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ABSTRACT

Spatiotemporal regulation of gene expression in multicellular organisms is mediated by cell-
type specific regulatory elements called transcriptional enhancers. Their activity is regulated
by the coordinated binding of transcription factors (TFs) to specific DNA sequences encoded
within these elements. In this PhD thesis, we investigate transcriptional enhancers in the
context of pluripotency and early neural development.

In Chapter 2, we investigate how enhancer activity is encoded in the DNA sequence under-
lying TF binding sites. To this end, enhancer activities of NANOG binding sites in naive
mouse embryonic stem cells (mESCs) were measured using ChIP STARR-seq. This revealed
two distinct classes of NANOG binding sites, active enhancers and inactive binding sites.
Predictive modelling of these classes uncovered sequence features which account for these
differences such as the ESRRB motif.

In Chapter 3, we examined differential enhancer activities of NANOG binding sites between
naive and primed mESC using ChIP STARR-seq. Comprehensive analysis of various
chromatin genomic features revealed chromatin accessibility changes as a major predictor
of differential enhancer activity. Predictive modelling using only DNA sequence features
uncovered potential transcriptional regulators that define enhancer activity in the two cellular
states, such as TCF3, TCF4 and ESRRB for naive mESC and ZIC3 for primed cells.

In Chapter 4, we studied the timing of neural induction during early nervous system devel-
opment along the anterior-posterior axis using information about enhancer accessibilities.
Changes in open-chromatin states during neural development were measured by applying
ATAC-seq to an in vitro model system. Analysis of resulting data revealed that for posterior
spinal cord induction, cells initially commit to a posterior regional identity before acquiring
neural identity. Moreover, our analysis highlighted the role of CDX2 during this process
which represses hindbrain and activates spinal cord related transcriptional programs. To-
gether, this Chapter provides conclusively evidence for the dual origin of neural progenitor

cells.
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Introduction

1.1 | Mechanisms of transcriptional regulation

DNA encodes the information needed to generate all necessary cell types for an entire
multicellular organism. The functional units of this information are encoded in the form
of genes. In 1957, Francis Crick postulated the "Central Dogma of Molecular Biology"
summarising the information flow in which DNA is transcribed into RNA and then later
translated in proteins [1]. Resulting proteins then full fill their functions in metabolism,
signalling and other cellular processes. However, although every cell in a multicellular
organism contains the same genetic information, they exhibit diverse functions: a key process
is how the encoded information is used at the right times and places. In 1961, Jacob and
Monod published their first model of transcriptional regulation in describing the lac operon in
Escherichia coli [2]. This started investigations into the field of transcriptional regulation and
since then our understanding of how gene expression is regulated has continued to improve
for prokaryotes as well as eukaryotes. In the first section of Chapter 1, I will present the

major principles for gene transcription and the various layers of transcriptional regulation.

1.1.1 | Transcription of genes to messenger RNA (mRNA)

Transcription initiation in eukaryotes

Genes are translated into messenger RNA (mRNA) in a process widely known as transcription.
In a simplified eukaryotic mechanism, sequence specific transcription factors bind to promoter
regions followed by chromatin remodeler recruitment and nucleosome displacement to create
accessible chromatin. General transcription factors (GTF) and RNA polymerase II (POLII)

then assemble at the transcription start site (TSS) of a gene to form the pre-initiation complex
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(PIC) [3]. The two DNA strands are separated by disrupting the complementary base pairs to
create a transcription "bubble". POLII starts to synthesise an RNA transcript of the gene until
the newly synthesised molecule reaches a length of 20bp to 60bp [4, 5]. These processes

together are summarised as transcription initiation.

POLII pausing and release

After transcription initiation and synthesis of a short transcript, pausing factors including
DRB sensitivity inducing factor (DSIF) and negative elongation factor (NELF) bind to POLII
and the carboxy-terminal heptapeptide repeat domain (CTD) is phosphorylated [6]. All genes
independent of expression levels and even poised genes such as heat shock factors exhibit
POLII promoter proximal pausing [7]. POLII pausing has been associated with diverse
functions including: 1) formation of chromatin primed for transcription, 2) rapid induction
of gene transcription, 3) as checkpoint in transcript elongation and 4) response to signalling
pathways [8].

POLII can be released by direct or indirect transcription factor (TF)-mediated recruitment of
a positive transcription elongation factor (P-TEFb) kinase, which in turn phosphorylates the
pausing factors as well as the POLII CTD [9]. The phosphorylated NELF dissociates and the
phosphorylated DSIF becomes an elongation promoting factor [10]. These events lead to

POLII pause release.

Transcription elongation and termination

The phosphorylated POLII and DSIF complex continues productive elongation along the
template strand to transcribe the gene into RNA. Productive RNA synthesis continues
until a terminator region is reached and termination is induced by co-transcriptional RNA
processing [11]. The 3’-end cleavage and polyadenylation (CPA) complex is recruited by the
polyadenylation signal of the nascent transcript, leading to necessary mRNA modifications

and ultimately to mRNA release and transcriptional termination [12].

1.1.2 | Regulatory elements encode information to
regulate gene expression

Spatiotemporal regulation of gene expression is necessary given that cells contain the same
genetic information but exhibit widely different morphologies and functions. Gene transcrip-
tion is regulated by the interplay of the two major classes of regulatory elements: promoters

and transcriptional enhancers.
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Promoter elements

Promoter elements are regions proximal to the transcriptional start site (TSS) of coding and
non-coding genes regulating the recruitment and assembly of the transcriptional machinery
[3, 13]. These elements can be subdivided into two regions, the so-called core-promoter
and the proximal promoter [14]. The core-promoter is defined as region =50bp around
the TSS containing the necessary information for POLII recruitment and transcriptional
initiation. The core-promoter sequence alone results in very low basal gene expression levels
[3]. In contrast, the proximal promoter is enriched for TF motifs and therefore contributes to

transcriptional activation, in a similar way to enhancer elements [14].

Transcription at promoter elements Transcription initiation takes place at core-promoter
by assembling of the transcriptional machinery, as described above (see section Transcription
initiation in eukaryotes). Usually the recruited transcriptional machinery starts transcription
in opposing directions resulting in a stable mRNA transcribed from the sense strand and an
unstable none-coding RNA (ncRNA) from the antisense strand, leading to an imbalanced
bidirectional expression signal [15, 16]. However, some previous literature has described
promoter elements displaying productive bidirectional expression resulting in stable RNAs
from both strands [17].

Core-promoter sequence motifs Base-pair resolution mapping of transcriptional initiation
events using techniques such as Cap Analysis of Gene Expression (CAGE-seq) revealed
enriched core-promoter sequence motifs and other chromatin features [18, 19, 13]. These
motifs were associated with binding of GTFs and therefore considered to facilitate PIC
assembly. Moreover, these motifs exhibit always a certain spacing relative to the TSS
(reviewed in [13, 20]). The best known core-promoter motifs relevant in mammalian genomes

include:

* TATA box: -31bp to -24bp relative to the TSS; bound by the TATA-box-binding protein
(TBP) [21, 22, 19].

* Initiator (Inr): -3bp to +3bp around the TSS [19, 23].

* TFIIB recognition elements upstream (BREu): -38bp to -32bp relative to the TSS;
bound by TFIIB [24].

* TFIIB recognition elements downstream (BREd): -23bp to -17bp relative to the TSS;
bound by TFIIB [25].
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* Downstream core element 1 (DCEI1): +6bp to +11bp relative to the TSS; bound by
TAFI1 [26].

* Downstream core element 2 (DCE2): +16bp to +21bp relative to the TSS; bound by
TAFI1 [26].

* Downstream core element 3 (DCE2): +30bp to +34bp relative to the TSS; bound by
TAF1 [26].

An example of how core-promoter motifs might impact transcription initiation is by specific
recruitment of the GTF TBP to a fixed position at the promoter resulting in sharp initiation
events at the TSS [27]. There are other known core-promoter motifs with less stringent
spacing and as yet unclear functions (reviewed in [20]). In addition to core-promoter motifs,
the local dinucleotide content of core-promoters might have an impact on transcriptional
initiation as well. A lot of core-promoters overlap with regions of high CpG density called
CpG islands [28]. Moreover, some promoters display a periodic pattern of A/T dinucleotides

downstream of their TSS, potentially impacting nucleosome positioning at these regions [29].

Biologically relevant promoter classes Broadly mammalian core-promoters can be dis-
tinguished into three distinct classes displaying distinct sequence and chromatin features
resulting in different types of initiation events (proposed by [13]). These core-promoter

classes include:

* Housekeeping gene promoters: CpG island core-promoter; phased nucleosomes; active
transcription marked by H3K4me3 and H3K27ac; broad transcriptional initiation
pattern [30, 31].

* Developmental gene promoter: CpG island core-promoter and downstream of TSS;
phased nucleosomes; active transcription marked by H3K4me3 and H3K27ac; can be

Polycomb repressed (H3K27me3); broad transcriptional initiation pattern [29].

* Tissue specific gene promoter: TATA-box and initiator motifs; unphased nucleosomes;
active transcription marked by H3K4me3 and H3K27ac marks activity; sharp tran-

scriptional initiation pattern [30, 31].

Transcriptional enhancers

Enhancers were initially discovered in 1981, when Banerji et al described the intrinsic

sequence property of the SV40 viral enhancers to enhance transcription in an episomal
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reporter assay [32]. Enhancers are relatively short self-transcribing sequences (100bp-1kb),

which can regulate expression of their target genes independently of location, distance
and direction [33]. The binding of TFs to their sequence motifs within enhancers and the
subsequent recruitment of co-activators/repressors tightly regulate the activity and function

of enhancers (reviewed in [34]).

Enhancer transcription Genome-wide measurements of transcriptional initiation events
revealed that active enhancers display bidirectional expression of short enhancer RNAs
(eRNAs) [35, 36]. Enhancer transcription takes place at nucleosome free regions (NFR)
and resulting eRNAs are short unstable RNAs which are rapidly degraded by the exosome.
Interestingly, recent publications showed that eRNA expression is correlated with target gene
expression [37]. However, it is unclear whether the majority of eRNAs have any biological
function and if how these functions might be mediated (reviewed in [38]). Recent studies
reported mechanisms how eRNAs could impact transcriptional regulation including: TF
trapping, maintenance of chromatin accessibility or being involved in phase separation [39,
40, 41].

Models of enhancer architecture and grammar Attempts have been made to decipher
and describe the functional organisation of TF binding sides within enhancer elements me-
diating enhancer activity. This "enhancer grammar" includes factors such as the number,
spacing, orientation, order and affinity of TF binding sites. Different models of enhancer
architecture have been suggested to describe the mechanism of TF action, including the
enhanceosome, billboard and TF collective models (reviewed in [42]). The most stringent is
the enhanceosome model, which assumes a tightly constrained binding site grammar and
enhancer activity only if all necessary TFs are bound in the correct proportions, locations and
orientation [43]. On the other hand, the billboard model proposes a flexible enhancer syntax
in which TF binding mediates enhancer activity in an additive manner regardless of location
[44]. Both of these models only consider sequence specific TF binding. This assumption is
dropped in the TF collective model, an extension of the billboard model, in which TFs can
also be recruited via protein-protein interactions (PPI) to modulate activity [45]. A recently
published review summarised these models and existing evidence by suggesting a "mixed
modes" model within each enhancer, where the previously described aspects of the different

models could appear [42].
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Enhancer core-promoter specificity A recently described property of enhancers and core-

promoters is that not all transcriptional enhancers can facilitate gene expression enhancement
from all types of core-promoters [46]. Measuring enhancer activity in an episomal reporter
assay using different core-promoters from housekeeping and developmental genes revealed
differential responsiveness of transcriptional enhancers [47]. Moreover, screening short
fragments for their ability to initiate transcription in a similar setup but fixing the enhancer
to either a housekeeping or developmental one confirmed these observations [48]. This
suggested that enhancer core-promoter specificity seems to be encoded in the DNA sequence
of these elements. This specificity is mediated by differential TF binding and subsequent
recruitment of co-factors necessary for transcriptional activation. A recent publication
showed that core-promoters for housekeeping and developmental genes rely on different

co-factors for their activation [49].

Mechanisms of transcriptional enhancement Gene expression happens in waves of tran-
scriptional bursts, meaning that RNA is produced in stochastic cycles of activity and inactivity
[50]. Increasing transcriptional output from these bursts can be achieved by increasing the
amplitude or the frequency of bursts. Previous studies in yeast showed that the information
for the burst amplitude is encoded in the DNA sequence of the core promoter [51]. These
findings were extended to mammalian promoter sequences by two recently published studies:
the first one using single-molecule RNA microscopy to investigate HIV-1 RNA transcription
in human cells and the second one confirming these observations transcriptome-wide using
allele-specific scRNA-seq from human and mouse cells [52, 53]. In contrast, multiple recent
studies showed that transcriptional enhancers encode the information to increase the bursting
frequency. Amongst these studies, live imaging of Drosophila embryos, single-molecule
RNA FISH combined with forced enhancer looping in the 3-globin loci during mouse ery-
throid maturation and allele specific sScRNA-seq from mammalian cells confirmed this mode
of action [54, 55, 53].

Enhancer subtype: Super-enhancer/stretch enhancers Super-enhancers or stretched
enhancers are defined as enhancer clusters making up large domains, usually spanning several
kilobasepairs [56, 57]. Genome-wide super-enhancer calling is performed by aggregating
either peaks from TF, Med1 or H3K27ac ChIP-seq within a predefined distance (typically
12.5kb) into domains. These larger domains are ranked based on their aggregated ChIP-seq
signal, resulting in an elbow plot. Super-enhancers are then selected as those domains whose

ChIP-seq signal is more extreme than the inflection point. In subsequent studies, broad



1.1 Mechanisms of transcriptional regulation

enrichment of H3K27ac was generally accepted as the major hallmark for their definition.
Previous studies showed that super-enhancers are associated with genes which are crucial for
cell identity or disease related, especially TFs. This concept was extended to core-regulatory
circuits (CRC), in which master-regulators of cell-identity regulate each other via super-
enhancers [58]. However, the concept of super-enhancers remains controversial in the field
[59]. Recent studies could show that deleting sub-parts of these super-enhancers will have

similar effects on target gene expression as deleting "normal" enhancer elements [60, 61].

1.1.3 | Transcription factors and co-factors

Regulatory regions such as promoters and enhancers are enriched for short recognition
sequences (motifs) which are bound by TFs [62]. As mentioned above, DNA-binding
TFs play an essential role in regulating gene expression by helping to integrate upstream
information from signalling pathways during development, tissue homoeostasis and normal
cell function. A recent review reported that more than 1,600 TFs are encoded in the human
genome, thus providing the combinatorial possibilities for a high degree of complexity in
gene expression regulation [63]. A common feature of all TFs is that these proteins contain
at least one DNA binding domain (DBD) enabling them to recognise their DNA sequence
binding motif [64]. There are roughly ~100 known DBDs in eukaryotes which can be used
to classify TFs into families: among the largest TF families are C2H2 zinc fingers (number of
genes in human, n=747), homeodomains (n=196) and basic helix-loop-helix (bHLH; n=108)
[63].

Most TFs also contain additionally at least one so called effector domain responsible for
their actual impact on gene regulation. These effector domains contribute in various ways to
TF function including: 1) regulating TF activity (e.g. via ligand binding), 2) has enzymatic
activity (e.g. KRAB or BTB domain) or 3) establishing PPIs (e.g. recruitment of co-factors)
[65, 66, 67]. The effector domain is not necessarily a separate entity from the DBD, for
instance in the case of the bHLH family.

Some TFs like GTFs are to directly recruit POLII and associated factors to assemble the
PIC and initiate transcription [68]. However, most TFs recruit co-factors with activating or
repressing functions [34]. These co-factors are often epigenetic writer enzymes (e.g. P300),
chromatin remodeling complexes (e.g. SWI/SNF complex), enzymes that modify TFs or
POLII (e.g. CDKD), or proteins mediating TF-POLII interactions (such as mediator proteins)
[69, 70, 34]. Some of the recruited cofactors might work cooperatively to activate or increase
transcription e.g. CDKs and P300 can both modify the PIC by either phosphorylation or

acetylation [8]. However, whether TFs and co-factors have an activating or repressing effect
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on transcription depends on the enhancer sequence context these factors bind [71]. Moreover,

it was shown that co-factors have an intrinsic core-promoter compatibility and activity of
these factors strongly depend on the core-promoter sequence context [49]. It is still unclear
how many TF co-factors actually exist but Lambert ef al mention that at least 443 chromatin
modifying proteins were previously catalogued [63]. Further, it still remains unknown how
exactly co-factors and their modification contribute to activation and repression of gene
expression.

Another effect some TFs can mediate is nucleosome displacement leading to accessible
chromatin for transcriptional activity at promoters and distal regulatory regions [72]. These
so called pioneer factors include examples such as FOXAT1 and the stem cell reprogramming
factors OCT4, SOX2, KLF4 and MYC [73, 74]. A common feature of pioneer factors is their
ability to bind to their sequence motif in nucleosome wrapped DNA. Pioneer factors bound
to nucleosomes can mediate their displacement by actively excluding linker histones (e.g.

FOXAT1) or recruitment of co-factors such as chromatin remodelers (e.g. OCT4) [75, 76].

1.1.4 | Chromatin structure and Histone PTMs

DNA in the nucleus of a cell is packaged into protein-DNA complexes called nucleosomes.
Roughly 147bp of DNA are wrapped in one nucleosome and neighbouring nucleosomes
are interspersed with linker sequences, which results in genome-wide nucleosomes spacing
of 200bp+40bp [77, 78, 79]. This makes DNA more compact but also enables various
possibilities for gene regulation. For example, nucleosomes physically block engagement of
the transcription machinery and therefore inhibit gene expression. Each of these nucleosomes
is made up of eight histone subunits including always two proteins of H2A, H2B, H3 and
H4 histones [80]. These histone subunits have side changes also called tails which can be
modified by epigenetic writer enzymes (TF co-factors) [81]. Among the known histone
post-translational modifications (PTMs) are ADP ribosylation, acetylation, butyrylation,
deamination, methylation, phosphorylation, propionylation, ubiquitinylation and sumoyla-
tion (reviewed in [79]). These modifications can directly impact chromatin structure and each
modification can potentially regulate either DNA-nucleosome or nucleosome-nucleosome
interactions. This in turn results in either more compact and inaccessible chromatin (hete-
rochromatin) or in looser and more accessible chromatin (euchromatin) [82]. Beyond their
role in regulating DNA accessibility or nucleosome properties, various histone PTMs have
been associated with particular genomic regions (e.g. promoters or enhancers) and their

function. A few of the best known histone PTMs are shown in Table 1.1. These histone
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PTMs can be used as proxies to define regulatory regions such as enhancers and will be

further discussed in the technical sections of this chapter.

Table 1.1: List of relevant histone PTMs and their associated functions.

Histone PTM Genome annotation Function Epigenetic Ref
writer
H3K4mel Enhancer Active euchromatin  SET1A/B, [83]
MLL1-4
H3K4me3 Promoter Active euchromatin  SET1A/B, [84]
MLL1-2
H3K9ac Enhancer Transcriptional acti- ELP3, [85]
vation KAT2A
H3K9me3 Broader domains (Pro- Heterochromatin SUV39H1/2 [86]
moter, Enhancer, Genes) (KMT1A/B)
H3K27ac Promoter, Enhancer Transcriptional acti- P300 [83]
vation
H3K27me3 Broader domains (Pro- Polycomb repression EZH?2 [87]
moter, Enhancer, Genes)
H3K36me3 Gene body Transcriptional elon- SETD2 [87]
gation
1.1.5 | Role of DNA modifications in transcriptional regulation

Another layer of transcriptional control is encoded by covalent modifications of DNA nu-
cleotides; for example, 5 methylation of cytosine (5-mC). To this day, 5-mC remains the
best studied DNA modification, especially in the context of a cytosine followed by a guanine
(CpG) [88, 89]. Most CpG dinucleotides are methylated in mammalian genomes and are lo-
cally hypomethylated at active regulatory elements. Although CpG density varies throughout
genomes but they are particularly enriched in so called CpG islands, which tend to overlap
promoter regions of housekeeping and developmental genes [90, 13]. These CpG islands are
usually hypomethylated if the gene is actively transcribed. CpG density at distal regulatory
regions is low but where they exist, they are also hypomethylated when regulatory active
[91]. However, not all cells show genome-wide methylation; for example primordial germ
cells, naive embryonic stem cells and cells in the pre-implantation embryo are exemplified
by genome-wide hypomethylation.

CpG methylation is established by epigenetic writer enzymes of the DNA methyltrans-
ferase (DNMT) family. This family include three different DNMTs with different functions:
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DNMT1 (5-mC maintenance), DNMT3A (de novo 5-mC) and DNMT3B (de novo 5-mC).
5-mC is actively erased by ten eleven translocation (TET) enzymes which oxidise 5-mC in

sequential steps, initially to 5’-hydroxymethylcytosine, then to 5’-formylcytosine and finally
to 5’carboxylcytosine [92]. These three intermediate DNA modifications might have distinct
functions in transcriptional regulation.

Many roles have been suggested for CpG methylation in transcriptional regulation including
the silencing of promoters and repeats, regulation of TF binding or binding of CTCF to
insulators, recruitment of other epigenetic enzymes as well as Methyl-CpG-binding domain
(MBD) proteins [93, 94, 95].

Besides of 5-mC and its associated oxidised intermediates, there are other DNA modifications
such as N®-carbamoylmethyladenine with still unknown roles in transcriptional regulation
(reviewed in [96, 97]).

1.1.6 | 3D genome architecture and promoter-enhancer interactions

Chromatin exhibits a complex 3D organisation in the nucleus which has been associated
with important functions in gene regulation; e.g. establishing chromatin interactions between
enhancers and their target promoters. It was shown that the 3D chromatin architecture is cell
type specific, thus providing additional evidence for its important role in gene regulation
[98].

The 3D genome architecture consists of a hierarchy of organisation, including from largest
to smallest: compartments, topological associated domains (TADs), sub-TADs, insulated
neighbourhoods/chromatin-loops and enhancer-promoter interactions (reviewed in [99]).
These structures are established by sequence specific DNA binding proteins such as CTCF or
YY1 and structural proteins such as Cohesin [100, 101]. Compartments are distinguished into
A and B where the A compartment is broadly transcriptional active and the B compartment
largely transcriptional inactive [102]. TADs are substructures within compartments which
are formed between two insulator elements bound by CTCF [103]. Smaller subTADs and
insulated neighbourhoods are located within TADs and most promoter-enhancer interactions
take place at this scale [104]. TAD boundaries appear to restrict the search space of enhancer
elements for interactions and thereby facilitate frequent promoter-enhancer interactions.
However, the gene promoter in proximity of an enhancer might not necessarily be the
correct target gene and more complex modes of interactions are possible within a TAD [105].
Structures within TADs which further restrict potential promoter-enhancer interactions are
called insulated neighbourhoods [104, 106]. These neighbourhoods are formed by two CTCF

bound sites together with Cohesin isolating a stretch of DNA in a chromatin loop. Insulated
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neighbourhoods show enrichment of super enhancers and important developmental regulators
as well as tissue specific genes.

Enhancer mediated regulation of gene transcription is most likely mediated via physical
contact of enhancer with their target promoter. Recent studies showed that enhancer-promoter
interactions induce gene expression and therefore not a consequence of gene expression
itself [107, 108]. One possibility how these promoter-enhancer interactions are formed is by
binding or recruitment of YY1 at promoters and enhancers followed by Cohesin mediated
loop formation [101]. However, there are examples of enhancers regulating expression from

their target promoter without physically interacting such as the Shh gene [109].
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1.2 | Sequencing methods in regulatory genomics and

their computational analysis

The advent of high-throughput sequencing enabled the development of various methods to
measure the different layers of transcriptional regulation such as chromatin accessibility and
TF binding on a genome-wide scale. In this section, I introduce and discuss the relevant
functional genomic profiling methods and their associated computational analyses but in

different depth and length depending on their significance for this thesis.

1.2.1 | Profiling of TF binding and Histone modifications

A central question in regulatory genomics is to identify genomic regions bound by a protein
of interest, such as TFs, epigenetic writers or histones carrying a specific post-translational
modification (PTM) [110]. This class of methods usually relies either on antibodies that are
specific to the protein of interest or alternatively tagging the protein with an epitope (e.g.
FLAG-tag) [110].

Chromatin immunoprecipitation sequencing

The most widely used method based on this principle is Chromatin Immunoprecipitation com-
bined with sequencing (ChIP-seq) [111, 110]. Initially, proteins and DNA are cross-linked
using formaldehyde to fix proteins at their endogenous target loci, followed by fragmentation
using sonication. The resulting short, protein-bound DNA fragments (200-600bp in length)
are incubated with an antibody specific to the target of interest. Protein-bound fragments are
pulled-down using immunoprecipitation (IP) followed by reversal of the cross-link. Purified
DNA fragments are then used to prepare a sequencing library, usually including a size
selection step for fragments (<300bp), which is then sequenced.

Various different methods have been developed to overcome ChIP-seq artefacts and limita-
tions. One artefact is introduced by the formaldehyde treatment since it might also cross-link
proteins in the vicinity but not directly binding DNA, leading to false-positive binding sites
[112]. To overcome this problem, variations of the standard protocol have been developed
using alternative cross-linking reagents or no cross-linking at all [113, 114].

Another problem is the requirement of large amounts of input DNA, making it hard to apply
to primary or rare cell populations. Various methods have been developed based on different
ideas such as sample pooling and indexing (iChIP) or combining with Tn5 transposase-based
library preparation (ChIPmentation) [115, 116].
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Another problem is the relatively low resolution, meaning that binding site peaks are gener-

ally hundreds of base-pairs long, making it difficult to identify the exact location of binding.
To overcome this issue, ChIP-seq was combined with exonuclease digestion of unbound
DNA to achieve motif level resolution, resulting in various new methods such as ChIP-exo or
ChIP-nexus [117, 118].

Cleavage under targets and release using nuclease (CUT &RUN)

To overcome many of the above discussed limitations, a recent publication described a method
called "Cleavage under targets and release using nuclease" (CUT&RUN)[119]. Briefly, nuclei
are extracted, immobilised on magnetic beads and then incubated with antibody and protein
A-MNase (pA-MN). Both proteins diffuse into the nuclei, antibodies bind the target of
interest, pA-MN binds to the antibody and upon Ca™ ™ treatment digests the bound DNA to
either side of the target protein. The resulting short DNA fragments bound by the targeted
protein diffuse out of the nuclei. The DNA-protein fragments are isolated into the supernatant
by centrifugation, from where it can be purified and used for sequencing library preparation.
The method overcomes many of the problems encountered with the standard ChIP-seq
protocol including formaldehyde cross-linking artefacts and limitations related to the amount
of input material. In fact, CUT&RUN was recently used to profile TF binding in single cells
[120].

Computational analysis of ChIP-seq and CUT&RUN

An analysis step that most high-throughput sequencing experiments have in common is
the mapping of short sequencing reads to a reference genome. Many tools have been
developed based on different algorithms such as the burrows-wheeler transformation or
hashing (reviewed in [121]). For ChIP-seq the most popular alignment tool remains Bowtie2
[122].

ChIP-seq experiments can yield two signal types depending on the targeted proteins: 1)
sharp peaks representing TF binding and narrow histone modifications such as H3K4mel,
H3K4me3, H3K27ac or 2) broad signals from ChIP against histone PTMs like H3K27me3
or H3K9me3. These different signal types need to be considered in the analysis of ChIP-seq
data.

The mapped ChIP-seq reads can be used to generate genome-wide normalised signal tracks.
For ChIP-seq, the choice for a normalisation method depends on the experimental setup. If

there is no control or input sample available, the ChIP-seq signal is library size normalised to
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counts per million (CPM) which is defined as CPM; = 10°. % where n is the number of reads
at position or within peak i and N is the library size. The literature also refers to the CPM also
as reads per million (RPM) or in case of paired-end reads fragments per million (FPM). If a
control or input experiment is available, there are multiple ways to normalise. For ChIP-seq
experiments with broad enrichment signals the favoured approach is to normalise input and
ChIP-seq samples to CPMs and then to compute the log2 fold-enrichment of the ChIP signal
over the input. For ChIP-seq experiments with sharp peaks, the suggested method is called
signal extraction scaling (SES) which initially normalises the input and ChIP-seq samples
using a scaling factor derived from a cumulative coverage distribution and then computing
the enrichment of ChIP signal over input [123]. The resulting signal tracks can be used for
visualisation purposes as implemented in DeepTools [124].

Another important step during ChIP-seq analysis is the genome-wide search for "peaks" of
read enriched regions representing TF binding or histone occurrence. Initially all peak callers
define putative peak regions either as genome-wide bins or by identifying candidate peak
regions by modelling the shift size. In the next step, candidate peaks are tested for statistical
significance using either a Poisson test (e.g. MACS?2) or Binomial test (e.g. MUSIC) [125,
126]. Peak calling is an essential analysis step and much literature has been published
about potential obstacles and ideal peak calling strategies, for in depth discussion see [126].
Significant enriched peaks can be used for various different downstream analysis steps for
example de novo motif discovery (e.g. HOMER) or gene ontology enrichment (e.g. GREAT)
[127, 128].

1.2.2 | Chromatin accessibility profiling

Chromatin accessibility can be used as a proxy to define the precise genomic location of
regulatory elements in the genome. Thus, many methods have been developed based on
different experimental procedures to profile chromatin accessibility such as digestion using
DNase I called DNase-seq, formaldehyde assisted isolation of regulator regions (FAIRE-
seq) and assay for Transposase-Accessible Chromatin with high-throughput sequencing
(ATAC-seq) [129, 130, 131].

1.2.3 | Assay for Transposase-Accessible Chromatin
with high-throughput sequencing (ATAC-seq)

ATAC-seq has rapidly become the most widely used approach in this category and data from
ATAC-seq experiments in different systems is analysed throughout this thesis [131, 132].
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Briefly, cells or isolated nuclei are incubated with hyperactive Tn5 transposases loaded with

sequencing primers. The transposase can insert these primers into accessible open-chromatin
regions but not densely packed heterochromatin. The resulting cleaved fragments are used to
prepare a sequencing library, which represent open-chromatin regions. The method enables
time-efficient and sensitive profiling of chromatin accessibility using low input material (500

cells) and even single cells [133].

Computational analysis of ATAC-seq

The first ATAC-seq analysis steps are similar to ChIP-seq pipelines, including read mapping,
normalisation (usually as CPM) and peak calling. Open-chromatin peaks can be used for
downstream analyses such as motif and GO enrichment analysis. There are also ATAC-seq
specific analyses including TF footprinting and nucleosome calling. First, TF footprinting
is based on the idea that TF binding will protect the DNA from TnS5 transposase insertion;
therefore, the data allows systematic search for motifs or sites which show significant
depletion of TnS insertions. There are two ways to proceed: scanning for motifs within
peaks and then testing for statistically significant depletion in insertions or searching for
depleted regions first and then annotating the enriched motifs. Both have been implemented in
combination with various statistical models and corrections for potential sequence preferences
of the transposase [134, 135].

Nucleosome calling aims to determine precise nucleosome dyads positions and nucleosome
free regions. This analysis is only possible with paired-end reads since it requires the
information about fragment lengths. The most popular tool for this is called NucleoATAC and
based on cross-correlating so called V-plots [136]. V-plots are heatmaps that plot the fragment
center position against fragment lengths resulting in a V shaped pattern for nucleosomes.
This principle in combination with cross-correlation and background subtraction can be used
to determine nucleosome occupancies [136].

A detailed description of possible analysis steps and associated tools are reviewed in [132].

1.2.4 | Methods for DNA methylation profiling

Another important layer of transcriptional regulation is encoded by the covalent modifi-
cation of nucleotide bases (reviewed in [88, 89]). The best studied is the methylation of
CpG dinucleotides (5-methylcytosine, 5-mC) since many methods have been developed to
determine the precise location of this modification. Methods for DNA methylation profiling

can be divided into three major classes: 1) 5-mC specific antibodies (e.g. methylated DNA
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immunoprecipitation, MeDIP), 2) enzymatic profiling (e.g. Nucleosome Occupancy and

Methylome sequencing, NOMe-seq) and 3) bisulfite conversion (e,g, whole-genome bisulfite
sequencing, WGBS) [137, 138, 91]. I used data from WGBS in this thesis.

Whole-genome bisulfite sequencing (WGBS)

Bisulfite treatment of DNA leads to the deamination of unmethylated cytosines into uracil
[91]. Methylated cytosines are however unaffected by this treatment. These bisulfite conver-
sions can then be measured using microarrays or more recently sequencing methods. The
proportion of unconverted cytosines at a particular genomic position represents its methyla-
tion level. Thus, WGBS enables quantitative genome-wide profiling of DNA methylation

levels at single-molecule resolution.

Computational analysis of WGBS data

In contrast to the above analysis methods, WGBS reads need to be mapped to a reference
genome, considering mutations introduced by bisulfite treatment. A popular mapping
tool is Bismark, which is based on Bowtie [139]. Mismatches caused by the bisulfite
treatment can be quantified after the mapping and are interpreted as unmethylated cytosines.
This information can then be used to compute methylation levels as the ratio of 5-mC
over total read coverage at a given genomic position. The resulting base-pair resolution
methylation maps can be used to define active regulatory regions. This can be achieved
using MethylSeekR which implements a Hidden Markov model to segment the genome
into methylated and partially methylated regions (PMRs). These PMRs can be further
distinguished into unmethylated (UMRs) and lowly methylated regions (LMRs) [140].

1.2.5 | Detection of Chromatin-Chromatin interactions

The genome forms complex spatial structures such as loops inside the nucleus. These
structures can enable transcriptional regulation by bringing an enhancer into physical contact
with its target promoter (reviewed in [141]). Interactions can be investigated using techniques
based on the idea of chromosome conformation capture (3C) [142]. Briefly, the principles
underlying 3C are: 1) formaldehyde cross-linking of DNA-DNA interactions, 2) digestion
of the DNA using restriction enzymes (e.g. HindIII or Mbol), 3) ligation of the ends of
the digested fragments in close proximity using T4 ligase, 4) reversal of cross-linking and

5) library preparation from the proximity ligated DNA fragments [143]. Based on these
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principles many variants to profile chromatin structure have been developed including 4C-seq,
5C-Seq, Hi-C, ChIA-PET, Hi-ChIP and capture Hi-C (reviewed in [143]).

Capture Hi-C

Capture Hi-C was developed to specifically profile interactions between distal regulatory
regions and their target promoters [144]. This method, based on the 3C technology, uses
oligonucleotides to capture specific genomic regions such as promoters or DNase hypersensi-
tive sites (DHS) and therefore enriches for interactions of these regions [145, 146, 141]. The
ligated fragments comprise the bait site and its unbaited interaction partner; thus it is crucial

to perform paired-end sequencing to uncover the location of both interaction partners.

Computational analysis of Capture Hi-C

Paired-end reads from capture Hi-C are mapped to an in silico digested reference genome
or a reference genome followed by filtering based on the expected fragments from in silico
digestion, for instance implemented in Hi-C User Pipeline (HiCUP) [147]. Since the reads
are paired-end, one end usually corresponds to the bait captured region and the other one to
the interacting partner. The question then is to distinguish the observed interactions into true
positive interactions and true negative ones which are based on artefacts such as spurious
ligation. Identifying statistically significant interactions from capture Hi-C can be achieved
using "Capture Hi-C Analysis of Genomic Organisation" (CHiCAGO) [148]. This method
is based on a background model accounting for technical noise and "Brownian collisions"
between fragments. Statistical testing is performed using a Delaporte model which integrates

a negative binomial and a Poisson distribution.

1.2.6 | Measuring gene expression using RNA sequencing (RNA-seq)

An important end-point measure of gene regulation is the productive output of transcription,
commonly referred to as transcriptome. Many sequencing-based methods have been devel-
oped to profile mRNA levels from cell populations and but also single cells (reviewed in
[149]). Most RNA sequencing protocols consist of the following major steps: 1) Isolating
RNA from cells and DNA depletion, 2) selection for RNAs of interest (e.g. mRNA via
poly(A) selection and ribosomal RNA depletion), 3) converting RNA to complementary
DNA (cDNA) using reverse transcription and 4) library preparation using cDNA and 5)
sequencing [150, 151].
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Computational analysis of RNA-seq

In contrast to earlier sequencing methods, the mapping of RNA-seq data needs to account for
gaps caused by splicing, which can be achieved using a tool like STAR [152]. An alternative
is to perform a pseudo alignment against a reference transcriptome instead of the genome
as implemented by Salmon or Kallisto [153, 154]. Expression is quantified by counting
reads overlapping the gene annotation and normalised to transcripts per million (TPM) [155].
There are many other ways of normalising RNA-seq data, as implemented for example by
DESeq [156]. Transcriptomic data contains much more information than gene expression,
for example splicing; therefore, many other analysis steps can be performed which have been

implemented in a wide variety of tools (reviewed in [149]).

1.3 | Profiling nascent transcription

There is also an entire class of sequencing methods to study nascent transcription in a
genome-wide manner. One advantage of these methods is that it allows the profiling of
fragile RNAs such as enhancer RNA (eRNA) which is degraded by the exosome; these are
comprehensively reviewed in [149]. Methods to profile nascent transcription can be classed
into three categories: 1) Run-on methods based on nucleotide analogues (e.g. GRO-seq), 2)
RNA Pol-II pull-down methods (e.g. NET-seq) and 3) metabolic labelling methods using
nucleotide analogues (e.g. TT-seq) [7, 157, 158].

Global run-on sequencing (GRO-seq)

Global run on sequencing (GRO-seq) is a technique to profile nascent transcription based on
the incorporation of 5-bromouridine 5’-triphosphate (BrU) during productive transcription
[7, 159]. Briefly, nuclei are isolated from cells, endogenous nucleotides are washed out,
exogenous nucleotides including BrU are added and transcription by DNA resident RNA
polymerases is resumed. All RNAs produced during this transcription step will be labelled
with BrU, which is used to pull-down transcripts using an antibody. These isolated nascent

RNAs are reverse transcribed into cDNA and then used to prepare a library for sequencing.

Computational analysis of GRO-seq

GRO-seq reads need to be mapped to the corresponding reference genome using a short read
tool such as Bowtie2 [122]. Genome-wide signal tracks are generated for each strand sepa-

rately and normalised to CPM. These tracks can be generated at single base-pair resolution,
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which represents the POLII position. Such base-pair resolution tracks can be used as input

for discriminative regulatory element detection (IREG) to define transcriptional regulatory
elements [160]. dREG peak calling is based on regression of observed GRO-seq data with a

support vector machine model.

1.3.1 | Comparison of different sequencing data based
enhancer definitions

Despite the central role of enhancers in development and in the maintenance of normal
cellular functions, determining their precise locations in larger genomes of eukaryotes is not
straightforward. While many methods have been developed, none are definitive (reviewed in
[161, 162, 163]).

Initial approaches were based on clusters of TF motifs, sequence conservation between
species or low-throughput reporter assays (e.g. Luciferase assays) [32, 164, 165, 166]. This
changed dramatically with the advent of high-throughput sequencing, resulting in a variety
of different methods utilising different enhancer features (reviewed in Table 1.1). However,
all of these methods have limitations and rather provide complementary lines of evidence.
For instance, approaches like ChIP-seq, generate information about the frequency of assayed
features within the sampled cell population and therefore implies enhancer location only.
Open-chromatin profiling assays such as ATAC-seq detect all open loci in the genome in-
cluding promoters, enhancers, silencers and insulators [131]. While they can potentially lead
to false positives when classifying regions as putative enhancers, open-chromatin profiling
has been widely used to improve our understanding of gene regulation and cell identity [167,
168, 169]. In contrast, CAGE-seq and other nascent transcription based assays provide a
more quantitative measure of enhancer RNA (eRNA) abundance. Such approaches have
the disadvantage that eRNAs are rapidly degraded, limiting the sensitivity of the method
[36]. CAGE-seq studies of defined enhancers revealed many similarities between enhancers
and promoters leading to a unified model of regulatory elements [170, 171]. More recently,
studies have questioned the specificity of this approach and claimed that transcription can
happen anywhere in open chromatin [172].
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Fig. 1.1: Overview of sequencing methods used to define transcriptional enhancers.

Method

Description

Ref.

ChIP-seq

Profiling of histone post-translations modifications (PTMs),

[83]

using H3K4mel and absence of H3K4me3 as proxy for
enhancer definition. H3K27ac as additional information to
estimate enhancer activity.

ATAC-seq, DNase-seq  Detection of open chromatin regions due to accessibility for [131]

DNA cutting/inserting enzymes. Definition of enhancers by
absence of an annotated protein-coding gene TSS (= distal
regions).

WGBS Determine location of low methylated regions (LMRs) which  [140]

are distal to annotated gene promoters.
CAGE-seq, GRO-seq Sequencing of the 5” end of RNAs to determine location [36]

of transcription start sites (TSS). Enhancer definition using

bi-directionally expressed enhancer RNA (eRNA).

STARR-seq High-throughput determination of enhancer activity of ge- [173]

nomics cloned into a reporter vector downstream of a pro-
moter, resulting in transcription of these sequences, which
are then sequenced. Cell-type specific transcriptional pro-
gram leads to transcription of responsive enhancers.

