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Abstract

DNA modifications play important roles in genome function of vertebrates. 5-methylcytosine

(mC) has been extensively studied over the last 50 years as the most common covalent

DNA modification, present at roughly 70% of CpGs in the human genome. At pro-

moters it is mostly associated with silencing of genes. An oxidative product of mC,

5-hydroxymethylcytosine (hmC), was found to be common in brain cells in 2007, and

studies have attempted to elucidate the function of this stable modification ever since.

Although gene silencing through promoter-proximal DNA methylation has been exten-

sively described, the correlation between abundance of mC and hmC in gene bodies and

expression is less well understood.

In this study we investigate the relationship between DNA modifications, active

transcription, and gene expression. Using a system of global mC and hmC perturbation,

we contrast the effects of mC loss (mC → C) and hmC gain (mC → hmC) on different

transcription stages: initiation (sense and antisense), pausing, and elongation. The

induced changes in transcription are modest but proportional to the changes in DNA

modifications, and observations are consistent across multiple analyses.

mC loss is more disruptive to actively transcribing RNA polymerase (RNAP) occu-

pancy and gene expression compared to hmC gain. The effects of hmC gain are modest,

but both mC loss and hmC gain result in upregulated initiation (both canonical and

spurious), elongation, pause-release, and gene expression. Overall we observe quantita-

tive differences between loss of mC and gain oh hmC suggesting that hmC may have a

role beyond intermediate of demethylation.
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throughout the last four years. I am grateful that you didn’t mould me, but rather

allowed me to become my own researcher: relatively sceptical, too enthusiastic about

figures, passionate about parallelisation of cluster jobs, and with slight tendencies to

jump down rabbit holes. Thank you for listening to and discussing my random scien-

tific musings, even if they weren’t always relevant (most of the time they weren’t really

relevant...). I’ve always felt like I had mentors rather than bosses, and so I have learnt

an immense amount during my DPhil, not only about science but also the qualities that

make a great teacher. I am genuinely so grateful that I got the opportunity to work

under your guidance.

Next, I would like to thank my examiners, Prof. Rob Klose and Dr. Gabriele

Schweikert, for taking the time to read this thesis in detail and for their suggestions and

advice.

This thesis would contain very little data without Dr. Hiromi Tagoh. Hiromi, thank

you so much for all your scrupulous work on this project. Analysis is always easier when

the experiments went well and data has been generated carefully, and you made my job

much easier than it could have been. Thank you for your input and feedback throughout

and for always answering my silly questions. I feel very lucky to have worked with you

on this project.

I would like to thank my two labs for being incredibly welcoming, for their feedback,

for the copious baked goods over the years, and for the laughs. In particular, I would

like to thank Dr. Paolo Spingardi and Dr. Paulina Siejka-Zielinska for generating some

of the data presented in this thesis and Dr. Pijus Brazauskas for designing the inducible

cell lines used in this project.

I would also like to thank my previous supervisors. Dr. Wolfgang Huber and the

iii



Huber group, thank you for introducing me to this wonderful world of biology, for

taking me in as a mathematician who had very little knowledge about genetics and

programming, and basically defining my future career through an immensely enjoyable

four month internship at EMBL Heidelberg. Another special thanks to Dr. Stephen

Burgess for taking a chance on me through a reddit-application and allowing me to

stretch my programming skills into something tangible and useful to the Mendelian

randomisation community.

Magdalen College, thank you for being my home throughout this process, with a

special thanks to Andy Higgs for the numerous candid chats in the Porters’ Lodge. I

have met some incredible, lifelong friends through being part of your community.

(Almost Dr.) Ryan Hoyle, you have been a beacon of optimism since I met you

in Freshers’ week. I am continually mesmerised by your openness to new experiences,

to helping people, to spending literal hours discussing how all the information from a

DESeq2 results object could be included in one plot. Thank you for the walks, the

movie nights, the salsa, and the lengthy chats about everything and anything.

(Almost Dr.) Jason Weir, you have been a wonderful friend since we first discovered

that we were housemates in Michelmas 2017. Thank you for teaching me about Wagner,

for your passion for specific broccoli cooking directions, and for often being my voice of

reason over the last four years.

Nathan Davies, you are truly one of a kind. Thank you for the 7am walks around

Addison’s, for your kindness, and for opening up the weird world of philosophy to me.

Dr. Dean Frawley, thank you for our long walks, our Stranger Things and (failed)

Lord of the Rings marathons, but mostly for your unique ability to encourage self-

reflection. Liam McDonnell, Kevin Zoka, and John Granahan, thank you for peri-

odically reminding me that “it’ll be grand sure” throughout a worldwide pandemic,

often that’s all that’s needed. Hannah Maguire and Sarah Flannery, thank you for the

Eurovision-Umi-facemask ridiculousness that has defined our friendship for over fifteen

years now.

Michael Hinge, thank you for the daily laughing fits, the encouragement, the slipper-

wearing, and for being one of the most incredible people I’ve ever met. Even with the

iv



world still slightly in crisis, these last few months have genuinely been some of my

happiest thanks to you. I love you.

Mam and Dad, thank you for giving up so much to allow me to get to this point.

You prioritised our education over everything as if it was the simplest decision in the

world. Mam, since learning off reams of dialogue with you for playschool, your patience,

encouragement, and diligence instilled a life-long work ethic in me to always power

through and not avoid things that may be difficult. Dad, your problem-solving approach

to academia and life in general (sometimes at the expense of DVD players...) ensured

that I always tried to think outside the box. You both define who I have become as

a researcher, and as a person, and without both of you, none of this would have been

possible.

This thesis is dedicated to my grandparents, Prof. Petro Kalenyuk and Hanna

Kalenyuk, Assoc. Prof. Lidia Yavorska and Assoc. Prof. Igor Yavorskyy.

v



Contents

1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1

1.1 Mechanisms that guide the phenotype of a cell . . . . . . . . . . . . . . . 1

1.2 DNA Modifications . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3

1.2.1 Prevalence and role . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3

1.2.1.1 CpG Islands . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4

1.2.2 Regulation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4

1.2.2.1 Where do they come from? . . . . . . . . . . . . . . . . 5

1.2.2.2 Active Demethylation . . . . . . . . . . . . . . . . . . . 6

1.2.2.3 5-hydroxymethylcytosine (hmC) . . . . . . . . . . . . . 7

1.2.2.4 5-carboxymethyl cytosine (caC) and 5-formylcytosine (fC) 9

1.2.3 Techniques to detect DNA modifications . . . . . . . . . . . . . . . . . 9

1.3 Transcription . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 12

1.3.1 RNA Polymerases . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 12

1.3.2 Stages of transcription . . . . . . . . . . . . . . . . . . . . . . . . . . . 12

1.3.2.1 Recruitment and Initiation . . . . . . . . . . . . . . . . 12

1.3.2.2 Pausing . . . . . . . . . . . . . . . . . . . . . . . . . . . 14

1.3.2.3 Elongation and Termination . . . . . . . . . . . . . . . 15

1.3.2.4 Other mechanisms . . . . . . . . . . . . . . . . . . . . . 17

1.3.3 Techniques to measure engaged RNA polymerase occupancy . . . . . . 18

1.4 Influence of DNA modifications on transcription . . . . . . . . . . . . . . 22

1.4.1 Aim of thesis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 23

2 Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 25

2.1 Annotation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 25

2.1.1 Genome annotation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 25

2.1.1.1 Metagenes . . . . . . . . . . . . . . . . . . . . . . . . . 25

2.1.2 CpGI annotation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 25

2.1.3 Enhancer annotation . . . . . . . . . . . . . . . . . . . . . . . . . . . . 26

2.1.3.1 FANTOM5 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 26

2.1.3.2 EnhancerAtlas v2.0 . . . . . . . . . . . . . . . . . . . . . . . . . . . . 26

vi



2.1.3.3 Enhancer classification . . . . . . . . . . . . . . . . . . . . . . . . . . 27

2.1.3.4 Enhancer annotation comparison . . . . . . . . . . . . . . . . . . . . 27

2.2 DNA Modifications . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 27

2.2.1 Pre-processing of TAPS and TAPS-β data . . . . . . . . . . . . . . . . 27

2.2.2 Modification level simulation . . . . . . . . . . . . . . . . . . . . . . . . 29

2.2.3 Metagenes . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 31

2.2.4 Genome Browser . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 31

2.2.5 Differential methylation analysis . . . . . . . . . . . . . . . . . . . . . . 31

2.3 mRNA . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 31

2.3.1 Pre-processing of mRNA data . . . . . . . . . . . . . . . . . . . . . . . 31

2.3.2 Differential expression analysis of mRNA count data . . . . . . . . . . 32

2.4 Engaged polymerase occupancy . . . . . . . . . . . . . . . . . . . . . . . 33

2.4.1 QC analysis and deduplication . . . . . . . . . . . . . . . . . . . . . . . 33

2.4.2 The reference genome . . . . . . . . . . . . . . . . . . . . . . . . . . . . 34

2.4.3 Processing the .bam files . . . . . . . . . . . . . . . . . . . . . . . . . . 35

2.4.3.1 Generation of signal tracks . . . . . . . . . . . . . . . . . . . . . . . . 35

2.4.3.2 Downsampling PRO-Cap and PRO-Seq data . . . . . . . . . . . . . . 35

2.4.3.3 Metaplot generation . . . . . . . . . . . . . . . . . . . . . . . . . . . 35

2.4.4 Identifying regions of polymerase initiation . . . . . . . . . . . . . . . . 35

2.4.4.1 The HMM . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 35

2.4.4.1.1 Counts, observed variables, and blocking . . . . . . . . . . . . . . . 36

2.4.4.1.2 Transition matrices, peak calling, and trimming . . . . . . . . . . . 36

2.4.5 Linking initiation regions to features . . . . . . . . . . . . . . . . . . . 38

2.4.6 Identifying regions of polymerase elongation . . . . . . . . . . . . . . . 38

2.4.7 Selecting major initiation regions for each gene . . . . . . . . . . . . . 38

2.4.8 Assigning probable elongation regions . . . . . . . . . . . . . . . . . . . 38

2.4.9 Transcription statistics . . . . . . . . . . . . . . . . . . . . . . . . . . . 38

2.4.10 Uniformity index to evaluate stalling . . . . . . . . . . . . . . . . . . . 39

2.4.11 Termination index . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 39

2.4.12 Differential RNAP initiation and occupancy analysis . . . . . . . . . . 39

vii



3 Induction of unbiased genome-wide DNA modification changes . . . . . . . 41

3.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 41

3.2 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 42

3.2.1 Experimental Conditions . . . . . . . . . . . . . . . . . . . . . . . . . . 42

3.2.1.1 TET1-CD upregulation via Dox induction . . . . . . . . . . . . . . . 42

3.2.1.2 Demethylation with 5-aza-CdR . . . . . . . . . . . . . . . . . . . . . 43

3.2.1.3 Isolating the effects of 5hmC induction from those of demethylation . 44

3.2.2 Detection of base-resolution DNA modification changes in HEK293 cells 45

3.2.2.1 Quality control . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 45

3.2.2.1.1 Conversion rate of spike-ins . . . . . . . . . . . . . . . . . . . . . . . 45

3.2.2.1.2 Coverage . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 54

3.2.2.1.2.1 Copy Number Analysis . . . . . . . . . . . . . . . . . . . . . . . . 55

3.2.3 Genome-wide base-level analysis of induced modification changes . . . 56

3.2.3.1 Calculating hmC level and changes in mC . . . . . . . . . . . . . . . 57

3.2.3.2 The effects of incomplete conversion . . . . . . . . . . . . . . . . . . . 61

3.2.4 Genome-wide analysis of trends in induced modification changes . . . . 64

3.2.5 Analysis of DNA modifications in functional regions . . . . . . . . . . . 65

3.2.5.1 DNA modification changes in genes . . . . . . . . . . . . . . . . . . . 65

3.2.5.2 DNA modification changes in CpG islands . . . . . . . . . . . . . . . 69

3.3 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 77

4 The effect of genome-wide DNA modification changes on occupancy of ac-

tively engaged RNA polymerase . . . . . . . . . . . . . . . . . . . . . . . . 80

4.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 80

4.2 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 80

4.2.1 Experimental set-up . . . . . . . . . . . . . . . . . . . . . . . . . . . . 80

4.2.2 Pre-processing and deduplication . . . . . . . . . . . . . . . . . . . . . 84

4.2.3 Sample normalisation and spike-ins . . . . . . . . . . . . . . . . . . . . 86

4.2.4 Overview of initiation and occupancy of active RNAP in HEK293 cells 87

4.2.5 Are RNAP initiation and occupancy metagene profiles affected by DNA

modification changes? . . . . . . . . . . . . . . . . . . . . . . . . . . . . 90

viii



4.2.6 Annotation Agnostic Analysis . . . . . . . . . . . . . . . . . . . . . . . 90

4.2.7 Binned initiation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 91

4.2.8 Data-driven initiation . . . . . . . . . . . . . . . . . . . . . . . . . . . . 91

4.2.8.1 HMM model . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 91

4.2.8.1.1 HMM design . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 93

4.2.8.2 Trimming . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 95

4.2.8.3 Stringency and variation analysis . . . . . . . . . . . . . . . . . . . . 95

4.2.8.4 Pausing . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 96

4.2.8.5 Run-through . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 99

4.2.8.6 Elongation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 103

4.2.9 Supervised analysis of RNAP initiation and elongation . . . . . . . . . 106

4.2.10 TSS identification . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 107

4.2.10.1 Transcript annotation analysis . . . . . . . . . . . . . . . . . . . . . . 108

4.2.10.2 Defining initiation regions . . . . . . . . . . . . . . . . . . . . . . . . 110

4.2.10.3 Definition of elongation regions . . . . . . . . . . . . . . . . . . . . . 120

4.2.11 Effects of DNA modification . . . . . . . . . . . . . . . . . . . . . . . . 122

4.2.11.1 Treatment-induced changes in initiation . . . . . . . . . . . . . . . . 122

4.2.11.1.1 Is PRO-Cap representative of initiation frequency? . . . . . . . . . . 122

4.2.11.1.2 Treatment-induced changes in PRO-Cap signal . . . . . . . . . . . . 123

4.2.11.2 Analysis of termination, pausing, and uniformity . . . . . . . . . . . 133

4.2.11.2.1 Termination . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 133

4.2.11.2.2 Pausing regions and pausing index (PI) . . . . . . . . . . . . . . . . 135

4.2.11.2.3 Stalling and uniformity index (UI) . . . . . . . . . . . . . . . . . . . 136

4.2.11.3 Treatment-induced changes in elongation . . . . . . . . . . . . . . . . 138

4.3 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 143

5 Relationship between engaged RNA polymerase occupancy and mRNA

abundance after genome-wide DNA modification changes . . . . . . . . . . 148

5.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 148

5.2 Results: mRNA analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . 149

5.2.1 mRNA abundance estimation . . . . . . . . . . . . . . . . . . . . . . . 149

ix



5.2.2 Experimental design : Mitigating DNA methylation independent treat-

ment effects . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 150

5.2.3 Count normalisation . . . . . . . . . . . . . . . . . . . . . . . . . . . . 152

5.2.4 Differential expression analysis . . . . . . . . . . . . . . . . . . . . . . . 152

5.2.5 Comparing gene expression changes after +Dox and +5-aza-CdR . . . 154

5.2.5.1 Focus on anti-sense lncRNA . . . . . . . . . . . . . . . . . . . . . . . 158

5.3 Results: Combining mRNA abundance and DNA modification data . . . 161

5.3.1 Relationship between baseline expression and mC and hmC levels . . . 161

5.3.2 Do genes with changes in expression show parallel changes in mC and

hmC abundance? . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 163

5.4 Results: Combining mRNA abundance and RNA polymerase occupancy

data . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 168

5.4.1 Baseline PRO-Seq as a predictor of baseline mRNA . . . . . . . . . . . 168

5.4.2 Are changes in PRO-Seq predictive of changes in mRNA? . . . . . . . 170

5.5 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 177

6 Discussion of future directions . . . . . . . . . . . . . . . . . . . . . . . . . 180

6.1 Changes to experimental design . . . . . . . . . . . . . . . . . . . . . . . 180

6.2 Alternative and additional experiments . . . . . . . . . . . . . . . . . . . 182

6.3 Related questions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 182

7 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 183

References . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 184

x



1 Introduction

1.1 Mechanisms that guide the phenotype of a cell

Human DNA is long and complex, but changes in the nucleotide sequence alone can-

not explain the biological variability between cells [160]. The same DNA can produce

different phenotypes of cells by selective expression of genes, which are activated and

deactivated through highly dynamic regulation (Figure 1).

In order to synthesise a protein, the relevant gene(s) must be active and accessible

for transcription. Chromatin is made up of structures called nucleosomes, comprised

of DNA tightly wrapped around an octamer of histone proteins (two of each: H3, H4,

H2A, and H2B). The histones have N-terminus tails which can be modified, and one

function of these modifications is the regulation of how open the DNA is and thus which

subset of genes can be active.

Regulation of gene expression is facilitated through a subset of transcription factors

(TFs) that can cooperate with chromatin remodellers which alter histone modifications.

Of the TFs that recruit chromatin modifiers1, most aid transcription through exposing

promoters, while others play a repressive role.

TF binding is highly targeted, thus the presence of DNA methylation in regulatory

regions can affect transcription. Some TFs can directly bind to regulatory regions on the

DNA to modulate transcription. While methyl-CpG-binding proteins (MBPs) favour

binding at methylated regions, most proteins preferentially bind unmethylated DNA.

Therefore DNA modifications can affect transcription through disrupting TF binding.

TFs facilitate recruitment of RNA polymerase and the transcriptional machinery

through binding at enhancers and promoters, thus sensitivity to DNA modifications

can result in reduced binding, and therefore gene repression. In this project, we fo-

cus on the relationship between DNA modifications and active transcription. In other

words we investigate how DNA modifications affect gene expression by perturbing DNA

modifications and measuring RNAP occupancy.

1Note that TFs have many roles independent of this.
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Figure 1: Epigenetics and phenotype. To guide a cell from its progenitor state to
a differentiated mature cell with defined function in an organism, the cell must decide
which proteins are synthesised through regulation of gene expression. One method of
regulation involves modifications “upon” (or epi) the DNA. On the chromatin level, by
inducing changes to chromatin compaction through histone tail modification one can
change which regions are accessible to transcription factors in a cell-specific manner.
Similarly, the DNA bases can be modified directly in a heritable way without changes
to the underlying DNA sequence allowing for dynamic regulation at a finer level.
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1.2 DNA Modifications

1.2.1 Prevalence and role

The most prevalent DNA modification (DNAmod), 5-methylcytosine (mC) was first

described by G.R. Wyatt in 1950 [263] and is found in all known vertebrates and land

plants [269]. This modification is stable in the genome, being faithfully copied after

each replication cycle, and is thought to be involved in regulation of gene expression

[7, 79, 110, 229] and consequently cell identity stabilisation [211], transposable element

silencing [26, 86, 115, 148] and X chromosome inactivation [96, 199, 217, 235], imprinting

[58, 134, 242], and chromatin structure through nucleosome stability [35, 37, 189].

The prevalence and types of DNAmods vary across species. Although CpG dinu-

cleotides are under-represented in the genome, mammalian DNA methylation (DNAmeth)

is most prevalent in this context with 70-80% of CpGs being symmetrically methylated

(mostly in repetitive regions)[57]. In contrast, methylation in plants often occurs outside

CpG contexts (reviewed in [92]). While there is evidence of non-CpG methylation in

many tissue types across mammalian genomes, it is significantly less frequent2 (reviewed

in [182]).

DNAmeth has been extensively studied within the scope of differentiation. In

particular, multiple studies examining the dynamic changes in methylation through

a hematopoietic differentiation have found cell-type specific methylomes (reviewed in

Ko et al. [119]). Hodges et al. [95] found that cell-type specific hypomethylation often

marked lineage-specific genes and, through the course of differentiation, intermediate

methylation states tended to a uniform (hypo- or hyper-methylated) state in the ma-

ture cell. Bock et al. [22] showed that methylation differences between cell types were

modest but locus-specific and often overlapped with transcription factor (TF) binding

sites, suggesting a role in preventing aberrant TF binding. Based on this, cells could be

classified based on their methylome.

DNAmeth is usually associated with repression. In their model, Sharifi-Zarchi et al.

[216] showed that if DNAmeth is present in a region then it’s inactive, whereas if
2This is nevertheless an area of active research, in particular for mitochondrial DNA which

shows extensive methylation in non-CpG contexts [183].
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H3K4me3 or H3K4me1 are abundant then the region is a promoter or enhancer, re-

spectively3. While hypermethylation suggests inactivity, hypomethylation is not always

marker of an active region. Hypomethylated regions are indeed H3K4me3 enriched,

but not always [216]. Indeed, Hodges et al. [95] found that although most hypomethy-

lated promoters are common across different cell types, this hypomethylation does not

necessarily define that the related genes are active.

1.2.1.1 CpG Islands

The methylation landscape in humans depends largely on CpG density. In their inves-

tigation of the effect of topology on methylation, Lövkvist et al. [155] showed that CpG

clusters are rarely found in an intermediate methylation state, in other words a CpG

cluster is either hypo- or hyper-methylated. They also noted that while methylated

CpGs can affect the methylation of an extended local region, unmethylated CpGs only

affect the demethylation of nearby CpGs.

Stretches of DNA with a high CpG density are called CpG islands (CpGIs), and

remain largely unmethylated4. Lövkvist et al. [155]’s findings suggest that CpGIs are

short and dense to ensure efficient demethylation, and since they overlap with ∼70% of

human gene promoters a role for transcriptional regulation also seems likely [232, 207].

Indeed, hypermethylation of CpGIs, or CpG island methylator phenotype (CIMP),

was first described for primary colorectal cancers in 1999 [240] and has since been found

in both normal and cancerous tissues (reviewed in [102, 166]). Although most CpG

islands overlap with promoters, gene-body CpGI hypermethylation has also been linked

to tumorigenesis [6]. In fact there exists a paradox whereby although promoter CpGI

methylation is repressive, gene-body CpGI methylation is associated with transcription

[109].

1.2.2 Regulation

3H3K4me3 is associated with active promoters, and H3K4me1 is an enhancer marker.
4Technically defined as being 200bp or longer with GC content exceeding 50% and a CpG

observed over expected ratio of over 0.6 [74].
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Figure 2: Example of CpGI hypomethylation.

1.2.2.1 Where do they come from?

Mammals have three enzymes which are responsible for maintenance of DNAmeth,

known as DNA methyltransferases (DNMTs). In 1999, Okano et al. [177] described

two variants, Dnmt3a and Dnmt3b, which were responsible for de novo methylation

of mouse cells. These enzymes preferentially localise near CpG dense regions but are

excluded from active promoters and enhancers, with Dnmt3b showing higher binding

at gene bodies of active genes [16]. The maintenance of mC is carried out by DNMT1

which has a preference for hemimethylated CpGs (but has also shown some evidence of

de novo methylation) [267].

The evolutionary importance of DNAmeth was recently studied in yeast, where

Dnmt5 is a highly specific maintenance enzyme but the de novo DNMT was lost 50-150

million years ago. Catania et al. [31] showed that despite the loss, the species shows low

methylation levels which have been propagated and suggested an evolutionary, natural

selection explanation for the persistence of DNAmeth in the genome. However, in most

cases absence of these enzymes is lethal to cells [133, 177], and silencing can have very

disparate consequences depending on cell-type and organism.

All three enzymes are essential, and mice lacking Dnmt1, Dnmt3a, or Dnmt3b are

embryonic lethal [133, 177]. Without DNMTs, methylation cannot be effectively copied

and the genome becomes progressively demethylated after each cell division. Even in-

sufficient quantities of Dnmt1 can lead to significant problems, e.g. mice carrying a

modified Dnmt1 allele which resulted in 10% of the normal mC developed aggressive T

cell lymphomas at 4-8 months [75] and knock-out in specific cell types has a similarly
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poor prognosis. In their study of gastrointestinal development, Jorgensen et al. [113]

used smooth-muscle Dnmt1-KO mice and found that the pups were smaller than their

litter mates, had massive intestinal dilation, and died around postnatal day 21. In

contrast, bees with silenced Dnmt3 emerge preferentially as queens rather than work-

ers [124] and Dnmt3 knockdown in locusts results in changes in phenotypic plasticity

(affecting swarming) [98].

In some cases DNMTs cooperate and compensate for one another. Rhee et al.

[197] showed that while deletion of DNMT1 reduced global methylation by less than

3% in a colorectal cancer cell line, deletion of both DNMT1 and DNMT3b reduced

methylation by over 95%. In their study of postmitotic neurons, Feng et al. [64] found

that only double knockout (Dnmt1 and Dnmt3a) mice showed changes in plasticity

and learning, with smaller neuronal phenotypes and changes in gene expression and

methylation compared to wild type. Combined with a previous study of Dnmt1 deletion

in postmitotic neurons which failed to show any obvious phenotypic changes [63], Dnmt3

appears to compensate for Dnmt1 in these cells too.

1.2.2.2 Active Demethylation

Demethylation can occur passively through replication if activity of DNMT enzymes is

compromised, but, an active way to remove methyl groups is necessary for more tar-

geted regulation. The enzymes responsible for active demethylation remained elusive

until Tahiliani et al. [234] identified the ten-eleven translocation 1 (TET1) enzyme as

a candidate demethylase. They rationalised that since the TET1 homologs in Try-

panosoma oxidised 5mT, the enzyme may serve a similar oxidative function in humans,

and were correct. Ito et al. [103] then showed that TET1, TET2, and TET3 are also

the enzymes responsible for active demethylation in mice.

The TET enzymes combined with base excision repair (BER) form an active pathway

that can convert mC back to cytosine [128, 234, 45, 253] (Figure 3). They oxidise

mC to 5-hydroxymethylcytosine (hmC), then to 5-formylcytosine (fC), and lastly to 5-

carboxylcytosine (caC) [122, 90, 104]. Since most DNAmod are found in a CpG context,

it is not surprising that DeNizio et al. [47] found TET2 mC oxidation is more efficient
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at CpG compared to CpH contexts (the preference is reduced at hmC). The oxidative

products of mC prevent DNMT1 from copying the methylation onto the daughter strand

due to reduced catalytic activity, suggesting a coordinated demethylation through both

the active and passive pathway [214].

Thymine DNA glycosylase (TDG) acts on T:G, U:G, and hmU:G mismatches, but

has also been shown to convert fC and caC to an abasic site with little preference for

context [90, 161, 47]. The BER pathway then excises the abasic site and a polymerase

replaces the base by an unmodified cytosine, completing the active demethylation pro-

cess. TDG is essential in completing the conversion of mC to cytosine (reviewed in

[45]). The enzyme is required for mouse development, with TDG−/− mice exhibiting

an embryonic lethal phenotype [41, 42].

Experiments attempting to differentiate cells with TET deficiencies or perturba-

tions have shown that these enzymes are essential for lineage specification in blood

[2, 157], neurons (reviewed in [204]), and ESCs [139]. TET1 mostly localises near CpG-

rich promoters and within genes [257], resulting in reduced methylation both through

its hydroxylase activity but also by physically obstructing DNMT from binding. The

relationship between TET-induced hypomethylation and gene expression is not always

positively correlated and repressive roles of Tet1 have been proposed by multiple groups.

Wu et al. [262] showed that Tet1 promotes PRC2 recruitment in mouse ESCs, facilitat-

ing H3K27 methylation, and [257] showed colocalisation with the SIN3A co-repressor

complex which mediates histone deacetylation.

It is worth noting that more recent studies have found that mC can be oxidised by

the DNA repair enzymes ALKBH2, ALHBH3, and AlkB in vitro [19].

1.2.2.3 5-hydroxymethylcytosine (hmC)

Originally discovered in simpler organisms in 1952 by Wyatt and Cohen [264], interest

in hmC was revived in 2009 after being found in high abundance in Purkinje neurons

(∼40% of mC) by Kriaucionis and Heintz [122] and in mouse ESC (∼10% of mC) [234].

Although total abundance is highly variable across cell types [77], it is most prevalent

in the brain, and levels are lower in cancer than in healthy tissue [9]. Loss of hmC has
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Figure 3: Active demethylation pathway. Unmodified cytosine (uC) is methylated
by DNMTs. The TET enzymes oxidise mC to hmC, fC, and caC. The latter, fC and
caC, are unstable and removed by TDG as part of the BER pathway.

been associated with more aggressive cancers [272, 141]. Recently Wang et al. [251]

showed global reduction of hmC in lung cancers, with concurrent increases in hmC at

some CpG islands and gene promoters, and Lian et al. [140] defined loss of hmC as an

“epigenetic hallmark of melanoma”.

hmC is most abundant in gene bodies, with some enrichment in proximal upstream

and downstream regions relative to transcription start sites (TSSs), transcription end

sites (TESs) and distal regions [222]. Although TSSs are generally free of mC, hmC ap-

pears to be enriched in TSSs, in particular those that were CpG-rich and had H3K27me3

and H3K4me3 marks [181, 257]. Although high concentration of hmC at promoters is

still repressive in general [203, 181], Ficz et al. [66] showed an association between hmC

at TSSs and increased transcription.

There is more evidence of gene body hmC being a marker of high transcription

[144, 165, 257, 262, 241]. During construction of their hmC tissue map, Cui et al. [44]

found that tissue-specific gene bodies and enhancers have the most hmC. Enrichment

in enhancers (marked by H3K4me1 and H3K27ac) was also noted by Stroud et al. [231].

Similarly to mC, the levels of hmC can change during differentiation [243], but unlike

its oxidative products it is a stable modification [83, 193, 233]. The stability of hmC is

exemplified in recent studies which have successfully used hmC maps from circulating

cell-free DNA (cfDNA) to classify cancers, suggesting its potential in diagnostics and

personalised medicine [138, 33, 265].
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Other roles for hmC, independent of transcription regulation, have been proposed.

The relationship between hmC and DNA repair is another active area of research, re-

viewed in [116]. Kafer et al. [114] suggested a role in genome integrity, namely that

hmC is a marker for DNA damage, however deconvolution of the effect of hmC and

TET was not clear. In 2019, Mohni et al. [167] discovered a hmC binding ESC-specific

(HMCES) reader of abasic sites without which AP site repair is delayed and DNA dam-

age accumulates, and Shukla et al. [219] noted class switch recombination defects in

HMCES deficient mice. In an effort to explain the link between hmC and recombina-

tion, Robertson et al. [202] described a model whereby hmC is a preferred substrate

for endonuclease G, which catalyses the formation of double stranded DNA breaks,

promoting recombination.

1.2.2.4 5-carboxymethyl cytosine (caC) and 5-formylcytosine (fC)

The abundances of fC and caC are very low, Globisch et al. [77] estimated fC and caC

abundance at roughly 1.4% and 0.3% of hmC, respectively. This is both a consequence

of being difficult to oxidise by TET [99] and being excision targets of TDG [90, 161,

186, 271].

As fC and caC are marked for removal by the BER machinery, mapping these mod-

ifications can provide an insight into which regions are the most actively demethylated.

