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Abstract 
 

 

DNA methylation is an epigenetic modification established during cellular 

differentiation, and when removed by either active or passive means, can substantially 

improve the efficiency by which induced pluripotent stem cells are created for the sake 

of regenerative medicine. During the ‘active’ removal of DNA methylation, the Ten-

Eleven Translocation (TET) enzymes catalyse the oxidation of cytosine methylation 

(5mC) to 5-hydroxymethylcytosine (5hmC) and further derivatives. Unpublished work 

from the Hore laboratory and collaborators has shown that TET differentially targets 

particular CG-containing hexamer motifs for rapid demethylation but leaves others 

unaffected.  

Currently, it is unclear if ‘passive’ epigenetic memory loss, whereby 

demethylation results from the inhibition or inactivation of the DNA methylation 

maintenance machinery, also shows a preference for certain CG-containing hexamers. 

DNMT1 typically acts to maintain DNA methylation by catalysing the addition of methyl 

groups on hemimethylated DNA, enabling the transmission of methylation after DNA 

replication or repair. A cytosine-analogue called decitabine, which is also used in cancer 

treatment, can be utilised to block DNMT1 activity. 

 

In this project, I used bisulfite sequencing data from decitabine-treated mouse 

embryonic stem cell samples to determine the kinetics of demethylation at all 256 CG-

containing hexamers over a 48-hour period. A bioinformatic pipeline was implemented 

for the extraction and analysis of CG-containing hexamers from trimmed and mapped 

sequencing reads. Demethylation rates from these hexamers were examined both within 

and outside of CpG islands (CGI) and my analysis was performed in both absolute and 
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relative terms according to similar experiments performed recently. In doing so, I found 

that once starting methylation levels and genomic location were taken into account, 

passive demethylation of DNA showed no preference to certain CG-containing hexamers, 

in stark contrast to that of active DNA demethylation. 

 

In studying the kinetics of passive demethylation, I was able to answer a 

fundamental biological question regarding the mechanism by which passive 

demethylation occurs. However, in an applied sense, the value of this work will help to 

assess merits and risks of DNA demethylation strategies for the efficient creation of 

induced pluripotent stem cells that are safe for clinical use. 
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1 Chapter One: Introduction and Aims 

 

As cells differentiate during development the pattern of gene expression held by 

each cell type is enforced and maintained, at least in part, by the presence of epigenetic 

modifications. Epigenetics refers to heritable chemical modifications “on-top” of DNA 

which affect how the DNA sequence is read and expressed in the cell without altering the 

sequence itself (Handy et al., 2011). Epigenetic modifications allow cells of the body, 

which all contain the same genetic sequence, to have different fates and cellular identities. 

These include modifications to chromatin such as the presence of histone modifications, 

as well as modification of DNA itself.  

The developmental biologist Conrad Waddington described epigenetics in terms 

of a landscape, the uppermost part of this landscape is a single valley with a marble at the 

top representing an undifferentiated, or pluripotent, cell (Figure 1) (Waddington and 

Kacser, 1957). Pluripotency refers to the ability of a cell to differentiate into all the cell 

types of an adult body. As the marble rolls down the hill, the valley gradually divides, 

producing different valleys that the marble is channelled into, unable to move between 

valleys or roll back up the hill. These valleys represent the different cell fates that the cell 

can take on, with the cell becoming more differentiated as it moves down the hill, 

reducing its potential. The fate that the cell progresses to is influenced by the epigenetic 

modifications present. As a result, different cell types have epigenetic patterns that are 

specific to their cellular lineage (Hon et al., 2013).  

 

The most well-studied form of epigenetic modification in mammals (Smith and 

Meissner, 2013), and the focus of this investigation, is DNA methylation. DNA 

methylation is a stable form of an epigenetic modification as it can be transmitted through 
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cell-division providing a form of epigenetic memory (Bird, 2002). The DNA methylation 

profile of a cell helps to enforce and maintain patterns of gene expression through the 

ability to repress transcription when it is deposited in gene promoter and is modified 

through the addition and removal of methyl marks from DNA (Hemberger et al., 2009, 

Shipony et al., 2014).  

 

 

Figure 1: Waddington’s epigenetic landscape.  

Waddington described the epigenetic modifications accumulated on the genome of a cell during 

development as a marble rolling down a hill. The marble at the top of the hill represents a 

pluripotent cell, and is channelled into different valleys representing different cell fates of a 

differentiated cell, determined by epigenetic modifications present such as DNA methylation. 

Figure modified from Waddington, 1957 

 

1.1 DNA Methylation  

 

DNA methylation refers to the epigenetic modification in which methyl groups 

are covalently added to the fifth carbon residue of cytosines in DNA (Goll and Bestor, 

2005, Razin and Riggs, 1980). In mammals, this modification typically occurs in the 
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context of cytosine-guanine (CpG) dinucleotides. The methylation observed is not, 

however, evenly distributed throughout the genome (Bird, 1986) .   

DNA methylation is mainly observed within repetitive sequences, such as 

transposable elements (silencing these regions for the protection of chromosomal 

integrity (Daskalos et al., 2009)), imprinted genes (Esteller, 2007a), gene bodies (Ball et 

al., 2009, Hellman and Chess, 2007) and intergenic regions (Lee et al., 2014). Conversely, 

there are generally low levels of DNA methylation at regions of the genome which are 

CpG-rich, known as CG islands (CGI) (Weber et al., 2007, Bird et al., 1985).  

CG islands are regions larger than 200 bp that are characterised by an elevated 

and densely clustered CG context (>50% GC content) in comparison to other regions of 

the genome (Antequera and Bird, 1993). CpG islands hold great significance as they are 

associated with 60-70% of human gene promoters and therefore have the potential to 

directly influence the transcription of specific genes (Antequera and Bird, 1993, Saxonov 

et al., 2006). Within a 2 kb region of the CGIs themselves, there is a region of 

differentially methylated CpG sites denoted ‘CpG shores’ (Irizarry et al., 2009). The 

variation in the methylation profile at CpG shores is specific to the tissue type or disease 

state of a cell (Irizarry et al., 2009). 

 

The transcriptional silencing resulting from DNA methylation within the context 

of a promoter is thought to occur either directly or indirectly. Direct silencing can result 

from the inhibition of transcription factor binding (Kuroda et al., 2009). Alternatively, it 

can occur indirectly as a result of the recruitment of methyl-CpG binding domain (MBD) 

proteins – responsible for the recruitment of factors to alter histone modification - 

resulting in the remodelling of chromatin to an inactive state (Esteller, 2007b).  
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The addition of methyl marks is catalysed by DNA methyltransferase (DNMT) 

enzymes. The DNMT enzymes contain a core catalytic domain at the C-terminus where 

the DNA and cofactor, S-adenosyl methionine (SAM), bind (Tajima et al., 2016, 

Jurkowska et al., 2011). Members of the DNMT enzyme family utilise a base flipping 

mechanism to twist the target cytosine base out of the DNA strand for the insertion into 

the catalytic pocket (Klimasauskas et al., 1994, Hong and Cheng, 2016). Once in position, 

the methyl group of SAM is transferred to the cytosine (Martin and McMillan, 2002).  

There are three active DNMT enzymes which have been identified in mammalian 

cells; DNMT3a, DNMT3b, and DNMT1. DNMT3a and DNMT3b are responsible for the 

production of novel methylation of DNA, referred to commonly as de novo methylators 

(Okano et al., 1999, Bird and Wolffe, 1999).  

 

DNMT1, the maintenance methylator, is essential to the ability of DNA 

methylation to be stably inherited during DNA replication, integral to its role as a form 

of epigenetic memory (Fatemi et al., 2001, Leonhardt et al., 1992). This maintenance is 

enabled by the strong preference DNMT1 has for hemimethylated CpG-sites as a 

substrate over unmethylated sites or fully methylated sites (Fatemi et al., 2001, Zucker et 

al., 1985).  

Hemimethylated CpG-sites arise from the nature of DNA replication, wherein the 

parental strands of DNA maintain their methyl marks and the newly synthesised strands 

contain no methylation. Having been targeted to a hemimethylated site, DNMT1 

catalyses the addition of methyl marks to the newly synthesised strand post-DNA 

replication, allowing the DNA to be methylated on both strands, maintaining the 

epigenetic memory (Figure 5). 
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1.1.1 DNA Methylation During Development 

 

Whilst DNA methylation is often described as a stable epigenetic modification, 

during mammalian development the DNA methylation profile of cells varies greatly. 

Cells which have committed to a somatic cell fate exhibit a high level of CpG methylation 

across the genome (70-80%) (Bird, 2002) (Figure 2). By comparison, embryonic stem 

cells (ES cells), cells taken from the inner cell mass of the blastocyst and primordial germ 

cells, show low levels of global methylation, between 5% and 30% (Seisenberger et al., 

2012, Lee et al., 2014) (Figure 2). The pluripotent state of these cells, their ability to 

differentiate into all cells of the body, suggests that a reduced methylation profile of a cell 

is associated with high levels of developmental potency (Habibi et al., 2013). As these 

cells develop and begin committing to a cell fate, there is an increase in DNA methylation 

in particular patterns relating to the cell type developing (Lee et al., 2014), and an 

accompanying decrease in pluripotent potential. Accordingly, the ability to remove DNA 

methylation from the genome could enhance the creation of induced pluripotent stem 

cells (iPS cells).  
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Figure 2: DNA methylation changes during development. 

Mammals undergo two major events of demethylation, first a process of active demethylation in 

the paternal genome of the zygote post-fertilisation (blue line, labelled A). DNA methylation is 

added back onto the genome in specific patterns to give rise to different cellular lineages (B). The 

second wave of demethylation occurs to a group of cells in the epiblast that become the primordial 

germ cells [PG cells] (C). Subsequentially methylation is re-established in a sex-specific manner 

to give the male or female gamete (blue and red lines labelled D). Figure modified from Lee et 

al., 2014 

 

In mammals, there are two major events of demethylation during development 

(Ravichandran et al., 2018, Lee et al., 2014) (Figure 2A, 2C).  Initially, there is a global 

loss of methylation from the paternal genome following fertilization (Figure 2A) (Mayer 

et al., 2000). Spermatozoa begin with 90% methylation, a significantly higher level than 

that of oocytes (40%), which is rapidly demethylated within the first cell cycle 

(Kobayashi et al., 2012, Guo et al., 2014). This rapid loss of methyl marks results from a 

process of active demethylation (Mayer et al., 2000), likely catalysed by the Ten-Eleven 

Translocation 3 (TET3) enzyme which is highly expressed in the zygote (Iqbal et al., 

2011, Peat et al., 2014).  Thus, the resulting pluripotent early embryo shows low global 

levels of methylation (~30%) (Lee et al., 2014). Methylation begins to be re-established 

at implantation as development progresses and cells begin committing to a somatic cell 
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fate (Figure 2B) (Lee et al., 2014). There are high levels of expression of DNMT3A and 

DNMT3B in these early embryonic cells, responsible for lying down the methylation 

pattern of the cell (Chen et al., 2003, Okano et al., 1999). Among those first targeted for 

suppression via de novo methylation by DNMT3A and DNMT3B is Elf5, a 

trophectoderm determinant gene, and several pluripotency-related genes, including 

Nanog and Klf2, which need to be silenced in order to allow differentiation (Epsztejn-

Litman et al., 2008, Seisenberger et al., 2013). 

 

The second event of global demethylation is observed in a group of posterior 

epiblast cells, precursors to the primordial germ cells (PG cells) (Figure 2C). 

Demethylation occurring at these cells represents the greatest change in methylation 

levels within the mammalian lifecycle, with the loss of up to 90 percentage points (pp) of 

DNA methylation (Lee et al., 2014). The germline of mammals is not a continuous 

lineage, rather PG cells are specified from somatic tissue early in embryonic development 

and go on to become the spermatozoon or oocyte (Hayashi et al., 2007). The loss of 

methylation at this stage appears to result through a combination of active and passive 

mechanisms, with early demethylation occurring passively with global effects and later 

demethylation occurring actively in a locus-specific manner (Kagiwada et al., 2013, 

Hackett et al., 2013). This demethylation event produces developmentally potent 

germline cells that ultimately develop into sperm or egg, and lack parent-specific 

imprinting marks (Lee et al., 2014). Subsequently, there is a re-methylation of these cells 

in a pattern that is specific to either spermatozoon or oocyte (Figure 2D). The absence of 

demethylation in PG cells has been shown to result in precocious differentiation of the 

germline, hindering downstream fertility through hypogonadism (Hargan-Calvopina et 

al., 2016). 
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It is evidenced by these events of methylation and demethylation that a balance 

of these process is integral to the correct reading of DNA which ultimately allows for the 

differentiation of cells and the development of organisms. Ultimately, making the 

presence and subsequent modifications of DNA methylation essential for normal 

mammalian development to occur. 

