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2 Summary

This thesis presents two investigations employing computational analysis, an
approach that has become indispensable to study organisms’ genomes and gene
regulation. First, | characterized a mutant cell line using different types of
sequencing data. Second, | developed a computational sequencing analysis tool for
detection of enriched tandem repeats in DNA sequencing datasets. Moreover, |
created and applied a workflow for the design of retrotransposon subfamily-

discriminating quantitative PCR (qPCR) primers.

(I) GADDA45 family proteins have previously been implicated in epigenetic gene
regulation via a mechanism involving R-loops, three-stranded nucleic acid
structures, composed of a DNA:RNA hybrid and a displaced single DNA strand.
Moreover, these proteins have been shown to be involved in the demethylation of
enhancers in embryonic stem cells (MESCs). To shed more light on the exact
mechanism whereby GADD45 proteins regulate gene expression specifically in
mESCs, | analyzed DNA sequencing datasets for triple-knockout (TKO) mESC
mutant cell lines that lack the three GADDA45 proteins. The resulting data suggests
a possible role of GADD45 family proteins in modulating R-loops at enhancer

regions, thereby regulating expression of genes involved in heart-development.

(I1) I developed counTR, a computational tool designed to detect tandem repeat
enrichment in short-read sequencing data. By applying counTR, | demonstrated its
utility not only in uncovering protein binding sites on these repeats, but also in
comparing length of telomeres, regions located at the ends of chromosomes
composed of a special class of tandem repeats implicated in cellular aging.
Moreover, | created and applied a workflow to design qPCR primers with the ability
to discriminate between different subfamilies of Long Interspersed Nuclear Element-
1 (LINE1) retrotransposons. Only one human LINE1 subfamily, L1HS, remains
capable of de novo genome integration with potentially detrimental physiological
consequences. These experimentally validated qPCR primers can aid in

understanding how this and other LINE1 subfamilies are regulated and amplify.



3 Zusammenfassung

Diese Dissertation beschreibt zwei Untersuchungen, die computergestutzte
Analyse einsetzen — eine Methode, die mittlerweile unverzichtbar fur das Studium
von Genomen und Genregulation ist. Erstens charakterisiere ich eine Zelllinien-
Mutante mithilfe von Sequenzierungsdaten. Zweitens habe ich ein Programm zur
Erkennung angereicherter Tandem-Repeats in Sequenzierungsdaten und einen
Arbeitsablauf fur das Design von qPCR-Primern, die zwischen Subfamilien von

Retrotransposons unterscheiden konnen, entwickelt und letzteren angewandt.

(I) Die Proteine der GADD45-Familie sind unter anderem fir ihre Rolle in der
epigenetischen Genregulation bekannt. In diesem Mechanismus spielen R-Loops,
dreistrangige Nukleinsaurestrukturen bestehend aus einem DNA:RNA-Hybrid und
einem DNA-Einzelstrang, eine wesentliche Rolle. Zudem wurden sie mit der
Demethylierung von Enhancern in murinen embryonalen Stammzellen (mESCs) in
Verbindung gebracht. Um die Funktion von GADD45 in der Regulierung von
Genexpression speziell nESCs zu verstehen, habe ich Sequenzierungsdatensatze
fur eine mESC-Mutantenzelllinie, der die drei GADD45 Proteine fehlen, analysiert.
Die Ergebnisse deuten darauf hin, dass die GADD45-Proteine die Formierung von
R-Loops an Enhancer-Regionen modulieren und so die Expression

herzentwicklungsspezifischer Gene regulieren kénnten.

(1) Ich habe das Programm counTR fur die Erkennung von angereicherten Tandem-
Repeats in Short-Read-Sequenzierungsdaten entwickelt und seine Anwendung in
der Identifikation von Proteinbindungen auf diesen Repeats sowie zum Vergleich
der Langen von Telomeren demonstriert. Letztere sind die aus einer speziellen
Klasse von Tandem-Repeats bestehenden Chromosom-Enden, die eine wichtige
Rolle bei der Zellalterung spielen. Dartuber hinaus habe ich einen Arbeitsablauf fir
das Design gPCR-Primern entwickelt, die in der Lage sind, zwischen verschiedenen
Unterfamilien von Long Interspersed Nuclear Element-1 (LINE1)-Retrotransposons
zu unterscheiden, und diesen angewant. Nur eine LINE1-Unterfamilie, L1HS, istim
Menschen zur Transposition in andere DNA-Loci fahig — mit potenziell schadlichen
physiologischen Folgen. Diese speziell designten und experimentell validierten
qPCR-Primer kénnen dabei helfen zu verstehen, wie L1HS und andere LINE1-

Unterfamilien reguliert werden und sich in Genomen amplifizieren.



4 Part |I: Characterization of Gadd45 TKO mESCs

4.1 Introduction

4.1.1 Eukaryotic regulation of transcription via regulatory DNA elements

The rate of gene transcription by RNA polymerases defines the amount of
synthesized RNA (Nudler, 2009). This transcription process can, in eukaryotes, be
regulated by promoters, enhancers, silencers and insulators (Smith et al., 2012)
(Figure 4.1). Among these regulatory DNA elements, promoters are located at the
5' termini of genes, near the transcription start site (TSS), and they contain specific
binding sites for transcription factors (Haberle & Stark, 2018). These proteins bind
directly to DNA, thereby facilitating (or sometimes hindering) the recruitment and
activity of RNA polymerases (Latchman, 1996). Enhancers and silencers are
regulatory DNA regions that, by direct interaction with promoters, can augment or
restrict transcription, respectively (Kolovos et al., 2012). Finally, insulators prevent
promiscuous gene regulation by enhancers or silencers (Raab & Kamakaka, 2010).
These regulatory sequences on DNA are static in their location and can thus, by

themselves, not regulate genes dynamically.

Insulator
Protein
Enhancer mMRNA I
g [
Promoter Gene Silencer

Figure 4.1: Schematic illustrating gene regulatory elements. Thick black line
illustrates double-stranded DNA. Colored boxes represent gene regulatory
elements. TSS represented by a right-pointing arrow. Figure inspired by a figure in
Smith et al. (2012).

4.1.2 Epigenetic regulation of gene transcription in eukaryotes

The term epigenetics was coined in the 1940s by Conrad Waddington who defined

it as “the branch of biology which studies the causal interactions between genes
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and their products which bring the phenotype into being” (Waddington, 1968). The
term has changed since then and is now generally accepted as “the study of
changes in gene function that are mitotically and/or meiotically heritable and that do
not entail a change in DNA sequence” (Wu & Morris, 2001). Such changes are
called epigenetic modifications and encompass modified DNA bases and
posttranslational modifications of histone tails, both of which can regulate or fine-
tune gene expression (Kumar et al., 2018). Unlike regulatory sequences on DNA,
epigenetic modifications can be dynamically set and removed. To regulate gene
expression, epigenetic modifications require readers, writers and erasers, they are
crucial in the shaping of functional differences between cell types and can change

in response to environmental perturbations (Rahman & McGowan, 2022).