Song et al. [223] showed that fC appears to be enriched in mESCs at active and poised

enhancers (with a preference for poised5).

1.2.3 Techniques to detect DNA modifications

Many techniques have been developed with the goal of studying modified cytosines in

the genome. By the late 1980s, simple measurements of the amount of mC in a given

genome could be calculated and some methylation sensitive restriction enzymes had

also been identified [85]. Fast forward, and methylation arrays were used to quantify

methylation in specific regions of the genome, or alternatively one could pull down the

regions of interest with methylated DNA immunoprecipitation (MeDIP) [255]. However,
5Marked by H3K4me1 but not H3K27ac.
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accurate methylation mapping at base resolution has been synonymous with bisulfite

sequencing (BS) for a long time.

In 1970, two groups independently discovered bisulfite-mediated deamination of cy-

tosine ([215],[88],[85]). Hayatsu et al. [89] observed mC can be similarly deaminated,

but this process takes much longer [87], providing a way to distinguish cytosine from

mC. During sequencing, bisulfite-treated cytosines are read as thymines whereas mCs

remain as Cs allowing for bioinformatic separation of C and mC.

In 2009, Kriaucionis and Heintz [122] were surprised to find relatively high levels of

hmdC in Purkinje neurons (0.6% of total nucleotides) and a general enrichment of this

DNA modification in brain. The authors used a combination of chromatography and

mass spectrometry to quantify the abundance of the modification, but techniques for

more targeted mapping of hmC soon emerged.

Although mC (being the most abundant DNA modification) was usually the main

focus of BS analyses6, hmC behaves like mC in that it’s not read as T (fC and caC behave

like cytosine). Therefore BS could be used to detect mC/hmC positions, but not mC

or hmC alone. In 2012, Booth et al. [25] proposed a derivative of BS, called oxidative

BS (ox-BS), where the hmC is first specifically oxidised to fC by KRuO4. During

the subsequent bisulfide treatment, only mC’s remain as cytosines when sequenced,

therefore one can use a combination of BS and ox-BS to discriminate between mC

and hmC. To detect hmC only, Tet-assisted bisulfite sequencing (TAB-Seq) [268] is a

cheaper alternative to ox-BS. In TAB-Seq, mouse TET1 enzymes are used to oxidise

any modified cytosines to caC, with the exception of hmC which is first protected by

βGT.

In this project, we wanted to map the positions of both mC and hmC, but BS

has some drawbacks. It is relatively harsh on the DNA, and therefore assumes large

volumes of material (this is not always practical for small patient samples or cell free

DNA). More importantly the technique largely reduces a 4-base genome to a 3-base

genome for the purposes of mapping by converting non-modified cytosines to thymines,

resulting in dips in coverage and reads that cannot be uniquely mapped.
6Recalling the relative abundances of the oxidative derivatives of mC from Section 1.2.2, the

contribution of hmC to the total number of modified bases is low for most cell types.
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In 2019, Liu et al. [150] published a new, bisulfide-free alternative to BS, called TET-

assisted pyridine borane sequencing (TAPS) which addressed many of the problems with

BS. This method converts mC and its oxidative derivatives, which is less destructive,

cheaper, and leaves the majority of the genome unchanged (Figure 4). By first oxidising

modified bases (mC and hmC) using TET enzymes, then treating with pyridine borane,

one reduces all oxidative derivatives of mC into DHU which is converted to T during

the polymerase chain reaction (PCR) step. The authors showed that pyridine borane

can be used to convert fC and caC to DHU with 97.6% and 98.1% conversion rates,

respectively.

To separate mC and hmC, Liu et al. [150] combined the theory behind ox-BS and

TAB-Seq. TAPS-β is a derivative of TAPS which uses βGT to protect hmC from

oxidation by TET, leaving mC, caC, and fC as the only converted bases. Similarly to

the BS/ox-BS analyses, mC and hmC can be bioinformatically separated by combining

TAPS and TAPS-β results (Figure 4).

PCR ampli�cation

Analysis

TAPS TAPS-Beta

CG CGCG

UG UGCG

TG TGCG

UG UGCG

TG TGCG

TG TGCG TG TGCG

UG hmCGCG

TG CGCG

TG CGCG

mCG hmCGCG

CG CGCG

mCG hmCGCG

Reference (hg19)

Reference (hg19)

DNA of interest

TAPS

TAPS-Beta

DNA of interest

Figure 4: TAPS and TAPS-β explained. Schematic showing the expected conversion
of cytosines in TAPS and TAPS-β. When comparing to the reference sequence, we
expect mC and hmC positions to be mapped as Ts in TAPS but only see Ts at mC in
TAPS-β.
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1.3 Transcription

1.3.1 RNA Polymerases

There are three RNA polymerases (RNAPs) in metazoans, RNAPI, RNAPII, and

RNAPIII, each with distinct roles.

RNAPI and RNAPIII are responsible for transcription of non-coding RNAS, notably

ribosomal RNA (rRNA) and transfer RNA (tRNA), respectively. The promoters of

these transcripts differ significantly from those of genes transcribed by RNAPII as they

are largely uni-directional, and are more “bendable” which is compensated for by the

structure of the complex [61].

RNAPII is the most active, and synthesises messenger RNA (mRNA) as well as long

non-coding RNA (lncRNA), microRNA (miRNA), and small nuclear RNA (snRNA).

After initiation, the nascent strand is usually processed co-transcriptionally (reviewed

in [168]) but only a small proportion of RNAPII continue to productive elongation

[228]. When modelling RNAPII kinetics, Steurer et al. [228] found that most (∼93%) of

RNAPII is chromatin-bound with 10% initiating, 23% in a paused state, and the other

60% in the process of elongation.

1.3.2 Stages of transcription

Transcription proceeds in stages (Figure 5), with potential of regulation at each one,

resulting in delicate tuning of the timing and rate of mRNA production.

1.3.2.1 Recruitment and Initiation

First, transcription activators bind to enhancers and recruit co-activator complexes

which can open up the chromatin. This space is needed to facilitate assembly of the

preinitiation complex (PIC), which is comprised of general transcription factors (GTFs)

that bind to the promoter. The PIC is stabilised by the Mediator, forming a PIC-

Mediator complex [121], which recruits RNAPII to the promoter. For initiation to

take place, a subunit of RNAPII is phosphorylated by CDK7 allowing it to escape the
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Figure 5: Stages of
transcription. 1.
The pre-initiation com-
plex (PIC) is formed
from general transcrip-
tion factors (GTFs),
and together with
the Mediator complex
recruits RNAP to the
promoter. 2. After
initiation, the 5’ end
of the nascent RNA
is capped, but RNAP
doesn’t get very far
before pausing factors
slow down its rate
and cause promoter-
proximal pausing.
DRB-sensitivity induc-
ing factor (DSIF) and
negative elongation
factor (NELF) are
responsible for stabil-
ising paused RNAP. 3.
To release RNAP into
productive elongation,
positive transcription
elongation factor b
(P-TEFb) phospho-
rylates DSIF, NELF,
and the C-terminal
domain (CTD) of
RNAP. This results
in NELF dissociating
from the DSIF-NELF
complex and allows
RNAP to continue
elongating. 4. Once
the polyadenylation
site (PAS) is reached,
the RNAP pauses
again allowing for
efficient termination
before dissociating.
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promoter7.

The above is not continuous. A gene can fluctuate between active and inactive

states, resulting in discontinuous bursts of transcription whose frequency is regulated

by TFs (activators and repressors) and enhancers [127]. The size of the burst is affected

by the presence of core promoter elements such as the TATA box and initiatior element

(Inr)8, other features like TA content at 25-30bp upstream of the promoter have also

been associated with the strongest promoters [156]. Active TSSs are largely found

in clusters of divergent pairs [238] and genes with promoter-promoter interactions are

often transcribed cooperatively, with interacting promoters influencing each other Li

et al. [135].

RNAPII is also responsible for enhancer RNA (eRNA) transcription. In their model,

Bartman et al. [14] showed that the burst (which includes enhancer transcription) ac-

tually precedes PIC formation and RNAPII recruitment. In contrast to genes, bursts of

eRNA synthesis are often followed by a return to base levels, suggesting that once the

promoter has been activated the enhancer is no longer needed Arner et al. [8].

1.3.2.2 Pausing

The transition from initiation to pausing involves the binding of pausing factors DRB-

sensitivity inducing factor (DSIF) and negative elongation factor (NELF) which slow

down the rate of RNAPII. Promoter-proximal pausing is a common attribute of RNAPI,

II, and III, but the distributions of pausing times are different between the polymerases.

The shortest pauses are associated with RNAPIII, whereas RNAPII has the highest

median pausing time [270].

After recruitment and initiation, only 12.5% of initiating RNAPII continue to promoter-

proximal pausing, which occurs 20-80bp9 downstream of the initiation site in most

promoters but the exact position and proportion of affected promoters differs between

studies [228, 38, 126, 238, 39, 80]. In their study, Gressel et al. [80] found that RNAPII
7Fujiwara et al. [71] showed that most of the GTFs of the PIC remain associated with RNAPII

as far as 27bp downstream of the TSS, but had dissociated by 49bp.
8The most transcriptionally active gene promoters contain both.
9Pausing closer to the TSS is associated with more enhancer-like transcription, with little

elongation [238].

14



pausing generally occurred at 84bp downstream of the TSS, with pausing sites enriched

for GC. Similarly, Watts et al. [252] noted an over-representation of a C-rich 9-mer mo-

tif in pause sites10. The relationship with sequence composition explains why pausing

is relatively consistent between cell types, with 19% of genes showing pausing maxima

within 3bp [252].

Based on an analysis of 3200 genes, [111] calculated the average half-life of paused

RNAP at 7 minutes, suggesting that the paused complex is relatively stable, which ex-

plains why such a large proportion of RNAPII is found in this state. However the longer

pausing is related to lower expression [252] since the duration of RNAPII pausing is a

limiting step in transcription due to inhibition of productive initiation until either disso-

ciation of the paused complex or release from pausing into productive elongation. The

duration of the pause (and thus transcription potential) can be regulated by enhancers

[80].

RNAPII also pauses at enhancers, but eRNA transcripts are short (<150bp) and

appear to be rapidly degraded by the exosome [93, 238]. The pause site is closer to

the enhancer promoter, 35bp downstream, and the frequency of pausing is less than at

active genes [238]. Li et al. [135] showed that although 83% RNAPII binding sites are

proximal to gene TSSs, 53% of RNAPII chromatin interactions are related to enhancers.

Schaukowitch et al. [208] proposed a pause-interfering function for eRNAs, by showing

that the eRNAs expressed in neurons were used as decoys for NELF. Knocking down

the eRNAs expressed at enhancers compromised pause-release at target genes with

consequential decrease in mRNA synthesis.

1.3.2.3 Elongation and Termination

Pause-release into productive elongation is mediated by positive transcription elonga-

tion factor b (P-TEFb), which phosphorylates DSIF, NELF, and the C-terminal domain

(CTD) of RNAP. This causes NELF to dissociate from the DSIF-NELF complex and

triggers the release of RNAPII into productive elongation, as evidenced by the colocal-

isation of RNAPII, NELF, and DSIF at promoter-proximal regions but RNAPII and
10Conversion of these cytosines to thymine resulted in higher promoter activity
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DSIF only at gene bodies and downstream of their poly(A) sites [192].

Of the RNAPII’s that pause, only 7.7% continue to elongation, meaning that roughly

1% of RNAPIIs found at the promoter are likely to complete transcription and produce

mature RNA [228].

The speed of elongation is affected by the number and density of exons [111], the

cleavage and poly(A) complex (CPA) [176], sequence composition [111]11, as well as the

distance from the TSS (rate is slowest at the promoter) [46, 111].

Once elongation begins, the elongating RNAPII complex is generally stable and can

transcribe multiple kilobases without dissociating from the DNA [60]. Therefore any

changes in post-pausing RNAPII density in gene bodies can be attributed to changes

in acceleration of these stable polymerases [111]. Jonkers et al. [111] showed that the

acceleration is not constant, and increases as elongation proceeds until a maximum speed

is reached12, before decelerating and pausing near the TES [270]. TES-proximal pausing

facilitates sufficient time for cleavage and termination to proceed properly [69, 164, 188],

and similarly higher RNAPII signal at exon boundaries suggests that the reduced speed

aids spliceosome assembly [176, 126].

Transcription often extends beyond TESs. The rate of elongation determines how

far past the termination site the RNAPII will transcribe [39, 164] and can even induce

alternative polyA site usage [149, 69]. Schwalb et al. [212] found on average 4 TESs per

gene, coinciding with pausing-associated motifs, distributed in a termination window of

median width 3300bp. In their study of RNAPII rate mutants, Fong et al. [69] found

that slow RNAPII variants terminated further upstream whereas those with faster rates

continued downstream suggesting kinetic competition between RNAPII and the Xrn2

exonuclease. Efficient termination is essential for mRNA production since the poly(A)

tail influences the stability of mRNA, with longer tails increasing stability [261].

Recalling spatial proximity of TSSs supporting coordinated initiation bursting, the

TSS and TES are often found close to one another in 3D space, facilitating RNAP

recycling. Nojima et al. [176] showed that all components of the CPA machinery are
11The top 6-mers associated with slowest elongation rates were CpG rich, meaning that gene

body CpGs may slow down transcription.
12Danko et al. [46] quantified that acceleration increases for the first 15kb.
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detected within 500bp of the TSS and suggested a corresponding role in promoter-

associated premature termination.

1.3.2.4 Other mechanisms

We define antisense (AS) transcription as transcription from the non-coding strand of

the gene of interest, and divergent transcription as promoter-proximal antisense tran-

scription upstream of the TSS. In the original publication describing GRO-Seq, Core

et al. [39] highlighted that divergent transcription is prevalent, with most promoters

(55% of all genes, 77% of active genes) showing evidence of active RNAPII occupancy

within 1kb upstream of the sense TSS peaks. The gene expression, CpG islands, preva-

lence of pausing, and divergent transcription appear to interact more than would be

expected by chance, with divergent transcription marking the most active promoters

[53, 39].

Since strand-specific RNAP occupancy maps have become more common, it appears

that divergent transcription is prevalent among vertebrates. Promoters of both genes

and enhancers often show divergent signal [40, 213, 39], and these bivalent promoters

have even been used as markers for enhancer identification [259]. Active enhancers

are associated with a bidirectional RNAPII profile and transcription-defined enhancers

(those that produce eRNAs) appear to be more likely to be validated as true enhancers

(compared to using chromatin modifications alone) [4, 3].

The transcripts resulting from AS transcription are short and unstable (often using

cryptic poly(A) sites close to the TSS [176]) and are thus degraded. Although specific

genes have well-established evidence of AS regulation [76, 97, 131, 132, 174], the effects

of these transcripts is still an active area of investigation with many studies showing

little interference with sense transcription [1, 30, 100, 170, 185]. Independent of the tran-

scripts themselves, divergent transcription has been hypothesised to play a permissive

role by keeping promoters free of repressive chromatin marks [213].

17



1.3.3 Techniques to measure engaged RNA polymerase occupancy

Currently there are two main approaches to mapping RNAP enrichment in the genome:

chromatin immunoprecipitation (ChIP) based and run-on based. In ChIP-based meth-

ods, an antibody is used to select regions of the DNA that associate with RNA poly-

merases. Since crosslinking between the RNAP and DNA is instantaneous, mapping the

RNAP-associated DNA fragments can be used quantify RNAP occupancy genome-wide

through analysis of coverage [162, 260]. Nojima et al. [176] proposed a base-resolution

extension, mammalian NET-Seq (mNET-Seq), where DNA and RNA are digested with

MNase and the RNAPII-nascent RNA complex is precipitated13.

ChIP-based methods have some advantages over methods which quantify nascent

transcription14. ChIP offers the potential of using different antibodies to differentiate

between RNAPI, RNAPII, and RNAPIII, and even pull-down different forms of RNAP

depending on subunit phosphorylation as above [112, 176]. ChIP can also detect RNAP

close to the TSS or in the initiation complex, which cannot be done with the run-on

techniques.

However, immunoprecipitation-based methods cannot provide strand information

and depend highly on antibody specificity. In contrast, run-on based methods use

nascent transcripts as a marker for active transcription. Global run-on sequencing

(GRO-seq) was the first iteration of a run-on method mapping active RNAP [39]. Core

et al. [39] added a ribonucleotide analogue (bromouridine or BrU) to the nucleotide pool,

meaning that transcripts in the process of being synthesised by RNAP would contain a

BrU-tag, selected for through immunoprecipitation. By keeping the fragments short (∼

100bp), they could map the most recently synthesised transcripts in a strand-specific

manner.

Precision nuclear run-on sequencing (PRO-Seq) is based on GRO-Seq, but improves

on the method by providing base-resolution data through preventing post-incorporation

nascent transcript extension using biotin-NTPs instead of BrU. Below is an overview of

the protocol (see the full description of the protocol in Mahat et al. [159]):
13In their analysis a combination of CTD phosphorylation-specific antibodies).
14Transcripts that are in the process of being transcribed by RNAP.
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1. Nuclei are isolated and the NTP pool is depleted through permeabilization, mean-

ing RNAPs find it hard to continue nascent RNA synthesis due to lack of sub-

strates.

2. During nuclear run-on biotinylated nucleoside triphosphates (biotin-NTPs) are

introduced as substrates. In most cases, upon incorporation of bulky biotin-NTPs,

RNAPs are prevented from transcribing further15.

3. The RNA is fragmented since only reads that are long enough to map the 3’ end

uniquely are required.

4. The first enrichment step filters out fragments lacking a biotin-NTP.

5. 3’ adaptors, which are reverse complements of standard 5’ adaptors, are ligated

before another enrichment step.

6. The 5’ end is then de-capped and re-phosphorylated, allowing for 5’ adapter liga-

tion at every fragment.

7. The RNA is reverse-transcribed, amplified, and sequenced from the 3’ end to

ensure that the biotin-NTP is near the 5’ (highest quality) end of the reads.

A derivative of PRO-Seq can be used to map active RNAP initiation sites by using

the 5’ m7G cap as an additional marker. The 5’ cap is an inverted nucleotide prepended

to nascent transcripts to prevent the 5’ end of the transcript from being degraded by

exonucleases [112]. In PRO-Cap, the 5’ end of fragments are de-phosphorylated first,

and then de-capped, to ensure that 5’ adapters can only be ligated to the capped

fragments. Thus the sequenced reads from PRO-Cap make up a subset of the reads

from PRO-Seq. There is some debate regarding when the 5’ m7G cap is added. While

previous estimates suggest that nascent transcripts as short as 18bp are capped [169],

recently Luse et al. [156] calculated this distance to be closer to 30bp. Therefore RNAPs

which pause within this 30bp window are unlikely to be pulled down in the PRO-Cap

analysis (but may still be included in the PRO-Seq reads).
15Although considered a bp-resolution method, the chain is not always terminated after in-

corporation of a biotin-NTP, however the rate of incorporation of more than one is low.
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Figure 6: Schematic of PRO-Cap and PRO-Seq. RNAPs usually use NTPs as
a substrate when synthesising RNA. In these protocols, the NTP pool is depleted and
biotin-NTPs are introduced as an alternative for polymerases. Due to the bulky nature
of the biotin, the RNAP usually terminates transcription upon incorporation and thus
the biotin can be used as a real-time marker of active transcription. In PRO-Cap,
the 5’ cap is used to map the initiation sites from which the active RNAPs started
transcription. Unlike RNA-Seq, PRO-Cap and PRO-Seq reads are not preferentially
enriched in exons and often show evidence of antisense transcription.
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In our experiments, we used PRO-Seq and PRO-Cap signal to map actively tran-

scribing RNAP position and initiation sites respectively, however many other techniques

exist. Zhang et al. [270] proposed a derivative of PRO-Seq which would incorporate a

temporal component into the experiments (allowing one to differentiate between fast

and slow-moving RNAP). Time variant PRO-Seq (TV-PRO-Seq) uses the saturation of

signal across a region to model speed, in other words it measures the signal at different

time-points to check how long it takes for a region to be saturated with reads.

Another method, coordinated precision run-on sequencing (CoPRO) [238] can be

used to map the 5’ and 3’ ends of nascent RNAs in a single experiment, combining the

data from PRO-Seq and PRO-Cap.

While PRO-Seq leaves the RNAPs to transcribe for 30 minutes, in transient tran-

scriptome sequencing (TT-Seq) [212] this is reduced to only 5 minutes. In contrast to

PRO-Seq, TT-Seq measures RNA synthesis rather than RNAs attached to polymerases

and due to the short time window, many fragments that would otherwise be degraded

(such as enhancer RNAs) can be captured.

Another popular approach is native elongating transcript sequencing (NET-Seq) [?

], where the RNAP elongation complex is immunoprecipitated, and the nascent RNA

that was being transcribed is extracted and sequenced. In a derivative called mammalian

NET-Seq (mNET-Seq), Nojima et al. [176] showed that by combining phosphorylation-

specific RNAP antibodies one can differentiate between RNAP modifications across

gene bodies16.

The methods described above do have some general limitations. Cell-to-cell hetero-

geneity is masked in these bulk analyses, although we can estimate the total signal at

a locus over a population we cannot discern whether all cells show similar RNAP oc-

cupancy or there exist distinct groups with differing occupancy17. Similarly the spatial

dynamics of transcription cannot be discerned, however imaging-based methods can be

used for this purpose [143].

16They showed that while unphosphorylated CTD RNAP accumulate near the tSS, S2P
RNAPs are found in the gene body and near the TES.

17This is extremely likely, in particular during different stages of replication
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1.4 Influence of DNA modifications on transcription

The relationship between DNAmods and transcription is at the heart of understanding

how heritable, epigenetic factors can modify gene transcription. Promoter hyperme-

thylation at specific genes has often been synonymous with gene repression [181, 110,

120, 229], but more distal elements also play a role. In studies comparing methylation

maps from different tissues, differentially methylated regions are often found in distal

regulatory elements, often overlapping enhancers and DNase hypersensitive sites and

bound by cell-type-specific transcription factors [22, 95, 225, 13]. Compared to pro-

moters, enhancer hypomethylation can sometimes be more predictive of the expression

levels [209]. Hypomethylation should not be synonymous with gene activation as loss

of mC can permit transcription repressor binding Wan et al. [247] or induce miRNA

regulation of genes [34, 194, 178].

Here we focus on direct (rather than distal) effects of mC and hmC. Many suggest

that gene body methylation can repress spurious transcription ([172, 236, 108]). How-

ever an additional proposed role is splicing regulation as methylation is often enriched

near splice-sites [118, 163, 256, 218, 146, 15].

Focussing on hmC specifically, Ficz et al. [66] found that a combination of mC

and hmC in the promoter is a better indicator of gene expression than 5mC alone,

and since promoter hypermethylation is mostly associated with gene repression we can

hypothesize that oxidation of mC to hmC could promote transcription by overcoming

the repressive properties of mC. hmC enrichment in gene bodies correlates with gene

expression as measured by both mRNA levels and RNAP occupancy [54, 144, 165,

120]. For example, in their study of T-cell development, Tsagaratou et al. [241] found

hmC enrichment correlated with gene expression throughout the different stages of

differentiation. It is important to note that many previous studies describing a link

between DNA methylation and expression did not differentiate between mC and hmC18,

so Wen et al. [256]’s finding that a sense strand hmC bias exists (mC ( 1.0% antisense)

and hmC ( 0.7%sense)) is important as this suggests hmC is more permissive than mC.
18Both are not converted in bisulfite sequencing, thus most 450k array or BS experiments

would group them.
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An alternative role was proposed by Hahn et al. [84] who suggested that gene body

hmC on the sense strand may prevent antisense transcription.

We know that elongation rate has a strong effect on transcript length, and stability.

DNA modifications have been linked to RNAP pausing Danko et al. [46], Veloso et al.

[244], but there is some debate in the field. Lorincz et al. [152] suggest that methylation

encourages a closed chromatin conformation in intragenic regions, and thus “reduces

the efficiency of RNAPII elongation”. However, other studies have found no relationship

between mC and RNAP rate [249, 106]. Although the rate of elongation has also been

inversely related to abundance of fC, caC, and N6-mA, the same was not the case for

hmC but there are very few studies analysing this relationship [249, 250].

1.4.1 Aim of thesis

In this project we aim to elucidate how DNA modifications affect gene expression

through their effect on actively transcribing RNAP. The relationship between RNAP

occupancy and gene expression is clear as high expression requires consistent mRNA

synthesis19.

As mentioned in the previous section, many studies have shown a relationship be-

tween DNA modifications and expression. The repressive functions associated with mC

in particular can explain the association between promoter hypermethylation and gene

expression, but the role of gene body hypermethylation in highly expressed genes has

thusfar been quite difficult to explain. Therefore we combine multiple data types, rep-

resenting measures of DNA modifications (TAPS and TAPS-β), active transcription

(PRO-Cap and PRO-Seq), and gene expression (RNA-Seq) to isolate the effects of mC

and hmC on active RNAP and gene expression (Figure 7).

We decided to take a genome-wide approach to the question, and thus evaluate the

effect of global mC and hmC changes on transcription and expression. In Chapter 3

we induce genome-wide perturbations to mC and hmC. We then map RNAP in the

modified cells as a measure of active transcription in Chapter 4. We combine expression
19This relationship is not homomorphic and thus the opposite is not always true, namely high

occupancy does not imply high expression. For example, active enhancers are often transcribed
and show high RNAP occupancy but do not produce mature mRNAs.
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with RNAP occupancy and DNA modifications in Chapter 5 to see the strength of any

mediating effects.

Sense strand

Antisense strand

TSS
TAPS

TAPS-Beta

hmC mC C

RNAP occupancy 
PRO-Cap and PRO-Seq

mC and hmC 
TAPS and TAPS-Beta

Expression
RNA-Seq

???

High mC and hmC associated 
with high expression

Expression depends on occupancy 
directly, high expression requires 

high occupancy

Figure 7: Aim of thesis. Isolate how hmC and mC affect RNAP, and how the changes
in transcription affect gene expression.
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2 Methods

2.1 Annotation

2.1.1 Genome annotation

The gencode.v19.annotation.gtf.gz file was downloaded from https://www.encodeproject.

org/files/gencode.v19.annotation/ and subsequently loaded into R. We kept HA-

VANA annotations only, and created a gene annotation (type == "gene") and a tran-

script annotation (type == "transcript") to be used in the analyses.

2.1.1.1 Metagenes

To make the metagene plots, the 4kb region upstream, the gene body, and the 4kb

region downstream of the annotated genes were split into 100 windows using bedtools

makewindows -n 100, resulting in 300 regions per gene.

For the TSS and TES metaplots, we selected protein-coding genes which did not

overlap with any other protein-coding genes within 4kb (i.e. the gene boundaries are at

least 8kb apart). This ensured that the meta-TSS and meta-TES plots would not contain

signal from adjacent genes. Any genes shorter than 2.5kb were then removed, this left

6,628 genes to draw the boundary metagene plots from. We increased granularity for

these figures and focused on the 2kb regions flanking the TSS and TES, split into 50bp

bins.

2.1.2 CpGI annotation

CpG island annotation (hg19) was extracted directly from using the annotatr package

[32]. In order to draw the summarised plots, for each CpGI we defined the up- and down-

stream 2kb region as the shore, and the regions a further 2kb up- and downstream as

shelves (all CpGIs were included, but any overlapping shores or shelves were excluded).

Each region was then split into 20 bins, in which modification levels were calculated:

bedtools map -a CPGI_BINS -b MOD_BG -prec 3 -c 4 -null ’NA’ -o mean, count
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2.1.3 Enhancer annotation

Enhancers and promoters can be distinguished by the methylation on H3K4, with

H3K4me1 enriched in enhancers and H3K4me3 marking promoters. An enhancer can

then be classified as active if H3K27ac co-occurs with the mono-methylation, primed if

the only mark is H3K4me1, or poised if also marked by a repressive H3K27me3 modi-

fication [43, 28]. There is some debate regarding these classifications [93, 51, 198], and

since we didn’t generate data directly we used multiple annotation resources.

2.1.3.1 FANTOM5

The annotatr package [32] provided enhancer coordinates from the FANTOM5 project

(phase 2.0) [175]. We downloaded the latest coordinate and count data directly from

FANTOM520. The consortium generated bp-resolution profiles of transcription start

sites (profiled using CAGE) across 432 primary cell, 135 tissue and 241 cell line samples

which were then used by Andersson et al. [3] to analyse enhancer transcription (eRNA)

as a proxy for active enhancer activity. The data consists of 65,423 enhancer coordinates,

which we supplemented with the HEK293 transcripts per million (TPM) data to define

6,952 active enhancers with non-zero TPM.

2.1.3.2 EnhancerAtlas v2.0

Gao and Qian [73] created the EnhancerAtlas v2.0 database to model enhancer-gene in-

teractions. The predictions are based on multiple data types, including H3K4me1/H3K27ac

ChIP, DNase-seq/ATAC-seq accessibility data, RNAPII occupancy, CAGE and GRO-

Seq transcription, and chromatin interaction ChIA-PET. The enhancer map21 for HEK293

cells show 119,167 enhancers associated with 12,282 genes, however there was no asso-

ciated data source map available for this cell line.
20Retrieved from http://fantom.gsc.riken.jp/5/datafiles/phase2.6/extra/

Enhancers/human_permissive_enhancers_phase_1_and_2.bed.gz and http://fantom.
gsc.riken.jp/5/datafiles/phase2.6/extra/Enhancers/human_permissive_enhancers_
phase_1_and_2_expression_tpm_matrix.txt.gz

21Downloaded from http://www.enhanceratlas.org/data/AllEPs/hs/HEK293_EP.txt
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2.1.3.3 Enhancer classification

Based on publicly available histone modification ChIP data, we defined our own set

of HEK283 enhancers. This allowed us to ccheck for consistency between the different

annotations and also discern between different types of enhancers. To build the custom

annotation for HEK293 cells, H3K4me3 (ENCFF610MBI), H3K27ac (ENCFF699JDN),

and H3K4me1 (ENCFF734LIC) ChIP peaks were downloaded from the ENCODE database

(www.encodeproject.org) and a H3K27me3 map from www.chip-atlas.org (SRX6369406).

The bigBed files were loaded into R using rtracklayer::import.bb(). The H3K4me3

data was mapped to hg38, so we used rtracklayer::liftOver() to ensure compatibil-

ity with hg19. The resulting hg19 peaks were only split in 0.1% of cases and the width

distribution remained equivalent to the hg38 map, meaning that most of the regions

could easily be converted between coordinate systems.

2.1.3.4 Enhancer annotation comparison

We calculated overlaps between the different annotations using GenomicRanges::findOverlaps()

and saw significant variability between the annotation databases (Figure 8). Only 13.3%

of the active FANTOM enhancers and 9.5% of the EnhancerAtlas enhancers overlapped

with H3K4me1 peaks, respectively. There was little direct overlap between the datasets

as well (0.6%-0.7% depending on the reference). The peaks in the EnhancerAtlas dataset

were enriched for CpG islands and promoters in particular, suggesting a dominance of

promoter-promoter interactions in the data.