 

1.2 Removal of DNA Methylation 

 

DNA demethylation refers to the loss of methyl marks from the genome, and can 

occur by either 'active' removal of the methyl group (Kohli and Zhang, 2013), or 'passive' 

loss of methylation through the inactivation of maintenance machinery during DNA 

replication.  

 

1.2.1 Active Demethylation by the TET enzyme 

 

Active demethylation is the removal of methyl marks from DNA via the Ten-

Eleven Translocation (TET) enzyme (Tahiliani et al., 2009).  

TET enzymes are iron and α-ketoglutarate dependent dioxygenases (Fe2+/αKG-

DO) (Ravichandran et al., 2018, Loenarz and Schofield, 2011). The three TET enzymes, 

TET1, TET2 and TET3, all contain a core catalytic site consisting of a double-stranded 

β-helix domain (DSBH) and a cytosine rich (cys-rich) domain preceding this (Rasmussen 

and Helin, 2016). The dioxygenase activity, in which 5-methylcytosine (5mC) is oxidated 

to 5-hydroxymethyl cytosine (5hmC) and then to further derivatives (Ito et al., 2010, Iyer 

et al., 2009) is carried out in the DSBH domain (Figure 3). In order for the oxidation 

reaction to occur, the TET enzyme rotates the target cytosine base out via a base flipping 
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mechanism (Ravichandran et al., 2018), as is utilised by the DNMT enzymes 

(Klimasauskas et al., 1994, Hong and Cheng, 2016). 

 

Restoration of unmodified cytosine ultimately occurs through the thymine DNA 

glycosylase (TDG) base excision repair (BER) pathway (TET-TDG-BER pathway), 

however, the initial step of active methylation modification occurs via the TET family of 

enzymes. TET is first responsible for the successive oxidation of 5mC to 5hmC and then 

to 5-formylcytosine (5fC) and 5-carboxylcytosine (5caC) (Ito et al., 2011, He et al., 2011) 

(Figure 3). It is the latter two of these derivatives, 5fC and 5caC, that are recognised by 

TDG for excision (He et al., 2011, Hashimoto et al., 2012a) (Figure 3). The abasic site 

that is subsequently formed is repaired via the BER pathway to give an unmodified 

cytosine, thus completing the active demethylation pathway (He et al., 2011, Maiti and 

Drohat, 2011). The highly co-ordinated nature of the TET-TDG-BER pathway prevents 

the formation of double-stranded DNA breaks (Weber et al., 2016).  

Additionally, TET has been proposed to catalyse an active-passive demethylation 

pathway. This pathway refers to the loss of oxidative derivatives formed from TET 

activity through the decreased affinity of DNMT1 to 5hmC, 5fC, and 5caC (Jurkowski 

and Jeltsch, 2011, Hashimoto et al., 2012b). As a result, the modifications would fail to 

be copied to the newly synthesised strand of DNA.  
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Figure 3: The cycle of DNA methylation and demethylation in mammals.  

DNMT enzymes catalyse the addition of methyl groups to an unmodified cytosine [C] forming 

5-methylcytosine [5mC] (green arrow), and giving the epigenetic modification of DNA 

methylation. TET oxides 5mC to form 5-hydroxymethylcytosine [5hmC], 5-formylcytosine [5fC] 

and 5-carboxylcytosine [5caC] (blue arrows). These derivatives are removed from DNA via 

thymine DNA glycosylase [TDG] and base excision repair [BER], giving an unmodified cytosine 

(red arrows). All modifications can also be removed passively from the genome (grey arrows). 

Passive demethylation can occur through the absence of DNA maintenance machinery or in an 

‘active-passive’ route in which TET induces a passive loss. Figure modified from Ravichandran, 

Jurkowska, & Jurkowski, 2018.  
 

 

1.2.1.1 Targeting of TET to DNA 

 

Understanding of the mechanism controlling recruitment and targeting of TET to 

specific loci for demethylation is limited (Ravichandran et al., 2018). In addition to the 

core catalytic domain of TET, both TET1 and TET3 have a CXXC domain which has 

been implicated in the targeting of TET (Xu et al., 2011). The CXXC domain is absent 

from the TET2 enzyme and instead TET2 interacts with another protein, IDAX/CXXC4, 
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which possesses this domain and was formed as a result of a chromosomal inversion of 

the TET2 gene (Iyer et al., 2009, Tahiliani et al., 2009). Additionally, interactions 

between TET and other proteins, such as pluripotent factors like as NANOG, are thought 

to aid in the recruitment and guiding of TET to specific regions of the genome for 

demethylation (Costa et al., 2013, Ravichandran et al., 2018). NANOG is a 

homeodomain-containing protein which works to maintain pluripotency in embryonic 

stem cells through the suppression of factors that control cell lineage progression 

(Chambers et al., 2003). Costa et al. (2013) demonstrated the physical interaction 

between NANOG and TET1/TET2, suggesting that TET is targeted to specific regions 

by NANOG to regulate pluripotency in the cell (Costa et al., 2013).  

 

In recent unpublished work from the Hore and Jurkowski laboratories, the 

catalytic domain of mouse TET3 (mTET3-CD) has been shown, in vitro, to prefer certain 

sequence motifs without any interaction or guidance from other proteins. Specifically, 

certain CG-containing hexamers (such as CACGTG), exhibit demethylation kinetics that 

are several orders of magnitude faster than slowly demethylating motifs such as 

ATCGCG (Hore TA and Jurkowski TP, personal communication) (Figure 4). These same 

sites also demethylate at fast or slow rates respectively in cultured cells and in vivo.  
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Figure 4: TET-mediated Active Demethylation 

Average absolute methylation levels in all non-CGI contexts, as calculated from three biological 

replicates (red) and the difference in methylation at each of the individual non-CGI motifs (grey 

lines) following TET3-CD expression. TET3-CD rescue in TET-TKO mouse embryonic stem 

cells shows preference to certain CG-containing hexamers resulting in very fast and very slow 

loss of DNA methylation at some CpG sites due to the flanking sequences present (hexamers 

motifs noted). (n=3, ±standard deviation) Unpublished work from Davies, Ortega and Hore. 

 

It has been proposed that the preference of the TET3 catalytic domain to certain 

DNA motifs is a result of an ‘in-direct’ readout – essentially that it is not the sequence of 

DNA that is important for targeting, rather its capacity to fit in the catalytic site. The 

binding of TET to DNA causes a strong bending of DNA (Xing et al., 2020, Hu et al., 

2013). The amount of bending that occurs, as a result of the DNA sequence flexibility 

and the presence of modifications, may result in the preference in some sequence over 

others (Ravichandran et al., 2018). This phenomenon has been described in other DNA 

binding proteins, restriction enzymes and bacterial MTases (Jurkowski et al., 2007), and 
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preliminary crystal structure analysis of TET protein complexed with DNA supports this 

hypothesis (M. Bochtler, unpublished). 

1.2.2 Passive Demethylation 

 

In contrast to active removal, passive demethylation refers to the loss of 

methylation from the genome as a result of inactivity or absence of DNMT1 to maintain 

methylation following successive rounds of DNA replication (Kohli and Zhang, 2013). 

Typically, DNMT1 is targeted to hemimethylated sites in the genome to catalyse the 

addition of methyl groups to unmethylated cytosines (Figure 5). As a result of DNMT1 

absence, methyl marks are not copied across to the newly synthesised strand of DNA and 

methylation is lost as cells divide (Figure 5).  

 

 

Figure 5: Induction of passive demethylation in mammals. 

DNMT1 maintains methylation by targeting hemimethylated DNA that arises as a result of DNA 

replication, and catalysing the addition of a methyl mark to the newly synthesised strand of DNA. 

Inhibition of DNMT1 means the methyl marks are not ‘copied across’ to the newly synthesised 

strand of DNA and methylation fails to be maintained as DNA continues to replicate 

exponentially. Glanfield 2020, original work. 
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Decitabine (5-aza-2’-deoxycytidine) can mediate demethylation through binding 

to the DNMT enzymes and precipitating their proteasomal degradation  (Daskalakis et 

al., 2010). The use of decitabine as a demethylating agent has been demonstrated for 

many years, particularly as an antileukemic drug (Creusot et al., 1982), preventing the 

maintenance of the characteristic hypermethylation of tumour suppressor genes, a 

hallmark of cancer cells (Sakai et al., 1991). Decitabine, an analog to the pyrimidine 

nucleotides, incorporates into DNA and subsequently forms a covalent complex with 

DNMT1 (Jones and Taylor, 1980). The formation of this complex blocks the ability of 

DNMT1 to methylate hemimethylated DNA and maintain methylation (Jones and Taylor, 

1980, Creusot et al., 1982). During normal mammalian development, the absence of 

DNMT1 is achieved through its exclusion from the nucleus or downregulation of 

recruitment factors (Carlson et al., 1992, Ratnam et al., 2002, Kagiwada et al., 2013). 

 

Whereas TET has been shown to have preference to certain CG-containing 

hexamers for demethylation, there is conflict the literature on whether passive 

demethylation differentially effects certain loci (Hagemann et al., 2011, Lund et al., 

2014). Moreover, although these analyses attempted to quantify demethylation kinetics 

on a genomic level, they failed to examine if the bases immediately flanking CpG 

dinucleotides affect the rate of DNA methylation loss. Lastly, prior experiments have 

focussed on cancer as a model system for passive demethylation (as decitabine is used in 

cancer treatment); however, this is not appropriate for other important demethylation 

contexts such as in pluripotent cells (see more below) and therefore needs to be re-

addressed.  
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1.2.3 Demethylation and the Creation of iPS cells 

 

The demethylation activity of TET is implicated in the pluripotent state of cells 

as observed through TET knockdown and TET overexpression experiments. TET-

knockdown is associated with increased methylation at promoter regions and 

consequently a reduction in the expression of genes associated with pluripotency (Ficz et 

al., 2011). Correspondingly, the overexpression of TET was able to enhance iPS cells 

reprogramming (Hore et al., 2016, Costa et al., 2013). 

Induced pluripotent stem cells refer to the generation of pluripotent cells from 

somatic cells (Takahashi and Yamanaka, 2006). iPS cells provide hope for personalised 

regenerative medicine, the field of clinical research aiming to replace aged and 

pathological cells from a patient with rejuvenated, healthy cells reprogrammed from 

elsewhere. As the cells are derived from the patient’s own tissues, problems with eliciting 

an immune response due to treatment will be avoided. Furthermore, iPS cells will aid 

disease research through the ability to create a cell line which can continue to divide 

indefinity (Park et al., 2008).  

 

iPS cells are reprogrammed from adult somatic cells through the introduction of 

a set of transcription factors for the pluripotency related genes, in particular Oct3/4, KIf4, 

Sox2, and c-Myc (Takahashi et al., 2007). There are obstacles facing the efficiency of 

complete transformation of iPS cells to a more ES cell fate, including repressive 

methylation at the promoter region of pluripotency genes and the aberrant methylation 

still present in iPS cells, reflecting the cell lineage (Nishino et al., 2011, Wang et al., 

2019). Understanding the full process by which the different mechanisms of 
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demethylation occur, and how they act to remove methylation from DNA, is essential for 

the efficient creation of safer pluripotent stem cells that can have widespread clinical 

implementation.  

The transient inhibition of DNMT1 by 5-aza-cytidine (AZA), a drug very similar 

to decitabine that induces passive demethylation (Jones and Taylor, 1980), has also been 

shown to accelerate reprogramming of already partially reprogrammed cells through a 

failure to maintain methylation at pluripotency-associated genes (Mikkelsen et al., 2008). 

However, AZA treatment is also associated with high cell death when attempting to 

enhance reprogramming to a pluripotent-like state in lineage committed cells (Mikkelsen 

et al., 2008). This cytotoxicity is thought to result through hypomethylation-induced 

apoptosis and highlights the risks of demethylation to genomic stability (Jackson-Grusby 

et al., 2001). 

