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ABSTRACT

Gene regulation is a complex process that involves recruitment of transcription
machinery, chromatin modification, and co-transcriptional RNA processing. RNA
polymerase II (RNAPII) transcribes protein-coding genes. It contains a carboxy-
terminal domain (CTD) consisting of multiple repeats. Specific patterns of CTD
modifications promote the recruitment of appropriate factors at different stages of
the transcription cycle, integrating transcription with chromatin modification and
co-transcriptional RNA processing. In pluripotent ES cells, Polycomb repressive

complexes (PRCs) silence important developmental regulator genes.

I have investigated RNAPII regulation at PRC-target genes genome-wide in murine
ES cells by mining ChIP-Seq and mRNA-Seq datasets, using computational ap-
proaches. PRC targets exhibit different expression and RNAPII states: Silent genes
lacking RNAPII, silent genes associated with RNAPII which is phosphorylated on the
serine 5 residue of the CTD (S5P) but lacking serine 2 phosphorylated residues (S2P),
and expressed genes with both S5P and S2P. At silent PRC-target genes, S5P and
PRCs co-occupy the same promoters and the complexes extend into coding regions
in the absence of S2P, suggesting disruption of co-transcriptional RNA processing.
Sequential ChIP demonstrates simultaneous association of PRC and RNAPII to the
same chromatin. Most expressed PRC-target genes display CTD marks of activity,
including presence of S2P throughout the gene body; however S2P and PRCs do not
co-immunoprecipitate, suggesting that active and PRC-repression are two separate
chromatin states, that occur in different cells of the ES population, or within different
alleles in the same cell. Finally, I have developed a software, SeqGlI, for the analysis
and interpretation of sequencing data. SeqGI provides a GUI framework for the
simultaneous visualisation and statistical evaluation of read profiles over genomic

features.

This work provides valuable insights on the biology of ES cells, and elucidates
combinations of different factors across the genome shedding light on different

mechanisms of gene activation, poising and silencing.
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INTRODUCTION






LITERATURE REVIEW AND THESIS OVERVIEW

Transcriptional regulation is a major mechanism to determine specific sophisticated
responses to environmental conditions of a cell. The regulation of biological
processes such as cell differentiation requires precise control of gene expression
patterns. To understand the molecular mechanisms of gene regulation,
comprehensive characterisation of functional elements associated to gene control is
needed. Completion of the human genome sequence (Venter et al., 2001) together
with the advent of Next-Generation Sequencing (NGS) technologies now provide the

information and the possibility to study gene expression regulation on a global scale.

Here I review the mechanisms of gene regulation, particularly focusing in embryonic
stem (ES) cells. I begin with an overview of the different levels of eukaryotic gene
regulation and the complex molecular machinery that operates it. I then focus the
regulatory processes important for ES cell genome regulation, including

Polycomb-mediated gene repression.
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1.1 GENE TRANSCRIPTION AND REGULATION

RNA polymerase II (RNAPII) transcribes all protein-coding genes and a variety of
non-coding RNAs (ncRNAs) including small nuclear RNAs (snRNAs),

microRNAs (miRNAs), and long non-coding RNAs (IncRNAs). In eukaryotes,
regulation of gene expression is essential to drive the process of cellular
specialization, leading to the creation of ~200 different cell types, each differentiated
to serve a specialized function for which a specific gene expression profile is required,
though they all carry the same genetic code. Gene regulation can occur at several
steps, including transcription initiation, transcription elongation, mRNA processing,
transport and translation. Gene transcription has been extensively studied in terms of

its mechanism and regulation and it is the focus of this introduction.

Gene transcription is stimulated and regulated by cis-regulatory DNA elements
located at the promoter or at more distant regions such as enhancers, silencers or
insulators (Smale and Kadonaga, 2003). In addition to genetic factors, the increase of
genome-wide studies has revealed a growing number of epigenetic factors now
known to regulate gene transcription. Most of these factors are proteins but a number
of studies have also identified ncRNAs as possible regulators of gene transcription

(Goodrich and Kugel, 2006).

Ultimately, the spatial organization of the genome is also important for efficient
transcription. For instance, the process of transcription is spatially
compartmentalized in transcription factories (Iborra et al., 1996), thus efficiency of
transcription may be enhanced if several actively transcribed genes associate with

shared transcription and processing sites (Sutherland and Bickmore, 2009).

1.1.1  Transcription initiation

The first step of eukaryotic gene expression is the recruitment of RNAPII and the
necessary cofactors to a gene promoter. This step is known as the preinitiation step
and involves the formation of a preinitiation complex (PIC) composed of RNAPII and
general transcription factors (GTFs). The PIC helps to position RNAPII transcription

start site (TSS) of genes (Maston et al., 2006). Typically the PIC is composed of six
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general transcription factors: TFIIA, TFIIB, TFIID, TFIIE, TFIIE, and TFIIH but various
combinations of core promoter motifs target the assembly of distinct PICs
(Juven-Gershon et al., 2008). In vitro, the assembly of a PIC on the core promoter is
sufficient to initiate transcription, but in vivo activators and co-regulators are needed
to accurately initiate transcription. An important complex recruited at the
preinitiation step in vivo is the Mediator, a large complex composed of more than 20
distinct subunits highly conserved from yeast to humans (Conaway et al., 2005). The
Mediator is known to bind to the carboxy-terminal domain (CTD) of RNAPII, acting
to stabilize the formation of the PIC (Bjorklund and Gustafsson, 2005). Interestingly,
other functions of Mediator might include the promotion and/or stabilization
enhancer-promoter interactions, with the help of cohesin, as reported in a recent

study (Kagey et al., 2010).

In addition to the “classic” GTFs and the Mediator complex, activators are also
required for accurate transcription. Activators bind to specific DNA motifs within
promoters or enhancers and, by direct interactions with one or more components of
the transcriptional machinery, can promote PIC assembly or other steps of the
transcription process subsequent to PIC formation, such as initiation, elongation, or
re-initiation (Lee and Young, 2000). Activators have also been proposed to function

by the recruitment of co-regulators.

Co-regulators can either enhance (co-activators) or repress (co-repressors)
transcription, typically by chromatin-modifying activities which act to make the
DNA more or less accessible to the transcription machinery (Kadonaga, 2004).
Examples of genes regulated in this manner include those that require activators to
interact with Swi/Snf (SWI/SNF in humans) remodeling complexes to enhance
transcription from nucleosome covered promoters (Peterson and Workman, 2000).
After RNAPII is recruited, local opening of the double-stranded DNA (also known as
promoter melting) takes place to allow for RNAPII to initiate transcription.
Transcription factor II H (TFIIH), a large multisubunit complex, is needed at this step.
TFIIH contains ATP-dependent helicases that act on the DNA template to promote its
opening and allow RNAPII to initiate transcription. TFIIH is also required to

promote RNAPII release from the promoter-bound factors. This step, known as
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“promoter escape”, depends on the phosphorylation of serine 5 residues of the CTD
(by Cdk7 subunit of TFIIH; subsection 1.3.1) and on the Mediator complex (Hirose
and Ohkuma, 2007). Due to the instability of the RNAPII complex, initiating RNAPII
can abort transcription, usually after producing ~10 nucleotides (nt), a phenomena

known as “abortive initiation”.

1.1.2  Transcription Elongation

Initiating RNAPII escapes from the promoter and is then able to generate short
transcripts; however, elongation can be halted after RNAPII transcribes ~25-50nt by
negative factors which include the 5,6-dichloro-1-b-D-ribofuranoxylbenzimidazole
sensivitiy-inducing factor (DSIF) and negative elongation factor (NELF) protein
complexes (Fuda et al., 2009). Elongation requires the recruitment of chromatin
remodeling factors and the positive transcription elongation factor b (P-TEFb). P-TEFb
contains a kinase activity (Cdk9) that phosphorylates RNAPII CTD on its serine 2
(S2) residues (Cheng and Price, 2007; subsection 1.3.2).

Although much emphasis has been given to the regulation of gene transcription at
the step of RNAPII recruitment (Nevado et al., 1999), a growing number of studies
indicates that many inactive genes recruit RNAPII to their 5" ends in both mammals
(Guenther et al., 2007, Kim et al., 2005, Rahl et al., 2010) and Drosophila (Muse et al.,
2007, Zeitlinger et al., 2007), suggesting that many genes in the genome are regulated

at steps following the recruitment of RNAPII to a promoter.

1.1.3 Transcription termination

When RNAPII reaches the poly-adenylation signal at the 3’ end of genes,
transcription termination takes place. The process of transcription termination
involves the correct poly-adenylation of the newly formed mRNA and its release, the
digestion of downstream transcript by exonucleases, and the dissociation of the
RNAPII transcription complex from the chromatin (Richard and Manley, 2009).
Transcription termination has also been shown to be important to prevent aberrant

transcription from downstream genes (Greger et al., 2000). RNAPII is then targeted
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by CTD phosphatases, such as Fcpl, and once in its hypophosphorylated form can

then re-initiate a new cycle of transcription (Cho et al., 2001).

1.1.4 Core promoter elements and gene requlation

Core promoter elements have a key role in contributing to gene regulation control, as
they constitute the docking site where PIC assembles, and define the position of the
TSSs and the direction of transcription itself (Smale and Kadonaga, 2003). A number
of DNA elements have been found at Metazoan core promoters, such as TATA box,
Initiator element (Inr), Downstream Promoter Element (DPE), upstream TFIIB
Recognition Element (BREu), Motif Ten Element (MTE) and Downstream Core
Element (DCE). Combinations of different DNA motifs at promoters specify the
binding of different GTFs and different responses to enhancers (Juven-Gershon et al.,

2008).

Interestingly, about 60% of the human genes overlap a CpG island. CpG islands are
DNA sequences typically 500 bp to 2 kb long with high frequency of CpG
dinucleotide compared to the bulk of DNA in the mammalian (Illingworth and Bird,
2009). CpG island promoters (CGI promoters) are normally associated with
constitutively expressed housekeeping functions or other highly regulated functions,
such as developmental regulation (Illingworth and Bird, 2009). CpG islands form a
chromatin environment that is generally more permissive to transcription (Weber

et al., 2007), possibly due to low nucleosome occupancy at these promoters

(Ramirez-Carrozzi et al., 2009).

Sequencing of transcript 5" ends, namely through the use of CAGE and DeepCAGE
techniques (Valen et al., 2009, Carninci et al., 2006), has expanded our knowledge on
the characterisation of mammalian promoters in different cell types and revealed the
existence of many genes with several potential TSS within the same promoter. This
“broad” type of promoters are characteristic of CGI promoters, while “sharp”
promoters, which initiate from a single TSS, are generally associated with TATA box,
Inr or DPE binding motifs (Carninci et al., 2006, Juven-Gershon and Kadonaga, 2010).
The variety of core promoter elements and their combinations and shapes suggests a

key role of promoters in the specificity of gene expression control.
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1.1.5 Functions of gene clustering

Apart from DNA elements, such as core promoters and enhancers that influence
recruitment and the assembly of the transcription machinery, there is another layer of
information embedded within the DNA sequence which contributes to gene
regulation. Gene density and the genomic context of a given gene or a cluster of

genes provide an important level of gene expression control (De and Babu, 2010).

At a higher level, the organization of the chromosomes within the nucleus is
nonrandom; chromosomes occupy discrete positions in the nucleus known as
“chromosome territories” (Meaburn and Misteli, 2007, Cremer et al., 2006). At the
chromatin-scale, areas of condensed and de-condensed chromatin can be
distinguished within chromosomes. Condensed chromatin is generally associated
with H3K9me3, H3K27me3 and repressive proteins such as HP1, while de-condensed
chromatin (termed euchromatin) is associated with H3K9ac, H3K4me3 and
H3K36me3. There are also many examples of physical interactions between different
chromatin segments resulting in chromosomal loops. One of the most studied
examples of chromatin folding comes from the f$-globin locus, where it has been
shown by DNA FISH and RNA FISH and chromosome conformation capture
methodologies (such as 3C, 4C) that active f;-globin genes interact with other active
genes located several Mb away (such as Uros, Eraf, and Kcng1; Osborne et al., 2004,
Mitchell and Fraser, 2008, Simonis et al., Dekker, 2003). Other examples of chromatin
movements relate to silencing. For instance, upon differentiation of ES cells to
neuronal progenitor cells (NPCs), the pluripotency genes Octg and Nanog are
positioned at the nuclear lamina, a compartment in the periphery of the nucleus
which is inhibitory to transcription, while silent neuronal-lineage specific genes

detach from the lamina and become active (Peric-Hupkes et al., 2010).

A. Genomic context

The genomic context in which the genes are embedded also seems to influence
efficient and reliable gene expression (Madan Babu et al., 2008). For instance,
transfection of a human transcriptional unit with the required promoter and

enhancer elements resulted in gene silencing if the transgene unit, lacking its LCR, is
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integrated within heterochromatic regions (Festenstein et al. 1996). Additionally, a
more or less compact genomic context could influence chromatin movements. An
example of such influence comes from the the increased re-organization of the
a-globin locus in erythroid cells in humans compared to mouse, possibly due to its
genomic context which, in humans, consists of greater gene density and a more open

chromatin structure (Brown et al., 2008).

B. Clustering of genes in the linear DNA sequence

If the chromatin environment does contribute to accurate gene expression, then this
could create an evolutionary pressure in the way that genes are clustered in the
chromosome (Batada and Hurst, 2007, Sproul et al., 2005, De et al., 2009, Janga et al.,
2008). In fact, genomic regions of highest gene density are also the ones that contain
most highly and broadly expressed genes in the genome (Versteeg et al., 2003).
Broadly expressed genes are also generally GC rich and have short introns (Versteeg
et al., 2003). Gene clustering could also reflect coordinated gene expression. For
instance, genes that are coordinately regulated during development, or that are
expressed in a specific tissue, are often found in clusters (Sproul et al., 2005).
Moreover, in multicellular eukaryotes, co-expressed genes form larger clusters than
in yeast and worm (Hurst et al., 2004), thus reflecting an evolutionary pressure for

gene clustering that could relate to mechanisms of gene expression control.

1.1.6  Epigenetic gene requlation

Nucleosomes form the basic unit of chromatin in eukaryotes, consisting of ~147 base
pairs of DNA wrapped around histone octamers (normally consisting of two each of
H2A, H2B, H3, and H4). Histone octamers are separated by linker DNA which is
associated with a fifth histone, H1. Post-translational histone modifications, driven by
enzymatic complexes that add or remove covalent groups (e.g., acetyl groups and
methyl groups) to histone tails, are an important epigenetic mechanism of gene
regulation (Kouzarides, 2007). Several histone modifications have been described,
including methylation, phosphorylation, acetylation, ubiquitination and ADP

ribosylation. Histone modifications can impact on chromatin compaction, thus
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affecting the accessibility of the promoters to the transcription machinery. They also
exert a more direct effect on the transcriptional status of genes by being directly
involved in the recruitment of specific binding factors such as chromatin remodelers.
Chromatin remodelers are ATP-dependent protein complexes that non-covalently
modify chromatin structure. Several mechanisms by which chromatin remodelers act
have been elucidated, including the capability to influence nucleosome positioning
(Li et al., 2007, Gutierrez et al., 2007). SWI/SNF remodeling complex, have been
shown to be required for the regulation of pluripotency and differentiation, as
disruption of several members of these complex is embryonic lethal (reviewed in
Keenen and de la Serna, 2009). In addition to the described histones, “histone
variants” (such as H2AZ, H2AX and H3.3) contribute to nucleosome diversity and
comprise another layer of epigenetic regulation (Henikoff et al., 2004). Recent work
showed that histone variant H2AZ and the Polycomb subunit Suz12 co-occupy the
same promoters in ES cells and demonstrated that H2AZ is necessary for ES cell

differentiation (Creyghton et al., 2008).

The availability of antibodies capable of distinguishing between different lysine
positions and methylation states allowed identification of methylation patterns by
ChIP-Chip and ChIP-Seq methodologies on a genome-wide scale. While histone
acetylation is associated with gene activation and open chromatin conformation,
methylation correlates with activating or repressing chromatin depending on the
residue of the histone tail being modified. E.g., H3 lysine 4 trimethylation (H3K4me3)
and H3 lysine 36 trimethylation (H3K36me3) and monomethylation on H3K4, H3K9,
H3K27, H4K20, and H2BKS5 correlate with gene activation, while trimethylations on
H3K9 and H3K27 are linked to repression (Kouzarides, 2007). Studies in human and
mouse ES cells, neural progenitor cells (NPCs), fibroblasts, hepatocytes and T cells
have revealed patterns of histone methylation at promoters (Barski et al., 2007,
Guenther et al., 2007, Mikkelsen et al., 2007, Pan et al., 2007), enhancers and
insulators (Barski et al., 2007, Heintzman et al., 2007), and gene body regions
(Kolasinska-Zwierz et al., 2009, Cui et al., 2009). In this thesis, I focus on discussing
H3K4me3 and H3K36me3 which are enriched at the promoter and gene body

regions, respectively, of actively transcribed genes, and the Polycomb-instigated
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histone modifications H3K27me3 and H2Aub1 which are largely correlated with

gene repression.

Methylation of DNA cytosine residues is an important epigenetic silencing
mechanism associated with silenced chromatin states. DNA methylation occurs at the
DNA cytosine base, typically in a CpG dinucleotide context and is mediated by DNA
methyltransferases (DNMTases, Dnmtl, Dnmt3a, Dnmt3b). In mammals, CpG-poor
promoters are more likely to be silenced by DNA-methylation mediated events,
whereas CpG-rich sequences are largely unmethylated (Fouse et al., 2008, Meissner
et al., 2008, Mohn and Schubeler, 2009). DNA methylation is crucial in
downregulating genes associated with late-differentiation (Fouse et al., 2008) and has
also been shown to be involved in development by homozygous (Li et al., 1992)
deletion of Dnmt1, which results in lethality during early development in mice.
Despite its importance for normal development, it has been proposed that DNA
methylation is not the major mechanism of transcriptional repression in ES cells
because promoter methylation might be incompatible with the ability of stem cells to
activate a wide range of lineage-specific genes during differentiation (Reik, 2007). In
agreement, Polycomb-mediated gene repression, a more dynamic form of epigenetic
silencing, is observed at many developmental regulators in human and mouse ES
cells (Ku et al., 2008, Boyer et al., 2006, Lee et al., 2006). In this introduction, I discuss

Polycomb-mediated gene repression in more detail in section 1.5.

1.1.7  Gene regulation in ES cells

Derived from the inner cell mass of the mammalian blastocyst, ES cells have the
ability to differentiate into all somatic cell lineages of an organism, the phenomenon
of pluripotency (Evans et al., 1981, Martin, 1981). In addition, if maintained under the
appropriate conditions in vitro, namely in the presence of recombinant leukemia
inhibitory factor (LIF) and fetal bovine serum (FBS; Williams et al., 1988), ES cells
display unlimited ability for self-renewal. Understanding the mechanisms of gene
regulation in pluripotent ES cells and the molecular switches that regulate gene
expression upon differentiation will allow us to better utilize their potential in

therapeutic applications. Key “pluripotency” factors Oct4, Nanog and Sox2 constitute
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the core regulatory network that governs ES cell pluripotency. These core
transcription factors form a tight regulatory network, in which they autoregulate
each other and synergistically regulate downstream genes, controlling both the
normal ES cell maintenance functions, as well as the differentiation pathways (Silva
and Smith, 2008). Aside from transcription factors, chromatin-based regulatory

mechanisms are important to modulate gene expression in ES cells.

ES cells are characterized by a global chromatin structure that is generally
decondensed, which is thought to be functionally relevant for pluripotency (Mattout
and Meshorer, 2010). Knockdown of Chd1, a chromatin remodeler, results in
increased chromatin condensation and loss of potential to differentiate (Gaspar-Maia
et al., 2009), thus demonstrating the importance of generally “open” ES chromatin
structure. In ES cells, heterochromatin is more dispersed microscopically than in
NPCs (Meshorer and Misteli, 2006), with major structural proteins, such as histone
protein HP1, being more loosely bound to DNA in undifferentiated ES cells
compared to NPCs (Meshorer and Misteli, 2006). Positioning of some gene loci and
chromosome territories have been shown to change markedly upon ES cell
differentiation (Chambeyron and Bickmore, 2004, Williams et al., 2006). ES cells also
exhibit a higher overall rate of transcription (Efroni et al., 2008, Araki et al., 2006,

Turner, 2008).

Silenced developmental genes are bound by Polycomb proteins and enriched for
H3K27me3 in ES cells (Boyer et al., 2006, Lee et al., 2006). PRC-target genes also
exhibit features of active chromatin, including H3K9ac and H3K4me3, which is
thought to prime genes for subsequent activation (Azuara et al., 2006, Bernstein et al.,
2006). Genes with concomitant H3K27 and H3K4 trimethylation have been termed
‘bivalent genes’, as they display histone modifications that are related to opposite
effects on transcription. Polycomb proteins (section 1.5) and their interplay with

RNAPII complexes (section 1.3) in ES cells is the main focus of this thesis.

1.2 RNA POLYMERASE II AND THE C-TERMINAL DOMAIN

In eukaryotes, the family of nuclear RNA polymerases consists of three RNA

polymerases (RNAPI, RNAPII and RNAPIII). RNA polymerase I and III mainly
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transcribe structural RNAs. RNAPI transcribes a single transcript, the precursor
rRNA. RNAPIII transcribes transfer RNAs and 5S rRNAs and has more recently been
shown to transcribe small RNAs that can regulate expression of protein coding genes
(Dieci et al., 2007). In contrast, RNAPII is responsible for transcription of all
protein-coding genes, and a variety of structural and regulatory noncoding RNAs

(ncRNAS).

RNAPII is a large multisubunit complex, consisting of 12 subunits (RPB1 to 12). Its
largest subunit, RPB1, contains a carboxy-terminal domain (CTD) consisting of
multiple tandem heptapeptide repeats of consensus sequence
N-Tyr1-Ser2-Pro3-Thr4-Ser5-Pro6-Ser7-C, with 52 copies in mammals (Corden et al.,
1985). CTD length increases with the organismal complexity, having 44 repeats in
Drosophila and 26 to 27 repeats in yeast (Chapman et al., 2008). The crucial CTD
function remained unknown until it was discovered, in late 80s, that deletion of CTD
to less then 10 repeats was lethal in yeast (Nonet et al., 1987). The CTD is not
required for the catalytic activity of RNAPII in vitro, but essential for transcription in
vivo (Meininghaus et al., 2000). The CTD has a highly flexible, mobile structure,
which is generally more compact in the unphosphorylated state, and adopts a more
extended form upon extensive phosphorylation possibly due to charge repulsions
(Meinhart et al., 2005). Currently, it is known that recruitment of appropriate factors
at different stages of the transcription cycle is achieved through changing patterns of
post-translational modification of the CTD repeats creating a readable ‘code’. The
CTD thus helps integrate the synthesis of RNA with local chromatin remodeling and
co-transcriptional RNA processing (Hirose and Ohkuma, 2007). Moreover, CTD
modification patterns were also observed to change during cell cycle, virus infection
and DNA damage (Jeong et al., 2005, Bregman et al., 2000). Many different CTD
modifications have been identified, including phosphorylation, isomerisation,
glycosylation (Sobennikova et al., 2007) and, more recently, methylation (Sims et al.,

2011).
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1.3 INTEGRATION OF THE CTD CODE WITH REGULATORY PROCESSES

1.3.1  CTD serine 5 phosphorylation and transcription initiation

At transcription initiation, CTD repeats are phosphorylated at the S5 residue by the
kinase subunit of TFIIH (Lee and Young, 2000, Liu et al., 2004). TFIIH is a large
protein complex of 10 subunits in mammals and its kinase activity is sustained by the
Cdk7/Cyclin H pair. Mammalian Cdk8/cyclin C, a component of the Mediator
complex, is another enzyme capable of phosphorylating S5 residues (Liao et al., 1995,
Rickert et al., 1999) but if this phosphorylation occurs prior to the formation of the
preinitiation complex, it has a negative effect on transcription (Hengartner et al.,
1998). Erkl and Erk2 kinases are also known to phosphorylate S5 during stress
responses, thereby thought to be associated with the regulation of specific genes in

response to extreme conditions (Sobennikova et al., 2007).

At initiation of transcription, S5 phosphorylation promotes RNAPII clearance from
the promoter (Liu et al., 2004, Max et al., 2007). S5P is also important for the
recruitment of the RNA capping enzymes (Ho and Shuman, 1999, Rodriguez et al.,
2000), thus integrating transcription with RNA processing (Figure 1.1). Several
studies have shown that the initiating form of RNAPII (S5P but not S2P) can recruit
Setl protein in yeast (Ng et al., 2003) and MlI1 in mouse (Milne et al., 2005), both
proteins are major H3K4 methylases, indicating that the presence of H3K4me3 at
gene promoters may provide a molecular memory of recent transcriptional activity.
However, RNAPII-independent recruitment of H3K4me3 HMTs has also been
reported (Edmunds et al., 2007), thereby raising the possibility that RNAPII
recruitment and H3K4me3 deposition are not necessarily sequential, but that
reciprocal interactions may also occur. In any case, independently of the order of
events (RNAPII recruitment or H3K4me3 deposition first), it is evident that H3K4me3
has a positive effect on transcription. For instance, Taf3 (a TFIID component) has
been shown to bind to H3K4me3 (Vermeulen et al., 2007). Interactions between
H3K4me3 and members of the PIC are thought to facilitate stable assembly of the
PIC at the onset of transcription (Dambacher et al., 2010). Moreover, H3K4me3

deposition was shown to act as a binding platform for chromatin remodelers, such as
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BPTF (a nucleosome remodeling factor (NURF) subunit) and Chd1 (Flanagan et al.,
2005, Wysocka et al., 2006) which act to slide nucleosomes thus creating an “open”

chromatin structure more accessible to transcription initiation.

The current model (Figure 1.2) of the transcription cycle, sees S5P phosphorylation
occuring early in the transcription cycle and gradually decreasing towards the 3" end
of genes (Komarnitsky et al., 2000, Tietjen et al., 2010, Figure 1.1). S5P removal is
mediated by phosphatases, such as Rtrl and Scpl, which are recruited shortly after
RNAPII release from the promoter (Mosley et al., 2009, Zhang et al., 2006b).
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Figure 1.1: Schematic representation of the transcriptional cycle. RNAPII is recruited at gene
promoters together with Mediator (Med) and TFIIH. During transcription initia-
tion, CTD is phosphorylated on serine 5 which enhances the binding of capping
enzymes (CE) and Setl, the HMT responsible for H3K4me3. During elongation,
serine 2 residue is phosphorylated by Ctkl and Burl (Cdk9 in mammals). S2
recruits several elongation factors, including co-transcriptional splicing factors
(SP) and also Set2 which trimethylates H3K36. During transcription termination,
the newly formed mRNA is polyadenylated and exonucleases (Xrn2) digest the
downstream transcript. Adapted from Tietjen et al. [2010].
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Figure 1.2: The current model of CTD phosphorylation patterns. Initially an enrichment of S5P
peaks at the promoter and is rapidly dephosphorylated shortly after transcription
initiation. S2P and S7P are enriched through gene bodies. Adapted from Tietjen
et al. [2010].

1.3.2 CTD serine 2 phosphorylation and transcription elongation

Serine 2 phosphorylation (S2P) is mediated by the Cdk9 kinase subunit of P-TEFb
complex in mammals (Marshall et al., 1996), and Ctk1 and Burl in yeast (Wood and
Shilatifard, 2006). At actively transcribed genes, S2P increases throughout the gene
body towards the 3’ end of genes (Komarnitsky et al., 2000, Tietjen et al., 2010,

Figure 1.2).

S2P is known to be important for efficient elongation (Figure 1.1), integrating
transcription with mRNA co-transcriptional processing. S2P marks are recognized by
splicing factors (Kornblihtt et al., 2004) and 3’ end processing proteins (Proudfoot
et al., 2002, Ahn et al., 2004). In addition, Set2 enzyme, the HMT capable of
trimethylating H3K36, was shown to be recruited by RNAPII-S2P, thereby integrating
transcription with chromatin modifications (Krogan et al., 2003, Xiao et al., 2003, Li
et al., 2003). In fact, the H3K36me3 HMT, Set2, was shown to preferentially recognise
doubly marked CTD, S5P and S2P, in vitro, rather then S2P alone (Kizer et al., 2005),
thus contributing to the idea that both S5P and S2P are present during transcription

elongation.

H3K36me3 modified chromatin is thought to be important for mRNA processing
regulation. For instance, it was recently shown that H3K36me3 is particularly
enriched at the exons of actively transcribed genes, suggesting a role of this

modification in splicing regulation (Kolasinska-Zwierz et al., 2009). Other studies
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questioned the role of H3K36me3 in splicing (Tilgner et al., 2009) arguing that the
enrichment of H3K36me3 at exons and splice sites simply reflects increased
nucleosome density. Another study, however, by Luco et al., 2010 showed that by
modulating the levels of H3K4me2, H3K9ac, H3K27ac and H3K36me3, different
splice isoforms of the human FGFR2 gene were transcribed, thus adding further
evidence to the role of H3K36me3 in splicing and specially in alternative splice
choices. A role of H3K36me3 in selection of 3" end polyadenylation sites has also
been suggested (Spies et al., 2009). Furthermore, H3K36me3 was shown to recruit
Mrgl5 (Zhang et al., 2006a) which in turn depletes intragenic H3K4me3 (Hayakawa
et al., 2007) and recruits histones deacetylases (Yochum and Ayer, 2002). It is thought
that intragenic deacetylation and H3K4me3 depletion are important to prevent
aberrant transcription initiation from within the gene bodies (Dambacher et al., 2010).
Taken together, these examples demonstrate how different proteins and histone
marks cooperate to allow robust and efficient gene transcription. The complexity of
this dynamic interactions demonstrate how transcription can be regulated at multiple
levels, for instance by altering chromatin states or blocking specific mRNA
processing factors, which thereby generates sophisticated modes of gene control,

greatly increasing gene regulatory potential.
1.3.3 CTD serine 7 phosphorylation

Serine 7 residue of the CTD is part of the canonical heptapeptide CTD repeat
(N-Tyr1-Ser2-Pro3-Thr4-Ser5-Pro6-Ser7-C), conserved from yeast to mammals. The
CTD has degenerated sequences typically after the 215 repeat and predominantly on
the serine 7 position, in humans. Non-canonical repeats are thought to add
complexity and functionality to the CTD (Chapman et al., 2007) but their role is still
unclear as their replacement with random repeats did not affect cell viability

(Chapman et al., 2005).

S7, like the other serine residues of the CTD, S2 and S5, can be phosphorylated, but
its functions during transcription have only recently start to be revealed. S7
phosphorylation was found to occur at protein-coding genes in yeast and humans

(Chapman et al., 2007, Kim et al., 2010a, Tietjen et al., 2010, Mayer et al., 2010) and at
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snRNA genes in humans (Egloff et al., 2007). S7, like S5, is phosphorylated by Cdk?7,
the catalytic subunit of TFIIH, both in vivo and in vitro (Akhtar et al., 2009,
Glover-Cutter et al., 2009), and to be dependent on the Mediator complex (Boeing
et al., 2010). P-TEFb kinase subunits, Cdk9 (mammals) and Burl (yest), were also

shown to be able to phosphorylate S7 (Glover-Cutter et al., 2009, Tietjen et al., 2010).

Currently, it is known that S7P is required for Integrator binding and 3" processing of
snRNAs (Egloff et al., 2010). The integrator is a multisubunit complex responsible for
snRNA 3" end recognition and processing (Baillat et al. [2005]). In fact,
phosphorylation of both S2P and S7P is necessary for Integrator binding at snRNA
genes (Egloff et al., 2010). In yeast protein-coding genes, S7P was found at the gene
bodies (Kim et al., 2010a, Mayer et al., 2010, Tietjen et al., 2010; Figure 1.2), and
particularly enriched close to 5’ splice site (Kim et al., 2010a), suggesting a role of this

mark in co-transcriptional splicing (Kim et al., 20104, Tietjen et al., 2010).
1.3.4 Other CTD modifications

A CTD repeat can be modified at other different positions (reviewed in Sobennikova
et al. 2007). Proline residues (P3 and P6) can exist in either cis or trans, while the
other five amino acid residues can be phosphorylated and glucosylated. In higher
eukaryotes additional residues appear at degenerate CTD repeats, namely lysines
and arginine. They can potentially be methylated or acetylated, thus increasing the
combinatorial potential of the “CTD code”. One example is the newly identified
arginine methylation in the 31 repeat of the human CTD (Sims et al., 2011). In many
cases, the function of these modifications, whether it affects transcription and

pre-mRNA processing, remains unclear (summarised in Table 1.1).
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Table 1.1: CTD modifications and respective modifying enzymes and their effect on transcrip-

tion.
CTD repeat and Function in transcription Enzymes
modification
Serine 5 Initiation, recruitment of capping Cdk7 (TFIIH)

phosphoprylation (S5P)

enzymes, recruitment of Setl
(H3K4me3 HMT)

Serine 2 phosphorylation

Elongation, regulation of splicing and

CdK9 (P-TEFb)

(52P) 3’ processing, recruitment of Set2
(H3K36me3 HMT)
Serine 7 phosphorylation Regulation of splicing, Cdk7 (TFIIH)
(S7P) snRNA 3’ end processing Cdk9 (P-TEFb)
Proline isomerization Changes in CTD structure. Thought Pinl
to be important in initiation
(Krishnamurthy et al., 2009; Xu and
Manley, 2007) and mRNA processing
(Hani et al., 1999)
Tyrosine 1 Thought to be important for efficient c-Abl

phosphorylation (Y1P)

elongation of specific genes (Baskaran
et al., 1999)

Threonine 4
phosphorylation (T4P)

Not characterised

Not characterised

Serine glycosylation

Not characterised

Not characterised

Threoninne glycosylation O-GlcNAc
transferase
Arginine methylation Thought to repress the expression of CARM1

snRNAs and snoRNAs (Sims et al.,
2011)

1.4 TRANSCRIPTIONAL PRIMING AND RNAPII PAUSING

1.4.1  RNAPII pausing

RNAPII “promoter-proximal” pausing is defined as RNAPII accumulation

downstream of TSS of genes and is associated with 5 capped transcripts which are
typically 25-50 nucleotides long (e.g. Nechaev et al., 2010), and stable enough to be
detected by permanganate protection assays (Rougvie and Lis, 1988), and/or the
genome-wide run-on assay Gro-Seq (Core et al., 2008). In addition, paused RNAPII is

detectable by ChIP using 8WG16 (as in Kim et al., 2005, Guenther et al., 2007, Boehm
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et al., 2003), an antibody that has preference for unphosphorylated S2 residues.
RNAPII pausing was first described at heat shock genes in Drosophila (Rougvie and
Lis, 1988). At these genes, heat shock acts as an activating signal which induces the
rapid release of RNAPII into transcription. Several subsequent studies, particularly in
Drosophila, led to a detailed understanding of RNAPII pausing as a mechanism of
gene control (reviewed in Fuda et al., 2009, Levine, 2011). Initially, this mode of
transcription regulation was thought to be specifically used by heat shock genes or
other stress responsive genes that were quickly activated in response to extreme
conditions. However, with the advent of genome-wide approaches, the
understanding of RNAPII has evolved, and it became clear that it is a common
regulatory event, not necessarily limited to stress response, as it is also observed at
many genes including inactive and actively transcribed genes, in Drosophila (Muse

et al., 2007, Zeitlinger et al., 2007, Gilchrist et al., 2010, Nechaev et al., 2010), mouse

(Rahl et al., 2010) and human (Guenther et al., 2007, Core et al., 2008, Min et al., 2011).

These observations support the view of pausing as an early “checkpoint” which

regulates RNAPII release into productive elongation.

Several mechanisms by which RNAPII pausing can be advantageous have been
purposed. Gilchrist et al., 2010 suggested that pausing is crucial to block nucleosome
assembly at highly regulated genes whose “default” chromatin state is prone to
nucleosome assembly. Previous studies have shown that RNAPII pausing affects
nucleosome positioning in humans (Schones et al., 2008). In addition, RNAPII
pausing was suggested to facilitate mRNA capping (Pei et al., 2003) and
promoter-insulator interactions (Chopra et al., 2009a). In mammals, most paused
promoters are associated with upstream anti-sense transcription of unstable RNAs
(Core et al., 2008, Seila et al., 2008). It has been proposed that RNAPII pausing may
constitute a mechanism of regulating transcription from bidirectional promoters

(Rahl et al., 2010).

1.4.2 Control of RNAPII pausing

The release of RNAPII from promoter-proximal regions into the main body of the

gene is blocked by pausing factors which include the multisubunit complexes DSIF
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and NELF (Yamaguchi et al., 1999, Wu et al., 2003). Recent studies suggest that the
Spt5 subunit of DSIF binds to nascent RNA as they are transcribed from RNAPII
(Missra and Gilmour, 2010). NELF is recruited by DSIF, and the two complexes
prevent RNAPII progression beyond the pause site. NELF was found to be enriched
at active genes in Drosophila (Lee et al., 2008), consisting with a model of pausing as

widespread event that regulates transcription at active genes.

Recruitment of P-TEFb causes the dissociation of NELF and serine 2 phosphorylation,
resulting in the release of RNAPII into productive elongation through the gene body
(Keogh et al., 2003, Boehm et al., 2003). Dissociation of NELF from the paused
RNAPII complex is triggered by its phosphorylation, mediated by a kinase Cdk9 of
P-TEFb (Fujinaga et al., 2004). Cdk9 also phosphorylates DSIF resulting in its

activation as a positive elongation factor (Yamada et al., 2006).

1.4.3 RNAPII at silent Polycomb repressed genes

In this thesis, I will show that RNAPII binding to silent genes as a mechanism of
gene priming is especially relevant in the context of ES cells, which have to maintain
their genome in a potentiated state, able to respond to differentiation cues. Polycomb
group of proteins (PcG) are a major epigenetic mechanism of gene regulation in ES
cells (Lund and van Lohuizen, 2004). PcG proteins were initially thought to prevent
RNAPII recruitment to the promoters of its target genes (Dellino et al., 2004); but,
interestingly, several studies have demonstrated that RNAPII is recruited at
PRC-repressed genes (Brookes and Pombo, 2009). PRC-repression and RNAPII

priming in ES cells form the main focus of this thesis.