4.1.3 Chromatin and epigenetic regulation by histone modifications

In eukaryotic cells, chromosomal DNA is present in a highly organized structure
made up of DNA, RNA, and proteins called chromatin (Gross et al., 2015). Here,
~147 base pairs of DNA are wrapped around histone protein octamers that are
canonically formed by two copies each of histones H2A, H2B, H3, and H4, forming
nucleosomes (Talbert & Henikoff, 2021) (Figure 4.2). The linker histone H1 binds to
the nucleosomal DNA entry/exit site to stabilize the structure (Parseghian, 2015).
Histone amino-terminal tails can be post-translationally modified by acetylation (ac),
methylation (me), ubiquitination (ub) and phosphorylation, among others (Nathan et
al., 2003; Shiio & Eisenman, 2003). Moreover, the canonical histone proteins can
be replaced by histone variants, paralogous histone proteins which can also impact
chromatin structure (Talbert & Henikoff, 2021). Chromatin can be divided into three
different categories, based on its higher-order packaging, histone modifications and
histone variants. The majority of chromatin is present as heterochromatin in a highly
condensed, transcriptionally repressive state and characterized by histone
modifications H3K9me3, H3K27me3 and H3K119ub (Morrison & Thakur, 2021).
The second state, euchromatin, has a more open, transcriptionally permissive
structure and is characterized by histone modifications H3K4me3, H3K27ac and
H3K36me (Morrison & Thakur, 2021). The third state is called centromeric

chromatin and mainly functions in cell division (Muller & Almouzni, 2017).



Chromosome —>

Nucleosome——>

Methylation

Figure 4.2: Major epigenetic modifications. Within cells, DNA is organized into
chromosomes, composed of chromatin. Here, DNA is wrapped around histone
proteins, forming nucleosomes. The histone proteins within those nucleosomes can
be modified at their amino-terminal tails. Moreover, the cytosine DNA base can be
modified by addition of a methyl group (CHs;), forming 5fC. Such DNA methylation
commonly occurs symmetrically on opposing CpG dinucleotides (A: adenine, C:
cytosine, G: guanine, T: thymine). Figure adapted from Ren et al. (2024) licensed
under CC BY 4.0 (https://creativecommons.org/licenses/by/4.0/).

While gene regulatory elements are static, they can be dynamically modified
through histone modifications. For instance, H3K4me1 is generally present in
enhancers (Kubo et al., 2024), whereas the presence of H3K27ac in enhancers
distinguishes their active from their poised state by exclusive presence in the former
(Creyghton et al., 2010). Meanwhile, H3K27me3 is considered to be a histone
modification classically found in promoters to repress transcription (Jiang et al.,
2024), while acetylation marks generally stimulate transcription (Vaid et al., 2020).
Histone acetylation marks are written by histone acetyltransferases and erased by
histone deacetylases, while histone methylation is catalyzed by histone
methyltransferases and removed by histone demethylases (Yang et al., 2022).
These histone modifications can then be recognized by reader proteins with
downstream functions (Musselman et al., 2012) or directly influence the

transcription rate of RNA polymerases (Tanny, 2014).
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4.1.4 Epigenetic regulation by DNA methylation

DNA methylation refers to the addition of a methyl group to the DNA base cytosine,
converting it to 5-methylcytosine (5mC) (Moore et al., 2013). Cytosine methylation
is catalyzed by DNA methyltransferases (DNMTs) and occurs, with rare exceptions,
within CpG dinucleotides (Davletgildeeva & Kuznetsov, 2024). CpG dinucleotides
are palindromic, i.e. a 5’-CpG-3’ on one strand base-pairs with a 5’-CpG-3’ on the
opposing strand. DNA methylation at CpG dinucleotides occurs typically on the
cytosines on both DNA strands (Hua et al., 2024). After DNA replication and cell
division, each daughter cell inherits one DNA strand already bearing methylated
cytosines and a newly synthesized strand lacking the modification. The
maintenance DNMT, DNMT1, can recognize such hemi-methylated sites and
restore symmetrical methylation patterns by adding a methyl group to the cytosine
on the unmethylated strand (Robert et al., 2003). Many eukaryotic gene promoters
contain CpG islands (CGls), short genomic regions with a high frequency of CpG
dinucleotides (Moore et al., 2013). CGls are commonly unmethylated, allowing for
active gene transcription, but can become methylated, leading to gene silencing
(Moore et al., 2013). Gene silencing by DNA methylation in promoters is achieved
by inhibition of transcription factor binding or recruitment of repressor proteins
(Jurkowska & Jeltsch, 2010). However, DNA methylation can also be found within
the bodies of highly expressed genes, where it is thought to prevent spurious
transcription initiation (Neri et al., 2017). DNA methylation also plays important roles
in genomic imprinting, X-chromosome inactivation and the silencing of transposon

expression (Sergeeva et al., 2023).

Cells can actively demethylate DNA by catalytically oxidizing 5mC to 5-
hydroxymethylcytosine (5hmC), 5-formylcytosine (5fC) and 5-carboxylcytosine
(5caC) via TET enzymes (Onodera et al., 2021) (Figure 4.3). The oxidized cytosine
derivates 5fC and 5caC can then be replaced by unmodified cytosines by the base
excision repair (BER) mechanism mediated by the protein TDG (Slyvka et al., 2017).
While 5mC is commonly preserved after cell divisions through maintenance
methylation by DNMT1, 5hmC, 5fC and 5caC are not (Slyvka et al., 2017) (Figure
4.3). Thus, these marks become gradually diluted out over successive cell cycles.

Moreover, inhibition of DNMT1 can prevent maintenance methylation, leading to
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passive DNA demethylation (He et al., 2017). Conversely, TET1 was also shown to
mediate recruitment of Polycomb-related factors in order to mediate gene silencing
(van der Veer et al., 2023). In a seemingly contradicting fashion, TET proteins can

thus have a gene activating or gene repressive role.

\J T | | |
NH, o
DNMTs )j‘/% TETs )j‘ﬂou TETs So TETs N/ﬁﬁ‘\OH
ZJ = 1 =
Dll\lA
c 5mC 5hmC sfC 5caC
A TDG+BER l |

Figure 4.3: TET-mediated DNA demethylation. Cytosine is initially converted to
5mC by DNMTs. Through TET1-mediated oxidation, 5mC is sequentially
transformed into 5ShmC, 5fC, and 5caC. The modified bases 5hmC, 5fC, and 5caC
can be gradually diminished through successive DNA replication rounds, while 5fC
and 5caC can be actively restored to unmodified cytosine via TDG-mediated BER.
The C5 position of cytosine is highlighted in yellow. Figure from Zhang et al. (2023)
licensed under CC BY 4.0 (https://creativecommons.org/licenses/by/4.0/).

4.1.5 R-Loops: Genome instability vs. epigenetic control

R-loops are three-stranded nucleic acid structures comprised of a DNA:RNA hybrid
as well as a displaced single-stranded DNA (ssDNA) (Kim & Wang, 2021) (Figure
4.4). These structures can form cotranscriptionally, in cis, when a newly synthesized
RNA re-anneals to its DNA template strand (Hegazy et al., 2020). Cis R-loops are
frequently associated with RNA polymerase pausing and can also result from
collisions between the transcription and replication machinery (Niehrs & Luke,
2020), particularly in large genes where transcription extends beyond a single cell
cycle, making such collisions inevitable (Hegazy et al., 2020). As a result of
hybridization between an RNA strand and a distant homologous DNA strand, R-
loops can also form in trans (Niehrs & Luke, 2020). A prominent example of R-loop

formation in trans occurs in the bacterial CRISPR mechanism, in which guide RNAs
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are used to target specific proteins to homologous viral sequences, resulting in R-

loops that facilitate cleavage and destruction of viral genomes (Pacesa et al., 2022).

DNA

RNA

Figure 4.4: Schematic of an R-loop. R-loops are three-stranded nucleic acid
structures composed of a DNA:RNA hybrid and a displaced ssDNA. Figure adapted
from Hegazy et al. (2020).

