for the efficient mapping of the differentially 

methylated fragments to genome annotation data sourced from SeqMonk. Following 

this the data were sorted utilizing R studio to ensure that only fragments present in at 

least 7 out of the 10 controls and 7 out of 10 patients were included for subsequent 

analysis - a minimum threshold also utilized in the MethylKit analysis described 

above.  

With both the single cytosine methylation data and the fragment data in an 

appropriate format, they could be investigated further. The following section will 

describe the relationships between the individual samples based on their patterns of 

methylation both on an individual CpG basis (as determined with MethylKit) and on a 

fragment basis (as determined with DMAP).  

To initially measure the relationship between the samples the euclidean distance was 

calculated based on the individual samples methylation patterns. This is a common 

method to capture the variation present in mass data sets. Wards minimum variance 

was utilized to hierarchically cluster the samples that were displayed in dendrograms 

with Figure 3.12A showing how they cluster on an individual cytosine basis (as 
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determined with MethylKit) and Figure 3.12B showing the variation based on 

fragment methylation (as determined with DMAP). 

While the samples do not appear to show clear clustering in regards to their patient or 

control status (either with MethylKit single cytosine or DMAP fragments) it is 

interesting to note that the different analysis methods cluster the individuals 

differently suggesting that variation may be captured differently due to the units 

utilized by the two analysis pipelines, i.e. fragments with DMAP and individual 

cytosines with Methylkit. This is obvious also in the differences seen in the distances 

calculated as seen on the X-axis of Fig 3.12 with the MethylKit cytosine variation 

requiring a euclidean distance larger than 150 to capture the relationship between the 

clusters, where-as the DMAP fragment distance is comparatively small at 40.  

The clustering of the samples can also be seen in Figure 3.13A and 3.13.B in the form 

of PCA plots. PCA plots visualize variation in the data by reducing large numbers of 

data points into representative principal components. The resulting principal 

components capture the patterns of variation in the data with the first containing the 

majority of the variation. This is useful as they can demonstrate how variation in the 

data i.e. DNA methylation, may associate with group features such as disease status 

or age. 
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Figure 3.12 Cluster dendrograms of Patient and Control Samples.  A. Comparison of the variation 
captured by Methylkit at individual sites of cytosine methylations. B. Comparison of the variation 
captured by DMAP in average methylation of C’s within DNA fragments containing CpG’s 
dinucleotides. Using R Studio’s Ward’s minimum variance the Euclidean distance based of the variation 
in methylation patterns between the individual samples were clustered at each cytosine within the 
requirements. The x-axis shows the distance between the cluster, note that A and B x axis is not on the 
same scale 

A.    MethylKit Cytosine Euclidean Dendrogram  

B.    DMAP Fragment Euclidean Dendrogram  
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The PCA plot showing patterns of variation across individual cytosine methylation 

measures as determined with MethylKit shows the controls and patients differentiate 

from each other.  The controls tended to cluster in a single group with C007 as the 

only outlier while the patients were seen in two groups with ME001 and ME007 as 

outliers to both (Figure 3.13 A). In Figure 3.13B for the fragment analysis, the 

controls also clustered relatively closer together when compared to the overall patient 

group that showed a larger dispersal. However, the patients could also be seen in two 

groupings with ME001 again an outlier along with ME015. The variation was again 

captured differently by the different differential methylation methods. Between 

Methylkit and DMAP there was a large difference in the level of variation captured in 

the principal components: with PC1 in the Methylkit cytosine data ~63% where the 

equivalent PC1 calculated from DMAP fragment analysis was only ~10%.  

Figure 3.13 Principal component analysis. A. MethylKit The relationship between the samples 
based on their PC1 and PC2 values capturing the majority of variation in the samples. Patient and 
control status is shown through patient = orange and control = purple. 13.B. DMAP fragment analysis 

A.  Cytosine Variation PCA B.  Fragment Variation PCA
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3.6 Differential Methylation between ME/CFS patients and controls 

 To determine whether there were methylation patterns that are associated with 

'ME/CFS patient status', further statistical analysis with the DNA methylation 

software packages MethylKit and DMAP were performed. MethylKit utilized the 

Fishers exact test to determine methylation differences between pooled patient, and 

the pooled control groups at single CpG bases. A Fishers exact test is a method that 

determines whether there is any nonrandom associations between variables i.e. 

ME/CFS status and methylation status. DMAP however utilized an ANOVA F test to 

determine methylation differences between the patient and control DNA fragments 

(40-220bp). The ANOVA F test varies in that it compares the variance between the 

group means with the variability between the groups i.e. patient and control groups 

producing a F-value that in turn is used to determine the P-value. The corresponding 

F-values for each fragment are included in the following analysis along with the P-

value. It is important to note again that the differential methylation was calculated at 

positions (i.e. for both individual cytosines or fragments) present in at least 7 out of 

10 patients and 7 out of 10 controls.  

 

A display summary of the output of these analyses are shown in Figure 3.14 where 

the significance scores (log10 P-value) are plotted against the difference in methylation 

percentages measured at each cytosine (Fig 3.14A) or average methylation across 

each fragment (Fig 3.14B).  
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Figure 3.14 Volcano plots visualizing differential methylation identified in ME/CFS patients. A 
shows differentially methylated cytosines identified by MethylKit Fishers test. B shows differentially 
methylated fragments calculated by DMAP ANOVA F test. Log 10 P-value is plotted on the y-axis with 
differential methylation on the x-axis. Note that the y-axes are not on the same scale with B having 
higher P-values. Blue dots indicate points of hypomethylation 15% or higher with red points indicating 
hypermethylation 15% or higher, and fawn dots no significant difference i.e. under 15% differential 
methylation. 

A. Differentially Methylated Cytosines  B. Differentially Methylated Fragments 
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3.6.1 MethylKit Cytosine Differential Methylation 

To analyze differentially methylated cytosines MethylKit utilized Fisher's 

exact test to calculate the differences between the pooled patient and control groups. 

This summed the number of Cs and Ts in each group providing the best possible 

coverage of CpGs within the overall data. As the data had previously been processed 

to remove extreme coverage values or to normalize coverage variation across 

different samples the data were adequately prepared for the analysis. The patient and 

control methylation scores were compared across a total of '196,172' cytosines. It is 

clear that for the majority there was no significant differential methylation (i.e. 

majority fall close to 0) (Figure 3.14.A) with only a comparatively small number 

falling into the more extreme values that would be potentially biologically 

informative. When a significance threshold and differential methylation minimum 

was applied (P <0.05, Difference of 15+%) 994 differential methylation sites were 

isolated (Figure 3.14.A – orange and blue points). P-values are defined as the level of 

significance given within a statistical hypothesis test that represents the probability of 

the occurrence of a given event. Therefore a P-value of 0.05 will result in 5% of all 

the tests being false positives. P-values were used in the initial investigation in order 

to determine the most appropriate significance thresholds for this exploratory 

analysis, particularly given the small numbers in patient and control groups. After 

observing the distribution of the P-values compared to Q-values it showed that a false 

discovery rate correction would be appropriate and would not result in the loss of 

more data than would be appropriate for this exploratory analysis (Table 3.3).  
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Table 3.3 A cumulative number of the significant calls at different significance 
cutoffs. Gives the numbers that meet a range of significance cutoffs for both P and q-
values along with the numbers after a methylation difference cutoffs at +/-15% for the 
corresponding P or q-values.  
 
The p-value gives the expected false positive rate obtained by rejecting the null 
hypothesis for any result with an equal or smaller p-value, the q-value adjusts for the 
expected FDR (false discovery rate) at each P-value obtained by rejecting the null 
hypothesis for any result with an equal or smaller q-value. 

 

The probability values were investigated using the ‘qvalue’ package in R (Storey 

2002). The identification of q-values (adjusted p-values) utilizes the distribution of 

the p-values and provides adjusted values based on the distribution to reduce the 

presence of false-positive results, i.e. a q-value of 0.05 or less indicates that 5% of the 

significant tests, rather than all tests, will result in false positives. With a false 

discovery threshold of q <0.05 applied the number of statistically significant 

differentially methylated cytosines was 1178 (Table 3.3) and that dropped to 394 

P or Q-value 

thresholds 

<1E-04 <0.001 <0.01 <0.05 

 

<0.1 

 

 <1 

No. at P-value 991 1595 4053 10862 18064 125996 

No. at P-values, 

MethDiff +/-

15% 

306 540 928 994 994 994 

No. at Q-value 640 714 902 1178 1486 14902 

No. at Q-value, 

MethDiff +/-

15% 

123 162 263 394 512 994 
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when a methylation variation of 15% or more was applied. With the data 

subsequently filtered to include only the most relevant points i.e. high significance 

and high methylation changes, the following analysis was limited to include only the 

most meaningful results appropriate for the data collected. 

Initial observation of the differentially methylated cytosines found a modest majority 

of hypomethylated residues, (220 or 56%) and the remainder (174 or 44%) were 

hypermethylated. When observing just the top differentially methylated cytosines 

identified with MethylKit (see Table 3.4) it was immediately obvious that some 

clustered around the same region with five points hypomethylated in patients in 

chromosome 17 around the 5674533-5674577bp. This includes the top 

hypomethylated location that has a methylation decrease of 39% in the patients 

compared to the controls. All points associated with this cluster showed methylation 

percentages as low as 35% in the patients compared to the ~70% observed in the same 

location in controls. 

The remaining points, while not sharing close sequence locations, also showed large 

changes in methylation in the patients, with even the 10th lowest hypermethylated 

cytosine in the patients still showing an increase of 35% when compared to the 

controls. The full dataset is available on the electronic supplementary disk (excel file: 

Extended tables, sheet = Full_Cytosine_List) showing the locations of all statistically 

differentially methylated cytosines with a difference of 15% or more in the patients 

compared to controls.  
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Table 3.4 The top 10 hyper-methylated (total 174) and top 10 hypomethylated 
cytosines (total 220). For each cytosine there is a corresponding genomic location, the 
average methylation percent for the control and patients. In addition, P and Q-values 
calculated with the Fisher test are included. The full table is available in appendix D. 
Hypomethylation is shown in blue and hypermethylation shown in red. 

 

 

 
 
 
 

Location Control % Patient % P-value Q-value 

chr17:5674533 76 34 3.94E-12 1.67E-09 

chr9:136579594 85 44 2.24E-14 1.08E-11 

chr17:5674613 73 33 1.96E-11 7.97E-09 

chr4:8647307 67 27 1.30E-10 5.09E-08 

chr17:5674615 75 36 9.19E-11 3.63E-08 

chr1:3518744 55 17 1.12E-11 4.63E-09 

chr11:60776306 41 3 1.90E-16 1.02E-13 

chr2:241757752 50 14 1.83E-10 7.16E-08 

chr17:5674577 71 36 4.71E-09 1.70E-06 

chr17:5674596 74 39 8.62E-09 3.05E-06 

chr16:9278223 29 72 9.66E-13 4.24E-10 

chr19:21670312 53 95 2.95E-15 1.50E-12 

chr15:84953561 43 84 2.60E-14 1.24E-11 

chr14:88652390 54 93 2.92E-17 1.60E-14 

chr5:103038223 50 87 7.66E-12 3.19E-09 

chr7:2547118 57 93 1.96E-16 1.05E-13 

chr11:73668762 31 67 1.74E-07 5.45E-05 

chr4:987672 59 95 1.21E-13 5.58E-11 

chr17:12205448 21 56 3.79E-09 1.38E-06 

chr20:62026448 53 88 1.85E-12 7.99E-10 



 
 
 
 

 
 

105 

3.6.2 DMAP Fragment Differential Methylation  

The second analysis package, DMAP compared a total of 146,575 fragments 

between 40-220bp in the differential methylation analysis utilizing an ANOVA F test 

(with at least 7 of the 10 patients and 7 of the 10 controls in the comparison). With a 

significance threshold of P < 0.05 the number of fragments with differential 

methylation (>15%) between patients and controls was 76. Due to the distribution of 

the P-values and the following Q-value statistical analysis it was apparent that 

applying the same false discovery threshold as applied to the MethylKit cytosine data 

would oblate the data set completely, removing all data points (Table 3.7). As this 

study was with a small patient/control cohort, the simple application of P-values to 

meet significance thresholds was more informative to identify and not lose true 

positives from the data. To investigate the output of the DMAP analysis the data was 

left therefore at the uncorrected P-values to continue the analysis.  
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Table 3.5. A cumulative number of the significant calls at different significance 

cutoffs for DMAP. Gives the numbers that meet a range of significance cutoffs for 

both P and q-values along with the numbers after a methylation difference cutoffs at 

+/-15% for the corresponding P or q-values. 

 

 
 

Utilizing these thresholds (P <0.05, MethDiff of +/-15%) on the data the DMAP data 

showed 76 fragments that could then be further investigated. The average length of 

the fragments included was 70.19bp and of these a small majority were 

hypomethylated (52%) and 48% hypermethylated. It is interesting to note that while 

the number of fragments identified by DMAP that fits our assigned thresholds 

appeared to be much lower than the Methylkit cytosine number of 394, the total 

number of cytosines within the differentially methylated fragments is 277 (133 

hypomethylated, 94 hypermethylated) The top 10 hypomethylated and 

hypermethylated fragments are shown in Table 3.6. It is interesting to note that the 

P or Q-value 

thresholds 

<1E-04 <0.001 <0.01 <0.05 

 

<0.1 

 

 <1 

No. at P-values 12 120 1191 6352 13227 146575 

No. at P-values, 

MethDiff +/-

15% 

0 5 37 76 97 152 

No. at Q-values 0 0 0 0 0 146575 

No. at Q-values, 

MethDiff +/-

15% 

0 0 0 0 0 152 
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differentially methylated cytosines that were found to cluster on chromosome 17 are 

physically near (89bp downstream) the two most hypomethylated fragments on 

chromosome 17. 

 

Table 3.6. Top 10 Hypomethylated (total 39) and top 10 hypermethylated (total 37) 
DNA fragments. Fragments identified using DMAP ANOVA F test. For each 
location (chromosome and fragment start base position) there is a corresponding 
fragment length in bp, CpGs within, average methylation percent for controls and 
patients. Corresponding P and F-values (degrees of freedom in brackets) are also 
shown. Hypomethylation in patients is shown in blue, hypermethylation in red. The 
full dataset is available on the electronic supplementary disk (excel file: Extended 
tables, sheet = Full_Fragment_List) 
Location Bp CpGs Control % Patient  % P-value F-value 

chr17:5674737 41 8 75 33 6.85E-03 F(1,14)=10.03 
chr17:5674622 107 11 80 46 3.78E-03 F(1,14)=12.02 
chr21:46976139 65 6 47 20 4.78E-02 F(1,15)=4.65 
chr2:74357851 41 6 49 24 6.60E-03 F(1,14)=10.15 
chr9:136579546 89 3 88 64 6.52E-03 F(1,14)=10.19 
chr6:167559786 102 8 69 45 3.02E-02 F(1,14)=5.82 
chr4:206594 117 15 53 31 8.28E-03 F(1,13)=9.68 
chr5:66461495 95 4 82 61 4.72E-03 F(1,14)=11.26 
chr22:47018391 56 4 64 44 4.80E-02 F(1,13)=4.76 
chr19:53112378 68 5 95 76 3.70E-03 F(1,14)=12.09 
chr19:21265268 74 6 12 42 1.12E-02 F(1,16)=8.22 
chr6:141716264 71 3 67 96 1.08E-03 F(1,13)=18.28 
chr11:73668757 82 5 41 69 4.57E-04 F(1,15)=19.91 
chr13:73668757 69 3 53 78 2.82E-02 F(1,14)=5.99 
chr17:406225 58 5 65 90 8.75E-03 F(1,16)=8.91 
chr7:961747 109 6 11 32 1.96E-02 F(1,15)=6.82 
chr19:48739562 68 3 77 98 7.06E-04 F(1,13)=19.44 
chr8:144120725 108 9 43 64 4.75E-02 F(1,13)=4.79 
chr12:54764094 112 12 67 87 6.57E-04 F(1,15)=18.32 
chr17:75451375 79 7 23 44 1.61E-03 F(1,13)=15.72 
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3.6.3 Clusters of Differential Methylation 

When analysing the full data sets (Electronic supplementary: Extended_tables, 

sheet = Full_Cytosine_List, Full_Fragment_List) it was clear that there were several 

clusters identified by both individual cytosine and fragment analyses that highlight 

regions of differential methylation. This includes the cluster of 5 differentially 

methylated cytosines on chromosome 17, already shown in Table 3.4, that in the full 

data set, showed a total of 11 statistically significant differentially methylated 

cytosines within an 82bp region (5674533-5674615) on chromosome 17, in close 

proximity to two hypomethylated fragments that were identified with DMAP (Figure 

3.15A) from 5674622 to 5674843. In addition to this cluster, 22 additional sites had 

>2 differentially methylated cytosines in close proximity identified by MethylKit, of 

which 4 were close to or overlapping with differentially methylated fragments and are 

described in table 3.7.  