 

Whether passive demethylation, through the absence of DNMT1, results in 

targeted demethylation like TET-mediated demethylation or in broadscale demethylation 

will have implications on its potential as a demethylating mechanism for safe and efficient 

creation of iPS cells. While broadscale demethylation may be advantageous in removing 

methylation from regions that are slow to demethylate by TET, it holds an inherent risk 

in the removal of methylation from places from which methylation is essential. DNA 

methylation is essential in such sites as at transposable elements and imprint control 

regions (ICR), sites where expression occurs in a parental-origin-specific manner 

(McGrath and Solter, 1984, Surani et al., 1984). If methylation is lost from either of these 

sequences, the resulting iPS cells generated will be unsafe and unusable (Hore, 2017).     
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1.3 Research Aims 

 

In this research I aimed to determine whether passive demethylation, resulting 

from the inhibition of DNMT1, has a preference for certain CG-containing hexamers. 

Based on the mechanism of methylation maintenance employed by DNMT1, in its 

absence I hypothesised that there would be a lack of hexamer preference for passive 

demethylation, and accordingly demethylation would occur at a similar rate across the 

board. 

To test this, I implemented a bioinformatic pipeline to analyse the bisulfite 

sequencing (BS-seq) data of previously generated decitabine-treated wildtype mouse 

embryonic stem cells (mES cells) and calculated the total methylation loss and 

demethylation velocity for each of the 265 CG-containing hexamer possibilities. This 

allowed me to determine whether there was a preference for certain CG-containing 

hexamers during the removal of methylation by passive demethylation. The subsequent 

analysis was compared to recent work by the Hore laboratory and collaborators 

investigating the kinetics of active demethylation by TET. 
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2 Chapter Two: Methods 

 

2.1 DNA Library Preparation and Sequencing 

 

This investigation of the kinetics of passive demethylation relied upon decitabine 

treated cells, and bisulfite sequencing libraries created from them, that I generated during 

a summer studentship project in the Hore Lab, Otago (2019/2020) (Figure 6). 

Methodological details relevant to this project are outlined in the opening paragraphs of 

the results section; however, the pooling of the sequencing libraries and their submission 

for sequencing was performed during my Honours project. As such, details of this and all 

subsequent methods are outlined below.  

 

2.1.1 Pooling Libraries 

 

The bisulfite-sequencing libraries from my summer work were pooled together in 

equal quantities, as determined by the NanoDrop™ 2000/2000c Spectrophotometer.  

 

Following this, size selection of the pooled library was undertaken in order to 

achieve a library size of 300-550 bp. An agarose gel was prepared at 1% concentration 

weight/volume in Tris/Acetate/EDTA (TAE) buffer solution, with GelRed (Biotium 

41003) added to the agarose mixture at 1/20,000 concentration for the visualisation of the 

DNA libraries under ultra violet (UV) light. From the pooled libraries, 25 μL was loaded 

into a well and run for 130V for 30 minutes between flanking 100-base pair Bioline 

HyperLadderTM ladders used as a reference for size selection. The gel-slice containing 

DNA between 300-550bp was extracted using a clean, sharp scalpel under the UV light 

transilluminator.  
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DNA was purified from the gel using the QIAquick® Gel Extraction Kit (cat. nos. 

28704). The manufacturer’s directions were followed, ensuring that during the Buffer PE 

step of the protocol, the Buffer PE was let sit in the column for 2-5 minutes prior to 

centrifugation. An additional centrifugation step was also included prior to the final 

elution step of the protocol to ensure all the Buffer PE was discarded. From the eluted 

DNA isolated in this process, 2 μL were run on a 1% agarose gel to determine how 

successful the DNA extraction process was. 

 

2.1.2 Quantification and Sequencing of DNA 

 

To quantify the amount of DNA present in the pooled library samples post gel 

extraction 2 μL of the isolated DNA was analysed on the Qubit® dsDNA HS Assay Kits 

following the manufacturer’s directions. The resulting pooled DNA libraries were 

sequenced on an Illumina HiSeq, using single-end 100 bp chemistry. 

 

Bioinformatic Analysis of Decitabine samples 

 

A bioinformatic pipeline previously developed in the Hore laboratory was 

employed in order to process the large output of data resulting from the sequencing run 

(Figure 6).  
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Figure 6: Bioinformatic Pipeline 

Schematic outlining the bioinformatic pipeline implemented and the programs used (red section) 

to analyse samples previously generated in a Summer Student at Otago University (black section) 

and generate figures. 
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2.1.3 Quality control, Trimming, and Mapping Pipeline 

2.1.3.1 FASTQC analysis and trimming 
 

FASTQC and Trim Galore! are bioinformatic tools developed by the Babraham 

Institute for analysis and curation of high throughput sequencing data 

(www.bioinformatics.babraham.ac.uk/projects/). FASTQC examines various control 

aspects of sequencing outputs such as the per base sequence quality, per sequence quality, 

sequence duplication levels, and adapter content. In doing so it provides an impression of 

whether any issues arose in the data, and regions that require trimming.  

TrimGalore! automates the removal of adapters and low quality sequences from 

sequencing output. This is important because adapters that were used for the post bisulfite 

adapter tagging (PBAT) process, which had not undergone bisulfite conversion, needed 

to be removed from the output before analysis as to not hinder bisulfite conversion 

efficiency calculations. As such, both a hard trim of the 10 bp from the 5’ end of all the 

reads, and trimming of regions with a Phred quality score of less than 20 was undertaken 

(Table 1). The exact code for performing the trimming is listed below. 

 

Table 1. Script to Trim Sequence Output 
 

#The TrimGalore program was used to trim sequencing output  

 

#Used to select the TrimGalore software for use 

cd /Users/horelab/TrimGalore 

 

#Used to trim low quality reads, below a phred score of 20 “-q 

20”, and to remove adapter sequences “--clip_R1 10” 

./trim_galore -q 20 --clip_R1 10 --path_to_cutadapt 

/Users/horelab/TrimGalore/cutadapt -o /Volumes/osms-anatomy-

hore-lab/OG5452/OG5452_fastq/RosieGLANFIELD/ /Volumes/osms-

anatomy-hore-

lab/OG5452/OG5452_fastq/RosieGLANFIELD/iSeq009_V65_*_*_*_RG_fa

stq 
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2.1.3.2 BISMARK Mapping 
 

The trimmed sequencing reads output from TrimGalore! were then mapped to an 

appropriate reference genome, Mus musculus genome assembly GRCm38 (mm10), using 

BISMARK (Krueger and Andrews, 2011) and specifying PBAT analysis (-pbat option, 

Table 2). Mapping efficiency was determined by the number of reads uniquely mapping 

to the reference genome, divided by the total number of reads in the data (Tran et al., 

2014). The subsequent data generated was then summarised by selecting data that 

contained 'methylated C.s in C.. context' and ‘mapping efficiency’ 

and was used for further analysis of methylation loss and velocities. These summaries 

also provided useful insights into the mapping efficiency of the reads, and the conversion 

efficiency of the bisulfite treatment. 

 

Table 2: Script to Map and Summarise Sequencing Output 

 

#Bismark was used to map the sequencing reads to the reference 

genome for best alignment 

 

#Used to select Bismark software for use 

cd /Users/horelab/Bismark  

 

#Used to map the trimmed sequencing reads to selected 

reference genome 

./bismark /Volumes/stor/Genomes/Mus_musculus/ --path_to_bowtie 

/Users/horelab/bowtie-1.1.2/ --samtools_path 

/Users/horelab/samtools-1.3.1 –pbat –output /Volumes/osms-

anatomy-hore-lab/OG5452/OG5452_fastq/RosieGLANFIELD/ 

/Volumes/osms-anatomy-hore-

lab/OG5452/OG5452_fastq/RosieGLANFIELD/*trimmed.fq 

 

#Used to summarise data by selecting output that matches 

‘methylated C.s in C.. context’ and ‘mapping efficiency’  

grep ‘methylated C.s in C.. context’ *bismark_SE_report.txt > 

PooledReport.txt 
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2.1.4 DNA Methylation Analysis 
 

A series of R scripts were developed to carry out the linear model calculation of 

the quality controlled and mapped sequencing data, and enabled the creation of easily 

read figures of the key points of the data (Figure 7). 

 

 

Figure 7: Linear Model Calculations Pipeline 

Schematic showing the pipeline development for the analysis of the hexamer split data for the 

production of figures to examine results. 

 

 

grep ‘Mapping efficiency’ *bismark_SE_report.txt > 

PooledMapEfficiency.txt 
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2.1.4.1 Calculation of Total Methylation Loss 
 

A custom R script was developed to determine the total methylation loss for the 

decitabine treated and negative control groups (Table 3). The average total methylation 

levels from each of the 3 biological replicates at each timepoint were calculated to give 

the total methylation change over the time series for both the decitabine treated and 

negative control groups. 

Replicate 3 from the 36 h negative control group data was removed from all 

further analysis as an outlier from the rest of the data upon visual inspection of the average 

level of CG methylation present (Supplementary Figure 2). 

 

Table 3. Script to Calculate Methylation Loss 
 

#First install dplyr, only needs to be completed once and is 

necessary for the manipulation of the data to be loaded into R 

for analysis 

install.packages("dplyr") 

 

#load dplyr package to allow select function 

library(dplyr) 

 

# Change working folder to files location in order to choose 

which data files will be loaded into for analysis 

setwd("~/Dropbox/DemethylationKinetics_Scripts/GitHub_Upload/Da

ta/CellularDemethylation/") 

 

#Read in "all" calls and methylation scores for each of the CG-

containing hexamers. The hexamer context of which the calls and 

methylation score are analysed is dependent on what file is 

chosen; there were 3 file outputs form the Python script; 

V65_dec_calls_all.txt, V65_dec_calls_non_CGI.txt, and 

V65_dec_calls_CGI.txt 

All.calls <- read.delim("V65_dec_calls_non_CGI.txt", row.names 

= 1) 

All.perc <- read.delim("V65_dec_meth_non_CGI.txt", row.names = 

1) 

 

#Calculate the numbers of methylated calls per motif 

Methyl.calls.motif <- All.perc/100*All.calls 
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#Sum motif methylation calls and totals for each sample 

Total.perc <- 

colSums(Methyl.calls.motif)/colSums(All.calls)*100 

data <- rbind(All.perc,Total.perc) 

 

#Assigns the data from each timepoint to the corresponding name 

for further analysis (e.g. all data taken from the decitabine 

treated group at 0 hours is assigned to zero.h), selecting only 

the 257th row of data corresponding to the total overall 

methylation for each sample 

zero.h <- t(select(data[257,], matches("V65_Dec_0h_"))) 

six.h <- t(select(data[257,], matches("V65_Dec_6h_"))) 

twelve.h <- t(select(data[257,], matches("V65_Dec_12h_"))) 

eighteen.h <- t(select(data[257,], matches("V65_Dec_18h_"))) 

twenty4.h <- t(select(data[257,], matches("V65_Dec_24h_"))) 

thirty.h <- t(select(data[257,], matches("V65_Dec_30h_"))) 

thirty6.h <- t(select(data[257,], matches("V65_Dec_36h_"))) 

forty2.h <- t(select(data[257,], matches("V65_Dec_42h_"))) 

forty8.h <- t(select(data[257,], matches("V65_Dec_48h_"))) 

 

#Do the same for all the negative treatment group, assigning 

the overall methylation data at each timepoint to its 

corresponding name. As one of three replicates was removed from 

the analysis, “length(thirty6.h.neg) =3”, was used to allow the 

number of rows of matrices to match 

zero.h.neg <- t(select(data[257,], matches("V65_Ctr_0h_"))) 

six.h.neg <- t(select(data[257,], matches("V65_Ctr_6h_"))) 

twelve.h.neg <- t(select(data[257,], matches("V65_Ctr_12h"))) 

eighteen.h.ng <- t(select(data[257,], matches("V65_Ctr_18h"))) 

twenty4.h.neg <- t(select(data[257,], matches("V65_Ctr_24h"))) 

thirty.h.neg <- t(select(data[257,], matches("V65_Ctr_30h"))) 

thirty6.h.neg <- t(select(data[257,], 

matches("V65_Ctr_36h_B"))) 

length(thirty6.h.neg) =3 

forty2.h.neg <- t(select(data[257,], matches("V65_Ctr_42h"))) 

forty8.h.neg <- t(select(data[257,], matches("V65_Ctr_48h"))) 

