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Abstract

Epigenetic mechanisms drive determination of cell types from embryonic development to differenti-
ated adult tissues. Transcription factors are particularly important for these processes due to their
ability to bind specific DNA loci associated with the regulation of target gene expression, as well
as their potential to modulate the global chromatin structure. In order to do this, transcription
factors often interact with other factors and exhibit a certain binding grammar. However, due to
both experimental and computational limitations, it is challenging to study the global characteris-
tics of transcription factor binding. Especially at early developmental timepoints, where the input
material is sparse, many aspects of transcription factor binding remain obscure. The objective of
this thesis is to develop computational methods to study the effect of transcription factor binding

during developmental processes.

This thesis presents the description of two bioinformatics tools suitable for identifying individual
transcription factor binding sites and characterizing the grammar of co-occurring binding events.
The first tool, named TOBIAS, is able to identify transcription factor binding using the method of
ATAC-seq footprinting. Using this tool, it was possible to create a sequential map of transcription
factor activity throughout the early cell divisions of human and mouse embryos. The second tool,
TF-COMB, is a method to perform genome-wide transcription factor association analysis, which can
utilize binding sites from TOBIAS or other methods. Investigations of both experimental and in
silico data across multiple cell types showed that transcription factors bind DNA in the vicinity of
other DNA-binding proteins, bind at sites labeled by specific chromatin marks and exhibit preferred

binding conformations.

In conclusion, these two tools, published in two separate papers, provide a significant improvement
to the existing bioinformatics methods for studying global transcription factor binding characteristics

in the context of differentiation.






Zusammenfassung

Epigenetische Mechanismen steuern die Bestimmung von Zelltypen von der Embryonalentwicklung
bis zum differenzierten Geweben im Erwachsenenalter. Transkriptionsfaktoren sind fiir diese Prozesse
besonders wichtig, da sie in der Lage sind, an spezifische DNA-Loci zu binden, welche mit der Reg-
ulierung der Expression von Zielgenen verbunden sind. Zusétzlich konnen Transkriptionsfaktoren
die globale Chromatinstruktur beeinflussen. Um dies zu erreichen, interagieren Transkriptionsfak-
toren haufig mit anderen Faktoren und weisen eine bestimmte Bindungsgrammatik auf. Aufgrund
Einschrankungen sowohl in der experimentellen als auch in der computergestiitzten Analyse ist es
jedoch eine Herausforderung, die globalen Merkmale der Bindung von Transkriptionsfaktoren zu un-
tersuchen. Vor allem zu frithen Entwicklungsstadien, wenn nur wenig Probenmaterial verfigbar ist,
bleiben viele Aspekte der Bindung von Transkriptionsfaktoren unklar. Das Ziel dieser Arbeit ist es
rechnerische Methoden zu entwickeln, um die Auswirkungen der Bindung von Transkriptionsfaktoren

wahrend der Entwicklungsprozesse zu untersuchen.

In diesem Zusammenhang werden zwei Bioinformatik-Tools beschrieben, die fiir die Identifizierung
einzelner Transkriptionsfaktor-Bindungsstellen und die Charakterisierung der Grammatik von gemein-
sam auftretenden Bindungsereignissen geeignet sind. Das erste Tool namens TOBIAS ist in der
Lage, die Bindung von Transkriptionsfaktoren mit der Methode des ATAC-seq-Footprinting zu iden-
tifizieren. Hiermit konnte eine sequenzielle Abbildung der Aktivitdt von Transkriptionsfaktoren
wahrend der frithen Zellteilungen von Mensch- und Mausembryonen erstellt werden. Das zweite
Tool, TF-COMB, ist eine Methode zur Durchfithrung genomweiter TF-Assoziationsanalysen, bei der
Bindungsstellen aus TOBIAS oder anderen Methoden verwendet werden kénnen. Untersuchungen
von experimentellen und in silico-Daten iber mehrere Zelltypen zeigten, dass Transkriptionsfaktoren
DNA in der Nédhe anderer DNA-bindender Proteine binden sowie an Stellen, die durch spezifische
Chromatinmarkierungen gekennzeichnet sind. Aulerdem wurde gezeigt, dass Transkriptionsfaktoren

bevorzugte Bindungskonformationen aufweisen.

Zusammenfassend stellen diese beiden Tools, welche in zwei separaten Artikeln veroffentlicht
wurden, eine signifikante Verbesserung der bestehenden bioinformatischen Methoden zur Unter-
suchung der globalen Bindungseigenschaften von Transkriptionsfaktoren im Kontext der Differen-

zierung bereit.
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1.1  Motivation

The human body is estimated to consist of an astonishing ~30 trillion cells (Sender et al., 2016), but
most remarkably, these cells all arose from one single fertilized egg cell, the zygote. Throughout the
zygote’s cell divisions to 2 cells, 4 cells, 8 cells, until 30 trillion cells, most cells of an organism contain
the same genetic material, but still manage to modify their behavior to obtain unique properties.
Consequently, the ability of cells to differentiate into individual cell lineages ensures the correct
development of organs, limbs and highly specialized tissues, eventually achieving the staggering
complexity of the human body. However, the question arises: How do cells control which cell type is

to be chosen and maintained? And which biological processes provide the ability to make the choice?

The study of these mechanisms was first termed “epigenetics” by Conrad Waddington in 1942
(Waddington, 1942). He postulated that there must be an epigenotype which represents the devel-
opmental processes between the genotype and the observed phenotype of a cell. However, genome
sequencing was not available at the time of Waddington’s research. Consequently, when technologies
to map the DNA sequence of genomes were developed, our understanding of the human genome
was significantly extended. In this context, the Human Genome Project provided the first reference
genome (Venter et al., 2001), which estimated that the human genome contains ~25,000 protein
coding genes, but that the coding sequences comprise only ~1% of all bases. Building upon these
fundamental findings, the 1000 Genomes Project extended our understanding of genetic variation
between individuals by presenting 2,500 individual human genomes (The 1000 Genomes Project Con-
sortium, 2015). Interestingly, this study showed that the majority of genetic variation occurs in the
non-coding regions. Likewise, genome-wide association studies (GWAS), which link phenotype with
genetic variation, have shown that most genetic diseases are associated with single nuclear polymor-
phisms (SNPs) in non-coding sequences (Maurano et al., 2012). In conclusion, these studies provided
evidence that non-coding sequences are not just junk, but play a paramount role in the regulation

of cellular processes.

To understand the influence of non-coding sequences, initiatives like the Roadmap Epigenomics
Consortium went on to study epigenetic mechanisms such as histone modifications and DNA methy-
lation (Roadmap Epigenomics Consortium et al., 2015). Through an integrated analysis of epigenetic
marks for 111 epigenomes, the study found that epigenetic profiles are highly correlated with known
cell types and underlying lineages. In particular, these epigenetic marks were shown to play an im-

portant role in establishing regions of open chromatin, which can act as enhancers of gene expression
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through binding of the transcriptional machinery. In this context, it is noteworthy that 93% of the
known GWAS SNPs in open chromatin were reported to overlap with binding sites for transcription
factors (TFs) (Maurano et al., 2012). This emphasizes the role of TFs to read the non-coding genome
code in order to influence transcription of target genes. Thus, through binding to DNA, TFs provide

an interface between the static genome sequence and the phenotype as described by Waddington.

Despite having completed the human genome sequence, many aspects of epigenetics are still
not fully understood. In particular, the mechanisms utilized by cells to switch between different
epigenetic states, and how the genome sequence encodes the differentiation of tissues, are still under
intense investigation. It is clear that the genome can encode different functionalities dependent
on the circumstance, but we are still learning how to correctly read this information within the
sequence (Figure 1). In this context, improving our knowledge of how TFs and other transcriptional
regulators decode the genetic code to fulfill their functions is an integral part of understanding

epigenetic regulation.

This thesis and its accompanying publications aim to contribute to the understanding of TF
binding dynamics and how TFs shape decisions of cell fates throughout development. It is focused
on the design, implementation and application of computational methods to analyze high-throughput
next-generation sequencing data, and to integrate various levels of epigenetic information such as

gene expression, chromatin accessibility and DNA-protein interactions to study TF binding.

"We finished the genome map, now
we can't figure out how to fold it."

Figure 1: Interpretation of the genome map is a challenge.

While the sequence of the human genome has been uncovered, we still need to ‘fold‘ the genome
map to fully understand its meaning in different epigenetic contexts. Figure by Iyer et al., 2011
adapted from an illustration by cartoonist John Chase.



1.2 Background

In context of the concepts presented in the motivation, this section provides background on how
epigenetic mechanisms shape cell fate decisions, and how the interplay of chromatin modifications
and TF binding plays a role in embryonic development. Finally, the application of high-throughput

sequencing and bioinformatics analysis as methods to study these mechanisms is discussed.

1.2.1 Epigenetic mechanisms of gene regulation

A major aim of epigenetic processes is to control gene expression and to ensure that the appropriate
genes are transcribed at the right time. On a molecular level, this control is achieved using a variety
of mechanisms which affect the level of chromatin accessibility and 3D organization, and thereby also
influence binding of proteins to the regulatory regions. Some of the major mechanisms contributing

to this system are introduced in Figure 2, and will be described in more detail here.

At the highest level, DNA is organized into chromatin, which is a complex of DNA and histone pro-
tein complexes, known as nucleosomes, ultimately forming a chromosome. The degree of chromatin
condensation is controlled by the composition, positioning and organization of these nucleosomes,
which each wrap 147 base pairs of DNA (Klemm et al., 2019). Depending on the positioning, nucle-
osomes can either pack tightly together (a state known as heterochromatin) or position themselves
with nucleosome-free linker regions (known as euchromatin) (Figure 2A). Steric hindrance of hete-
rochromatin generally prevents binding of transcriptional machinery to the DNA, whereas the loose
conformation of euchromatin is associated with transcriptional activity. On average, open chromatin
regions span ~2% of the genome (Maurano et al., 2012). By controlling chromatin accessibility, nu-
cleosome organization is thereby indirectly influencing the potential for gene activation at a certain

timepoint.

Nucleosomes consist of octamers of histones H2A, H2B, H3 and H4, as well as the linker histone
H1, and different variants of these histones influence nucleosome positioning (Marino-Ramirez et al.,
2005) (Figure 2B). One example is H2A.Z, a variant of H2A, which is enriched in regulatory regions.
During development, the integration of H2A.7Z makes nucleosomes less stable and easier to evict from
DNA, ultimately allowing dynamic changes in gene expression (Klemm et al., 2019). Nucleosome
positioning is also influenced by post-translational modification of the histone amino acid chains. One
such example is histone methylation, which is deposited by methyltransferases and, depending on
the amino acid being methylated, has different effects on gene expression. For example, H3K4me3
is correlated with active transcription, whereas H3K9me3 is associated with repressed chromatin

(Nicetto et al., 2019). Mechanistically, these marks can be recognized by protein machinery such as

3
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A) Higher chromatin structure B) Epigenetic control of chromatin structure
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Figure 2: Mechanisms of epigenetic gene regulation.

A) DNA is wrapped around nucleosomes, which can be tightly bound or spaced further apart creating
nucleosome free regions, also known as open chromatin. B) A variety of epigenetic marks influence
the positioning of nucleosomes and thus the structure of chromatin. C) Within open chromatin,
transcription factors and transcriptional machinery bind to DNA to activate expression of nearby
genes by RNA polymerase.

heterochromatin protein 1 (HP1). HP1 interacts with H3K9me3 through its N-terminal domains,
and forms a dimer with itself through the C-terminal domain, which strengthens the compaction of
chromatin (Bannister et al., 2011). Additionally, HP1 interacts with the SUV39 methyltransferase,

which reinforces methylation of H3K9 in nearby nucleosomes (Bannister et al., 2011).

Besides methylation of histones, methylation of cytosine residues in the CpG dinucleotides (known
as DNA methylation) helps to establish gene repression (Cedar et al., 2009). There is also evidence
that DNA methylation is not only a parallel mechanism, but is also linked with the deposition of his-
tone modifications. For example, G9a, an H3K9 methyltransferase, is known to recruit HP1, but also
recruits the DNA methyltransferase enzymes DNMT3A and DNMT3B, which finalize the silencing of
genes (Cedar et al., 2009). To that effect, the type of histone methylation also helps create a distinc-
tion between facultative and constitutive heterochromatin regions. Facultative chromatin is enriched
for H3K27me3 and contains genes that are differentially expressed depending on the developmental
cue (Saksouk et al., 2015). In comparison, constitutive chromatin is characterized by enrichment of
H3K9me3 and DNA methylation, and mainly locates at the pericentromeric and telomeric regions
(Saksouk et al., 2015). Here, these marks help to maintain integrity of the chromatin, prevent spuri-
ous expression of satellite repeats, and facilitate successful cohesion of chromosomes during mitosis

(Saksouk et al., 2015).

4
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In contrast to repressive modifications, histone acetylation serves as a mechanism to enhance
transcription. Mechanistically, histone acetylation is achieved by histone acetyltransferases (HATS)
transferring an acetyl group to lysine amino acids (Bannister et al., 2011). In the case of H4Kb5ac, the
modification causes a shift in charge which weakens the interaction between the histone and DNA,
making the DNA more accessible to DNA binding proteins such as TFs (Bannister et al., 2011).
As a consequence of this mechanism, histone acetylation is enriched in gene promoters and other
regulatory regions. Opposite of HATS, histone deacetylases (HDACs) remove acetylation, thereby
repressing chromatin accessibility. In fact, establishment of heterochromatin is dependent on histone
deacetylases such as SIRT'1-7 (Saksouk et al., 2015). In conclusion, histone and DNA modifications,

as well as the removal of these, are mechanisms of controlling DNA accessibility.

As a result of dynamic chromatin structure, gene regulation is possible by the RNA polymerase
IT (polll) binding to DNA in the nucleosome free region upstream of the transcription start site
(TSS) of genes. As polll is unable to recognize and bind to the DNA by itself, it utilizes the
transcriptional preinitiation complex (PIC), which consists of multiple proteins including general
transcription factors (GTFs) (Figure 2C). The GTFs are able to bind directly to specific promoter
elements, such as seen for TATA binding protein (TBP), which recognizes the TATA-box commonly
located 25-30bp upstream of the TSS (Thomas et al., 2006). By interacting directly with the PIC, the
GTFs help to anchor polll at the correct position relative to the TSS, thereby enhancing transcription
(Thomas et al., 2006). Besides the effects of GTFs, the stability of the PIC is also influenced by
sequence-specific TFs (from now on referred to simply as TFs) both located within promoters and
in distal enhancer elements (described in more detail in Section 1.2.4). These TFs are not part of
the PIC directly, but are able to bind DNA to attract polll and support PIC assembly. The TFs
therefore play a major role in linking sequence specificity to targeted gene expression of particular

genes.

In conclusion, positioning of nucleosomes is an important mechanism for defining the regulatory
state of regions in the genome. Through plastic chromatin structure, cells can control the access of
transcriptional machinery and TFs to genes, ultimately regulating transcription itself. How these

mechanisms govern the decisions of cell fates will be covered in the following section.

1.2.2 Differentiation and lineage specification

Specialization of cells is a prerequisite for obtaining the individual tissues needed for a complex
organism. The process in which cells diverge into distinct cell types and lineages is called differen-
tiation. Equipped with identical genetic backgrounds, each cell must translate the genetic code into
blueprints for cell progression and final cell fate decision using the epigenetic mechanisms mentioned

in Section 1.2.1. It has been estimated that the adult human body contains ~200 differentiated cell

5
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types (Hatano et al., 2011). However, recent advances in technologies enabling the characterization
of single cells have uncovered large-scale heterogeneity within cell populations, which complicates
the quantification of terminally differentiated cell types (Roy et al., 2018; Goldman et al., 2019).

This section will review the dynamics by which cell fate is decided for each progenitor cell.

The classic view of differentiation as an epigenetic landscape was outlined by Waddington (Wadding-
ton, 1957), building on his initial work on epigenetic mechanisms. His concept can be seen as a
gravity-driven model in which cells are rolling through a landscape consisting of valleys and paths,
ultimately dividing cells into individual subtypes at the bottom of the landscape (Figure 3A). In
this model, the ridges and valleys represent underlying epigenetic mechanisms such as deposition of
histone marks and binding of TFs to drive gene expression networks. At branching-points in the
network, the relative height of nearby ridges decides the path of a cell. As cells progress through
the landscape from top to bottom, their developmental potential decreases from totipotent (in the
early embryo) to fully differentiated cells with limited potential for further progression (Melcer et al.,
2010) (Figure 3B).

In order to secure final lineage commitment, dynamics of the epigenetic landscape generally
ensure that the valleys beyond the branching-points are lower than the originating cell population,

thus making it difficult for the cells to revert back to previous developmental stages (Moris et al.,

A) The epigenetic landscape B) Developmental potential
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Multipotent

uoissalboid
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Figure 3: Dynamics of cell differentiation and reprogramming.

A) Waddington’s epigenetic landscape. Progenitor cells are depicted as spheres, which roll through
the epigenetic landscape towards a terminally differentiated cell type. Cells can convert their fate
by methods of transdifferentiation, dedifferentiation or reprogramming as highlighted with dashed
arrows. B) The developmental potential of cells decreases as they progress through the epigenetic
landscape towards differentiated cell types.
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2016). However, there are scenarios where cells can reverse back up the epigenetic hill to regain a
larger potential for differentiation - a process known as dedifferentiation (Jopling et al., 2011). This
phenomenon is particularly observed in amphibians, such as salamanders, which are well known
for their unique ability to regenerate a wide variety of complex tissues, organs, and even whole
limbs following amputation (Godwin et al., 2014). Using a combination of lineage tracing and single
cell sequencing methods in the axolotl (Ambystoma mexicanum), Gerber et al., 2018 have shown
that connective tissue cells near the amputation plane undergo dedifferentiation into a homogeneous
population known as the blastema. During regeneration, these blastema cells lose their original
adult phenotypes, and are converted into a multipotent progenitor state, similar to embryonic limb
bud development. A marker for this state is the TF Prrx1, which is expressed in connective tissue
of both the developing limb bud and the blastema after injury (Gerber et al., 2018). Finally, after
dedifferentiation, these cells start re-expressing tissue markers to give rise to cell types including non-
skeletal, cartilage and bone cells in the regenerating limb (Gerber et al., 2018). A similar process is
observed during heart regeneration in zebrafish (Danio rerio), which involves partial dedifferentiation
of cardiomyocytes and their subsequent reentry into the cell-cycle (Jopling et al., 2010). Using these
mechanisms, zebrafish are able to fully regenerate a ventricle after amputation of up to 20% of the
tissue (Jopling et al., 2010). Remarkably, in both axolot]l and zebrafish, the blastema cells undergo
a transient loss of phenotype, but still retain epigenetic memory of the original tissue and location
of the amputation plane, ultimately preventing a tail from growing where a limb was amputated

(Jopling et al., 2011).

In contrast, mammals show limited ability to regenerate tissue without scar formation, although
the initial response to injury seems to promote regeneration. For example, damage to the adult
human heart enables cardiomyocytes to partially dedifferentiate by shifting their transcriptional
program to an immature state similar to that of fetal hearts. This shift includes re-expression of
fetal genes such as a-smooth muscle actin, early cardiac TFs Gatad and Nkx2.5, as well as the
stem cell marker Runz! (Kubin et al., 2011; Zhang et al., 2010). However, while the initial process
of dedifferentiation protects the heart by increasing resistance to stress and hypoxia, prolonged
dedifferentiation leads to loss of sarcomeric structures and contractile force, which makes the human
heart unable to regenerate after injury (Kubin et al., 2011). Interestingly, studies of porcine heart
and mouse hearts show that neonatal hearts can regenerate following injury, but that this ability
is lost just days after birth (Ye et al., 2018; Porrello et al., 2011). The reason for this loss of
regenerative capacity, and the differences to organisms such as axolotl, is under heavy investigation
and debate. For example, it has been shown that inactivation of Rb (retinoblastoma protein) and
Arf, a known tumor suppressor which is not present in regenerating vertebrates, enables muscle cells
to re-enter the cell cycle (Pajcini et al., 2010). Some studies also suggest an involvement of immune

reactions, as the maturity an organism’s immune system is inversely correlated with the capacity to



Introduction | Background

regenerate (Godwin et al., 2014). The continual research into the barriers of regeneration through

dedifferentiation holds great promise for regenerative medicine (Yao, 2020).

While there is limited evidence of successful mammalian dedifferentiation, tissue damage can
trigger other mechanisms for repair. One of these is the transformation of cells between terminally
differentiated cell types, which is known as transdifferentiation. In the mouse liver, transdifferentia-
tion is observed after toxin-mediated injury, as remaining hepatocytes switch fate to become biliary
epithelial cells (Yanger et al., 2013). Throughout the slow conversion over several weeks, the cells
co-express both the hepatocyte marker HNF/o and the biliary marker Soz9, suggesting that the
cells pass through an intermediate state (Yanger et al., 2013). However, this state lacks markers
for hepatocyte progenitor cells, which suggests that the conversion is horizontal in the epigenetic
landscape, and does not require a dedifferentiation step. Another example of transdifferentiation
is observed in the pancreas after loss of the (-cell population. A study in mice showed that diph-
theria toxin-induced ablation of >99% of adult B-cells can induce proliferation of new [3-cells, which
resulted from changes in gene expression within a-cells, and not from proliferation of residual $-cells
(Thorel et al., 2010). The authors propose that the loss of B-cells induces upregulation of TFs such
as Pdx1 and Nkx6.1 within a-cells, which in turn activate expression of (3-cell specific markers in-
cluding insulin. Interestingly, this process differs in juvenile mice, where -cell recovery is achieved
by dedifferentiation of somatostatin-producing d-cells (Chera et al., 2014). These observations are
comparable to the loss of dedifferentiation potential of cardiomyocytes immediately following birth.
Thus, there is evidence to suggest that mammalian dedifferentiation is restricted in adult cells, and
that direct transdifferentiation might be the method of choice for adult tissue regeneration (Merrell
et al., 2016). However, these ideas are under heavy debate, and are convoluted by the discovery
of a persistent niche of immature -cells in the pancreas, which produce insulin but lack expression
of mature marker genes such as Ucn8 (van der Meulen et al., 2017). It is unclear whether this cell
population serves as a progenitor for 3-cell differentiation after injury, and how remaining cells sense
loss of tissue to trigger transdifferentiation or proliferation of existing cells. More work is needed to
uncover how these processes might be leveraged to recover insulin production for the treatment of

diabetes (Spears et al., 2021).

In the context of using the mechanisms of regeneration for treatment of lost cell populations,
reprogramminyg is arising as a method for artificially harnessing the effects of dedifferentiation to
push cells back to pluripotency (Aydin et al., 2019). A well-known example of this mechanisms is
the usage of four TFs, Oct4, Sox2, Klf4 and c-Myc (OSKM), to reprogram mouse embryonic stem
cells (mESCs) and adult human fibroblasts to induced pluripotent stem cells (iPSCs) (Takahashi
et al., 2006). In the context of heart regeneration, it was recently shown that transient expression of
OSKM in cardiomyocytes induces dedifferentiation and improves the outcome of myocardial damage

by proliferation of existing cardiomyocytes (Chen et al., 2021). By using tissue specific TFs, it
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is also possible to reprogram cells into other cell types. For example, overexpression of the TFs
Gata4, Hand2, Mef2¢, and Tbxb can reprogram fibroblasts into pacemaker-like myocytes in mice
(Fernandez-Perez et al., 2019). By using a different set of TFs, namely SOX10, OLIG2 and NKX6.2,
Chanoumidou et al., 2021 were able to convert human fibroblasts into oligodendrocyte-like cells.
While these TF-cocktails show immense potential for use in human medicine, there is also evidence
that the molecular signals driving cellular reprogramming might make cells more prone to cancer, as
for example seen by increased NOTCH signaling in human liver cancers (Sekiya et al., 2012). Thus,
more research is needed in order to balance the effects of reprogramming with the risk of oncogenic

transformation (Merrell et al., 2016)

In many of these examples, TFs play a major role in lineage specification, both for innate differen-
tiation (downhill in the Waddington landscape) but also for efforts to dedifferentiate (uphill towards
more immature cells) or reprogram (sideways across ridges and valleys) cells. Therefore, the next

section will be focused on the mechanisms and abilities of TFs to control gene expression.

1.2.3 How do transcription factors target specific genes?

TFs are proteins capable of regulating the expression of genes. However, these proteins differ from
other epigenetic mechanisms, such as histone modifiers, being able to recognize DNA in a sequence-
specific manner (Lambert et al., 2018). To understand the influence of TFs in epigenetic regulation,

this section will cover the mechanisms of how TFs recognize and bind to their target regions.

Recognition of target sites is in part elicited by the DNA-binding domains of TFs. While there
are ~1600 known TFs in humans, these are comprised of only ~100 binding domain families, some
of the most common being C2H2 zinc fingers, homeodomain and helix-loop-helix factors (Lambert
et al., 2018; Vaquerizas et al., 2009). Some of these DNA-binding domains encode for a specific
sequence preference, which is known as the TF binding motif (Figure 4A). Because the target DNA
sequence is restricted by the particular fold of the DNA-binding domain, many family-members bind
to similar motifs (Sandelin et al., 2004). Such redundancy within TF families can provide functional
robustness in case mutations arise in essential TFs. In fact, a study in yeast showed that knockouts
of individual TFs were largely compensated by the presence of other TFs with similar functional
annotations (Wu et al., 2015). Such overlapping functionality has also been observed in mouse for
the Kriippel-like TFs KIf2, Klf4 and KIf5, as loss of self-renewal properties within mESCs is evident
only after Kif2/4/5 triple-knockout, but not after individual single-knockout events (Yamane et al.,
2018).