Due to vulnerability of the exposed ssDNA and due to collisions between the DNA
replication machinery and R-loops, R-loops are a source of genome instability
(Stratigi et al., 2024). Hence, cells have developed strategies to promote R-loop
resolution and regulate R-loop formation to ensure preservation of their genome
integrity. R-loop removal is facilitated by helicases, topoisomerases, and
ribonucleases (RNases) (Xu et al., 2024). Helicases like SETX and AQR unwind
the DNA:RNA hybrids, thereby counteracting R-loop persistence (Yang et al.,
2023). Topoisomerases TOP1, TOP2 and TOP3B alleviate torsional stress that can
lead to R-loop formation, especially in highly transcribed regions, reducing the
likelihood of accidental R-loop accumulation (Saha & Pommier, 2023). RNases H1
and H2 specifically degrade the RNA strand in DNA:RNA hybrids, thus resolving R-
loops and restoring double-stranded DNA configuration (Zhao et al., 2018). These

mechanisms minimize the potentially harmful impact of R-loops.

Originally exclusively considered to be harmful byproducts of transcription, R-loops
have since been shown to function as epigenetic regulators of transcription. R-loops
are capable of modulating gene expression through chromatin accessibility and
recruitment of regulatory proteins (Fazzio, 2016). Via interaction with chromatin-
modifiers, the presence of R-loops can result in histone modification or changes in
DNA methylation. As a result, transcriptional activity may be induced or inhibited
depending on chromatin context and genomic location. Additionally, R-loop
presence can work as a barrier for RNA polymerase, inducing its pausing and

thereby modulating gene expression (Zardoni et al., 2021). Thus, R-loops can be
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termed double-edged swords. While posing risks to genome stability, they also play

a role as epigenetic regulators that impact transcription dynamics.

4.1.6 The GADDA45 protein family

The growth arrest and DNA damage-inducible 45 (GADDA45) protein family is a
group of small (17-18kDa), strongly acidic, evolutionarily conserved proteins.
GADD45 family proteins are categorized into the L7Ae/L30e/S12e RNA-binding
ribosomal protein superfamily (Huang et al., 2024; Sytnikova et al., 2011). In both
humans and mice, this family consists of three paralogs: GADD45a, GADD45b, and
GADD45g. By interacting with one another or by binding other cellular proteins,
GADDA45 proteins have the ability to form both homodimers and heterodimers
(Kovalsky et al., 2001). Lacking intrinsic enzymatic activity, these proteins carry out
their functions via recruitment of other cellular proteins and are involved in diverse
processes, such as cell growth, DNA repair, apoptosis, and function as suppressors

of tumorigenesis and autoimmune response (Sytnikova et al., 2011).

GADD45 family proteins play a key role in a number of cell signaling pathways,
including pathways associated with stress response, cell cycle regulation through
cyclin-dependent kinases (CDKs), and DNA repair. In response to environmental
stresses, all three GADD45 family members are able to activate mitogen-activated
protein kinase kinase kinase 4 (MEKK4) to induce apoptosis via the p38 and JNK
pathways (Takekawa & Saito, 1998; Tamura et al., 2012). Moreover, GADD45a has
been shown to directly interact with and activate p38 MAP kinase (Bulavin et al.,
2003). Opposing the pro-apoptotic role of the GADDA45 family proteins, GADD45b
has also been shown to prevent JNK activation by inactivation of MAP kinase kinase
7 (MKK7) through direct binding and inhibition of its catalytic function, resulting in
an antiapoptotic effect (Gupta et al., 2006).

41.7 GADD45a: An R-loop reader initiating TET1-mediated DNA
demethylation

This lab previously described a mechanism in which GADD45a acts as an R-loop

reader that binds directly to an R-loop formed in the promoter region of the TCF21
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gene in the human HEK293T cell line (Arab et al., 2019) (Figure 4.5). This R-loop
is formed by the long noncoding RNA (IncRNA) TARID transcribed in antisense
direction to the TCF21 gene. GADD45a recognition of this R-loop leads to the
recruitment of TET1, triggering oxidative demethylation of the nearby DNA and,
consequently, activation of TCF21 expression (Arab et al., 2019). This discovery
highlights a new layer of gene regulation in which R-loops, long considered
transcriptional byproducts, serve as regulatory elements capable of guiding
epigenetic modifiers to specific genomic regions. Whether this mechanism operates

more generally beyond a single cell type or promoter currently remains unknown.

Demethylated (ncRNA
CaGl

Figure 4.5: lllustration of GADD45's gene regulatory role in the TCF21 locus.
GADDA45 binds to the R-loop formed by the antisense INncRNA TARID in the TCF21
promoter and recruits TET, which induces oxidative demethylation. As an effect of
R-loop formation in CGls, de novo DNA methylation by DNMT3 may be inhibited.
Figure adapted from Niehrs and Luke (2020).

4.1.8 GADDA45 proteins are involved in the demethylation of enhancers in
different embryonic mouse cell lines

In Schafer et al. (2018), this lab showed that in mouse embryonic fibroblasts
(MEFs), GADD45a binds to enhancers that are functionally dependent on the
binding of the proteins C/EBPb and C/EBPd (Figure 4.6). Cooperatively with ING1,
which binds to promoters occupied by the transcription factor E2F, GADD45a
promotes the demethylation of such C/EBPb/d-binding enhancers via long-range
chromatin loops. Mice deficient for both GADD45a and ING1 showed premature
aging symptoms as a manifestation of an impaired GADD45a-ING1-C/EBP

interaction.
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NGls4s,

Figure 4.6: Model illustrating chromatin looping between distant GADD45a
and ING1-bound regions in MEFs. GADD45a occupies C/EBP-dependent
enhancers and interacts with ING1-bound promoters. Figure from Schéfer et al.
(2018) licensed under CC BY-NC 4.0 (https://creativecommons.org/licenses/by-
nc/4.0/).
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In 2019, this lab explored the function of GADD45 proteins in mESCs — pluripotent
cells that mirror the inner cell mass at implantation in early mouse development
(Schile et al., 2019). By generating GADD45 TKO mESC clones using
CRISPR/Cas9 and comparing them to wild-type (WT) controls, the authors found
that the absence of GADD45 genes led to aberrant hypermethylation at enhancers
and other loci normally undergoing TET-mediated DNA demethylation (Schile et
al., 2019). Additionally, GADD45 TKO cells displayed a reduced population of “2C-
like” cells, which resemble the two-cell stage embryo, a pivotal developmental
phase marked by zygotic genome activation and widespread chromatin
reorganization (Schile et al., 2019). Mice deficient for Gadd45a and Gadd45b were
shown to be sublethal, with surviving mice displaying phenotypic abnormalities
characteristic of neural tube closure defects, reinforcing the critical role of GADD45
family members during embryogenesis (Schule et al., 2019). Schule et al. (2019)
concluded that GADD45 proteins facilitate locus-specific DNA demethylation at
TET-target enhancers and are required for normal cycling into the 2C-like state in
mESCs, highlighting their importance in regulating early murine development.
However, the mechanism remains unclear, and a direct link between the observed
effects on enhancers and GADD45’s R-loop binding activity (Arab et al., 2019) was

not established.
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4.1.9 Mapping chromatin-bound proteins genome-wide using sequencing
methods