Table 3.7 Clusters of Differential methylation. Each cytosine cluster (left) and 
associated DMAP fragment (right) is named for the chromosome it falls on with the 
average control and patient methylation percentage also shown. The overlap column 
indicates whether the individual cytosines overlap with the fragment. Patient column 
is blue if the associated cluster is hypomethylated, orange for hypermethylated. The 
full dataset showing the individual cytosine scores is available on the electronic 
supplementary disk (excel file: Extended tables, sheet = Full_Cluster_List) 
 
MethylKit Cytosine 
Clusters  

  DMAP Fragment    Overlap 

Cluster 
CHR 

Control 
% 

Patient 
% 

CpG
s 

Fragment 
CHR 

Control 
% 

Patient 
%  

CpGs   

CHR17  74 38 11 CHR17  
(1) 

80 46 11 No 

     CHR17 
(2) 

75 33 8 No 

CHR6  41 22 9 CHR6  34 19 4 No 
CHR11  38 71 4 CHR11  37 52 5 Yes 
CHR19  68 47 4 CHR19  59 42 9 Yes 
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Along chromosome 6 there are 9 differentially methylated cytosines in a 134bp region 

(29109-292043) 1230bp upstream from a differentially methylated fragment from 

293263 to 293330. Additionally, 4 cytosines clustered within a 78bp region that falls 

within a differentially methylated fragment on chromosome 11. Finally, chromosome 

19 had 4 cytosines within 55bp that also fall within a larger fragment identified by 

DMAP (Figure 3.15).  

The average cytosine and fragment methylation scores of each group clearly showed 

the difference between the patient and control group mean methylation percentages 

across these clusters (Table 3.7). In order to display the overall variation between the 

individual methylation scores of the individual patient and control samples they were 

also presented in boxplots (Figure 3.15).   

The boxplots show the percentage methylation between each individual within either 

the patient (orange boxes) or control (black boxes) groups across each cytosine or 

fragment in the four clusters of interest. The box plots clearly show the trends across 

the groups demonstrating the differences in methylation i.e. patient hypomethylation 

or hypermethylation in comparison to controls, however, they also show variation 

within the groups (both patient and controls) depending on the cluster. 

 

 

 

 



 
 
 
 

 
 

110 

 

 

 

Figure 3.15 Box plots showing the individual sample methylation percent at each cytosine or 
fragment within the clusters identified across four chromosomes. Patients are shown in orange 
with controls in gray. A. Methylation scores at 11 cytosines and 2 fragments in chromosome 17 
cluster. B. Methylation scores at 9 cytosines and 1 fragment in chromosome 6 cluster. C 
Methylation scores at 4 cytosines that overlap with 1 fragment in chromosome 11 cluster. 
Methylation scores at 4 cytosines that overlap with 1 fragment in the chromosome 19 cluster. 
 

A B 

C D 
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Within the chromosome 17 cluster, for example, the control methylation scores at a 

single cytosine were shown to range from 0-70% methylation (Figure 3.15A). This 

indicated that while the patients as a whole were hypomethylated compared to the 

controls there was a large range within both the patient and control groups with some 

individuals having extreme values. However, across the other clusters, such as the 

chromosome 19 or 11 clusters, the range of methylation between the samples was 

much smaller i.e. ~25% at each cytosine or fragment (Figure 3.15D). Each cluster had 

a similar but unique variation at each of its methylation sites, for example all 

methylation sites in Chr 19 have a variation of ~25%, whereas in Chr 17 it was much 

larger at all its methylation sites.  

Together this distribution of the data across the clusters indicated that the methylation 

of a single cytosine within the cluster was likely regulated along with the other 

cytosines within the cluster. This could have important implications on the biological 

role of these clusters and their potential connection in the disease state.  

.  
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Figure 3.16 Clusters of Cytosine and Fragment Differential Methylation. The four chromosome sections showing the average 
methylation scores for each cytosine and fragment in the cluster their relationship to nearby genomic regulatory features including 
Genehancer enhancers (blue), DNase hyperactivity regions (green) and regulatory interactions (shades of yellow). Circles indicate 
differentially methylated cytosines (MethylKit), with rectangles indicating DMAP fragments. Patient status are shown in ORANGE and 
points indicating controls status are shown in BLACK. 15A. A 400bp section of chromosome 17 showing differential methylation 
overlapping with a DNase hypersensitivity region, an Enhancer (GeneHancer ID: GH17J005769. 15B. A 1570bp section of chromosome 
six showing differential methylation overlapping with DNase hypersensitivity clusters, an enhancer (GeneHancer ID: GH06J000290) 
and two regulator interactions. Note the figure is showing a zoomed view of the chromosome for the individual cytosine cluster (250bp) 
and fragment (250bp) 15C. Section of chromosome 11 showing the closely clustered differential methylation overlapping a DNase 
hypersensitivity and two regulatory interactions. 15.D A section of chromosome 19 showing the differential methylation falling within 
DNase hypersensitivity cluster, an enhancer (GeneHancer ID: GH19J005798) and four regulatory interactions. 

A B 

C D 
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Due to the potential importance of these clusters they were further investigated. The 

average methylation scores of each cytosine or fragment of interest is shown in Figure 

3.16. While the clusters range in the variation within the patient and control groups as 

seen in Figure 3.15 the averages show the clear differentiation between the patient 

and control averages whether the cluster is under 200bp (chromosome 11 and 19 

clusters) or larger such as the ~1500bp cluster on chromosome six.  

To determine whether there were any known genomic features within the regions of 

the genome harboring the clusters the UCSC genome browser was utilized. When 

analyzing the genomic features nearby these clusters it was clear that there were 

several regulatory elements directly overlapping with or close to the differentially 

methylated clusters (Figure 3.16). This included enhancers, DNase hypersensitivity 

regions and clusters of regulatory interactions. These are of regulatory importance for 

the associated genes. Specifically, enhancers with their associated proteins are regions 

of the genome associated with increased transcription, DNase hypersensitive regions 

are accessible to DNase indicating an area of enhanced transcription, and regulatory 

features specify interactions between a specific regulatory feature and a 

corresponding gene(s).  

There are potential functional implications for the genes associated with these 

clusters, as all either partially or completely overlap with DNase hypersensitivity 

sites. Additionally, three of the four clusters directly overlap with GeneHancer 

recorded enhancer regions. The enhancers overlapping with these clusters of 

differential methylation are related to sixteen different (protein-coding) genes (Table 

3.8). Some overlap with additional regions of regulatory associations recorded in the 
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UCSC database also seen in the above figure. This was seen in the CHR6 cluster 

where there are regulatory associations linked to IRF4 and DUSP22 in addition to 

these genes being regulated by the identified enhancer. The cluster on chromosome 

11, while not overlapping with an enhancer recorded with GeneHancer, overlaps with 

regulatory associations recorded in the UCSC database for two genes (UCP2 and 

DNAJB13). 

 

Table 3.8 Summary of genes associated with regulatory elements overlapping with 
clusters of differential methylation. Hypomethylated clusters highlighted in blue, 
hyper- in red. 

  

The location of the differentially methylated clusters coincided with potentially 

relevant regulatory regions with potential impacts on the spatially related genes. To 

further investigate the potential impact of the differential methylation on the patients' 

gene regulation the genomic location of all differentially methylated cytosines and 

fragments was assessed.  

 

 

Cluster Enhancer Associated 
 Genes 

Additional 
 Regulatory 
 Associations 

 

CHR17  XAF1  
CHR6  DUSP22, EXOC2, IRF4 IRF4, DUSP22 
CHR11  UCP2, DNAJB13 

CHR19  DUS3L, LONP1, CATSPERD, FUT6, FUT3, 
FUT5,NDUFA11, VMAC, NTRN 

VMAC, SAFB, 
DUS3L,  
NTRN 



 
 
 
 

 
 

115 

3.7 Assessment of Differential Methylation Across Genomic Features 

To determine the distribution of the global differential methylation across 

biologically relevant genomic features appropriate genome annotation data for the 

human genome version GRCh37 was sourced from the UCSC Genome Browser. 

Comparing the location of the differential methylation to the known location of 

genomic features including intron, exon, and defined promoter regions showed that 

both the DAMP and Methylkit analysis methods displayed similar proportional 

locations of differential methylation (Fig 3.17) with most falling within intergenic 

regions (38% and 40% respectively). However, the proportions showed that 20% of 

the DMAP differential methylation and almost 25% of the individual cytosine 

MethylKit differential methylation fell within potentially regulatory-relevant defined 

promoter regions (defined as 1500bp upstream and 500bp downstream of the 

transcription start site).  

While the functional role of DNA methylation within gene regions is not as well 

established as promoter methylation, a significant proportion (~40%) of the 

differential methylation fell within intronic or exonic gene regions. The following 

sections of the analysis will investigate the differential methylation across these 

regions. 
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3.7.1 Promoter Regions Associated with MethylKit Cytosine Analysis 

Promoter regions are frequently the focus of epigenetic studies due to the 

acknowledged association between promoter methylation and the corresponding 

modulation of gene expression - methylation in promoters is associated with a 

decrease in gene expression. It was important in this study to select the data that were 

located in promoter regions for additional analysis. For this, promoters were defined 

as the region 1500bp upstream and 500bp downstream of the transcription start site 

(TSS).  

 

 

46% 

23% 

44% 

40% 

B.  Fragment Proportional Location A. Cytosine Proportional Location 

Figure 3.17 Pie Charts showing proportional locations of 
differential methylation. A. MethylKit cytosine differential 
methylation and B. DMAP fragment differential methylation. The 
differential methylation was mapped to annotated human genome data 
including; (i) promoter regions (defined as 1500bp upstream and 
500bp downstream from the TSS), (ii) intronic, (iii) exonic and (iv) 
intergenic regions 
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By comparing the locations of differentially methylated cytosines with a ‘GRanges’ 

object that contained defined promoter regions with associated Gene ID's sourced 

from a TxDb (transcript database) object the promoter-associated differential 

methylation could be identified. As shown in Figure 3.17, 23% of the differential 

methylation identified by the MethylKit single cytosine analysis fell within these 

defined regions. Further examination of the data showed that a total of 45 

differentially methylated cytosines under the significance thresholds determined 

previously (Q <0.05, Methylation Difference +/-15%) fell within 22 defined proximal 

promoter regions. Of these promoter regions, the majority (69%) were 

hypomethylated, with the remaining 31% hypermethylated. Seven of these promoter 

regions had >1 differentially methylated cytosines within them: COL9A2 (2 hypo), 

FANK1 (2 hyper), LINC01252 (4 hyper), LOC339166 (11 hyper), MT1M (2 hyper), 

SKA3 (6 hypo) and ZNF595 (3 hypo), increasing the potential regulatory impacts. 

The remaining promoter regions were identified as having a single differentially 

methylated cytosine.  

Genes associated with promoter regions that contain the top differential methylation 

are described in Table 3.9A along with the description of the corresponding gene in 

3.9B. It is interesting to note that the gene associated promoter region with the largest 

difference in methylation scores between the patient and control groups (LOC339166) 

was connected to the cluster of differential methylation previously described in Figure 

3.17 on Chr17 encompassing 11 differentially methylated cytosines.  
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Table 3.9 Promoter associated genes linked to differentially methylated cytosines. 
Hypomethylated indicated by blue and hypermethylated in red.  
 
A The top 10 (of 13) promoters associated with hypomethylated cytosines and the 9 
promoters associated with hypermethylated cytosines are shown. The associated 
information concerning the patient and control methylation percentages and 
significance scores are shown as P-values and corresponding Q-value.*Indicates 
genes with promoter regions containing two or more differentially methylated 
cytosines. The full dataset is available on the electronic supplementary disk (excel 
file: Extended tables, sheet = Full_Cytosine_Pro) 
 

 

 

 

 

 

Gene ID Control % Patient % P-value Q-value 

LOC339166* 74 38 2.94E-08 9.69E-06 
PNPLA6 43 17 4.29E-06 1.15E-03 
C15orf62 42 19 2.03E-05 4.71E-03 
NUDT14 48 27 6.69E-05 1.37E-02 
COL9A2 49 30 9.47E-05 1.86E-02 
SKA3* 26 6 1.74E-06 4.70E-04 
BEST2 68 49 1.89E-04 3.35E-02 
DUSP22 36 18 1.96E-04 3.43E-02 
LINC00273 41 23 1.21E-05 2.99E-03 
REREP3 87 70 2.93E-05 6.51E-03 
FANK1* 19 48 3.77E-11 1.62E-08 
CILP2 30 51 1.94E-04 3.40E-02 
A2M-AS1 13 32 4.93E-05 1.05E-02 
SPIN2B 20 40 2.45E-05 5.58E-03 
MT1M* 9 26 7.68E-05 1.51E-02 
PDZD4 15 32 2.26E-04 3.86E-02 
LINC01252* 78 94 8.66E-05 1.69E-02 
POU3F3 5 22 1.65E-04 2.98E-02 
PROSER2-AS1 75 91 1.73E-04 3.10E-02 
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Table 3.9B A brief description of the genes associated with the top differentially 
methylated cytosines within promoter regions.  
 
Gene ID Description 

LOC339166* A nc RNA gene  

PNPLA6 A phospholipase that functions 
 in neurite outgrowth and elongation.  

C15orf62 A mitochondrial protein with GTP-Rho binding activity  

NUDT14 Nudix hydrolase eliminates  
toxic nucleotide metabolites from the cell 

COL9A2 A alpha chain of type IX collagen  
–the major component of hyaline cartilage. 

SKA3* Component of the spindle and kinetochore-associated 
 protein complex regulating microtubule attachment during mitosis 

BEST2  Associated with ion channel transport 
(Bestrophin gene family)  

DUSP22 Dual specificity phosphatase 22 activates JnK signalling 
forapoptosis, inflammation, cytokine production and metabolism  

LINC00273 A ncRNA gene  

REREP3 Arginine-Glutamic Acid Dipeptide Repeats Pseudogene 

FANK1* Apoptosis through activation 
 of JUN and AP-1 mediated transcription 

CILP2 Cartilage Intermediate Layer Protein 2 with carbohydrate binding 
 and nucleotide disphosphatase activity 

A2M-AS1 An ncRNA gene  

SPIN2B Cell cycle progression regulation  
though the inhibition of apoptosis 

MT1M* Metallothionein-1M transcriptionally regulated by heavy metals and 
glucocorticoids 

PDZD4 PDZ containing domain 4  
involved in ubiquitin protein ligase activity 

LINC01252* An ncRNA gene  

POU3F3 POU-domain containing transcription factor . Implicated in 
development of the nervous system 

PROSER2-
AS1 

An ncRNA gene  
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LOC399166 was not the only similarity between this promoter analysis and the 

previous cluster analysis; DUSP22 was also identified by the clusters of differential 

methylation (Figure 3.14) close to a differentially methylated fragment identified by 

DMAP on chromosome 6. The remaining 19 genes described above were novel genes 

linked to these putative proximal promoter regions. Their roles vary greatly including 

protein-coding (15) in addition to long non-coding RNA genes (5) and microRNA (2). 

Across the individual cytosines that fell within these promoter regions, there was a 

large amount of variation in their methylation scores, for example, the large 

difference between the methylation percentages of the cytosines within the promoter 

regions of LOC399166 and REREP3, both associated with hypomethylated cytosines 

in patients compared to controls. The patient’s methylation for these two sites was 

37.6 % and 70.2 % respectively highlighting the importance of investigating the 

differential methylation at key areas. This is important as the methylation score may 

be reflective of any change in the regulation of the gene i.e. high levels of methylation 

in patients might still be indicative of low expression even if it is elevated relatively 

when compared to controls. Therefore, it is important to determine the individual 

methylation states before making any conclusions on their potential regulatory roles. 

The variation in the methylation status across the cytosines was demonstrated on a 

larger scale in Figure 3.18 where the individual methylation percentages from both 

the patients and controls are shown for the total individual cytosines associated with 

promoter regions. It is clear that in addition to variation for each cytosine across the 

promoter region there was also variation between the individual samples. Inspection 
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of the visual representation of the data in the figure revealed clear patterns with 5 

different patterns observed.  

Within the hypermethylated data, there were clearly two groups, Group 1 has 8 sites 

falling below 50% methylation, and Group 2 has 5 sites above 50% methylation. Of 

interest is that within Group 2 three cytosines were identified that belong within the 

same promoter region for LINC01252. They showed a similar pattern of methylation 

scores within the individuals for all 3 cytosines.   

The Group 2 pattern is observed on a larger scale in the set of hypomethylated 

cytosines. It is immediately obvious that Groups 3 and 5 also form clear blocks 

corresponding to the patterns of differential methylation. These hypomethylated 

cytosines fall within two different promoter regions, SKA3 for Group 3 and 

LOC339166 for Group 5. Group 3 displays a very low methylation status for both 

patients and controls, with patients however having the lower scores. The individual 

methylation scores are similar across all 6 cytosines i.e. C005 shows consistent 

methylation scores of ~55% while ME006 shows consistently low scores close to 0%. 