However, the presence of a TF target sequence is not always sufficient to enable TF binding,

as the majority of sequence-predicted transcription factor binding sites (TFBS) are not functional
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Figure 4: Influences and effects of transcription factor binding.

A) TFs bind to target sequences as defined by the DNA-binding domain. B) DNA shape (represented
by looping of DNA) also affects binding affinity. C) Methylation of cytosine in target DNA is targeted
differentially by individual TFs. D) The trans-activation domain of TFs can act to either induce or
repress target gene expression.

in vivo (Wasserman et al., 2004). This indicates that there are additional factors influencing the
binding of TFs to their target sequences. A study by Dror et al., 2015 highlighted that TFs rec-
ognize sequence features extending beyond the consensus motif, and that these help to distinguish
occupied TFBS from unoccupied TFBS. Such additional sequence features include the preference
of GC-rich sequences by C2H2 and ETS families, whereas homodomain factors prefer AT-rich en-
vironments. These sequence features also correlate with certain DNA shape features such as major
groove width, helix twist and propeller twist (Figure 4B). For example, Mathelier et al., 2016 showed
that MADS-box TFs are influenced by propeller twist within their motifs. Investigation of protein
crystal structures of these TFs showed that this feature helps to enhance the DNA-protein contacts.
Interestingly, for E2F TFs, DNA shape features outside the motif are also important for predicting
occupied TFBS (Mathelier et al., 2016).

Another mechanism for specifying TF binding beyond sequence composition is methylation of
the target DNA (Figure 4C). Using HT-SELEX (High Throughput Systematic Evolution of Ligands
by EXponential enrichment) with methylation sensitivity (known as methyl-SELEX), Yin et al.,
2017 investigated the responsiveness of ~500 TFs to methylation of their target sequences. Although
methylation is generally believed to inhibit TF binding, 34% of the investigated TFs experienced in-
creased affinity when their target sequences were methylated. In particular, TFs of the homeodomain
family, which are involved in many developmental processes, were seen to have this property. This

is particularly interesting, as the methylation of DNA in the early embryo is known to be highly
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dynamic, and might thereby also guide homeodomain TFs through their susceptibility for binding to
methylated sites (Guo et al., 2014). In contrast, 23% of TFs, mainly those of the bHLH-, bZIP and
ETS-families, which are enriched for gene ontologies related to cell differentiation, were found to be
inhibited by methylation of their target sequences. DNA methylation thereby serves as an additional

regulation of TF binding, particularly during embryonic development.

When TFs have recognized their target, they act to influence transcription via a number of effector
domains including trans-activation domains (TADs), which can interact with and stabilize the PIC
(Figure 4D). For example, the TF Spl, known as a transcriptional activator, contains a glutamine
rich TAD which interacts directly with TFIID, a subunit of the PIC, to enhance transcriptional
activation (Frietze et al., 2011). In contrast, other TFs function to inhibit expression of genes, and
are known as repressors. For example, the Spl-like repressors compete for access with Spl, thereby
indirectly suppressing expression of Spl target genes (Thiel et al., 2004). Other repressors function
through interactions with histone modifiers, such as the TF REST, which recruits HDACs, and
thus causes the chromatin to obtain a more compact state (Thiel et al., 2004). Another example
of interactions with histone modifiers is seen for the members of the E2F TF family. Whereas
E2F1/2/3 are known to active transcription, E2F4/5 are known to be repressors (Taubert et al.,
2004). In quiescent cells, E2F4 associates with the pocket proteins pl07 and p130, which in turn
recruit HDAC1, resulting in repression of expression (Ferreira et al., 1998). However, upon entry into
the cell cycle, the E2F4 repressive complexes dissociate from chromatin, allowing binding of E2F1,
which recruits the HAT Tip60, resulting in histone acetylation and subsequent activation of target
genes (Taubert et al., 2004). In that capacity, TFs such as the E2Fs link location specificity with

sequence-unaware histone-modifications.

In conclusion, the epigenetic context of TF binding is just as important as the presence of a
suitable target sequence. In this context, TFs do not only interact with epigenetic machinery, but
can also bind with other TFs through their effector domains. Such combinatorial binding of TFs will

be discussed next.

1.2.4 Combinatorial TF binding regulates target gene expression

As shown in the examples of TF cocktails used for reprogramming, TFs do not only act alone, but
also in cooperation with one or multiple other TFs. In fact, analysis of TFBS in eukaryotes have
shown that 10-15 TFBS are required to reach the level of specificity needed to uniquely identify a
target region (Wunderlich et al., 2009). Thus, combinatorial binding of TFs is a crucial factor for

cells to select the correct transcriptional program.
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One way in which TFs can cooperate is through physical interactions, such as TF dimeriza-
tion, either with a similar molecule (homodimer) or with another TF (heterodimer) (Figure 5A). In
particular, heterodimerization can act as a switch between different abilities by the use of distinct
binding partners. A well-known example of this is the Myc-Mad-Max network of TFs, which con-
trols the balance between proliferation and apoptosis (Grinberg et al., 2004). All three TFs contain a
helix-loop-helix leucine zipper domain, which enables dimerization in different combinations. In this
network, Myc and Mad cannot homo- or heterodimerize with each other, thereby making Max essen-
tial for their function. In fact, Max has a higher efficiency in creating heterodimers than homodimers,
thus promoting interactions with other partners (Grinberg et al., 2004). While it has been found
that Myc-Max and Mad-Max dimers target many of the same promoters, the functional outcome
is different, as Myc-Max dimers have the ability to recruit HATs, whereas Mad-Max dimers recruit
HDACs (Grinberg et al., 2004). Thereby, the balance between Mad and Myc heterodimerization

controls gene expression through epigenetic regulation.

The heterodimer networks are partially achieved by regulating the expression of the TFs them-
selves. Investigations of TF expression patterns have uncovered that TFs fall into two subsets - those
which are ubiquitously expressed across many tissues and those which exhibit a tissue specific pattern
(Vaquerizas et al., 2009). This promotes a model where constitutively expressed TFs are awaiting a
signal or the expression of a potential binding partner. Indeed, in the case of Max-Mad-Myc, Max
is ubiquitously expressed, whereas Myc and Mad are expressed in response to signaling (Grinberg
et al., 2004). As such, dimerization is also a way of buffering spurious expression of individual TFs
(Spitz et al., 2012). Other methods of regulating TF binding partners include post-translational
protein modifications such seen for the ISGF3 complex. In resting-state macrophages, basal expres-
sion of interferon-stimulated genes is controlled by the binding of STAT2-IRF9 complexes (Platanitis
et al., 2019). However, following activation of interferon receptors, STAT1-STAT2 heterodimers are
phosphorylated by the JAK kinase, which enables their translocation to the nucleus, where they bind
to promoters with IRF9 in the full ISGF3 complex (STAT-STAT2-IRF9) (Platanitis et al., 2019).

Thus, intracellular signaling cascades can control the usage of different protein complex subunits.

Commonly, TFs bind together in cis-regulatory regions known as enhancers, which regulate tran-
scription of individual target genes dependent on the epigenetic context (Pennacchio et al., 2013).
Like rules for structuring a sentence in a language, the composition, location, orientation and affinity
of binding sites within enhancers is known as enhancer grammar (Jindal et al., 2021). When TF
binding sites adopt a very strict enhancer grammar in order to bind as a complex, this is known as
an enhanceosome (Merika et al., 2001). A well-studied case of this is the expression of the eukaryotic
interferon beta (IFN-B) gene, which requires assembly of an enhanceosome containing eight TFs in a
~50 bp interval upstream of the T'SS (Panne, 2008) (Figure 5B). Molecules of the TFs ATF-2, c-Jun,
IRF-3, IRF-7 and NFxB bind on overlapping binding sites as they interrogate DNA on opposite
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sides of the helix, creating a continuous binding interface. Without protein-protein interactions,
the binding of IRF3 and IRF7 stabilizes the DNA in a bend of 25-30°, which allows ATF-2/c-Jun
heterodimer binding to a low-affinity binding site (Panne, 2008). Thus, it is the correct spacing and
order of the TFBSs which conveys function to the IFN-$ enhancer.

Contrary to the enhanceosome model, enhancers might also adopt a billboard structure, which
shows little constraint on the grammar of binding (Spitz et al., 2012) (Figure 5C). Parallel to this
idea, the term collaborative competition describes a way for TFs to increase chromatin accessibility
by competing for the same site (Spitz et al., 2012). With multiple TFs sharing the same TFBS, the
temporal occupancy of each site is increased, which prevents nucleosome assembly. Thus, enhancer
function can also be defined by the need for certain sequences, but not necessarily require a strict
order or orientation of binding sites. However, it is also likely that enhancers display a combination
of the enhanceosome and billboard models. For example, Farley et al., 2016 investigated notochord
activity of synthetic enhancers in the embryos of the ascidian Ciona intestinalis, and found that
strong affinity binding sites can compensate for a lack of motif grammar. In particular, the authors
found that the optimal distance between ETS and ZicL. binding sites in notochord enhancers is
11bp, but that this can be increased without disruption of enhancer activity if the affinity of the

ETS site is simultaneously improved. However, when optimizing both binding affinity and distance,

B) Enhanceosome C) Billboard structure

A) Dimerization

Figure 5: Combinatorial binding of TFs within and between enhancer elements.

A) Switching between dimerization partners can confer different functionalities. B) The enhanceosome
requires strict organization of TFs in a continuous interface. C) The billboard structure is flexible in
terms of TFs, which might compete for accessibility (inspired by Spitz et al., 2012, figure 3). D) Distal
enhancers can interact with target promoters through DNA looping mediated by TFs and structural
proteins.
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the enhancer loses its tissue specificity. Thus, the trade-off of individual syntax elements serve as a

way to carefully titrate gene regulation within individual tissues.

Besides describing the positioning of TFs within enhancers, enhancer grammar also describes the
interactions of TFs and proteins between individual enhancer elements (Figure 5D). By DNA looping
in 3D space, distal enhancers can make contact with promoter regions and thereby drive expression
of genes from remote locations of the genome. On average, these enhancers are located ~20 to
~50 kilobases from their target genes, but there are also examples of distances of more than 100
kilobases (Furlong et al., 2018). These promoter-enhancer contacts are controlled by the existence
of topologically associating domains (TADs; not to be confused with trans-activation domains of
TFs), which are loop structures with a high frequency of interactions within each TAD, but not
crossing the TAD borders (Szabo et al., 2019). In addition, the organization of TADs specifies two
separate compartments of chromatin, known as the A and B compartments, which are activating

and repressing gene expression, respectively (Szabo et al., 2019).

The formation of TADs is largely mediated by cohesin complexes, which form rings around chro-
matin fibers to enable active extrusion of chromatin loops (Furlong et al., 2018) and insulator proteins
like CTCF, which act as barriers to limit extension of loops (Ong et al., 2014). However, other mech-
anisms exist as exemplified by the loop between the locus control region enhancer and the $-globin
promoter in erythroid progenitor cells (Deng et al., 2012). This loop is independent of cohesin, and is
instead driven by the interactions of GATA1 and the transcriptional cofactor Ldb1, through binding
sites for GATA1 in both the enhancer and the target promoter. Interestingly, GATA1-mediated loop
formation seems to be a general mechanism, as the majority (70%) of enhancer loops in erythrocyte
precursors are mediated by GATA1/Ldbl in the absence of cohesin (Krivega et al., 2017). Thus,
collaboration of TFs and other DNA binding proteins, not only within enhancers, but also between

enhancers and promoters, help to regulate gene expression in a cell type specific manner.

In conclusion, TFs collaborate in a myriad of ways to regulate target gene expression. However,
there are also cases where TFs not only affect gene regulation, but also chromatin structure as a

whole. These examples will be covered in the next section.

1.2.5 Mechanisms of pioneer transcription factors

In the previous sections, TF binding has largely been described as being limited to recognition of
targets within already accessible chromatin. In this scenario, we can imagine regulatory regions as
rooms for TFs to enter, where nucleosome deposition and repressive histone marks represent locked
doors (Figure 6A). Indeed, nucleosome binding prevent most TFs from recognizing their target motifs,

which helps cells to retain a particular transcriptional program. However, a subset of TFs known
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as pioneer factors are able to overcome these restrictions to target DNA even in the presence of
nucleosomes (Iwafuchi-Doi et al., 2014). Analogously, these TFs have a key to the locked doors, and

are therefore important for initiating cell fate changes throughout differentiation (Figure 6B).

A well-known group of pioneer factors are Oct4, Sox2 and Klf4, which are part of the OSKM
factors as mentioned in the context of reprogramming in Section 1.2.2. In fact, it is the pioneering
abilities of these factors which make them successful at driving the massive chromatin remodeling
required for reprogramming. This ability lies in the capacity of these factors to recognize their target
motifs on DNA even when partially concealed by nucleosome binding. On nucleosome-free DNA,
Oct4 recognizes its canonical 8bp motif by binding of its C- and N-terminal domains on both faces
of the DNA (Soufi et al., 2015). However, this type of binding is impeded by nucleosome binding,
which renders half of the DNA face inaccessible, but Oct4 overcomes this challenge by being able to
recognize a partial motif using each binding domain separately (Soufi et al., 2015). Similarly, KlIf4
uses three zinc-finger domains to associate with nucleosome free DNA, but only uses two in order
to recognize a shortened motif on nucleosome-associated DNA (Soufi et al., 2015). Investigation of
different pioneer factors uncovered that they preferentially bind DNA through scissor-like domains
of short o-helixes (Fernandez Garcia et al., 2019). The shorter a-helix enables interaction on one face
of the DNA, while the other face is being bound to the nucleosome. In contrast, weak nucleosome
binders contain longer o-helixes, or lack these helixes completely, instead using [>-sheets, short helical
twists and unstructured regions to recognize DNA targets (Fernandez Garcia et al., 2019). Thus,

specific properties allow certain TFs to be nucleosome binders.

Interestingly, while the pioneers are the first to gain access to the closed chromatin, they are
not necessarily responsible for the subsequent increase in chromatin accessibility. An example of
this is the case of the Pax7 and Tpit TFs, which distinguish the split between melanotropes and
corticotropes in the pituitary gland. In an elegant study using mating of Paz7~/~ and Tpit~/~
mice, Mayran et al., 2019 showed that Pax7 is able to bind to nucleosomes in closed chromatin, but
that its ability to open chromatin is dependent on the subsequent binding of Tpit. Pax7 is also a
player in muscle cell specification, but the cooperation with Tpit ensures that these pituitary sites
are only active when Tpit is expressed. In the analogy of the locked door, Pax7 can unlock the door,
but can only open the door with the help of Tpit. Pioneer factors can thereby specify a primed state

prior to lineage commitment (Iwafuchi-Doi et al., 2014).

Besides adjusting the expression of partner TFs, mechanisms such as histone modifications also
help to control the effects of pioneer factors. In the case of fibroblast reprogramming to iPSCs
using OSKM, 70% of the initial OSKM binding positions are found in closed chromatin regions,
which subsequently become accessible (Soufi et al., 2012). However, comparison to known sites of
OSKM in hES cells resulted in the identification of 264 regions with an average size of 2.2 megabases,
which were obstructing OSKM binding in fibroblasts due to enrichment of H3K9me3 (Soufi et al.,
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2012). Thus, this shows that H3K9me3 is impeding reprogramming by hindering the initial binding
of OSKM. This mechanism is a great example of the cell fate restrictions imposed by the epigenetic
landscape as discussed in Section 1.2.2. Ultimately, such restrictions commit the cell to a stable
fate by protecting against detrimental chromatin opening by spurious activation of pioneers. In
the analogy of the locked door, repressive histone marks act to block the door even to the pioneer
factors which have keys (Figure 6C). Efforts have been made in trying to enhance reprogramming
by removing these restrictions, such as with the use of HDAC inhibitors, H3K4 demethylases and
DNA methyltransferases, as well as using demethylases against repressive chromatin marks H3K27

and H3K36 (Soufi, 2014).

These examples revealed that because pioneer factors are very powerful, they must also be tightly
controlled. It is therefore not surprising that misregulation of pioneer TF binding can lead to
disease. One example is the pioneer factor FOXA1/2, which bind to nucleosomes at liver-specific
regulatory regions to enable binding of other TFs such as HNF4a and C/EBPJ (Iwafuchi-Doi et al.,
2016). However, in the context of prostate cancer, Adams et al., 2019 found that mutations of the
FOXAT1 forkhead DNA-binding domain induce changes in chromatin accessibility in comparison to
wildtype FOXA1, and that these mutations are associated with faster progression of metastasis.
Mechanistically, the mutation of R219S altered the FOXA1 binding motif from GTAAA(C/T) to
GTAAA(G/A), which allowed it to bind to novel sites, which were annotated to genes associated
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Figure 6: Pioneering factors influence epigenetic regulation by opening chromatin.

A) TF binding is generally hindered by tightly-packed nucleosomes (blue cylinders), and the TFs can
therefore not enter the door of regulatory regions. B) Pioneers can unlock heterochromatin and allow
binding of additional TFs. C) Pioneer binding is restricted by H3K9me3. D) Mutations in the pioneer
factor allows it to bind additional target sites, which were previously restricted.
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with epithelial-mesenchymal-transition (Adams et al., 2019). In the analogy of the locked door,
mutations in FOXAT1 granted it powers to break through previously inaccessible doors, which lead

to activation of inappropriate target genes (Figure 6D).

In conclusion, pioneer TFs are powerful tools for cells to switch between different transcriptional
programs. In particular, the ability of pioneer TFs to massively change the chromatin landscape
make them especially important for the initial lineage commitment of cells in the embryo. Thus, the
next section will introduce the influence of pioneer factors, and many other epigenetic mechanisms,

on the processes of early embryonic development.

1.2.6 Epigenetic control throughout early embryonic development

Preimplantation development of the embryo is a fascinating process, as it is a prerequisite for subse-
quent growth of the entire multi-cellular organism. During fertilization, two terminally differentiated
cells, the oocyte and the spermatozoon, fuse to provide a totipotent zygote, which is capable of differ-
entiating into both embryonic and extraembryonic cell lineages (Figure 7A) (Eckersley-Maslin et al.,
2018). The successful progression of the zygote requires massive chromatin reorganization as well
as activation of the transcriptionally silent genome - a process known as zygotic genome activation
(ZGA) (Eckersley-Maslin et al., 2018). During this process, the zygotic genes are activated in two
waves, known as the minor and major waves, which occur at the late 1-cell (1C) and late 2C stages
in mouse, and at the 4C and 8C stages in humans (Schulz et al., 2019). This section will provide an
overview of the ways in which ZGA, and embryonic development in general, are controlled by the

types of epigenetic mechanisms previously described.

Directly following fertilization, the zygote is transcriptionally inactive, and is thus controlled
exclusively by proteins provided by the oocyte. These so-called maternal factors include proteins
such as ribosomes and spliceosomes, which are needed for the initial control of protein synthesis
(Heyn et al., 2014). A complex of maternally provided proteins, namely Floped, Mater, Tle6 and
Filia, known as the Subcortical maternal complex (SCMC), have also been shown to be required for
normal development (Li et al., 2008). In fact, Li et al., 2008 showed that Floped=/~ and Mater=/~
females are infertile, and a closer look at any of the fertilized embryos from homozygous knockout
females showed that they never progress beyond the 2C stage. This suggests that maternally provided
proteins are important for proper development of the zygote. In addition to proteins, the oocyte
also provides mRNAs, which encode for proteins needed during ZGA. However, as these require
translation before becoming active, there is a delay in their activity, and these mRNA products are
therefore also believed to partially explain the initial lag of ZGA following fertilization (Schulz et al.,
2019).
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While the maternally provided transcripts and proteins are important for initiation of ZGA,
their timely removal is key to developmental success (Figure 7B). In fact, both maternal factors
and genes expressed early in ZGA are known to mediate clearance of maternal mRNAs (Sha et al.,
2020). In mice, maternally encoded pathways including BTG4-mediated deadenylation by CCR4-
NOT, and terminal uridylation of mRNAs by uridylyltransferases TUT4 and TUT7, are responsible
for degrading maternal mRNAs (Sha et al., 2020). However, final clearance of maternal factors
requires additional factors transcribed during ZGA. For example, the TFs Nanog, Poubf1 and SoxB1
have been shown to drive the first wave of ZGA in zebrafish, and in turn induce the expression
of miR-2530 (Lee et al., 2013). mirR-203, a microRNA, has known functions in clearing maternal
mRNAs by associating with its target mRNA molecules and accelerating their deadenylation and
decay (Giraldez et al., 2006). Likewise, the maternally provided TF YAP1 is required for proper
degradation of maternal transcripts through re-activation of Tut//7 expression from the zygotic
genome in mice (Sha et al., 2020; Yu et al., 2016). In summary, maternally provided proteins and
transcripts are needed for early control of the zygote, but also act via a negative feedback loop to

remove remnants of the oocyte’s transcriptional program, and control the timely initiation of ZGA.

Besides proteins for maternal factor clearance, the earliest ZGA genes include DNA binding
proteins and histone modifiers (Gao et al., 2017; Heyn et al., 2014). In particular, the latter represents
an important method for regulation of chromatin function in the early embryo. Although the zygote
is transcriptionally inactive, the zygotic genome contains broad regions marked by H3K4me3 and the
removal of these have been shown to be important for the progression of ZGA (Dahl et al., 2016). In
the zygote and during the transition to 2C, the maternally provided demethylase KDM1A removes
parts of the broad H3K4me3 marks (Ancelin et al., 2016). Subsequently, demethylases KDM5A
and KDMb5B are expressed from the zygotic genome during ZGA, and their expression correlates
with the final removal of broad H3K4me3 domains and the establishment of canonical H3K4me3
and H3K27ac signals at promoters (Eckersley-Maslin et al., 2018). Whereas loss of KDM1A results
in elevation of H3K4 methylation and failure to develop past the 2C stage in mice (Ancelin et al.,
2016), embryos depleted for KDM5A and KDM5B exhibit developmental delays during the 4C to
8C tramnsition (Dahl et al., 2016). This indicates that ZGA and histone modifications are highly
intertwined, as regulation of histone modifications is necessary for ZGA to initiate, but transcripts

from the zygotic genome are also necessary to regulate histone modifications during ZGA.

As described in Section 1.2.1, regulation of histone modifications is frequently coupled with
changes in chromatin accessibility, which is also the case during ZGA. In fact, the existence of
broad H3K4me3 regions coincide with regions of open chromatin prior to ZGA (Wu et al., 2018).
Before ZGA, the chromatin is largely unstructured and does not exhibit any TADs (Ke et al., 2017).
However, higher order TADs are progressively established during 4C-8C and become more defined
throughout development (Ke et al., 2017). In parallel with the organization of higher chromatin
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Figure 7: Epigenetic regulation through early embryonic development.

A) The developmental stages from fertilization to the expansion of the inner cell mass (ICM), which
gives rise to the cells of the embryo. B) Zygotic genome activation is shifted between human and mouse.
In parallel, the maternally provided proteins and transcripts are actively removed. C) Embryonic stem
cells cycle in and out of a 2C-like state, which can also be induced artificially by Dux overexpression.

structure, the number of accessible regions also increases and their genomic distribution changes. At
the 1C stage, 87% of open chromatin regions in mouse embryos are found in promoter regions, but
this decreases to 77% in 2C and 50% from 8C and onward (Lu et al., 2016). Thus, the large increase
of enhancers at 8C, as well as the establishment of higher order chromatin structure, indicates that

distal regulatory elements play a role in the early lineage specification in the embryo.

In correlation with the lack of structured chromatin, the early zygote exhibits massive expres-
sion of repeats, including transposable elements (TEs) of the long terminal repeat (LTR) family
(Wu et al., 2018; Macfarlan et al., 2012). Throughout evolution, TEs have arisen from germline
introduction of retroviral DNA, and have obtained additional copies across the genome by means
of active retrotransposition (Gifford et al., 2013). In that way, TEs have provided new regulatory
networks through integration of TFBS, and are also thought to have played a role in the development
of placental mammals by introduction of viral envelope proteins such as SyncytinA (Gifford et al.,
2013; Dupressoir et al., 2009). However, retrotransposition can be detrimental, as seen for active

L1 transposition, which is associated with the formation of many cancers (Payer et al., 2019). For
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that reason, TEs these are largely silenced in somatic cells (Macfarlan et al., 2012). So why are
these elements expressed in zygotes? Interestingly, LTRs have been found to serve as alternative
promoters for early ZGA genes (Peaston et al., 2004), and expression of LINE-1 elements helps to
regulate chromatin accessibility (Jachowicz et al., 2017). Thus, some TEs are suggested to have been

actively maintained in the genome due to their roles in the processes of embryonic development.