2.2 DNA Modifications

2.2.1 Pre-processing of TAPS and TAPS-β data

The quality of the raw reads was first analysed using FastQC v0.11.2 [187], and then

trimmed using trimgalore [123] with -q 20 --length 20, to remove any low quality

and/or short reads. The trimmed .fastq files were aligned using astair align [150],

against a combined reference containing both hg19 sequences and those associated with

each spike-in. Any duplicates were removed using picard MarkDuplicates [101] with

REMOVE DUPLICATES=true.
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Figure 8: Overlap between enhancer annotation. Heatmap showing the percentage
of reference peaks which overlap the candidate peaks.

To analyse conversion, we extracted 4 subsets from each .bam file, containing reads

that mapped to each of the 4 spike-ins. We then ran astair call at each C (--context

all), considering reads with quality 13 or more (--minimum base quality 13), based

on the TAPs conversion method (--method mCtoT). Since the 250mer and 160mer were

very highly covered, we increased the maximum allowed depth (--max depth 4000000).

To parallelise, we called modifications on each chromosome separately, but in a CpG

context only (--context CpG) since we saw little conversion outside a CpG context,

these were then combined to form one file per sample. The files were filtered to include

only non-SNP CpGs with at least 5 reads. We generated 2 bedgraph files from each

filtered mods file: one with the β value, i.e. MOD/(MOD + UNMOD), as the score,

and the other with the coverage.

To evaluate hmC levels and changes in DNA modifications between conditions, the

β bedgraphs were then intersected with bedtools intersect [190] so that changes
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Ref Other Interpretation
TAPS (uns) TAPS-β (uns) hmC (uns) - base hmC level in unstimulated HEK293 cells
TAPS (Aza) TAPS-β (Aza) hmC (Aza) - hmC level after Aza treatment
TAPS (Dox) TAPS-β (Dox) hmC (Dox) - hmC level after Dox treatment
TAPS-β (uns) TAPS-β (Dox) mC loss (Dox)
TAPS-β (uns) TAPS-β (Aza) mC loss (Aza)
TAPS (uns) TAPS (Dox) uC gain (Dox) - Complete demethylation after Dox
TAPS (uns) TAPS (Aza) uC gain (Aza) - Complete demethylation after Aza
hmC (uns) hmC (Dox) hmC gain (Dox)
hmC (uns) hmC (Aza) hmC gain (Aza)

Table 1: Interpretations of βref − βother intersections.

in β level could be calculated per CpG (as long as the CpG is covered by at least 5

reads in each sample). We first calculated the hmC level per CpG in each condition by

subtracting the mC level (TAPS-β) from the mC+hmC level (TAPS). The remaining

measures, i.e. mC loss, unmodified C (uC) gain, and hmC gain, were calculated as

shown in Table 1.

2.2.2 Modification level simulation

To investigate the cause of negative modification changes, i.e. cases where the TAPS-β

modification level exceeds TAPS for example, we used the coverage distributions and

mean conversion rates per CpG to simulate the expected β frequencies given a simplified

model.

Given a CpG with M modified and U unmodified reads, the β value depends on the

coverage, N = M + U , and conversion efficiency. If the conversion efficiency is below

100% and there is no bias in terms of context, a fully methylated position is unlikely to

be called as fully methylated (β = 1) when the coverage is high since the probability of

incomplete conversion increases with each read proportionally to the false negative rate.

Assuming independence between reads and a conversion efficiency of 95%, we can model

the expected number of modified positions, M̂ , using a binomial distribution with M

trials and success probability 0.95.

To model the hmC level in the unstimulated sample, we simulated 100,000 CpGs,

ci, i = 1, ..., 100000, based on the coverage distributions in our data and some simplifying

assumptions. For each CpG:
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• The true mod (mC+hmC) level, modtruei , was binary (0 or 1), with a probability

of a position being modified, pmod = 0.7.

• Since the hmC level in the unstimulated sample was extremely low, we decided to

model the proportion of hmC, hmCtruei , using an exponential distribution with

mean, phmC = 0.0001. This meant that the level of mC was given by mCtruei =

modtruei − hmCtruei .

• We simulated the corresponding coverage values for the simulated modification

and mC levels based on coverage frequency in the unstimulated TAPS (NTAPSi)

and TAPS-β (NTAPS−βi
) samples, respectively.

• Working backwards, the MOD counts in TAPS and TAPS-β were calculated as

MODTAPSi = NTAPSi ×modtruei and MODTAPS−βi
= NTAPS−βi

× (modtruei −

hmCtruei) (in both cases rounded to the nearest whole number).

• Using the simulated counts, we then ”converted” each mC using a binomial distri-

bution with 0.95 success probability, and each hmC with a 0.75 success probability

(based on the average conversion rates from the spike-ins). Thus, the simulated

conversion rate in the TAPS sample at ci is given by rbinom(1, MODTAPS−βi
,

0.95) + rbinom(1, MODTAPSi −MODTAPS−βi
, 0.75).

The effect of random, genome-wide changes was simulated similarly, with the ex-

ception that the mC level of the +5-aza-CdR was directly related to that of the un-

stimulated sample. We modelled the demethylating effect of the treatment to have

a max(0, N(0.25, 0.1)) distribution, such that on average the treatment would remove

25% of the methylation per CpG (but would never add methylation).

To compare unstimulated and +5-aza-CdR TAPS-β samples:

• The true mod level in the unstimulated sample, modunsi , was binary (0 or 1), with

a probability of a position being modified, pmod = 0.7.

• The true mod level in the +5-aza-CdR was calculated as modazai × (1− xi), xi ∈

max(0, N(0.25, 0.1)).
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• As before, we simulated a coverage value based on coverage frequency in the un-

stimulated TAPS-β sample, Nunsi , and another based on the +5-aza-CdR TAPS-β

sample, Nazai .

Incorporating the conversion efficiency at mC as in the hmC analysis pipeline, we

calculated a simulated modification level in both the unstimulated and +5-aza-CdR

samples.

2.2.3 Metagenes

The bedgraphs containing β values, and changes (the gains and losses) were summarised

across the metagene annotations described in section 2.1.1.1 using bedtools map (-c

4 -null ’NA’ -o mean).

2.2.4 Genome Browser

The β values were extracted as the score column for .bedgraph files, and corresponding

.bw files were generated using bedGraphToBigWig [117] and visualised in the Integrated

Genome Browser [70].

2.2.5 Differential methylation analysis

For each CpG, we used the modification level and the coverage to ran a proportion test

(prop.test() from the stats package [191]) to define significance of changes. This

assumes that CpGs with highest coverage are more informative at showing true changes

in DNA modifications. Since we expect to have positive values when calculating hmC

level per CpG, the loss in mC or gain in C after demethylating treatments, we used a

one-sided test because negative values do not make sense in these contexts.

2.3 mRNA

2.3.1 Pre-processing of mRNA data

There were 4 lanes per sample, and, prior to merging the files, we analysed the individual

FastQC [5] profiles of the lanes separately and found a clear outlier in the +5-aza-CdR
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experiments. The R2 reads from lane 1 were of bad quality, caused by problems with

the flow cell based on the Quality Per Tile output from FastQC (Figure 9). This lane

was left out, and the remaining 3 were merged for each sample using cat.

Figure 9: Representative tile quality in Lane 1, read 2. The Quality Per Tile
module output from FastQC for sample WTCHG 396576 210178 2.fastq.gz (one of the
Aza 1 lanes). The clear banding shows that sequence quality reduced significantly for
a fraction of tiles as the read length increased.

To quantify transcription, we used salmon quant [184]. The software uses quasi-

mapping to estimate the number of reads mapping to the transcriptome while accounting

for various biases known to be common in RNA-Seq datasets including GC-bias and

sequence bias [154], as well as normalising for length based on the fragment size dis-

tribution [201]. To evaluate the effects of different normmalisation strategies, we used

combinations of the --gcBias and --seqBias parameter options (see Section 5.2.1).

2.3.2 Differential expression analysis of mRNA count data

The outputs from salmon quant were imported using tximport::tximport [221]. The

differential expression analysis was carried out using DESeq2 [153] on transcripts with

10+ reads only, and batch number in the design formula to reduce any batch effects:
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dds.txi.g <- DESeqDataSetFromTximport(txi.g, colData = colDataGroup,

design = ˜ Sample + Condition)

keep <- rowSums(counts(dds.txi.g)) >= 10

dds.txi.g <- dds.txi.g[keep,]

dds.txi.g <- DESeq(dds.txi.g)

dds.res <- DESeq2::results(dds.txi.g, contrast = contrastVec, alpha = 0.05)

2.4 Engaged polymerase occupancy

Please note: To avoid including too much code here, additional code has been included

in Appendix 1.

2.4.1 QC analysis and deduplication

The PRO-Cap fastq.gz files were first trimmed to remove adapters22 with trimgalore

-q 20 --length 20 [123]. We then used umitools [220] to cleave off a 5’ 4bp UMI and

a 3’ 4bp UMI and append this 8bp combined UMI to the read names

umi_tools extract \

--bc-pattern="ˆ(?P<umi_1>.{4}).*(?P<umi_2>.{4})$" \

--extract-method=regex

The resulting reads were aligned with STAR [50] to a custom hg19-galgal5 genome

(see Section 2.4.2), STAR --outFilterMultimapNmax 1. Although we expected most

of the reads to be unspliced, using a splicing-aware aligner seemed more sensible in case

of mRNA contamination. We split the PRO-Cap bam files into long, those that were

63bp or more (presumed adapter content 5bp or less since the 8bp of the UMIs have

been removed), and short, those length 12-62 using samtools [136]:

samtools view -h trimmed_cleaved_aligned_sorted.bam | \

awk -v var=63 ’length($10) < var || $1 ˜ ˆ@/’ | \

samtools view -bS - > trimmed_cleaved_aligned_sorted_maxLength_62.bam
22The trimming also removes low quality reads, but based on the FastQC results, there were

very few low quality reads in this data.
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For the long files, the combination UMI is trimmed back to 4bp since the 3’ 4bp

sequence is more likely to be genomic rather than the 3’ 4bp UMI:

samtools view -H trimmed_cleaved_aligned_sorted_minLength_63.bam > header.sam

samtools view trimmed_cleaved_aligned_sorted_minLength_63.bam | \

awk ’{$1 = substr($1, 1, length($1) - 4); print}’ OFS=’\t’ | \

cat header.sam - | \

samtools view -b - > trimmed_cleaved_aligned_sorted_minLength_63_cropped.bam

The resulting short files (with 8bp combination UMI) and long files (with 5’ 4bp

UMI) are then deduplicated with umi tools dedup and subsequently merged together

with samtools merge.

The PRO-Seq fastq.gz files were trimmed to remove the 3’ 4bp UMI before mapping:

trimgalore -q 20 --length 20 --three_prime_clip_R1 4

The 5’ 8bp UMIs were then extracted and appended to the read names with umitools,

umi tools extract --bc-pattern=NNNNNNNN. Alignment and deduplication was the

same as for PRO-Cap. In their GRO-Seq analysis, Bi et al. [18] allowed a maximum of

3 reads at each genomic position to ensure the data wouldn’t be biased by high pausing.

However in our analyses, looking for changes between conditions, this did not seem

sensible due to high similarity between treatments and the previously mentioned non

bp-resolution nature of the experiments.

2.4.2 The reference genome

Chicken cells were added to the HEK293 cells to aid normalisation in the event of

genome-wide increases or decreases resulting from the treatments. We downloaded the

galGal5 sequence from UCSC, ftp://hgdownload.soe.ucsc.edu/goldenPath/galGal6/

bigZips/galGal6.fa.gz and created a custom hg19 galgal6 genome for this analysis:
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bioawk -c fastx ’{ print ">m." $name "\n" $seq }’ galGal6.fa.gz > galGal6_SPIKEIN.fa

cat $FASTA_HG19 galGal6_SPIKEIN.fa > hg19_galgal6.fasta

The reads were aligned against this genome, and the deduplicated bam files could

then be split into reads mapping to hg19 and galgal5, respectively.

2.4.3 Processing the .bam files

2.4.3.1 Generation of signal tracks

We extracted the strand-specific start positions from the PRO-Cap and PRO-Seq hg19

reads, with one read representing a single molecule with an active RNAP23. The data

was then merged into bedgraph files, with the score representing the number of unique

RNAPs at a position. To combine tracks we used bedtools unionbedg and samples

were normalised using counts per million (CPM). We used bedGraphToBigWig [117] to

generate bigwig tracks as before. For more details, see Appendix 1 for implementation.

2.4.3.2 Downsampling PRO-Cap and PRO-Seq data

Based on the spike-ins, the treatments did not induce genome-wide changes in engaged

RNAP occupancy, but the samples had slightly different depths. Therefore, to facilitate

direct comparison of samples in some of the analyses, we downsampled the PRO-Cap

.bam files to 23 million reads and PRO-Seq to 53 million reads (guided by the counts

in the smallest samples), see Appendix 1 for implementation.

2.4.3.3 Metaplot generation

See Appendix 1 for implementation.

2.4.4 Identifying regions of polymerase initiation

2.4.4.1 The HMM

23Recall that in PRO-Cap the sequencing starts at the 5’ cap, but in PRO-Seq the sequencing
starts at the 3’ end and on the opposite strand. Therefore we are interested in the 5’ base in
both but the strand must be changed in the PRO-Seq.
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2.4.4.1.1 Counts, observed variables, and blocking

Based on the PRO-Cap profiles usually showing initiation across multiple adjacent bases,

we decided to combine the data across 10bp bins in an effort to reduce computational

burden. The signal and peaked-ness value associated with each 10bp bin are then

calculated as these are the columns used as input to the HMM. Based on this data we

also define stretches of DNA with non-zero PRO-Cap density on which to run the peak-

caller (to avoid the computational burden of running a HMM on the entire chromosome).

See Appendix 1 for implementation.

2.4.4.1.2 Transition matrices, peak calling, and trimming

Although we pre-filtered long stretches that are empty through blocks, the probability

of starting in a background state is still highest:

Init. =



Init.

B 0.99

BP1 0.001666667

BP2 0.001666667

BP3 0.001666667

NP1 0.001666667

NP2 0.001666667

NP3 0.001666667


Following Core et al. [40], we expected most background regions to be empty, and

the enriched regions in narrow peaks to be surrounded by depleted signal whereas the

broad peaks assumed high enriched proportions:

36



E1 =



empty depleted enriched

B 0.9 0.05 0.05

BP1 0.09 0.01 0.9

BP2 0.09 0.01 0.9

BP3 0.09 0.01 0.9

NP1 0.1 0.45 0.45

NP2 0.1 0.45 0.45

NP3 0.1 0.45 0.45


The apex of any narrow peaks was expected to fall into the NP2 class:

E2 =



nopeak peak

B 1 0

BP1 1 0

BP2 1 0

BP3 1 0

NP1 1 0

NP2 0 1

NP3 1 0


In contrast to Core et al. [40], we decided to reduce the self-transition probability

between background states from 0.99 to 0.9 in order to pick up smaller peaks, the

remainder of the matrix remained unchanged:
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T =



B BP1 BP2 BP3 NP1 NP2 NP3

B 0.9 0.05 0 0 0.05 0 0

BP1 0 0 1 0 0 0 0

BP2 0 0 0.5 0.5 0 0 0

BP3 1 0 0 0 0 0 0

NP1 0 0 0 0 0.5 0.5 0

NP2 0 0 0 0 0.45 0.1 0.45

NP3 0.5 0 0 0 0 0 0.5


We implemented the HMM model with the above parameters in python using the

pomegranate package [210] and then trimmed as described in Section 4.2.8.2. See Ap-

pendix 1 for implementation.

2.4.5 Linking initiation regions to features

In order to assign genes to initiation peaks as described in Section 4.2.10.2, we exten-

sively used the plyranges [130] package. See Appendix 1 for implementation.

2.4.6 Identifying regions of polymerase elongation

To define elongation regions as described in Section 4.2.10.3, we first identify major

initiation regions for each gene.

2.4.7 Selecting major initiation regions for each gene

See Appendix 1 for implementation.

2.4.8 Assigning probable elongation regions

See Appendix 1 for implementation.

2.4.9 Transcription statistics
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2.4.10 Uniformity index to evaluate stalling

In their analysis of intron retention, Li et al. [137] measure the “flatness” of the read

distribution in a genomic region using entropy as follows:

• The region ri is divided into 8 bins, the reads in each bin are counted, ci =

[ci,1, ..., ci,8].

• The probability mass function is then: pi,j = ci,j∑8
k=1 ci,k

= and the entropy Ei =

−
∑8
j=1 pi,j log2(pi,j)

• The maximum entropy of 8 bins is 3, since the least informative distribution for

prediction would be uniform, i.e. if each of the 8 bins was equally full then the

pi,j = 0.125 for all bins j24. So the entropy is then normalised to be between 0

and 1 by calculating Ei/3.

In their analysis, Li et al. [137] split the introns into 8 bins only, but since elongation

regions are generally longer than introns we decided to bin them into 20 regions instead

(with a maximum entropy of 4.321928). See Appendix 1 for implementation.

2.4.11 Termination index

See Appendix 1 for implementation.

2.4.12 Differential RNAP initiation and occupancy analysis

We used DESeq2 [153] to calculate which initiation peaks and elongation regions showed

differences upon +5-aza-CdR and +Dox treatment. Using un-normalised counts for each

of the 9 replicates separately, we compared the effect of +5-aza-CdR and +Dox treat-

ment against the unstimulated cells. We accounted for batch in our design matrix and

since some of the changes were difficult to see in the genome browser, we included an

additional threshold (|LFC| > 1) in some analyses for robustness. We tried multiple

combinations of DESeq2 parameters, including testing the effects of the independent-

Filtering parameter and apeglm shrinkage but found that these increased replicate vari-
24Thus Ei = −1× 8× (0.125× log2(0.125)) = 3
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ability and thus we decided to use no independentFiltering and Benjamini-Hochberg

p-value correction. See Appendix 1 for implementation.
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3 Induction of unbiased genome-wide DNA modification

changes

3.1 Introduction

DNA modifications have a role in transcription regulation, but this role is complex.

Although ∼70% of CpGs in the mammalian genome are methylated, promoter regions

and CpGI’s are generally left unmethylated, allowing for transcription factor binding.

Surprisingly, while promoter-proximal methylation is associated with gene repression

[181, 110, 120, 229], multiple studies have found a positive correlation between gene body

mC and hmC and expression [54, 144, 165, 120, 241], suggesting that DNA modifications

may interact with RNA polymerase (RNAP) during transcription. hmC is roughly

10-fold less abundant than mC, and its specific impact is poorly understood, though

some studies have highlighted links with transcription. Janoušková et al. [106] used

fully modified templates and the Pveg promoter and found that hmC-modified DNA

transcription was higher by a factor of 3.5 compared to unmodified or methylated DNA

which suggested a transcription boosting role for hmC. With regards to regulation,

Wen et al. [256] found enrichment of hmC at 5’ splice-sites, poised (compared to active)

enhancers, as well as a hmC sense-strand bias compared to mC in gene bodies.

In this project, we want to elucidate and isolate the effects of mC and hmC on active

transcription using a system that affects mC and hmC levels genome-wide. By modifying

DNA modifications genome wide we could check whether the effects are common, and

if there are additional features governing gene regulation by DNA modifications. This

would give more power to detect changes in genes of different length, CpG density,

and expression level. Whereas genome-wide hypermethylation is comparatively rare25,

genome-wide hypomethylation is a hallmark of cancers [56], therefore a demethylating

system was preferable in terms of both ease26 and biological interpretation.

In this chapter we describe a suitable system of DNA modification perturbation and

check whether it works effectively and in an unbiased manner, providing a platform to
25Although can occur, with examples in IDH-mutant acute myeloid leukemia for example

[258].
26Induction of mC in an unbiased manner genome-wide is more difficult.
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evaluate the role of DNA modifications on active transcription and mRNA abundance

(Chapters 4 and 5). We begin by describing the experimental set-up, designed by Dr.

Pijus Brazauskas [27]. The quality metrics required for mC and hmC analyses, including

conversion efficiency and coverage, are then discussed in detail. We describe how the

modification levels and induced changes are estimated, and expand on problems with

such estimations. Finally, we analyse mC and hmC levels in functional regions, i.e.

genes and CpGIs, to check magnitudes of changes in the genomic regions we are most

interested in and for comparison with published results (considering TAPS and TAPS-β

are relatively new techniques).

3.2 Results

3.2.1 Experimental Conditions

The currently accepted view is that the vast majority of hmC originates from enzymatic

oxidation of mC (Figure 10). Consequentially, given a constant production of mC we

expect that increase in hmC will result equivalent loss of mC, thus any changes resulting

from excess hmC may be a consequence of having 1) more hmC or 2) less mC. To

deconvolute the effects of demethylation (loss of mC only) and C gain (loss of mC and

hmC), we modified conversion rates within the active demethylation pathway (Figure

10) to induce genome-wide changes in mC and hmC such that the effects of hmC gain

could be isolated from those of mC loss.

3.2.1.1 TET1-CD upregulation via Dox induction

TET enzymes are responsible for mC to hmC conversion, thus by upregulating their

expression we can increase the abundance of hmC. Our aim was to induce hmC in an

unbiased manner genome-wide (rather than the function of TET), therefore using the

full-length protein would not achieve the desired uniform distribution of changes due to

targeted oxidation. When comparing the effects of the full-length TET1 to the TET1

catalytic domain (TET1-CD) in HEK293T cells, Jin et al. [107] found that upregulation

of TET1-CD induced global DNA demethylation genome-wide with strong differences

at CpG islands between the full length and TET1-CD profiles. Namely, rather than
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Figure 10: Active demethylation pathway. Unmodified cytosine (C) is methylated
by DNA methyltransferases (DNMT’s). The TET enzymes oxidise mC to hmC, fC, and
caC. The latter, fC and caC, are unstable and removed by thymine DNA glucosylase as
part of the base excision repair (BER) pathway.

decreasing methylation levels throughout the genome, the full length enzyme remains

near CpG islands, preventing methylation from spreading into these regions. Therefore,

HEK293 and U2OS cells were modified to contain a Dox-inducible TET1 catalytic

domain (TET1-CD) [27].

3.2.1.2 Demethylation with 5-aza-CdR

To achieve equivalent genome-wide mC loss we reduce DNMT activity. 5-aza-2’-deoxycytidine27(5-

aza-CdR) is a nucleotide analog which, when incorporated into DNA by DNA poly-

merases, depletes the DNMT pool through covalent binding [36]. When DNMT1 at-

tempts to copy methylation marks onto a newly synthesised daughter strand after repli-

cation, if the base to methylate is a 5-aza-CdR then the protein cannot dissociate from

the DNA and is prevented from methylating other positions. Robert et al. [200] showed

that depletion of DNMT1 (but not 3A and 3B) affects the ability of 5-aza-CdR to reac-

tivate genes, thus this treatment affects mostly the maintenance enzyme and passively

reduces the level of mC genome-wide since the number of active DNMT1s drops with

each replication cycle.
27Also known as the drug decitabine.
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3.2.1.3 Isolating the effects of 5hmC induction from those of demethylation

The next step is to ensure that the level of mC loss after TET1-CD upregulation through

Dox induction (+Dox) is equivalent to the mC loss after +5-aza-CdR treatment. First,

HEK293 cells were treated with 1µg/ml Dox for 48 hours. Compared to unstimulated

HEK293 cells, the mC (calculated as a percentage of all N) dropped by over 20% from

0.77% to 0.6%, with hmC gain accounting for 47.1% of the difference (the rest being

completed active demethylation) (Figure 11 and Table 2).
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Figure 11: Levels of mC and hmC in HEK293 cells measured by mass spec-
trometry. Bar plots showing the titration curve of the percentage of mC and hmC
(measured by mass spectrometry) as a proportion of all nucleotides in HEK293 cells
after 48 hours of treatment with 1µg/ml Dox or multiple concentrations of 5-aza-CdR.
All measurements done by Dr. Paolo Spingardi.

mC / all N (%) hmC / all N (%)
average SEM average SEM

unstimulated 0.77 0.01 0.005 0.0001
+Dox (1µg/ml) 0.60 0.02 0.08 0.005

+5-aza-CdR (880nM) 0.58 0.01 0.005 0.0004

Table 2: Levels of mC and hmC in HEK293 cells measured by mass spec-
trometry. All measurements done by Dr. Paolo Spingardi.

To match the mC loss between +Dox and +5-aza-CdR, a titration experiment was

carried out. The final level of mC after +5-aza-CdR treatment is dependent on both the

concentration and time of exposure and, keeping the time of exposure consistent at 48
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hours, the cells were treated with 5-aza-CdR at concentrations of 0nM, 220nM, 440nM,

880nM, 1760nM, and 3520nM. Based on the titration curve, cells should be treated for

48 hours with 880nM of 5-aza-CdR to achieve mC loss equivalent to 48 hours of 1µg/ml

Dox induction (Figure 11).

3.2.2 Detection of base-resolution DNA modification changes in HEK293

cells

3.2.2.1 Quality control

3.2.2.1.1 Conversion rate of spike-ins

Our goal is to accurately measure mC and hmC levels at base resolution, however the

complexity of the TAPS and TAPS-β protocols means that there is room for experi-

mental variability to bias the results. We can detect problems and inconsistencies in

conversion by adding DNA with known modification levels (a spike-in) to the samples as

a control, to check how accurately the method detects modifications in each experiment

and thus ensure that the data is comparable and reproducible. The conversion rates

calculated based on spike-ins can provide a measure of false negatives, i.e. how often

a modification is missed, and false positives, i.e. how often we incorrectly identify a

base as modified. Without them we cannot know how well the experiment worked, or

whether the samples are comparable28.

For each experiment, we need measures of conversion at C, mC, and hmC in various

contexts. To this end, the 3 spike-ins used by [150] are added to each sample with

known modification rates, namely:

• To estimate mC conversion rate: unmethylated lambda-phage DNA (Promega)

which has been methylated at each CpG using MSssI (NEB).

• To estimate false positive rate: unmethylated 2 kb amplicon from the pNIC28-

Bsa4 plasmid (Addgene, catalog no. 26103).
28If samples A and B had the same base mC levels but B had 20% worse conversion, then

without accounting for the difference in conversion we would incorrectly assume that B had 20%
less mC than A
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• To analyse context-specific conversion: a synthetic 160mer with NmCNN and

NhmCNN.

The information from these spike-ins was insufficient to fully understand conversion

efficiency as only the 160mer contained hmC, and not in the most biologically relevant

context. Therefore we designed a synthetic spike-in with the following requirements:

• The spike-in contains many positions which are hemi-hydroxymethylated/hemi-

methylated (hmC/mC). Using single-molecule imaging, Song et al. [224] showed

that hmC is found in this configuration ∼60% of the time in mouse genomic DNA,

and is found in this context across all tissues.

• Runs of up to 3 CpGs are included to check for conversion efficiency in consecu-

tively methylated or hydroxymethylated regions. We were curious whether TET

would cope equally well in a region with a lone methylated CpG compared to

a cluster of highly methylated CpGs. Identifying technical limitations in these

regions would be particularly important for CpG islands.

• Methylated Cs in non-CpG contexts are also included for completeness to supple-

ment the 160mer.

• We included a T(hmC)GA site for restriction-enzyme (TaqI) aided conversion

quantification which was done pre-sequencing.

• The edges of the spike-in (the pads) are free of bases of interest (hmC and mC),

since the treatment is more likely to degrade free ends.

The resulting spike-in was made of two shorter oligonucleotides (IDT) which anneal

across 30bp when combined and are extended with hmC to generate a 250bp double

stranded spike-in (Figure 12C). The 80mer containing C, mC, and hmC can be used

for conversion rate estimates at HG/HG, HGHG/HGHG, MG/HG, and THGA/THGA

sites (H = hmC, M = mC). Providing multiple measures of conversion rate at symmet-

rically hydroxymethylated sites. The 200mer contains C and mC, and can be used to

determine conversion at hemi-hydroxymethylated sites, both in mC/hmC and C/hmC
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contexts. The 30bp overlap (filler) contains a single HG/MG site, allowing for estima-

tion at a position that hasn’t been experimentally filled.

Sequence
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80mer

200mer

ATTACTACTTTACCATCCCAMGMGAAAAACMGAACTTTCAGCAAATAMGCAAAAAMGTTATCTGTTTTCAMGTTATACAMGCATATCATAMGATAACATAMGTTAAATTTGGCTTATTT
AM

GA
A
A

CT
AAMGMGMGTAATTMGTAAATTAAMGMGCTACCACMGMGCTCCCTAAAGAAAATGATAMGAAGGATTATGAATG

ATTCCATTCACCATTCATCTHGCATTTMGTTCCHGHGAATATHGACCTCACATTCATAATCCTTHGTATCATTTTCTTTA

Figure 12: Spike-in Design. A. Desired sequences and their frequencies. For example,
there will be a site with two adjacent hmC’s (HGHG) which will be complementary to
mC’s (MGMG) so that conversion can be evaluated when there’s a run of methylated
CpGs. B. The sequences falling into each section of the spike-in. For each portion, the
“Sequence”s are inserted, and then the bases are filled according to the ratios stated.
The gray pads around the 25mer and 145mer are filled with a slightly different ratio.
C. The complete design, with direction of filling with hmC shown. D. The sequences
chosen.

As an example, to generate the candidate 145mer spike-ins, a script was written to:

• Randomly sample the order of the 15 sequences (note frequencies in Figure 12B),

i.e. generate a permutation of 15 objects, {s1, s2, ..., s15}. In total, these account

for 40bp of the 145bp.

• The 20bp pad is a random combination of A, T, and C in the ratio 1:1:1, similarly

for the 5bp pad near the 30bp overlap, {p5, p20} (Figure 12C).
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• The remaining 80 bases are split into 14 filler regions of lengths 5-10bp, with A,

T, and C in the ratio 2:2:1, {f1, f2, ..., f14}.

• The individual sequence components are then combined to make the full 145bp

spike-in, {p5, s1, f1, s2, f2, ..., s14, f14, s15, p20}.

An equivalent approach was used to generate candidate 30bp overlap and 25mer

sequences. I generated over 100 sequences for each section, combined them to make

candidate 250mer’s, filtered out any cases with more than one TCGA site, and then

mapped each candidate to a merged reference containing hg19, mm10, and any existing

spike-ins being used by the labs. In collaboration with Dr. Hiromi Tagoh and Dr.

Paulina Siejka-Zielinska we picked the candidates that were most likely to work well29,

and chose one from this list to be the 250mer used across all TAPS-β experiments

(Figure 12D).

Dr. Paulina Siejka-Zielinska ran both TAPS and TAPS-β for each condition, i.e.

unstimulated, +5-aza-CdR, and +Dox, and included the four spike-ins in the experiment

(methylated lambda, unmethylated 2 kb, 160mer, and the 250mer designed specifically

for this project). This resulted in six samples from which to calculate the modification

levels (and changes) after +5-aza-CdR and +Dox treatment.