1.5 THE POLYCOMB REPRESSIVE COMPLEXES

1.5.1 Structure and function of Polycomb complexes

Polycomb group (PcG) proteins were originally described in Drosophila melanogaster
as repressors of homeotic genes such as Hox genes, acting in opposition to Trithorax
proteins. In mammals, two distinct Polycomb remodeling complexes mediate

transcriptional repression: Polycomb-repressive complex 1 (PRC1) and
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Polycomb-repressive complex 2 (PRC2; Lund and van Lohuizen, 2004). PRC2
contains as core components, embryonic ectoderm development (Eed), suppressor of
zeste 12 (Suziz) and enhancer of zeste homologue 2 (Ezhz), which catalyzes di and
tri-methylation of histone H3 at lysine-27 (H3K27me2 and H3K27me3). PRC1 is
composed of approximately 10 subunits, including RinglA and Ring1B, Bmil and
Cbx8, and mediates repression by Ring1B subunit which acts as a ubiquitin E3 ligase
specific for histone H2A lysine 119 (Wang et al., 2004). RinglA and Bmil positively
regulate Ring1B-mediated H2A ubiquitination (Cao et al. 2005). RinglA was also
shown to have E3 ligase activity capable of ubiquitinating H2A in vitro (Buchwald
et al. 2006). In vivo, however, Ring1B has a predominant role as Ring1B depletion
results in embryonic lethality, while RinglA knockout mice are viable with minor

skeletal transformations (del Mar Lorente et al. 2000, Voncken et al. 2003).

The H3K27me3 modification catalyzed by PRC2 is thought to serve as binding
platform for PRC1 (Figure 1.3), which further enhances PRC2 repression (Cao et al.,
2002). However PRC1 recruitment independent PRC2 was reported in particular
during X inactivation in differentiating ES cells (Schoeftner et al., 2006). Moreover,
genes bound solely by PRC2 have also been found in mouse ES cells (Ku et al. 2008).
Taken together, these results suggest that PRC1 recruitment can be regulated at

different stages, and that PRC2 binding can be uncoupled from PRC1 recruitment.

A novel component of PRC2, Jarid2, has recently been implicated in ES cell
differentiation. Jarid2 contains a Jumonji domain (JmjC), enzymatically inactive.
Jarid2 knockdown impairs ES cell differentiation, without preventing self-renewal
(reviewed in Landeira and Fisher, 2010). Jarid2 has been implicated in the
recruitment of PRC2 and PRC1, and in the establishment and/or maintainence of

RNAPII-S5P in bivalent genes in mouse ES cells (Landeira et al. 2010).
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Figure 1.3: Polycomb repressive complexes. PRC2 contains as core components Ezh2, Eed
and Suz12. Ezh2 mehyltransferase methylates lysine 27 of histone H3 (H3K27me).
This modification recruits PRC1. PRC1 contains proteins such as Bmil, Ring1B
and RinglA. Ring1B acts as a ubiquitin E3 ligase which monoubiquitinates histone
H2A on lysine 119 (H2AK119ub1). Image from Spivakov and Fisher [2007].

1.5.2 Polycomb-mediated gene silencing

The importance of Polycomb Group proteins in developmental regulation is well
established. Genome-wide mapping of PRC1 and PRC2 components in mouse (Boyer
et al., 2006, Ku et al., 2008) and human (Lee et al., 2006) ES cells revealed that many
PRC-targets include genes encoding homeodomain transcription factors such as Hox,
Pax, Irx and Six as well as other developmental regulators such as Fox and Sox that
are preferentially expressed upon differentiation (Boyer et al., 2006). PcG proteins are
thought to play a crucial role in maintaining ES cells” pluripotent state by binding to
the promoters of developmental regulators in order to establish repressive marks,
H3K27me3 and H2AK119ubl1, and suppress differentiation (Boyer et al., 2006). PRC2
components and Ring1B seem to be important during early stages of development, as
depletion of Eed, Suz12, Ezh2 or Ring1B/A is letal due to gastrulation defects
(reviewed in Landeira and Fisher, 2010). Apart from their roles in ES cell self-renewal
and differentiation, PRCs are also important in the regulation of cell proliferation,

senescence, and tumorigenesis (e.g. Jacobs et al., 1999, Varambally et al., 2002).
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Initial studies described PRC1 as an inhibitor of RNAPII recruitment through a
mechanism that prevented the access of SWI/SNF complexes to the TSS thereby
preventing PIC assembly due to (compact) chromatin inaccessibility (Francis et al.,
2004, Dellino et al., 2004). However, more recently, several studies have shown that
for the great majority of genes, PRC-binding does not prevent the binding of the
transcriptional machinery (Breiling et al., 2004, Stock et al., 2007, Chopra et al.,
2009b), thus suggesting that PRCs act to inhibit transcription elongation, rather then
RNAPII recruitment. The mechanism of interfering with transcription elongation is
thought to involve H2A ubiquitnation (Zhou et al., 2008, Stock et al., 2007) and /or
chromatin compaction (Eskeland et al., 2010). However, Stock et al. (Stock et al., 2007)
showed that in ES cells, RNAPII-S5P complexes elongate through gene coding
regions of PRC-repressed genes, and suggested that PRC1 does not inhibit
transcription elongation, but instead may interact with the RNAPII CTD which

possibly affects productive mRNA processing (Brookes and Pombo, 2009).

1.5.3 Polycomb recruitment

In Drosophila, Polycomb group proteins bind to cis-regulatory motifs termed
polycomb group responsive elements (PREs) (Mulholland et al., 2003). However, in
mammals, PREs or specific DNA sequences associated with the recruitment of PcG
proteins have not been identified. Mechanisms of PRC recruitment to its targets in
mammals is still under debate and is thought to involve more then one mechanism.
For instance, the DNA binding protein and transcriptional repressor, YY1, is
currently recognised as a mouse/human Polycomb protein (since it is a homologue
of Drosophila PcG protein PhO and can replace it’s function in vivo; Atchison et al.,
2003), therfore providing a mechanism for PRC recruitment in vertebrates. Morover,
noncoding RNAs have been shown to bind PRC2 and have been implicated in their

recruitment.

In ES and CD4+ T cells, short ncRNAs (50 to 200nt) from PRC-targets were found to
form stem-loop like structures that recruit Suz12 PRC2 subunit to their promoters
(Kanhere et al., 2010). Upon activation of these PRC-bound genes through
differentiation, short RNAs are depleted, thus demonstrating a mechanism by which
transcription has repressive functions. The situation in Drosophila is different. It has

been shown that transcription from a PRE leads to loss of Polycomb binding and
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derepression of the associated genes in Drosophila (Bender and Fitzgerald, 2002,
Hogga and Karch, 2002). In mammals several mechanisms of ncRNAs-mediated PRC
recruitment have been found. One example is HOTAIR which, expressed from the
Hoxc locus, recruits PRC2 to the Hoxd locus located in a different chromosome,
thereby regulating PRC recruitment in trans (Rinn et al., 2007). Moreover, a
genome-wide role for HOTAIR was shown in a human cancer cell line by
overexpression of HOTAIR which led to global changes in PRC2 occupancy and
H3K27me3, and in an increased cancer invasiveness and metastasis (Gupta et al.,
2010). Other examples relate to PRC-targeting in cis, such as Xist involved in X
chromosome inactivation (Zhao et al., 2008), and Kcnqlotl in the case of imprinted
repression (Pandey et al., 2008). Many other long ncRNAs (IncRNAs) have been
identified from human and mouse ES cells. In humans, ChIP-Chip experiments
determined that about 20% of these IncRNAs are physically associated with PRC2
(Khalil et al., 2009). As such, it is possible that other mechanisms of ncRNA

interactions to PcG proteins could exist.

1.5.4 Chromatin bivalency

In ES cells the great majority of PRC-targets display “bivalent” chromatin,
characterised by the concomitant detection of H3K4me3 and H3K27me3 (Azuara

et al., 2006, Bernstein et al., 2006; Figure 1.4). Bivalent genes are also enriched for
H3K9%ac (Azuara et al., 2006), and have CpG rich promoters (Mikkelsen et al., 2007),
and recruit RNAPII to their promoters, which is able to elongate and produce
transcripts that can be spliced, at least at the first intron (Stock et al., 2007). Bivalent
genes were also shown to replicate early in S phase (Azuara et al., 2006). Interestingly,
the histone variant H2AZ, typically associated with active genes, was found to
co-localize with many PRC2 targets (Creyghton et al., 2008). H2AZ and H3K4me3 are
mutually exclusive to DNA methylation (Cedar and Bergman, 2009, Zilberman et al.,
2008), which is consistent with lack of DNA methylation at PRC-targets (Meissner
et al., 2008). Genome-wide profiling of H3K4me3 and H3K27me3 identified
thousands of bivalent genes in both mouse (Mikkelsen et al., 2007) and human (Pan
et al., 2007, Zhao et al., 2007) ES cells, with ~50% of the targets being shared between
mouse and human (Sharov and Ko, 2007). This suggests that bivalency is a conserved

regulatory mechanism of gene control. Bivalency is thought to constitute a
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Figure 1.4: Schematic representation of chromatin at bivalent genes in ES cells and upon
differentiation. Bivalent genes are marked with H3K4me3 and H3K27me3 and
co-localize with the histone variant H2AZ. Upon differentiation H2AZ is removed
and some bivalency is resolved. Loss of H3K4me3 can be accompained by other
silencing pathways such as DNA methylation or H3K9me3. Image from Margueron
and Reinberg [2011].

mechanism of “poising” genes for subsequent activation or repression upon
differentiation, thus enabling ES cells to efficiently control gene expression during

differentiation (Azuara et al., 2006, Bernstein et al., 2006; Figure 1.4).

Since these original genome-wide studies, several other studies questioned the
specificity of bivalent domains to ES cells, as the co-association of H3K4me3 and
H3K27me3 was also observed in differentiated cells, including NPCs (Mikkelsen

et al., 2007), MEFs (Mikkelsen et al., 2007), lung fibroblasts (Pan et al., 2007), neurons
(Mohn et al., 2008) and T cells (Barski et al., 2007, Roh et al., 2006), albeit at a lower
frequency. Moreover, analysis of chromatin bivalency in Xenopus and Drosophila
suggests a different mechanism of PRC repression. In Xenopus gastrula stage
embryos, H3K4me3 and H3K27me3 do not co-occupy the same promoters (Akkers
et al., 2009). In cultured Drosophila cells, the H3K4me3 HMT Ash1 was found at a low
percentage (~5%) of PRC-target genes, and was suggested to reflect alternating states

or spatial regulation, rather then true co-localisation (Schuettengruber et al., 2009).

Bivalent genes can resolve to a univalent state (either H3K4me3, active; or H3K27me3,
repressed) or remain poised upon ES cell differentiation (Figure 1.4). It is not clear
how bivalent marks are resolved, but it is thought that the mechanism involves
histone HMTs and DNA methylation. For instance, PRC2 has been shown to recruit
DNA DNMTs during ES cell differentiation which act to repress appropriate genes

during lineage commitment (Vire et al., 2006). Bivalent chromatin might also be
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transitory during differentiation. An example of such phenomena comes from Nanog,
Sox2 and Octg pluripotency genes, which are active in ES cells but, before becoming

repressed in differentiated cells, acquire a transient bivalent state (Pan et al., 2007).

1.6 RESEARCH AIMS AND OBJECTIVES

In this thesis I aimed to investigate the interplay between RNAPII and Polycomb
repressor complexes in mouse ES cells. To this end, I integrated and analysed several
genome-wide datasets obtained at different regulatory levels (epigenomics,
transcriptomic, proteomics) and from different methodologies (ChIP-Seq, mRNA-Seq,
Microarray). To elucidate RNAPII modifications genome-wide in mouse ES cells, and
in particulary to characterise the PRC-repressed state, I examined RNAPII
configuration at active, PRC-repressed and inactive genes. To further investigate the
combinatorial association between RNAPII and Polycomb repressor complexes, I
aimed to group genes according to their different combinations of PRC and RNAPII
configurations using clustering techniques. Finally, I aimed to develop a software that
can be used to analyse Next-Generation sequencing datasets and to assist in the
interpretation of complex information, mainly through intuitive graphical
representation of grouped data and statistical testing. The work presented in this
thesis is mainly focused on the characterisation of the PRC-repressed state with
respect to epigenetic and RNAPII key CTD modifications, and in the general

elucidation of the “CTD code” in mouse ES cells.

1.7 THESIS OUTLINE

This thesis starts with a literature review (Chapter 1) of the state of the art on
mechanisms of gene regulation, particularly focusing on current view of RNAPII
CTD “code”, transcription priming mechanisms, and on Polycomb-mediated gene
repression in ES cells. Chapter 2 describes the methodology used, including a brief
description of the experimental work and a more detailed description of
bioinformatic methods employed in the work presented herein. Results are described
in chapters 3 to 6. In Chapter 3, I start by analysing genome-wide ChIP-Seq mapping

of RNAPII modifications, histone modification marks, and mRNA-Seq transcriptome
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in ES cells, and review some of the current accepted paradigms of the CTD “code” at
active and bivalent genes. In Chapter 4, I further integrate genome-wide maps of
PRC subunits and PRC-instigated histone modifications in the analysis, to further
investigate the interplay between RNAPII and PRCs. Here, I also describe the
development of a new classification methodology used in this thesis to classify genes
according to RNAPII and PRC-mediated histone modifications. In Chapter 5, I focus
on the unexpected finding of subpopulations of “silent” and “active” PRC-targets,
that are distinguished by the detection of RNAPII-S2P and full-length transcription at
the “active” subpopulation. Here, I investigate the molecular basis of this
antagonistic epigenetic profile, as well as formulate hypotheses of possible biological
mechanisms leading to this finding. Finally, in Chapter 6, I describe a software that I
have developed to aid in the analysis of ChIP-Seq data. I finish the thesis with a

general discussion and future research prospects in Chapter 7.
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2.1 EXPERIMENTAL METHODS

All wet laboratory experiments were performed by Emily Brookes or Kelly Morris.

Their collaboration is indicated in each figure of the thesis.

2.1.1  Cell culture

Mouse ES-OS25 and ES-ERT2 cells were grown as previously described (Billon et al.,
2002, Niwa et al., 2000, Stock et al., 2007). ES-ERT2 cells carry a tamoxifen-inducible,
conditional knockout of the core PRC1 protein Ring1B, and are also homozygous null
for the functional homologue RinglA. For Ring1B conditional deletion, ES-ERT2 cells
were treated for 24-72h with 800nM 4-hydroxy-tamoxifen (H7904, Sigma).

2.1.2  Chromatin immunoprecipitation: single and sequential ChIP

Fixed ChIP assays for RNAPII modifications, Ring1B and Ezh2 and native ChIP
assays for histone modifications (H2Aub1, H3K36me3) were performed essentially as
described previously (Stock et al., 2007, Szutorisz et al., 2005). Both assays were

adapted for high-throughput analysis through the use of magnetic beads.

For Sequential ChIP (re-ChIP), fixed chromatin was prepared and the first
immunoprecipitations set up using magnetic beads as for single ChIP. The second
round of immunoprecipitations was then carried out, also following the standard
protocol, adding magnetic beads and antibody directly. Enrichment was calculated
relative to the original input (chromatin) using the same amount of DNA in the

qPCR. To test for contamination of antibody remaining from the first
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immunoprecipitation, we included a no-antibody control in the second round of
immunoprecipitations as a negative control. As a positive control, we performed the
tirst and second immunoprecipitations using the same antibody. The order of

immunoprecipitations was also inverted to confirm specificity.

2.1.3 ChIP Cross-Linking Vs Native ChIP

Before the analysis of the ChIP chromatin, cross-linking of the DNA and proteins is
often needed to fix the chromatin interactions between the antigen of interest and its
binding site in the genome. We have used cross-linking ChIP protocol for the analysis
of RNAPII modifications, Ring1B and Ezh2, while histone modifications (H3K36me3
and H2Aub1) were analysed using native ChIP. The reason why we have used
different protocols is because histones normally do not need cross-linking as histones
are generally strongly attached to the DNA. The cross-linking step has to be
performed in very optimized conditions. Avoiding this step in a ChIP protocol can be
advantageous since cross-linking can prevent the availability of epitopes or generate
changes in the epitopes and thus reduce the relative abundance of the antigen. On
the other hand, proteins with weaker affinities to the DNA, or that do not interact
directly with the chromatin, need to be cross-linked in order for the ChIP to be
efficient. Cross-linking is achieved through the use of formaldehyde, as the links

formed can be reversed.

2.1.4 ChIP validation by qPCR

The isolated DNA from a ChIP experiment can be quantified using (real-time)
quantitative PCR (qPCR). This technique depends on the use of primers which target
specific DNA sequences. The material is then amplified and simultaneously
quantified by measuring changes in fluorescence. This technique allows for the
quantification of DNA (after ChIP enrichment) in a quicker and more cost effective
way then whole genome sequencing. qPCR experiments were performed for the

validation of samples sent for library preparation and of ChIP-Seq results.
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2.1.5 RNA purification and gene expression analysis by RT-PCR

Total RNA was isolated using TRIzol (Invitrogen) extraction following the
manufacturer’s instructions and immediately treated with TURBO DNase I (Ambion).
Treated RNA was reverse transcribed using random primers. The synthesized cDNA

was diluted 1:10, and 2.5ul were used for reverse transcriptase PCR (RT-PCR).

2.1.6 Illumina library preparation and sequencing: ChIP-Seq and mRNA-Seq

ChIP-Seq libraries were prepared according to Illumina protocols with some
modifications. Samples were PCR amplified prior to size selection. The mRNA-Seq
library was prepared from total RNA isolated from ES-OS25 cells by TRIzol
extraction, according to Illumina’s instructions with some modifications. After polyA
selection, ribosomal RNA was depleted using the Ribominus kit (Invitrogen),
according to the manufacturer’s instructions. Libraries were quantified by Qubit
(Invitrogen) and qPCR, and library size was assessed by Bioanalyzer (Agilent).
ChIP-Seq libraries were prepared at the WITCHG genomics facility, Oxford, in
collaboration with Jiannis Ragoussis. mRNA-Seq libraries were prepared by Kelly

Morris in collaboration with Jiannis Ragoussis.

2.1.7 Antibody validation by ELISA

ChIP is used for the selective enrichment of a chromatin fraction that contains a
specific protein or protein modification of interest. Antibodies that recognize the
antigen of interest are used to determine the amount of chromatin bound protein of
modified chromatin. A list of all antibodies used in the experimental work presented

in this thesis is summarised in Table 2.1.

The specificity of antibodies to RNAPII was characterised in detail. Enzyme Linked
Immunosorbent Assay (ELISA) and western blotting are typically used to demonstrate
that the correct antigen is detected by the antibody. In the case of RNAPII CTD
modifications, ELISA was used to test whether modifications adjacent to the
modification for which the antibody was originally raised can influence the antibody

performance. ELISAs were performed for all RNAPII antibodies used with peptides
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with different combinations of modifications in close proximity to the modified
aminoacid of interest to test if antibody affinity could be inhibited or decreased.
ELISAs were performed by Dirk Eick, Center of Integrated Protein Science, Munich;
Naohito Nozaki, Institute of Technology, Yokohama, Tokyo; and Hiroshi Kimura,

Graduate School of Frontier Biosciences, Osaka.

2.1.8 Immuno-cryoFISH

Co-localization of DNA loci with RNAPII ‘“transcription factories” was performed by
Sheila Xie on ultrathin cryosections as described previously (Branco and Pombo,

2006, Ferrai et al., 2010).

2.2 HIGH-THROUGHPUT SEQUENCING AND ALIGNMENT

2.2.1  ChlP-seq datasets

A summary of ChIP-seq datasets is presented in Table 2.1. We generated ChIP-Seq
data for the RNAPII modifications S5P, S7P, S2P and 8WG16, for the Polycomb
protein Ring1B, and for the histone modifications H3K36me3 and H2Aub1. We used
published ChIP-seq data for H3K4me3, H3K27me3 and core H3 (Mikkelsen et al.,
2007), for Suz12 and Ezh2 (Ku et al., 2008); all of which were generated in mouse
ES-V6.5 cells. For initial comparisons of our data with existing datasets, we used
published Ring1B data (Ku et al., 2008), and RNAPII-S5P and -S2P data from Rahl et
al. (Rahl et al., 2010), also generated in mouse ES-V6.5 cells. Libraries were sequenced
using Illumina Sequencing Technology at the WICHG genomics facility or the
MRC-CSC Genomics laboratory using an Illumina Genome Analyser 1II, according to

manufacturer’s instructions.

2.2.2  mRNA-Seq datasets

We generated mRNA-Seq data after polyA+ RNA purification and ribosomal RNA
depletion. We also analysed published mRNA-Seq data (SOLiD sequencing data;
Cloonan et al., 2008). Gene expression datasets used in this study are summarized in

Table 2.1. Libraries were sequenced using Illumina Sequencing Technology at the
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MRC-CSC Genomics laboratory using an Illumina Genome Analyser II, according to

manufacturer’s instructions.

2.2.3 Alignment of sequenced reads

The following criteria were used to filter and align the DNA reads for further
analysis: each tag was required (i) to pass the Illumina chastity filter; (ii) to match
uniquely to the most recent mouse genome version (mm9) and (iii) to have at most
two mismatches (thus defining a “‘unique” DNA read). Allowing for mismatches is
important since there could be sequencing errors or differences in the sequenced
genome compared to the genome of reference (e.g. single-nucleotide polymorphisms,
genome annotation errors) that prevent the DNA read to align perfectly to the
reference genome. ChIP-Seq datasets were aligned using ELAND pipeline versions
1.3 or above and mRNA-Seq datasets were aligned with the ELAND RNA
implementation of CASAVA 1.6.

Published ChIP-Seq datasets (fastq format) were re-mapped to the mm9 genome
using Bowtie software, version 0.9.8.1 (Langmead et al., 2009). When aligning reads
with Bowtie, one can choose to either ignore any read that maps to more then one
location or to keep one of the hits among the multiple possibilities. To allow direct
comparison with [llumina data (allowing 2 mismatches and unique reads only), the
option “-m 1” was used. Specifying “-m 1” instructs Bowtie to discard any read with

more than 1 reportable alignment.
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Table 2.1: List of ChIP-Seq and mRNA-Seq datasets used in this thesis.

Seq dataset Antibody Dataset source Cell type Mapped reads
(millions)
S5P CTD4HS8 (MMS-128P, - ES-0S25 22
Covance)
S5P ab5131 (Abcam) Rahl et al. [2010] ES-V6.5 4
(GSM515662)
8WG16 8WG16 (MMS-126R, - ES-0S25 24
Covance)
S7P 4F12 (Chapman et al., - ES-OS25 11
2007)
S2P H5 (MMS-129R, - ES-0OS25 33
Covance)
S2pP H5 (ab24758, Abcam) Rahl et al. [2010] ES-V6.5 11
(GSM515663)
Ring1B A-20 - ES-0S25 28
(Atsuta et al., 2001)
Ring1B A-20 Ku et al. [2008] ES-V6.5 4
(Atsuta et al., 2001) (GSM327669)
Ezh2 39103, Active Motif Ku et al. [2008] ES-V6.5 9
(GSM327668)
Suz12 ab12073 (Abcam) Ku et al. [2008] ES-V6.5 13
(GSM327667)
H2Aubl E6C5 (Upstate) - ES-0S25 18
H3K27me3 07-449 (Upstate) Mikkelsen et al. [2007] ES-V6.5 8
(GSM307619)
H3K4me3 ab8580 (Abcam) Mikkelsen et al. [2007] ES-V6.5 9
(GSM307618)
H3K36me3 13C9 - ES-0S25 23
(Rechtsteiner et al., 2010)
H3 ab1791 (Abcam) Mikkelsen et al. [2007] ES-V6.5 7
(GSM307624)
mRNA-Seq - - ES-0S25 93
(this study)
mRNA-Seq - Cloonan et al. [2008] ES-W9.5
(SRA000306) 8
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2.3 PROCESSING OF GENOME-WIDE SEQUENCING DATA

Subsequently to the alignment of the DNA reads to the genome, the processing of the
ChIP-Seq and mRNA-Seq data is followed by the analysis of read density patterns.
The first step is to convert the alignment files from the typical tags-to-positions to
count-per-position data (i.e. bedGraph files). Subsequently, sequencing of depth at
specific windows of interest can be calculated and used to draw aggregate profiles
that summarize the pattern of enrichment at given genomic window for a group of

genes.

2.3.1  Generation of bedGraph Files

The bedGraph file format contains genome-wide nucleotide-resolution information of
read coverage. ‘bedGraph’ files are a file type that can be directly uploaded into the
University of California Santa Cruz (UCSC) Genome Browser (Kent et al., 2002) which
allow visual inspection the sequencing depth and coverage at any genomic location

of interest.

2.3.2  Computation of sequencing depth of coverage at genomic intervals of interest

Data for each ChIP-Seq library are presented in windows covering gene regions of
interest. Read “depth of coverage” was computed by calculating the area under the
coverage curve (i.e. number of sequenced nucleotides that overlap the window of
interest). Box plots displaying the median, upper and lower quartiles and the range
of the data were generated by calculating the depth of coverage in 2kb windows of

interest located either relative to the TSS or TTS of genes. R software (R Development

Core Team, 2010) was used to generate heatmaps, average profile plots and box plots.

Python scripts were used to generate “depth of coverage” counts.

2.3.3 Data visualisation in the log scale

Logio transformation was applied before plotting heatmaps, box plots and
correlation plots. As values equal to zero are meaningful in ChIP-Seq and mRNA-seq

data, a constant (+1 and +0.0001, respectively) was added to all data points before log
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transformation or before length normalisation, for ChIP-Seq depth of coverage or
mRNA-Seq FPKM levels, respectively, unless otherwise stated. ChIP-Seq levels were
quantified using “depth of coverage” at each genomic window of interest (relative to
the TSS or TTS of genes). Therefore, within all windows, values typically range from
0 to five orders of magnitude and adding the constant 1 did not affect the overall
distribution of the data values. FPKM levels ranged from 0 to three orders of

magnitude and thus the constant added had to be chosen accordingly.

2.3.4 Visualisation of the distribution pattern of ChIP-Seq reads in gene 5" and 3’ regions

In order to access the abundance of ChIP-Seq reads at gene regions of interest, depth
of coverage was calculated in non-overlapping 10bp windows (to produce average

ChlIP-seq profiles) or in 100bp windows (to produce heatmaps).

To analyse the distribution pattern of read density near the 5" end or 3" end, genes
were aligned according to their TSS or TTS. To produce average ChIP-Seq profiles,
the mean value at each window position was calculated. Line graphs or heatmaps
were drawn to visualize the profile of read density in R. A region of up to 10kb
around the TSS or TTS (5 kb upstream and 5 kb downstream), was used in the

analysis of each gene.

2.3.5 FPKM calculation

FPKM levels were calculated for our own mRNA-Seq library and for mRNA-Seq
datasets published in Cloonan et al. [2008] using Tophat version 1.0.13 (Trapnell et al.,
2009) and Cufflinks version 0.8.2 (Trapnell et al., 2010), to allow detection of reads

crossing exon-exon junctions and calculation of FPKM levels per transcript.

2.4 ANALYSIS OF PUBLISHED ANNOTATION DATASETS

2.4.1  Microarray datasets and gene expression analyses

Details of all genomic annotations used in this study are listed in Table 2.3.



2.4 ANALYSIS OF PUBLISHED ANNOTATION DATASETS

For the comparison of mRNA-Seq expression data with microarray datasets, we used
published gene lists of expression values directly downloaded from two studies in
which the authors have used GeneChip microarrays (Mikkelsen et al., 2007, Sene

et al., 2007).

For the analysis of Ring1B knockout data, Affymetrix microarray mRNA profiles for
mouse ES-ERT2 cells prior to and 48h after Ring1B deletion (RinglA/B-dKO) were
obtained from published CEL files (GSM265042, GSM265043; Endoh et al., 2008).
When multiple probes matched to a unique gene position the average of all log,

fold-change intensities was taken as the expression level for that gene.

For the analysis of differentiation data, raw Affymetrix microarray expression
datasets from mouse ES cells in undifferentiated and differentiated (2, 4, 6, and 8
days after LIF withdrawal) states were obtained from a published CEL files
(GSE19165; Shen et al., 2009). Raw Affymetrix data was normalized and annotated
using the GCRMA and mouse4302.db Bioconductor packages, respectively
(Gentleman et al., 2004, Wu et al., 2004). To visualize differentiation microarray data
we used MultiExperiment Viewer (Saeed et al., 2003). The bioinformatic analysis of
differentiation data from Shen et al. [2009] was performed by Tom Carroll, MRC-CSC,

London.

2.4.2  Other genome-wide annotation datasets

The analyses presented in this study rely on the use of several other published
annotations which are summarised in Table 2.3. Namely, we have used proteome
(Graumann et al., 2008, Van Hoof et al., 2006), DNA methylation (Fouse et al., 2008)
and transcription factor published datasets (Chen et al., 2008, Kim et al., 2005). In all
cases, the data was downloaded as gene lists and used directly after converting
between gene symbols. In this thesis, I have used UCSC IDs as the primary gene
identification ID. Gene IDs were converted from RefSeq or Entrez to the UCSC IDs
using mm9 conversion tables (Karolchik et al., 2003), namely mmg.kgXref.refseq and

mmag.refLink.locusLinkld, respectively, and R software.
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Table 2.3: Sources of genomic annotations downloaded from selected published papers

Dataset and Source Cell type Additional Information
mRNA Microarrays; ES-V6.5 cDNA was generated from poly(A)+ mRNA and
Mikkelsen et al. hybridized to Affymetrix GeneChip Mouse
[2007] Genome 430 2.0 Array.
mRNA Microarrays; ES-V6.5 c¢DNA was generated from poly(A)+ mRNA and

Sene et al. [2007]

hybridized to Affymetrix GeneChip Mouse
Genome 430A and 430B set.

mRNA Microarrays; ES-ERT2
RinglA/B

knockout;

Endoh et al. [2008]

Ring1A /B double-knockout (dKO) was generated
by OHT treatment during 48 hours.
Genome-wide mRNA analysis were performed
using Affymetrix GeneChip Mouse Genome 430
2.0 arrays.

mRNA Microarrays; ES-J1

ES cell
differentiation;

Shen et al. [2009]

Wild-type ES cells were differentiated after LIF
withdrawal and mRNA was extracted from day 0,
2,4, 6 and 8. Genome-Wide mRNA analysis was
performed using Affymetrix GeneChip Mouse
Genome 430 2.0 arrays.

Total ES proteome; ES-D3 Proteins were extracted from ES cells and
Van Hoof et al. identified by mass spectrometry.
[2006]
Total ES proteome; ES-R1 Proteins were extracted from ES cells and

Graumann et al.,

2008

quantified by stable isotope labeling by amino
acids in cell culture (SILAC).

DNA methylation ES-J1
(mDIP-Chip);

Fouse et al. [2008]

Genome-wide mapping of DNA methylation
patterns were obtained by coupling methylated
DNA immunoprecipitation with DNA microarray
chip technology (mDIP-Chip). DNA was
immunoprecipitated with an antibody to
5-Me-cytosine. Microarray hybridisations were
performed on the Agilent Whole Genome
microarrays (G4122A).

TF ChIP-Seq; ES-E14
Chen et al. [2008]

Binding sites for thirteen transcription factors
were mapped using commercially available
antibodies and ChIP-Seq. To associate binding
sites with genes, an association score for each pair
of gene and TF was computed based on the
relative distance to the TSS of the gene.

TF ChIP-ChIP; ESJ1

Kim et al. [2008]

In vivo binding sites for nine transcription factors
were obtained by biotinylation mediated

ChIP (bioChIP). Microarray hybridisations were
performed on the Affymetrix GeneChip Mouse
promoter 1.0R arrays.
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2.5 CHOICE OF A NON-REDUNDANT GENOME

UCSC Known Genes annotation track contains gene predictions based on data from
RefSeq, Genbank, and UniProt (Karolchik et al., 2003). The mouse genome dataset
(mm09 version, release date March 2007) contains 49409 annotated transcripts, many

of those corresponding to splice variants of the same gene.

To build a non-redundant gene set, I used the information from
mmg.Knownlsoforms.clusterid and mmg.KgXref tables to link annotated transcripts into
clusters that represent genes. The initial dataset comprised a total of 18860 gene
clusters, where each cluster was represented by one or more RefSeq genes. Genes
belonging to random chromosomes were discarded. I selected the ‘representative’
UCSC gene from each cluster according to the following criteria (schematized in

Figure 2.1):

1. For each gene cluster, we selected as representative the isoform with the highest

S5P enrichment in a 2kb window centered at the isoform TSS;

2. For the gene clusters that were still represented by more then one isoform, we
selected the isoform with the highest S2P enrichment in a 4kb window centered

at the isoform TTS;

3. For clusters that survived the previous criteria, the representative gene was
selected by considering the canonical transcript as annotated in the
mmg.knownCanonical.transcript UCSC table. According to this process, within a
cluster, the gene with the highest number of coding bases is chosen as the

representative canonical gene;

4. Finally, for complete duplicate entries (based on the previous criteria), we

selected a random isoform as the representative for that gene cluster.

This process produced a list of 18860 unique UCSC Known Gene IDs, and their
corresponding RefSeq IDs.
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18860 gene ) For each gene cluster, get as representative
All UCSC knownGenes clusters the UCSC ID with higher Ser5SP (TSS)
from mm9.knownGenes table |
| .
n = 49409 transcripts If there are still

| cases of ambiguity

Group transcripts |

into clusters that | For each gene cluster, get as representative

represent genes the UCSC ID with higher Ser2P (TTS)
using mm9.Knownlsoforms table

| 1
n = 27389 gene clusters If there are still
cases of ambiguity

Extract genes with at least
one RefSeq representative
using mm9.kgxXref table
and are not in chr_random or chriM

For each gene cluster, get as representative
the canonical gene / gene with higher coding bases
using mm9.knownCanonical.transcript table

If there are still
cases of ambiguity

For each gene cluster, get as representative
a random UCSC ID

18860 UCSC IDs

Figure 2.1: Scheme of the methodology used to build a candidate gene set for downstream
analyses.

2.6 GENE ONTOLOGY ANALYSIS

Analysis of GO functional enrichment was performed using the Fisher’s exact test
implemented in the topGO Bioconductor package (Alexa et al., 2006) and the GO
term to Entrez gene ID annotation provided within the org.Mm.eg.db Bioconductor
annotation database (Version 2.4.1; Gentleman et al., 2004). Enrichment of GO terms
for each gene cluster was tested using all genes within every cluster as a reference set.
Significance was identified for GO terms with p-values less than 0.05. In order to
capture GO terms of higher order annotation, the resulting enriched GO terms were
filtered to their significant ancestors which were highest within the GO graph. The

method of capturing the GO term of higher order was developed by Tom Carroll.
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2.7 KEGG PATHWAY ANALYSIS

Annotation for KEGG pathways and their associated genes were retrieved from the
KEGG FTP site (ftp://ftp.genome.jp/pub/kegg/; Kanehisa and Goto, 2000).
Enrichment of KEGG pathways by group members was assessed by hypergeometric
testing using the R Stats package and false discovery rates calculated using the R

Multtest package (Venables and Smith, 2003).

2.8 CLASSIFICATION SCHEME

To investigate the combinatorial association of each gene with RNAPII or
PRC-mediated histone modifications, we classified each gene as positive or negative
for each modification at regions of interest. We integrated the “depth of coverage”
within the selected windows of interest for each modification across all RefSeq genes
to capture local read density. Each gene was characterised by the sequencing depth at
2kb windows defined relative to either the TSS or TTS, depending on the factor
analysed. To convert depth of coverage (i.e. continuous values) into binary
classifications, we used an expectation maximization algorithm (optim function in R)
to fit a two-component Gaussian mixture distribution to the distribution of
sequencing depth data values. A Gaussian curve on the left was used to model the
‘noise” distribution and a lognormal curve on the right models the distribution of the
‘real signal’. Ultimately, the curve fitting approach allowed the identification of a
threshold at a given false discovery rate (FDR). The FDR is the quotient between the
expected proportion of false positive detections and the total number of detections.
We used an FDR of 1%, thus setting the threshold to a value where the proportion of
‘noise’ corresponds to 1% of the total area of the mixture on the right of the threshold,
ensuring that the number of false positive detections will be small. The threshold was
then used to categorise the continuous values into binary ‘“positive” or ‘negative” (1,0)
events that denote, respectively, the presence or absence of a given histone mark or
RNAPII (either at TSS or TTS region). Gene classification methodology was
developed in collaboration with Sarah Teichman and Daniel Hebenstreit, MRC-LMB

Cambridge, and recently published as a webtool (Hebenstreit et al., 2011).
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2.9 HIERARCHICAL CLUSTERING

The input matrix was composed of 15404 RefSeq genes and seven binary variables.
The binary variables corresponded to 0/1 values which denoted the
presence/absence of a given modification at the analysed gene region of interest. The
gene regions of interest were chosen prior to the binary classification (either 2kb
window centered at the TSS, 2kb window upstream the TTS or a 2kb window
downstream the TTS). The seven variables (and respective gene windows) used in the
cluster were: S5P (TSS), 8WG16 (TSS), S7P (TSS), S5P (upstream TTS), S2P
(downstream TTS), H3K27me3 (TSS) and H2Aub1 (TSS). All pairwise dissimilarities
in the data matrix were computed in R statistical software using the Gower
coefficient (Gower, 1971); hierarchical clustering was calculated using the average

linkage method and the function hclust in R.

2.10 PRINCIPAL COMPONENT ANALYSIS

Principal component analysis was performed in R using the function prcomp and the
same data matrix used for the hierarchical clustering (15404 x 7), but using the
continuous values instead of the binary classification. Continuous values
corresponded to sequencing depth at each gene window considered in the analysis
(either 2kb TSS windows or 2kb TTS windows). Since the number of sequenced reads
is different between ChIP samples, the data matrix had to be normalised prior to the
PCA analysis. The method used is known as “standardization” and involves
centering and scaling each column by subtracting the mean and dividing by the

standard deviation. This was done by using scale function in R.

2.11 CPG AND GC CONTENT ANALYSIS

2.11.1  Calculation of percentage CpG and GC

DNA sequences covering -1 to +1kb of the TSS of each gene were downloaded from
UCSC table browser (Kuhn et al., 2009). Percentage CpG and percentage GC were

calculated for each 2kb sequence using the formula:
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o _ (number CpG) x2 o _ numberof C + numberof G
/OCPG  sequencelength 1oGC = sequence length

2.11.2  CpG OJE calculation and distribution pattern

In order to visualise the distribution profile of CpG relative abundance at gene 5" end
regions, I calculated the CpG “observed over expected” ratio (O/E) in windows of
length 200bp with an overlap of 150bp between windows. CpG O/E was calculated
using the formula:

CpG (O/E) _ numberof CpG

number of C x numberof G

To produce average CpG O/E profiles, genes were aligned according to their TSS and
the mean value at each window position was calculated. A region covering -3 to +3kb
of the TSS of each gene was used in the analysis. The distribution pattern of %GC
across the same regions was calculated as described, but instead of CpG O/E, the

%GC was used.