 

#global.loss is a table showing global trends (i.e. for all 

motifs) in order to view the total global loss in methylation 

over the timeseries 

global.loss.pos <- cbind(zero.h, six.h, twelve.h, eighteen.h, 

twenty4.h, thirty.h, thirty6.h, forty2.h, forty8.h) 

global.loss.neg <- cbind(zero.h, six.h.neg, twelve.h.neg, 

eighteen.h.ng, twenty4.h.neg, thirty.h.neg, thirty6.h.neg, 

forty2.h.neg, forty8.h.neg) 
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#Time points investigated in experiment assigned from column 

names to plot on the graph 

hr <- 

c(0,0,0,6,6,6,12,12,12,18,18,18,24,24,24,30,30,30,36,36,36,42,4

2,42,48,48,48) 

 

#Data from the decitabine treated (positive group) is plotted 

in red whilst the negative control group is plotted in black 

and a line representing the mean of each timepoint is added 

plot(x=hr, y=global.loss.pos, col="red", ylim=c(20,80), xlim = 

c(0,50), pch=20, frame.plot = F, las=1, ylab="CG methylation 

(%)", cex=0.4) 

points(x=hr, y=global.loss.neg, col="black", pch=20, cex=0.4) 

 

hr <- c(0,6,12,18,24,30,36,42,48) 

mean.data.pos = colMeans(global.loss.pos, na.rm=T) 

mean.data.neg = colMeans(global.loss.neg, na.rm=T) 

lines(x=hr, y=mean.data.pos, type = "l", col='red') 

lines(x=hr, y=mean.data.neg, type = "l", col='black') 

 

 

2.1.4.2 Calculation of the Kinetics of Demethylation  
 

The raw methylation values for each of the 256 CG-containing hexamers were 

calculated using a Python script developed prior by Oscar Ortega Recalde for use in TET-

induced demethylation kinetic analysis (unpublished work).  

I then created a looped R script in order to calculate the demethylation velocity 

from each of the 256 CG-containing hexamers from this raw data (Table 4). In order to 

do so, a linear model of demethylation was calculated during the most rapid (and most 

linear) portion of the demethylation curve (i.e. 0-12 h).  

The data was categorized into 3 groups based on the context from which the 

hexamers arose; ‘all context’, ‘CGI context’, and ‘non-CGI context’. These represent 

whether the CG-containing hexamer contained a second flanking CG site in the hexamer 

and thus was likely to come from a CG island (CGI).  
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Table 4. Script to Calculate Demethylation Velocity 
 

#First install dplyr, only needs to be completed once  

install.packages("dplyr") 

 

#Change working folder to files location in order to choose 

which data files will be loaded into for analysis 

setwd("~/Dropbox/DemethylationKinetics_Scripts/Rosie/") 

 

#remove any "*_DemethVeloc.txt" output files from the last run 

(as this will cause errors when running the script) 

unlink("*_DemethVeloc.txt", recursive = FALSE) 

 

#Loop for all raw files, repeats the follow command for each 

of the input files 

for(i in 1:length(input.files)){ 

  data <- read.delim(input.files[i]) 

  #remove summary line from input file (retain data for each 

hexamer but not the average total methylation)   

  data <- data[-257,] 

 

#Start a new dataframe with slope in it and input some 

‘dummy data’ to be removed in future 

Demeth.veloc<-data.frame(0.5,1) 

#Assign the new data frame columns names based on the data 

to be used in the analysis 

names(Demeth.veloc)<-c("Motif","slope") 

#Remove the ‘dummy data’ from the data frame to allow for 

the real data to be analysed to be input  

Demeth.veloc <- Demeth.veloc[-1,] 

 

#Extract time points of interest, the calculation of 

demethylation velocity the linear portion of data was used 

which was determined visually from the total methylation 

loss graph previously created. For this analysis timepoint 

0-12 h were selected  

zero.h <- t(select(data, matches("V65_Dec_0h_"))) 

six.h <- t(select(data, matches("V65_Dec_6h_"))) 

twelve.h <- t(select(data, matches("V65_Dec_12h_"))) 

 

#This is the Demethylation velocity motif loop. Makes a 

table for each Motif and each timepoint during linear 

demethylation (i.e. over the first 12 h) 

for (Motif.col in 1:256){ 

  #Make new dataframe ("Motif1") which holds the 

methylation values for each motif at the timepoints of 

interest 
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  command.a <- paste("Motif1 <- zero.h[,",Motif.col,"]", 

sep="") 

  eval(parse(text=command.a)) 

   

command.a <- paste("Motif1 <- cbind(Motif1, 

six.h[,",Motif.col,"])", sep="") 

  eval(parse(text=command.a)) 

 

  command.a <- paste("Motif1 <- cbind(Motif1, 

twelve.h[,",Motif.col,"])", sep="") 

  eval(parse(text=command.a)) 

   

  #Add colnames to Motif 1, make new vector with hr 

  colnames(Motif1)<- c("0 h", "6 h", "12 h") 

  hr <- c(0,6,12) 

   

  #Convert the table from factors to characters to numbers 

  Motif1 <- as.data.frame(Motif1, stringsAsFactors = 

FALSE) 

  Motif1 <- as.data.frame(sapply(Motif1, as.numeric)) 

   

  #Plot the methylation change over time, in order to 

calculate slope (lm) over the chosen linear range 

  Loss.pp <- Motif1 - mean(Motif1$`0 h`)  

 

#Alternatively, this line was enable calculations of the 

relative rate of demethylation  

#Loss.pp <- (Motif1 - mean(Motif1$`0 h`))/mean(Motif1$`0 

h`) 

 

  #mean.data is to get y-axis limit defined 

  mean.data = colMeans(Loss.pp, na.rm=T) 

  par(new=TRUE) 

  plot(x=hr, y=mean.data, las=1, frame.plot=F, ylim = c(-

30,5), ylab = "CG methylation (%)") 

  abline(lm(mean.data~hr), col="red") # regression line 

(y~x)  

  slope <- coef(lm(mean.data~hr))[2] #slope is the kinetic 

for demethylation at each motif (pp/h) 

   

  #Add new value to summary table "Demeth.veloc1" 

  Demeth.veloc1 <-  data.frame(Motif.col,slope) 

  colnames(Demeth.veloc1)<-c("Motif","slope") 

  Demeth.veloc <- rbind(Demeth.veloc,Demeth.veloc1) 

   

} #End of Motif DemethVelocy loop 
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##Add Demethy.velocity to data file() 

data$slope <- Demeth.veloc$slope 

 

#write files according to input file, adds the suffix to the 

file which is "_DemethVeloc.txt" 

file.prefix <- basename(input.files[i]) 

output.filename <- paste(file.prefix,"_DemethVeloc.txt", sep 

= "") 

write.table(data, file=output.filename, sep = "\t", 

row.names = T) 

 

} 

#End of loop for all raw files (all files have undergone 

calculation of demethylation velocity over the linear range  

 

 

 

2.1.4.3 Calculation of the Total Loss in Methylation per Hexamer 
 

In order to determine the total loss in percentage points of methylation for each of 

the 256 CG-containing hexamer possibilities, a further looped R script was developed 

(Table 5). This script requires the file produced by the previous script (Table 4) in which 

the demethylation velocities were calculated. Total methylation loss was calculated from 

the level of methylation at each timepoint minus the mean level of methylation at 0 h. 

 

Table 5. Script to Calculate Methylation Loss per Hexamer 
 

#load dplyr package to allow select function 

library(dplyr) 

 

# Change working folder to files location in order to select 

data to load into R 

setwd("~/Dropbox/DemethylationKinetics_Scripts/GitHub_Upload/Da

ta/CellularDemethylation/") 

 

#The data read into this script is produced by the previous 

script (Table 4) and requires the files written with the 

"_DemethVeloc.txt" suffix 

data <- read.delim("V65_dec_meth_all.txt_DemethVeloc.txt") 

data <- data[order(data$slope),] 
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#Load in the methylation data for each timepoint and assign it 

to the corresponding name 

#the . is a wildcard representing A, B or C replicate,  

zero.h <- t(select(data, matches("V65_Dec_0h_"))) 

six.h <- t(select(data, matches("V65_Dec_6h_"))) 

twelve.h <- t(select(data, matches("V65_Dec_12h_"))) 

eighteen.h <- t(select(data, matches("V65_Dec_18h_"))) 

twenty4.h <- t(select(data, matches("V65_Dec_24h_"))) 

thirty.h <- t(select(data, matches("V65_Dec_30h_"))) 

thirty6.h <- t(select(data, matches("V65_Dec_36h_"))) 

forty2.h <- t(select(data, matches("V65_Dec_42h_"))) 

forty8.h <- t(select(data, matches("V65_Dec_48h_"))) 

 

#This loop is used to examine all 256 hexamer motifs 

#Also be careful to choose error bars or not (see "arrows" 

below) 

for (Motif.col in c(1:256)){   

 

    command.a <- paste("Motif1 <- zero.h[,",Motif.col,"]") 

    eval(parse(text=command.a)) 

 

    command.a <- paste("Motif1 <- cbind(Motif1, 

six.h[,",Motif.col,"])") 

    eval(parse(text=command.a)) 

 

    command.a <- paste("Motif1 <- cbind(Motif1, 

twelve.h[,",Motif.col,"])") 

    eval(parse(text=command.a)) 

 

    command.a <- paste("Motif1 <- cbind(Motif1, 

eighteen.h[,",Motif.col,"])") 

    eval(parse(text=command.a)) 

 

    command.a <- paste("Motif1 <- cbind(Motif1, 

twenty4.h[,",Motif.col,"])") 

    eval(parse(text=command.a)) 

 

    command.a <- paste("Motif1 <- cbind(Motif1, 

thirty.h[,",Motif.col,"])") 

    eval(parse(text=command.a)) 

 

    command.a <- paste("Motif1 <- cbind(Motif1, 

thirty6.h[,",Motif.col,"])") 

    eval(parse(text=command.a)) 

 

    command.a <- paste("Motif1 <- cbind(Motif1, 

forty2.h[,",Motif.col,"])") 

    eval(parse(text=command.a)) 
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    command.a <- paste("Motif1 <- cbind(Motif1, 

forty8.h[,",Motif.col,"])") 

    eval(parse(text=command.a)) 

 

    #add colum names to Motif table 

    colnames(Motif1)<- c("0 h", "6 h", "12 h", "18 h", "24 h" , 

"30 h", "36 h", "42 h", "48 h") 

    h <- c(0,6,12,18,24,30,36,42,48) 

     

    #Convert the table from factors to characters to numbers 

    Motif1 <- as.data.frame(Motif1, stringsAsFactors = FALSE) 

    Motif1 <- as.data.frame(sapply(Motif1, as.numeric))     

 

    #Create difference data to give the total amount of 

methylation lost by each hexamer 

    Loss.pp <- Motif1 - mean(Motif1$`0 h`)  

     

    #Plot line graph with error bars 

    mean.data = colMeans(Loss.pp, na.rm=T) 

    no.of.samples = apply(!is.na(Loss.pp), 2, sum) 

    st.dev = sapply(Loss.pp, sd, na.rm=T) 

    par(new=TRUE) 

    midpoints = plot(x=h, y=mean.data, type="l", ylim = c(-

60,0), xlim = c(0,50), las=1, frame.plot=F, ylab = "CG 

methylation (%)") 

     

    #Either comment in or out if you want to plot error bars 

    #arrows (x0 = h, y0 = mean.data - st.dev, x1 = h, y1 = 

mean.data + st.dev, angle = 90, length = 0.02, code = 3) 

     

    #Add motif labels if you want them 

    #command.b <- paste("text(x=55, y=mean.data[7], labels = 

row.names(data[",Motif.col,",]), cex=1)") 

    #eval(parse(text=command.b)) 

     

} 

#End of loop 
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2.1.4.4 Calculation of the absolute loss in CG methylation 
 

The previous script (Table 5) was then slightly adjusted in order to analyse the 

absolute level of methylation for each of the 256 CG-containing hexamers over the 

timeseries, rather than viewing percentage points of methylation lost (Table 6). This 

allowed for easy visualisation on the amount of methylation present at each hexamer at 

each timepoint. 