As already mentioned, several TFs have been implicated in ZGA, many of which are thought to
be pioneer factors. For example, the maternally provided TF Zelda is a major regulator of ZGA in
Drosophila, where it directly activates early ZGA genes as well as regulate chromatin accessibility
prior to binding of additional TFs (Harrison et al., 2011). In vertebrates, other maternal proteins,
such as Nfya, fulfill similar roles in establishing early chromatin accessibility. In fact, silencing
Nfya with siRNAs in mouse oocytes resulted in loss of ~30% of 2C open regions, failure to activate
expression for 15% of ZGA genes, and developmental arrest before reaching blastocyst stage (Lu
et al., 2016). In contrast, the pioneer factor Oct4 plays a role in establishing open chromatin regions
in 8C, as knockout of Oct4 in mouse embryos showed a failure to open 27.4% of wildtype-gained 8C
regions (Lu et al., 2016). In summary, the massive changes in chromatin accessibility are driven partly

by pioneer factors which reprogram chromatin structure throughout preimplantation development.

As seen for Zelda and Nfya, the early TFs implicated in ZGA seem to have evolved to fulfill similar
functionalities despite not being evolutionary related. Indeed, it has been shown that genes expressed
during ZGA are younger than genes expressed at other times during development (Heyn et al., 2014).
For example, Madissoon et al., 2016 characterized a group of PAIRED-like TF homeodomain genes,
ARGFX, CPHX1/2, DUXA/B, TPRX1/2, DPRX and NOBOX, which are mainly found in primates
(Tohonen et al., 2015). These genes are expressed in 8C human embryos and they are silenced in
somatic tissue due to methylation of their gene promoters, suggesting that they are important during
ZGA (Tohonen et al., 2015). While most of these were lost in mice, two clusters of distant orthologs
have been discovered, showing that TPRX1 and TPRX2 gave rise to the Crzos and Obox families
respectively. However, whereas human TPRX1/2 are believed to act mainly as repressors, Crxos is
found to upregulate known 2C genes (Madissoon et al., 2016; Royall et al., 2018). Interestingly, there
is a significant overlap of human ARGFX targets with Crxos targets in mouse (Royall et al., 2018).
This case represents an interesting case of evolution where murine Crxos seems to fulfill the missing

functionalities of ARGFX, which is lost in mice, even though their genes are not orthologous.

Another member of the PAIRED-like family is the TF DUX4. Like the other genes in this family,
the DUX locus has undergone extensive gene duplication and divergence between species (Leidenroth
et al., 2010). However, both DUX4 and its mouse homolog Dux have conserved functions within
ZGA (Hendrickson et al., 2017). In line with the shift of ZGA between human and mouse, DUX/ is
expressed during 4C stage in human, and Dux during early 2C stage in mouse. In addition, many of

the Dux target genes are orthologous to the DUX4 target genes, including Zscan4, which is one of
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the earliest expressed genes during ZGA (Hendrickson et al., 2017). Thus, DUX4/Dux is believed

to be one of the master regulators of ZGA.

Interestingly, although the expression of Dux and its targets are restricted to the 2C stage in
mouse, it is also found upregulated in a small subpopulation of mESCs. This subpopulation of
mESCs show a spontaneous increase in expression of LTRs and 2C-genes including Zscan4, Testvl /3
and Tdpoz1-5, and these cells likewise obtain broad H3K4 domains (Macfarlan et al., 2012). Thus,
this subpopulation is known as 2C-like cells (2CLCs) (Macfarlan et al., 2012) (Figure 7C). These
cells comprise less than one percent of the mESC pool at any time, but if mESCs are cultured long
enough, nearly every cell will have entered this subpopulation (Macfarlan et al., 2012). In mESCs, the
conversion to the 2CLC state is driven in part by Dux, as depletion of Dux has been shown to decrease
the spontaneous reprogramming of mESCs (Hendrickson et al., 2017). Likewise, overexpression of
Duz reprograms mESCs to 2CLCs through massive chromatin changes, suggesting that Dux acts as
a pioneer factor (Hendrickson et al., 2017; De ITaco et al., 2017). In addition, mutations of either
demethylase Kdmla, transcriptional repressor Kapl or H3K9 histone methyltransferase G9a, as
well as inhibition of histone deacetylases using trichostatin A, leads to significant upregulation of
the 2CLC population (Macfarlan et al., 2011; Macfarlan et al., 2012). Interestingly, mESC cultures
depleted of 2CLCs are still viable, but are shown to have increased differentiation into mesoderm and
ectoderm lineages in vitro (Macfarlan et al., 2012). This observation suggests that cycling through

the 2CLC state is important for maintaining pluripotency in mESCs.

In conclusion, early embryonic development is a highly specialized process employing multiple
branches of epigenetic regulation including histone modifications, chromatin accessibility and binding
of pioneer TFs. However, many aspects of how ZGA is initiated, and which TFs are playing a role,
are still poorly understood. In that context, the next section will review a number of experimental

and computational methods for studying TF binding.

1.2.7 High-throughput tfechniques and bioinformatics analysis for
studying TF binding

With the emergence of high-throughput sequencing techniques, it has become possible to investigate
epigenetic mechanisms in great detail. As the amount of data increases, the requirements of inter-
pretation increase as well. The task of extracting information from high-throughput assays calls for
customized bioinformatics analysis (Gauthier et al., 2019). Some of the most relevant technologies,

as well as the discussion of how to utilize the data generated, will be covered in this section.

One of the primary steps of epigenetics research has been to identify active regulatory regions, and

this has been fulfilled using chromatin-accessibility assays such as DNase-seq and later ATAC-seq
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(Figure 8A). These technologies take advantage of the susceptibility of accessible DNA to be cut by
enzymes. In the case of ATAC-seq, a modified Tn5 transposase (referred to as Tn5) predominantly
inserts sequencing adapters into open chromatin (Buenrostro et al., 2013). After sequencing of these
fragments, computational mapping and peak-calling yields a list of open chromatin regions (Figure
8B). Ultimately, these peaks highlight regions where TFs might bind to regulate gene expression. In
this context, RNA-seq can be used as a read-out of transcription (Figure 8A). Thus, the combination
of ATAC-seq and RNA-seq is a powerful tool to identify whether changes in chromatin accessibility
have consequences for gene expression, and can help to assign regulatory enhancers to individual

genes.

To investigate the direct association of TFs to DNA, ChIP-based methods such as ChIP-seq and
ChIP-exo have commonly been utilized (Rossi et al., 2018). Recently, CUT&RUN and CUT& Tag are
gaining popularity due to their ability to work with a low amount of cells and without the need for
cross-linking protein to DNA (Skene et al., 2017; Kaya-Okur et al., 2019). These methodologies all
work by applying antibodies for a target protein (e.g. TF or histone modification), cleaving DNA at
the target locations by either sonication (ChIP-seq), MNase (CUT&RUN) or Tnb (CUT&Tag), and
subsequently sequencing the resulting fragments. Using peak-calling analysis similar to chromatin
accessibility assays, these methods can identify the exact locations of TF binding throughout the
genome. However, while these experimental methods provide accurate identification of binding sites,
they are limited by the need for high quality target antibodies and individual experiments per TF
(Park, 2009). The use of experimental assays to study the effect of multiple TFs in large-scale

transcriptional networks is therefore challenging.

As a supplement to experimental methods, the use of bioinformatics analysis for studying TF
binding is intensifying. Based on ChIP-seq and HT-SELEX assays, the sequence preferences for
many TFs have been established and represented as position weight matrices (PWM) and logo plots
(Dror et al., 2015; Schneider et al., 1990). These motifs are typically 6-20 base pairs wide and are
collected in databases such as JASPAR (Fornes et al., 2020) and HOCOMOCO (Kulakovskiy et al.,
2016). These PWMs can be utilized to scan the genome for possible TFBS, but as discussed in
Section 1.2.3, there is more to TF binding than just the presence of a target sequence. TFs can act
differently depending on the cell type, tissue and cellular condition, or even differ in functionality
across organisms. Thus, searching for binding sites without being aware of the epigenetic landscape

does not properly reflect TF binding.

An analysis known as genomic footprinting aims to bridge the gap between experimental and
in silico prediction of TFBS. The concept of this technique was shown for the first time in 1978
using DNase on a gel (Galas et al., 1978). Since DNA is accessible to cleavage by DNase-seq,
binding of a TF leaves a region of limited cuts - known as a footprint. While the original assay

was limited to very small regions, DNase-seq and ATAC-seq have allowed for massive genome-wide
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Figure 8: High-throughput sequencing technologies.

A) Experimental sequencing methods, including antibody targeting for protein binding, ATAC-seq
for chromatin accessibility and RNA-seq for quantifying gene expression, are used to study epigenetic
mechanisms. B) Interpretation of sequencing data requires computational methods, including peak
calling and quantification between samples. Likewise, purely computational analysis such as motif
search are used. C) Digital genomic footprinting is a computational method for identifying TF binding
from chromatin accessibility assays such as ATAC-seq.

analysis of insertion patterns (Hesselberth et al., 2009; Neph et al., 2012), updating the term to
digital genomic footprinting (Figure 8C). Footprinting analysis holds great potential to uncover the
dynamics of parallel TF binding from a single experimental assay. However, with more than 700
known transcription factor motifs, and more than a million human enhancer elements (Gasperini

et al., 2020), the computational task is not trivial.

In general, there are considerable challenges in software development for bioinformatics tasks.
Besides producing accurate results, bioinformatics tools must be well-maintained and provide good
documentation in order to be adopted by the scientific community. In the context of data, the FAIR
principles, which stand for Findability, Accessibility, Interoperability and Reusability, describe a
standard for data handling in scientific research (Wilkinson et al., 2016). Building on FAIR, the
FAIR for research software (FAIR4RS) principles have recently been established, which provide a
guideline for best practices when developing and sharing software (Barker et al., 2022). Comparable
to the FAIR principles, these guidelines state that software must be easily retrievable, should read
and write data in community standard formats, and be interoperable with other software (Barker

et al., 2022). In this context, open-source repositories such as GitHub enable version control, commu-
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nity driven issues and continuous maintenance of the code. While this seems trivial, these needs are
a huge challenge, as 1/3 of bioinformatics tools have never been updated after publication (Russell
et al., 2018). Likewise, for web-services, the availability of tools decreases linearly to the time after
publication (Kern et al., 2020). While web-services are important for bridging the gap between bioin-
formaticians and biologists, this comes at the cost of reproducibility over time. Another challenge
with web-services is that they are difficult to integrate into existing workflows, which is a requirement
for FAIR4RS. In recent years, multiple workflow languages such as Nextflow (Di Tommaso et al.,
2017) and Snakemake (Koster et al., 2012) have been developed to solve the problem of organizing
complex analysis pipelines. These tools simplify the usage of multiple types of software, but also
raises the necessity of common file formats for individual tools to pass information to the subsequent
steps of the analysis. The quality of bioinformatics software should therefore not only be measured

on the results, but also on the documentation, usage and provided interfaces to other tools.

In conclusion, bioinformatics analysis is an integral part of epigenetic research. FExperimental
and bioinformatics approaches are heavily intertwined, and in the best-case scenario, bioinformatics
analysis on experimental data yields a discovery, which brings the investigators back to the lab,
enabling close interactions between experimental and computational efforts. As such, advances
within the field of epigenetics are driven by the interplay of establishing new exciting techniques and

the development of high quality bioinformatics solutions to analyze large amounts of data.

1.3 Objectives

Within the introduction of this thesis it has been argued that epigenetic mechanisms, and TFs in
particular, act to regulate gene expression throughout development. It is therefore of great interest
to study the mechanisms of TF binding in different cell types. However, especially for scarce samples
such as early embryos, some experimental assays are difficult to perform. As a result, the knowledge
of the TFs initiating ZGA, as well as their target genes, is incomplete. Likewise, the lack of a global
map of TF binding has hindered the investigation of TF cooperation and binding grammar in the

context of transcriptional networks.

While some of these challenges can be solved by bioinformatics approaches, purely in silico meth-
ods, like scanning for genome-wide occurrences of TF motifs, are poor predictors of TF binding. Thus,
there is a need to include information of the epigenetic landscape into these models. Footprinting
analysis was presented in Section 1.2.7 as the combination of these experimental and computational
research efforts. However, while some tools exist for footprinting (Li et al., 2019; Ouyang et al.,

2020; Gusmao et al., 2014; Raj et al., 2015; Piper et al., 2013; K&héra et al., 2015), the majority
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of these were developed for DNase-seq and can therefore not be used for ATAC-seq due to assay-
specific biases. In addition, many of these methods require input ChlIP-seq for supervised learning,
which limit their application to well-studied TFs for which ChIP-seq antibodies are available. There
is a need for an unbiased ATAC-seq footprinting tool able to predict TF binding independently of
ChIP-seq data.

The ability to predict TF binding positions adds a new dimension of potential investigations
relating to TF binding mechanisms. In the context of combinatorial TF binding as described in
Section 1.2.4, genome-wide TFBS can for example be utilized to study the interaction networks of
individual TFs. However, similarly to existing tools for footprinting analysis, many of the current
tools for studying TF co-occurrence and binding grammar rely on ChIP-seq as input, and do not
support input from other sources such as footprinting (Levitsky et al., 2019; Whitington et al., 2011).
This currently limits co-occurrence analysis to those cell types where ChIP-seq quantification has
been performed on multiple factors. In addition, many tools within this area of research are provided
as web-services, which are no longer maintained (Perna et al., 2018; Kazemian et al., 2013; Zhang
et al., 2011). There is a need for a flexible tool for co-occurrence analysis and binding grammar,

which also complies with the FAIR4RS principles.

As a result of these challenges, the objective of this thesis was to develop and apply
bioinformatics tools in order to:

o Utilize ATAC-seq footprinting for the prediction of TF binding

¢ Investigate TF binding in the context of early embryonic development

o Characterize TF co-occurrence and binding grammar within enhancers
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/ ‘ Results

2.1 Publication 1. ATAC-seq footprinting unravels kinetics
of franscription factor binding during zygotic genome
acftivation

This publication introduces TOBIAS (Transcription factor Occupancy prediction By Investigation of
ATAC-seq Signal), a bioinformatics tool for predicting binding locations of TFs through ATAC-seq
footprinting analysis. By investigating Tn5 insertions in relation to its known background bias, and
quantifying whether footprints are observed, TOBIAS creates a genome-wide network of TF binding.
Additionally, TOBIAS compares TF binding between biological conditions to provide a differential
footprint score per TF. Validation on a set of experimentally verified TF binding sites showed that
TOBIAS outperforms previously published tools for ATAC-seq footprinting. Particularly in terms
of correction of Tn5 bias, TOBIAS was shown to correctly uncover footprints previously hidden by
background signal. Thereby, this method serves to solve the problem of surveying binding of multiple

TFs from one ATAC-seq assay.

Because of the challenges of investigating TF binding in early embryonic development, TOBIAS
was applied to previously published ATAC-seq data from preimplantation embryos of human and
mouse. The analysis showed an intriguing timeline, in which specific TF binding is visible as ATAC-
seq footprints for certain timepoints throughout development. By integration of RNA-seq, it was
also possible to comment on the relationship between the transcriptome and the binding of TFs.
Using an additional dataset on overexpression of Dux, TOBIAS correctly identified Dux as being one
of the top differentially bound TFs between the control and perturbed experiments. In addition, the
ability of TOBIAS to identify local TF binding sites allowed for the collection of a list of predicted
target genes of Dux, which correlated with changes in the transcriptome as well as repeat elements

of both LTR and LINE-1 families.

In conclusion, TOBIAS enables researchers to predict changes in TF binding across different
stages of differentiation, thereby mapping the influence of TFs in driving distinct cell lineages. An

overview of the individual contributions of the thesis author to the publication is found in Table 1.
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Table 1: Contributions by the thesis author to publication 1.

Area Contributions

Conceptualization Contributed to the definition of the project goals.

Software Developed and implemented the TOBIAS software and the TOBIAS
Snakemake pipeline. Supervised the creation of the Nextflow pipeline.

Data Contributed to obtaining and processing datasets from public databases.

Analysis Performed validation of TOBIAS using ChIP-seq data. Performed ex-

tensive comparison to existing footprinting tools. Application of TO-
BIAS to datasets in the context of early embryonic development.

Visualization Created Figure 1, 2b-c, 3, 4a-d, 5 and all supplementary figures.

Manuscript Wrote the manuscript draft and contributed to the review and editing
of the final manuscript.

The full article is found in the following pages and the supplementary figures are found in Ap-

pendix Al.
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ATAC-seq footprinting unravels kinetics of
transcription factor binding during zygotic
genome activation
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While footprinting analysis of ATAC-seq data can theoretically enable investigation of
transcription factor (TF) binding, the lack of a computational tool able to conduct different
levels of footprinting analysis has so-far hindered the widespread application of this method.
Here we present TOBIAS, a comprehensive, accurate, and fast footprinting framework
enabling genome-wide investigation of TF binding dynamics for hundreds of TFs simulta-
neously. We validate TOBIAS using paired ATAC-seq and ChlP-seq data, and find that
TOBIAS outperforms existing methods for bias correction and footprinting. As a proof-of-
concept, we illustrate how TOBIAS can unveil complex TF dynamics during zygotic genome
activation in both humans and mice, and propose how zygotic Dux activates cascades of TFs,
binds to repeat elements and induces expression of novel genetic elements.
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pigenetic mechanisms governing chromatin organization

and transcription factor (TF) binding are critical compo-

nents of transcriptional regulation and cellular transitions.
In recent years, rapid improvements of pioneering sequencing
methods such as ATAC-seq (Assay of Transposase Accessible
Chromatin)!, have allowed for systematic, global scale investi-
gation of epigenetic mechanisms controlling gene expression.
While ATAC-seq can uncover accessible regions where TFs might
bind, reliable identification of specific TF binding sites (TFBS)
still relies on chromatin immunoprecipitation methods such as
ChIP-seq. However, ChIP-seq methods require high input cell
numbers, are limited to one TF per assay, and are further
restricted to TFs for which antibodies are readily available.
Therefore, it remains costly, or even impossible, to study the
binding of multiple TFs in parallel.

Current limits to the investigation of TF binding become
particularly apparent when investigating processes involving a
very limited number of cells, such as preimplantation develop-
ment (PD) and zygotic genome activation (ZGA) of early zygotes.
Integration of multiple omics-based profiling methods have
revealed a set of key TFs that are expressed at the onset of and
during ZGA including Dux?, Zscan4?, and other homeobox-
containing TFs% However, due to the limitations of ChIP-seq, the
exact genetic elements bound and regulated by different TFs
during PD remain to be fully discovered. Consequently, the global
network of TF binding dynamics throughout PD remains mostly
obscure.

A computational method known as digital genomic foot-
printing (DGF)° has emerged as an alternative means, which can
overcome some of the limitations of ChIP-based methods. DGF is
a computational analysis of chromatin accessibility assays such as
ATAC-seq, which employs DNA effector enzymes that only cut
accessible DNA regions. Similarly to nucleosomes, bound TFs
hinder cleavage of DNA, resulting in defined regions of decreased
signal strength within larger regions of high signal—known as
footprints® (Fig. 1a).

Surprisingly, although this concept shows considerable poten-
tial to survey genome-wide binding of multiple TFs in parallel
from a single experiment, DGF analysis is rarely applied when
investigating TF binding mechanisms. The skepticism towards
DGF has been driven by the discovery that enzymes used in
chromatin accessibility assays (e.g., DNase-I) are biased towards
certain sequence compositions, an effect which has been well
characterized for DNase-seq”-8. The influence of Tn5 transposase
bias in the context of ATAC-seq footprinting has, however, only
been described very recently®!9 and still represents an uncer-
tainty during discovery of true footprints. Besides the identifica-
tion of footprints, comparing footprints across biological
conditions remains challenging as well. While there have been
efforts to estimate differential TF binding on a genome-wide
scale! 12 investigation of epigenetic processes often requires
more in-depth information on the individual differentially bound
TFBS and genes targeted by these TFs. Furthermore, many
footprinting methods suffer from performance issues due to
missing support for multiprocessing, inflexible software archi-
tecture, and the use of non-standard file-formats. These obstacles
complicate the assembly of different tools for advanced analysis
workflows. Consequently, despite its compelling potential, these
issues have rendered footprinting on ATAC-seq cumbersome to
apply to biological questions. Essentially, a comprehensive fra-
mework enabling large-scale ATAC-seq footprinting is missing.

Here, we describe TOBIAS (Transcription factor Occupancy
prediction By Investigation of ATAC-seq Signal), a comprehen-
sive computational framework that we created for footprinting
analysis (Fig. 1b-f). TOBIAS is a collection of command-line
tools utilizing a minimal input of ATAC-seq reads, TF motifs and

genome information (Fig. 1b) to perform all levels of footprinting
analysis including bias correction (Fig. 1c¢), footprinting (Fig. 1d),
and comparison between conditions (Fig. le). Furthermore,
TOBIAS includes a variety of auxiliary tools such as TF network
inference and visualization of footprints, which allow for various
downstream analysis (Fig. 1f, Supplementary Fig. 1). In this
investigation, we apply TOBIAS to ATAC-seq data from both
human and mouse PD and show how visible TF footprints cor-
relate with the timings of TF activity throughout development.
We additionally focus on the TF Dux, an important TF during
ZGA, and use TOBIAS to unravel its target genes and influence
on the global transcriptional network throughput PD.

Results

Impact of bias correction on footprint visibility. To validate the
results of the TOBIAS method, we utilized 217 paired ChIP-seq/
ATAC-seq datasets across four different cell types (GM12878,
A549, HepG2, and K562). Here, the ChIP-seq peaks represent the
true binding sites for each TF, which we used for validating the
accuracy of the binding sites predicted by footprinting (see
Supplementary Methods part 3).

As it has been shown that the Tn5 transposase has a large effect
on footprinting!¥, the first step of the TOBIAS footprinting
pipeline is Tn5 bias correction. The TOBIAS bias correction
module (named ATACorrect) utilizes a dinucleotide weight
matrix (DWM)!3 to estimate the background bias of the Tn5
transposase (Fig. 1c). This DWM is used to calculate an expected
Tn5 signal for each genomic region, representing the influence of
the Tn5 bias (Fig. lc; expected cutsites). Subtracting these
expected cuts from the uncorrected signals yields a corrected
track, highlighting the effect of protein binding (details are
available in Supplementary Methods part 1). In order to evaluate
the performance of TOBIAS in comparison to existing bias
correction tools, we utilized the paired ChIP-seq/ATAC-seq data
mentioned above to visualize aggregated footprints across bound
and unbound subsets of TFBS. We found TOBIAS to outperform
other bias correction tools in uncovering footprints and thereby
distinguishing between bound/unbound sites (Supplementary
Fig. 2a, Supplementary Data 1). Next, we wanted to quantify
the depths of the aggregated footprints and utilized a footprint
depth (FPD) metric as described by Baek et al.!? (Supplementary
Fig. 2b). In line with the visual impression, TOBIAS has the most
significant difference in FPD between bound and unbound
subsets of TFBS (Supplementary Fig. 2c). Importantly, the FPD’s
of unbound sites are minimally affected by bias correction,
indicating that bias correction only uncovers footprints for truly
bound sites.