Group 5 encompassing all eleven cytosines identified within the LOC339166 

promoter region also clearly demonstrated such a consistent pattern. This pattern 

indicated that the changes in the methylation across multiple points in these promoter 

regions were specific to the individual patient/control. Additionally, it suggested that 

the methylation state of these promoters/regions of the genome is important due to 

their similar consistent patterns. 
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What is also very clear from Figure 3.18 is that the irregularities in the percentage 

methylation distribution and coverage for one patient ME015 (Fig 3.10, Fig 3.11) was 

reflected in the lack of differential methylation across the promoter-associated 

cytosines. As the analysis design only required seven samples from each group 

(patient and controls) to hold methylation data for the differential methylation 

comparison it is clear that ME015 did not share the level of coverage/sequence data 

for a large number of comparisons. It is also interesting to observe that C002 and 

C007 also had unusual methylation patterns compared with the other controls and are 

not included in the analysis of most of the differentially methylated cytosines selected 

by the MethylKit differential methylation comparison. 
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Figure 3.18 Heatmap showing genes linked to the promoter regions associated with differentially 
methylated cytosines.  Each block represents the methylation percentage that the individual sample showed 
at the particular cytosine, colour value corresponding to the scale above from 0-100% methylation. The dot 
plot on the right shows the total differential methylation percentage between the patient and control groups. 
The genes that are identified multiple times as more than one cytosine falls within the promoter regions are 
displayed with ‘_C’  on the end with the corresponding cytosine number included. Five different groups of 
varying methylation patterns are shown here represented as #1-5. 
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3.7.2 Promoter Regions associated with DMAP Fragment Analysis 

To isolate the promoter-associated differential methylation in the DMAP data 

the same approach was utilized as for the promoter-associated differentially 

methylated cytosine investigation (MethylKit). An appropriate ‘TxDb based Granges 

object’ was again used with the established promoter region 1500bp upstream and 

500bp downstream of the transcription start site (TSS). This allowed for extraction of 

promoter region data overlapping with relevant fragment differential methylation 

data.  

The isolation of promoter-specific differentially methylated fragments indicated that 

there was a similar proportion found with the DMAP analysis as with the MethylKit 

analysis, with 20% of the differentially methylated fragments falling within these set 

proximal promoter regions. However, not unexpectedly as the DMAP data set is 

smaller, only 11 promoter regions were identified (associated with a total of 12 

differentially methylated fragments using the same statistical thresholds established 

earlier for DMAP (P <0.05 differential methylation +/-15%). Of these fragments, of 

average length 83.66bp, 6 were hypermethylated and 6 hypomethylated (Table 

3.10A). 

While the number of promoter regions identified was only half of those identified 

with MethylKit, DMAP encompasses multiple CpGs within each fragment and the 

potential insights for the regulatory role of the methylation state within the promoter 

are potentially greater than those identified by each single cytosine in the MethylKit 

analysis. This is reinforced by the fact that the 12 fragments included 96 individual 

CpGs, 50 hypomethylated, and 46 hypermethylated. Some fragments included as 

many as 17 CpGs, for example the fragment that lay within the promoter for WNK2. 
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The genes associated with the identified promoter regions within the differentially 

methylated fragments are described in Table 3.10A and B. While the P-values utilized 

are uncorrected the changes in the methylation status between the controls and 

patients are as high as a 42% as found for the Hypomethylated LOC339166 fragment. 

It is important to note that the two hypomethylated LOC331966 associated fragments 

are not overlapping. 

Table 3.10 The hypomethylated (6) and hypermethylated (6) promoter-
associated genes linked to differentially methylated fragments. Hypomethylated 
again indicated by blue and hypermethylated in red. 
 

A. Gene associated information concerning the length of the associated fragment, 
number of CpGs within the fragment, and patient, control and differential methylation 
percentages are shown. Significance scores are shown as P-values and corresponding 
F-value (degrees of freedom in brackets).  

Gene ID Len  CpG Control 
% 

Patient % P-value F-value  

LOC339166 107 11 75 33 6.85E-03 F(1,14)=10.03 
LOC339166 41 8 80 46 3.78E-03 F(1,14)=12.02 
ZNF876P 117 15 53 31 8.28E-03 F(1,13)=9.68 
RAB20 68 5 42 25 5.20E-03 F(1,16)=10.46 
NUDT14 68 3 38 21 5.30E-03 F(1,14)=10.87 
MIR138-2 62 5 78 62 2.23E-02 F(1,14)=6.59 

WNK2 118 17 38 54 1.51E-02 F(1,14)=7.66 
LINC00923 46 4 60 76 6.79E-03 F(1,17)=9.49 
CCDC144NL 91 8 58 75 3.36E-02 F(1,16)=5.41 
PAX8 94 7 65 83 3.07E-02 F(1,15)=5.69 
C8orf31 70 3 43 64 4.75E-02 F(1,13)=4.79 

ZNF714 74 6 12 42 1.12E-02 F(1,16)=8.22 
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Table 3.10B A brief description of the genes associated with the top differentially 
methylated fragments within promoter regions.  
Gene ID Description 
LOC339166 A long ncRNA 
LOC339166 “        “ 
ZNF876P Zinc Finger Protein 876 Pseudogene-  

involved in transcriptional regulation?.  
RAB20 A member of the RAS Oncogene family -maturation and 

acidification of phagosomes 
NUDT14 A member of the Nudix hydrolase family  

eliminate toxic nucleotide  
metabolites from the cell.  

MIR138-2 MicroRNA for related pathways respiratory electron transport, 
ATP synthesis by chemiosmotic coupling, and heat 
 production by uncoupling proteins.  

WNK2 Cell signalling survival, proliferation and  
electrolyte homeostasis.  

LINC00923 A long ncRNA 
CCDC144NL Coiled-coil domain-containing protein 

1144 family,  
PAX8 Member paired box family  

transcription factors forthyroid folilicular cell development and, 
 expression of thyroid-specific genes. 

C8orf31 ncRNA  
ZNF714 Zinc finger protein 714 possibly involved in transcriptional 

regulation 
 
 

The functions of the promoter-associated genes varied with 3 of the 11 regions 

associated with non-coding RNA, 1 associated with a microRNA, and 7 associated 

with protein-coding genes. It is interesting to note that the two most hypomethylated 

promoter regions are for LOC339166, which was also identified in the Methylkit 

differentially methylated cytosine promoter-associated analysis. As described 

previously this promoter region corresponds to the clustering on chromosome 17 (see 

Figure 3.15). Additionally, there was another concordance, with both identifying the 

hydrolase NUDT14 as being significantly hypomethylated. 
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The fragments associated with promoter regions showed clear differential methylation 

between the patients and controls but there was some level of variation in the 

individual promoter methylation percentages, for example with the two 

hypomethylated patient methylation values for two fragments being 33% and 62% for 

LOC339166 and MIR138-2 respectively. As previously established in the cytosine 

methylation analysis this indicates the importance of assessing these changes on an 

individual basis.  

The overall variation between these fragments is best captured in Figure 3.19 where 

the value of methylation (represented again on a blue to red scale) is shown across all 

fragments for all twenty individuals in the analysis. While perhaps not as obvious as 

in the previous Heatmap, there were clear groupings displayed, indicating similar 

patterns of methylation changes in the patients compared to the controls. The 

hypermethylated fragments showed a consistent pattern almost without exception 

(Figure 3.19 - Group 1) - the patients showed a clear high level of methylation 

(>50%). Only the hypermethylated fragment within the promoter of ZNF714 

appeared to vary from the rest with a lower overall methylation status in both the 

patients and controls  <50%. 

The hypomethylated fragments fell into two small groups based on the observed 

methylation patterns with three fragments having a low overall methylation state 

(<50%) across all individuals but with the patients clearly showing hypomethylation 

compared to the controls (Figure 3.15 – Group 2). The final small group is defined by 

the methylation status of two fragments that fell within the same promoter region for 

LOC339166 (Figure 3.15 – Group 3). They show a clear difference in the methylation 

status of patients compared to controls with the hypomethylated patients in blue 
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indicating they primarily showed <50% methylation and the controls are primarily 

>50%.  

What is interesting to note is that the complete lack of data from ME015 observed in 

the previous MethylKit promoter analysis, is also reflected here in addition to the low 

levels of observations from C007. ME001 is also missing a number of values though 

to a lesser extent.  
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Figure 3.19 Heatmap showing promoter regions associated with the top hyper and 
hypo differentially methylated fragments. Each rectangle represents the individual 
methylation percent that the individual sample showed at the location, colour 
corresponding to the scale above from 0-100% methylation. The dot plot on the right 
shows the differential methylation between the patient and control groups. Each row 
represents the gene linked to the differentially methylated fragment. The genes that 
are identified multiple times as more than one fragment falls within the promoter 
regions are displayed with ‘_S’  on the end with the corresponding fragment number 
included. Three different groups of varying methylation patterns are shown here 
represented as #1-3. 
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3.7.3 Gene Regions associated with Methylkit Cytosine Analysis 

While the potential functional implications of promoter differential 

methylation are better interpreted with the established association between promoter 

methylation and gene expression, differential methylation within gene regions is no 

less an important region of potential interest. The relationship between gene body 

methylation and expression has recently been explored, with initial experimental work 

indicating an opposite pattern to what is observed in promoter methylation - that is, 

increased levels of gene body methylation corresponding with increased levels of 

gene expression (Yang et al. 2014). Both MethylKit and DMAP differential 

methylation regional analysis (see Figure 3.17) indicated that a large proportion of 

differential methylation was falling within gene regions, including intronic and exonic 

regions (37% and 41% respectively).  

 

To identify the individual gene regions associated with MethylKit derived 

differentially methylated cytosines, a Granges object holding the desired gene feature 

region annotations was utilized, comparing overlapping sequence information. This 

was possible by extracting gene regions from a TxDb file in a similar manner to that 

performed in the promoter region analysis. Following the identification of 

overlapping methylation within these gene regions, the statistical analysis was again 

performed. With the same statistical threshold (q <0.05) and differential methylation 

requirement (+/-15%), as validated earlier, 121 differentially methylated cytosines 

were found to be within 91 different gene regions. Like the promoter regions and the 

overall methylation ratio for gene region methylation, there is an equal amount of 

hypermethylation (51%) and hypomethylation (49%). Thirteen gene regions had >1 
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differentially methylated cytosine within them including; ALOX12-AS1 (2 hypo), 

CCDC177 (2 hyper), FAM182B (3 hyper), MAD1L1 (2 hypo), MIRLET7BHG (2 

hypo), MT1A (2 hyper), MUC4 (4 hyper), NF1P2 (6 hypo), PARD6G (6 hyper), 

PHKB (2 hyper), PLEC (3 hyper), SKA3 (6 hypo) and SLC6A12 (3 hypo). The 

remaining gene regions were identified by only a single differentially methylated 

cytosine. 

 

Table 3.11 Table describing genes associated with the top hypomethylated (10 of 43) 
and top hypermethylated (10 of 41) cytosines. Hypomethylated again indicated by 
blue and hypermethylated in red. 
 

A. Gene associated cytosine significance values calculated using a Fisher Test.  For 
each cytosine there is also corresponding genomic location, the average methylation 
percent for the control and patients. The full dataset is available on the electronic 
supplementary disk (excel file: Extended tables, sheet = Full_Cytosine_Gene)  

Gene ID Control % Patient % P-value Q  value 
MEGF6 55 17 1.12E-11 4.63E-09 
CD6 41 3 1.90E-16 1.02E-13 
KIF1A 50 14 1.83E-10 7.16E-08 
MEGF11 84 52 6.09E-12 2.54E-09 
TMCO3 94 61 3.28E-09 1.20E-06 
NF1P2 59 28 7.14E-09 2.53E-06 
P2RX1 100 71 1.52E-12 6.58E-10 
ALOX12-AS1 58 31 7.93E-06 2.02E-03 
MCOLN1 43 16 4.29E-06 1.15E-03 
TRABD2A 98 72 1.65E-11 6.74E-09 
LINC00664 53 95 2.95E-15 1.50E-12 
LOC642423 43 84 2.60E-14 1.24E-11 
KCNK10 54 93 2.92E-17 1.60E-14 
IDUA 59 95 1.21E-13 5.58E-11 
FAM182B 0 34 8.99E-16 4.71E-13 
GNAL 59 91 3.18E-14 1.50E-11 
FAM182B 9 38 2.62E-08 8.90E-06 
PARD6G 54 81 6.00E-07 1.75E-04 
CRTAC1 67.91 94 6.20E-09 2.22E-06 
TP73 51.53 77 9.15E-08 2.97E-05 



 
 
 
 

 
 

132 

Table 3.11B Table giving a brief description of the genes associated with the top ten 
differentially methylated cytosines.  

 

 

Gene ID Description 

MEGF6 Multiple EGF Like Domains 6 with a role in  calcium ion 
binding  

CD6 A protein important for continuation of T cell activation. 

KIF1A A member of the kinesin family with a role in the transport of 
organelles along axonal microtubules 

MEGF11 Multiple EGF Like Domains 11 regulating the mosaic spacing 
of specific neuron subtypes in the retina.  

TMCO3 A protein involved in the export of monovalent cations (i.e. 
potassium or sodium) and import of protons across cellular 
membranes 

NF1P2 A Pseudogene (Neurofibromin 1 Pseudogene 2) 

P2RX1 A member of the P2X family of G-protein-coupled receptors 
that function as ATP-gated ion channels.  

ALOX12-
AS1 

An RNA gene affiliated with the non-coding RNA class 

MCOLN1 A channel gene that functions in the late endocytic pathway and 
in the regulation of lysosomal exocytosis.  

TRABD2A TrAB Domain Containing 2A with metalloendopeptidase and 
Wnt-protein binding activity 

LINC00664 A Long Intergenic Non-Protein Coding RNA  

LOC642423 Golgin A2 pseudogene 

KCNK10 A member of the potassium channel proteins containing two 
pore-forming P domains 

IDUA An enzyme required for the lysosoal degradation of  dermatan 
sulfate and heparin sulphate 

FAM182B An RNA gene affiliated with the  non-coding RNA class 

GNAL G Protein Subunit Alpha L that mediates odorant signalling in 
the olfactory epithelium 

FAM182B An RNA gene affiliated with the  non-coding RNA class 

PARD6G Par-6 Family Polarity Regulator Gamma with functions related 
to cell junction organization and PI3K-Akt signalling pathways 

CRTAC1 A glycosylated extracellular matrix protein involved in cell-cell 
or cell-matrix interactions 

TP73 A  p53 family member involved in cellular responses to stress 
and development 
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As there are a large number of genes captured by this analysis it is not unexpected 

that there is a range of diverse functions (Table 3.11B). Overall the gene regions 

associated with differential methylation were primarily protein-coding (86) with only 

5 non-coding RNA genes.  

The methylation status between the patients and controls varied among each gene 

region of interest as seen in the promoter-associated analysis described previously. 

The Heatmap (Figure 3.20) shows the individual methylation percentage scores for 

each patient and control in the Dunedin cohort at each cytosine in the gene associated 

analysis. While there are a large number of genes identified, Figure 3.20 shows that 

the gene region differential methylation provides a clear distinction between the hyper 

and hypomethylated cytosines, resulting in 4 patterns (1-4 in the figure). 

These groupings include (1) hypermethylated gene associated cytosines within the 

patients' DNA exhibiting high levels of methylation (red), in contrast to controls 

having low levels of methylation (blue), (2) hypomethylated gene regions in the 

patients’ DNA compared, with the controls having >50% methylation, (3) 

hypomethylated gene regions in the patients’ DNA- lower than the relatively low 

levels of methylation of the controls (all <50%) and, (4) the distinct hypomethylated 

gene regions in patients' DNA (<50%) where controls have >50% methylation. While 

several gene bodies have multiple differentially methylated cytosines within them due 

to the overall number of genes identified in this analysis, it is a complex task to 

determine whether the methylation patterns are following the same distributions 

observable in the promoter (Heatmap, Figure 3.18) seen previously.  
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The Heatmap, however, did reveal that like the promoter region assessment C002, 

C007 and ME015 were again not contributing to the overall comparison with many of 

the differentially methylated cytosines not having data available from the sequencing 

for these samples (missing data shown in gray).  
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Figure 3.20 Heatmap showing the gene regions associated with hyper and hypo differentially methylated 
cytosines. Each rectangle represents the individual methylation percent of an individual sample at the 
location. The dot plot on the right shows the differential methylation between the patient and control groups. 
Each row represents the gene linked to the differentially methylated cytosine. Gene IDs are not shown. Four 
different groups of varying methylation patterns are shown here represented as #1-4. 



 
 
 
 

 
 

136 

3.7.4 Gene Regions associated with DMAP Fragment Analysis 

Of the differentially methylated fragments, 41% were found within gene 

bodies (intron and exons) making the identification and analysis of the individual 

genes potentially informative. The DMAP analysis pipeline includes a command that 

provides associations with genomic features providing gene feature overlap (or 

distance to the nearest feature) information for each fragment. This makes feature 

annotation an efficient and user-friendly process. Annotations (from SeqMonk) were 

sourced originally from UCSC genome browser annotations of the human genome 

GrCh37 could be utilized in this investigation along with the previous analysis 

without making any comparisons invalid despite the methodological differences.  