2.12 GSEA ANALYSIS

Gene-set enrichment analysis (GSEA) were performed using GSEA software
(Subramanian et al., 2005). Given a ranked gene list and a list of genes of particular
interest, GSEA tests whether the genes of interest are randomly distributed along the
ranked list or particularly found near the edges, with the latter indicating an
association of high/low scores. GSEA was originally built to interpret gene
expression data, however the statistical method can be used to test if any a priori set

of genes are significantly enriched for a particular biological state.

2.13 SEQGI SOURCE CODE IMPLEMENTATION

SeqGlI (Chapter 6) is a software developed to aid analyses and comparison of
ChIP-Seq data. Its source code consists of three components: (i) OGRe script, a
standalone Python script used to calculate read density at user defined genomic
windows; (ii) the graphical user interface (GUI) written in Python; (iii) and a set of

statistical tests written in R to analyse and compare count-type data.
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SeqGI home page is available online at http:/ /seqgi.sf.net. All source code is

available to download at http:/ /sourceforge.net/projects/seqgi/.

2.13.1  Computation of overlapping genomic intervals via OGRe.py

I developed OGRe.py based on the original concept of “Fjoin” algorithm published
by Richardson [2006]. OGRe script was written in Python (http:/ /www.python.org/).
Python interpreter is called within SeqGI to run OGRe, which can also be used as a
standalone script. When used within SeqGI, OGRe output is integrated with SeqGI

for visualisation and statistical testing.

2.13.2  SeqGl graphical user interface

The GUI was written in Python using wxPython toolkit
(http:/ /www.wxpython.org/) and the GUI designer wxGlade
(http:/ /wxglade.sourceforge.net/). Visualisation tools were implemented using

matplotlib python 2D plotting library (http:/ /matplotlib.sf.net/).

2.13.3 Statistical analyses within SeqGI

Statistical analyses were implemented in R and integrated within the workflow of
SeqGlI. R version 2.9.12 is distributed with SeqGI. SeqGI communicates user
instructions to R using “subprocess” python standard library, which performs the test
and outputs the result back to SeqGI. Implementation of R scripts and methodology

for the statistical analysis is being developed in collaboration with Tom Carroll.
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GENOME-WIDE MAPPING OF RNAPII AND TRANSCRIPTOME
ANALYSIS IN MURINE ES CELLS

3.1 RESEARCH MOTIVATION

NGS technologies are quickly being used to explore biological questions in a
genome-wide fashion. Chromatin-immunoprecipitation followed by

sequencing (ChIP-Seq) is among the NGS applications widely used to investigate the
profile of DNA-binding proteins or other chromatin-related features, such as histone

modifications.

My aim in this project was to provide a genome-wide characterization of RNAPII
CTD modifications within the mouse ES cell genome using bioinformatic analysis of
ChIP-Seq data. In particular, I aimed to examine the CTD modifications at genes with
different epigenetic states, from the most expressed genes to bivalent and the least
expressed genes in the genome. Moreover, to gain insights into the function of
“poised” RNAPII complexes, I aimed to characterise the transcriptional status of
bivalent genes using for this propose publicly available expression datasets and our

own deep mRNA-Seq profiling of the ES transcriptome.

The experimental work presented in this chapter was carried out by E. Brookes. All
ChIP-Seq libraries were prepared at the WICHG genomics facility, Oxford, in

collaboration with Jiannis Ragoussis. mRNA library was generated by K.J.Morris.
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3.2 STATE OF THE ART

3.2.1 RNAPII CTD “code”

In mammals, the RNAPII CTD consists of 52 heptapeptide repeats of the consensus
sequence Y1-52-P3-T4-S5-P6-S7 (Corden et al., 1985). When RNAPII is attached to the
chromatin, a yet unknown number of CTD repeats become phosphorylated, at least,
on three serine residues, S5, S2 and S7. CTD post-translational modifications take
place at different stages of the transcription cycle. Several studies have shown that
RNAPII with particular CTD phosphorylation patterns (CTD “code”) act as a
recruiting platform for different HMTs and RNA processing machinery, integrating
chromatin modification with RNA processing and transcription (Hirose and Ohkuma,
2007). Serine 5 phosphorylation (S5P) is associated with transcription initiation,
capping (Ho and Shuman, 1999, Rodriguez et al., 2000) and recruitment of H3K4
methylases (Milne et al., 2005, Ng et al., 2003), while S2P correlates with elongation,
splicing, polyadenylation and recruitment of H3K36 methylases (Krogan et al., 2003,
Xiao et al., 2003, Li et al., 2003). S7P has been more recentely addressed, and was
found to be present at promoters and gene bodies of actively transcribed genes in

yeast (Mayer et al., 2010, Tietjen et al., 2010, Kim et al., 2010a).

3.2.2  RNAPII at bivalent genes in ES cells

RNAPII is recruited to many inactive genes in ES cells (Guenther et al., 2007, Kim
et al., 2005) and in the early Drosophila embryo (Zeitlinger et al., 2007), including
polycomb-repressed genes (Chopra et al., 2009b, Stock et al., 2007). In mouse and
human ES cells, Polycomb-repressed genes contain chromatin modifications that are
associated with gene activity (H3K4me3) and repression (H3K27me3, H2Aub1)
modifications. The occurrence of H3K4me3 and RNAPII at the promoter regions of
inactive genes was interpreted to prime genes for subsequent activation (Azuara

et al., 2006, Bernstein et al., 2006). Bivalent genes are enriched in developmental
specific functions (Bernstein et al., 2006), are replicated early (Azuara et al., 2006),
have CpG-rich promoters (Mikkelsen et al., 2007), and are transcribed at low levels in

ES cells (Stock et al., 2007).



3.2 STATE OF THE ART

Our laboratory has demonstrated the presence of RNAPII “poised” at a panel of
developmental regulator, bivalent genes in mouse ES cells, despite their
PRC-dependent repression (Stock et al., 2007). The population of poised RNAPII is
characterized by an unusual pattern of CTD phosphorylation, with high levels of
phosphorylation at S5, no detectable S2 phosphorylation, and an unexpected lack of
recognition by an antibody which recognizes the unphosphorylated S2 residues
(8WG16). The importance of a CTD modification “code” in dictating epigenetic and
expression states, suggests that the unusual set of CTD phosphopatterns of RNAPII
complexes at PRC-repressed genes may be important in the silencing of these genes,
while keeping them poised for activation (Brookes and Pombo, 2009). More extensive
analysis became necessary to further explore combinations of CTD modifications on
a global scale in ES cells. We used ChIP-Seq to generate genome-wide maps of
RNAPII modifications other publicly available datasets to further expand our
knowledge of detailed RNAPII configurations at active, PRC-repressed and inactive

genes in the mouse ES cell genome.
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3.3 RESULTS
3.3.1 Generation of genome wide transcriptome data

To obtain genome-wide coverage of the mouse transcriptome, cDNA was generated
from mouse OS25 ES cells and subsequently sequenced using Illumina sequencing in
four consecutive lanes. mRNA-Seq library was prepared by K. Morris. Reads were
aligned against the UCSC mm9 genome (Karolchik et al., 2003), with the ELAND
RNA implementation of CASAVA 1.6. A total of 107 million high quality sequenced
reads (i.e. reads that passed Illumina’s chastity filter) were generated, of which 87%
(93 million) mapped to the mouse genome Table 3.1.

Table 3.1: Number of mapped reads from mRNA-Seq dataset. The percentage of mapped

reads correspond to the number of reads that map to the mm9 genome out of the
total number of reads that pass Illumina’s quality chastity filter.

Mapped reads % of mapped

Run (millions) reads
lane 1 204 75.6%
lane 2 243 89.0%
lane 3 242 89.5%
lane 4 24.0 88.8%

Comparison of the four technical replicates revealed that the method is highly
reproducible, with Spearman’s rank correlation coefficient ranging from 0.76 to 0.77

when comparing the location of aligned reads between pairs of libraries (Figure 3.1).
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Figure 3.1: Comparison of read counts between independent sequencing lanes of the mRNA
library. Counts were calculated in 1kb windows covering the entire mouse genome
and log10 is plotted for each pair of technical replicates. To avoid taking the log
of 0, the constant 1 was added to raw data. There is a strong positive correlation
between sequencing lanes. Spearman’s rank correlation coefficient is depicted in
each scatter plot (rs).

To validate the uncommitted state of the OS25 ES cells used to prepare the libraries, I
inspected expression levels across pluripotency and differentiation specific marker

genes (Figure 3.2). A high number of sequenced tags overlapping pluripotency genes
(Octq, Sox2, Nanog) was identified, appropriately enriched at the exonic regions, and
a low number of tags at differentiation marker genes (Sox17, Gataq, Gata6). Thus, the

cultured OS25 cells represent a population of undifferentiated ES cells.
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Figure 3.2: Inspection of mRNA-Seq profiles and levels across single genes. Oct4, Sox2 and
Nanog are expressed in pluripotent cells, while Sox17, Gatag and Gata6 represent
markers for differentiation. Y-axes represent the number of reads. Arrows indicate
gene start and direction of transcription. Black boxes indicate exons.

3.3.2  Generation of genome-wide profiles of RNAPII phosphorylation

To begin exploring the CTD code, the occupancy profiles of three major CTD marks

was examined across the mouse genome.

CTD phosphorylation was mapped by ChIP-Seq using a panel of four well
characterised antibodies (Xie et al., 2006, Stock et al., 2007, Ferrai et al., 2010): 4H8
antibody recognizes S5P residues; 4E12 recognizes S7P residues; H5 binds to S2P
residues, and finally 8WG16 which targets unphosphorylated S2 residues. The
specificity of all RNAPII antibodies was confirmed by ELISAs (Brookes, de Santiago
et al., 2011; submitted). As a control DNA immunoprecipitated in the absence of
antibody (mock IP) was sequenced. Immunoprecipitated DNA was prepared by E.
Brookes using wild-type mouse OS25 ES cells and libraries were sequenced in two to
three runs for each biological sample (RNAPII, mock IP and H3K36me3 samples)
using Illumina’s Genome Analyzer II at the WTCHG genomics facility, Oxford.
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To integrate CTD phosphorylation with chromatin histone modification patterns, we
investigated H3K4me3 and H3K36me3 genome-wide profiles. H3K36me3
genome-wide maps were obtained in our laboratory from Illumina sequencing of a
Native ChIP sample, while H3K4me3 datasets were obtained from Mikkelsen et al.
[2007] in mouse V6.5 ES cells, and downloaded from GEO database (GSM307618).
Sequenced reads were subsequently aligned to the mm9 assembly of the mouse
genome using the Illumina alignment software Eland for our ChIP-Seq samples or
Bowtie alignment software (Langmead et al., 2009) for publicly available datasets, as
described in Chapter 2 (i.e. allowing at most two mismatches in each alignment, and
ignoring reads that align to multiple genomic locations). On average, between all
sequencing runs, 73% of reads mapped to a unique genomic location. Possible
reasons for reads not mapping to the genome include the presence of higher
sequencing errors, insertions/deletions, polymorphisms, and reads mapping to
multiple repetitive regions (Leleu et al., 2010). A summary of the number of DNA
reads sequenced at each sequencing run, and their mapping to the mouse genome is

presented in Table 3.2.
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Table 3.2: List of ChIP-Seq datasets used in this study. The percentage of mapped reads
correspond to the number of reads that map to the mm9 genome out of the total
number of reads that pass Illumina’s quality chastity filter.

% of mapped
Nr of Mapped reads
ChIP-Seq dataset Antibody reads (Illumina
runs (millions)
alignment)
gsp CTD4HS8 ) lane 1: 10.9 lane 1: 80.9%
(MMS-128P, Covance) lane 2: 11.1 lane 2: 81.7%
8WG16 lane 1: 7.0 lane 1: 77.7 %
8WG16 2
(MMS-126R, Covance) lane 2: 17.4 lane 2: 74.3%
4E12 lane 1: 5.4 lane 1: 58.7%
S7P 2
(Chapman et al., 2007) lane 2: 5.8 lane 2: 58.3%
lane 1: 5.4 lane 1: 75.7%
H5
S2P 3 lane 2: 7.2 lane 2: 77.9%
(MMS-129R, Covance)
lane 3: 20.5 lane 3: 77.5%
lane 1: 5.9 lane 1: 58.6%
Control No antibody 2
lane 2: 5.7 lane 2: 57.8%
13C9 lane 1: 10.4 lane 1: 84.1%
H3K36me3 2
(Rechtsteiner et al., 2010) lane 2: 12.8 lane 2: 84.9%
H3K4me3 ab8580 (Abcam)
6 total: 9.2
(Mikkelsen et al., 2007) (GSM307618)

Before combining sequencing reads from different lanes, I calculated the sequencing
depth across sliding windows of 1kb length covering the whole genome and
correlated these levels between each pair of lanes. For each library, counts are highly
correlated across lanes (Spearman’s correlation ranges between 0.59 and 0.78;
Figure 3.3) confirming the technical reproducibility and accuracy of Illumina
sequencing data. Errors between ChIP-Seq lanes are greater then between mRNA
sequencing lanes especially between windows with lower counts that do not correlate
between technical replicates of ChIP libraries. These less well correlated windows are
probably reflecting higher library complexity in Chip-Seq datasets that sample the

whole genome and different number of mapped reads.
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Reproducibility of sequencing replicates of the same ChIP-Seq library. In each

panel, the log10 read counts for each 1kb window are plotted for each pair of
technical replicates: RNAPII-S5P, -8WG16, -S7P, -S52P, H3K36me3 and mock IP
(control) libraries. To avoid taking the log of 0, the constant 1 was added prior to
taking logs. Spearman’s rank correlation coefficient is depicted in each scatter plot
(rs). There is a strong positive correlation between independent sequencing lanes.
Counts correspond to the number of read-nucleotides per 1kb window.

3.3.3 Validation of the ChIP-Seq data by quantitative real-time PCR

To validate the quality of ChIP-Seq experiments, the profile of ChIP-Seq enrichment

was compared with qPCR analysis at single genes. ChIP-Seq and mRNA-Seq profiles

(Figure 3.4) and qPCR profiles (Figure 3.5) were obtained for a panel of active,

PRC-repressed and silent genes for which the binding of RNAPII phosphoforms (S5P,

8WG16 and S2P) has been well documented (Stock et al., 2007). At active genes

(B-actin, Octq, Sox2), we detect high expression levels with appropriate enrichment of

mRNA-Seq tags over spliced exons; S5P, SWG16 and S7P peak at the promoter, while
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S2P increases throughout the genes’ coding region and peaks downstream of the TTS.
Silent genes (Myf5) or genomic regions (5’"HS2), show no or little enrichment for
RNAPII modifications. Finally, single gene analyses by qPCR (Figure 3.5 ) show that
S5P levels at PRC-repressed genes (Atoh1, Msx1, Hoxay, Gatag) can be as high as at an
active gene; however S2P is not detectable above background levels, confirming the
presence of a novel pattern of CTD phosphorylation at PRC-repressed genes (Stock
et al., 2007). ChIP-Seq profiles are comparable to qPCR results demonstrating, for the
panel of selected genes, known RNAPII binding patterns.
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Figure 3.4: ChIP-Seq and mRNA-Seq profiles across single genes. ChIP-Seq profiles are
comparable to qPCR, with binding of RNAPII detected at active and PRC-repressed
genes but little or low signal at silent genes. Y-axes represent the number of reads.
Arrows indicate gene start and direction of transcription. Black boxes indicate

exons.
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Figure 3.5: Quality control gPCR for RNAPII and H3K36me3 ChIP samples across genes
previously studied (Stock et al., 2007) (The same genes depicted in Figure 3.4).
Enrichment of S5P, 8WG16, S7P, S2P and H3K36me3 at active, PRC-repressed and
silent genes in murine OS25 ES cells was assessed by ChIP and qPCR at promoter
(red bars) and coding regions (blue bars), using published primers (Stock et al.,
2007; qPCR experiments were performed by E. Brookes). ChIP enrichment is
expressed relative to input DNA using the same amount of DNA in the PCR.
Background levels (mean enrichment from control antibodies and beads alone)
at promoter and coding regions are shown as pale grey or white bars, respec-
tively. Mean and standard deviations are presented from 2-4 independent ChIP
experiments.

3.3.4 RNAPII and transcriptome coverage of the mouse genome in ES cells

RNAPII is expected to be found at protein-coding and non-coding genes but also at a
diverse range of intergenic locations, such as enhancers, or at locations overlapping
common enhancer signatures (such as P300 binding and H3K4mel) (Heintzman

et al., 2007, Koch et al., 2008, Kim et al., 2010b); RNAPII has also been found to be
recruited to insulator regions (Chernukhin et al., 2007), heterochromatin domains in
yeast (Steinmetz et al., 2006), or to previously unannotated sites of the human

genome (Kim et al., 2005). To reveal the origin of the sequenced reads, we assessed
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the number of reads mapping to annotated genes based on the UCSC database
(Karolchik et al., 2003), and those mapping to intergenic regions. Mapped reads were
classified into the following categories: (i) RefSeq transcripts; (ii) non-RefSeq
transcripts (i.e UCSC Known Genes that are not substantiated by a NCBI RefSeq
transcript but are supported by at least one GenBank RNA sequence and a Uniprot
protein); and (iii) intergenic regions. RefSeq genes were further subdivided into three
subregions: 5" proximal or promoter region (+1kb, upstream and downstream, of the
annotated TSS), 3" proximal region (2kb downstream of the annotated TTS) and the
remaining gene body. A summary of the distribution of sequenced reads through the

analysed genomic features is given in Figure 3.6 and Table 3.3.

Consistent with previous studies (Kim et al., 2005, Brodsky et al., 2005), RNAPII
preferentially associates with genic regions: Between 54% and 60% of the reads from
RNAPII libraries overlap with known RefSeq genes; this is significantly different
from the percentage of reads from the control library (41%) that overlap the same
genomic regions (Chi* test p-values < 8x1073; for all RNAPII samples when compared
to the control). Similarly, H3K36me3 and H3K4me3 are also enriched at gene regions
with 64% and 60%, respectively, of reads overlapping known RefSeq genes (Chi? test

p-values = 3x10 and 1x10#, respectively).

Promoter regions are particularly enriched for S5P, 8WG16, S7P and H3K4me3 (Chi?
test p-values = 4x107, 9x10™"", 4x10°*3 and 9x1075, respectively) and depleted for S2P
and H3K36me3 (Chi? test p-value = 0.61 and 0.50, respectively), while TTS regions
are particularly enriched for S5P, S7P and S2P (Chi* test p-value = 8x1073, 3x1073 and
4x1073; Figure 3.6).

For the mRNA-Seq dataset, the vast majority of reads (95%) overlap RefSeq genes,
suggesting that these data provide a very deep representation of the transcriptome in
mouse ES cells, including detection of genes with very low expression. Finally,
between 29% to 39% of RNAPII, H3K36me3 and H3K4me3 reads map to the
remaining intergenic regions of the mouse genome, while for mRNA-Seq reads, a
sizable minority (2%) of intergenic reads was found. While it is clear that many
functional genomic sites may be obscured within the analysed intergenic regions

(such as insulator, enhancer or other non-coding sites), much of the observed
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enrichment at intergenic regions is low (Figure 3.6) and could potentially be

accounted for by unspecific antibody binding and background noise inherent to ChIP

data.

RefSeq

5’ region
Body

3’ region
Non-RefSeq
Intergenic

S5P
8WG16
S7P
S2P

H3K36me3

H3K4me3
mRNA

Control

-log10(p-value)
Enrichment (observed > expected)

A W Depletion (observed < expected)
10

Figure 3.6: Mapped RNAPII and mRNA-Seq reads are strongly biased towards annotated
genic regions. Chi-square test p-values were calculated for the observed and
expected frequency of reads overlapping each genomic feature. Expected frequency
of reads was taken from the % of the genome covered by the genomic feature
(values are shown in Table 3.3). The color code represents -log10(p-values) as
indicated in the coloured blue (for observed > expected) or red (if observed <

expected) scales.
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Table 3.3: Summary of read distribution for ChIP-Seq and mRNA-Seq datasets. The distri-
butions were calculated for all aligned reads from each sample. The RefSeq and
non-RefSeq set (30844 and 18565 genes, respectively) were derived from UCSC
Known Genes dataset as annotated in the UCSC tracks (Karolchik et al., 2003).
RefSeq 5’ region was defined as a 2kb region centered at the TSS; 3" region was
defined as 2kb region downstream of the TTS, and “Gene body” refers to the
remaining genic region (including introns). UCSC Known Gene coordinates were
defined using the genomic start and end coordinates of each transcript as annotated
in the UCSC database for the mm9 genome.

RefSeq

RefSeq Non- Inter-
5 region Body 3’ region (total) RefSeq genic

S5P Reads (millions) 2.6 9.3 1.3 13.2 1.5 7.4
Proportion (%) 11.6% 42.1% 6.0% 59.67% 6.7% 33.6%

8WG16 Reads (millions) 4.8 7.5 1.0 13.3 1.7 9.4
Proportion (%) 19.7% 30.7% 41% 54.6% 6.8% 38.6%

S7P Reads (millions) 1.6 44 0.7 6.7 0.8 3.7
Proportion (%) 14.5% 39.3% 6.4% 60.14% 6.7% 33.2%

S2P Reads (millions) 1.3 15.7 2.1 19.0 22 12.0
Proportion (%) 3.8% 47.1% 6.2% 57.2% 6.7% 36.1%

H3K36me3 | Reads (millions) 0.4 13.5 1.0 14.9 1.5 6.7
Proportion (%) 1.8% 58.4% 4.5% 64.7% 6.6% 28.7%

H3K4me3 Reads (millions) 2.7 2.7 0.2 55 0.6 3.0
Proportion (%) 29.4% 29.1% 2.0% 60.5% 6.6% 32.9%

mRNA Reads (millions) 11.1 69.0 8.1 88.1 29 1.9
Proportion (%) 11.9% 74.2% 8.7% 94.89% 3.1% 2.0%

Control Reads (millions) 0.3 43 0.2 49 0.8 6.0
Proportion (%) 3.0% 36.5% 2.1% 41.6% 6.7% 51.7%
Non-redundant size region (Mb) 43.4 842.7 41.6 927.7 193.6 1533.7
% of total genome (coverage) 1.6% 1.6% 31.7% 35.0% 7.3% 57.8%

3.3.5 RNAPII profiles at highly and minimally expressed genes

We first investigated typical RNAPII patterns at the extremes of the ES cell
transcriptome. To do so, I divided genes into two groups, depending on the
expression levels, i.e. top 20% highly expressed (17 to 3156 FPKM; 3772 genes) and
bottom 20% least expressed (0 to 8x10~2 FPKM; 3772 genes).
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Average profiles (Figure 3.7) of the most active (20% most expressed genes;
“Top20%”) genes across the ES cell genome identifies SW(G16 peaking at the TSS and
decreasing through coding regions, while S5P peaks at the TSS and extends through
coding regions at decreasing levels, showing a small increase again downstream of
the TTS. S7P shows enrichment at promoter and coding regions of active genes. The
profile for S7P is generally similar to that of SS5P at active genes, consistent with Cdk7
catalysing the addition of both modifications (Akhtar et al., 2009, Glover-Cutter et al.,
2009). S5P, 8WG16 and S7P are enriched at the region surrounding the TSS, with S5P,
8WG16 and S7P maxima occuring within 40bp of the annotated transcription start
site. At active genes, S2P increases throughout coding regions and peaks at
approximately 700bp downstream of the 3" end, accompanied by the secondary peak
of S5P and S7P. RNAPII accumulation beyond TTS, marked by S2P, S5P and S7P, may
reflect transcript 3’ end processing, in agreement with the described role for S2P in
the recruitment of polyadenylation factors in vivo (Ahn et al., 2004). Inactive genes
(20% lowest expression; “Bottom20%") show little or no RNAPII signal,
demonstrating that ES cells harbor a large group of genes silent in the absence of

RNAPIIL

Active chromatin modifications are known to relate to expression and RNAPII state,
and this is visible across single genes and average profiles. Our genome-wide
chromatin maps reveal a global pattern of H3K36me3 and H3K4me3 in mouse is
similar to those previously observed in mouse and human (Mikkelsen et al., 2007,
Barski et al., 2007). The level of H3K36me3 enrichment across genes is strongly
correlated with the level of S2P and of mRNA which is consistent with a role for S2P
in recruiting H3K36me3 HMTs (Krogan et al., 2003, Xiao et al., 2003, Li et al., 2003).
H3K36me3 is strongly enriched across transcribed regions of active genes, and is
absent from inactive genes. However, the peak in S2P enrichment seen after the 3’

ends of genes is not seen in the H3K36me3 profile.
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Figure 3.7: Genome-wide ChIP-Seq profiles at active and inactive genes. Average ChIP-Seq
read density (depth per 10bp) was computed for the region surrounding the TSS
and TTS of highly (Top20%; green) and minimally (Bottom20%; red) expressed
genes. Top20% and Bottom20% genes were classified according to FPKM levels.
The dashed line indicates the representative position of the TSS and TTS.

In order to quantitatively compare CTD phosphorylation patterns and transcriptional
activity, we compared ChIP-Seq signal of RNAPII forms with gene expression levels
given in FPKM units across the genome. RNAPII sequencing depth calculated at
promoters (for S5P, SWG16 and S7P) or 3’ region (for S2P) are very well correlated
with expression levels (Figure 3.8). S2P, SW(G16 and S7P levels show the higher
correlation coefficients. The lower correlation coefficients for S5P promoter levels
(Spearman’s correlation = 0.76) can be explained by the fact that genes may
experience transcription initiation (and thus S5P detection) without being transcribed.
The higher correlation of S2P, SW(G16 and S7P levels with gene expression levels
suggests that the presence of S2 phosphorylation at genes 3" end or the presence of

S7P or 8WG16 at genes’ promoters best describe the expression outcome of a gene.
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Figure 3.8: RNAPII occupancy predicts mRNA expression. S5P, 8WG16, S7P and S2P density
at TSS/TTS windows are highly correlated with mRNA FPKM levels. The best
correlation is observed for S2P, S7P and 8WG16 forms. Sequencing depth was
calculated in 2kb windows centered at genes TSS (for S5P, SWG16 and S7P samples)
or 2kb downstream of the TTS (for S2P sample). For visualisation purposes, log10
scale is represented. Zeros are omitted in the logl0 scale but were taken into
account for the calculation of correlation coefficients. All 18860 RefSeq genes were
considered. Spearman’s rank correlation coefficient is depicted in each plot (rs).

3.3.6 RNAPII is associated with both K4 monovalent promoters and K4+K27 bivalent pro-

moters in ES cells

The first genome-wide characterization of bivalent genes was published by
Mikkelsen et al., 2007, where it was stated that bivalent genes are silent in ES cells.
Subsequent studies (Stock et al., 2007, Guenther et al., 2007) have used RT-PCR to
measure transcript accumulation from bivalent genes and have shown that, while
bivalent genes do not produce full-length mRNAs, they undergo transcription

initiation or partial elongation.

To investigate the extent of association of bivalent genes with poised RNAPII
complexes, we first analysed the average ChIP-seq read distribution of RNAPII
phosphorylation and histone modification marks of 2627 bivalent genes classified in
Mikkelsen et al., 2007. This analysis identifies a broad enrichment of S5P at bivalent
promoters accompanied by H3K4me3. S5P is detected through coding regions but
decreases at the TTS of bivalent genes, unlike the increase seen at active genes
(Figure 3.9). At the majority of bivalent genes, RNAPII is not marked by S7P or
8WG16, with some exceptions such as Zic2 and Is] which are also associated with
S2P and mRINA (see next subsection 3.3.7). Despite abundant detection of S5P, there
is little or no detection of S2P or H3K36me3 at the majority of bivalent genes,

consistent with the fact that these genes undergo transcription initiation in the
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absence of productive elongation (Stock et al., 2007). Lack of S2P marks, known to be
present at active genes and to recruit splicing, polyadenylation and H3K36me3 HMTs
(Hirose and Ohkuma, 2007), may be crucial in limiting the production of mature

full-length mRNAs.
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Figure 3.9: Genome-wide ChIP profiles at bivalent genes. Average ChIP-Seq read density
(depth per 10bp) was computed for the regions surrounding the TSS and TTS
of bivalent genes. Gene list of bivalent gene annotation was downloaded from
Mikkelsen et al., 2007. The dashed line indicates the representative position of the
TSS and TTS. Note that the Y axis scales are different in relation to Figure 3.7

3.3.7 RNAPII high-resolution Chip-Seq profiles reveal previously unknown patterns

While genome-wide maps of RNAPII binding confirm known binding profiles,
careful inspection of RNAPII profiles at single genes with distinct expression and
epigenetic states reveals a number of interesting cases of unknown combinatorial

RNAPII-phosphopatterns (Figure 3.10).

For example, active genes such as Top2a and Eed show a noncanonical enrichment of
S5P at 3’ends and through coding regions. Enrichment of S5P at 3’ends is unexpected
according to the current paradigm of the transcriptional cycle where S5P mark is

typically known as an “early” transcriptional mark. Another interesting observation
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at Topza gene, is the alternative usage of one of its annotated promoters. Top2a has
two annotated promoters, but only one shows the initiating form of RNAPII (S5P) in
ES cells. Our genome-wide catalog of RNAPII phosphorylation and occupancy in
combination with mRNA-Seq data contains many other examples that may reveal the
alternative usage of many annotated or even novel promoters. Although within the
focus of this thesis such genome-wide observations were not yet mined, this is one

example of the power of ChIP-Seq analysis.

Other interesting findings relate to the characterization of RNAPII-S7P.
Phosphorylation of serine 7 residues has been recently described and linked to the
transcription of small nuclear RNAs (Egloff et al., 2007) and protein-coding genes in
yeast and human (Chapman et al., 2007, Kim et al., 2010a, Tietjen et al., 2010, Mayer
et al., 2010). Human CDKY kinase, and the yeast homologue Kin28, is responsible for
the phosphorylation of S7 and S5 residues of the CTD (Akhtar et al., 2009,
Glover-Cutter et al., 2009). In agreement with previous studies, we detect SSP and
S7P at promoter regions of active genes. Characterisation of S7P profiles at
PRC-repressed genes has not been previously documented. For example, the
PRC-repressed gene Nrze1 shows prominent S5P promoter peaks while detection of
S7P is low or absent (Figure 3.10), suggesting that specific S5P kinases may act or that
S7 residues are not accessible for phosphorylation due to the existence of other CTD
modifications. In contrast, other known PRC-repressed genes such as Isl1 and Zic2
(classified as “bivalent” in Mikkelsen et al. [2007]) show S7P enrichment, either more
localized at the promoter (Is/1) or widespread along the gene body (Zic2). This
pattern is accompanied by S5P and 8WG16 enrichments (Figure 3.10). At Zic2, this
“active-like” RNAPII profile (S5P+8WG16+57P+) is also accompanied by clear S2P
enrichment across Zic2 gene body and mRNA levels which are clearly visible over
the exons of Zic2. The genomic or expression constraints that dictate the distinct
RNAPII conformations at different groups of PRC-repressed genes merit further
investigation and these contrasting patterns at subclasses of PRC-repressed genes

will be further investigated in Chapter 5.

Furthermore, RNAPII binding profiles seem to reflect other interesting

transcriptional events, such as transcription of non-coding RNA genes (Figure 3.10).
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For example, Kcngzot1i, which is a ncRNA known to play a role in the silencing of
genes in the Kcngr domain (Thakur et al., 2004), is clearly transcribed by RNAPII and
expressed in ES cells. Another example of an expressed ncRNA is Malat1, a highly
conserved IncRNAs in mammals well known for its overexpression in many cancers

(Tripathi et al., 2010).
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Figure 3.10: Occupancy of RNAPII, H3K36me3 and H3K4me3 at single genes. ChIP-Seq and
mRNA-Seq profiles at representative active genes (Topz2a, Eed), genes classified as
bivalent (Mikkelsen et al., 2007; Nrze1, Isl1 and Zic2) and non-coding transcripts
(Kengzot1, Malat1). Y-axes represent the number of reads. Arrows indicate gene
start and direction of transcription. Black boxes indicate exons.
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3.3.8 Comparison of RNAPII ChIP-Seq datasets with published datasets

ChIP-Seq datasets for S5P and S2P in ES cells were recently published (Rahl et al.,
2010). In these publicly available ChIP-seq datasets (Rahl et al., 2010), S5P was
detected with a different antibody (ab513111) and S2P with the same antibody (H5)
used herein. Published datasets were downloaded from GEO database as fastq files
(GSE20530). Reads were re-mapped to mm9 genome assembly using Bowtie aligner
(Langmead et al., 2009) as described in Chapter 2. A summary of the number of
reads mapped to the mouse genome is presented in Table 3.4. Output alignment files
were subsequently processed using python scripts to generate genome-wide average

profiles at “Top20%”, bivalent, and “Bottom20%” genes.

Table 3.4: List of published RNAPII ChIP-Seq datasets used in this study.

Nrof  Mapped reads

ChIP-Seq dataset Antibody ol
runs (millions)

S5P ab5131 (Abcam) 1 36

(Rahl et al., 2010) (GSM515662) '

S2p H5 (ab24758, Abcam) 3 107

(Rahl et al., 2010) (GSM515663) '

Published datasets could detect some features of RNAPII modification at active genes
(such as S5P peaks at TSSs), but missed others (S5P enrichment at TTS; Figure 3.11).
In the published datasets, at 20% most active genes S5P is not detected throughout

coding regions or at the TTS, in contrast to what we observe (Figure 3.11a). This can
be explained by steric hindrance of additional CTD modifications to ab5131 binding.
For example, ELISA of ab5131 and 4H8 shows that 4HS8, but not ab5131, can detect

S5P when S2 is phosphorylated in the same CTD repeat (Brookes, de Santiago et al.,
2011; submitted). Therefore, doubly phosphorylated S2P-S5P repeats of the CTD may

predominate during elongation.

There are also significant differences in the S2P profiles at active genes between the

datasets, although the same antibody (H5) was used. Firstly, our dataset have higher
depth (compare S2P in Figure 3.7 and Figure 3.11). Secondly, the average profile for
the Top20% expressed genes, in the published S2P dataset (Rahl et al., 2010), shows a

95
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promoter peak which is not seen in our dataset, and moreover not mentioned in the
original study (Rahl et al., 2010; Figure 3.11a). As the antibody clone used in both
studies is the same (H5), the unexpected S2P peak at the TSS from the published data
may result from experimental differences (we fix cells directly in media, instead of in
PBS, and use phosphatase inhibitors throughout the ChIP procedure to avoid
interfering with RNAPII processivity during washes in PBS or RNAPII
phosphorylation) or from antibody batch variation (not observed between different
batches used for ChIP in our laboratory for the last six years). Single gene profiles
confirm the presence of S2P peaks at the 5 end of active genes from the published
datasets contrary to what we find in our own dataset (Figure 3.11b); the data from
Rahl et al. [2010] disagrees with the current paradigm of the transcription cycle,
where S2P increases during transcript elongation and peaks at the 3’ end.
Nonetheless, despite the differences observed, a good correlation is observed when
comparing the depth of coverage at 2kb windows, either centered at TSS (for the S5P
comparison: Spearman’s correlation coefficient = 0.85; not shown) or downstream of
the TTS (for the S2P comparison; Spearman’s correlation coefficient = 0.82; not

shown).
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Figure 3.11: Comparison of newly generated and published ChIP-Seq datasets for S5P and
S2P forms of the RNAPIL (a) Rahl et al. [2010] RNAPII ChIP-Seq profiles at 20%
most expressed (Top20%), least expressed (Bottom20%) genes, and bivalent genes.
Average ChIP-Seq read density (depth per 10bp) was computed from publicly
available S5P and S2P datasets (Rahl et al., 2010). The dashed line indicates the
representative position of the TSS and TTS. (b) Single gene profiles demonstrate
the presence of an unexpected peak of S2P at active gene promoters detected
when using data from Rahl et al., 2010 (compare “S2P” with “S2P-Rahl”). Y-
axes represent the number of reads. Arrows indicate gene start and direction of
transcription. Black boxes indicate exons.

3.3.9 Events associated with transcriptional elongation occur at a proportion of bivalent

genes

In Stock et al., 2007 we have demonstrated that for a panel of bivalent genes (Atoh1,
Nkx2-2, Msx1, Nkx2-9, Cdx2, Gatag) RNAPII produces low levels of transcripts that

are sensitive to a-amanitin, and transcripts undergo splicing of at least the first intron,
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suggesting that S5 phosphorylation, in the absence of detectable S2 phosphorylation,

is congruent with extensive elongation in this context (Stock et al., 2007).

I began exploring the transcriptional activity of bivalent genes by analyzing and
comparing several independent microarray transcriptome studies (Mikkelsen et al.,
2007, Sene et al., 2007), two genome-wide mRNA-Seq transcriptome studies (this
study, and Cloonan et al., 2008) and two proteome studies in mouse ES cells

(Graumann et al., 2008, Van Hoof et al., 2006).

Two microarray studies from independent laboratories (Mikkelsen et al., 2007, Sene
et al., 2007) measured global gene expression in mouse V6.5 ES cells using
Affymetrix GeneChip expression arrays made of 3’ probes; the mRNA-Seq study
from Cloonan et al., 2008 used ABI SOLiD technology, and finally our novel
mRNA-Seq dataset was obtained using Illumina technology. In all transcriptome
studies, cDNA was generated from poly(A)+ mRNA transcripts. Table 3.5 contains

details about differences between the considered studies.

Table 3.5: List of mRNA datasets used.