Of note, the TOBIAS ‘ATACorrect’ method relies on the
calculation of the expected Tn5 cuts based on the influence of
Tn5 bias. Interestingly, besides identifying cases where the
footprint was hidden by Tn5 bias (Supplementary Fig. 2d;
JDP2), the track of expected signal also identifies TFs for which
the motif itself disfavors Tn5 integration, thereby creating a false-
positive footprint in uncorrected signals (Supplementary Fig. 2d;
FOXD3). We wanted to investigate this effect in more detail and
found that there is a high correlation between the footprint
depths of uncorrected and expected Tn5 signals across all TFs,
which vanishes after TOBIAS correction (Supplementary Fig. 2e).
This observation demonstrates that bias correction effectively
uncovers TF footprints, which were otherwise superimposed by
Tn5 bias. It has previously been suggested that only 20% of all
TFs leave measurable footprintslz, and we were able to confirm
this observation using the uncorrected footprint depths and the
same metric (Supplementary Fig. 2f; uncorrected). However, in
contrast, we observed a measurable footprint for 59% of the TFs
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Fig- 1 The TOBIAS digital genomic footprinting framework. a The concept of footprinting using ATAC-seq. Tn5 transposase cleaves DNA and inserts
sequencing adapters, but is unable to cut chromatin occupied by proteins such as nucleosomes (gray) and other DNA binding proteins e.g., transcription
factors (blue). Sequencing libraries of DNA fragments are sequenced to yield reads (green). During analysis, each read is mapped to the genome and used
to create a signal of single Tn5 insertion events (black bars), in which binding of protein is visible as depletion of the signal (defined as the footprint).
b TOBIAS uses reads from ATAC-seq, transcription factor motifs and sequence annotation in standard formats as input. ¢ Bias correction of Tn5 signal. In
the first step, TOBIAS reads the observed Tn5 cutsites and estimates the underlying Tn5 sequence preference. TOBIAS then calculates the expected Tn5
cutsites per region, which represent the background probability of Tn5 insertion. Using the expected signal track, the Tn5 bias corrected cutsites are
obtained (red box). d Footprinting to estimate transcription factor binding. The corrected cutsites enable calculation of footprint scores with a scoring
function taking into account both the accessibility and depth of the local footprint (as depicted in the box labeled “Calculation of footprint scores”). This
continuous footprint score is correlated with the presence of transcription factor binding sites in the genome, and a threshold is set to distinguish between
bound and unbound sites. e Differential footprinting. If multiple conditions are investigated, the differential binding module summarizes individual site
scores (upper black box) for each TF, and compares them between conditions (gray/red curve center) in order to define differentially bound TFs.
Performed on all TFs under investigation, a volcano plot illustrates the global changes in transcription factor binding. f Additional analysis modules. After
the main TOBIAS analysis, a variety of downstream analysis can be applied including visualization of local and aggregated footprints across conditions,
comparison of binding specificity between individual transcription factors and TF network prediction.

when using the TOBIAS corrected signals (Supplementary Fig. 2f;
corrected). As the fitted two-component model is a limited
estimator to classify bound/unbound sites, we additionally
calculated null distributions of randomized corrected footprints.
By this approach, we similarly found the number of measurable
footprints to be consistent at ~65% across all four cell types
investigated (Supplementary Fig. 2g). This demonstrates that
failure to correct for Tn5 bias can lead to false negative footprints,
while bias correction uncovers the true amount of measurable
footprints to be above 50%.
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Validation of TOBIAS footprinting. For the task of protein
binding prediction (i.e., footprinting), we collected four popular
tools for ATAC-seq footprinting (HINT-ATAC, PIQ, Wellington,
and msCentipede) and compared these to the individual TOBIAS
framework features where applicable. While we found that some
functionalities are overlapping between tools, we found a sub-
stantial set of features, such as differential footprinting for more
than two conditions, to be exclusively covered by TOBIAS
(Supplementary Table 1). Evaluating the results of each tool, we
found that TOBIAS significantly outperformed the other de novo
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tools HINT-ATAGC, PIQ, and Wellington (Supplementary Fig. 3a)
and performed equally well as msCentipede overall (Supple-
mentary Fig. 3b). Notably, TOBIAS also showed robust perfor-
mance across individual cell types (Supplementary Fig. 3c).
Looking at individual TFs, TOBIAS outperforms msCentipede for
factors such as CEBPB, which has a notable gain of footprints
after Tn5 bias correction (Supplementary Fig. 3d), once again
highlighting the advantage of taking Tn5 bias into account.
Although msCentipede implements a motif centric learning
approach, which can take TF specific binding patterns into
account, it did not yield overall higher accuracy in comparison to
TOBIAS. Additionally, the approach of building individual TF
models took 300 times longer to compute than performing
footprinting using TOBIAS (Supplementary Fig. 3e). Such
learning approaches are therefore greatly limited in the number of
TFs and conditions, which can realistically be analyzed.

Although we have shown that more than half of TFs create
visible aggregated footprints, the footprints at individual loci are
much more difficult to detect due to the sparsity of the ATAC-seq
signal (as seen in Fig. 1f; Local footprints). In order to take this
sparsity into account, we have designed the TOBIAS footprinting
score as a combined score taking into account both depletion and
accessibility (Supplementary Fig. 3f). In comparison, previous
scoring methods such as the Footprint Occupancy Score (FOS)!4,
calculate the difference in signal level between the background and
the footprint (Supplementary Fig. 3g). To test the impact of this
novel scoring approach, we compared the results of the TOBIAS
(depletion + accessibility) score (as calculated from corrected
cutsites) with the FOS score (pure depletion) (Supplementary
Fig. 3h). While there is a limited improvement in the FOS
footprinting score by using TOBIAS corrected cutsites, we found
that there is a significant increase in predictive ability by using the
TOBIAS score. This shows that, although bias correction is highly
important for visualizing aggregated footprints, the influence of
accessibility in the calculation of footprint scores is of considerable
importance as well. Along this line, these findings illustrate the
relationship between aggregated footprints and individual TFBS
footprints. While the number of TFs with footprints in aggregated
signals is above 50%, the proportion of individual TFBS supported
by footprints might be considerably lower. Consequently, a score
like FOS, which requires a footprint depletion for prediction, is
inherently limited when predicting protein binding. In conclusion,
we found that TOBIAS exceeded other tools in terms of
uncovering footprints hidden by bias and correctly identifying
bound TF binding sites. The improvement in accuracy is achieved
by the alternative approaches for bias correction as well as by the
novel footprinting score.

TF binding dynamics in mammalian ZGA. To demonstrate the
potential of TOBIAS to predict differential TF binding across
multiple conditions, in particular in the investigation of processes
involving only few cells, we analyzed a series of ATAC-seq
datasets derived from both human and murine preimplantation
embryos at different developmental stages ranging from 2C, 4C,
8C to ICM in addition to embryonic stem cells of their respective
species!>10 (Fig. 2a). Altogether, TOBIAS was used to calculate
footprint scores for a list of 590 and 464 individual TFs across the
entire process of PD of human and mouse embryos, respectively.
After clustering TFs into co-active groups within one or multiple
developmental timepoints, we first asked whether the predicted
timing of TF activation reflects known processes in human PD.
Intriguingly, we found 10 defined clusters of specific binding
patterns, the majority of which peaked between 4C and 8C, fully
concordant with the transcriptional burst and termination of
ZGA (Fig. 2b).

Two clusters of TFs (Cluster 1+ 2; n = 83) displayed highest
activity at the 2-4C stage and strongly decreased thereafter,
suggesting that factors within these clusters are likely involved in
ZGA initiation. We set out to classify these TFs, and observed a
high overlap with known maternally transferred transcripts!”
(LHX8, BACH1, EBF1, LHX2, EMX1, MIXL1, HIC2, FIGLA,
SALL4, and ZNF449), explaining their activity before ZGA onset.
Importantly, DUX4 and DUXA, which are amongst the earliest
expressed TFs during ZGA>!8, were also contained in these
clusters. Additional TFs included HOXD1, which is known to be
expressed in human unfertilized oocytes and preimplantation
embryos!® and ZBTB17, a TF mandatory to generate viable
embryos?0. Cluster 6 (n = 67) displayed a particularly prominent
8C specific signature, that harbored well-known TFs involved in
lineage specification such as PITX1, PITX3, SOX8, MEF2A,
MEF2D, OTX2, PAX5, and NKX3.2. Furthermore, overlapping
TFs within Cluster 6 with RNA expression datasets ranging from
the germinal vesicle to cleavage stage?, 12 additional TFs (FOXJ3,
HNF1A, ARID5A, RARB, HOXDS, TBP, ZFP28, ARID3B,
ZNF136, IRF6, ARGFX, MYC, and ZSCAN4) were confirmed
to be exclusively expressed within this time frame. Taken
together, these data show that TOBIAS reliably uncovers
massively parallel TF binding dynamics at specific timepoints
during early embryonic development.

TF binding correlates with visible footprints. To confirm that
TOBIAS-based footprinting scores are indeed associated with
leaving bona fide footprints, we utilized the ability to visualize
aggregated footprint plots as implemented within the framework.
Indeed, bias corrected footprint scores were highly congruent
with explicitly defined footprints (Fig. 2¢) of prime ZGA reg-
ulators at developmental stages in which these have been shown
to be active3. For example, footprints associated with DUX4, a
master inducer of ZGA, were clearly visible from 2C-4C,
decreased from 8C onwards and were completely lost in later
stages, consistent with known expression levels!> and ZGA onset
in humans. Footprints for ZSCAN4, a primary DUX4 targetz,
were exclusively visible at the 8C stage. Interestingly, GATA2
footprints were exhibited from 8C to ICM stages which is in line
with its known function in regulating trophoblast differentia-
tion?!. As expected, CTCF creates footprints across all timepoints.
Strikingly, we observed that these defined footprints were not
detectable without TOBIAS-mediated Tn5 bias correction (Sup-
plementary Fig. 4a). These data show that footprint scores can be
reliably confirmed by footprint visualizations, which further allow
to infer TF binding dynamics.

To test if the global footprinting scores of individual TFs
correlate with the incidence and level of their RNA expression, we
matched them to RNA expression datasets derived from
individual timepoints throughout zygotic development, taking
TF motif similarity into account. Indeed, we found that TOBIAS
scores for the majority of TFs either correlated well with the
timing of their expression profiles or displayed a slightly delayed
activity after expression peaked (Supplementary Fig. 4b). This is
important because it shows that in conjunction with expression
data, TOBIAS can indicate the kinetics between TF expression
(mRNA) and the actual binding activity of their translated
proteins. The value of this added information becomes particu-
larly apparent when analyzing activities of TFs that did not
correlate with the timing of their RNA expression (Supplemen-
tary Fig. 4b; not correlated).

For example, within the non-correlated cluster 13 TFs were
identified, which are of putative maternal origin!” including
SALL4. In mice, Sall4 protein is maternally contributed to the
zygote, subsequently degraded at 2C and then re-expressed after
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Fig. 2 Global changes in transcription factor binding throughout embryonic development. a Early embryonic development in human and mouse. While
the fertilized egg undergoes a series of divisions, the maternal transcripts (blue curve) provided by the egg are depleted over time, and the zygotic genome
is activated in waves (ZGA, red and green lines). ZGA initiates at the 2-cell stage in mouse and at the 4-8-cell stage in human. b Clustering of transcription
factor activities throughout development. Each row represents one TF, each column a human developmental stage. TF activity scores from TOBIAS are Z-
score transformed across rows. Blue color indicates low activity, red color indicates high activity. In order to visualize cluster trends, each cluster is
associated with a mean trend line (left to right) and timepoint specific boxplots respectively. Source data are available in the Source Data file. ¢ Bias
corrected ATAC-seq footprints. For selected TFs with known roles in early development originating from four clusters (arrows from b), an aggregated
footprinting plot matrix for all associated transcription factor binding sites is shown. Individual plots are centered around binding motifs (n = asterisk (*)
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corresponding uncorrected footprints. d TF activity onset in human and mouse. Heatmaps show activity of known ZGA-related TFs for human (left) and
mouse (right) across matched timepoints 2C/8C/ICM/hESC (mESC). Transcription factors with known roles in ZGA are highlighted in bold red.

zygotic transcription has initiated?2. Consistent with this, SALL4
expression increases dramatically from 8C onwards (see Source
Data file). In contrast to the expression values, TOBIAS predicted
SALLA4 to have the highest activity in 2C, with decreasing activity
in 8C, which is in line with the presence of maternal SALL4 in the
zygote. Comparing this change to all TF changes between 2C and
8C (log2 fold-changes estimated from TOBIAS activity scores),

we find that SALL4 is at the 7th percentile of all changes ranked
from decreasing to increasing, which is consistent with the
degradation of the protein after the 2C stage. These data show
that TOBIAS can provide significant insight into TF activities, in
particular for those where determining their expression patterns
alone does not suffice to explain when they exert their biological
function.
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Fig. 3 Specification of ZGA functions between mouse and human. a, b Pairwise comparison of TF activity between developmental stages. The volcano
plots show the differential binding activity against the —log10(p value) (both provided by TOBIAS) of all investigated TF motifs; each dot represents one
motif. For a 2C stage specific TFs are labeled in red, 4C specific factors in blue. From the 2C specific TFs, seven prominent examples are chosen and

illustrated by their motif. For b 8C stage specific TFs are labeled in red, ICM specific factors in blue. ¢, d Clustering of TF motifs based on binding-site
overlap. Excerpt of the global TF clustering based on TF binding location, illustrating individual TFs as rows. The trees indicate genomic positional overlap of
individual TFBS. A tree depth of 0.2 represents an overlap of 80% of the motifs. Each TF is indicated by name and unique ID in brackets. Clusters of TFs
with more than 50% overlap (below 0.5 tree distance) are colored in green/blue. The position of TF motifs RHOXF1 and Otx2/0TX2 are highlighted.

¢ shows overlap of motifs included in the mouse analysis. d shows clustering of human motifs. Complete TF trees are provided in Supplementary Notes 1

and 2.

Comparison of TF binding between human and mouse ZGA.
The timing of ZGA varies between mice (2C) and humans
(4C-8C) (reviewed in ref. 23). By integrating the TOBIAS scores
from human and mouse (Supplementary Fig. 4c), and instru-
mentalizing the capability of TOBIAS to generate differential TF
binding plots for all timepoints automatically, we investigated
similarities and differences of PD between these species. Firstly,
reflecting the shift of ZGA onset, we identified 30 TFs, which
appeared to be ZGA specific in both human and mouse (Fig. 2d),
including OTX1, GSC, CPHX, and HLTF, which already have
described functions within ZGA%24, Moreover, this list also
includes ARID3A, which has been shown to play a role in cell fate
decisions in creating trophectoderm?>.

Next, we wanted to investigate specific differentially bound
TFs, not only across the whole timeline, but also between
individual conditions. We therefore utilized the differential TF

binding plots created by TOBIAS, and chose to focus on the
cellular transition initiated at and following ZGA, which
corresponds to the transition between 2C and 4C in mice
(Fig. 3a, Supplementary Note 1 for all pairwise comparisons),
and between 8C and ICM in humans (Fig. 3b, Supplementary
Note 2 for all pairwise comparisons). In mice, we observed a
shift of Obox-factor activity in 2C to an activation of Tead
(Teadl-4) and AP-2 (Tfap2a/c/e) motifs in 4C. Notably, AP-2/
Tfap2c is required for normal embryogenesis in mice?® and
was also recently shown to act as a chromatin modifier that
opens enhancers proximal to pluripotency factors in human?’.
We observed a similar shift of TF activity for homeobox
factors such as PITX1-3, RHOXF1, CRX, and DMBXI1 at the
human 8C stage towards higher scores in ICM for known
pluripotency factors, such as POU5F1 (OCT4) and other POU-
factors.
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Throughout the pairwise comparisons, we observed that TFs
from the same families often display similar binding kinetics
within species, which is not surprising since they often possess
highly similar binding motifs (Fig. 3a; right). To characterize TF
similarity, TOBIAS clusters TFs based on the overlap of TFBS
within investigated samples (Fig. 3¢, d). This enables quantifica-
tion of the similarity and clustering of individual TFs that appear
to be active at the same time. Thereby, we observed a group of
homeobox motifs, which cluster together with more than 50%
overlap of their respective binding sites in mouse (Fig. 3c). In
contrast, other TFs such as Tead and AP-2 cluster separately,
indicating that these factors utilize independent motifs (the full
tree is found in Supplementary Note 1). While this might appear
trivial, this clustering of TFs in fact also highlights differences in
motif usage between human and mouse. One prominent example
is the RHOXF1 motif, which shows high binding-site overlap
with Obox 1/3/5 and Otx2 binding sites in mouse (Fig. 3¢; ~60%
overlap), but does not cluster with OTX2 in human (Fig. 3d;
~35% overlap). This observation could suggest important
functional differences of RHOX/Rhox TFs between mice and
humans. In support of this hypothesis, RHOXFI1, RHOXF2, and
RHOXEF2B are exclusively expressed at 8C and ICM in humans,
whereas Rhox factors are not expressed in corresponding
developmental stages of preimplantation in mice (expression
values are given in the Source Data file). Conceivably, this
observation, together with the finding that murine Obox factors
share the same motif as RHOX-factors in humans, suggests that
Obox TFs might function similarly to RHOX-factors during
ZGA. Altogether, the TOBIAS-mediated TF clustering based on
TFBS overlap allows for quantification of target-similarity and
divergence of TF function between motif families.

Dux expression induces massive changes in TF networks.
Throughout the investigations of human and mouse development
we became particularly interested in the Dux/DUX4 TF, which
TOBIAS predicted to be one of the earliest factors to be active in
both organisms (Fig. 2b and Supplementary Fig. 4c). Interest-
ingly, despite the fact that Dux has already been proved to play a
prominent role in ZGA?Z, there is still a poor understanding of
how Dux regulates its primary downstream targets, and conse-
quently its secondary targets, during this process. We therefore
applied TOBIAS to identify Dux binding sites utilizing an ATAC-
seq dataset of Dux overexpression (DuxOE) in mESC2.

As expected, the differential TF activity predicted by TOBIAS
showed an increase in activity of Dux and Obox TFs, as well as
HItf, which was already highlighted to be common between
mouse and human ZGA (Fig. 4a). Interestingly, this was
accompanied by a massive loss of TF binding for pluripotency
markers, such as Nanog, Pou5f1 (OCT4), and Sox2 upon DuxOE,
indicating that Dux renders previously accessible chromatin sites
associated with pluripotency inaccessible.

Consistently, Dux footprints (Fig. 4b; left) were clearly evident
upon DuxOE. In comparison to existing bias correction methods,
we found TOBIAS to be better at uncovering this footprint
between Control and DuxOE conditions (Supplementary Fig. 5a).
Importantly, TOBIAS additionally discriminated ~30% of all
potential binding sites within open chromatin regions to be
bound in the DuxOE condition (Fig. 4b; right). To rank the
biological relevance of the individually changed binding sites
between control and DuxOE conditions, we linked all annotated
gene loci to RNA expression. A striking correlation between the
gain-of-footprint and gain-of-expression of corresponding loci
was clearly observed and mirrored by the TOBIAS predicted
bound/unbound state (Fig. 4c). Among the genes within the list of
bound Dux binding sites were well-known Dux targets including

Zscan4c and Pramef2528, for which local footprints for Dux were
clearly visible (Fig. 4d). The high resolution of footprints is
particularly pronounced for Tdpozl, which harbors two potential
Dux binding sites of which one is clearly footprinted in the score
track, while the other is predicted to be unoccupied (Fig. 4d;
bottom). In line with this, Tdpozl expression is significantly
upregulated upon DuxOE as revealed by RNA-seq (log2FC: 6,95).
Consistently, Tdpozl expression levels are highest at 2C and
decrease thereafter, indicating that TdpozI is likely a direct target
of Dux during PD both in vitro and in vivo. Footprinting scores
also directly correlated with ChIP-seq peaks for Dux in the
Tdpozl promoter (Supplementary Fig. 5b), an observation which
we also found at other positions (Supplementary Fig. 5¢, d).

Many of the TOBIAS-predicted Dux targets encode TFs
themselves. Therefore, we applied the TOBIAS network module
to subset and match all activated binding sites to TF target genes
with the aim of inferring how these TF activities might connect.
Thereby, we could model an intriguing pseudo timed TF-
activation network. This directed network predicted a TF-
activation cascade initiated by Dux, resulting in the activation
of 7 primary TFs which appear to subsequently activate 32 further
TFs (first three layers depicted in Fig. 4e). As Dux is a regulator of
ZGA, we asked how the in vitro activated Dux network compared
to gene expression throughout PD in vivo. Strikingly, the in vivo
RNA-seq data of the developmental stages'® confirmed an early
2C specific expression of Dux, followed by a slightly shifted
activation pattern for all direct Dux targets except for Rxrg
(Fig. 4f). However, it is of note that Rxrg is significantly
upregulated in the in vitro DuxOE from which the network is
inferred (see Source Data for Fig. 4c), pointing to both the
similarities and differences between the in vivo 2C and in vitro
2C-like stages induced by Dux. In conclusion, these data suggest
that beyond identifying specific target genes of individual TFs,
TOBIAS can promote biological insight by predicting entire TF-
activation networks.

Dux targets repeat elements. Notably, many of the predicted
Dux binding sites (40%) are not annotated to genes (Fig. 4g),
raising the question what role these sites play in ZGA. Dux is
known to induce expression of repeat regions such as long
terminal repeats (LTRs)? and consistently, we found that more
than half of the DUX-bound sites without annotation to genes are
indeed located within known LTR sequences (Fig. 5a), which
were transcribed both in vitro and in vivo (Fig. 5b; LTR). Inter-
estingly, we additionally found that 28% of all non-annotated
Dux binding sites overlap with genomic loci encoding LINE1
elements. Although LINE1 expression does not appear to be
altered in mESC, there is a striking pattern of increasing LINE1
transcription from 4C-8C (Fig. 5b; LINEL1) in vivo, pointing to a
possible role of LINE1 regulation throughout PD. Finally, we
found a portion of the Dux binding sites, which do not overlap
with any annotated gene nor with putative regulatory repeat
sequences, even though transcription clearly occurs at these sites
(Fig. 5b; no overlap). One example is a predicted Dux binding
site on chromosome 13, which coincides with a spliced region
of increased expression between control mESC/DuxOE and
comparable high expression in 2C, 4C, and 8C (Supplementary
Fig. 6). These data suggest the existence of novel transcribed
genetic elements, the function of which remains unknown,
but which are likely controlled by Dux and may play a role
during PD.

In conclusion, TOBIAS predicted the locations of Dux binding
in promoters of target genes, and could propose how Dux
initiates TF-activation networks and induces expression of repeat
regions. Importantly, these data further show that TOBIAS
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Fig. 4 Dux binding induces transcription at gene promoters. a Comparison of TF activities between mDux GFP- (Control; labeled in blue) and mDux GFP
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one TF. b Aggregated footprint plots for Dux. The aggregated plots are cen
conditions (left: all genomic sites). The total possible binding sites for DuxOE

ing score on the x-axis and -log10 (p value) on the y-axis; each dot represents
tered on the predicted binding sites for Dux between Control and DuxOE
(n=12,095) are separated into bound and unbound sites (right). The dashed

lines represent the edges of the Dux motif. ¢ Change in expression of genes near Dux binding sites. The heatmap shows n = 2664 Dux binding sites found
in gene promoters. Footprint log2(FC) and RNA log2(FC) represent the matched changes between Control and DuxQOE for footprints and gene expression,
respectively. Log2(FC) is calculated as log2(DuxOE/Control). The column Binding prediction depicts whether the binding site was predicted by TOBIAS to
be bound/unbound in the DuxOE condition. d Genomic tracks indicating three exemplary Dux binding sites and their target gene promoters and respective

tracks for corrected cutsite signals (red/blue), TOBIAS footprint scores (blu
arrows indicating gene strand). e Dux transcription factor network. The TF-
strength in DuxOE (log2(FC) > 0). Sizes of nodes represent the level of the

e), detected motifs (black boxes), and gene locations (solid black boxes with
TF network is built of all TFBS with binding in TF promoters with increasing
network starting with Dux (Large: Dux, Medium: 1st level, Small: 2nd level).

Nodes are colored based on corresponding RNA level in the DuxOE condition. Directed edges indicate binding sites in the respective gene promoter found
by the TOBIAS CreateNetwork module. f Correlation of the Dux transcription factor network to expression during development. The heatmap depicts the
in vivo gene expression during developmental stages. The right-hand group annotation highlights the difference in mean expression for each timepoint. The

heatmap is split into Dux and target genes of Dux. Source data are availabl

predicts any TFBS with increased binding, not only those limited
to annotated genes, which aids in uncovering novel regulatory
genetic elements.

Discussion

To the best of our knowledge, this is the first application of a DGF
approach to visualize gain and loss of individual TF footprints in
the context of time series, TF overexpression, and TF-DNA
binding for a wide-range of TFs in parallel. Importantly, we found
that these advances could in large part be attributed to the fra-
mework approach we took in developing TOBIAS, which enabled
us to simultaneously compare global TF binding across samples
and quantify changes in TF binding at specific loci. The mod-
ularity of the framework also allowed us to apply a multitude of
downstream analysis tools to easily visualize footprints and gain
even more information about TF binding dynamics as exempli-
fied by the prediction of the Dux TF-activation network.

8

e in the Source Data file.

The power of this framework to handle time-series data
becomes especially apparent when integrating the TOBIAS-based
prediction of TF binding with RNA-seq data from the same
timepoints. For instance, TOBIAS predicted that the maternally
transferred TF SALL4 is active in 2C, while its gene expression
pattern alone suggests later activation. While SALL4 was one of
the TFs with the largest decrease in binding from 2C to 8C, it is,
however, also worth noting that since TFs have different baseline
activities, large changes between timepoints can also arise from
very low activity scores. Although the scores are normalized
towards global TF activity, differences in the quality of foot-
printing (due to sample-specific biases) can also influence the
prediction of differential TF binding between conditions, and this
should be considered as a limitation of this method. In this
context, it is tempting to speculate that TFs for which foot-
printing scores are low, even though their RNA expression is
high, might act as transcriptional repressors, because footprinting
relies on the premise that TFs will increase chromatin
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Fig. 5 Dux binding influences expression of repeat elements. a Dux binding sites overlap with repeat elements. All potential Dux binding sites are split
into sites either overlapping promoters/genes or without annotation to any known genes (upper circle, blue/red). The bottom pie chart shows a subset of
the latter, additionally having highly increased binding (log2(FC) >1), annotated to repeat elements including LTR/LINE1 elements. b Dux induces
expression of transcripts specific for preimplantation. Genomic signals for the Dux binding sites which are bound in DuxOE with log2(FC) footprint score >1
(i.e., upregulated in DuxOE) are split into overlapping either LTR, LINET or no known genetic elements (top to bottom); each row indicates one binding-site/
associated gene loci. Footprint scores (100 bp from Dux binding sites, left column) indicate the differential Dux binding between control and DuxOE
(in vitro). RNA-seq shows the normalized read-counts from matched RNA-seq samples (center columns, in vitro) and throughout development (right
columns, in vivo) within £5kb of the respective Dux binding sites. Dark red color indicates high expression.

accessibility around the binding site. In support of this hypoth-
esis, recent investigations have suggested that repressors display a
decreased footprinting effect in comparison to activators’.
Therefore, the integration of ATAC-seq footprinting and RNA-
seq is an important step in revealing additional information such
as classification of TFs into repressors and activators, as well as
the kinetics between expression and binding.