 

Table 6. Script to Calculate Absolute Methylation Loss per Hexamer 
 

#load dplyr package to allow select function 

library(dplyr) 

 

# Change working folder to files location 

setwd("~/Dropbox/DemethylationKinetics_Scripts/GitHub_Upload/Da

ta/CellularDemethylation/") 

 

data <- read.delim("V65_dec_meth_all.txt_DemethVeloc.txt") 

data <- data[order(data$slope),] 

 

#load in the methylation data of interest for each timepoint 

and assign it to a corresponding name 

zero.h <- t(select(data, matches("V65_Dec_0h_"))) 

six.h <- t(select(data, matches("V65_Dec_6h_"))) 

twelve.h <- t(select(data, matches("V65_Dec_12h_"))) 

eighteen.h <- t(select(data, matches("V65_Dec_18h_"))) 

twenty4.h <- t(select(data, matches("V65_Dec_24h_"))) 

thirty.h <- t(select(data, matches("V65_Dec_30h_"))) 

thirty6.h <- t(select(data, matches("V65_Dec_36h_"))) 

forty2.h <- t(select(data, matches("V65_Dec_42h_"))) 

forty8.h <- t(select(data, matches("V65_Dec_48h_"))) 

 

#The following loop is used to examine all of the 256 hexamer 

motifs 

#Also be careful to choose error bars or not (see "arrows" 

below) 

for (Motif.col in c(1:256)){   

 

    command.a <- paste("Motif1 <- zero.h[,",Motif.col,"]") 

    eval(parse(text=command.a)) 
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    command.a <- paste("Motif1 <- cbind(Motif1, 

six.h[,",Motif.col,"])") 

    eval(parse(text=command.a)) 

 

    command.a <- paste("Motif1 <- cbind(Motif1, 

twelve.h[,",Motif.col,"])") 

    eval(parse(text=command.a)) 

 

    command.a <- paste("Motif1 <- cbind(Motif1, 

eighteen.h[,",Motif.col,"])") 

    eval(parse(text=command.a)) 

 

    command.a <- paste("Motif1 <- cbind(Motif1, 

twenty4.h[,",Motif.col,"])") 

    eval(parse(text=command.a)) 

 

    command.a <- paste("Motif1 <- cbind(Motif1, 

thirty.h[,",Motif.col,"])") 

    eval(parse(text=command.a)) 

 

    command.a <- paste("Motif1 <- cbind(Motif1, 

thirty6.h[,",Motif.col,"])") 

    eval(parse(text=command.a)) 

 

    command.a <- paste("Motif1 <- cbind(Motif1, 

forty2.h[,",Motif.col,"])") 

    eval(parse(text=command.a)) 

 

    command.a <- paste("Motif1 <- cbind(Motif1, 

forty8.h[,",Motif.col,"])") 

    eval(parse(text=command.a)) 

 

    #add colum names to Motif table 

    colnames(Motif1)<- c("0 h", "6 h", "12 h", "18 h", "24 h" , 

"30 h", "36 h" , "42 h", "48 h") 

    h <- c(0,6,12,18,24,30,36,42,48) 

     

    #Convert the table from factors to characters to numbers 

    Motif1 <- as.data.frame(Motif1, stringsAsFactors = FALSE) 

    Motif1 <- as.data.frame(sapply(Motif1, as.numeric))     

 

    #Plot line graph showing the mean absolute loss of DNA 

methylation from each of the hexamers (mean calculated from 

the 3 biological repeats) 

    mean.data = colMeans(Motif1, na.rm=T) 

    no.of.samples = apply(!is.na(Motif1), 2, sum) 

    st.dev = sapply(Motif1, sd, na.rm=T) 

    par(new=TRUE) 
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    midpoints = plot(x=h, y=mean.data, type="l", col="black", 

ylim = c(0,100), xlim = c(0,50), las=1, frame.plot=F, ylab 

= "CG methylation (%)") 

     

    #Either comment in or out if you want to plot error bars 

    #arrows (x0 = h, y0 = mean.data - st.dev, x1 = h, y1 = 

mean.data + st.dev, angle = 90, length = 0.02, code = 3) 

     

    #Add motif labels if wanted 

    #command.b <- paste("text(x=55, y=mean.data[7], labels = 

row.names(data[",Motif.col,",]), cex=1)") 

    #eval(parse(text=command.b)) 

     

} 

#End of loop to examine absolute loss of methylation for each 

hexamer 

 

 

2.1.4.5 Comparison of starting methylation against velocity of demethylation  
 

Another custom loop was developed to plot the starting methylation level against 

the velocity of demethylation for each of the 256 G-containing hexamers in order to assess 

for the presence of any relationship between these variables in passive demethylation 

(Table 7). This script requires files previously generated (Table 4) which detailed 

demethylation velocity.  

 

Table 7. Script to Plot Starting Methylation against Demethylation Velocity 
 

# Change working folder to files location to load in data for 

analysis 

setwd("~/Dropbox/DemethylationKinetics_Scripts/GitHub_Upload/D

ata/CellularDemethylation/") 

 

#Set the layout of the plots that are output by the script so 

they can be examined side-by-side 

par(mfrow=c(2,3)) 

 

#start a new dataframe with slope in it 

#Make dummy data 

Stripchart.data<-data.frame(1:256) 

Stripchart.data <- Stripchart.data[,-1] 
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#Input files of interest for analysis, looking at the files 

pertaining to the demethylation velocity in the decitabine 

treatment experiment  

input.files <- list.files(pattern="V65_dec_meth", 

full.names=TRUE, recursive=FALSE) 

input.files <- input.files[grep("Demeth", input.files)] 

 

#Loop for all files to plot starting methylation vs 

demethylation rate  

for(i in 1:length(input.files)){ 

 

#Set data as the input files and sort by the hexamer motif 

data <- read.delim(input.files[i]) 

rownames(data) <- data$kmer 

 

#Make new dataframe with starting methylation 

StartingMethylation <- as.data.frame(data[1:256,2:4], 

stringsAsFactors = FALSE) 

 

 

#plot starting methylation vs demethylation velocity 

(slope) 

Slope <- read.delim(input.files[i]) 

plot(x=Slope$slope, y=rowMeans(StartingMethylation), ylim = 

c(0,100), xlim = c(-5,0), frame.plot = F, pch=20, ylab = 

"CG methylation (%), 0 h", xlab = "Demethylation velocity", 

main=basename(input.files[i]), las=1) 

 

 

#Filter motifs with double CGs and plot over top previous 

plot 

Double.CG <- cbind(Slope$slope, 

rowMeans(StartingMethylation)) 

row.names(Double.CG) <- row.names(data) 

Double.CG 

colnames(Double.CG) <- c("Slope", "StartingMethylation") 

Double.CG <- Double.CG[grep("CGCG", row.names(Double.CG)),] 

par(new=TRUE) 

plot(Double.CG, ylim = c(0,100), xlim = c(-5,0), frame.plot 

= F, pch=20, ylab = "CG methylation (%), 0 h", xlab = 

"Demethylation velocity", main=basename(input.files[i]), 

las=1, col="red") 

 

#Add new data to Stripchart 

Stripchart.data <- cbind(Stripchart.data,Slope$slope) 

} 

#End of loop 
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2.1.4.6 Comparison to TET-mediated active demethylation data 
 

An R script was developed to carry out a direct comparison between the 

demethylation velocities from the decitabine-induced passive demethylation experiment 

analysed here, and the TET-mediated active demethylation experiment carried out in the 

Hore laboratory (unpublished work) (Table 8). The Pearson’s correlation coefficient (r2) 

of the regression, how well the model explains the variability of the data, was calculated 

alongside the P-value to determine the presence of statistical significance (as shown in 

Table 8).  

 

Table 8. Script to Plot Passive Demethylation Velocity against Active Demethylation 

Velocity 
 

# Change working folder to files location in order to select 

data to load into R 

setwd("~/Dropbox/DemethylationKinetics_Scripts/GitHub_Upload/D

ata/CellularDemethylation/") 

 

#read in the slope summary data which contains the 

demethylation velocities of each of the 256 hexamers for both 

the passive and active demethylation experiments 

data <- read.delim("SlopeSummary.txt", stringsAsFactors = 

FALSE) 

 

#order the data on the row names 

data <- data[order(row.names(data)),] 

 

#plot the non-CGI data from both the active, TET_TKO_TET3 

data, and passive, decitabine experiments against each other 

plot(x=data$nonCGI_TET_TKO_TET3, y=data$nonCGI_Dec, frame.plot 

= F, pch=20, ylim = c(-3,0), xlim= c(-2,0), xlab='TET3 rescue 

demethylation velocity (pp/h)', ylab="Decitabine demethylation 

velocity (pp/h)", las=1, col="grey") 

 

#To add the regression line to the data 

abline(lm(data$nonCGI_Dec~data$nonCGI_TET_TKO_TET3), 

col='red') 

 

#Used to get the R^2 value and p value of the regression line 

to the data 
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r2.data <- 

summary(lm(data$nonCGI_Dec~data$nonCGI_TET_TKO_TET3))$r.square

d 

r2.data <- format(signif(r2.data, 2), nsmall = 2) 

p.value.data <- 

summary(lm(data$nonCGI_Dec~data$nonCGI_TET_TKO_TET3))$coeffici

ents[2,4] 

p.value.data <- format(signif(p.value.data, 2), nsmall = 2) 

 

#used to print the values of the R^2 value and p value 

text(x=-0.5,y=0,labels=paste("r2=",r2.data))  

text(x=-0.5,y=-0.2,labels=paste("p=",p.value.data)) 
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3 Chapter Three: Results 

 

Active removal of DNA methylation by the TET enzymes improves the efficiency 

by which adult somatic cells are reprogrammed to a pluripotent state (Hore et al., 2016, 

Costa et al., 2013), and recent work has shown that TET enzymes are orders of magnitude 

more active at certain DNA motifs compared to others (unpublished results, Hore 

laboratory). Passive demethylation, through the blocking of DNMT1 activity, also 

improves the efficiency of iPS cell derivation (Mikkelsen et al., 2008), however, it is not 

known if this involves any preference toward specific sequences. Better understanding of 

the mechanism by which passive demethylation occurs will help determine the best 

means by which to create iPS cells in both a safe and efficient manner.   

 

To test if passive demethylation is targeted towards certain sequences, I conducted 

a bioinformatic analysis of DNA methylation loss on mouse embryonic stem cells that 

were treated with decitabine, inhibiting DNMT1 activity. CpG sites were classified 

according to their flanking sequence giving the CG-containing hexamers, and then each 

DNA motif context was examined for the velocity at which passive demethylation 

occurred. In doing so, I was able to show that, in contrast to active demethylation, passive 

demethylation through DNMT1 inactivation does not show preference to certain CG-

containing hexamers for demethylation. Instead, demethylation occurred at a similar rate 

across all non-CGI hexamers as hypothesised.  
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3.1 Decitabine Treatment and Creation of 

Bisulfite Sequencing Libraries 

 

The analysis of the kinetics of passive demethylation resulting from the loss of 

methylation maintenance machinery, DNMT1, was carried out on samples generated 

from an Otago University Summer Studentship I previously completed (2019/2020). 

Although not part of this thesis, the details of how I completed this experiment are 

important for understanding my results. As such, I will briefly outline here the 

experiments I completed during this summer project.  

Firstly, I cultured a wildtype mouse ES cell line (V6.5) in standard serum-based 

embryonic stem cell media with 0.1% Leukæmia Inhibitory Factor (ESM+LIF) on 

gelatin-coated tissue culture plates (Ficz et al., 2013) in standard conditions in a humid 

environment at 37 °C with 5% CO2. To inhibit DNMT1, and thus drive epigenetic 

memory loss, the cells were treated with decitabine, an analogue to the pyrimidine 

nucleotides, which forms a covalent complex with DNMT1, causing proteasomal 

degradation and blocks its action (Jones and Taylor, 1980). The amount of small molecule 

used (0.215  μM) was chosen from a prior pilot experiment that maximised the amount 

of decitabine added, but without driving excessive cell death associated with decitabine 

use (Jackson-Grusby et al., 2001).  