Nevertheless, a unique feature of bona fide enhancers should be the ability to drive gene
expression from a promoter independent of their location and direction [33]. High-throughput
episomal reporter assays such as massively parallel reporter assays (MPRA) or self-transcribing
active regulatory region sequencing (STARR-seq) take advantage of this property and provide
a quantitative measure of enhancer activity [174, 175, 173]. The major advantage of these
assays is that measured activities depend only on the sequences exposed to the transcriptional
program of interest. MPRAs focus on the screening of several thousand-candidate sequences
whereas STARR-seq is able to work with entire genomes [162]. However, the original
method was developed for smaller genomes such as Drosophila and was until recently not
scalable for vertebrate genomes. A major disadvantage of the initial STARR-seq was that the
bacterial origin of replication (ORI) functioned as a promoter, resulting in reduced enhancer
signal [176]. This was resolved using the ORI as the core-promoter element, thus enabling
genome-wide STARR-seq in vertebrates. Alongside this development, STARR-seq was
combined with enrichment-based protocols, such as ChIP-seq or ATAC-seq, which addressed
the issue of specificity by allowing a more targeted screen of either TF binding sites or
open-chromatin regions [177, 178, 179, 180]. Another potential caveat of such assays is that
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enhancer sequences are taken out of their native context. A recent published study examined
the differences between episomal and chromosomal reporter assays [181]. They concluded
that there were substantial differences between both assay types, such as reproducibility and
activity prediction from chromatin marks. However, in the same study, a high correlation
between the activities of chromosomal and episomal enhancer reporter assays was observed
(Pearson correlation = 0.85; see Figure 2 of Inoue et al (2017)) [181].

A comprehensive discussion about enhancer and target gene identification methods is pro-
vided in [163].
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1.4 | Outline and aim of the thesis

In this PhD thesis I investigated enhancer mediated transcriptional regulation in the con-
text of mESC pluripotency and early neural development using diverse regulatory genomic

datasets derived from high-throughput sequencing methods.

In Chapter 2, I assessed which NANOG binding sites as measured by ChIP-seq correspond
to bona fide enhancer elements, Moreover, I asked how enhancer activity is encoded in the
DNA sequences of these NANOG bound enhancers. To this end, I designed an assay based
on the combination of ChIP with STARR-seq to measure enhancer activity of NANOG
bound sites in naive mESCs. I integrated the ChIP STARR-seq measurements with publicly
available datasets to develop predictive models that uncover key determinants of enhancer

activity.

In Chapter 3, I asked how enhancer activities switch between different cellular conditions, I
used the ChIP STARR-seq data described in Chapter 2 to compare NANOG bound enhancer
activities in naive and primed mESCs. Analysis of the resulting dataset revealed differential
active enhancers: integration of publicly available data uncovered chromatin features and

sequence features that explaining observed differential activities.

In Chapter 4, I investigated how and when cells establish neural identity during early
development of the nervous system along the anterior posterior axis. Together with collab-
orators from James Briscoe’s laboratory, I profiled for open chromatin using ATAC-seq in
an in vitro neural development model to define cell identities accurately. Further ATAC-seq
measurements following regulatory perturbations allowed me to pinpoint the sequence of
events needed to establish regional and neural cellular identities. The observations provided
evidence to revise a long standing hypothesis in developmental biology concerning the order
of events and uncovered how the earliest decisions to establish anterior and posterior nervous

system are made.

Finally, I conclude the thesis in Chapter 5 with a discussion of results presented in the earlier

chapters.



Deciphering the sequence encoded
regulatory logic of NANOG binding

enhancers

Spatiotemporal regulation of gene expression in multicellular organisms is mediated by cell-type
specific regulatory elements called transcriptional enhancers. Their activity is regulated by the
coordinated binding of transcription factors (TFs) to specific DNA sequences encoded within
these elements. However, how their regulatory potential is encoded in the DNA sequence is still
poorly understood. Here, we aim to decipher the regulatory logic of NANOG-bound pluripotency
enhancers in mouse embryonic stem cells (ESC). We identified putative enhancers bound by
NANOG using chromatin immunoprecipitation and measured their regulatory activities using
STARR-seq, a high throughput episomal reporter assay. The experiments revealed NANOG-bound
elements with and without enhancer activity. Comparisons with known markers for enhancer
activities such as H3K27ac (a known indicator of enhancer activity) and enhancer RNA expression
supported this finding. Next, we applied predictive modelling techniques like gradient boosted
trees and convolutional neural networks to uncover known and novel features that are predictive
of enhancer activity. In doing so, we identified binding of the regulator estrogen-related receptor
beta (ESRRB) as the most predictive feature. Finally, we integrated publicly available H3K27ac
measurements from Esrrb knockout experiments; upon comparing with H3K27ac levels in WT
cells, we found a depletion of the mark on NANOG-bound elements with enhancer activity, thus
validating the importance of ESRRB as regulator. Taken together, our work demonstrates the
potential of a framework based on combining high-throughput reporter assays with machine

learning for understanding TF-mediated enhancer activities. m
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2.1 Introduction

2.1 | Introduction

Given the same genetic information in most cells of a multicellular organism, the observed
diversity of cell types can only be achieved by tight spatiotemporal regulation of gene ex-
pression [182]. Cell-type specific transcriptional programs are established by regulatory
elements called cis-regulatory elements (CREs) or enhancers. These elements are relatively
short self-transcribing sequences (100bp-1kb), which can regulate expression of their target
genes independently of location, distance and direction [33]. Enhancer activity is regulated
by coordinated binding of transcription factors (TFs) to their target sequences and the subse-
quent recruitment of co-activators or repressors [34]. Despite the central role of enhancers
in development and maintenance of normal cellular functions, determining their precise
locations in larger genomes of eukaryotes is not straightforward. Though many methods

have been developed to this end, none are definitive [162].

In this chapter, we aim to gain a better understanding of how enhancer activity is encoded
by DNA sequence. For this purpose, we focus on transcriptional enhancers involved in the
regulation of pluripotency gene expression in mouse embryonic stem cells (mESC) cultured
in the presence of LIF and MEK/GSKJ inhibitors (2i) which is comparable with cells in
the late blastocyst. An important hallmark of these enhancers is binding of the three key
pluripotency TFs: OCT4, SOX2 and NANOG [183].

We used a previously published protocol for ChIP STARR-seq to determine bona fide
enhancers amongst all NANOG binding sites (Fig. 2.1) [178]. Briefly, NANOG-bound
DNA fragments were pulled down via chromatin immunoprecipitation (ChIP), cloned into
STARR-seq screening vectors and transfected into ground-state mESC. Self-transcribing
enhancers were quantified by sequencing their transcripts. Comparison with sequence reads
from a pre-transfection vector library identified active enhancers but also revealed inactive
TFBS. Inactive TFBS lacked the ability to enhance transcription from a minimal promoter,
despite high levels of NANOG engagement. We performed a comprehensive comparative
analysis of these two classes of NANOG binding sites to reveal distinguishing features.
Finally, predictive modelling uncovered ESRRB as a major predictor of enhancer activity
and TBX3/ZFP281 as a predictor for inactive TFBS.
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Fig. 2.1: ChIP STARR-seq experiment to determine active enhancers from NANOG binding
sites. First, a chromatin immunoprecipitation (ChIP) was performed to pull down NANOG cross-
linked to DNA in ground-state (2i) embryonic stem cells (ESCs). Subsequently, cross-linking was
reversed, NANOG digested and associated DNA fragments were tagged with sequencing adapters
via PCR. Tagged DNA fragments were cloned into the 3°’UTR of GFP in the STARR-seq screening
vector. In the screening vector, GFP is regulated by a SCP1 minimal promoter which is unable to
induce GFP transcription without additional regulatory input. GFP expression can occur only when
only if a bona fide enhancer element is cloned into the 3’UTR. The resulting STARR-seq vector
library is transfected into ground-state mESCs and transcribed GFP mRNA is collected and prepared
for sequencing. Therefore, active cloned enhancer sequences can be identified, as they will be in
the 3°UTR of the expressed GFP mRNAs. To determine inactive NANOG-bound fragments, we
also sequenced all the fragments cloned in the vector library. Cloned and transcribed fragments
were target using the PCR added sequencing adapters [184]. We did not extract and sequence the
transfected vector library. Finally, reads from control and STARR-seq libraries were aligned against
mml0 reference genome, quantified and differential analysis was performed.
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2.2 | Methods

2.2.1 | Experimental procedures

ChIP STARR-seq libraries were prepared by Mahmoud-Reza Rafiee (Postdoc in the Lus-
combe Lab, The Francis Crick Institute) and sequenced by the DNA sequencing facility at the
Okinawa Institute of Science and Technology. For brief description of the ChIP STARR-seq
protocol see [178]. For all STARR-seq experiments performed, we sequenced fragments
cloned in the vector library and the same fragments post-transfection. Cloned fragments and
transcribed enhancer fragments were sequenced using the sequencing adapters added during
PCR, which are specific for the 15 and 17 sequencing primers (as described in detail in [184]).
We did not extract and sequence the transfected vector library. A list of newly generated

ChIP-seq and STARR-seq datasets is summarised in Supplementary Table B.1 and B.4.

2.2.2 | ChIP-seq pre-processing & analysis

Reads were trimmed using trim_galore (default settings) to remove poor quality bases and
sequencing adapters (https://www.bioinformatics.babraham.ac.uk/projects/trim_galore/).
Alignments were generated using bowtie2 with —sensitive as additional option and mm10 as
reference genome [122]. Only reads that mapped uniquely with high quality (MAPQ > 30)
were retained and duplicates were removed. Read enriched regions were called using MACS?2
with the following parameters —g mm —p 0.001 [185]. We provided MACS2 with an in-
put control if one was available. Signal tracks for samples with a corresponding input
control were generated using deepTools bamCompare including thee following parame-
ters —scaleFactorsMethod SES -ratio log2 —bs 25 —ignoreDuplicates [124]. For samples
without control, signal tracks were generated with deepTools bamCoverage using -bs 25
—normalizeUsing CPM —ignoreDuplicates [124]. Histone post-translational modifications as
well as TF ChIP-seq signals were visualised as heatmaps using deepTools computeMatrix in
combination with plotHeatmap [124]. Metaprofiles were computed using the ScoreMatrixBin
function from genomation [186]. ChIP-seq samples were quantified using featureCounts
functions from the Subread package with the following settings: strandSpecific=0, allowMul-
tiOverlap=TRUE, countMultiMappingReads=FALSE, ignoreDup=TRUE [187]. Resulting
counts were normalised to CPM and if input control was available log2(FC) calculated. All
in-house generated and publicly available ChIP-seq datasets used in this study are listed in

Supplementary Table B.4.
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Definition of putative NANOG binding enhancers

ChIP-seq samples used to define putative NANOG binding enhancers are listed in Sup-
plementary Table B.4. Peak calling was performed as described above. If replicates were
available, irreproducible discovery rate (IDR) analysis was performed and results filtered with
a threshold of /DR < 0.05 to create a consensus between replicates [188]. If no replicates
were available, we used all called peaks on the single replicate. The resulting peaks from each
condition were merged into a consensus NANOG peak set using bedtools merge and extended
to +250bp around peak summits [189]. These peaks were further filtered for overlap with
ENCODE mm10 blacklisted regions [190]. Next, a set of non-overlapping random peaks was
computed using bedtools shuffle with the following settings: -f 0 -seed 42 -noOverlapping
[189]. We computed the STARR-seq vector library fragment coverage within NANOG
consensus peaks and random peaks using countOverlaps from GenomicRanges [191]. A
threshold to distinguish STARR-seq fragment coverage from background was computed as
99" percentile of random peak coverage. This fragment count threshold was used to filter
NANOG consensus peaks to obtain a high confidence, sufficiently deeply covered set of
putative NANOG binding enhancers. This peak set was used in the downstream analyses

presented in Chapters 2 and 3.

ChIP-seq peak enrichment analysis

Published ChIP-seq peaks for TF, chromatin associated proteins and histone modifications
were obtained from LOLA and Cistrome [192, 193] (Supp. Table B.11). Enrichment analysis
using these peak sets was performed using a one-sided Fisher’s exact test (as implemented
in the R function "fisher.test"). P-values were corrected for multiple testing utilizing the
Benjamini-Hochberg procedure. The Matthews correlation coefficient (MCC) was computed
from contingency tables used for testing with the Fisher’s exact test (for MCC definition see
[194]).

2.2.3 | ChIP STARR-seq pre-processing & analysis

Fragments were trimmed to remove low quality base calls as well as sequencing adapters
using trim_galore (default settings; https://www.bioinformatics.babraham.ac.uk/projects/
trim_galore/). Trimmed fragments were aligned against the mm10 reference-genome us-
ing bowtie2 with the following parameters -X 1000 —end-to-end —very-sensitive [122].
Subsequently unmapped, low quality mapping, multi-mapping and duplicated reads were

removed. In a STARR-seq experiment, duplicated fragments can originate from enhancer
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self-transcription or PCR amplification. Since we did not use unique molecular identifier

(UMIs) to distinguish PCR duplicates from self-transcribed fragments, we had to rely on
unique fragments [173, 178]. Signal tracks were computed as log2(FC) STARR-seq over vec-
tor library using deepTools bamCompare with the following options: —normalizeUsing CPM
—operation log2 -bs 10 —scaleFactorsMethod None —ignoreDuplicates [124]. To perform the
fragment based analysis, as in the STARR-seq quality control (QC) section (see Results),
we imported the vector library as well as STARR-seq fragments into R as GenomicRanges
using GenomicAlignments and Rsamtools [191]. Fragment abundances of the vector library
and STARR-seq samples within NANOG consensus peaks (see ChIP-seq section) were
quantified using the countOverlaps function from GenomicRanges. The resulting count table
was used as input to edgeR to compare fragment abundance in the STARR-seq versus the
vector control using the quasi-likelihood F-test [195]. Based on this analysis, we categorised
NANOG consensus peaks into three classes: active enhancers (FDR < 0.05&l0g2(FC) > 0),
inactive TFBS (FDR < 0.05&l0g2(FC) < 0 and grey-zone Nanog TFBS (FDR > 0.05).
Active enhancers and inactive Nanog TFBS were annotated using the annotatePeak function
from ChIPseeker with GENCODE release M14 [196, 197].

2.2.4 | CUT&RUN pre-processing & analysis

Publicly available CUT&RUN datasets were downloaded as listed in Supplementary Ta-
ble B.3. Low quality base-pairs and sequencing adapters were trimmed using trim_galore
(default settings). Trimmed fragments were aligned to the mm 10 reference genome using
bowtie2 with default parameters [122]. Aligned fragments were filtered for unmapped, multi-
mapping and PCR duplicated reads. Normalised signal tracks were computed using deepTools
with following settings: —normalizeUsing CPM —extendReads -bs 25 —ignoreDuplicates
—maxFragmentLength 140 [124]. CUT&RUN signals within NANOG consensus peaks
were quantified as counts using the featureCounts function from the Subread package
with following options: strandSpecific=0, allowMultiOverlap=TRUE, countMultiMappin-
gReads=FALSE, isPairedEnd=TRUE, ignoreDup=TRUE, maxFragl.ength=140 [187]. Re-
sulting counts were library size normalised to CPM. Metaprofiles were computed using the

ScoreMatrixBin function from the genomation package with default settings [186].

2.2.5 | ChIP-exo pre-processing & analysis

ChIP-exo reads were trimmed, mapped and filtered as described in Section 2.2.2. Signal

tracks for plus and minus strands were computed using the bamCoverage function from deep-
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Tools with the following options: —normalizeUsing CPM —Offset 1 -bs 1 —ignoreDuplicates
[124]. Depending on the strandedness of the signal track, the options "—samFlagInclude 16"
in case of the minus strand or "—samFlagExclude 16" in case of the plus strand were used.
The ChIP-exo peaks used in this chapter were downloaded alongside the raw data from the

original study as listed in Supplementary Table B.2.

2.2.6 | RNA-seq pre-processing & analysis

RNA-seq samples were quantified using Salmon (quasi mapping mode) with the following
options: -1 A —seqBias —-numBootstraps 50 [154]. GENCODE release M 14 was used as
transcriptome annotation [197]. Quantification of single and paired-end reads were performed
with the same options. The resulting counts were normalised to transcripts per million (TPM).
The publicly available RNA-seq datasets used in this study are listed in Supplementary
Table B.9.

2.2.7 | GRO-seq pre-processing & analysis

The downloaded GRO-seq datasets are listed in Supplementary Table B.6. GRO-seq reads
were aligned to the mm10 reference genome using STAR with the following settings: —
genomel.oad NoShareMemory —twopassMode Basic —outSAMStrandField intronMotif —
outFilterIntronMotifs BAM SortedByCoordinate —outFilterMultimapNmax 2
—outFilterMismatchNmax 999 —outFilterMismatchNoverReadLmax 0.04
—bamRemoveDuplicatesType Uniqueldentical [152]. Strand specific signal tracks were com-
puted using deepTools bamCoverage with —normalizeUsing CPM —ignoreDuplicates -bs
1, —samFlagExclude 16 (forward strand) or —samFlaglnclude 16 (reverse strand). These
signal tracks were used as input for the ScoreMatrixBin function from genomation and visu-
alised as metaprofiles [186]. GRO-seq read abundance was quantified using featureCounts
(Subread) with the options, strandSpecific=0, allowMultiOverlap=TRUE, countMultiMap-
pingReads=FALSE, isPairedEnd=FALSE, ignoreDup=TRUE [187]. The resulting count

table was library size normalised to CPM.

2.2.8 | ATAC-seq pre-processing & analysis

Reads were trimmed using trim_galore (default settings) to remove sequencing adapters and
low quality base calls. Trimmed reads were mapped to the mm10 reference genome using

bowtie2 with the following settings: -X 2000 —sensitive-local [122]. Aligned fragments were
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filtered for low quality mapping (MAPQ < 30), unpaired fragments, chrM mapping and

PCR duplicates. Peak calling was performed with MACS?2 using the parameters -g mm —p
0.01 —nomodel —f BAMPE [185]. Signal tracks were generated by counts per million (CPM)
normalisation using deepTools bamCoverage with the following options: -bs 1 —extendReads
—ignoreDuplicates —normalizeUsing CPM [124]. For all insertion level analysis such as TF
footprinting, insertion positions were adjusted by +4bp for the plus strand and -5bp for
the minus strand [131]. Nucleosome positions and nucleosome free regions (NFR) were
determined using NuceloATAC with default parameters and peaks called by MACS2 which
were rescaled to £2500bp around peak summits as search space [136]. TF footprinting
was performed by matching motifs to peak sequences to determine motif positions (see TF
motif matching sections). Tn5 insertion for £250bp around motifs were computed using a
custom R function and normalised to the total number of profiled insertions. The downloaded

publicly available ATAC-seq datasets are listed in Supplementary Table B.5.

2.2.9 | Genome browser track plots

Normalised signal tracks (bigWigs) from different sequencing experiments were visualised

as genome browser track plots using pyGenomeTrack [198].

2.2.10 | Capture Hi-C analysis

CHiCAGO pre-processed DHS capture Hi-C interactions for ground-state (2i) and primed
(serum) ESCs were downloaded [145]. Interactions were filtered for ones with a CHiCAGO
score >7 and at least 5 supporting fragments in each replicate. The bait and "other end" (OE)
fragments were annotated with overlapping genes from GENCODE V14, active NANOG
enhancers and inactive NANOG binding sites. Based on these annotations, we computed
the following statistics: interaction type summary, CHiICAGO score as proxy for interact
strength, number of interactions and interaction distance [148].

We made use of another previously published version of the same DHS capture Hi-C dataset
which was well annotated with different chromatin states [199]. These interactions were used
to compare active enhancers and inactive TFBS in terms of chromatin state. We performed
differential enrichment analysis using a one-sided Fisher’s exact test followed by multiple
testing correction using the Benjamini-Hochberg procedure.

All used capture Hi-C datasets are listed in Supplementary Table B.7.
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2.2.11 | Peak-gene annotation and enrichment analysis

Active NANOG binding enhancers and inactive TFBS were assigned to their target genes
using three different approaches. First, target genes were defined based on the annotated
CHiCAGQO interactions from Joshi et al [145]. Genes were linked to peaks for interactions
within a distance of £500kb around peak summits and all interactions were considered
independent of the peak overlapping bait or OE fragment. Second, a pre-processed, annotated
publicly available high-resolution capture Hi-C interaction set, which was pre-processed and
annotated was downloaded [146]. Genes were assigned to a peak if peaks were overlapping
the OE fragment of an interaction. Third, peaks were annotated with nearby genes using
GREAT, a tool for peak-gene annotation, with default settings (Basal plus extension) [128].
Expression of target genes were obtained as TPM values from processed RNA-seq (see
RNA-seq preprocessing). Pathway enrichment was performed using EnrichR with default
settings and gene sets from WikiPathway [200, 201].

2.2.12 | Core-promoter element enrichment

Core-promoter element annotation for the mm 10 reference genome were downloaded from
the Eukaryotic promoter database (EPD) [202] (Supp. Table B.11). CpG island annotation
was downloaded from the UCSC genome browser using the table browser tool [203]. CpG
islands were associated with genes by overlap with GENCODE M 14 promoters (£500bp
around GENCODE TSS) [197]. Core-promoter enrichment analysis in gene sets associated
with active and inactive enhancers was performed using a one-sided Fisher’s exact test

followed by multiple testing correction with the Benjamini-Hochberg procedure.

2.2.13 | Binary classification of active enhancers and inactive TFBS

Active enhancers and inactive TFBS were split into a training set and a hold-out test set
according to their chromosomal location as follows: training set chrl-chr8, chrl0, chr12-14;
test set chr9, chrl1; CNN validation set chr15-19, chrX, chrY. Active enhancers and inactive

TFBS served as target variables to train binary classification models.

GBM feature selection, hyperparameter optimization and model training

We used a two-step feature selection procedure to identify meaningful TFs and their associ-
ated TF motifs to discriminate between active enhancers and inactive TFBS. First, we down-
loaded publicly available proteomics data, for NANOG co-binding proteins (ChIP-SICAP)
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and ESC chromatin associated proteins (Chromatome) [204, 205]. A set of reproducible,

biologically relevant NANOG co-binding TFs were chosen by overlapping detected TFs in
the three different datasets (see Results 2.3.10). To compare the performance trained with our
NANOG co-binding TFs, we constructed a control set comprising ESC chromatin associated
TFs which did not overlap with the list of ChIP-SICAP identified NANOG co-binding TFs.
In a second step, we identified TF-PWM pairs from a recently published consensus review
mapping multiple PWMs to each TF [63] (Supp. Table B.11). To assign the most predictive
PWM to a TF, we devised a strategy of pruning these TF-PWM links based on their predictive
power for active/inactive sites. PWMs were matched to NANOG binding site sequences
and resulting PWM scores were used as predictors to distinguish active enhancers from
inactive TFBS. The predictive power of each PWM was evaluated based on the area under the
ROC curve (auROC). TF-PWM links maximising the auROC were retained. This step was
performed for both, control and NANOG co-binding TFs. Additionally, we included another
control set of highly predictive features by thresholding for PWMs with auROC > 0.6. This
feature selection procedure resulted in three distinct feature sets (NANOG co-binding TF
PWMs, Control TF PWMS and predictive PWMs). We added dinucleotide frequencies to all
of these three feature sets to account for potentially higher order sequence features or left out

features.

Gradient boosting machine (GBM) hyperparameter search and model training was performed
using the caret R-package which serves as a wrapper for the GBM package [206, 207]. For
each of the feature sets we performed a grid search to optimise model hyperparameters as
listed in Table 2.1. Models were trained on the training set using 10-fold cross-validation
(CV) and the Matthews correlation coefficient (MCC) was tracked. Caret automatically
selected the best set of hyperparameters based on the MCC to train a final model.

Table 2.1: GBM hyperparameter search space.

Hyperparameter Variable name  Values

Maximum tree depth interaction.depth  3,6,9

Number of trees n.trees 100,200,300,400,500
Minimum number of ob- n.minobsinnode 10

servations in terminal

node

Learning rate shrinkage 0.05
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gkm-SVM hyperparameter optimization and model training

We used the R implementation of the gapped k-mer support vector machine (gkm-SVM)
package and sequences of active enhancers as well as inactive TFBS as input [208]. Initially,
we performed a grid-search to optimise hyperparameters of the gapped k-mer computation
(Table 2.2). The best parameter set was chosen based on the area under precision-recall
curve (auPRC) from 10-fold CV SVM training on the training set. The final SVM model

was trained on the training set using these parameters.

Table 2.2: gkm-SVM hyperparameter search space.

Hyperparameter Variable name Values
K-mer length L 6-14
Gap length K 6-L
Number of informative maxnmm 1-4
columns

Convolutional neural network hyperparameter optimization and model training

Initially, NANOG peak sequences were one-hot encoded using A (1, 0, 0, 0); C (0, 1, 0, 0); G
(0,0, 1,0); T(0,0,0, 1). These encoded sequences were used as input to train Convolutional

neural networks (CNNs). Due to an imbalanced class distribution for our STARR-seq data,

we computed class weights as: wy = where N is the total number of sequences and

‘n
y
ny the number of sequences in class y. Class weights were provided for CNN training on

STARR-seq data.

To determine the optimal CNN architecture, we performed hyperparameter optimization
using the Tree of Parzen Estimator (TPE) algorithm as implemented in the hyperopt package
[209]. The hyperparameter search space was predefined as listed in Table 2.3. Finally, the
hyperparameter search was performed for 100 iterations while monitoring the MCC on the

validation set as the performance measure to select the best model architecture.

This training strategy was used to train a CNN directly on our STARR-seq data. However,
these CNNs were initialised with random weights which might result in the need for a larger
number of training samples to reach a comparable performance as gkm-SVM or GBMs.
Therefore, we made use of technique called transfer learning to decrease the amount of

data needed to reach comparable performance [210]. For this purpose, we trained a CNN
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to predict NANOG binding from ChIP-seq peaks using the same strategy as described

above with a slightly different hyperparameter search space (Table 2.3). As input, we used
sequences from NANOG ChIP-seq consensus peaks as positive examples and randomly
shuffled these sequences while preserving dinucleotide frequencies to generate negative
examples. Training, validation and test data was stratified as described for STARR-seq.
Hyperparameter optimisation and training was performed for this ChIP-seq CNN as described
above. Next, we extracted the learned weights in the first convolutional layer from this trained
ChIP-seq CNN and used them to initialise a new CNN. The ChIP-seq initialised CNN was
then trained on the STARR-seq as previously described.

Table 2.3: STARR-seq CNN hyperparameter search space.

Hyperparameter STARR-seq CNN values ChIP-seq CNN values
Number of convolutional layers 1 1

Kernel lengths 12, 16, 24 12, 16, 24

Number of convolutional filters 32, 64, 128 32,64, 128, 256, 512
Dropout rates 0.1-0.5 0.050.5

L2 regularizer 0-0.01 -

Activation functions ReLu ReLu

Pooling flatten, max, average flatten, max, average
Fully connected layer 1 1

Number of neurons in fully con- 16, 64, 128 16, 64, 128, 256, 512, 1028
nected layer

Early stopping 5, 10, 20 5, 10, 20

Reduce learning rate patience 5, 10, 20 5, 10, 20

Reduce learning rate factor 0.05-0.2 0.05-0.2

Optimiser Adam Adam

Learning rate 0.0001-0.005 0.000001-0.01

Batch size 64, 128, 256 128, 256, 512

Epochs 100 100

Loss Binary cross-entropy Binary cross-entropy

Evaluation and comparison of trained models

All trained models were evaluated on a hold-out test set using the following performance
measures: area under precision recall curve (auPRC), Matthews correlation coefficient

(MCC), balanced accuracy, sensitivity and specificity [194].
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GBM feature importance analysis

Scaled feature importance scores for the NANOG co-binding TF GBM model were computed
using the function varlmp from the R-package caret [206]. varlmp is a wrapper function for
the relative.influence function from the gbm R-package [207]. Briefly, the relative influence
of a feature is defined as loss improvement made in each split the feature was used averaged

over all trees [211].

CNN feature importance analysis

For each active enhancer and inactive TFBS, base-pair resolution importance scores were
computed using DeepLIFT with default parameters [212]. Resulting scores were used to
perform de novo motif discovery with TF-MoDisco (default settings) [213]. Resulting de
novo motifs were annotated using TomTom (additional settings: -thres 0.05) and the compare-
Motifs function from HOMER (default parameters) [214, 127]. Consensus annotation was
obtained by manually inspecting TomTom as well as Homer outputs. Annotated TF-MoDisco
motifs were clustered using STAMP with following options: -align SWU -tree UPGMA -chp
-ma IR [215]. Feature importance for each de novo motif was computed as described in the

second step of the feature selection procedure for GBMs resulting in a volcano like plot.
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2.3 | Results

In this chapter, we sought to document and analyse which of the thousands of TFBS observed
in a standard ChIP-seq assay are functional transcriptional enhancer elements. To this end,
we focused on the pluripotency factor NANOG and its occupied genomic binding sites. To
determine if a particular NANOG binding site was a bona fide enhancer, we made use of a
previously published method combining ChIP with the high-throughput enhancer reporter
assay STARR-seq [178].

2.3.1 | Defining high-confidence NANOG TFBS from
ChIP-seq and ChIP STARR-seq

The first step to address our question was to define a high confidence set of putative NANOG
binding enhancers. Therefore, we analysed NANOG ChIP-seq datasets from three different
conditions including ground-state (2i), primed (serum) mouse embryonic stem cells (ESC)
and mouse epiblast like stem cells (EpiSCs). NANOG ChIP-seq experiments from these three
conditions were included to establish a broad initial search space for potential enhancers.
Peak calling was performed independently for each replicate and the consensus between
replicates was computed using the irreproducible discovery rate (IDR) procedure with a
threshold of 0.05 [188]. NANOG ChIP-seq from 2i ESCs yielded 39,973 and 29,539 peaks
for each replicate, respectively. Integration of replicates to a Nanog 2i consensus peaks set
resulted in 15,651 reproducible peaks. In contrast, ChIP-seq from serum ESCs gave us for
the first replicate 24,986 and the second replicate 26,299 peaks. Computing the consensus
peak set for these replicates resulted in 5,168 peaks. Since only one replicate was available
for the NANOG EpiSC ChlIP-seq, we included all 4,715 peaks from this condition. Finally,
these three different peak sets were inclusively merged by taking the union of peaks, leading
to 20,321 potential NANOG bound enhancers. Importantly, this consensus NANOG peak set
was also used to compare STARR-seq from 2i and serum ESCs (see Chapter 3).
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Fig. 2.2: Definition of NANOG consensus binding sites from ChIP-seq and STARR-seq vector
library. (A) STARR-seq vector library coverage within NANOG binding peaks (red) and background
as defined by randomly drawn genomic regions (black, "Rmd"). Dotted line indicates 99% quantile of
background coverage and filtering threshold for NANOG peaks to be called as sufficiently covered by
the vector library ("passed"”). (B) Number of NANOG peaks passing the filtering step (red) and peaks
filtered out due to low coverage in the STARR-seq vector library (grey). (C) Boxplot comparison of
NANOG CUT&RUN signal within random background regions (dark grey), filtered out NANOG
peaks (grey) and final set of NANOG binding peaks (red). P-values from one-sided Wilcoxon test. (D)
Boxplot visualising NANOG ChIP-seq enrichment within random background regions (dark grey),
filtered out NANOG peaks (grey) and final set of NANOG binding peaks (red). ChIP-seq datasets
were obtained from three different studies as indicated in panel heading. ChIP-seq conditions include
ESC 2i, ESC serum, ESC grown for 24h in 2i (ESC 24h 2i), ESC three passages 2i (ESC 3p 2i) and
EpiSC. P-values from one-sided Wilcoxon test.

One important consideration is that it is only possible to detect bona fide transcriptional
enhancers if the NANOG consensus peaks show fragment enrichment in our STARR-seq
vector library. Therefore, the same number of non-overlapping random regions were sam-

pled from the mouse genome to estimate background coverage levels (see Methods). We
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defined a coverage threshold to filter our enhancer set equal to the 99" percentile of the

background distribution corresponding to roughly 12 unique STARR-seq vector library
fragments (Fig. 2.2A). Filtering our putative Nanog binding enhancers with this threshold
resulted in 67.16% (13,647/20,321) sufficiently covered NANOG peaks (Fig. 2.2B). This
results in a set of 13,647 NANOG peaks represented in the STARR-seq vector library data
(NANOG consensus peaks), 6,674 Nanog peaks that are not represented in the STARR-seq
data (NANOG filtered out peaks) and 20,321 randomly assigned control peaks (random
peaks), which we call the three peak set.

We performed several additional analysis steps to ensure that this procedure resulted in a
high confidence set of potential NANOG binding enhancers. First, we compared NANOG
ChIP-seq enrichment from three different studies and our dataset in five different conditions
including ESC grown long-term 2i (ESC 2i), 24h 2i (ESC 24h 2i), three passage 2i (ESC 3p
2i), serum (ESC serum) and epiblast stem cells (EpiSC) [216, 217]. This analysis revealed
that our set of putative NANOG binding enhancers had the highest NANOG ChIP-seq en-
richment across all ESC conditions (p < 2.22- 1071, one-sided Wilcoxon test; Fig. 2.2D).
Though NANOG filtered out peaks also showed higher ChIP-seq enrichment than the random
control regions (p < 2.22- 10716, one-sided Wilcoxon test) and in EpiSC even higher median
enrichment than our NANOG consensus set (p = 1, one-sided Wilcoxon test). This analysis
provided the first evidence that our consensus peaks contained a high number of true-positive
binding sites using an independent data set. ChIP-seq data contain artefacts, such as those
artefacts from formaldehyde cross-linking [218]. Therefore, we performed a similar analysis
using CUT&RUN data, a technique that does not rely on formaldehyde cross-linking [119].
This independently confirmed significant differences in NANOG binding signal between the
three peak sets (p < 2.22- 10716, one-sided Wilcoxon test). Furthermore, the CUT&RUN
data exhibited the same trend as the ChIP-seq data in which our NANOG consensus peak set
showed highest signal enrichment (Fig. 2.2C).

NANOG binds to specific DNA sequence motifs and their enrichment could provide ad-
ditional support for true-positive binding-sites. Therefore, we checked the enrichment of
NANOG motif, as well as the OCT4-SOX2-TCF-NANOG composite motif in the three
peak sets. Both motifs showed significant enrichment in our NANOG consensus peak set
compared with the other two peak sets (p = 4.96-107>* and p = 4.14-107'73, one-sided
Fisher’s exact test). In addition, these motifs are centred on ChIP-seq peak summits and
depleted in random control peaks (Fig. 2.3A). We also observed, for both motifs, the highest
motif match scores for our consensus peak set; in fact, scores were significantly higher than
the NANOG filtered out peaks (p = 1.3-10~* and p = 4.8- 1079, one-sided Wilcoxon test).
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Taken together, we defined a high-confidence consensus set of 13,647 putative NANOG
bound enhancers which were characterised by signal in both NANOG ChIP-seq as well as
CUT&RUN assays and enrichment of NANOG and OCT4-SOX2-TCF-NANOG motifs.
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Fig. 2.3: NANOG motif enrichment for putative NANOG enhancer set. (A) Metaprofile sum-
marising motif frequencies in 10bp tiles for +1kb around peak summits. (B) Motif scores for each
peak visualised as boxplot. P-values from one-sided Wilcoxon test. Colour indicates peaks passing
filtering (red), filtered out peaks (grey) and random background regions (dark grey). Left panel:
NANOG consensus motif from HOMER motif library [127]. Right panel: OCT4-SOX2-TCF-
NANOG composition motif from HOMER motif library [127]. Respective sequence logos shown on
top.

2.3.2 | STARR-seq quality control analysis

Having defined a set of putative NANOG binding enhancers, we performed comprehensive
quality control analysis of the STARR-seq samples generated in this study. Briefly, we used
our STARR-seq vector library to transfect ESC cells in two different conditions including
ground-state (21) as well as primed (serum). In Chapter 2, we will focus on the 2i dataset and
in Chapter 3, we will compare 2i and serum conditions. However, the quality control of all
samples was performed together and we will discuss all datasets in this section.

The STARR-seq vector library was sequenced to a read depth between 7.70 and 11.9 million
fragments giving between 5.80 and 7.94 million unique fragments after duplicate removal
(Fig. 2.4A). Across all conditions, our STARR-seq vector library comprised 20.50 million
uniquely cloned fragments. RNA was collected post vector transfection and sequenced to
a depth of between 18.61 and 19.41 million fragments resulting in 2.88 to 3.98 million
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fragments after duplicate removal. The high duplication rates (between 79.5% and 84.5%),
is partly explained by self-transcription of bona fide enhancer fragments but also PCR
amplification. We chose to remove duplicates as a precautionary measure as we did not
employ unique molecular identifiers (UMIs) during library preparation [219]. Examining
the number of unique fragments as a function of sequencing depth confirmed that our
samples were sequenced to sufficient depth to recover self-transcribing fragments (Fig. 2.4C).
Additionally, we could observe a much greater fragment complexity in our sequenced
vector library (more unique fragments) compared with post-transfection samples confirming
purifying selection of enhancer fragments by self-transcription. A potential confounding
factor is that some vectors were never transfected. Next, we compared the vector library
and STARR-seq samples on the fragment level with each other. We should recover the same
fragments before and after transfection if these fragments were able to enhance transcription
from a minimal promoter. The fragment length distributions in the vector library and STARR-
seq are similar: the vector library showed a mean fragment length of 283bp, STARR-seq
2i condition of 274bp and STARR-seq serum condition of 263bp (Fig. 2.4B). All three
biological replicates from both conditions display 60.00-65.00% fragment level overlap with
the vector library, which is similar genome-wide as well as in our NANOG binding enhancer
set (Fig. 2.4D). The missing 35.00-40.00% could be explained by the fact that our STARR-
seq vector library exhibited high complexity (20.5 million unique fragments), meaning that it
would be necessary to sequence extremely deeply to recover all self-transcribing fragments
(Fig. 2.4C). In contrast, 53.7% of vector library fragments were not discovered in any of
our STARR-seq samples: it is possible that the majority of cloned fragments might not be
able to enhancer transcription above basal levels or was not transfected. Next, we compared
as a measure for fragment enrichment within NANOG peaks the so called "fraction of
reads in peaks" (FRIP) between conditions as well as replicates (Fig. 2.4 A left panel). We
observed similar ranges of FRIPs for our STARR-seq samples: 13.40%-13.90% for our ESC
2i and 11.80%-12.30% for ESC serum condition. By contrast, our STARR-seq vector library
samples showed FRIPs of 8.40% which again confirmed enrichment of self-transcribing

fragments within NANOG peak regions via the transfection step (Fig. 2.4A left panel).
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Fig. 2.4: Quality control analysis of vector library and STARR-seq samples (A) Number of
unique (blue) and duplicated (yellow) fragments sequenced for vector library and STARR-seq samples.
Left panel: Genome-wide comparison of the fragment numbers. Right panel: Fragment numbers
within NANOG consensus peaks. Shape indicates replicate number. (B) Fragment length distributions
for vector library (black) and STARR-seq 2i (red) and serum condition (darkblue). Linetype highlights
different replicates. (C) Number of unique fragments as a function of sequence depth. Comparison
between vector library (black) and STARR-seq 2i (red) and serum (darkblue) samples. Linetype
highlights different replicates. (D) Number of precisely recovered vector library fragments in STARR-
seq. Colour indicates comparison level either genome-wide (red) or within NANOG consensus peaks
(blue).

As additional quality control, we compared ChIP-seq samples, STARR-seq vector library
(NANOG ChlIP cloned into vectors) and STARR-seq samples. Comparison between NANOG
ChIP-seq and the vector library revealed similar NANOG binding strengths within our
NANOG consensus peak set (R =0.62, p <2.2- 10719, Correlation test; Fig. 2.5A). Com-
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parison of the STARR-seq vector library with one replicate of ESC 2i STARR-seq showed a

high correlation before and after transfection (R = 0.95; Fig. 2.4B). Nevertheless, a majority
of NANOG consensus peaks exhibited a higher signal in the STARR-seq sample compared
with the vector library, confirming the purifying effect of self-transcription. In contrast,
comparison of STARR-seq samples from independent transfections revealed high repro-
ducibility between replicates (R = 0.95; Fig. 2.4C). Clustering of ChIP-seq and STARR-seq
datasets based on pair-wise correlations supported high reproducibility between STARR-seq
replicates which clustered together according to ESC conditions (2i/serum; Fig. 2.4D). In
summary, the quality control analysis showed that our STARR-seq data exhibited the neces-
sary fragment complexity as well as reproducibility between biological replicates to be used

for downstream analysis.
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Fig. 2.5: Comparative analysis between ChIP-seq, STARR-seq vector library and STARR-seq
samples. (A) Scatterplot comparing ESC 2i NANOG ChIP-seq signal against STARR-seq vector
library coverage within NANOG consensus peaks. Pearson correlation coefficient and p-value
from correlation test is shown. Colour gradient encodes point density. (B) Scatterplot comparing
STARR-seq vector library coverage and STARR-seq signal within NANOG consensus peaks. Pearson
correlation coefficient and p-value from correlation test is shown. Colour gradient encodes point
density. (C) Scatterplot comparing STARR-seq signals in two different replicates within NANOG
consensus peaks. Pearson correlation coefficient and p-value from correlation test is shown. Colour
gradient encodes point density. (D) Pearson correlation coefficient (PCC) heatmap of vector library,
STARR-seq, NANOG ChIP-seq and input samples. Colour annotation encodes for sample condition.
Hierarchical clustering of samples is based on 1-PCC as distance measure and ward.D2 as linkage
method.