Following the filtering of the annotation data for fragments overlapping intron or 

exon regions, a total of 31 genes were found. The fragments were only included if 

they met the same statistical requirements as established previously (P <0.05, 

Methylation variation 15% or more). The average size of these fragments was ~72bp. 

Within these fragments, there was a total of 190 CpGs (105 (55%) hypomethylated 

and 85 (45%) hypermethylated). None of the genes contained more than one 

differentially methylated fragment (31 genes identified by 31 fragments), however 

some fragments contained as many as twelve different CpGs. 

The top hypo- and hypermethylated positions and corresponding fragment data are 

detailed in Table 3.12A with the corresponding gene description given in Table 

3.12B. 
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Table 3.12 Top hypomethylated (10 out of 17) and top hypermethylated (10 out of 
14) methylated fragment associated genes. Hypomethylated indicated by blue and 
hypermethylated in orange. 
 

 A.  Associated information concerning the length of the associated fragment, number 
of CpGs within the fragment, and patient, control and differential methylation 
percentages. Significance scores are shown as P-values and corresponding F-value 
(with degrees of freedom in brackets). The full dataset is available on the electronic 
supplementary disk (excel file: Extended tables, sheet = Full_Fragment_Gene) 

Gene ID Len CpGs Control % Patient % P-value F-value 
SARDH 89 3 88 64 6.52E-03 F(1,14)=10.19 
MAST4 95 4 82 61 4.72E-03 F(1,14)=11.26 
GRAMD4 56 4 64 44 4.80E-02 F(1,13)=4.76 
GNG7 104 7 64 45 2.94E-02 F(1,17)=5.66 
RP11-566K11.2 59 7 46 28 6.01E-04 F(1,15)=18.70 
AL590822.1 56 5 83 65 6.40E-03 F(1,13)=10.53 
C21orf7 56 3 62 44 2.34E-02 F(1,13)=6.59 
SCHIP1 53 12 51 33 6.42E-03 F(1,15)=10.01 
ECHDC3 72 6 68 51 3.79E-03 F(1,14)=12.01 
GNAS 46 12 67 50 1.34E-02 F(1,16)=7.72 
ZNF714 74 6 12 42 1.12E-02 F(1,16)=8.22 
DNAJB13 82 5 41 69 4.57E-04 F(1,15)=19.91 
COX19 109 6 11 32 1.96E-02 F(1,15)=6.82 
CARD8 68 3 77 98 7.06E-04 F(1,13)=19.44 
C8orf31 108 9 43 64 4.75E-02 F(1,13)=4.79 
ZNF385A 112 12 67 87 6.57E-04 F(1,15)=18.32 
SEPT9 79 7 23 44 1.61E-03 F(1,13)=15.72 
LCK 103 12 32 51 4.56E-02 F(1,13)=4.97 
PAX8 68 3 65 83 3.07E-02 F(1,15)=5.69 
CIITA 87 3 31 47 3.67E-02 F(1,13)=5.42 
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Table 3.12B A brief description of the genes associated with the top ten differentially 
methylated fragments.  
Gene ID Description 

SARDH An enzyme localized to the mitochondrial matrix which catalyses 
the oxidative demethylation of sarcosine 

MAST4 A member of the microtubule-associated serine/threonine protein 
kinases 

GRAMD4 A mitochondrial effector of E2F1 induced apoptosis 
GNG7 A guanine nucleotide binding protein involved in various 

transmembrane signalling systems 
RP11-566K11.2 A predicted membrane protein  
AL590822.1 A novel transcript for an RNA genes 
C21orf7 MAP3K7 C-Terminal-Like Protein that is related to the integrated 

breast cancer pathway 
SCHIP1 Schwannomin Interacting Protein 1 involved in mesodermal 

commitment pathway and ectoderm differentiation 

ECHDC3 Enoyl-CoA Hydratase Domain Contrining 3 involved in fatty acid 
biosynthesis 

GNAS Guanine Nucleotide Regulatory Protein involved  with GTP 
binding and obsolete signal transducer activity. An imprinted gene 
with  

ZNF714 Zinc finger  protein 714 with nucleic acid binding activity 
DNAJB13 A DNAJ Heat Shock protein member that plays a role in ciliary 

and flagellar structures  
COX19 A mitochondrial protein that may play a role in the assembly of 

the cytochrome c oxidase complex and intermembrane transport  
CARD8 Member of the saspase recruitment domain –containing family 

involved in the activation of caspases or nuclear factor kappa-B 
C8orf31 An uncharacterised RNA gene 
ZNF385A A zinc finger domain protein involved in nucleic acid binding and 

p53 binding 
SEPT9 A member of the septin family involved in cytokinesis and cell 

cycle control 
LCK A member of the Src family of protein tyrosine kinases involved 

in the selection and maturation of developing T cells 
PAX8 A member of the paired box family of transcription factors 

involved in thyroid follicle development and thyroid specific gene 
expression 

CIITA A positive regulator of class II major histocompatibility complex 
gene transcription 
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As with the individual cytosine analysis, the DMAP fragment analysis also showed a 

range of methylation values across the associated gene regions, with percentage 

differences in methylation between the patient hypomethylated gene regions and the 

controls ranging from 33% within SCHIP1 to 63% within SARDH. 

This variation is again best displayed in a Heatmap (Figure 3.21) showing the 

methylation recorded for each sample across all fragments associated with gene 

regions. While, as expected, there were fewer differentially methylated fragments 

compared with those identified from the differentially methylated individual 

cytosines, the division between the hyper- and hypomethylated fragments was very 

clear. The visually identified blocks of methylation (Figure 3.21 blocks 1 and 2) 

captured the majority of the data and showed the clearest separation of the patient and 

control samples compared with any of the previous analyses. Block 1 captured the 

majority of the hypermethylated fragments with the patients having a high level of 

methylation (>50% indicated by red) compared to the controls (<50% indicated by 

blue). Block 2, in turn, captured the majority of the hypomethylated fragments where 

the patients clearly showed low levels of methylation (i.e. below 50%) compared to 

the controls (i.e. over 50%). Only a small number of fragments fell outside of the 

patterns of variation captured in these blocks, such as DUSP22 and ERG3. However, 

overall Figure 3.21 showed that the overall pattern of gene region-specific 

methylation is more segregated than that specific to promoters. 
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While ME015 does have data in this analysis (methylation scores within six 

fragments) it is clear that it does not contribute to the majority of the comparisons. 

Additionally, C007 also is lacking from the majority of the comparisons, with data 

only present for seven fragments 

 

Figure 3.21 Heatmap showing the gene regions associated with the hyper and hypo differentially 
methylated fragments. Each rectangle represents the individual methylation percent that the individual 
sample showed at the location/fragment. The dot plot on the right shows the differential methylation 
between the patient and control groups. Each row represents the gene linked to the differentially 
methylated cytosine. Two different groups of varying methylation patterns are shown here represented 
as 1 and 2. 
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3.8 Differentially Methylated Functional Pathway Analysis 

Analysis of the methylation status of an individual gene or promoter provides 

potential insight into epigenetic disruptions on a very focused scale. To determine 

how ME/CFS may be systematically disrupting the physiology of patients it is also 

important to investigate the overall pattern of epigenetic variation with respect to 

functional pathways. Over-representation analyses are an efficient method to identify 

significant, potentially biologically relevant functional patterns linked to a disease 

state. This involves the identification of genes involved in a particular functional 

pathway that is higher than by chance. While many publically available platforms can 

perform such analysis, the following section was analysed through STRING.org as 

the site developed by Snel et al. 2000 contains information from ~9.5 million different 

proteins, in order to identify functional relationships. The STRING analyses 

performed included many associated functional pathways from several records 

including but not limited to; KEGG pathways, Reactome pathways, Biological 

processes, Biological component, and Molecular processes. The statistical over-

representation analysis included a false discovery rate correction that was set to <0.05 

in the following analyses.  

It is important to note that STRING over-representation analyses was performed on 

the data sets including the promoter region associated genes but no functional 

pathways were over-represented that met the significance threshold (false discovery 

corrected P-value <0.05). The following analysis, therefore, focused only on the 

enriched functional associations between the genes identified by gene body 

differential methylation.  
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3.8.1 Pathway Enrichment Analysis of MethylKit identified Gene List 

In order to determine whether the overall pattern of gene body differential 

methylation was linked to the ME/CFS disease state, the significant differentially 

methylated gene list (identified through the MethylKit gene body differential 

methylation analysis - q <0.05, methdiff +/-15%) was run through the analysis 

software at STRING.org. The resulting Figure 3.22 shows the relationships between 

genes identified with differentially methylated cytosines displayed in a String 

diagram. It is important to note that the figure has been edited in Cytoscape – a 

downloadable program designed for interacting with data produced from STRING.org 

(Shannon et al. 2003). The physical distribution and the color scheme of the proteins 

were altered in order to differentiate between the hypomethylated and 

hypermethylated associated genes. As the physical distribution of the proteins in 

space is not associated with the ‘closeness’ of the functional relationships between the 

proteins altering the layout does not misrepresent the data.  

The STRING functional analysis identified several edges or predicted functional 

associations, represented with the black lines linking several proteins (Figure 3.22). 

The number of edges determined in this analysis was calculated to be higher than 

expected based on the chance (28 observed but 18 expected). When looking at the 

small PPI (protein-protein interaction) enrichment P-value (P <0.0224) and the higher 

number of edges than would be expected from a random data set it indicates that the 

relationships between the differentially methylated genes show a strong level of 

connectivity. This is usually indicative of there being a biological foundation behind 

the presence of the genes in the group.   
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The analysis indicated that the differential methylation analysis was identifying 

potential biologically connected, ME/CFS specific genes of interest.  

The STRING diagram shows that there are several edges or predicted functional 

associations between the total gene list identified by the differential methylation 

analysis. To determine whether gene body differential methylation was connected to 

any functional pathways linked to ME/CFS pathophysiology the data was then sorted 

in order to assess the hypomethylated and hypermethylated gene lists separately.  

* 

* 

* 

* * 

* 

* 

* * 

* 

* 

* 

* 

* 
* 

* 

* 
* 

* 

Figure 3.22 Pathway STRING diagram showing the hypo and hypermethylated genes linked to 
differentially methylated cytosines identified with MethylKit. Circles represent identified genes with a q 
<0.05 and a methylation difference of >15% change. Includes a total of 81 genes with known functions 
recorded in STRING.  The genes were separated based on their differential methylation status with red 
indicating hyper- and blue hypomethylation. The STRING network has a total of 28 edges (18 expected 
on a random basis) with the PPI enrichment P-value being 0.0224. Colored * link the genes to 
corresponding functional associations on Table 3.13. 



 
 
 
 

 
 

144 

The isolated genes did not show the same level of pathway interconnectivity seen in 

the total genes with only 5 edges (with 5 expected) and a PPR enrichment P-value of 

0.576 observed between the hypomethylated gene list. While the hypermethylated 

gene list was more positive with 7 edges (with 4 expected) and a PPI enrichment P-

value of 0.0972 it was still not as significant as the overall gene list.  

The overall network significance of the hypo and hypermethylated gene lists was low 

but assessing the functional roles of the genes within the lists did prove valuable. The 

value of separating the gene lists based on their hypermethylated or hypomethylated 

status was obvious, with several statistically significant associated enriched pathways 

found linked to these genes as seen in Table 3.13. 

Table 3.13 Functional pathways linked to genes associated with differentially 
methylated cytosines. The overrepresented functional pathways identified by the 
genes associated with the hypermethylated cytosines. Only functional pathways with 
a false discovery rate <0.05 are included. The Hypermethylated functional 
associations are highlighted in red and hypo- in blue. The number of genes in each 
gene set is shown. A colored * links the functional associations to the corresponding 
genes in Figure 3.22.  

Description Count in Gene Set FDR 
REACTOME PATHWAYS    
Neuronal System * 6 of 358 2.65E-02 
Adenylate cyclase activating pathway * 2 of 10 3.03E-02 
Adenylate cyclase inhibitory pathway * 2 of 14 3.65E-02 
INTERPRO Protein Domains and Features    
P53-like transcription factor, DNA binding * 3 of 44 2.72E-02 
CELLULAR COMPONENT    
Catenin complex * 2 of 8 3.98E-02 
PFAM PROTEIN DOMAINS    
Human growth factor-like EGF * 3 of 46 4.40E-03 
Laminin EGF domain * 3 of 31 2.29E-02 
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All functional associations captured in the STRING analysis fell below the false 

discovery rate corrected p-value threshold of 0.05. The genes associated with 

hypermethylated cytosines identified a total of 4 functional associations with the 

hypomethylated identifying 3 more. Several of the genes are linked to one or more 

functional associations or pathways such as GNAL and ADCY4 that are associated 

with the neuronal pathway, and the activation of and inhibition of adenylate cyclase 

pathway. Additionally, MEG6 and MEG11 are associated with both the Human 

growth factor-like domain EGF and Laminin EGF domain. The 'adenylate cyclase-

activating pathway', and 'adenylate cyclase inhibitory pathway' were identified by the 

same two genes.
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3.8.2 Pathway Enrichment Analysis of DMAP identified Gene List 

While MethylKit obviously had the potential to identify relevant genes based 

on the methylation profiles of individual cytosines within those genes, DMAP and its 

fragment-based analysis was potentially more informative as it identified larger 

regions of differential methylation. The genes identified in the DMAP analysis, give 

insights into the pathophysiology of ME/CFS and in order to determine how well they 

represented systematic dysfunctions a pathway enrichment analysis was also 

performed. 

* 

* 
* 

* 

* * 

* 
* * * 

* * 

* 

* 

* * 

* 

* 

* 

Figure 3.23 Pathway STRING diagram showing the hypo and hypermethylated genes linked 
to differentially methylated fragments identified with DMAP. Cirlces represent identified genes 
with a P <0.05 and a methylation difference of 15% + (30 with known functions recorded in 
STRING).  The genes are separated based on their differential methylation status with red 
indicating hyper- and blue hypomethylation. The STRING network has a total of 5 edges (3 
expected) with the PPI enrichment P-value being 0.213. Colored * link the genes to 
corresponding functional associations in Table 16.  
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Functional associations were again predicted using the total gene list (genes linked to both hypo and 

hypermethylated fragments) identified by the DMAP gene body differential methylation analysis 

(raw P-value <0.05, methdiff +/-15%). These genes were again analysed with STRING.org. The 

STRING diagram below shows only a small number of edges or predicted functional associations 

when compared to the MethylKit cytosine network analysis. The high PPI enrichment P-value 

(0.213) and the low number of edges (5 observed with 3 expected) indicated that based on the 

STRING database it is unlikely that the gene network as a whole is linked by biological condition 

i.e. ME/CFS status.  

To determine whether there were any functional associations linked to the methylation condition of 

the gene regions they were again separated into hypermethylated and hypomethylated groups. The 

significance of the overall networks was still low with only 2 edges in the hypomethylated gene list 

(1 expected) with a PPI P-value of 0.294. The hypermethylated network showed even lower success 

with 0 edges (0 expected) and a PPI p-value of only 1. 

However, while there were only a small number of predicted functional associations, there were 

many overrepresented functional pathways (Table 3.16) identified by the DMAP differentially 

methylated gene list (FDR P <0.05). Only one functional pathway was significantly enriched from 

the hypermethylated gene list (KEGG pathway: Primary immunodeficiency) with the remaining 

identified by the hypomethylated gene list.  As seen in the Methylkit cytosine pathway analysis 

several genes had multiple functional associations as shown in Figure 3.23 where GNG7, GNAS, 

RYR1, and GABRB1 were linked to at least three different functional associations indicated by 

multiple different colored *. Additionally, several of the gene groupings were linked to more than 

one functional pathway, for example, GNAS and GNG7 are linked to 11 different functional 

pathways (Table 3.14).  
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It is clear from even a basic inspection of the functional enrichments identified that indeed there are 

clear links to the pathophysiology of ME/CFS with a number of neuronal and neurologically 

relevant pathways identified, in addition to energy and immune related functions. The potential 

insights drawn from the variation of DNA methylation in ME/CFS patients identified in this 

analysis, in addition to the previously described regulatory and gene body methylation analyses, 

will be further explored in the following discussion.  

 
Table 3.14 Functional pathways linked to genes associated with differentially methylated 
fragments. The overrepresented functional pathways identified by the genes associated with the 
hypomethylated fragments. Only functional pathways with a false discovery rate <0.05 are 
included. Hypermethylated functional associations are highlighted in red and hypo- in blue. The 
number of genes in each gene set are shown. A coloured * links the functional associations to the 
corresponding genes in Figure 3.23. 