In the context of TF target prediction, we showed that TOBIAS
could identify almost all known Dux targets. In addition to
coding genes, our analysis disclosed novel Dux binding sites and
significant footprint scores at LINEl encoding genomic loci,
which appear to be activated at the 4C/8C stage. This finding is
especially interesting because a recent study has shown that
LINEI RNA can interact with Nucleolin and Kap1 to repress Dux
expression3). Therefore, our findings suggest a kinetics driven
model in which Dux not only initiates ZGA but also regulates its
own termination by a temporally delayed negative feedback loop.
How exactly this feedback loop could be controlled remains to be
determined.

Despite the striking capability of DGF analysis, some limita-
tions and dependencies of this method still remain. Among these
is the need of high-quality TF motifs for matching footprint
scores to individual TFs with high confidence. In other words,
while the binding of a TF might create an effect that can be
interpreted as a footprint, without a known motif, this effect
cannot be matched to the corresponding TF. It also needs to be
noted that footprinting analysis cannot take effects into account
that arise from heterogeneous mixtures of cells wherein TFs are
bound in some cells and in others not. Therefore, if not separated,
the classification of differential binding will be an observation
averaged across many cells, possibly masking subpopulation
effects. Recent advances have enabled the application of ATAC-
seq in single cells, but this generates sparse matrices, rendering
footprinting approaches on single cells elusive. However, we
speculate that by creating aggregated pseudo-bulk signals from
large clustered single-cell ATAC datasets, DGF analysis might
also become possible in single cells.

In conclusion, we present TOBIAS as the first comprehensive
software that performs all steps of DGF analysis, natively

supports multiple experimental conditions and performs visua-
lization within one single framework. Although we utilized the
process of PD as a proof of principle, the modularity and uni-
versal nature of the TOBIAS framework enables investigations of
various biological conditions beyond PD. We believe that con-
tinued work in the field of DGF, including advances in both
software and wet-lab methods, will validate this method as a
resourceful tool to extend our understanding of a variety of
epigenetic processes involving TF binding.

Methods

Processing of ATAC-seq data. Raw sequencing fastq files were assessed for
quality, adapter content and duplication rates with FastQC v0.11.7, trimmed using
cutadapt®! and aligned with STAR v2.6.0c3? (parameters: --alignEndsType End-
ToEnd --outFilterMismatchNoverLmax 0.1 --outFilterScoreMinOverLread 0.66
--outFilterMatchNminOverLread 0.66 --outFilterMatchNmin 20 --alignIntronMax
1 --alignSJDBoverhangMin 999 --alignEndsProtrude 10 ConcordantPair --align-
MatesGapMax 2000 --outMultimapperOrder Random --outFilterMultimapNmax
999 --outSAMmultNmax 1) to either the mouse or human genome using Mus_-
musculus. GRCm38 or Homo_sapiens.GRCh38 versions from Ensembl®3, Acces-
sible regions were identified by peak calling for each sample separately using
MACS2 (parameters: --nomodel --shift -100 --extsize 200 --broad)>*. Peaks from
each sample were merged to a set of union peaks across all conditions using
bedtools merge. Each union peak was annotated to the transcriptional start site of
genes (GENCODE?) in a distance of —10000/-+1000 from the gene start using
UROPA3.

Processing of RNA-seq data. Raw reads were assessed for quality, adapter
content and duplication rates with FastQC v0.11.7, trimmed using cutadapt!
and aligned with STAR v2.6.0c?? (parameters: --out-
FilterMismatchNoverLmax 0.1 --outFilterScoreMinOverLread 0.9 --out-
FilterMatchNminOverLread 0.9 --outFilterMatchNmin 20 --alignIntronMax
200000 --alignMatesGapMax 2000 --alignEndsProtrude 10 ConcordantPair
--outMultimapperOrder Random --outFilterMultimapNmax 999) to either the
mouse or human genome using Mus_musculus. GRCm38 or Homo_sapiens.
GRCh38 versions from Ensembl33.

Processing of ChIP-seq data. Raw sequencing files in fastq format were

quality assessed by Trimmomatic by trimming reads after a quality drop below a
mean of Q15 in a window of five nucleotides®”. All reads longer than 15 nucleo-
tides were aligned versus the mouse genome version mm10, keeping just unique
alignments (parameters: --outFilterMismatchNoverLmax 0.2 --out-
FilterScoreMinOverLread 0.66 --outFilterMatchNminOverLread 0.66 --out-
FilterMatchNmin 20 --alignIntronMax 1 --alignSJDBoverhangMin 999
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--outFilterMultimapNmax 1 --alignEndsProtrude 10 ConcordantPair) by using the
STAR mapper32. Read deduplication was done by Picard (http://broadinstitute.
github.io/picard/).

Processing of TF motifs. TF motifs were downloaded from JASPAR CORE
201838, the JASPAR PBM HOMEO collection and Hocomoco V113 databases. We
further included the human ARGFX_3 motif from footprintDB40 which originates
from a HT-SELEX assay*!. In addition to the Dux/Dux4 motifs of JASPAR

and Hocomoco, we also included two TF motifs for Dux/DUX4 created

using MEME-ChIP*? with standard parameters on the ChIP-seq peaks of?8
(GSE87279).

JASPAR motifs were linked to Ensembl gene ids by mapping the provided
Uniprot id to the Ensembl gene id through biomaRt*>. Hocomoco motifs were
likewise linked to genes through the provided HGNC/MGI annotation. Due to the
redundancy of motifs between JASPAR and Hocomoco, we further filtered the TF
motifs to one motif per gene, preferentially choosing motifs originating from
mouse/human, respectively. For each TOBIAS run, we created sets of expressed
TFs as estimated from RNA-seq in the respective conditions. This amounted to 590
motifs for the dataset on human preimplantation stages, 464 motifs for the dataset
on mouse preimplantation, and 459 for the DuxOE dataset.

Maternal genes. Maternal genes for human and mouse were downloaded from the
REGULATOR database!”. Entrez gene ids were converted to Ensembl gene ids
using biomaRt#? and subsequently matched to available TF motifs as previously
explained.

Overlap of Dux binding sites with repeat elements. Repeat elements for mm10
were downloaded from UCSC (http://hgdownload.cse.ucsc.edu/goldenpath/mm10/
database/rmsk.txt.gz). Overlap of Dux sites to individual repeat elements was
performed using bedtools intersect. The sum of overlaps were counted per repeat
class (LINE1/LTR).

Visualization. All TF-score heatmaps were generated by R Version 3.5.3 and
ComplexHeatmap package version 3.6%4. Individual gene views were generated by
loading TOBIAS output tracks into IGV version 2.6.2%> or using the TOBIAS
PlotTracks module, which is a wrapper for the svistdget visualization tool%¢. TF
networks were drawn with Cytoscape version 3.7.1%7. Heatmaps of genomic signal
density were generated using Deeptools version 3.3.04. All other figures, such as
footprint plots, volcano plots and motif clustering dendrograms were generated by
the TOBIAS visualization modules.

The TOBIAS framework. Details on the TOBIAS algorithms and framework setup
are found in the Supplementary Methods part 1 and 2.

Comparison of TOBIAS to existing methods. Details on the validation and
comparison of TOBIAS to existing methods for bias correction and footprinting
are found in the Supplementary Methods part 3.

Reporting summary. Further information on research design is available in the Nature
Research Reporting Summary linked to this article.

Data availability

The source data for Figs. 2b, 4c, f, Supplementary Figs. 2¢, e, f, g, 3, 4b, ¢, as well as
expression values for Rhox and Obox genes throughout human and mouse development
are available in the Source Data file. Raw ATAC-seq and RNA-seq data for human and
mouse embryonic development are available from GEO under the accessions GSE66390
(mouse) and GSE101571 (human). Raw ATAC-seq, RNA-seq, and ChIP-seq data from
Dux overexpression experiments are available from GEO under the accession GSE85632.
Data for validation are available from ENCODE as explained in Supplementary Methods.
Excerpts of the TOBIAS analysis results are accessible for dynamic visualization at:
http://loosolab.mpi-bn.mpg.de/tobias-meets-wilson. UCSC track hubs (for viewing in the
UCSC genome browser) of corrected Tn5 and footprint signals are available at: https://
genome.ucsc.edu/cgi-bin/hgTracksthubUrl=https://s3.mpi-bn.mpg.de/data-tobias-ucsc/
hub.txt&genome=mm10 and https://genome.ucsc.edu/cgi-bin/hgTracks?
hubUrl=https://s3.mpi-bn.mpg.de/data-tobias-ucsc/hub.txt&genome=hg38 for mouse
and human respectively. All data are available from the authors upon reasonable request.

Code availability
The TOBIAS software is publicly available at GitHub (https://github.com/loosolab/
TOBIAS) and can additionally be obtained through PyPI and Bioconda.
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2.2 Publication 2: TF-COMB - discovering grammar of
franscription factor binding sites

This publication presents the TF-COMB (Transcription Factor Co-Occurrence using Market Basket
analysis) framework for investigating co-occurrence of TFBS and other epigenetic features. As im-
plied in the name, TF-COMB relies on the market basket analysis, which is primarily utilized to
investigate shopping habits of customers, e.g. if a customer buys cereal, they are also likely to buy
milk. Similarly, TF-COMB uses a modified market basket analysis to investigate the co-occurrence
relationships of TFs, e.g. if TF1 binds, TF2 is also likely to bind. In contrast to earlier methods,
the strength of TF-COMB is its ability to work with any type of input data in the form of genomic
regions, which enables the use of TFBS predicted by footprinting methods, such as TOBIAS.

Using 1663 TF ChIP-seq experiments across 8 cell lines, TF-COMB was able to predict a num-
ber of commonly co-occurring TF pairs including MAX-MYC, NFYA-NFYB and CTCF-ZNF143.
Extending this data with locations of open chromatin from ATAC-seq revealed that individual TFs
have locational preferences within open chromatin. Data from 3D chromatin maps also revealed that
a smaller group of individual TFs, including CTCF, co-occur within interacting regions. Likewise,
co-occurrence analysis of TFs with histone modifications uncovered an interesting set of TFs which
are devoid of binding in the promoter-associated H3K9ac, and instead bind preferentially in regions
marked by H3K27ac and H3K4me3.

While ChlIP-seq data provide binding positions with high precision, one of its limitations is the
lack of resolution and orientation of each TFBS. TF-COMB allows to read TFBS from TOBIAS
footprinting output, and with the increased resolution from motif-based sites, TF-COMB identified
characteristics of grammar in terms of distance and orientation for individual TF pairs. This analysis
identified TF pairs with preferred distance, of which some exhibit more than one peak. Interestingly,
a number of these preferred distances could be verified by ChIP-seq data as highlighted by the pair
THAP11-ZNF143.

Lastly, TF-COMB provides functionality to analyze TF co-occurrences in a network context,
as TFs and co-occurrences can be treated as nodes and edges, respectively. This network analysis
uncovered clusters of TFs with high connectivity, which could be mapped to known protein complexes
and gene ontology terms. Finally, the analysis demonstrates that the majority of networks exhibit a

powerlaw-distribution of node degree, meaning that the networks are robust against perturbations.

TF-COMB is a highly flexible tool for studying TF co-occurrence, binding grammar and cooper-
ativity networks from a variety of input sources. An overview of the individual contributions of the

thesis author to the publication is found in Table 2.
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Table 2: Contributions by the thesis author to publication 2.

Area Contributions

Conceptualization Contributed to the definition of the project goals.

Software Developed and implemented the main classes of the TF-COMB software.
Supervised the creation of individual analysis modules.

Data Downloaded and processed ChIP-seq and ATAC-seq datasets from EN-
CODE. Obtained protein-protein interactions from STRINGDB and
protein sequences from Uniprot.

Analysis Performed validation and network analysis using TF-COMB with ChIP-
seq data in integration with known protein-protein interactions and pro-
tein similarity. Calculated co-occurrence between TFs and histone mod-
ifications, open chromatin and HIC-peaks. Compared ChIP-seq with
motif-derived co-occurrences.

Visualization Created figures 2, 3, 4a-b, 4e-g, 5a-b, 6 and supplementary figures S2,
S3, S4 and S6. Supervised the creation of the remaining figures.

Manuscript Contributed to the writing of the manuscript draft and editing of the
final manuscript.

The full article is found in the following pages and the supplementary figures are found in Ap-
pendix A2.
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Cooperativity between transcription factors is important to regulate target gene expression. In particular,
the binding grammar of TFs in relation to each other, as well as in the context of other genomic elements,
is crucial for TF functionality. However, tools to easily uncover co-occurrence between DNA-binding pro-
teins, and investigate the regulatory modules of TFs, are limited. Here we present TF-COMB
(Transcription Factor Co-Occurrence using Market Basket analysis) - a tool to investigate co-occurring
TFs and binding grammar within regulatory regions. We found that TF-COMB can accurately identify
known co-occurring TFs from ChIP-seq data, as well as uncover preferential localization to other genomic
elements. With the use of ATAC-seq footprinting and TF motif locations, we found that TFs exhibit both
preferred orientation and distance in relation to each other, and that these are biologically significant.
Finally, we extended the analysis to not only investigate individual TF pairs, but also TF pairs in the con-

text of networks, which enabled the investigation of TF complexes and TF hubs. In conclusion, TF-COMB is
a flexible tool to investigate various aspects of TF binding grammar.

© 2022 The Author(s). Published by Elsevier B.V. on behalf of Research Network of Computational and

Structural Biotechnology. This is an open access article under the CC BY-NC-ND license (http://creative-

commons.org/licenses/by-nc-nd/4.0/).

1. Introduction

Epigenetic regulation of gene expression is crucial for all
processes occurring in cell biology, including cell differentiation
and cell development among others. In this context, transcription
factors (TFs) are a well-known class of DNA-binding proteins regu-
lating gene expression, operating in direct proximity to target
genes, as well as through regulatory enhancer elements further
up- or downstream. While some TFs are known to be specific for
a certain cell type or a dedicated cellular process, in many cases,
combinations of multiple TFs are needed to elicit a specific
response - a concept known as TF co-occurrence (Fig. 1a). In fact,
the amount and types of involved TFs varies, and in higher eukary-
otes, it has been shown that 10-15 TF binding sites (TFBS) are
required to target a specific gene [1], which can differ in terms of
the interaction mode. In the context of enhancers, different models
of TF-enhancer interactions have been described [2], which include
the enhanceosome, the billboard and the TF collective models
(Fig. 1b). Of these, the enhanceosome is defined by a certain
arrangement, order, distance, affinity and/or relative orientation
of the given TFBS. Such rules for binding are known as TF binding

* Corresponding author at: Bioinformatics Core Unit (BCU), Max Planck Institute
for Heart and Lung Research, Bad Nauheim, Germany.
E-mail address: mario.looso@mpi-bn.mpg.de (M. Looso).
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grammar (please see [3] for a review). In contrast, the billboard
and the TF collective models allow for a more flexible grammar
where TFBS arrangement and TF binding states are not restricted.
In these models, protein-protein interactions (PPI) can enable co-
occurrence of TFs through dimerization and binding of additional
TF co-factors, but also allow for TFs to co-occur without direct
physical interactions. Additionally, the binding of TFs is influenced
by other factors including the presence of histone modifications,
chromatin accessibility and 3D chromatin organization. A smaller
subset of TFs, known as pioneers, are even able to influence chro-
matin accessibility by opening previously closed chromatin
regions, thereby initiating and enabling subsequent binding of
other factors [4]. Thus, a higher level of enhancer organization is
a prominent factor in gene regulation.

The detection and analysis of TF binding grammar is complex,
as the number of known human TFs is reported to be ~1600 [5],
genes are reported in the range of ~22000 protein-coding genes
[6], and enhancers are reported in the range of millions [7]. More-
over, the collection of active TFs, as well as the chromatin organi-
zation, differs for each single cell type. To detect TF co-occurrence,
one can broadly distinguish between experimental and computa-
tional methods. In the case of experimental methods, the de-
facto gold standard in the field are chromatin immunoprecipitation
based assays followed by deep sequencing (e.g. ChIP-seq and
CUT&RUN-seq). These assays utilize TF specific antibodies and

2001-0370/© 2022 The Author(s). Published by Elsevier B.V. on behalf of Research Network of Computational and Structural Biotechnology.
This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
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are performed in one cell type at a time. While it is technically
possible to run these assays multiple times on different factors of
interest, the cost and the dependency on highly specific antibodies
generally render these assays unsuitable to investigate global TF
co-occurrence. Due to these limitations, the topic of co-occurring
TFs have preferably been investigated by in silico methods, which
utilize a variety of statistical methods [8], linguistic models [9]
and enrichment-based algorithms [10]. Most of these methods
are based on association analysis of two TFs, and thus simplify
the complexity of co-occurring TFs to one specific pair at a time.
Additionally, while most of the available tools perform TF motif
searches to screen the genome for potential co-occurring events,
they are mostly restricted to a single TF anchor point, derived from
e.g. ChIP-seq. These limitations motivated us to design a tool that
would enable global TF co-occurring analysis independent of data
origin. In this context, chromatin accessibility data such as ATAC-
seq is of high interest, as we and other groups have recently shown
that ATAC-seq can be utilized to find TF binding sites via genome-
wide TF footprinting [11,12]. In addition, co-occurrence of TFs with
histone modifications, locations of genes, and other genomic ele-
ments are likewise important to accommodate when analyzing
TF binding as an epigenetic mechanism. Here we introduce the
TF-COMB (Transcription Factor Co-Occurrence using Market Basket
analysis) framework, which uses an enhanced market basket anal-
ysis to identify and investigate the grammar of co-occurring TFs
from a variety of data sources.

2. Approach of TF-COMB

In order to detect co-occurring TF binding sites, TF-COMB uti-
lizes an association analysis known as market basket analysis
(MBA) [13]. This method has classically been applied to identify
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shopping habits, also known as association rules, such as “if the
customer buys cereal, they are likely to buy milk”. The same
approach can also be applied to TF co-occurrence analysis as “if
TF1 binds, it is also likely that TF2 binds”, for which the association
rule is called a TF co-occurring pair. However, the classical MBA
carries a number of shortcomings in the context of TF binding data.
For example, the classical MBA reduces items occurring multiple
times per transaction to one, and would thus mask the effects of
robustness by TFBS replicates in biological networks. In addition,
previous applications of MBAs to TF data have likewise excluded
all overlapping TFs [14], which influences the discovery of TFs
binding in dimers and complexes, where the binding sites might
overlap. Moreover, in the context of binding grammar, the order
and orientation of TF binding is also of high importance, which
has not been taken into account in previous implementations of
MBAs. Thus, the current state of publicly available software lacks
support for certain aspects needed to characterize the effects of
TF co-occurrence. The TF-COMB framework is intended to over-
come these limitations.

Firstly, TF-COMB counts all co-occurring TFs in a predefined
genomic window. As the source of binding data is flexible, the
analysis can be performed for both ChIP-seq peaks, motif positions,
and footprints, as well as other input regions. Rather than setting
up non-overlapping genomic regions, TF-COMB utilizes sliding
windows beginning at each given TFBS, allowing to count all co-
occurring TFs relative to that position. A default window size of
100 bp was used throughout this paper, however, the parameters
of the framework can be changed in order to control the size of
the window (minimum and maximum distance), whether to count
TFs more than once, as well as basic grammar parameters of TFs
such as the inclusion of directionality and strandedness of TF pairs.
Thus, the framework is very flexible in terms of investigating a
variety of aspects of co-occurring TFs.
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Depending on the input data, the total number of TF binding
sites and the resulting number of TF combinations can be
immense, which gives rise to the need for a measure to rank bio-
logically or statistically important TF combinations. Using the
information of pairwise counted TF1/TF2 pairs, different associa-
tion metrics are supported. The classical MBA utilizes the support,
confidence and lift measures to filter and rank interesting associa-
tions, however, additional scoring schemes exist, such as the cosine
association score [15]. Of note, there is no established method of
choosing the correct threshold for association scores of MBA [16].
To overcome this limitation, TF-COMB calculates a Z-score of sig-
nificance, which helps to reduce false-positives from TFs which
are ubiquitously present across the whole genome. This is done
through a null-model of random co-occurrences, which is calcu-
lated by shuffling the TF labels, rather than randomly shuffling
the positions across the genome, as TFBS positions naturally appear
in clusters [17]. In summary, the TF-COMB supported metrics
allow to rate and select a subset of TF co-occurrences of interest.

3. Materials and methods
3.1. Availability and implementation

TF-COMB is a Python package intended to be used as a toolbox
within Jupyter notebooks or within custom analysis scripts. Due to
the high computational needs, it is supported by C-code through
Cython [18] integration in Python. Additionally, given functions
support multiprocessing when applicable.

TF-COMB is open source and freely available on github at:
https://github.com/loosolab/TF-COMB. Details on the individual
TF-COMB modules are given at: https://tf-comb.readthedocs.io.

3.2. Sequencing data

We obtained TF ChIP-seq peaks, histone ChIP-seq peaks, RNA-
seq and ATAC-seq for cell lines HepG2, K562, HEK293, GM12878,
MCF-7, H1, A549 and HeLa-S3 from ENCODE [19]. The cell lines
were chosen based on a requirement of at least 50 unique TF
ChIP-seq experiments available. In case of more than one available
experiment per cell line and/or ChIP target, the most recent exper-
iment was used. For ChIP-seq, all peaks were centered at the peak
summit and reduced to 1 bp regions, while peaks overlapping
blacklisted regions were excluded. For ATAC-seq, individual repli-
cates were merged per experimental condition. Accession numbers
for all ENCODE datasets used are given in Supplementary Table 1.

Additionally, we obtained genomic coordinates for HiC anchor
regions for cell line GM12878 (GEO accession GSE63525; file
“GSE63525_GM12878_primary + replicate_HiCCUPS_looplist.txt”)
[20].

3.3. Transcription factor motifs

Motifs were obtained from the JASPAR database (JASPAR 2022
CORE vertebrates) [21]. Annotated dimers (e.g. “Ahr::Arnt”) and
any additional motif variations for the same TF (e.g. “var.2”) were
excluded.

3.4. Metadata for TF interactions

For validation of TF pairs, we obtained a variety of metadata.
Known PPIs were obtained from Biogrid [22]. Protein sequences
for individual TFs were obtained from UniProt [23] and pairwise
protein similarity was calculated using EMBOSS Stretcher [24]. Lit-
erature association of TFs was calculated by querying PubMed
abstracts and titles for the common presence of each TF pair. The
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global counts of publications containing either TF1, TF2, and/or
TF1 + TF2 were used to calculate the cosine similarity measure rep-
resenting the PubMed association score. Transcription factor fam-
ilies were obtained from AnimalTFDB (v3.0) [25] and using this
classification, TF pairs were estimated to be either same-family
or different-family pairs. GO-term analysis of TF clusters were per-
formed using the goatools python package [26].

3.5. TOBIAS footprinting analysis

Footprinting analysis was performed with the TOBIAS pipeline
[11] with default parameters. The input peaks, ATAC-seq reads
and motifs were obtained from ENCODE and JASPAR respectively,
as explained above. In order to reduce the effect of repetitive ele-
ments on the co-occurrence analysis, we used the masked hg38
genome [27].

3.6. Comparison to existing tools

In order to compare TF-COMB to existing computational tools,
we performed a literature search and obtained 12 in silico tools
for investigation of co-occurring TFs, taking webservices and com-
mand line usage into account (Supplementary Table 2). Namely,
these 12 tools were CENTDIST [28], iTFs [29], INSECT 2.0 [30], TICA
[31], NAUTICA [32], PC-Traff [9], SpaMo [10], COPS [33], TACO [8],
MCOT [34], CisMiner [35] and coTRaCTE [36]. Of these, most tools
were discarded from comparison due to different reasons including
unreachable weblinks. Briefly for all accessible methods, PC-Traff is
limited to predefined motifs, CisMiner does not provide a func-
tional example of the expected input, COPS is limited to Drosophila
melanogaster and Mus musculus genomes, TACO needs at least two
replicate experiments to run and coTRaCTE needs differentially
regulated chromatin regions from multiple cell types. The remain-
ing two tools, SpaMo and MCOT, were used for an exemplary anal-
ysis based on ChIP data from ENCODE (cell line GM12878;
Supplementary Table 1) on 74 TFs and hg38 genome version. We
recorded the total runtime on a VM with 64 GB RAM and 8 cores
at 2.6 GHz CPU for each tested tool individually. Identified TF pairs
were ranked for each tool independently. Resulting lists of co-
occurring TFs were aligned where applicable, and top ten exclu-
sively found pairs per tool were manually evaluated via literature
search in the PubMed database [37].