2.3 Result

2.3.3 | Defining bona fide NANOG binding enhancers by
comparison of vector library and STARR-seq

In order to determine which NANOG binding sites correspond to bona fide transcriptional
enhancers, we performed a differential analysis between STARR-seq 2i and associated vector
libraries using edgeR [195]. We classified our 13,647 Nanog peaks into three categories based
on the differential count analysis: 3,510 active enhancers (FDR < 0.05 & log2(FC) > 0),
2,838 inactive TF binding sites (TFBS; FDR < 0.05 & log2(FC) < 0) and 7,299 grey
zone peaks (FDR > 0.05). The large number of statistically non-significant regions can be
explained by two limitations of our assay. First, a recent publication describing genome-
wide mammalian STARR-seq showed that transcription can initiate not only happens at the
minimal core promoter sequence but also at the bacterial origin of replication [176]. This
reduces the signal-to-noise ratio of STARR-seq and therefore the power to identify bona fide
enhancer elements. Second, we removed duplicated fragments, since without UMIs these are
indistinguishable from PCR amplified fragments [219].

However, inspection of statically significant active enhancers and annotation with nearby
genes confirmed their association with known pluripotency genes such as Esrrb, Nanog, Klf4,
Pou5f1 and Prdmli4 (Fig. 2.6A) [220, 183]. In contrast, examination of inactive NANOG
TFBS revealed their proximity to genes involved in exit from pluripotency, such as Foxd3,
and development, such as Hoxal (Fig. 2.6A) [221, 222].

Most active enhancers and inactive TFBS are located distally from genes or within introns,
though a higher proportion of active enhancers are distal intergenic compared with inactive
TFBS (50.8% (1,783/3,510) compared with 39.5% (1,120/2,838; Fig. 2.6B). In contrast,
25.3% (717/2,838) of inactive TFBS overlap with annotated promoters compared with 14%
(4,93/3,510) of active enhancers.
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Fig. 2.6: Differential analysis between vector library and STARR-seq to define active en-
hancers. (A) MA-plot comparison of NANOG consensus peak coverage in STARR-seq 2i against
vector library. Peaks were considered active enhancers if FDR < 0.05 & log2(FC) > 0 (red) or
inactive TFBS if FDR < 0.05 & log2(FC) < 0. Selected nearby genes involved in ESC pluripotency
or development are highlighted. (B) Distribution of genome annotations for active enhancers (red)
and inactive NANOG TFBS (blue).

As mentioned above, we observed many active enhancers in proximity to well described
pluripotency genes and therefore we asked if we would recover previously published en-
hancer elements (Fig. 2.6A). For example, we recovered a known enhancer element near
the Nanog gene [223] (Fig. 2.7A). Furthermore, this enhancer exhibited known hallmarks
such as binding of NANOG/SOX2/OCT4 binding, chromatin accessibility and enrichment of
the histone modifications H3K4mel as well as H3K27ac. On the other hand, the existence
of inactive TFBS near known developmental genes raised questions about whether these
sites were previously described as active enhancers during ESC differentiation or in vitro
development (Fig. 2.6A). A publication by De Kumar et al described two NANOG binding
sites in the vicinity of Hoxal which "switch on" as an active enhancer upon induction of
differentiation by retinoic acid (RA) treatment [222]. We observed this developmental en-
hancer among our inactive NANOG TFBS (Fig. 2.7B). The binding site displayed binding of
NANOG/OCT4/SOX2, low levels of ATAC-seq accessibility but similar levels of H3K4mel.
In contrast to the Nanog associated active enhancer above, this site showed H3K27ac deple-

tion but enrichment of the repressive Polycomb mark H3K27me3.



2.3 Results
A 1 1 1 1 1
122,700 I' -t "I 122,705 ChI'6122,710 122,715 122,720 Kb
1 1 1
. { STARR-seq
-1 1 1
275 |L 1
: . Nanog
1 1
ol .. . rleh TN VSR .
150 : .
1 m 1 Oct4
0 . o h ..:I..l u:l.lnl.l..a.l 5ol “Ll...l ldbk buim ani R ) sdw
50 ' '
! i ! M Sox2
L odud Ve Lhba i e bhdidi 7| IR T VPR T Y TYP s skt sa al o .
1
. ATAC-seq
i
1

H3K27ac
H3K27me3
‘‘‘‘‘‘ - Genes
B 1 1 1 1 1 1 1
52,146 52,148 52,150 52,152 52,154 52,156 52,158 Kb
e
e STARR-seq
1 v
275 , '
' ' Nanog
of _ I _oah A _ B
150 1 1
m ! Octa
58 ] [ . A .I H?IA - -
1 1 Sox2
g = om A Mo PR vl ...L.‘ALL'.LIA PR W -
Vo ATAC-seq
0 N
3 1 1
v H3K4mel
0
25 1 1
' X H3K27ac
0 1 1
5 R
1 1 'I - H3K27me3
0
el Geres

Hoxa1

Fig. 2.7: Examples for an active NANOG binding enhancer and inactive NANOG binding
site. (A) Genome browser screenshot for a previously described active NANOG binding enhancer
upstream of the Nanog gene [223]. Signal tracks shown include from top to bottom: STARR-seq
log2(FC) (orange); TF ChIP-seq for NANOG, OCT4 and SOX2 as background subtracted signals
(green); ATAC-seq signal as CPMs (purple); histone PTM ChIP-seq signal for H3K4mel, H3K27ac
and H3K27me3 normalised to CPM (red). The bar along the top denotes genomic position along
chromosome 6. (B) Genome browser screenshot for a previously described inactive NANOG binding

site upstream of Hoxal [222]. Signal tracks as in (A).

Taken together, this analysis established our definition of bona fide enhancers and inactive
NANOG TFBS from ChIP STARR-seq data. Active enhancers showed the expected ability to



_Deciphering the sequence encoded regulatory logic of NANOG binding enhancers

drive transcription from a minimal promoter. In contrast, inactive TFBS were highly engaged
by NANOG but did not function as active enhancers in the ESC ground-state (2i) conditions.
Moreover, we could find supporting evidence for both classes of NANOG binding sites in

the literature.

2.3.4 | Transcription factor binding at active enhancers
and inactive TFBS

Having classified NANOG binding sites into active enhancers and inactive TFBS, we asked
if these sites displayed differential binding of core-pluripotency factors including NANOG,
OCT4 and SOX2 [183]. As expected, NANOG showed the smallest average difference
in binding signals between active and inactive sites (Fig. 2.8B). However, comparison of
Nanog signal distributions over all sites revealed significantly higher ChIP-seq enrichment
within active enhancers (median,eive = 2.9, medianiyactive = 2.54, p < 2.2 - 10719, one-
sided Wilcoxon test). The STARR-seq and Nanog ChIP-seq signals showed no correlation
among active enhancers (R = —0.07) and only weak correlation at inactive binding sites
(R = 0.26) (Fig. 2.8A, B). Both OCT4 and SOX2 display substantial binding to active
and inactive sites (Fig. 2.8C, D). However, the TFs show greater occupancies at active
enhancers (OCT4: mediang.sive = 0.15, medianiygerive = —0.16; SOX2: medianggsive = 0.58,
medianiygcrive = 0.19; both: p <2.2- 10~ 16, one-sided Wilcoxon test). Neither, TF signal
is correlated with the STARR-seq signal within active enhancers (SOX2: R = 0.02; OCT4:
R = 0.05) and only weakly correlated among inactive TFBS (SOX2: R = 0.17, OCT4
R =0.14; Fig. 2.8A, C, D).
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Fig. 2.8: NANOG, OCT4 and SOX2 binding, measured by ChIP-seq, at active enhancers and
inactive TFBS. Heatmaps visualise (A) STARR-seq signal as log2(FC) over vector library and (B)
NANOG, (C) OCT4, (D) SOX2 ChIP-seq signal as log2(FC) over input for =5kb around active
enhancer (red metaprofile) and inactive TFBS (blue metaprofile) region summits. Upper panels of
the heatmap corresponds to active enhancers and lower panels to inactive NANOG TFBS. Rows are
ordered according to STARR-seq signal.

The ChlP-seq assay itself comes with its own obstacles and biases; for example formaldehyde
cross-linking might result in false-positive binding sites [218]. To rule out these artefacts in
our observations, we sought to confirm independently TF binding to these sites by profiling
methods that do not rely on formaldehyde cross-linking, such as CUT&RUN [119]. We
made use of a recently published CUT&RUN dataset for NANOG, OCT4 and SOX2 [120].
This analysis confirmed that all three TFs bind to both classes of NANOG peaks (Fig. 2.9A).
Further, all three TFs showed significantly higher engagement to active enhancers rather than
inactive binding sites (NANOG: median,ctive = 0.99, medianipacrive = 0.8, p < 2.2-10716;
OCT4: mediangcsive = 0.58, medianiyacrive = 0.58, p=5.4- 10714, SOX2: mediangeive =
0.8, median;ygerive = 0.52, p < 2.2 10~16, one-sided Wilcoxon test; Fig. 2.9B). Comparison
with CUT&RUN data further evidenced that observed STARR-seq signal was not correlated
to TF binding signals in active enhancers (NANOG: R = 0.06, OCT4: R = 0.04, SOX2:
R = 0.08) nor in inactive TFBS (NANOG: R = 0.09, OCT4: R = 0.05, SOX2: R =0.11).
Although this analysis confirmed binding of NANOG, OCT4 and SOX2 to both classes
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of NANOG peaks, it also supported weaker binding of these TFs to inactive TFBS. These
observations lead to a fundamental question of whether there is less TF engagement to
inactive TFBS within ESC populations.
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Fig. 2.9: CUT&RUN signal for NANOG, OCT4 and SOX2 at active enhancers and inactive
TFBS. (A) Metaprofiles visualising average CUT&RUN binding signal of NANOG, OCT4 and SOX2
at active enhancers (red) and inactive binding sites (blue). (B) Violin plot comparison of CUT&RUN
NANOG, OCT4 and SOX2 signals within active enhancer and inactive binding sites (summed within
4250bp around summit). P-values from one-sided Wilcoxon test.

To answer this question, we utilised ATAC-seq a technique to profile open-chromatin by
sequencing adapter insertion with a hyperactive Tn5 transposase [131, 224]. This method
results in fractions of different fragment lengths representing either occupancy of TF or
other chromatin associated proteins (< 140bp), mono-nucleosomes (> 141bp & < 320bp)
or longer nucleosome arrays (> 320bp). Our initial observation was that both NANOG peak
classes exhibited significant enrichment of TF fragments compared with genomic background
(p < 2.2-107'®, Binomial test). In contrast, only inactive binding sites showed a significant
enrichment for nucleosome fragments (inactive: p < 2.2-10719, active: p = 0.14, Binomial
test). Comparison of fragment length distributions revealed a higher proportion of TF frag-
ments overlapping active enhancers and more mono-nucleosomes fragments within inactive
binding sites (Fig. 2.10A). Nevertheless, most NANOG peaks, independent of their activity,
showed more TF fragments than expected but active enhancers were significantly higher
enriched than inactive binding sites (p < 2.2 - 10~ 1°, one-sided Wilcoxon test; Fig. 2.10B
right panel). This was further supported by a well-defined TF footprint around the OCT4-
SOX2-TCEF-NANOG composite motif detectable in both NANOG peak classes (Fig. 2.10D).
This observation provided further support for NANOG engagement to inactive TFBS. In

contrast, most inactive binding sites showed more mono-nucleosome fragments than expected
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(p < 2.2-107'%, one-sided Wilcoxon test; Fig. 2.10B left panel). Active enhancers showed

on average not more mono-nucleosome fragments than expected.
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Fig. 2.10: TF and nucleosome occupancy as measured by ATAC-seq in active enhancers and in-
active binding sites. (A) ATAC-seq fragment length distribution stratified for all fragments (genome-
wide, black), active enhancers (red) and inactive binding sites (blue). (B) Enrichment of TF fragments
(< 140) and nucleosome fragments (> 140) as log2 observed over expected for each peak. P-value
from two-sided Wilcoxon test. (C) Average NucleoATAC nucleosome occupancy scores for +£2.5kb
around peak summits for either active enhancers (red) or inactive binding sites (blue). (D) TF footprint
of Tn5 insertions around NANOG-SOX2-OCT4 motif matches from either active enhancers (red) and
inactive binding sites (blue).

To follow up on the depletion of nucleosome fragments from active enhancers we performed
nucleosome calling using NucleoATAC [136]. The extracted nucleosome signal revealed for
both NANOG peak classes two flanking mono-nucleosomes on average but higher nucleo-

some depletion within peaks in active enhancers (Fig. 2.10C). This was further supported by
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the significant enrichment of nucleosome free regions (NFR; determined with NucleoATAC)
overlapping active enhancers compared with inactive binding sites (p = 7.46- 107>, one-
sided Fisher’s exact test). Our ATAC-seq analysis confirmed that inactive TFBS exhibited a
higher nucleosome density and less TF binding compared with active enhancers under ESC

ground-state (2i) conditions.

The previous observations of less TF engagement at inactive binding sites led us to ask if
there are other TFs which might co-bind with Nanog or if we could find evidence that these
sites were occupied by any other TFs in differentiated cells. To answer these questions we
performed enrichment analysis of TF ChIP-seq peaks using two different databases called
LOLA (545 TF ChIP-seq samples) and Cistrome (2,381 TF ChIP-seq samples; Fig. 2.11)
[192, 193]. Results are presented as volcano-like plots in which the x-axis corresponds
to log2(0Odds) from a one-sided Fisher’s exact test as measure of enrichment and the y-
axis displays the Matthews Correlation Coefficient (MCC) as measure of predictive power
computed from the same contingency table (see Methods; Fig. 2.11A, B). At first glance
this analysis confirmed our previous observations regarding TF binding at active enhancers.
We observed higher enrichment and predictive power for TFs that are already described in
the literature for their association with pluripotency including SOX2, ESRRB, POUS5FI,
NR5A2, NROB1 and SMAD?3 [220, 225]. Even NANOG peaks from these public datasets
showed higher enrichment for our set of active enhancers, suggesting a dependence on
the peak calling procedure (Fig. 2.11A). Interestingly, OTX2 and RARA peaks exhibited
higher enrichment within active enhancers, although both TFs were more involved in ESC
differentiation [226, 227]. In contrast, inactive binding sites showed only enrichment of
ZFP57 peaks from ChIP-seq in ESCs, a factor which was previously described as being
involved in imprinting and maintenance of repressive histone marks [228]. Moreover, we
observed enrichment of various factors best known for their functions in differentiated
tissues including TBXS, TBX6, GATA2, NEUROD2, ERG, RUNX1 and MYC (Fig. 2.11A,
B). Binding of these regulators in differentiated cells might point towards a role of these
inactive TFBS beyond the pluripotent cell state. For example, a recent publication suggested
that pluripotency factors might serve as bookmarking factors at regulatory elements which

become active during differentiation [229].
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Fig. 2.11: Differential enrichment analysis of TFs between active enhancers and inactive bind-
ing sites. Volcano-like plot visualisation of ChIP-seq peak enrichment analysis results for known TFs
[63]. ChIP-seq peaks were obtained from (A) LOLA (B) Cistrome databases [192, 193]. Log-odds
values from Fisher’s exact tests were plotted against Matthews correlation coefficient (MCC). Colour
gradient encodes —/og10(FDR) derived from Fisher’s exact test followed by Benjamini-Hochberg
correction. Top 8 most enriched and predictive features were labelled.

Taken together, we showed that active enhancers exhibited all TF related features that
represent bona fide enhancer elements, such as engagement by various TFs, including key
pluripotency regulators and nucleosomes depletion. At inactive sites, we also observed
NANOG binding, but in contrast found high nucleosome densities as well as revealing

potential TF binding.

2.3.5 | Chromatin features of active enhancers
and inactive TFBS

Another important hallmark of enhancers is the chromatin signature associated with these
regulatory elements [83, 230]. It is established that the histone marks H3K4mel without
H3K27ac identifies so called primed enhancers, while the presence of H3K27ac marks active
enhancers [230, 161]. We asked whether we recovered these histone PTM signatures in our
active enhancers and what chromatin context our inactive TFBS showed. First, we examined
chromatin accessibility within both Nanog binding site classes, again using published ESC 2i
ATAC-seq data [224]. Additionally, to previous observations of differential TF/nucleosome

engagement, this revealed that active enhancer regions exhibited significantly higher accessi-
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bility compared with inactive binding sites (mediangctive = 2.96, medianiygcrive = 2.37, p <
2.2-10716, one-sided Wilcoxon test). Nevertheless, independent of their activity all Nanog
peaks showed enrichment of ATAC-seq fragments and therefore accessibility (Fig. 2.12B).
Overall no correlation between chromatin accessibility and STARR-seq signal was observable
for both peak sets (active: R = 0.14, inactive: R = —0.02). Next, we examined published
ChIP-seq datasets for H3K4mel, H3K27ac and the repressive mark H3K27me3 [231]. The
primed enhancer mark H3K4mel was observed at active enhancers and inactive TFBS
in nearly indistinguishable amounts (mediangeive = 1.03, medianiygcrive = 1.02, p = 0.92,
two-sided Wilcoxon test; Fig. 2.12C). As expected, H3K27ac showed higher levels at ac-
tive enhancers compared with inactive TFBS (median,give = 2.27, medianiygerive = 0.714,
p<22- 10719, one-sided Wilcoxon test; Fig. 2.12D). In contrast, H3K27me3 showed much
higher levels at inactive TFBS (medianaeive = 0.19, medianipacrive = 0.31, p < 2.2-10716,
one-sided Wilcoxon test; Fig. 2.12E). Interestingly for all three histone marks a clear NFR
was apparent around the centre of NANOG binding sites (Fig. 2.12C, D, E). We did not
observe a correlation between STARR-seq signal and one of the three histone marks neither
within active enhancers (H3K4mel R =0.11, H3K27ac R = 0.18, H3K27me3 R = —0.12)
nor for inactive TFBS (H3K4mel R = 0.023, H3K27ac R = 0.05, H3K27me3 R = —0.11).
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Fig. 2.12: Histone PTM ChIP-seq and ATAC-seq signal around active enhancers and inactive
TFBS. Heatmaps show (A) STARR-seq signal as log2(FC) over vector library, (B) ATAC-seq signal as
CPM and (C) H3K4mel, (D) H3K27ac, (E) H3K27me3 ChIP-seq signal as counts per million (CPM)
for +5kb around active enhancers (red metaprofile) and inactive binding sites (blue metaprofile)
region summits. Upper panels of the heatmap corresponds to active enhancers and lower panels to
inactive TFBS. Rows are ordered according to STARR-seq signal.
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Due to observable differences in the chromatin landscape of active enhancers and inactive

TFBS, we asked if there might be other histone modifications that differentiate them. In
order to examine this, we performed differential enrichment analysis using Fisher’s exact
test in combination with histone modification peaks from the Cistrome database [193].
The database includes 5,005 ChIP-seq samples for various histone modifications and cell
types, including 1,093 ESC samples for 35 different histone marks. This analysis revealed
differential enrichment of H3K27ac ChIP-seq peaks, from ESC as well as iPSC, for our active
enhancer set and thereby confirmed our observation above (Fig. 2.13, 2.12D). Moreover,
H3K9ac, another activating histone acetylation, as well as H3.3, which was previously
associated with active enhancer elements showed enrichment in our active enhancer set [232,
230].
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Fig. 2.13: Differential enrichment analysis of histone modifications between active enhancers
and inactive TFBS. Volcano-like plot visualisation of histone modification ChIP-seq peak enrichment
analysis results. Histone modification ChIP-seq peaks were obtained from the Cistrome database
[193]. Log-odds values from Fisher’s exact tests were plotted against Matthews correlation coefficient
(MCC). Colour scale encoded —log10(F DR) derived from Fisher’s exact test followed by Benjamini-
Hochberg correction. Top 8 most enriched/predictive features were labelled for mESC and top 3
features were labelled for other cell types.

On the other hand, inactive TFBS exhibited enrichment of H3K4mel and H3K4me2 in ESC
but also in more differentiated tissues and cell types (Fig. 2.13). Both histone modifications
were previously described as histone modifications marking primed enhancers [230]. The

second most highly enriched histone modification for the inactive TFBS was H4R3me?2,
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which was previously characterised as a repressive mark as well as being involved in recruit-
ing DNTM3A to establish DNA methylation [233]. Finally, this analysis provided additional
support for the enrichment of repressive H3K27me3 at inactive TFBS (Fig. 2.13).

Histone marks are established by so called epigenetic writers, which are chromatin associated
proteins that can covalently modify (e.g. methylate or acetylate) histone side chains [234].
Therefore, we hypothesised that the observable differences in H3K27me3 and H3K27ac
should be accompanied by similar differences in binding of associated proteins. To test
this we again performed ChIP-seq peak enrichment analysis using LOLA and Cistrome
with access to 88 and 473 ChIP-seq samples respectively for chromatin associated proteins
(Fig. 2.14) [192, 193]. We observed enrichment of the histone acetylase EP300 and its
associated co-activator CREBBP which are both crucial for H3K27ac modification [235].
EP300 was previously suggested as predictor for enhancer activity [236]. Moreover, various
other chromatin binding proteins previously linked to enhancer activity were found to be
enriched in our active enhancer set, including: ASH2L, BRD4, CDKS8, CDK9, HDACI,
HDAC2, KDMI1A and MEDI1 [237, 238, 239, 240, 241, 56]. For the inactive binding
sites, we observed enrichments of EZH2 and SUZ12 which are part of the Polycomb
repressive complex (PRC2) as well as JARID2 and ATRX which both direct PRC2 function
to its target sites [242, 243]. Besides these PRC2 associated proteins, we also detected
enrichment of KDM2B and UTF1. KDM?2B function was previously described as a repressor
of developmental genes through recruitment of PRC1 [244, 245]. UTF1 was previously
associated with transcriptional regulation from bivalent chromatin [246].
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Fig. 2.14: Differential enrichment analysis of chromatin associated proteins between active
enhancers and inactive TFBS. Volcano-like plot visualisation of ChIP-seq peak enrichment analysis
results for chromatin associated proteins (excluding TFs). ChIP-seq peaks were obtained from (A)
LOLA and (B) Cistrome database [192, 193]. Log-odds values from Fisher’s exact tests were plotted
against Matthews correlation coefficient (MCC). Colour scale encoded —/og10(FDR) derived from
Fisher’s exact test followed by Benjamini-Hochberg correction. Top 8 most enriched and predictive
features were labelled.

Taken together, the data revealed differences in the chromatin landscape associated with
active enhancers compared with inactive TFBS. NANOG binding active enhancers were
characterised by higher levels of chromatin accessibility as well as H3K27ac enrichment.
In contrast, inactive NANOG binding sites showed lower levels of accessibility and were
enriched for the PRC2 repressive mark H3K27me3. In both cases we validated these
observations using ChIP-seq data from database collections and found further support in the

specific enrichment of chromatin associated proteins.

2.3.6 | Nascent transcription of ncRNA from active enhancers
and inactive TFBS

Yet another known hallmark of active transcriptional enhancers is the transcriptional output
of ncRNAs called enhancer RNAs (eRNAs) [161]. In order to quantify eRNAs we made use
of a previously published GRO-seq dataset [247]. GRO-seq is a technique which profiles
RNA from nascent transcription by bromouridine labelling [159]. We observed bi-directional

nascent transcription for our active enhancers (Fig. 2.15A). Inactive binding sites also showed
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some bi-directional expression pattern but to a lesser extent than active enhancers. This was in
line with previous literature describing this as an important feature of enhancers [36]. Active
enhancers exhibited statistically significantly higher nascent eRNA transcription compared
with inactive TFBS (p < 2.2- 10719, one-sided Wilcoxon test; Fig. 2.15B). However, there
was no correlation between eRNA abundance and STARR-seq signal (active: R = 0.11,
inactive R = —0.01). In summary, in this section we confirmed that our active enhancers

recover the previously described feature of bi-directional eRNA expression.
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Fig. 2.15: Nascent transcription of ncRNAs at active enhancers and inactive binding sites. (A)
Metaprofile summarises strand-specific nascent transcription, measured by GRO-seq, +5kb around
the summit of active enhancers (red) and inactive binding sites (blue). Line type indicates strand.
GRO-seq signal was normalised to counts per million (CPM). (B) Violin plot shows sum of signal
within a +250bp window around the summit of active enhancers and inactive TFBS. P-value from
one-sided Wilcoxon test.

2.3.7 | Chromatin-chromatin interactions of active enhancers
and inactive TFBS

It has been suggested in that transcriptional enhancers influence gene expression by physical
interaction with their target promoter in a spatial context [42]. Therefore, we asked if active
enhancers and inactive TFBS would show observable differences in their three-dimensional
interactions. To address this, we utilised chromatin-chromatin interactions from a previously
published capture DHS Hi-C dataset [145]. Capture Hi-C, like all other 3C methods, first
digests cross-linked DNA with a restriction enzyme and then ligates the ends of fragments

which were in close proximity to each other [248]. This gives the experiment a resolu-
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tion limit that depends on the employed restriction enzyme and the density of restriction

sites in the profiled genome. After stringent filtering (see Methods), we ended up with
472,961 significant interactions between 113,111 genomic fragments defined by DpnlI di-
gests. Mapping our NANOG peaks to these digests revealed that 85.9% (3,013/3,508) of
active enhancers and 84.8% (2,407/2,838) of inactive TFBS were unambiguously mappable
to one of them. To avoid potentially biasing the analysis by multiple assignments, we
removed 430 digests overlapping with more than one NANOG peak, which were associ-
ated with 3.4% (15,996/472,961) of all chromatin-chromatin interactions. In total, active
enhancers and inactive TFBS were involved in 84,193 interactions, which were used in the
following downstream analysis. We grouped interactions into three categories depending
on whether the other of the contact involved a promoters (P), another NANOG peak, or any
other (O) genomic element (Fig. 2.16A). We also grouped interactions depending whether
the NANOG peak overlapped with the bait or OE fragment. This revealed that, independent
of the category, most interactions are between a NANOG peak and other genomic elements
such as insulators (inactive-O OE=29.90%, active-O bait=38.90%; Fig. 2.16A). In contrast,
between 9.00%-12.10% of all interactions were with promoter elements and, even more
infrequently, between each other. Inactive-inactive interactions were the least observed
comprising only 2.00% of interactions. Since active enhancers and inactive TFBS showed
similar preferences of interaction partners, we examined if there are any differences in other
interaction features such as strength (CHiCAGO score), number of interactions or distance;
however, we did not find any significant differences between active enhancers and inactive
TFBS (Fig. 2.16B, C, D) [148]. Our initial analysis of interaction types led us to the question
if there might be differences in terms of interactions with other genomic regions. To address
this, we obtained a recently published high-confidence interaction dataset, which was based
on the same capture Hi-C experiments as our analysis, but annotated with various other
regulatory elements [199]. Active enhancers exhibited significant enrichment of two interac-
tion types including "Strong enhancer" to "Strong enhancer" as well as "Weak promoter" to
"Strong enhancer" (Fig. 2.16E; FDR =6.3 - 10~*7, FDR = 104, two-sided Fisher’s exact
test followed by Benjamini-Hochberg correction). These observations were in line with
previous observed differences in histone PTM ChIP-seq (Fig. 2.12). In contrast, inactive
TFBS showed significant enrichment of 15 different interaction types (Fig. 2.16E). Amongst
the most abundant of these interactions were "CTCF binding site" to "Strong promoter",
"Bivalent promoter" to "CTCF binding site" and "Bivalent region" to "Bivalent promoter"
(FDR=17.9-10"1, FDR=17.9-10"'2, FDR = 5.6- 1079, two-sided Fisher’s exact test fol-
lowed by Benjamini-Hochberg correction). These observations are in line with our previous
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analysis showing H3K27me3 enrichment as well as differential enrichment of CTCF at our
inactive binding sites (Fig. 2.11 & Fig. 2.12). In summary, no significant differences were
observable for basic interactions features such as interaction strength, number or distance
between active enhancers and inactive enhancers. However, we found that the chromatin
state of interacting regions was specific to active and to inactive sites and were in line with

our previous observations of their respective chromatin landscape.
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Fig. 2.16: Chromatin-chromatin interactions of active enhancers and inactive binding sites.
(A) Summary of interaction types involving active enhancers and inactive TFBS including amongst
themselves, with promoters (P) or other (O) genomic elements. Colours encode if NANOG peak
was overlapping digest which was baited (blue) or "other ends" (OE) (orange). (B) Comparison of
interaction strengths as measured by CHiCAGO scores [148]. (C) Comparison of the number of
significant interactions made by a peak. (D) Comparison of interaction distances between baited
fragments (left panel) and OE fragments (right panel). Colour encodes if the respective fragment
was overlapping with active enhancer (red) or with an inactive binding site (blue). P-values from
two-sided Wilcoxon test. (E) Differential Chromatin state enrichment analysis between interactions
outgoing from active enhancers compared with inactive binding sites. Heatmaps visualising log-odds
(left) and Benjamini-Hochberg corrected p-value (right) from Fisher’s exact test.
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2.3.8 | Influence of active enhancers and inactive TFBS
on gene expression

The most important feature of transcriptional enhancers is their ability to enhance transcrip-
tional output of their target gene [42]. Therefore, we investigated if there were observable
differences in target gene expression of active enhancers and inactive TFBS. To examine
these relationships robustly, we performed the following analysis based on three different
approaches of assigning NANOG peaks to genes (see Methods). First, we assigned peaks to
target genes based on published DHS capture Hi-C data from ground-state (2i) ESC [145].
Target genes were grouped into three categories depending whether they interact only with
active enhancers ("active’), with both types (’both’) or only with inactive TFBS (’inactive’).
Using the DHS capture Hi-C, we obtained 1,592 active, 920 both and 1,576 inactive target
genes. Comparing their RNA-seq expression levels revealed significant differences between
all three of them (Fig. 2.17A). Genes interacting with both types of peaks showed highest
median expression, whereas genes only interacting with inactive TFBS showed the lowest
expression. However, the DHS capture Hi-C data we used had a mean resolution of 3,676bp
which made the definitive assignment of peak-gene pairs impossible. Therefore, we next used
a previously published high-resolution capture Hi-C dataset resolving interactions of regions
below 1,000bp [146]. This dataset was generated under primed (serum) ESC conditions.
However, a recently published study suggested only marginal changes in enhancer promoter
interactions between 2i and serum ESC [199]. Using these high-resolution interactions, we
could assign 465 active, 50 both and 273 inactive target genes. Again, the three target gene
sets showed significant differences between each other (Fig. 2.17B). Genes interacting with
both peak types exhibited the highest median expression while those only interacting with
inactive TFBS showed the lowest expression. Finally, we performed a similar analysis using
GREAT, a tool to assign nearby genes to peaks [128]. This approach defined 2,688 active,
1,588 both and 2,002 inactive target genes. Comparison of RNA-seq expression revealed only
significant differences between active/both and inactive/both (Fig. 2.17C). Genes assigned to

active enhancers and inactive binding sites appearing equally low expressed.
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Fig. 2.17: Expression of active enhancers and inactive TFBS target genes. Violin plots showing
gene expression as measured by RNA-seq for three different target gene sets based on (A) DHS
capture Hi-C from Joshi ef al, (B) high resolution capture Hi-C from Sahlen et al and (C) nearby
gene association with GREAT. Genes were stratified into those only interacting with active enhancers
(Cactive’, red), active as well as inactive sites ("both’, green) and inactive TFBS only (’inactive’,
blue). RNA-seq counts were normalised to transcripts per million (TPM). P-values from two-sided
Wilcoxon test. (D) Pathway enrichment for the three different target gene sets and stratified according
to interaction preference. Dot size corresponds to number of genes overlapping with pathway. Colour
gradient encodes —log10F (F DR) from one-sided Fisher’s exact test followed by Benjamini-Hochberg
correction. Pathway information was downloaded from WikiPathway [201].

Next, we investigated the cellular functions of the genes from the three different gene
sets by performing a pathway enrichment analysis. This showed significant enrichment
of genes involved in the pluripotency network ("PluriNetWork”) for all three target-gene
assignment approaches (Fig. 2.17D). Although, for the Joshi et al capture Hi-C and GREAT
approach, genes interacting with both showed significant enrichment (FDR = 1.53-1073,
FDR = 9.8-10~°, Benjamini-Hochberg corrected one-sided Fisher’s exact test). In contrast,
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gene sets based on the Sahlen et al capture Hi-C showed enrichment of this pathway in

the active gene set (FDR = 3.46- 1073, Benjamini-Hochberg corrected one-sided Fisher’s
exact test). Thus, providing additional support for the specificity of our active enhancer set.
Interestingly, we observed significant enrichment of the "neural crest differentiation” pathway
amongst genes associated with inactive TFBS for all three approaches (Joshi FDR = 0.02,
Sahlen FDR = 0.0002, GREAT FDR = 0.005, Benjamini-Hochberg corrected one-sided
Fisher’s exact test). This observation is in line with previous publications describing NANOG
as marker for neural crest stem cells in chick but also as major repressor of neural crest
differentiation in human ESC [249, 250].

Taken together, in this section we showed that genes associated with active enhancers or both
showed higher expression than genes linked to inactive TFBS. Further we could provide
evidence that our active enhancers physically contact key pluripotency genes whereas inactive

TFBS interact with genes involved in differentiation/development.

2.3.9 | Differences in core-promoter architecture of
active enhancers and inactive TFBS

Recent studies revealed an intrinsic specificity between enhancer elements and certain core
promoter architectures of their target genes [47, 48]. This means that observable enhancer
activities in our ChIP STARR-seq assay might depend on the minimal promoter used in
the screening vector. Therefore, we examined whether our set of inactive TFBS were truly
inactive or just lacked the ability to enhance transcription in combination with the pGL3
minimal promoter. To rule out such a potential bias, we made use of our three target gene sets
to perform a differential core-promoter element enrichment analysis (see Methods). For both
capture Hi-C gene sets, we found no any significant differences in terms of core-promoter
enrichment (Fig. 2.18A, B). Only the nearby gene set assigned by GREAT showed significant
differences in GC-box enrichment (F DR = 0.01, Benjamini-Hochberg corrected two-sided
Fisher’s exact test). Since two out of three gene sets did not show any significant differences
in terms of core-promoter enrichment between both classes, we conclude that there is only
weak evidence for differential core-promoter usage between the two NANOG binding classes.
Moreover, considering our previous observations revealing differences in terms of TF binding
and associated chromatin landscapes, we excluded the possibility that these observations

could be an artefact of our experimental design.
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Fig. 2.18: Enrichment of core-promoter elements in target gene sets assigned to active enhancer
and inactive TFBS. Differential core-promoter enrichment between gene sets associated with active
enhancers and inactive binding sites. Gene sets were derived from (A) Joshi et al (2015) capture Hi-C,
(B) Sahlen et al (2015) capture Hi-C and (C) assignment of nearby genes using GREAT. Log-odds
were computed with a two-sided Fisher’s exact test comparing active and inactive genes. P-values
were derived from same two-sided Fisher’s exact test and Benjamini-Hochberg corrected.

2.3.10 | Predicting active enhancers and inactive TFBS
from DNA sequence alone

Our prior analysis uncovered substantial differences, in TF binding, local chromatin land-
scape and putative target gene expression between active enhancers and inactive TFBS. These
characteristics influence each other; for example binding of some TFs depend on chromatin
accessibility which in turn depends on histone modifications [42, 34]. On the other hand,
histone modifications are dependent on the recruitment of co-factors following specific TF
binding [42, 34]. Ultimately, all these processes are encoded in the DNA sequence itself to a
certain extent via TF binding motifs and other sequence patterns. This means if a particular
Nanog binding site corresponds to an active enhancer, information on this is encoded in its
underlying DNA sequence. We therefore asked what sequence features were predictive to

distinguish active enhancers from inactive TFBS.

To answer this question, we made use of three different machine learning algorithms and
trained them on DNA sequence features to classify active enhancers and inactive TFBS. These
models include gradient boosted machines (GBM), gapped-kmer support vector machines
(gkm-SVM) and convolutional neural networks (CNN) [211, 208, 210]. In the following
sections, we will discuss how we defined input features, optimised model hyperparameters

and performed model training.
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Sequence feature selection, GBM training and hyperparameter selection

We first trained GBMs, a tree-based model, since these are known to have a good trade-
off between performance and interpretability [211]. However, before training a GBM it
was necessary to extract and select meaningful features from DNA sequences underlying
NANOG peaks. To achieve this, we devised a novel two-step strategy for TF selection using
previously published proteomics datasets in combination with TF binding predictions using
position weight matrix (PWM) scoring. In the first step, we performed a meta-analysis
of NANOG co-binding TFs as measured by ChIP-SICAP as well as the chromatin-bound
proteome (Chromatome) in ESCs to define biologically meaningful features [204, 205].
This revealed 29 Nanog co-binding TFs which were detectable independent of study and
experimental design (2i vs serum compared with ChIP vs no antibody; Fig. 2.19A). Amongst
these NANOG co-binding TFs we found well known pluripotency factors such as SOX2,
OCT4 and ESRRB [183]. We also defined a second feature set as a control, consisting of the
remaining 86 TFs detected in the whole chromatin proteomics but not overlapping with the
NANOG ChIP-SICAP dataset, indicating no co-binding with NANOG (Fig. 2.19A). The
control set contained ubiquitously expressed factors such as SP1 and CTCEF but also ESC
specific factors such as ZIC3, KLF2 and TCF3 [251, 252, 253]. Comparison of NANOG
co-binding and control TFs revealed differences in their TF family affiliation; for example
ARID binding TFs were specific NANOG co-binders while bZIP TFs could only be found
among control TFs (Fig. 2.19B). To further ensure the validity of our NANOG co-binding
TFs, we performed pathway enrichment analysis using pathway gene sets from WikiPathway
[201]. This confirmed the enrichment of both TF sets in the pluripotency network and
revealed enrichment of nuclear receptors among the NANOG co-binding TFs (Fig. 2.19C).
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Fig. 2.19: Proteomics meta-analysis of published Nanog co-binding proteins and ESC Chro-
matome. (A) Upset plot showing overlap between TFs sets from three different proteomics datasets
including chromatin-associated proteome (2i vs. serum) and NANOG co-binding proteins in either [P
vs. no antibody or 2i vs. serum comparison [204, 205]. TFs were divided into two different classes,
consensus NANOG co-binding TFs (red) and control TFs (grey). All other TFs were not considered
in the downstream analysis. The top bar plot shows the number of TFs belonging to each set. The
coloured dots underneath denote which set is being displayed. To the left of this, the total number of
TFs taken from each study is shown in a bar plot. (B) Composition of TF families in in either set of
NANOG co-binding (red) or control (grey) TFs). (C) Enrichment of WikiPathway terms in either set
of NANOG co-binding (red) or control (grey) TFs. FDR from one-sided Fisher’s exact test followed
by Benjamini-Hochberg correction.