Expression dataset Protocol Platform Cell Type Nr of
mapped
reads
This study PolyA selection, Illumina ES-0S25 93 million
ribosome depletion (mRNA-Seq)

Cloonan et al., 2008 PolyA selection, SOLiD (mRNA-Seq) ES-W9.5 8.4 million

(SRA000306) ribosome depletion

Mikkelsen et al., PolyA selection Affymetrix ES-V6.5

2007 GeneChip Mouse

Genome 430 2.0

Sene et al., 2007 PolyA selection Affymetrix ES-V6.5

GeneChip Mouse

Genome 430A and

430B

Using our and Cloonan et al. [2008] sequenced reads, we estimated the expression
levels of genes. Expression levels were measured in “fragments per kilobase of exon

model per million mapped reads” (FPKM) (Trapnell et al., 2009). We next analysed
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all genes with expression levels greater then zero (FPKM > 0). Using this criterion,
15653 and 14218 expressed genes (out of a total of 18860 UCSC genes) were detected,
according to our own and Cloonan et al. [2008] mRNA-Seq studies, respectively.
From published gene lists, a total of 12984 expressed genes were retrieved from
Mikkelsen et al. [2007] dataset, while Sene et al. [2007] dataset contained expression
levels for only 7876 genes. There are many challenges in re-analysing microarray data
sets and comparing between mRNA-Seq and microarray studies, such as variations
in experimental design, including variability in microarray or sequencing platforms,
sample preparation, and data processing (Edwards et al., 2008). Other challenges
arise due to the lack of supplementary information or ambiguous information (e.g.
ambiguous gene IDs). To compare the results for the set of common RefSeq genes
quantitatively, I correlated gene expression levels between all four datasets

(Figure 3.12). A pairwise correlation of gene expression levels shows that microarray
data sets are moderately correlated (Spearman’s correlation coefficient = 0.5; p-value
< 1071%). Sene et al. [2007] data is also only moderately correlated with our own
study and Cloonan et al. [2008] (Spearman’s correlation coefficient = 0.6 and 0.5;
respectively; p-value < 1071¢). The fact that Sene et al. [2007] has the lowest number
of genes could account for the lower correlations observed. Mikkelsen et al. [2007],
Cloonan et al. [2008] and our study are well correlated (Spearman’s correlation
ranging from 0.78 to 0.86); the correlation coefficient is higher between the two
mRNA-Seq datasets, as expected. Although, a good correlation is observed between
Mikkelsen et al. [2007] and both mRNA-Seq studies (Cloonan et al., 2008 and our
own), the correlation is mostly lost for low expressed genes. In Figure 3.12 it is clear
that Mikkelsen et al. [2007] has a large cohort of genes with very low expression,
which probably result from the insensitivity of microarrays to separate “signal” from

“noise” at lower expression levels.
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Given the possibility to detect low expressed transcripts from mRNA-seq data, I next
examined the expression levels of genes marked by bivalent domains classified
according to Mikkelsen et al. [2007]. According to Sene et al. [2007] and Mikkelsen
et al. [2007] datasets, bivalent genes have low expression, with the overall distribution
being similar to that for Bottom20% genes. However, according to both mRNA-Seq
studies, a larger range of expression levels at bivalent genes is observed, with some
genes showing intermediate and high expression (Figure 3.13a). In total, 402

expressed bivalent genes were consistently detected in all gene lists (Figure 3.13b).

To investigate whether transcripts from bivalent genes are detected at the protein
level, I used two published proteome datasets obtained by a mass spectrometry
approach in mouse D3 ES cells (Van Hoof et al., 2006) and SILAC methodology in
mouse R1 ES cells (Graumann et al., 2008). A total of 111 genes were identified by
one or both proteome studies, and out of these 111 genes, 49 were also detected as

expressed consistently in all four analysed studies.

Bivalent genes have been long known to be enriched for developmental regulator

genes (Mikkelsen et al., 2007, Ku et al., 2008). Gene Ontology (GO) analysis revealed
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that 402 expressed bivalent genes contains several genes encoding TFs (Hoxa1, Pax8,
Six1, Igfbp3, Id3) and are enriched for processes relating to “multicellular organismal
development” (p-value = 7.9x10"4; Fisher exact test, bonferroni correction),
“regulation of developmental process” (p-value = 9.1x107), and “organ
morphogenesis” (p-value = 7.3x10). Despite the over-representation of
developmental regulator genes, the analysed set also includes genes encoding
membrane proteins, as processes related to “cell adhesion” (p-value = 4.2x10#) and

“cell motion” (p-value = 3.3x103) were also enriched.

Mikkelsen et al., 2007 Sene et al., 2007 Cloonan et al., 2008 This Study
H ' il 1
1 .
=1 v R : : -
i 1 o = ! 1 1

= . ! ; ! E 1 $
5 I w | - ' 1 1
& o < g ! 1 1 1
: ! - T | £ + | =
& 1 ! s
=] 1 21 i ! g ’
ik H =
- ! 1 : | ' |

: i I i 1

P+ s 1T ' :

o °l o .
= | = = o+
- H o T L T — . | —
5
Botom20% B Top20% Bottom20% By Top20% Bottom20% By Top20% Botom20% By Topd0%

(a)

Cloonan (2109) Mikkelsen (2197)
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* 49 out of 402 genes were also found at protein levels (based on
proteome datasets from Van Hoof etal | 2006; Granmann et al | 2008)

(b)

Figure 3.13: Expression of bivalent genes is detected in gene expression studies. (a) Compari-
son of expression levels of bivalent (Biv), highly (Top20%) and least (Bottom20%)
expressed genes. Bivalent genes were classified in Mikkelsen et al. [2007]. Top20%
and Bottom20% genes were classified according to FPKM levels calculated in this
study. For visualisation purposes, expression levels are represented in log10 scale.
To avoid taking the log of zero, a pseudo value of 0.0001 (in the case of FPKM)
was added prior taking the log. GeneChip microarrays detect lower mRNA levels
for bivalent genes then mRNA-Seq studies. (b) Venn diagram showing the overlap
between bivalent genes classified as expressed in each indicated gene list. Ex-
pression studies differ in experimental conditions, cell lines and analytical steps
(see Table 3.5 for details). Mikkelsen et al., 2007 and Sene et al., 2007 used GeneChip
microarrays, while Cloonan et al., 2008 and our own study used mRNA-Seq.
Numbers in parenthesis represent the total number of bivalent genes found.
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Next, I classified bivalent genes into groups based on their FPKM values: bottom
25th percentile (Q1; FPKM <= 0.04), middle 25th quartiles (Q2 and Q3; 0.04 < FPKM
< 0.22 and 0.22 < FPKM < 1.18, respectively), and top 25th quartile (Q4; FPKM >
1.18). Average profiles representing RNAPII modification at four quantiles of bivalent
genes defined expression levels show that expression is positively associated with
presence of SWG16, S7P and S2P (Figure 3.14a). Inspection of ChIP-Seq read
distributions at single bivalent genes representative of each expression quartile
(Figure 3.14b) confirmed distinct RNAPII profiles, with silent bivalent genes being
generally associated with S5P only, whereas actively-expressed bivalent genes were

occupied by both S5P and S2P.
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Figure 3.14: Expression of bivalent genes is positively associated with presence of SWG16, S7P,
S2P and H3K36me3. (a) Genome-wide ChIP profiles at bivalent genes classified
into groups based on their FPKM values: bottom 25th percentile (Q1; FPKM
< 0.04), middle 25th quartiles (Q2 and Q3; 0.04 < FPKM < 0.22 and 0.22 < FPKM
< 1.18), and top 25th quartile (Q4; FPKM > 1.18). Average ChIP-Seq read density
(depth per 10bp) was computed for the region surrounding the TSS and TTS
of the four classes of bivalent genes. Expression levels of bivalent genes are
positively associated with presence of 8WG16, S7P, S2P and H3K36me3. (b) ChIP-
Seq and mRNA-Seq profiles at bivalent genes representative of each expression
quartile: Otxz (Q1, FPKM = 0.02), Lbxcor1 (Q2; FPKM = 0.15), Fos (Q3; FPKM =
0.73) and Pdgfb (Q4; FPKM = 3.49). Y-axes represent the number of reads. Arrows
indicate gene start and direction of transcription. Black boxes indicate exons.
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3.4 DISCUSSION

In this chapter, ChIP-Seq technology was used to map RNAPII binding genome-wide
and investigate the CTD code in mouse ES cells. Our results reveal that the
configuration of CTD-phosphorylation differs among genes with different expression
and epigenetic states. We examined qPCR-ChIP, ChIP-Seq and mRNA-Seq profiles
across genes for which the pattern of RNAPII phosphorylation has been well
documented as well as other newly examined genes where new combinatorial
RNAPII-phosphopatterns was revealed. This study provides a genome-wide catalog
of CTD modifications in RNAPII with deep coverage of the whole genome. The data
reveals (i) the existence of non-canonical patterns of RNAPII CTD modifications at
active and bivalent genes; (ii) the existence of varying patterns of RNAPII within
bivalent genes; (iii) the co-occurrence of PRC repression and active RNAPII at a
subclass of bivalent genes. Taken together, our data shows that RNAPII regulation is

more complex then previously thought.

3.4.1 RNAPII configuration at active and inactive genes

Analysis of the top 20% most active genes (3772 genes; Figure 3.7) detects peaks of
RNAPII-S5P, -8WG16 and -S7P and H3K4me3 at promoter regions and detection of
S5P, and increasing levels of S2P and H3K36me3 through coding regions.
Downstream of 3" ends we identify a region of S2P enrichment (peaking at
approximately 700bp downstream the annotated TTS), alongside with smaller but
detectable increased levels of S7P and S5P. The preferential enrichment of S5P, S7P
and 8WG16 at promoters and S2P and H3K36me3 at gene’s coding and TTS regions
was also shown by the distribution of reads into gene regions of interest (TSS, gene
body and TTS; Figure 3.6). We have shown that S2P is a good indicator of mRNA
production, consistent with the described role for S2P in transcript elongation,
including the recruitment of splicing and polyadenylation factors required for mRNA

maturation (Hirose and Ohkuma, 2007).

The more recently described RNAPII mark, S7P, was also studied here. The known

function of S7P is associated with the recruitment of the Integrator complex to
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snRNA-encoding genes (Egloff et al., 2007). The patterns of S7P marks observed here
by ChIP-Seq across transcribed regions and at the TTS, suggest that S7P may also
contribute to efficient mRNA processing and elongation of RNAPII at protein-coding
genes. Similarly to S5P, S7P is enriched at 5" ends of transcribed genes (Figure 3.4,
Figure 3.7). As RNAPII progresses through genes, both marks exhibit a drop but still
high levels are retained across gene bodies, suggesting that a combination of S2P, S5P
and S7P may contribute to efficient elongation and termination. Consistent with these
results, in vitro studies have shown that the HMT that methylates H3K36, Set2,
preferentially recognise a doubly marked CTD (S5P and S2P), rather then S2P alone
(Kizer et al., 2005). Furthermore, S5P and S7P enrichment at the gene body and TTS
is consistent with the recently described role of Cdk7 in regulating elongation and
termination (Glover-Cutter et al., 2009), as Cdk7 has been described as the kinase
responsible for the phosphorylation of both S5 and S7 CTD residues (Akhtar et al.,
2009, Glover-Cutter et al., 2009). The association of both S5P and S7P to gene’s bodies
and TTSs of expressed genes has not yet been discussed in current genome-wide
datasets, including the one analysed here (Rahl et al., 2010) and other genome-wide
maps of the RNAPII CTD modifications in yeast (Kim et al., 2010a, Mayer et al., 2010,
Tietjen et al., 2010), thus demonstrating that this data provides a very deep

representation of the RNAPII CTD code.

The RNAPII enrichment identified at the TTS is characterised by slight increases in
the enrichment of S5P, S7P and a more prominent enrichment of S2P immediately
downstream of the TTS of actively transcribed genes. The RNAPII peak downstream
of the TTS may reflect slower kinetics of RNAPII in the region where polyadenylation
and termination signals take place and this paused site is probably required for

correct processing of mRNA.

The profiles of H3K4me3 overlaps with the profile of S5P only to some degree.
Whereas high levels of S5P are retained as RNAPII travels along genes and it
increases at the TTS, H3K4me3 signal is not detected at the TTS of highly transcribed
genes (Figure 3.4, Figure 3.7, Figure 3.10), suggesting that the interaction between
S5P and H3K4 HMTs is stronger at the sight of transcription initiation and may be
disrupted by S2P. During elongation, the S2P CTD associates with H3K36-specific
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HMTs (Krogan et al., 2003, Xiao et al., 2003, Li et al., 2003), and is thus in agreement
with what is expected, both S2P and H3K36me3 are highly enriched throughout the
gene body of active genes. However, while S2P peaks downstream of the TTS,
H3K36me3 shows a slight drop downstream of the 3" end, suggesting that the
interaction between S2P and H3K36me3 HMTs is disrupted which might be crucial

for the regulation of transcription termination.

Aggregate profiles across the bottom 20% least expressed genes (3772 genes) show no
enrichment of RNAPII signal throughout the whole transcribed region. In Chapter 4,
we show that this large proportion of silenced genes is not silent through
mechanisms dependent on PRC-repression as they were depleted of PRC proteins
(Ezh2, Suz12 and Ring1B) and the two chromatin modification marks associated with
PRC-mediated gene repression (H3K27me3 and H2Aub1). It is possible that these
genes are silenced through other mechanisms independent of PRC-repression, such
as H3K9me3 and H4K20me3 or DNA methylation, or that these genes are passively
repressed and that their silent state is simply due to the lack of activating factors.
Investigating other silencing factors at this group of genes may further elucidate their

mechanisms of silencing.

3.4.2 PRC-repressed RNAPII has an unusual combination of posttranslational modifica-

tions in ES cells

In ES cells, H3K27me3 can co-exist with H3K4me3 in many silent developmental
regulator genes (Azuara et al., 2006, Bernstein et al., 2006). Although genes that carry
this ‘bivalent” modification are repressed, they may also carry appreciable amounts of
RNAPII (Stock et al., 2007). Inspection of RNAPII CTD modifications genome-wide
(Figure 3.9, Figure 3.10) showed that the majority of bivalent genes do not display
S7P or 8WG16 at their promoters, and neither the active form of RNAPII (S2P) or the
elongation marker H3K36me3, but S5P is detected at the genes promoter and
throughoutt transcribed regions. To our knowledge, the progress of RNAPII-S5P in
the absence of S2 phosphorylation was not thought to occur (Buratowski, 2009). The
absence of S2P from bivalent chromatin is reinforced by lack of H3K36me3.

Surprisingly, binding of 8WG16 (an antibody that recognizes non-phosphorylated S2
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residues) to bivalent promoters is also low or undetectable. The lack of recognition of
RNAPII complexes at bivalent promoters by antibodies that recognize the
phosphorylated (H5) or non-phosphorylated (§WG16) S2 residues suggests that these
residues might be occluded, either due to another CTD modification, binding of an
external factor, or due to a CTD conformation that is inaccessible to these antibodies.
While one could argue that other undetected modifications, such as S7P, might also
be invisible to antibody detection, S5P residues are not occluded from antibody

binding.

3.4.3 Transcription of bivalent genes

In this study I have used ChIP-seq to generate genome-wide maps of several RNAPII
CTD modifications and two histone modification marks associated with gene
transcription initiation (H3K4me3) and elongation (H3K36me3). All bivalent genes
show an enrichment of H3K4me3 and RNAPII-S5P at their promoters, nonetheless
we have identified distinct types of enrichment profiles of S5P, S7P, SWG16 and S2P
at bivalent genes (Figure 3.10). First, the vast majority of bivalent genes show an
enrichment of SerSP-RNAPII at their promoters and coding regions in the absence of
S2P and H3K36me3, suggesting extensive transcription, while the absence of S2P
implies incompatibility with efficient RNA processing (Stock et al., 2007). Second,
and surprisingly, full length transcripts were detected for some bivalent genes
(Figure 3.13). This finding was consistant with the existence of active RNAPII marks
(Figure 3.14), and, for a few bivalent genes, with detection of expression at the
protein level. We hypothesize that the previous suggestion that bivalent genes are
repressed in pluripotent ES cells is due to the insensitivity to low mRNA signals on
microarray analysis. Taking advantage of high coverage RNA-Seq and ChIP-Seq data,
our data suggests that in ES cells bivalent genes are transcribed producing either a
variety of short, 5’-abortive transcripts (Guenther et al., 2007, Stock et al., 2007) or full

length transcripts.
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3.4.3.1 Pervasive transcription from silent bivalent genes

There have been several studies reporting general widespread transcription from ES
cells (Turner, 2008, Efroni et al., 2008). Similarly, several lines of evidence support the
view that low level transcription occurs at bivalent genes in ES cells. For instance, we
have shown in a previous publication that low levels of x-amanitin-sensitive
transcripts are produced at a panel of 9 analysed bivalent genes (Stock et al., 2007);
splicing of their first intron was detected, but it is not known if transcription extends
through the entire coding region. Other studies have shown that bivalent genes are
transcribed and produce a variety of short, 5’-abortive transcripts (Kanhere et al.,
2010, Guenther et al., 2007). Furthermore, the majority of bivalent promoters are free
of DNA methylation (Meissner et al., 2008, Fouse et al., 2008) and thus reside in more
dynamic chromatin environment. The active environment could create an accessible
chromatin state, more permissive to transcription (Mattout and Meshorer, 2010), and

thus could reflect less stringent control of transcription initiation at bivalent genes.

The functional relevance of bivalent gene transcription remains obscure. On one
hand, global transcription in ES cells could simply be a consequence of their
accessible chromatin structure with no specific consequence in itself. In this case,
non-functional transcripts would be continually degraded. On the other hand,
transcription itself could play a role in gene regulation. Interestingly, transcriptome
research in primary T cells and ES cells revealed the ncRNAs can interact with PRC2
and are thought to play a role in the association of PRC2 with its target gene
(Kanhere et al., 2010). Alternatively, pervasive transcription at bivalent promoters
could also have a global influence in their chromatin context. For instance, it is
known that H3K4 trimethylation and DNA methylation are mutually exclusive
(Weber et al., 2007) and thus transcription could have an active role in maintaining
these genes protected from DNA methylation and thus helping to preserve the
bivalent state, compatible with more efficient gene activation. It will be interesting to
investigate the mechanisms by which transcripts from bivalent genes are produced,
without being fully processed, and their possible roles in embryonic development. A
study in Drosophila reported the existence of alternative TSSs that precede long

introns (“macrointrons’) in developmental genes (Manak et al., 2006). As suggested by
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the authors, there seemed to be no reason for this particular combination other than
transcription itself, or to communicate with distant regions where transcription is
taking place and participate in their regulation. Since a great amount of
non-annotated transcription is observed at bivalent genes and considering their bias
for larger intron lengths, it will be interesting to learn whether similar global

transcription mechanisms are used in bivalent genes by vertebrates.

3.4.3.2 Bivalent genes associated with active transcription

I have shown that low levels of mRNA from bivalent genes can be detected by
microarray (Mikkelsen et al., 2007, Sene et al., 2007) or RNA-seq (this study, and
Cloonan et al., 2008) analysis, suggesting that transcript maturation may occur to a
limited extent. In comparison to microarrays, mRNA-Seq data show more clearly that
a given proportion of bivalent genes are expressed, this could be explained by
insensitivity of microarrays in detecting low levels of transcription (Hebenstreit and

Teichmann, 2011).

The analysis presented here shows a positive association between RNA expression
levels and the levels of “active” RNAPII marks. The different patterns of CTD
phosphorylation, alongside different H3K4me3 and H3K36me3 enrichments, seem to
reflect different levels of transcriptional activity at bivalent genes. In particular,
highly expressed bivalent genes are enriched for S7P, SWG16 and S2P in contrast to
“silent” bivalent genes, for which mRNA is not detectable. Therefore, in contrast to
other more restrictive forms of silencing such as DNA methylation, Polycomb
repression does not necessarily prevent sporadic full-length gene transcription. This
hypothesis is consistent with a previous study in human ES cells in which sporadic

expression of bivalent genes was detected at the single cell level (Gibson et al., 2009).

In Chapter 5 I further explore the possibility that the detection of such “active”
bivalent genes might be a simple read-out of the presence of two distinct

subpopulations of cells in which the genes are either active or silent.
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4.1 RESEARCH MOTIVATION

In ES pluripotent cells, PRCs are thought to silence important developmental
regulator and lineage-specific genes while keeping them "poised” for future activation
during differentiation (Azuara et al., 2006, Bernstein et al., 2006). In Chapter 3 I
describe different RNAPII phosphorylation patterns found at different bivalent genes
which suggested that different levels of PRCs, active (H3K4me3) and silent
(H3K27me3) epigenetic marks, and RNAPII can vary among bivalent genes. My aim
in this project was to further explore RNAPII occupancy at PRC-repressed genes
genome-wide and to investigate if specific RNAPII phosphorylation patterns
characterise different classes of PRC-repressed genes. I aimed to perform integrative
bioinformatic analysis of ChIP-Seq data of RNAPII modifications, PRC proteins and
PRC-mediated chromatin modifications and mRNA-Seq data. To investigate the
combinatorial association between RNAPII and PRCs, I also aimed to develop a new
classification scheme to classify genes according to the presence/absence of RNAPII

or histone modification ChIP-Seq signal.

The experimental work presented in this chapter was carried out by E. Brookes.
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4.2 RESULTS

4.2.1  Genome-wide mapping of Polycomb and histone modification data in ES cells

To investigate the RNAPII occupancy and configuration at PRC-repressed genes, we
performed ChIP-seq for the PRC1 catalytic subunit Ring1B, together with the histone
modification that it catalyzes, H2Aub1, and utilised publicly available ChIP-seq data
for PRC2 (Ezh2, Suz12) (Ku et al., 2008) and H3K27me3 (Mikkelsen et al., 2007) and,
for comparison, a Ring1B ChIP-Seq dataset (Ku et al., 2008). Ring1B and H2Aub1
ChIP samples for wild-type mouse OS25 ES cells were sequenced using Illumina’s
Genome Analyzer II in two to three runs. Sequenced reads were subsequently
aligned to the mm9 assembly of the UCSC mouse genome (Karolchik et al., 2003)
using the Illumina alignment software Eland as described in Chapter 2. Raw
sequenced reads from published datasets (H3K27me3, Ezh2, Suz12 and Ring1B) were
retrieved from GEO (GSM307619, GSM327668, GSM327667 and GSM327669,
respectively) as fastq files and remapped to the mm9 genome using Bowtie alignment
software (Langmead et al., 2009) as described in Chapter 2. A summary of the
number of DNA reads sequenced at each run, and their mapping to the mouse

genome is presented in Table 4.1.

Prior to ChIP-seq library generation, we performed qPCR at a panel of
well-characterized active, PRC-repressed and silent genes (Stock et al., 2007) to
confirm the quality of ChIP samples Figure 4.1. At active (f-actin, Octg, Sox2) and
silent genes (Myf5) or genomic regions (5’'HS2), little or no enrichment for Polycomb
subunits (Ring1B, Ezh2, Suz12) or associated histone modifications (H2Aub1 and
H3K27me3) is detected (Figure 4.2), while high levels are detected at PRC-repressed
genes (Atoh1, Msx1, HoxAy, Gatagq). ChIP-Seq profiles are comparable to qPCR results
for the two datasets generated herein (Ring1B ad H2Aub1) confirming the presence
of PRC function at promoters and coding regions of the selected PRC-repressed

genes (Stock et al., 2007).
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Table 4.1: List of ChIP-Seq datasets used in this study. The percentage of mapped reads
corresponds to the number of reads that map to the mm9 genome out of the total
number of reads that pass Illumina’s quality chastity filter.

ChIP-Seq Antibody Nr of Mapped % of mapped
dataset Runs reads reads
(millions) (Ilumina
alignment)
H2Aubl E6C5 (Upstate) 2 lane 1: 7.0 lane 1: 72.1%

lane 2: 11.1 lane 2: 72.9%

Ring1B A-20 (Atsuta et al., 3 lane 1: 4.3 lane 1: 73.0%
2001) lane 2: 4.4 lane 2: 73.1%
lane 3: 18.9 lane 3: 73.9%

Ring1B A-20 (Atsuta et al., 2 4.2
(Ku et al., 2001)
2008)
Ezh2 39103(Active Motif) 2 9.5
Suzl2 ab12073 (Abcam) 3 13.3
H3K27me3 07-499 (Upstate) 7 8.2

The comparison of S5P and PRC associated markers at PRC-repressed genes,
revealed that the occupancy of H3K27me3 and H2Aubl1, and their respective
enzymatic activities, Ezh2 and Ring1B, consistently mirrors that of S5P. At some
genes the pattern of enrichment is more localized at the promoter region (Gatag),
while at others high levels of S5P and PRC associated markers are detected
throughout coding regions (Atoh1, Msx1, Hoxay). The striking coincidence between
PRC and RNAPII occupancy suggests that RNAPII and PRCs may simultaneously
associate with the same chromatin, with PRCs traveling through genes. This topic

will be subject of further investigation in Chapter 5.
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Figure 4.1: Quality control qPCR for H2Aub1 and Ring1B ChIP samples across a panel of
control genes also depicted in Figure 4.2. Enrichment of RinglB and H2Aubl
at active, PRC-repressed and silent genes in murine OS25 ES cells was assessed
by ChIP and qPCR at promoter (red bars) and coding regions (blue bars), using
published primers (Stock et al., 2007, QPCR experiments were performed by E.
Brookes). ChIP enrichment is expressed relative to input DNA using the same
amount of DNA in the PCR. Background levels (mean enrichment from control
antibody and beads alone) at promoter and coding regions are shown as pale
grey or white bars, respectively. Mean and standard deviations are presented from
2-4 independent ChIP experiments. The same ChIP samples were mapped by
high-throughput sequencing.
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Figure 4.2: ChIP-Seq and mRNA-Seq profiles across single genes also depicted in depicted

in Figure 4.1. S5P, H2Aub1 and Ring1B were sequenced in this study; H3K27me3,

Suz12 and Ezh2 were retrieved from published studies (Mikkelsen et al. 2007, Ku
et al. 2008). ChIP-Seq profiles are comparable to qPCR, with high levels of all PRC

associated markers at PRC-repressed genes. Y-axes represent number of reads.

Arrows indicate gene start and direction of transcription. Black boxes indicate

exons.
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4.2.2  Chromatin and RNAPII patterns at Active, Bivalent and Inactive genes

One of the main goals of our ChIP-Seq data analysis was to characterize different
classes of genes according to their RNAPII, Polycomb and expression status. To
achieve this aim it was essential to analyse datasets with adequate sequencing depth

so that both the background and the binding sites are classified properly.

Genome-wide RinglB occupancy data was previously published by Ku et al. [2008]
(using the same antibody clone, A-20). Comparison of ChIP-Seq average profiles at
highly (“Top20%”) and least (“Bottom20%”) expressed genes and at bivalent genes
shows that, as expected, bivalent genes are enriched for PRC1 and PRC2 marks when
compared to active or silent genes (Figure 4.3). Moreover, average ChIP-Seq profiles
show that our Ring1B dataset has greater signal intensity than the previous dataset
(compare the different y-axis scales in Figure 4.3). In addition, a sharp peak of
Ring1B can be identified immediately upstream of the TSS of active genes (Figure 4.3;
green lines) which is not seen in the published dataset with a lower depth of
sequencing. Mapping of Ring1B in ES-ERT2 (conditional knockout of Ring1B)

suggests that this peak may be unspecific (not shown).
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Figure 4.3: Genome-wide profiles of PRC related marks at most and least expressed and
bivalent genes. Profiles of ChIP-Seq read density (depth per 10bp) profiles were
computed for the region surrounding the TSS and TTS of highly (Top20%) and
least (Bottom20%) expressed genes and bivalent genes. Top20% and Bottom20%
were classified according to FPKM levels (section 3.3.5). Bivalent genes were
classified in Mikkelsen et al. [2007]. The dashed line indicates the representative
position of the TSS and TTS.

To compare the ChIP-Seq signal globally at gene promoters, we calculated the
sequencing depth within +1kb region centered at the TSS of 18860 genes and
performed pairwise correlations (Figure 4.4). All 5 markers (H2Aubl, Ring1B,
H3K27me3, Suz12, Ezh2) show positive correlation in the range from 0.38 to 0.68
(Spearman’s rank correlation coefficient), confirming that, in the vast majority of
cases, PRC2 and PRC1 proteins bind to a common set of promoters. Lower
correlations are seen between the two Ring1B datasets (0.38) and between all
correlations involving Suz12 (Mikkelsen et al., 2007) and published Ring1B (Ku et al.,
2008) sets, possibly due to lower depth of signal in these published data sets. As
expected, higher correlation coefficients (depicted in red; Figure 4.4) are seen between
the catalytic PRC subunits (Ezh2, Ring1B) and the mark they catalyse (H3K27me3,

H2Aubl, respectively; Spearman’s correlation = 0.68). Interestingly, H2Aub1 and



118 POLYCOMB REPRESSION IN THE PRESENCE OF RNAPII

H3K27me3 signals are also well correlated, contrasting to what is observed between

Ring1B and H3K27me3.

As the published Ring1B dataset (Ku et al., 2008) was lower depth and our own
dataset had a non-specific component, the downstream analyses relied on the
H2Aub1 dataset, to most accurately describe PRC1 presence and activity. Moreover,
relying on H2Aub1 as a measure of “PRC1 activity”, is consistent with the analysis of
PRC2 activity based on H3K27me3, as been done for many genome-wide studies of
Polycomb function (Mikkelsen et al., 2007, Zhao et al., 2007, Wei et al., 2009, Pan

et al., 2007).
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Figure 4.4: Pairwise correlation between levels of PRC markers, H2Aub1, Ring1B, H3K27me3,
Suz12 and Ezh2 at promoters. Sequencing depth was calculated in 2kb windows
centered at genes” TSSs. Scatter plots are displayed in the log10 scale for visualisa-
tion purposes. To avoid taking the log of 0, the value 1 was added prior taking the
log. Speaman’s correlation coefficients are shown in each plot.



4.2 RESULTS

4.2.3 Classification RNAPII or PRCs ChIP-Seq signal

To investigate the association of Polycomb-target genes with RNAPII complexes
bearing specific CTD modifications, we used a methodology developed in
collaboration with Sarah Teichman’s group, MRC-LMB Cambridge. This
methodology relies on the scoring of windows of interest (which are defined with
respect to gene regions) based on read density and on the identification of a
threshold which is used to classify the windows into “negative” and “positive”, thus
yielding estimates of the fraction of modified /bound genes above background. This
methodology classifies each gene according to the presence or absence of RNAPII
(S5P, BWG16, S7P and S2P), H3K4me3, H3K27me3 and H2Aubl. This approach was
recently published as a webtool (EpiCHIP; Hebenstreit et al., 2011).

The method involves four main processing steps; an overview of the analysis strategy
is given in Figure 4.5. (i) Firstly, genic regions of interest (5 or 3" end of genes) were
identified. To do so, I aligned RefSeq genes according to their annotated TSS or TTS
and produced genome-wide average read distributions. Genic regions of interest
were chosen accordingly to where RNAPII and Polycomb was present: a 2kb window
centered at the TSS was chosen for S5P, 8SWG16, S7P, H3K4me3, H3K27me3 and
H2Aubl, a 2kb window downstream the TTS for S2P, and finally a 2kb window
upstream of the TTS was also considered for S5P data analysis. (ii) Secondly, once
windows of interest were identified, the sequencing depth (i.e. number of read
nucleotides that fall into that window) was calculated to score every window. At this
step, because all windows have the same length (2kb), it was not necessary to
normalise depth counts to window width. (iii) Thirdly, density plots were used to
display the global distribution of ChIP-Seq sequencing depth. When displayed on a
log scale, the bimodality of the data was typically emphasized, suggesting that it is

composed of two subpopulations, each with separate, but overlapping distributions.

(iv) Fourthly, the two subpopulations were classified into “noise” (background) and
“signal”, using an expectation maximization algorithm (optim function in R; Nelder
and Mead, 1965, R Development Core Team, 2010) to fit a two-component mixture

model of combinations of Normal and lognormal distributions. This approach allows

us to identify a threshold at a specific false discovery rate (FDR) which is then used
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to categorize window depth values into binary “positive” or “negative” (1,0) events
that denote, respectively, the presence or absence of a given factor (either at TSS or
TTS region). We chose an FDR of 1% to perform the binary classifications detailed
below. Finally, windows with scores above the identified threshold were classified as
“signal”, and thus the corresponding gene was classified as being positively
associated to a given marker at the genomic window of choice; while windows with
depth scores that fall below the identified threshold were classified as “background”.
This analysis produced a table of (1,0) scores for all RefSeq genes and markers (S5P,
8WG16, S7P, H3K4me3, H3K27me3 and H2Aubl1).
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1. Windows based on
gene coordinates

are defined for each gene L

Background

2. Sequencing depth within chosen window is extracted

Signal

3. Data distribution
is plotted and curve
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4. At a given FDR, genes h
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"positive” (Gene B,D) and
"negative” (Gene A, C)
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Figure 4.5: Overview of the classification strategy. The image was adapted from Hebenstreit
et al,, 2011

4.2.3.1 (i) Genome-wide average profiles

To identify optimal windows of marker enrichment, the average ChIP-Seq profiles
across -5kb to +5kb regions relative to the TSS and TTS were calculated. Average
profiles were calculated by aligning all RefSeq genes relative to their TSS and TTS
and by measuring the sequencing depth at sliding windows of 10bp width.

Figure 4.6 shows average profiles for all RefSeq genes.
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4.2.3.2 (i) Identification of the optimal windows for classification

Careful analysis of the average read profiles at TTS and TTS indicate indicate that the
most prominent peaks are detected at the promoter region for S5P, SWG16, S7P,
H3K4me3, H3K27me3 and H2Aub1 datasets and downstream of the TTS region for
the S2P dataset. The approximate size of the peak width is 2kb, and therefore, we
have chosen the 2kb windows depicted in Figure 4.6 for downstream analysis. For
the S5P dataset, a secondary peak was detected for S5P upstream the 3" end of genes
which we are interested in measuring to identify genes in which S5P is observed
throughout the gene’s coding region, therefore the 2kb region upstream of the TTS
was also classified. In contrast, our ChIP-Seq datasets for the mock IP control

distribution is much flatter, showing only a slight increase at the TSS.

The size of the windows was chosen in a heuristic way to ensure a clear separation of
“real signal” from “noise”. The precise size and position of the chosen window is not
crucial for the downstream analysis, as long as it represents genomic sites where the
separation between signal and background is clear; for instance we have already
observed that inactive genes (such as those previously classified as bottom 20%) are
clearly depleted of S5P at their promoters and S2P at their 3’end, while at active
genes S5P and S2P are clearly enriched (Figure 3.7; Hebenstreit et al., 2011).
Nonetheless, to investigate the effect of window size the classification strategy was

repeated using a range of window sizes (described below in subsection 4.2.4).
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Figure 4.6: Genome-wide average read profiles at RefSeq genes. Average ChlIP-Seq read
density (depth per 10bp) profiles at RefSeq genes are shown for RNAPII (S5P,
8WG16, S7P and S2P) and H3K4me3, H3K27me3 and H2Aub1 datasets to display
the general binding pattern. S5P, WG16, S7P, H3K4me3, H3K27me3 and H2Aubl
show a strong enrichment at 2kb region centered at the TSS, while S2P shows a
stronger enrichment at 2kb region downstream of the TTS. A secondary 2kb peak
upstream of the TTS is also considered for downstream S5P data analysis. The
control is a mock IP experiment with no antibody. Shaded windows represent the
chosen 2kb windows for the classification strategy.

4.2.3.3 (iii) Bimodality of the distribution of Chip-Seq signal

To determine whether the distribution of ChIP-Seq signal at windows consist of a
mixture of two subpopulations (noise and signal), the global distribution was
displayed as a density plot for all analysed variables (Figure 4.7). In every case, the
distribution of values is skewed with a long tail to the right. The skewness of the

distribution is less accentuated for the H3K27me3 and H2Aub1 datasets which
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means that relatively fewer genes are represented by high window scores. This is in
agreement with what is expected according to the overall reduced spread of
H3K27me3 and H2Aub1 marks along the entire genome when compared to RNAPII
binding or the H3K4me3 mark. The longer tail is also observed for the control data
(Figure 4.8), but values are relatively more evenly distributed on both sides of the
mean then for other ChIP-Seq datasets. The bimodality of the distribution is
emphasized by log-transforming the data which demonstrates, in some cases very
clearly, that the sample data can be modeled by the sum of two separate but
overlapping components, one corresponding to low values (“noise”) which is also

well modeled by the control sample, and another one corresponding to higher values

(“signal”).
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Figure 4.7: Curve fitting of RNAPII (S5P, 8WG16, S7P, S2P), H3K4me3, H3K27me3 and
H2Aubl data. Kernel density estimates of the distributions of sequencing depths
at 2kb windows (for all RefSeq genes) are shown in the linear (left) and log10
(middle, right) scales (blue lines). A combination of a Normal and a lognormal
distribution fitted to each dataset are overlaid (red, orange and pink lines). The
blue dashed lines on the left plots indicate the thresholds at FDR=0.01. On the
right, dotted black lines represent the signal distribution of random intergenic
regions of 2kb size. Parameters and alternative fits are shown in Table 4.2.
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A. Modeling the noise

To investigate whether the left peak seen in the log representation of the data
corresponds to background signal, 18860 intergenic windows of 2kb each were
randomly selected and plotted. For the mock-IP control, the distribution of intergenic
window scores largely overlaps with the distribution at TSS (not shown), whereas for
all the other variables the resulting distribution overlaps the left peak suggesting that
this left peak largely consists of experimental and biological noise (Figure 4.7, dotted

lines).

The shape of the distribution for the mock IP sample suggests that a Normal
distribution would fit the distribution. To compare the fit of a Normal curve with
other possible alternatives (lognormal or truncated Normal), we used Bayesian
information criterion (BIC) as our goodness-of-fit test. The results indicate that

Normal and truncated Normal distributions fit the data better then lognormal

(Figure 4.8).
Linear scale Log10 scale
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— lognormail 286 025 279571.29
— ftruncated normal 809.30 39612 279570.80

Figure 4.8: Curve fitting of the mock IP control distribution. The distribution of sequencing
depth calculated at 2kb windows centered at the TSS for all RefSeq genes is shown
as an histogram in the linear (left) and log10 (right) scales. Maximum likelihood
fits of Normal (blue), lognormal (red) and truncated Normal (green) are overlaid.
Parameters of the fitted distributions and BICs are also represented.

B. Modeling the two-component distribution

To fit a two-component mixture distribution, we used an expectation maximization
algorithm (optim function in R; Nelder and Mead, 1965, R Development Core Team,

2010) and performed several fittings of the data using various combinations of
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Normal and lognormal distributions (lognormal - lognormal; Normal - lognormal;

truncated Normal - lognormal).

Modeling the data with two lognormals led to the estimation of very high thresholds,
mainly due to the fact that the “noise” distribution is poorly represented by a
lognormal curve (see for example H3K4me3 and S5P fittings Figure 4.9). In this case,
the heavy right tail of the lognormal curve leads to an increased estimation of false
positives (FDR = 1%), and thus to an increased unrealistic threshold that separates

“noise” from “signal”.