Description Count in Gene 
Set 

FDR 

KEGG PATHWAYS   

Primary Immunodeficiency * 2 of 37 1.59E-02 
CELLULAR COMPONENT    
Heterotrimeric G-protein complex * 2 of 19 4.05E-02 
KEGG PATHWAYS    
Morphine addiction * 3 of 91 3.50E-03 
Serotonergic synapse * 3 of 112 3.50E-03 
Circadian entrainment * 3 of 93 3.50E-03 
Long-term depression * 2 of 60 1.75E-02 
GABAergic synapse * 2 of 88 2.93E-02 
Glutamatergic synapse * 2 of 112 3.89E-02 
Alcoholism * 2 of 142 4.30E-02 
Relaxin signaling pathway * 2 of 130 4.30E-02 
Oxytocin signaling pathway * 2 of 149 4.30E-02 
Dopaminergic synapse * 2 of 128 4.30E-02 
Retrograde endocannabinoid signaling* 2 of 148 4.30E-02 
Apelin signaling pathway* 2 of 133 4.30E-02 
Calcium signaling pathway* 2 of 179  4.39E-02 
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REACTOME PATHWAYS    
Prostacyclin signaling through prostacyclin receptor * 2 of 19 9.60E-03 

GABA receptor activation* 2 of 56 1.36E-02 
Vasopressin regulates renal water homeostasis via 
Aquaporins * 

2 of 43 1.36E-02 

Glucagon-type ligand receptors * 2 of 33 1.36E-02 
G alpha (z) signaling events * 2 of 47 1.36E-02 
Glucagon-like peptide-1 (GLP1) regulates insulin 
secretion * 

2 of 42  1.36E-02 

Glucagon signaling in metabolic regulation * 2 of 33 1.36E-02 
Neuronal System* 3 of 358 1.80E-02 
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Chapter Four Discussion 
 

4.1 Summary 
Myalgic Encephalomyelitis/Chronic Fatigue Syndrome (ME/CFS) is a severely debilitating, 

poorly understood disease with symptoms indicating a multi-systemic dysfunction. ME/CFS has an 

unexplained, life-long persistence and there is an understandable drive in current research to 

understand the disease pathophysiology. The currently understood etiology links a combination of 

genetic predisposition with environmental stressors prompting a strong desire to understand 

potential epigenetic disruptions associated with the disease. Investigative technologies that can 

illuminate the epigenetic disruptions present in ME/CFS patients have only recently become 

realistically accessible to research groups not specializing in the technology. A small number of 

published investigations have subsequently explored the functionally well-understood epigenetic 

regulator, DNA methylation. My study is the first investigation into the DNA methylation patterns 

of ME/CFS patients using reduced representation bisulfite sequencing. 

 

In order to understand the potential epigenetic disruptions within the DNA of ME/CFS patients this 

study was performed with the following aims; (i) create DNA libraries for Reduced Representation 

Bisulfite Sequencing (RRBS) from the DNA extracted from ten ME/CFS patients and ten 

age/gender-matched controls. (ii) ensure the RRBS libraries were of adequate quality and content 

for sequencing, (iii) analyze the data following high throughput next-generation sequencing to 

identify statistically significant differential methylation between ME/CFS patients and controls 

utilizing two analytical pipelines, (iv) isolate relevant genomic regions associated with differential 

methylation (enhancers, promoters and intra-gene regions) with potential functional implications, 

and then  (v) relate the findings to the pathophysiology of ME/CFS. The previous chapter described 

the investigative results produced while following these aims. This chapter will discuss the 
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significance of the output results and their potential implications for the current understanding of 

ME/CFS. 

 

4.2 RRBS Library Production and Quality Control 
DNA methylation is dependent on a number of factors including tissue types that cause 

variation between and within individuals making comparisons between different investigations 

difficult. The utilization of ‘disturbed immune cells’ for the source of patient DNA, within 

peripheral blood mononuclear cells (PBMCs), was therefore an important consideration for the 

creation of the libraries. The accessibility of PBMCs also allowed for the efficient collection of 

samples from the patients, and then purification of the blood cells. Furthermore PBMCs are one of 

the most commonly utilized tissue types for epigenetic research (Islam et al. 2019) and have been 

utilized previously in assessments of the methylome of ME/CFS patients (de Vega et al. 2014; de 

Vega et al. 2018; Trivedi et al. 2018). The results, therefore, can be compared with a larger range of 

published literature decreasing the variation linked to methylation patterns between different tissue-

specific cell types known to vary within an individual. Additionally, their accessibility makes them 

prime candidates for the potential production of biomarkers blood-based tests.  

 

Following the extraction of DNA from the PBMCs of the Dunedin ME/CFS cohort and their 

matched age and gender controls the preparation of quality RRBS libraries was required to 

determine the differential methylation patterns. The protocol followed a well-established 

methodology. This included multiple DNA purification stages in the standard methods, but also 

additional RRBS library purification and optimization steps as the libraries had too many free 

adapters remaining prior to sequencing. Individual optimization of each sample library PCR cycle 

number was carried out to determine the ideal cycles needed to achieve the best library to adaptor 

ratio. This also prevented the overabundance of adaptors in comparison to the libraries in order to 
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reduce potential adaptor bias in sequencing. Following the final amplification based on this 

determined optimal cycle was the physical size selection of the subsequent libraries. Extraction of 

the desired sizes of DNA fragments in the libraries, following their display on gels, allowed for 

separation of the library from the adaptors and subsequent gel imaging allowed for the visualization 

of the degree of adaptor contamination. Following these stages, when the libraries still showed too 

many adaptor fragments (as determined from bioanalyser traces), then a bead clean up (AMPure 

XP) protocol was followed that were ideal for the size selection required to produce the adaptor free 

DNA libraries. When the initial bead clean up of my libraries resulted in the complete loss of the 

libraries as well as the adapters because of an aberrant kit, it was repeated on new libraries with a 

new kit. These library preparations were adequate for sequencing. 

 

4.3 ME/CFS Patient-Specific DNA methylation 
The sequencing itself was performed for the most part by Custom Science however two 

samples (ME016 and C012) were sequenced through the Otago Genomics and Bioinformatics 

Facility. This was due to these samples being processed as part of a secondary cohort prepared as 

part of an ongoing separate ‘relapse-recovery’ study, however as they were a matched (age and sex) 

patient and control pair they were also included in this analysis. All samples were sequenced with 

high throughput 100bp single-end sequencing. Following DNA sequencing, there was further 

quality control in the trimming of the sequences before the alignment to the human genome (version 

GRCh37). Following the Bismark alignment, the data were analyzed. Although the samples were 

sequenced through two different companies all samples (with the exception of ME015) fell within 

the boundaries of variation for the alignment efficiency, methylation density and read coverage 

observed in the overall cohort. ME015 showed a very low read coverage frequency and methylation 

% frequency compared to the other samples. However, the samples, including ME015, all showed 

the expected two peaks of methylation distribution with the majority of the methylation falling 
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close to either 0% or 100%. Read coverage was variable with different heights seen in the 

frequency peaks seen across the samples. ME015 especially showed a very low peak compared to 

the other samples. As none of the coverage distributions showed a secondary peak characteristic of 

PCR bias all were included in the analysis. The final measure of quality for this reduced 

representation bisulfite sequencing investigation was the success of the bisulfite conversion. The 

estimate calculated by MethylKit indicated that bisulfite conversion was successful for all samples 

with the bisulfite conversion rate was 99% -100% supporting the inclusion of all samples in the 

consequent analysis.  

 

Comparison of the individual samples utilizing hierarchical clustering showed that their methylation 

patterns did not appear to cluster into two distinct groups with respect to the patient or control 

groups. While the principal component analyses showed clusters of the patients within the variation 

captured by the controls it did not separate the groups entirely indicating that the individual 

variations in the patterns of methylation captured in this analysis across each sample prevented the 

clustering of the data based on ME/CFS disease status.  As DNA methylation is the most common 

epigenetic modification and impacted by a large range of factors such as age and lifestyle it is not 

unexpected that the overall DNA methylation variation was not able to distinguish the patients from 

the controls within a cohort of this size that includes a wide range of ages and both male and female 

patients and controls. Both the patients and controls therefore have a large proportion of their 

methylation patterns in common and it was predicted the variation of interest relevant to ME/CFS 

would be relatively small. In order to determine the patient-specific patterns of differential 

methylation, it was therefore required to perform direct comparisons between the patient and 

control groups. 
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The identification of patient specific patterns of DNA methylation was performed using two distinct 

analysis pipelines, MethylKit and DMAP. It was clear from the results of these comparisons that 

there were immediate and obvious differences between the patient and control groups in regards to 

their methylation patterns. The initial comparison on an individual cytosine basis following the 

MethylKit pipeline analysis compared a total of 196,172 individual cytosines between pooled 

patient and control groups utilizing a Fishers exact test producing corresponding probability values 

and differential methylation scores. The DMAP pipeline analyzing differentially methylated 

genomic fragments compared a total of 146,575 fragments utilsing an ANOVA F ratio analysis also 

producing probability values with corresponding differential methylation scores. It is important to 

note that within the fragments assessed by DMAP there was >1 cytosine within each fragment 

included in the analysis, resulting in a total of 1,018,872 individual cytosines included within the 

DMAP analysis.  

 

An assessment of the P-value distributions was performed on these data to determine the most 

appropriate significance threshold for each analysis and was determined to be a q-value (FDR 

corrected p-value) < 0.05 for MethylKit analysis and the un-corrected p-value <0.05 for DMAP. 

The utilization of the uncorrected P-value for the DMAP fragment analysis was chosen as there was 

no remaining data after a false discovery correction was performed on the DMAP data. As the 

DMAP analyses utilized an ANOVA F test to determine differential methylation the lower 

significance scores indicated that variation within the data groups (patient vs. control) may be 

affecting the outcomes of the significance testing i.e. decreased significance when compared to the 

outcome of the Fishers exact test utilized by the Methylkit analysis. However, as the data itself was 

not the same in the comparison -  MethylKit Fishers exact test was performed on individual 

cytosines and DMAP on fragments - the disparity in the significance scores may be due to a 

combination of both analysis methods and statistical testing. As the DMAP analysis identifies 



 
 
 
 

 
 

156 

differentially methylated fragments it was important to still include it in this exploratory analysis as 

it was capable of capturing regions of differential methylation linked to broader epigenetic changes 

that had potential functional links to ME/CFS.  

 

Using the established significant thresholds 10,846 cytosines and 3,043 fragments were isolated by 

the MethylKit and DMAP analyses respectively. Both MethylKit single cytosine analysis and 

DMAP fragment analysis, therefore, identified several statistically significant differentially 

methylated cytosines and fragments respectively (within their relevant statistical thresholds). While 

the significance thresholds were an important consideration when determining how to interpret the 

results, it was also important to capture only the most relevant differential methylation. The 

minimum methylation difference between the patients and controls was therefore set at 15%. With 

this threshold, the total number of cytosines left in the Methylkit analysis dropped to 349, and 

DMAP fragments to 76. These remaining statistically significant differentially methylated cytosines 

and fragments had the potential to link epigenetic differences between healthy individuals and 

ME/CFS patient to the pathophysiology of the disease. Both MethylKit and DMAP differential 

methylation showed that the patients had a modestly larger proportion of hypomethylated cytosines 

or fragments respectively (56% and 52%) than hypermethylated.  

 

4.4 Aberrant Methylation of Regulatory Regions  
The identification of differentially methylated regulatory regions was of significant interest 

due to the known association between DNA methylation and gene expression when it is localized 

within such regions. Additionally, these regions have the potential to show functional impacts 

caused by, or causative of, ME/CFS due to the environmentally dependent behavior of DNA 

methylation. The subsequent identification was the result of multiple levels of analysis. The initial 

focus was on the manual identification of clusters of differential methylation by analysis of the 
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statistically significant data, to find multiple differentially methylated cytosines (MethylKit) close 

to, or that were overlapping with differentially methylated fragments (DMAP). There were a total 

of four different clusters of interest identified with these requirements across four different 

chromosomes. Investigation across the regions within which they were located resulted in the 

identification of genomic features of high regulatory importance including DNase hypersensitivity 

regions, various enhancers and additional regulatory interactions established in USCS Genome 

Browser linked to a total of sixteen protein-coding genes. The functions of these protein-coding 

genes varied but fell into two main groups; four involved in mitochondrial related functions and 

nine involved in immune or inflammatory-related functions (with some proteins having functions 

involved in both). 

 

Following the cluster analysis, the investigation focused on the larger scale identification of any 

overlapping proximal promoter regions that were associated with any points of differential 

methylation. This was performed separately for the MethylKit and DMAP datasets producing two 

lists of proximal promoters. The proximal promoter region was defined as 1500bp upstream and 

500bp downstream of the transcription start site (TSS) to capture regions of regulatory importance 

to the associated gene that could then be further investigated. A total of 21 promoter regions were 

associated with 44 differentially methylated cytosines through the MethylKit analysis, and an 

additional 11 promoter regions were associated with 12 differentially methylated fragments (with 

DMAP). Both LOC339166 and NUDT14 were identified by MethylKit and DMAP analysis. While 

LOC339166 is a long non-protein coding gene with unknown function, the location of the promoter 

falls within one of the clusters previously discussed highlighting the regulatory importance of the 

sequence. The second shared gene; NUDT14 or nudix hydrolase 14 plays an important role in 

eliminating toxic metabolites from the cell.  
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The remaining genes associated with these promoter regions have a wide variety of functions. 

Functional overrepresentation analysis utilizing the STRING.org website did not show any enriched 

functional pathways. Unlike the cluster analysis previously there were no clear groupings of 

functions related to the differentially methylated promoter regions with only a small number of 

genes (four) with mitochondrial or inflammatory-related functions between both the MethylKit and 

DMAP identified promoters. The following section will discuss these pathways (mitochondria and 

immune) and the role of the associated genes identified by the differentially methylated regulatory 

region analyses. It will discuss how the patterns of methylation seen in the patients may be linked to 

the pathophysiology of ME/CFS. 

 

4.4.1. Epigenetic Variation in Mitochondrial Related Regulatory Regions.  
The possibility that ME/CFS patients suffer mitochondrial dysfunction is well established 

and has been the focus of recent studies (Missailidis et al. 2019; Billing-Ross et al. 2016; Booth et 

al. 2012, Sweetman et al 2019a, b). Mitochondria are vital to energy metabolism through the 

combustion of substrates to produce ATP. With the inability of ME/CFS patients to recover post-

exertion, and the switch from aerobic to anaerobic energy production, observed with a recorded 

buildup of lactate (Rutherford et al. 2016) there is support for ME/CFS patients having insufficient 

or dysfunctional mitochondrial activity. The additional similarities in symptoms between ME/CFS 

and mitochondrial disease - such as muscle pain, neurological deficits and exercise intolerance 

provides supporting evidence that mitochondrial dysfunction may be critical for the debilitating 

symptoms of ME/CFS.  Finally, Sweetman et al. 2019b have found many individual proteins of the 

mitochondrial complexes associated with energy production and regulation of reactive oxygen 

species to be up-regulated or down-regulated in the same cohort of ME patients studies here 

indicating that there may be an associated variation in the regulatory methylation of the 

mitochondria related genes. 
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The results of this study showed several differentially methylated regulatory elements associated 

with genes linked to mitochondrial function. As there are functional implications linked to the 

methylation states of the regulatory elements such as enhancers (Sharifi-Zarchi et al. 2017) and 

promoters there are potential downstream effects on the expression of the associated genes. Current 

understanding links increased methylation of promoters and potentially enhancer regions with the 

repression of gene expression and decreased methylation with elevated expression. As the majority 

of the identified regulatory regions in my study are hypomethylated in ME/CFS patients (five out of 

six) this implies that there may be an associated increase in the expression of the relevant genes. 

Only a single regulatory region is hypermethylated as seen in the table below associated with the 

gene UCP2.  

 

Four genes with mitochondrial related functions were linked to the regulatory regions within the 

four clusters of differential methylation. Additionally, there was a single promoter region associated 

with a mitochondrial related microRNA identified in the subsequent DMAP differentially 

methylation fragment analysis  
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Table 4.1 Mitochondrial associated genes linked to regulatory regions differentially methylated 
in ME/CFS. The table shows the gene identity along with the number of differentially methylated 
cytosines linked to the region (either in MethylKit single cytosine analysis or DMAP fragment 
analysis). A corresponding description of each gene is included. Blue shading indicates genes 
linked to hypomethylated regulatory regions, red to hypermethylated.  
 

Gene ID MethylKit 
 CpG’s 

DMAP 
CpG’s 

Description 

XAF1 11 Seg1:11  
Seg2:8 

A negative regulator of members of the inhibitor of 
apoptosis (IAP) family, may inhibit anti-caspase 
activity (BIRC4) by activating the mitochondrial 
apoptosis pathway.  

UCP2 4 5 A member of the mitochondrial uncoupling protein 
family that create proton leaks across the inner 
mitochondrial membrane.   

LONP1 4 9 A mitochondrial matrix protein that mediates the 
selective degradation of misfolded, unassembled or 
oxidatively damaged polypeptides in the mitochondrial 
matrix. It is also involved in the regulation of 
mitochondrial gene expression. 

NDUFA11 4 9 A subunit of the membrane bound mitochondrial 
complex I which functions as the NADH-ubiquinol 
reductase of the mitochondrial electron transport chain.  