Having established a credible set of potential regulators of enhancer activity, we next aimed
to associate each TF with a corresponding PWM. To achieve this, we made use of a recently
published TF motif database comprised of 5,594 PWMs for 1,210 TFs [63]. However, the
motif library contained multiple PWM matches for individual TFs; for example SOX2 was
associated with 25 PWMs. Instead of using all TF-PWM links which would dramatically
increase the number of features and would lead to a lot of redundancy, we developed a
method to prune TF-PWM links in order to reduce the number of features. Briefly, each
PWM was matched to NANOG binding site sequences and resulting scores were used to
distinguish between active enhancers and inactive TFBS using the area under ROC curve
(auROC) as measure of predictive power (for more details see Methods). We observed
that PWMs belonging to the nuclear receptor family were highly predictive for active
enhancers (Fig. 2.20A). More specific ESRRB (auROC = 0.66) and NR5A2 (auROC = 0.65)
were among the TFs associated with the most predictive PWMs and also experimentally
determined as NANOG co-binding TFs. PWMs associated with SOX2 (auROC = 0.6)
and OCT4/POUSF1 (auROC = 0.59) also provided information to distinguish active from
inactive sites. On the other hand, we found that PWMs belonging to the zinc finger and E2F
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TF families showed higher association with inactive binding sites. Among them we found
the following Nanog co-binding TFs: DNMT1 (auROC = 0.61), NROB1 (auROC = 0.59),
PATZ1 (auROC = 0.59), HES1 (auROC = 0.59) and TET1 (auROC = 0.58). In order to
prune putative TF-PWM links, we selected, for each TF in our control and NANOG co-

binding set, the PWM which maximises auROC and therefore showed the highest predictive
potential (Fig. 2.20B). Additionally, we selected all PWMs auROC > 0.6 as a third feature
set ("All pred") to later train another GBM model as control for this step. To summarise,
our proteomics meta-analysis combined with PWM scoring and TF-PWM link pruning
resulted in three distinct feature sets: all predictive PWMs ("All pred"), PWMs of NANOG
co-binding TFs ("NANOG co-binding") and PWMs of chromatin associated TFs ("Ctrl").
To complete these feature sets, we added dinucleotides, in order to account for potential
missing sequence features and make these models more comparable to the gkm-SVM and
CNN approaches. Finally, we trained GBMs for each one of our three feature sets while
also optimising model hyperparameters including the number of boosting iterations and tree
depth (Supp. Fig.A.1A-C; see Methods).
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Fig. 2.20: Predictive power of single PWMs for enhancer activity of NANOG binding sites. (A)
Volcano like plot illustrating the difference in median motif scores for each PWM against the predictive
power, as measured by auROC. The best PWMs for NANOG co-binding TFs with auROC > 0.58
were labelled in the plot. Colours indicate the TF family of each predictive PWM (auROC > 0.6).
(B) Comparison of predictive power as measured by auROC for our final three feature sets including:
all predictive PWMs (light grey), control co-binding TFs (dark grey) and NANOG co-binding TFs
(red). PWMs not selected as features were summarised as "others" (black). P-value from one-sided
Wilcoxon test.
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gkm-SVM hyperparameter selection and training

Second, we trained a gkm-SVM classifier to distinguish active enhancers from inactive
binding sites. This method first computes a feature set based on gapped k-mers and then
trains an SVM to distinguish classes [208]. Input features are obtained using three adjustable
hyperparameters which can be optimised: k-mer length (L), gap length (K), and number
of informative columns (NM; see Methods). We performed an exhaustive grid search to
optimise these hyperparameters by 10-fold cross-validation training (Supp. Fig.A.2). The
best parameters were selected based on maximisation of area under precision-recall curve
(auPRC), which was auPRC = 0.836 for following parameters L = 11, K = 6, NM = 3. The

resulting hyperparameters were used to train our final gkm-SVM model.

CNN training and hyperparameter selection

Third, we trained convolutional neural networks (CNNs) to classify active enhancers and
inactive TFBS. One advantage of these models is that they are so-called end-to-end models
meaning that no a priori feature selection was necessary, rather allowing direct learning from
the DNA sequence itself [210]. We iteratively trained CNNs directly on the one-hot encoded
Nanog peak sequence while simultaneously performing a hyperparameter search using Tree-
structured Parzen Estimator (TPE) to find the best CNN architecture (see Methods) [209]. To
avoid overfitting, we kept track of the loss and MCC for both training and validation datasets.
Both datasets the loss and MCC plateaued on the validation set after approximately 80 epochs
(Supp. Fig.A.3A). One draw-back with this training strategy is that the network weights were
initialised randomly, thus necessitating a large training dataset to learn distinguishing features.
Since we only had a limited number of examples, we made use of another training strategy
called transfer learning which should reduce the amount of data required to train a CNN
[210]. Briefly, a CNN was trained to distinguish Nanog binding peaks against dinucleotide
shuffled background sequences (see Methods). Weights from the first convolutional layer of
this successfully pre-trained CNN (test set: auROC = 0.99) were used to initialise weights
of a new CNN which was then trained to distinguish active from inactive binding sites. The
loss and MCC plateaued on the validation set during training of the best CNN architecture
after approximately 40 epochs (Supp. Fig.A.3B).

GBM, gkm-SVM and CNN evaluation on held-out test set

We evaluated the above trained models on the same held-out test set and compared them

using five different metrics including area under precision recall curve (auPRC), Matthews
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correlation coefficient (MCC), balanced accuracy, sensitivity and specificity (see Methods)

[194]. Comparison of all models using the auPRC as metric showed that both CNN models
outperformed all others in terms of successfully classifying active enhancers (Fig. 2.21A).
The NANOG co-binding TF GBM outperformed the gkm-SVM and the other GBMs in this
comparison. However, this metric is focused on successfully recovering active enhancers
(true positives) while not considering the number of successfully classified inactive binding
sites (true negatives). Therefore, we computed the MCC for each model since this metric
takes the entire confusion matrix into account (see Methods). This showed that the transfer-
learning CNN performed best in accurately distinguishing active enhancers from inactive
TFBS (Fig. 2.21B). In contrast, the GBM trained on the control TF set performed worst.
The standard CNN and gkm-SVM models performed fairly well (MCC > 0.4). Two caveats
of MCC as a metric are that it might strongly depend on the applied probability or score
for gkm-SVM thresholds and that it might be misleading if the label distribution dataset is
too imbalanced (yo = 730, y; = 852). Therefore, we additionally computed the balanced
accuracy as another performance measure [194]. The gkm-SVM showed the highest and
the transfer-learning CNN model the second highest balanced accuracy (Fig. 2.21C). Again,
the GBM trained on the control TFs showed lowest accuracy. To better understand MCC
and balanced accuracy metrics, we also computed the sensitivity and specificity for all
models. All three GBM models showed the highest sensitivities as well as the lowest
specificities, meaning that these models were better in identifying true active enhancers than
inactive binding sites (Fig. 2.21C). On the other hand, the gkm-SVM model showed higher
specificity than sensitivity, meaning that it might have learned to accurately identify inactive
binding sites. We found that our CNN models showed the most balanced behaviour between
sensitivity and specificity, providing further support for these models. It is important to keep
in mind that balanced accuracy, sensitivity and specificity also depend on chosen probability
or score threshold. Taken together, our transfer learning CNN model outperformed all other
models in terms of auPRC as well as MCC and showed the best trade-off between sensitivity
and specificity. Nevertheless, all trained models showed that they have some predictive power
and that sequence features provide enough information to distinguish active enhancers from

inactive TFBs.
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Fig. 2.21: Performance benchmark on hold-out test set of classification models using different
metrics. (A) Precision-recall curves for all trained models including CNN (light blue), transfer-
learning CNN (red), GBM all predictive features (orange), GBM control co-binding TFs (green),
GBM NANOG co-binding TFs (dark blue), gkm-SVM (violet). Precision-recall curves were computed
on held-out test-set. Area under precision recall curve (auPRC) for each model is shown in the legend.
(B) Matthews correlation coefficient (MCC) for all of trained models evaluated on held-out test set.
MCC labels are shown rounded to three digits after decimal point. (C) Balanced accuracy, sensitivity
(true positive rate) and specificity (true negative rate) for all trained models evaluated on held-out test
set. Values for performance metrics labels are shown rounded to three digits after decimal point.
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GBM feature importance of NANOG co-binding TF's

Due to the high interpretability of GBMs, we made use of our GBM Nanog co-binding
TF model to better understand which features/TFs were the most important predictors of
enhancer activity [211]. To this end, we computed an importance score for each feature based
on its relative influence on the final prediction (see Methods). This revealed that the ESRRB
motif was by far the most important feature for the GBM model (Fig. 2.22A). We also found
the TBX3, SOX2, PATZ1, OCT4 and NANOG motifs. In contrast, only the two dinucleotides
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CG and GG, were among the top 15 most important features. To better understand the
connection between the top three features and enhancer activity, we plotted motif scores
for each against quintiles of the absolute STARR-seq signal. In case of ESRRB, we found
that active enhancers showed generally contained better motif matches than inactive binding
sites and that motif scores were increased with enhancer activity (Fig. 2.22B). The SOX2
motif exhibited comparably high matching scores in all active enhancer quintiles which
were all higher than those of inactive binding sites. These observations are in line with our
comparison of SOX2 ChIP-seq and CUT&RUN for active/inactive sites, showing a higher
signal for active enhancers but no correlation with STARR-seq signal (Fig. 2.8, Fig. 2.9). In
contrast, the TBX3 motif was better at matching sequences from inactive binding sites but

did not show an observable connection between motif scores and STARR-seq signal.
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Fig. 2.22: Feature importance ranking for GBM trained on NANOG co-binding TFs. (A)
Feature importance ranking showing the 15 most important features. Colour indicates whether
the feature was a PWM (blue) or dinucleotide frequency (yellow). (B) Motif score distributions for
the top three most important PWM features including ESRRB, SOX2 and TBX3. Motif scores are
shown for each STARR-seq signal quintile (|log2(FC)|).

Having observed comparable trends between the SOX2 motif and sequencing data, we
asked if this would held true for ESRRB as well as TBX3. Using ChIP-seq data we could
confirm greater ESRRB binding at active enhancers than inactive TFBS could confirm higher
binding of ESRRB at active enhancers following the observed motif trend (median,ctive = 2.4,
medianiyacrive = 1.49, p < 2.22 - 10716, one-sided Wilcoxon test; Fig. 2.23B). In contrast,
TBX3 ChIP-seq revealed significant higher average binding to inactive TFBS (medianc;ive =
0.72, medianiperive = 0.86, p < 2.22-107'%, one-sided Wilcoxon test; Fig. 2.23D).

In summary, understanding which features are important for the trained GBM to distinguish
active enhancers and inactive TFBS revealed ESRRB, SOX2 and TBX3 motifs as major
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contributors. This finding was further supported by their binding profiles measured by

ChIP-seq.
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Fig. 2.23: ESRRB and TBX3 binding at active enhancers and inactive TFBs. Metaprofile show-
ing average binding signal for (A) ESRRB and(C) TBX3 ChIP-seq. Violin plot showing comparison
of TF enrichment within active enhancers (red) and inactive binding sites (blue) for (B) ESRRB and
(D) TBX3 ChIP-seq. ChIP-seq signals were normalised to counts per million (CPM). P-values from
one-sided Wilcoxon test.

Interpretation of CNN provides base-pair level importance score

We next sought to identify the sections within the entire 500bp sequence of active enhancers
and inactive TFBS that are important for mediating enhancer activity. We used our CNN
model for this, since it learned from the one-hot encoded raw sequences (see Methods). This
allowed us to apply a back-propagation approach, as implemented by DeepLIFT, to assign
an importance score each base-pair: a positive score if it was predictive for enhancer activity
and negative if it was predictive for inactive TFBS [212].

First, we investigated if computed DeepLIFT scores were in line with our previous obser-
vations that ESRRB is an important predictor of enhancer activity (Fig. 2.22). Therefore,
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we made use of recently published ESRRB and STAT3 ChIP-exo data (available from the
same study) which provides TF binding at motif level resolution [254]. Obtained ESRRB

ChIP-exo peaks were significantly more enriched in active enhancers compared with inactive
TFBS (p <2.2- 10716, one-sided Fisher’s exact test). Due to the high resolution of these
peaks, we were able to compute average DeepLIFT scores for +=50bp around ESRRB as well
as STAT3 summits. This revealed central enrichment of importance scores around ESRRB
ChIP-exo summits, independently of whether they overlapped with inactive TFBS or active
enhancers (Fig. 2.24A). In contrast, STAT3 did not show any enrichment of DeepLIFT scores
over background levels in neither active enhancer nor inactive TFBS. Further, active en-
hancers showed significantly higher DeepLIFT scores around ESRRB summits than inactive
TFBS (p <2.22- 10719, one-sided Wilcoxon test; Fig. 2.24B). We found for that summed
DeepLIFT scores for STAT3 were on average close to zero for both peak classes. Thus, this
analysis confirmed the validity of our base-pair importance scores and further supported

ESRRB as important predictor of enhancer activity.
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Fig. 2.24: DeepLIFT importance scores relative to ChIP-exo summits. (A) Average DeepLIFT
importance scores relative to ESRRB (left) and STAT3 (right) ChIP-exo summits. ChIP-exo summits
were stratified according to their overlap with active enhancers (red) or inactive TFBS (blue). (B)
Violin plot showing summed DeepLIFT importance scores for +15bp around ChIP-exo summits of
ESRRB (left) and STAT3 (right). P-value from one-sided Wilcoxon test.

To systematically analyse base-pair level importance score further, we performed motif
discovery with TE-MoDisco [213]. Briefly, TF-MoDisco uses DeepLIFT scores to define
important sub-sequences within each peak, followed by clustering of these sequences and
compilation of similar ones into motifs (see Methods). This revealed six TF motifs associated
with inactive TFBS and eight for active enhancers (Fig. 2.25). We clustered these de novo

motifs revealing six distinct clusters including three for active enhancers and three for inactive
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TFBS. Subsequent motif annotation uncovered that our three active enhancer motif clusters
were comprised of nuclear receptor TFs (e.g. ESRRB, NR5A2), TEAD TFs and repeat motifs
(Fig. 2.25). Inactive TFBS motif clusters included T-box TFs (e.g. TBX3), Homeobox/ARID
TFs (e.g. NANOG, ARID3A) and zinc-finger/poly(G)-repeat motifs. Interestingly, we
found four different nuclear receptor motifs for ESRRB, which is in line with our previous
observation that ESRRB was the most important factor for predicting active enhancers. This
analysis also recovered a motif associated with TBX3 which we previously uncovered as the

second most important TF and being associated with inactive TFBS.
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Fig. 2.25: TF-MoDisco de novo discovered TF motifs from DeepLIFT importance scores. TF-
MoDisco de novo discovered motifs based on DeepLIFT importance scores were clustered, annotated
and visualised as a circular dendrogram. Discovered motifs could be assigned to six different
clusters including nuclear receptors (green), T-box (red), Homeobox/ARID (purple), TEAD (cyan),
CA/GA/poly(A) repeats and zinc finger/poly(G) repeats. The names of TFs next to their associated
motif are coloured according to their predictive power for active enhancers (red) or inactive TFBS
(blue).

Next, we asked which of the TF-MoDisco de novo motifs might be the most important for

distinguishing between active and inactive sites. To this end, we applied a similar strategy
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as for in the GBM feature selection procedure and used each PWM as single classifier to

compute auROCs as measure of predictive power (Fig. 2.26). This analysis revealed that
the ZFP281/poly(G)-repeat and TBX3 were the most important features to predict inactive
TFBS, in line with our previous observations that TBX3 was the second most important
GBM feature. On the other hand, all four discovered nuclear receptor motifs were amongst
the most important features, followed by the poly(A) and CA/GA-repeat motifs (Fig. 2.26).
However, the nuclear receptor motif resembling most the canonical ESRRB motif showed
the highest predictive power amongst active enhancer features. This was again in line with

our previous observations showing ESRRB as most important GBM feature (Fig. 2.22)
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Fig. 2.26: Feature importance of TF-MoDisco de novo discovered TF motifs. Volcano like plot
visualising the difference in median PWM scores against predictive power as measured by auROC for
each discovered TF-MoDisco motif. Points were coloured according to their association with active
enhancers (red) or inactive TFBS (blue).

Having observed four different de novo motifs discovered using TF-MoDisco, we asked
which of them would be engaged by ESRRB in the cell. To answer this we made use
again of the ESRRB ChIP-exo data introduced earlier by plotting the signal relative to
TF-MoDisco discovered motifs. We performed this for all four nuclear receptor motifs and
five other de novo motifs as control. This revealed the typical bi-modal ChIP-exo enrichment
at all four nuclear receptor motifs confirming ESRRB binding in ESCs (Fig. 2.27). In
contrast, none of the controls revealed this typical pattern, and even three out of five motifs
(Arid3a, CA/GA-repeats, poly(A)-repeats) showed clear depletion of ChIP-exo signal. Thus,
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providing evidence for the importance of these nuclear receptor motifs within the normal

chromosomal context of these active pluripotency enhancers.
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Fig. 2.27: Binding of ESRRB to TF-MoDisco de novo discovered motifs. Average ESRRB ChIP-
exo signal visualised as metaprofile for +250bp around respective motif matches. ChIP-exo signal
was split into forward (orange) and reverse strand (blue).

Taken together, this analysis provides us with a meaningful base-pair resolution importance
score. In addition, it revealed previously known and unknown TF motifs involved in enhancer
activity as well as NANOG TFBS inactivity. Ultimately, we found additional support for the

nuclear receptor ESRRB being the most important feature for predicting enhancer activity.

2.3.11 | Knockout of Esrrb leads to loss of H3K27ac at
active Nanog binding enhancers

The predictive modelling to distinguish active enhancers from inactive TFBS highlighted
the ESRRB binding motif as being the most important sequence feature for bona fide
enhancer elements. The ESRRB motif was the most predictive feature in our feature selection
procedure (Fig. 2.20), most important variable for the GBM model (Fig. 2.22), our CNN
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model learned multiple ESRRB motifs which all were predictive for enhancer activity
(Fig. 2.25, 2.26), TF ChIP-seq peak enrichment showed ESRRB as one of the top factors
(Fig. 2.11) and ESRRB ChIP-seq analysis confirmed differential engagement at active
enhancers compared with inactive TFBS (Fig. 2.23). However, the nuclear factor family
shares a high degree of motif similarity especially between NR5SA2 and ESRRB [255]. To
establish a causal connection between enhancer activity and ESRRB binding we re-analysed
publicly available H3K27ac ChIP-seq from Esrrb and Nr5aZ2 inducible knockout (KO) ESCs
[199].

This confirmed the enrichment of H3K27ac on active enhancers compared with inactive TFBS
for all profiled conditions (Fig. 2.28A). Induced KO of Nr5a2 showed only a marginal effect
on average H3K27ac levels and only affected a small number of peaks (median,¢;ive = 0.51,
medianingcrive = 0.53; Fig. 2.28A, B). In contrast, Esrrb KO was accompanied by a reduction
in average H3K27ac enrichment at active enhancers to levels observed at inactive binding
sites (Fig. 2.28A). Loss of H3K27ac was observable at the majority of active enhancers
and these loci lost more in H3K27ac enrichment upon KO compared with inactive TFBS
(ESRRB 2i day3: median,etive = 0.33, median;yacrive = 0; ESRRB 21 LT: mediangcive = 0.57,
medianipgerive = 0.11; p < 2.2 10716, one-sided Wilcoxon test). This effect was stronger
in the ESC 2i long-term condition compared with only the 3 day culture, which might be
explained by a more synchronised cell population. In summary, we present causal evidence
for ESRRB being one of the most important factors for activity of pluripotency enhancers in
ground-state (2i1) ESCs. Our results imply that ESRRB is regulating enhancer function via

co-activator recruitment resulting either in the maintenance or establishment of H3K27ac.
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Fig. 2.28: H3K27ac ChIP-seq from ESC with inducible knockouts of either Nr5a2 or Esrrb. (A)
Metaprofiles showing H3K27ac ChIP-seq enrichment over active enhancer (red) or inactive TFBS
(blue) summits from WT ESC (solid line) and Nr5a2/Esrrb induced KO (dotted line). ChIP-seq was
performed on two different ESC conditions including ESC cultured for three days under 2i condition
(2i day3) and 2i long-term culture (2i LT). (B) Violin plot showing quantification of H3K27ac changes
between ESC WT and either induced Nr5a2 or Esrrb KO within active enhancers (red) and inactive
TFBS (blue). CPMs over +250bp window for each peak were computed. P-values derived from
one-sided Wilcoxon test.
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2.4 | Discussion

In this chapter, we examined how bona fide enhancer activity is encoded in Nanog binding
sites and defined the key DNA sequence determinants of this. To this end, we made use
of a recently published method combining ChIP with the high-throughput reporter assay
STARR-seq [178]. This uncovered two classes of NANOG TFBS, one corresponding to bona
fide transcriptional enhancers and a second class of inactive TFBS. We comprehensively
characterised these two classes of NANOG binding sites by TF binding, chromatin landscape,

chromatin-chromatin interaction, target gene expression and DNA sequence composition.

In an initial step, we applied a stringent procedure to define a high-confidence consensus
peak set of NANOG binding sites. These peaks exhibited high levels of NANOG ChIP-
seq enrichment independent of study or condition as well as ChIP-independent binding
signal from NANOG CUT&RUN. Additionally, we observed higher enrichment of NANOG
and NANOG-OCT4-SOX?2 composite motifs than in the filtered peaks. However, these
peaks might still be composed of multiple NANOG binding sites. One improvement to our
experimental strategy could be made by fine-mapping NANOG binding sites to motif level
using high-resolution data such as ChIP-exo or ChIP-nexus [117, 118].

An important step to identify high-confidence consensus peaks is the determination of a
coverage threshold to filter out background regions. Therefore, we sampled a non-overlapping
set of random regions by randomly selecting them from the remaining mouse genome.
However, this analysis step could be improved by matching important co-variates such
as GC-content in the randomly drawn peak set. Additionally, this could be constrained
to open-chromatin regions, for e.g. from ATAC-seq, not overlapping the binding sites of
interest.

Having stringently defined NANOG binding sites, we performed a differential analysis
between the vector library and STARR-seq from ground-state (2i) ESC. This revealed 3,510
bona fide active enhancers and 2,838 NANOG bound TFBS which did not show enhancer
activity which we termed inactive TFBS (Fig. 2.6A). Additional support for our observations
came from a recent study profiling enhancer activity using NANOG/OCT4/H3K27ac/H3K4mel
ChIP STARR-seq in human ESC also revealing an inactive fraction of Nanog binding sites
[180]. However, the largest fraction of our Nanog consensus peaks (n=7,299) did not show
significant differences before and after transfection. Multiple experimental parameters might
explain this. First, we used a version of the mammalian STARR-seq vector containing

SCP1 as minimal promoter. A recent publication showed that this construct design results in
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competing transcription initiation events from the minimal promoter and origin of replication
(ORI) leading to a reduction in STARR-seq signal [176]. Second, the largest proportion of
signal in STARR-seq experiments originates from fragment level enhancer self-transcription
resulting in many duplicates of the same fragment. However, we were unable to distinguish
these from PCR duplicates and had to use unique fragments. Introduction of unique molecular
identifiers (UMIs) would enable discrimination between expressed fragments and from PCR
duplicates, and therefore greatly increase the signal yield [219, 184]. Moreover, introduction
of UMIs would allow us to consider each cloned fragment as separate measurement and
therefore would give us higher resolution by tiling the enhancer regions [256, 179]. Ulti-
mately, additional biological replicates would increase the statistical power to discriminate

weakly transcribed enhancers from inactive TFBS.

Nevertheless, the active enhancers we identified included previously described enhancers
involved in regulating important pluripotency genes such as Nanog, Sox2 and Esrrb [223,
257, 60]. Interestingly, we found that our inactive NANOG TFBS overlapped with previ-
ously described developmental enhancers. For example, a NANOG TFBS distal to Hoxal
which becomes active upon RA treatment and was previously described as being involved
in neuro-ectoderm development [222]. Moreover, inactive Nanog TFBS were located close
to pluripotency and developmental TFs, for example Foxd3, Gata6 and Foxa2 [221, 258].
Further support for this comes from a recent publication which suggested that enhancer
elements in more differentiated cell types were pre-marked by pluripotency factors including
NANOG [229].

We characterised active enhancers and inactive TFBS in terms of TF-binding, chromatin
landscape, chromatin-chromatin interaction and target-gene expression. For active enhancers,
we recovered all previously described enhancer hallmarks including high TF-engagement,
DNA-accessibility and nucleosome-depletion, enrichment of H3K4mel as well as H3K27ac,
bi-directional eRNA expression and enhanced transcription of target genes [161, 42, 141]. In
contrast, inactive TFBS were characterised by lower TF-engagement, higher nucleosome-
density, enrichment of H3K4mel and the repressive Polycomb mark H3K27me3, little
nascent eRNA transcription and weak expression of target genes. In line with our observa-
tions, a recent publication provided evidence that NANOG not only occupies pluripotency
enhancers but also sustains repressive H3K27me3 at enhancers of important developmental
regulators [259].
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Having observed such substantial differences between the two classes of NANOG binding

sites, we hypothesised that their states must be encoded in their underlying DNA sequences.
To decode the regulatory logic, we established a machine learning pipeline based on three
different algorithms including GBM, gkm-SVM and CNN [211, 208, 210]. This included a
novel approach for selecting biologically relevant sequence features based on proteomics
as well as TF motif data. Training of these models to discriminate active enhancers from
inactive binding sites confirmed the predictive power of sequence-encoded information
regardless of the algorithm employed. We took advantage of trained GBM and CNN models
to gain a better understanding of the important features. Initial analysis of the selected GBM
features highlighted ESRRB as the most important for active enhancers and TBX3 as the
most important one for inactive TFBS (Fig. 2.22). Differential binding of these factors was
confirmed by analysis of publicly available ChIP-seq data (Fig. 2.23). Since we trained
our CNN end-to-end, using one-hot encoded DNA sequence as input, we could derive a
base-pair level importance score using DeepLIFT [212]. Clustering of these importance
scores for de novo motif discovery revealed known and unknown motifs associated with
active enhancers and inactive binding sites. The most prominent motifs were associated with
the nuclear receptor family which were annotated as ESRRB (Fig. 2.25). Amongst these
de novo discovered motifs, we also found one motif associated with TBX3. Subsequently
computed feature importance scores based on these de novo discovered motifs confirmed
ESRRB and TBX3 as important variables, but also revealed ZFP281/poly(G)-repeat as an
important feature of inactive TFBS (Fig. 2.26).

All our analyses pointed towards the nuclear receptor ESRRB as being the single most impor-
tant predictor of enhancer activity. This is supported in the published literature highlighting
the role of ESRRB in transcriptional regulation and its importance to induce or maintain
the pluripotent ESC cell phenotype. Evidence for the important role of ESRRB to maintain
the naive ESC state was provided by a recent publication showing that downregulation
of ESRRB was associated with loss of naive and induction of primed pluripotency [260].
Moreover, it was shown that ESRRB promotes reprogramming of somatic cells to induced
pluripotent stem cells (iPSCs) by pioneering silenced enhancer elements [251, 261]. In terms
of transcriptional regulation, a study performing systematic shRNA knockdown (KD) of 100
TFs in ESCs revealed Esrrb KD as causing the most severe effects with 2,500 differentially
expressed genes [262]. These marked changes could be explained by genome-wide lose
of pluripotency enhancer activity resulting in differentiation. Additional evidence for this

was provided by two recently published papers which showed that knockdown or knockout
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of Esrrb is accompanied by loss of the mediator co-factor and H3K27ac from enhancer
elements [263, 199]. Another study showed that ESRRB bound enhancers associated with
important pluripotency genes (Esrrb, KIf4, Nanog, Sox2) lose their enhancer activity upon
Esrrb KD, as measured by luciferase reporter assay [264]. In case of KIf4 associated en-
hancers, another study even showed that loss of ESRRB motifs resulted in down-regulation
of KIf4 mRNA levels [254]. In summary, there is substantial experimentally derived evidence
in the published literature supporting our results of ESRRB being the most important TF for

pluripotency enhancer activity.

Our analysis also revealed TBX3 and ZFP281 as important features for predicting inactive
TFBs. Interestingly, KD of these TFs in ESC resulted in very few changes (Zfp281 KD 11
genes, Thx3 KD 34 genes) [262]. TBX3 was initially described as one of the TFs involved
in leukaemia inhibitory factor (LIF) signalling mediating pluripotency [265]. However, a
more recent publication described TBX3 as dispensable for the induction and maintenance
of pluripotency [266]. Several studies reported TBX3 as being involved in pluripotency exit
control and directing differentiation towards either a mesodermal or endodermal phenotype
[267, 268, 269]. It was suggested that TBX3 might achieve this by recruitment of the histone
demethylase JMJD3 to remove repressive H3K27me3 from developmental enhancers [268].
This is in line with our observations of inactive TFBS being enriched for H3K27me3 and
close to developmental regulators such as Eomes (Fig. 2.6, 2.12). ZFP281 has been described
in the literature as an activator as well as repressor that is involved in exit from pluripotency
as well as regulating primed pluripotency [270, 271]. As potential mechanisms, it was
suggested that ZFP281 might be able to recruit histone methylases and de-/acetylases to its
target sites [272, 270, 271]. One example described in a recent paper identifies an enhancer
in the Nodal locus that is bound by ZFP281 which overlaps our inactive TFBS (data not
shown) [271]. These findings support our hypothesis that inactive NANOG TFBS become
active enhancers at some point during development and are already bookmarked by NANOG

in ground-state ESC.

In summary, in this chapter we comprehensively described and characterised two classes of
NANOG binding sites including bona fide enhancer elements and inactive TFBS. Predictive
modelling of these two classes was able to uncover distinct regulators such as ESRRB
for active enhancers and TBX3/ZFP281 for inactive TFBS. However, additional wet-lab
experiments are necessary to validate our predictions. In the future, application of ChIP

STARR-seq in combination with machine learning approaches might help uncover more
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TFs with dual functions, characterise key determinants of enhancer activity and uncover

important regulators of certain phenotypes.






Assessing condition-specific enhancer
activity of NANOG binding sites

Mouse embryonic stem cells can be cultured using either primed (serum) or naive (2i) conditions
resulting in two distinct phenotypes. The 2i condition is considered closer to the "ground state"
of pluripotency. By contrast, ESC cultured in serum show a phenotype primed for differentiation
into other cell types. Nevertheless, ESCs in both conditions remain pluripotent and rely for this
on the gene regulatory circuit involving NANOG, OCT4 and SOX2. However, understanding
of how differential gene expression is encoded in the genome by binding sites of these factors
remains elusive. Here, we examine how differential enhancer activities between the primed
and naive conditions are encoded in the DNA sequence underlying Nanog binding sites. To
this end, we combined ChIP with the high-throughput enhancer assay STARR-seq to test for
enhancer activities. Comparison of Nanog ChIP STARR-seq data between 2i and serum conditions
uncovered condition specific enhancer elements. We characterised these elements using publicly
available data recovering previously described enhancer hallmarks such as enrichment of H3K27ac
in a condition specific manner. Moreover, we found that changes in chromatin accessibilities
between 2i and serum conditions are the major predictors of differential enhancer activity. Finally,
we applied predictive modelling methods, including gradient boosted trees and support vector
machines, to gain a better understanding of how the observed differential enhancer activity is
encoded in the DNA sequence. This revealed TCF4, TCF7L1 and ESRRB as major predictors for
2i enhancer activity and ZIC3 for serum. Integration of publicly available ChIP-seq confirmed the
differential binding of these factors at these enhancers. Taken together, these analyses demonstrate
how the combination of enhancer reporter assays paired with machine learning can uncover
sequence determinants and identify candidate TFs as potential regulators of condition specific

enhancer activity. n
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3.1 | Introduction

Embryonic stem cells (ESCs) are pluripotent, meaning they are able to self-renew and dif-
ferentiate into the full range of cell types characteristic of the embryo [225]. Hence these
pluripotent cells closely resemble properties of cells found in embryos at early stages of
development. These ESCs can be maintained in cell culture using diverse conditions, each
inducing slightly different phenotypic properties. These culture conditions can be broadly dis-
tinguished into two major categories, depending on the media additives: two kinase inhibitors
(2i) or serum [225]. Both are usually supplemented with Leukemia Inhibitory Factor (LIF)
which induces the JAK-STAT3 signalling pathway resulting in the activation of self-renewal
genes [273]. The 2i conditions refers to the use of kinase inhibitors PD0325901 (PD), which
inhibits mitogen-activated protein kinase (MAPK) leading to impaired ERK signalling, and
CHIR99021 (CHIR) inhibiting Glycogen synthase kinase 3 (GSK-3) resulting in induction of
WNT signalling [274]. ESCs grown under 2i conditions more closely resemble cells from the
preimplantation epiblast and therefore are referred to as ground-state/naive ESC. These naive
ESCs display distinct molecular properties such as genome-wide hypomethylation and low
levels of H3K27me3 at developmentally important genes [275, 276, 277]. In contrast, ESCs
grown in the presence of serum show a phenotype primed for differentiation (’primed ESC’),
based on reinforcing pluripotency via induction of STAT3 signalling but without blocking
differentiation signals from FGF/ERK signalling pathways [273]. These more primed ESCs
display higher cell-to-cell variability in cell culture and have poorer performance in standard
pluripotency assays compared with 2i [273, 274]. They also exhibit genome-wide DNA
methylation and higher levels of H3K27me3 at developmental genes [275, 276, 277].

Many gene expression studies comparing serum and 2i have been performed to provide mech-
anistic insights into how these phenotypic differences arise. They uncovered thousands of
differentially expressed genes between the conditions (2i: 1500 and serum 2000 upregulated
genes) [275, 199]. 2i expressed genes were associated with self-renewal and stem cell main-
tenance genes and serum expressed genes with developmental/differentiation functions. To
find possible explanations for the observed difference in gene expression, studies investigated
the various layers of transcriptional regulation including altered chromatin conformation and
differential transcription factor (TF) binding. Examination of altered chromatin-chromatin
interactions using capture Hi-C revealed only a few changes in long-range contacts and
barely any differences at shorter ranges [199, 145]. In contrast, investigation of differential
binding of core pluripotency factors (NANOG/SOX2/OCT4) displayed several thousand

differentially bound sites between conditions [216]. However, relating these differential
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binding sites to differentially expressed genes showed that the majority of sites were not
associated with gene expression changes and only a weak correlation between binding and
expression was found [216].
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Fig. 3.1: ChIP STARR-seq experiment to determine condition-specific bona fide transcriptional
enhancers from NANOG binding sites. First, a chromatin immunoprecipitation (ChIP) was per-
formed to pull down NANOG cross-linked to DNA in naive (2i) mouse embryonic stem cells (mESCs).
Subsequently, cross-linking was reversed, NANOG digested and pulled down DNA fragments were
tagged with adapters via PCR. Tagged DNA fragments were cloned into the 3’UTR of GFP in the
STARR-seq screening vector. In the screening vector, GFP is regulated by a SCP1 minimal promoter
which is unable to induce GFP transcription without additional regulatory input. GFP will only
be expressed if a bona fide enhancer element is cloned into the 3’UTR. The resulting STARR-seq
vector library is transfected into either 2i or serum mESCs. Transcribed GFP mRNA is collected and
prepared for sequencing. Therefore, active cloned enhancer sequences can be identified, as they will
be in the 3’UTR of the expressed GFP mRNAs. To enable us to identify inactive NANOG-bound
fragments, we also sequenced all the fragments cloned in the vector library. Cloned and transcribed
fragments were target using the PCR added sequencing adapters [184]. We did not extract and
sequence the transfected vector library. Finally, reads from control and STARR-seq libraries were
aligned against mm10 reference genome, quantified and differential analysis between 2i and serum
STARR-seq was performed.

In this chapter, we hypothesised that the observed differential expression might be explained

by transcriptional enhancers exhibiting differential activity between conditions. To this end,
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we implemented a previously published assay combining chromatin immunoprecipitation
(ChIP) with an episomal high-throughput enhancer assay called STARR-seq [178]. Briefly,
NANOG ChIP was performed using 2i ESCs, resulting fragments were cloned into a STARR-

seq vector library and transfected to serum and 2i grown ESCs (Fig. 3.1). It was hypothesised
that exposure to the condition-specific transcriptional programs should lead to differential
enhancer output in our enhancer assay. Subsequent, differential comparison of 2i and serum
STARR-seq revealed condition-specific transcriptional enhancers. The resulting condition-
specific enhancers were comprehensively characterised using publicly available datasets,
leading to the recovery of many known enhancer hallmarks [161, 42]. For example, we could
observe differential enrichment of the activating histone modification H3K27ac as well as its
associated epigenetic writer enzyme P300 [83]. Finally, we addressed the question of how
differential enhancer activities were encoded in the enhancers underlying DNA sequence
using machine learning methods. This analysis uncovered TCF3/TCF7L1, TCF4/TCF7L2
and ESRRB motifs as predictors of 2i specific enhancer activity and ZIC3 as a predictor
for serum specific enhancers. Together, in this chapter we identified condition-specific
transcriptional enhancers, investigated causes of differential activity and revealed potential

regulators.
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3.2 | Methods

3.2.1 | Experimental procedures

Please see section 2.2.1. for brief descriptions of ChIP-seq and ChIP STARR-seq experi-

ments.

3.2.2 | Regulatory genomics sequencing data preprocessing and analysis

All sequencing datasets used in Chapter 3 were processed as described in Chapter 2. Pre-
processing/Analysis sections and sample lists per sequencing technique for Chapter 3 are

summarised in Table 3.1.

Table 3.1: Summary of sequencing methods, analysis methods and sample lists.

Sequencing methods  Analysis methods Samples

ChIP-seq Section 2.2.2 Supp. Table B.4
ChIP STARR-seq Section 2.2.3 Supp. Table B.1
RNA-seq Section 2.2.6 Supp. Table B.9
GRO-seq Section 2.2.7 Supp. Table B.6
ATAC-seq Section 2.2.8 Supp. Table B.6
Capture Hi-C Section 2.2.10 Supp. Table B.7

Genome track plots shown in Figure 3.3 and 3.4 were plotted as described in Section 2.2.9.

3.2.3 | Definition of 2i- and serum-specific enhancer elements

For this analysis we re-used the previously defined Nanog consensus peaks and pre-processed
STARR-seq data sets, as described in Chapter 2 (see Section 2.2.2 and 2.2.3). Fragment
abundance for all ChIP STARR-seq samples as well as the vector library was quantified
using countOverlaps from the GenomicRanges library [191]. The resulting count matrix was
used as input to edgeR to compare ESC 2i and serum conditions using the quasi-likelihood
F-test procedure [195]. We filtered for differential peaks by applying an FDR threshold
of 0.05. The remaining peaks were filtered for bona fide transcriptional enhancers by
removing all peaks which displayed no enrichment over vector library in neither condition
(log2(STARR /vector) < 0). Enhancers were then classified into 2i specific or serum specific
according to the observed log2 signal fold change (l0og2(STARR7;/STARRSerum))-



3.2 Methods

3.2.4 | DNA methylation analysis

DNA methylation at CpG dinucleotides was investigated using published whole-genome
bisulfite sequencing data (WGBS) [91, 278]. Preprocessed WGBS samples were downloaded
and listed in Supp. Table B.8. Since the preprocessed data was mapped to mm9, we converted
our enhancer coordinates from mm10 to mm9 using liftOver. CpG positions and methylation
levels were loaded into R as a GenomicRange object which was subsequently used to compute
average methylation levels as well as methylation metaprofiles with a custom script [191].

Methylation metaprofiles were smoothed using the 100bp running average.

3.2.5 | Proteomics analysis

Processed proteomics datasets are listed in Supp. Table B.10. ChIP-SICAP data was
already preprocessed and log2 fold-change between ESC conditions (log2(2i/serum)) was
taken from the published table [204]. The table of ESC whole chromatin binding proteins
table was downloaded from supplementary data of [205] but the log2 fold-change between
ESC conditions (log2(2i/serum)) was missing [205]. We performed a differential protein
abundance analysis using the function LFQ from the R-package DEP with the following
parameters: alpha=0.05, fun="knn" [279]. Briefly, this function performs missing value
imputation using k-nearest neighbour, variance stabilising normalisation and differential
enrichment analysis using limma [280, 281]. The resulting differential abundance statistics

for chromatin associated proteins were used for downstream analysis.

3.2.6 | Prediction of condition-specific enhancers using
chromatin features

First, we identified other chromatin associated proteins which might be predictive for condi-
tion specific enhancer activity. The initial search space was determined by proteins identified
by chromatin proteomics that did not intersect a recent published TF dataset [63] (Supp.
Table B.11). ChIP-seq peaks associated with these proteins were taken from Cistrome and
for each peak set a differential enrichment analysis using Fisher’s exact test was performed
(Supp. Table B.11). Resulting log2(Odds) values were plotted against differential protein
abundance log2(2i/serum)[193]. Factors of interest were determined for each condition
by applying the following thresholds for 2i: log(Odds) > 1&log2(2i/serum) > 0 and for
serum: [0g2(0dds) < —1&log2(2i/serum) < 0. ChIP-seq data for factors of interest were
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downloaded and pre-processed as described above.

Next, we computed a score for each chromatin feature of interest including chromatin acces-
sibility (ATAC-seq), CpG methylation (WGBS), histone modifications and other chromatin
associated proteins (ChIP-seq). Depending on the data type or availability, different types of
scores were computed (see Figure 3.15 for scores). The resulting scores were used as classi-
fiers to distinguish 2i from serum enhancers and performance was evaluated by computing
the area under ROC curve (auROC). Since the auROC is sensitive to unbalanced classes,
we performed 100 re-sampling iterations each time sampling 300 examples per class and
computing the auROC from them. Finally, auROCs were summarised as mean and standard

deviation per classifier.

3.2.7 | Prediction of condition-specific enhancers activity
using sequence features

Condition-specific enhancers were split into training set and hold-out test sets according to
their chromosomal location as follows: training set chr1-chr8, chr10, chr12-15; test set chr9,
chrll, chr14-19, chrX, chrY. Chromosome wise splitting was performed following a recent
publication suggesting this approach to avoid potential overlaps and overfitting [282]. 2i

enhancers and serum enhancers served as target variables for model training.

GBM feature selection, hyperparameter optimisation and model training

Feature selection based on assigning predictive PWMs to proteomics defined TFs was per-
formed as described in Section 2.2.13. Finally, feature sets were compiled by filtering for
high predictive power (auROC > 0.6) and split into four distinct feature sets: one set for all
ESC chromatin associated TFs identified by van Mierlo et al, another one for all NANOG
co-binding TFs identified by Rafiee et al, one representing the overlap between the first two

sets ("overlap") and another one combining these two sets ("All") [205, 204].