Both of the other two tested models (truncated Normal - lognormal; Normal -
lognormal) fit the data well, but the best representation of the shape of the
distribution was achieved for the two-component mixture composed of a truncated
Normal distribution and a lognormal distribution. In the majority of the cases, the
truncated Normal - lognormal also gave best BIC, although the differences were very
moderate between the three models. Best-fit results are in agreement with what has
been seen for H3K9/14ac and H3K4me3 data, where the fit of background and signal
models of windowed data were studied extensively (Hebenstreit et al., 2011). All

fittings and parameters are presented in Table 4.2.

lognormal - lognormal Normal - lognormal Trunc.Mormal - lognormal

BIC= 376527 H BIC= 376527 |
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Figure 4.9: Example fitting of 3 models to H3K4me3 and S5P data sets. Kernel density
estimates of the distributions of sequencing depths at 2kb windows (for all RefSeq
genes) are shown in the log10 scale. A combination of a Normal and a lognormal
distribution fitted to each dataset are overlaid (red, orange and pink lines). Blue
dashed lines represent the estimated threshold (“tr”). The lognormal-lognormal
fittings leads to an overestimation of the threshold. Both the other two models
(Normal - lognormal; truncated Normal - lognormal) fit the data well. Parameters
and alternative fits are shown in Table 4.2.



Table 4.2: Parameters of the fitted distributions for different window sizes. Several fittings of
the data were performed using various combinations of Normal and lognormal
distributions (truncated Normal - lognormal; lognormal - lognormal; Normal -
lognormal). The best representation of the shape of the experimental distribution
was achieved for the two-component mixture composed of a truncated Normal and

a lognormal distribution and is represented in Figure 4.7.
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Sample window a Ho ay Hy threshold BIC
- S5P 2kb 0.3 o8 0.6 3.9 0.3 16865.1 376527
= 8WG16 2kb 0.5 31 0.5 4.3 0.3 29691.0 416055
u% S7P 2kb 0.5 2.7 0.5 38 0.3 7099.1 374074
:" K4me3 2kb 0.4 2.5 0.5 3.9 0.2 6447.7 365187
= K27me3 2kb 0.3 2.4 0.2 2.6 0.5 814.6 306235
g H2Aub1 2kb 0.5 30 0.2 31 0.4 31207 333362
§° S5P(TTS) 2kh 0.3 24 0.4 34 0.5 3062.0 361981
= S2P 2kb 0.1 29 0.2 35 0.6 20249 398565
S5P 2kh 0.2 5686 4528 39 0.3 1626.9 376527
'_E" 8WGl16 2kb 0.4 1016.3 681.8 4.2 0.4 2607.2 416056
g S7P 2kb 04 5990 3818 3.7 0.3 1492.6 374072
g K4me3 2kb 0.3 2072 1443 38 0.3 543.1 365187
ik K27me3 2kb 03 2235 851 26 0.5 4446 306232
E H2Aub1 2kb 0.5 9588 359.0 3.2 0.4 1918.3 333362
2 S5P(TTS) 2kb 03 3620 2419 35 0.4 938.6 361963
S2P 2kh 0.2 7534 3325 3.5 0.5 1564.8 398564
S5P 2kh 0.2 2171 5850 39 0.3 1581.0 376527
8WG16 2kh 0.4 6087 11806 4.2 0.3 3363.8 416056
S7P 2kb 04 2504 4645 37 0.3 1337.8 374074
Kdme3 2kh 0.3 1833 2283 318 0.3 7144 365186
K27me3 2kb 0.3 2195 1001 26 0.5 479.6 306232
H2Aub1 2kb 0.5 9161 3825 3.2 0.4 1922.9 333362
SSP(TTS) 2kb 0.4 3528 4029 3.5 0.4 1313.5 361966
= S2p 2kb 0.3 7228 4349 36 0.5 1771.7 398563
E S5P 1kh 0.2 1653 3084 3.7 0.4 886.2 352315
u% 8WG16 1kb 04 2124 7895 4.1 0.3 2053.9 402819
f S7P 1kb 0.4 36 4035 36 0.3 946.3 349031
= Kdme3 1kb 03 499 1920 36 0.3 497.0 339816
§ K27me3 1kb 03 1002 571 23 0.5 2489 269132
= H2Aub1 1kh 04 4027 2221 28 0.4 1006.6 309008
L S5P(TTS) 1kh 03 1810 1458 3.3 0.4 525.6 321791
g S2P 1kh 0.2 6053 2203 3.2 0.6 1163.0 377827
= S5P 500bp 03 -679.5 6429 36 03 824.5 322278
8WG16 500bp 04 2264 4029 39 0.4 1166.4 381893
S7P 500bp 04 272 3078 35 0.3 6929 317781
Kdme3 500bp 03 508 1187 3.3 0.3 327.3 301241
K27me3 500bp 04 638 412 281 0.5 172.9 213928
H2Aub1 500bp 0.8 1763 1616 2.9 0.2 566.5 270424
S5P(TTS) 500bp 0.6 2425 2485 3.2 0.3 842.8 264927
S2pP 500bp 0.8 4251 5966 36 0.4 1859.0 343709
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4.2.3.4 (iv) Threshold calculation

One advantage of the curve fitting approach is the derivation of a threshold at given
false discovery rate (FDR) whilst retaining a quantitative raw measure of read density
at the analysed windows. The FDR is the quotient between the expected proportion
of false positive detections and the total number of detections. We used an FDR of
1%, thus setting the threshold to a value where the proportion of ‘noise” corresponds
to 1% of the total area of the mixture on the right of the threshold, ensuring that the
number of false positive detections will be small. The threshold was then used to
categorise the continuous values into binary “positive” or negative’ (1,0) events that
denote, respectively, the presence or absence of a given histone or RNAPII mark

(either at TSS or TTS region).

4.2.4 Robustness of the classification

To investigate the robustness of the method against different window settings, the
classifications were performed using different window sizes (the parameters
identified for each fitting are represented in Table 4.2). Windows of 1kb (using the
truncated Normal/lognormal model at FDR = 1%) give similar results to windows of
2kb. On average 94% of genes are commonly classified as positive between 1kb and
2kb window approaches. Using windows of 500bp also leads to similar results to
windows of 2kb, where 64% to 97% (86% on average) of classifications agree between
the two approaches (see Table 4.3 for the number of genes which agree between
classifications). The largest differences in the total “positive” / “negative” calls are
seen when using windows of 500bp at the TTS to classify genes according to their

S5P and S2P signal (Table 4.3 ).



Table 4.3: Agreement between classifications using different windows sizes. The number of
“positive” and “negative” calls commonly identified using either 1kb or 500bps
window sizes compared to the ones obtained using 2kb windows are shown. The
percentage of common classifications represents the total number of positive and

negative calls out of the total number of windows (n=18860).

4.2 RESULTS

Nr of “positive” Nr common Nr common % of
windows “positive” “negative” common
classifications classifications classifica-
tions
Sample 2kb 1kb 500bp 1kb 500bp 1kb 500bp 1kb 500bp
S5P (TSS) 13457 13364 11774 12966 11615 5005 5244 95% 89%
8WG16 11093 11156 11200 10904 10789 7515 7356 98% 96%
S7P 10795 10532 10141 10412 10018 7945 7942 97% 95%
K4me3 13188 13005 12661 12939 12599 5606 5610 98% 97%
K27me3 5890 5767 4047 5093 3767 12296 12690 92% 87%
H2Aubl 3840 3839 2936 3258 2452 14439 14536 94% 90%
S5P (TTS) 9650 9626 4583 8453 4507 8037 9134 87% 72%
S2P (TTS) 10601 10133 3871 9309 3871 8142 8259 93% 64%

Close inspection of genes differentially classified between the three methods (using
2kb, 1kb or 500bp windows) revealed cases in which low depth signal is not detected
if one uses small window sizes (500bp) as opposed to bigger windows (1kb or 2kb).

Concrete examples are given in Figure 4.10a for Eifgebp and Zfandz2a genes which are

wrongly classified as S2P-negative or S5P-negative, respectively, if one uses 500bp

windows, but correctly classified as “positive” if one uses a bigger window size (2kb)

defined relatively to the 3" end. Similar examples of broad patterns which are

wrongly classified using smaller (500bp) windows include those of the H3K27me3

mark at the promoter of Semasf gene (Figure 4.10a). Nonetheless, for the great

majority of the cases, our results show that changing the window sizes results only in

slight differences in the classification of genes.
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Figure 4.10: Example of genes differentially classified between three approaches using three
different window sizes (2kb, 1kb and 500bp). (a) Broad patterns at Eifzebp, Zfand2a
and Semasf are positively detected using 2kb window sizes, but lost if using
smaller windows (500bp). (b) Overlapping windows lead to the misclassification
of genes. Parp3 and Rrpg are closely located, but only Rrpg carries S5P enrichment
at its promoter. Nfe2l3 is misclassified independently of the window size chosen
due to overlapping signal from Hnmpazbi.
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Other examples of differentially classified genes includes cases in which the use of
smaller windows provides better resolution, two examples are depicted in Figure
4.10b. For example, the 2kb windows centered at the TSS of Parp3 and Rrpg overlap
and thus Parp3 becomes wrongly classified as “S5P-positive” when in fact the signal
clearly belongs to Rrpg promoter window. However, when using 1kb or 500bp
promoter windows the signal is separated, and Parp3 is correctly classified as
“S5P-negative” (Figure 4.10b). The same type of example is shown for Nif2I3 gene
(Figure 4.10b), which is wrongly classified by all approaches (2kb, 1kb or 500bp

windows) due to signal from the nearby Hnmpaz2b1 gene.

For downstream analysis, classifications obtained for 2kb windows were used. Since
several cases were identified where two windows belonging to different genes
overlap, we removed genes where windows positive for a given marker overlap by
more than 10% (i.e. 200 bp). The number of genes that were removed in each dataset

is represented in Table 4.4.

Table 4.4: Number of overlapped windows excluded from each data set. If two or more
“positive” windows from distinct RefSeq genes overlap it is not possible to declare to
which gene (or if to both) the observed signal belongs. To avoid misinterpretation of
the results, “positive” windows that overlapped by at least 10% (i.e. 200 nucleotides)
were ignored. The resulting number of ignored classifications is represented.

S5P 8WG16 S7P K4 K27 H2Aub1l  S5P S2pP
(TSS) me3  me3 (TTS)

Nr of windows 1802 1766 1760 1814 218 172 1785 1949
removed from the

classification

4.2.5 Validation of the classification by comparing with previous classifications

We compared this novel classification strategy with other published classifications,
namely for ‘bivalent” and ‘PRC1-positive bivalent” genes (Ku et al., 2008, Mikkelsen
et al., 2007, respectively). We identify 4115 genes bound by H3K4me3 and H3K27me3
and, from these, the majority is also H2Aub1+ (H3K27me3+ H3K4me3+ H2Aubl+;
n=2863). These novel analyses identify larger numbers of ‘bivalent’ (n=4115) and

‘PRC1-positive bivalent” (n=2863) genes than previous studies (Figure 4.11).
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HA+K2T+
(4115

H4+K27+
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PRCI+
(Ku et a1 2008)
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(Mikkelsen et al, 2007) HlAubl+

H2Aubl+ @391) (3374)

(3374

* Newly identified bivalent genes (n = 1791) * Newly identified PRC1-positive bivalent genes (1790)

Figure 4.11: Bivalent gene classifications in the current and previous studies. We identify
4115 bivalent genes (K4+K27+), of which 44% (n = 1797) were not previously
classified as bivalent domains (Mikkelsen et al., 2007). 46% of newly identified
bivalent genes (821 out of 1797) are also H2Aub1l+. Compared to Ku et al., 2008
classifications, we identify many newly ‘PRC1-positive bivalent” genes (n=1839),
probably due to classification strategy and the lower depth of published Ring1B
data compared to our new H2Aubl data.

The differences in classifications arises mainly from (i) more genes previously
classified as ‘K4-only” (H3K4me3+H3K27me3-) now being classified as marked with
H3K27me3 and/or H2Aub1; (ii) many genes, previously classified as PRC1-negative
now being classified as H2Aub1+ genes. Inspection of ChIP-Seq levels confirms that
newly classified bivalent genes have on average lower H3K27me3 signal (p-value <
10~1%; one-tailed Wilcoxon rank-sum test), and thus could have been missed from
Mikkelsen et al. [2007] classifications. Using the Ring1B dataset from Ku et al. [2008],
we verify that the newly classified “PRC1-positive bivalent” have lower Ring1B signal
when compared to all bivalent genes (p-value < 10~%; one-tailed Wilcoxon rank-sum
test); but when using our own, higher depth, Ring1B and H2Aub1 datasets the same
result is not confirmed (Figure 4.12a). Indeed, the subclass of newly identified
PRC1-positive bivalent genes has significantly higher levels of H2Aub1 when
compared to all bivalent genes (p-value < 10~1°; one-tailed Wilcoxon rank-sum test).
In contrast to the previous classification of PRC1-bound bivalent genes (based on
Ring1B ChIP; Ku et al., 2008), we identify that the majority of bivalent genes are
marked by H2Aub1. For instance, according to our own datasets, genes such as those

represented in Figure 4.12b are classified as bivalent Ring1B-negative (Heyz, Lhx3) in
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Ku et al. [2008] but have detectable Ring1B and H2Aub1 signal. Other genes (Lhx4,
Cbfazt3h) are classified as H3K27me3 negative by Mikkelsen et al. [2007] and
Ring1B-negative by Ku et al. [2008], but low depth signal is seen when using the data
sets from these same studies (Figure 4.12b). Differences between ours, Mikkelsen
et al. [2007] and Ku et al. [2008] classifications could arise due to greater longevity of
the nucleosome modification (H2Aub1) than Ring1B at these promoters, due to the
higher signal produced by ChIP with histone antibodies than with Ring1B, or due to
difficulties in detecting lower Ring1B or H3K27me3 signals. Nevertheless, our
evidence suggests that the majority of bivalent genes are also PRC1 targets (70%;
based on H2Aub1 annotation; 2863 out of 4115 bivalent genes). In addition, almost
all H2Aub1 marked genes (n = 3374) are marked by H3K4me3 (n = 3287; 97%), while
the same is not true for the H3K27me3 mark, which can more commonly be found in
the absence of H3K4me3 (79% of H3K27me3 are also H3K4me3 marked). This
interesting finding indicates that the H2Aubl mark more faithfully represents
bivalent chromatin then H3K27me3 mark.
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Figure 4.12: Comparison of H3K4me3, H3K27me3 and H2Aubl sequencing depth at the

promoters of genes that differ between the current and previous classifications.
(a) Newly classified bivalent genes have on average lower H3K27me3 and PRC1
(H2Aubl1, Ring1B) signals, when compared to all bivalent genes. Newly identified
“PRC1-positive bivalent” genes have lower Ring1B signal according to Ku et al.
[2008] data set, but not according to our own data sets (H2Aub1 or RinglB),
when compared to all bivalent genes. Sequencing depth was calculated within
+1kb region centered at the TSS of all represented genes. Wilcoxon rank-sum
test p-values are represented under each box plot for comparisons against “All
bivalent genes”. (b) ChIP-Seq and mRNA-Seq profiles across three example genes
which are misclassified as PRC1-negative according to Ku et al. [2008] due to low
Rin1B depth (see “Ring1B (Ku)”). Y-axes represent the number of reads. Arrows
indicate gene start and direction of transcription. Black boxes indicate exons.
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4.2.6  Characterization of PRC+ genes

The classification strategy based on measuring signal at windows of interest allowed
us to identify a large cohort of PRC* genes (n=5628) in ES cells, either associated
with both H2Aub1 and H3K27me3 (n=2931), only H3K27me3 (n=2254), or only
H2Aub1 (n=443).

The PRC™ cohort contains not only silent genes, but also genes with intermediate and
high expression. The large range of expression levels at PRC* genes is also seen using
published mRNA datasets (Figure 4.13) determined with different methodologies
and ES cell lines. Heatmaps representing RNAPII modification at PRC~ and PRC™"
genes ordered by expression show that expression levels at PRC™ genes are positively
associated with presence of SWG16, S7P and S2P (Figure 4.14), meaning that
expression of PRCT genes is consistent with the the degree of RNAPII enrichment
and its configuration. Least expressed PRC-target genes were generally associated
with S5P only, whereas actively-expressed PRC-targets were occupied by both S5P
and S2P, demonstrating genome-wide association between PRCs and RNAPII-S5P.

Our data reveals a considerable proportion of PRC-repressed genes that are
transcriptionally active, to the level of what appears to be efficient transcription
elongation (as seen from the enrichments on S2P and H3K36me3), but it also raises
important questions on the interpretation of the observed coincidence between

PRC-repression and efficient gene transcription.
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Figure 4.13: mRNA levels at PRCt genes encompass the spectrum of expression levels.
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mRNA expression levels were determined for the group of 20% highest expressed
(Top20%), 20% lowest expressed (Bot20%) and PRC™ genes using published
mRNA-seq (this study, and Cloonan et al. [2008]) and microarray data (Mikkelsen
et al., 2007, Sene et al., 2007). For visualisation purposes, expression levels are
represented in log10 scale. To avoid taking the log of zero, a pseudo value of
0.0001 (in the case of FPKM) was added prior taking the log. Top20% and Bot20%
were classified according to FPKM levels. PRCT genes show a wide range of
expression levels.
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Figure 4.14: PRC-targets associate with different RNAPII modifications and expression levels.

ChIP-Seq density heatmaps for 15404 non-overlapping RefSeq genes within 10kb
windows centered on TSS or TTS (histone and RNAPII markers), and mRNA-Seq
maps across coding regions normalized to length. PRC-negative (PRC-; n=9776)
and PRC-positive (PRC+; n=5628) genes were classified and ordered by mRNA-
seq levels. PRC+ genes include both silent and active genes, and associate with
S5P irrespective of activity.

4.3 DISCUSSION

PRCs are important regulators in ES cells where they are known to silence

developmental regulator and lineage-specific genes and to maintain the pluripotent

state (Boyer et al., 2006, Lee et al., 2006).
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We have generated ChIP-Seq genome-wide maps of Ring1B and the histone
modification it catalyses, H2Aub1, and analysed publicly available ChIP-Seq datasets
of Polycomb marks (Ezh2, Suz12 and Ring1B) and H3K27me3. Genome-wide
analyses show that PRC-targets are strongly enriched for Polycomb proteins and the
respective epigenetic marks they catalyse, H3K27me3 and H2Aubl, and that most
PRCs co-associate with RNAPII at promoters and throughout coding regions
(Figure 4.3). We have developed a strategy to classify genes according to the
enrichment patterns of several RNAPII CTD phosphorylated residues, and the
epigenetic marks H3K27me3 and H2Aubl. The classification scheme used here can
be useful for the classification of other ChIP-Seq samples that have important roles in
transcriptional control. Although the mechanisms and function of Polycomb
complexes has been studied widely, the detailed relationship between RNAPII
presence and Polycomb repression has never been documented in a genome-wide

study.

4.3.1  Distinguishing marked and bound genes from background

A common feature of RNAPII and histone modification type of ChIP-Seq data is the
fact that clear patterns of enrichment are distributed along target genes. The
classification approach used here (based on a strategy developed in Hebenstreit et al.,
2011) takes advantage of the fact that most of the genomic enrichment is expected to
exist within consistent regions of genes. For instance H3K4me3 is primarily enriched
at the TSS of bivalent and active genes, while S2P appears to mark more prominently
the 3’-proximal region of transcribed genes (Figure 3.7, Figure 3.9). We demonstrate
here a novel way for analyzing ChIP-seq data for RNAPII and histone modifications.
This approach relies on measuring the ChIP-Seq signal in fixed windows for each
gene, and in the distinction between background “noise” and biologically meaningful
signal. In order to determine contributions of the background and real signal, a
two-component mixture model is fitted to the distribution of the data by using the
expectation maximization algorithm. The advantage of this approach is the
derivation of a probabilistic criterion for identifying a threshold at a specific false
discovery rate (FDR) allowing us to define which genes are positively associated to a

given mark/protein and to quantify that signal at each individual gene.
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4.3.2  Improvements on the classification of bivalent and PRC1-positive genes

Using the novel classification strategy, we identify a larger number of bivalent genes
(H3K27me3+H3K4me3+; n=4115). Our classification recovers the majority of
previously identified bivalent genes published in Mikkelsen et al. [2007](n = 2627;
Figure 4.11). The newly classified bivalent genes have lower H3K27me3 and H2Aub1
signals (Figure 4.12a); these were probably missed from other classifications due to
insensitivity to lower signals, in particular lower H3K27me3 signal. In a recent study
(Young et al., 2011), the local pattern of enrichment of H3K27me3 in ES cells was
extensively studied and genes were classified using specific methodology that took
into account “broad” and “sharp-type” of H3K27me3 patterns of enrichment. The
authors identified a total of 4495 H3K27me3 positive genes; of these, 3369 match our
own H3K27me3 classification (65%).

Moreover, using the same approach, we identify more ‘PRC1-positive bivalent” genes
(H3K27me3+ H3K4me3+ H2Aub1+; n=2863) than previous studies (n = 1839; 64%).
We have found that bivalent genes previously classified as PRC1-negative (Ku et al.,
2008) exhibit lower levels of Ring1B signal based on the published dataset (Ku et al.,
2008); indicating that they could have been missed from previous classification due to
the insensitivity of the classification scheme used (Figure 4.12a). From the
investigation of ChIP-Seq signal at single genes (Figure 4.12b), it was also evident
that these newly classified PRC1-positive bivalent genes exhibit clear H2Aub1 and
Ring1B signals using our own datasets, indicating that differences in the ChIP

protocol may also account for differences in the classification.

We have found that the majority of bivalent genes is also H2Aub1-positive, and more
importantly, H2Aub1 presence more closely represents bivalent chromatin than
H3K27me3 since many genes solely marked by H3K27me3 (negative to H3K4me3
and H2Aub1) were found. This result suggests that PRC1 may have a direct role in
restraining RNAPII elongation as previously suggested (Stock et al., 2007).
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4.3.3 RNAPII at some PRC-repressed genes is transcriptionally active

To investigate the interplay between PRC function and RNAPII modification, we
divided genes into PRC-positive (PRC*, n=5628) and PRC-negative (PRC~, n=9776).

At both PRCT and PRC™ genes, promoter levels of 8WG16 and S7P correlate with
expression. S2P also increases with increasing expression, marking the PRC* genes
with the highest activity levels. SS5P in contrast, associates with the vast majority of
PRC™T promoters independently of expression; S5P enrichment at the end of genes
parallels increasing expression at PRC™ genes (Figure 4.14). Surprisingly, the PRC™
cohort contains not only silent genes, but also genes with intermediate and high
expression, suggesting that PRCs do not act as blanket silencers (Schwartz and

Pirrotta, 2008; Figure 4.13).

Different levels of H3K4me3, H3K27me3 and the correspondent correlation with
actively transcribing RNAPII, could reflect a cell population with a proportion of
cells in which the gene is either active or PRC-repressed. To further explore this
possibility, in Chapter 5, we further classify the combinatorial patterns of RNAPII
and PRCs using a clustering approach and test the co-existence of “active”
PRC-targets by the use of sequential ChIP experiments, and single cell analysis of the

correlation between chromatin modification and gene expression.
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5.1 RESEARCH MOTIVATION

To investigate RNAPII regulation at PRC-targets genome-wide in ES cells, we
mapped PRC subunits, PRC-instigated histone modifications and four RNAPII
modifications by chromatin immunoprecipitation and high-throughput sequencing
(ChIP-Seq). To characterise the different RNAPII regulation states at PRC-targets in
ES cells, hierarchical clustering was used to group genes according to RNAPII
modification and PRC occupancy. I aimed to investigate whether PRCs prevent the
establishment of active RNAPII-S2P complexes or directly control their elongation.
Moreover, I aimed to explore functional relevance of PRC-binding at “active”
PRC-target genes and whether pluripotency factors might influence the switch

between PRC-repression and the active state.

5.2 TWO ALTERNATIVE MODELS FOR POLYCOMB REGULATION AT “ACTIVE” PRC-

TARGET GENES

The discovery of genes exhibiting enrichment for both PRCs and active RNAPII
complexes and with high levels of mRNA led us to consider two alternative models
of PRC-regulation at these genes, schematically depicted in Figure 5.1. Firstly, PRCs
might regulate the level of transcription at any given gene by directly influencing
elongation of active (S5P+S2P+) complexes, leading to an analog model of PRC
regulation (Model 2). Secondly, PRC repression may not be compatible with the
establishment of S5P+52P+ complexes, in spite of elongation through coding regions
by RNAPII complexes phosphorylated on S5 residues (Model 1). PRC-repressed

genes exhibiting PRC-repressed and active RNAPII marks would therefore exist in
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Model 1. PRCs and productive elongation are mutually
exclusive (digital model) - allele/cell heterogeneity

(‘ : Is PRC association incompatible

with productive elongation?

Model 2. PRCs directly modulate levels of productive
elongation (analog model)

. Do PRCs control RNAPII-S2p levels

and rates of productive elongation
at active genes?

p Initiating RNAPII P PRC-repressed RNAPII

(S5p S7p) (S5p)

Active RNAPII
(S5p S7p S2p)

Figure 5.1: Two alternative models for PRC-regulation at PRCa genes.

different cells within the population (or different alleles within the same cell) due to
variations in cell cycle or heterogeneity across cells. This results in an ‘on-off” switch
mechanism of regulation with two non-overlapping states, with S2P and PRCs

binding in an exclusive manner, irrespectively of RNAPII-S5P association.

While true “poised” bivalent genes exist in mouse ES cells, it is equally possible that
many PRC-repressed genes oscillate between an “active” and a “silent” state, based
on productive transcription elongation. The latter situation can be considered a form
of priming genes, since it indicates that these PRC-repressed genes are strongly prone
to changes in the transcriptional factor network operating in ES cells. In this case, it
remains to be explored which mechanisms could trigger the transition between the

“active” and “PRC-repressed” state within the heterogeneous ES cell population.
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5.3 RESULTS

5.3.1 Identification of three epigenetic states in mESCs

Having established that there is tight interplay between PRCs and RNAPII at
PRC-repressed genes, I used hierarchical clustering to explore different RNAPII
regulation states at PRC-targets in ES cells.

Average-link hierarchical clustering was used to analyse a matrix of 15404

non-overlapping RefSeq genes and 7 binary variables which consisted of ChIP-Seq
dataset classified in Chapter 4, these were: S5P (TSS), SWG16 (TSS), S7P (TSS), S5P
(upstream TTS), S2P (downstream TTS), H3K27me3 (TSS) and H2Aub1 (TSS). The

full hierarchical tree is shown in Figure 5.2.
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Figure 5.2: Hierarchical clustering of genes according to their combination of RNAPII and
PRC instigated histone modifications. The patterns of RNAPII and PRC histone
modifications across 15404 non-overlapping RefSeq genes were investigated by
applying average linkage hierarchical clustering to a matrix consisting of seven
variables. mRNA-seq levels for each gene are displayed, but were not used in the
hierarchical clustering. The hierarchical tree shows that the genome subdivides first
into 2 main clusters (broadly Silent and Expressed), and then further subdivisions
appear, where specific PRC-target groups cluster. The logyg(signal/threshold) of
each variable was computed and divided into 10 percentiles, each assigned a
color on a blue (low) to yellow (high) scale (left hand side). We extract four main
PRC-bound groups: three from the Silent cluster and one from the Expressed.

An important step in hierarchical clustering is to select a distance measure, which
will determine how the dissimilarity of two elements is calculated. For symmetric
binary datasets, one can use the function daisy on R, available from the R package
cluster (Maechler et al. 2005). Pairwise dissimilarities in the data matrix were
computed using the Gower coefficient for symmetric binary datasets. The Gower
coefficient is calculated as described in Gower [1971]: Given a 2 by 2 contingency

table between two binary vectors i and :



5.3 RESULTS

i=1 | i=0

j=1| a | b

=0 | ¢ d

The similarity S(i,j) and dissimilarity D(i,j) between i and j is given by:

a-+d

SOJ):a+b+c+d

D(i,j) =1-5(i])

Clustering first divides genes broadly into three main groups (in order of appearance:
“Active”, “PRC-repressed” and “Inactive” groups; Figure 5.2). The “Active” and
“Inactive” classes display similar characteristics to the previously classified 20% most
expressed genes (Top20%) and 20% least expressed genes (Bottom20%), respectively
(described in Chapter 3). The “Active” cluster is characterised by higher levels of
RNAPII modification and the majority of genes within this branch do not recruit
PRC, although a subclass of PRC-targeted genes is detected and was subsequently
investigated. Genes at the “Inactive” branch of the tree, do not recruit RNAPII or
PRCs and show little or absent levels of mRNA. Genes from the “PRC-repressed”
branch, display characteristics reminiscent of the previously characterised “bivalent”
genes, with high levels of PRC-mediated histone modifications (H3K27me3 and
H2Aub1), and the presence of the initiating form of RNAPII (S5P) at all gene
promoters classified within this branch. Some of these PRC-targeted genes display

detectable S5P levels at the TTS consistent with elongation through coding regions.
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5.3.2 Principal component analysis identifies clear separation between Active, PRC-repressed

and Inactive classes

The described three classes (“Active”, “PRC-repressed” and “Inactive”) are also
clearly visible when performing principal component analysis (PCA) using, instead of
the binary classification, the continuous values (i.e. depth of sequencing at selected
windows). PCA is a powerful tool for analysing data which involves a mathematical
procedure that transforms multidimensional data in a way that maximizes the
variability between objects. In other words, PCA identifies the most important
gradients in the data. I performed PCA on a (N=15404) x (M= 7) matrix using prcomp
function in R (R Development Core Team, 2010). Since PCA is most useful when
variables are linearly related to each other, I log-transformed the data using log10
before performing the analysis. The structure of the data, consisting of three major
concentrations/groups is clearly seen when plotting the first two principal
components (PC1, PC2) against each other (Figure 5.3). Overlapping the first three
classes of genes classified in hierarchical clustering (“Active”, “PRC-repressed” and
“Inactive”) in the PCA plot shows a clear separation of the three groups by the

principal components (Figure 5.3).

Inactive
PRC-repressed
¢ Active
T T T T T T T

-5 0 5 10 -5 0 5 10

PC1 PC1

Figure 5.3: PCA identifies three major groups within the data according to their combination
of RNAPII and PRC instigated histone modifications. PCA was applied to 15404
RefSeq genes described by 7 variables which included sequencing “depth of
coverage” calculated at each TSS or TTS window: S5P (TSS), 8WG16 (TSS), S7P
(TSS), S5P (upstream TTS), S2P (downstream TTS), H3K27me3 (TSS) and H2Aub1
(TSS). Plotting the first two principal components (PC1 and PC2) against each
other shows three distinct groups of genes.
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5.3.2.1  How well do the components explain the variation in the data?

The amount of variation in the data can be explained by each principal component.
There are seven principal components (Table 5.1). The first component explains 63%
of the variation in the entire data set, and the second and the third explain almost all
of the remaining variation (18% and 7%, respectively). Components 1, 2 and 3
together explain 88% of the variance in the data.

Table 5.1: Variance within the data explained by the principal components. The first three

principal components explain 88% of the variance and describe the principal
gradients within the data.

PCl1 PC2 PC3 PC4 PC5 PC6 PC7

Proportion of Variance 0.63 0.18 0.07 0.05 0.03 0.02 0.01

Cumulative Proportion  0.63 0.81 0.88 093 096 098 1

The loadings of each component can be used to understand which of the 7 variables
contribute more strongly to each component (Table 5.2). One can interpret PC1 as
being negatively related to marks of RNAPIIL This component can be important to
distinguish between “active” and “inactive” genes, where active genes have high
negative scores and inactive genes have high positive PC1 scores. PC2, on the other
hand, is highly related with the abundance of H2Aub1 and H3K27me3 signals, and is
less sensitive to RNAPIIL This component is important to distinguish between
“poised” and “inactive”/ “active” genes. PC3 is highly correlated to levels of S5P at
the 3" end of genes, but interestingly is negatively related to SWG16 and S7P and
practically unrelated to S5P at TSS region (Table 5.2).

5.3.3 Comparing PCA with the results from Hierarchical clustering

Comparing the principal components with the previously shown heatmap, we can
see how well the components describe subtle variances within the clusters

(Figure 5.4). The majority of genes in the Active group have a high negative
contribution of PC1 and PC2, however a small percentage of genes within this group
display high positive PC2; these genes correspond to genes with higher levels of
H2Aub1 and H3K27me3 (highlighted in Figure 5.4). Similarly, a subgroup of genes
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Table 5.2: Loadings of each principal component. PC1 is related to marks of RNAPII, PC2
is strongly correlated with PRC-mediated histone modifications (H2Aubl and
H3K27me3). PC3 is highly correlated to levels of S5P at the 3" end of genes.

PC1 PC2 PC3 PC4 PC5 PCé6 PC7

S5P (TSS) —043  0.03 —-0.11  0.50 013 =072 013

8WG16 -044 019 -033 007 —-0.02 022 —-0.78

s7p —-043 022 -033 016 —-013 0.52 0.60

S5P(TTS) —0.37  0.13 0.85 0.16 0.19 024  —0.05

S2P(TTS) —0.39  0.27 010 -074 -031 -033 0.09

H2Aubl -032 —-056 —-015 -—-036 0.65 0.07 0.07

H3K27me3 —0.23 —0.71  0.11 012 —0.64 0.05 —0.06

within the Inactive cluster show a positive PC2 contribution contrasting to other

genes in the Inactive group which have negative PC2 coefficients (highlighted in
Figure 5.4).
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Figure 5.4: Comparison of Hierarchical clustering of genes with PCA results. PC1 distin-
guishes genes between “Active” and “Inactive” branches, PC2, on the other hand,
is highly related with the abundance of H2Aub1 and H3K27me3. The combi-
nation of these two components reveals subtle variations within the clusters. A
proportion of genes within the “Active” (gray shaded left box) and “Inactive”
(gray shaded right box) branches have negative PC2 scores ; while the majority of
“Active” /”Inactive” genes have positive PC2 scores.

5.3.4 Subclassification of gene classes within the Active, PRC-repressed and Inactive branches

of the HC tree

We find that further biological relevant subdivisions appear further down the
hierarchical clustering tree, distinguishable by presence/absence of RNAPII forms or
PRC-mediated histone modifications (Figure 5.2; Figure 5.4). Within the
“PRC-repressed” branch of the hierarchical tree, two separate subgroups of

PRC-targets are characterised by presence of (i) H3K27me3, H2Aub1 and S5P,
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without other RNAPII modifications (n=1632; PRCrepressed or PRCr), and (ii)
H3K27me3, H2Aub1, S5P, SWG16 and S7P, and little detectable S2P or expression
(n=742; PRCintermediate or PRCi). Within the “Inactive” branch, a subgroup of
PRC-target genes was also identified, this group was termed PRConly, or PRCo, and
is characterised by the presence of H3K27me3, but little detectable H2Aub1 or
RNAPII (n=798; PRConly or PRCo). Unexpectedly, we identified a fourth PRC-target
cluster within the “”Active” branch, associated with all RNAPII modifications,

H3K27me3, H2Aub1l and mRNA (n=1227; PRCactive or PRCa).
5.3.5 Expression levels increase progressively from Inactive to Active groups

Levels of mRNA increase progressively from Inactive, PRCo, PRCr, PRCi, PRCa to
Active genes (Figure 5.5). High levels of mRNA are detected for the PRCi, PRCa and
Active groups, low levels are detected for PRCr, while the majority of Inactive and
PRCo genes have very low FPKM levels (57% and 47% of inactive and PRCo genes
correspond to the 20% fraction of the least expressed genes in the genome,
respectively). There is in good agreement between independent mRNA-seq analyses
(present study, and Cloonan et al., 2008), while microarrays (Mikkelsen et al., 2007)
are less sensitive to lower levels of expression. For example low mRNA expression
from PRCr genes approaches background noise levels in microarray data, and thus
becomes more complicated to detect visually and less clearly separated from the
Inactive and PRCo classes (right plot, Figure 5.5), although statistically significant
differences are observed (p-value = 5.3 x 107!2 and 1.83 x 10~!2 when comparing
PRCr expression levels with Inactive and PRCo groups, respectively in microarray

data; Wilcoxon rank-sum test).
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Figure 5.5: Levels of mRNA across Active, Inactive and PRC-cohorts. Expression levels were
assessed using our own mRNA-Seq and published datasets (Sene et al., 2007,
Mikkelsen et al., 2007, Cloonan et al., 2008). Active and PRCa display considerable
amounts of mRNA-Seq levels, PRCi and PRCr display intermediate levels, while
Inactive and PRCo display the lowest levels.

To confirm the expression status of distinct PRC gene clusters, we performed RT-PCR
analysis on a panel of eight candidate PRCr genes (Fgt5, Kcng, Lrat, Lhxs, Pitx1,
Zfps503, Gatas and Emx1) and seven PRCa genes (Radso, Rrs1, Cldns, Id3, Fzd8, Lefty2
and Tbx3). RT-PCR analysis involved the measurement of transcript levels from
single genes and the use of x-amanitin, an inhibitor of RNAPII activity, which allows
us to discern whether transcription is occurring, even if transcript levels are very low.
Single gene RT-PCR analysis showed that transcript levels were detected at all
analysed genes. Transcripts from PRCa genes are comparable to those of an active
gene, and 100-1000 fold higher than PRCr genes (Figure 5.6). Transcripts are also
sensitive to x-amanitin treatment (with exception of Gatas), thus confirming the

transcriptionally active state of PRC-targets (PRCa).
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Figure 5.6: RT-PCR analyses confirm the expression status of genes from distinct PRC gene
clusters. Levels of total RNA were measured by RT-PCR using primers located
at the 5-ends of genes, and were normalised to levels of housekeeping genes
(B-actin, G6PD, Ubc; exon-exon primers). Open bars show transcription level after
x-amanitin treatment (7h, 75 pg/ml), which inhibits transcription. Transcripts
are detected at all genes, shown by sensitivity to a-amanitin treatment, but lev-
els are 100-1000x higher at PRCa/Active than PRCr genes, as expected. Mean
and standard deviations are presented from 3 independent biological replicates.
Experiment performed by E.Brookes.