Spike-in conversion was analysed in these samples to check for conversion rate biases

or outliers. The methylated lambda DNA spike-in contains 6,225 unique CpGs, 6,451

CHGs, and 11,503 CHHs. The median coverage per CpG ranged from 86 to 216, allowing

for robust estimates of modification level to be calculated. The lambda spike-in showed

a mean 95% conversion of mC in a CpG context with little variability between samples

(Figure 13). The unmethylated 2kb spike-in (340 CpGs, 290 CHGs, 495 CHH) had

median coverage of 122-123, and the mean conversion at CpGs was 0.2%. Thus the mC

level at an individual CpG may be under-estimated, but is unlikely to be over-estimated

based on these two spike-ins.

The 160mer was used to evaluate context-specific conversion. This spike-in was

covered extremely highly in all samples (30k+ reads) as each 150bp read overlapped
29We wanted to avoid secondary structure formation for example.
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Modi�cations CpG CHG CHH CNN

Methylated lambda spike-in

5mC+5hmC in unstimulated 95.354 0.235 0.112 0
5mC+5hmC in +5-aza-CdR 95.529 0.225 0.108 0
5mC+5hmC in +Dox 95.524 0.230 0.111 0
5mC in unstimulated 94.764 0.228 0.116 0
5mC in +5-aza-CdR 95.056 0.226 0.109 0
5mC in + Dox 94.683 0.224 0.115 0

Unmethylated 2kb spike-in

5mC+5hmC in unstimulated 0.232 0.090 0.095 0
5mC+5hmC in +5-aza-CdR 0.190 0.078 0.089 0
5mC+5hmC in +Dox 0.188 0.081 0.086 0
5mC in unstimulated 0.191 0.070 0.134 0
5mC in +5-aza-CdR 0.213 0.068 0.095 0
5mC in +Dox 0.198 0.090 0.068 0

Figure 13: Conversion rate (%) in fully methylated lambda and unmethy-
lated 2kb spike-ins. The conversion rate per CpG is calculated as MOD/(MOD +
UNMOD). Table shows context-specific mean conversion rates per sample (H - any of
A, C, T).
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Figure 14: Conversion in the 250mer. A. The design of the spike-in, with hmC
positions shown in blue and mC positions in red. B-C. Per-base conversion rate in
TAPS and TAPS-β samples, respectively. D-E. Boxplots showing the mean conversion
rate across all modified positions in TAPS and TAPS-β samples, with the mean across
all samples annotated.

50



the two positions of interest. The contexts had a wide range of coverage but the mini-

mum (73 reads) was more than sufficient to calculate context-specific conversion. CpG

sites had clearly higher conversion efficiency compared to CpH and the protection from

conversion at hmC in the TAPS-β samples was confirmed (Figure 15). The rate of con-

version outside CpGs is clearly variable, with C’s preceded by T’s the least efficiently

converted. However, since the majority of methylated positions in humans are found in

a CpG context, our analyses focused on these only30.

To get further insights into hmC conversion, we analysed the 250mer (the positions

of each mC and hmC are shown in Figure 14A for reference). The per-base conversion

in the TAPS sample was better at mC compared to hmC with mean conversion of

97.1% and 80.2%, respectively, and showed only 0.3% conversion at unmodified CpGs

(Figures 14B and D) with little position-specific variation. This 80.2% value is biased

by the hmC sites which were included in a non-CpG context (positions 138, 139, 186,

209) and without these the mean conversion rate is 86%. The conversion rate is also

worse near the 3’ end of the spike-in, but there was no such trend for mC in this set of

samples, or other TAPS-β samples that we’ve analysed.

The conversion in the TAPS-β samples confirms that the hmC positions were largely

protected from conversion31, meaning that mostly mCs contribute to the modification

signal (Figure 14C and E). mC conversion in TAPS-β samples based on this spike-in is

worse at 86.5% (compared to 97.1% in TAPS) however since most mC in the genome is

found in an mC/mC context, the fully methylated lambda spike-in is a more relevant

measure of conversion for mC.

Based on the positions of highest hmC conversion, it’s clear that the unprotected

sites seem to lie inside CpG clusters. Indeed the sites with highest hmC conversion are

117 (4.5%), 33 (4.3%), 87 (3.6%), and 119 (3.4%), which are all surrounded by mC on the

opposite strand. Since the ultimate goal is to profile mC and hmC across the human

genome, we calculated the frequencies of lone CpGs and CpG runs to ascertain how

much effect this reduction in hmC protection has in the context of the entire genome.
30Based on these results TAPS and TAPS-β should not be used when evaluating non-CpG

methylation, such as CpA.
31Although not negligible at 1.3%, conversion is sufficiently low to consider most hmC sites

protected.
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Figure 15: Conversion in the 160mer. Context-specific conversion rate in TAPS
and TAPS-β, where M is mC and H is hmC. The conversion rates for each context-
experiment pair are summarised across the three conditions.
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Figure 16: Conversion compared across spike-ins. Boxplots showing CpG conver-
sion summarised per sample for each spike-in.

Lone CpGs account for the vast majority (92.8%) of CpGs in hg1932 (Table 3), therefore

since CpG runs are rare our results are unlikely to be biased by this phenomenon.

Pattern #CpG Count % CpGs
E CG F 1 26,183,412 92.8%
E CGCG F 2 593,823 4.21%
E CGCGCG F 3 36,248 0.385%
E CGCGCGCG F 4 4,941 0.07%
E CGCGCGCGCG F 5 1,461 0.026%
E CGCGCGCGCGCG F 6 685 0.015%

Table 3: CpG run count. Frequency of Pattern in the hg19 genome (chromosomes 1-
22,X,Y only), where E = i) A, C or T, or ii) G preceded by A, G, or T, and F = i) A, G,
or T, or ii) C followed by A, C, or T. Calculations carried out using stringr::str count
in R.

To summarise, the data from the spike-ins shows that the TAPS and TAPS-β ex-

periments resulted in six samples with highly comparable conversion i.e. conversion

biases are unlikely to affect our results. The conversion at mC was sufficiently high,

meaning we can accurately detect methylation at base resolution both before and af-

ter +5-aza-CdR and +Dox treatment without much contamination from false positives

(Figure 16). Based on the 160mer and 250mer, conversion at hmC is worse, suggesting

that underestimates of hmC level of over 20% are likely, but since we will ultimately be

looking for changes in mC and hmC level, as long as the underestimation is consistent

we can still interpret the data.
32Chromosomes 1-22, X, Y.
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3.2.2.1.2 Coverage

To evaluate how many CpGs we can confidently assign mC and hmC levels to, we

calculated the coverage at each CpG. The TAPS and TAPS-β samples covered (on

average) over 97% of CpGs with 1+ reads33, but since lowly covered positions can result

in greater errors in modification calculation, we filtered the CpGs using a minimum

coverage cut-off. To choose a sensible threshold, we used the coverage distribution for

each sample (Figure 17) and found that the unstimulated TAPS-β sample had the lowest

coverage and thus would be the most affected by the magnitude of the cut-off chosen.

Since this sample would be used to calculate hmC in unstimulated, mC gain after both

treatments, and hmC gain after both treatments, a less stringent threshold of 5+ reads

per CpG was chosen (rather than 10+) when defining a CpG as sufficiently covered for

further analysis. This resulted in a mean of 51,894,932 covered CpGs per sample, or

92% of total CpGs after filtering (Figure 18A).
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Figure 17: CpG coverage. The densities of coverage show that some samples, in
particular unstimulated TAPS-β, have fewer highly covered CpGs.

Recall that we want to calculate the gains and losses in mC and hmC upon +5-aza-
33Chromosomes 1-22,X,Y.
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CdR and +Dox treatment. To this end, the TAPS and TAPS-β modification levels will

need to be combined and contrasted per position, e.g. to calculate mC loss at position X

after +5-aza-CdR we must compare TAPS-β unstimulated with TAPS-β +5-aza-CdR

which requires both samples to have sufficient coverage at X. After using a coverage

threshold of 5+, we only have hmC gain measurements at ∼86% of CpGs, but the other

modification gains and losses can be calculated at almost 90% of CpGs (Figure 18B).
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Figure 18: Number of CpGs after each step. A. Bar plots showing the number
and percentage of CpGs before and after filtering out CpGs with coverage 1-4. B. The
number of CpGs with sufficient coverage to calculate hmC level, mC loss, hmC gain,
and unmodified C gain.

3.2.2.1.2.1 Copy Number Analysis

Another aspect to consider when picking a coverage threshold is copy number. HEK293

is a hypotriploid human cell line with multiple duplications, deletions, and varying

karyotype [145, 227]. Although we did not expect differences in karyotype between

conditions34, picking a threshold that would eliminate certain regions from the analysis

due to deletions was a worry.
34Each experiment was performed on cells in the same culture, split into conditions and treated

(or not) for 48 hours, and any significant karyotype alterations are very unlikely within this 48
hours.
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We used coverage data to check for copy-number changes. Based on the mean cov-

erage across 10kb bins from the TAPS unstimulated sample, there were some clear copy

number gains in multiple chromosomes with some evidence of losses (chr19), meaning

that some CpGs are expected to have higher (or lower) coverage conditional on kary-

otype (Figure 19). However, since we’re using a substantially low threshold of 5+ reads,

and there is indeed no copy number differences induced by the treatments based on the

profiles of the +5-aza-CdR and +Dox cells looking very similar (Figure 20), we expect

this copy number variation to have minimal effect on the following analyses.
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Figure 19: CpG coverage in 10kb bins to evaluate copy number differences.
The mean coverage across 10kb bins shows clear regions of duplication in the untreated
cells.

3.2.3 Genome-wide base-level analysis of induced modification changes

The aim of the experiment was to achieve unbiased demethylation with +5-aza-CdR,

and unbiased oxidation by inducing the TET1-CD with Dox.

The distribution of modification levels shows that the untreated sample had little

hmC (since the densities of TAPS and TAPS-β are very similar), and most positions
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Figure 20: Normalised CpG coverage in 10kb bins to compare copy number
between conditions. The mean coverage across 10kb bins in each sample is normalised
by the mean coverage of chromosome 2. A subset of the chromosomes with clear copy
number gains and losses was chosen for illustration.

were either unmethylated (mod. level = 0) or highly methylated (mod. level ∼ 1)

(Figures 21A and B). Supposing the +5-aza-CdR treatment targeted a specific subset

of modified CpGs, then, based on the unstimulated analysis these would begin as fully

methylated. We would then expect to shift those CpGs from the right (fully modified)

to the left (unmodified) peak of the unstimulated distribution, without increasing the

proportion of CpGs with intermediate modification levels substantially. However, in

this case all the CpGs appear to lose methylation uniformly and therefore +5-aza-CdR

doesn’t appear to have targeted effects.

The +Dox treated sample shows the most difference between TAPS and TAPS-β,

meaning a significant proportion of the modified sites are hmC. The TAPS-β curves for

+Dox and +5-aza-CdR suggest similar levels of mC reduction (which is consistent with

the MS results).

3.2.3.1 Calculating hmC level and changes in mC

In Section 3.2.1.3 we selected suitable concentrations of +Dox and +5-aza-CdR based

on mass spectrometry data to achieve similar mC loss after both treatments while the

+Dox sample also gained hmC. Here we would like to confirm, at base resolution, using
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Figure 21: Modification levels compared. A. Frequencies of modification level in
each sample. B. The densities of mean modification level in 10kb bins across the genome.
In each case, only CpGs with 5+ reads were considered for the analysis.

58



an orthogonal approach that we were successful in achieving these genome-wide changes.

TAPS (mC+hmC) and TAPS-β (mC) data were used to determine the level of hmC

in each condition by subtracting the conversion rate at each CpG. Genome-wide, most

CpGs have hmC level close to zero, suggesting that the position only showed evidence

of mC (Figure 22A). In contrast, the +Dox treated sample shows a clear tail in the

hmC calculation which confirms substantial hmC gain. Noting that our confidence in

the conversion rate differences observed is dependent on the coverage, we used a one-

sided proportion test to calculate a p-value associated with each hmC level to confirm

that the hmC level after TET1-CD induction was indeed substantially higher35 (Figure

22B).
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Figure 22: Genome-wide hmC level. A. Frequencies of hmC proportion per CpG,
calculated as TAPS - TAPS-β, summarised across all 5+ covered CpGs. B. Frequencies
of hmC level at CpGs that show significant (p-val < 0.05) changes based on proportion
test.

By comparing the mC and mC+hmC levels between unstimulated and treated we

calculated the mC loss and unmodified C (uC) gain36 at each CpG, respectively. mC
35See Section 2.2.
36uC gain is equivalent (mC + hmC) loss, and can be thought of as gain in modification free
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loss was slightly more extensive in +5-aza-CdR compared to +Dox when looking at

each CpG separately, and the slight discrepancy between the two can be seen in the MS

result (Figures 11 and 23A). We used the same approach as above to assign p-values to

changes at each position for each comparison and found clear differences between the

mC loss and C gain in +5-aza-CdR (which should be equivalent given very little hmC).

The differences can be explained by the fact that the conversion rates in the TAPS and

TAPS-β samples differed (mC loss is calculated based on a ∼90% converted sample

whereas C gain on a ∼ 95% converted sample).

Similarly, the negative mC loss and uC gain values represent positions that gained

methylation upon treatment, and since both treatments reduce methylation, this may

be the result of secondary effects or a consequence of incomplete conversion during

TAPS and TAPS-β. This, combined with the negative hmC levels encouraged us to

look more closely at the effects of incomplete conversion.
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Figure 23: Genome-wide changes. A. Frequencies of modification level differences
per CpG, summarised across all 5+ covered CpGs, based on TAPS and TAPS-β (see
Table 1). B. Frequencies of modification level differences that are significant based on
proportion test (p-val < 0.05).

CpGs.
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3.2.3.2 The effects of incomplete conversion

Conversion rate provides an estimate of the true modification level at a position, and

the accuracy of that estimate depends on the efficiency of conversion and coverage. It

is clear, based on the spike-ins, that the conversion efficiency isn’t 100% and differs

between mC and hmC, therefore our estimated modification levels will be more likely

to underestimate modification level but also have some stochastic variation. To check

whether the gains in mC and negative hmC proportions can be explained by this, we

analyse such incomplete conversion through simulation.

We simulated binomial distributions with varying success probabilities (conversion

rate) and trial numbers (coverage) (Figures 24A and B). In the context of modifications,

we have generated modification level values for 10,000 fully methylated CpGs subject

to incomplete conversion in two samples, and then subtracted the modification levels to

calculate the difference (which should be zero as both samples were fully methylated to

begin with). Both conversion rate and coverage affect the width of the distribution.

In most methylation analyses where the modification level is rounded to 0 or 1 based

on some threshold, 90% conversion would result in an average of 10% loss in conversion

at each position. Assuming a threshold of 0.5, positions with a true modification level

of 0.5 − 0.55̇ could be incorrectly considered as unmethylated, but with a majority of

true modification levels at 0 or 1, this affects a very small proportion of the data. In our

data however, we expect partial demethylation (∼ 20%) at each position, therefore using

binary methylation level in the treated samples would mask a significant proportion of

the changes.

To check how well our data aligns with the above explanation, we simulated TAPS

and TAPS-β samples using the coverage frequencies from the data, a binary modification

level (70% of positions were modified), and mean conversion levels calculated from the

spike-ins (Section 2.2). The results of the simulations are strikingly similar to the data

obtained (Figure 25). The hmC levels calculated in the simulated unstimulated sample,

assuming minimal hmC content per position (modelled by an exponential distribution

with mean 0.0001, Figure 25B), showed the same expected peak at zero with tails

reaching in both directions (Figure 25A), suggesting that on average these tails should
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Figure 24: Behaviour of binomial distribution. Frequency counts of modification
level differences between two fully modified samples with 10,000 CpGs subject to dif-
ferent conversion rate (A.) and coverage (B.).

be considered as stochastic noise in positions with low coverage (conversion rate is fixed).

To show the expected distribution of random, genome-wide demethylation, we sim-

ulated another unstimulated TAPS-β sample (with 80% methylation since this had a

stronger resemblance to the data in 21A) and generated a +5-aza-CdR sample with

demethylation proportion x ∈ max(0, N(µ = 0.2, σ = 0.2)) per CpG (Figures 25C and

D). The distribution of the simulated modification level after demethylation in Figure

25E resembles the shape of levels we calculated in Figure 21 (the peak can be widened

and shifted by modifying the demethylation distribution). Notably, we see evidence of

negative mC loss (i.e. mC gain) despite true levels always showing loss (or no change).

These simulations support the hypothesis that false negatives are adding noise to

the results. Binarising the treated samples would mask a lot of changes, however, based

on the modification level distributions in the unstimulated TAPS and TAPS-β samples,

should we binarise these? Noting that since the conversion efficiency is the same across

the samples within each protocol and we are most interested in relative differences

between samples (gains and losses), forced binarisation of a subset of samples would

over-estimate the modification changes in the +5-aza-CdR and +Dox samples37.
37Since we’d be comparing an estimated 100% converted unstimulated sample with a 90%

converted sample, for example.
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Figure 25: Simulations of conversion. A. Distribution of simulated hmC level in
the unstimulated sample. B. Density of simulated hmC level per CpG based on an
exponential distribution with mean 0.0001. C. Distribution of simulated mC level in
unstimulated. D. Simulated reduction in mC based on a normal distribution, with mean
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We also used this simulated data to evaluate the efficacy of using the proportion

test to pick out the most affected CpGs (Figure 26). Many of the true changes were lost

through filtering, most over-exaggerating the mC level post-conversion compared to the

true effect. Therefore we chose to instead use averages of the unfiltered values (relying

on the Central Limit Theorem) in our analyses and avoided looking at individual CpGs.
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Figure 26: Effect of checking for significant changes. Desnity scatter plots com-
paring true simulated mC gain and mC gain after incomplete conversion. Each point
represents a CpG with 5+ coverage in both simulated samples, which are split accord-
ing to the calculated one-sided proportion test p-value (based on the post-conversion
modification count and coverage). The number of CpGs in each quadrant are shown in
red.

3.2.4 Genome-wide analysis of trends in induced modification changes

We calculated the mean modification levels in 10kb, non-overlapping bins to look at

changes genome-wide. This resulted in a median of 145-149 5+ covered CpGs per bin

(both strands included) which are combined. If the changes are indeed stochastic, then

the means should tend to the true mean of each bin.

As expected, hypermethylated regions (mC in unstimulated > 0.75) have the most

potential to lose methylation (Figures 27A and B). However, we also note the discrep-

ancy between the treatments in that +5-aza-CdR mC loss appears more linearly related

to mC in unstimulated, whereas the TET1-CD upregulation acts less on regions with

intermediate baseline methylation, i.e. mC unstim. ∈ [0.25,0.75]. The direct compari-
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son of mC loss confirms that +5-aza-CdR is more consistent at demethylating compared

to +Dox, with fewer bins that showing no change in mC level i.e. mC loss = 0 (Fig-

ures 27C and D). To investigate whether this phenomenon may be a consequence of

accessibility, we calculated the inter-CpG distances on chr19, and found the maximum,

minimum, and mean distance between closest neighbours for each CpG (on the same

strand) (Figure 28A). Summarising these quantities over 40k randomly sampled CpGs

in each methylation group:

• Unmethylated: mod. level < 0.3

• Intermediate: 0.3 ≤ mod. level ≤ 0.7

• Methylated: 0.7 < mod. level

we found that CpGs with intermediate mC levels were more likely to be further

from other CpGs (Figure 28B) and may therefore be less accessible. However, since

intermediate baseline mC levels are rare, we do not foresee this to be a significant

problem.

Are gains in hmC similarly related to baseline mC? In order to see gains in hmC,

a position should first be methylated and then oxidised by TET. Therefore, we expect

a similarly strong relationship between hmC gain and baseline mC, and indeed the

majority of hmC gains were seen in highly methylated regions (Figure 29A). We also

confirmed that hmC gain at a position is proportional to mC loss, and found that, on

average, hmC gain explains ∼71% of the mC loss after +Dox treatment (the remainder

explained by loss of both mC and hmC, i.e. unmodified C (uC) gain) (Figure 29B).

3.2.5 Analysis of DNA modifications in functional regions

3.2.5.1 DNA modification changes in genes

With a goal of linking DNA modifications to expression, we wanted to confirm that

methylation in genes was indeed affected by the treatments.

Previous methylation maps have shown an accepted mC profile for genes, consisting

of a dip at the TSS which corresponds to hypomethylation at promoters, and a subse-

quent increase in methylation across the gene body which is slightly elevated compared
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Figure 27: mC loss in 10kb bins. A-B. Binned density scatter plots comparing the
mean level of mC in unstimulated, calculated per CpG and summarised genome-wide in
10kb, non-overlapping bins and the corresponding mC loss after +5-aza-CdR and +Dox
treatments, respectively. C. Direct comparison of mC loss per 10kb bin. D. Densities
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Figure 29: hmC gain in 10kb bins. A-B. Binned density scatter plots comparing
the mean level of mC (TAPS-β) in unstimulated, calculated per CpG and summarised
genome-wide in 10kb, non-overlapping bins and the corresponding mC loss after +5-
aza-CdR and +Dox treatments, respectively. C. Direct comparison of mC loss per 10kb
bin. D. Densities of 10kb bin mC loss.

to the flanking regions [120, 273, 65]. The mC calculated using TAPS-β in unstimulated

HEK293 cells showed a very similar profile (Figure 30A), meaning that gene bodies were

more susceptible to methylation changes compared to promoters (for example).

The mC loss in genes after +5-aza-CdR and +Dox treatments is comparable, but

with a marginally higher level of mC loss after +5-aza-CdR (Figure 30A). The difference

in hmC gain between the two treatments is significant (Figure 30B), and consistent

across the genome, with the exception of the TSS, which had little mC to begin with.

Looking closer at the TSS and TES profiles in Figure 31, there appears to be a

gradual increase in mC downstream of the promoter. Note that there is a lack of dip

at the TES (Figure 31B), which appears prevalent in other studies and in our own plot

(Figure 30A). This can be explained in two ways, the percentile-based visualisation

often used incorrectly suggests differences in methylation upstream and downstream of

the TES due to different bin sizes flanking the TES. Separately, due to the comparably

low CpG density in this region (Figures 31E and 31F) we expect that enrichment-based

techniques would simply under-estimate methylation in this area due to reduced binding.
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Figure 30: DNA modifications in genes. The metagene plots summarise modifi-
cation levels in the vicinity of genes, with a line of best fit joining the individual (low
opacity) means per region for each condition. A. The mC levels calculated based on the
TAPS-β data are summarised into bins across gene bodies and adjacent 4kb upstream
and downstream regions. B. The hmC levels per CpG are calculated as the difference
between TAPS and TAPS-β modification levels, and summarised in the same bins.

3.2.5.2 DNA modification changes in CpG islands

Although CpG islands (CpGIs) are generally unmethylated, we wanted to see whether

there were any hypermethylated candidates that lost mC (or gained hmC) upon +5-

aza-CdR treatment or TET1-CD upregulation. Therefore we calculated the mean mC

and hmC levels in CpGIs as well as their flanking regions, i.e. the shores and shelves38

(Figures 32A and B).

Most CpGIs were unmethylated, but, of the 26,090 CpGIs with at least one cov-

ered CpG, 32% had a mean methylation across bins > 0.8 (Figure 32C). On average,

these CpGIs appeared hypermethylated compared to the corresponding flanking regions

(Figure 32D).

Although the CpG density in CpGIs is high and uniform across the region (Figure

32E), there didn’t appear to be a decrease in mC across the region in +5-aza-CdR

and +Dox compared to the unstimulated sample (Figure 32A) which seemed strange

based on the summarised data (Figure 32C). This suggested a discrepancy between

using the mean mC level as a predictor of CpGI methylation and the more granular,
38Given a CpGI with start and end coordinates [Cstart, Cend], we define the shores as

[Cstart − 2kb, Cstart] and [Cend, Cend + 2kb], and shelves as [Cstart − 4kb, Cstart − 2kb] and
[Cend + 2kb, Cend + 4kb].
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Figure 31: DNA modifications in TSSs and TESs. A-B show mean mC levels and
C-D show mean hmC levels in TSS and TES, calculated across 100bp bins, summarised
across genes. The CpG density, calculated as the number of covered CpGs per 100bp
(both strands included) are shown in E and F.
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Figure 32: DNA modifications in CpGIs. A-B. Metagene plots summarise mod-
ification levels in the vicinity of CpGIs. mC and hmC levels calculated based on the
TAPS and TAPS-β data are summarised into bins across CpGIs and adjacent shores
and shelves (2k each). C. Density plots showing the mean mC level in CpGIs, shores,
and shelves compared between conditions. D. Metagene plot showing the hypermethy-
lated subset of CpGIs from A with mean mC level > 0.8 only. E. Average CpG density
in CpGIs and flanking regions calculated as the mean CpG count per base.
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and position-aware mC level per CpG.

We compared the mean mC levels in CpGIs between unstimulated and +5-aza-CdR,

and found 78 examples of islands losing on average 0.5+. However, when viewing the

regions in the genome browser, we found regions with mC diversity within the island,

and inconsistent coverage between samples. In Figure 33, we see an example of a CpGI

with significant mean mC loss in +5-aza-CdR, however it’s clear that the mean signal

in the CpGI is not a good measure of methylation since different CpGs are covered in

each sample. Clearly coverage differences impact regional comparisons which do not

require CpGs to be common between conditions. If the CpGs considered are found in

both samples, this is not a problem. Therefore, rather than calculating mean mC per

region first and subtracting to find mC loss, we calculate loss per position and use the

mean of those values instead.

unstimulated

+5-aza-CdR

+Dox

CpG island

Figure 33: CpGI methylation diversity. The mC level per CpG as measured by
TAPS-β in loci with 5+ coverage. Y-axis shows mC, 0 - 1, and black marks show covered
positions in each sample (so that zero coverage and no mC can be distinguished). Only
a fraction of the shores are shown and the island is highlighted.

To check whether this was indeed the reason for the lack of loss in Figure 32A,

we examined individual CpG islands. Looking at a random subset of CpG islands, we

can clearly note the prevalence of hypomethylation in the islands in the unstimulated

sample and consistent reduction in the shelves and shores after +5-aza-CdR treatment

(Figure 34). We then selected islands with a mean 5mC level of at least 0.8, and found a

strikingly lower level of coverage within the islands (Figure 35). Indeed, when we restrict

to fully covered CpGIs, we see the expected hypermethylation whereas summarising

islands with low coverage results in an apparent prevalence of hypermethylation (Figures
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36A and B).
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Figure 34: Position-aware modification level in CpG islands. A. Heatmap show-
ing the mean 5mC level (color) in each bin (x-axis) across 550 randomly selected CpGIs
(y-axis) for the unstimulated sample. Any missing data is shown in white. B. As A,
but for +5-aza-CdR sample.

These sparsely covered islands can easily bias the results. We calculated the range

of modification levels across all CpGIs and found that 13.7% show a range of mC levels

over 0.7, in other words if we are unlucky enough to always pick the least methylated

CpG in one sample but the most methylated in the other, we could be misclassifying a

large proportion of CpGIs.

Using the per-CpG approach and filtering to have CpGIs with at least 75% positional

coverage, we found that most of the CpGIs show no loss in mC (largely because they are

unmethylated to begin with) (Figurea 37A and B), which explains the lack of treatment

effect in Figure 32A. We did find 234 CpGIs with average loss of 0.25+ in methylation

level in at least one treatment and could thus isolate some examples of CpG islands

with clear losses upon treatment (Figure 38).

To summarise, of the 25,837 CpGIs with at least one covered CpG, 18,947 CpGIs

had 5+ covered CpGs in both samples and only 1 of those showed a 0.5+ mC gain after

at least one treatment assuming that at least 75% of the island had some coverage.

Therefore CpGIs are mostly unaffected by the demethylating treatments on account

of being hypomethylated to start with, however this conclusion in dependent on the

73



shelf shore CpG island shore shelf
Position

C
pG

I

0.00 0.25 0.50 0.75 1.00
Modification level

550 islands, mean mod. > 0.8

Position−aware modification level in CpG islands, unstimulated

shelf shore CpG island shore shelf
Position

C
pG

I

0.00 0.25 0.50 0.75 1.00
Modification level

550 islands, mean mod. unstim > 0.8

Position−aware modification level in CpG islands, unstimulated

Figure 35: Position-aware modification level in hypermethylated CpG islands.
As in Figure 34 but only CpGIs with mean 5mC level of at least 0.8 are included.
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Figure 36: Position-aware modification level in CpG islands split by coverage.
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Figure 37: CpGI mC loss. A. Density scatter plot comparing the mean mC in un-
stimulated versus +5-aza-CdR treated. A line with slope 1 is shown in red, and another
(in orange) with intercept -0.5 (such that the 78 points below represent CpGIs with mC
level unstimulated ¿ 0.5 + mC level +5-aza-CdR). B. Density plots comparing mean
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Figure 38: CpGI mC loss in +5-aza-CdR. 3 examples of CpG islands (highlighted)
with highest mean mC loss after +5-aza treatment. See Figure 33 caption for further
details.
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summarising approach as we have seen.

3.3 Discussion

In this Chapter we wanted to confirm that the changes induced by +5-aza-CdR and Dox-

induced TET1-CD are genome-wide, and largely unbiased. We designed a spike-in to

measure hmC conversion in detail and have shown that interpreting conversion efficiency

as modification level in circumstances of low coverage and/or incomplete conversion

can lead to erroneous conclusions (and in our case chemically impossible39 results). By

modelling the effects of coverage and incomplete conversion we have shown that DNA

modification values and changes calculated are consistent with the spike-in analyses, and

made a case for using regional methylation estimates rather than focussing on individual

CpGs to reduce the effects of variation40.

Apart from increasing coverage and conversion efficiency, the system can be improved

in multiple ways. One of the issues of using TAPS and TAPS-β to calculate hmC is

the deconvolution of stochastic variation from true hmC abundance. Supposing the

variances of the TAPS and TAPS-β samples at each CpG are σmC and σmC+hmC , then

the variance of their difference is σmC+σmC+hmC . A method measuring hmC abundance

directly would have variance σhmC , and as long as the conversion efficiency of hmC is

comparable to TAPS (or TAPS-β) then this would be a significant improvement in

accuracy. CAPS is a newly proposed related method to map hmC only which doesn’t

use TET [151]. Instead 5hmC is oxidised to 5fC by KRuO4 before undergoing pyridine

borane reduction. At the time of writing, this technique was still being optimised, but

it would be very interesting to compare our estimates of hmC in this cell line with those

obtained from using CAPS.

However, to avoid conversion inefficiency altogether, a different sequencing platform

could be used. Oxford Nanopore Technologies (ONT) sequencing can measure mC and

hmC simultaneously using ionic current41. Unfortunately, currently the accuracy of

detection is quite low. Jain et al. [105] calculated an r-value of 0.895 using SignalAlign
39As TAPS measures mC+hmC, and TAPS-β measures mC, one cannot have a negative values

of TAPS - TAPS-β at 100% conversion since a negative hmC measurement is senseless.
40As long as the variance is still a significant problem
41The website states that 5mC, 5hmC, 6mA, and BrdU in DNA have been measured.
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[195] when comparing the ONT results with published bisulfite sequencing data and the

hmC results are worse, with Rand et al. [195] reporting accuracy of 0.79 for hmC (with

the same software). So, this approach could solve a lot of problems, but significant

improvements to calling need to be made first.