Subsequently we trained one GBM for each of these four feature sets while performing
GBM hyperparameter optimisation as described in Section 2.2.13. One variation was that we

used class weights during training due to an imbalanced class distribution. We computed

class weights as: wy, = 7 where N is the total number of sequences and n, the number of

‘n
y
sequences in class y. Another variation to this procedure was that we tracked the area under
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the precision-recall (auPRC) instead of Matthews Correlation Coefficient (MCC) due to the
larger class imbalance.

gkm-SVM hyperparameter optimisation and model training

Hyperparameter optimisation as well as gkm-SVM training were performed as described in
Section 2.2.13.

Evaluation and comparison of trained models

All trained models were evaluated on the hold-out test set using following performance
measures: area under precision recall curve (auPRC), Matthews correlation coefficient
(MCC), balanced accuracy, sensitivity and specificity [194]. Since the MCC can be sensitive
to unbalanced classes, we performed 100 re-sampling iterations each time sampling 100
examples per class from the test set and computing the MCC from them. Finally, MCCs

were summarised as the mean and standard deviation for each model.

GBM feature importance analysis

Scaled feature importance scores for the Nanog co-binding TF GBM model were computed
using the function varlmp from the R-package caret [206]. varImp is a wrapper function for
the relative.influence function from the gbm R-package [207]. Briefly, the relative influence
of a feature is defined as loss improvement made in each split the feature was used averaged

over all trees [211].
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3.3 | Results

In this chapter, we investigate the features underlying differential enhancer activities between
naive (21) and primed (serum) ESCs that could explain the observed differences in gene
expression and ultimately, phenotypic differences between the cell types. We focused again
on NANOG binding sites as putative enhancer elements that potentially regulate differential
gene expression. To determine enhancer elements amongst NANOG TFBS and define
their differential activity, we used a high-throughput enhancer reporter assay called ChIP
STARR-seq was used [178].

3.3.1 | Definition of NANOG binding enhancers
specific to 2i and serum ESC conditions

First, we used our previously defined high-confidence set of NANOG binding sites as
the search space for putative differentially active enhancers (see Section 2.3.1). Enhancer
activities of these TFBS were quantified by counting STARR-seq fragments from 2i and
serum ESC conditions. These counts were used as the input to an edgeR analysis resulting in
813 enhancers that are statistically significantly higher expressed under 2i conditions and
631 ones under serum conditions (F DR < 0.05) [195]. Subsequently, NANOG TFBS were
filtered for their enrichment over the transfected vector library (log2(FC) > 0) to determine
the final sets of bona fide enhancer elements. These final sets included 768 naive (2i)
specific, 481 primed (serum) specific and 6547 non-specific (both) transcriptional enhancers
(Fig. 3.2A). This analysis was constrained by the same experimental factors (core-promoter,
no UMIs, etc.) as previously discussed in Chapter 2 [176, 219]. Nevertheless, we observed
some of the top 300 differentially expressed genes between 2i and serum ESC, as the nearest
genes to our differentially active enhancers (Fig. 3.2A). For 2i-specific enhancers, genes
included Prdmi4 which was described by several studies as a crucial factor in maintaining a
naive pluripotent phenotype [283, 284]. For serum specific enhancers, genes included Lefty!
which was described in the literature as being involved in differentiation regulation [285].
Moreover, integrative analysis of the STARR-seq differential statistics and the differential
RNA-seq revealed a trend between differential enhancer activity and differential expression
of the closest gene (Fig. 3.2C). The first two FDR quantiles (most differentially expressed
enhancers) showed significant differences in the expression of nearby genes between 2i
and serum (p — value < 0.01, two-sided Wilcoxon test). Additionally, we measured the

closest distance between condition-specific enhancers and differentially expressed genes
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(Fig. 3.2D). This revealed that serum enhancers were located in closer proximity to serum

differential genes compared with 2i enhancers (mediany; = 5.81, mediange,,, = 5.68; p-
value=4.2 - 10>, two-sided Wilcoxon test). However, a similar trend was not observable
for 2i specific enhancers and 2i differential genes (mediany; = 5.74, medianse,ym = 5.72;

p-value=0.31, two-sided Wilcoxon test).

>
w

Distal Intergenic
Intron 4
Promoter (<=1kb) 1
Promoter (1-2kb)

Cond
. 2i(n=768) Promoter (2-3kb) 1
both (n=6547) Exon

e serum (n=481) 3 UTR

Downstream (1-2kb)

ESC serum STARR-seq log2(FC)

Downstream (<1kb) 1

|
., Downstream (2-3kb) }
1 0 1 2 0 10 20 30 40 50
C ESC 2i STARR-seq log2(FC) Proportion (%)
0.54 0.31 0.015 0.0038 6.4e-06 D
. A 2i diff genes Serum diff genes
51 : 581 0.31 4.26-05
— [] o [ ] 2 5] 1 1
g . . s : . ° g
g . 0
@ 2]
8 o+- -- -- - - - - --  Cluster -
I o)
g B8 2i 2, ]
= )
o s g ;¢ i s ' B3 serum < !
8 ! . : . H o 2] . .
< -5 ¢ LI . L . '
Z L] [ ] L] . L] 8 2_ .
14 : ° [ ° ° ° c ®
. . ©
° e
® c
L[] ot 0-
=10 . . . . . T T T T
1 2 3 4 5 2i serum 2i serum

STARR-seq —log10(FDR) quintile

Fig. 3.2: Definition of naive (2i) and primed (serum) NANOG binding pluripotency enhancers.
(A) Scatterplot comparison of enhancer activity, measured as fold-change over vector library, in naive
(21) against primed (serum) mESC conditions. Enhancers were categorised into the following three
categories: naive (2i) specific (purple), primed (serum) specific (green) and active in both conditions
(grey). Differentially expressed genes between 2i and serum mESC that were proximal to NANOG
enhancers are labelled. Differentially expressed genes were defined as top 300 smallest FDRs. (B)
Proportion of genome annotations overlapping 2i and serum enhancers. Naive-specific shown in
purple and primed-specific coloured in green as in (A). (C) Boxplot illustrating the relationship
between STARR-seq (-loglO(FDR)) and differential expression (log2(FC)) of the nearest genes.
P-values were computed using a two-sided Wilcoxon test. (D) Boxplot comparison of enhancer-gene
distances for differentially expressed genes between 2i (purple) and serum (green) specific enhancers.
P-values were computed using a two-sided Wilcoxon test.
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In terms of genome-wide distribution, condition-specific enhancers were mostly located
in distal intergenic (2i: 52.5%, 403/768; serum: 47.8%, 230/481) or intronic regions (2i:
30.7%, 236/768; serum: 25.1%, 121/481; Fig. 3.2B). Serum-specific enhancers showed a
higher proportion of promoter overlap compared with 21 enhancers (2i: 6.4%, 49/768; serum:
12.3%, 59/481).

Having defined 2i- and serum-specific transcriptional enhancers, we selected several examples
for locus-specific examination. For 2i enhancers, we focused on the differentially active
enhancer that might be associated with Prdmli4 (Fig. 3.3). Examination of the condition
specific NANOG, OCT4, SOX2 ChIP-seq revealed binding of these factors to similar extents
independent of profiled condition. The ChIP-seq measurements of the primed enhancer
mark H3K4mel and activating mark H3K27ac did not show condition specific differences
either. However, open-chromatin profiling by ATAC-seq revealed substantial differences in
chromatin accessibility within the enhancer element between 2i and serum ESC condition
(Fig. 3.3). This might explain the observed differential activity between both ESC conditions.
Interestingly, we also observed an enrichment of the repressive Polycomb mark H3K27me3

at the Prdm14 promoter in serum ESC.
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Fig. 3.3: Example for naive (2i) mESC specific transcriptional enhancer at the Prdm14 locus.
Naive(2i) mESC specific enhancer element potentially involved in driving expression of Prdmli4 was
highlighted. Signal tracks show (from top to bottom): STARR-seq 2i log2(FC) (purple); STARR-seq
serum log2(FC) (green); TF ChIP-seq for NANOG, OCT4 and SOX2 form 2i and serum mESCs as
background subtracted signals (green); ATAC-seq signal from 2i and serum ESCs as CPMs (purple);
histone PTM ChIP-seq signal for H3K4mel, H3K27ac and H3K27me3 from 2i and serum mESCs
normalised to CPM (red).

Next, as an example of a serum-specific enhancer we examined an element located between
Arl4d and Dhx8 (Fig. 3.4). TF ChlP-seq showed again binding of NANOG, OCT4 and
SOX2 in both conditions, but SOX2 showed higher binding in serum. Moreover, H3K4mel
ChIP-seq exhibited similarly high enrichment levels in both conditions and H3K27me3 was
depleted on this. In contrast to the 2i enhancers above, this enhancer showed only low levels
of chromatin accessibility as measured by ATAC-seq. Nevertheless, we observed differential
ChIP-seq enrichment of the activating histone mark H3K27ac between 2i and serum cultured
ESCs (Fig. 3.4). The acquisition of H3K27ac upon culture of ESC in serum medium is in

support of the differential activity of this specific element.



_ Assessing condition-specific enhancer activity of NANOG binding sites

1 1 1 1 1
101,640 101,660 101,680  Chril 101,700 101,720 Kb
1

- . v . fodesd - s STARR-seq 2i

N . H i H . . . STARR-seq
- ~ - ! ' - serum

Nanog 2i
Nanog serum
Oct4 2i

Oct4 serum
Sox2 2i

Sox2 serum

ATAC-seq 2i

ATAC-seq
serum

' I: A H3K4mel 2i
g_ .A.....‘u.x B e A : . T MUY 7 VRV Y O W
. o H3K4mel
' ' serum
0, MMMWMMLLMMM
i I o H3K27ac 2i
P

H3K27ac

9 A,J.,, B | N A.A‘hk " N el
H3K27me3 2i
O e e e aiih ... _LM‘AL....-..‘ ,__4,_*.:.“.‘.MMMMMLM-ML.“ L
H H H3K27me3
H H serum
ol . 1 H H i
| | Genes

Tmem106a Rdm1 Arl4d Dhx8

Fig. 3.4: Example for primed (serum) mESC specific transcriptional enhancer at the Arl4d lo-
cus. Primed (serum) mESC specific enhancer element with unknown target gene was highlighted.
Signal tracks show (from top to bottom): STARR-seq 2i log2(FC) (purple); STARR-seq serum
log2(FC) (green); TF ChIP-seq for NANOG, OCT4 and SOX2 form 2i and serum mESCs as back-
ground subtracted signals (green); ATAC-seq signal from 2i and serum ESCs as CPMs (purple);
histone PTM ChIP-seq signal for H3K4mel, H3K27ac and H3K27me3 from 2i and serum mESCs
normalised to CPM (red).

In this section we defined transcriptional enhancers exhibiting statistically significant differen-
tial activity between naive (2i) and primed (serum) ESCs. These enhancers showed proximity
to differentially expressed genes and as expected most of them were located in intergenic
or intronic regions. Examination of specific examples suggested possible determinants of

differential enhancer activity.
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3.3.2 | Binding of pluripotency TFs at naive (2i) and

primed (serum) ESC enhancers

A crucial hallmark of transcriptional enhancers, as previously mentioned, is TF binding
and in case of pluripotency enhancers especially binding of NANOG, OCT4 and SOX2
[286]. Hence, we investigated the binding dynamics of these three factors to our condition-
specific enhancers. NANOG ChIP-seq generated for this study revealed similar average
binding signals for 2i and serum enhancers with ChIP-seq profiling under ESC 2i conditions
(Fig. 3.5A). No significant differences were observable in NANOG 2i ChIP-seq signals
between the two sets of enhancers (mediany; = 1.4, mediangery,, = 1.78, p = 0.49, one-
sided Wilcoxon test; Fig. 3.5B). In contrast, assaying NANOG binding under ESC serum
conditions showed higher average binding of NANOG to serum enhancers compared with 2i
enhancers (Fig. 3.5A). This observation was further supported by enrichment of NANOG
serum ChIP-seq signal within serum enhancers compared with 2i enhancers (median,; = 1.65,
mediange,ym = 2.12, p=3.4- 10~7, one-sided Wilcoxon test; Fig. 3.5B).
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Fig. 3.5: NANOG binding to naive (2i) and primed (serum) enhancers. (A) Metaprofile showing
average NANOG ChlIP-seq signal +3kb around 2i (purple) and serum (green) enhancer summits.
ChIP-seq was performed for 2i (left panel) and serum (right panel) mESC condition and shown as
normalised as log2 fold change over input control. (B) Violin plots comparing NANOG ChIP-seq
signal within 2i and serum enhancers. The signal was computed within £250bp around peak summits.
ChIP-seq was performed for 2i conditions (left panel) and serum mESC conditions (right panel).
P-values derived from one-sided Wilcoxon test.

Next, we made use of previously published ChIP-seq samples to investigate the binding
dynamics of all three TFs in three ESC conditions including: 24h 2i, three passages 2i
(3p2i) and serum [216]. We observed on average binding of all three factors in all available
conditions to both enhancer types (Fig. 3.6A).
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Fig. 3.6: Nanog binding to naive (2i) and primed (serum) enhancers. (A) Metaprofiles showing
average NANOG, OCT4 and SOX2 ChIP-seq signal (log2 fold-change over input) around 2i (purple)
and serum (green) enhancer summits. ChIP-seq samples were previously published and included
NANOG (left panel), OCT4 (middle panel) and SOX2 (right panel) for ESC conditions 24h 2i (top
panel), three passages 2i (3p2i) (middle panel) and serum (bottom panel) [216]. (B) Violin plot
comparisons of NANOG, OCT4 and SOX2 ChIP-seq signals within 2i (purple) and serum (green)
enhancers. P-values were computed using one-sided Wilcoxon test.
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Nevertheless, 2i-specific enhancers exhibited higher average binding of NANOG, OCT4 and
SOX2 in ChIP-seq from ESC 2i than serum enhancers. In contrast, serum enhancer showed
slightly higher average binding of NANOG/SOX?2 and equally high binding of OCT4 under
ESC serum conditions compared with 2i enhancers (Fig. 3.6A). Quantification of ChIP-seq

enrichment for each enhancer element revealed, as expected, higher levels of TF binding to en-
hancers within their respective condition. For example, NANOG showed significantly higher
binding to 2i enhancers in 3p2i conditions and serum enhancers significant higher engagement
under serum conditions (3p2i: mediany; = 2.7, medianse,y;, = 2.23, p="17.2- 102, serum:
mediany; = 0.88, mediange,ym = 1.36, p=75- 10~8, one-sided Wilcoxon test). Long term cul-
ture of ESC under 2i conditions increases binding of SOX2 to enhancer elements compared
with only 24h culture (24h2i: median;; = 0.26, mediange,,,; = 0.03; 3p2i: mediany; = 0.95,
mediange,,,; = 0.64; serum: mediany; = 0.52, medianserum = 0.91; Fig. 3.6B). In contrast,
OCT4 showed binding only to a subpopulation of enhancers for ChIP-seq from 3p2i as
well as serum ESCs (Fig. 3.6B). Nevertheless, OCT4 enrichment was condition-specific, as
mentioned above, meaning that 2i enhancers exhibited significantly higher OCT4 levels under
3p2i conditions and vice versa (3p2i: mediany; = 0.3, mediangey,;, = 0.01, p =2.7- 107°;
serum: mediany; = —0.37, mediange,,,; = —0.21, p = 0.0025, one-sided Wilcoxon test).

In summary, NANOG, OCT4 and SOX2 binding, as measured by ChIP-seq, at 2i- and
serum-specific enhancers tended to show greater occupancies in their respective conditions:
2i enhancers showed higher TF levels if profiled under 2i conditions and vice versa. These
findings provide evidence for association with differential enhancer activities, though not

causality.

3.3.3 | Differences in the epigenetic landscape around naive (2i) and
primed (serum) ESC enhancers

Another important enhancer hallmark is the enrichment of specific histone marks such as
H3K4mel for primed enhancers and H3K27ac for active enhancers [83]. To find further
support for the condition-specific activity of our enhancer sets, we examined ChIP-seq
enrichment of these two histone marks, as well as repressive H3K27me3 and histone acetylase
P300 [231]. The average ChIP-seq signals reflected depleted nucleosome occupancies within
enhancer regions corresponding to nucleosome free regions (NFRs) and binding of P300
to these NFRs (Fig. 3.7A). H3K4mel showed little differences on average between 2i and
serum enhancers in ChIP-seq measurements in their respective conditions. Moreover, no

significant changes could be found in ChIP-seq enrichments from 2i and serum ESC cells
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within both enhancer classes (median,; = —0.01, mediange,,,;, = 0.03, p = 0.83, two-sided
Wilcoxon test; Fig. 3.7B). Enhancer activity changes were not correlated with ChIP-seq
enrichment changes at 2i enhancers and displayed only weak correlation at serum enhancers
(21: R = —0.021, serum: R = 0.15; Fig. 3.7C). In contrast, the activating histone mark
H3K27ac showed on average condition-specific ChIP enrichment for 2i enhancers but
only small differences for serum enhancers (Fig. 3.7A). Quantification of ChIP enrichment
changes between conditions within these enhancer elements revealed significant differences
between them and signal changes for each enhancer set towards their respective conditions
(mediany; = 0.21, mediange,ym = —0.67, p <2.2- 10719, two-sided Wilcoxon test; Fig. 3.7B).
Nevertheless, we could only find a weak correlation of STARR-seq changes and ChIP-seq
changes within 2i enhancers and no correlation for serum enhancers (21 R = 0.17, serum
R =0.032; Fig. 3.7C). We investigated P300, the histone acetylase that establishes H3K27ac,
which again showed condition-specific enrichment on average for both enhancer classes,
although observed differences in average signal were larger for ChIP-seq from ESC serum
conditions (Fig. 3.7A). P300 exhibited significant ChIP-seq enrichment changes between
ESC cells cultured under 2i or serum conditions (mediany; = 0.91, mediangeyy, = —0.42,
p < 2.2-107'°, two-sided Wilcoxon test; Fig. 3.7B). These signal changes were towards
their expected direction and showed largest difference for all examined ChIP-seq samples in
this subsection. Nevertheless, we could not observe any correlation between STARR-seq
and P300 changes for serum enhancers and only a weak one for 2i enhancers (21 R = 0.12,
serum R = 0.075; Fig. 3.7C). Lastly, we examined the repressive Polycomb mark H3K27me3
which showed higher average signal on serum enhancers regardless of the profiled ESC
condition (Fig. 3.7). Additionally, no significant differences in H3K27me3 ChIP enrichment
was observable (mediany; = —0.26, mediange,,,;, = —0.24, p = 0.016, two-sided Wilcoxon
test; Fig. 3.7B). However, H3K27me3 ChIP-seq from serum ESC showed higher signal levels
at both enhancer classes. Also, we could not observe any correlation between STARR-seq
and H3K27me3 (2i: R = 0.042, serum: R = —0.016; Fig. 3.7C).
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Fig. 3.7: Epigenetic landscape of naive (2i) and primed (serum) enhancers. (A) Metaprofiles
showing average CPM ChIP-seq signals for +-3kb around 2i (purple) and serum (green) enhancer
summits. ChIP-seq samples included H3K4mel, H3K27ac, P300 and H3K27me3 for 2i (top) and
serum (bottom) mESC conditions [231]. (B) Comparison of ChIP-seq signal changes between 2i and
serum mESC conditions for H3K4mel, H3K27ac, P300 and H3K27me3 within 2i (purple) and serum
(green) specific enhancers. P-values were computed using a two-sided Wilcoxon test. (C) Scatterplot
comparison of STARR-seq log2 fold-change and ChIP-seq log2 fold-change between 2i and serum
mESC conditions for both enhancer classes. Pearson correlation and p-value derived from correlation

test.
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Altogether, we confirmed ChIP-seq enrichment of enhancer relevant histone marks such as
H3K4mel and H3K27ac as well as the histone acetylase P300 on enhancer peaks. Moreover,
we found additional support for the differential activity of our condition-specific enhancers

by condition-specific enrichment of P300 as well as H3K27ac.

3.3.4 | Open chromatin dynamics of naive (2i) and
primed (serum) ESC enhancers

Another important enhancer hallmark is chromatin accessibility, meaning nucleosome de-
pletion, due to TF engagement and activating histone modifications. Therefore, we investi-
gated chromatin accessibility dynamics of our condition-specific enhancer elements using
ATAC-seq from different timepoints of the respective ESC culture conditions [199]. First,
ATAC-seq from ESCs cultured for 8 hours in either 2i or serum already started to exhibit
condition-specific accessibility for both enhancer classes (Fig. 3.8 first panel). However, these
differences were small which was most likely explainable by cell-to-cell heterogeneity in the
unsynchronised cell culture. After one day significant higher chromatin accessibilities were
observable for enhancers in their respective conditions (2i p = 3.7-107 10, serum 8.5 - 1076,
one-sided Wilcoxon test; Fig. 3.8 second panel). This accessibility trend continued in the day
three and long-term (LT) cultures, revealing both further increases in enhancer accessibility
in the respective conditions. We observed in 2i LT cultured ESC significant higher accessibil-
ities within 2i enhancer elements and vice versa for serum enhancers (2i p < 2.22-10716,
serum p < 2.22- 10716, one-sided Wilcoxon test; Fig. 3.8, fourth panel). These observations
might be explainable with increasing adaptation of ESCs to their culture conditions over time
and therefore ATAC-seq, as a bulk measure, exhibiting larger differences under longer culture
times. Taken together, ESC condition-specific enhancer elements displayed higher levels
of accessibility in their respective condition and therefore further supporting their specific

activity in 2i/serum condition.
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Fig. 3.8: Open chromatin dynamics of naive (2i) and primed (serum) enhancers. Comparison
of chromatin accessibility, as measured by ATAC-seq, within 2i (purple) and serum (green) specific
enhancers. ATAC-seq samples included two different conditions 2i (top) and serum (bottom) at four
different time-points of culture 8h, one day, three days and long-term (LT) [199]. ATAC-seq signal
was computed as log2(CPM+1) and shown as violin plot. P-values were computed using one-sided
Wilcoxon test.

3.3.5 | DNA methylation dynamics at (2i) and
primed (serum) ESC enhancers

ESC cultured under 2i conditions exhibited genome-wide hypomethylation which is in line
with showing a more ground-state/naive pluripotency phenotype. Changing the culture
condition of these ESCs to serum induced establishment of DNA methylation particularly
at CpG dinucleotides [91]. To investigate how DNA methylation differences might impact
enhancer activities, we analysed previously published whole-genome bisulfite sequencing
(WGBS) [91, 278]. We observed on average low levels of CpG methylation within our
enhancer elements under ESC 2i conditions and there was no significant difference in
methylation levels between enhancers (mediany; = 2.9, mediangery, = 3.57, p = 0.046, one-
sided Wilcoxon test; Fig. 3.9A, B first panel). Transfer from 2i to serum conditions set up
CpG methylation as previously described but both enhancer types stayed lowly methylated
(Fig.3.9A, B second panel) [278]. However, 2i specific enhancers seemed to acquire more
DNA methylation and serum enhancers displayed significantly lower methylation under these
conditions (mediany; = 18.3, mediangery, = 10, p = 8.8 - 107, one-sided Wilcoxon test).
WGBS from long-term serum cultured ESCs revealed on average low levels of methylation

within serum enhancers and further gain on 2i enhancers (Fig. 3.9A third panel).
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Fig. 3.9: Methylation levels at naive (2i) and primed (serum) enhancers. (A) Metaprofiles sum-
marising average methylation levels, as measured by whole-genome bisulfite sequencing (WGBS), for
+5kb around 2i (purple) and serum (green) enhancer summits. Methylation profiles were smoothed
using 100bp running average. WGBS samples included mESC transferred from serum to 2i, from 2i
to serum, long-term serum culture and differentiated to neural progenitor cells (NPC) [91, 278]. (B)
Violin plot comparison of mean methylation levels within 2i (purple) and serum (green) enhancers.
P-values were derived from one-sided Wilcoxon test.

Additionally, most 2i enhancers continued to gain CpG methylation under long term culture
conditions and serum enhancers remained significantly lowly methylated (median,; = 48,
mediange,y, = 29.2, p="1.5- 10~'4, one-sided Wilcoxon test; Fig. 3.9B third panel). Finally,
differentiation of ESCs into neural progenitor cells was accompanied by further increases
in DNA methylation levels at both enhancer classes (Fig. 3.9A fourth panel). Almost
all 2i enhancers now exhibited high methylation levels (> 90%) as well as a majority of
serum enhancers. Although, serum enhancers all together still showed significantly lower
methylation levels than 2i enhancers (mediany; = 85.9, mediangepy;, = 81.5, p=1.9- 1078,
one-sided Wilcoxon test). In summary, we observed faster gain of repressive CpG methylation

at 21 enhancer compared with serum enhancers upon ESC removal from 2i conditions and
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almost full methylation upon differentiation. This supports the specificity of these condition-

specific elements for their respective ESC conditions.

3.3.6 | Nascent eRNA transcription at (2i) and
primed (serum) ESC enhancers

A hallmark of active enhancer elements is exhibiting bi-directional nascent transcription of
eRNAs which can be measured with sequencing techniques such as GRO-seq [159, 161]. To
provide additional evidence for the differential activity of our enhancer elements we analysed
GRO-seq data from ESCs cultured in 2i as well as serum [247]. This revealed bi-directional
expression of eRNAs from 2i enhancers and slightly unbalanced transcription from serum
enhancers as measured by GRO-seq from 2i ESCs (Fig. 3.10A, left panel). 2i enhancers
showed significantly higher eRNA transcription in this GRO-seq condition than serum
enhancers (p = 8.6 10~ 2, one-sided Wilcoxon test; Fig. 3.10B, left panel). In contrast,
GRO-seq from serum ESCs showed little if any transcription at 2i enhancers and weak
bi-directional expression from serum enhancers (Fig. 3.10A, right panel). Quantification
of nascent transcription confirmed that most 2i enhancers were not transcribed and serum
enhancers showed significantly higher expression levels (p = 1.3- 1079, one-sided Wilcoxon
test; Fig. 3.10B, left panel). A possible explanation for this stark contrast might be the
acquisition of repressive DNA methylation during the transition from 2i to serum [287].
Altogether, we found additional evidence that our set of 2i and serum enhancers correspond
to bona fide enhancer elements and that these enhancers exhibit condition-specific properties

as anticipated by their definition.
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Fig. 3.10: Nascent eRNA transcription at naive (2i) and primed (serum) enhancers. (A)
Metaprofile summarising average nascent eRNA expression, as measured by GRO-seq, within £3kb
around 2i (purple) and serum (green) enhancer summits. eRNA Expression was normalised to CPM.
GRO-seq samples included mESC 2i (left panel) and serum condition (right panel) [247]. Linetype
indicates the strand reads derive from, solid = forwards and dotted = reverse. (B) Violin comparisons
of nascent eRNA transcription within 2i (purple) and serum (green) enhancers for GRO-seq from
2i (left) and serum conditions (right). GRO-seq signal was summarised for £250 around summits.
p-values were computed using a one-sided Wilcoxon test.

3.3.7 | Repetitive element overlap with
naive (2i) and primed (serum) ESC enhancers

Repetitive sequence elements comprise a potential source for regulatory elements (reviewed
in [42]). Previous studies showed that these elements are highly enriched for TF binding sites
and that regulatory elements in turn were enriched for repeats [288, 289]. For these reasons,
we investigated if our 2i and serum enhancers are enriched for sequence repeats by overlap-
ping them with the RepeatMasker annotation. We observed significant enrichment for 14 and
13 out of the 24 RepeatMasker repeat family classes for 2i and serum enhancers respectively
(FDR < 0.01, one-sided Binomial test; Fig. 3.11 A). These repeat families included long
terminal repeats (LTRs) e.g. ERVK (2i: 18.9% (145/768), serum: 17.3% (83/481)), short
interspersed nuclear element (SINE) e.g. Alu (2i: 11.7% (90/768), serum: 17.3% (83/481)),
simple repeats (2i: 10% (77/768), serum: 14.1% (68/481)) and low complexity repeats (2i:
2.99% (23/768), serum: 7.28% (35/481)). These findings are in line with recent reports of
LTRs such as ERVK elements and SINEs displaying enhancer function in ESCs and other
cell types [290, 291, 292]. However, differential repeat enrichment analysis between 2i and

serum enhancer elements revealed no significant differences between both enhancer classes
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(Fig. 3.11 B). Taken together, we recovered enrichment of repetitive elements such as LINEs

and SINEs known to function as enhancer elements in ESC for both enhancer sets.
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Fig. 3.11: Enrichment of sequence repeats in naive (2i) and primed (serum) enhancer sets. (A)
Proportion of 2i (purple) and serum (green) enhancers overlap with RepeatMasker repetitive element
families. FDRs were computed using a one-sided Binomial test followed by multiple testing correction
with the Benjamini-Hochberg procedure. (B) Differential enrichment of RepeatMasker repetitive
element families between 2i and serum enhancers. FDRs were computed using a two-sided Fisher’s
exact test followed by multiple testing correction with the Benjamini-Hochberg procedure

3.3.8 | Chromatin-chromatin interactions of naive (2i) and

primed (serum) ESC enhancers

Enhancers can influence the expression of their target genes by physically interacting with
associated promoter regions [141]. Thus, we investigated how chromatin-chromatin in-
teractions of our condition-specific enhancer would change in different ESC conditions.
We first overlapped our enhancer sets with a previously published set of high-confidence
interactions, from Atlasi et al based on capture Hi-C from 2i and serum ESCs [199]. This
analysis revealed 1,029 and 661 interactions in which our 2i and serum enhancers were
involved, respectively. Interactions of 2i enhancers were distributed as follows: 14.2%
(146/1,029) with promoters, 1.3% (13/1,029) with other 2i enhancers, 1.4% (14/1,029) with
serum enhancers and 83.2% (856/1,029) with other genomic elements. Serum enhancer
interactions exhibited a similar pattern: 14.4% (95/661) with promoters, 0.5% (3/661) with
other serum enhancers, 2.1% (14/661) with 2i enhancers and 83.1% (549/661) interacted
with other genomic elements. Next, we compared the capture Hi-C coverage of enhancer

interactions between ESC 2i and serum conditions. This revealed that most interactions
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remained unchanged between both conditions and showed high correlation between each
other, independent of condition-specific enhancer activity (2i R = 0.88, serum R = 0.87;
Fig. 3.12 A). Comparison of log2 coverage fold-changes between 2i and serum condition
showed that most interactions showed less than 2-fold changes and only few up to a maxi-
mum 4-fold (median,; = 0.06, mediangeyy, = —0.004, p =9.1 - 1079, two-sided Wilcoxon
test; Fig. 3.12 B). These observations were in line with previous findings that there are
only a few changes in chromatin-chromatin interactions between these conditions [145,
199]. Comparison of interaction distances between both enhancer classes revealed signif-
icant differences between 2i and serum enhancers (mediany; = 4.58; mediangeyy, = 4.73;
p=9.1-107°, two-sided Wilcoxon test). Serum enhancers were further from their target
regions than 2i enhancers (Fig. 3.12C). Taken together, we observed similar interaction
trends for our condition-specific enhancers as previously described in the literature [199].
This provided additional evidence that observable gene expression changes between 2i and
serum were most likely explained due to differential enhancer activity and not differential

chromatin-chromatin interactions.
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Fig. 3.12: Chromatin-chromatin interactions of naive (2i) and primed (serum) enhancers. (A)
Scatterplot comparison of interactions overlapping 2i (purple) or serum (green) enhancers between
capture Hi-C samples from mESC 2i and serum conditions [199]. Pearson correlation and p-value
were computed using correlation test. (B) Violin plot comparisons of capture Hi-C coverage log2
fold-changes between 2i and serum condition for interactions overlapping 2i (purple) or serum (green)
enhancers. P-value from two-sided Wilcoxon test. (C) Violin plot comparisons of distances for
interactions which involve 2i (purple) or serum (green) enhancers. P-value from two-sided Wilcoxon
test.
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3.3.9 | Gene expression of naive (2i) and
primed (serum) enhancers target genes

Next, we assigned 2i and serum enhancers to their potential target genes using capture
Hi-C interactions from two previously published studies to better understand the impact of
condition-specific enhancer on endogenous gene expression and target gene function [199,
146]. This revealed a set of 252 2i and 192 serum target genes using interactions from Atlasi
et al and 108 2i and 89 serum target genes for Sahlen er al [199, 146]. Overlaying these
target gene sets with gene expression data from RNA-seq showed that only 3.2% (8/252)
of 21 and 3.1% (6/192) of serum target genes, defined with Atlasi et al interactions, were
not expressed. For Sahlen et al, we observed a higher proportion of unexpressed targets
genes: 20.4% (22/108) of 2i and 27% (24/89) of serum targets. Nevertheless, comparison of
gene expression fold-changes revealed significant differences between 2i and serum targets
(Atlasi: p=2.8- 10~4, Sahlen: p = 0.012, two-sided Wilcoxon test; Fig.3.13A). Gene
expression differences were especially pronounced for 2i enhancer target genes regardless of
the interaction set used to assign them. In contrast, target genes of serum enhancers did not
show the expected differences and were on average not differentially expressed (Fig.3.13A).
To gain a better understanding of how these potential target genes of condition-specific
enhancers might contribute to phenotypic differences between ESCs cultured in 2i vs. serum,
we performed a pathway enrichment analysis [201]. This revealed significant enrichment of
genes associated with the pluripotency network ("PluriNetWork") in all four different target
gene sets (Fig. 3.13B). Moreover, terms such as "ESC Pluripotency Pathways" and "Wnt
Signalling Pathway and Pluripotency" were enriched for 2i enhancer target genes (Sahlen)
[146]. This is in line with the literature showing the importance of WNT signalling for naive
pluripotency [225]. In summary, this analysis of potential target genes is consistent with the
importance of our enhancer sets in condition-specific gene regulation and for the involvement

of target genes in the different ESC properties changing due to culture.
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Fig. 3.13: Enhancer target gene expression from 2i/serum RNA-seq and pathway enrichment.
(A) Comparison of target gene expression changes between 2i and serum mESC conditions. Target
genes were assigned to 2i (purple) and serum (green) enhancers using capture Hi-C interactions from
two different studies Atlasi et al (left) and Sahlen et al (right) [199, 146]. P-values were computed
using two-sided Wilcoxon test. (B) Pathway enrichment analysis of target genes in WikiPathways
[201]. Dot size corresponds to the number of pathway genes overlapping target genes. Colour scaled
encodes —log10(p — value) from a one-sided Fisher’s exact test.

3.3.10 | Prediction of condition-specific enhancer
activity using chromatin features

After descriptive investigation of the chromatin landscape around 2i- and serum-specific
enhancers, we asked which of these features including open chromatin, histone modifications,
nascent transcription, methylation and other chromatin-associated factors might be the most
predictive for condition-specific enhancer activity. First, we sought to complete the list of
potentially predictive chromatin associated proteins by combining data from Cistrome, a
publicly available ChIP-seq peak database, with proteomic experiments profiling changes
in chromatin-associated proteins between 2i and serum ESC conditions [193]. These two
proteomic experiments included profiling all chromatin-bound proteins (Chromatome) and
profiling only NANOG co-binding proteins [204, 205]. Combining these datasets revealed
that the histone acetylase P300 exhibited higher chromatin abundance under ESC 2i condi-
tions in both experiments, which was confirmed by ChIP-seq peak enrichment (Fig. 3.14A,
B). However, our previous analysis of P300 ChIP-seq showed condition-specific signal
enrichment on 2i and serum enhancers (Fig. 3.7A, B). Therefore, this analysis strongly
depends on the ESC condition in which the ChIP-seq profiling was done; therefore ChIP-seq

experimental conditions always were always double checked. Our analysis revealed higher
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21 abundance as well as ChIP-seq peak enrichment for the histone methyltransferase ASH2L
and the mediator complex subunit MEDI1 for the ESC Chromatome experiment (Fig. 3.14A).
For the Nanog co-binding profiling, we observed high 2i abundance and peak enrichment for
CTNNBI, which is in line with previous reports about the contribution of WNT signalling to
naive pluripotency [225, 183]. In contrast, we found UTF1 and JARID?2 in the fraction of
serum-specific chromatin binding proteins, independent of the proteomics study (Fig. 3.14A,
B). UTF1 was previously described in the context of primed pluripotency and its expression
is induced upon transfer of cells to a serum medium [246, 293]. JARID2 plays an important
role in PRC2 recruitment and was previously linked with primed pluripotency [294]. Further,
MEDI12 and DPPA2 exhibited similar trends for the ESC Chromatome and POLR2A for the
NANOG co-binding protein profiling experiment. We included ASH2L1, CTNNB1, DPPA2,
JARID2, MED1, MED12 and UTF1 ChIP-seq experiments as additional chromatin features

to predict condition-specific enhancer activity.

Nanog co-binding proteins
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Fig. 3.14: Identification of chromatin associated proteins predictive for differential enhancer
activity. Scatterplot showing protein abundance fold-changes between 2i and serum ESC conditions
plotted against the differential ChIP-seq peak enrichment in condition-specific enhancer. Proteomics
experiments were targeted to (A) all chromatin binding proteins (chromatome) and (B) NANOG co-
binding proteins [204, 205]. The y-axis denotes the log2(Odds) from Fisher’s exact test. Colour scale
encodes Matthews correlation coefficient (MCC). Selected proteins were highlighted by labelling.

In total, we used 20 different chromatin features, each as a single predictor, to distinguish
condition-specific enhancer activities (see Methods). For each predictor, we quantified
their predictive power as area under the ROC curve (auROC) and used this as measure of
feature importance. This revealed changes in chromatin accessibility as measured by ATAC-

seq between 2i and serum ESC as most predictive for condition-specific enhancer activity
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(Fig. 3.15). Interestingly, ATAC-seq from samples which were cultured under 2i or serum
conditions for longer periods exhibited higher predictive power, than short-term cultures
(ATAC-seq LT auROC = 0.81, 1 day auROC = 0.71, 8h auROC = 0.57). Apart from open-
chromatin changes, only binding changes of the histone acetylase P300 showed comparably
high predictive power (auROC = 0.73). This was even higher than for the usual predictors
of enhancer activity based either on histone modifications H3K27ac (auROC = 0.67) or
nascent eRNA transcription (GRO-seq auROC = 0.66). Of our previously selected chromatin
associated proteins, UTF1 and CTNNB1 showed highest predictive power to distinguish
2i/serum enhancers, which again is in line with the previously published ESC condition-
specificity of these proteins [225, 293]. Surprisingly, some features performed barely better
than random guessing (auROC ~ 0.5) including changes in H3K27me3 or H3K4mel, CpG
methylation in 2i ESCs, DPPA2 and MED1 ChIP-seq (Fig. 3.15).

Method

[ ATAC-seq

[ GRO-seq

[ Histone ChIP-seq

[l Other ChiP-seq
WGBS

Fig. 3.15: Predictive power of chromatin features for differential enhancer activity. Ranking of
20 different chromatin features according to their predictive power for condition-specific enhancer
activity, as measured by area under the ROC curve (auROC). Chromatin features were derived
from sequencing methods including ATAC-seq (red), GRO-seq (blue), ChIP-seq profiling of histone
modifications (green) or other chromatin associated proteins (purple) and whole-genome bisulfite
sequencing (WGBS; orange). X-axis labels include information about exact signal type used for
enhancer activity prediction, e.g. log2(2i/serum) for log2 fold-change in signal between conditions
or counts per million (CPM). Error bars represents standard deviation which was derived from 100
re-sampling iterations.

In summary, chromatin accessibility changes between 2i and serum ESC conditions were the
major predictor for condition-specific enhancer activity. This provides an explanation of how

enhancer activity of these sites might be regulated in their endogenous loci.
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3.3.11 | Prediction of condition-specific enhancer
activity using sequence features

Having uncovered chromatin accessibility changes as a major predictor of condition-specific
enhancer activity, we investigated what TFs might be involved in this process and how these
changes might be encoded in the DNA sequence of the enhancers. To address this, we
trained two different machine learning models including GBMs and gkm-SVMs based only
on sequence features [211, 208].

GBM sequence feature selection, training and hyperparameter selection

As an initial step to answer these questions, we performed the same feature selection proce-
dure as described in Chapter 2 to determine predictive TF motifs. Briefly first we constrained
the TF search space using the two proteomic experiments profiling protein abundance changes
between 21 and serum ESC condition [204, 205]. This revealed 137 TFs combining both ex-
periments, 103 TFs from the entire ESC Chromatome and 52 TFs from the Nanog co-binding
protein experiment with 18 TFs overlapping between them. We could map 67.2% (92/137)
of all TFs to at least one PWM from a recently published consensus PWM dataset [63].
However, this step yielded in total 682 links between TFs and PWMs corresponding to an
average of 7.4 TF-PWM links for each TF. To reduce the number of potential TF-PWM links,
we scored sequences from condition-specific enhancers, used these scores as classifiers to
predict 2i/serum labels and computed the auROC for each PWM as a performance measure.
Finally, we pruned all TF-PWM links to keep only the most predictive ones by filtering for
the max auROC (Fig. 3.16A).