A comprehensive understanding of gene regulation by proteins or epigenetic marks
requires genome-wide knowledge of their genomic target sites. Chromatin sites
enriched for bound proteins or modified histones can be mapped on a genome-wide
scale using methods like Chromatin Immunoprecipitation sequencing (ChlP-seq) or
Cleavage Under Targets and Tagmentation sequencing. Such techniques are
typically based on bulk short-read sequencing (Kaya-Okur et al., 2019; Nakato &
Sakata, 2021), though single-cell adaptations are also available (Bartosovic et al.,
2021; Grosselin et al., 2019). ChlP-seq involves first crosslinking the target of
interest to chromatin, then fragmenting the chromatin, immunoprecipitating the
target-bound fragments using an antibody, and finally purifying and sequencing the
retrieved DNA fragments (Barski et al., 2007; Johnson et al., 2007). The more recent
CUT&Tag method utilizes a primary antibody specific to the protein or histone
modification of interest, followed by incubation with a secondary antibody to amplify
the amount of antibodies binding at those sites (Kaya-Okur et al., 2019). A fusion
construct of protein A and the Tn5 transposase then recognizes and binds the
antibodies, positioning Tn5 to cut the DNA near the target and add sequencing
adapters. After DNA purification, the resulting fragments are sequenced. (Kaya-
Okur et al., 2019). Both methods result in enriched reads originating from binding-
sites of the respective target and can be computationally analyzed by read mapping
with subsequent peak calling of enriched regions (Cheng et al., 2024; Eder &
Grebien, 2022). Moreover, comparing normalized read counts at identified peaks
across different conditions allows for the detection of differential binding dynamics
(Cheng et al., 2024; Eder & Grebien, 2022).

4.1.10 Genome-wide R-loop mapping by sequencing

Mapping genomic R-loop sites can be essential for understanding their role in gene
regulation and genome stability. The laboratory of Frédéric Chédin developed the
first R-loop mapping method called DNA-RNA immunoprecipitation sequencing
(DRIP-seq) (Ginno et al., 2012). DRIP-seq uses the DNA:RNA hybrid-binding
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antibody S9.6 to specifically enrich for chromatin regions containing these hybrid
structures (Sanz & Chédin, 2019). Several additional R-loop mapping methods have

been developed subsequently. R-loopBase (https://rloopbase.nju.edu.cn) catalogs

eleven distinct methods, each relying on either the S9.6 antibody or mutated
RNase H enzymes (or their hybrid-binding domains) that retain R-loop-binding
capacity without degrading the RNA (Lin et al., 2022). These techniques differ in
both methodology and the information they capture; some are limited to locating R-
loops within the genome, while other (strand-specific) methods can additionally
identify which DNA strand forms the DNA:RNA hybrid and which strand is left as
displaced ssDNA (Chédin et al., 2021). Similar to ChlP-seq and CUT&Tag, R-loop
mapping data is commonly analyzed using a workflow of read alignment, peak
calling, and differential enrichment analysis. Unlike ChlP-seq and CUT&Tag
protocols, which typically do not provide strand information, strand-specific R-loop
techniques require reads to be separated by DNA strand before peak calling. This
separation is essential to identify which DNA strand generates the enrichment.
Using this information, it can be inferred which strand contains the DNA:RNA hybrid
and which one is left as displaced ssDNA. While the approaches described in this
section rely on bulk short-read sequencing, it should be noted that variants adapted
for single-cell analysis and long-read sequencing have also emerged (Lu et al.,
2023; Malig & Chédin, 2020).

4.1.11 Mapping of DNA methylation

Understanding which genomic loci are methylated and how their methylation status
changes under different conditions is crucial for uncovering the role of DNA
methylation in gene regulation. DNA methylation is commonly studied genome-wide
with base-resolution by bisulfite sequencing techniques. In whole genome bisulfite
sequencing (WGBS), bisulfite-treatment converts unmodified cytosines and also
5fC and 5caC to uracil while 5mC and 5hmC stays unaltered (Booth et al., 2013).
When bisulfite-treated DNA is sequenced, unmodified cytosines, 5fC and 5caC are
basecalled as thymines, while 5mC (but also 5hmC) is read as cytosine and can be
detected as a methylated base by methylation caller programs after read mapping
(Booth et al., 2013; Wreczycka et al., 2017). However, because WGBS typically
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requires extensive sequencing coverage, its application can be relatively costly.
Reduced representation bisulfite sequencing (RRBS) is another bisulfite
sequencing-based approach that focuses on CpG-rich regions of the genome. In
RRBS, genomic DNA is digested with the restriction enzyme Mspl, which
specifically recognizes and cuts at CCGG sites (Heyward & Sweatt, 2015). This
selective digestion enriches regions dense in CpGs, including many CGls. By
limiting sequencing to these enriched fragments, RRBS protocols reduce the
required sequencing coverage, making it a more cost-effective alternative to WGBS

while still offering single-base resolution.

5mC DNA immunoprecipitation sequencing (DIP-seq), also called methylated DNA
immunoprecipitation sequencing (MeDIP-seq), is an alternative approach for the
genome-wide mapping of DNA methylation. 5mC DIP-seq enriches for methylated
DNA fragments by using an antibody specific to 5mC, followed by high-throughput
sequencing (Maamar et al., 2021). While 5mC DIP-seq does not provide single-
base resolution, it is more cost-effective than WGBS, as it generally requires lower
sequencing coverage. Moreover, unlike RRBS, 5mC DIP-seq is not confined to
CpGe-rich regions, enabling a more comprehensive assessment of the methylome.
5mC DIP-seq can be analyzed in a similar manner to ChlP-seq or CUT&Tag by

read alignment, peak calling, and differential enrichment analysis (Li et al., 2010).

DNA methylation arrays offer another economical alternative to sequencing
approaches by targeting only predefined CpGs. In these arrays, bisulfite-converted
sample DNA fragments are hybridized to specific DNA probes for methylated and
unmethylated fragments (Jiménez et al., 2021). Signal intensities from methylated
and unmethylated probes can be compared to determine methylation levels at
specific CpG sites (Jiménez et al., 2021). Specialized software packages are

available for the analysis of such methylation arrays (Sahoo & Sundararajan, 2024).

4.1.12 Studying transcriptomes using sequencing methods
To understand how differential binding of chromatin- or DNA interactors and
epigenetic marks affects the transcription of genes, transcriptomes of samples in

different conditions, e.g. knockout and WT, can be compared. For this purpose, bulk
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RNA sequencing (RNA-seq) is commonly employed. Typically, RNA-seq is
performed by isolating RNA from a population of cells, reverse-transcription of the
RNA into complementary DNA (cDNA), and sequencing (Hrdlickova et al., 2017).
Although both short-read and long-read RNA-seq protocols are established, short-
read RNA-seq remains widely used. After sequencing, reads are usually aligned to
a reference genome, and normalized read counts are compared between conditions

to identify differentially expressed genes (DEGs) (Deshpande et al., 2023).

In addition to transcriptome sequencing in bulk, RNA-seq can also be performed at
the single cell level to profile gene expression within individual cells (Haque et al.,
2017). Moreover, multiple nascent RNA sequencing methods are available, e.g.
Global Run-On sequencing (GRO-seq) and Precision Run-On Sequencing (PRO-
seq) both of which specifically measure transcripts that are actively being
synthesized (Wang et al., 2018). When integrated with datasets profiling chromatin
interactors or DNA modifications, transcriptome sequencing methods can reveal
correlations with changes in gene expression and eventually aid in hypothesis

generation for the underlying mechanisms driving those changes.