MIR138-2 0 5 A microRNA with related functional pathways; 
respiratory electron transport, ATP synthesis by 
chemiosmotic coupling, and heat production by 
uncoupling proteins.  

 

The hypermethylation of the enhancer of Mitochondrial uncoupling gene 2 (UCP2) (32.89% 

average methylation percent increase in MethylKit cytosine cluster and 15.41% in DMAP 

fragment) may indicate a potential compensation to modulate proton leak in the mitochondria of 

ME/CFS patients or make them more susceptible to reactive oxygen species (ROS). Proton leak is 

the migration of protons to the matrix independent of ATP synthase and has been implicated as a 

factor responsible for differences between individuals’ basal metabolic rate (Porter 2001). 

Additionally, it has been found to be responsive to ROS as UCP2 activity is enhanced i.e. increased 

levels of expression, in response to ROS and in turn reduces their generation in a protective 
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feedback loop (Cheng et al. 2017). UCP2 is capable of dissipating the proton gradient generated by 

NADH-powered pumping of protons from the mitochondrial matrix to the mitochondrial inter-

membrane space.  

 

With the enhancer region of UCP2 hypermethylated in the ME/CFS patients this implies decreased 

levels of expression in comparison to healthy controls. This has wide reaching implications on the 

potential function of the mitochondria and the maintenance of the proton gradient. While it is 

impossible to determine whether the DNA methylation patterns are present as a result of the 

disease, or is a response to it, it has been established that UCP2 is overexpressed in response to a 

number of pathological states due to its neuro-protective function in mitigating reactive oxygen 

species (Brand and Esteves 2016). The hypermethylation of the enhancer for UCP2 can be assumed 

to be associated with decreased expression. This could indicate that ME/CFS patients are more 

susceptible to damage from ROS species or as a mechanism causing an abnormal regulation of 

proton leakage with implications on the overall state of patient metabolism. 

 

The remaining genes are linked to hypomethylated regulatory regions indicating that there may be 

associated increases in the expression of these genes in ME/CFS pathology. The normal function of 

the mitochondria and cell function/energy production relies on a number of interacting systems. 

XAF1 is a negative regulator of apoptosis through its interaction with X-chromosome linked 

inducer of apoptosis (XIAP). XAF1 was found to have a hypomethylated enhancer in this 

differential methylation study (35.2% average methylation percent decrease in MethylKit cytosine 

cluster and 38% in DMAP fragment). Apoptosis or controlled cell death, is a response to caspases 

in the cell, themselves activated by cytochrome c released by the mitochondria. XIAP has been 

implicated in the prevention of apoptosis as it has been found to localize to the mitochondrial 

membrane where it may impact membrane permeability and prevent the loss of cytochrome C. 
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Additionally, it also has a direct role in binding and inhibiting caspases therefore reducing 

apoptosis.  As increased levels of XAF1 would in turn negatively regulate XIAP, it has implications 

on the permeability of the mitochondrial membrane and a potential increase in apoptosis. As 

apoptosis is an important immune response the up-regulation of XAF1 may be indicative of an 

immune state within ME/CFS patients.  

 

While XAF1 indirectly interacts with the mitochondrial through XIAP an additional 

hypomethylated enhancer linked gene identified by the cluster analysis is directly linked to 

mitochondrial maintenance and function. Mitochondrial ATP-Dependent Protease Lon (LONP1) is 

a protease that sits within the mitochondrial matrix and removes oxidized proteins from the matrix. 

Prior research has shown that LONP1 has varying responses to acute vs. chronic stress conditions. 

While acute stress induces LONP1 increasing the level of protection of the mitochondria from 

oxidized proteins chronic stress seems to reduce the levels of LONP1 (Ngo et al. 2013). As this is 

associated with ageing and disease there are implications for a potentially misregulated LONP1 in 

ME/CFS patients reflecting a state of chronic stress. The enhancer region for LONP1 was 

hypomethylated in the ME/CFS patients (20.3% average methylation percent decrease in MethylKit 

cytosine cluster and 17.5% in DMAP fragment). Therefore, there is potential implications of the 

pattern of expression of LONP1 indicating that the epigenetic patterns observed in ME/CFS patients 

is indicating a potential mitochondrial irregular response to stress.  

 

Perhaps the most relevant linked gene identified by the differentially methylated cluster in the 

context of mitochondrial function is NDUFA11 or NADH Dehydrogenase (Ubiquinone) 1 alpha 

subcomplex subunit 11. The enhancer region was again found to be hypomethylated in ME/CFS 

patients (20.3% average methylation percent decrease in MethylKit cytosine cluster and 17.5% in 

DMAP fragment). NDUFA11 is a subunit of the membrane-bound mitochondrial complex I critical 
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for the function of the mitochondrial electric transport chain. It is responsible for catalyzing the first 

step of the electron transport chain by oxidizing NADH by transferring electrons to ubiquinone. 

With the hypomethylation of the regulatory enhancer and the link to an increase in gene expression 

it can be assumed to be associated with increased expression of NDUFA11 within ME/CFS patients 

indicating a possible compensatory response to an overall mitochondrial dysfunction, as claimed by 

Missailidis et al 2019. This work hypothesizes that the activity of mitochondrial complex V is 

impaired leading to the remaining complexes, particularly complex 1, and energy producing 

mechanisms being up-regulated in order to compensate. This results in decreased spare respiratory 

capacity and an inability to respond to additional stress in ME/CFS patients. 

 

While the cluster analysis identified a number of hyper- and hypo methylated genes linked to 

enhancer regions there was an additional microRNA identified linked to an associated 

hypomethylated promoter region through the DMAP fragment analysis. The DMAP fragment, 

containing five cytosines total lay within the promoter region of the microRNA MIR138-2, this 

micro RNA is a precursor the MIR138, which has been implicated in the regulation of 

mitochondria. Specifically, it has been implicated in the aberrant function of mitochondrial calcium 

transport. MIR-138 has been found to reduce the expression of the mitochondrial calcium uniporter 

(MCU) consequentially reducing the calcium ion uptake into the mitochondria (Cheng et al. 2017). 

Calcium plays an important role in the regulation of the mitochondria with an increased 

concentration of mitochondrial matrix calcium coupled with the increase of ATP production (Finkel 

et al. 2015). As the promoter of MIR138-2 is hypomethylated there is a potential associated 

overexpression of MIR-138 with interesting implications for the energy status of ME/CFS patients 

in the reduction of ATP production.   
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The combination of genes identified by differentially methylated regulatory regions relate to 

various aspects of mitochondrial function. Some directly in the production of energy via the 

electron transport chain and others in the efficiency of mitochondrial function and proton leakage. 

What is interesting is that the majority of the regulatory clusters are hypomethylated indicating that 

there may be a corresponding increase in the expression of the corresponding genes in ME/CFS 

patients. As it has been shown in PBMCs of ME/CFS patients that energy production is 

significantly impaired compared to healthy controls (Tomas et al. 2017) the aberrant methylation 

pattern observed here may indicate a compensatory response to the disease within patient 

mitochondria. Additionally compelling is the finding by Sweetman et al (2019b) where there was an 

observed up-regulation of a number of proteins in complex 1, and complex III. As the enhancer 

region of the NDUFA11 subunit of complex 1 was found to be hypomethylated within the same 

cohort of patients as the Sweetman et al 2019b study it supports a mitochondrial disruption being 

detected by these personalized, in depth analyses within a small cohort.  

 

4.4.2 Epigenetic Variation in Immune Related Regulatory Regions.  
The immune system has been an area of intense focus in the past with prior research 

implicating a dysfunctional immune response as a core aspect of ME/CFS pathology. The theory 

that ME/CFS patients have a disrupted immune response is supported with evidence of numerous 

immune abnormalities including aberrant cytokine profiles, abnormal T lymphocyte activation and 

impaired cytotoxic responses (Lorusso et al. 2009).  The work completed within this thesis 

identified a total of nine immune related genes associated with differentially methylated regulatory 

elements were identified in the cluster analysis, with some also having functions related to the 

mitochondria described previously; UCP2 and XAF1. An additional three genes were associated 

with differentially methylated promoter regions. The majority of the immune associated regulatory 

regions are hypomethylated with only two hypermethylated.   
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Table 4.2 Summary of Immune-associated genes linked to regulatory regions identified by 
clusters of differential methylation, and promoter associated differential methylation. Table 
shows the gene identity (ID) along with the number of differentially methylated cytosines linked to 
the region (either in MethylKit single cytosine analysis or DMAP fragment analysis). A 
corresponding description of each gene is included. Blue shading indicates genes linked to 
hypomethylated regulatory regions, red for hypermethylated.* The cluster associated with XAF1 
enhancer contains two fragments  
 
Gene ID MethylKit 

CpGs  
DMAP 
CPGs 

Description 

XAF1 11 *11 and 
8 

A negative regulator of member of the inhibitor of 
apoptosis family, may inhibit anti-caspase activity (BIRC4) 
by activating the mitochondrial apoptosis pathway.  

DUSP22 9 4 Activates the JnK pathway which in turn is involved in a 
number of processes including apoptosis, inflammation, 
cytokine production and metabolism  

IRF4 9 4 A lymphocyte specific member of the interferon regulatory 
factor family of transcription factors which are important in 
the regulation of interferons in response to infection by 
virus. Additionally, IRF4 negatively regulates Toll-like-
receptor signalling central to the activation of the innate 
and adaptive immune systems 

FUT6 4 9 A golgi stack membrane protein involved in the creation of 
the blood group antigen sialyl-Lewis X 

FUT3 4 9 An enzyme that catalyzes the final step of Lewis antigen 
biosynthesis involved in the expression of; Vim-2, Lewis 
A, Lewis B, sialyl Lewis X and Lewis X/SSEA-1 antigens 

FUT5 4 9 A paralog of FUT6.  
UCP2 4 5 A member of the mitochondrial uncoupling protein family 

that create proton leaks across the inner mitochondrial 
membrane and is involved in macrophage activation by 
modulating the production of ROS and MAPK signalling 

SAFB 9 4 A scaffold attachment factor involved in cell cycle 
regulation, apoptosis, differentiation and stress response. 

EXOC2 9 4 A component of a exocyst complex thought to colocalize 
with STING (stimulator of interferon genes) therefore 
involved in the regulation of the innate immune system to 
dsDNA viruses. 

SPIN2B 1 - Involved in cell cycle progression regulation though the 
inhibition of apoptosis 

RAB20 - 5  A member of the RAS Oncogene family with roles in the 
maturation and acidification of phagosomes 

SLFN12 1 - A member of the Schlafen protein that may be involved in 
cell proliferation, immune response and regulation of viral 
replication.  

 



 
 
 
 

 
 

166 

The cluster analysis identified differential methylation within the enhancer region for Interferon 

regulatory factor 4 (IRF4) (18.6% average methylation percent decrease in MethylKit cytosine 

cluster and 15% in DMAP fragment). Interferons are cytokine proteins released in response to viral 

infection in order to heighten anti-viral defenses. They interfere with viral replication that in turn 

protects cells from viral infection. Additionally, they activate immune cells and increase host 

defenses by up-regulating antigen presentation by increasing the expression of major 

histocompatibility complex (MHC) antigens. What is of interest in regards to the presentation of the 

ME/CFS symptoms is the association between interferon expression and the fever, muscle pain and 

the flu-like symptoms caused by the production of interferons. Prior research has linked interferons 

to the persisting fatigue in ME/CFS with several groups investigating their role after a viral onset of 

ME/CFS (Hornig et al. 2015), their role in disease progression (Russell et al. 2019) and their use as 

a potential therapeutic target (Fluge et al. 2016). IRF4 is a lymphocyte specific interferon central to 

the activation of the innate and adaptive immune systems. The hypomethylation of the IRF4 

enhancer and the potential associated increased expression of IRF4 may be indicating that the 

patients are producing an inappropriate immune response contributing to many of the key 

symptoms of ME/CFS.  

 

Additional differentially methylated regulatory regions identified a number of genes linked to other 

aspects of the immune system, specifically apoptosis. Apoptosis is a critical part of the immune 

system functioning to control immune responses to viral and toxic disease, delete immune cells 

recognizing self-antigens and cytotoxic killing (Ekert & Vaux 1997). Increases or decreases in cell 

death may be indicators of a disrupted immune system, or alternately disruptions in the cell death 

process is itself linked to disease, with a number of cancers, neurological disorders, cardiovascular 

disorders and autoimmune diseases already associated with aberrant apoptosis function (Favaloro et 

al. 2012). With this in mind, the identification of a number of apoptosis linked genes associated 
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with differentially methylated regulatory factors may have implications for the immune function 

and disease pathology of ME/CFS patients.  

 

Dual Specificity Phosphatase 22 (DUPS22), XIAP-associated factor1 (XAF1) and Spindlin Family 

Member 2B (SPIN2B) were all identified with differentially methylated regulatory regions and are 

all involved in apoptosis. DUSP22 is an activator of the JnK signaling pathway with downstream 

roles in a number of functions including, not only apoptosis, but also inflammation, cytokine 

production and metabolism. The hypomethylated enhancer region for DUSP22 (18.6% average 

methylation percent decrease in MethylKit cytosine cluster and 15% in DMAP fragment) indicates 

a possible increase in the expression of the gene. It is important to note that the JnK pathway is 

activated by environmental stresses and inflammatory cytokines. Additionally, XAP1 is known to 

impact apoptosis through negative regulation of XIAP resulting in increased caspase activity as 

discussed in the previous section, highlighting the importance of XIAP for both immune responses 

and mitochondrial activity. 

 

Finally, the hypermethylated cytosine (35.2% average methylation percent decrease in MethylKit 

cytosine cluster and 38.1% in DMAP fragment) identified in the promoter region of SPIN2B 

indicates again that apoptosis may be increased within ME/CFS patients due to the role of SPIN2B 

as a negative regulator of apoptosis. Apoptotic neutrophils have previously been observed in 

ME/CFS patients (Kennedy et al. 2004) indicating that patients are showing immune behavior that 

would be expected of a viral or toxic illness 

 

 While apoptosis is a well-established response by cells to infection there were, additional genes 

identified in this study supporting a response to infection. Of interest to note is that a cluster of 

hypomethylated cytosines and fragment (20.3% average methylation percent decrease in MethylKit 
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cytosine cluster and 17.6% in DMAP fragment) that fell within an enhancer region linked to three 

Lewis Blood group related genes; FUT3 or Fucosyltransferase 3, it’s paralog Fucosyltransferase 5 

(FUT5) and Fucosyltransferase 6 (FUT6).  These genes are related to the catalysis of sialyl Lewis X 

antigens. Sialyl-Lewis X is important for cell-to-cell recognition and is only expressed in activated 

T- and B-lymphocytes. It plays a key role in inflammation and is thought to increase leukocyte 

response to infections (Munro et al. 1992).  Additional genes were identified by differentially 

methylated promoter regions that support the hypothesis that ME/CFS patients have a disruption in 

their response to infection including; RAB20 and SLFN12. RAB20 is involved in the maturation of 

phagosomes (Egami & Araki 2012) and SLFN12:  a member of the Schlafen family that is also 

known to have roles in the induction of immune responses and the regulation of viral replication 

(Puck et al. 2015). Both were linked to hypomethylation (RAB20 with 17.0% methylation percent 

decrease in DMAP fragment and SLFN12 showing an average 15.6% decrease in the MethylKit 

identified cytosine). Overall the differential methylation of the regulatory regions identified a 

number of immune related genes that reflect a response to infection.  

 

4.5 Gene Body Differential Methylation   
The majority of research on the impact of DNA methylation on the expression of genes has 

focused on the methylation state of promoter regions. The relationship between DNA methylation 

that falls within gene regions and gene expression is less well established. However, there are 

examples of intragenic DNA methylation regulating the same gene (Jjingo et al. 2012; Yang et al. 

2014)  

 

Unlike the association between DNA methylation in promoter regions and the suppression of the 

associated gene expression, the relationship between DNA methylation within gene bodies does not 

appear to follow the same pattern. Early work (Jjingo et al. 2012) indicated that high levels of DNA 
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methylation were associated with mid-level expressed genes, while low levels of methylation were 

associated with the most highly and lowly expressed genes. Further work investigating changes in 

DNA methylation and the association with gene expression found that a loss of DNA methylation 

within gene bodies was associated with a decrease in gene expression and vice versa (Yang et al. 

2014). Any predictions on the functional changes arising from differential methylation within genes 

are therefore not as clear as with promoters.  

 

This investigation found 91 genes identified by 121 differentially methylated cytosines with 

Methylkit and a total of 31 genes identified by 31 differentially methylated fragments with DMAP. 

The individual genes identified by differential methylation range in function. Among the top 

differentially methylated sites identified in the MethylKit analysis there were genes such as the 

hypomethylation associated CD6, involved in T cell activation or the hypermethylation associated 

TP73 involved in cellular responses to stress. Furthermore DMAP also identified many functionally 

interesting genes with CIITA and GRAMD4 among the top differentially methylated genes. The 

hypermethylation associated CIITA is important for immune functions due to a role in the positive 

regulation of class 2 MHC transcription, and the hypomethylation associated GRAMD4 is also 

important for immune function due it’s link to increased apoptosis.  