4. Results
4.1. TF-COMB: A universal tool to investigate grammar of enhancers

The typical workflow of a TF-COMB-based analysis is presented
in Fig. 1c-h. Briefly, the analysis starts with the initialization of an
TF-COMB object with regions of interest. As genomic positions in
standardized BED file format are supported, TF-COMB can handle
(but is not limited to) binding sites from ChIP-seq, pre-calculated
motif positions, histone modifications, locations of genes, enhan-
cers, and open chromatin peaks (Fig. 1c). In the next step, the geno-
mic positions of the TF-COMB object are internally processed by a
sliding window approach and an adjusted MBA is calculated in
order to identify TF combinations (Fig. 1d). At this stage, the frame-
work provides a variety of analysis and visualization methods, as
well as the functionality to compare different conditions with each
other (Fig. 1e). In order to further examine the TF combination
data, the TF-COMB tools provide functionality to investigate TF
binding grammar, which includes binding orientation (Fig. 1f)
and binding distance (Fig. 1g), as well as the opportunity to inves-
tigate TF pair networks (Fig. 1h).
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In order to rate the features and performance of TF-COMB, we
reviewed 12 existing implementations for TF co-occurrence pre-
diction (Supplementary Table 2; methods segment 3.6). Only tools
classified as comparable in functionality and able to run the test
data were accepted for assessment. We identified two command-
line tools, MCOT and SpaMo, as suitable for comparison with TF-
COMB. Where applicable, we aligned individual tool functionality,
and we identified a substantial set of features to be exclusively
covered by TF-COMB (Supplementary Table 3). Briefly, TF network
functionality, binding entity classification (orientation, distance)
and quantitative support between conditions of TF-COMB render
our software to be a significant extension of existing tools. In order
to compare the quality of the results, we ran an exemplary analysis
on public ChIP-data and validated the result to known interacting
TFs from the BioGrid database [22]. Using a receiver operating
characteristic (ROC) curve, we found that TF-COMB has the best
predictive ability, with MCOT ranking second best (Supplementary
Fig. 1a). As expected, we found that SpaMo has a low ability to pre-
dict co-occurring TFs, as this tool is particularly focused on identi-
fying motif spacing and not necessarily general motif co-
occurrence. In addition to the ROC analysis, we manually rated
the top ten candidates per tool via literature search, and found con-
siderably more TF-COMB specific TF pairs verified by literature
than for the other tools (Supplementary Table 4). In terms of run-
time, we found TF-COMB to outperform the other tools, even
though it generates an all-against-all analysis instead of using a
single anchor TF (Supplementary Fig. 1b). In conclusion, we present
TF-COMB as a novel tool for the investigation of TF co-occurrence
and TF binding grammar.

4.2. TF-COMB detects co-occurring TFs from ChIP-seq data

In order to illustrate the basic functionality of TF-COMB to
detect co-occurring TFs, we have utilized the collection of high
quality ChIP-seq datasets deposited by the ENCODE project
[19,38]. We collected a total of 1663 ChIP-seq experiments across
8 human cell lines (HepG2, K562, HEK293, GM12878, MCF-7, H1,
A549, HeLa-S3) (Supplementary Table 1), and used TF-COMB to
find TF associations.

By subsetting pairs based on cosine score and significance (Z-
score) across all 8 cell lines, we were able to specify a total of
1938 (1877 unique) TF-TF co-occurring pairs, which correspond
to 1-3% of all pairs per cell line (Fig. 2a). Within the individual cell
lines, TF-COMB predicted the top co-occurring TF pairs to be the
well-known pairs MAX-MYC [39] in MCF-7, AP-1 (FOSL2-JUNB)
[40] in A549, and CTCF-ZNF143 [41] in H1 cells (Fig. 2b-c; Supple-
mentary Table 5). Interestingly, besides highlighting significantly
co-occurring pairs, the analysis is also informative in terms of
establishing seemingly anti-co-occurring sites, as a negative
Z-score represents TFs with less co-occurrences than expected. In
MCF-7, such pairs included CTCF-FOS, CTCF-GATA3 and CTCF-
CEBPB, indicating that CTCF possibly avoids binding to certain part-
ners (Fig. 2b). The reason for this might be related to CTCF’s
involvement in chromatin looping, as other TFs carry out separate
functionalities, which should not interfere with chromatin organi-
zation. Thus, the TF-COMB co-occurrence analysis highlights both
preferred and unpreferred TF pairs.

Because the list of available ChIP-seq experiments differs for
each cell line (Supplementary Fig. S2a), with the only TFs available
in all cell lines being CTCF and REST, it is not possible to directly
compare the top co-occurring pairs across cell lines. For co-
occurring TF pairs present in at least 4 cell lines, we found NFYA-
NFYB, USF1-USF2, JUN-JUND, E2F6-MAX and CTCF-ZNF143 pairs
among others to have the highest median association scores across
multiple cell lines (Fig. 2d), indicating TF pairs of general impor-
tance. In confirmation of this result, we found all these pairs to
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either form a complex or to interact with each other [41-44]. In
addition, by comparing association scores between cell lines, we
found that the median spearman correlation is 0.49, suggesting
the presence of both common, as well as cell-line specific co-
occurring TF-pairs (Supplementary Fig. S2b-c). Thus, we conclude
TF-COMB to reliably identify known co-occurring TFs across differ-
ent biological conditions.

In order to further validate the identified ChIP-based co-
occurring TF-pairs within individual cell lines, we asked whether
the found pairs recapitulate known PPIs from the BioGrid database
[22]. Even though physical interactions are not a necessity for co-
occurrence, we found that the majority of cell lines exhibit signif-
icantly higher association scores for the TF pairs with a known PPI
in comparison to other pairs (Fig. 2e; Supplementary Fig. S2d).
However, all cell lines also contain cases of high-association scores
without known PPI. To ensure that the default window size of
100 bp is sufficient to catch potential PPIs, we ran TF-COMB itera-
tively with increasing window sizes and correlated the results of
each distance to the known PPIs. We found that while most phys-
ically interacting TF-TF pairs are collected at distances between 10
and 50 bp (Supplementary Fig. S2e), associations are still found for
larger windows (Supplementary Fig. S2f), meaning that there are
other types of TF-TF co-occurrences than those explained by PPIL.
In this context, we observed that many of the top TF-COMB predic-
tions without a known PPI are TFs from the same families such as
FOXA1-FOXA2, MAFF-MAFK and SOX5-SOX13. With the purpose of
ruling out cross-reactive ChIP-seq antibodies as the source of this
effect, we correlated the association scores with the protein simi-
larity within each TF pair. While we did find some examples of
simultaneous high-similarity and high association score, there is
no global effect of protein similarity on the co-occurrence analysis
(Supplementary Fig. S2g). Finally, to explain the association of low
similarity TF pairs without known PPI, we also investigated the
association of PubMed terms from literature. This analysis could
confirm that some pairs, such as BATF-IRF4 were previously
described, despite not being annotated with a known PPI in BioGrid
(Fig. 2f). However, this analysis still leaves a number of pairs
including ARID5B-FOXA3, which has high co-occurrence associa-
tion, but low PubMed association (Fig. 2f; lower right). For these,
more in-depth analysis will be needed in order to confirm the bio-
logical mechanisms of their observed association. In conclusion, we
regard TF-COMB as a powerful tool to identify co-occurring TFs,
both those physically interacting and those applying other modes
of co-occurrence.

4.3. Integration of epigenetic marks reveals positional identity of TFs

Besides the expression of certain TFs in individual cell types,
multiple epigenetic processes play a role in TF binding, such as
the accessibility of chromatin, the presence of histone marks and
the 3D chromatin organization. Thus, we sought to use TF-COMB
to investigate the co-occurrence of TFs with other epigenetic sig-
nals by extending our ChIP-seq co-occurrence analysis with tran-
scriptional co-factors and other DNA-binding proteins (e.g. DNA
polymerase II), positions of known histone marks, positional infor-
mation of genes, chromatin loop anchors from HiC data and open
chromatin regions from ATAC-seq. While not all DNA-binding fac-
tors in this analysis are strictly identified as TFs, we will still use
this term for simplicity.

First, we characterized TFBS in the context of chromatin acces-
sibility and gene promoters. Although gene promoters make up
only ~3% of the entire genome, we found that the majority of fac-
tors have promoter association in the range of 10-20%, supporting
the enrichment of TF binding to directly regulate gene expression
(Fig. 3a). In line with TF binding in enhancer regions, we find that
the majority of TF binding sites are located in open chromatin



M. Bentsen, V. Heger, H. Schultheis et al.

a Selected TF-TF pairs b
@ MCF-7
Market basket
analysis K562
HepG2
4]
C Helas3 N
T HEK293 #
O
H1
GM12878
A549
0 1 2 0 500 1000
% selected n pairs selected
d e
07
06 | <
* celitype
05 m @ A549 z
° =
- ® ® GM12878 @
g o4 ET:l ® Hl 8
@ ® HEK293 ‘s
£03 m %«-‘3 ® Helas3 H
S . ® HepG2 5
0.2 K562 2
® ® MCF7
01
00 *
& OO S L F O
vé N ° b’\} & @ *“yfa‘&q f«{& x"j- SO »d-vh
dbﬁs‘&ioﬂ’@" T \”‘?‘&‘@\3"‘

Co-occurring pairs

°
5

0.05

Known biogrid interaction

Computational and Structural Biotechnology Journal 20 (2022) 4040-4051

TF1_TF2_count

eoe

. s
. %
. 105
e 120
e 13
e 150

© s O S LTI D DS DS O

S ‘o 9“(;9 S Se‘fﬂéq\éb?é}‘i xe}?@%ﬁé’ﬁ‘:&*

O«\ e" & N S AP RO
FELEF PSS %8
v é’
Co-occurring pairs
f

M.W.W. p = 7.406e-03

HHEXTCF7L2—*

_BATERF
° Protein sim.
4
8
. 12
e 16

(%)

Pubmed association score

o “KLF16-PROM10

KLF16-NR2C2

% ken g e HLFIGZNRSL

0o

No Yes

o1 02

Max cosine across cell lines

o7

Fig. 2. Co-occurrence of TF ChIP-seq peaks in ENCODE cell lines. a) Cell lines and their highly co-occurring TF pairs in percentage and numbers. b) Relationship between
cosine and Z-score for each TF pair within cell line MCF-7. The upper right section (red) indicates pairs selected as highly co-occurring. The lower left section contains pairs
with less-than-expected co-occurrence. c) Selected co-occurring TF pairs sorted by cosine score. Color indicates the number of TF1-TF2 occurrences, size illustrates the Z-
score of the pair. d) The TF pairs identified to have the highest cosine across different cell lines. Only TF pairs present in at least 4 cell lines were included. Each point indicates
the cousine score of the given TF pair (column), distribution of scores across cell lines is indicated by a boxplot. e) Violin plot of median cosine score for all TF interactions with
(right) or without (left) known protein-protein interactions across the 8 cell lines. The significance of the difference in distributions is calculated using the Mann-Whitney U
test. f) Correlation of maximum cosine (across cell lines) and known PubMed association score for TF pairs without known protein-protein interactions. Pairs with high cosine
or high PubMed association are highlighted. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.). (For
interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

outside of promoter regions. However, we also observed that the
percentage of sites found in open chromatin is ranging
from ~95% for POU5F1 to below 10% for CBX8, which highlights
the differences in functionality of individual TFs and co-factors.
Interestingly, we found a number of known pioneer factors includ-
ing PBX1, GATA3 and FOXA3 to be less associated with open chro-
matin than other factors, which reflects their ability to also bind to
closed chromatin.

By performing a distance analysis between the TFBS and anno-
tated genes, we found a strong enrichment of binding sites close to
the TSS, with 80% of these binding sites occurring within 2000 bp
(Fig. 3b). In contrast, when we investigated the more global TF
binding patterns in the context of open chromatin, we found that
the TF binding sites show locational preferences. As TFs are known
to bind to open chromatin, it was not surprising that the vast
majority of TFs are addressing the center region (+/- 25%) of
ATAC-seq peaks, such as shown for ATF2, FOS, ELK1 and the histone
deacetylase HDAC2 (Fig. 3c). However, we also found TFs with their
binding sites located without preference across the whole open
region (EHF; Fig. 3d), as well as some TF candidates with a prefer-
ence to the outer bounds of open chromatin regions (CHD4;
Fig. 3e). This localization of CHD4 is well explained by the fact that
CHD4 has been shown to slide nucleosomes, which are found at the
borders of open chromatin [45]. Overall, the relative locations of
TFBS in open chromatin peaks showed a significant correlation
between cell lines, which confirms that there are groups of TFs
and co-factors with locational preferences regardless of cell type
(Supplementary Fig. S3a).

Within the group of TFs located at the center of ATAC-seq
regions, we also observed CTCF, which has a highly centered
peak around the +/- 15% core of the peak (Fig. 3f). As CTCF is
known to mediate chromatin looping [46], we used TF-COMB
to investigate the co-occurrence of ChIP-seq defined TF sites
with chromatin loop anchor regions as defined by HiC. As
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expected, we found that CTCF had high co-occurrence with loop
regions, and we additionally found SMC3, TRIM22, RAD21,
ZNF143, YY1 and RUNX3 (Fig. 3g). These results are perfectly
in line with previous investigations showing that CTCF, RAD21,
ZNF143, TRIM22 and RUNX3 can accurately predict the position
of chromatin loops [47]. Additionally, SMC3 is an essential com-
ponent of cohesin [48], and YY1 has been shown to mediate 3D
chromatin interactions in collaboration with CTCF [49]. As seen
for CTCF, these proteins likewise show strong positional speci-
ficities within open chromatin (Supplementary Fig. S3b). As such,
the relative positioning of these factors might be an important
mechanism for higher chromatin organization.

Finally, we investigated the higher order binding patterns of
TFs in the context of activating and repressing histone modifica-
tions (Fig. 3h). Since the association of histone modifications
with TFs is not necessarily symmetrical, we used the association
‘confidence’ score, which represents the fractional overlap
between sites. Firstly, we confirmed the association of respective
histone marks to chromatin, and not surprisingly, we found the
active histone marks H3K4me1/2 and H3K27ac to have the high-
est association with open chromatin, and in contrast, the repres-
sive histone marks H3K36me3 and H3K9mel/2/3 with the
lowest association (Supplementary Fig. S3c). Correspondingly,
we found that H3K4me2 and H3K27ac have the highest overall
association with ChIP-seq defined TF targets (Fig. 3i), which
has also been described previously [50]. In contrast, the repress-
ing marks H3K27me3, H3K9mel/2/3, H3K36me3, H4K20mel
and histone variant H3F3A had a low overall association with
TF binding. However, despite the minimal association with open
chromatin and TF binding, we identified factors such as EZH2,
CBX2/3/8, ZNF184, MCM3/5, XRCC3, ZNF280A, SRSF9 and PLRG1
to be prominently overlapping with H3K9me3 and H3K27me3,
while simultaneously being depleted for association with active
histone marks (Fig. 3i). Thus, these proteins have an ability to
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bind in otherwise inactive chromatin, which the majority of
other proteins do not. Indeed, a number of these TFs are mem-
bers of the Polycomb Group of proteins (namely EZH2 and CBX
family proteins), which assemble in multi-protein complexes to
repress genes.

Interestingly, this analysis also highlighted another prominent
cluster of TFs, which is defined by an overall strong association
with active histone marks, but with an exclusive depletion of asso-
ciation with H3K9ac and H3K79me2, which are markers for active
promoters and intragenic regions respectively. This cluster con-
tains several HOX and FOX factors, nuclear receptors NR2E3 and
NR5A2, as well as PBX1, ATOH8 and TP53 among others. Many of
these factors are known to be pioneer factors (TP53 and PBX1) or
part of families with many known pioneers (nuclear receptors
and the FOX family) [51]. However, while some other known pio-
neers also show a decrease in association with H3K9ac (e.g.
FOXA1/2), it is not an universal rule (e.g. NRF1), and the pioneer
hypothesis is therefore not the only explanation for the depletion
of H3K9ac for this cluster. Alternatively, the effect could be
explained by the role of these factors in controlling lineage speci-
fication, as is well described for the HOX factors [52]. Thus, the dis-
covery of TFs specifically co-occurring or restricting binding to
certain histone modifications, can uncover hallmarks of TF binding
to enhancers.

4045

In conclusion, we find that TF-COMB analysis integrating
epigenetic signatures uncovers DNA-binding proteins with loca-
tional specificity corresponding to individual biological functions.

4.4. Co-occurrence analysis utilizing TF footprinting

While we were able to use gold standard ChIP-seq data to iden-
tify positional locations of TFs within larger regulatory regions, this
data comes with some fundamental challenges in the context of
investigating local binding grammar. Mainly, TF ChIP-seq peaks
are several hundred base pairs wide, and thus do not clearly indi-
cate the exact location of TF binding sites. As a result, ChIP-seq will
generally fail to find multiple TF sites from one factor in close prox-
imity, and will lose the information of TF binding orientation,
which impedes the investigation of a higher order of TF binding
grammar from ChIP-seq data. In contrast, the identification of TFBS
through methods such as motif prediction or digital genomic foot-
printing requires only one chromatin accessibility assay per cell
type to estimate binding events for hundreds of TFs in parallel,
while preserving location and orientation of the TFBS (Fig. 4a).
Thus, we obtained ATAC-seq experiments for cell lines A549,
GM12878, HepG2, K562, MCF-7 from ENCODE, and ran our previ-
ously published ATAC-seq footprinting pipeline TOBIAS on the data
[11]. The pipeline identifies bound TFBS on the basis of Tn5 inser-
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tion patterns, which were used to subsequently find co-occurring
TFs with TF-COMB.

Overall, we find both coincident and differing TF pairs when
comparing the co-occurrence of ChIP-seq based and footprinting-
derived TFBS (Fig. 4b). For example, we observed that well-
known factor pairs BATF-JUNB, USF1-USF2 and CREB1-CREM were
found to have high cosine scores in both footprinting and ChIP-seq
analysis. However, we also observed some pairs specifically found
in ChIP-seq data including CTCF-ZNF143 and NFYA-FOS. As the
footprinting analysis is dependent on the presence of sequence
motifs, we performed a global analysis of the presence of motifs
within ChIP-seq peaks, and found the match between ChIP and
motifs to be very different across factors (Supplementary
Fig. S4a). For example, while a high percentage of CTCF sites con-
tain at least one motif, less than 10% of ZNF143 ChIP-seq sites con-
tain known motifs, thus making the CTCF-ZNF143 difficult to
discover from motif-based data. As such, the lack of co-
occurrence between ChIP-seq and footprinting-derived sites can
be partially explained by a lack of identifiable motifs within these
ChIP-seq peaks.

In contrast, there are also a number of co-occurring pairs which
are more commonly found in footprinting data, including FOS-
JUND, ATF3-ATF7 and KLF5-SP1, all of which have very similar
motifs. We also observed self-pairs such as SP1-SP1, which we
could not observe in ChIP-seq due to the lack of resolution of
ChIP-seq peaks. When analyzing the underlying genomic sequence,
we indeed found multiple SP1 motifs in the vicinity of one SP1
ChIP-seq peak, which naturally increases the cosine scores of this
pair for footprinting data (Supplementary Fig. S4b). In general,
we found that the co-occurrence scores for footprinting data are
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correlated with motif similarity to a much higher degree than
the ChIP-seq derived data (Supplementary Fig. S4c). While this is
expected due to motif overlap, the correlation to motif similarity
persists, even when overlapping between sites is disallowed,
which suggests that the effect is not only due to direct motif over-
lap. As is the case for SP1, this effect can arise due to multiple
motifs within peaks, as exemplified by NFYA-NFYC (Supplemen-
tary Fig. S4d). Whereas the association of two ChIP-seq peaks is
only counted once, the co-occurrence of similar motifs will lead
to high scoring pairs for NFYA-NFYA, NFYC-NFYC and NFYA-
NFYC, as these are counted multiple times within the same win-
dow. Thus, TFs do in fact co-occur with similar motifs on two
levels; firstly by direct motif overlap, and secondly by multiple
copies of a motif in close proximity. The latter case suggests a cer-
tain importance of a genomic loci for an individual factor, as mul-
tiple binding sites provide an increased probability of binding -
even in the event of mutations. In conclusion, co-occurrence of
footprinting data reflects ChIP-seq derived data analysis, and addi-
tionally unravels genomic sequence compositions that utilize motif
redundancy at target regions.

The gain of resolution by utilizing footprinting data additionally
allows for a TF distance analysis as exemplarily shown for the TF
TBP, which has a preferred distance of 16 bp to the TSS (Supple-
mentary Fig. S4e), while the ChIP-based analysis did not show
any preferred binding distances to TSS (Supplementary Fig. S4f).
We asked whether this increased resolution also enables the visu-
alization of paired TF footprints and therefore utilized the TF-
COMB plotting module for paired TF sites (Fig. 4c). As exemplarily
shown for the well characterized TF pair JUN-FOS, sites with close
motif distances create one common footprint, and by increasing
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the motif distance of bound sites, the individual footprints appear
distinguishable starting from distances above 20 bp (Fig. 4d). As
footprints are generated by Tn5 transposase cutting patterns, we
conclude that the Tn5 transposase is unable to insert adapters
between closely bound TFs. Thus, in the context of footprinting
analysis, individual footprints might not be directly mappable to
single TFs, but might be the result of several closely bound TFs. This
is an important factor to take into account for future footprinting
algorithms.

As ChIP-seq data is limited to certain factors in each cell type, it
can be tricky to compare co-occurrences between datasets. How-
ever, footprinting analysis contains the same TF motifs across all
cell types, and just differs at the respective footprinting score
levels. Thus, we used our previously calculated co-occurring TFs
based on TOBIAS footprints and added a differential analysis to
the TF-COMB object in order to quantify co-occurring TF pairs
between cell lines in a global manner. As expected, we found the
majority of TF pairs commonly active across cell lines (spearman
correlations 0.8-0.9) (Supplementary Fig. S4g), however, by select-
ing the enriched TF pairs from each contrast, we identified 3.2%
(n=6910) of the potential TF pairs as differentially active between
cell types (Fig. 4e). Not surprisingly, the overall clustering of the
cell lines reflected the respective cell origin, by grouping epithelial
cells (A549 and MCF7), as well as the lymphocyte cell lines
(GM12878 and K562). The cell line specific TF pairs nicely mapped
to the biological background, which included FOXA3-HNF4A for
HepG2 cells, which are well known liver TFs able to program
fibroblasts into hepatocyte-like cells [53], and multiple pairs con-
taining IRF for GM12878-cells, which supports the importance of
these factors in lymphocyte differentiation [54].

Focusing on the prominent changes between HepG2 and MCF-7,
we used TF-COMB to highlight ~1% differential TF pairs specific for
this contrast (Fig. 4f). The changes in expression (log2FC RNA-seq)
of the top 10 TFs between these cell types likewise showed the
majority of the TFs to be upregulated in the cell type, for which
they participate in co-occurring pairs (Fig. 4g). In contrast, we
observed TCF7L1 in many co-occurring pairs in HepG2, while it is
actually downregulated on RNA level in comparison to MCF-7. This
effect might be driven by motif similarity between TFs, as we see
that both TCF7 and TCF7L2, which have highly similar motifs to
TCF7L1, are upregulated in HepG2. Thus, the use of motifs makes
it difficult to directly link motif activity with a certain TF, but inte-
gration of TF expression data might help to uncover which TF is
most likely to be the participating partner in a co-occurring pair.

In summary, we conclude the application of co-occurrence anal-
ysis to digital genomic footprinting data to be a valuable approach
for uncovering global changes of TF co-occurrence and TF binding
grammar between biological conditions. In addition, the associa-
tion of motifs allows to untangle TF relationships driven by motif
similarity and motif redundancy.

4.5. TF binding grammar encodes biological relevance

Considering the higher resolution and completeness of TF bind-
ing activity for motif derived data, we asked if we are able to infer
detailed information on TF binding grammar in the context of local
binding site arrangement. Literature has several examples of highly
regulated enhancers with specific distances and strandedness of
TFs, such as the NFYB-USF1 pair, found at a preferred binding dis-
tance of 17-18 bp in a converged orientation [55] or a preferred
distance of 37 bp for the CTCF-ZNF143 pair [41]. Therefore, we
sought to use TF-COMB to investigate whether these exemplary
binding characteristics are rare, or constitute a more global prop-
erty of TF pairs that allow for a classification of TF pairs and enhan-
cer organization. To be able to uncover the global presence of
grammar in the genome, and not only for the sites which are
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predicted to be bound in the footprinting analysis, we used the full
set of motif positions within the HepG2 ATAC-peak regions as
input for TF-COMB.

Firstly we analyzed the global directionality of TF pairs, and
found that a subset of ~2% of TF pairs exhibit preferential direc-
tionality with more than 60% of sites in either the same or opposite
orientations (Fig. 5a). Of these, the orientations can be further
divided into groups of TF1-TF2/TF2-TF1 and convergent/divergent
for same and opposite groups respectively. While some TF pairs
show equal distribution of the subdivided groups, the split high-
lights an additional preference for the exact order of binding
(Fig. 5b).