Another aspect to consider is the mC loss we saw after TET1-CD upregulation.

Similarly to above, measuring something directly rather that inferring effects is less

affected by variation. We wanted to investigate the effects of hmC gain, however since

the +Dox samples both lost mC and gained hmC, we saw significant overlap with

the +5-aza-CdR results. To achieve hmC gain equivalent to mC loss, one can reduce

the effect of passive demethylation by inducing cell-cycle arrest. Recall that DNMT1

copies mC, but not hmC, so the TET1-CD induced hmC’s would propagate into the

daughter cells as unmodified C (uC). Dr. Hiromi Tagoh used a double thymidine block

to prevent replication in U2OS cells42 and found that the abundance of uC did indeed

decrease (Figure 39). This system would however not work well with +5-aza-CdR, due

to replication timing. During replication, the entire genome is accessible for DNMT1

which follows the replication fork copying mC onto the newly synthesised daughter

strand. However some regions are considered early replicating (and others late), and

were 5-aza-CdR added to cells with matched cell cycle then the late replicating regions

would be more affected due to the progressive reduction of DNMT1, meaning we would

have more demethylation at late replicating regions. This is not a problem when the

population of cells is dividing at different times..

Some differences cannot be addressed easily, such as the slight bias for fully methy-

lated mC in the +Dox treated samples. Recall that although there was a linear re-

lationship between baseline mC and mC loss after +5-aza-CdR treatment, the +Dox

treatment was less efficient at demethylating CpGs with intermediate baseline methy-

lation. We proposed that one possible explanation for this may be differences in ac-

cessibility. Where +5-aza-CdR has equal access (on average, see discussion about late

replication above) to each mC, TET1-CD is a protein that must access the methylated
42These cells showed greater changes in expression after +5-aza-CdR and +Dox induction

compared to HEK293 and therefore may be better candidates for further investigation. Discussed
more in Chapter 5.

78



0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

– + – +

+ –

mC/N hmc/N fC/N

Untr. Untr.Dox Dox

Replication No replication

Figure 39: MS results of cell cycle arrest. Measurements by Dr. Paolo Spingardi.

CpGs and is therefore subject to constraints of chromatin accessibility. We ran a quick

analysis of the relationship between CpG density and baseline methylation and found

that CpGs with intermediate (0.3 - 0.7) modification level are more likely to be on their

own. This observation can be supplemented with a combined analysis of DNA methy-

lation and chromatin accessibility43 to see just how much TET1-CD induced oxidation

is dependent on chromosome state.

43ATAC-Me is a method proposed by Barnett et al. [13] which can assess both simultaneously.
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4 The effect of genome-wide DNA modification changes

on occupancy of actively engaged RNA polymerase

4.1 Introduction

In this Chapter, our goal is to understand how DNA modifications affect RNA poly-

merase (RNAP) production rate through analysis of recently transcribed nascent RNA.

Steady state mRNA levels are dependent on nascent RNA production rate, RNA pro-

cessing, and degradation [111], thus, by measuring nascent RNA, we can isolate how

perturbing DNA modifications affects transcription before downstream regulation can

influence the RNA.

There is a curious gap in the field with few studies analysing nascent RNA synthesis

and DNA modifications. Lorincz et al. [152] found that intragenic DNA modifications

induce changes in the chromatin structure resulting in loss of elongation efficiency.

Similarly, in Hetzel et al. [94]’s analysis of active RNAP occupancy in Arabidopsis,

long (>2kb) genes exhibited TES-proximal CpG hypomethylation, which corresponded

with strong pausing. However there is little data linking DNA modifications and active

transcription, and in this chapter our target is to do just that.

With a working system of DNA modification perturbation in place, in this Chapter

we first introduce our approach to measure occupancy of actively transcribing RNAP.

Specifically we discuss the techniques used as well as the experimental design and qual-

ity control steps. We use an annotation agnostic analysis pipeline to check how DNA

modifications affect initiation and elongation genome-wide, before moving on to a super-

vised analysis to detect gene candidates with changes in initiation, pausing, elongation,

stalling, or termination.

4.2 Results

4.2.1 Experimental set-up

In lieu of separately measuring every RNAP per unit time, one can instead analyse

the density of RNAP across the genome (Figure 40). This density will depend on the

following (see Ehrensberger et al. [55]):
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• How often RNAP initiates, i.e. initiation frequency. RNAP abundance on a gene

is directly related to the number of polymerases that initiated transcribing that

gene per unit time.

• The likelihood of RNAP remaining bound to the template throughout transcrip-

tion. Since the elongating complex is relatively stable [60] we expect this likelihood

to be similar for the majority of elongating RNAPs.

• Elongation rate also governs how the final density will look. This can vary be-

tween genes, and even within gene bodies. Without including a suitably small

duration temporal component, differentiating between few slow-moving and many

fast-moving RNAPs isn’t feasible (Figure 40D). In our analyses, we analyse the

data under the assumption that RNAP elongation speed (namely how quickly

nucleotides are added) does not vary but the pausing stop-start dynamics can

(similarly to Figure 40A). This remains a limitation of excluding a temporal com-

ponent.

Precision run-on sequencing (PRO-Seq) captures recently transcribed, biotin-labelled

nascent RNA through multiple rounds of biotin-selective pull-down, allowing for base-

resolution mapping of active RNAP (see Section 1.3.3). Using this technique we mea-

sured the density of RNAP in a strand-specific manner.

The changes induced by the treatments had demethylating effects genome-wide (see

Chapter 3) and mC is associated with repression, so we hypothesised some genome-

wide changes in transcription. To differentiate between inconsistencies in library size

and global changes in transcription, chicken fibroblasts were included in the library

preparation as spike-ins, constituting roughly 10% of the cells (Figure 41).

Nuclei were isolated and incubated at 30degC for 30 minutes, during which RNAP

transcribed in the presence of equal concentrations (0.05 mC) of ATP, GTP, biotin-

11-CTP44, and biotin-11-UTP45. The biotin-labelled nucleotides would terminate tran-

scription when incorporated, measuring active RNAP occupancy to the nearest C or

U.
44Jena Bioscience, NU-831-BIO
45Jena Bioscience, NU-821-BIO
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Figure 40: Schematic to understand RNAP density. A. Given four DNA regions,
we note the position of RNAP at each of four consecutive time-points (T1-T4). Since the
distance travelled (when transcribing rather than paused) is the same for each, in this
case each has the same speed (but different pausing). B. Summarising over multiple
molecules for each gene, the RNAP density can be used to infer what proportion of
RNAP is paused genome-wide. D. The effect of different speeds can result in slow
RNAP’s dominating the signal.
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TSS-proximal RNAP pausing is prevalent across vertebrate genomes, and would ac-

count for the majority of RNAP signal. To differentiate between TSS-proximal pausing

and pausing elsewhere in gene bodies we used a complementary technique, PRO-Cap, to

map initiation sites. In PRO-Cap, reads are additionally filtered to contain the 5’ cap.

The combination of these two techniques allowed us to analyse changes in initiation,

pausing, and elongation.

To check reproducibility and robustness of results, each of the experiments was

carried out in triplicate. This allowed us to measure experimental variability and add

confidence to the results obtained.

HEK293-TREX-TET1-CD-GFP
Human embryonic kidney with Dox inducible TET1-CD

DF1
Chicken �broblast
(spike-in)

+ Dox
48hr

+ 5-aza-CdR
48hr

unstim.

Rep. 1
Rep. 2
Rep. 3

Rep. 1
Rep. 2
Rep. 3

Rep. 1
Rep. 2
Rep. 3

Rep. 1
Rep. 2
Rep. 3

Rep. 1
Rep. 2
Rep. 3

Rep. 1
Rep. 2
Rep. 3

PRO-Cap

PRO-Seq
90%

10%

5’Cap
Nascent RNA

RNAP Biotin-CTP
ATPBiotin-UTP GTP

30mins

Isolated nuclei

Figure 41: Experimental set-up. First, the HEK293 cells with inducible TET1-
CD were treated with +5-aza-CdR or +Dox for 48 hours to modify mC and hmC
levels (Section 3.2.1). The treated cells and one unstimulated control sample were then
combined with chicken fibroblast cells (used as a spike-in) in a 9:1 ratio. The nuclei
were isolated and RNAP was allowed to transcribe in the presence of ATP, GTP, biotin-
CTP, and biotin-UTP for 30 minutes. For PRO-Seq, the RNA was fragmented before
reads containing a biotin were isolated to map RNAP occupancy. In PRO-Cap, reads
containing both the 5’-cap and biotin were selected to map the initiation sites.
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4.2.2 Pre-processing and deduplication

The PRO-Seq, and more so PRO-Cap, libraries are subject to moderate duplication

levels since some (start, end) coordinate pairs are significantly more likely to occur

compared to others. For example, assuming a well-defined TSS at position X and

pausing locus at Y , we expect to see multiple [X,Y ] reads which show that RNAP is

paused at Y after starting at X in multiple cells. If we were to deduplicate these reads

directly, we would underestimate RNAP abundance at well-defined TSSs and pausing

sites. Therefore, to ensure that as many distinct RNAP’s as possible could be mapped

(even if they occupied the same locus) unique molecular identifiers (UMIs) were included

during library preparation to allow for downstream deduplication.

UMIs are short, unique sequences which can be incorporated into the start and/or

end of a DNA or RNA fragment of interest to aid deduplication after PCR by matching

each read with a molecule-specific tag. In our experiments, an 8bp 5’ UMI and 4bp 3’

UMI were added to the PRO-Seq reads, and 4bp 5’ UMI and 4bp 3’ UMI were added

to the PRO-Cap to assist deduplication (Figure 42)46.

Pol II position when biotin was incorporated.

PRO-Seq Reads 5’ 8bp UMI 3’ 4bp UMIRead Adapter

PRO-Cap Reads 5’ 4bp UMI 3’ 4bp UMIRead Adapter

75bp

4bp UMI

4bp UMI

Where Pol II initiated transcribing the biotin-containing RNA.

4bp UMI

Case 1

Case 2

Figure 42: Unique molecular identifiers (UMIs) in PRO-Cap and PRO-Seq.
PRO-Seq reads were prepended by an 8bp UMI, and appended by another 4bp UMI; the
5’ 8bp UMI was then used to deduplicate the reads. PRO-Cap reads were prepended
by a 4bp UMI, and appended by another 4bp UMI; for reads with 3’ adapter content
exceeding 5bp, the 3’ 4bp UMI was appended to the 5’ 4bp UMI, creating an 8bp UMI.

46Using a 4bp 5’ UMI in the PRO-Cap data was an oversight and in future experiments, an
8bp 5’ UMI would make the downstream analysis much easier.

84



The base distributions clearly show where the UMIs end in both experiments (Fig-

ure 43). A clear overrepresented adenosine appeared in the PRO-Cap base distribution

following the 4bp UMI, coinciding with the initiator (Inr) element associated with tran-

scription (C−1A0), [125], and the high GC content near the TSS was consistent with

what would be expected in vertebrates. The PRO-Seq base distribution downstream of

the 5’ 8bp UMI suggested that biotin-CTPs were most likely to halt elongation (since

the complementary guanine is overrepresented). Even though both biotin-CTP and

biotin-UTP were used, biotin-UTP was either less efficient at causing RNAP to termi-

nate or less likely to be incorporated by RNAP47. This means that RNAP occupancy

at cytosines will be over-represented and the data should be interpreted as the RNAP

position calculated to the closest downstream cytosine.

The mean duplication in the raw data was 5.24% and 2.16% in PRO-Cap and PRO-

Seq, respectively. Higher duplication in PRO-Cap is expected as the sequenced library

is a subset of the library available for PRO-Seq and the UMI length is shorter. To

deduplicate the PRO-Cap data, we modified the pipeline since the 4bp 5’ UMI can only

differentiate between 256 groups (assuming equal distribution). We noted substantial

adapter content in PRO-Cap samples in particular suggesting that most of the RNAPs

paused within 75bp of the TSS before elongating (Figure 43)48. Since most PRO-

Cap reads in each replicate contained adapter content exceeding 15bp (Figure 43), we

increased the length of the PRO-Cap UMI using the 4bp 3’ UMI.

We found the length of each PRO-Cap read after adapter trimming and split reads

into:

• short: those with adapter content exceeding 5bp, i.e. reads shorter than 69bp

• long: everything else

The short reads were selected for UMI concatenation (Case 1 in Figure 42). We

appended the 4bp directly preceding the adapter to the original 4bp 5’ UMI, then
47The frequency of A (complement to U) in PRO-Seq is quite low and didn’t match T,

suggesting that RNAP may have struggled to incorporate biotin-UTP.
48This is consistent with previous findings of RNAP pausing, and provides some justification

for using single-end sequencing as most reads would substantially overlap if using paired-end.
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trimmed the read by 4bp accordingly. Thus we extended the length of the UMI to 8bp

(differentiating between 65,536 possible groups) before deduplication.
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Figure 43: Raw PRO-Cap and PRO-Seq base distribution and adapter con-
tent. The per base sequence content of a representative PRO-Cap and PRO-Seq sample
calculated by FastQC [5]. The bottom panels show the cumulative percentage of se-
quences with adapters starting at various positions. Original plots generated by multiqc
[62], were combined and adapted to be colourblind-friendly.

4.2.3 Sample normalisation and spike-ins

We incorporated chicken nuclei as a spike-in into each of our run-on experiments to

aid normalisation in the event of global changes in RNAP occupancy post-treatment.

How the information from spike-ins is incorporated into the analysis has varied in the

literature:

• Booth et al. [24] used a normalisation factor of spike-in mapped reads per 10,000,

similarly Ball et al. [10] used a a library size correction factor (sample library

size divided by mean library size) and spike-in correction factor (ratio of spike-in

DNA) to normalise the read count data.

86



• Dukler et al. [52] did not consider library size directly, and used the ratio between

sample spike-in reads and the median spike-in reads across samples.

• In lieu of spike-ins, Zhang et al. [270] considered reads from the mitochondrial

chromosome as a control and downsampled their data accordingly.

We defined the normalisation factor as galgal5 (chicken) signal as a proportion of

hg19 signal. We saw that spike-in proportion varied between batches, but not strongly

between conditions, and normalisation had potential to inflate the counts in batch 3 in

particular (Figure 44). Therefore, similarly to Elrod et al. [60], we decided that since

spike-in recovery was similar between conditions, the data should be normalised using

DESeq2 size factors instead.
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Figure 44: Spike-in normalisation. The number of PRO-Cap (top) and PRO-Seq
(bottom) reads mapping to hg19 and the spike-in, galgal5, per sample. Normalisation
factors are calculated as a ratio between galgal5 read count and hg19 read count.

4.2.4 Overview of initiation and occupancy of active RNAP in HEK293

cells

To check accuracy of proposed initiation and elongation regions relative to available

annotation (and thus whether the experiments worked well), we first looked at the data
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in the genome browser (Figure 45). Indeed, PRO-Cap appeared to coincide with an-

notated TSSs in most cases, with PRO-Seq showing evidence of TSS-proximal pausing

followed by elongation in many genes. Some genes were more active than others (com-

pare MAGI3 and LRIG2), while SYCP1 showed no active transcription at all. We often

saw peaks mirrored on both strands, indicating prevalence of TSS-proximal antisense

and divergent transcription.

The data looked promising, so we calculated metagene profiles49 for comparison with

published data (Figures 45B and C). The PRO-Cap signal shows a strong sense peak at

the TSS (with some evidence of initiation downstream) and substantial antisense and

divergent promoter-proximal signal as described by Core et al. [39] and Nojima et al.

[176]. Considering GENCODE annotations were used to define gene boundaries in this

case, the enrichment near the TSS suggests that most major data-driven TSSs are close

to GENCODE-annotated TSSs for this cell line.

The RNAP occupancy map mirrors the PRO-Cap at the TSS, but with larger signal

downstream of the TSS, showing evidence of widespread pausing. The majority of

engaged RNAPs are found near the TSS and a small proportion are undergoing active

elongation across the gene body, consistent with the data presented by Steurer et al.

[228].

We noted mostly sense signal beyond the TES, consistent with previous findings

[176]. However, the dip just upstream of the TES seemed suspicious, so we calculated

the base distribution around the TESs and found that there is an under-representation

of C’s ∼23bp upstream of the TES (Supplementary Figure S1) which explained with

the drop in signal50.

Based on this annotation-driven analysis we were convinced that the PRO-Cap data

was credible and could indeed map initiation sites accurately. The PRO-Seq signal also

behaved as expected relative to the PRO-Cap and annotation.

49Non-overlapping genes only.
50Recall PRO-Seq is measuring RNAP position to the nearest cytosine.
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Figure 45: PRO-Cap and PRO-Seq profiles in unstimulated HEK293 cells. A.
Genome browser view of typical PRO-Cap and PRO-Seq signal relative to gene annota-
tion (RefSeq). The reads are shown per strand, summarised over the three unstimulated
samples for each experiment. Genes are coloured according to sense strand, pink for
plus and blue for minus. B-C. PRO-Cap and PRO-Seq density profiles summarised over
non-overlapping genes for each condition. The sense signal is shown as positive density,
and antisense is shown as negative density. We normalised using counts per million
(CPM) for each replicate before calculating mean depth per position. In addition, the
PRO-Seq panel contains a zoomed in view of the discussed dip in RNAP density at the
transcription end site (TES).

89



4.2.5 Are RNAP initiation and occupancy metagene profiles affected by

DNA modification changes?

We compared the PRO-Cap and PRO-Seq metagene profiles between conditions to

ascertain if there were any clear differences after DNA modification changes (Figures

46A and B). The difference between conditions was minimal. We did note slightly

higher TSS-proximal signal in the control, but it was difficult to interpret without a

more detailed analysis. Given the data we have, this annotation-based approach can

be improved significantly by defining data-driven TSSs (since the annotation usually

contains the longest transcript for each gene).
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Figure 46: Metagene PRO-Cap and PRO-Seq profiles. PRO-Cap and PRO-Seq
density profiles summarised over non-overlapping genes for each condition, focusing on
the TSS and TES. The sense signal is shown as positive density, and antisense is shown
as negative density. In order to compare the conditions directly, we normalised using
counts per million (CPM) for each replicate before calculating mean depth per position.
The PRO-Seq panel contains a

4.2.6 Annotation Agnostic Analysis

Multiple studies have linked changes in DNA methylation to spurious initiation. In this

section we wanted to investigate whether the samples showed evidence of changes in

RNAP initiation upon treatment with +5-aza-CdR or TET1-CD upregulation.

We did not expect to see strong genome-wide increases or decreases in PRO-Cap or

PRO-Seq signal based on the spike-in analysis, however redistribution of reads was a
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possibility, and we decided to first explore this in an unsupervised manner, i.e. inde-

pendent of genome annotation, through:

• A binned analysis comparing the read distributions in down-sampled replicates is

a crude way to analyse if the initiation sites were distributed differently across the

genome.

• A peak analysis comparing the number of initiation regions in each condition

would allow us to calculate peak stability more directly by examining variation

between replicates, as well as the distribution of initiation peaks.

4.2.7 Binned initiation

Starting with the most simple approach, we binned the genome into 100bp non-overlapping

bins and quantified the frequency of read counts per bin for each downsampled repli-

cate. The read distribution in the samples appears different between conditions51 (Fig-

ure 47A). By comparing the frequencies of 100bp bins with 1, 2, 3, etc. reads, we note

that the +5-aza-CdR and +Dox samples have more low-abundance bins compared to

unstimulated, which suggests a wider distribution of signal across the genome. Indeed,

if we compare the bin count frequencies we can see a systematic shift with +5-aza-CdR

and +Dox dominating low-count bins in the downsampled data (Figure 47B). These

observations led us to hypothesise that the treated samples may have more evidence of

spurious initiation.

4.2.8 Data-driven initiation

4.2.8.1 HMM model

To evaluate whether magnitude (size of peak) or frequency (count) of initiation is af-

fected by changes in mC and hmC, we wanted to identify data-driven TSSs based on

the PRO-Cap data and compare these initiation sites between conditions. Some un-

supervised methods used for identifying initiation regions involve binning the genome

and assuming that the counts follow a Poisson distribution [230, 91], but since Poisson
51But the differences were not statistically significant.
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assumes independence between neighbouring bins we decided to look for alternative

approaches.

Hidden Markov Models (HMMs) allow for greater tuning and incorporation of neigh-

bouring data. Broadly, a HMM classifier attempts to assign a “hidden state”52 based

on observed states and pre-defined knowledge about:

• the initial state probabilities, e.g. given a 10bp bin at the start of a chromosome,

what is the probability that it is background

• the transition matrix, containing the probabilities of moving between states, e.g.

P (background→ peak), P (background→ background), etc.

• the emission matrix53, containing the probabilities of seeing each hidden state

given the observed state, e.g. if we consider a bin as “high” whenever the signal in

that bin exceeds 10 reads then P (background→ high) is specified in the emission

matrix (and is likely to be low)

HMMs have been used to call initiation regions in multiple studies [40, 171, 228].

We implemented a modified version of the model used by Core et al. [40], which was

designed to differentiate between narrow and broad peaks, making it suitable for calling

both (see transition probabilities in Figure 48).

4.2.8.1.1 HMM design

One of the advantages of PRO-Cap is the generation of bp-resolution data, however

based on the distribution of reads in the genome browser we noted that the initiation

sites usually clustered together in groups but are rarely specific to a single base, con-

sistent with other studies describing clusters of TSSs [179, 82]. Therefore, to reduce

the computational burden of calling peaks in the PRO-Cap data without losing much

granularity, we summarised the counts in non-overlapping 10bp regions.

Peaks were called using a modified 3-state Hidden Markov Model (HMM) (see Sec-

tion 2.4.4.1). The algorithm classifies each 10bp bin into background (B), broad peak
52Something that we cannot measure directly, for example whether a 10bp bin belongs to an

initiation peak.
53There can be multiple observed states.
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Figure 48: HMM transition probabilities. The model shows the probabilities of
staying in the same state (circles) or moving to a new state (rectangles). The model
attempts to classify regions into background, narrow peaks, and broad peaks (with the
latter split into components). See additional details in Section 2.4.4.1.

(BP), or narrow peak (NP), based on two observed values: the signal and the peaked-

ness. Let us annotate the non-overlapping 10bp bins in a region within a chromosome

as bi, where bi and bi+1 are adjacent, and the read count in bi is ni. The signal for bi is

then classified as follows:

• empty if ni = 0

• depleted if 0 < ni < S

• enriched if S ≤ ni

where S is a user-defined count threshold (we used 10). To calculate the peaked-ness

of bi, first the background signal is estimated as the mean signal in any depleted bins

within 100bp of bi (if two or more are found)
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bgi = mean(Bi), if |B| ≥ 2

Bi = {bj |j ∈ [i− 11, ..., i− 1, i+ 1, i+ 11], 0 < nj < S}
(1)

then, the bin bi is peaked if fc × bgi < ni, where fc is a user-defined fold-change

requirement. The signal and peaked-ness are the observed variables which are used to

predict the hidden state.

4.2.8.2 Trimming

The HMM peaks often included regions of low signal near the boundaries highly enriched

peaks, so we decided to trim them. In their analysis, Strbenac et al. [230] trimmed any

outermost positions with zero counts before merging any peaks within 30bp. Core et al.

[40] similarly trimmed any “depleted” intervals, however we wanted to trim using a prior

based on signal in the surrounding area (rather than a single threshold).

Trimming requires two parameters, required proportion of the nearest maximum

enrichment 10bp bin mn and distance to search for that bin, d. For 10bp bin bi in peak

pk, we first merge any peaks within dbp of pk, call this search area Pk. We then define

mk = max{nj |bj ∈ Pk} as the count in the most enriched bin. Finally, we select the

most enriched bins, BE = {bi|ni ≥ mn × mk, bi ∈ pk}. To reduce some granularity,

peaks within 50bp are merged. This final trimmed set will be referred to as primary

peaks.

4.2.8.3 Stringency and variation analysis

We decided to vary the sensitivity of the caller by testing multiple fc and mn (mxn)

thresholds to evaluate the influence of these thresholds and assess replicate variability.

Independent of changes to the HMM and trimming parameters, we consistently saw

slightly more peaks in the +5-aza-CdR and +Dox samples but the differences were not

statistically significant (Figure 49A). Differences are most prominent at lower stringency

levels, suggesting that spurious “low-count” peaks are more prevalent in the treated

samples (consistent with binned analysis). We checked what proportion of peaks are
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threshold-specific based on one of the replicates and, of the peaks called at the lowest

stringency (fc2, mxn0.2), ∼ 58% are accounted for by the highest stringency group

(fc20, mxn0.7) (Figure 49B)54. We identified low stringency peaks that were missing

from the high stringency set and found that most (89.6%) were found within 1kb of high

stringency peaks, with the remainder falling disproportionately into intergenic regions

(Figures 49C and D). After comparing different threshold options in the genome browser

we chose to use the fc10, mxn0.3 peak set in further analyses, however it’s clear from

the overlaps (Figure 49B) that small changes to these levels would not affect the final

peak set (and conclusions) much.

We measured peak stability55 by comparing calculated peak positions between repli-

cates. We expected to see less variation between the unstimulated replicates compared

to treated, since the randomly distributed hmC gain and mC loss had the potential to

induce small changes in initiation independently at each CpG. We used the proportion

of pair-wise non-overlap between replicates as a dissimilarity metric and found that the

intra-condition dissimilarity is lower in the unstimulated samples, +Dox and +5-aza-

CdR samples having a higher proportion of peaks than unstimulated (Figures 50A and

B). To find whether these non-overlapping peaks were reproducible, we analysed the

condition- and sample-specific peaks from each replicate. Although there were indeed

more unique peaks in the +5-aza-CdR and +Dox replicates on average, the variation

between replicates was too great to definitively conclude that the demethylating treat-

ments result in less stable peaks (Figure 50C).

4.2.8.4 Pausing

Pausing near the TSS is a genome-wide phenomenon, and due to the substantial signal

in pausing regions we wanted to check the consistency of pausing location, namely the

downstream distance from the TSS56. Since the majority of peaks overlapped between

samples we chose to combine them and use the union of all called peaks to ensure that
54Not all the highest stringency peaks are found in the lowest stringency group (only 91%) as

a consequence of stronger thresholds reducing peak size.
55We consider a peak “stable” if it occurs in multiple replicates (is reproducible).
56By not removing the full pausing region from elongation data we may bias the elongation

counts.
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Figure 49: Peak annotation parameter effect. A. How different combinations of
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Figure 50: PRO-Cap Replicate variability. A. Heatmap showing proportion of
peaks in Peak set 1 not overlapping a peak in Peak set 2. In all cases peaks are called on
the downsampled PRO-Cap data with S=10, FC=10, mxn=0.3. B. Boxplots showing
the distribution of values in the heatmap, with self-comparison overlap proportions
excluded. C. Bar plots showing the number of peaks in each replicate that are unique
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reproduced in any of the other samples.
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the regions of interest were consistent between replicates57. Merging resulted in 93,620

peaks across all replicates, call these the annotation agnostic TSSs (aaTSSs).

The pausing region (PR) of interest was defined as the 300bp downstream of the

aaTSSs58. We calculated the PRO-Seq read density in each PR across non-overlapping

10bp bins, and saw a clear enrichment of signal within the first 60bp downstream of the

PRO-Cap peak as expected (Figure 51A). To evaluate profile consistency we split data

according to total PRO-Seq count in the 300bp window of interest (Figure 51B), and

then normalised the region counts to the proportion of PRO-Seq reads falling in each

window downstream of the PRO-Cap defined TSS. The apex of pausing did indeed vary

within each group (Figures 51C-E), however substantial pausing signal more than 70bp

downstream of the PRO-Cap peak was rare.

We compared the pausing profiles between the conditions to see whether mC and/or

hmC deregulation influenced pausing distance. Two of the three replicates suggested

that +5-aza-CdR and +Dox treatments resulted in more distributed pausing on average,

but this pattern was not as clear in batch 1 (Figure 52A). The most prominent difference

was seen in batch 3, but when looking at random subsets of the profiles we did not see

any clear differences which could have been masked by averaging (Figures 52B-D). Due

to the variability between batches we cannot conclude whether the treatments indeed

caused a global change in pausing distance.

4.2.8.5 Run-through

Not all aaTSSs are necessarily active, and we saw in the last section that many 300bp

downstream regions contain 1-10 reads (Figure 51B). Here we would like to ascertain

how often run-through signal makes up a large proportion of the elongation signal, where

run-though signal is defined as elongation signal which started from an aaTSS upstream

of the closest aaTSS. In Figure 53 we see an example of a TSS whose downstream

region is likely to be affected by run-through signal from an upstream TSS, if this were

a common phenomenon then the elongation signal would need to be adjusted based on
57We considered a “present in two replicates” rule whereby any peak found in at least two

replicates of a condition would be included. However the downstream analysis filtered out any
batch-specific peaks due to inflated standard errors regardless.

58We ensure that the initiation peaks are at least 500bp apart.
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Figure 51: PRO-Seq read distribution downstream of PRO-Cap peaks. A. Bar
plot showing the total read count in each 10bp bin downstream of a PRO-Cap peak
in unstimulated sample 1 (largely representative of the other samples). B. Density of
total read count in the 300bp windows of interest. C-E. Proportion of reads falling into
each 10bp bin for different read count bounds, regions clustered together using complete
linkage and euclidean distance in each case. For the larger sets a random sample (r.s.)
of 2000 regions is used. Lowest values are in blue, and highest proportions are shown
in yellow.
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pared between conditions. A. Line plot showing the mean read count density in
each 10bp bin downstream of a PRO-Cap peak in each replicate. B-D. Proportion of
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clustered together using complete linkage and euclidean distance. In each case a random
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the contribution from each upstream aaTSS59.

RefGene
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(total, - strand)
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Upstream   ≥  Downstream →  TSS not active

Figure 53: Example of PRO-Seq run-through. Genome browser view of PRO-Cap
peak whose downstream PRO-Seq signal may be contaminated with nascent fragments
which initiated at an upstream TSS. The tracks show total PRO-Cap and PRO-Seq
signal for each strand, the merged aaTSS peaks (Primary Peaks), and gene annotation
from RefSeq for reference. The 300bp regions flanking the peak which are used to
calculate the run-through ratio are highlighted in the zoomed-in view of the peak of
interest.

Similarly to Booth et al. [24], we analyse the prevalence of run-through by comparing

the PRO-Seq read count around the aaTSS peaks, namely the 300bp regions upstream

and downstream of the PRO-Cap peak60 (Figure 53). We define the run-through ratio

(RTR) for aaTSSi as:

RTRi = log2(downi + 1
upi + 1 ) (2)

where upi and downi are the total PRO-Seq signal in the 300bp upstream and
59If many aaTSSs are inactive, then we risk double-counting changes if a change in an active

TSS propagates through multiple inactive TSSs.
60PRO-Cap peaks must be more than 1kb apart to avoid counting TSS clusters.
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downstream of aaTSSi, respectively61. The density of the RTR shows that the majority

(92.4%) of TSSs are supplying elongating RNAPs, with RTR > 0 62 (Figure 54A). Many

of the largest increases are from highly transcribed (measured by reads/bp) regions,

suggesting that we aren’t overly biased by high variance outliers from low read counts

(Figure 54B). Therefore fully inactive aaTSSs are quite rare, and run-through signal

constitutes less than 10% of the read count for over 54.7% of aaTSSs.