5.3.6  Characteristic chromatin signatures: From Inactive to Active groups

To characterise the four PRC-target groups, we examined the levels of relevant
markers within each of the six classes (Active, PRCa, PRCi, PRCr, PRCo and Inactive;
Figure 5.7). A marked enrichment of S5P, SWG16, S7P, H3K4me3 was observed
within the promoters of Active and PRCa clusters, and to a lesser extent within the
PRCi cluster. Consistent with productive elongation, S2P and H3K36me3
enrichments were observed at the 3" end of Active and PRCa clusters. These findings
reveal that the class of PRCa genes correspond to a subset of PRC-targeted genes
which acquire a chromatin signature comparable to that of transcriptionally active
genes. On the other hand, at PRCr genes S5P extends throughout the coding regions
without S2P and H3K36me3, and S5P enrichment is not detected, denoting that the
abundance of RNAPII-S2P and H3K36me3 positively correlate with gene expression.
We hypothesise that, analogous to what was discussed for bivalent genes, RNAPII
termination at PRCr genes before transcription of polyadenylation signals, together
with S2P absence, may limit mature mRNA production. At the other extreme,
Inactive and PRCo groups display low levels of S5P and H3K4me3 and are depleted
of RNAPII or histone marks of gene activity (H3K4me3 and H3K36me3).
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The four PRC-cohorts (PRCo, PRCr, PRCi and PRCa) display the highest levels of
H3K27me3 and H2Aubl, as expected. PRCr genes display the highest levels of
occupancy of PRC subunits and associated histone marks; these levels decrease from
PRCr to PRCi and PRCa genes (in parallel with the increase in mRNA levels).
However, levels of H2Aub1, H3K27me3 and PRC subunits do not always inversely
correlate with mRNA across the four PRC groups; in fact, the least expressed cohort,
PRCo, has the lowest mRNA (Figure 5.5) and PRC levels (Figure 5.7). PRCo genes do
not recruit RNAPII which is likely to explain the absence of mRNA detection. Below
it is discussed how different promoter structures between PRCo and the other PRC
cohorts (PRCr,i,a) can constitute the underlying influence for differences in the

recruitment of PRC subunits and/or RNAPII to these promoters.
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Figure 5.7: Levels of mRNA, RNAPII, and PRC subunits across Active, Inactive and PRC-
cohorts. To investigate levels of RNAPII, PRC subunit occupancy and histone
modifications, we assessed their enrichment (average depth/nucleotide) in 2 kb
windows centered on TSSs or, for H3K36me3 and S2P, upstream or downstream of
TTSs, respectively. PRC subunit occupancy is highest at PRCr, followed by PRCj,
PRCa, PRCo, Active and finally Inactive. Solid orange line corresponds to the
threshold applied after binary classification (classification results are detailed in
Chapter 4 section 4.2.3). Ezh2, Ring1B and Suz12 (Ku et al., 2008), and H3K4me3
and H3K27me3 (Mikkelsen et al., 2007) refer to publicly available datasets.
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5.3.7 PRC-association is compatible with protein expression at PRCa genes

PRC-association at PRCa genes was confirmed to be compatible with protein
expression through mining of two ES cells proteome datasets (Van Hoof et al., 2006,
Graumann et al., 2008). From the analysis of Graumann et al. [2008], peptides are
positively identified from 32% and 15% of Active and PRCa genes, respectively, in
comparison with 2-5% for other groups (Figure 5.8). This trend is also seen using
data from another ES cell proteome study (Van Hoof et al., 2006; Figure 5.8).
Amongst the PRCa genes expressed at the protein level are transcriptional regulators
(Hdac2, Hmgaz2), cancer-linked genes (KIf4, Kit), and genes involved in glycolysis and
pyruvate metabolism (Hk1, Ldha). This suggests that PRCs actively modulate
expression levels of genes with important roles in ES cells, some of which are
required for ES cell identity (e.g. Hmga2 Hammond and Sharpless, 2008, Klf
Takahashi and Yamanaka, 2006) while others are involved in metabolic processes,
such as glycolysis, that are differently regulated in ES and somatic cells (Kondoh

et al., 2007). In support of our findings, several genes (Hmg2a, KIf4, amongst other
such as Tbx3, Fzd8, Lefty1), here classified as PRCa, were also described as bivalent
(Mikkelsen et al., 2007).

Protein Protein
{Graumann et al., 2008) {Van Hoof et al., 2006)

< 207

W

o 30

a 15 7]

Q

o

s 20

g 107

Q

st

L

o 104 5

W

48]

5]

0O 0- — 0- CLE
£8008 ¢ £8c08 ¢
'.:ccggmc: '.:ccggmc:
S a o E S a = E
= =

Figure 5.8: Gene expression at the protein level across Active, Inactive and PRC-cohorts.
Number of genes within each cluster that are detected as peptides in ES cells
according to two proteomic studies (Van Hoof et al., 2006, Graumann et al., 2008)
were scored and expressed as a percentage of the total genes per group.
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5.3.8 Gene classes are distinguishable by promoter CpG content and DNA methylation

To investigate the contribution of unmethylated CpGs to RNAPII and PRC
recruitment across the different gene groups, I compared CpG content and DNA
methylation data (Fouse et al., 2008). By measuring CpG percentage at each 2kb
promoter (identified as +1kb windows centered at each TSS), we verified that on
average the Inactive and PRCo classes have the lowest CpG content, while the

remaining PRC and Active promoters have high CpG content Figure 5.9.
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Figure 5.9: Percentage of CpG (%CpG) and DNA methylation at Active, Inactive and PRC co-
horts. %CpG within 2 kb TSSs-centered windows is shown. High CpG PRC-cohorts
are associated with high RNAPII-S5P occupancy. Genes with DNA methylation
(Fouse et al., 2008) were significantly enriched in Inactive and PRCo cohorts (aster-
isk, p-value = 4.6x107'> and 5.8x107'?, respectively; hypergeometric distribution).
Dashed orange line represents proportion of methylated genes expected by chance.

I also investigated the proportion of promoters that overlap with CpG islands. CpG
islands were downloaded from UCSC table browser (Karolchik et al., 2003), where
they are defined according to Gardiner-Garden and Frommer [1987] (%GC > 50, CpG
O/E > 0.6, length > 200bp), and overlapped with all gene promoters defined as 2kb
windows centered at each TSS. The analysis revealed that PRCr, PRCi, PRCa and
Active gene groups are particularly enriched for promoters overlapping CpG islands
(p-value < 10~73; hypergeometric distribution) while Inactive and PRCo promoters

are depleted of CpG islands (p-value = 0.99; hypergeometric distribution). Several
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studies have reported a strong association between high CpG promoter content and
PRC recruitment (Tanay et al., 2007, Mendenhall et al., 2010). However, it was
surprising to find that PRC-regulated genes (PRCo genes) had low frequency of
CpGs, suggesting that PRC levels do not always reflect unmethylated CpG
abundance and that alternative mechanisms may be employed to the recruitment of

PRC2 to these genes.

Methylated genes are highly enriched in the Inactive and PRCo groups (p-value =
4.6x107"5 and 5.8x107*?, respectively; hypergeometric distribution; Figure 5.9). These
two classes are also depleted of H3K4me3 and do not recruit RNAPII (Figure 5.7).
The fact that methylated promoters are depleted of RNAPII and H3K4me3 has been
demonstrated by several studies (reviewed in Cedar and Bergman, 2009). For
instance, it has been suggested that when the preinitiation complex is loaded onto a
given promoter, it might compete with DNA methyltransferases and their associated
proteins mostly due to its huge size (Takeshima et al., 2009). Other studies have
revealed that DNA-methylation and H3K4me3 are mutually exclusive, as promoter
H3K4me3 marks prevent the association of DNMT3A /DNMT3L complex to the
nucleosome (Ooi et al., 2007). The proportion of PRCo genes that are methylated
(37%) are also modified by H3K27me3 to the average level of a gene within the PRCo
group (p-value = 0.28 when comparing methylated PRCo genes with all PRCo genes,
Wilcoxon rank-sum two-tailed test) suggesting that the two mechanisms of silencing,

DNA methylation and Polycomb, might be coupled at these genes.

5.3.8.1  Analysis of core H3 data

To explore the possibility that lower levels of H3K27me3 and H2Aub1 in PRCo
versus the other PRC groups (PRCr, PRCi, PRCa) are not due to lower core histone
levels, I analysed publicly available core H3 ChIP-Seq data from mouse ES cells
(Mikkelsen et al., 2007). ChIP-Seq data was downloaded as fastq files of raw
sequenced reads from published datasets (GSM307624). Data processing was
performed as described previously for other published datasets and as described in
Chapter 2. Analysis of core H3 ChIP-Seq data shows nucleosome depletion at genes
occupied by RNAPII (PRCr, PRCi, PRCa and Active) but not at genes from the PRCo
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or Inactive groups (Figure 5.10). This result is in agreement with the current idea that
the presence of the transcription complex leads to nucleosome exclusion in CpG-rich
promoters, while CpG-poor promoters are in general more compact and less
permissive to transcription initiation (Core et al., 2008, Juven-Gershon et al., 2008,
Seila et al., 2008). This analysis also confirms that lower levels of PRC at PRCo and

Inactive genes is not due to nucleosome depletion at their TSS.
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Figure 5.10: Genome-wide core H3 profiles at Active, Inactive and PRC cohorts. Average ChIP-
Seq read density (depth per 10bp) was computed for the region surrounding
the TSS of genes. Core H3 is particularly depleted from the TSS of gene groups
associated with RNAPII-S5P (PRCr, PRCi, PRCa, Active), but not from genes not
bound by RNAPII (Inactive, PRCo). This is consistent with competition between
nucleosomes and RNAPIL The dashed line indicates the representative position
of the TSS.

5.3.9 PRCr gene promoters associated with broad S5P distribution and high CpG content

Inspection of average TSS profiles reveals that PRCr genes have a S5P promoter peak
that is unusually broad and delocalised by +190bp from the TSS (Figure 5.11a). The
delocalised peak of the S5P profile may reflect a larger proportion of stalled RNAPIIs
at the promoter region that could be explained by the slowing down of RNAPII or

the usage of alternative TSS. Multiple TSS usage in broad promoter regions has been
associated to broad unmethylated CpG-rich sequences (Sandelin et al., 2007) which in
turn have been correlated with recruitment of PRCs (Tanay et al., 2007, Mendenhall
et al., 2010) and RNAPII (Rozenberg et al., 2008). In fact, coincidentally with broader
RNAPII-S5P distributions, we observed broader CpG densities around TSS of PRCr
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genes than PRCa or Active genes (Figure 5.11a). To investigate the possibility of CpG
rich promoters being over-represented by broad type of promoters which contain
multiple transcription start positions (Carninci et al., 2006), we used CAGE data
(Valen et al., 2009). Due to unavailability of CAGE data for mouse embryonic stem
cells, the earliest developmental stage dataset available was used (E17.5 embryos).
The analysis of CAGE data was performed by Dr. Boris Lenhard, Sars/CBU, Norway.
CAGE data identifies “broad” promoter class at the gene groups associated with
RNAPII and high CpG content (PRCr, PRCi, PRCa and Active) revealing that, as
expected, high CpG density coincides with broad promoter usage in early
development (Figure 5.11b). It is thought that nucleosome deficiency at
RNAPII-bound genes is due to the binding of the the preinitiation complex which
acts as a mechanism to prevent nucleosome formation and facilitate further gene
activation (Gilchrist et al., 2010). Our analysis demonstrates that RNAPII recruitment
is strongly associated with broad CpG-rich promoters of PRC-regulated genes
(PRCr), emphasizing the fact that promoter structure of highly regulated genes and
the recruitment of transcription machinery contribute significantly to precise control

of gene expression (Carninci et al., 2006).



5.3 RESULTS 159

55p %GC content CpG O:E ratio

o
!

im
L

S5P read density
CpG OE ratio
05 05

=1
L

04
1

T T
a 1 2 3 -3 -2

-1 -1
Distance to TSS(kb) Distance to TSS(kb)

()

T
-3 1 1 3 -3 -2

Distance to TSS(kb)

CAGE (embryo)

PRCr
PRCi
PRCa
Active| poooooo

120 R
= |- 0
2 2 oo
£809 ¢ . i o0
p= R T T
= A
g |
o A0 4 \
E40
e
a b
o=+ 4+ L =

[V e] I

Z 9

— o

==

L

=

(b)

Figure 5.11: Correlation between broad CpG content and S5P profiles at Active, Inactive and
PRC cohorts. (a) The average distribution of RNAPII-S5P and CpG was assessed
at the six hierarchical clusters by analyzing the depth of sequencing reads and
the CpG density around the TSS (+3 kb). Sequencing depth was calculated in 10
nucleotide windows. CpG O:E ratio and %GC were calculated in windows of
length 200bp with an overlap of 150bp between windows. From PRCa to PRCr
genes, the S5P promoter peak becomes broader and slightly shifted into the
coding region. The distribution pattern of CpG O:E and %GC is also broader at
PRCr than PRCa/Active genes. (b) Analysis of published CAGE data from E17.5
embryos (earliest developmental stage datasets available; Valen et al., 2009) shows
that CpG density correlates with broad promoter usage in early development.

5.3.10 Similar RNAPII and PRC enrichment patterns at PRCr genes

To investigate the interplay between PRCs and RNAPII, I generated aggregate TSS
profiles (Figure 5.12) for RNAPII S5P and PRC catalytic subunits (Ezh2 and Ring1B)
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and mediated histone modifications (H3K27me3 and H2Aub]l, respectively). PRCr
genes show broader S5P enrichment profile then PRCi and PRCa in which the peak is
sharper at the promoter. The broad region of S5P enrichment at PRCr genes is
accompanied by broad peaks of H3K27me3 and H2Aubl. Profiles of Ezh2 and

Ring1B show very similar patterns to the histone modifications they catalyse and
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Figure 5.12: S5P and PRCs show similar genome-wide ChIP profiles at PRCr genes. Average
ChIP-Seq read density (depth per 10bp) was computed for the region surrounding
the TSS and TTS of PRCo, PRCr, PRCi and PRCa genes. While S5P profile at
PRCi and PRCa genes resembles the one obtained for highly expressed genes,
the profile at PRCr genes shows a much broader domain of enrichment which
is accompanied by the domain of enrichment of PRC subunits (Ezh2, Ring1B)
and mediated histone modifications (H3K27me3, H2Aub1), thus suggesting a
interplay between RNAPII and PRCs.

From average profiles, it is notable that there is a small enrichment of S5P at the 3’
end of PRCr genes, consistent with RNAPII elongation up to the 3" end. To confirm
that PRCs and RNAPII are detected throughout coding regions of PRCr genes,
ChIP-Seq profiles at genes classified as positive or negative for S5P immediately
upstream TTS were investigated (Figure 5.13). We verified that at some genes, S5P is

limited to the promoter region (Kcng, Emx1), while others (Foxaz, Lbxcor1) display
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larger domains of enrichment although, unlike at Active or PRCa genes, without
detectable accumulation of S5P downstream the TTS was observed. This revealed
that the domain of S5P enrichment is similar to the one of H2Aub1 and H3K27me3

thus suggesting an interplay between the two complexes at PRCr genes.
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Figure 5.13: Similar domains of enrichment of S5P, H3K27me3 and H2Aub1 at PRCr genes.

ChIP-Seq profiles are shown at representative PRCr genes classified as negative

(Kcneq, Emx1) and positive (Foxaz, Lbxcor1) for S5P in the TTS (2kb upstream).

Y-axes represent the number of reads. S5P, H3K27me3 and H2Aub1 show variable
degrees of extension through gene bodies. Very low levels of sWG16, S7P, S2P

and mRNA are detected. Arrows indicate gene start and direction of transcription.

Black boxes indicate exons.

5.3.11 PRC1, PRC2 and RNAPII physically co-associate at PRCr genes

Remarkably similar S5P and PRC distributions at TSSs and throughout coding
regions of PRCr genes suggest that PRCs travel through, and dissociate from, genes
coincidental with elongating S5P complexes. In order to investigate whether RNAPII
and PRCs co-associate at PRC genes, we performed sequential ChIP (re-ChIP). The
co-occupancy between S5P and either Ring1B or Ezh2 was analysed at six PRCr
genes (Figure 5.14): three with S5P and Ring1B more localised at promoters (Lhxs5,
Pitx1, Zfp503) and three showing coding region enrichment (Fgfs5, Gatas, Lrat).
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Additionally, we performed S5P/Ring1B re-ChIP experiments at eight previously

characterised PRC-repressed genes (Stock et al., 2007; data not shown).

Prior to sequential ChIP experiments, the enrichments of S5P, Ezh2 and Ring1B were
confirmed by qPCR as shown in (Figure 5.14, left panel). High promoter levels of S5P
expected from ChIP-Seq studies were confirmed for all PRCr genes (Lhxs, Pitx1,
Zfps03, Fgfs, Gatas, Lrat), and the presence of RNAPII at the TTS was also confirmed
for the genes which scored positive for the association of this mark to the 3" end
region (Lhxs, Pitx1, Zfp503). Re-ChIP experiments detect enrichment for RNAPII-S5P
with Ring1B or Ezh2, independently of immunoprecipitation order demonstrating
that RNAPII and PRC proteins bind to the same chromatin at PRCr genes

(Figure 5.14, right panel). At the 3" end of PRCr genes, co-association between PRC1,
PRC2 and S5P is seen for genes in which RNAPII was detected throughout the gene’s
body by ChIP-Seq profiles (Lhxs, Pitx1, Zfp503), but not for those where the marks
are more localised at the promoters (Fgfs, Gatas, Lrat), confirming the quality of
ChIP-Seq datasets. Control experiments included Ring1B followed by Ring1B
(positive) and Ring1B followed by mock immunoprecipitation (negative), the latter

demonstrating low level antibody carry-over to the second immunoprecipitation.

These results demonstrate that S5P, PRC1 and PRC2 co-occupy promoters of PRCr
genes, and together extend by a variable distance into coding regions. These detailed
single-gene analyses, together with similar distributions of RNAPII-S5P and PRCs
through PRCr genes in genome-wide mapping, demonstrate co-occupancy of

RNAPII-S5P and PRCs at TSS and coding regions in ES cells.
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Figure 5.14: PRC1, PRC2 and RNAPII physically co-associate at PRCr genes. Ring1B, Ezh2
and S5P enrichments analysed by ChIP qPCR and re-ChIP at Active (f-actin),
Inactive (Myfs), PRCr genes. PRCr genes are subdivided into those with (Lhxs,
Pitx1, Zfp503) or without (Fgf5, Gatas, Lrat) detectable S5P enrichment upstream
of TTSs. Enrichment expressed relative to input DNA using the same DNA
amount in the PCR. Background levels (mean enrichment from control antibodies
and beads alone) at TSS (white bars) and TTS (grey bars). Mean and standard
deviations from 3-6 independent biological replicates. Ring1B, Ezh2, S5P and
S2P are found at expected levels. Sequential ChIP analysis shows that S5P co-
associates with Ring1B and Ezh?2 at the same chromatin in all cases. No DNA
was immunoprecipitated from S5P —> mock or Ezh2—> mock, and so control bars
are not shown for S5P —> Ring1B or Ezh2 —> S5P.

5.3.12 Ring1B depletion affects the expression levels of PRCr, PRCi and PRCa genes

To investigate the changes in gene transcription that occur at PRC-target genes
following Ring1B depletion, published microarray expression data was analysed for
Ring1A-knockout cells in which a conditional Ring1B-knockout is induced by
tamoxifen (Endoh et al., 2008). PRCr, PRCi and PRCa genes show substantial changes
in expression and were predominantly up-regulated after Ring1B-knockout (29%,
32% and 30% of genes, respectively, showed a >1.5 fold increase in expression) which
is in agreement with Ring1B acting as a transcriptional repressor (Figure 5.15a). The
mean expression change at PRCa genes after Ring1B-knockout is lower than at PRCr

genes (p-value=0.022, one-tailed Wilcoxon rank-sum test), likely due to the fact that
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transcript levels of PRCa genes are higher then PRCr genes in wild-type ES cells.
PRC1 repression was further confirmed by qPCR analysis over a Ring1B-knockout
time-course on a selection of twelve genes (Figure 5.15b) these included: six PRCr
genes (Fgfs, Keneq, Lrat, Lhxs, Pitx1, Zfp503) and six PRCa genes (Fzd8, Leftyz, Tbx3,
Hmgaz, S100a6, Tpmy). Interestingly, qPCR results suggested that de-repression is
greater for genes with S5P and PRC marks extending through gene coding regions
(Lhxs, Pitx1, Zfp503), than for genes where both activities are more restricted to the

TSS (Fgfs, Keneg, Lrat; Figure 5.15b).
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Figure 5.15: PRCr, PRCi and PRCa genes are predominantly up-regulated after RinglB-
knockout. (a) Analysis of published microarray data (Endoh et al., 2008) for
ES-ERT?2 cells before and after 48h tamoxifen (TMX) treatment. Barplot represents
the percentage of genes which become up-regulated (i.e. showing >1.5-fold in-
crease) after Ring1B removal. The percentage of up-regulated genes is statistically
significant for PRCa, PRCi and PRCr cohorts (p-value < 10~°%; hypergeometric
test). Red marks represent the mean log, fold change, and vertical error bars
represent the standard deviation. (b) RNA levels measured in ES-ERT2 Ringl1A-
knockout cells in which RinglB is removed by tamoxifen addition. Transcript
levels were assessed by qPCR using primers located at gene 5" ends, and nor-
malised to housekeeping genes (f-actin, G6PD, UBC), and then to Oh treatment.
PRC-repressed genes become de-repressed upon RinglB removal; the effect is
more marked at genes where S5P extends up to the TTS. Mean and standard
deviations presented from three independent biological replicates. Experiments
were performed by E. Brookes.

Analysis of genome-wide data supports this conclusion in respect to the PRCr group
(Figure 5.16), with genes classified as positive for S5P at the TTS (S5PEnd+) being
more likely to be de-repressed and show higher change in expression levels than
those where S5P is not at the TTS (S5PEnd-; p-value = 0.0021; one-tailed Wilcoxon

rank-sum test). To exclude the possibility that S5P detection at the TTS is due to
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shorter gene length (and thus promoter-proximal S5P occupancy is detected in close
proximity of the TTS), genes which are less then 5kb long were excluded from the
analysis, and the results obtained were confirmed even when excluding smaller
genes (Figure 5.16). These results suggest that the presence of RNAPII-S5P in coding
regions of PRC-repressed genes, accompanied by proportional PRC occupancy, may

favor gene activation upon PRC removal.
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Figure 5.16: Genes classified as positive for S5P at the TTS (S5PEnd+) are more likely to
be de-repressed after Ring1B removal. The number of up-regulated genes and
the mean fold change in expression is higher for PRCr with S5P and PRCs at
both TSS and TTS. Barplot represents the percentage of genes which become
up-regulated after Ring1B removal. Red marks represent the mean log, fold
change, and vertical error bars represent the standard deviation. After removing
genes shorter then 5kb, the same trend still applies.

5.3.13 PRCs functionally repress active developmental and metabolic genes in ES cells.

To determine if the six groups of genes are associated with particular biological
processes, GO and KEGG pathway analysis were performed. GO analysis revealed
that general cellular functions such as “ribosome”, “DNA repair” and “nucleic acid
metabolic process” are predominantly found in the “Active” group, whereas genes in
the “Inactive” and “PRCo” groups are associated to more specific processes such as
“receptor binding”, “response to stimuli”, “signaling”, “’multicellular organismal
process” and “signal transduction”. While PRC-targets lacking RNAPII recruitment
(PRCo) are associated with adult-specific processes where expression is required in
terminally differentiated cells, PRCr, PRCi and PRCa genes are specifically enriched

for genes associated with developmental processes such as genes from the Fox, Hox

and Sox families. Furthermore, despite the association to developmental processes,
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PRCa genes are also enriched for metabolic GO terms (p-value < 1075;

hypergeometric distribution).

KEGG pathway analysis identify PRCa genes associated with TGF£-, Wnt- and
MAPK-signaling pathways, and with cancer, cell cycle, and energy metabolism
(Figure 5.17). Although de-regulation of members of the TGFfs-signaling pathway
and other cellular communication pathways has been reported after conditional

knockout of Ring1B (Van Der Stoop et al., 2008), to our knowledge no direct

regulation of metabolic genes by PRCs in ES cells has been shown or explored before.

Summarizing, these results suggest that PRC might be modulating the levels of
metabolic enzymes, in addition to the cited roles on repressing signaling and

developmental genes in ES cells.
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REBG patiinay Gene Symbols (PRCa gene members)
(p-value)
Stat1; Gli2; Ralb; Rassf5; Hdac2; Ber; Fgf18; Tcfyr; Stat5b; Lamb1; EgIn3; Traf3;
Pathways in cancer Akt1; Fgf17; Myc; Pdgfb; Cdkn1a; Vegfa; Lamal,; Epas1; Fzd8; Vegrfb; Rxra;
(2x10%) Pleg1: Nikb1; Tgfbr1; Cdkn2b; Cdk6;Kit: Fzd10; Pdgfa; Smo; Tcf7!1; Tgib1; Igfir;
Fgrf3: Cend1; Fgfr1; Pik3r2; Mmp2; Plcg2; Smad3

Bmpr2; Inhbb; Lefty2; Lefty1; Id2; Id4: Myc; Id1; Bmp?7.

TGF-beta signaling

F;ji';"(‘)’z)y Tgfbr1; Cdkn2b; Bmp8a: Id3; Tgfb1: Trdp1: Smad3; Smad6
MAPK si i Mapkapk2; Gadd45b; Fgf18; Dusp14; Cacnb1; Dusp3; Map3k14; Map3k9; Akt1;
tsh'g"a MY Gaddd5g; Finb; Nfatcd: Fgf17: Myc: Pdgfb; Mapk12; Mapk11; Mapk8ip2: Mapkd:
p? 1"(‘)’_?’ Rasgrp2; Rps6kad; Dusp5: B230120H23Rik; Cdc25b; Pla2g12a; Nfkb1; Mos;
e ) Tgfbr1; Pdgfa; Tgfb1; Fgf3; Fgfr1; Dusp4: Rasa2; Mras; Cacna2d2; Dusp9
Cell cycle Hdac2; Gadd45b; Gadd45g; Cdc14b; Myc; Smc1b; Cdkn1a; Cdc25b; Cdkn2b; Sin;
(1x10-9) Cdk6; Tgfb1; Cend1: Tidp1:Smad3
W"t,:t'ﬁ’xz""g Vangi2: Camk2b; Tcf7; Ppp2rac: Sfrpd: Nkd2; Nfatcd: Myc: Fzd8: Lip5: Fosi1:
F; 1x10- 33’ Frat1; Sfip2; VVangl1; Fzd10; Tef7H; Cend1; Sfrp1; Smad3
p53 signaling
pathway Steap3; Gadd45b; Igfbp3; Gadd45g; Cdkn1a; Pmaip1; Zmat3; Sfn; Cdk6; Ccnd1
(3x10-%)

Inositol phosphate
metabolism Synj2; Pip5k1b; Pip4k2a; Pip5ki1; Pleg1; Pik3c2a; Plcg2
(6x10-3)
Pyruvate
metabolism Pck2; Acss1; Akr1b3; Ldhb; Ldha; Diat
(0.01)
Notch signaling
pathway Hdac2; Jag1; Hes5; Lfng; Dii3; Aphic
(0.01)
ErbB signaling
pathway Camk2b; Statbb; Akt1: Myc; Cdkn1a; Hbegf; Plcg1; Pik3r2: Gab1; Plcg2
(0.02)
Citrate cycle
(TCA cycle) Ogdh; Pck2; Diat
(0.04)
Glycolysis/
Gluconeogenesis Hk1; Pck2; Acss1; Eno2; Ldhb; Ldha; Diat
(0.04)

Figure 5.17: . KEGG pathways significantly enriched in active PRC-target genes (PRCa cluster).
Enrichment of KEGG pathways by group members was assessed by hypergeo-
metric testing.

We were interested in the evidence for metabolic control of pluripotency. To
investigate the functional importance of the expression of active PRC target genes, we
analysed temporal changes in gene transcription of PRCa metabolic genes (485 genes
associated to GO “metabolic process” GO:0008152) following LIF withdrawal o
investigate their regulation in ES cells. The analysis of published microarray
expression data (Shen et al., 2009) revealed that many metabolic PRCa genes are
down-regulated during ES cell differentiation (Figure 5.18), including genes involved
in glycolysis and pyruvate metabolism (Ldha, Gpd1l and Pckz; Figure 5.17). Other
metabolic genes become up-regulated during differentiation (Figure 5.18), as is most

common for developmental regulator genes, suggesting roles during lineage
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specification. Regulation of PRC-targets metabolic genes during ES cell differentiation

extends our understanding of Polycomb function in pluripotency to include the

modulation of ES cell metabolism, in addition to repression of developmental genes.
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Figure 5.18: Changes in expression during differentiation for PRCa genes. Analysis of mi-
croarray expression data for ES cells differentiation after LIF withdrawal (Shen
et al., 2009) shows that metabolic PRCa genes can become up- or down-regulated
upon differentiation. The median normalised log intensities for a total of 476
PRCa genes (out of 485) represented in the array and annotated with “metabolic
process” Gene Ontology are represented (GO:0008152). Genes were ordered ac-
cording to hierarchical clustering performed using MEV (Saeed et al., 2003). Left
yellow-blue bar represents FPKM levels coloured relative to all RefSeq genes;
yellow = expressed and blue = repressed. Microarray analysis of raw datasets
were performed by T.Carroll.

5.3.14 PRCs physically co-associate with RNAPII-S5P but not S2P at active PRC-targets

The detection of PRC-mediated histone modifications in combination with active
RNAPII modifications at PRCi and PRCa genes was confirmed by the inspection of
average TSS and TTS profiles of the four classes of PRC-targets (Figure 5.19). Levels
of activating RNAPII modifications increase from PRCo to PRCa genes. At PRCa
genes, enrichment profiles of S5P, SWG16, S7P and S2P resembles those found for
active genes but on average at lower levels, with peaks of S5P at the promoter and
downstream of the TTS, together with S2P enrichment peak after the TTS, despite the

presence of the repressive marks H3K27me3 and H2Aubl.
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Figure 5.19: Distinct combinations of RNAPII at each PRC class. Average ChIP-Seq read
density (depth per 10bp) profiles were computed for the region surrounding
the TSS and TTS of PRCo, PRCr, PRCi and PRCa genes. PRCo genes do not
recruit RNAPII and thus noise RNAPII levels are seen for this class. PRCr, PRCi
and PRCa show a peak or RNAPII-S5P at the promoter region. SWG16 and S7P
levels increase from PRCi to the PRCa class. Furthermore, PRCa genes are also
associated with S2P.

The different combinations of RNAPII and PRCs at PRCr, PRCi and PRCa genes was
further confirmed by the inspection of single gene profiles (Figure 5.20) and ChIP
qPCR (Figure 5.21). Figure 5.20 shows selected genes from the PRCi (Atf3, Crabp1)
and PRCa (Id3, Tbx3). At Aft3 and Nppc PRCi genes, H3K27me3 and H2Aub1 marks
are accompanied by peaks of 8WG16 and S5P localised at the promoters and a S7P
peak at Nppc promoter, with low S2P levels and no mRNA. At Id3 and Thx3 PRCa
genes, broad enrichment of S5P, SWG16 and S7P over the gene’s body is detected,
and remarkable levels of S2P and mRINA are seen, despite the presence of H3K27me3
and H2Aub1.
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Figure 5.20: Simultaneous detection of repressive PRCs and activating RNAPII modifications
at PRCi and PRCa genes. ChIP-Seq profiles are shown at representative PRCi
(Atf3, Nppc) and PRCa (Id3, Tbx3) genes. All genes display considerable levels
of RNAPII-S5P and the repressive marks H3K27me3 and H2Aub1. PRCi genes
have low levels SWG16 and S7P and no detectable S2P. At PRCa genes, despite
the presence of repressive histone modifications, remarkable levels of SWG16,
S7P, S2P and mRNA are detected. Y-axes represent the number of reads. Arrows
indicate gene start and direction of transcription. Black boxes indicate exons.

Simultaneous detection of repressive PRCs and activating RNAPII modifications at
PRCi and PRCa genes by our ChIP-Seq mapping, led us to investigate whether PRCs
prevent the establishment of active RNAPII-S2P complexes (Figure 5.1, Model 1 or
directly control their elongation at PRCa genes (Figure 5.1, Model 2). In Model 1,
PRCs would re-ChIP with RNAPII-S5P but not with RNAPII-S2P, and the
co-existence of PRC-repression and RNAPII-S2P (and productive transcription) could
be explained by separated chromatin states either in different alleles or in the
heterogeneous ES cell population, while in Model 2 PRCs would re-ChIP with both
S5P and S2P.

To investigate the co-association of PRCs with active (5S2P) RNAPII, we have
performed re-ChIP experiments with Ring1B and S2P of six PRCa genes (Cldns,
Radso, Rrs1, 1d3, Left2, Tbx3; Figure 5.21), three PRCi genes (Atf3, Crabp1, Nppc; not
shown) and six PRCr genes (Fgfs5, Gatas, Lrat, Lhxs, Pitx1, Zfp503, not shown).
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Re-ChlIP of S5P with S2P confirms the presence of S5P with S2P at active, PRCi and

PRCa genes (Figure 5.21), but not PRCr. However, consistent with Model 1, re-ChIP

experiments demonstrate that Ring1B does not co-localise with S2P, despite positive

co-occupancy with S5P (Figure 5.21). Thus, lack of co-association between PRCs and

RNAPII-S2P, together with genome-wide analyses, suggests an ‘on-off” switch

mechanism of PRCa genes where RNAPII-S5P exists in two independent states: (a) in

association with PRC (in the absence of other active marks) and (b) in the presence of

S2P (and absence of PRCs), which may be due to ES cell heterogeneity or allelic

exclusion. Variable expression status across the cell population may result from

heterogeneity, which has been previously described for ES cells (reviewed in Graf

and Stadtfeld, 2008).
Single ChIP Sequential ChIP
100 P 120 L1%5 RinglB |
T55
20 RinglB —
0 ing =0 000 contrel
10 &0
= 20 30
2 o0 0
.5 10 114 100 r 112 RinglB
= =
o = S5p 15 —»s5p
E 2 50
Z 2 25
< 0 0
P 20 RinglB
i S2p 3 —»s2p
5 20
3 10
0 0

Figure 5.21:

SA2ad | S L SEEagsq -2

S E£EE£EE ©BE SDEE=EgE T E

T =3 T = & = T =35 T = =

o« - b o« - b
PRCa PRCa

PRCs physically co-associate with RNAPII-S5P but not S2P at active PRC-targets.
Ring1B, S5P and S2P occupancy at Active (f-actin), Inactive (Myf5) and PRCa
genes were analysed <1kb from TSSs by ChIP or re-ChIP and qPCR, as described
in (Figure 5.14). Background levels (mean enrichment after first ChIP with Ring1B
or re-ChIP with no antibody in the second IP) shown as white bars. Mean and
standard deviations presented from 2-5 independent biological replicates. ChIP
demonstrates binding of Ring1B, S5P and S2P to PRCa genes, but re-ChIP shows
PRC1 co-association with S5P but not with S2P above background levels (white
bars). Experiments were performed by E. Brookes.

Interdependence of RNAPII and PRCs in the PRC-repressed state is further shown by

a strong positive correlation between S5P and either H2Aub1 or H3K27me3 promoter

levels within the PRCr group (Spearman’s correlation coefficient = 0.64 and 0.52,
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respectively; Figure 5.22) which is consistent with interplay between RNAPII S5P and
PRCs in the PRC-repressed chromatin. Interestingly, at PRCa genes, similarly to
Active genes, S5P shows lower correlation with H2Aub1 and H3K27me3 (Spearman’s
correlation coefficient = 0.04 and 0.02, respectively), but increased correlation with
S2P (Spearman’s correlation coefficient = 0.28; Figure 5.22), consistent with its
presence with active RNAPII (S2P). The low correlation between S5P and
H2Aub1/H3K27me3 at PRCa genes is consistent with Model 1 (Figure 5.1) and the
existence of a mixture of states across the cell population, one state characterised by
PRC-repression where S5P and PRC1 and PRC2 co-associate, and another state
characterised by the co-occurrence of S5P and S2P, in which the gene is actively
transcribed. The PRCi group displays an intermediate correlation between S5P and
H2Aub1 or H3K27me3, which may be due to a lower proportion of active alleles
within the population, allowing the PRC-bound state to contribute more to the
correlation.
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Figure 5.22: Strong positive correlation between S5P and H2Aub1/H3K27me3 within PRCr
and between S5P and S2P at Active within PRCa genes. Sequencing depth was
calculated in 2kb windows centered at genes TSS (H2Aub1, H3K27me3 and S5P),
or downstream of TTS (S2P). Scatter plots are displayed in the logl0 scale for
visualisation purposes. To avoid taking the log of 0, the value 1 was added prior
taking the log. Spearman’s correlation coefficient is depicted in each plot (rs).
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5.3.15 Pluripotent transcription factors are enriched at PRCa genes

The stem cell-specific transcription factors Oct4 and Nanog direct ES cell identity by
regulating expression of pluripotency- or differentiation-specific genes. A subset of
genes regulated by the core transcriptional network is known to be co-occupied by
PcG proteins (Loh et al., 2006, Boyer et al., 2005, Lee et al., 2006). To explore whether
pluripotency factors might influence the switch between PRC-repression and activity,
I analysed two published data sets of genome-wide binding sites of transcription

factors associated to pluripotency (Kim et al., 2008, Chen et al., 2008).