The decitabine treatment ran for 48 hours, during which time cells were harvested 

every 6 hours in triplicate using a guanidinium isothiocyanate based lysis buffer (GITC) 

(Oberacker et al., 2019) and stored at -80 C ahead of DNA purification. A negative control 

for each time point, in which V6.5 cells were cultured in ESM+LIF with no added 

decitabine, were also harvested in triplicate over the same 48-hour period. All samples 

had total nucleic acid (TNA) extracted using the BOMB.bio system (Oberacker et al., 
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2019), and underwent bisulfite sequencing library construction using a technique known 

as post-bisulfite adapter tagging (PBAT) (Miura et al., 2012).   

PBAT differs from typical bisulfite sequencing in that the first step is not the 

addition of adapters but the bisulfite treatment of DNA, whereby non-methylated 

cytosines are converted to uracil, while those which are methylated remain as cytosine. 

Bisulfite treatment was carried out using the EZ-96 DNA Methylation Direct TM 

MagPrep kit (Zymo Research) according to the manufacturers user guide. The PBAT 

technique prevents the bisulfite-induced loss of sequencing templates and enables 

bisulfite sequencing of smaller quantities of DNA (Miura et al., 2012)  

In order to create an Illumina sequencing compatible library using PBAT, I used 

a biotinylated Illumina adapter with 7 degenerate bases at the 3' end (BioP5N7) to capture 

the first strand of the sequencing library, and a further degenerate Illumina oligo (P7N7) 

complete the second strand (Supplementary Table 1). These libraries were put in the 

queue for sequencing on the Otago Genomics Facility Illumina HiSeq 2500 sequencing 

machine (1x 100-bp single end read) at the beginning of my Honours project and 

fortunately were completed in the first week of the March COVID-19 lockdown. 

 

 

3.1.1 Quality control analysis of sequencing data 
 

Following sequencing and demultiplexing of my pooled PBAT libraries by the 

sequencing facility, I received 54 FASTQ sequencing files from which I confirmed the 

quantity and quality of sequencing. Relatively even representation from each library was 

seen (Table 9), with an average of 3,000,000 reads per 100 bp sample. Based on this, and 

the reference genome length, the coverage of the genome sequenced was calculate as 

0.1X. 
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Table 9: Total Reads per Sample 

TIMEPOINT REPLICATE DECITABINE TREATED CONTROL 

0H R1 1,413,473 3,107,077 

R2 2,543,760 3,937,507 

R3 3,625,890 3,132,647 

6H R1 3,498,124 2,054,636 

R2 2,607,668 1,611,461 

R3 1,651,519 1,517,887 

12H R1 2,260,707 2,458,178 

R2 2,320,664 5,017,531 

R3 2,626,484 3,070,680 

18H R1 1,339,985 3,066,755 

R2 2,258,837 3,060,466 

R3 2,574,300 2,046,968 

24H R1 1,833,605 5,045,888 

R2 1,407,456 4,441,994 

R3 2,057,649 4,244,457 

30H R1 2,738,449 696,943 

R2 3,699,191 1,835,561 

R3 2,062,449 5,023,054 

36H R1 2,378,576 4,477,158 

R2 3,196,283 2,405,754 

R3 3,604,832 1,515,966 

42H R1 2,363,877 6,210,247 

R2 4,555,853 6,306,418 

R3 4,063,874 5,814,523 

48H R1 1,852,210 3,329,512 

R2 3,264,774 2,902,257 

R3 1,391,545 4,181,582 

 

To examine sequencing quality, I used the FASTQC analysis programme on the 

sequencing output before and after the quality control process. There were three aspects 

of the FASTQC analysis that were focused on; per base sequence quality, adapter content, 

and per sequence GC content. 

The raw sequence data contained low quality regions (<20 Phred score) at the 3' 

end of the 100bp single end reads when the per base sequence quality was examined 

(Figure 8A). A Phred score of 20 corresponds to a probability of an incorrectly called 
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base is 1 in 100, giving the trimmed sequence a 99% base call accuracy minimum 

(Illumina, 2011). Quality scores below this level were trimmed to give high accuracy 

throughout the read and for subsequent analysis. FASTQC shows, unsurprisingly, the 

quality of each position in the read was considered good quality post trimming (Figure 

8B).  

The effect trimming had on the presence of adapter sequences is evident when the 

untrimmed and trimmed sequencing reads were analysed by FASTQC (Figure 8C-D). 

The plot details the cumulative percentage of the proportion of the DNA libraries that 

adapter sequences have been identified at each read position. Prior to trimming up to 30% 

of the read at the 3’ end of the read saw adapter sequences (Figure 8C), which were 

removed with trimming (Figure 8D).   

The per sequence GC content is useful for visualising the distribution of bases in 

the library, and diverse library would observe an equal distribution of the four bases. 

However, the treatment of sodium bisulfite required to analyse the level of DNA 

methylation present in a sample makes the DNA libraries analysed in this investigation 

inherently biased. Bisulfite treatment converted all unmethylated cytosine to thymine and 

altering the normal base composition of the DNA. This altered base-composition is 

observed in the FASTQC analysis (Figure 8E-F), however, as the complementary strand 

was sequenced in the forward read (as expected from the PBAT protocol, see Muira et 

al., (2012)), G is relatively rare in the sequenced reads whereas A is comparatively 

common. The first 7 bases of the untrimmed read are also skewed in base composition 

(Figure 8E) due to the degenerate bases of the biotinylated capture oligo (BioP7N7) (Peat 

et al., 2017). To ensure that these synthetic sequences were not included in my analysis, 

a 10-bp 5' hard trim was also performed (Figure 8F).  
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The FASTQC analysis demonstrates the importance that trimming has on 

sequence quality and helps ensure efficient mapping back to the genome at later stages. 

 

 

Figure 8: FASTQC Analysis 

FASTQC analysis example from the decitabine treated sample at 0 h (replicate 1) before (A,C,E) 

and after (B,D,F) trimming by TrimGalore. Shows effect of trimming on per base sequence 

quality measured by the Phred score (A-B), adapter content (%) (C-D), and per base sequence 

content (%) (E-F).  
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3.1.2 Mapping efficiency 
 

Following trimming and basic quality control, I mapped the bisulfite-sequencing 

reads to the reference mouse genome, Mus musculus genome assembly GRCm38 

(mm10), using the BISMARK programme. On average, I found that 60% of reads aligned 

for both the decitabine-treated (Figure 9) and negative control samples (Supplementary 

Figure 3), which is within the range expected for the PBAT method (Ortega-Recalde et 

al., 2019), implying that I had indeed created libraries from mouse DNA as expected and 

did not introduce systematic contamination from other sources. 

 

 

Figure 9: Mapping Efficiency 

The percent mapping efficiency (%) for decitabine treated samples against the reference genome 

as determined through the number of reads that uniquely mapped to the genome, divided by the 

number of total reads. Samples analysed were collected in triplicate (R1-3) from each timepoint 

(0 – 48 h). 
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3.1.3 Estimating bisulfite conversion efficiency 
 

In vertebrate cells, cytosine is rarely methylated outside of the CG dinucleotide 

context (Feng et al., 2010). Thus, it is expected that resistance of cytosine conversion to 

uracil in the non-CG context represents the sum of true methylation in these regions, plus 

the rate of non-conversion. I found that all of the samples converted >99% of cytosines 

in the non-CG context to uracil’s, meaning that the average non-conversion rate was less 

than 1% for both the decitabine treated (Figure 10) and the negative control samples 

(Supplementary Figure 4). This is considered ideal for bisulfite sequencing experiments. 

The third replicate for the 36 h post decitabine treatment group (Figure 10) shows a non-

CG methylation level of 0.97%, however this is still within the optimal range.  

 

 
Figure 10: Non-conversion Efficiency 

The bisulfite non-conversion efficiency for decitabine treated samples, determined by the ratio of 

converted to unconverted cytosines within the non-CpG context and measured by the percentage 

of non-CG methylation (%). Samples analysed were collected in triplicate (R1-3) from each 

timepoint (0 – 48 h). 
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3.1.4 Total CpG Methylation Loss (‘All’ Contexts) 
 

Total CpG methylation loss over the 48-hour period of decitabine treatment was 

assessed by whole genome bisulfite sequencing of triplicate samples from every 6 hours 

of treatment (Figure 11A). I found that 66.6% of cytosines within the CG dinucleotide 

context were methylated at the start of the experiment, but for decitabine treated cells 

(Figure 11B, red line), there was a steady decrease in global demethylation over the 

course of the treatment, such that by 36 h only 23% of CG dinucleotides were still 

methylated. This low level was maintained until the end of the experiment at 48 h. In 

contrast, the level of global CG methylation remained stable at 65.6% methylation on 

average over the full 48 h period in the untreated group (Figure 11B, black line).  

 

 

Figure 11: Experimental Conditions and Total CpG Methylation Loss 

(A) Time course of experiment detailing the negative and decitabine treatment groups and the 

intervals in which sampling was conducted following treatment initiation. (B) Total CpG 

methylation loss across all hexamers in all genomic contexts showing effects of decitabine 

treatment (red line) and negative control (black line) every 6 h post decitabine. (n=3, ±standard 

deviation)  
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These results prove that the decitabine experiment carried out previously to trigger 

passive demethylation was successful. Interestingly, the first 12 h of the experiment saw 

essentially linear demethylation for the decitabine-treated cells at a rate of 2.04 

percentage points per hour (pp/h), and a total of 24.5 pp of methylation lost during this 

time (Figure 11B, red line).  Assuming a cell cycle of 12-14 h in embryonic stem cells 

(Carey et al., 2015), a doubling time compatible with my experiment based on the 

negative control nucleic acid concentration results (Supplementary Figure 1), it would be 

expected that perfect inhibition of DNMT1 would drive a 50% loss of total methylation 

(i.e. -33.8 pp) during this same time period. As such, it seemed possible that some DNA 

contexts were losing DNA methylation at the most optimal rates following decitabine 

treatment, whereas others regions where much slower than this.   

 

3.2 Hexamer Approach to Demethylation 

Analysis 
 

To determine if some CpG contexts were more efficiently demethylated than 

others following decitabine treatment, mapped CpG sites were sorted according to the 2 

base pairs either side of the CpG site (NNCGNN, referred to here as a CG-containing 

hexamer). In order to classify CpG sites according to their respective CG-containing 

hexamers, a Python script developed by another Hore laboratory member, Oscar Ortega-

Recalde, was utilised. This script takes BISMARK mapped calls in the CpG context and 

examines the neighbouring -2, -1, +1, +2 nucleotides to determine the CG hexamer. As 

each of the four flanking positions of the central CpG site could hold any of the four 

nucleotides (A, C, T, G), a total of 256 CG-containing hexamers are possible. For each 

of the calls, the methylation status was obtained and added to a count table for the 

respective hexamer. The hexamer methylation was then calculated as the proportion of 
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total methylated cytosines over the total number of cytosines, methylated and 

unmethylated.  

 

When I analysed the plotted absolute methylation levels for each CG-containing 

hexamer (Figure 12A), it was apparent that there was a large variation observed in the 

rate of methylation loss; however, perhaps the most striking observation was that some 

hexamers had quite low levels of starting methylation (21.2-83.7%). Those CG-

containing hexamers starting with a high level (60-80%) of methylation (Figure 12A) lost 

up to 50 percentage points (pp) of methylation by 36 hours (Figure 12A-B), whereas those 

with lower levels of methylation initially, lost as little as 13.6 pp over 48 hours (Figure 

12A-B). 

 

 

Figure 12: Loss of Methylation 

Absolute level of methylation (CG methylation %) present (A) and the total methylation lost (B) 

at each of the hexamers in all contexts (CGI and non-CGI) from samples taken every 6 hours for 

48 hours (h post decitabine). Each line represents an average of 3 biological replicates. Δpp = 

change in percentage points 
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To understand why some hexamers appeared to have low starting levels of 

methylation, I closely examined their flanking sequence characteristics. Interestingly, of 

the 20 CG-containing hexamers with the lowest starting methylation, 19 possessed a 

further CpG in the motif that was in addition to the central CpG dinucleotide (Table 10).  