We found TCF4 (auROC = 0.697) and TCF7L1 (auROC = 0.672) amongst the most pre-
dictive TF motifs for 2i enhancer activity (Fig. 3.16A). Moreover, TCF7L1 showed higher
abundance on chromatin as well as NANOG co-binding factor under ESC 2i conditions
(Fig. 3.16B). TCF4 was only detectable as Nanog co-binding factor but also showed higher
abundance under 2i conditions (Fig. 3.16B). These observations are again in line with previ-
ous reports on the importance of WNT signalling for naive (2i) pluripotency [225]. Motifs
associated with ARID3A (auROC = 0.634) and ESRRB (auROC = 0.613) showed high
predictive power for 2i enhancers as well as high abundance under 2i condition in both pro-
teomics experiments (Fig. 3.16B). No literature was available about ARID3A under ESC 2i
conditions. ESRRB was previously described in context of ESC 2i conditions [199]. In con-
trast, we found ZIC3 (auROC = 0.66), GABPA (auROC = 0.645), MAZ (auROC = 0.644),
ETV1 (auROC = 0.649) and CTCF (auROC = 0.638) amongst the best predictors for serum
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enhancer activity (Fig. 3.16A). However, comparing these factors with our proteomics ex-
periments revealed slightly higher abundances of CTCF, GABPA, MAZ and ETV1 under 2i
conditions (Fig. 3.16B). Only ZIC3 showed slightly higher abundance on chromatin under
ESC serum conditions. This is in line with previous reports of ZIC3 being involved in the
transition from naive to primed pluripotency [295].

Finally, we removed all TF motifs with low predictive power (auROC < 0.6) and split the re-
maining into four distinct feature sets including predictive Chromatome TF features (n = 17),
Nanog co-binding TF features (n = 11), overlapping features (n = 6) and the union of all
features (n = 22). These four feature sets were used to train four separate GBM models. For
each of these models we performed a hyperparameter search aiming to optimise the area
under the precision recall curve (auPRC) and train a final model (see Methods; Supp.Fig. A.4)
[211].
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Fig. 3.16: Prioritisation of potential TFs involved in differential enhancer activity.

(A) Volcano-like plot illustrating the difference in median motif scores between 2i- and serum-specific
enhancers against predictive power, as measured by auROC, for each TF detected in either proteomics
experiment. Only most predictive PWMs for each TFs are shown. TFs with auROC > 0.58 were
labelled in the plot. Colours indicate the TF family of each predictive PWM (auROC > 0.6). (B)
Scatterplot showing protein abundance fold-changes between 2i and serum ESC conditions plotted
against difference in median motif scores. Proteomics experiments were targeted to Chromatome (left
panel) and NANOG co-binding proteins (right panel) [204, 205]. Colour scale encodes area under
ROC curve (auROC) for the TF motifs.

gkm-SVM training and hyperparameter selection

As in Chapter 2, we initially performed a grid-search to optimise gkm-SVM hyperparameters

including k-mer length (L), gap length (K) and number of informative columns (NM; see
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Methods) [208]. gkm-SVM models were trained using 10-fold cross-validation and the
area under precision-recall curve was recorded for each hyperparameter set. This revealed
following parameters set as best one: L = 8, K =7, NM = 3 with an auPRC of 0.864. These

hyperparameters were used to train a final gkm-SVM model.

GBM and gkm-SVM evaluation on hold-out test set

Next, we evaluated all previously trained models on the same hold-out test set and compared
them using five different metrics including area under precision recall curve (auPRC),
Matthews correlation coefficient (MCC), balanced accuracy, sensitivity and specificity (see
Methods) [194]. Comparing the models using the auPRC as metric revealed that all five
models were able to classify 21 enhancers with high precision (Fig. 2.21A). All four GBM
models showed comparably high performances (auPRC 0.89) with the exception of the
gkm-SVM model which had slightly lower precision (auPRC=0.882). However, this metric
is focused on successfully recovering 2i enhancers (true positives) and does not consider
the number of successfully classified serum binding sites (true negatives). Therefore, we
computed the MCC for each model since this metric takes the entire confusion matrix into
account (see Methods). In terms of MCCs, the GBM using all TF motifs as input performed
best in accurately distinguishing 2i from serum enhancers (MCC=0.492; Fig. 2.21B). In
contrast, the gkm-SVM performed worst using this metric (MCC=0.398) and the GBM
using only the Chromatome TFs as input exhibited worst performance among GBM models
(MCC=0.453). Nevertheless, we found that GBM models performed comparatively well
using this metric (MCC > 0.45). A caveat of MCC as a metric are that it might strongly
depend on the applied probability/score threshold which was not directly comparable between
GBMs and the gkm-SVM model. To compare our models more comprehensively, we
additionally examined the balanced accuracy as another performance measure. We found
that the gkm-SVM model showed the highest balanced accuracy (Acc=0.769) and the GBM
all TF model the second highest (Acc=0.746; Fig. 2.21C). Overall the GBM trained on
the Chromatome TF motifs showed lowest accuracy (Acc=0.724). To better understand
MCC and balanced accuracy metrics, we also computed the sensitivity and specificity for
all five models. The GBM models showed lower sensitivities but higher specificities than
the gkm-SVM model (Fig. 2.21C). Among the GBM models, that trained on all TFs showed
highest sensitivity (sens=0.696) as well as specificity (spec=0.796). The GBM model trained
on Chromatome TFs showed lowest sensitivity (sens=0.652) and the GBM model trained on
NANOG co-binding TFs lowest specificity (spec=0.779). Together, GBM models identified

serum enhancers more accurately than 2i enhancers using a fixed probability threshold
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(p2i <0.5). In contrast, the gkm-SVM model exhibited a more balanced behaviour between
sensitivity (sens=0.756) and specificity (spec=0.782). Again, it is important to keep in mind
that balanced accuracy, sensitivity and specificity also depend on the chosen probability/score
threshold.

In summary, all trained models successfully learned to distinguish 2i and serum enhancers
based on sequence features. The GBM model trained using all TF motifs outperformed
all other models when assessed by the MCC metric and other GBM models in respect to

balanced accuracy/sensitivity/specificity.
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Fig. 3.17: Performance benchmark on hold-out test set of classification models using different
metrics. (A) Precision-recall curves for all trained models including GBM all TFs (purple), GBM
Chromatome (red), GBM Nanog co-binding (light blue), GBM Overlapping TFs (green) and gkm-
SVM (orange). Precision-recall curves were computed on a hold-out test set. Area under precision
recall curve (auPRC) for each model is shown in the legend. (B) Average Matthews correlation
coefficient (MCC) for all trained models evaluated on a hold-out test set. Error bars represent standard
deviation of MCCs calculated from 100 re-sampling iterations. Shown MCC values were rounded to
three digits after decimal point. (C) Balanced accuracy, sensitivity (true positive rate) and specificity
(true negative rate) for all trained models evaluated on a hold-out test set. Shown performance metrics
values were rounded to three digits after decimal point.
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GBM feature importance and validation of important features using ChIP-seq

Having established that the DNA sequences underlying enhancers contain enough information
to distinguish 2i from serum enhancer elements, we investigated which sequence features
(e.g. TF motifs or dinucleotides) might be the most important. To answer this question, we
made use of the best performing GBM model and computed an importance score for each
model feature (see Methods). This revealed the motif for TCF4 as the most important model
feature by far (Fig. 3.18A). Moreover, we found PWMs associated with ZIC3, TCF7LI,
ESRRB and CTCF among the top five most important TF motif features, consistent with the
analysis of single PWMs (Fig. 3.16A).

From all dinucleotide features, we identified AA and TT as most important (Fig. 3.18A).
Closer examination of AA/TT dinucleotide features revealed higher median frequencies in
2i enhancers compared with serum enhancers (AAy; = 8.5%, AAserum = 7%, TTr; = 8.2%,
T Tserum = 6.8%). These dinucleotides might account either for missing TF motifs, simple
repetitive sequences or higher order sequence features.

Next, we examined the relationship between STARR-seq signal and motif scores to better
understand factors contributing to differential activity (Fig. 3.18B). This revealed that ESRRB,
TCF4 and TCF7L1 showed higher motif scores for 2i enhancers and were therefore more
specific to these enhancers. TCF4 motif scores increased with increasing 2i enhancer activity
and decreased with increasing serum enhancer activity. TCF7L1 showed a similar relationship
and ESRRB exhibited a more complex pattern. In contrast, ZIC3 showed constantly higher
motif scores for serum enhancers independently of the STARR-seq signal (Fig. 3.18B). These
observations were in line with our previous proteomics results above for which ESRRB,
TCF4, TCF7L1 showed higher abundances under 2i conditions and ZIC3 higher abundance
under serum conditions (Fig. 3.16B). Finding the WNT signalling associated TFs, TCF4 and
TCF7L1, among the most important features for 2i enhancers is in line with the literature
emphasising the importance of WNT signalling for naive pluripotency (21) [225]. Moreover,
ESRRB was previously described as important TF involved in naive pluripotency [296,
199]. On the other hand, ZIC3 being important for serum enhancer prediction is in line with
previous reports of its involvement in primed pluripotency [297, 295].

Together, we identified TCF4, TCF7L1 and ESRRB as most important predictors of 2i

enhancer activity and ZIC3 as the most important for serum-specific enhancer activity.
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Fig. 3.18: Feature importance ranking for GBM trained on all proteomics TFs. (A) Feature
importance ranking showing the 20 most important features. Colour indicates feature type, PWM
(blue) or dinucleotide frequency (yellow). (B) Boxplot showing motif score distributions for the top
four most important PWM features: TCF4, ZIC3, TCF7L1, and ESRRB. Motif scores were stratified
into quintiles according to the absolute STARR-seq signal (|log2(FC)|).

Having identified important predictive TF motifs, we sought to validate binding of the
identified TFs to our condition-specific enhancer sets using publicly available ChIP-seq
samples. We were unable to find any publicly available ChIP-seq data for TCF4 in the
two major sequencing data repositories (Gene Expression Omnibus and ArrayExpress).
However, we found a publicly available ChIP-seq dataset for TCF7L1, the other important TF
associated with WNT signalling [298]. Analysis of this dataset revealed TCF7L1 binding to
both enhancer classes but higher average binding to 2i-specific enhancers (Fig. 3.19A). More
generally, 2i-specific enhancers exhibited significantly higher levels of TCF7L1 binding
compared with serum enhancers (p < 2.22-107'®, one-sided Wilcoxon test; Fig. 3.19B).
This provides additional evidence for TCF7L1 being an important regulator for differential
enhancer activity.

We also found publicly available ChIP-seq data for ZIC3, the second most important TF
feature which was predicted to be more specific for serum enhancers [299]. The ZIC3 ChIP-
seq exhibited signal enrichment at both enhancer types but as expected from our previous
analysis higher average binding at serum-specific enhancers (Fig. 3.19C). Comparison of
signal enrichment within condition-specific enhancers confirmed significant higher binding
of ZIC3 to serum enhancers (p < 2.22 - 10~ 1°, one-sided Wilcoxon test; Fig. 3.19D). These
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observations point towards ZIC3 being an important regulator for serum-specific enhancer
activity.

Finally, we also investigated differential binding of ESRRB to our condition-specific en-
hancers and therefore used the same ESRRB ChIP-seq from 2i and serum cultured ESCs as in
Chapter 2 [199]. Again, this confirmed our expectation of higher average ESRRB binding to
2i-specific enhancers than serum enhancers under ESC 2i conditions (Fig. 3.19E). However,
ChIP-seq profiling of ESRRB under ESC serum condition showed dramatic reduction in
average signal enrichment at both enhancer types. Quantification of signal changes between
ESRRB ChIP-seq from 2i and serum ESCs confirmed binding of ESRRB to both enhancer
classes was specific to 2i conditions (Fig. 3.19F). Moreover, this effect was significantly
higher at 2i enhancers than serum enhancers (p < 2.22- 10716, one-sided Wilcoxon test).
Hence, this suggests that ESRRB is involved in the regulation of differential enhancer activity
between 2i and serum conditions. This is in line with our previous observation that ESRRB
might be the most important regulator of enhancer activity in ESC 2i conditions (see Chapter
2 for extensive discussion).

In summary, here we validated the predicted binding of TCF7L1, ESRRB and ZIC3 to
condition-specific enhancers, thus providing evidence for them as potential regulators of
condition-specific enhancer activity. However, more experiments are necessary to validate

their putative role as regulators of bona fide enhancer activity.
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Fig. 3.19: TCF7L1, ZIC3 and ESRRB binding, as measured by ChIP-seq, at 2i- and serum-
specific enhancers. (A) Metaprofile showing average TCF7L1 ChIP-seq signal, as CPM, at +3kbps
around 2i (purple) and serum (green) enhancers [298]. (B) Violin plot comparison of TCF7L1 ChIP-
seq signal (CPM) within 2i (purple) and serum (green) enhancers. P-value from one-sided Wilcoxon
test. (C) Metaprofile showing average ZIC3 ChIP-seq signal, as log2 fold-change over input, at 2i and
serum enhancers [299]. (D) Violin plot comparison of ZIC3 ChIP-seq signal (log2 fold-change over
input) within 2i and serum enhancers. P-value from one-sided Wilcoxon test. (E) Metaprofile showing
average ESRRB ChIP-seq signal, as CPM, at 2i and serum enhancers [199]. Condition-specific
ESRRB ChIP-seq samples for 2i (solid line) and serum (dotted line) mESCs are shown. (F) Violin
plot comparison of ESRRB binding changes between ChIP-seq from 2i and serum mESC, within 2i
and serum enhancers. P-value from one-sided Wilcoxon test.
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3.4 | Discussion

In this chapter, we investigated the features underlying differential enhancer activities exhib-
ited by NANOG binding sites in naive (2i) and primed (serum) mouse ESCs. To this end,
we used a recently published protocol combining ChIP with the high-throughput enhancer
assay STARR-seq to identify bona fide transcriptional enhancers [178]. Application of this
technique in 2i and serum ESCs followed by differential enhancer activity analysis revealed
enhancers displaying condition-specific activity. We comprehensively characterised these
condition-specific enhancers in terms of TF binding, chromatin landscape, DNA methylation,
nascent eRNA transcription, chromatin-chromatin interactions and target gene expression.
Finally, we used two machine learning algorithms to uncover sequence features (e.g. TF
motifs) predictive for the observed differential enhancer activity and validated predicted

regulators with publicly available ChIP-seq data.

First, we defined high-confidence NANOG binding sites which displayed fragment coverage
in our STARR-seq vector library (see Chapter 2 Section 2.3.1). To achieve this, we combined
NANOG binding sites from three different ESC conditions including naive (21), primed
(serum) and epiblast stem cells. However, the coverage filtering was based on a STARR-seq
vector library prepared from a NANOG ChIP profiled under 2i conditions. Therefore, we
examined whether NANOG binding sites might identify only those bound in 2i. Previous
studies reported dynamic binding of NANOG in different pluripotency conditions as well
as during differentiation [216, 222]. For example, Galonska et al compared NANOG
binding in serum with 2i conditions and found 14,796 differential sites or De Kumar et al
revealing dynamic NANOG binding upon induced differentiation with RA [216, 222]. Hence,
creating a STARR-seq vector library for all three conditions (2i/serum/EpiSC) and then
cross-transfecting them, would broaden the search space for putative enhancer elements and
allow for a more comprehensive investigation of condition-specific enhancer activity. In our
approach, we only examined differential enhancer activity of NANOG bound sites specific to
2i or shared between conditions. Thus, NANOG binding sites which were specifically bound
in serum or EpiSC were not included in our analysis.

Next, we defined bona fide transcriptional enhancer specific to the 2i or serum condition by
performing differential count analysis using edgeR (see Methods) [195]. This uncovered 768
Nanog binding sites with specific enhancer activities in 2i and 481 in serum conditions. As
discussed in Chapter 2, enhancer calling from our data sets might be negatively influenced by

the use of an older version of the STARR-seq screening vector and the lack of UMIs in our
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experiment [176, 219, 184]. Nevertheless, we were able to detect significant differentially
active enhancers between the two conditions which might explain at least some of the gene

expression differences.

To ensure the validity of our enhancers, we compared our condition-specific enhancers with
previously published transcriptional enhancers, which were validated using a dual-luciferase
reporter assay. Indeed, two of our 2i-specific enhancers could be matched with two pre-
viously described regions associated with Prdm14 and Jarid2 regulation (Fig. 3.3 & Data
not shown) [216, 199]. We could not recover known serum enhancers, such as the Oct4
proximal enhancer and the Fgf5 associated enhancer (Data not shown) [216, 300]. However,
manual inspection of our STARR-seq data clearly confirmed condition-specific enhancer
activity changes at our serum-specific enhancers (Fig. 3.4). The most likely explanation for
these missing enhancers is that they correspond to serum-specific NANOG binding sites and
were thus not represented in our vector library. This highlights the importance of generating
and assaying condition-specific vector libraries to obtain a more comprehensive picture of

differential enhancer activity.

We compared various published regulatory genomic datasets, including ChIP-seq, ATAC-seq,
WGBS, GRO-seq, Capture-HiC, with our condition-specific enhancer sets in order to collect
additional evidence supporting their differential activity. Descriptive analyses of all these
datasets confirmed condition-specific differences between enhancer classes including acces-
sibility, histone modifications, nascent eRNA transcription, methylation and TF engagement.
Thus, integration of publicly available data with our condition-specific enhancers supported
their differential activity and all our observations were in line with expectations from previous
publications [161, 42]. Beyond descriptive analysis, we aimed to prioritise these chromatin
features by their predictive power for condition-specific enhancer activity. This revealed that
chromatin accessibility changes as measured by ATAC-seq was is by far the best predictor
(auROC = 0.81). Changes in the epigenetic writer P300 and its associated histone mark
H3K27ac showed lower predictive power (P300: auROC = 0.73, H3K27ac: auROC = 0.67).
These observations were supported by previous reports that condition-specific accessible and
H3K?27ac marked regions showed bona fide enhancer activity in a dual-luciferase reporter
assay alone [199]. In contrast, regions only showing dynamic accessibility changes showed
basal levels of transcription [199]. In addition to the chromatin features discussed above, we
investigated their ability to predict condition-specific enhancer activity. Initially we comple-

mented the set of chromatin features with potentially predictive chromatin associated proteins
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by integrating publicly available chromatin profiling proteomic data with ChIP-seq data [204,
205]. This analysis uncovered 4 chromatin associated proteins, CTNNB1 (auROC = 0.63),
JARID2 (auROC = 0.61), MED12 (auROC = 0.62) and UTF1 (auROC = 0.65) with the
ability to distinguish condition-specific enhancers. These factors were previously described
in the literature as being involved in the regulation of naive/primed pluripotency. For ex-
ample, CTNNB1 was shown to be crucial under 2i conditions to overcome the repressive
effect of TCF3 and promote pluripotency [301]. In contrast, JARID2, a subunit of the PRC2
complex, was shown to be involved in primed pluripotency, and ESCs lacking JARID?2 failed
to undergo differentiation [294]. UTF1 was shown to be highly up-regulated upon transfer
of ESCs from 21 to serum and was previously linked to primed pluripotency via the PRC2
complex [246, 293].

As in Chapter 2, we performed predictive modelling of condition-specific enhancer activity
using sequence features only. We trained GBM models using proteomics data combined
with PWMs and also trained a gkm-SVM model directly from enhancer sequences. Here,
we were unable to train a CNN model due to the small dataset size. Consequently, we
could not compute a base-pair level importance score using DeepLIFT and derive novel
sequence features as in Chapter 2 [212]. Nevertheless, GBM and gkm-SVM models showed
good performance in distinguishing 2i from serum enhancers just using sequence features.
Moreover, a recent publication described "GkmExplain" which implements a way to derive
base-pair level importance scores from a gkm-SVM model [302]. We aim to apply this tool

in future.

Predictive modelling of condition specificity using GBMs, uncovered TCF3/TCF7L1 and
TCF4/TCF7L2, two TFs involved WNT signalling, as important predictors of 2i enhancer
activity. For TCF4, we did not find any supporting literature describing its role in pluripotency
or ESC biology; however, we showed that TCF4 is expressed at low levels in ESC cells and
was identified as Nanog co-binding TF using ChIP-SICAP [204]. On the other hand, TCF3
was previously described as integral part of the core-regulatory circuitry linking pluripotency
to differentiation [303]. Its impact on gene expression depends on the co-localisation with
CTNNBI1: bound together, TCF3 functions as activator but bound alone, it is a repressor.
Hence, inhibition of GSK-3 under 2i culture condition induces activation of canonical WNT
signalling, resulting in co-localisation of CTNNB1 and TCF3 which ultimately promotes
naive pluripotency [304]. Changing culture condition from 2i to serum would result in
the lack of canonical WNT signalling and therefore might lead to repression of 2i-specific

enhancers by TCF3. Moreover, this analysis uncovered ESRRB as important predictor of
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2i-specific enhancer activity. This is consistent with previously published research and our
work in Chapter 2 [199]. Finally, we found the ZIC3 motif to be the most predictive of
enhancer activity in serum conditions. Previous research showed that ZIC3 is required for
maintaining pluripotency and is a direct regulator of Nanog expression [297, 299]. Moreover,
ZIC3 has been indicated as a reprogramming factor together with ESRRB for inducing
pluripotency [251]. In line with our observations, ZIC3 was implicated as regulating the

transition from naive to primed pluripotency [295].

In summary, in this chapter we uncovered bona fide transcriptional enhancers exhibiting
differential activity between naive (2i) and primed (serum) pluripotency. These elements
were comprehensibly characterised revealing changes in chromatin accessibility, H3K27ac
and P300 between conditions as major predictors for differential enhancer activity. Predictive
modelling using sequence features uncovered the two WNT related TFs TCF3/TCF7L1
and TCF4 as well as ESRRB as major predictors for 2i-specific activity and ZIC3 as a
major determinant of serum activity. As in Chapter 2, additional wet-lab experiments
are necessary to validate these predictions and reveal potential mechanisms involved in
regulating differential enhancer activity. Our proposed workflow of combining differential
ChIP STARR-seq with machine learning approaches will help to uncover how condition
specific enhancer activity is encoded in DNA sequence and help to prioritise candidate TFs

as master regulators of compared conditions.



Chromatin accessibility dynamics during
early neurogenesis reveal timing of axis

allocation and neural induction

Neural induction in vertebrates generates a central nervous system that extends the anterior-posterior
length of the body. The prevailing view is that neural induction initially generates cells with anterior
(forebrain) identity, caudalising signals then converting a proportion of these to posterior fates
(spinal cord). Here we challenged this model using genome-wide open-chromatin profiling by
ATAC-seq in both an in vitro model system of this process as well as in vivo. Contrary to the
established model, these data indicated that for spinal cord induction, cells commit to a posterior
regional identity before acquiring neural identity. Additionally, we identified distinct sets of
regulatory elements required for the regional identity of neural cell identities. In combination with
extensive mining of published sequencing datasets, including RNA-seq, ChIP-seq and ATAC-seq,
we uncovered key transcription factors and their activating/repressing contributions to this process.
This highlighted the role of CDX2 in specifying posterior identity for spinal cord development.
Perturbation experiments supported these data and confirmed the role of key transcription factors
involved in inducing regional identity. In summary, we showed that cells initially acquire regional
identity and then neural identity prompting a revision of the current model. This is further supported

by the proposed dual evolutionary origin of vertebrate central nervous system. =
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4.1 | Introduction

Gene expression programs need to be spatiotemporally regulated in order to create a viable
organism from a fertilised egg during development. It is well established that distal regulatory
regions, so called enhancer elements, encode this information in form of transcription factor
(TF) binding sites. Here, we focus on the question of how these elements regulate gene
expression during early neural development in vertebrates and what are TFs involved in this.
The development of the nervous system, a process referred to as neural induction, begins at
gastrulation, the process which determines the formation of the three primary germ layers
of the embryo [306]. Neural induction continues throughout embryogenesis, producing
a nervous system that forms along the rostro-caudal or anterior posterior axis (AP-axis).
During this process, cells differentiate towards a neural cell fate producing neural progenitor
cells (NPCs) [306]. These NPCs give rise to various cell types depending on their location in

the rostral-caudal regions of the developing nervous system.

Different hypotheses have been proposed to describe how cells acquire neural as well as
regional identity. In 1924, Otto Mangold suggested that distinct mechanisms are responsible
to generate distinct regions of the nervous systems [307]. However, the prevailing view is
summarised in the Activation-Transformation hypothesis [308] (Fig. 4.1 upper panel). Ac-
cording to this model, during "Activation" describes that cells initially differentiate towards
an anterior neural identity (forebrain). Subsequently during "Transformation", these anterior
neural cells give rise to a plethora of other neural cells comprising the midbrain, hindbrain
and spinal cord ("Transformation"). In this model all neural cells along the anterior-posterior

nervous system would originate from a forebrain neural identity [308].

In contrast to the above model however, the posterior spinal cord (thoracic level and lower)
and anterior nervous system (fore-, mid-, hindbrain and anterior spinal cord) develop from
anatomical and molecular distinct cell types [309]. These observations were summarised in an
alternative hypothesis called the "Dual origin of neural progenitors" hypothesis (Fig. 4.1 lower
panel). Here, cells from the anterior epiblast will give rise to the anterior nervous system,
whereas, the posterior spinal cord originates from a bipotent stem cell population within
the posterior epiblast, the neuromesodermal progenitors (NMPs) [310, 311]. These NMPs
can differentiate into the neuroectoderm as well as the trunk mesoderm and were identified
as the driving force of productive axis elongation. In contrast to the anterior epiblast, cells

in the posterior part are exposed to WNT and Fibroblast growth factor (FGF) signalling



Chromatin accessibility dynamics during early neurogenesis reveal timing of axis allocation and

neural induction

which appear to induce the NMP state. Hallmarks of this state are the expression of TFs
such as SRY-Box Transcription Factor 2 (SOX2), T/Brachyury (T/BRA) and Caudal Type
Homeobox (CDX)1, 2, 4 [310, 311]. The importance of this cell population is highlighted by
impaired axis elongation in mouse embryos upon the knock out (KO) of 7/Bra, Cdx genes or
the absence of WNT signalling [312, 313, 314, 315].

Recent advances in in vitro model systems can recreate these complex developmental pro-
cesses by applying timely pulses of the required signalling pathways to direct embryonic
stem cell (ESC) differentiation [310]. ESCs are removed from pluripotent conditions and
grown in a basal medium exposed to FGF signalling for at least 48h to differentiate them into
epiblast like stem cells (EpiSC). These EpiSC can be used to differentiate cells towards an
anterior neural identity in the presence of neuralising signals. Exposure to retinoic acid (RA)
allows these cells to adopt a hindbrain NPC identity while the addition of sonic hedgehog
(SHH) signalling promotes ventral neural fates. In the absence of added RA, EpiSC adopt a
fore-/midbrain NPC identity. In contrast, to generate the more posterior parts of the nervous
system, such as the spinal cord, EpiSC must first be caudalised by exposure to WNT and FGF
signalling for 24h. This inductive event induces a population of cells that resemble NMPs that
form in the tailbud in vivo [310, 316, 317]. These in vitro NMPs can be further differentiated
into posterior spinal cord NPCs by addition of RA and SHH [310]. Resulting in vitro spinal
cord NPCs will be marked by expression of posterior Homeobox (Hox) genes. Single-cell
RNA-seq (scRNA-seq) studies of such in vitro generated NPCs and corresponding in vivo
populations have confirmed their concordance [311, 318]. The observation that distinct
NPC cell types can be differentiated in vitro from ESCs have challenged the "Activation-
Transformation" hypothesis and supported Mangold’s model, in which distinct mechanisms

lead to different nervous system regions [307].
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Fig. 4.1: Proposed hypothesis for neural induction and AP-axis pattering during early neuro-
genesis. Upper panel: Schematic diagram summarising the Activation-Transformation hypothesis.
According to this hypothesis, cells are initially exposed to signals inducing a forebrain-like neural
identity ("Activation"). These cells then acquire other regional identities along the anterior-posterior
(A-P) axis by exposure to different signals ("Transformation"). Figure concept was adapted from
[308]. Lower panel: Schematic diagram summarising the Dual-origin of neural progenitors hypothesis.
Pluripotent epiblast cells are exposed to a WNT signalling gradient along the AP-axis during gastru-
lation (E7.0). The WNT gradient differentiates cells in the posterior epiblast to neuromesodermal
progenitor cells (NMPs) which are subsequently committed to a regional posterior identity. These
NMPs then give rise to the neuroectoderm, as well as the mesoderm in the developing tail/posterior
spinal cord. In contrast, anterior epiblast cells can give rise to neuroectoderm of the central nervous
system. Figure was adapted from [319].

In the work presented here, we took advantage of the directed differentiation of ESCs into
defined NPCs in vitro model to understand the sequence of events, necessary to develop NPCs
with different regional identities. Classic embryology experiments are strongly dependent on

observable morphological changes and ignore molecular changes such as gene expression
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and chromatin dynamics in the embryo [312, 313]. Although it is now becoming possible

to apply sequencing techniques to cells isolated from dissected embryos, such approaches
often lack the necessary cellular and temporal resolution. Furthermore, perturbation exper-
iments are often either time-consuming or impossible using in vivo models. In contrast,
the in vitro model offers a well-defined and controlled experimental system to direct cells
towards different cell fates through the application of well-defined signals. Perturbation
are possible by delaying the activation of one signalling pathway over another signal. Pre-
viously published research focused on gene expression measurements as a better proxy to
define cellular identities [310, 311, 318]. However, recent studies show that measuring the
accessibility of distal regulatory regions, also known as enhancers, by profiling for open
chromatin profiling serve as a more accurate definitions of cell identity than bulk gene
expression profiling [167, 168, 169]. The reasoning behind this is a well-established concept
of developmental biology, that important developmental genes (e.g. Hox genes) need to be
tightly spatiotemporally regulated, achieved through the use of specific enhancers [42, 320].
Within the neural tube, several key transcription factors important in neural development are
expressed throughout the nervous system, yet under the control of multiple regulatory ele-
ments. One example highlighting the advantage of enhancer accessibility measurements over
gene expression is Sox2, which is broadly expressed along the AP axis but shows differential
regulation by distinct groups of cell-type specific enhancers[321, 322, 323, 324]. Hence, en-

hancer accessibility needs to be cell-type specific and therefore predictive for cellular identity.

In this chapter, we asked how cells adopt a neural identity, and how cells adopt different
regional identities in the anterior versus posterior part of the nervous system. To assess
this, we used ATAC-seq, a genome-scale method to profile chromatin accessibility dynamics
during in vitro differentiation of NPCs with different regional identities along the AP-axis
[131]. This revealed sets of enhancer elements specific to different regional identities. To
confirm their importance during neural development in vivo, we measured their accessibility
using ATAC-seq on FACS sorted cells from mouse embryos. In combination with extensive
mining of published sequencing data, including RNA-seq, ChIP-seq and ATAC-seq, we use
the temporal resolution of the in vitro differentiation to define when cells adopt different
AP fates. This revealed that in contrast to the textbook view, cells adopt either anterior or
posterior identities before they commit to a neural identity. Moreover, we uncovered key TFs
and their regulatory contributions to this process. In doing so, we highlighted the importance

of the TF CDX2 for providing cells with the competence to make spinal cord.
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4.2 | Methods

4.2.1 | ATAC-seq and ChIP-seq

All ATAC-seq experiments were performed by Vicki Metzis (Postdoc in the Briscoe Lab)
and sequenced by the Advanced Sequencing Platform at the Francis Crick Institute. SOX2
ChIP-seq for day five hindbrain and spinal cord NPCs was also performed by Vicki Metzis

and sequenced at the Crick. For exact description of experimental procedures see [305].

4.2.2 | ATAC-seq analysis

Preprocessing

For each ATAC-seq sample, sequencing adapters and poor quality bases were trimmed
from sequencing reads using trim_galore with default settings (https://www.bioinformatics.
babraham.ac.uk/projects/trim_galore/). Reads were mapped to the mm10 reference genome
using bowtie2 (parameters -X 2000 —sensitive-local) [122]. Unmapped reads, reads with
low quality mapping scores (MAPQ < 30), reads mapping to chrM, and unpaired reads were
removed from further analysis. PCR duplicates were removed using Piccard. For analyses
measuring insertion level (e.g., TF footprinting) we shifted plus-strand insertions by +4bp
and minus-strand insertions by -5bp [131]. Publicly available in vivo ATAC-seq samples
were downloaded from GEO and listed in Supp. Table B.12.

Peak calling and annotation

Coverage tracks were computed as fragments per million per base pair (FPM) using deepTools
bamCoverage (parameters —scaleFactor 10%/Library size -bs 1 -extendReads -samFlagInclude
66 -ignoreDuplicates) [124] and enriched genomic loci were identified using MACS2 (param-
eters -g mm -p 0.01 -nomodel -f BAMPE) [185] For each condition, we combined biological
replicates by computing the irreproducible discovery rate (IDR) and using a threshold of
IDR < 0.1 [188]. We defined a consensus peak set across all conditions by merging overlap-
ping peaks across different conditions using BEDTools merge [189]. The coverage of the
consensus peaks was calculated for each condition using featureCounts (parameters -F SAF
-p -ignoreDup) [187], with higher coverage indicating greater chromatin accessibility.

The consensus peaks were assigned to nearby genes using ChIPseeker annotatePeak [196]
with GENCODE release M14 [197] and GREAT (default settings) [128]. GREAT assigns

regulatory regions, as proximal, to a gene by overlapping it with a region spanning 5kb
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upstream and 1kb downstream of the genes TSS (irrespective of other genes). Additionally,

distal regulatory regions were assigned to genes within a maximum of 1,000kb [128].

Differential peak calling

To identify differentially accessible ATAC-seq peaks between conditions, we used the above
count table for the consensus peak set as input data for DESeq2 (default settings); pairwise
comparisons were made between ESC day 0 (D0O) and each WT in vitro confdition [156].
Statistically significant differential peaks were identified as those with log2(FC) > 1 and
FDR < 0.01.

Self-organising map clustering

Differentially accessible ATAC-seq peaks were clustered using a self-organising map (SOM).
For this, the DESeq2 normalised count data for each differentially accessible peak was
transformed into z-scores (z = %) The resulting z-score matrix was used as input
for the SOM with a 5x5 cell grid, hexagonal topology and Gaussian neighbourhood function
[29]. We found that 5x5 provides the best separation of differential ATAC-seq peaks, though
different grid sizes produced similar results. We classified SOM clusters into the conditions
in which the differential peaks were most accessible. Resulting in 10 distinct clusters which
included: Hindbrain, Neural, Anterior, Hindbrain/Spinal cord, Spinal cord, NMP/Spinal cord,

NMP, EpiSC, Unknown, Anterior/Hindbrain and Anterior.

Comparison between in vivo vs in vitro ATAC-seq

To compare our DSA and D5SC in vitro neural progenitors to in vivo-derived progenitors, we
mapped the ATAC-seq fragment coverage obtained from the in vivo datasets to the consensus
peak set using featureCounts with the same parameters as above. We normalised the counts
from the two datasets using DESeq2 with default settings. Next, we selected the consensus
peaks belonging to the anterior, neural and spinal cord SOM clusters, and for each condition-
pair, we compared the log2 fold-change distribution using a two-sided Wilcoxon rank sum
test. To plot the ATAC-seq meta profiles we included consensus peaks enriched in both in
vitro and the corresponding in vivo sample (abs(log2(FC)) > 0.5).

To compare NMP, NMP/SC and Epi SOM cluster peak sets to the in vivo datasets, MACS?2
called peaks from E6.0, E7.2, E7.5P [325] and E9.5SC and E9.5A neural progenitors were

compared to each SOM cluster by computing the peak overlap using findOverlaps from
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the GenomicRanges package [191]. The resulting proportion of regions overlapping was

calculated relative to the size of the SOM cluster.

Comparison with ENCODE and VISTA enhancer database

DNase hypersensitive sites (DHS) in the mm 10 reference genome were obtained from the
ENCODE data portal (https://www.encodeproject.org/) (Supp. Table B.16) [326, 327]. DHS
regions were overlapped with our consensus peak set using GenomicRanges findOverlaps.

VISTA enhancer regions were downloaded from the ENCODE data portal (Supp. Table B.16).
Enhancers were overlapped with our consensus peak set and enhancer enrichments were
assessed with a one-sided binomial test [128]. P-values were corrected for multiple testing

using the Benjamini-Hochberg procedure [328].

TF motif enrichment analysis

TF binding motif enrichments in the consensus peaks were examined using Homer and
i-cisTarget [127, 329]. For Homer, we extracted £=150bp around the center of each consensus
peak using BEDTools slop and the resulting FASTA files were used as input for HOMER
findMotifs.pl (parameters -bits -mset vertebrates).

For i-cisTarget, genomic coordinates for the consensus peaks were mapped from the mm10
to mm9 reference genome using UCSC-liftOver. These were then uploaded to the i-cisTarget
webserver to perform a full analysis with default settings (species = mm9) [329]. The
resulting motif enrichments were downloaded, filtered for redundant motifs and visualised as

heatmaps.

TF footprinting

TF binding motifs of interest were obtained from the JASPAR database [330]. We searched
for motif matches using motifmatchr (https:// github.com/GreenleafLab/motifmatchr) which
implements the MOODS motif matching algorithm for R [331]. Searches were performed
either genome-wide (for CTCF) or +5kbp around consensus peak summits (for CDX). The
resulting matches were extended +150bp. An insertion count matrix at base pair resolution,
centred on the motifs, was generated by counting adjusted Tn5 insertions. Only fragments
smaller than 100bp were considered (nucleosome free fraction).

For the footprinting, we used PWM scores and corresponding insertion count matrix as
the input for CENTIPEDE to compute posterior probabilities that a motif is bound [332].


(https://www.encodeproject.org/)
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A different threshold to the posterior probability was applied to classify bound/unbound

depending on the motif matching strategy (genome-wide: P > 0.99); peak summit: P > 0.9).

Comparison of DSH and D5+

To compare the DSH and DSH+ conditions, we first identified robust peaks in DSH+ and
added them to our consensus peak set. Differentially accessible peaks were identified using
the same methods as above. Differential peaks were overlapped with the SOM clusters and

used as input for i-cisTarget motif enrichment.

4.2.3 | ChIP-seq analysis

Preprocessing

Sequencing adapters and low quality base calls were trimmed from reads using trim_galore
with default settings. Trimmed reads were mapped to the mm10 reference genome using
bowtie2 with —sensitive as additional option. Alignments were filtered for unmapped, multi-
mapping and duplicated reads. Signal tracks as log2 fold-change between ChIP and input
samples were generated using deepTools bamCompare (parameters: —scaleFactorsMethod
SES —ratio log2 -bs 25 —ignoreDuplicates). Peak calling was performed using MACS2
(parameters: -g mm -p 1073). Publicly available datasets were downloaded and analysed in

the same manner (Supp. Table B.15.

Enrichment analysis

We checked if different groups of SOM classified consensus ATAC-seq peaks were enriched
for TF binding using LOLA (default settings) [192] (Supp. Table B.16). We considered all
TF ChIP-seq samples with an adjusted p-value< 0.01 as enriched. To complement the LOLA
mml0 core database with TFs relevant for neural development, we added 4 newly generated
samples and 39 publicly available TF ChIP-seq datasets (Supp. Table B.15. Peak calls from

replicate ChIP-seq experiments were considered separately.

Gene ontology enrichment of CDX2 bound open chromatin sites

MNP CDX2 ChIP-seq peaks [333] were overlapped with NMP, NMP-SC, spinal cord, H/SC
and hindbrain regions. The resulting peak sets were used as the input for gene ontology

enrichment analysis using GREAT (default settings).
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4.2.4 | RNA-seq analysis

RNA-seq experiments in this study were quantified using Salmon (quasi-mapping mode)
[154] with the GENCODE release M14. Both single-end and paired-end reads were pro-
cessed using following options: -1 A -seqBias -numBootstraps 50. The resulting counts and
transcripts per million (TPM) were used for downstream analysis.

Previously published RNA-seq data from neural progenitor cells generated with the same
differentiation protocol was downloaded from GEO or ArrayExpress and listed in Supp.
Table B.13. Differential analysis of DSH versus D5SSC samples was performed using DESeq?2
with default settings.

4.2.5 | Microarray analysis

Microarray data was downloaded from GEO and listed in Supp Table B.14. Preprocessing
and normalisation was done with the robust multichip average algorithm (RMA) from the
oligo package (default settings) [334]. Differential expression between two conditions was
computed fitting a linear model with limma [281]. The resulting differentially expressed genes
were annotated with gene symbols using the package mouse4302.db (https://bioconductor.

org/packages/release/data/annotation/html/mouse4302.db.html).

4.2.6 | Chromatin-Chromatin interaction analysis

A dataset of putative gene-region interactions was downloaded from the 4DGenome database
[335] (Supp. Table B.16). The interactions were mapped to mm9 and for further downstream
analysis re-mapped to mmI0 using UCSC-liftOver with default settings. Interactions for
which only one anchor could be mapped to mmi10 were removed. Putative chromatin-
chromatin interactions were mapped by filtering for anchors which overlap open chromatin
sites from this study.
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4.3 | Results

4.3.1 | In vitro model of neural progenitor development
generates cells with different AP-axis identities

Here we aim to improve our understanding of the spatiotemporal regulation of gene expres-
sion during the normal development of the nervous system along the anterior posterior axis
(AP) [305]. To study this we used a previously described in vitro model system based on the
differentiation of mouse embryonic stem cells (ESCs) to neural progenitor cells (NPCs) of
different regional identities along the AP axis (Fig. 4.2A) [310, 311].