Chen et al. [2008] used ChIP-Seq and commercially available antibodies to identify
the binding sites of several proteins, including including “core” pluripotency factors
(Nanog, Oct4, and Sox2; Loh et al., 2006, Boyer et al., 2005), somatic cell
reprogramming factors (KIf4 and c-Myc; Takahashi and Yamanaka, 2006), known to
regulate the expression of pluripotency genes (Esrrb, Zfx, n-Myc, Tcfcp2l1); E2f1, a
regulator of cell cycle progression; and two other proteins necessary to maintain
cultured ES cells in the pluripotent state (BMP-induced Smad1 and LIF-induced
Stat3). Typically, ChIP-Seq data analysis of transcription factor binding sites involves
the definition of a cuttoff maximum distance to assign a particular binding site (peak)
to the nearest transcription initiation site. To avoid the use of an arbitrary threshold,
Chen et al. [2008] calculated an association score which defined the probability of a
given TFBS to be associated to its proposed target genes. We used Chen et al. [2008]
datasets to test for enrichment of TF target genes in each of the 6 clusters of genes
(Active, PRC and Inactive clusters). To do so, I performed GSEA (Subramanian et al.,
2005) using a total of 13 ranked gene lists, one for each TF (Nanog, Oct4, Sox2, K1f4,
c-Myc, Esrrb, Zfx, n-Myc, Tefcp211, E2f1, Smad1, STAT3 and CTCF). Given a ranked
list of TF scores, GSEA tests whether the members of each cluster are randomly
distributed along the list or particularly found near the edges, with the latter
indicating enrichment for targets of the TF in question. An example of a GSEA plot is
shown in Figure 5.23 where it is seen that Active and PRCa genes are significantly
associated with high Nanog scores (FDR < 25%), indicating that genes within the
Active and PRCa groups are enriched for Nanog targets. This analysis demonstrated

that all analysed TFs are significantly enriched within the Active group (Table 5.3).
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As for the PRC-cohorts, PRCa group was enriched for many of the analysed TFs
(Nanog, Sox2, Klf4, Esrrb, Tefcp2l1, Smad1, Stat3 and CTCF) suggesting the
coordinate involvement of these TFs and Polycomb complexes to maintain the
pluripotent state and repress lineage-specific genes. Previous studies have already
shown that Nanog, Sox2, and Oct4 share many common targets with PRCs (Boyer
et al., 2005, Lee et al., 2006). PRCi cluster is particularly enriched for Klf4, Esrrb and
Tcfcp2l1, while PRCr genes are particularly associated with CTCF and Esrrb binding
cites. The constitutive transcription factor CTCF has been previously linked to
Polycomb function (Li et al., 2008). Interestingly E2F1 binding, a known cell cycle
regulator (laquinta and Lees, 2007) whose expression level varies across the cell cycle,
is enriched within the PRCa group. Binding motifs of E2F1 have already been shown
to be particularly enriched in PRC-targets (Prediction of Polycomb target genes in
mouse embryonic stem cells). The role of Polycomb complexes in the regulation of

cell cycle, if any, is yet to be explored.
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Table 5.3: Gene set enrichment analysis (GSEA) of TF targets in six clusters of genes. FDR is
represented and highlighted if a gene group is significantly enriched for targets of
a particular TFs (FDR < 25%).

FDR (significant if FDR < 0.25)

TFs Inactive PRCo PRCr PRCi PRCa Active

Nanog 1 1 1 1 0.056 0
Oct4 1 1 1 1 0.302 0
Sox2 1 1 1 1 0.021 0
Klf4 1 1 1 0.050 0.215 0

c-Myc 1 1 1 1 1 0
Esrrb 1 1 0.160  0.025 0 0

Zfx 1 1 1 1 0.737 0
n-Myc 1 1 1 1 0.754 0
Tefep2l1 1 1 1 0.075 0.017 0
E2F1 1 1 1 1 0.002 0

Smad1 1 1 1 1 0.015 0
Stat3 1 1 1 1 0.018 0

CTCF 1 1 0.138 0.01  0.026 0
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Figure 5.23: GSEA plot showing enrichment for Nanog targets in PRCa and Active groups.
Significant enrichment of Nanog targets in the PRCa and Active groups of genes.

The ranked gene list of Nanog scores is shown in the lower, grey plot. Vertical
black lines indicate where genes in the Active or PRCa groups fall in the ranked
gene list. The top, green line indicates the running enrichment score (ES) that

becomes more positive as genes from the top list match the ones in the ranked list.

Enrichment for Nanog targets was not significant in the PRCi/r/o and inactive
groups of genes (i.e. FDR < 25%).

Kim et al. [2008] have applied in vivo biotinylation mediated ChIP (bioChlIP) to
identify target promoters of nine transcription factors associated with pluripotency of
ES cells (J1 mouse ES cells), including some of the proteins previously examined by
Chen et al. [2008] (Oct4, Sox2, Nanog, KIf4 and c-Myc), transcriptional regulators
known to interact with Nanog (Nrb1, Nacl and Zfp281; Wang et al., 2006), and the
Oct4 target Zfp42 (also known as Rex1). This approach relies on streptavidin affinity
capture of tagged proteins thus avoiding issues related to antibody availability. The
authors report that target genes fall into two classes: promoters bound by few factors
(less then four), which tend to be inactive or repressed in the pluripotent state; and
promoters bound by four or more than four factors which are largely active in the
pluripotent state and become repressed upon differentiation (Kim et al., 2008).
Therefore, we focus our analysis of Kim et al. [2008] datasets on the examination of
targets of six TFs that exhibit overall similarity in their targets (Nanog, Sox2, Dax1,
Nacl, Oct4 and Klf4; Zfp281 was excluded due to less target gene overlap). We verify
that genes with multiple factors are enriched for active and PRCa genes, while gene

targets of a single TF are enriched for targets of Inactive, PRCo and PRCr genes
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(Figure 5.24). Among all gene clusters, more then half (54% - 77%) of the genes are
often bound by 1 TE. PRCa and Active genes (15% and 13%, respectively) are more
often bound by >4 TFs then PRCi, PRCr, PRCo and Inactive genes (9%, 9%, 5%, 10%,

respectively).
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Figure 5.24: Distribution of multiple/single TFs target genes among Active, PRC cohorts and
Inactive groups of genes. Percentages against the total number of genes (e.g. “Nr
of Active genes with 6TFs” / “total nr of genes with 6TFs”) is shown in the
Y-axis.

5.3.16  Single cell analysis of PRCa gene, Lefty2, by immuno-cryoFISH

To investigate whether the association of PRCa genes with PRCs or with active (S2P)
RNAPII was dependent on Nanog levels across the ES population, we performed
single-cell co-localisation experiments of the PRCa gene Lefty2, with RNAPII-S5P,
RNAPII-S2P and Ezh2 (PRC2) in ES cells co-stained with Nanog antibodies

(Figure 5.25), using cryoFISH. The experiments confirmed the association of Lefty2
gene with RNAPII-S5P independently of the Nanog levels, but interestingly, there
was a statistically significant preference for the association of Lefty2 locus with
RNAPII-S2P in Nanoghigh cells and with Ezh2 in Nanogl"w cells (p-value=0.1 (S5P),
0.003 (S2P), and 0.02 (Ezh2) for comparisons between Nanoghigh and Nanogl”w, Chi?
test). This suggests that Nanog, and possibly other pluripotency transcription factors
that fluctuate within the ES cell population, might regulate the switch between

PRC-repressed and active states of PRCa genes.
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Figure 5.25: PRCs and elongating RNAPII-S2P are mutually exclusive at the Lefty2 gene. The
frequency of association of the PRCa gene Lefty2 (pseudo-colored red, arrows)
with sites containing S5P, S2P or Ezh2 (green) was measured in ESC nuclei
expressing different levels of Nanog (yellow; classified as ‘low’, ‘intermediate’
or ‘'high”) by immuno-cryoFISH. Locus association with each marker was scored
as ‘co-localised” (>1 pixel overlap between red and green signals) or ‘separate’.
The Lefty2 locus associates with S5P at similar fre%uency regardless of Nanog
levels, but association with S2P is highest in Nanog™$" with and Ezh2 is highest
in Nanog/® cells. Bar: 2 pm. Number of loci analysed indicated in brackets.
Experiments performed by S. Xie.

5.4 DISCUSSION

In this chapter, molecular, cellular and genomic analyses on a single gene and
genome-wide scale were utilised to explore the relationship between PRC and
RNAPII recruitment and gene expression. We have found that a proportion of
PRC-targets are occupied by unproductive RNAPII complexes but a proportion of
them also exhibit full-length transcription and the concomitant presence of
RNAPII-S2P and H3K36me3, two hallmarks of transcription elongation. This study
suggests that while PRC repression is associated with a single RNAPII state
(S5P+S7P-5S2P-) across all CpG-rich genes, fluctuations between the PRC-repressed
and the canonical active state (S5P+S7P+S2P+) occurs to variable extents, resulting in

differing expression levels and in the identification of “active” PRC-repressed genes.
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PRC targets whose state switches between active and repressed across the cell
population, potentially in response to pluripotency transcription factors, are involved
in metabolic processes and signaling pathways that are important for ES cell biology
and likely crucial for specific and efficient lineage commitment. It will be important
to further explore the regulation of PRC-repressed RNAPII complexes, in order to

understand and manipulate pluripotency.

5.4.1 The three major epigenetic states in ES cells: Active, PRC-repressed and Inactive

Developing a binary code for RNAPII, H3K27me3 and H2Aub1 histone marks
(Chapter 4) allowed us to investigate the combinatorial association of each gene with
RNAPII modifications or PRC and the identification of six different groups of genes
by hierarchical clustering (Figure 5.2): Active genes; Inactive genes, and four different
groups of PRC-regulated genes. Four distinct cohorts of PRC-target genes were
characterised by the investigation of RNAPII modifications, epigenetic and expression
states (Figure 5.7). Within the different PRC cohorts we identified: PRC-only (PRCo)
genes with H3K27me3 and no recruitment of RNAPII; PRC-repressed (PRCr) genes
with PRC and RNAPII S5P; PRC-intermediate (PRCi) genes with PRC, S5P, S7P and
8WG16; and PRC-active (PRCa) with PRC, S5P, S7P, 8WG16 and S2P. In this study we
hypothesize that ES cell genome is characterised by three distinct states of gene
regulation: Active (CpG-rich promoters, high RNAPII and high expression);
PRC-repressed (CpG-rich promoters, high RNAPII and low expression); and Inactive

(CpG-poor promoters and low or absence of RNAPII and expression).
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Figure 5.26: Model of gene regulatory states in ES cells. Three states are identified: active,
PRC-repressed and inactive. Active genes are associated with S5P (blue) during
initiation, S2P (pink) during elongation, productive expression and no PRC-
association. PRC-repressed genes recruit RNAPII-S5P, which extends into coding
regions without S2P, which may require additional modifications (yellow). PRCr
genes are transcribed but mature mRNAs are extremely low or not detected.
Inactive genes are not associated with RNAPII or PRC. Between the active, PRC-
repressed and inactive states, increasing activity is correlates with associated
epigenetic signatures and an increase in all RNAPII forms. PRCo, PRCi and PRCa
gene classes occupy intermediate levels between the continuum behavior from
the active to the inactive spectrum of the scale.

5.4.1.1 Active state

The group of Active genes comprised a total of 5707 genes which show
characteristics of the previously described 20% most expressed genes (Top20%; n =
3772 genes), with high levels of S5P, SWG16, S7P and H3K4me3 at their promoters,
and high levels of elongation marks S2P and H3K36me3 throughout gene bodies
(Figure 5.7). In fact, 90% of Top20% genes (2306 out of 2564) are inside this group.
The group of Active genes is associated with housekeeping and general functions of
the cell such as “ribosome”, “DNA repair” and “nucleic acid metabolic processes”.
Promoters belonging to this group have characteristics of previously identified

characteristics of housekeeping genes (high expression, CGI promoters, broad

promoters; Carninci et al., 2006) .
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5.4.1.2 PRC-repressed genes

We have identified three groups of PRC-regulated genes (1632 PRCr, 742 PRCi, and
1227 PRCa genes) at which there is RNAPII recruitment and a group of PRC genes
(denominated PRCo, 798 genes) that do not recruit RNAPIL In particular, the
initiating form of RNAPII (S5P) is recruited to the promoters of all genes belonging
to all three classes of genes that recruit RNAPII (PRCr,i,a;). Similarly, CpG islands are
over-represented at the three groups of genes but not at the PRCo group (Figure 5.9),
and a proportional increase of mRNA expression is detected from PRCo to PRCa
genes (Figure 5.5). Accompanying mRNA expression, an increase of levels of RNAPII
modifications associated with gene activity (§WG16, S7P and S2P) is also observed
from the PRCi to PRCa groups (Figure 5.19). The group of PRCr genes shows
characteristics similar to the majority of the previously described bivalent genes with
no S7P, 8WG16 or S2P detection, while RNAPII-S5P is detected at the promoters and
throughout the coding region of PRCr genes, but no increase in RNAPII after the 3
end, unlike at Active genes. Absence of S2P and S7P from PRC-repressed RNAPII,
together with the lack of RNAPII beyond TTSs, indicates that PRC-repression may

interfere with RNA processing and the production of mature mRNAs.

5.4.1.3 Inactive genes

A cohort of 5298 Inactive genes was identified. These genes showed no recruitment of
RNAPII or active histone marks (H3K4me3, H3K36me3) or PRC proteins or
PRC-mediated modifications (H3K27me3, H2Aub1). Gene ontology analysis showed
an enrichment for terms associated to “multi-cellular organismal process” and “signal
transduction” suggesting that the activation of these genes is most relevant in somatic
tissues. This group comprised a total of 5298 genes which corresponds to 28% of the
genome, demonstrating that in ES cells a percentage of the genome is maintained in
the fully repressed state, possibly by mechanisms such as DNA methylation, or the
existence of other histone modifications such as H3K9me2 or H3K20me3 which are
known to be involved in mechanisms of chromatin compaction (Lu et al., 2008). DNA
methylated promoters were statistically enriched at the group of Inactive genes

(p-value = 4.6x107'5; Figure 5.9), which is also populated by promoters of low CpG
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content (Figure 5.9). Low CpG content at this genes may explain their lack of RNAPII
recruitment (Rozenberg et al., 2008) and their sharp promoter type which is
commonly seen at CpG-poor promoters (Carninci et al., 2006). These features are
characteristic of tissue-specific genes and suggest that specific transcription factors

are required to initiate transcription at the appropriate differentiated cells.

5.4.2 CpG promoter structure and the regulation of gene expression

CpG promoters constitute the majority of the mammalian genes (approximately 60%
of the promoters considered in this study overlap CpG islands). We have
demonstrated that gene classes which recruit RNAPII are also over-represented by
CpG island promoters (CGI promoters; Active, PRCa, PRCi, PRCr; Figure 5.9) and, by
the use of CAGE datasets, we have shown that these genes display broad type of
promoters (Figure 5.11) in which initiation can occur at a number of sites. Indeed, it
has been suggested in the literature that CGI promoters adopt a transcriptionally
permissive state and display dispersed initiation patterns (Carninci et al., 2006,
Juven-Gershon et al., 2008). Accordingly, several studies have revealed that CGI
chromatin is prone to transcriptional initiation (reviewed in Deaton and Bird, 2011),
including nuclear run-on experiments that have detected bidirectional transcription of
short unproductive RNAs at many CGI promoters (Core et al., 2008, Seila et al., 2008).
Other studies have detected transcriptional activity even at intergenic CpG islands or
CpG islands located outside transcriptional units. Examples of this phenomena are
the ncRNAs Air and Kcngiot1, which initiate at a CGI within an intron of Igf2r and

Kcng1 genes, respectively (Sleutels et al., 2002, Mancini-DiNardo et al., 2003).

The classes of genes with the highest CpG content promoters also showed the lowest
density of histone H3 (Figure 5.10) which suggests that these genes are intrinsically
accessible and less reliant of ATP-dependent chromatin remodelers like the SWI/SNF
complexes. An open chromatin configuration at the CpG-rich promoters may be
either favorable for, or a consequence of, RNAPII recruitment and transcription
initiation from broad promoters, or both. Indeed, it has been suggested that the
association of the transcription machinery plays a decisive role in determining the

positioning and occupancy of nucleosome (Schones et al., 2008, Gilchrist et al., 2008),
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preventing nucleosome formation and facilitating further gene activation (Gilchrist

et al., 2010).

In support to our findings, CpG-rich sequences have been related to the recruitment
of RNAPII (Rozenberg et al., 2008). Further support comes from a study from
Thomson et al., 2010 which have shown that Cfp1 protein (a component of the Setd1
H3K4 HMT complex) selectively binds to non-methylated CGI sequences in vitro. It is
known that RNAPII-S5P can also recruit H3K4 HMTs directly to chromatin (Ng et al.,
2003), which in turn creates a “open” chromatin environment that facilitates the
binding of RNAPII and necessary transcription factors (Mohn and Schubeler, 2009),
thus it is likely that a cascade of positive feedback loops reinforces the prevalent

epigenetic state of CGI promoters.

Paradoxically, CpG sequences also play a role in the recruitment of PRC2 (Tanay

et al., 2007, Mendenhall et al., 2010). Indeed, three of the described PRC classes
(PRCr, PRCi and PRCa) are bivalent (H3K4me3 and H3K27me3) and CpG-rich.
However, on the contrary to the majority of PRC targets, PRCo genes do not possess
CpG islands and have low level of GC content or CpG frequency. Thus, the existence
of PRCo class of promoters suggests that these genes recruit PRC2 in a manner that
is not dependent on the CpG content of the promoter. PRCo promoters also do not
recruit RNAPII and lack H3K4me3 mark supporting the view that RNAPII and
H3K4me3 are mechanistically linked (Ng et al., 2003).

5.4.3 The merging of Polycomb- and DNA methylation-mediated gene silencing at PRCo

genes

DNA methylated promoters were over-represented within the groups of Inactive and
PRCo genes. Interestingly, a reasonable proportion of PRCo genes (37%; Figure 5.9)
are methylated, and thus may be silent by two epigenetic mechanisms, DNA
methylation and Polycomb repression. Although differences in ES cell lines between
the cross-referenced studies (ES-V6.5 and ES-J1, used by Mikkelsen et al., 2007 and
Fouse et al., 2008, respectively) have to be taken into account, the observation that
DNA methylation and PcG silencing can be coupled has been shown previously by

Vire et al. [2006] where it was shown that Ezh2 Polycomb group protein can recruit
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DNA methyltransferases directly to certain genes both in vivo and in vitro in HeLa
cells (Vire et al., 2006). In support to the mechanistic link between Ezh2 and DNA
methylation, it has been found that H3K27me3 marked promoters in ES cells are
more likely to acquire DNA methylation during development (Mohn et al., 2008) and
in cancer (Ohm et al., 2007, Widschwendter et al., 2006). The functional relevancy of
DNA methylated marks at PRC2-targets is not known; perhaps DNA methylation
may help to “lock in” the silent state by adding another layer of repression, or might
even be relevant in the inheritance of Polycomb chromatin during DNA replication

(Taghavi and van Lohuizen, 2006).

5.4.4 Promoter-proximal pausing versus “poised” RNAPII at PRC-repressed genes

Promoter-proximal pausing of RNAPII was originally described at silent
stimulus-response heat-shock genes (Rougvie and Lis, 1988), which are thought to
pre-load RNAPII to allow quick response to appropriate signals. Pausing occurs after
RNAPII transcribes approximately 25 to 50 nucleotides and its facilitated by the DSIF
and NELF complexes (reviewed in Levine, 2011). Pausing can be clearly
advantageous for quickly inducible genes, however, this rate limiting step of
transcription is not only relevant at stimulus-response genes, with even highly
transcribed genes showing a significant degree of paused RNAPII in mammals (Core
et al., 2008, Rahl et al., 2010, Min et al., 2011) and in Drosophila (Gilchrist et al., 2008,
2010). Gilchrist et al., 2010 suggested that pausing serves as an early “checkpoint”
before the release of RNAPII into productive elongation, at some genes (e.g. active
genes) the pausing state can be transient, while at others (e.g. heat-shock genes), it
may involve the formation of a paused complex that represses gene expression until

the appropriate signal is received.

The pre-loading of RNAPII at bivalent genes in ES cells is thought to provide the
flexibility needed to prime these genes for activation or repression upon lineage
specification (Bernstein et al., 2006, Mikkelsen et al., 2007). However, while RNAPII
pausing is also classified as a mechanism of gene priming, the characteristics of
paused RNAPII complexes are different from the RNAPII complexes found at

PRC-repressed genes. For instance, at paused genes low levels of RNAPII are
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observed in the promoter-proximal region, while at PRC-target genes, considerable
amounts of RNAPII-S5P are detected at promoters and coding regions. Furthermore,
contrasting to what we observe at PRCr genes, RNAPII is recognised by SWG16 at

paused genes (Kim et al., 2005, Guenther et al., 2007, Boehm et al., 2003).

A clear group of “paused” genes was not detected in our analysis. This is in apparent
conflict with an earlier report from Guenther et al. [2007] in which the authors detect
approximately 35% of silent genes with RNAPII (detected by SWG16 antibody)
enriched at the 5" end but with no evidences of transcript accumulation, in human ES
cells. This observation led the authors to propose transcriptional pausing, poor
processivity, or abortive initiation at these genes. The difference between our study
and Guenther et al. [2007] can be explained by the sensitivity in detecting transcripts
by mRNA-Seq compared to the microarray expression assay used by the authors. For
instance, low levels of transcription would be scored as absent leading the authors to

conclude that these genes are silent, nonetheless experience transcription initiation.

It is possible that the paused state detected in Drosophila is not a prevalent
mechanism of priming in ES cells in mammals. Similarly, the characterised
PRC-repressed state, with RNAPII extending through the coding regions of
PRC-repressed genes, may not exist in Drosophila. For instance a study in Drosophila
embryos identified RNAPII-S5P and -8WG16 at the promoters of PRC-repressed Hox
genes, but not throughout the gene bodies (Chopra et al., 2009b). Interestingly,
bivalency has not been observed in lower organisms such as Xenopus and Drosophila,
raising the possibility that the poised state of RNAPII at PRC-bound genes evolved

recently and may be specific to mammals.

5.4.5 Synergy between PRCs and RNAPII at PRCr genes

In the past, much emphasis has been given to the recruitment of RNAPII to
promoters as a key regulatory step of gene expression (Nevado et al., 1999). More
recently, a plethora of studies has revealed that a large number of genes are regulated
at steps downstream of the recruitment of RNAPII to a promoter. Namely, several

genome-wide studies in human (Guenther et al., 2007, Kim et al., 2005, Rahl et al.,
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2010) and Drosophila (Muse et al., 2007, Zeitlinger et al., 2007) discovered significant

proportions of inactive genes with high levels of RNAPII at their promoters.

At PRCr genes, remarkably similar S5P and PRC distributions at TSSs and
throughout coding regions (Figure 5.12, Figure 5.13) suggest that PRCs travel
through genes coincidental with elongating S5P complexes. RNA from PRCr genes
was detected, at low levels (Stock et al., 2007), and few transcripts are made per cell
(Guenther et al., 2007). In addition, despite the presence of RNAPII-S5P through the
gene bodies of many PRCr genes, absence of RNAPII-S2P and H3K36me3 suggest
that efficient processing of transcripts is limited. Therefore, the deposition of H2Aub1
and/or H3K27me3 marks may act to block proper efficient transcription at some
level. This is consistent with the role of Ring1B (Stock et al., 2007) and H2Aub1 (Zhou
et al., 2008) in negative transcriptional regulation. Stock et al. [2007] showed that
conditional depletion of Ring1B results in gene de-repression, while Zhou et al.
[2008] showed that the H2Aub1 at promoters prevents the recruitment of FACT
resulting in the inhibition of transcriptional elongation. Nonetheless, PRC-regulated
genes are not completely silent. We and others have found low level transcription
from bivalent genes (Stock et al., 2007, Core et al., 2008, Min et al., 2011). Therefore,
another possibility that may account for the synergy between PRCs and RNAPII is
that RNAPII transcription products may have direct roles in the recruitment or
stability of PRCs. For instance short ncRNAs transcribed from 5 end of PRC2-targets
in both ES and T cells which have been shown to interact with PRC2 and to cause

gene repression in cis (Kanhere et al., 2010).

Only a detailed analysis of transcript products of PRC-targets genes, including
splicing patterns and orientation of transcription, would help to resolve this open

question.

5.4.6 Active PRC-repressed genes (PRCa, PRCi) as a read-out of heterogeneous ES cell

populations

Heterogeneity of stem cell populations is a phenomena characterised by the existence
of a variety of inter-convertible states within the ES cell population, under pluripotent

conditions, that are responsive to fluctuations in the transcription factor network.
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These phenomena have been recently addressed (Graf and Stadtfeld, 2008, Canham
et al., 2010). Several transcription factors are known to exhibit such fluctuations in
expression across the undifferentiated ES cell population, such as Nanog, Zfp42 (Rex1)

and Stella (Dppaz) (Chambers et al., 2007, Hayashi et al., 2008, Toyooka et al., 2008).

In this chapter we suggest that a proportion of the characterised PRC-target genes
exists in different states across the ES cell population. Several lines of evidence
support the idea that the “active” PRC-repressed state represented by PRCi and
PRCa genes reflect a mixture of states. First, sequential ChIP experiments
demonstrated that although Ring1B, Ezh2 and S5P co-localise at PRCr, PRCi and
PRCa genes, Ring1B and S2P did not co-localise (9/9 genes), suggesting that they do
not share the same chromatin fragment (Figure 5.21). Thus, the concomitant detection
of S2P and H2Aub1 or H3K27me3 by ChIP-Seq experiments could simply reflect an
artifact of this type of sampling experiments, i.e, ChIP-Seq detects the average
distribution of factors at a given gene across a population of cells/alleles and could
therefore mask what could be different, separated, states that exist either in different
cells or even in different alleles of the same cell. Secondly, at PRCr genes H2Aub1
and H3K27me3 marks correlate positively with RNAPII-S5P, while at PRCa genes
(similarly to active genes) the correlation between S5P and H2Aub1 or H3K27me3 is
partially lost while the correlation with S2P increases, thus supporting the idea of
two separate S5P states and that the elongating form of RNAPII (S5P+52P+) does not

co-associate with Polycomb complexes (Figure 5.22).

It has been suggested that fluctuations in levels of factors of which expression levels
fluctuate across ES cell population may prone ES cells into a specific lineage of
differentiation, however this phenomena is poorly characterised (Graf and Stadtfeld,
2008, Canham et al., 2010). Nanog is a known regulator of ES cell pluripotency and its
expression levels fluctuate within the ES cell population, resulting in a heterogeneous
pattern of expression (Chambers et al., 2007). Interestingly, Nanog target genes are
enriched at PRCa class (Figure 5.23). Furthermore, CryoFISH experiments of a PRCa
gene, Lefty2, shows that Lefty2 associates with RNAPII-S2P but not Ezh2 in Nanog/s"
cells, and the opposite, associating with Ezh2 but not RNAPII-S2P, in Nanog/®
(Figure 5.25). This suggests that Nanog, possibly working in concert with other
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pluripotency transcription factors that fluctuate within the ES cell population, might

regulate the switch between the PRC-repressed and active states of PRCa genes.

Taken together, our data suggests that the “mixed” ChIP profile detected for the PRCi
and PRCa genes reflects a mixture of relative proportion of cells in which a gene is
either active (with RNAPII S5P+S2P+ producing full-length mRNA that leads to
protein expression), or PRC-repressed (with RNAPII S5P+S2P- co-associated with
Polycomb). The regulation of these genes might be important for developmental
plasticity. Understanding the dynamic fluctuations in levels of important transcription
factors will allow us to better understand how gene regulation is achieved in the
pluripotent state, which will definitely contribute to our ability to manipulate the

conversion between pluripotent and differentiated states, and vice-versa.

5.4.7 Interactions between PRCs and the transcriptional network

The observation of shared targets between PRCs and pluripotent TFs, namely Oct4,
Sox2 and Nanog, has been previously reported in human (Lee et al., 2006, Boyer

et al., 2006) and mouse (Squazzo et al., 2006) ES cells, where these TFs have been
indicated to act both as a repressors or activators (Boyer et al., 2005, Loh et al., 2006).
Mechanisms that account for the differential regulation of TFs in ES cells are not well
understood. It was suggested that the differential regulatory effects of TFs result
from differences in the combinatorial binding of several TFs (Kim et al., 2008). For
instance, Nanog may bind to targets that are repressed by Polycomb and act to
repress its targets, or it may act cooperatively with other TFs to trigger gene
activation. A more recent study from Ouyang et al., 2009 goes further in the
identification of a specific set of TFs that are more often associated with PRC2-target
genes, namely Oct4, Nanog, Sox2, Smadl, Stat3, Tcfcp211, and Esrrb. The authors
identify a simple rule for the mode of cooperation among different TFs which is
explained by the existence of two groups of TFs: group I, which includes E2F1, c-Myc,
n-Myc and Zfx and is associated to the activation of its target genes; and group II TFs
which includes Oct4, Nanog, Sox2, Smad1, Stat3, Tefcp2l1, and Esrrb and can have
either activating or repressive roles, i.e., contributing to the repression of some genes,

but if cooperating with group I TFs contribute to the activation of their target genes.
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An important caveat of this study is that the classification of “PRC2-targets” used by
Ouyang et al., 2009 relies solely on Suz12 binding data published in Chen et al., 2008.
Closely inspection of this dataset reveals that only a small proportion of PRC2-targets
is represented in this set, and the majority correspond to PRCr genes. Therefore, the
conclusions of Ouyang et al., 2009 could apply to the mode of regulation operating in

the PRCr group of genes but cannot be extended to PRCo, PRCi or PRCa groups.

Our data reveals that distinct PRC-target genes can be bound to either fewer (e.g.
PRCr) or multiple (e.g. PRCa) TFs (Figure 5.24). Thus, one could speculate that at the
class of PRCr genes, TFs are weak activators and could even function in association
with PRCs to repress its targets (as suggested by Wang et al., 2006), while at PRCa
genes the binding of multiple TFs would result in gene activation and the gene
would switch from a PRC-repressed state to an active state. To provide an
independent validation of this model, we are currently planning experiments using
Nanog-/- cells. According to this model, knockdown of Nanog expression would
down-regulate the expression levels of genes in which it acts as an activator (e.g.
PRCa and Active genes) and up-regulate the expression levels of genes in which it

acts as a repressor (e.g. PRCr genes).

Although we have not tested the co-localisation of Nanog, Oct4 or other TFs with
subunits of the PcG group of proteins at PRCr genes (as these would likely be
mediated by long range chromatin interactions), the localisation of PRCs at targets of
the core transcription factors (Nanog, Oct4 and Sox2) detected by ChIP-Seq indicates
that the Polycomb and pluripotency transcription factors may cooperate in the
repression of differentiation specific genes. A possible link between core factors and
PRCs was revealed by Wang et al. [2006] who co-purified Oct4, YY1 and Ringlb with
Rex1 from mouse ES cells. It would be interesting to investigate the epigenetic state
of ES cell populations using Nanog expression reporters and conditional knockout of

TFs.
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6.1 RESEARCH MOTIVATION

Analysis of high-throughput sequencing data often requires the visualisation and
quantification of read density and read patterns over classes of genomic features of
interest as well as the statistical testing of differential enrichment between classes of
genomic features. Furthermore, the increasing use of multiple biological samples (e.g.
different tissues, knockouts, differentiated versus undifferentiated conditions, etc.)
demand for statistical and computational methods suitable for the assessment of
biological variation. The processes of visualisation and statistical testing have largely
remained disparate and so have led to the use of multiple softwares requiring

inter-conversion between differing file formats.

In this project of my PhD, I aimed to develop a open-source application that provides
users with an intuitive graphical interface, combining both visualisation and
statistical tools, and thus that can be used to assist in the rapid interpretation of

sequencing data.

6.2 STATE OF THE ART

6.2.1  Quantifying ChIP-Seq signal (“counts”) versus identifying peaks

ChIP-Seq is a powerful method used to map epigenetic modifications or binding sites
of DNA-associated proteins throughout the genome at an unprecedented resolution.
A typical ChIP-Seq run generates gigabases of sequences that, once properly aligned
to a reference genome, essentially represent a continuous signal of enrichment for a

given analysed factor.
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The type of ChIP-Seq enrichment can very between different types of proteins. For
instance, the insulator binding protein CTCF exhibits sharp peaks at its binding sites
(Park, 2009), while profiles for RNAPII and histone marks such as H3K27me3 are
characterised by broader regions of enrichment. Typical data analyses confides on
peak-finder softwares that convert the continuous signal into discrete events of
enriched /non-enriched regions to allow the localisation of specific binding or
marked sites across the genome. However, most software available is optimised for
the detection of peak-type data and currently there are few available programs or
packages, such as CCAT (Xu et al., 2010) and SICER (Zang et al., 2009), which take
into account broader domains of enrichment. Moreover, peak-finders disregard the
continuous values of enrichment which can provide an important, and sometimes
crucial, level of information to the investigation. For instance, continuous values can
allow the study of progressive changes of a given epigenetic mark between different
conditions, similarly to the type of analysis typically performed with mRNA-Seq
data in which temporal changes in gene expression are studied across conditions.
This, however poses another challenge in ChIP-Seq data analysis which is the need to
normalise the datasets before performing such comparisons. The issue of data
normalisation and differential expression has been extensively debated in the context
of mRNA-Seq data analysis (Bullard et al., 2010, Oshlack et al., 2010), and it is
thought that some of the developed methodologies can also be applied to ChIP-Seq
count-type data (Anders, 2010). Other examples of the value of using read counts to
quantify marker enrichment, instead of discreet present/absent classifications, come
from our own investigation. For example, by comparing H2Aub1 and RNAPII-S5P
promoter levels, we found a strong positive correlation between the two
modifications at PRCr but not PRCa genes, which, by complementing with a

experimental validation, proved to represent a biologically meaningful association.

6.2.2  Current available packages to analyse and visualise ChIP-Seq count data

One of the greatest challenges in the analysis of high-throughput sequencing datasets
is the amount of data that is generated in each single run, and even after the first
processing steps (e.g. after genome alignment), advanced bioinformatic skills are still

required to handle the data generated. Efforts to address this challenge have been



6.2 STATE OF THE ART

made by the bioinformatic community, but there are still few approaches available.
Galaxy (Giardine et al., 2005) is an example of a bioinformatic tool that can be easily
used to calculate read counts at a set of genomic intervals (e.g. promoters). However,
a downside of Galaxy is that it depends on the loading of the datasets into a common
database, which could be time limiting for large datasets such as those derived from
high-throughput sequencing experiments. Other stand-alone, downloadable,
applications such as BEDtools (Quinlan and Hall, 2010) and SAMtools (Li et al., 2009)
overcome this problem, however both depend on the use of command line and are
not compatible with all operating systems. In addition, neither Galaxy, BEDtools or
SAMtools allow for the analysis of the variation of the distribution pattern of
ChIP-Seq reads across a group of genes, i.e., the ChIP-Seq read density profile.
ChIP-Seq read density profiles display the continuous signal across genomic regions,
(e.g. around the TSS of genes) and have been widely used in the community as a way
to evaluate sites of enrichment across genomic regions, and to compare profiles
between different groups of genes. For instance, recent genome-wide studies on
RNAPII modifications (Kim et al., 2010a, Tietjen et al., 2010, Rahl et al., 2010) have
extensively explored the pattern of enrichment of several CTD modifications at gene
promoters, gene bodies and genes 3" ends using this type of aggregate plots. This
type of aggregate plots is extremely useful specifically in the of study broad type of
data. Two applications can be used for this purpose, CEAS (Ji et al., 2006) and the
repitools R package (Statham et al., 2010), but none of them offers friendly user
interface like Galaxy does and are limited to pre-defined gene-related positions in the
genome (when, in fact this type of profiles could be used with any genomic feature,
e.g. CpG islands, enhancers, introns, exons, etc). In addition, neither Galaxy, CEAS or
repitools, offer the possibility to use informative statistical tests to compare signals

between groups of genomic intervals or between experiments.

In this Chapter, I describe a software, SeqGlI, developed to analyse ChIP-Seq data.
This software integrates visualisation with statistical testing and normalisation tools,
and operates on cont-type data. Characteristics of SeqGlI in comparison with other

packages discussed here are presented in Table 6.1

193



194 SEQGI - A SOFTWARE TO ANALYSE CHIP-SEQ DATA

Table 6.1: Comparison between SeqGI with available packages to visualise and analyse se-

quence count data.

GUI Read counts at Visualisation of ~ Statistical testing
genomic features read density
profiles

Galaxy Yes Yes No No
BEDtools No Yes No No
SAMtools No Yes No No
CEAS No Yes Yes No

(default regions)
Repitools (R) No Yes Yes No

(default regions)
SeqGlI Yes Yes Yes Yes

(user defined)
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SeqGl, “Sequence read enrichment at Genomic Intervals”, is an application that
provides a collection of easy-to-use methods for any scientist to analyse and visualise
genome-wide ChIP sequencing output data (Figure 6.1). SeqGI can be used for
common research question faced at the initial steps of the analysis, for example, what
are the number of reads overlapping a list of promoters? Are reads enriched at a
particular group of promoters? What is the distribution pattern of a given epigenetic
mark around a given genomic feature of interest (such as genes TSSs)? What is the
statistical significance of differential ChIP-Seq signals between groups of genes or

between samples?
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Figure 6.1: A collection of SeqGlI screen shots

6.3.1  SeqGI workflow

The workflow of SeqGl is illustrated in Figure 6.2. It has three main components: (i)
Identification of overlaps between two sets of genomic intervals, for example, a list of
aligned DNA reads (feature set Y) are used to quantify the number of sequenced
reads overlapping a set of genes/promoters/etc. (feature set X); (ii) graphical
visualisation of the results, for instance Box plots or histograms can be used to
visualise the distribution of read density between different classes of genomic

features as well as between conditions, thus allowing for the identification of
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—

Feature
setY

(i) Identification of
overlaps
(intersection)

—

Feature
set X

Figure 6.2: The workflow of SeqGI. Two sets of genomic intervals (X,Y) are required. This
could consist for instance in a gene annotation table and a BedGraph file with
ChIP enrichment signal. SeqGI has three main key features: (i) Identification of
overlaps between the two sets; (ii) graphical visualisation of the results; (iii) and
a statistical tools which include data transformation, normalisation and testing.
Input files are displayed in blue; output files are depicted in yellow and output

results in orange.

differential read densities; (iii) and a statistical toolbox to transform and normalise
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(i) Graphical
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data and to compare count-type data between groups (single sample) and/or

between samples.

6.3.2 Layout of the GUI

SeqGI working area is divided into three main areas (Figure 6.3):

1. On the left panel is the list control of project files, where all user project files are

listed and displayed.

2. On the right panel is the statistical analysis toolbox. The user can choose from a
variety of options, from normalisation, transformation, classical parametric and

nonparametric tests to the analysis of differential read densities as count-type

data.

3. On the bottom panel is the message log, where all the relevant messages are

displayed, including workflow messages when a new calculation is running



63 SEQGI OVERVIEW AND IMPLEMENTATION

and any error messages. All the messages are saved automatically so when the
user closes SeqGI and returns to the same project later on, the relevant

messages can be used to track the tasks performed previously.
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Figure 6.3: Layout of SeqGI GUI The working area is divided into three main areas: 1. The
list of project files; 2. Statistical analysis toolbox; 3. Messages panel.