 

 

Table 10: Top 20 Lowest Starting Methylation 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

Outside of CGIs, CpG dinucleotides are rare within vertebrate genomes due to 

their increased rate of mutation by deamination, resulting in these CG sites being repaired 

as a TG site (Métivier et al., 2008). As such, I predicted that observing hexamers with 

two CpGs in its sequence may indicate that these motifs are especially enriched in CGIs, 

MOTIF STARTING 
METHYLATION (%) 

LEFT FLANKING 
DINUCLEOTIDES 

RIGHT FLANKING 
DINUCLEOTIDES 

CCCGCG 21.2 CC CG 

CGCGCC 21.3 CG CC 

CGCGGC 21.3 CG GC 

GCCGCG 21.5 GC CG 

CGCGGG 23.0 CG GG 

GGCGCG 24.5 GG CG 

CGCGAC 32.2 CG AC 

CTCGCG 33.0 CT CG 

CGCGCT 33.9 CG CT 

GTCGCG 34.2 GT CG 

CGCGTC 35.2 CG TC 

AGCGCG 35.5 AG CG 

TCCGCG 36.5 TC CG 

CGCGAG 36.5 CG AG 

CGCGCG 36.6 CG CG 

CGCGGA 38.2 CG GA 

CGCGGT 38.4 CG GT 

ACCGCG 38.4 AC CG 

GCCGCC 41.5 GC CC 

GACGCG 41.6 GA CG 
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and that because CGIs are predominantly demethylated, this may lower their average 

starting methylation level. To test this possibility, I repeated the entire analysis with CGIs 

excluded (as defined by (Illingworth et al., 2010)) and found that starting methylation 

levels for each motif were all now between 59.7 and 86.1% (Figure 13), indicating that 

those hexamers with lower starting methylation were removed as expected. The 

individual CG-containing hexamers also showed consistency between each of the 

biological replicates taken at each timepoint (Supplementary Figure 5). 

 

 

Figure 13: Loss of Methylation (non-CGI) 

Absolute level of methylation (CG methylation %) present (A) and the total methylation lost (B) 

at each of the hexamers in non-CGI context from samples taken every 6 hours for 48 hours (h 

post decitabine). Each line represents an average of 3 biological replicates. Δpp = change in 

percentage points 

 

3.2.1 Calculating Demethylation Velocity  
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To quantify the velocity of methylation loss for each CG-containing hexamer, I 

created a looped R script that applied a linear model to methylation loss during the first 

12 h of the experiment (i.e. during the linear phase of demethylation).  As expected from 

the absolute demethylation data (Figure 12-13), I found much greater variation in 

demethylation rate when “all” contexts were analysed (-0.5 to -2.6 pp/h) (Figure 12) 

compared to “non-CGI” hexamer contexts (-1.8 to -2.7 pp/h) (Figure 13). 

 

I then compared the starting methylation level of each of the 256 CG-containing 

hexamers to the velocity at which demethylation occurred in "all" and the "non-CGI" 

contexts (Figure 14). While it came as no surprise that demethylation velocity was highly 

correlated with starting methylation rate in ‘all’ genomic contexts (Figure 14A), it was 

not expected that there was also a strong correlation between demethylation velocity and 

starting methylation level in the non-CGI context (i.e. even after starting methylation had 

been equalised to a large extent) (Figure 14B).  
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Figure 14: Starting Methylation vs Demethylation Velocity 

Rate at which methylation was lost from each hexamer (-pp/h) against the initial level of 

methylation present at the hexamer at 0 h examined for hexamers in all genomic contexts (A) and 

in non-CGI contexts (B). Hexamers split into two populations; hexamers containing a double CG 

site (red) and singular CG site hexamers (black dots). The demethylation velocity was measured 

by the percentage points of methylation lost per hour (-pp/h). 

 

As a final attempt to remove the effect that starting methylation had on the 

demethylation velocity predicted, I calculated demethylation velocity in relative terms. 

In doing so, I found that each of the CG-containing hexamer now lost a similar proportion 

of methylation per h (approximately -0.03 Δp/h), in the non-CGI context only (Figure 

15B), and even when all genomic contexts were inspected (Figure 15A).  

As such, once starting methylation levels are corrected for, there is little difference 

between the 256 CG-containing hexamers with regard to demethylation velocity 

following decitabine treatment.  

 

 

Figure 15: Starting Methylation vs Relative Demethylation Velocity 

Relative rate at which methylation was lost from each hexamer (-Δp/h) against the initial level of 

methylation present at the hexamer at 0 h was examined. Both hexamers solely from all genomic 
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contexts (CGI and non-CGI) (A) and non-CGI hexamer contexts (B) were examined. The relative 

demethylation velocity was measured by in the change of proportion per hour (-Δp/h). 

 

 

 

3.3 Comparison to Active Demethylation Kinetics 
 

3.3.1 Active Demethylation samples 
 

 

 While there was little variation in demethylation velocity of CG-containing 

hexamers following decitabine treatment, it remained possible that even the small amount 

of variation present was somehow correlated to the preferences seen during active 

demethylation following forced-expression of the TET enzymes. 

To test this possibility, I compared proportional methylation loss between my 

decitabine experiment and that of TET-induced demethylation. The TET-mediated active 

demethylation data was generated from mES cell culture experiments in which TET 

expression was induced by doxycycline (Davies, Ortega and Hore unpublished data). The 

mouse cell line utilized for these experiment was a TET triple knock-out (TET-TKO) cell 

line, in which the 3 endogenous TET enzymes (TET1-3) were genetically knocked out 

from the cells in order to remove confounding effects of endogenous TET expression. A 

doxycycline inducible piggyBac transposon containing the mouse TET3 catalytic domain 

(mTET3-CD) was transformed into this cell line and allowed for the overexpression of 

TET3-CD to be achieved. Samples were collected every 6 hours in triplicate, alongside 

non-doxycycline treated controls, and underwent the same DNA extraction and PBAT 

process of that of the decitabine-treated V6.5 cells used for this analysis. The TET3-CD 

overexpression experiment ran over 84 hours, with the linear range of data used for the 

demethylation velocity being the 12-30 h timepoints (Figure 4). 
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3.3.2 Active vs Passive Demethylation  
 

The demethylation results from the decitabine-induced passive demethylation 

experiment analysed here were compared against those from the TET-induced active 

demethylation experiment. For both the 'non-CGI' contexts (Figure 16B) and 'all' contexts 

(Figure 16A), TET3-mediated demethylation showed a much larger range of relative 

demethylation velocities, between 0.000 and 0.022 Δp/h (Figure 16A-B), indicating that 

some sites lose methylation very slowly or show no change over the period from which 

the relative demethylation velocity was calculated (Figure 16A-B). This variation in 

demethylation rates is representative of the preference TET has for certain CG-containing 

hexamers over others. Comparatively, passive demethylation occurs predominantly at the 

same relative velocity, which on average is 0.031 Δp/h (Figure 16A-B). Passive 

demethylation is also shown to remove DNA at a faster rate than active demethylation as 

a whole. When all hexamer contexts were examined (Figure 16A) the relative velocity at 

which passive demethylation occurred across the hexamers varied more, with some 

hexamers having relative demethylation rates as low as 0.026 Δp/h (Figure 16A). This is 

due to the incorporation of the CGI hexamers into the comparison. 

 

When only the ‘non-CGI’ hexamers are considered there is no correlation between 

the relative velocities of active and passive demethylation (p = 0.090) (Figure 16B). When 

‘all’ hexamer contexts are considered a significant (p=0.022), but extremely weak anti-

correlation (r2=0.022) was observed in the data due to the presence of the CGI hexamers 

(Figure 16A). 
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Figure 16: Active vs Passive demethylation rates at individual CG-containing hexamers 

Direct comparison between the relative rate at which demethylation occurs by passive (decitabine 

induced) demethylation and active (mTET3-CD mediated) demethylation (-Δp/h). Both hexamers 

from all contexts (CGI and non-CGI) (A) and hexamers solely from the non-CGI context (B) 

were examined. The relative demethylation velocity was measured by in the change of proportion 

per hour (-Δp/h).  
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4 Chapter Four: Discussion 

 

The removal of methylation from DNA, through both active and passive 

mechanisms, enhances the efficiency by which induced pluripotent stem cells can be 

created (Hore et al., 2016, Costa et al., 2013, Mikkelsen et al., 2008). Nevertheless, the 

superior method of demethylation for the efficient and safe creation of iPS cells is yet to 

be understood. Whilst the underlying mechanism of DNA demethylation have been 

explored, poor understanding of methylation removal kinetics in iPS cells, and the 

implication of this for therapeutic safety, may hamper implementation of iPS cell 

technology in a clinical setting. 

In this investigation, the kinetics of passive demethylation, induced through the 

inhibition of DNMT1 by decitabine, were examined to determine if it has any preference 

for certain sequences, and if this is fundamentally different to TET-induced active 

demethylation. My analysis involved calculating the demethylation velocity of CG-

containing hexamers from bisulfite sequencing data using custom looping R scripts. I 

found that once starting methylation and genomic location are accounted for, in contrast 

to TET-induced active demethylation, there is very little or no preference for certain CG-

containing hexamers following decitabine treatment.   

 

4.1  Calculating Demethylation at CG-containing 

Hexamer 
 

4.1.1 Experimental considerations 
 

Prior studies examining the effect of decitabine treatment on DNA methylation 

have focussed upon the genomic location of methylated sites, but not the effect of 
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nucleotides immediately flanking a CpG site (Lund et al., 2014, Hagemann et al., 2011, 

Klco et al., 2013). Moreover, these studies predominately used a static approach to study 

demethylation, only examining one time point at the end of decitabine treatment. As such, 

any subtle alterations in demethylation rate during the experiment may be obscured 

within a saturated experimental system.  

To ensure I could adequately examine whether passive demethylation exhibits 

preference to certain CG-containing hexamers in the data, I required an experimental 

setup whereby all the wide range of sequence contexts could be analysed over a densely 

sampled time course. The decitabine-treated cells showed a strong decrease in CG-

dinucleotide methylation at 0.215 µM over a 48-h time-period (Figure 11-13), indicating 

I was able to efficiently block the DNMT1 enzyme, inhibiting its ability to copy CG 

methylation from the old strand to the new strand when DNA underwent replication 

(Figure 5). Analysis of demethylation in the first 12 h, during the linear and most rapid 

part of the demethylation, gave me the best opportunity to detect any variation in 

demethylation velocity at CG-containing hexamers, should it exist.   

The reason for rapid and linear demethylation during this time is likely a function 

of the cycling time of the cells tested and the inherent instability of the decitabine 

molecule. Mouse embryonic stem cells in culture divide every ~12 hours (Carey et al., 

2015). Due to the unsynchronised nature of cell division in culture, by 6 hours it is 

expected that approximately half of the cells would have undergone cell division, and all 

cells by the 12-hour mark. With this understanding, CG methylation following decitabine 

treatment should decay with a half-life of around 12 h. After the rapid initial 

demethylation in the first 12 h, the level of CG methylation loss was observed to slow 

and then remained stable at 20-40% for hexamers from 36 h post treatment. The slowing 

of demethylation at this timepoint is likely due to the astonishing speed by which 
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decitabine degrades in aqueous solution (~15 min) (Kim et al., 2017). Thus, following 

initial degradation of DNMT-decitabine adducts, restoration of maintenance methylation 

will proceed in a manner proportional to new methyltransferase created - presumably at 

some point between 12 and 36 h post-treatment. This restoration of DNMT highlights the 

importance of sampling at multiple timepoints, as conducted in my research, ensuring 

that the changes occurring to methylation are fully captured.  

 

4.1.2 Effect of starting methylation on absolute methylation loss 
 

An initial important observation in my analysis was the apparent strong effect that 

starting methylation level had on CG-containing hexamer demethylation velocity. 

Through the comparison of these two variables for each of the 256 hexamer motifs 

(Figure 14 and 15), I was able to identify that lowly methylated regions tended to lose 

absolute methylation slowly, whereas highly methylated regions demethylated much 

faster. While this effect was somewhat reduced by excluding CGI regions (which have 

low levels of starting methylation), even after this correction I still saw that even small 

reductions in starting methylation reduced the rate of absolute methylation loss 

proportionally (Figure 14B). 

These results make sense due to the mechanism by which methylation is lost 

through passive demethylation, resulting from inactivation of DNMT machinery. Thus, 

as DNA is replicated, fully methylated DNA becomes hemimethylated, essentially 

halving the amount of DNA represent at that CG site, and this decrease continues with 

each replication. So, while each site would lose half the methylation present, those sites 

that started with high methylation would lose relatively more upon replication compared 

those with lower methylation. As such, when I analysed my data as a function of relative 
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methylation loss, I no longer saw that starting methylation was correlated with 

demethylation velocity for each of hexamer motifs (Figure 15). 