Next, we analyzed the preferred distance between TFs using TF-
COMB, and found that 36.6% of all TF pairs exhibit at least one pre-
ferred binding distance (Supplementary Fig. S5a). For the majority
of pairs with a preferred binding distance, exactly-one distance
was predicted (35.5%), while the remaining pairs (1.1%) exhibited
multiple distances (Supplementary Fig. S5b). Among the candi-
dates with predicted preferred binding distances, we found well
established pairs, like THAP11-ZNF143 [56], NFY-USF members
[57] (Fig. 5c¢) and BATF-JUN [58,79] (Supplementary Fig. S5c). In
addition, among others, we found not yet described pairs like
ETV3-ERG. In contrast, E2F2-FOXC2 is an example for a TF pair with
no predicted preferred distance (Fig. 5c). This highlights that pre-
ferred distances between TFs is a global property applicable when
investigating binding grammar. Furthermore, this might also hint
to additional characteristics of grammar, such as changes between
biological conditions. Exemplary, the FOXA2-GATA4 pair, which
was recently described as liver specific [4], differs between HepG2
and GM12878 cell lines (Fig. 5d). In contrast, the ubiquitous pair
NFYB-NFYC, which is known to form the trimeric NFY complex in
collaboration with NFYA [42], remains similar between different
cell lines (Supplementary Fig. S5d). Thus, parallel to the general
co-occurrence analysis, the individual TF binding distances are also
indicative of cell line specific co-occurrence. In addition, by analyz-
ing all distances per TF pair, we detected that many pairs have dis-
tributions of distances which seem to occur with certain
periodicity. One such example is the FOX]J2-SP8 pair, which dis-
plays an apparent structure in the distribution of binding sites, as
it translates to a period of ~20 bp between two peaks (Fig. 5e).
In contrast, we find other pairs with differing periods (Supplemen-
tary Fig. S5e), indicating that individual pairs exhibit different
binding preferences.

In order to evaluate the biological relevance of the preferred
distance sites from a TF pair compared to the non preferred dis-
tance sites from the same pair, we split the data into three groups.
The first group contains all sites corresponding to TF pairs classi-
fied to have no preferred binding distance, which we call “no pref-
erence sites”. The second group covers the sites for TF pairs
classified to have a preferred binding distance, filtered for the “dis-
tance peak” sites, called “preferred distance sites”. Finally, the third
group contains the remaining sites of the TF pairs from the prior
group outside of the preferred binding distance, named “no pre-
ferred distance sites”. Firstly, we hypothesized that the preferred
distance sites represent important functional units, and are there-
fore more likely to occur within regulatory features, such as gene
promoters. Indeed, after annotating all paired sites with UROPA
[59], we found a significant increase of the gene annotation rate
for sites with a preferred distance compared to both groups with-
out preferred distances (Supplementary Fig. S5f). Next, we asked
whether these motif-derived preferred distance sites can be used
as a classifier to discriminate between real binding sites and poten-
tial binding sites. To this end, we overlapped the motif-derived
sites with corresponding ChIP-seq peaks in HepG2 cells (Fig. 5f).
As suggested by our prior findings on the gene annotation level,
we detected a significant increase of overlapping “true” ChIP-seq
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sites for the preferred distance sites group (Supplementary
Fig. S5g). Of note, the TF pairs THAP11-ZNF143 and NFY-USF, both
well described in literature and already found in earlier sections
(Fig. 5¢), were among the pairs showing the strongest differences
(Fig. 5g). This finding holds true when visualizing the distance
plots for the ChIP-seq overlap of both TF sites, only one TF site,
or no overlapping sites, respectively (Fig. 5h). Finally, we combined
distance and orientation analysis, and exemplarily found that the
majority of preferred distance sites for THAP11-ZNF143 are located
in opposite directions, exhibiting a preferred distance around 61 bp
(Fig. 5i). This confirms that the preferred distance and orientation
encodes for true co-occurrence of both factors.

In conclusion, we find that TF-COMB is able to globally uncover
TF pairs that exhibit local binding grammar characteristics such as
TF pair distance, and relative TF orientation. The overlap with ChIP-
seq derived binding sites suggest biological relevance for the pre-
ferred binding distances, a finding that might contribute to future
methods utilizing motifs as an approximation for DNA binding.

4.6. TF network analysis uncovers regulatory complexes

While we have investigated TF binding in pairs using TF-COMB,
TFs often participate in multi-TF modules, which regulate complex
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biological networks through additive or synergistic binding [60].
Therefore, the discovery of these relationships is crucial for under-
standing gene regulation. As a result, TF-COMB can utilize the full
set of TF rules to deduce a network in terms of nodes and edges. In
order to identify potential protein complexes with the network
module, we utilized the ChIP-seq data of TFs, co-factors and other
DNA-binding proteins for the GM12878 cell line from ENCODE.
After initial filtering, TF-COMB generated a core network con-
sisting of 329 edges (TF co-occurrences) and 93 nodes (TFs). The
network view (Fig. 6a) uncovers noticeable substructures, includ-
ing isolated TF clusters not connected to the main network, some
barely interconnected substructures with tight internal links, as
well as dense subgroups, driven by highly interconnected nodes.
In order to quantify this structure, TF-COMB uses the louvain
method for community detection [61], which partitioned the
exemplary network into 8 clusters (Fig. 6a; Supplementary
Fig. S6a left). Not surprisingly when analyzing transcriptional reg-
ulators, GO-term analysis of the individual clusters revealed
enrichment of terms such as “chromatin”, “transcription regulator
complex” and “nucleus” among others (Fig. 6b). However, besides
GO-terms indicative of positive regulation, we also identified clus-
ters, such as cluster 4, enriched for terms related to transcriptional
repression. Further, we annotated cluster 1 to the cohesin complex,
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Fig. 6. Network approach uncovers TF complexes and hubs. a) The GM12878 co-occurrence network. Nodes represent TFs, edges represent associated TF pairs. Edges are
colored by cosine score and sized by the number of associated TF1-TF2 co-occurring sites. Coloring of nodes illustrates Louvain community clustering. Two sub-clusters are
indicated for zooming in c). b) GO-term analysis on TF groups extracted from network clusters (columns). Coloring indicates enrichment for GO terms (rows). ¢) Directional
sub-networks from a). Each arrow represents a dependency defined by the confidence score, e.g. ATF3 is dependent on USF2. Node coloring indicates the number of sites
assigned to the respective TF. Only edges with confidence scores above 0.4 are shown. d) Distribution of node degrees. High node degree is shaded with yellow in the plot. e)
Number of connections per TF (blue), approximates power-law distribution (grey dashed line). f) Table of TFs per cell line with the highest number of interactions (hub
creators) from d). Marked TFs (red) are discussed in the main text. (For interpretation of the references to color in this figure legend, the reader is referred to the web version
of this article.). (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

and cluster 3, containing BATF and JUN, to be enriched for

“transcription factor AP-1 complex”. Of note, we observed many
same-family TFs for cluster 3 (Supplementary Fig. S6a right). Thus,
we wanted to test whether same-family TF pairs are significantly
enriched within individual clusters. Indeed, by randomly selecting
pairs within and between clusters, we observed a significant
increase in percentage of same-family pairs within network clus-
ters (Supplementary Fig. S6b). To summarize, the network analysis
enabled us to identify protein clusters and complexes with partic-
ular biological functionality.

Within the individual clusters, the TF-COMB network analysis
can additionally uncover dependency relationships. For this, a
directional network using the ‘confidence’ score, which represents
the probability that TF2 is found, if TF1 is present, is used. For clus-
ter 1, which includes ZNF143/CTCF/RAD21, all TFs are dependent
on each other, which suggests that these factors bind in a protein
complex (Fig. 6¢; upper). However, in the cluster of USF1/USF2/
RAD51/ATF3, we found USF1 and USF2 to have directional relation-
ships with ATF3 and RAD51 (Fig. 6¢; lower). The association of USF
and RAD51 is supported by a recent study on the location of USF
motifs at RAD51-bound elements [62], however, our analysis addi-
tionally indicates a significant number of RAD51 sites to have a
completely independent role of USF. Interestingly, the network
analysis also reveals ATF3 to be highly connected to USF factors,
but not vice versa, with more than 50% of its binding sites in the
vicinity of USF binding sites. Moreover, the lack of a link between
ATF3 and RAD51 suggests that the interactions with USF are con-
tained in independent regulatory circuits.

Finally, the network representation of TF co-occurrence also
allows to draw conclusions on potential TF hubs, defined as TFs
with many partners in the network. The distribution of node
degrees has an apparent tail, indicating most TFs to have few
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partners, yet some TFs exhibit many co-occurrences with other
factors (Fig. 6d). Noteworthy, we found the networks of most cell
types to follow a power-law distribution, which is a characteristic
of biological networks [63] (Fig. 6e, Supplementary Fig. S6¢). Tak-
ing all cell lines into account, the TFs with the highest node-
degree include MAX, JUN, GATA3 and FOXM1 (Fig. 6f). MAX is
known to orchestrate a large network [64]. Likewise, TFs JUN,
JUNB, JUND, FOS and ATF2 are all part of the AP-1 family of TFs,
which can dimerize, thus explaining the hub characteristics of
these TFs. Interestingly, we also find GATA3, which is a known pio-
neer factor, as well as FOXM1. While FOXM1 is not known to have
pioneer activity, previous publication showing an overlap of 71%
between FOXM1 and FOXA1 binding events [65], thus allows us
to speculate that FOXM1 might indeed be able to function as a pio-
neer in line with FOXAT.

In conclusion, we found network analysis on TF co-occurrence
as a highly flexible tool to explore relationships between transcrip-
tional regulators in a wider perspective and to extract subgroups of
factors as a valuable source for the hypothesis of potential TF
complexes.

5. Discussion & conclusion

This study was performed to demonstrate the functionality and
usability of a new software framework, named TF-COMB, intended
to gather, analyze, visualize and explore data in the field of co-
occurrence and grammar of TF binding. Due to its generalized
setup, TF-COMB is able to help to unravel epigenetic related
aspects of TF binding grammar, such as the interplay of chromatin
accessibility, histone modifications, and gene locations, as well as
local grammar in terms of distance and orientation of TFs. In addi-
tion, TF-COMB allows a broader look at the interdependencies of TF
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co-occurrences in a global network context, which allows to draw
conclusions on the binding of TFs not only in pairs, but also in lar-
ger compositions, including e.g. protein complexes.

The exemplary investigations on widely accepted gold-standard
datasets from ENCODE are intended to illustrate potential analysis
workflows provided via TF-COMB. To this end, we used TF binding
data of both ChIP-seq peaks and motif sites derived from ATAC-seq
based TF footprinting to identify commonalities, as well as unique
aspects that can be derived for each data source. A major strength
of ChIP-seq data was found to be the independence of TF sequence
motifs [66] enabling to calculate co-occurrence of TFs with co-
factors and other DNA-associating factors without known
sequence motifs (e.g. RAD21, SMC3, TRIM22). In contrast, we
demonstrated the advantage of TF footprinting and motif positions
in general, which allow for global and more detailed analysis on TF
binding grammar, as shown in the analysis of distances and orien-
tations between individual TFs. Using the footprinting data, we
found that TFs often co-occur with similar motifs at the same loci,
a characteristic which has already been described to be important
in both promoters and developmental enhancers [67]. These
results hint towards a certain level of redundancy in TF binding,
with similar transcription factors such as FOXA1 and FOXA2 sub-
stituting each other, as described previously [68]. In summary, all
our findings illustrated that the selection of the input data plays
a crucial role in the identification of resulting associations. Soft-
ware design should ideally permit integration of data from various
sources including newly emerging assays. For example, a recent
method has improved on existing footprinting methods by apply-
ing methylation and bisulfite sequencing to interrogate single
molecule footprints in single cells [69], which might therefore help
to reduce the noise of footprinting in bulk samples. TF-COMB is
ready to use such data, and with the advent of more technologies
and available collections of TF binding positions, TF-COMB will
help to further improve the investigation of co-occurrences and
TF binding grammar.

By utilizing a pure motif analysis, we gained high resolution
TFBS data, and could thereby isolate TF pairs which exhibit both
preferred orientation and distance to each other. This, together
with the observation of binding site periodicity, suggests the exis-
tence of a “Goldilocks distance” for many TF pairs, which we define
by a set of locational parameters that probably optimizes complex
building, binding duration or binding itself. The fact that these
locations have significantly higher overlap with both regulatory
features and “real” ChIP-seq derived binding sites, strongly sup-
ports this hypothesis. Of note, as only a minority of TFs are proven
by wet lab based methods to physically interact, the preferred dis-
tance of TF pairs might also represent the right distance for com-
fortably fitting two proteins on the DNA without being sterically
hindered by each other. In other cases, such as seen for the collec-
tive model, binding on the correct side of the DNA might also be
essential in binding of co-factors. However, the majority of TFs
do not show any particular binding grammar. This observation is
not necessarily a rejection of their co-occurring status, but rather
a sign of flexible TF binding. In fact, it has been shown that tran-
sient binding of multiple TFs is a mechanism to compete with
nucleosome binding and keep DNA accessible - a mechanism
known as ‘assisted loading’ [70]. In such cases, the exact location
of TFs might be disregarded, as also observed in the billboard
enhancer model.

Many areas of TF co-occurrence are still open for investigation,
including the correlation of the size of open chromatin in relation
to the number of TFs binding, and how TFs became hub proteins
throughout evolution. For this study, we have focused on the co-
occurrence of TFs within the same regulatory region, but our
results have also identified a number of TFs, including CTCF and
ZNF143, which are highly co-occurring at chromatin loop anchors,
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and are involved in connecting distant regulatory elements. There
is thus an additional layer of 3D co-occurrences built between reg-
ulatory regions, as well as within looped enhancers, which we cur-
rently cannot track with our software. However, we were able to
provide evidence for these structures in our co-occurrence analysis
of histone modifications and TFs, where we found a number of TFs
restricted to enhancer binding, avoiding cis regulatory regions. This
suggests a model of e.g. differentiation, in which cell type specific
TFs primarily control gene expression from regulatory enhancer
elements in trans. This increases regulatory complexity, while
simultaneously preventing spurious activation of target genes by
TFs such as pioneers. Indeed, such regulation of enhancer activity
by formation of topologically associated domains (TADs) is well-
known for the HoxD cluster of genes, which are important for limb
development [71]. Thus, the influence of chromatin organization
should not be disregarded when discussing co-occurrence of tran-
scription factors.

In conclusion, we have used TF-COMB to investigate a variety of
aspects of TF binding grammar. Understanding the effect of TF co-
occurrence is important for uncovering the direct targets of TFs, as
multiple TFs create complicated AND/OR/XOR logic, as known from
studies on systems biology. In particular, TFs such as pioneer fac-
tors can act as primers to subsequent binding of other TFs. It is
therefore of great interest to discover potential sets of co-
occurring TFs for individual cell lineages, and we believe that TF-
COMB represents a valuable resource to identify, study and under-
stand such TF co-occurrences in the context of gene regulation.

6. Figure attribution statement

Plots were produced using TF-COMB framework functionalities,
and using matplotlib and seaborn packages in Python. The graphi-
cal abstract as well as explanatory (sub-)figures were created using
BioRender.com as stated in the individual figure descriptions. Mod-
ule icons as included in Figures 2-6 were taken from Figure 1.
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3 ‘ Discussion

3.1 Challenges of ATAC-seq fooftprinting

This thesis presents the development of the TOBIAS tool to satisfy the need for an ATAC-seq
footprinting tool. In terms of software architecture, TOBIAS is a python package giving access
to different analysis modules, such as ScoreBigwig for calculating footprint scores and BINDetect
for comparing TF binding between conditions. On the front-end, users can query the individual
modules on the command-line, which makes it possible to employ different combinations of tools
and also enables easy integration into existing analysis pipelines. In addition to the Python package,
the analyses for the publication were performed using the supplied pipelines in Snakemake and
Nextflow, which enable a start-to-finish analysis with automatic processing of replicates across several
experimental conditions. Finally, the code for TOBIAS is hosted on github.com, which enables version
control as well as community support through the issues page. This combination of features is novel

in comparison to existing footprinting tools.

An important feature of TOBIAS is the Tn5 bias correction, accomplished by the module named
ATACorrect. Tt is well known that the enzymes used for chromatin accessibility assays have a pref-
erence for certain sequences (Green et al., 2012), and DNase bias has been successfully characterized
and corrected using a simple 6-mer sequence (Martins et al., 2018). However, previous efforts at
bias correction have stated that k-mer based methods are insufficient to fully correct the bias for
ATAC-seq (Martins et al., 2018). This challenge arises because Tnb5 binds as a dimer, and has even
been proposed to create multimeric filament-like structures on DNA (Goryshin et al., 1998). It was
also shown that its protein-DNA contacts are more important than protein-protein interactions for
maintaining dimer binding (Steiniger-White et al., 2004), which indicates that both Tn5 binding
sites must be taken into account for bias correction. In order to overcome this challenge, TOBIAS
estimates Tnb insertion bias using a di-nucleotide weight matrix (DWM), which does not assume
independence of sites (Siddharthan, 2010). ATACorrect uses this bias to estimate the predicted
background, and subtracts this from the observed signal. To this end, TOBIAS successfully un-
covered footprints between unbound and bound subsets. TOBIAS includes implementation of both
PWM and DWM as representations of Tn) bias, and comparisons with existing tools showed that
the DWM model was superior in uncovering ATAC-seq footprints. In conclusion, the application of

a DWM in TOBIAS ATACorrect is an improvement for the capture and correction of Tn5 bias.
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Besides being utilized for ATAC-seq, Tn5 is widely applied across other high-throughput sequenc-
ing methods including chromatin conformation capture assays to map 3D structure of chromatin (e.g.
Dip-C), whole-genome bisulfite sequencing (e.g. Tn5mC-seq), as well as in the CUT&Tag method
(Li et al., 2020). Thus, being able to estimate and correct Tnb bias is not only relevant in the
context of ATAC-seq, but also influences the use of Tnb in other assays, where non-random insertion

probabilities can influence interpretation of results.

While bias correction by TOBIAS improved the number of previously footprintable factors from
20% (Baek et al., 2017) to 65%, the remaining 35% prove that there are still TFs for which footprinting
is intrinsically limited. For example, some TFs might not bind DNA long enough to block Tnb adapter
insertion, and therefore leave no measurable footprints (Sung et al., 2014). Transitive binding of these
TFs might nevertheless increase overall chromatin accessibility by means of collaborative competition
(as described in section 1.2.4). TOBIAS alleviates this issue by taking both accessibility and footprint
depletion into account during scoring. However, the subsequent visualization of a global footprint is
still impossible for many factors. Along these lines, there are also indications that repressors show less
prominent footprints, as these TFs would act to preferentially close chromatin rather than opening
it (Berest et al., 2019). The biological functions of TFs therefore limits the use of footprinting. More

work is needed to unravel the influence of TF binding properties on footprinting results.

3.2 An overview of dynamic transcription factor binding
in ZGA

In the context of early embryonic development and ZGA, limited sample material has previously
hampered large-scale investigations of TF binding within these processes. However, two publica-
tions have provided ATAC-seq data from developing human and mouse embryos, which enabled an
overview of dynamic chromatin changes throughout ZGA. By using the TOBIAS Snakemake pipeline,
it was possible to process and automatically compare TF binding across multiple conditions, in this

case for developmental timepoints 2C, 4C, 8C, inner cell mass (ICM) and mESC/hESC.

A major result of this analysis is the temporal map of TF binding dynamics, which shows distinct
clusters of specific activation patterns. In parallel to this, it was possible to visualize stage-specific
aggregate footprints for a number of TFs known to play a role during early development. For
example, the results showed stage-specific footprints for DUX4 and ZSCAN4 during early ZGA and
8C human stages, respectively. The aggregate footprints also uncovered interesting binding dynamics
of ubiquitous proteins such as CTCF, which showed footprints across all timepoints. CTCF is
a maternally provided factor, explaining its activity prior to ZGA (Wan et al., 2008). However,

keeping in mind that the chromatin of early embryo is highly unstructured, it was surprising to see
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CTCF binding at the 2C and 4C stages. This observation suggests that CTCF binding precedes the
establishment of TADs, perhaps priming chromatin for future 3D organization. It is also possible that
CTCF acts directly as a TF in these cells, as has been shown within oocytes, which are also devoid
of TADs (Wan et al., 2008). Interestingly, in the context of enhancer grammar, it has also been
shown that the orientation of CTCF binding sites is important for the direction of loop formation,
as loops are preferably created by dimerization of CTCF at convergent binding sites (Guo et al.,
2015). Further investigation of the exact positions of CTCF footprints, and the orientation of these
sites, may provide insights into the function of CTCF binding before ZGA.

Besides ATAC-seq, Wu et al., 2016 and Wu et al., 2018 also performed RNA-seq of the same de-
velopmental timepoints, which allowed integration of the changes in expression with the footprinting
analysis. One of the most interesting observations was that while the majority of TFs are expressed
during the time of strongest binding, a large subset is also expressed before. This observation sug-
gests that the dynamics of expression and translation differ, and indeed, a study of proteomics and
RNA-seq data within mouse embryos confirms this assumption (Gao et al., 2017). In the context
of collaborative TF binding, individual TFs might exhibit a temporal shift in occupancy as they
wait for binding partners to become expressed. The differences might also be driven by regulation
of protein stability, as previously shown for KLF4, which gains stability through interaction with
other proteins (Dhaliwal et al., 2019) and Pax8, which is controlled by sumoylation (de Cristofaro
et al., 2009). In the early embryo, these dynamics are also highly affected by the extensive regulation
of maternal mRNAs as described in Section 1.2.6. Technologies like Ribo-seq (Ingolia et al., 2009),
which measures protein translation, might help bridge this knowledge gap. Continued research into
the interplay between gene expression, mRNA stability and translation, and temporal TF binding is

required to fully understand the dynamics between initial TF expression and final target activation.

While previous experimental studies used pooled embryos for bulk ATAC-seq and RNA-seq,
advances in the field of single cell genomics have recently made it possible to quantify both expression
and accessibility at a single cell resolution (Hwang et al., 2018; Cusanovich et al., 2015). Such
methods may help to uncover the variability of individual cells as well as identify subpopulations of
cells during differentiation processes. However, in the context of footprinting, scATAC-seq is limited
by the sparsity of the input signal, as most regions will contain either 0, 1 or 2 counts per cell.
Classical identification of depleted regions is therefore not applicable for single cell data. One way to
solve the issue of sparsity is by joining groups of similar cells into pseudo-bulks during analysis, which
was shown to be powerful in estimating differential expression in scRNA-seq (Squair et al., 2021).
In recent years, new methodologies have been developed for quantification of TF binding in single
cells, such as scCUT&Tag (Bartosovic et al., 2021). Another method to interrogate TF binding in
single cells is known as single-molecule footprinting (Sonmezer et al., 2021). Instead of using Tn5 to

query DNA accessibility, this assay applies recombinant methyltransferases, which cannot methylate
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TF-bound DNA. Combined with bisulfite sequencing, this assay can thereby map footprints across
the genome in single cells. However, as we rely on capturing the TF binding event, all of these
methods suffer from the limitations of TF residence time as discussed in Section 3.1. It will be
exciting to see whether the methods can be tweaked to increase the capture of transiently bound
TFs in single cells, for example by applying cross-linking of TF-DNA interactions or adjusting Tn5

and methyltransferase concentrations, or whether other assays are developed for this purpose.

3.3 Duxis a driver of the 2-cell stage

The global map of TF binding during ZGA uncovered that Dux and DUX4 are active in the early
stages of ZGA in both mouse and human, respectively. Clustering with known maternal factors, this
observation recapitulates previous results, showing that Dux/DUX4 are master regulators of ZGA.
To investigate the direct influence of Dux to drive expression of genes related to ZGA, TOBIAS was

applied to an additional dataset of Duz overexpression in mESCs (Hendrickson et al., 2017).

The analysis presents a global overview of up- and downregulated TF binding between Duz
overexpression and control (mESC). In agreement with the experimental setup, Dux is one of the
most up-regulated TFs, whereas the downregulated TFs include known pluripotency factors, such as
Poubfl, Nanog and Sox2. Interestingly, although Pou5f1 and Sox2 are known to be pioneer factors,
and can induce chromatin accessibility, their binding is limited by Dux overexpression. This is likely
a result of the reversal of these cells into the 2-like state, which is incompatible with the pluripotency
of mESCs. Thus, evidence for an internal hierarchy between pioneer factors was obtained, where
reprogramming by Dux exceeds the effects of Poubfl and Sox2. This hierarchy also explains the
ability of Dux to drive the spontaneous transition of mESCs to 2CLCs in culture. Likewise, it
helps us to understand the detrimental effects of Dux expression in somatic tissues. For example,
facioscapulohumeral dystrophy (FSHD) is a muscle disorder which causes weakness in the muscles of
the face, back and upper arms, and is caused by failure to silence DUX/ in skeletal muscle (Daxinger
et al., 2015). The Duz-family has also been implicated in the development of a number of cancers
including childhood rhabdomyosarcoma (RMS), for which a subset of tumors exhibit a ZGA-like
signature driven by aberrant expression of Duz-family genes (Preussner et al., 2018). This suggests
that Dux TFs are strong regulators of the ZGA program, even outside the bounds of the embryo,

and must therefore be tightly regulated in all other circumstances.

In this context, it is surprising that Duz is expressed in mESCs, and even has a beneficial effect
on maintaining the mESC population. This might be explained by the increased chromatin plasticity
of mESCs, as these cells have yet to make any lineage-decisions which might restrict differentiation

potential (Melcer et al., 2010). However, later in development, when the chromatin landscape is

58



Dux is a driver of the 2-cell stage

locked in a certain direction, the expression of Duz family genes is poorly tolerated. In the case
of FSHD, the expression of Duz triggers muscle degeneration and cell death, whereas RMS can be

caused by Dux-expressing cells, which are no longer under control by apoptotic pathways.