When comparing the conditions we saw no difference between RTR upon mC and/or

hmC perturbation, and average profiles are very consistent (Figures 54C-D). We checked

whether the individual aaTSSs also showed similar RTRs to ensure that the density

summaries didn’t mask any differences, but the strong correlations suggested minimal

changes in TSS activity genome-wide (Figures 54E-G). Based on high correlations, we

selected two groups of peaks for annotation-based analysis, namely low-RTR and high-

RTR peaks, with RTR < 0 and RTR > 6 for all 3 conditions, respectively. The low-RTR

peaks were disproportionately found in intronic and intergenic regions whereas high-

RTR peaks were enriched in promoters and 5’UTRs (compared to random sampling),

suggesting more productive initiation occurs in coding regions (Figure 54H).

4.2.8.6 Elongation

After defining regions of initiation using the HMM peak caller as above, we wanted to

check whether there were any differences in downstream RNAP occupancy.

For each primary peak, Pri = [SSPri , ESPri ], the fixed Xbp elongation region Ei

is defined as the Xbp downstream of ESPri + 100. Only elongation regions which

don’t overlap with other elongation regions or primary peaks are considered to avoid

contamination. As X increased, the number of candidate elongation regions decreased

however longer regions were more likely to contain higher read counts and thus have

higher power to call differential RNAP occupancy. We also defined variable length

elongation regions as follows: the fixed 50kb elongation regions are merged, we then

extract the complement between padded primary peaks and this set, and lastly filter

for a minimum length of 500bp. The resultant set of regions is the largest of the groups
61We add 1 to avoid dividing by zero
62In fact the signal at least doubles for almost 80% of peaks.
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Figure 54: Run-through ratio (RTR) analysis. A. Density of RTR values in un-
stimulated sample 1. B. Density scatter plot comparing the mean read count per bp
across the combined upstream and downstream regions around the aaTSS peak. C-D.
The RTR ratio densities for each condition separately, and split by batch. E-G. Scatter
plots comparing the RTR between conditions, with each point representing a aaTSS
peak. For each peak we consider the mean of the RTRs across 3 replicates. H. Bar plots
showing the proportion of peaks overlapping each region type, annotated with the basic
annotation from annotatr [32]. We compare the expected proportions (based on 10k
randomly sampled peaks) with peaks that consistently show inactivity (RTR < 0), and
peak that are highly active in all samples (RTR > 6).
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and contains regions length 500bp - 50,000bp. See examples of the defined regions in

Figure 55.

unstimulated

+5-aza-CdR

+Dox 1

RefGene
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(RPM, - strand)
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Figure 55: Annotation Independent Elongation Region examples. Elongation
regions defined using different methods based on HMM-calculated primary peak annota-
tions, with strand-specific PRO-Cap signal (combined across all samples) and PRO-Seq
signal (combined across conditions), both CPM normalised.

To identify elongation regions with changes in RNAP occupancy after each treatment

we quantified the PRO-Seq signal in the same elongation regions in each replicate and

used these as input to DESeq2 [153] (Section 2.4.12). Of the constant-width regions, the

1kb set had the fewest examples of differential signal despite containing the most regions

(especially when focussing on high-magnitude changes) suggesting that the counts in

these short intervals were too low to definitively detect changes in most cases (Figures

56A and B). The variable length elongation set captured the most differentially occupied

elongation regions as it was both the largest and contained the longest regions.

When the width was increased, we progressively captured more changes with consis-

tent observations showing that the highest magnitude changes (those with |LFC| > 1)

were positive, i.e. +5-aza-CdR and +Dox were more likely to increase RNAP occu-

pancy in elongation regions (Figures 56A and B). Demethylation with +5-aza-CdR had

a stronger effect than TET1-CD upregulation, with over three times as many up- and

twice as many down-regulated regions in the variable length elongation reference group.
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These results suggest that demethylation is more disruptive, but both treatments have

the potential to induce changes in RNAP occupancy.
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Figure 56: PRO-Seq differential signal in elongation regions. A. Volcano plots
with each point representing an elongation region with significant differences (p-adjusted
¡ 0.05) in signal between unstimulated and +5-aza-CdR (left) and unstimulated and
+Dox (right). To aid visualisation the y-axis has been trimmed to remove outliers. B.
Bar plots showing the number of elongation regions with significant up-regulation (right
counts) and down-regulation (left counts), with the subset of most altered (defined as
those with absolute log2FC > 1) highlighted.

4.2.9 Supervised analysis of RNAP initiation and elongation

In the above analyses we’ve focussed on genome-wide changes independent of where the

initiation peaks fall. In this section we would like to quantify:

• How does the annotation compare to the data-driven TSSs?

• How many of the PRO-Cap peaks are TSS-proximal?

• Do any of the TSSs with changes in initiation and/or elongation coincide with

annotated gene TSSs?
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Initiation Search Re-
gion

Notes

[TSS - 30, TSS + 300 ] Count reads. [226]
[TSS - 50, TSS + 250 ] RPKM normalised. [261]
[TSS - 100, TSS + 400 ] RPK at 50bp window with highest read count.

[245]
[TSS - 250, TSS + 250 ] The position with the maximum count in this

500bp region, at least 4+ reads above background.
[24]

Table 4: Annotation derived TSSs. Previous approaches to defining transcription
start sites using genome annotation.

We will use the GENCODE annotation (Section 2.1.1), containing both gene and

transcript annotation to answer these questions and thus isolate gene candidates whose

transcription was affected by mC and/or hmC perturbation.

4.2.10 TSS identification

To link differential mRNA expression to changes in active RNAP occupancy and DNA

modifications, we would ultimately like to define active TSS(s) and a corresponding

elongation region for each active gene.

Many groups have used available gene annotation for this purpose without taking

regions outside the promoter into account (see Table 4). Elongation regions can be

similarly defined by avoiding promoter-proximal and TES-proximal signal63.

When gene bodies of different genes intersect, assignment of RNAP signal to genes

becomes complicated. Various supervised (annotation-based) approaches have attempted

to avoid this ambiguity. For example, Nojima et al. [176] removed any padded genes

([TSS-1kb,TES+3kb]) which overlapped, while Sanz et al. [205] considered strand-

specific overlaps and defined a “clean” set of genes such that the nearest strand-specific

neighbour was at least 15kb downstream of the poly(A) site.

Alternatively, rather than assuming all genes are active, one could incorporate a run-

through ratio similarly to Booth et al. [24]. If the peak is considered active (RTR>0),
63For example, in their quantification of expression based on GRO-Seq data, Bi et al. [18]

calculated the signal in the first 30kb of the gene bodies, excluding the TSS, [TSS+1000bp,
TSS+30kb].
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then the gene is active (and has potential to contaminate signal in any overlapping

genes). In these cases, the analysis relies heavily on accurate TSS annotation.

By using PRO-Cap data to define data-driven TSSs we can:

• Identify which TSS, of multiple possible TSSs, is used for each active gene. Al-

though TSSs often overlap, using the longest possible transcript in each case may

mislabel some TSSs for this cell line as alternative TSS usage is common [237]. In

some cases we may see genes with multiple unique active TSSs, in which case the

TSS furthest downstream could be incorrectly labelled as pausing signal in less

sensitive analyses.

• We can identify gene-body spurious initiation, which can’t be done with annota-

tion alone (it is unexpected by definition). Apart from being an interesting phe-

nomenon to analyse in the context of DNA modification changes, small gene-body

peaks can contaminate elongation signal and thus wrongfully suggest changes in

active elongation.

• Analyse initiation genome-wide. In PRO-Cap, coverage is not limited to genic

regions, therefore we can look at other functional regions, e.g. changes in enhancer

activity.

Thus, we assigned the data-driven initiation peaks to functional regions for incor-

poration with the mRNA analyses.

4.2.10.1 Transcript annotation analysis

The problem of assigning aaTSSs to genomic elements is non-trivial due to the complex-

ity of the human genome. The annotation used contains 208,379 transcripts covering

53,160 unique genes. Overlaps between unique genes are awkward to deal with and the

level of detail of the annotation is important.

Most of the transcripts (68.4%) in the database are associated with protein cod-

ing genes (PCGs) (on average 7.1 transcripts per gene) and long non-coding RNAs

(lncRNA) (22%) (Figure 57A). Most non-PCGs were found ∼ 100kb from the closest

PCG, however 2,957 lncRNA and 1,205 processed pseudogene transcripts did overlap
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with a PCG (Figure 57B-C). In total, this means that 2,827 PCGs (14.2%) overlap a

non-PCG element. Before removing almost 3,000 genes from the analysis we decided

to check the overlaps and found that many of the overlapping non-PCGs didn’t have a

high support level.
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Figure 57: Analysis of GENCODE annotation. A. Bar plots showing frequencies
of genes and transcripts falling into each gene category. B. Density plots of distances
between each transcript and the nearest protein-coding gene (PGC) on the same strand.
C. Bar plot showing the number of unique transcripts that overlap a PGC.

Not all transcript annotations are equally supported, and this is incorporated into

the gtf files through the transcript support level column64. In the annotation used,

a substantial proportion of transcripts fall into the lower support levels (Figure 58A). By

looking at the categories directly we can see that there are many high-support lncRNAs
64See https://m.ensembl.org/info/genome/genebuild/transcript_quality_tags.html
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and pseudogenes, but most of the high confidence transcripts are PCGs (Figure 58C).

We want to avoid overlapping genes in our annotation-driven analyses, however it’s

clear that PCG annotations have varying levels of support and thus we may over-filter

by considering all PCG transcripts. We calculated the frequency of pairwise overlaps

between PCGs and found that although the high-support did overlap some low-support

transcripts, the counts weren’t substantial (Figure 58B). That said, there were 431 genes

with overlaps and these mostly fell into one of three groups:

• AC/AL/AP transcripts which are novel

• combination transcripts, e.g. ATP6V1G2-DDX39B

• other

This analysis showed that removing low-support transcripts would not significantly

increase the number of non-overlapping genes, therefore we kept all transcripts in the

annotation, regardless of TSL.

4.2.10.2 Defining initiation regions

In previous analyses we called peaks on each replicate separately in consideration of

replicate variability, however calling peaks on the combined PRO-Cap signal tracks had

the benefit of identifying regions with lower (but consistent) transcription initiation65.

We called HMM peaks (in a strand-specific manner) on the combined tracks and iden-

tified 148,405 peaks. After trimming the set contained 216,008 primary peaks. Some

untrimmed HMM peaks contained more than a single primary peak but in most cases

a single primary peak dominated each raw HMM peak based on counts (Figures 59A

and B).

The annotation contains over 208k unique transcripts, with 191,662 unique TSS-

gene matches. We systematically assign each primary peak to genes based on overlaps

with gene annotation (Table 5). Using this overlapping system we can hierarchically

annotate peaks based on their overlaps with:
65If a replicate has 4 reads in a 10bp window, this window is unlikely to be called as a peak.

However, if the 9 samples show similar transcription then the window will have 36 reads which
be considered as enriched based on the threshold of 10 reads.
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Figure 58: Analysis of transcript support levels (TSLs). A. Bar plot showing
the counts of each TSL in the annotation. B. Frequency of TSL combinations between
overlapping protein coding genes (PCGs). For example, if a PCG with TSL 1 overlaps a
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• TSS - annotated TSSs

• TSS (AS) - annotated TSSs with strand flipped

• 1kb TSS - annotated TSSs padded by 1kb on each side66, i.e. peak is within 1kb

of a TSS

• 1kb TSS (AS) - annotated TSSs with strand flipped padded by 1kb on each side

• GB - full transcript, i.e. starting at TSS and ending at TES

• GB (AS) - full transcript with strand flipped

TSS TSS (AS) 1kb TSS 1kb TSS (AS) GB GB (AS) Peak group
Y N TSS peak
N Y TSS (AS) peak
Y Y TSS strand overlap
N N Y N 1kb TSS peak
N N N Y 1kb TSS (AS) peak
N N Y Y 1kb TSS strand overlap
N N N N Y N GB peak
N N N N N Y GB (AS) peak
N N N N Y Y GB strand overlap

Table 5: Peak classification requirements. For each PRO-Cap, we check for overlaps
with GENCODE annotated TSSs (TSS), TSSs padded by 1kb on both sides (1kb TSS),
and the full transcript (GB)

where the strand information matches. For the antisense (AS) groups we flip the
strand before calculating overlaps. For example, a 1kb TSS (AS) peak must not

overlap an annotated TSS directly (on either strand) but must be within 1kb of a TSS
on the opposite strand only.

Using this system we can differentiate between initiation sites that overlapped with

GENCODE annotated (TSS peaks), those that are close (1kb TSS) and those that

overlap within the gene body but not close to annotated TSSs (GB). Ambiguities based

on strand are accounted for by “strand overlap”, e.g. if a peak is within 1kb of a TSS on

each strand (but doesn’t directly overlap either) then it is both a 1kb TSS and 1kb TSS

(AS) peak, cannot be unambiguously assigned to a gene and is classed as 1kb TSS strand

overlap. We found that, of ∼202k peaks, only ∼15,528 overlapped with an annotated

TSS on the sense strand with 26,355 peaks within 1kb of annotations and a further
66Based on the metagene profiles we saw that most PRO-Cap signal is found near annotated

TSSs, therefore we expanded our search area to 1kb around annotated TSSs.
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26,239 overlapping gene bodies away from TSSs (Figure 60). The overlapping peaks

made up small proportions of the TSS and GB peaks (1.07% and 7.03%, respectively),

but the frequency of TSS pad overlaps resulted in a substantial 1kb TSS strand overlap

proportion (21.27%). These are cases where genes diverge, and thus it’s difficult to

classify peak signal into sense or antisense. The prevalence of antisense initiation both

near TSSs and in gene bodies was intriguing and will be discussed in the context of

methylation changes in the next section.

The “peak group” classification was refined based on further overlaps. A peak can

be a TSS peak overlapping more than one unique gene, and thus cannot be assigned

unambiguously. Therefore, for each peak group without strand overlaps, we check how

many unique genes fulfil the criteria of the peak67. Although most peaks (96.4%) could

be assigned to a single unique gene, there were some overlaps (Figure 60) which we split

into:

• Subgenes (0.49%) - combination genes e.g. peak overlapping PMF1 and PMF1-

BGLAP

• New gene annotation (2.48%) - alternative genes (those with an “A[CDFLP][0-9]”

prefix), e.g AC118553.2 is an alternative transcript of SLC35A3

• 4+ overlaps (0.03%) - Cases where there are four or more unique gene names

fulfilling the criteria

• True overlap (0.67%) - all other overlapping groups

We chose to filter out the “4+ overlap” and “True overlap” peaks (990 in total) due

to the ambiguity in annotation, but keep the other overlap types, leaving 140,158 genic

peaks and 20,278 unique genes68.

We calculated the number of peaks annotated for each gene (sense and antisense sep-

arately) and found that only 5,874 had a single sense peak69 (Figure 61A). Of the 19,005
67If a peak overlaps with a TSS of gene A which is found in the gene body of gene B then it

will still be assigned to gene A only due to the hierarchy.
68For the subgene peaks, the peak is assigned to each of the subgenes and is thus counted

more than once (same for the alternative genes).
69Curiously there are 1,272 genes with no sense peak but some antisense peaks.
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Figure 61: Gene peak filtering. A. Bar plots showing the number of max peaks A-B.
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genes with a sense peak, 13,131 (69%) showed evidence of transcription from multiple

active TSSs (see examples in Figure 62A and B) however, based on the genome browser,

these TSSs weren’t equally active and many multiple-peak genes showed evidence of one

major PRO-Cap peak with multiple weaker initiation regions. We decided to quantify

this observation as follows:

• For each gene j with multiple peaks, we determine the major peak pmj with the

highest count mj .

mj = max
k

[
npk,j

]
pmj =

{
pi,j |npi,j = mj

}
(3)

• For each peak pi,j in gene j we calculate

– the proportion of maximum (POM) as the ratio of the number of reads in

pi,j (denoted npi,j ), and mj .

POMpi,j =
npi,j

mj
(4)

– the proportion of maximum per base (POMCBPpi,j ), i.e. the POM nor-

malised by the lengths of the peak, |pi,j | and |pmj |.

POMCBPpi,j =
npi,j/|pi,j |
mj/|pmj |

(5)

Most of the sense major peaks pmj overlapped with annotated TSSs directly but

antisense signal was generally found close (but not overlapping the TSS) (Figure 61B).

This suggests that the annotation was the optimal TSS to use for 64.6% of genes with

an active peak, but the proportion of major peaks falling into gene body regions (13.3%)

is not negligible70. Thus using PRO-Cap initiation signal to define initiation, pausing,

and elongation regions is more accurate for over 35% of genes.

Genes with multiple peaks tended to have one major peak since the distributions of

POM and POMCPB were highly right skewed (Figure 61C and D). The TSS-overlapping
70These peaks may be accounted for by enhancers.
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Figure 62: Examples of peak-TSS overlaps. Genome browser tracks showing the
combined (strand-specific) PRO-Cap signal, the primary peaks called on each strand,
and a reference annotation for 3 genes (A. PAX6, B. FOXP1, C. MYZAP and GCOM1).
The orientation of the gene is shown as the colour, purple for plus strand and blue for
minus strand.
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peaks (both sense and antisense) were slightly more likely to be similar in magnitude

to the major peak71, and antisense peaks had a less sharp distribution. Most of the

outliers were short (10-20bp) (Figure 61E) and, based on the combined distributions,

we chose to filter out peaks with POM ≥ 0.125 and POMCPB ≥ 0.5. This increased

the number of genes with a single primary peak from 5,874 to 12,03372 (Figures 61F-G).

The 6,968 genes which retained multiple initiation regions often showed clusters

of PRO-Cap peaks and, by calculating the distances between peaks (end to start) in

multiple-TSS genes, we found that 57% fall within a 1kb window73 (Figure 63A). This

suggested that initiation in these regions could be clustered into a broad initiation

region74.

Based on the metagene data, we expected to see an abundance of antisense signal

upstream of the TSSs. Indeed, when we calculated the distances between major peaks

and any antisense peaks (annotated to that gene) we found that most AS transcription

occurs upstream of initiation (Figure 63). The abundance upstream of the TSS is

consistent with a model whereby TSS-proximal transcription is bi-directional, but in

most cases the RNAPs on opposite strands start transcription from distinct promoters.

This is in agreement with [53] who described a model where divergent transcripts arise

from distinct promoters flanking the nucleosome-free region.

In this analysis of initiation peak distribution we have filtered some obvious overlap

candidates, found that most peaks do not overlap with annotated TSSs, however after

proportion filtering we saw that most major peaks do indeed overlap with GENCODE

annotated TSSs. The non-major peaks are still largely genic. Initiation is often found

on both strands, in multiple loci, but a single major TSS (and AS TSS) often dominates.

This allows us to define elongation regions by simply considering any PRO-Seq signal

downstream of the most downstream major peak.
71Multiple similarly active, annotated TSSs.
72More stringent POMCPB filtering resulted in marginally more single peak genes, 12,352.
7365% within 2kb
74Thus defining an elongation region downstream of the most 3’ peak would be sensible for

over half of the multiple-TSS genes (without extending too far into the gene body).
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Figure 63: Peak dispersion. A. Density of the distances between primary peaks within
each gene. Distance of 1kb highlighted. B. Density of distances between each antisense
(AS) peak and the closest primary peak within each gene, with negative values for
upstream and positive for downstream. In each case the distance is calculated as the
distance between peak centres.

4.2.10.3 Definition of elongation regions

This section focusses on how we defined elongation regions for each gene using the results

of the initiation analysis. We first group each gene’s major peaks, and only consider

signal downstream of the most 3’ major peak75. The elongation signal varies in length76

and usually makes up over 90% of the gene body (Figures 64A and B) however we did

note the prevalence of pausing near TESs in the metagenes and further analysis of the

5kb upstream of TESs confirmed a slight increase in signal (Figure 64C and D). To avoid

the TES-proximal pause, we remove the penultimate 3kb of the gene body and keep

only the elongation regions of length 1kb+ for further analysis, this results in 14,334

elongation regions with sufficient length (of which 11,778 correspond to protein-coding

genes).

75We include an extra 100bp pad to account for pausing. Based on the dedicated pausing
analysis this is likely to be slightly too stringent but we wanted to err on the side of caution
since pausing signal usually dominates the PRO-Seq data as evident from the metagene plots.

76We found that 420 genes actually ended up with negative elongation length (the true TSS
was close or downstream of the TES), and the length was exceeded in 1,096 (the true TSS was
upstream of the annotated).

120



0.0

0.2

0.4

0.6

1e+01 1e+03 1e+05
elongation length

de
ns

ity

2,428 0−3kb elongation regions
16,387 3kb+ elongation regions

Length of elongation regions
A

0.0

2.5

5.0

7.5

0.00 0.25 0.50 0.75 1.00
elongation length/gene length

de
ns

ity

Ignoring 1,096 elongation regions exceeding gene width

Elongation region as a proportion of gene
B

0.000

0.025

0.050

0.075

0.100

−5000 −4000 −3000 −2000 −1000 0
Distance upstream of TES

P
ro

po
rt

io
n 

of
 5

kb
 to

ta
l

Ignoring high proportion outliers

Read proportion in each 250bp bin
C

1

10

100

1000

10000

1 10 100 1000 10000
4750bp − 5000bp upstream of TES

25
0b

p 
−

 5
00

bp
 u

ps
tr

ea
m

 o
f T

E
S

All replicates combined

Compare PRO−Seq bin counts
D

Figure 64: Supervised elongation regions. A. Density of the elongation region
lengths, with 3kb highlighted. B. Density showing the proportion of the gene body
([TSS, TES]) which the elongation region takes up. C. Boxplots showing the signal
distribution in each 250bp bin upstream of the TES. For each gene, we calculate the
reads in each bin as a proportion of the total read count in the 5kb region. D. Density
scatter plot showing direct comparison of signal in the 250bp regions 5kb and 500bp
upstream of the TES.
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4.2.11 Effects of DNA modification

With the regions of interest defined based on combined PRO-Cap signal, we break

the data back into replicates to calculate the effects of both treatments. The goal

is to ascertain which genes are likely to have been affected by the changes in DNA

modifications based on the RNAP initiation and occupancy data.

• Based on the annotation-agnostic analysis we saw a prevalence of high-magnitude

gains in initiation after both treatments, and a preliminary analysis showed that

they were usually genic. Using the annotation, we would like to know

– Where do these gains occur, i.e. are they TSS-proximal or is there evidence

of gains in gene-body TSSs?

– Do the strands (sense and antisense) behave similarly?

• Elongation is a better predictor of final mRNA levels than initiation and thus we

want to know how many genes showed detectable changes in elongation to later

contrast those changes with mRNA levels.

• Were changes in mC and hmC related to differences in other stages of transcrip-

tion? In particular do any genes show changes in pausing, termination, or stalling?

4.2.11.1 Treatment-induced changes in initiation

4.2.11.1.1 Is PRO-Cap representative of initiation frequency?

We would like to begin with a disclaimer, and note that PRO-Cap data is not directly

representative of recruitment or initiation frequency due to some technical limitations.

In PRO-Cap we sequence fragments containing both a biotin and 5’-cap, so, in order

for a fragment to be included the RNAP must be transcribing (either not paused yet

or released from pausing), incorporate a biotin, contain a 5’-cap, and the distance from

the TSS must exceed 20bp and be uniquely mapped. Thus any short fragments or those

that haven’t been capped yet will not be included. This limitation can be addressed by

other techniques such as RNAP-ChIP.

122



Fragmentation is not a step in PRO-Cap, thus we can end up with some very long

fragments. Due to lack of sonication step, these tend to be left out, resulting in under-

representation of these RNAPs at the TSS in our data (Figure 65). This means that

RNAPs that escape pausing faster are more likely to be left out of the PRO-Cap initia-

tion data. However, based on the adapter content distributions we saw that on average

65% of reads included some adapter sequence, meaning that most of the reads were

indeed short. More importantly, analyses of PRO-Seq metagene distributions suggested

that the majority of signal is indeed promoter-proximal, therefore we do not expect this

to affect the data hugely.

PRO-Cap
PRO-Seq

68 4
999

Slow Intermediate FastRNAP

Figure 65: PRO-Cap long read limitations. We show a schematic of 3 cases with
same recruitment, but differences in the number of reads that contribute to the PRO-
Cap signal due to variation in RNAP pause release. Assuming that only short reads
will be included in the final data, we can see that whenever the RNAP escapes pausing
quickly we will underestimate the number of RNAPs that initiated at that TSS.

4.2.11.1.2 Treatment-induced changes in PRO-Cap signal

To identify differences in PRO-Cap signal between conditions we compared the counts

in each peak between the unstimulated and the treated samples using DESeq2 [153]

(Section 2.4.12). Of the 167,395 peaks that fulfilled the 10 read minimum, 4.36% (7,306)

and 3.04% (5,093) showed significant (p-adj < 0.5) changes in PRO-Cap signal after

+5-aza-CdR and +Dox treatment, respectively. The directionality of the change was

somewhat unexpected, as +5-aza-CdR induced demethylation resulted in a reduction in
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77% of peaks, and TET1-CD upregulation through Dox induction resulted in drops in

64% of peaks (Figures 66A and B). However, the highest magnitude changes were biased

toward being positive in each case and most of the peaks with decreases in signal had low

fold changes, −1 < LFC < 0. Although most peaks with greatest gains had relatively

low expression (as estimated by baseMean), the bias toward higher magnitude gains

was clear and changes were consistent between treatments, i.e. peaks that significantly

changed after both treatments both gained or lost (Figure 66C).

Previous analyses of PRO and GRO data have used a variety of thresholds to define

significant changes after DESeq2 analysis (see Table 6). We noted the inclusion of LFC

filtering in multiple studies, and chose to add a |LFC| > 1 filter to our significance

criteria since low magnitude changes weren’t very convincing in the genome browser

and may have been a technical artefact (Section 4.2.11.1.1). Filtering resulted in a flip

in interpretation, in particular demethylation and hmC induction generally upregulate

transcription initiation (Figure 66D, see examples in Figure 67). There was substantial

overlap between the peaks as expected based on demethylation caused by TET1-CD but

some peaks were indeed +Dox specific, suggesting that the changes may be hmC-related.

p-value p-adj LFC Papers
0.001 [159, 158]
0.05 1.25 [196, 246]

0.01 [24]
0.001 1.25 [245]

0.0001 1.5 [60]
0.01 2 [17]

Table 6: Methods to define significant changes from PRO-Seq data.

To test whether the changes seen are indeed a consequence of changes in DNA

modifications, we calculated the mean mC and hmC levels for each initiation peak

based on TAPS and TAPS-β data77. First, we checked the mC levels of the initiation

sites which showed changes after both treatments and found that these initiation regions

were more likely to be hypermethylated in the unstimulated sample (Figure 68A and

C). A comparison of the mC loss after +5-aza-CdR and hmC gain after +Dox with the
77For the 107,532 peaks with covered CpGs, the median and mean CpG count are 4 and 6.9,

respectively.
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Figure 66: Differential signal analysis of all trimmed PRO-Cap peaks. A-
B. Volcano plots comparing +5-aza-CdR vs unstimulated and +Dox vs unstimulated,
respectively. The density scatter plots show the log2FoldChange and -log10(adjusted
p-value) for each peak with a significant (< 0.05) adjusted p-value, with some outliers
removed through limiting the x- and y-axis for easier comparison. The counts in each
quadrant are included, and dashed lines highlight LFC = 1 and LFC = -1. C. Density
scatter plot comparing the log2FoldChange after each treatment for peaks that have
p-adj < 0.5 in both. D. Bar plot counting the number of peaks that are upregulated
(positive values) and downregulated (negative values) after each treatment subject to
LFC filtering, with the overlapping peak set shown in gray.
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Figure 67: Examples of peaks with changes in PRO-Cap signal. Genome browser
tracks showing the combined (strand-specific) PRO-Cap signal, the primary peaks called
on each strand, and a reference annotation for 3 genes (A. PTMA, B. MMP11, C.
NOTUM). The orientation of the gene is shown as the colour, purple for plus strand
and blue for minus strand and the peaks with changes in signal are highlighted in each
case.
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degree of increase (or decrease) in PRO-Cap showed that the most altered peaks were

more likely to lose mC and gain hmC compared to those that showed no change (Figure

68B and D), but which is more important? By running a regression to predict log2FC,

the coefficients for hmC gain and C gain were 2.32 and 3.58, respectively, suggesting that

the level of C gain (full demethylation) may be more important78. This is consistent

with the overall observation that demethylation with +5-aza-CdR is more disruptive

(compared to oxidation induced by +Dox).
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Figure 68: Analysis of DNA modifications in initiation regions. Density scatter
plots comparing mean DNA modification level of change (log2FC) in initiation peaks.
Significantly changed initiation regions are highlighted in each case. A,C. Mean mC in
the unstimulated sample versus log2FoldChange after +5-aza-CdR and +Dox treatment.
B. Mean mC loss versus log2FoldChange after +5-aza-CdR treatment. D. Mean hmC
gain versus log2FoldChange after +Dox treatment.

Using the peak annotation defined previously (Section 4.2.10.2) we split the peaks

into peak classes (any regions with read counts below 10 reads were filtered out). TSSs
78For lof2FC with p-adj ¡ 0.05 they increase to 5.44 and 8.50, respectively.
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and TSS-proximal regions mostly lost PRO-Cap signal upon +5-aza-CdR treatment,

whereas there were more gains after +Dox (Figure 70A-C) suggesting that hmC at the

TSS may be more permissive than demethylation. However since TSS-proximal regions

are generally unmethylated (Figure 69A), these effects are likely to be secondary (due

to distal activity for example).
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1kb TSS peak
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Figure 69: Analysis of DNA modifications in initiation regions. Density scatter
plots comparing mean DNA modification level of change (log2FC) in initiation peaks.
Significantly changed initiation regions are highlighted in each case. A,C. Mean mC in
the unstimulated sample versus log2FoldChange after +5-aza-CdR and +Dox treatment.
B. Mean mC loss versus log2FoldChange after +5-aza-CdR treatment. D. Mean hmC
gain versus log2FoldChange after +Dox treatment.

Gene bodies are generally methylated (recall metagenes in Figure 30), with hmC

levels related to expression [54, 144, 165, 120], thus it was interesting to see that ini-

tiation regions in gene bodies were dominated by upregulation after both treatments

(Figure 70A-C). Gene body peaks lost the most mC and gained more hmC compared to

TSS-proximal regions (Figures 69B and C) suggesting that loss of DNA modifications

may promote spurious gene body initiation.

260 peaks were significantly changed (in the same direction) in both conditions

(see examples in Figure 72), the directionality was consistent whenever a peak showed

significant changes in at least one treatment (Figure 71A and B). However, there were
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some examples of treatment-specific significant changes (see examples in Figure 73).