4.1.13 Thesis aims

GADDA45 family proteins have been implicated in epigenetic gene regulation by (1)
initiating TET1-mediated DNA demethylation after binding to R-loops (Arab et al.,
2019) and (2) the DNA demethylation at enhancers in MEF cells and mESCs
(Schafer et al., 2018; Schile et al., 2019). The aim of this first part of my thesis was
to further investigate the mechanism by which GADD45 proteins regulate gene
expression in mESCs. Specifically, | assessed whether the data would support a
model in which GADDA45 proteins bind to R-loops and facilitate TET1-mediated DNA
demethylation and whether they influence epigenetic marks at enhancers. To
achieve this, | characterized Gadd45 TKO mESC lines by analyzing sequencing

data generated by collaborators.
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4.2 Results

4.2.1 Comparison of R-loop mapping methods

In this chapter, | analyze collaborator-generated R-loop mapping datasets to guide
the selection of a suitable mapping method for comparing R-loop levels between
WT and Gadd45 TKO mESC lines in a future chapter. Numerous R-loop mapping
sequencing strategies making use of a number of different molecular tools like the
S9.6 antibody, catalytically dead RNase H1 (RNH) enzyme or RNH’s DNA:RNA
hybrid-binding protein domain (HBD) are available. While all R-loop mapping
methods attempt to provide information on the genomic loci of R-loops, the methods
can be separated into strand-specific and non-strand-specific R-loop mapping
methods, depending on whether they provide information on the DNA strand

containing the DNA:RNA hybrid as well as the looped-out ssDNA strand or not.

First, | compared non-strand-specific R-loop mapping methods. Khelifa Arab (this
lab) established and applied the CUT&Tag method using the S9.6 antibody, HBD
and enzymatically inactive E. coli RNH (ecRNH) in mESCs. | analyzed the newly
generated CUT&Tag data and compared it to a publicly available DNA-RNA
immunoprecipitation sequencing (DRIP-seq) dataset generated from mESCs (Sanz
& Chédin, 2019) that | reanalyzed in a comparable manner. For each of the newly
generated CUT&Tag datasets, peaks were called against an RNH-treated sample,
whereas DRIP-seq peaks were called without control since no control sample was
provided in the dataset. Visual inspection of two representative loci showed that the
three CUT&Tag-based methods generate visually similar tracks, whereas the DRIP-
seq signal differs considerably in shape (Figure 4.7). Peak intersection between the
four methods indicated that ecRNH peaks are mostly a subset of S9.6 CUT&Tag or
HBD CUT&Tag peaks, and DRIP-seq peaks have a rather small overlap with the
CUT&Tag-based methods, whereas S9.6 CUT&Tag and HBD CUT&Tag
substantially overlap (Figure 4.8a). All three CUT&Tag-based methods showed a
substantial promoter bias (Figure 4.8b,c), most notably ecRNH, where more than
fifty percent of called peaks localize to promoters (Figure 4.8c) and absolute
quantification generally showed a low number of peaks outside of promoter regions

(Figure 4.8d). Meanwhile, DRIP-seq also generated a relatively large fraction of
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peaks within other gene regions (Figure 4.8b,c), most prominently towards the
transcription termination site (Figure 4.8b). In absolute numbers, S9.6 CUT&Tag
and HBD CUT&Tag had roughly twice as many promoter peaks as ecRNH or DRIP-
seq (Figure 4.8d). The most striking difference in absolute peak numbers between
all four methods was observed in distal intergenic regions, where S9.6 CUT&Tag
generated approximately twice as many peaks as HBD CUT&Tag and six to seven
times as many peaks as ecRNH or DRIP-seq. In terms of peak size, S9.6 CUT&Tag
and HBD CUT&Tag generated the largest peaks, with median sizes around 450bp

and means around 600bp.
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Figure 4.7: Visualization of selected loci for non-strand-specific R-loop
mapping methods. R-loop mapping browser tracks for two representative R-loop
containing loci around the Actb (left) and Gapdh gene (right). Upper part shows
normalized read coverage for different untreated R-loop mapping methods and
superimposed RNH-treated samples, if available. Bottom part shows R-loop
mapping peaks along with annotated nearby genes. Peaks were called from the
untreaded R-loop mapping sequencing data against the respective RNH sample, if
available, otherwise against genomic background. (CxT: CUT&Tag).
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Figure 4.8: Peak statistics for non-strand-specific R-loop mapping methods.
(a) Peak intersection, (b) peak distribution in annotated genes, (c) relative and (d)
absolute genomic feature distribution and (e) peak size distribution for peaks up to
2000bp length for S9.6 CUT&Tag, HBD CUT&Tag, ecRNH CUT&Tag and DRIP-
seq data. (CxT: CUT&Tag). Details on intersections of multiple genomic regions in
Material and methods 6.1.9.
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The previously described R-loop mapping methods do not provide any information
in regard to the strand on which the DNA:RNA hybrid and the looped-out ssDNA
strand reside. Therefore, Gaurav Joshi (this lab) established and applied a strand-
specific DRIP-seq (strDRIP-seq) protocol with nuclease S1 treatment and chromatin
fractionation via either restriction enzymes (REs) or sonication. Moreover, K. Arab
performed the strand-specific Kethoxal-assisted single-stranded DNA sequencing
(spKAS-seq) protocol (Wu et al., 2022) on mESCs. | developed customized
pipelines to analyze these datasets. For both strDRIP-seq protocols, peaks were
called against RNH-treated samples, whereas spKAS-seq peaks were called
against an input sample due to poor RNH-sensitivity (not shown). All three methods
generated visually distinct browser tracks, with the sonicated strDRIP-seq protocol
having the clearest strand separation but often generating peaks in transcription
direction that covered whole or large parts of genes (Figure 4.9). Intersection
analysis showed a large agreement between the two strDRIP-seq protocols, but
neither of them agreed well with the peaks generated using the spKAS-seq protocol
(Figure 4.10a). Peaks called from the strDRIP-seq datasets had a transcription
termination site (TTS) bias (Figure 4.10b), whereas spKAS-seq preferentially
generated promoter peaks (Figure 4.10b,c,d) and sonicated strDRIP peaks showed
an underrepresentation of promoter regions (Figure 4.10b). The most striking
difference in absolute numbers was observed in gene body regions, where
sonicated strDRIP-seq generated the most peaks (Figure 4.10d), which is
consistent with the previously observed coverage of large parts of genes in the
visual assessment of the tracks (Figure 4.9). spKAS-seq and RE-digested strDRIP-
seq generated peaks with comparable sizes, with median peak sizes around 400bp
and mean peak sizes of roughly 500bp. Meanwhile, sonicated strDRIP-seq
generated much larger peaks, with a median around 750bp and a mean of more
than 2000bp. In Table 4.1, | summarized the key findings derived from analyzing

and comparing the tested R-loop mapping methods.