 

In order to identify statistically significant functional pathways linked to the differentially 

methylated genes a number of STRING analyses were performed on the gene sets produced by both 

the MethylKit single cytosine analysis and the DMAP fragment analysis. The following section will 

discuss identified overrepresented functional pathways in (i) MethylKit Cytosine Differential 

Analysis within Gene Regions and (ii) DMAP Fragment Differential Methylation within Gene 

Regions and how these functional pathways may relate to the pathophysiology of ME/CFS.  
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4.6.1. MethylKit Cytosine Gene Body Pathway Enrichment 
There were 121 statistically significant differentially methylated cytosines identified by the 

MethylKit analysis that were found within 91 different gene bodies. While a number of genes had 

only a single statistically significant differentially methylated cytosine within the gene body 

identified in this investigation - due to the strict statistical thresholds - it was possible that they were 

indicative of broader methylation changes not seen in the corrected data. In order to determine 

whether the differential methylation was able to identify functional pathways linked to ME/CFS 

pathophysiology all genes were therefore included in the pathway analysis. Before analysis was 

performed the genes were separated into groups depending on their methylation status, i.e. 

hypermethylated  or hypomethylated in the ME/CFS patients. Following a STRING analysis, it was 

found that there were a number of overrepresented functional pathways associated with these genes 

(functional pathway statistical threshold FDR < 0.05). These included the hypermethylation linked 

reactome pathways; ‘adenylate cyclase activating’, ‘adenylate cyclase inhibiting’ and ‘neuronal 

system’, the INTERPRO Protein Domain; ‘P53-like transcription factor’. Additionally, the 

hypomethylated gene list determined overrepresented functional pathways including the cellular 

component; ‘catenin complex’ and the PFAM Protein Domains; ‘human growth factor-like EGF’ 

and ‘Laminin EGF domain’. Due to the potential relevance to ME/CFS the following section will 

discuss how adenylate cyclase, the neuronal system and EGF-laminin domain containing protein 

family, may be associated with ME/CFS pathophysiology.  

 

4.5.1 A Adenylate Cyclase Activity 

Both adenylate cyclase activating and inhibiting pathways were present based on two genes 

found to be hypermethylated in ME/CFS patients. The particular genes that implicate the adenylate 

cyclase pathway are the genes GNAL; a stimulatory G protein alpha subunit (subunit alpha L) with 

an increase of 32% methylation (59% controls vs. 91% patients) and ADCY4: an adenylate cyclase 
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found generally in cytoplasm and membranes in most tissues. There is an increase of 18% 

methylation in the genes of patients (19% controls vs. 36% patients). GNAL is known to couple 

with dopamine type 1 receptors and adenosine A2A receptors and is expressed primarily in the 

brain, particularly in the basal ganglia (Laurin et al. 2008).  G protein coupled receptors are 

activated by extracellular hormones and in turn activate adenylate cyclases. ADCY4 is an adenylate 

cyclase enzyme that is known to form cAMP in response to G-protein signaling - cAMP in turn 

then activates protein kinase A. Protein kinase A has a large number of roles in downstream 

regulation, varying depending on tissue type (Defer et al. 2000). The presence of the primarily brain 

region expressed GNAL indicates that PKA may be aberrantly regulated in the brain of ME/CFS 

patients. If the assumption were made that the increase in methylation is linked to an increase in 

gene expression there would therefore be implications for cognitive function and memory formation 

due to the downstream PKA activation. Patients with ME/CFS exhibit cognitive dysfunction, and 

other neurological features.  

 

4.5.1 B Neuronal Pathway 

In addition to the neurologically linked adenylate cyclase functions described above there 

are broader implications for ME/CFS neurological function indicated by the epigenome of patients 

with the overrepresentation of the neuronal reactome pathway itself.  This neuronal pathway was 

indicated as overrepresented due to the presence of the six hypermethylated genes; DLGAP2 (82% 

controls vs. 97% patients), KCNK10 (21% controls vs. 43% patients), LRRTM4 (13% controls vs. 

34% patients), RPS6KA2 (21% controls vs. 43% patients), GNAL (59% controls vs. 91% patients) 

and ADCY4 (19% controls vs. 36% patients). The neuronal reactome pathway is relevant for a 

large number of functions with each neuron in the brain in turn able to influence neighboring cells. 

While the aberrant regulation of neurological pathways in ME/CFS will be discussed with more 

depth in following sections (4.5.2B and 4.6.1) in brief there is strong support for a neurological 
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disruption in ME/CFS patients. With common symptoms including cognitive and autonomic 

dysfunctions a disruption of patients neurological system is understood to be a core component of 

ME/CFS. Furthermore, a neuro-inflammatory basis for sustaining ME/CFS has been hypothesized 

with strong supportive evidence (Mackay et al 2018).  

 

4.5.1 C Epidermal Growth Factor Domain 

Immune dysfunction is another well-supported component of ME/CFS pathology. The 

identification of the hypomethylated laminin EGF-like domain and the Human growth factor-like 

EGF is a linkage to disturbed immune function. The genes GAS6 (92% controls vs. 73% patients), 

MEGF11 (84% controls vs. 51% patients) and MEGF6 (55% controls vs. 17% patients – the most 

hypomethylated gene in MethylKit analysis) were linked to human growth factor-like EGF while 

MEGF11, MEGF6 and HSPG2 (70% controls vs. 49% patients) were linked to the specific Laminin 

EGF domain. EGF-like domains are important protein domains that are found in a large number of 

proteins with functions involved in the immune system, apoptosis and calcium binding (Wouters et 

al. 2005). As the specific laminin EGF-like domain was also overrepresented it supports a 

disruption within the immune related EGF-domain containing proteins. Laminins have a role in 

response to damage to the cell membrane as they are exposed when damage occurs and go on to 

stimulate membrane growth, restoring damaged membrane parts (Simon & Bromberg 2017). The 

differentially methylated cytosines within the gene bodies of these genes within the over-

represented pathways were hypomethylated, and therefore the assumption would indicate that the 

genes are expressed less in patients than in healthy controls. This would indicate that there is a 

disruption in patients in their response to cell damage and repair.  
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4.5.2 DMAP Fragment Gene Body Pathway Enrichment  
There were 31 statistically significant differentially methylated fragments identified by the 

DMAP analysis that were located within 31 gene bodies. In order to determine whether the genes 

were associated with systematic changes in ME/CFS patients an overrepresentation analysis was 

performed on these identified genes (separated into hypo- and hypermethylated groups). A total of 

23 enriched pathways (FDR P <0.05) were linked to the differential methylation localized within 

gene regions for DMAP analysis, only one of which was related to hypermethylated fragments 

(Primary Immunodeficiency), the remaining 22 were associated with hypomethylated fragments.  

The hypomethylated pathways were all identified by various interactions between either two or 

three different combinations of five different genes; RYR1, GNAS, GNG7, GABRB3 and APBA3.  

 
Table 4.3 List of hypomethylated genes linked to the 22 overrepresented pathways identified by 
the DMAP gene region differential methylation. The gene identities are shown (ID), the 
percentage cytosine methylation in patients and controls. 
 

GENE ID Patients Controls Description 
RYR1 59.9% 75.4% A ryanodine receptor within skeletal muscle. 

Functions as a calcium release channel in the 
sarcoplasmic reticulum and also connects the 
sarcoplasmic reticulum and the transverse tubule.  

GNAS 50.3% 66.7% A subunit of a guanine nucleotide-binding protein 
that helps stimulate the activity of adenylate cyclase.  

GNG7 45.1% 63.7% A subunit of a guanine nucleotide binding protein 
that plays a role in the regulation of adenylyl cyclase 
signaling  

GABRB3 54.7% 69.9% A member of the ligand-gated ionic channel family. 
A subunit of a multi-subunit chloride channel that 
acts as a receptor for gamma-aminobutyric acid - a 
major inhibitory neurotransmitter   

APBA3 48.3% 63.5% Amyloid Beta Precursor Protein Binding Family A 
Member 3 that may process amyloid beta precursor 
protein to form APP-beta. Additionally may enhance 
the activity of HIF1A in macrophages by inhibiting 
HIF1AN.  
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All 22 functional pathways associated with hypomethylated fragments have the guanine-nucleotide-

binding protein related genes GNAS and/or GNG7 within the gene set. The pathways are then 

linked to their relevant functions by a combination of these guanine nucleotide-binding proteins 

with additional genes shown in the above table. While there were more functional pathways 

identified with the DMAP fragment gene group compared to Methylkit cytosines many were similar 

or had related functions such as the large number of neurotransmitter and peptide signaling 

pathways identified. The following section will discuss the functional pathways with links to the 

current understanding of the pathophysiology of ME/CFS including; circadian entrainment, the 

neuronal system and various identified neurotransmitter pathways and neuro-peptide signaling 

pathways within the context of ME/CFS.  

 

4.5.2 A. Circadian Entrainment 

Three hypomethylated fragments within the gene regions of GNG7, GNAS and RYR1 

identified the circadian entrainment pathway. Circadian entrainment is an important biological 

pathway that allows the internal biological clock, the suprachiasmatic nucleus (SNC) within the 

hypothalamus, to be entrained by recurring signals therefore establishing a circadian rhythm (Duffy 

& Wright 2005). A normal circadian rhythm is essential to normal functioning with disruptions 

linked to sleep disorders and chronic illnesses such as cardiovascular disease, metabolic syndrome 

and cancer (Xie et al. 2019). The signals utilized include endocrine and behavioral signals that are 

synchronized to environmental cues, primarily light. The genes that were identified within this 

pathway include RYR1. RYR1 is a Ryanodine receptor that mediates the release of Calcium 2+ 

from the sarcoplasmic reticulum into the cytoplasm. It is known to respond to light by releasing Ca 

2+ in circadian entrainment and is known as the dominant synchronizer for the SNC clock (Pfeffer 

et al. 2009). Downstream guanine nucleotide binding proteins including the other two genes 

identified GNG7 and GNAS are involved in the resulting signaling cascade. Guanine nucleotide 



 
 
 
 

 
 

175 

binding proteins, as discussed previously, are involved in the regulation of adenylyl cyclase 

signaling that through activation of PKA that, in in the case of circadian entrainment, then activate 

the mitogen-activated protein kinase signaling pathway and the CREB cycle which regulate the 

circadian rhythm genes. As the gene fragments were hypomethylated there is the possibility that 

these genes are under expressed compared to healthy controls in turn causing disruptions to the 

establishment of a circadian rhythm in patients. Due to the sleep disruption in ME/CFS there has 

been some interest on potential circadian dysfunctions. Recent work has found that the stability of 

ME/CFS activity rhythm was lower in daily activity compared to controls (Cambras et al. 2018) 

implicating a circadian disruption however the mechanism behind any disruption is unclear. 

Additionally, Sweetman et al (2019a) found in a transcriptome study of the same ME/CFS cohort 

studied here several circadian clock protein transcripts were differentially expressed in ME/CFS 

patients indicating that the multiple ‘–omics’ studies are finding disruptions to the same systems 

utilizing various investigative approaches. 

 

4.5.2. B Neuronal System 

The only overrepresented functional pathway identified by both DMAP and MethylKit 

analysis is the reactome pathway ‘Neuronal System’. Through the DMAP analysis it was identified 

by 3 genes; GNG7, GABRB3 and APBA2. It is interesting to note that the differentially methylated 

cytosines within the gene regions that identified the Neuronal system were hypermethylated with 

the MethylKit analysis, whereas the fragment analysis identified the enriched pathway with 

hypomethylated gene region associated fragments. The fragment based analysis supports a 

neurological disruption present in ME/CFS patients previously discussed above. This is further 

supported due to the overrepresentation of the hypomethylated long-term depression pathway, an 

indicator that there may be an issue in the neural homeostasis in ME/CFS patients. Additionally, 

five hypomethylated neurotransmitter synapses (KEGG pathways) were also identified as 



 
 
 
 

 
 

176 

overrepresented by DMAP analysis that may indicate more specific dysfunctions occurring in the 

pathophysiology of ME/CFS patients. These neurotransmitter synapses include; Serotonergic, 

Glutamatergic, GABAergic, Oxytocin and Dopaminergic synapse.  

 

Prior research has identified neurotransmitter abnormalities implicated in the pathophysiology of 

the ME/CFS. This was demonstrated in a study that found that neurotransmitter metabolites were 

correlated with symptom severity including cognitive functions, sleeping disturbances and fatigue 

scores (Nagy-Szakal et al. 2018). Recent research has focused on specific neurotransmitters and 

possible mechanisms behind a disruption in patients. In particular, the excessive elevation of 

serotonin is a new theory to explain the pathology of ME/CFS. ME/CFS is a stress disorder and the 

cluster of neurons in the paraventricular nucleus of the hypothalamus respond to stress (Mackay et 

al 2018) with production of the corticotrophic releasing hormone that then reacts with other neurons 

in the brain with specific receptors for the hormone.  One receptor type leads these serotonin 

expression neurons to respond to the hormone by excessive production of serotonin.  

 

This hypothesis is supported due to the similarities in symptom presentation between ME/CFS and 

higher than normal amounts of serotonin in an individual including; cognitive disruptions, 

neuromuscular hyperactivity and autonomic hyperactivity (Volpi-Abadie et al. 2013). Increased 

levels of serotonin have been inferred in a subset of ME/CFS patients (Badawy et al. 2005) and this 

observation makes the potential link to pathology compelling. Additionally, serotonin, as well as 

dopamine (an additional neurotransmitter synapse identified in the overrepresentation analysis) in 

turn effects the regulation of glutamate and other neurotransmitters such as norepinephrine and 

corticosteroids (Glassford 2017).  The function of these neurotransmitters and corticosteroids are 

involved in a number of functions with many similarities to the presentation of ME/CFS including 

sleep, pain and cognitive functions. GABAergic synapse and the Glutamatergic synapse are, in turn, 
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also influenced by ATP activity. As ATP is depleted in ME/CFS the deregulation of these pathways 

has been hypothesized in ME/CFS previously to cause downstream effects on the glutamate: GABA 

ratio that is essential for normal neurological function. 

  

Finally, the oxytocin-signaling pathway was also overrepresented. The hormone can act as a 

neurotransmitter and while it is commonly associated with childbirth, breast-feeding, and social 

bonding it plays a general role in the reduction of stress responses. It is of interest that in pregnancy 

and during breastfeeding ME/CFS symptoms can significantly improve in some women affected 

(Allen 2008, Tate - personal communication ). Oxytocin might play a part in the reduction of the 

response to stress in ME/CFS patients under these circumstances. 

 

Additionally, the neuropeptide signaling pathways apelin and relaxin were also identified in this 

study as overrepresented. Apelin is widely distributed throughout the body with roles in a number 

of systems including: the central nervous system, cardiovascular system, energy metabolism, fluid 

homeostasis, angiogenesis and neuroendocrine stress response (Chapman et al. 2014). Relaxin 

signaling is a more specific peptide hormone that is primarily associated with the reproductive 

system but has potential roles in the central nervous system, specifically in regions associated with 

appetite and stress regulation.  

 

Together the overall picture shown here indicates that the differential methylation analysis is 

identifying a widespread neurological disruption affecting a wide range of different systems and 

pathways with numerous downstream impacts that could be signatures for the diverse symptoms of 

ME/CFS. As the broad reactome functional pathway ‘neuronal system’ was overrepresented by 

differentially methylated genes in both the MethylKit and DMAP analysis, there is strong support 
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that this study has identified an epigenetic disruption in the neuronal system of the ME/CFS 

patients. 

 

4.6 Relevance to the Current Understanding of Epigenetics in ME/CFS 
As of 2019 there have been five investigations specifically focusing on genome wide DNA 

methylation patterns in ME/CFS patients (Brenu et al 2014., De Vega 2014, Trivedi 2018, Herrera 

2018 and De Vega 2017). These prior studies utilized array-based approaches (either 450K Illumina 

Methylation, or the 850K Illumina Methylation Array). While this thesis is the first study of its kind 

to utilize a Reduced Representation Bisulfite Sequencing (RRBS) approach, basic comparisons can 

be made with the outcomes of these other studies due to their whole genome approaches. It is 

important to note here that the analytical differences and statistical thresholds applied varied 

between the prior studies. As the investigation into DNA methylation variation in ME/CFS is only 

just beginning many of the prior studies employed less restrictive statistical and methylation 

thresholds in exploratory analyses (de Vega et al. 2014, Herrera et al. 2017). As there is a large 

amount of variation seen in results produced from two different analysis pipelines on the same data 

set (in this research) it is not surprising that there is also a large amount of variation between the 

outcomes of the prior studies. This variation is seen on a basic level in regards to the amount of 

hypermethylation  vs. hypomethylation observed within the different data sets. Half the studies 

indicate a primarily hypomethylated state in patients (Brenu et al. 2015, Trivedi et al. 2018) and 

half  a hypermethylated state (de Vega et al. 2014, de Vega et al. 2017) with Herrera et al. 2017 not 

stating the overall methylation difference in their data. In this current work the RRBS representative 

data indicated the differential methylation was predominantly hypomethylation, although only by a 

small the margin (MethylKit - 56% hypomethylated, DMAP – 52% hypomethylated).  
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More relevant to the potential role of epigenetics in the pathophysiology of ME/CFS are the genes 

and enriched functional pathways identified by these investigations. Gene functions and functional 

pathways linked to immune and cellular activity/metabolism systems are shared between these 

previously published works. This indicates that there is a common dysfunction occurring between 

the different ME/CFS cohorts and it is being observed by the epigenetic variation of ME/CFS 

patients. With a growing understanding that the immune system and the metabolic system are core 

components to the pathology of ME/CFS it is not surprising that epigenetic disruptions implicate 

these systems.  