Briefly, ESCs were incubated for 2 days with FGF to generate epiblast-like cells (EpiLC). On
day 3 either (i) sonic hedgehog (SHH) signalling was activated to generate a more anterior (A)
forebrain like cell type or (ii) retinoic acid (RA) + SHH signalling were activated to promote
differentiation to a hindbrain (H) like phenotype. Exposure to WNT signalling by treatment
with a GSK3b inhibitor (CHIR99021) on day 2 initially differentiates EpiLC towards a
bipotent progenitor cell fate called neuromesodermal progenitors (NMPs). Treatment of
NMPs with RA + SHH induces differentiation towards a posterior spinal cord (SC) fate

(Fig. 4.2A).
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Fig. 4.2: In vitro differentiation of mESC to NPC of different regional identity along the AP
axis.

(A) Schematic diagram illustrating the differentiation of mouse ESCs to NPCs with anterior (light
blue), hindbrain (orange) and spinal cord (red) identities. Differentiation of spinal cord NPCs requires
an intermediate NMP state (pink) which is generated by applying FGF and WNT signals. (B)
Immunofluorescence staining of PHOX2B and OLIG?2 in day 5 hindbrain and spinal cord NPCs.
PHOX2B is a specific marker for visceral motor neurons and OLIG2 for somatic motor neurons (Scale
bars = 20um). Figure adapted from [305].
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To confirm the cell identity of in vitro differentiated cells, we performed immunofluorescence
imaging using the following marker genes: PHOX2B (visceral motor neuron progenitors
(MNP)) and OLIG2 (somatic MNP; Fig. 4.2B) [336]. The choice of markers was based on
the observation that the in vivo posterior spinal cord completely lacks any visceral MNPs.
As expected, hindbrain NPCs were PHOX2B and OLIG2 positive. In contrast, spinal cord
NPCs were OLIG2 positive but lacked PHOX2B expression.
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Fig. 4.3: Examples enhancers displaying changes in chromatin accessibilities during ESC to
NPC differentiation.

(A) Genome browser views of ATAC-seq accessibility signal at the known ESC-specific Pou5fI
enhancer [216]. ATAC-seq signal indicates an accessible enhancer at day O (arrow), but the signal
is diminished on other days. Tracks include from top to bottom ESC (grey), day 5 anterior (blue),
hindbrain (yellow) and spinal cord NPCs (red). Right panel shows barplots of Pou5fI or Olig2
gene expression levels as TPM from mRNA-seq [310] (error bars = SEM). Lower panel shows
chromatin-chromatin interactions from the 4DGenome database [335]. (B) The distal Olig2 enhancer
is accessible in day 5 hindbrain and spinal cord (arrows) [337].

Figure adapted from [305].

Next, we performed an initial assessment of chromatin accessibilities by ATAC-seq at each
differentiation time point from day 0 ESC to day 5 anterior, hindbrain and spinal cord cells
(Fig. 4.2A). Examining previously described enhancers confirmed the identity of generated
cell types. For example, the proximal enhancer element of the Pou5fI gene is accessibile
only on day 0, in line with the Pou5f1 expression profile (Fig. 4.3A) [216]. In contrast, a
known distal enhancer element of Olig2 shows no accessibility on day O but specifically
gains it on day 5 in hindbrain and spinal cord samples (Fig. 4.3B) [337]. Olig2 is specifically
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expressed in these day 5 NPCs. In both cases physical chromatin-chromatin interactions are
found between the enhancer and gene (Fig. 4.3B) [335].

In summary, initial assessment of NPC identity via immunofluorescence of marker genes
confirmed the successful differentiation of NPCs with different cell fates in vitro. ATAC-seq
reveals cell-type specific changes in enhancer accessibilities during differentiation, suggesting

that this assay will enable us to address our research question.

4.3.2 | ATAC-seq quality control analysis

Next, we performed quality control (QC) analysis of the ATAC-seq data to check that we
obtained 2 sufficiently enriched replicates from each time point and perturbation condition
(Fig. 4.4). ATAC-seq is based on the insertion of sequencing adaptors via a hyperactive Tn5
transposase into nucleosome free DNA [131]. A disadvantage of this is that mitochondrial
DNA is completely nucleosome free and therefore usually enriched for Tn5 insertions. For
this reason, we checked the proportion of fragments mapping to chrM which varied between
1.1% (D5H-plus rep2) and 34.2% (D3NMP-Cdx rep2; Fig. 4.4A). However, this is not
necessarily a sign of bad quality as long as a there is sufficient fragment enrichment on the
nuclear genome.

Another hallmark of ATAC-seq, if paired-end sequenced, is a periodic fragment length
distribution (Fig 4.4B) [131]. As expected our samples showed enrichment of fragments
smaller than 100bp originating from DNA binding proteins such as TFs. Further, fragments
spanning mononucleosomes can be observed between 150bp and 247bp. This confirmed that
our ATAC-seq experiments could recover expected fragment sizes.

It has previously been suggested to compute a transcriptional start site (TSS) enrichment
score as a measure of TnS insertion enrichment quality [338]. The rationale behind this
measure is that promoter regions offer a well-defined search space and clear nucleosome
positioning compared with enhancers. Additionally, fragments in bulk ATAC-seq originate
from heterogeneous cell populations where cells express genes from the same promoter but
fine-tune expression using different long-range regulatory inputs. Initially for this analysis,
the sum of insertions per base-pair around annotated TSS was computed, shown here as a
metaprofile (Fig. 4.4D). Then the enrichment score was determined as the maximum at the
TSS and divided by the background which was estimated via the minimum. We performed
this analysis for all ATAC-seq samples leading to TSS scores between 3.3 (D2 rep2) and 12.3
(D5SH rep2; Fig. 4.4C). Moreover, metaprofiles showed a second maximum at around 250bp
downstream of the TSS corresponding to well positioned +1 nucleosomes (Fig. 4.4D) [338].

Next, we computed the fraction of fragments in consensus peaks (FRIP) to provide a



4.3 Results 143

measurement using all detected open-chromatin regions (Fig. 4.4E). This was done since
not all differentiation time points might have comparable number of accessible promoters.
We observed fractions between 9.3% (D1 rep2) and 18.6% (DSH rep2) for our samples.
The FRIP might be a more comparable measure than TSS enrichment between different
conditions since it was computed for our consensus peak set. The TSS enrichment score
might show higher variations due to potential differences in promoter/enhancer ratios between
different conditions.

Last, we assessed the possibility of TF footprinting with our ATAC-seq data. For this we
first matched CTCF motifs to the mouse genome and computed an insertion per bp matrix
around motif centres. This was used as input for CENTIPEDE, a framework based on an
unsupervised Bayesian mixture model to distinguish bound from unbound motifs based on
insertion patterns [332]. Classified motifs were used to compute the enrichment of insertions
around bound sites over background (unbound CTCF motifs; Fig. 4.4F). Using this approach,
we could recover the expected insertion profiles as previously described by Buenrostro et al.
Thus, confirming the sufficient resolution of our data to look at other TF footprints [131] .
Taken together, our QC analysis confirmed the sufficient insertion enrichment and resolution

of our ATAC-seq samples for the following downstream analysis.
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Fig. 4.4: Quality control analysis for all in-house generated ATAC-seq samples.

(A) Percentage of fragments mapping to chrM for each condition and both replicates. Colour denotes
experimental condition. (B) Representative fragment length distribution for day O replicate 1. Dashed
lines represent nucleosome free fragments smaller than 100bp and mononucleosome fragments
between 150bp and 247bp. (C) Barplots summarising TSS enrichment scores for each condition and
both replicates. Colour as in (A). (D) Tn5 insertion profile +-2kb around annotated TSS sites. The
sample with the highest TSS enrichment score was chosen (D5H replicate 2). The red dashed line
marks the TSS and the black line the position of the +1 nucleosome. Smoothed metaprofile is shown
as a red line and was computed as a 50bp running average. (E) Percentage of fragments in consensus
open-chromatin peaks for each condition and both replicates. Colour as in (A). (F) TnS5 insertion
profile 150bp around the CTCF consensus motif. Shown sample corresponds to day O replicate 1.
CTCF consensus motif plotted on top was taken from JASPAR 2018 [330]. Figure adapted from
[305].
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4.3.3 | Differential chromatin accessibility defines neural cell fates

First, we created a consensus peak set by peak-calling on each biological replicate indepen-
dently, then computing a reproducible consensus set between replicates via IDR thresholding
and finally merging the reproducible peaks per condition to a final set resulting in 78,223
consensus peaks (see Methods).

We used this consensus peak set to perform a more systematic analysis of differential ac-
cessibility by comparing every time point against day O to generate a set of regions with
dynamic accessibility (Fig. 4.5A). For example, comparing day 5 SC with day O revealed that
13.9% (10,880/78,223) of consensus peaks have statistically significantly higher accessibility
and 17.6% (13,804/78,223) have decreased accessibility (FDR < 0.01 and |log2(FC)| > 1).
Moreover, this showed an increasing number of newly accessible regions with time during
differentiation (Fig. 4.5B). However, differences in the total numbers of gained peaks were
observed, with anterior NPCs gaining the fewest and hindbrain NPCs the highest numbers of
accessible sites.

To confirm that the observed open-chromatin regions correspond to neural specific regulatory
elements, we used a previously published H3K27ac ChIP-seq dataset for NPCs differentiated
from ESCs, using a similar differentiation protocol [339]. H3K27ac is a histone modification
enriched at active regulatory regions including promoters as well as enhancers [83]. We
observed a depletion on ESC specific sites and an enrichment for neural specific regions
(Fig. 4.50).

This illustrates the chromatin dynamics during the differentiation from ESCs to NPCs and

confirms that cells acquire a neural identity that is distinct to the pluripotent state [340, 310].
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Fig. 4.5: Genome-wide differential analysis of ATAC-seq accessibility uncovers dynamic sites.

(A) MA-plot showing differential accessibility analysis of open-chromatin peaks between day 5 SC
and day 0. Colour denotes FDR, x and y-axis histograms summarise the distribution of log2 mean
values and log2 fold-changes values respectively. (B) Number of differential accessible sites from
comparison between each condition and day 0. Number of regions after thresholding for FDR < 0.01
and [og2(FC) > 1. Colour marks experimental condition. (C) Metaprofile of H3K27ac ChIP-seq
signal enrichment 13 kb around peak summits of ESC, anterior, hindbrain, spinal cord and neural
regulatory regions. ChIP-seq is normalised as log2 fold-change over input. Figure adapted from [305].

To resolve the temporal dynamics of chromatin accessibility during NPC differentiation, we
clustered all peaks with significantly increased accessibility using a 5x5 self-organising map
(SOM; Fig. 4.6A) [29]. Resulting SOM clusters were merged based on similar accessibility
trends and annotated according to the condition displaying the highest accessibility. Assigned
cluster annotations were confirmed by manual examination to check overlaps with previously
described regulatory regions (e.g. Fig. 4.3). This revealed nine biological meaningful clus-
ters: early differentiation (Epi, NMP, NMP/SC), a larger cluster specific for neural cell fate
(Neural), 3 clusters specific for NPC regional identity (A/H/SC), one shared cluster between
hindbrain and spinal cord and one shared cluster between hindbrain and anterior (Fig. 4.6A,
A”).
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Fig. 4.6: Clustering of differential accessible sites using a self-organising map uncovered chro-
matin dynamics.

(A) Clustering of differential accessible regions using a 5x5 SOM. Each cell illustrates underlying
dynamics as a violin plot of Z-scores derived from chromatin accessibility in different conditions. (A”)
Zoom in on an example cell from showing chromatin-accessibility Z-scores from 11 ATAC-seq condi-
tions representing different time points in differentiation. (A’’) Map illustrating the manual clustering
of SOM cells into biological clusters. These include clusters representing early differentiation stages
(prior day 4) Epi (n = 1,714; green), NMP (n = 454; pink) and NMP/SC (n = 421; brown). Three
clusters corresponding to AP-axis identity; anterior (n = 1,863; blue), hindbrain (n = 2,509; orange)
and spinal cord (n = 1538; red). Two clusters showing shared regions between anterior/hindbrain
(n = 1,276; purple) and hindbrain/spinal cord (n = 1,840; lime). A large common cluster for neural
specific sites (n = 5,584; black) and another unassigned cluster (n = 2,504; grey). Figure adapted
from [305].

Clusters corresponding to regions specific for AP-axis regional identity were confirmed by
the recovery of previously described enhancers. For example, the anterior cluster included an
enhancer located within the second intron of Shh (Fig. 4.7A). The same regulatory region was
previously described to drive Shh expression in the developing midbrain [341]. In contrast,
we observed an enhancer distal to Phox2b showing accessibility only in hindbrain (Fig. 4.7B).
This is in line with in vivo expression of Phox2b in the hindbrain and its importance for
normal hindbrain development [336, 342]. Spinal cord specific regulatory regions overlapped
with a known enhancer flanking the posterior expressed Hoxc8 gene (Fig. 4.7C) [343]. To-
gether, these analyses identified biologically relevant chromatin dynamics that captures ESC

differentiation into NPC with different regional identities.
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Fig. 4.7: Examples for enhancer elements specific for NPC AP-axis regional identity.

(A) Example of an anterior NPC specific enhancer region located within the second intron of Shh
[341]. ATAC-seq is shown as FPM for day O (grey), day 5 A (blue), day 5 H (yellow) and d 5 SC
(red) conditions. Right panel shows barplots summarising average gene expression as log2(TPM+1)
from mRNA-seq (error bars = SEM from 3 replicates) [310]. (B) As in (A) but for an enhancer distal
to Phox2b which is specific to hindbrain NPCs. (C) As in (A) but for a Hoxc8 enhancer which is
specifically accessible in spinal cord. Figure adapted from [305].

4.3.4 | Regions of dynamic accessibility correspond to enhancer elements

Annotation of regions relative to gene features was performed to gain a better understand-
ing which genomic elements are involved in the differentiation process. AP-axis identity
clusters (A/H/SC) showed that a majority of regions were located either in distal intergenic
(2,474/5,910, 41.9%) or intronic regions (2,421/5,910, 41%; Fig. 4.8A). In contrast, shared
neural sites are mostly found at gene promoters (3,803/5,584, 61.8%; Fig. 4.8A). To check if
these regions are active in NPCs, we again checked for enrichment of H3K27ac ChIP-seq in
the different clusters [339]. Strong enrichment was observed for neural sites corresponding
to actively transcribed promoter regions in NPCs (Fig. 4.5C). AP-axis regional identity
enhancers (A/H/SC) showed enrichment to a lesser extent than neural sites but still pointing
towards their activity in neural cells. Further evidence for their neural enhancer activity was
found by overlaying them with the VISTA database containing in vivo validated developmen-
tal enhancers [344]. A significant enrichment of fore-/mid- and hindbrain active enhancers
were observed in anterior, hindbrain and neural sites (p < 10719, one-sided Binomial test),
but not for epiblast nor spinal cord sites (Fig. 4.8B). However, spinal cord sites were signifi-
cantly enriched for enhancers showing activity in the neural tube as well as limbs (p < 10716,
one-sided Binomial test). In addition, we checked the overlap of our enhancers with DHS
sites derived from various tissues as well as developmental time points [345, 327]. This
analysis revealed that more than 80% of sites in hindbrain/spinal cord cluster could be found
in open-chromatin regions from whole embryo samples (Fig. 4.8C, D). Additionally, for

both examined clusters we observed a high concordance with DHS from developing neural
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tissues (~60%-80% peak overlap). Taken together, these analyses revealed that regions in
the AP-axis regional identity clusters correspond to active developmental enhancer elements
and regions shared between all NPCs (neural sites) to promoter regions. This is in line with
the view that, during development, cell-type specific enhancer elements regulate expression

levels of common sets of genes.
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Fig. 4.8: Overlap of neural and AP regional identity clusters with genome annotation.

(A) Proportion of regions belonging to neural and AP-identity (A/H/SC) clusters overlapping with
different genomic features. (B) Enrichment and overlap of VISTA enhancers for epiblast, neural and
AP regional identity (A/H/SC) region sets (p-value: one-sided Binomial test; encoded as circle size).
(C) Overlap of hindbrain-specific regulatory elements with published DNase hypersensitive sites
(DHS) from various different tissues and time points during development. (D) Overlap of spinal cord
specific sites with published DHS from various different tissues and time points during development.
Figure adapted from [305].

4.3.5 | In vitro enhancer signatures exhibit similar
accessibility dynamics in vivo

Next, we examined whether our in vitro enhancer signatures show similar chromatin ac-

cessibility during in vivo NPCs development. Importantly, we wished to validate that our
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NPC specific enhancer signatures (A/H/SC) reflect in vivo accessibility differences along

the AP-axis of the neural tube. E9.5 mouse embryos were dissected into the two ends of the
anterior neural tube (up to the hindbrain) and spinal cord (mostly thoracic) tissues. To isolate
NPCs, subdissected tissues from Sox2eGFP transgenic embryos, that express GFP through-
out the nervous system, were used together with FACS [311]. We performed ATAC-seq on
the resulting in vivo anterior and spinal cord NPCs that were isolated in the GFP positive
fraction, which are comparable to in vitro day 5 cells (Fig. 4.9A) [311]. Initially assessment
of the in vivo ATAC-seq samples revealed chromatin accessibility at well-known enhancers
such as the anterior specific intronic Shh enhancer (Fig. 4.9B) and a distal enhancer of Olig2
involved in spinal cord development (Fig. 4.9C) [341, 337].

Next, we overlapped peaks called on the in vivo ATAC-seq samples with the SOM clustered
in vitro peaks. This showed significant enrichment of spinal cord enhancers in the in vivo
spinal cord peaks compared with the peak set from anterior neuroectoderm (anterior: 73.1%
(1,362/1,863); spinal cord: 59.7% (1113/1863); p =3.73 - 10~2!, one-sided Fisher’s exact
test). In contrast, peaks from in vivo anterior samples displayed higher enrichment of anterior
enhancers compared with the spinal cord sample (anterior: 44.1% (679/1,538); spinal cord:
63.8% (981/1,538);p = 4.28 - 1028, one-sided Fisher’s exact test).

Genome-wide comparison of accessibility changes between spinal cord/anterior in vivo and
in vitro datasets confirmed the similarity of chromatin changes (Fig. 4.9D). Additionally,
anterior and spinal cord specific enhancer signatures showed statistically significantly ac-
cessibility differences for both in vitro as well as in vivo samples (p < 10719, two-sided
Wilcoxon test; Fig. 4.9D, E). However, our in vivo ATAC-seq showed on average poorer Tn5
insertion enrichment and higher background noise (Fig. 4.9B, C, E). This could be explained
by the lower cell numbers and higher degree of cellular heterogeneity in the in vivo samples
[346]. In summary, the comparison of in vitro and in vivo NPCs validated the concordance
of observed accessibility changes along the AP-axis and supports the specificity of extracted

enhancer signatures.
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Fig. 4.9: Comparison of ATAC-seq derived from in vitro and in vivo NPCs.

(A) Schematic illustrating workflow to determine in vivo chromatin accessibility. E9.5 mouse embryos
were dissected and Sox2eGFP expressing cells FACS sorted. Obtained cell populations were used
for ATAC-seq. (B) Anterior specific Shh enhancer shows accessibility in vitro [341]. Right: Barplot
shows expression from in vitro RNA-seq (Error bar = SEM). Bottom: Plot shows chromatin-chromatin
interactions from 4DGenome database. Colour shows experimental condition. (C). Also, in (B) but
for spinal cord specific enhancer located upstream of Olig2, which shows accessibility in vitro. (D)
Scatterplot comparison of accessibility in in vitro day S anterior vs. spinal cord samples against in vivo
E9.5 anterior vs. spinal cord samples. Accessibility changes were computed for following regulatory
region signatures: anterior (blue), neural (black) and spinal cord (red) regulatory regions (p-values
from two-sided Wilcoxon test). (E) Metaprofiles showing accessibility of in vivo and in vitro enriched
anterior (blue) and spinal cord (red) enhancers. Figure adapted from [305].

4.3.6 | Motif and ChIP-seq enrichment analysis uncovered
major regulators of observable chromatin dynamics

Next, we asked which TFs might be responsible for establishing the observed chromatin
accessibilities in the different NPCs. To answer this, we performed TF motif as well as
ChIP-seq peak enrichment analyses. We performed SOX2 ChIP-seq in day 5 hindbrain and
spinal cord NPCs. In addition, 30 publicly available TF ChIP-seq datasets for relevant neural
cell types were downloaded and processed (Supp. Table B.15). Resulting TF peak sets were
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used for enrichment analysis with LOLA [192].

Enhancers specific for an anterior identity showed significant enrichment for FOXA2,
NKX2.2, SOX2 and PTFI1A binding sites (FDR < 0.01, one-sided Fisher’s exact test;
Fig. 4.10A). These observations were further supported by enrichments of Forkhead (e.g.
FOXAT1) and Sox family motifs in the same enhancer set (Fig. 4.10D, G). Moreover, Foxal
and Foxa2 showed also more specific expression in day 5 anterior NPC (Fig. 4.10D). These
enriched TFs were in line with their previously published function during anterior nervous-
system development for example FOXA?2 was described to be involved in midbrain develop-
ment [347]. Furthermore, NKX?2.2 was associated with forebrain organisation in X. laevis
and PTF1A with induction of neural stem cells from fibroblasts [348, 349].

In contrast, hindbrain enhancers were enriched for factors like OLIG2, NKX6.1, SOX2,
NKX2.2 and SOX3 (FDR < 0.01, one-sided Fisher’s exact test; Fig. (4.10B). Motifs of
Sox family members (e.g. SOX3, SOX10, SOX2) were most highly enriched and Sox3 is
showing the most specific gene expression in hindbrain NPCs (Fig. (4.10E, H). Observed
regulators were additionally supported by published literature for example OLIG2, NKX6.1
and NKX2.2 are involved in the establishment of motor neuron identity in the hindbrain [350,
351]. SOX3 was previously suggested as an early regulator of neuroectoderm development
in zebrafish [352].

Finally, spinal cord elements showed statistically significant enrichment for CDX2, HOXCO9,
OLIG2 and SOX2 (FDR < 0.01, one-sided Fisher’s exact test; Fig. 4.10C). We found further
evidence for the importance of these factors by their high motif abundance in combination
with highly specific expression of Cdx and Hox9 genes in day 5 spinal cord NPCs (Fig. 4.10F,
I). These observations are supported by the published findings; for example CDX2 is involved
in spinal cord NPC differentiation and CDX null mice fail to develop a posterior axis [315,
353, 311]. OLIG2 and HOXC9 were both shown to be associated with motor neuron
development in the spinal cord [354, 355, 356].

Further, SOX2 binding sites were enriched in hindbrain or spinal cord according to their
cell type of origin, emphasising differential binding of factors expressed in both conditions
(Fig. 4.10B, C). This again is in-line with previously publications showing wide-spread Sox
expression during nervous system development along the AP-axis and involvement in the
development of various neural cell types [357, 322].

Taken together, we were able to recover TFs known for their roles in neural development
and we uncovered their putative roles as regulators involved in establishing the chromatin

landscape in NPC along the AP-axis. Furthermore, the enrichment of tissue specific SOX2
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ChIP-seq peaks, which is broadly expressed in the neural tube, confirmed again the specificity

of the regional identity signatures from the SOM.
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Fig. 4.10: Enrichment of TF motifs and ChIP-seq peaks in regulatory elements defining AP-

axis regional identity.

(A-C) ChIP-seq peaks enrichment analysis using LOLA (p-values: Fisher’s exact test). TF enrichment
in sets of regulatory regions defining (A) anterior, (B) hindbrain and (C) spinal cord identity. Cdx2*
refers to FGF treated somatic motor neuron progenitors (pMN). (D-F) Motif enrichment in sets
of regulatory regions defining (D) anterior, (E) hindbrain and (F) spinal cord. Left: Plot showing
unadjusted p-values for top enriched motifs in each condition (p-values: binomial test). Right: Barplot
summarising expression of the TFs associated with the motif in each condition at day 5 A/H/SC (Error
bar: SEM). Differentially expressed TFs between Anterior/Hindbrain/Spinal cord are highlighted by
bold gene symbols (FDR < 0.05, DESeq2). (G-I) Sequence logos showing motifs associated with the
top 3 TFs enriched in each region set. Bits refers to the information content at each position. Figure

adapted from [305].
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4.3.7 | Chromatin dynamics induced by WNT depends

on developmental time

Interestingly we could identify two clusters of transient regulatory regions, which gain
accessibility upon exposure to WNT signalling on day 2 (Fig. 4.6A, NMP and NMP/SC).
Previous studies have emphasised the importance of a related cell population, called neuro-
mesodermal progenitors (NMPs), in mesoderm as well as spinal cord development [310, 311,
318]. We hypothesised that NMPs should initially commit towards a posterior identity and
then acquire a neural cell fate. To test this, we took advantage of our in vifro model system
and delayed induction of WNT signalling from days 2 to day 4 following RA treatment
(Fig. 4.11A). The new condition was called hindbrain-plus since RA treatment normally
induces NPC with hindbrain identity. This raised the question of whether hindbrain-plus
NPC acquire spinal cord or hindbrain identity; would it be possible to delay WNT signalling
and still produce spinal cord NPC?

Profiling of different marker genes via qRT-PCR revealed Notum expression in day 5
hindbrain-plus which confirmed successful induction of WNT signalling (Fig. 4.11B). How-
ever, hindbrain-plus cells failed to express posterior Hox genes such as Hoxb9 and Hoxc8
suggesting that these cells fail to induce spinal cord identity (Fig. 4.11C, D). To check if
these cells would rather differentiated to a NMP like state first, we profiled the NMP markers
T/Bra and Cdx2 which were not expressed either (Fig. 4.11E, F). In contrast, hindbrain-plus
cells failed to express hindbrain/motor neuron progenitor markers like Phox2b and Olig2
(Fig. 4.11G, H). However, these NPCs started to express dorsal and intermediate neural tube
markers such as Pax7 and Dbx1 (Fig. 4.111, J) [358]. Thus, hindbrain-plus NPCs failed to
acquire a posterior identity indicating that the timing of WNT induction on day 3 appears to

be crucial.
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Fig. 4.11: Gene expression profiling on NPC with delayed WNT induction.
(A) Schematic illustrating the differentiation to day 5 hindbrain followed by activation of bFGF and
WNT signalling resulting in hindbrain-plus NPCs. B-J Expression of marker genes measured by qRT-
PCR in 5 different conditions including day 3 anterior/NMP and day 5 hindbrain/hindbrain-plus/spin
cord. Expression is quantified as relative to -actin. Figure adapted from [305].

To confirm these observations on a genome-wide level, we performed ATAC-seq on day
5 hindbrain-plus NPCs. Resulting ATAC-seq samples passed our quality control and peak
calling yielded 23,156 consensus peaks between replicates (Fig. 4.4). Initial comparison of
hindbrain/spinal cord enhancer accessibility in day 5 NPCs revealed that day 5 hindbrain-
plus retained a more anterior cell fate that is more comparable to hindbrain than the spinal
cord (Fig. 4.12A). Further, differential accessibility analysis between day 5 hindbrain and
hindbrain plus showed that most regions increasing accessibility upon WNT induction are
specific to hindbrain-plus identity (Fig. 4.12B). In contrast, the regions losing accessibility
overlapped most frequently with hindbrain, H-SC and neural sites. Thus, indicating that the
hindbrain-plus cells were not comparable with posterior spinal cord or ventral hindbrain
NPCs. These observations, taken together with Pax7/DbxI marker expression, pointed more
towards hindbrain NPC with a more dorsal identity [359, 358]. Moreover, confirming that
open-chromatin profiling by ATAC-seq was able to distinguish cells with different regional
identities along the anterior-posterior, as well as dorsal-ventral, axis. Next, to assess which
factors orchestrate the chromatin dynamics on day 5 upon activation of WNT signalling, we
performed motif enrichment analysis. Regulatory regions opening up in day 5 hindbrain-
plus showed enrichment of TCF/LEF TF motifs, indicative of canonical WNT signalling

(Fig. 4.12 C). Bye contrast to day 5 hindbrain accessible regions which were enriched for
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motifs associated with the SOX family.

Taken together, we observed that activation of WNT signalling on day 5 failed to induce a
posterior spinal cord identity in NPCs. Therefore, the timing of WNT signalling is crucial
for establishing the initial posterior identity which can then give rise to a posterior spinal

cord neural cell fate.
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Fig. 4.12: ATAC-seq analysis of day 5 hindbrain-plus NPCs.

(A) Comparison between log2 accessibility ratios of day 5 hindbrain/spinal cord against hindbrain-
plus/spinal cord within enhancer elements falling either into hindbrain (orange) or spinal cord (spinal
cord) SOM cluster. (B) Proportion of differential accessible sites between day 5 hindbrain and
hindbrain-plus overlapping SOM clusters. (C) iCisTarget motif enrichment for differential accessible
sites between day 5 hindbrain and hindbrain-plus. Colour denotes Normalised enrichment scores
(NES) computed with iCisTarget. Figure adapted from [305].

4.3.8 | NMPs show transient chromatin accessibility
induced by WNT signalling

Since hindbrain-plus cells were neither comparable with NMP nor spinal cord identities,
we examined if WNT signalling on day 3 induced the NMP state already primed towards a
posterior identity. Initially, we compared our identified in vitro NMP enhancer signature with
accessibility peaks from in-house as well as publicly available in vivo ATAC-seq to ensure
their relevance in an in vivo context [315, 325]. This confirmed good agreement of our NMP
enhancers with open-chromatin regions from E7.5 posterior tissue, which normally harbours
the NMP population (Fig. 4.14A). In contrast, there is very little overlap with regions from
E9.5 samples (< 10%), again in agreement with the concept of NMPs harbouring a genomic

identity that is distinct to neural cells.
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Having confirmed the existence of our NMP signature in vivo, we performed ChIP-seq

enrichment analysis to identify TFs involved in WNT signalling integration and enabling
the observed transient accessibility. Our analysis revealed enrichment of CDX2 ChIP-seq
peaks, from epiblast-derived stem cells (EpiSC) as well as induction in visceral MNP, in our
NMP enhancer signature (Fig. 4.13A) [333, 315]. This observation was in line with previous
gene expression studies of in vitro differentiated and in vivo isolated NMPs highlighting
the importance of 7/Bra, Sox2 and Cdx for this cell state [310, 311, 318]. Additionally, our
previous analysis showed that spinal cord sites are highly enriched for CDX2 motif and
ChIP-seq peaks (Fig. 4.10B, F). To confirm CDX2 binding to our NMP enhancer set under
in vitro conditions, we performed TF footprinting around CDX2 binding motifs using again
CENTIPEDE [332]. A clear enrichment of Tn5 insertions around CDX?2 motifs classified
as bound was observable in day 3 NMP ATAC-seq (Fig. 4.13B left panel). In contrast,
CDX2 motifs classified as unbound showed clear depletion of Tn5 insertions. To validate the
observed CDX2 footprint, we made use of CDX KO ATCA-seq under similar conditions.
Visualising the insertion frequency over previously classified bound/unbound CDX2 motifs
showed depletion of insertions around both motif classes and therefore confirms the causality
between CDX binding and observed insertion pattern (Fig. 4.13B right panel). Altogether
this data as well as previous published literature emphasises the importance of CDX factors
in establishing chromatin accessibility upon WNT signalling for the intermediate NMP state
[315, 325].
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Fig. 4.13: NMP enhancers are enriched for CDX2 binding sites.

(A) Enrichment analysis of TF ChIP-seq peaks in NMP enhancers (p-value: one-sided Fisher’s exact
test). (B) TnS insertion profiles relative to CDX2 consensus motifs associated with NMP sites for day
3 NMP wild-type and Cdx KO cells. Motifs were discriminated into bound (red) and unbound (grey)
sites using CENTIPEDE [332]. Figure adapted from [305].

4.3.9 | CDX2 is the master regulator of NMP specific regulatory elements

Taking together all previously published evidence and our observations of CDX2 enrichment
as well as binding to NMP enhancers, we hypothesised that CDX factors play a major role
in establishing the transient open chromatin landscape necessary for NMP identity [315,
325]. To test this assumption, we used an ESC cell line containing either Cdx1/2/4 triple
knockout (KO) or 7/Bra KO. T/BRA was highlighted by previous studies for its importance
in paraxial mesoderm development from NMPs and therefore serves as negative control [311,
318]. The KO ESCs were then exposed to the same signals, which normally are sufficient
to differentiate wild type (WT) ESCs to spinal cord NPCs. Again, we measured chromatin
accessibility under Cdx and 7/Bra KO conditions on days 3, 4 and 5 using ATAC-seq. All
replicates of the KO ATAC-seq data sets passed our quality control (Fig. 4.4). Peak calling
on these samples resulted in consensus peaks sets of following sizes: 7/Bra KO D3NMP
30,911; D4SC 29,220; D5SC 36,111 and Cdx KO D3NMP 28,204; DASC 27,934; D5SC
24,936.

Initial analysis of 7/Bra KO mutants revealed that these cells have comparable accessibil-
ities during the entire differentiation process and successfully generate spinal cord NPCs
(Fig. 4.14B, C). Further quantification of enhancer accessibility showed no significant differ-
ence between NPCs differentiated from WT or KO ESCs (NMP: p = 0.5, NMP-SC: p =0.68,
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two-sided Wilcoxon test; Fig. 4.15A, B, C). These observations were in line with previous

observations that T/BRA is essential for paraxial mesoderm development [311, 318].
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Fig. 4.14: NMP enhancer accessibility is not regulated by T/BRA.

(A) Overlap of epiblast, NMP and NMP-SC enhancers with open chromatin sites from published
in vivo ATAC-seq. (B) Metaprofile illustrating mean accessibility, measured by ATAC-seq, within
+2.5kb around NMP and NMP-SC enhancer summits in day 3 anterior (blue), NMP (red) and NMP
T/Bra KO (purple) samples. (C) Metaprofile illustrating mean accessibility within +2.5kb around
spinal cord enhancer summits in day 5 anterior (blue), hindbrain (yellow), spinal cord (red) and spinal
cord 7/Bra KO (purple) samples. Figure adapted from [305].

In contrast, loss of CDX factors lead to a significant reduction in accessibilities of NMP and
NMP/SC enhancers (NMP: p < 2.22-1071°, NMP-SC: p < 1.3- 10716, two-sided Wilcoxon
rank; Fig. 4.15A, B, C). This confirmed the importance of these factors converting WNT
signalling into chromatin accessibility. To understand the potential impact on gene expression
as well as AP-axis regional identity, we profiled anterior and posterior marker genes. This
confirmed that Cdx KO NPCs were unable to induce posterior Hox genes such Hoxb9 and
Hoxc6 (Fig. 4.15D, E). However, the lack of CDX factors seemed to drive them more towards
a hindbrain-like cell fate as indicated by expression of anterior Hox genes such as Hoxb4 and
Hoxc4 (Fig. 4.15F, G).

Together this confirmed that Cdx KO cells were unable to provide access to NMP enhancers on
day 3 and consequently failed to induce the necessary gene expression changes. Finally, these
cells were unable to acquire a posterior NPC identity on day 5 and seemed to differentiate
into hindbrain NPCs.
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Fig. 4.15: CDX2 regulates NMP enhancer accessibility and spinal cord identity.

(A) Heatmaps displaying accessibility signal per base-pair +2.5kb around NMP and NMP-SC en-
hancer summits for day 3 anterior, NMP, NMP 7/Bra KO and Cdx KO cells. (B) Quantification of
chromatin accessibility in NMP enhancers for day 3 anterior, NMP, NMP 7/Bra KO and Cdx KO cells,
shown as violin plots (p-value: Wilcoxon rank sum test). (C) Quantification of chromatin accessibility
in NMP-SC enhancers for day 3 anterior, NMP, NMP 7/Bra KO and Cdx KO cells (p-value: Wilcoxon
rank sum test). (D-G) gqRT-PCR quantification of anterior (Hoxb4 & Hoxc4) and posterior (Hoxb9
& Hoxc6) marker genes in day 5 hindbrain, spinal cord, spinal cord 7/Bra KO and Cdx KO cells.
Expression is shown normalised to f3-actin. Figure adapted from [305].

Following up our previous observation that Cdx KO ESC committed towards an anterior
regional identity and differentiated to hindbrain NPCs, we wished to understand how chro-
matin accessibility changed in these cells. Fluorescence imaging of day 5 spinal cord Cdx
and 7/Bra KO revealed expression of the MNP marker Olig2 in both, WT as well as Cdx
KO cells (Fig. 4.16C). However, day 5 NPCs differentiated from Cdx KO ESCs showed
expression of Phox2b, a known marker gene of visceral MNP, which supported the idea that
these cells adopted a hindbrain identity, despite exposure to WNT signalling between day
2-3 (Fig. 4.16C). We used ATAC-seq from KO and WT conditions to define cell identity in

the absence of Cdx1/2/4. Genome-wide comparison of spinal cord enhancer accessibility
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revealed a decreased average accessibility in Cdx KO day 5 spinal cord, which was more
comparable to hindbrain NPCs (Fig. 4.16C). On the other hand, hindbrain enhancers showed
increased accessibility in day 5 Cdx KO cells compared with WT (Fig. 4.16D). Thus, cells

lacking CDX differentiated into hindbrain NPCs and therefore an anterior identity. Moreover,

CDX factors were necessary to remodel the chromatin landscape and prime these cells

towards a posterior regional identity.
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Fig. 4.16: Cdx KO cells differentiated towards hindbrain rather than spinal cord identity.

(A) Fluorescence staining of CDX2 (cyan) SOX2 (red) in day 3 anterior and NMP cells (Scale
= 20um). (B) Flow cytometry quantification of CDX2 positive cells for WT (blue) and Cdx KO
(grey) cells. (C) Staining of OLIG?2 (yellow) and PHOX2B (magenta) in day 5 NPC differentiated
from either T/Bra or Cdx KO cells by fluorescence imaging (Scale = 20um). D Metaprofiles showing
average accessibility of spinal cord and hindbrain enhancers in day 5 anterior, hindbrain, spinal cord
and Cdx KO NPCs. Figure adapted from [305].

4.3.10 | CDX2 inhibits hindbrain in favour of spinal cord identity

To understand the observed accessibility differences between WT and Cdx KO better, we
mapped two different CDX2 ChIP-seq peak sets onto our SOM clusters (Fig. 4.17A). As
expected, we observed the highest overlap of CDX?2 binding sites with regulatory regions
involved in the transition from NMP to SC. Surprisingly H/SC shared regulatory regions also
overlapped with CDX2 ChIP-seq peaks. To exclude possible ChIP-seq artefacts, we compared
signal enrichment for the different peak sets revealing comparable levels of enrichment for
CDX2 binding sites independently of their SOM annotation (Fig. 4.18A).

Closer examination of CDX?2 peaks overlapping H/SC regions led to the discovery of an
enhancer element distal to Phox2b which might be directly involved in Phox2b repression
(Fig. 4.17B). This suggested a possible mechanism of direct repression of hindbrain genes.
Additionally, we observed CDX2 binding to a distal enhancer of Mafb upon induction of
CDX2 in the hindbrain-like NPCs (Fig. 4.17C). Binding of CDX2 to hindbrain and shared
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spinal cord enhancers suggests a dual role for the TF: on the one hand, it seems to be involved

in the induction of posterior neuroectoderm and on the other site repression of an anterior
identity [333, 315, 325, 360].
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Fig. 4.17: CDX2 binding sites overlap with H-SC and hindbrain enhancers.

(A) Proportion of SOM clustered regions overlapping with CDX2 ChIP-seq peaks from NMPs (light
blue) and motor neuron progenitors (dark blue) [315, 333]. (B) Example for a CDX2 binding shared
H-SC enhancer proximal to Phox2b. Tracks show ATAC-seq accessibilities in day 3 A, day 3 NMP,
day 4 H, day 4 SC, day 5 H and day 5 SC. Right: Barplot shows expression from in vitro RNA-seq
(Error bar = SEM). Bottom: Plots show CDX?2 ChIP-seq from NMP and MNP with induced CDX?2
transgene. Colour shows experimental condition. (C) Example for a CDX?2 binding hindbrain specific
enhancer distal to Mafb. Figure adapted from [305].

To gain a better understanding of the genomic context in which CDX2 activates or represses
expression, we performed motif enrichment analysis on Cdx2 peaks overlapping selected
SOM clusters Fig. 4.18A). NMP, NMP-SC and spinal cord enhancers showed an expected
enrichment of CDX and posterior HOX motifs (Fig. 4.18C). In contrast, hindbrain and H-SC
sites were enriched for motifs of the SOX family (Fig. 4.18C). The only shared motif be-
tween hindbrain, spinal cord and H-SC enhancers was associated with retinoic acid receptor
(RAR) which is in line with the induction of RA signalling in both differentiation protocols.
However, RA signalling would be interpreted differently in these cells depending if they
experienced WNT induction and already committed towards a posterior identity. In summary,
these observations explained how CDX2 can influence interpretation of future signalling by
priming the chromatin landscape for upregulation of posterior cell identities.