GADD45a has been shown to bind the R-loop-forming antisense INncRNA TARID in
the human TCF21 promoter and initiate TET1-mediated demethylation, thereby
modulating TCF21 transcription (Arab et al., 2019). Differential regulation of R-loop
levels as a downstream effect of GADD45-binding has till date not been reported,

but is plausible since R-loop formation is a transcription-dependent process. If

24



Chr5: 142,900,215-142,909,625 . Chré: 125,157 ,515-125,167,299 ] Forward

6.2 [ 1kb 59 [ 1kb Reverse
0 -y & P 0 spKAS-seq
6.2 [ 5.9 [
0 0 spKAS-seq Input
6.2 [ 59 [
0 - 0~ M strDRIP-seq (RE/S1)
6.2 [ 59 [
0 : 0 strDRIP-seq (RE/S1) RNH
6.2 [ 5.9 [
0 : 0 strDRIP-seq (Soni./S1)
6.2 [ 5.9 [
0 0 strDRIP-seq (Soni./S1) RNH
— — — spKAS-seq Fwd
— — — e — spKAS-seq Rev
m — — _— o m— = - = strDRIP- seq RE/S1) Fwd
— — — —— — — strDRIP -seq (RE/S1 Rev
— — — = strDRIP-seq (Soni./S1 Fwd
— - = strDRIP-seq (Soni /S Rev
—
=HH =G —f?—l—
Actb Iffo1 “
Eapdh

Figure 4.9: Visualization of selected loci for strand-specific R-loop mapping
methods. R-loop mapping browser tracks for two representative R-loop containing loci
around the Actb (left) and Gapdh gene (right). Upper part shows normalized read
coverage for different untreated R-loop mapping methods and respective input or
RNH-treated samples. Bottom part shows R-loop mapping peaks along with annotated
nearby genes. Peaks were called from untreated R-loop mapping sequencing data
against respective input or RNH-treated sample (Fwd: Forward strand, Rev: Reverse
strand).
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Figure 4.10: Peak statistics for strand-specific R-loop mapping methods. (a)
Peak intersection, (b) peak distribution in annotated genes, (c) relative and (d)
absolute genomic feature distribution and (e) peak size distribution for peaks up to
3000bp length for strDRIP-seq with RE digestion and nuclease S1 treatment
(RE/S1) or sonication and nuclease S1 treatment (Soni./S1) and spKAS-seq data.
Details on intersections of multiple genomic regions in Material and methods 6.1.9.
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Gadd45 TKO mESCs are indeed affected by substantial differential promoter R-
loop formation, it may be interesting to distinguish between R-loops formed by
antisense INcRNAs and those formed in the same direction as gene transcription,
thus a strand-specific protocol is required. Due to concerns over sonicated strDRIP-
seq potentially capturing gene transcription signal and due to spKAS-seq’s apparent
superior ability to capture promoter R-loops, spKAS-seq was deemed to be the most

suitable method to compare WT versus Gadd45 TKO cell lines in a later chapter.

Table 4.1: Comparison of tested R-loop mapping methods. Comparison
includes subjective rating of R-loop mapping capabilities of different genomic
regions based on plots shown in Figure 4.8 and Figure 4.10 and visual assessment.

$9.6 CxT HBD CxT ecRNH CxT DRIP-seq ; spkAS-seq strDRIP-seq strDRIP-seq
' (RE/S1) (Soni./S1)

Core reagent S9.6 Ab HBD ecRNH S9.6 Ab | Ns-kethoxal S9.6 Ab $9.6 Ab
Peaks 47,354 36,919 12,492 26,529 1 19,967 39,880 105,631
Mean peak size 599bp 445bp 606bp 499bp 1 463bp 550bp 2080bp
Median peak size 454bp 363bp 468bp 328bp 1 360bp 423bp 734bp
Strand-specific no no no no | yes yes yes
RNH-sensitivity high high high n.t. | poor high high
Promoter peaks*  ++/++ ++/++ +/++ +/++ |+ +/+ ++/-
Gene body peaks* +/- +/- -/- +++ I -/- +/+ +/+
Gene 3’ peaks* =/~ =/~ =/ +/+ I=/- +/++ +/++
Intergenic peaks* ++/++ +/+ -/+ -/+ '+ +/+ ++/+

CxT: CUT&Tag, Ab: Antibody, n.t.: not tested, ++: very high, +: high, -: low, *: first
rating compares method to other tested methods in the same category (non-
stranded/stranded) by absolute peak numbers, second rating compares peaks
counts for the respective genomic region relative to other regions within that same
method, vertical dashed line separates methods strand-specific and non-strand-
specific methods.

4.2.2 Karyotyping and selection of Gadd45 TKO mESC clones

To study the function of GADDA45 proteins in mESCs, sequencing data from Gadd45
TKO mutant mESC clones is compared with WT control clones in a later chapter.
Gadd45 TKO mutant cell lines are engineered to be unable to synthesize functional
GADD45a/bl/g proteins. Matched WT and Gadd45 TKO mutant clone cell lines will
hereafter be referred to as Gadd45 TKO clone set. An mESC Gadd45 TKO clone
set that was previously generated in our lab (Schule et al., 2019), hereafter Gadd45
TKO clone set 1, turned out to be likely hypomorphic with incomplete deletion of the
Gadd45 coding sequence (unpubl. data). Therefore, Lars Schomacher (this lab)
generated Gadd45 TKO clone set 2 using CRISPR/Cas9 technology in two steps.
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For Gadd45 TKO clones, a Gadd45g single knockout (SKO) mutant was first
created and then used as a parental clone for independent Gadd45a and Gadd45b
knockouts in a second step. WT clones were analogously mock-treated and picked
in two steps. Eventually, Gadd45 TKO clone set 2 consisted of clones TKO86,
TKO266, TKO273, TKO279, WT1, WT3, WT7 and WT12. The Gadd45 TKO clones
were later confirmed to lack the complete coding sequence for both alleles of the
three paralogous Gadd45a, Gadd45b and Gadd45g genes (not shown).

To detect potential undesired chromosomal copy number alterations in Gadd45
TKO clone set 2, Khelifa Arab performed whole genome sequencing (WGS) with
pooled WT and pooled Gadd45 TKO samples. | estimated the chromosome-wise
copy number differences between the two groups from normalized WGS read
counts per chromosome (Figure 4.11a). The analysis suggested a 1:1.5 ratio in
chromosome 8 copy numbers, hinting at a possible chromosome 8 trisomy in
Gadd45 TKO clones. Moreover, the mitochondrial genome showed a ~1:2.8 ratio,
indicating mitochondrial gain in Gadd45 TKOs or loss in WT. Since the analysis was
performed on pooled samples for all Gadd45 TKO and WT clones, and since it was
not definitely clear whether the relative results indicated chromosome 8 gains in
Gadd45 TKO samples or chromosome 8 loss in WT, Gaurav Joshi validated the
results by quantitative PCR (gPCR). In brief, he selected five loci on chromosome
8 and a control locus in an intergenic region on chromosome 10 and measured their
amplification rate relative to the mean amplification rate of four independent loci on
other chromosomes by qPCR for each clone in the Gadd45 TKO clone set 2. The
gPCR experiment indicated a 1.3 to 1.5-fold increased signal for the loci on
chromosome 8 (Figure 4.11b), confirming that a substantial fraction of cells in all
TKO clones from Gadd45 TKO clone set 2 clones have chromosome 8 trisomy. Due
to concerns over confounding effects resulting from the copy number differences
influencing results in TKO versus WT comparisons and to test whether the copy
number differences are a reproducible consequence of the lack of GADD45
proteins, Lars Schomacher generated Gadd45 TKO clone set 3. In brief, he first
generated and picked two independent Gadd45g SKO mESC mutants, SKO19 and
SKO50 by using CRISPR/Cas9. These SKO mutants were then used as parental
clones for independent Gadd45a and Gadd45b knockouts in a second step. SKO19
gave rise to TKO clones TKO259 ParSKO19, TKO271_ParSKO19,
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TKO353_ParSKO19 whereas parental clone SKO50 was used to generate
TKO81_ParSKO050, TKO83_ParSKO50, TKO330_ParSKO50 and
TKO379_ParSKO50. Mock-treated WT control clones were generated and picked
analogously in two steps. Parental WT clone Par2 was used to generate WT1_Par2,
WT3 Par2, WT4 Par2 and WT5 Par2, whereas WT3 Par7, WT4_Par7,
WT5_Par7 and WT6_Par7 were generated from parental WT clone Par7.
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Figure 4.11: Gadd45 TKO clones in Gadd45 TKO clone set 2 have
chromosome 8 trisomy. (a) Estimated fold differences in chromosome copy
number from pooled WT and TKO WGS samples. (b) gPCR signal for five loci on
chromosome 8 (SIx7ab5, Aars, Nsd3/Whsc1l1, Ucp1, Hmox1).
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To test for chromosomal copy-number alterations, Khelifa Arab performed a WGS
for each clone in Gadd45 TKO clone set 3. For each sample, | estimated the fold
change in chromosome copy numbers in relation to the median chromosome copy
number in all samples. The results suggested approximately a 20% reduction in
chromosome 14 signal in WT clones with parental clone Par7, i.e. clones
WT3_Par7, WT4_Par7, WT5_Par7, WT6_Par7 (Figure 4.12). Moreover, a roughly
30% reduction in chromosome Y signal was observed for all Gadd45 TKO clones
originating from SKO50, ie. TKO81 ParSKO50, TKO83 ParSKO50,
TKO330_ParSKO50 and TKO379_ParSKO50 (Figure 4.12). Additionally, WT
clones originating from parental clone Par2, as well as Gadd45 TKOs generated
from parental clone SKOS50 had a higher mitochondrial genome copy number than
WT clones originating from Par7 and TKO clones generated from SKO19 (Figure
4.12). Gaurav Joshi performed RNA-seq using all clones from Gadd45 TKO clone
set 3 to confirm the successful knockout of Gadd45 transcripts at the mRNA level.
| analyzed the sequencing data and visualized the gene expression in the three
Gadd45 loci that were targeted by CRISPR/Cas9. The results indicated that for all
but one TKO clones, the coding sequences of all three target genes Gadd45a
(Supplementary Figure 4.1), Gadd45b (Supplementary Figure 4.2) and Gadd45g
(Supplementary Figure 4.3) were successfully knocked out. TKO clone
TKO259 ParSKO19 had minor but visible Gadd45a expression (Supplementary
Figure 4.1) and while for TKO379_ParSKO50, the coding sequence for all three
target loci was successfully knocked out, there was a visible up regulation of 3’UTR