 

4.6.1 Epigenetic disruptions to the Hypothalamic-Pituitary-Adrenal Axis  
 

The HPA axis has been a focus of epigenetic investigations into ME/CFS since the first 

investigations were published. The interest in this system is due to the role it plays in response to 

stress in in a range of downstream biological functions including; metabolism, immune responses, 

within the reproductive, central nervous and the cardiovascular systems, all of which are similar to 

the range of symptoms present in ME/CFS. Furthermore, in general the HPA axis is engaged by 

exercise, and individuals with an extreme HPA response to exercise are also known to react more 

strongly to psychological stress (Picard et al. 2015). As both exercise and stress are known to cause 

detrimental reactions in ME/CFS patients a disrupted HPA axis is a potential pathological 

candidate.  Finally, as the HPA axis is known to be highly responsive to the environment it makes 

detecting any associated epigenetic variations highly relevant to ME/CFS.  

 

Initial investigations into the epigenetic status of ME/CFS patients by Falkenburg et al. 2013, 

Vangeel et al. 2015 and Vangeel et al.2018 focused on Perforin (PRF1) and the glucocorticoid 

receptor NR3C1 due to the role these genes play the HPA axis (previously described in the 
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introduction). As the patients did show some small variation from the control cohorts in these genes 

the potential for a HPA axis disruption in ME/CFS patients was presented. Following the early 

work on a single gene the scale of investigations increased and the 2017 study by de Vega et al. 

investigated the methylation status of ME/CS patients on a genome wide scale. They found 13 sites 

that associated ME/CFS with glucocorticoid hypersensitivity. As glucocorticoids are released by the 

HPA axis in response to stress de Vega theorized that DNA methylation was associated with an 

aberrant response to stress. 

 

The importance of this prior work became apparent when, in the course of the current study, a 

number of functional pathways linked to the stimulation of the HPA axis were identified as having 

differentially methylated fragments within gene bodies. These included a number of 

neurotransmitter and neuropeptides such as; serotonin, dopamine, oxytocin, GABA, glutamate, 

endocannabinoid and apelin. 
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The paraventricular nucleus (PVN) is key to stimulating the HPA axis and it has recently been 

proposed as a key aspect of the pathology of ME/CFS (Mackay and Tate., 2018) with many of the 

characteristic symptoms of ME/CFS similar to what would be expected if the PVN was unable to 

respond appropriately to stress signals. Many of the pathways identified through this differentially 

methylation analysis are known to interact directly with the paraventricular nucleus including the 

neurotransmitters, apelin (Newson et al. 2009), serotonin, glutamate, GABA (Herman et al. 2016) 

and oxytocin (Yegen 2010) or indirectly such as endocannabinoids (Hillards, Beatka and 

Figure 4.1 A summary of the HPA axis including the overrepresented neurotransmitter 
pathways identified by this analysis.  The pathways identified in the overrepresentation analysis 
known to that stimulate the system either directly through the Paraventricular nucleus (PVN) 
corticotropin releasing hormone (CRH) cells or by an unknown mechanism linked to the 
hypothalamus are shown. The stimulation of the CRH cells then triggers a downstream 
stimulation of the anterior pituitary causing the release of adrenocorticotropic hormone (ACTH). 
ACTH in turn stimulates the Adrenal cortex releasing glucocorticoids including cortisol into the 
body.  Cortisol in turn has a role in the stimulation of a large number of downstream systems 
involved in a stress response.  Figure constructed by author.  
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Sarvaidea., 2016) and dopamine (Belujon and Grace., 2015). This supports a potential disruption to 

the activation of the HPA axis through the activity of the PVN nucleus with downstream impacts on 

the activity of a number of systems.  

 

While the previously described functional pathways can be linked to the stimulation of the HPA 

axis through the stimulation of the PVN what is particularly compelling is the fact that many of the 

enriched pathways and gene functions described previously in this thesis can also be linked to the 

downstream functions of the HPA axis. This is particularly relevant for the immune related 

functions. The immune system was highlighted by differential methylation at several points in this 

thesis, firstly in a number of immune related genes that were linked to differentially methylated 

regulatory elements and second in the enrichment analysis. The immune system is directly 

influenced by the HPA axis in addition to it being an influencer of the HPA axis. The HPA axis 

primarily is involved in the suppression of immune reactions and is itself triggered by cytokines 

linked to an immune response. This protects individuals from an extreme immune response, which 

with consideration to the sustained flu-like and immune related symptoms seems particularly 

relevant to the pathology of ME/CFS. 

 

Additionally, a number of mitochondrial related genes were linked to clusters of differential 

methylation within regulatory regions discussed. The link between mitochondria and the HPA axis 

has been explored in prior research. It has been theorized from mouse studies that mitochondria can 

regulate the activation of the HPA axis with modulations in the functions of mitochondria having an 

impact on the function of the HPA axis (Picard et a., 2015). Additionally, glucocorticoids released 

by the HPA axis have been found to be modulating mitochondrial calcium homeostasis and the 

generation of reactive oxygen species (Kasahara and Inoue., 2015). Of particular relevance to this 

study is the link between the HPA axis and Uncoupling protein-2 (UCP2) expression. UCP2 has 
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been shown in mouse studies to be upregulated by the activation of the HPA axis in response to 

stress (Kasahara et al. 2015). As the UCP2 enhancer was hypermethylated by a cluster of 

differentially methylation in ME/CFS patients it provides an additional link between the epigenetic 

status of patients and potential abnormal function of the HPA axis and related functional pathways.  

 

It is also interesting to note that the overrepresented functional pathway ‘circadian entrainment’ is 

present in this analysis. The HPA axis is essential in order to spread the rhythmic signals generated 

by the hypothalamic suprachiasmatic nuclei (SCN) described earlier throughout the brain and 

therefore the organism as a whole (Kalsbeek et al. 2012). With a disruption present in the HPA axis 

the circadian rhythm of ME/CFS patients may also be disrupted. With autonomic symptoms and 

sleep related dysfunctions in addition to early experimental work a circadian disruption in ME/CFS 

is supported (Jackson & Bruck 2012; Cambras et al. 2018). 

 

Overall the outcomes of this epigenetic investigation link together a number of factors implicating 

the dysfunction of the HPA axis through the activation of the PVN. As downstream impacts of 

cortisol (released by the HPA axis) have been linked to the pathophysiology of stress related disease 

in the past (Heim et al. 2000) it is a compelling hypothesis that the PVN of the hypothalamus has a 

central role for understanding the pathophysiology of ME/CFS. This is supported by the prior work 

having determined hypocortisolism in patients (Poteliakhoff 1981) in addition to an enhanced 

corticosteroid-induced negative feedback (Tomas et al. 2013) also present in patients. Without the 

normal regulation of this critical neuroendocrine pathway it would result in patients having 

abnormal biological responses to stress in addition to extreme immune responses. 
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4.6 Conclusion 
This master’s thesis completed the first investigation of its kind utilizing Reduced 

Representation Bisulfite Sequencing to identify genome wide differential methylation patterns 

associated with Myalgic Encephalomyelitis/Chronic Fatigue Syndrome Patients. Overall this study 

created DNA libraries from DNA extracted from a well-studied Dunedin ME/CFS cohort and 

matched age and gender controls. Quality assessment and optimization ensured appropriate data 

were produced for epigenetic-based analysis following the sequencing of the DNA libraries. These 

data then demonstrated that ME/CFS patients displayed significant changes in DNA methylation 

patterns compared to matched controls on an overall scale in addition to regions of regulatory 

importance and within gene regions 

 

A total of 394 differentially methylated cytosines (Q-value < 0.05, Diff Meth +/-15%) and 76 

differentially methylated fragments (Raw P-value <0.05, Diff Meth +/-15%) were identified using 

MethylKit and DMAP respectively. This statistically significant differential methylation was 

associated with genomic features with potentially important functional roles, such as enhancers, 

promoters and within protein coding gene bodies. Initial investigations into clusters of differential 

methylation combining both MethylKit and DMAP identified 16 protein-coding genes linked to 

differentially methylated regulatory features, all but 2 of which were hypomethylated.  

Additionally, a total of 21 promoters were identified with MethylKit, and 11 with DMAP fragment 

analysis. Of these the majority were hypomethylated, 69% and 54%, for both MethylKit and DMAP 

respectively. The roles of the genes linked to the differentially methylated regulatory regions 

indicated a disruption in the mitochondrial function and the immunological responses of patients. 

 

Differential methylation within gene regions identified 91 different genes with MethylKit and 31 

different genes with DMAP. Contrary to the overall and promoter differential methylation the 
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differentially methylation within the gene bodies identified by MethylKit were hypermethylated but 

only by a very small margin (51% hypermethylated). The DMAP genes were primarily 

hypomethylated though again by only a small margin 55%. The differentially methylated genes 

identified indicated disruptions to a number of neurologically related functional pathways including 

a number of neurotransmitters and neuropeptides. In addition to the neurological pathways, immune 

and metabolic related pathways were identified in the enrichment analysis.  

 

Finally, a number of the pathways observed in this work seem to be functionally relevant either to 

the normal stimulation of, or as a response to, the HPA axis. Prior research investigating differential 

methylation patterns and the general pathology of ME/CFS have often highlighted the potential role 

the HPA axis may play in the disease progression. This research provides evidence for an 

epigenetic disruption occurring in a number of pathways involved in the stimulation of the 

paraventricular nucleus, thereby impacting the HPA axis in ME/CFS patients and potentially 

leading to the presentation of the characteristic symptoms. While it is impossible to determine 

whether the epigenetic variation is causal or consequent of the disease this differential methylation 

analysis has highlighted a number of functional systems providing insight into the pathophysiology 

of the ME/CFS. 

 

 

 

4.7 Future directions 
The outcome of this research clearly indicates that epigenetics is an avenue of investigation 

worth pursuing in order to further understand the pathophysiology of ME/CFS. Future work is 

therefore planned to build on the foundation established here. These include a study currently 

underway that is a longitudinal assessment of the DNA methylome of two patients and a control 
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(age and sex matched) where the blood was taken at regular intervals to capture periods of relapse 

and partial recovery in the patients.  Due to the potential link between the DNA methylation state 

and the disease state of ME/CFS patients, the investigation of the methylome across these relapse 

events will determine whether the characteristic fluctuations in symptom severity is associated with 

fluctuations in the DNA methylation in critical genes and genomic regions.  

 

Additional work building directly on this study would be the validation of the results seen in this 

exploratory analysis. A potential avenue of investigation would be to utilize a more specific 

investigative method such as sequencing of specific products of interest following bisulfite 

conversion or the commonly used validation method of pyrosequencing. This would enable the 

assessment of a specific region or feature of interest such as one or multiple clusters of differential 

methylation associated with regulatory features or several of the key gene regions identified in this 

analysis.  As this could be performed either with the same cohort of patients or in an additional 

cohort of patients it would provide strong evidence that the changes are reflective of an overall 

ME/CFS pathophysiology.  

 

Additional work includes the planned assessment of the DNA methylation status of patients 24h 

following exercise. As post-exertional malaise is a key characteristic symptom of ME/CFS, 

described previously as the inability to recover normally and re-exercise 24h after an exercise 

episode, investigating the epigenetic response to exercise may shed light on a regulatory foundation 

or response to this symptom specific to ME/CFS.  

 

Finally an exciting addition to these studies is planned work to assess the methylation response of 

ME/CFS patients and their feeling of well-being to the mitochondrial targeted antioxidant 

supplement ‘MitoQ’. MitoQ helps to support the activity of the mitochondria through its regulation 
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of reactive oxygen species (ROS). As the mitochondria are implicated in the pathophysiology of 

ME/CFS there is potential to investigate in a longitudinal study the patient’s epigenetic response to 

the supplement, and relate it to responses in the functions of the complexes involved in energy 

production.  

 

Overall this thesis showed a number of changes in the methylation status of ME/CFS patients 

compared to controls that show compelling links to the pathophysiology of the disease. The 

identification of a number of differentially methylated regulatory features provides evidence that 

patients may be in a state of aberrant regulation. Additionally, enriched pathway analysis provides 

evidence of specific systemic dysfunctions associated with ME/CFS with epigenetic patterns 

highlighting a potential neurological dysfunction.  Further work in the future will build upon this 

foundation to comprehensively identify ME/CFS specific epigenetic features.  
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Appendices 

Appendix A   ME/CFS Prevalence 

Table A1. Table showing the individual prevalence of ME/CFS reported by each study used to 
produce Figure 1. 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Country Reference Prevalence 

Norway Bakken IJ et al., 2014 0.001% 

Denmark Falk Hvidberg et al., 2015 0.014% 

India Balachander et al., 2014 0.07-0.56% 

Italy Capelli et al., 2015 0.1-0.2% 

Australia Working Group of the 
Royal Australasian College 
of Physicians, 2002 

0.2-0.7% 

Germany Jason et al., 2011 0.37% 

Great Britain NICE., 2007 0.4% 

United States of America Reyes M et al., 2003 0.5% 

Nigeria Njoku et al., 2007 0.68% 

Japan Hamaguchi et al., 2011 1.0% 

South Korea Chang-Gue Son,. 2012 1.4% 

Iceland Lindal et al., 2002 1.4% 

Brazil Cho HJ et al., 2009 1.6% 

Canada C Ruso et al., 2015 1.64% 

Sweden Evengard et al., 2005 2.60% 

Netherlands Huibers MJ et al., 2004 3.60% 
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Appendix B    Materials 
 
A basic listing of the wet lab materials and kits required for the experiments performed as part of 
this thesis, supplier listed if appropriate 
 

 
B.1 Lab Materials 
 

 
 

 1X TBE Buffer (20L)   

55g Boric Acid 

108g Tris  

9.8g EDTA 

Made up to 20L with H2O 

 

0.5X TAE Buffer (1L) (prepared  by Eccles 

laboratory) 

54g Tris   

27.5g Boric acid 

20ml 0.5M EDTA 

made up to 1L with H2O 

 

 

 Invitrogen Life Technologies;  Ethidium Bromide 

Lab Supply, New Zealand;       Agar 

                 

New England BioLabs:            MspI 

            NEB Buffer 4 

 

Lonza:                                  Nusieve 3:1 Agarose 

 

Invitrogen :                         25bp DNA ladder 

 

Beckman Coulter Life sciences: AMPure XP beads 

 

λ DNA-Hind III marker (100µl) 

 10µl of 10 × Buffer B 

 42µl of λ DNA 

 2.5µl of Eco RI 

 2.5µl of Hind III 

 43µl of H2O 

 

DNA Loading Dye  (10ml) 

4.2g of 7M urea 

5g of 50% sucrose 

5µl of 0.1mM EDTA pH 8 

5ml of 0.1% BPB 

made up to 10ml with H2O 
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B2. Specialized Kits 
 
DNA extraction 
 
GE Healthcare: Illustra blood GenomicPrep Mini Spin Kit 

 

DNA Purification 

Qiagen, Germany: MinElute Reaction Cleanup Kit 

         MinElute PCR Purification Kit  

                               QIAquick PCR purification kit 

 

DNA Library Preparation and Indexing 

Illumina:  TruSeq DNA Sample Preparation kit 

 

Bisulfite Conversion 

Zymo Research: EZ DNA Methylation Kit 

 

Gel Extraction 

Qiagen; Gel Extraction Kit 

 

Bioanalyser kit 

Agilent; Agilent High Sensitivity DNA Kit 

 

Qubit concentration DNA preparation kit 

Thermofisher; Qubit dsDNA HS Assay 
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Appendix C   Additional DNA Concentration Measures 

 

 

 

 

 

 

 

 

 

Appendix D   ME015 Individual Figures 
 

 

 

 

 

 

 

 

 

Sample ID Concentration (ng/µl) 

C002 7.51 
C004 7.41 
C008 21.7 
ME003 6.39 
ME004 8.22 
ME006 6.69 
ME014 14.9 

Table C1. Concentration (ng/µl) of DNA samples re-extracted for completion 
of the cohort.  
 

Figure D1. Read Coverage histogram for 
sample ME015. Log10 read coverage 
shown on the x axis with frequency 
shown on the y axis.  
 

Figure D2. Methylation % histogram for 
sample ME015. Methylation % shown 
on the x axis with frequency shown on 
the y axis.  
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