While Dux is clearly able to initiate expression of ZGA genes, recent studies have indicated that
Dux is not strictly essential for successful ZGA (Chen et al., 2019; De Iaco et al., 2020; Bosnakovski
et al., 2021). This observation would suggest that there is a certain robustness of TF functions in
early development and in support of this hypothesis, a recent preprint shows that Obox4 can rescue
the effects of Dux knockout with only minor defects in blastocyst formation (Guo et al., 2022). As
explained in Section 1.2.6, the Obox genes are homologous to human TPRX2, which might suggest
a similar redundant role for TPRX2 in human embryos. A recent study showed that knockout of
TPRX1/2/L led to severe developmental defects and failure to activate ZGA (Zou et al., 2022).
However, if TPRX has a similar function as Obox, it is unclear why DUX4 does not compensate for
the lack of TPRX during early embryogenesis. This might be related to the divergent functionality
of TPRX as a repressor rather than a pioneer factor, but further studies are needed to unravel this

mechanism.

In order to identify potential ZGA regulators, Alda-Catalinas et al., 2020 utilized a single cell
CRISPR activation screen to measure the ability of 230 proteins to induce a 2CLC signature. In-
terestingly, overexpression of a number of genes, including Yapl, Smarcad, Patzl and Dppa2, were
found to initiate expression of 2C genes, including LTRs. However, many of the identified factors are
ubiquitously expressed in adult differentiated tissues. It is therefore not completely clear whether
these proteins play a specific role in ZGA, or whether the plastic chromatin state of mESCs simply
enables conversion into 2CLCs through a variety of pathways. In this context, one has to keep in
mind that the 2CLC state lacks maternal factors otherwise present in the 2C embryo. Moreover,
the 2CLC state is not totipotent but the 2C stage is. Thus, in order to simulate a truly totipotent
state, we must first understand the structure of the epigenetic landscape within endogenous embryos.
Full understanding of the epigenetic landscape is a desirable goal that might facilitate creation of
totipotent cells from mESCs, which, on the other hand, warrants careful ethical considerations, in

particular if such cells are used for the production of artificial embryos.

In summary, the identification of the early embryonic TFs is highly important for understanding
the mechanisms responsible for the success of preimplantation development. Indeed, mutations in
FIGLA, encoding a TF regulating expression of the SCMC proteins, has already been identified as
a cause of premature ovarian failure (Zhao et al., 2008). In addition, early embryonic factors, such
as Zscand, have been shown to enhance reprogramming of fibroblasts to iPSCs (Hirata et al., 2012).
Thus, the continued investigation of early embryonic development will not only have implication for

fertility treatment, but also for the future of cell type reprogramming.
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3.4 Transcription factor co-occurrence

The second paper of this thesis presents TF-COMB, a software package for uncovering co-occurring
TFs using a modified market basket approach. Whereas the original market basket analysis collects
all baskets (genomic regions) in a table, this is not feasible for whole-genome quantification of co-
occurring TFs. Instead, TF-COMB applies a sliding-window approach which increments counts
for co-occurring TFs as they are observed. This enables TF-COMB to handle large amounts of
input data, as well as data from a variety of sources. Similar to TOBIAS, TF-COMB is hosted on

github.com, where a number of tutorials and use-cases are also available.

To validate the method, TF-COMB was first applied to experimentally identified TFBS from
ChlIP-seq, as well as broad ChIP-seq peaks of activating and repressive histone modifications. Through
these investigations, TF-COMB uncovered known TF pairs across multiple human cell types, which
were enriched for known protein-protein interactions. Interestingly, the subsequent integration of hi-
stone ChIP-seq identified a number of TFs with preferential binding to H3K4mel/2/3 and H3K27ac,
but completely abolished binding in regions marked by H3K9ac, H3K79me2 and the H2 variant
H2A.Z. Thus, it seems that these factors are actively avoiding genes, and instead bind to distal
enhancer elements. Indeed, the combination of H3K4mel and H3K27ac is indicative of active en-
hancers, whereas H3K4mel alone represents primed enhancers (Creyghton et al., 2010). The factors
in this group include several HOX and FOX genes, which are important for limb and organ devel-
opment (Hannenhalli et al., 2009; Pearson et al., 2005). In addition, a number of these, including
FOXAT1 as described in Section 1.2.5, have known pioneering abilities. Altogether, the TF-COMB
analysis indicates that these factors are important for cell type specification by defining the grammar
of individual enhancers, rather than directly binding in promoters to regulate gene expression. This
raises the potential of computationally driven characterization of promoter- and enhancer specific

TFs, which will improve our understanding of promoter-enhancer interactions during differentiation.

In the context of the 3D structure of chromatin, TF-COMB was also used to identify the co-
occurrences of TF ChIP-seq with Hi-C chromatin capture maps of the lymphoblastoid cell line
GM12878. The analysis highlighted a number of factors to be associated with loop anchors including
CTCF, TRIM22 and RAD21. However, additional Hi-C experiments across multiple cell types
will be required to understand the potential differences between cell types, such as described for
GATA1/Ldbl in erythrocyte progenitors in Section 1.2.4. New computational methods such as
Clicero for predicting promoter-enhancer interactions from scATAC-seq might help to explain these
variations (Pliner et al., 2018). In addition, a recent method could also predict chromatin loops on
the basis of ChIP-seq of CTCF, RAD21 and ZNF143, which, as also shown by TF-COMB, are highly
associated with loop anchors (Ibn-Salem et al., 2019). Combining predicted genome topology with

60



Transcription factor co-occurrence

co-occurrence analysis will be extremely interesting to uncover TFs involved in long-range chromatin

interactions within individual cell types.

Due to the flexible input format of TF-COMB, it was also possible to quantify the differences
between ChIP-seq and motif-based TF co-occurrences. ChIP-seq is inherently limited by the reso-
lution of peaks. Accordingly, TF-COMB identified the preferred binding distance of TBP to TSSs
from motif sites, which was not found using ChIP-seq peaks. This lack of resolution also means that
multiple binding sites might be perceived as one peak. The comparison of ChIP-seq peaks and motifs
highlighted many examples of this, as self-TF pairs were highly enriched within motif-derived data.
While these might be due to technical effects of motif similarity with homologous factors, homotypic
clusters of TFs have been observed throughout the genome (Ezer et al., 2014). In addition, ChIP-seq
differs from motif data by being able to capture proteins bound to DNA-binding factors, but not
necessarily bound to DNA themselves - a type of binding known as piggy-backing (Kato et al., 2004).
Thus, if two TFs are highly co-occurring in ChIP-seq data, but the pair is not confirmed by motif
data, this might be indicative of piggy-backing behavior. Integration of ChIP-seq and motif analysis
might be interesting for identifying such global characteristics of TF binding, and will be important

for understanding TF binding from a mechanistic point of view.

Another aspect to consider in the correlation between ChIP-seq and motifs is the assumption
that TF binding motifs accurately predict binding of TFs. As described in Section 1.2.3, there are
many additional properties of TF binding, which are poorly covered by the current PWM models.
In addition, without external information such as expression levels of individual TFs, it is difficult
to confidently assign a motif to one TF if several TFs share the same motif. To complicate matters
further, it has been shown that TFs can alter their recognition sites when binding cooperatively with
other TFs (Jolma et al., 2015). To improve in silico prediction of TFBS, the current motif models
need to be extended with information about DNA-binding domain restrictions (Sandelin et al., 2004),
methylation status, DNA shape and the possibility for co-binding TFs. To pursue this goal, the recent
database TFBSshape has been established, which collects data on the influence of both DNA shape
and DNA methylation on the preference of TF binding (Chiu et al., 2020). However, we are still
far from understanding the mechanisms by which TFs obtain target specificity. Furthermore, in the
context of the FAIR and FAIR4RS principles, the establishment of a common file-format for these

multi-modal motifs might turn out to be the greatest challenge of all.

In conclusion, TF-COMB is able to identify known co-occurring TFs and characteristics for bind-
ing. Although not discussed here, it is also able to visualize TFs in a network context. As seen in the
case of Spl and the Spl-like repressors, co-occurrence of factors might indicate competition for the
same binding locations. Adding another layer of individual TF functionalities might help to improve

the interpretation of TF co-occurrence networks.
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3.5 The future of epigenetics research

With the cost of sequencing decreasing faster than predicted by Moore’s law (November, 2018),
application of assays such as ATAC-seq are becoming increasingly relevant to the study of epige-
netic mechanisms. Since publication of TOBIAS in 2020, the software has been used on ATAC-seq
data from a variety of contexts including the study of TF binding in human esophageal carcinoma
(Rogerson et al., 2020), the study of AP-1 binding in injured zebrafish heart (Beisaw et al., 2020),
for identifying mechanisms of color vision in Heliconius butterflies (McCulloch et al., 2022) and for
comparing different cell types within maize (Dai et al., 2022). In conclusion, TF binding is clearly a

focus of research throughout the entire tree of life.

Likewise, future method developments will help to investigate TF binding and epigenetics. In
particular, improvements within the field of single cell sequencing have recently provided new pos-
sibilities for research through multi-omics approaches including parallel quantification of chromatin
accessibility with methylation (Guerin et al., 2021) and transcriptomics (Ma et al., 2020). A recent
method known as Perturb-ATAC combines the effects of scATAC-seq and CRISPR technology to
identify effects of TF knockouts on the chromatin landscape (Rubin et al., 2019). One of the latest
advances in the single cell field is the ability to map chromatin accessibility in correlation with the
spatial location of individual cells (Deng et al., 2022). Thus, rather than studying epigenetic mecha-
nisms in isolation, these combinatorial assays will be instrumental in understanding the interplay of
features within epigenetic regulation. The International Human Epigenome Consortium (IHEC) col-
lects complete reference epigenome maps for various cell types. By integrating data from a number
of international consortia, the IHEC data portal enables analysis of multiple modalities of epigenetic

data, which is paramount for understanding their interplay within each tissue (Bujold et al., 2016).

In parallel with advances in method development, there is a continuous evolution of bioinformatics
solutions. Recently, a number of deep-learning methods utilizing neural networks have emerged, such
as by Yang et al., 2022, which presented a new method for identifying TF binding from ATAC-seq.
Interestingly, this algorithm does not explicitly rely on footprints, but on learning features of Tn5
insertions around occupied TFBS. In the context of motif grammar, Avsec et al., 2021 applied a
deep-learning method to ChIP-nexus experiments and found that the model learned a soft binding
syntax between pluripotency factors Oct4, Sox2, Nanog and Kl4. However, with the development
of increasingly advanced tools, it might be worth to consider the impacts of data storage and heavy
computations on energy and CO4y consumption. In fact, a study recently highlighted that parameters
such as optimizing algorithms, controlling RAM usage and running tools in multiprocessing lowers
carbon emissions (Grealey et al., 2022). With the increasing focus on climate change, the future usage
and development of bioinformatics tools might have to take the carbon footprint into account as well.

Replacement of brute force computing by smart solutions will help to save important resources.
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Finally, through combination of experimental and computational advances, epigenetic research
is starting to be applicable in a clinical context. Drugs such as HDAC inhibitors were the first
epigenetic drugs to be approved for treatment against T-cell lymphoma (Eckschlager et al., 2017). As
discussed throughout this thesis, TFs hold great promise to be used for reprogramming of terminally
differentiated cells (Ulasov et al., 2018). Several studies have already demonstrated the clinical
potential to use TFs for promoting regeneration of damaged tissue (Chen et al., 2021) and for
reprogramming of cancer cells (Gong et al., 2019). Of course, there are several challenges to the in
vivo application of TFs and chromatin modifiers as drugs, including stable delivery of the proteins
to the target cell nucleus, but several delivery systems are currently under investigation, which may
solve such problems (Ulasov et al., 2018). In fact, TFs are already used in the clinic now, as seen by
the drug Gendicine, a viral gene therapy approved by the Chinese food and drug administration for
the treatment of cancer, which works by delivering a wildtype p53 directly to cancerous tumor cells,
thus increasing apoptosis (Zhang et al., 2018). In conclusion, the future is now in terms of method

development for clinical epigenetics using TFs.
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4 Conclusion

This thesis has provided a general overview of epigenetic mechanisms as the drivers of cell type
specification throughout development. In particular, TFs have proven to be especially important for
changing expression of cell type specific genes, but also have great implications for the reprogramming

of cells. It is therefore of great interest to study the ways in which TFs act to regulate gene expression.

The first project focused on the development of a comprehensive tool for identifying occupied
TFEFBS using ATAC-seq data. The results showed that utilizing intrinsic features of ATAC-seq data
can successfully uncover factors which are differentially active throughout embryonic development.
The second project went into more detail with the collaboration of TFs, which is a necessary mecha-
nism of cells to increase the complexity of gene regulatory networks. The analysis uncovered several
characteristics of TF binding, including preferences of TF location in relation to open chromatin, his-
tone marks and 3D genome structure, specific TF-TF binding grammar, and potential TF complexes

through network analysis.

While this thesis has a strong focus on developmental mechanisms, such investigations are equally
important for understanding the maintenance and repair of differentiated tissues. In fact, the study of
early embryonic development has many parallels to reprogramming of cells through dedifferentiation,

and understanding these mechanisms is therefore of high priority for clinical applications.

In the context of understanding the genome map, we are still working on learning how to fold,
read and interpret it correctly (see Figure 1). In a literal way, enhancer-promoter interactions fold
the genome into a 3D shape, which controls gene activation through TF binding, among other
mechanisms. But figuratively, different options of folding the genome map can also represent the
different ways the genome is able to employ different transcriptional programs depending on the
current conformation of the epigenetic landscape. Thus, we still need to study the many different
ways in which the genome map can be configured, and understand how this affects the outcome in

terms of cell phenotype.

In conclusion, while the influence of TFSs in epigenetic regulation is far from understood, the pub-
lications of this thesis have contributed to the investigation of these mechanisms through specialized
bioinformatics software. Ultimately, continuation of such work, particularly in the understanding
of combinatorial logic of TFs within regulatory networks, will further extend our knowledge of TF

binding in shaping differentiation throughout development.
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Al Publication 1: Supplementary figures

8 The TOBIAS Framework

CF W S
Footprinting pipeline Supporting tools
Filtering input data
* ATAC-seq reads (bam) Input . Convert and merge motif files
* Genomic sequence (fasta) FormatMotifs across different formats

* Motifs (pwm)

Cluster similar motifs and

On the basis of the mapped ClusterMotifs create consensus motifs
ATAC-seq reads, ATACorrect across clusters
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corrects the single Tn5 cuts Remove unwanted fragments

ATACorrect  within peak ranges. FilterFragments _ from .bam-file (e.g. blacklist

or plasmid cDNA)

Calculates footprinting scores

using the the corrected cut sites
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* De novo footprinting scores (bigwig)
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Supplementary Figure 1: Overview of the TOBIAS framework tools

The TOBIAS tools are intended for use in a standardized pipeline as shown on the left. ATACorrect and ScoreBigwig
corrects Tn5 cuts and calculates footprint scores respectively. Next, BINDetect introduces information from different
transcription factor binding motifs to predict binding sites both within and across conditions. PlotAggregate is used to
visualize aggregate footprints. Furthermore, a large variety of supporting tools can be used at different stages of the
pipeline (right), such as pre-filtering of .bam-files using FilterFragments or plotting of locus-specific footprints using
PlotTracks.
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Supplementary Figure 2: Tn5-bias correction is crucial for visualization of footprints from ATAC-seq

(a) Comparison of aggregate footprints for transcription factors MAX and NRF1 across different bias-correction
methods in cell type GM12878. Bound and unbound sites are defined by overlap of motif occurrences with ChIP-seq
peaks. The aggregate signals are shown in a 120bp window using uncorrected signals (pileup of Tn5 insertions), TOBIAS
ATACorrect, SeqOutBias and HINT-ATAC correction methods. Aggregate signals for all included TFs and cell types are
found in the Supplementary Data 1. (b) The footprint depth (FPD) of an aggregate footprint is the difference between
the mean of the flank signal and the mean of the footprint signal. Negative FPDs represent a stronger footprint. (c)
Quantification of footprint depths between bound/unbound subsets (as explained in (a)) for different bias correction
methods. N=54 transcription factors per boxplot where the bounds of the box are 25th and 75th percentiles (Q1 and
Q3), the center is the median, and the whiskers are defined as Q1 - 1.5*(Q3-Q1) and Q3 + 1.5*(Q3-Q1). Significance
is calculated by a two-sided Mann-Whitney U-test without adjustments. “Uncorrected” refers to the footprint depths
estimated from uncorrected Tn5 signals. (d) The aggregate footprints for transcription factors JDP2 and FOXD3 across
the uncorrected, expected and corrected Tn5 signals in GM12878. (e) Correlation between depth of footprints for
uncorrected vs. expected footprints (left) and corrected vs. expected footprints (right). The plot consists of FPD values
for N=746 motifs in cell type GM18278. (f) Mixture model of N=746 footprint depths in cell type GM12878. For
uncorrected signals (left), the mixture model shows that 21% of all motifs generate a footprint. For corrected signals
(right), 59% of all motifs to generate a footprint. (g) Significance of observed footprint depths. A null distribution of
random aggregate footprints is created by shuffling the observed aggregate signal values. The observed footprint
depth is compared to the null distribution for each TF, and the significance of the FPD being on the lower tail of the
null distribution is calculated (Z-score; one-sided p-value < 0.01). Source data is provided in the Source Data file.
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Supplementary Figure 3: Comparison of TOBIAS to existing footprinting methods

(a) Comparison of predictive power across different footprinting methods. The auROC (area under the Receiver
Operating Curve) is used as a measure of predictive power for each method and is generated by overlap with ChIP-seq
peaks (limited to chromosome 1). N=217 TF experiments across four cell types. Significance is defined by a two-sided
Mann-Whitney U test without adjustment. (b) Scatterplot comparing the auROC of TOBIAS and msCentipede. Each
point represents one TF based on N=217 paired ChIP-seq/ATAC-seq datasets, which are colored and marked
dependent on the respective cell type the ChIP-seq was performed on. The diagonal line represents equal auROC
between TOBIAS and msCentipede. (c) The auROC of TOBIAS predictions across cell types K562 (n=87), GM12878
(n=54), HepG2 (n=64) and A549 (n=12). (d) The aggregate footprints for true CEBPB binding sites (bound sites verified
by ChIP-seq) in cell line GM12878. The number in the upper-right corner (526) represents the number of CEBPB binding
sites included in the aggregate. (e) Comparison of computing times for footprinting tools. The CPU run time for each
tool is measured across the three tasks of “pre-processing” (only for PIQ), “bias-correction” (only for TOBIAS and HINT-
ATAC) and footprinting (all tools). (f) Calculation of the TOBIAS footprint score. The term w; is the width of the flanking
background left/right, and wyis the width of the footprint. The score is calculated as the difference of the background
mean (positive values) and the footprint mean (negative values). (g) Calculation of the FOS footprint score. The FOS
(Footprint Occupancy Score) is calculated on the basis of the mean signals of the left flank (of width w)), the right flank
(of width w,) and the footprint (of width ws). (h) Comparison of score predictions (N=217 TFs) (as explained in (a)) for
TOBIAS, FOS footprint score on corrected data, and FOS footprint score on uncorrected data. Significance is defined
by a two-sided Mann-Whitney U test without adjustment. All boxplots are defined with the box being the 25th and
75th percentiles (Q1 and Q3), the center being the median, and the whiskers defined as Q1 - 1.5*(Q3-Q1) and
Q3 + 1.5*(Q3-Q1).
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Supplementary Figure 4: Transcription factor activity and expression during mouse and human
development
(a) Depiction of uncorrected footprint aggregates across time points for transcription factors DUX4, ZSCAN4, GATA2
and CTCF. Aggregated Tn5 signals are shown across time points 2C, 4C, 8C, ICM and hESC. The numbers below each TF
name represent the number of binding sites included in the plots. (b) Correlation of footprints and RNA-seq. The left
heatmap (blue) depicts expression of transcription factor clusters in the respective human developmental stages. The
left heatmap (red) depicts the corresponding TOBIAS scores. Spearman column represents the spearman correlation
between TOBIAS/RNA rows. The TF clusters are grouped into “Correlated” (Spearmanz0.2), “shifted” (RNA max value
appears before TOBIAS max value) and “Not correlated” (Spearman<0.2 with no apparent shift in RNA). (c) Dynamic
transcription factor binding during mouse embryonic development. The heatmap depicts the TOBIAS-predicted
footprint scores for 464 motifs during the time points 2C, 4C, 8C, ICM and mESC. The rows are clustered into 6 clusters
using hierarchical clustering. Source data for (b) and (c) is provided in the Source Data file.
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Supplementary Figure 5: Dux binding is visible as footprints and correlate with ChIP-signal

(a) Correction of the Dux footprint using different bias correction methods. The aggregate footprints for N=12095 Dux
binding sites (within ATAC-seq peaks) are shown between Control and DuxOE conditions. The top three panels depict
the uncorrected, expected and corrected signals as calculated by TOBIAS. The bottom panels depict the same sites
corrected by either HINT-ATAC or SeqOutBias methods. (b) A view of the footprinting scores in the promoter of Tdpoz1.
Genomic tracks show corrected ATAC-seq cutsites at 1bp resolution (blue), footprint scores as calculated by TOBIAS
(red), and pileup of reads from Dux ChIP-seq from Hendrickson et al. 2017 (green). Potential Dux binding sites are
highlighted in blue. (c-d) Footprinting correlates with ChIP-signal at multiple genomic loci. Genomic tracks are the same

as described for (b).
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Supplementary Figure 6: Predicted Dux binding site correlates with increase in expression

The figure shows genomic tracks of RNA-seq from embryonic cell stages (blue) and Dux overexpression (red), TOBIAS
footprint scores predicted from Dux overexpression ATAC-seq (green), predicted Dux binding site as well as known
repeats as annotated by RepeatMasker.
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Supplementary Figure S1: Validation of TF-COMB and other tools

a) ROC curve of predictive ability of the assessed tools. Dashed line represents auROC=0.5.
b) Benchmark of runtime for assessed tools with increasing number of TFs analyzed.
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Supplementary Figure S2: Co-occurrence of ChiP-seq peaks across cell lines

a) Intersection count of available TFs ChlP-seq experiments for each cell line combination. Amount of
TFs present in all cell lines highlighted in blue. Number of distinct TFs per cell line are on the left.

b) Correlation of TF-pair cosine values between cell lines.
c) Distribution of correlation values shown in b).
d) Distribution of cosine association scores for TF-pairs with and without PPIs across cell lines.

e) Correlation of cosine scores to PPls with increasing allowed distance between TFs. Max distance
of 50bp is marked with a dashed line.
f) Mean cosine association score with increasing allowed distance between TFs.

g) Cosine association compared to protein similarity of TF-pairs across cell lines. A linear fit is added
in red and the R-squared is added at the left corner for each cell line.
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Supplementary Figure S3: Integration of epigenetic marks for co-occurrence

a) Correlation of TF binding distances(ChlP-seq) in relation to open chromatin (ATAC-seq) between
cell lines. Significance of the correlation is marked with stars, where a p-value of less than 0.01 and

0.001 are marked with “*” and “**”, respectively.

b) Examples of relative TF binding locations within peaks. The x-axis represents the binding location

from center (left) to border (right) of open chromatin peaks.

¢) Association of open chromatin to locations of histone modifications and variants. Each box shows

the association for all cell lines to a specific histone modification.
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Supplementary Figure S4: Additional aspects of co-occurrence of footprinting

a) Fraction of ChIP-seq peaks containing sites of associated TF motifs.

b) lllustration of ChlP-seq peaks (upper blue boxes) in comparison to Tn5 signal (middle track) and
TOBIAS derived footprinting score (lower track) for SP1. Individual TF motif locations are shown as
triangles (upper track).

c) Correlation of cosine score with motif similarity, literature association score, protein similarity and
protein interaction (BioGrid) score respectively per TF pair. Shown for ChIP-seq and footprinting with
overlap allowed and excluded respectively.

d) Same plot as described in b) for NFYA/NFYC.

e-f) Distribution and gain of resolution shown for TBP binding site distances to TSS sites based on
footprinting data analysis e) and ChIP-seq analysis f).

g) Correlation of TF pair cosine scores between cell lines from footprinting derived data.
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Supplementary Figure S5: Additional aspects of binding grammar

a) Percent of TF-pairs that exhibit at least one preferred binding distance (peak) as displayed in c-d).
b) Distribution of TF-pairs (rules) on their number of predicted preferred binding distances.

c) Z-score normalized TF-pair binding counts sorted by distance. Peaks above threshold are
considered preferred binding distance.

d) Difference in binding distance distribution for NFYA-NFYB in HepG2 (left) and GM12878 (right).

e) Periodic binding distance preference for PKNOX2-TFAPA4. Left plot shows the distribution of binding
distances for all co-occurring sites. Right plot shows the calculated autocorrelation, i.e. lag of binding
distances, for the pair.

f) Percentage of sites annotated to genes (using UROPA) per distance class.

g) Proportion of ChlP-seq overlap per distance class.
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Supplementary Figure S6: Network analysis of co-occurrence
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a) The GM12878 co-occurrence network. Nodes are colored on the basis of Louvain community

clustering. On the right a list of TFs per cluster is shown.

b) Distribution of same-family pairs randomly picked from within or between partitions (clusters of a)).
Percent same-family is estimated per subset for 20 randomly selected pairs across n=1000 iterations.
c) Node degree (count) for all TFs of different cell line networks. Node degrees follow power-law

distribution.
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