expression in Gadd45b (Supplementary Figure 4.2).

| thus decided to exclude clones WT3_Par7, WT4_Par7, WT5_Par7, WT6_Par7
due to increased loss of chromosome 14, TKO259 ParSKO19 due to visible
Gadd45a expression and TKO379_ParSKO50 due to abnormal Gadd45b 3’'UTR up
regulation. Additionally, TKO353 ParSKO19 was excluded due to visual
abnormalities of the cells’ morphology (internal lab communication). This means in
turn that clones WT1 Par2, WT3 Par2, WT4 Par2, WT5 Par2, and
TKO271_ParSKO19, TKO81_ParSKO50, TKO83_ParSKO50,
TKO330_ParSKO50 remained to be used in upcoming analyses. Since the latter
three share an approximately 30% reduced chromosome Y signal, it was important

to investigate which parts of chromosome Y were lost to assess the risks of potential
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effects that might impact future WT versus TKO comparisons. Visual inspection of
the mapped Gadd45 TKO clone set 3 WGS data on chromosome Y indicated that
large parts of chromosome Y (approximately chrY:8.4Mb-82.1Mb) have indeed
been lost in TKO clones TKO81_ParSKO50, TKO83_ParSKO50,
TKO330_ParSKO50 and TKO379_ParSKO50 (Figure 4.13). Importantly, regions
towards both chromosome ends, (approximately chrY:0-8.4Mb and chrY: 82.1Mb-
91.7Mb), including the region containing the important “sex-switch” gene Sry were

confirmed to be present (Figure 4.13).

4.2.3 Differential gene expression in Gadd45 TKO mESC clones

| aimed to understand the role of GADD45 family proteins in transcriptional
regulation. Thus, to determine transcriptionally misregulated genes, as a first step,
RNA-seq in WT and Gadd45 TKO mESC was performed by Gaurav Joshi. |
performed a differential expression analysis, which resulted in 1,056 up and 936
down regulated genes (FDR < 0.01). As expected, Gadd45a and Gadd45b were
among the strongest down regulated genes by fold-change and false discovery rate
(FDR) (Figure 4.14a). Principle component analysis of the samples resulted in a
clustering of all samples by genotype (Figure 4.14b). It should be noted that
TKO271_ParSKO19, the only TKO clone not affected by increased chromosome Y-
loss, clustered separately from the other TKO clones in respect to principal
component 2 (PC2). GO enrichment analysis and KEGG analysis of significantly up
regulated genes resulted in an enrichment of synthesis of small molecules,
mitochondrial energy generation and neuronal diseases (Figure 4.14c,e), whereas
down regulated genes resulted in an enrichment of terms related to heart
development and signaling pathways such as MAPK signaling (Figure 4.14d,f).
Consistent down regulation of heart development genes across all Gadd45 TKO
clones was confirmed by visual assessment, with selected genes shown in
Supplementary Figure 4.4. KEGG visualization of the diabetic cardiomyopathy
pathway indicated an up regulation of all mitochondrial electron transport chain

complexes (Supplementary Figure 4.5).
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Previous unpublished results of this lab showed a reduced myocardium thickness
in mice deficient for Gadd45a and Tet1 (unpubl. results). Accordingly, |
concentrated on the subset of down regulated genes corroborating the involvement
of GADDA45 proteins in heart development. To test whether the differentially down
regulated heart development genes impact cardiac differentiation, Gaurav Joshi
performed in vitro cardiac differentiation of WT and Gadd45 TKO embryoid bodies
(EBs). For this, he mimicked in vivo cardiac differentiation by inhibition of BMP4 and
Whnt signaling at specific time points and performed RNA-seq at day 10 and 12 of
differentiation. Ettore Zapparoli (this lab) mapped and counted resulting reads. |
performed GO enrichment analysis of the differentially expressed genes in Gadd45
TKO EBs (FDR < 0.01). Down regulated genes in Gadd45 TKO EBs were enriched
for GO terms associated with heart development (Figure 4.15a,b), suggesting a
potential impairment in this process. WT EBs at day 10 of differentiation showed
spontaneously beating regions, comparable to rhythmically contracting
cardiomyocytes during in vivo heart development, while in Gadd45 TKO EBs, the
number of beating EBs was significantly reduced (Figure 4.15c). These results
support the hypothesis that GADD45 family proteins are involved in and required

for the cardiac differentiation process.

4.2.4 Mapping chromatin accessibility in Gadd45 TKO mESCs

To understand whether the observed changes in gene expression in Gadd45 TKO
mESCs are linked to differential open chromatin, an Assay for Transposase-
Accessible Chromatin with high-throughput sequencing (ATAC-seq) was performed
by Rintu Umesh (this lab). | called a total of 10,1615 consensus peaks for WT clones
and performed a differential chromatin accessibility analysis, which resulted in 431
down and 582 up peaks (FDR < 0.05) with the “up” peaks displaying a preference
to localize to promoter regions (Figure 4.16a,b). Motif search in the up ATAC-seq
peaks resulted, among others, in an enrichment for motifs bound by the KLF family
of transcription factors, including the pluripotency factor KLF4, as well as motifs
bound by the nuclear receptors NR4A1, NR2F2 and ESRR (Figure 4.16¢). “Down”
ATAC-seq peaks showed an enrichment in motifs bound by AP-2, a transcription

factor crucial for the development of neural crest cells, as well as motifs bound by
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Figure 4.15: Gadd45 TKOs have a cardiac differentiation defect. GO
enrichment analysis for Gadd45 TKO down regulated genes at (a) day 10 and (b)
day 12 of cardiac differentiation. (¢) Bar graph shows percentage of beating EBs
at day 10 of in vitro cardiac differentiation of WT and Gadd45 TKO mESCs.
Experiment by Gaurav Joshi (~120 EBs per genotype were analyzed, statistical
significance tested by two-tailed unpaired Student’s t-test, ****: p-value <0.0001).