Focussing on the peaks with minimal detectable differences from unstimulated in one

condition but significant gains after the other, let us define a stable peak as one having

an adjusted p-value exceeding 0.9, then we have 9 genes which are +5-aza-CdR specific79

and 7 genes that are +Dox specificIn order of increasing p-adj: SOX3, TBX4, HSF2BP,

TET1, CRTC3-AS1, RIPK4, AL023882.1.
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Figure 70: Classifying differential signal. A. Bar plots showing the number of
peaks falling into each peak class in the DESeq2 results table. B. Bar plots counting
the number of peaks with p-adj < 0.05 and |LFC| > 1 in each peak class upon +5-
aza-CdR and +Dox treatment. Positive values count upregulated peaks, and negative
values count downregulated. C. Density plots comparing the log2FoldChanges in p-adj
< 0.05 peaks associated with each annotation-based peak class.

Only 17.8% of the peaks were intergenic, the rest overlapped with gene bodies, but

intergenic peaks accounted for 38% and 30% of the upregulated peaks after +Dox and

and +5-aza-CdR treatment respectively (see examples in Figure 74). We wanted to see
79In order of increasing p-adj: FBLN1, AC016831.6, LINC-PINT, EPHB2, ZNRF3, KDM4B,

CAPN5, EDN2, KCNK13, MFSD2A, CFHR5, RAB11A, AC084880.2
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Figure 71: GB initiation peaks comparison. A. Density scatter plot comparing
log2FC(+5-aza-CdR vs unstim.) and log2FC(+Dox vs unstim.), with each gene body
(GB) initiation peak represented by a point. B. Subset of A, containing peaks with a
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Figure 72: Examples of gene body peaks with changes in PRO-Cap signal.
Genome browser tracks showing the combined (strand-specific) PRO-Cap signal, the
primary peaks called on each strand, and a reference annotations from RefSeq and
GENCODE. The orientation of the gene is shown as the colour, purple for plus strand
and blue for minus strand and the peaks with changes in signal are highlighted in each
case.
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Figure 73: Examples of gene body peaks with treatment-specific changes in
PRO-Cap signal. See Figure 72 caption.
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whether these peaks were likely to be related to distal enhancers, and therefore checked

for overlaps between public HEK293 ChIP data and the data-driven TSSs. Indeed,

11.7% of the intergenic peaks overlap with active enhancers (defined as those with both

H3K4me1 and H2K27ac, Section 2.1.3) but only 0.5% of these show changes in PRO-

Cap signal (Figures 75 A and B). We checked for gene associations for these enhancers

using the EnhancerAtlas v2.0 [73], but didn’t find any known associations.
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Figure 74: Examples of intergenic peaks with changes in PRO-Cap signal.
Genome browser tracks showing the combined (strand-specific) PRO-Cap signal, the
primary peaks called on each strand, and a reference annotations from RefSeq and
GENCODE. The orientation of the gene is shown as the colour, purple for plus strand
and blue for minus strand and the peaks with changes in signal are highlighted in each
case.

4.2.11.2 Analysis of termination, pausing, and uniformity

4.2.11.2.1 Termination

Unlike the TSS, the TES is much more difficult to define using PRO-Cap and PRO-Seq

data, so instead we rely on the annotation as previous studies have. Some studies have
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simply analysed the signal downstream of the TES to check for read-through [261, 176]

whereas others calculated a termination index by comparing the read counts upstream

and downstream of the TES [11, 270, 180, 23, 24]. We chose to use the two metrics

proposed by Parua et al. [180]:

• termination index (TI) = n0−500down

n0−500up
, where n0−500up and n0−500down are the num-

ber of reads in the 500bp directly upstream and downstream of the TES, i.e. if

there’s a pause after the TES then TI>0.

• termination elongation index (TEI) = n250−750down

n0−500up
.

The mean TI and TEI in unstimulated were 1.91 and 2.58 respectively, meaning

that we expect an almost 2-fold increase in signal after RNAP passes the TES which

then increases further downstream. We grouped the replicates for each condition and

calculated TI and TEI per gene. We found no clear gains or losses in TI or TEI after

+5-aza-CdR or +Dox treatments (Figure 77A). There is no systematic bias of gain or

loss in TI or TEI, suggesting that demethylation does not alter TES-proximal RNAP

stalling or dissociation based on these metrics.

4.2.11.2.2 Pausing regions and pausing index (PI)

Previous studies have analysed pausing using different approaches with some being fully

annotation based (comparing read count near the TSS with those in the rest of the gene

body) [38, 11, 14, 176] while others are informed by the read density, e.g. bins with

highest RNAP abundance [252, 52].

Since we took significant effort to classify regions of initiation, we chose to define

the pausing index as

PI = count(mi)/|mi|
count(ei)/|ei|

(6)

where mi is a major peak with length |mi| and ei is the peak-independent part of

the gene body, i.e. the elongation region less any 100bp-padded initiation peaks (both

major and minor) with combined length |ei|. By using this approach we hope that any
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spurious gene-body initiation will not strongly bias the denominator counts80.

Based on the PI metric used, the treated samples behaved similarly but showed sys-

tematically less pausing at the promoter compared to the unstimulated (Figures 77B-F).

This is consistent with previous studies where mC is associated with increased pausing.

This indicates either faster pause release (depletion in pausing but same elongation),

lower initiation (fewer RNAPs recruited but same elongation), or more productive elon-

gation (same initiation at the major peak but gain in elongation) in the treated samples.

Most TSS-proximal initiation regions show high magnitude losses after +5-aza-CdR

(Figure 70C), thus faster pause release upon demethylation could contribute to the dif-

ference in PI. However, there was a preference for gains in TSS-proximal initiation after

+Dox which is consistent with gains in productive elongation (possibly with contribu-

tions from gene-body peaks which consistently show more gains, Figure 70C). Therefore

both explanations are possible.

We combined the PRO-Cap initiation data and with the PI to see whether losses in

PRO-Cap initiation were indeed consistent with faster pause-release upon treatment,

indeed, peaks that showed significant losses in PRO-Cap signal were associated with

genes with faster pause release (Figures 76A and B).

Some peaks that gained PRO-Cap signal showed gains in PI. This can occur when

there is an increase in initiation without consequent changes in elongation. Of these

peaks most, 93% and 86%, showed no significant changes in elongation after +5-aza-

CdR and +Dox treatment, respectively, meaning that for this subset of genes changes

in DNA modifications resulted in increased recruitment.

4.2.11.2.3 Stalling and uniformity index (UI)

Here we use a slightly different approach to analyse pausing based on the gene body

signal. We hypothesised that the uniformity of elongation signal may be affected by

changes in DNA modifications, and thus wanted to define a uniformity index (UI) to

check for extra “bumps” in the data (which would correspond to paused/stalled RNAP).

We decided to use a measure based on entropy as proposed by Li et al. [137] in their study
80Changes in PRO-Cap are usually reflected in changes in PRO-Seq but do not reflect changes

in productive elongation which we wish to be sensitive to in this case.
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Figure 76: Compare changes in PRO-Cap initiation in major peaks with
change in pausing index (PI). Density scatter plots comparing log2FC in PRO-
Cap signal in major peaks (those fulfilling the POM and POMCPB criteria) and gain
in pausing index (PI) after treatment, i.e. log2(PI treated/PI unstimulated). The +5-
aza-CdR vs unstimulated comparison is shown in A, and +Dox vs unstimulated in B.

of intron retention (Section 2.4.10). To calculate the UI we split the elongation regions

into 20 equal bins and calculated the entropy (normalised by the maximum entropy

of 20 values, 4.321928), thus genes with uniformity index ∼ 1 will have a uniform/flat

distribution whereas those with index close to 0 will show a lot of variation.

The summarised UI densities suggested slight differences between conditions: +5-

aza-CdR results in the most smooth elongation, followed by +Dox, then unstimulated

(Figures 77G and H). Therefore the presence of mC and/or hmC could indeed cause

RNAP to stall slightly within the gene body which is consistent with the observation

from the pausing analysis above (Section 4.2.11.2.2). We looked at the DNA modifica-

tions at base resolution to check for any relationships between methylation and UI and

found that, indeed, most of the regions with low UI (the “bumpy” ones) were highly

methylated (Figure 78A). The greatest gains in uniformity were associated with higher

demethylation after +5-aza-CdR treatment (Figure 78B), highlighting a relationship

between mC and stalling. The effect was less clear for mC loss after +Dox treatment

and hmC gain and C gain (not shown) didn’t show a clear effect on stalling either
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(Figure 78C and D).

4.2.11.3 Treatment-induced changes in elongation

We next compared the conditions to find if there were changes in engaged RNAP occu-

pancy through the gene body upon genome-wide demethylation and/or hmC induction.

Of the 14,281 elongation regions we noted significant (p-adj < 0.05) changes in 17% of

the +5-aza-CdR treated and 5.4% of the +Dox treated, which suggests that demethyla-

tion is more disruptive to elongation. Similarly to the initiation analysis, we saw higher

magnitude gains (Figure 79A and B). Again, the significant changes were consistent

(gains or losses in both) but the number of candidate genes with |LFC| > 1 was signif-

icantly lower than we had in the initiation analysis with only 13 genes that were +Dox

specific81 (Figure 79C and D).

We wanted to confirm that elongation regions which showed changes did indeed lose

mC and/or gain hmC. By comparing the mean mC loss with elongation change after

+5-aza-CdR treatment we found that genes with upregulated elongation did indeed lose

more mC, and when grouping by the directionality of fold change there was a significant

difference between the levels of mC loss (Figures 80A and C). We similarly compared the

changes in elongation after +Dox treatment with mean hmC gain, and found a similar

relationship whereby regions with high hmC gains were more likely to have upregulated

elongation (Figure 80B and D).

PRO-Seq count is affected by both the speed and abundance RNAP which means

that losses may be a consequence of either faster RNAP or lack of transcription (and

gains can occur from either slower or more frequent elongation). Using the previous

analyses, let us try to deconvolute these results:

• In the initiation analysis we noted gains in gene bodies in both conditions, which

would fall into elongation regions and contribute to gains in elongation signal.

• Pausing analysis showed less pausing in both conditions, meaning that demethy-

lation would increase the prevalence of pause release into productive elongation.
81VPS9D1-AS1, ALDH1A3, FGD5, HSPA2, TMEM130, C1orf167, NDUFB11, LHX8,

MFSD4A, SERPINF1, RFLNA, CALHM5, and TNFSF12. Bold genes have p-adj ¿ 0.05 in
+5-aza-CdR, the rest don’t reach the |LFC| > 1 threshold.
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Figure 77: Termination, pausing, and uniformity of elongation. A. Density
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between treatments. B. Density plot comparing the pausing index (PI) distribution for
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Figure 80: DNA modification analysis of elongation regions. A. Density scat-
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• The uniformity index analysis suggested most consistent (least bumpy) elongation

in +5-aza-CdR, then +Dox, and finally unstimulated. This suggests that the gains

in gene body initiation seen in PRO-Cap do not affect the total elongation count

significantly.

In other words, the gains in elongation are more likely to be evidence of more

productive (rather than slower) elongation and losses can be a consequence of either

(speed or reduced transcription), but this can be de-convoluted using the RNA-Seq

analysis.

In summary, elongation, as measured by the density of active RNAP occupancy

downstream of major initiation regions, was affected by global changes in mC and hmC.

Most of the high-magnitude (|LFC| > 1) changes were gains, with +5-aza-CdR treat-

ment resulting in 109 upregulated elongation regions, whereas TET1-CD upregulation

showed gains in 42 (15 of which were common to both treatments). Thus both mC loss

and hmC gain were associated with increased elongation, but few genes showed strong

changes. Through direct comparison with base-resolution mC and hmC measurements,

we confirmed that the magnitude of mC loss and hmC gain in the elongation region was

related to the magnitude of elongation gains. Combined with the previous analyses,

we conclude that changes in DNA modifications can induce more productive elongation

however further experiments with a temporal component should be considered to verify

this (Section 4.3).

4.3 Discussion

In this chapter we wanted to quantify the effects of altered DNA modifications on active

transcription. We defined data-driven TSSs using PRO-Cap data, and by combining this

with the density of active RNAP genome-wide (measured by PRO-Seq), we were able

to compare initiation, pausing, elongation, stalling, and termination between samples

with mC and hmC changes.

Based on the spike-ins we found that the +5-aza-CdR and +Dox treatments did

not induce changes in transcription genome-wide, i.e. neither treatment considerably

increased (or decreased) transcription throughout the genome. A more focussed anno-
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tated metagene analysis confirmed that the data was consistent with previous studies,

but showed minimal differences in average RNAP abundance between control and the

treated samples with the exception of TSS-adjacent signal, suggesting some differences

in promoter-proximal pausing.

We chose to define data-driven TSSs based on the PRO-Cap signal rather than

relying fully on genome annotation for multiple reasons. The most important aspect to

consider was the goal of calculating elongation signal without including contamination

from initiating RNAPs. We found that although some data-driven TSSs did indeed

overlap with the annotation, many did not, and therefore could contaminate elongation

signal and possibly bias the results. Separately, by identifying data-driven TSSs we could

analyse whether DNA modifications affected spurious initiation within gene-bodies or

intergenic regions (including enhancers).

We began with an annotation agnostic analysis (AAA). We found that the treated

samples appeared to have more initiation peaks, these were less stable (lower concor-

dance between replicates) and the higher proportion of low-abundance peaks suggested

evidence of higher spurious transcription. To gain greater insight into where changes

may be taking place, we classified peaks based on overlaps with GENCODE transcript

annotation in a supervised analysis (SA). Upon classification, of ∼202k initiation peaks,

most (163,830) were genic. However, only 15,528 could be classified based on direct over-

lap with annotated TSSs on the sense strand, an additional 26,355 were found within

1kb, and 25,239 were gene-body (but not TSS-proximal). We also noted significant

numbers of peaks falling onto the antisense strand (2,059 TSS overlap, 41,235 within

1kb of TSS, 29,732 within gene body). 96.4% of peaks could be assigned to a single

gene, thus only a small proportion were filtered out.

We compared the PRO-Cap initiation signal between conditions and noted the preva-

lence of low magnitude losses, mostly in TSS-proximal regions. These losses can be

explained by faster pause-release in treated samples, which would result in more long

reads that are likely to be missed in the PRO-Cap protocol. Another contributing tech-

nical factor may be RNAP recycling. In particular, given a finite abundance of RNAP,

increases in initiation in one region must be compensated by decreases in RNAP in
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other regions. Thus high-magnitude increases in initiation of some genes could cause a

depletion of RNAP for the rest of the transcriptome. To check this, one could quantify

the proportion of free RNAPs at the start and at the end of the 30 minutes in which

biotins are incorporated by adapting the live-cell RNAP analysis used by Steurer et al.

[228].

We also saw a tendency for high magnitude gains, mostly in gene bodies and in-

tergenic regions. In an effort to classify some of this signal, we overlapped the peaks

with publicly available histone modification data and found that 9.2% and 11.7% of the

gene body and intergenic peaks overlapped with active enhancers, respectively. Since

enhancers can affect recruitment and initiation directly, seeing changes in initiation

without proximal DNA methylation losses could be a consequence of altered enhancer

activity. In this project, we used public HEK293 datasets to annotate enhancer regions,

but due to the limited number of these we don’t have a measure of uncertainty for

each region. The overlap between derived active enhancers and the HEK293-specific

EnhancerAtlas enhancers ?? was only 2.6%, meaning that we couldn’t take advantage

of enhancer-gene mapping. Therefore, for a deeper understanding how transcription of

enhancers and enhancer-gene interactions are affected by DNA modifications, it would

be better to map the relevant chromatin marks in each sample separately and use a

technique such as Hi-C [142] to help define causal relationships.

The lack of high magnitude promoter-proximal changes can be partially explained

by the generally low levels of promoter-proximal methylation at active genes82 (recall

the metagene plots in Figure 31A). The treatments are more likely to directly affect

transcription if the positions have the potential to lose mC (if they’re unmethylated

in the unstimulated sample then +5-aza-CdR and +Dox will not alter the methylation

level). This could be addressed in future experiments by using cell lines with evidence of

hypermethylation, such as those with isocotrate dehydrogenase (IDH) mutations (which

affect the active demethylation pathway) or CpG island methylator phenotype (CIMP).

Throughout this chapter we have mentioned some limitations of PRO-Cap, and

although this technique can provide high resolution data, interpreting that data can be
82Whereas gene bodies and intergenic regions are more likely to be methylated.
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difficult. Our main reason for using PRO-Cap was to identify TSSs in these HEK293

cells. Due to biases against longer fragments during the protocol, the abundance of

PRO-Cap reads at a TSS is not an absolute measure of recruitment and initiation,

but often an under-estimate (see Section). Therefore, to analyse whether changes in

DNA modifications affect recruitment and initiation more thoroughly (especially the

first 20bp downstream of the TSS), an orthogonal technique such as RNAPII-ChIP

would be useful to quantify recruitment more directly but with the limitations of no

strand information and antibody specificity.

We used a combination of PRO-Cap and PRO-Seq data to study pausing genome

wide as DNA methylation has previously been linked to pausing. Rather than relying

on average estimates of pausing distance, we analysed PRO-Seq signal downstream of

the AAA TSSs in the context of pausing distance and confirmed that most pausing

occurs within 60bp of the TSS (and in some cases earlier). This made us confident

that we would not contaminate our defined elongation regions with pausing signal.

The AAA pausing analysis suggested some differences between conditions in terms of

read-count downstream of TSS, namely that RNAP may pause earlier in unstimulated.

This observation, combined with the low-magnitude losses in PRO-Cap suggested that

changes in DNA modifications affected pause-release in our cells.

For a deeper understanding, we defined elongation regions using the classified peaks,

and calculated pausing index (PI) using the PRO-Seq data. The treated samples had

lower pausing index than unstimulated, but were very similar suggesting that the ef-

fects of +5-aza-CdR and TET1-CD induction are comparable in terms of promoting

pause-release. A related analysis of stalling within gene bodies was consistent with this

observation, as the unstimulated sample had the least uniform PRO-Seq coverage pro-

files on average. In this analysis +5-aza-CdR treatment had the most smooth profile,

followed by +Dox, suggesting that hmC causes more stalling within the gene body than

unmodified C. Direct comparisons of stalling and mC loss showed that the genes with

highest gains in uniformity after +5-aza-CdR treatment did lose more mC, however the

+Dox samples didn’t show an equivalently high concordance. In contrast, we saw no

changes in termination index or termination elongation index when using annotation to
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define TES sites.

We used PRO-Seq signal to quantify elongation. Similarly to PRO-Cap, both the

AAA and SA analyses showed mostly losses in PRO-Seq signal upon treatment, but

most of the high magnitude changes were gains. In both cases +5-aza-CdR was more

disruptive than TET1-CD induction with 238 (51) and 67 (9) upregulated (and down-

regulated) AAA 10kb elongation regions, respectively. In the SA, 136 elongation regions

were significantly upregulated (p-adjusted < 0.05, LFC > 1), of which 15 were affected

by both treatments, 94 were +5-aza-CdR specific, and 27 were +Dox specific83. This

is consistent with the analyses of Veloso et al. [244], who found that gene body mC

density is negatively correlated with elongation rate.

In conclusion, the treatments did appear to induce some changes in actively tran-

scribing RNAP occupancy, however these changes were modest. Although we see ev-

idence for decreased pausing, few genes showed differences in elongation which is the

best predictor of mRNA levels of the quantities we’ve analysed in this chapter. How-

ever, due to some limitations regarding gene overlaps we couldn’t analyse all genes so

it is possible that we have missed some candidates. In our analyses we chose to filter

with a focus on specificity to reduce false positives from gene contamination, but this

obviously results in fewer gene candidates to analyse.

83Only 18 genes were significantly downregulated, 2 by both, 13 by +5-aza-CdR only, and 3
by +Dox only.
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5 Relationship between engaged RNA polymerase occu-

pancy and mRNA abundance after genome-wide DNA

modification changes

5.1 Introduction

Gene expression differs between individual cells, with the resulting mRNA population

guiding the proteome which determines the cell’s function, its mitotic state, and any

responses to internal and external stimuli. Therefore measuring changes in mRNA is

integral to understanding which processes are affected by any induced perturbations.

For a long time it has been known that DNA modifications are one of the regulators of

gene expression, primarily through their silencing potential [254, 173]. We now hold a

more nuanced view of the role of mC and hmC, where demethylation can be associated

with both positive and negative regulation. In a study of cell differentiation, Wan et al.

[247] described a model where demethylation of two classes of methylated regions (each

with distinct motifs) results in distinct effects on gene expression through allowing

transcriptional activators and repressors to bind. Similarly, demethylation-mediated

induction of miRNAs can disrupt expression of target genes [34, 194, 178].

In this project we focussed on determining how gene methylation (as opposed to

distal regulation) affects transcription. On average, gene bodies are more methylated

than intergenic regions [147] but unlike promoter-proximal methylation, gene body mC

and hmC are positively associated with expression [54, 144, 165, 120, 241]. The reason

behind this is unclear and some hypothesised (but debated) functions include protection

from spurious transcription initiation [172, 236, 108], and regulation of splicing [118, 163,

256, 218, 146, 15].

This chapter is split into three sections discussing: the effect of DNA modification

changes on gene expression, how specific levels of mC loss and hmC gain affect gene

expression, and the relationship between RNAP abundance and mRNA levels. In the

first section we discuss additional experiments that were carried out to measure DNA

modification-independent effects on gene expression, and evaluate and compare how

gene expression changes after demethylation and hmC induction. To present a broader
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view of the changes induced, we contrast the effects of treatment on two cell lines,

HEK293 and U2OS. Using the available base-resolution modification data, in the second

section we evaluate how mC and hmC are related to expression, and how the magnitude

of demethylation is related to the subsequent changes in gene expression. Finally, we

contrast the two measures of transcription, active RNAP abundance and mRNA, to

see whether the elongation changes calculated in the previous section propagate to the

mRNA.

5.2 Results: mRNA analysis

5.2.1 mRNA abundance estimation

We want to evaluate whether the modest changes we noted in various parts of tran-

scription affect mRNA abundance. Although mRNA abundance does correlate with

RNAP elongation, high abundances of RNAP are not directly predictive of high gene

expression. The majority of reads mapped in RNA-Seq are mature, spliced transcripts

which can be used as a measure of gene expression.

The RNA preparation protocol used for these experiments involved extraction with

an RNeasy Mini kit (74104, QIAGEN). Then, rRNA depletion was performed to max-

imise the proportion of relevant RNA transcripts. Otherwise, due to the high abundance

of rRNA, much of the sequenced reads would have been filtered out. Note that poly-A

selection was not performed as part of processing, this resulted in some nascent tran-

scripts being part of the final libraries as well as some intronic counts84.

When looking at some differential expression candidates (which were based on total

gene-body signal), we found examples of genes with high intron (relative to exon) counts

(Figure 81). High intron read abundance can be a consequence of misalignment, intron

retention, or nascent or pre-mRNA RNA (which we would like to exclude). Therefore

we restricted our focus to exonic reads. This also ensured that many of the counts asso-

ciated with overlapping genes are significantly less contaminated with the overlapping

neighbour counts since the actual exons rarely overlap (even if the gene bodies do)85.
84The decision to skip this step was made prior to PRO data being available.
85Based on the annotation used, we reduced the 1,379,820 exons in the data into 338,462

overlapping exon clusters and of these only 11,144 had exons from two or more unique genes.
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Figure 81: High intron signal example. Adapted genome browser view of RNA-Seq
abundances falling into the SCUBE1 gene, normalised using RPM. Since the gene is on
the negative strand, only the RNA-Seq counts on the negative strand are shown.

5.2.2 Experimental design : Mitigating DNA methylation independent

treatment effects

Highlighting any changes in gene expression that were not consequences of altered mC

and/or hmC levels was important since the two treatments worked in very different

ways and had the potential to indirectly alter expression 86.

HEK293 cells containing an inducible TET1 catalytic domain (TET1-CD) were the

primary cell line used to investigate the effects of mC and hmC on mRNA abundance.

However, to disentangle any hmC and/or demethylation independent effects that the

TET1-CD may have, a second T-Rex HEK293 cell line containing a catalytically dead

TET1-CD was included. Therefore, for the HEK293 differential expression analysis

there are 4 groups of samples, i.e. TET1-CD +/- Dox and TET1-CDmut +/- Dox

(Group 1 in Figure 82).

To establish the effect of demethylation, the cells were treated with 5-aza-CdR. In

order to test whether the crosslinking associated with +5-aza-CdR could induce changes

in gene expression (independent of any demethylating effect), the cells were incubated

with 25 µM 4-thio-2’-deoxythymidine (4-Thio-dT) and exposed to 365nm UVA light.

This concentration resulted in comparable protein-DNA complex abundance to that

found in the +5-aza-CdR samples Pijus thesis. Thus, in one set of experiments, we

Some of the multi-gene clusters are from families such as CCDC, HOX, KRT, and MIR.
865-aza-CdR is known to be quite toxic at high concentrations.
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HEK293 (TET1-CD)

+ Doxunstim.

+ Doxunstim.

HEK293 (TET1-CDmut)

+ Doxunstim.

HEK293 (TET1-CD)

U2OS (TET1-CD)

+ 5-aza-CdRunstim.

+ 5-aza-CdR

+ UVA + 4-Thio-dT + UVA 
+ 4-Thio-dT

Group 1

Group 2

Group 3

Figure 82: Experimental set-up mRNA. There were three sets of experiments car-
ried out, with each treatment-cell type pair completed in triplicate. Group 1: Two cell
types were included to compare the effect of catalytically inactive TET1-CD (TET1-
CDmut) on expression. The TET1-CD or TET1-CDmut domains were induced with
+Dox for 48 hours as before, with a set of untreated controls for each cell like. Group
2: To evaluate the possible effect of Aza-DNMT crosslinking, HEK293 TET1-CD cells
were treated with 4-thio-2’-deoxythymidine (4-Thio-dT) and exposed to UVA (365 nm)
such that the resulting DNA-protein crosslinks were comparable. Group 3: Another cell
type, U2OS cells with a Dox-inducible TET1-CD, were treated with both +Dox and
+5-aza-CdR to evaluate changes in a different cell line.
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have HEK293 cells treated with 5-aza-CdR, 4-Thio-dT, UVA, UVA + 4-Thio-dT, as

well as the untreated (Group 2 in Figure 82).

Lastly, in an effort to contrast HEK293 cells with another cell line, U2OS cells with a

similarly inducible TET1-CD were used. As before, cells were treated with +5-aza-CdR

and +Dox for 48 hours such that the levels of mC were comparable (Group 3 in Figure

82).

5.2.3 Count normalisation

Normalisation of mRNA counts is necessary to ensure inter-gene and inter-sample com-

parability. The software used, salmon [184], provides multiple options to help mitigate

different sources of bias and variation but the choice should be informed by the data.

Thus, to determine the effect of different normalisation strategies, we compared repli-

cate count variability using PCA plots (Figure 83). Since the sequence normalisation

(--seqBias) seemed to increase variability in some of the groups, we decided to stick

with GC-normalisation as initially proposed in the DESeq2 vignette [153].

We also noted that the within-condition variability was very similar throughout,

suggesting that using the full count matrix was sensible and would not inflate the

expected estimates of dispersion significantly (which can happen through the inclusion

of an unusually highly variable group, making the model less sensitive). In other words,

to calculate the effect of +5-aza-CdR on HEK293 cells, the UVA, Thio., and UVA +

Thio. samples were included when building the model before specifying the contrasts

as simply the +5-aza-CdR and unstimulated. This was more nuanced in the +Dox

analysis, as discussed in the next section.

5.2.4 Differential expression analysis

In the previous chapter we saw how DNA modifications affected different stages of

transcription in HEK293 cells, here we wanted to see whether mRNA levels, estimated

by RNA-Seq abundance, also showed changes in mC and hmC perturbed cells.

TET1-CD over-expression showed modest effects on gene expression, with 42 up-

and 22 down-regulated genes (padj <= 0.05) (Figures 84A and B). These changes
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do appear to be a consequence of enzymatic activity, rather than off-target effects of

+Dox induction based on the minimal overlap with mutant TET1-CD (mTET1-CD)

deregulated genes. There were only 5 up- and 2 down-regulated genes when mTET1-CD

was induced, with TET1 falling into the overlap.

Our goal is to determine the effect of TET1-CD induction, but the differences be-

tween expression in the mTET1-CD and TET1-CD samples meant that we could mask

some of the smaller changes through inclusion of mTET1-CD in the count matrix since

there were 927 genes upregulated in the unstimulated comparison, and 896 in the +Dox

treated (Figures 84A and B). Indeed, some of the baseMeans87 were inflated due to

higher expression in mTET1-CD compared to TET1-CD (see Figure 85 for examples).

Removal of the mTET1-CD samples from the count matrix resulted in 20 up- and 10

down-regulated genes, 23 of which overlapped with the original analysis and 7 new

DEGs including ANKRD44, ANK3, EXT2, H1-4, GATA2, AGRN, and GATD3B with

a mean adjusted p-value of 0.03 and mean absolute log2FC of 0.46. The new gene set

did not highlight any new DEGs with highly significant changes so we kept the previous

model with the full count matrix to increase sensitivity of detection at the majority of

genes.

Treatment with +5-aza-CdR resulted in substantially more changes in gene expres-

sion, with 919 up- and 1082 down-regulated genes (padj <= 0.05) (Figures 84C and D).

Although we saw significant overlap between the DEGs (Figures 84C and D), account-

ing for 12% of the DEGs in the +5-aza-CdR vs. unstimulated comparison, the majority

of changes in gene expression appear to be independent of the protein-DNA crosslinks

and are more likely to be consequences of demethylation.

5.2.5 Comparing gene expression changes after +Dox and +5-aza-CdR

Recalling the PRO-Seq analysis in the previous chapter, we wanted to compare the

magnitudes of gene expression changes after each treatment and determine how the two

differentially expressed gene (DEG) sets compared.

Of the genes that showed changes after +Dox treatment, 65.6% were upregulated but
87DESeq2’s normalised measure of average abundance of a gene or region.
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Figure 84: Differential expression overlaps in HEK293 cells. UpSet plots showing
the number of overlapping genes between the DEGs in each comparison, defined as those
with padj ≤ 0.05 and log2FoldChange > 0 for up and < 0 for down, and corresponding
venn diagrams showing the percentage and significance of overlap based on Fisher’s
Exact Test. Panels A and B show the effect of +Dox and mutant TET1-CD (mTET1-
CD), and C and D compare the effect of +5-aza-CdR and crosslinking induced by UVA
and 4-Thio-dT. The horizontal bars show the number of DEGs within each comparison,
whereas the vertical bars count the number of DEGs in each overlap (the overlapping
sets are shown as joined).
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Figure 85: Differentially expressed genes in HEK293. A-B. RPM normalised
RNA-Seq signal on the sense (+) strand in FLNC and ZNF22, respectively. The signal
from each replicate is shown in its own track for each condition.

most didn’t show high magnitude changes (the exception being TET1) (Figure 86A). In

contrast, +5-aza-CdR treatment resulted in more downregulated genes, however most

of the highest magnitude log2FC changes were positive, with 248 up- and 19 down-

regulated genes with |log2FC| > 1, consistent with a de-repression role (Figure 86B).