6.3.3 Identification of overlaps

The initial step in a workflow within SeqGlI is the computation of overlaps between
two feature sets (X,Y). The computation of overlaps is mandatory to continue analysis
under SeqGl. Typically, SeqGI would be used to calculate how many reads from a

given ChIP sample overlap with each gene in the genome. Overlaps between features
are calculated using OGRe script, which can also be used by more advanced users as

a stand-alone script.

6.3.4 Types of Input files

SeqGl can be used to intersect BED, BedGraph or output files from standard aligners
(feature Y) with a set of dictated genomic features (feature X). Genomic features may

include for e.g. CpG islands, enhancers, peak positions, gene lists, or any list of
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genomic intervals, as long as it contains chromosome, start, end information. Within a
given gene list, gene regions of interest can be defined internally, for e.g. regions
upstream/downstream TSSs or TTSs, centered at the TSS/TTS, or any region relative
to gene positions. Sequencing reads are accepted in BED, BedGraph and SAM
formats, or any other custom format, as long as it contains chromosome, start, end

information for each sequenced read.

The input file types can be either “Gene list”, “Peaks”, “BedGraph”, “BED”, or a

“Custom format”.

Gene list and Peaks format

“Gene list” and “Peaks” are a type of file format that is specific to SeqGI. This file
format is a standard text-based format with a set of coordinates that are used
internally, upon user instructions, to define regions of interest. The “Gene list” file is
used to define regions relative to gene positions (relative to TSS, TTS, etc), while the
“Peaks” file is used to define regions relative to a peak maximum position. The
“Peaks” file can be useful, for instance to visualise the distribution of sequencing

reads in the vicinity of predefined peaks.

BedGraph

BedGraph is tabular format developed for use with the UCSC genome browser (Kent
et al., 2002). Chromosome, start and end coordinates and a coverage value is

specified in the following format:
chromosome  start  end  coveragevalue1
chromosome start end coveragevalue2

For ChIP-Seq and RNA-Seq datasets, the coverage value corresponds to the depth of

coverage in the genomic position.
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BED

Bed is tabular format also developed for use with the UCSC genome browser (Kent
et al., 2002). The first three fields in each feature line are required and consist of

chromosome, start,end. Other fields are optional for the use of SeqGI.
BED3 format: chromosome start end

BED6 format: chromosome start end ID score strand

6.3.5 Flexibility of input file structure

At this step of the workflow, where the user selects two files to intersect, several
options need to be considered. These include file descriptors such as column
separation and column positions; file format; and whether the file is sorted or not.
The possibility to specify the structure of the input file is an important characteristic
of SeqGl as it confers flexibility on the type of files that can be used, for instance
columns can be in any order and separated by any common column delimiters. The
column delimiters can be tab, space, comma or semicolon. A preview of the first 100
lines helps the user to identify the column positions and delimiters used in the

inputted file.

6.3.6 File sorting

It is mandatory that the genomic coordinates within the input files are sorted by start
position. If the files are not sorted an option “Sort file 1/2” needs to be selected to
sort the files internally before scanning the files for overlap. The internal sorting is
memory intensive as it depends on the loading of the complete file into the memory.
Improvements on this part of the code are currently underway. One way to go
around this issue is to use previously sorted files (using command line tools such as
the “sort” command in Unix). To prevent mistakes in the calculation of the overlaps,

SeqGl checks if the genomic intervals are in ascending order as it is running.
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6.3.7 Intersection function

The user can quantify the overlap between two genomic intervals (X,Y) using the
sequencing depth score (i.e., each nucleotide from the read that is overlapped
contributes to one count) or considering uniquely the start position of each read.
Within SeqGlI these two options are known as “depth of coverage” and “number of
overlaps” (Figure 6.4). If sequencing reads are imputed in the BedGraph format, the
intersection function available is the “depth of coverage” since the BedGraph type of
files do not have single-read information, but store count-type data. The user can also
specify the minimum overlap length. This setting corresponds to the minimum
overlap between the two features. The default value is 1 nucleotide which is the

minimum possible value.

10 54
e

X
|
Y { 31 80
I
3 7

1 0

Nr of overlapping features = 2
Depth of coverage = (54 -31) + (54 - 15) =62

Figure 6.4: Example of intersection between two genomic intervals. The overlap can be scored
using either the sequencing “depth of coverage” score or considering uniquely the
start position of each read (“nr of overlapping features”).

6.4 SEQGI OUTPUT AND RESULTS
6.4.1  Querlap scores are given in two types of files “Ouverlap” or “Sliding”

The user can investigate and illustrate read density at genomic intervals (or at some
defined positions relative to known regions/features), by choosing between two
types of outputs, “Overlap” and “Sliding”. Importantly, each output file is linked to
“ fields” file which contains information of the original input files and all options
chosen by the user to create a given output. The “fields” file is saved internally in
SeqGl project folder, and is used by SeqGlI to display the file information when

requested by the user. Other softwares that are commonly used in bioinformatics,
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such as Galaxy (Giardine et al., 2005) or GSEA (Subramanian et al., 2005), do not

allow the user to check the steps that were taken to create a given project file. From
the user’s perspective, it is important to maintain record of all steps taken to create a
given output, to allow for checks and to prevent future mistakes or the need to repeat

the whole analysis.

Overlap

In the “Overlap” type of output, the overlap between feature X and Y is calculated by
using the total length of feature X; for example this option can be chosen to calculate

the depth of coverage at the +1kb region around the TSS.

The format of “Overlap” files contain 7 tab delimited columns:

ID, chromosome, start, end, strand derived from file 1 (feature set X)

Window length: size of the window (end - start)

Counts: calculated as either the number of overlaps or depth of coverage

* Average counts: counts normalised to the window length

Sliding

The “Sliding” format, allows the user to explore the pattern of the ChIP signal at the
genomic intervals of feature-set X. The distribution profile is calculated by using a
sliding window that scans each genomic interval defined in feature-set X. If the
genomic intervals in feature-set X contain strand information (applicable when
feature X is a gene or contains gene-related coordinates), then the sliding windows
are defined for all genomic intervals in the same orientation (5" to 3’), otherwise left
to right would be used. The length of the sliding window can be either a fixed size
(in bps) or a percentage of the total size of feature X. Defining the sliding window as
a percentage is particularly important when the genomic intervals are not all of the

same size, thus the percentage is used to scale each interval to a common length.
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The format of “Sliding” files consist of:

¢ Five initial feature descriptors (as in *.Overlap): ID, chromosome, start, end,

strand derived from file 1 (feature set X)

¢ Columns after the 7th column correspond to counts (either the number of

overlaps or depth of coverage) normalised to the window length.

6.4.2  Graphical visualisation

Once the overlap scores have been determined, the distribution of scores can be
visualised both between different sets of genomic intervals, or between subgroups of
a given set of genomic intervals. Graphical representations available include profile

plots, heatmaps, Box plots, histograms and scatter plots.

¢ Profile plots and heatmaps are used to visualise the pattern of read
distribution across features. Both plots are created from the “Sliding” type of
files. The profile plot averages the signal across all the members of a selected
group of features (e.g. group of genes), while the heatmap displays the

two-dimensional data as colors, and thus does not depend on the average

signal per group.

¢ Correlation plots (scatter plots) are used to compare two “Overlap” files, for
instance to visualise the degree of correlation between two ChIP samples. This
plot can be complemented with the use of a statistical analysis such as

Spearman’s rank or Pearson correlation tests.

¢ Box plots and histograms can be used to graphically depict the distribution of
data within “Overlap” files. Box plots use the standard descriptive statistics: the
minimum, lower quartile (Q1), median (Q2), upper quartile (Q3), and the
maximum. Box plots are a convenient way to compare the ChIP signal across
groups. These can be complemented with the use of hypothesis tests within

SeqGl, such as Wilcoxon rank-sum test or Student’s t-test.
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6.4.3 Statistical testing

Coupled to SeqGl’s rich visualisation tools, SeqGI implements a core set of
normalisation, transformation and sequence read enrichment testing procedures.
SeqGl's statistical framework can be used to answer questions such as, is a given
group of genes more enriched for a particular protein/modification then another
group? What are the genes that show differential occupancy between two given
conditions (e.g. wild-type versus knockout, undifferentiated versus differentiated)?
Are two datasets correlated across gene promoters? Alongside the analysis of
differential read densities, data transformation and data normalisation can also be
applied to the datasets. For example, data normalisation can be used before
comparing data scoring between two samples; SeqGlI offers several options for data
normalisation including quantile normalisation, RPKM, median scaling, and others.
The code for the implementation of the statistical tools in SeqGI is written in R and is

currently being developed in collaboration with Tom Carroll.

¢ Transformation: Genomic Intervals can be rapidly normalised to interval
lengths as well as library sizes and transformed from raw count data to Logp,
Logqo or arcsine values for conventional parametric testing. The transformed
files are then available from the SeqGlI project to allow for further visualisation

and testing, according to the user’s requirements.

¢ Normalisation: Normalisation options include, Reads per million (RPM),
Reads per kilo-base per million (RPKM), Quantile normalisation, Variance

Stabilizing Normalisation and Median Scaling.

¢ Differential read tests - Between Groups: SeqGI implements a selection of
testing procedures established in SAGE, RNA and ChIP sequencing analysis.
Groups can be quickly compared in SeqGI using both parametric (Student’s

t-test) and non-parametric tests (Wilcoxon rank-sum test).

¢ Differential read tests - Between Samples: SeqGI’s statistical framework

allows for the analysis of differential read densities as count data using
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methodology implemented in the DESeq (Anders, 2010) and DEGseq (Wang

et al., 2010) Bioconductor packages.

¢ Correlation between samples: Correlation over genomic intervals between

conditions may be evaluated using Pearson or Spearman’s correlation tests.

6.4.4 Implementation

SeqGl is written in Python and R. SeqGI runs in Windows and is being currently

developed to run in other standard operating systems (MAC, Linux).

65 COMPUTING OVERLAPS BETWEEN GENOMIC INTERVALS - OGRE SCRIPT

OGRe (“Overlap Genomic Regions”) is a stand-alone script that was developed to be
used within SeqGlI to find overlaps between two sets of genomic intervals. OGRe is a
major feature of SeqGl as it allows for fast processing of the analysis. It can also be

used independently of SeqGI as command line tool. The basis of OGRe algorithm is

an adaptation of the original algorithm "Fjoin" (Richardson, 2006).

6.5.1 Algorithms to compute the overlap between two genomic feature sets

Given two feature sets (X,Y) where each interval is defined by a set of coordinates
(chromosome, start, end), Fjoin (and OGRe) finds which intervals in the Y set overlap

the intervals in the X set.

A straight forward algorithm that can be used to answer this question is the nested
loop. In this algorithm, two loops are used, one loop over all features of set X and a
second loop over all features in set Y (Richardson, 2006). However, for large genomic
datasets, the use of nested loops becomes impractical since a loop between all Y
features is required for each feature in set X. Some practical approaches can be
applied to reduce the time needed to iterate through all possibilities, for instance if
the lists X and Y are previously sorted by start positions, one can break the loop in
file Y as soon as the start position of the genomic interval Y is bigger then the end

position of the genomic interval X. Although this approach reduces the time needed
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to iterate through all pairwise possibilities, it is still very time consuming to perform
this type of search in large genomic datasets. One way to overcome this issue is by
the use of interval trees (a data structure originally proposed by Edelsbrunner and
Maurer, 1981), which mainly consist of an efficient data structure that, once built, can
be quickly used to make fast queries. Although interval trees are a good option in a
database-like environment, in many occasions it is preferable to use a simple
command line tool that does not depend on the pre-installation of a database system
and that can be used without having to go through the CPU time expensive tree

construction stage.

6.5.2 Fjoin “sort merge-pass” algorithm

The solution to this problem, used in Fjoin, is the use of a “merge-pass” algorithm.
This algorithm makes use of sorted lists of the starts and ends of all the intervals and
scans every interval from left to right, more or less in parallel, outputting when an
overlap is found. The “merge-pass” is basically a sliding window algorithm. The
algorithm operates on two iterators of intervals (that scan X and Y sets). In each
round, the genomic intervals in a given set are scanned against a genomic interval in

the opposite set.

For instance, consider that we are scanning a set of Y features against a single interval
(“bait”) in set X. Features in set Y are scanned one by one, and if located at the left of
X they are dropped, while others are “caught” until a Y feature is found at the right
of X. Then the order of the scan is inverted, i.e., in parallel with the previous round,
features of set X are scanned against a “bait” feature Y, until the search passes the left
interval. Then the order is reversed again and the previously “caught” Y features are

scanned against a feature X, and so on. The Fjoin algorithm allows for the rapid

search of overlapping features in a remarkably simple procedure (Richardson, 2006).

6.5.3 OGRe improvements on Fjoin

I used the original algorithm in Fjoin to build OGRe. Several key points needed to be

adapted from the original algorithm to allow its use with large high-throughput
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genomic datasets and for with specific data formats required for downstream

analysis and visualisations.

Improvements on the original algorithm are the following;:

1. In OGRe, the user can choose the intersection function as either “depth of
coverage” or “number of overlaps”, as explained above in subsection 6.3.7. In
Fjoin algorithm, every overlapping pair is outputted as soon as the overlap is
found, and thus every feature in the set X is repeated as many times as an
overlap with set Y is found. This type of output revealed to be impractical for
high throughput type of data, where hundreds or thousands of reads may
overlap a given interval (for instance gene bodies can be several kb long and
thus many reads of 32-150 nucleotides may overlap). In OGRe, the overlap is
outputted only in relation to the features in set X, in a way that each feature X
is written only once in the output file, with the correspondent overall overlap

score found.

2. The overlap score is recorded for all features in set X, independently of an
overlap being found or not. This was not possible in Fjoin algorithm. In Fjoin,
features in set X for which no overlap is found are not recorded in the output.
In the case of ChIP-Seq data, it is essential to report the genomic features for
which no overlapped read is found. I implemented this step of the algorithm by
outputting the genomic interval X and its correspondent overlapping score at
the step where the item would be passed according to the original Fjoin
algorithm. This is the critical step to record the overlapping score because that

particular feature X is not going to be used in further scans.

3. OGRe supports BED and BedGraph files (SAM and MAP file support is
currently being developed). This implementation was added to the original
algorithm by simply including a description of the correspondent default

column positions.

4. OGRe allows the user to choose a window of interest from a “Gene list” or

“Peaks” file. When the user specifically defines the input file format as a “Gene
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list” or “Peaks”, the option to define a window of interest is enabled. The
window of interest is characterized by coordinates which are defined in relation
to genes (e.g.: 2kb upstream TSSs, Gene bodies, etc) or in relation to peak

maximum position (e.g. +1kb surrounding the peak maximum).

5. OGRe is also able to calculate the overlap pattern in each genomic interval of
set X. This is accomplished by binning the genomic intervals of set X in smaller
windows of a given fixed length or of a given percentage. After a overlap
between a X,Y pair is found, each sub-interval in X is scored according to the

intersection function chosen.

6.6 SAMPLE WORKFLOW OF SEQGI
6.6.1 Installation and use

SeqGlI source code can be downloaded from the project web page

(HTTP:/ /seqgi.sf.net). Dependencies include Python itself, wxPython, NumPy,
matplotlib and ObjectListView. R is currently distributed with SeqGI and thus does
not require previous installation. NumPy and matplotlib are only required for
visualisation operations, and therefore can be skipped if the user does not wish to

use these tools.
6.6.2 Adding new files to a project

As an example, we can consider comparison of the ChIP S5P signal obtained in
promoters of bivalent genes vs 20% most and least expressed genes (top20, bottom?20,

respectively, as in Chapter 3). A typical workflow would be (Figure 6.5):

1. Intersect a list of all genes (file 1) with the S5P aligned reads (e.g. BedGraph

format; file 2)
2. Specify a region of interest in file 1, for instance +1kb from TSS

3. Choose “depth of coverage” as the intersection function
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4. Choose “Overlap” or “Sliding” as the type of output file

5. Group files using the grouping option. Within SeqGlI, genomic features can be

quickly characterised into pre-defined groups using the GMX standard format.

In this example the GMX file contains “bivalent”, “top20” and “bottom20”

groups.
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Figure 6.5: Sample workflow of SeqGI - Adding new files to a project

6.6.3 Graphical representation

As an example, we can visualise the differential read distribution between the

different groups of genes using “Box Plots” on the “Overlap” files and “Profile plots

on the “Sliding” files. This can be accomplished by simply choosing the

“Overlap”/”Sliding” file and then the correct plot from the Menu (Figure 6.6). The

visual analysis using Box plots can be complemented with the use of statistical

hypothesis tests such as Wilcoxon rank-sum test or Student’s t-test.
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Figure 6.6: Sample workflow of SeqGI - Example plotting a Box Plot

Alternatively, it is also possible to plot a transformed dataset. To do so, a
transformation function can be chosen from the statistical tools (e.g. “log 2”) to
transform an “Overlap” file and then display the transformed results again using Box

plots.

6.7 CONCLUSION

Understanding the mechanisms of gene regulation is a major aim of genome-wide
mapping studies using next generation sequencing. ChIP-Seq technologies provide a
detailed characterisation of various epigenetic features and binding patterns across
different genomic regions at unprecedented resolution and dynamic range but the
examination of genome-wide data requires the use of several bioinformatic tools,
from the alignment of reads to a reference genome to extensive downstream analyses
of binding patterns on a genome-wide scale. The analysis of epigenetic states has
revealed common epigenetic profiles that are related to regulatory functions and
repeated throughout the genome. For example, active genes are associated with

H3K4me3 at gene promoters and H3K36me3 through coding regions, whereas
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bivalency of H3K4me3 and H3K27me3 at gene promoters reflects Polycomb
regulation and gene poising for expression upon activation (Mikkelsen et al., 2007).
Another striking example is the finding that H3K36me3 is enriched at the exons of
active genes, revealing an interplay between chromatin modifications and the splicing
machinery (Kolasinska-Zwierz et al., 2009). Therefore, it is important to consider and
quantify these different combinations and distinct profiles of ChIP signal that exist on
genes as it can have important implications for gene regulation. In the context of
high-throughput genome analysis, few applications allow for the investigation of
ChIP signal as read densities at defined genomic intervals of interest. Packages such
as BEDtools (Quinlan and Hall, 2010) and SAMtools (Li et al., 2009) enable a number
of operations using BED and SAM type of files, including the computation of
overlaps between a set of reads and a set of genomic features, however both depend
on the use of command line and more advance bioinformatic skills. Other tools such
as CEAS (Ji et al., 2006) and the repitools R package (Statham et al., 2010) can be used
for the computation of the profiles of read density on genes, but provide the user
with limited user-friendly interface and few options for statistical testing. In any case,
a comprehensive output for graphical interpretation and visualisation of the results
from this type of analysis of count-type data was not yet combined in one single

application.

SeqGl is an open source software that provides users with an intuitive graphical
interface for the simultaneous visualisation, grouping and testing of sequence read
distributions both between and within classes of user defined genomic features. It
can create plots to visualise the enrichments of a given mark along gene bodies or the
average enrichment for a given set of regions in one or different conditions. Along
side this, it provides a wide range of statistical tools that can be used. SeqGI can be
used in a variety of downstream analyses integrating hypothesis drawn from visual
and statistical observations and providing a platform for further biological questions

to be asked.
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7.1 THESIS OVERVIEW

Polycomb repressor complexes (PRCs) are important regulators of gene expression
implicated in pluripotency and cancer (Richly et al., 2010). A previous study of nine
PRC targets in my group had found that Polycomb silencing in ES cells co-exists with
active chromatin and an unusual form of RNAPII (Stock et al., 2007), but the
relationship between PRCs and RNAPII genome-wide remained unclear. In this
thesis I have investigated the interplay between RNAPII and Polycomb repressor
complexes (PRCs) at genes in mouse ES cells, using ChIP-Seq and mRNA-Seq.

Clear chromatin and RNAPII patterns were identified at three major states in the ES

cell genome: Active, Inactive and PRC-repressed (Figure 7.1 and Table 7.1).

Active PRC-repressed Inactive
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/)| :

55— 1 5 1

Distance along gene

RNAPII
modifications

Relative enrichment

Histone
modifications

Figure 7.1: Schematic representation of average RNAPII and histone modification profiles at
“Active”, “PRC-repressed” and “Inactive” states. Main characteristics of each group
are summarised in Table 7.1. This diagram was adapted from Brookes [2010].
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Through classification of RNAPII and histone modification patterns, followed by
clustering, four subpopulations of PRC-repressed genes were found (Figure 5.7): the
“true” PRC-repressed state (namely, PRCr class) consisting of PRC-repressed genes
occupied by unproductive (55P) RNAPII; and three intermediate classes consisting of
genes with shared characteristics of both “Active” and “PRCr” (namely PRCi and
PRCa genes), or both “PRCr” and “Inactive” (namely, PRCo genes). Genome-wide
analyses, together with sequential ChIP at single genes, show that PRCs co-associate
with RNAPII-S5P complexes at promoters and throughout coding regions but not
with RNAPII-S2P. The existence of “active” PRC-targets suggested that a
subpopulation of PRC-repressed genes switches between ‘on-off” chromatin states
that exist either at different alleles of the same gene or across the ES cell population,

potentially in response to fluctuations in levels of pluripotency transcription factors.

Although much remains to be explored about the way specific CTD and epigenetic
states are “read”, our results show that specific combinatorial patterns are established
at differentially regulated genes, suggesting that regulation of CTD phosphorylation

is important for robust regulation of gene expression and genome function.
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Table 7.1: Summary of the three major epigenetic states in ES cells: “Active”, “PRC-repressed”
and “Inactive”. RNAPII modification correlates with expression outcomes and
chromatin state.

Active PRC-repressed Inactive
mRNA High Low Undetected
expression
RNAPII Yes Yes No
recruitment
RNAPII (S5P) High S5P (promoters and  High S5P (promoters and  Undetected
and H3K4me3 coding regions). High coding regions). High

H3K4me3 (promoters) H3K4me3 (promoters)

RNAPII (8WG16) High (promoters) Low or absent Undetected

RNAPII (S7P) High (promoters and Low or absent Undetected
coding regions)

RNAPII (S2P) High S2P (coding Low or absent Undetected

and H3K36me3 regions and downstream

3’ end). High H3K36me3

(coding regions)

PRCs Low or absent High (promoters and Low or absent
coding regions).
Proportional enrichment
to S5P.
Promoters CpG-rich CpG-rich CpG-poor
DNA methylated  Not enriched Not enriched Enriched
promoters
Gene Ontology Mainly housekeeping Developmental regulator ~ Specialised

functions such as “gene
expression”, “DNA
repair” and “metabolic

function”

and metabolic functions

adult-related
functions such as
“multicellular

organismal process”

7.2 FROM RESEARCH OBJECTIVES TO RESEARCH FINDINGS

7.2.1

Bioinformatic analysis and software development

High throughput ChIP-Seq and mRNA-seq methods have provide the research

community with the power of quickly acquiring genome-scale maps of a variety of
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factors. The integration of results from different levels (epigenomics, transcriptomics,
proteomics) and experiments are challenging but offer valuable and unprecedented

insight into the genome function and regulation.

To investigate the logic of complex genome regulation in ES cells, I have integrated
and mined the results from a variety of studies. I used ChIP-Seq and mRNA-Seq
methodologies to generate genome-wide maps of RNAPII CTD phosphorylation
patterns at S5, S7 and S2 residues, PRC1 subunit (Ring1B) and two histone
modification marks associated with PRC-mediated gene repression (H2Aub1) and
with transcription elongation (H3K36me3). In addition, along side our newly
generated maps, I have integrated several published datasets to investigate RNAPII
modification status and its relationship with characteristic epigenetic signatures
across the ES cell genome. Published datasets included ChIP-Seq (Ezh2, Suz12, core
H3, H3K4me3, H3K27me3; Mikkelsen et al., 2007, Ku et al., 2008); mRNA-Seq
(Cloonan et al., 2008); Microarray gene expression in ES cells (Mikkelsen et al., 2007,
Sene et al., 2007), during ES cell differentiation (Shen et al., 2009) and after Ringl1A/B
dKO (Endoh et al., 2008), and other ES cell genome-wide annotation datasets, namely
promoter DNA methylation (Fouse et al., 2008), proteome characterisation
(Graumann et al., 2008, Van Hoof et al., 2006) and TF binding (Kim et al., 2008).
Integration of data sets from a variety of sources is an essential part of data analysis.
To this end, I have used several bioinformatic softwares that were already publicly
available, such as GSEA (Subramanian et al., 2005) and MultiExperiment Viewer
(Saeed et al., 2003). Additionally, I used R and Python to generate my own scripts

and analysis workflows.

New NGS technologies generate large amounts of data to process and analyse. This
has become a challenge to the bench scientist (not to mention the bioinformatician
itself). In the last year of my PhD, I have used wxPython, Python and R to develop a
software, SeqGI (Chapter 6), that can assist on the first steps of analysis and
interpretation of high-throughput data. SeqGI can be used to visualise known gene
profiles of a given set of factors (such as the ones investigated in this thesis, CTD and
histone modifications) and to compare the signatures at pre-defined gene groups or

genic regions (for instance, highly expressed versus lowly expressed genes, exons
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versus introns, short versus long genes, etc). It provides the user with an intuitive
graphical interface combining both visualisation and statistical tools, and thus
allowing any scientist to quickly take initial steps in complex data analysis. Along
with SeqGlI, I have developed OGRe, which can be used to quickly calculate read
density at any genomic interval or genic regions of interest. Result files produced by
OGRe are integrated within the analysis performed by SeqGlI (visualisation, statistical
testing) but can also be used independently to suit appropriate analysis needed to

answer particular questions.

Although analysis of sequencing data using SeqGI can be highly informative, more
advanced data mining techniques are often needed. For instance, in this thesis I have
used hierarchical clustering (Chapter 4) and principal component analysis (Chapter
5) to uncover relationships and correlations between RNAPII and
Polycomb-instigated histone modifications within the data. Ultimately, it is important
to mention that, despite the power of bioinformatics, data analysis should be coupled

with experimental validation as often as possible.

7.2.2 A review of the CTD central dogma

The current view of the RNAPII CTD code applies generally to the results described
in this thesis, namely that S5P and S7P are enriched at the 5" end, while S2P levels
increase during elongation. However, a number of interesting examples of unknown

combinations of CTD phosphopatterns was revealed in the course of this study.

For instance, highly transcribed genes exhibit S5P and S7P enrichments at the 3" end
(Figure 3.7), despite the current idea that S5P is removed by protein phosphatases
during transcription elongation (Mosley et al., 2009). Accumulation of RNAPII at the
3’ end may reflect RNAPII slower kinetics probably important for correct mRNA
processing. Furthermore, the peak of S2P downstream of the 3" end is not
accompanied by increased levels of H3K36me3, suggesting that the interaction

between HMTs and S2P is disrupted at this stage.

Other interesting examples come from the characterisation of an unusual RNAPII

configuration at PRC-repressed genes. For instance, we have identified that many of
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these genes harbor S5P throughout their coding regions but S7P and S2P are low or
undetected (Figure 3.9 and Figure 5.19). Considering that the kinase Cdk?7 is
responsible for the phosphorylation of both S5 and S7 residues of the CTD (Akhtar
et al., 2009, Glover-Cutter et al., 2009), S5P in the absence of S7P at PRC-repressed
genes suggests that specific S5P kinases or specific S7P phosphatases may exist. S2P
is important for correct mRNA processing and recruitment of splicing and
polyadenylation machinery (Hirose and Ohkuma, 2007). Similarly to our own
findings in mouse, S7P was found at coding regions in humans (Chapman et al.,
2007) and yeast (Tietjen et al., 2010, Kim et al., 2010a, Mayer et al., 2010), and it was
suggested to have a role in elongation and co-transcriptional splicing. Detection of
appreciable amounts of S5P (and H3K4me3 at the promoters) in the absence of S2P
and S7P (and H3K36me3) at PRC-repressed genes suggests that, S5P in the absence
of S2P is congruent with elongation. In this context, while RNAs are produced (Stock

et al., 2007), efficient RNA processing is likely to be disrupted.

7.2.3 Interplay between RNAPII and Polycomb at PRC-repressed genes

In this study I have identified four classes of PRC-repressed genes: Three groups
displayed CpG-rich promoters, PRC and RNAPII binding (PRCr, PRCi and PRCa).
Levels of mRNA and marks of actively transcribing RNAPII (S7P, S2P) were absent at
PRCr genes but levels increased from PRCi (S5P+S7P+) to PRCa (S5P+S7P+S2P+)
genes. We suggest that PRCr class constitutes the “true” PRC-repressed state, while
PRCi and PRCa genes fall on a sliding scale of PRC-regulated to active states.
Additionally, we identify a cohort of PRC-repressed genes (PRCo class) which do not
recruit RNAPII, have CpG-poor promoters and seem to be regulated mostly by PRC2
(demonstrated by detectable levels of H3K27me3), but not PRC1 (as H2Aubl1 levels
are low or absent at the majority of genes within this group; Figure 5.7). At PRCo
genes, the coincidental lack of RNAPII recruitment and H2Aub1 modification
suggests that the interplay between RNAPII and PRCs may depend on PRC1 directly,
or indirectly through the deposition of H2Aub1 marks and the recruitment of

appropriate regulatory factors.
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An unusual pattern of CTD modifications was found at PRCr genes (Figure 3.9 and
Figure 5.19), which consisted of high levels of S5P, no detectable S2P, and an
unexpected lack of detection of unphosphorylated S2 residues (recognised by
antibody 8WG16). Even in the absence of S7P and S2P, RNAPII (S5P) is found at the

gene bodies of many PRCr genes, and producing low levels of transcripts (Stock et al.

2007), indicating that Polycomb repression acts downstream of transcription initiation
and that the absence of S2P and S7P may limit complete mRNA maturation (Stock
et al., 2007, Brookes and Pombo, 2009). Yet, the pattern of S5P enrichment is different
among PRCr genes. At some genes the phosphorylation mark is found more
localised at the promoter region, while in others it is found through the whole coding
region up to the TTS, but not beyond (Figure 5.13). In all cases, the profile of S5P is
mirrored by H2Aub1 and H3K27me3 suggesting that PRCs travel through genes
coincidental (in abundance and distribution) with elongating RNAPII-S5P complexes
(Figure 5.12). Interdependence of RNAPII and PRCs in the PRC-repressed state was
further shown by sequential ChIP, which detected enrichment for RNAPII-S5P with
Ring1B or Ezh2 at all PRCr genes tested (Figure 5.14) and by bioinformatic analyses
of enrichment levels at TSS, which showed strong positive correlation between S5P,

H2Aub1 and H3K27me3 levels within the PRCr group (Figure 5.22).

The mechanisms controlling RNAPII extension through coding regions of
PRC-bound genes are not known and merit further investigation. Underlying
sequence elements at these genes may be relevant, for instance PRCr,i,a classes recruit
RNAPII and contain CpG-rich sequences at their promoters, while promoters of
PRCo genes are mainly CpG-poor and do not recruit RNAPII. The average profiles of
S5P at PRC-repressed genes show a broader S5P peak (de-localised ~200 bp from the
promoter; Figure 5.12) when compared to active genes, which could be reflecting the
variable degrees of S5P extension into coding regions of these genes, or alternative
TSS usage, or both. Interestingly, coincidentally with broad S5P distributions at
PRC-repressed genes, we observe broad (unmethylated) CpG density around the TSS
(Figure 5.11), which in turn have been associated with multiple TSS usage (Sandelin
et al. 2007) and RNAPII recruitment (Rozenberg et al., 2008). Another interesting
observation is that bivalency (Akkers et al., 2009) or presence of RNAPII at PRC

targets (Schwartz et al., 2010) were not found in lower eukaryotes, although the
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cellular systems might not be the exactly representative of the ES cell state.
Interestingly, lower CpG content (FitzGerald et al., 2006) and reduced CTD
complexity (Chapman et al., 2008) are also characteristics of lower eukaryotes, thus
raising the possibility that the poised state of RNAPII at PRC-bound genes evolved
recently, possibly in parallel to the evolution of CpG islands, and may be specific to

vertebrates.

7.2.4 Fluctuations between the canonical active and PRC-repressed states

Cohorts of Polycomb targets (PRCi and PRCa classes) shared characteristics with
PRCr genes (high levels of S5P and PRC repressive marks), but also displayed
characteristics associated with the Active group of genes (high SWG16 and S7P
enrichment at promoters and S2P increasing levels through the gene body and
peaking immediately downstream of the TTS). Sequential ChIP experiments showed
that, at PRCi and PRCa genes, Polycomb co-localises with the RNAPII-S5P, but not
with active (S2P) RNAPII (Figure 5.21), suggesting that the concomitant detection of
PRCs and actively transcribing RNAPII is due to expression from these PRC-targets
in a small minority of cells, or even within different alleles of the same cell. Therefore
we propose that the active signature of PRC target genes is a read-out of the
heterogeneous ES cell population and the existence of two subpopulations, one in
which the gene is transcribing, other in which is PRC repressed. Furthermore, PRCa
genes produce not only mRNA but also protein (Figure 5.8), and developmental and
metabolic processes are enriched within this group, suggesting that regulation of
these genes is likely to be important for ES cell biology. Several of the genes, such as

Hmgaz, have known roles in pluripotency (Pfannkuche et al., 2009).

Recent studies have shown that pluripotent ES cells can present a variety of
inter-convertible states responsive to fluctuations in the pluripotency transcription
factor network (Canham et al., 2010, Graf and Stadtfeld, 2008). Particularly, Nanog
(Chambers et al., 2007), among other factors such as Rex1 (Toyooka et al., 2008) and
Stella (Hayashi et al., 2008), is known to have fluctuating expression levels within the
ES cell population thus contributing to ES cell heterogeneity. Nanog-target genes

were found particularly enriched at PRCa class. However, silent PRC-repressed genes
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are also known targets of Nanog (and Oct4 and Sox2) in which Nanog is thought to
act as a a repressor (Boyer et al., 2005, Loh et al., 2006). It was recently suggested that
TFs, such as Nanog, can function as weak activators when bound together with few
other factors, but the concerted binding of multiple TFs results in gene activation
(Ouyang et al., 2009, Kim et al., 2008). If we apply the same principle to the
PRC-repression in ES cells, one could speculate that a “PRCa” gene may switch from
a PRC-repressed state to an active state in response to the combinatorial binding of

several TFs (Figure 7.2).
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Figure 7.2: Model of the switch between PRC-repressed and the Active states in ES cells. The
switch between the PRC-repressed (PRCr) and the active state is dependent on
the cooperative binding of multiple TFs. Active genes are associated with S5P
(blue) during initiation and S2P (pink) during elongation. PRCr genes recruit
RNAPII-S5P (blue) which extends into coding regions without S2P. A TF (yellow)
may bind to Polycomb repressed targets and function as a weak activator, or
even act to repress its targets (as suggested by Wang et al., 2006); or it may act
cooperatively with other TFs (green) to trigger gene activation.

7.3 FUTURE RESEARCH DIRECTIONS

In this study, we focused on how different combinations of CTD and histone
modifications are related to PRC repression. Apart from the modifications studied in
this thesis, many other different combinations of phosphorylations or other
modifications can take place and could be potentially crucial to modulate gene

expression states, for instance through the recruitment of chromatin modifiers or
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other regulators of transcription. Additionally, other processes may be relevant in this
context, such as alternative promoter usage and antisense transcription. A
genome-wide scale study of nascent RNA transcripts is currently ongoing in the
laboratory, both by CAGE analyses and by isolation of nascent RNA associated with
chromatin-bound RNAPIL The analysis of nascent RNA transcripts together with
integration with DNA sequence data and RNAPII ChIP-Seq data will be important in
the characterisation of transcripts from PRC-repressed genes (if they are capped,
spliced, polyadenylated, truncated or completely mature), the transcriptional
machinery involved in their production, and in elucidating sequence features (such

as alternative initiation sites or longer introns) implicated in this phenomena.

Our deep representation of the CTD code and transcriptome are valuable resources
for the study of gene expression control in ES cells. To this point, limited data is
available to analyse RNAPII and epigenetic signatures in other cell types. Mapping
the genome-wide distribution of RNAPII phosphoforms in neuronal-committed cells
is currently under way. Considering the major influence of Polycomb proteins in gene
expression, it is not surprising that disruption of Polycomb function results in
disease. Particularly, it has been shown that many Polycomb group proteins are
involved in cancer (Richly et al., 2010). Ultimately, a comparison of RNAPII and
Polycomb function between pluripotent, differentiated and disease states would not
only contribute to our understanding of gene regulation at different stages of the cell,
but it would be also of fundamental importance in order to understand and
manipulate gene expression control. In addition, genomic maps of total RNAPII
binding (for instance, using an antibody that targets RPB1 independently of CTD
phosphorylation) would bring valuable insights about the RNAPII abundance and,
by comparison with phosphorylation profiles, the levels of CTD phosphorylation at

each genomic site.

The extent to which measurements in cell populations might mask the activity of
different subnetworks in subpopulations of cells has recently been addressed in ES
cells (Trott et al., 2012). Moreover, it was suggested that heterogeneity among protein
complexes could enable a diversification of potential functions of the cellular

machinery (Gavin et al., 2006). Although the idea of heterogeneous subpopulations of
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interconverting ES cells fits with our observations at PRCa genes, it would also be
interesting to investigate whether the composition of PRC complexes differs to enable
multiple functionality. For example, a recent genome-wide study in mouse myoblasts
provided evidence for the association of Ezh1 with RNAPII and active transcription
(Mousavi et al., 2011). We are currently planning experiments to map Ezh1
genome-wide in ES OS25 cells in order to explore its co-association with RNAPII and

Polycomb complexes at PRC-regulated genes.

Other interesting clues on the complexity of epigenetic regulatory networks and how
its regulation contributes to cell phenotype diversity are quickly emerging. A
particular example comes from the discovery of TET1, an enzyme found to catalyze
the oxidation of 5-methylcytosine (5mC) into 5-hydroxymethylcytosine (5hmC) in
mammals (Tahiliani et al., 2009). In ES cells, 5hmC can either be associated with
active promoters and gene expression, as well as with silenced PRC target genes (Wu
et al.,, 2011). It would be interesting to explore if differential TET1 or 5ShmC levels are
present at different classes of PRC targets (from PRCr to PRCa genes) and thus could
reflect differential methylation dynamics at these genes. In addition, we are currently
performing a proteome study coupled with chromatin IP (a technique named
proteome ChIP or “pChIP”) in order to identify the different proteins interacting with
RNAPII and components of the Polycomb complex; these experiments may uncover
new RNAPII and Polycomb-associated proteins and thus provide insights into how

their combinatorial binding may lead to diverse functional regulatory responses.
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