Interestingly, others have also reported the observation that starting methylation 

level impacts upon absolute demethylation velocity in AML and cancer cell lines 

(Hagemann et al., 2011, Klco et al., 2013, Lund et al., 2014); however, this was been 

interpreted in two different ways. Hagemann et al., (2011) and Klco et al., (2013), both 

concluded that the low levels of absolute methylation loss at CGIs means decitabine 

treatment is somehow less effective at lowly methylated sites. In contrast, Lund et al., 

(2014) showed that irrespective of starting methylation, all genomic regions lose 

approximately half their methylation over the treatment time-course. Like Lund et al., 

(2014), I calculated decitabine-demethylation as function of its starting methylation, and 

observed no sequence preference. It is likely that had Hagemann et al., (2011) and Klco 

et al., (2013) also presented their results in a relative manner, they would also arrive at 

the same conclusion.  

 

4.2 Comparison to active DNA demethylation 

 

Recent investigation of active demethylation kinetics by the Hore and Jurkowski 

laboratories, provided me with the opportunity to carry out a direct comparison of the two 

major forms of demethylation. 

I observed no correlation between TET3-mediated active demethylation and the 

decitabine-induced passive demethylation analysed here (Figure 16). Active 

demethylation showed that different hexamers lost methylation at various rates, giving 

fast demethylating and very slow demethylating sites (Figure 16). Whereas demethylation 

occurring passively resulted in hexamers losing demethylation at the same rate when the 
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effect of starting methylation was removed from the analysis and as a whole lost 

methylation at a much faster rate than active demethylation (Figure 16). Ultimately, 

passive demethylation by DNMT1 inhibition does not show clear preference to certain 

CG containing hexamers like TET-mediated demethylation does.  

 

This result was expected due to the differences in the mechanisms by which 

methylation is lost from DNA by active and passive process. Active demethylation occurs 

through the catalysis of 5mC to 5hmC and further oxidised derivatives by TET enzymes. 

Unpublished work from the Hore laboratory and their collaborators, has shown that the 

TET catalytic domain has specificity for certain CG-containing hexamers in vitro, in cell 

culture and even in mouse embryos during active demethylation in the embryo post-

fertilisation. Structural analysis of fast- and slow-demethylating sequences in complex 

with the TET catalytic domain have been performed, and have shown a mechanistic 

explanation for the preference of TET towards CACGGT sequences. Essentially, as the 

substrate cytosine is flipped out of the DNA helix during oxidation by TET, there is 

hydrogen bonding between the unpaired or 'estranged' G and the base immediately 

downstream of it (i.e. T).  

Alternatively, decitabine-induced passive demethylation results not from direct 

enzymatic action, but rather the absence of maintenance and subsequently dilution of 

methylation by DNA replication. As such, it is plausible that if DNMT1 was not inhibited 

to saturation, and therefore some enzyme was still be able to maintain methylation, slower 

demethylation for certain hexamers might be seen as it was recently shown that DNMT1 

does have intrinsic preference for certain sequences (Adam et al., 2020). However, this 

was not apparent in my dataset.  
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This perhaps illustrates a limitation in my analysis, as decitabine treatment at only 

one concentration was carried out for investigation of the kinetics of passive 

demethylation. In future, the titration of decitabine, enabling decreasing concentrations 

of decitabine to be used, would allow me to observe any preference in DNMT1 by the 

preferential re-methylation carried out by any unaffected DNMT1 observed in study by  

Adam et al., (2020).   

 

4.3 Implications for iPS cell derivation 
 

 

The comparison of passive and active demethylation velocities highlights the 

distinct mechanisms by which methylation removal can occur in cells and during 

development. While it is of academic importance that these mechanisms are uncovered 

and understood, there are substantial clinical implications of this work in determining 

whether active or passive demethylation is superior in creating safer and more efficient 

iPS cells (Figure 17).   

Since their development in 2006 (Takahashi and Yamanaka, 2006), induced 

pluripotent stem cells have provided a major hope in the field of personalised regenerative 

medicines due to their ability to replicate indefinitely and differentiate into any cell type 

of the body (Singh et al., 2015). They also prove to be an ethical replacement for the use 

of ES cells, which require the destruction or manipulation of an embryo.  
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Figure 17: Schematic drawing of the kinetics of active and passive demethylation. 

Demethylation mediated by active and passive mechanisms exhibit very different rates at which 

methylation is lost from DNA. On a whole, active demethylation shows slower and more varied 

demethylation rates (based on Figure 4) whilst passive demethylation occurs at a faster and more 

similar rate between hexamers (based on Figure 13). Superior method of enhancement of iPS cell 

reprogramming is yet to be determined Glanfield 2020, original work.  
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The reprogramming of adult somatic cells to a pluripotent like state usually 

involves overexpression of  key pluripotency-related transcription factors OCT4, SOX2, 

KLF4, c-MYC (Takahashi and Yamanaka, 2006). The efficiency for iPS cell creation in 

the original study was 0.01-0.1%, and while this efficiency has increased with further 

research, it still provides a barrier to development (Takahashi and Yamanaka, 2006, 

Kogut et al., 2018). One of the key issues in reprogramming efficiency arises in the failure 

of pluripotency genes to be expressed, likely due to the presence of DNA methylation or 

other modifications which prevent transcription (Shi and Jin, 2010). Whilst this principle 

was not able to be directly investigated in my research, experimental demonstration can 

be found with the observation that removal of DNA methylation, by both active and 

passive means, significantly improves the efficiency by which iPS cells are derived 

(Mikkelsen et al., 2008, Hore et al., 2016, Costa et al., 2013). However, it is currently 

unknown which is better from the perspective of iPS cell derivation efficiency. 

 

In addition to the question of efficiency, it is currently unclear which out of active 

and passive demethylation creates iPS cells with the highest quality and safety. While iPS 

cell safety is not so much of a concern for those used in patient-specific drug testing and 

disease modelling, iPS cells are increasingly being used in clinical trials as a medical 

treatment in their own capacity. Notable examples of this can be found for the treatment 

of age-associated macular degeneration (AMD), with some success shown already 

(Sharma et al., 2019, Trounson and DeWitt, 2016). However, before translation into 

wider clinical use, it is absolutely essential that iPS cells can be demonstrated to be safe.  
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There are 2 major safety concerns regarding iPS cells that aberrant DNA 

methylation reprogramming may contribute to: (1) loss of imprinting and (2) genomic 

instability.  

Genomic imprinting is a unique form of gene expression whereby one allele is 

silenced in a manner that is dependent upon the sex of the parent which transmitted that 

allele (Reik and Walter, 2001). Imprinting disorders arise when the epigenetic 

modifications that control this parent-of-origin specific expression are lost. Many 

imprinted genes are growth factors or receptors of growth factors (Morison et al., 2005), 

and their deregulation results in a wide spectrum of developmental and growth disorders. 

Most concerningly, loss of imprinting is a known driver of cancer in mouse models (Holm 

et al., 2005), and is found in a wide range of cancers (Ogawa et al., 1993, Rainier et al., 

1993). As such, the risk implicated in the introduction of iPS cells into patients without 

pristine methylation patterns at imprinted genes would be completely unacceptable (Hore, 

2017).  

Genomic instability is another prominent feature of cancer (Hanahan and 

Weinberg, 2011) and is driven predominately through the loss of silencing of repetitive 

regions of DNA (Yoder et al., 1997). Relaxation of this silencing via DNA demethylation 

is a major concern when treating cells with demethylating agents (Robertson and Wolffe, 

2000, Herman and Baylin, 2003). A recent demonstration of this has come from analysis 

of cultured naive embryonic stem cells, whereby prolonged genomic demethylation 

induced by MEK signalling inhibition results in greater levels of aneuploidy and genomic 

rearrangement (Di Stefano et al., 2018). 

On the one hand, passive demethylation via decitabine or related small molecules 

is an exceptionally convenient way to improve iPS cell derivation. While TET levels and 
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active demethylation can be enhanced using small molecules like ascorbate and retinol 

(Hore et al., 2016), addition of decitabine results in much greater demethylation.   

Nevertheless, my work here shows that passive demethylation acts as somewhat 

of a 'blunt-hammer' approach to removing DNA methylation. Because active 

demethylation through the TET enzymes is targeted to specific DNA sequences (Figure 

4), it seems likely that there is an adaptive or functional purpose to this specificity. Indeed, 

one of the most rapidly demethylated sequences following TET overexpression is 

CACGTG, the canonical binding site for c-MYC (Hore laboratory, unpublished data) - a 

methylation sensitive transcription factor that was a part of Yamanaka's original mixture 

of factors for iPS cell creation (Takahashi and Yamanaka, 2006). Thus, removing 

methylation rapidly at CACGTG is likely helpful for supporting pluripotency by allowing 

c-MYC to bind to DNA and do fulfil its role promoting transcription.  In contrast, one of 

the least targeted sequences by TET is TGCGCA; a site that OCT4 (another of 

Yamanaka's factors) will only bind to if it is left methylated. Thus, it appears TET is 

finely tuned to both demethylate or preserve methylation marks that support the 

pluripotent state.  

Currently it is unclear if TETs are similarly less active at imprinted and repetitive 

regions, however, my results would support the hypothesis that it is best to use TET-

enhanced active demethylation when performing iPS cell derivation. This is because 

decitabine induced demethylation indiscriminately removes methylation from across the 

genome, and this may result in iPS cells with unsafe epigenetic characteristics.  
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4.4 Concluding Remarks 

 

This research is a part of a broader effort to understand the kinetics of active and 

passive demethylation on CG-containing sequences. While it enables the answering of 

fundamental questions in developmental biology it may also hold great importance in for 

iPS cell creation and application in a clinical setting. The analysis of mES cell samples 

treated with decitabine to inhibit DNMT1, revealed that once genomic location and 

starting methylation were taken into account, passive demethylation shows no clear 

preference certain CpG sites based on the flanking sequence present as hypothesised. This 

was in direct contrast to active demethylation, whereby demethylation at certain CG-

containing hexamers occurs rapidly or very slowly based on the flanking sequences 

present.  

These observations suggest that passive demethylation would not be the superior 

choice for enhancing the creation of iPS cells for clinical use due to risk it poses to the 

producing unsafe DNA methylation profiles due to the indiscriminate way in which 

methylation is removed from the genome. 
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Appendices 

Supplementary Figures 

 

 

Supplementary Figure 1: Nucleic Acid Concentration of samples 

Concentration of nucleic acids present in the decitabine treated (A) and negative control (B) 

samples determined through quantification on the Nanodrop 2000C spectrophotometer. Samples 

analysed were collected in triplicate (R1-3) from each timepoint (0 – 48 h). 
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Supplementary Figure 2: Total Methylation per Sample 

Negative control samples, 36 h  

The total level of methylation present for negative control samples. Samples analysed were 

collected in triplicate (R1-3) from each timepoint (0 – 48 h). 

 

 
 
Supplementary Figure 3: Mapping Efficiency 

The percent mapping efficiency for negative control samples against the reference genome as 

determined through the number of reads that uniquely mapped to the genome, divided by the 

number of total reads. Samples analysed were collected in triplicate (R1-3) from each timepoint 

(0 – 48 h). 
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Supplementary Figure 4: Non-conversion Efficiency 

The bisulfite non-conversion efficiency for negative control  samples, determined by the ratio of 

converted to unconverted cytosines within the non-CpG context. Samples analysed were collected 

in triplicate (R1-3) from each timepoint (0 – 48 h). 

 

 
Supplementary Figure 5: Total Methylation Loss per Hexamer 

Absolute level of methylation lost from individual hexamers, TGCGCA and CACGTG, in non-

CGI context from samples taken every 6 hours for 48 hours. The line represents an average of 3 

biological replicates. (n=3, ±standard deviation 
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Supplementary Tables 

Supplementary Table 1: Adapter Primers used for PBAT 

Adapter Description Sequence 

BioP5N7 5′-biotinylated adapter 

primers containing seven 

random nucleotides at its 3′ 

end  

 

 

biotin-

ACACTCTTTCCCTACACGACGCTCTT

CCGATCTNNNNNNN 

P7N7 Adapter primer containing 

seven random nucleotides at 

its 3′ end 

GTGACTGGAGTTCAGACGTGTGCTC

TTCCGATCTNNNNNNN 
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