Next, we assessed which genes might be potential targets of CDX2, to address this we per-
formed gene ontology enrichment analysis using GREAT [128]. These indicated differential
functions of CDX2 bound enhancer regions depending on their accessibility (Fig. 4.18B).
NMP and spinal cord enhancers seemed to be involved in WNT signalling regulation, whereas

NMP-SC as well as spinal cord enhancers regulating genes responsible in establishing poste-
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rior identity. On the other site, hindbrain and H-SC seem to be enriched for terms associated
with anterior central nervous development such as "central nervous system development" or
"regulation of neuron differentiation" (Fig. 4.18B).

To gain a better understanding of which potential target genes might be involved, we analysed
gene expression datasets for in vitro hindbrain/spinal cord NPCs and CDX2 induced in
hindbrain-like NPCs. This analysis revealed targets of CDX2 activation such as posterior
Hox genes (Hoxc8, Hoxa9, Hoxb9 and Hoxc9; Fig. 4.18D). Other CDX2 activated genes
included the RA-producing enzyme Aldhla2 which was shown to be important for normal
axis elongation [361]. Remarkably, the visceral MNP (hindbrain) marker Phox2b showed
the strongest down-regulation after CDX2 induction in MNP (Fig. 4.18D). Together with the
observation of CDX2 binding in close proximity to the Phox2b promoter, this might indicate
how this strong downregulation was achieved and therefore Phox2b could be subject to direct
CDX2 repression (Fig. 4.17B & Fig. 4.18D). In summary, these observations support a dual
role for CDX2: on the one hand activating genes involved in spinal cord differentiation and

on the other repressing genes important in establishing hindbrain fate.
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Fig. 4.18: CDX2 binds in different chromatin contexts to induce spinal cord and repress hind-
brain identity.

(A) Heatmap showing normalised CDX2 ChIP-seq signal £3kb around the summit of CDX2 binding
sites overlapping H-SC, hindbrain, NMP-SC, NMP and spinal cord enhancers. Metaprofile summaris-
ing CDX2 ChIP-seq signals is shown above. (B) Gene ontology enrichment of genes nearby to CDX2
binding sites overlapping with either H-SC, hindbrain, NMP-SC, NMP or spinal cord enhancers
(p-value: Binomial test). (C) Motif enrichment within CDX?2 binding sites overlapping with either
H-SC, hindbrain, NMP-SC, NMP or spinal cord enhancers. Normalised enrichment scores (NES)
were computed with iCisTarget. (D) Scatter plot comparing expression differences between spinal
cord and hindbrain NPCs (y-axis) against induction of CDX2 in hindbrain-like NPCs (x-axis). Colour
scale corresponds to -log10(FDR) derived from DESeq?2 analysis of day5 SC and H RNA-seq. Figure
adapted from [305].

4.3.11 | CDX2, not WNT signalling, provides cells with
the competence to generate spinal cord

CDX2 appears to be the crucial TF for activating genes involved in establishing spinal cord

and repressing hindbrain identity. These observations led to the question of whether CDX?2
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induction alone is sufficient to differentiate cells towards a spinal cord identity, independently
of developmental time. This would contrast the induction of WNT signalling whose effects
on cell identity strongly depend on developmental time and context (Fig. 4.11 & Fig. 4.12).
To answer these questions, we took advantage of our in vitro NPC differentiation protocol. If
CDX2 is really the crucial TF operating downstream of WNT signalling it should be able to
replace WNT induction at day 2. Therefore, we performed spinal cord NPC differentiation
using a Cdx2 inducible ESC cell line 1ICDX?2), harbouring a tamoxifen-inducible CDX?2
transgene [362]. Similar to WT ESCs, iCDX2 ESCs generate vMNSs expressing PHOX2B
when exposed to hindbrain conditions. By contrast, the addition of WNT between day 2-3
suppresses the generation of these cells under the spinal cord protocol (Fig. 4.19A). Strik-
ingly, we found that CDX2 induction between D2-3, was also sufficient to induce spinal cord
(SCind; Fig. 4.19A). Both types of spinal cord NPCs showed expression of Sox2 and lacked
Phox2b (Fig. 4.19A, C). Moreover, gene expression profiling revealed similar levels of the
motor neuron progenitor marker Olig2 and successful induction of posterior Hox genes such
as Hoxc6 and Hoxb9 (Fig. 4.19C). We performed ATAC-seq for SCind NPCs resulting in two
replicates passing quality control with 28,426 consensus peaks (Fig. 4.4). This confirmed
that CDX2 induction promote the same chromatin dynamics as observed in WT SC cells
on a genome-wide scale. Day 5 SCind NPCs showed high accessibility in spinal cord and
less accessibility in hindbrain enhancers (Fig. 4.19D). Accordingly, this recovered the same
trend shown by WNT induced spinal cord NPCs compared with hindbrain NPCs. Taken
together, our data confirmed that CDX?2 alone was able to establish cells with a spinal cord
identity. This raises the question of whether CDX2 activity was able to extend the period of

competence that cells have to generate spinal cord.
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Fig. 4.19: CDX2 can replace WNT signalling to induce spinal cord and repress hindbrain
identity.

(A) Schematic illustrating differentiation of spinal cord NPCs by induction of CDX2 after day
2 (SCind, purple). Differentiation of hindbrain and WINT based spinal cord NPCs shown. (B)
Fluorescence staining of PHOX2B (magenta) and SOX2 (red) shown for day 5 hindbrain, spinal
cord and SCind NPC. (C) qRT-PCR quantification of Phox2b, Olig2, Hoxb9 andHoxc6 in hindbrain,
spinal cord and SCind NPCs. (D) Scatter plot showing accessibility of hindbrain and spinal cord
enhancers for day 5 hindbrain, spinal cord and SCind. (E) Schematic illustrating differentiation of
hindbrain repressed NPCs by induction of Cdx2 after day 4 (Hrep, light purple). Differentiation of
hindbrain, spinal cord and hindbrain-plus NPCs shown. (F) qRT-PCR quantification of Phox2b, Olig2,
Pax7 for day 5 hindbrain, spinal cord, hindbrain-plus and hindbrain-repressed. Expression is shown
normalised to B-actin. (G) qRT-PCR quantification of Hoxb9, Hoxb8, Hoxc6 for day 5 spinal cord,
hindbrain-plus and hindbrain-repressed. Expression is shown normalised to -actin. (H) Scatter plot
comparison of hindbrain (yellow) and spinal cord (red) enhancer accessibility for day 5 hindbrain,
hindbrain repressed and spinal cord. Figure adapted from [305].

In order to test this hypothesis, we instead induced CDX2 in cells that had been differentiated
under hindbrain conditions to day 4, a condition where the activation of WNT signalling will
no longer posteriorise these cells (Fig. 4.18). Briefly, cells were differentiated into day 4
hindbrain NPC, followed by induction of CDX?2. We referred to this condition as hindbrain
repressed (Hrep; Fig. 4.19E). Initial gene expression analysis revealed that day 5 Hrep cells
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maintained a neural identity, expressing markers such as Olig2, but lacked the expression
of hindbrain marker Phox2b suggesting that NPCs lost their hindbrain identity (Fig. 4.19F).

However, there was no observable expression of Pax7 indicating that CDX2 induction was
not comparable to WNT activation anymore at this time point. Additionally, cells that had
been exposed to CDX2 expressed posterior Hox genes indicative of spinal cord fate, such as
Hoxb9 and Hoxb8 (Fig. 4.19G). We performed ATAC-seq enabling genome-wide comparison
of accessibility changes upon CDX?2 induction in hindbrain NPC. Day 5 hindbrain repressed
ATAC-seq samples passed our quality control and displayed 22,359 consensus peaks between
replicates. This revealed that CDX2 induction in day 5 hindbrain NPCs induces chromatin
changes that resemble spinal cord cell fate, losing accessibility in hindbrain enhancers but
opening spinal cord enhancers (Fig. 4.19H).

In summary, timed induction of CDX2 was sufficient to establish a spinal cord identity in
cells that would otherwise only transiently acquire the competence to make spinal cord NPCs.
This was not dependent on WNT signalling, but rather, on CDX ensuring the accessibility of

spinal cord enhancers.
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4.4 | Discussion

Here we used an in vitro model of neural induction combined with open chromatin profiling
by ATAC-seq to challenge the "Activation Transformation" hypothesis and determine the
exact sequence of events that generate NPCs with different regional identities along the
AP-axis [308, 310]. The "Activation Transformation" hypothesis postulates that all NPCs
initially acquire an anterior forebrain neural identity ("Activation"), before developing into
either midbrain, hindbrain or spinal cord NPCs ("Transformation"; Fig. 4.1) [308]. Previous
research supporting this hypothesis was mostly undertaken in amphibian or chicken embryos
using embryology assays based on ex- or transplants [363, 364, 365]. However, an issue
common to all of these studies is that the most posterior markers which were assayed cor-
respond to hindbrain or anterior spinal cord identity. Findings of these studies were then
extrapolated to the posterior spinal cord. Moreover, these experimental approaches lack the

spatial and temporal resolution to thoroughly define cellular identity.

Over the last decade many methods based on high-throughput sequencing have been de-
veloped to assay the transcriptome (e.g. RNA-seq) and open-chromatin landscape (e.g.
DNAse-seq, ATAC-seq) which can be used to more stringently define cellular identity [149,
82]. Here we utilized open chromatin profiling by ATAC-seq rather than gene expression
profiling, as previous research had shown that regulatory regions were more predictive for
cellular identity [167, 168, 169]. For example, Corces et al profiled chromatin accessibility
and gene expression in different cell types during normal haematopoiesis from different
donors [169]. In this study a ground truth of cell identity was determined by FACS sorting
these cells based on surface markers before profiling. Cluster analysis using RNA-seq or
ATAC-seq demonstrated that clustering using accessibility of distal regions (Cluster purity =
90.9%) outperforms clustering based on gene expression (Cluster purity = 77.6%).

In the case of neural development, it was shown that whilst factors such as SOX?2 are broadly
expressed throughout the developing nervous system, in fact different enhancer sets drive
SOX2 expression in different neural cells [321, 322, 323]. Hence, chromatin accessibility of

enhancer elements seems to be more predictive for cellular identity than gene expression.

Initially, we confirmed that our in vitro differentiation model undergoes similar chromatin
remodelling events as corresponding in vivo cells. This was demonstrated by loss of ac-
cessibility at a well-known pluripotency enhancer distal to Pou5f1 and gain of accessibility

upon differentiation in known neural enhancers regulating Olig2 (Fig. 4.3) [216, 337]. These
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observations are in line with previous published single cell gene expression profiling studies,
thus confirming the concordance of in vitro generated NPCs with their in vivo counterparts
[318, 311].

In this study, we used a self-organising map (SOM) to cluster time-series chromatin accessi-
bility data. Previous studies on gene expression data showed high accuracy for SOM based
clustering [366, 367]. Moreover, we compared SOM and k-means clustering and found the
SOM clustering to be more biologically meaningful. One possible reason for this is that a
SOM-based clustering gives a topological map of the clustered data in which neighbouring
clusters share similar trends. Given that our data is a developmental time course, we expect
such an approach to return a much more informative clustering than k-means or hierarchical
clustering.

The unsupervised SOM clustering of dynamic accessible regions during this differentiation
identified nine distinct biologically meaningful clusters that resolved the temporal dynam-
ics. Three clusters corresponded to regulatory elements specific for NPCs with different
AP-axis regional identities: anterior, hindbrain and posterior spinal cord. Further analysis
uncovered key TFs that shape the chromatin landscape of these cells. For example, spinal
cord enhancers showed enrichment for CDX2 as well as HOXC9 motifs and ChIP-seq peaks.
Both factors have been described as important TFs in posterior spinal cord development.
For example, loss of CDX2 during mouse embryonic developments results in impaired axis
elongation [315, 311]. In contrast, hindbrain and spinal cord enhancers are enriched for
SOX2 binding sites, in line with the ubiquitous expression of Sox factors along the AP-axis
[339]. Moreover, this demonstrates how a broadly expressed TF is involved in mediat-
ing different functions and promoting different cell identities depending in the sequence
context its binding [322]. Together, we identified enhancer elements as well as their cor-

responding master regulators which are responsible for establishing AP-axis regional identity.

Furthermore, we observed a set of transient regulatory regions that opened up upon exposure
to WNT signalling on day 3 of our in vitro NPC differentiation protocol. These day 3
cells correspond to a previously described bipotent NMP state which is highlighted by the
expression of Cdx, T/Bra and Sox2 and gives rise to posterior spinal cord NPC and paraxial
mesoderm [310, 309]. Further analysis of Cdx1,2,4 and T/Bra KO ATAC-seq highlighted the
importance of the NMP state and CDX factors for generating NPC with a spinal cord identity.
Epiblast cells lacking CDX are not able to integrate WNT signalling, failing to induce a pos-

terior identity and instead differentiate towards hindbrain-like NPCs. This is consistent with
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previous work showing that posterior development is impaired upon Cdx!,2,4 KO or absence

of WNT signalling, meaning that the NMP state is essential for normal tail development,
especially for generating the posterior spinal cord [314, 315, 325]. Therefore, pluripotent
epiblast cells need to commit first towards a posterior identity ("primary regionalization")

before these cells can acquire neural identity (Fig. 4.20A).

Anterior — Anterior Nervous System
/ Epiblast (cranial motor neurons)
Epiblast

FVWNT IE%%E?;L%F = Posterior Nervous System

(spinal motor neurons)
CDXIl,2,4

Vertebrata
Cnidaria Annelida

] Bilateria

Cnidarian nerve centres:
Apical - sensory processes

Bilaterian nervous system:
Blastoporal - motor functions

Brain
Spinal cord

Fig. 4.20: Proposed model of axial allocation and neural induction during early neurogenesis.

(A) Illustrated summary of the proposed neurogenesis model. Initially pluripotent epiblast cells
first commit either to an anterior or posterior regional identity depending on presence or absence
of WNT signalling. This leads to anterior epiblast cells which give rise to neuroectoderm forming
the anterior nervous system (blue). In the presence of WNT signalling, epiblast cells differentiate
to NMPs by induction of CDX factors. These cells can give rise to posterior neuroectoderm which
forms our spinal cord. (B) Evolutionary perspective on the proposed model of axial allocation and
neural induction during early neurogenesis. The model describes the dual origin of nervous system
hypothesis. According to this hypothesis was the posterior nervous system once separated from the
anterior one which is still observable in Cnidaria. In these animals there is still an Apical (blue)
system for sensory processes and Blastoporal (red) system for motor functions. However, in bilateria
these nervous systems are connected as the brain (blue) and spinal cord (red). Figure adapted from
[305].

We identified CDX2 as master regulator of posterior identity. Using a tamoxifen inducible
CDX2 mESC cell line, we showed that WNT signalling on day 3 can be replaced by timed
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induction of CDX2 to induce the NMP state. Strikingly, induction of WNT signalling on day
5 failed to induce posterior identity in hindbrain NPCs. However, induction of CDX2 in day
5 hindbrain NPCs leads to develop a posterior spinal cord identity. Hence, we showed that
CDX2 alone and not WNT signalling is the crucial factor for establishing a posterior neural
identity. Investigation into potential underlying mechanisms of these observations revealed
a dual role of CDX2 in establishing spinal cord identity. On the one hand, CDX2 activates
genes involved in establishing a posterior neural identity such as Hoxc9. On the other hand,
CDX2 represses hindbrain identity genes such as Phox2b in favour of a posterior identity by

binding to shared hindbrain/spinal cord enhancer sites.

The three CDX genes (Cdx1, Cdx2 and Cdx4) in vertebrates today were created over 500
million years ago after several whole genome duplications took place [368]. These CDX
genes originated from a single CDX gene in vertebrate ancestors and can still be found
in cephalochordates such as Branchiostoma floridae [369]. Moreover, homologous of the
mammalian CDX genes can be found along the tree of life, for example in nematodes such
as Caenorhabditis elegans (pal-1), in fruit flies such as Drosophila (cad) and two copies in
fish such as zebrafish (cdxl andcdx4) [370, 369, 371]. Previous studies showed that even
the WNT induced CDX gene regulatory network is evolutionarily conserved among animals
[372, 353]. Thus, the distinct mechanisms leading to the development of an anterior and
posterior nervous system in vertebrates might be a remnant of processes which generated an
apical and blastoporal system in pre-bilaterians. Our observations provide further support for
the hypothesis that the central nervous system in bilaterians has evolved as a merger of two
initially distinct nervous systems that originated at opposite poles in pre-bilaterian ancestors
[373] (Fig. 4.20B).

In summary, our findings contradict the "Activation Transformation" hypothesis and support
the validity of Mangold’s model/Dual origin of NPCs: that distinct mechanisms are necessary

to generate different regional identities along the AP-axis.






Conclusions and future directions

In this PhD thesis, I investigated how regulatory potential and cell type specificity is encoded
in the underlying DNA sequence of transcriptional enhancers. To this end, enhancers in the
context of two pluripotent ESC states and during early neural development were examined
using high-throughput sequencing assays such as ATAC-seq and ChIP STARR-seq.

In Chapter 2, I asked whether all NANOG binding sites observed in ChIP-seq data correspond
to bona fide enhancer elements and what DNA sequence features encode regulatory activity in
NANOG-bound enhancers. NANOG binding sites were systematically tested for their ability
to drive transcription from a minimal promoter using ChIP STARR-seq. This allowed for a
thorough definition of NANOG binding sites with enhancer activity and revealed inactive
binding sites which were highly bound by NANOG but did not display regulatory activity in
the cellular state under examination. I characterised these two classes of NANOG binding
sites and built machine learning models to uncover predictors of enhancer activity. This
revealed ESRRB as important regulator of enhancer activity which I validated using publicly
available H3K27ac ChIP-seq data measured in mESC harbouring an inducible Esrrb KO.
In Chapter 3, we examined how differential enhancer activity between naive (2i) and primed
(serum) mESCs is encoded in the DNA sequences underlying NANOG binding sites. En-
hancer activity of NANOG binding sites in 2i and serum conditions were measured using
ChIP STARR-seq. Identified 2i- and serum-specific enhancer elements were examined,
revealing chromatin accessibility changes as a major predictor for differential enhancer activ-
ity. Predictive modelling of differential enhancer activities revealed the TFs TCF3, TCF4
and ESRRB as potential regulators of 2i-specific activity and ZIC3 for serum enhancers.
Together, Chapters 2 and 3 presented an analysis framework to identify TF-bound enhancers
and uncover predictive features that may explain how they switch between regulatory and

non-regulatory states.
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Finally, in Chapter 4, in collaboration with James Briscoe’s laboratory, I assessed whether
it is possible to use information about enhancer accessibilities to define precisely when
cells commit to specific neural identities. Application of ATAC-seq to an in vitro model
system of early neural development uncovered enhancer elements specific to the mouse
forebrain, hindbrain and spinal cord NPC identity and identified TFs associated with cell
type specific enhancer accessibility. By perturbing TFs and signalling factors, I showed that
that cells first commit to a regional (posterior) identity before then specifying the cell type
(neural) identity to generate spinal cord NPCs. My analysis showed that this differentiation
goes via the bipotent NMP state with CDX2 as master regulator of posterior identity by
repressing hindbrain and activating spinal cord genes. The work in this chapter confirmed
the "Dual origin of neural progenitor" hypothesis and rejected the more commonly accepted

"Activation-Transformation" hypothesis of neural development.

Overall, this thesis has made extensive use of ATAC-seq and ChIP STARR-seq data to study
enhancer elements in different biological contexts. Both of these techniques come with their
own technical obstacles and limitations to define bona fide transcriptional enhancers. The
two biological contexts each provided its own challenges and setbacks for these techniques.
In the following sections I discuss these issues, suggest potential solutions and finally discuss

future directions for this area of research.

5.1 | Improving ChIP STARR-seq to achieve

high resolution readouts

As mentioned in Chapters 2 and 3 our implementation of the ChIP STARR-seq assay comes
with two experimental obstacles. Firstly, it was recently shown that the bacterial origin of
replication (ORI) found in original version of the mammalian STARR-seq screening vector
functions as an alternative core-promoter; this competes with the minimal core-promoter
from which STARR-seq measurements are supposed to be made, leading to a signal reduction
[176]. In future, this is resolved by using the ORI as the minimal core-promoter. Using such
a vector will improve signal yield in future STARR-seq screens for transcriptional enhancers
in mammalian cells.

Secondly, the lack of UMISs to distinguish PCR duplicates from independently transcribed
fragments reduces the recoverable STARR-seq signal and the potential assay resolution
[219, 184]. In this thesis, I had to average the STARR-seq signal over an entire binding
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site and therefore quantified how many fragments under a particular peak were able to
self-transcribe. Introducing UMIs would enable us to quantify each cloned fragment as a
separate measurement since we would be able to quantify self-transcription of each observed
fragment. This in turn would increase the resolution of the assay, by tilling each binding peak
with STARR-seq fragments, thus allowing the fine-mapping of individual "regulatory driver
elements" [256, 179]. In our case, fragment tilling of TF binding peaks could eventually
provide support for the base-pair resolution importance score from DeepLIFT. For example,
fragments overlapping an ESRRB motif with high DeepLIFT importance should show higher
expression than fragments within the same peak that do not overlap this motif.

A second advantage will be the increase in measurements: instead of thousands of data
points one might have up to hundreds of thousands. This would allow accurate fitting
of larger and more complex models such as recurrent neural networks (for instance, long
short-term memory models) or enable models for more complex tasks such as regression
of enhancer activity instead of binary prediction [210]. A recent study presented evidence
that it might be possible to gain a better understanding of the motif grammar encoded in
DNA sequence by combining high resolution measurements of TF-binding measurements
with predictive modelling using CNNs [374]. However, they also relied on several 100,000

binding measurements to achieve this.

5.2 | Validation of ChIP STARR-seq and predicted

regulators of enhancer activity

For Chapter 2, I plan to validate the NANOG binding site classification by selecting 10
active enhancers and 10 inactive TFBS, and measuring their enhancer activities using a
dual luciferase reporter assay [375, 180]. A limitation of course, is that this will not assess
enhancer activities on endogenous gene expression. For this, it would be necessary to modify
binding sites using CRISPR/Cas9 or selectively silence/deactivate them with dCas9-effector
fusions such as dCas9-KRAB or dCas9-LSD1 [224, 376, 60, 377]. It will be interesting to
see if deletion of inactive binding sites impacts gene expression in ESCs at all and if removal
of these sites for example, the known Hoxal enhancer is sufficient to impair differentiation
[222]. Even such an experiment might not be definitive because both of these endpoints
might be rescued by so called shadow enhancer elements standing in for deleted or silenced
enhancers [42].

I also plan to validate my regulator predictions based on the importance scores using dual
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luciferase assays. 1 will determine the most important sequence motifs in an enhancer

using the DeepLIFT base-pair resolution importance scores, shuffle these sequences and
measure their episomal enhancer activity [216]. In the case of active enhancers, I will alter
candidate sequences targeting the discovered ESRRB motifs in a way that minimises the
predicted probability of being an enhancer by the CNN. For inactive binding sites I will
search for unimportant sections of sequence and introduce ESRRB motifs so as to maximise
the predicted probability to be an active enhancer. This experimental strategy should confirm
the role of the discovered ESRRB motifs in mediating enhancer activity. However, sequence
motifs of the nuclear receptor family such as ESRRB show a high degree of similarity
between each other, such as ESRRB and NROB1 [199, 63]. Hence, deleting or inserting
ESRRB motifs from candidate sites might not conclusively show that ESRRB establishes
enhancer activity. To establish such causality, I will also measure the set of altered active
enhancer and inactive TFBS sequences using a transgenic ESC line in which we are able to
degrade ESRRB by a light inducible system [378].

Another potential approach to validate the base-pair importance score from DeepLIFT as
well as the importance of the discovered ESRRB motifs would be to perform a tiling based
CRISPR/Cas9 screen of selected candidate regions. Two recently published studies described
screens to map regulatory regions using different endpoint readouts [379, 380].

The above described experimental procedures could also be applied to validate our predictions
in Chapter 3, with two alterations: using a base-pair importance score based on the gkm-SVM

from GkmExplain and measuring enhancer activities in 2i and serum conditions [302].

5.3 | Definition of bona fide transcriptional enhancers
from ATAC-seq

In Chapter 4, we used open-chromatin profiling by ATAC-seq to identify regulatory elements
via chromatin accessibility. However, these distal regulatory regions are not necessarily
enhancers and might correspond to insulators or silencers [381, 382, 82]. A powerful new
approach called ATAC-STARR-seq was presented by Wang et al, which combines enrichment
of open-chromatin regions via Tn5 transposase with enhancer screening via STARR-seq
[179]. The authors did not comment on how many distal peaks show self-transcription in
their STARR-seq assay. Application of this method to our in vitro model system would
uncover what proportion of the SOM regions actually are bona fide transcription al enhancers

potentially impacting gene expression. Moreover, this might help to decipher how CDX2 is
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represses hindbrain genes such as Phox2b and Mafb (Fig. 4.17). 1t would be interesting to

see how the shared hindbrain/spinal cord shared regulatory regions function when exposed to
the cellular conditions specific to the hindbrain or spinal cord. Ultimately, a combination of
such measurements with in vitro models of developmental processes would allow for more
fine-grained classification of regulatory regions and uncover the potential contribution of

enhancers, silencers and insulators during development.

5.4 | Resolving cellular heterogeneity

using single cell ATAC-seq

Another point regarding Chapter 4, concerns our in vitro system of early neural development:
as a cell culture system, there might be substantial cell-to-cell heterogeneity in the dish [383,
384, 385]. Different subpopulations in cell culture could arise through uneven dosage of
treatment across a dish or differences in timing or length of exposure to certain signals. Pop-
ulation level methods such as ChIP-seq or ATAC-seq will result in averaged measurements
across potentially heterogenous populations. This may result in higher background levels
or produce a convoluted signal showing chromatin accessibility at various regions that are
actually specific to different subpopulations. Such issues might apply to our study as well.
For example, one could speculate that our observed shared hindbrain/spinal cord regulatory
regions might actually originate from cells which did not commit on day 3 to a posterior
identity and therefore generated hindbrain NPCs upon treatment with RA and SHH. This
would result in a mixed population of hindbrain and spinal cord NPCs. However, this is only
speculation and it is interesting that on day 3 after the induction of WNT signalling, cells
commit to a bipotent NMP cell state which gives rise to spinal cord NPCs and paraxial meso-
derm [310, 311]. Commitment of NMPs to paraxial mesoderm is regulated by continuous
WNT signalling which might have happened in the dish leading to a few cells committing
towards a mesodermal rather than spinal cord identity. Thus, it is also possible for cell-to-cell
heterogeneity to arise from normal developmental decisions. Recent advances in single
cell sequencing had made it possible to perform ATAC-seq in single cells [133]. Applying
single cell ATAC-seq (scATAC-seq) to our in vitro system will have advantages: 1) it will
resolve the issue of potential cellular heterogeneity originating either from the culture system
or via developmental processes; and 2) it will allow us to investigate these developmental
processes at higher temporal resolution; for instance, what precise order of accessibility gains

is necessary for spinal cord identity? The possibility of gaining a better understanding of



Conclusions and future directions

developmental processes using sScATAC-seq was exemplified by a recent study investigating

myoblast differentiation with an in vitro system [384].

5.5 | Concluding remarks

There are many different definitions for transcriptional enhancer elements based on various
different computational methods or sequencing assays but none of them is yet definite
[161, 170, 163]. Therefore, it is and will be still necessary to further develop techniques to
thoroughly map transcriptional enhancers and their associated target genes. Only one thing
is certain in the future, that the right choice of assay and associated enhancer definition will

still strongly depend on the research question asked.
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Fig. A.1: Grid-search results from GBM hyperparameter optimisation. Grid-search was per-
formed to optimise 10-fold cross-validated Mathews correlation coefficient (MCC) to find the best
values for two hyperparameters: the number of boosting iterations and max tree depth. Results shown
for GBMs trained on different feature sets including (A) control TFs, (B) Nanog co-binding TFs and
(C) all predictive TFs. Best set of hyperparameters is highlighted with an arrow.
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Fig. A.2: Grid-search results for gkm-SVM hyperparameter optimisation. Hyperparameter
search results for k-mer lengths (L) between 6-14, number of informative columns (K) and number
of miss matches 1-4. 10-fold cross-validated performance measures were computed including Area
under precision-recall (PR) curve (left panel) and ROC (right panel). Best set of hyperparameters is
highlighted with an arrow.
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Fig. A.3: Model training history for CNN with best architecture from hyperparameter optimi-
sation. Accuracy, loss, learning rate (Ir) and Matthews correlation coefficient (MCC) were tracked
for each epoch for training (red) as well as validation (blue) dataset. Training history shown for
CNNss initialised with (A) random weights and (B) transfer learning by initiation with weights from a
pre-trained CNN to distinguish Nanog binding from shuffled background.
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Fig. A.4: Grid-search results from GBM hyperparameter optimisation. Grid-search was per-
formed to optimise 10-fold cross-validated Area under precision-recall (PR) curve to find the best
values for two hyperparameters: the number of boosting iterations and max tree depth. Results shown
for GBMs trained on different feature sets including (A) control TFs, (B) Nanog co-binding TFs and
(C) all predictive TFs. Best set of hyperparameters is highlighted with an arrow.
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Fig. A.5: Grid-search results for gkm-SVM hyperparameter optimisation. Hyperparameter
search results for k-mer lengths (L) between 6-14, number of informative columns (K) and number
of miss matches 1-4. 10-fold cross-validated performance measures were computed including Area
under precision-recall (PR) curve (left panel) and ROC (right panel). Best set of hyperparameters is
highlighted with an arrow.
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B.1 | Chapter 2 and 3 Supplementary Tables

Table B.1: ChIP STARR-seq datasets used in Chapter 2 & 3.

Study Description Rep

Steinhauser 2020 ESC 2i Nanog ChIP vector library 4

Steinhauser 2020 ESC 2i STARR-seq 3
Steinhauser 2020 ESC serum STARR-seq 3

Table B.2: ChIP-exo datasets used in Chapter 2 & 3.

Study Accession number Cell type ChIP Rep
Xie 2017 [254] GSE97304 ESC Esttb 1
Xie 2017 [254] GSE97304 ESC Stat3 1

Table B.3: CUT&RUN datasets used in Chapter 2.

Study Accession number Cell type Target Rep
Hainer 2018 [120] GSE111121 ESC Nanog 2
Hainer 2018 [120] GSE111121 ESC Sox2 2

Hainer 2018 [120] GSE111121 ESC Oct4 2
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Table B.4: ChIP-seq datasets used in Chapter 2 & 3.
Study Accession number Cell type ChIP Rep
Atlasi 2019 [199] GSE92412 ESC 2i Esrrb 2
Atlasi 2019 [199] GSE92412 ESC serum Esrrb 2
Atlasi 2019 [199] GSE92412 ESC 2i H3K27ac 1
Atlasi 2019 [199] GSE92412 ESC 2i Nr5a2 KO H3K27ac 1
Atlasi 2019 [199] GSE92412 ESC 2i day3 H3K27ac 2
Atlasi 2019 [199] GSE92412 ESC 2i day3 Esrtb KO  H3K27ac 2
Atlasi 2019 [199] GSE92412 ESC 2i LT H3K27ac 2
Atlasi 2019 [199] GSE92412 ESC 2i LT Esrrb KO H3K27ac 2
Engelen 2015 [386] GSES8113 ESC Dppa2 1
Kartikasari 2013 [199] GSE44764 ESC Tbx3 2
Steinhauser 2020 - ESC serum Nanog 2
Rafiee 2016 [204] E-MTAB-3802 ESC 2i Nanog 2
Cruz-Molina 2017 [231] GSE89211 ESC 2i H3K4mel 1
Cruz-Molina 2017 [231] GSE89211 ESC 2i H3K27ac 1
Cruz-Molina 2017 [231] GSE89211 ESC 2i H3K27me3 1
Cruz-Molina 2017 [231] GSE89211 ESC 2i p300 1
Cruz-Molina 2017 [231] GSE89211 ESC serum H3K4mel 1
Cruz-Molina 2017 [231] GSE89211 ESC serum H3K27ac 1
Cruz-Molina 2017 [231] GSE89211 ESC serum H3K27me3 1
Cruz-Molina 2017 [231] GSE89211 ESC serum p300 1
Galonska 2014 [293] GSES53768 ESC Utf1 1
Galonska 2015 [216] GSE56312 ESC serum Nanog 2
Galonska 2015 [216] GSES56312 ESC 24h 2i Nanog 2
Galonska 2015 [216] GSE56312 ESC 3p 2i Nanog 2
Galonska 2015 [216] GSE56312 ESC serum Sox2 2
Galonska 2015 [216] GSES56312 ESC 24h 2i Sox?2 2
Galonska 2015 [216] GSES56312 ESC 3p 2i Sox?2 2
Galonska 2015 [216] GSE56312 ESC serum Oct4 2
Galonska 2015 [216] GSES56312 ESC 2i Oct4 2
Novo 2018 [217] GSE103053 EpiSC Nanog 1
Sun 2018 [263] GSE115340 ESC Medl 2
Sun 2018 [263] GSE115340 ESC Med12 2
Denissov 2014 [387] GSES52071 ESC Ash2] 1
Li 2010 [388] GSE19708 ESC Jarid2 1
Marson 2008 [298] GSE11724 ESC Tcf711 2
Lim 2010 [299] GSE37889 ESC Zic3 2
Zhang 2013 [301] GSE43565 ESC Ctnnbl 2
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Table B.5: ATAC-seq datasets used in Chapter 2 & 3.

Study Accession number Cell type Rep
Kearns 2015 [224] GSE64059 ESC 2i 1
Atlasi 2019 [199] GSE92412 ESC 2i 8h 3
Atlasi 2019 [199] GSE92412 ESC 2i dayl 3
Atlasi 2019 [199] GSE92412 ESC 2i day3 3
Atlasi 2019 [199] GSE92412 ESC serum 8h 3
Atlasi 2019 [199] GSE92412 ESC serum day1 3
Atlasi 2019 [199] GSE92412 ESC serum day3 3
Table B.6: GRO-seq datasets used in Chapter 2 & 3.
Study Accession number Cell type Rep
Tastemel 2017 [247] GSE99747 ESC 2i 3
Tastemel 2017 [247] GSE99747 ESC serum 2
Table B.7: Capture Hi-C datasets used in Chapter 2 & 3.
Study Accession number Cell type URL
Atlasi 2019 [199] GSE72164 ESC 2i & serum Link
Joshi 2015 [145] GSE72164 ESC 2i & serum Link
Sahlen 2015 [146] GSE60495 ESC serum Link
Table B.8: WGBS datasets used in Chapter 2 & 3.
Study Accession number Cell type Rep
Stadler 2011 [91] GSE30202 ESC serum 1
Stadler 2011 [91] GSE30202 NPC 1
Domcke 2015 [278] GSE67867 ESC 2i to serum 1
Domcke 2015 [278] GSE67867 ESC serum to 2i 1
Table B.9: RNA-seq datasets used in Chapter 2 & 3.
Study Accession number Cell type Rep
Joshi 2015 [145] GSE72164 ESC 2i 2
Joshi 2015 [145] GSE72164 ESC serum 2



https://static-content.springer.com/esm/art%3A10.1038%2Fs41556-019-0310-9/MediaObjects/41556_2019_310_MOESM5_ESM.xlsx
ftp://ftp.ncbi.nlm.nih.gov/geo/series/GSE72nnn/GSE72164/suppl/GSE72164_Hi-C_Merged_interactions_intervals.txt.gz
https://static-content.springer.com/esm/art%3A10.1186%2Fs13059-015-0727-9/MediaObjects/13059_2015_727_MOESM1_ESM.zip
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Table B.10: Proteomics datasets used in Chapter 2 & 3.

Study Accession number Cell type Rep URL
Rafiee 2016 [204] PXD003798 ESC 2i & serum 3 Link
van Mierlo 2019 [205] PXDO007154 ESC 2i& serum 3 Link

Table B.11: Other publicly available datasets used in Chapter 2 & 3.

Description URL

Transcription factor database  http://humantfs.ccbr.utoronto.ca/
Cistrome database http://cistrome.org/db/

LOLA region database http://big.databio.org/regiondb

Eukaryotic promoter database https://epd.epfl.ch//index.php



https://ars.els-cdn.com/content/image/1-s2.0-S1097276516305688-mmc3.xlsx
https://ars.els-cdn.com/content/image/1-s2.0-S1934590918304983-mmc2.xlsx
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Table B.12: Published ATAC-seq datasets used in Chapter 4.

Study Accession number Cell type Rep
Neijts 2016 [325] GSE81203 embryo-day6.0 2
Neijts 2016 [325] GSES81203 embryo-day7.2 2
Neijts 2016 [325] GSES81203 embryo-day7.5-post 1
Table B.13: Published mRNA-seq datasets used in Chapter 4.
Study Accession number Cell type Rep
Gouti2014 [310] EMTAB2268 D1 3
Gouti2014 [310] EMTAB2268 D2 3
Gouti2014 [310] EMTAB2268 D3A 3
Gouti2014 [310] EMTAB2268 D3NMP 3
Gouti2014 [310] EMTAB2268 D4A 3
Gouti2014 [310] EMTAB2268 D4H 3
Gouti2014 [310] EMTAB2268 D4SC 3
Gouti2014 [310] EMTAB2268 D5SA 3
Gouti2014 [310] EMTAB2268 D5H 3
Gouti2014 [310] EMTAB2268 D5SC 3
Juan2016 [389] GSE85717 ESC-serum 2
Table B.14: Published microarray datasets used in Chapter 4.
Study Accession number Cell type Rep
Mazzoni 2013 [356] GSE39422 motor neuron progeni- 3
tors
Mazzoni 2013 [356] GSE39422 motor neuron progeni- 3

tors +iCdx2 +FGF
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Table B.15: ChIP-seq datasets used in Chapter 4.

Study Accession number Cell type ChIP Rep

Aloia 2013 [390] GSES53542 Neural progenitors Zrfl 1

Amin 2017 [315] GSES84899 NMP Cdx2 2

Amin 2017 [315] GSES84899 NMP TBra 2

Bergsland 2011 [391] GSE33059 Neuron Sox11 3

Borromeo 2014 [392] GSES55840 E12.5 mouse neural Ascll 1
tube

Borromeo 2014 [392] GSE55840 E12.5 mouse neural Ptfla 1
tube

Borromeo 2014 [392] GSES55840 E12.5 mouse neural Rbpj 1
tube

Jung 2010 [393] GSE21812 motor neuron progeni- Hoxc9 1
tors

Koch 2017 [318] GSE93524 NMP Sox?2 1

Koch 2017 [318] GSE93524 NMP T 1

Koch 2017 [318] GSE93524 NMP Tbx6 1

Koch 2017 [318] GSE93524 NMP betaCatenin 1

Mazzoni 2013 [333] GSE31456 cortical motor neurons  Isl1-2 2

Mazzoni 2013 [333] GSE31456 cortical motor neurons  Phox2a 2

Mazzoni 2013 [333] GSE31456 motor neuron progeni- Isll-2 2
tors

Mazzoni 2013 [333] GSE31456 motor neuron progeni- Lhx3 2
tors

Mazzoni 2013 [356] GSE39433 motor neuron progeni- Cdx2-FGF 1
tors

Mazzoni 2013 [356] GSE39433 motor neuron progeni- Cdx2-noFGF 1
tors

Mcaninch 2014 [394] GSES57186 Neural progenitors Sox3 3

Mistri 2015 [395] GSE69859 neural stem cells Brnl 1

Mistri 2015 [395] GSE69859 neural stem cells Brn2 1

Mistri 2015 [395] GSE69859 neural stem cells Pou3fl 1

Mistri 2015 [395] GSE69859 neural stem cells Sox2 1

Nishi 2012 [Nishi2012] GSE42132 neural progenitors Foxa2 1
(from embryoid bodies)

Nishi 2012 [Nishi2012] GSE42132 neural progenitors H3K27ac-RA 1
(from embryoid bodies)

Nishi 2012 [Nishi2012] GSE42132 neural progenitors H3K27ac-SAG 1
(from embryoid bodies)

Nishi 2015 [396] GSE61673 Neural progenitors Gli3 1

Nishi 2015 [396] GSE61673 Neural progenitors Nkx2.2 2

Nishi 2015 [396] GSE61673 Neural progenitors Nkx6.1 2

Nishi 2015 [396] GSE61673 Neural progenitors Olig2 2

Metzis 2018 [305] E-MTAB-6348 Day 5 hindbrain neural Sox2 2
progenitor

Metzis 2018 [305] E-MTAB-6348 Day 5 spinal cord pro- Sox2 2

genitor
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Table B.16: Other publicly available datasets used in Chapter 4.

Description URL

Vista enhancer set https://www.encodeproject.org
4DGenome interaction data https://4dgenome.research.chop.edu
LOLA region database http://big.databio.org/regiondb

ENCODE DNAse hypersensitive sites  https://www.encodeproject.org
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