The overlaps between the DEGs were substantial, which was not surprising due to

the partial demethylating effects of +Dox (Figure 86C). Of the 42 genes up-regulated

after TET1-CD induction, 57% were also up-regulated after demethylation with +5-

aza-CdR, leaving 18 whose expression gain could be explained by hmC induction only.

The 22 down-regulated genes showed a smaller (but still highly significant) overlap, with

16 genes being +Dox specific.

We looked more closely at the DESeq2 results to ascertain whether the cut-off used

was masking some associations. In Figure 87A we can see that most genes have similar

average expression levels in the two sample groups (Group 1 and Group 2 from Figure

82), with outliers such as TET1 (which is expected) and ZNF22 (affected by mTET1
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Figure 86: Differentially expressed genes in HEK293. A-B. Volcano plots which
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expression as discussed previously).

Based on the little change seen after TET1-CD induction, it’s unsurprising that the

log2FCs show little correlation (Figure 87B). The +Dox-specific DEGs showed little

correlation with log2FC after +5-aza-CdR treatment, suggesting that in most cases

these genes are indeed affected by demethylation-independent TET1-CD activity.

Compared to HEK293 cells, U2OS cells showed more pronounced differences after

+Dox and +5-aza-CdR treatment, suggesting higher sensitivity to changes in DNA

modifications (Figures 88A and B). Again, +5-aza-CdR caused more deregulation com-

pared to TET1-CD induction, and the overlaps were significant between the DEGs. The

highest magnitude changes were positive after both treatments as before, therefore the

general trends do not appear to be cell-line specific.

5.2.5.1 Focus on anti-sense lncRNA

Of the genes that were deregulated, we noted a pattern in the gene names which we

wanted to explore further. In our dataset there are 16,751 unique lncRNA genes, of these

1,378 are “AS” (antisense) genes, which equates to ∼8%. The differentially expressed

lncRNAs seemed to be enriched for these anti-sense transcripts:

• HEK293

– +Dox: 6 DE lncRNAs, 3 are AS (∼50%)

– +5-aza-CdR: 76 DE lncRNAs, 21 are AS (∼30%)

• U2OS

– +Dox: 36 DE lncRNAs, 9 are AS (∼25%)

– +5-aza-CdR: 89 DE lncRNAs, 17 are AS (∼19%)

The number of DE AS transcripts is higher than expected if we were sampling

lncRNAs randomly, and in some cases their corresponding sense genes are also DE

(see example in Figure 89) but not always. Antisense transcripts have been reported

as having a role in gene regulation through interference, so we compared the sense

and antisense expression changes for genes with an annotated AS transcript (Figure
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90). Based on this analysis there does not appear to be a strong relationship between

directionality of change in our data, i.e. we do not see clear evidence of a silencing effect

of AS transcripts.

unstimulated
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+Dox
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Figure 89: Example of sense and antisense (AS) differential expression.
Genome browser view of VPS9D1 and VPS9D1-AS with tracks showing strand-specific
PRO-Seq (RNAP occupancy) and RNA-Seq abundances (CPM normalised in each case).
The predicted TSSs are also shown as Primary peaks. Note that the scales within a
group are consistent, but differ between strands and experiments.

5.3 Results: Combining mRNA abundance and DNA modification

data

In the previous analyses we noted that both +5-aza-CdR and +Dox treatment resulted

in some expression changes. Here, we would like to analyse these changes in the context

of gene methylation levels. In other words, how predictive are changes in gene body

mC and hmC of mRNA abundance.

5.3.1 Relationship between baseline expression and mC and hmC levels

We first wanted to look at unstimulated HEK293 cells, to evaluate the relationship

between DNA modifications and expression in unperturbed cells. Many groups have

discussed the relationship between gene expression and mC and hmC density at TSSs

and gene bodies (GBs). We can confirm that, in the HEK293 cells used in our ex-
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Figure 90: Sense vs antisense (AS) expression changes. Scatter plots with each
point representing a sense - antisense transcript pair, e.g NFIA shows log2FC in ex-
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shape of the points is determined by the significance of the AS transcript change, and
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a gene with significant changes in both sense and antisense transcripts. Significance
is calculated based on a chi-squared test of the quadrant counts. A-B. Changes after
+Dox and +5-aza-CdR treatment in HEK293 cells. C-D. Changes after +Dox and +5-
aza-CdR treatment in U2OS cells.
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periments, the relationship between highly expressed genes and TSS hypomethylation

followed by GB hypermethylation is evident (Figures 91A and B). Although the hmC

density is more sporadic due to low baseline hmC content, there is still a clear split

between the expression groups.

We then compared the mC densities after each treatment and found that the demethy-

lation after +Dox and +5-aza-CdR had similar effects on all gene groups (Figures 91C

and E). The hmC pattern in unstimulated and +5-aza-CdR cells was even more clear

in the +Dox treated group (Figures 91B, D, and F). Since hmC density depends on

initial mC level, highly methylated gene bodies (such as those in the high expression

group) could gain more hmC than lowly methylated regions, resulting in a hmC density

directly related to mC density.

5.3.2 Do genes with changes in expression show parallel changes in mC and

hmC abundance?

We showed in Section 5.2.4 that the treatments did indeed cause changes in gene ex-

pression for a subset of genes, and above we have confirmed that there is a relationship

between methylation and gene expression genome-wide. Now we would like to ascertain

whether the differentially expressed genes (DEGs) showed changes in DNA modifica-

tions after +5-aza-CdR and +Dox treatment to see whether the magnitude of mC and/or

hmC gain is predictive of the gene expression change.

To this end, we calculated the mC loss, hmC gain and unmodified C (uC) gain

in each log2FC quantile across genes with p-value < 0.0588 (Figures 93 and 94). The

profiles in up- and down-regulated genes both show lower mC loss and hmC gain in

gene bodies of the most altered genes, this is consistent with the observation that most

highly altered (base on log2FC) genes are not highly expressed (Figure 92) and thus

(based on the previous analysis) have lower baseline methylation.

The genes with strongest changes are also those that lose the most mC at the

promoter (Figure 93), which makes sense as these were likely to have hypermethylated

promoters to begin with and therefore were most susceptible to changes in expression
88We used p-value rather than adjusted p-value to increase gene count in each group when

looking at the general trends.

163



0.00

0.25

0.50

0.75

1.00

TSS TES

m
C

 le
ve

l

mC density in unstimulated
A

0.004

0.006

0.008

0.010

TSS TES

hm
C

 le
ve

l

hmC density in unstimulated
B

0.00

0.25

0.50

0.75

1.00

TSS TES

m
C

 le
ve

l

mC density in +5−aza−CdR
C

0.004

0.006

0.008

0.010

TSS TES

hm
C

 le
ve

l
hmC density in +5−aza−CdR

D

0.00

0.25

0.50

0.75

1.00

TSS TES

m
C

 le
ve

l

mC density in +Dox
E

0.04

0.08

0.12

0.16

TSS TES

hm
C

 le
ve

l

hmC density in +Dox
F

0 1 2 3 4 5

Gene expression quantile
(Mean expression across 3 replicates)

Figure 91: mC and hmC gene density split by gene expression Metagene plots
summarising modification levels in genes in different expression quantiles. Those with
zero counts are assigned quantile 0, the others are evenly split between the remaining 5
groups.

164



−20

0

20

0 5 10 15
log2(baseMean)

lo
g2

F
ol

dC
ha

ng
e

+Dox vs. unstimulated
A

−20

0

20

0 5 10 15
log2(baseMean)

lo
g2

F
ol

dC
ha

ng
e

+5−aza−CdR vs. unstimulated
B

Figure 92: MA plots. MA plots comparing the mean expression measured by baseMean
and the magnitudes of the log2FCs. Significant (p-adj < 0.05) changes are highlighted,
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after the demethylating treatments. The relationship between hmC density at the

promoter and expression is more complex, as higher expression change is associated

with both hmC gain and uC gain at the promoter (Figure 94).

To check whether high magnitude changes after +Dox treatment are preferentially

associated with uC gain or with hmC gain (since the treatment induces both), we

looked for associations between the dominant promoter changes and the directionality

and magnitude of expression changes (Figure ??). Based on the limited number of

significant DEGs with sufficient uC gain and hmC gain signal in the promoter, we

found that 6/7 of the most significantly altered genes had more hmC gain than uC

gain, however clearly the number of genes in this group that passed the gain filters was

extremely low. Reducing to a p-value cut-off, we saw that uC gain was more likely to

cause upregulation compared to hmC gain, with 78.6% and 56.9% of genes upregulated

in each group89. This suggests that C gain at the promoter may be more transcription

promoting than hmC gain, but with such low gene counts this conclusion is not well

grounded.

Taking a slightly different approach to the same question, we selected genes similar
8958.6% and 51.4% when considering all genes with sufficient hmC and uC gains.
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promoter-proximal uC gain in +5-aza-CdR as hmC gain in +Dox (with minimal uC

gain in +Dox) (Figure 95C), and contrasted the effects on gene expression90. We found

25 genes with stronger changes after +Dox (hmC gain) and 26 genes with stronger

changes after +5-aza-CdR (uC gain), but most of the hmC gain genes didn’t show

strong changes in gene expression after either treatment (Figure 95D). Therefore uC

does appear to be more permissive based on this small group of genes, consistent with

the previous analysis91.

In summary, we found that the most upregulated (based on log2FC) genes after both

treatments showed comparatively higher losses in TSS-proximal mC, but less change in

the GBs. The TSS-proximal mC differences were less stark for downregulated genes,

but the patterns were the same. This suggests that substantial TSS-proximal losses

in mC are indicative of higher magnitude gains in gene expression. We found that

uC gain appeared to be more permissive than hmC gain in terms of gene expression

upregulation, however the gene counts in each group were very low and therefore this

hypothesis will require further analysis (preferably in a cell line with minimal uC gain

after +Dox treatment).

5.4 Results: Combining mRNA abundance and RNA polymerase oc-

cupancy data

In order to see whether the changes in nascent transcription that we saw in the pre-

vious chapter are reflected in mRNA, here we compare mRNA abundance and RNAP

occupancy data directly.

5.4.1 Baseline PRO-Seq as a predictor of baseline mRNA

In this section we would like to see how informative various transcription metrics are

in terms of predicting mRNA levels. In Section 4.2.10 we defined data-driven TSSs

for each active gene, and subsequently specified elongation regions which were used to

calculate other quantitative metrics such as pausing index (PI) and uniformity index
90In simple terms, we select genes G with uC gain u after +5-aza-CdR treatment and hmC

gain h after +Dox, such that u ≈ h and uC gain in +Dox < 0.05.
91With the strong caveat that no promoter-methylation-independent effects are affecting these

genes in each group.
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similar uC and hmC gains. D. For the highlighted genes in C, we plot the log2FC in
expression after each treatment. Points are coloured based on position relative to a line
of slope 1 (where the log2FCs are equal after each treatment).
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(UI). What is the relationship between the magnitudes of these quantities and mRNA

expression, e.g. are high levels of pausing more common in highly transcribed genes?

We first looked at TSS-proximal sense initiation, which showed that highly expressed

genes often had evidence of both high and low initiation peaks, but by partitioning those

into major and minor initiation sites92 we see that the left density disappears and a

slightly stronger linear relationship is evident (Figures 96A and B). The relationship is

more complex for antisense peaks, highly expressed genes show a wide range of antisense

initiation suggesting that it would be difficult to predict a gene’s mRNA abundance

based on the prevalence of antisense transcription, using the most abundant antisense

peak results in better prediction but with slight horizontal smear in cases of similar

mRNA abundance but many possible values of initiation signal (Figures 96C and D).

Lastly, gene body transcription is generally low and the few genes with very high mRNA

levels have minimal gene body initiation (Figures 96E and F). Therefore using the PRO-

Cap initiation data for prediction is difficult.

The relationship with elongation was more linear, meaning that the abundance of

PRO-Seq signal in the elongation regions was a better predictor of mRNA abundance

i.e. nascent RNA processing does not “turn off” a substantial proportion of genes93

(Figure 97A). Pausing index was not a strong predictor of mRNA, although the slight

negative trend would suggest that highly expressed genes pause less at the TSS (Figure

97B) and indeed, the few genes with low uniformity, i.e. lots of gene-body pausing or

initiation, were generally lowly expressed (Figure 97C).

5.4.2 Are changes in PRO-Seq predictive of changes in mRNA?

We noted some changes in RNAP occupancy after +5-aza-CdR and +Dox treatment in

the previous chapter, and since we did confirm a relationship between expression and

PRO-Seq abundance in the elongation regions (above), we hypothesised that some of

these RNAP changes did manifest in altered mRNA.

We first looked at the changes after +5-aza-CdR treatment, and by comparing the

log2FC in expression and elongation directly we found that high magnitude gains in
92Simply using the TSS with highest count.
93Which would result in high PRO-Seq but little mRNA, or a vertical smear.

170



1e+01

1e+03

1e+05

1 10 100 1000
baseMean(PRO−Cap)

ba
se

M
ea

n(
m

R
N

A
)

+5−Aza−CdR vs unstimulated

TSS−prox. sense init.
A

1e+01

1e+03

1e+05

1 10 100 1000
baseMean(PRO−Cap)

ba
se

M
ea

n(
m

R
N

A
)

+5−Aza−CdR vs unstimulated

TSS−prox. major sense init.
B

1e+01

1e+03

1e+05

1 10 100 1000
baseMean(PRO−Cap)

ba
se

M
ea

n(
m

R
N

A
)

+5−Aza−CdR vs unstimulated

TSS−prox. antisense init.
C

1e+01

1e+03

1e+05

1 10 100 1000
baseMean(PRO−Cap)

ba
se

M
ea

n(
m

R
N

A
)

+5−Aza−CdR vs unstimulated

TSS−prox. major antisense init.
D

1e+01

1e+03

1e+05

1 10 100 1000
baseMean(PRO−Cap)

ba
se

M
ea

n(
m

R
N

A
)

+5−Aza−CdR vs unstimulated

Gene body sense init.
E

1e+01

1e+03

1e+05

1 10 100 1000
baseMean(PRO−Cap)

ba
se

M
ea

n(
m

R
N

A
)

+5−Aza−CdR vs unstimulated

Gene body anstisense init.
F

Figure 96: Baseline mRNA versus initiation analysis. Density scatter plots show-
ing the baseMean of mRNA for each gene (from the +5-aza-CdR versus unstimulated
analysis) compared to: A. TSS-proximal sense initiation (PRO-Cap). B. TSS-proximal
sense initiation with only the highest count initiation peak considered for each gene
(PRO-Cap). C. As A but antisense peaks only. D. As B but antisense peaks only. E-F.
Gene body sense and antisense initiation (PRO-Cap).
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Figure 97: Baseline mRNA analysis. Density scatter plots showing the baseMean of
mRNA for each gene (from the +5-aza-CdR versus unstimulated analysis) compared to:
A. Elongation (PRO-Seq), with 2kb highlighted. B. Pausing index of the unstimulated
sample (Section 4.2.11.2.2). C. Uniformity index of the unstimulated sample (see Section
4.2.11.2.3).

elongation usually resulted in gains in expression (Figure 98A, see examples in Figure

99). This relationship was even stronger when focussing on genes with significant (p-adj

< 0.05) changes in both (Figure 98B). Although the +Dox treatment was less disruptive

to both expression and elongation, the positive relationship does still hold for the 19

genes with changes (Figure 98C and D).

We then loosened the criteria to significant changes in mRNA or elongation, and

saw that mRNA wasn’t always a good predictor of elongation, particularly in the +5-

aza-CdR case (Figures 100A and C). However positive changes in PRO-Seq correlated

well with positive changes in mRNA (Figures 100B and D), suggesting that most of the

PRO-Seq gains were the result of higher transcription rather than increased pausing.

In contrast, negative changes in PRO-Seq were associated with both gain and loss

in expression, however recall that PRO-Seq signal can be lower due to either lower

expression or faster transcription (which can result in higher expression).

Assuming that higher mC abundance would reduce RNAP speed, we compared

how positive and negative elongation changes related to mRNA with the addition of

elongation region mC loss information. In +5-aza-CdR treated samples we noted that

most expression increases are associated with high mC loss in the elongation region.

Curiously, the genes with lower PRO-Seq abundance and mRNA after +5-aza-CdR
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Figure 98: Changes in mRNA and elongation. A. Density scatter plot comparing
the log2FC of elongation with log2FC of mRNA after +5-aza-CdR treatment. The
genes with significant (p-adj < 0.05) are highlighted in orange. B. Scatter plot showing
the significant genes from A. C-D. As A and B, but for +Dox versus unstimulated.
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Figure 100: Changes in mRNA or elongation. A. Density scatter plot comparing
the log2FC of elongation with log2FC of mRNA after +5-aza-CdR treatment. The
genes with significant (p-adj < 0.05) are highlighted in orange. B. Scatter plot showing
the significant genes from A. C-D. As A and B, but for +Dox versus unstimulated.
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treatment seemed to lose more mC, i.e. in these cases high levels of demethylation

resulted in both lower transcription and lower mRNA levels, suggesting that too much

demethylation may have a negative effect on transcription (Figures 101A and B). Again,

the +Dox treated group didn’t show a strong relationship either way, for either mC loss

or hmC gain (not shown) (Figures 101C and D).

log2FC(Elong.) < 0 log2FC(Elong.) > 0

0.0 0.1 0.2 0.3 0.0 0.1 0.2 0.3

−2

0

2

4

mC loss

lo
g2

F
ol

dC
ha

ng
e(

m
R

N
A

)

+5−aza−CdR vs unstimulated

Elongation significantly changed
A

log2FC(Elong.) < 0 log2FC(Elong.) > 0

0.0 0.1 0.2 0.3 0.4 0.0 0.1 0.2 0.3 0.4

0

5

mC loss

lo
g2

F
ol

dC
ha

ng
e(

m
R

N
A

)

+Dox vs unstimulated

Elongation significantly changed
B

Figure 101: Relationship between elongation, mRNA, and mC levels. A-B.
Density scatter plot comparing the mC loss after +5-aza-CdR treatment with log2FC of
mRNA for genes with significant (p-adj < 0.05) elongation gains and losses, respectively.
C-D. As A-B but for the +Dox versus unstimulated comparison.

To summarise, we noted that the significant changes we calculated in RNAP occu-

pancy and mRNA abundance show concordance, i.e. genes with higher elongation signal

tend to have higher mRNA. However the relationship isn’t linear when non-significant

changes are considered94. In contrast, predicting mRNA change from elongation change
94For example, predicting nascent RNA abundance from RNA-Seq data is difficult, with the
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(upregulated only) was more feasible. This confirmed that, by looking at the occupancy

data we gain more information about the effects of DNA modifications, since if occu-

pancy was directly proportional to mRNA, then it would be sufficient to have mRNA

data only. Lastly we confirmed that high mC loss was a common feature of genes with

the most upregulation in both experiments.

5.5 Discussion

In this chapter we evaluated how mRNA levels are affected by DNA modification

changes. We linked our observations to the previous chapters to understand the re-

lationship between the bp-specific methylation changes induced, changes in occupancy

of active RNAP, and gene expression changes.

In section 5.2.2 we evaluated the possibility of methylation-independent changes

induced by each treatment. We found few changes in expression upon inducing catalyt-

ically dead TET1-CD, suggesting that the changes we did note after TET1-CD induc-

tion are indeed related to its enzymatic activity. The effects of DNA-protein crosslinks

induced by adding 5-aza-CdR were mimicked by adding 4-thio-2’-deoxythymidine and

UVA light such that the resulting protein-DNA complex abundance was similar to that

post 5-aza-CdR treatment. Although the overlap was significant (both for upregulated

and downregulated genes), most of the +5-aza-CdR induced changes (87% of up- and

89% of downregulated) were cross-linking independent.

Treatment with 5-aza-CdR was significantly more deregulating than TET1-CD up-

regulation, with 1,982 and 64 DEGs in HEK293 cells, respectively95. Demethylation

of HEK293 cells with 5-aza-CdR resulted in 903 up- and 1079 downregulated genes,

where the highest magnitude changes were upregulating. In their study, Yang et al.

[266] noted that 5-aza-CdR treatment both reactivated some genes but also decreased

overexpression of others, which is in agreement with these findings. In contrast, TET1-

CD upregulation appears to have little effect on gene expression, with only 42 up- and

22 down-regulated genes in HEK293 cells. This is consistent with a previous study of

exception of high magnitude upregulation usually being associated with high magnitude changes
in elongation.

952,487 (+5-aza-CdR) and 902 (+Dox) DEGs in U2OS.
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HEK293T cells overexpressing a CXXC-less isoform of TET1 which only showed 23 up-

and 22 down-regulated genes [78]. Despite the differences in numbers, there was still

substantial overlap between treatments, with 57.1% of genes significantly upregulated

by +Dox also upregulated by +5-aza-CdR (overlap for downregulated was 27.3%)96.

Treatment of U2OS cells with +Dox resulted in 513 up- and 389 downregulated

genes. This showed that hmC induction does have the potential to cause greater changes

in other cell lines, with 316 genes that were affected by +Dox but not by +5-aza-CdR.

Unfortunately without DNA modification and RNAP occupancy data for this cell line

we could not check whether the changes were the consequence of altered transcription.

However, this confirmed that using an alternative cell line could result in more DEGs

upon treatment, and, as mentioned in previous chapters, using multiple cell lines with

varying levels of mC (particularly at the promoter) would provide a more complete

picture of the effects of DNA modifications.

Similarly to other groups, we confirmed that both TSS-proximal and gene body DNA

modifications are related to expression levels in HEK293 cells, with the most highly

expressed genes having minimal TSS-proximal mC and hmC and highest rates of gene

body modifications. The most altered genes lost more TSS-proximal mC on average,

particularly those that were upregulated. This is not surprising as promoter-proximal

mC is associated with repression, thus promoter-mC-repressed genes were more likely to

be affected since promoters could be directly altered by the demethylating treatments.

In contrast, gene body methylation was less changed in these cases, stemming from

initial low expression with correspondingly low expected baseline methylation. When we

compared hmC gain and unmodified C gain at promoters, we found trends suggesting

that uC gain was more associated with gene upregulation than downregulation. How-

ever, there were few genes for which we could contrast the effects of promoter-proximal

hmC gain and uC gain on gene expression directly. To increase the pool of comparable

genes, a cell-cycle arrested system with reduced uC gain after TET1-CD upregulation

could be used (see Section 3.3, and Figure 39).

We saw a correlation (Spearman’s rho = 0.74) between elongation signal (PRO-Seq)
9667.8% (upregulated) and 61.6% (downregulated) of DEGs in U2OS.
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and expression (RNA-Seq). This was comparable to another study comparing gene

expression and and PRO-Seq elongation [21] and suggested that baseline elongating

RNAP abundance is indeed predictive of gene expression. Some of the variation can

be explained by the extra processing steps required to convert nascent RNA to mRNA

as well as degradation. The comparison of treatment induced changes in elongation

and mRNA confirmed a linear relationship (it was rare to see a significant increase

in elongation but decrease in mRNA), however without elongation data we would not

be able to accurately predict elongation changes from mRNA changes. This confirmed

that, despite the strong relationship between baseline mRNA and nascent transcription,

the effects of the perturbations were difficult to evaluate without both sets of data.

In summary, we concluded that the hallmark of the most upregulated genes, for

which both transcription and mRNA was usually affected, was significant mC loss in

the elongation region. Together with the pausing analysis, we found that mC loss

results in gains in RNAP pause-release and expression, so why would highly expressed

genes be hypermethylated in the gene bodies? One hypothesis relates to the trade-

off between speed and fidelity, if faster RNAPs make more mistakes then genes which

are most expressed (and contribute most to the pool of mRNA) should have more mC

“speedbumps”. Thus far, the relationship between RNAP elongation rate and fidelity

has not been thoroughly described. However, in a study of transcription dynamics,

Depken et al. [48] proposed a model whereby intermittent pausing during transcription,

which allows for required proofreading and backtracking to take place, is used as a

method to mediate between speed and fidelity. Similarly, in the context of viral genetic

drift, Fitzsimmons et al. [68] described a model whereby high mutation rates are a

consequence of selection for faster replicative speed. Another factor to consider are

the mutagenic properties of DNA modifications. In their study of mutations at mC

and hmC in brain, Tomkova et al. [239] found that hmC is less mutagenic than C and

mC, meaning that accumulation of hmC in gene bodies may also play an independent

protective role.
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6 Discussion of future directions

We have used the chapter discussions to expand on some changes that could be made to

the system retrospectively. Here we consider all our results and discuss further changes

to experimental design, additional experiments, as well as related questions.

6.1 Changes to experimental design

Throughout this project we have seen few high-magnitude changes evident in HEK293

cells after demethylation with +5-aza-CdR. In contrast, treating U2OS cells resulted in

almost a 10-fold increase in the number of genes with significant changes after TET1-

CD upregulation only, confirming that the level of deregulation can vary significantly

between cell lines. To ensure we give the system more opportunity to show changes, I

believe that an alternative cell line should be chosen based on its baseline methylation

which would allow more genes to lose methylation. A highly methylated cell line can

be created through impairment of active demethylation. In IDH mutant cell lines,

TET cannot oxidise mC to hmC due to an accumulation of 2-hydroxyglutarate (2-

HG) and reduced α −KG, as a result there is an accumulation of mC in the genome

[67, 206, 12, 20]. Apart from an mC upregulation, the lack of hmC in these cell lines

can make the effect of hmC induction on transcription more clear.

We found that the changes induced by TET1-CD upregulation were weaker than

those induced by +5-aza-CdR, but due to the unmodified C gain after TET1-CD the

hmC-specific effect wasn’t very clear. We did note a higher level of permissiveness,

namely it’s better to have uC than hmC at the promoter for expression upregulation,

but the finding was based on very few genes. In order to study the hmC-specific changes,

a system where all mC loss is accounted for by hmC gain is preferable. Dr. Hiromi Tagoh

used a system of cell cycle arrest to reduce the effects of replication-associated passive

demethylation and found very promising results for U2OS cells (Section 3.3). Using

this system, it would be interesting to calculate the proportion of overlaps between

differentially expressed genes and contrast that to our current results. We could see

whether there is significant overlap, and elucidate whether the overlaps we noted in our

analyses were the consequence of uC gain in both or if hmC gain and uC gain had similar
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effects on some genes. With the above taken into account, an experimental design with

increasing hmC gains could also be beneficial in refining the role of hmC. By using the

same concentrations of Dox, but extracting the cells at different time points (e.g. 1

hour, 2 hours, 4 hours, 8 hours, 12 hours), we could see how the progressive change

from mC to hmC affects gene expression over time (Figure 102).
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Alternative experimental design

Figure 102: Simulated ideal alternative hmC induction. By harvesting the cells
at different time-points, the effects of hmC can be seen more clearly.

We incorporated some controls to check for DNA modification-independent effects

of 5-aza-CdR on transcription, and found that 1,241 genes were differentially expressed

when DNA-protein crosslinks were induced. Although the overlap with the +5-aza-

CdR DEGs wasn’t big, 13.2% of up- and 11.1% of downregulated, it was still significant.

Thus, an alternative method to reduce mC genome-wide would be preferred. Alternative

possible inducible systems to reduce DNMT1 could include the use of shRNA [29],

knockout-rescue CRISPR [248], a REMOTE97-control system [129], or Cre recombinase

[59]. All of these (with maybe the exception of shRNA) are more complex than using

5-aza-CdR (which has been used as a demethylase in numerous studies), and would

need to be tested for off-target effects.

97Reversible Manipulation of Transcription at Endogenous loci.
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6.2 Alternative and additional experiments

PRO-Seq does not differentiate between a slow RNAP and many fast RNAPs since the

densities would be similar. Adding a temporal component to the analysis would improve

interpretation and detection of changes in RNAP speed. One option is time variant

PRO-Seq (TV-PRO-Seq) [270], where multiple PRO-Seq experiments are prepared, and

since each has a different run-on time they can be used to estimate pause-release through

tracking the order in which positions incorporate a biotinylated base (paused RNAPs

will be mapped more in longer duration run-on groups).

Although we saw changes in intergenic initiation peaks which may be distal en-

hancers, without an accurate map of enhancers it was difficult to link any gene ex-

pression changes with these distal elements. To evaluate how DNA modifications affect

enhancer regions, an accurate map of enhancer annotations and enhancer-gene inter-

action is required. Although nascent RNA production can be used to accurately map

enhancers [93], in order to annotate enhancers and their state (active, primed, poised),

we would need to map histone modifications in each of the samples (control, mC loss,

hmC gain). This would allow us to detect which enhancers may become active, and,

using additional Hi-C data, identify the genes whose expression is dependent on these

enhancers.

6.3 Related questions

With the above improvements to experimental design and methods used, we can re-

address some questions that were not included in this thesis for brevity. We did not find

any strong effects on splicing in our data, but links have been proposed between pausing,

DNA modifications, and splicing. Multiple studies have linked DNA modifications to

alternative splicing [118, 163, 256, 218, 146, 15]. Similarly, by using RNAPII rate

mutants, Fong et al. [69] found that slow and fast elongation rates could result in intron

retention and exon inclusion, hypothesising that an optimal rate of transcriptional rate

is required for normal splicing. Thus, a deeper analysis of splicing and intron retention

using a more optimised set of samples would be interesting to look at.

We noted the possible link between speed and fidelity in the previous chapter. Un-
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fortunately, significant mutagenesis within the 48 hour treatment window is simply not

long enough to detect changes. To understand the relationship, we could compare the

mutation rate within genes, split by their baseline elongation rate (since elongation rates

usually vary between genes [46, 244, 81]). To deconvolute speed from methylation, how-

ever, an organism or cell line with minimal methylation should be used. The extremely

low levels of mC in Drosophila aren’t detectable by bisulfite sequencing [49], thus this

could be a candidate for comparing the relationship between RNAP speed and mutage-

nesis. Preliminary analyses of elongation rates should be carried out first to ensure that

we have well-defined elongation rate gene groups, particularly since Drosophila embryos

showed less than 25% variation between genic elongation rates Fukaya et al. [72].

7 Conclusion

In this thesis we have shown that DNA modifications affect multiple states of active

transcription, as measured by occupancy of actively transcribing RNAP.

We found modest changes in initiation, pausing, and elongation after both demethy-

lation with +5-aza-CdR and hmC induction through TET1-CD upregulation. The

highest magnitude changes suggested that DNA modifications play an inhibitory and

pausing role since both mC-reducing treatments were associated with less pausing (both

at the TSS and in the gene body) and higher abundance of elongating RNAP.

The high-magnitude positive changes in active transcription were reflected in mRNA

abundance, suggesting that DNA modifications can regulate transcription through their

interaction with actively elongating RNAP.

Demethylation was consistently more disruptive compared to hmC gain. This in-

dicates that the role of hmC isn’t transcription-promoting compared to unmodified C,

and therefore the abundance of hmC in gene bodies is more likely to be related to other

factors, such as increased fidelity through slowing down RNAP.
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