the pluripotency factor NANOG and the TEAD family of transcription factors
involved in muscle and heart development (Figure 4.16d). GO enrichment analysis
in up ATAC-seq peaks resulted in a functionally diverse set of terms (Figure 4.16e),
while GO enrichment analysis in down ATAC-seq peaks resulted in terms related to
development of different structures (Figure 4.16f). Intersection between differential
ATAC-seq peaks and differentially expressed genes (DEGs) suggests a trend of up
DEGs overlapping with up ATAC-seq peaks and down DEGs overlapping with down
DEGs (Figure 4.17). This is expected since a state of increased open chromatin
enables an increased binding of transcription factors, RNA polymerases and other
factors, while decreased binding due to more condensed chromatin causes the
opposite. However, the large majority of DEGs cannot be explained by direct

intersection with differential open chromatin (Figure 4.17).
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Figure 4.16: ATAC-seq analysis of Gadd45 TKO mESCs. (a) Relative genomic
feature distribution of WT consensus ATAC-seq peaks (ATAC-seq WT) for
reference and Gadd45 TKO up (ATAC-seq up) and down regulated (ATAC-seq
down) peaks. (b) Absolute genomic feature distribution of ATAC-seq up and
ATAC-seq down peaks. Motif enrichment analysis results in (¢) up and (d) down
regulated ATAC-seq peaks. GO enrichment analysis in (e) up and (f) down
regulated ATAC-seq peaks.
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Figure 4.17: Majority of Gadd45 TKO mESC DEGs cannot be explained by
differential open chromatin. Intersection of differential Gadd45 TKO ATAC-seq
peaks with Gadd45 TKO DEGs. DEGs were extended 3kb upstream to include
promoter regions in the overlap analysis. Details on intersections of multiple
genomic regions in Material and methods 6.1.9.

4.2.5 R-loop mapping Gadd45 TKO mESCs

GADD45a has been previously shown to directly bind to a promoter antisense R-
loop, thereby inducing TET1-mediated DNA demethylation and inducing
transcription (Arab et al., 2019). Whether this process can modulate the
transcription of the DNA:RNA hybrid-forming RNA and alter cellular R-loop levels is
unclear. To assess differential R-loop content in Gadd45 TKO mESCs, Khelifa Arab
performed spKAS-seq in WT and Gadd45 TKO mESCs. | called a total of 19,967
consensus peaks in WT cells and differential comparison resulted in 109 spKAS-
seq peaks with increased and 98 spKAS-seq peaks with decreased occupancy in
Gadd45 TKOs (FDR < 0.05). Differential peaks, similar to WT consensus peaks,
mostly located to promoters or enhancers and R-loop orientation in respect to the
closest gene did not appear to play a role (Figure 4.18a,b). GO enrichment analysis
of up spKAS-seq peaks resulted in an enrichment of genes involved in genomic
imprinting, whereas down peaks were enriched in terms related to rRNA processing
(Figure 4.18c,d). Differential spKAS-seq peaks intersected with only few DEGs
(Figure 4.18e). Given the limited overlap between altered R-loops and Gadd45 TKO
DEGs, it appears unlikely that aberrant R-loop levels within the loci of Gadd45 TKO

DEGs are responsible for their differential expression.
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Figure 4.18: spKAS-seq analysis of Gadd45 TKO mESCs. (a) Relative genomic
feature distribution of WT consensus spKAS-seq peaks (spKAS-seq WT) for
reference and Gadd45 TKO up (spKAS-seq up) and down regulated (spKAS-seq
down) peaks. (b) Absolute genomic feature distribution of Gadd45 TKO spKAS-seq
up and spKAS-seq down peaks. Sense and antisense indicate spKAS-seq peak
orientation relative to closest annotated gene. GO enrichment analysis of (¢) up and
(d) down regulated spKAS-seq peaks. (e) Intersection of differential spKAS-seq
peaks with DEGs in Gadd45 TKO mESCs. DEGs were extended 3kb upstream to
include promoter regions in the overlap analysis. Details on intersections of multiple
genomic regions in Material and methods 6.1.9.
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4.2.6 Impact of Gadd45-loss on TET1-binding and DNA methylation

GADD45a was previously shown to recruit TET1 in order to initiate TET1-mediated
DNA demethylation at the human TCF21 promoter (Arab et al., 2019). To
investigate whether TET1-binding is impaired in mESCs that lack GADD45 family
proteins, Rintu Umesh performed TET1 CUT&Tag in WT and Gadd45 TKO mESCs.
My analysis resulted in 61,881 TET1 consensus peaks in WT mESCs. Interestingly,
6,403 peaks had significantly increased TET1 occupancy, while 1,513 peaks were
significantly decreased in Gadd45 TKO mESCs (FDR < 0.05). Increased TET1
peaks were predominantly enriched in promoters, whereas the feature distribution
of depleted TET1 peaks sites was rather comparable to WT consensus TET1 peaks,
albeit with a decreased promoter fraction (Figure 4.19a,b). GO enrichment analysis
for TET1 up peaks yielded a wide variety of terms, whereas TET1 down peaks were
associated with neuron-related processes (Figure 4.19c,d). TET1 up peaks
intersected well with both up and down DEGs in Gadd45 TKOs (Figure 4.19e).

To test whether the increased TET1-binding in Gadd45 TKOs may explain the
DEGs in Gadd45 TKO mESCs, | conducted a GO enrichment analysis for the DEGs
intersecting with the Gadd45 TKO TET1 up peaks. The resulting GO terms (Figure
4.20a,b) largely resembled the previously obtained GO terms for the DEGs without
TET1 up peak intersection (Figure 4.14c,d). Increased TET1 binding could thus be

responsible for the misregulation of these genes.

TET1 can function as a demethylase. The previously observed increase in TET1-
binding at both Gadd45 TKO up and down DEGs may thus result in depleted DNA
methylation levels at these loci. Therefore, Yulia Kargapolova (this lab) compared
DNA methylation levels in WT versus Gadd45 TKO mESCs via lllumina Infinium
Mouse Methylation BeadChip. Differential analysis was performed separately for (1)
differentially methylated promoters, (2) differentially methylated gene bodies and (3)
differentially methylated tiles. The analysis resulted in substantial differential DNA
methylation in Gadd45 TKOs: (1) 1,094 hyper and 3,251 hypomethylated
promoters, (2) 782 hyper and 2,279 hypomethylated gene bodies and (3) 10,029
hyper and 13,305 hypomethylated tiles. Notably, hypomethylation was more
prevalent than hypermethylation, particularly within gene bodies and promoters. |

intersected promoters and gene bodies with differential DNA methylation with the
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Figure 4.19: TET1 CUT&Tag analysis of Gadd45 TKO mESCs. (a) Relative
genomic feature distribution of WT consensus TET1 peaks (TET1 WT) for
reference and Gadd45 TKO up (TET1 up) and down regulated (TET1 down) peaks.
(b) Absolute genomic feature distribution for up and down TET1 peaks. GO
enrichment analysis of (¢) up regulated and (d) down TET1 peaks. (e) Intersection
of differential TET1 peaks with DEGs in Gadd45 TKO mESCs. DEGs were
extended 3kb upstream to include promoter regions in the overlap analysis. Details
on intersections of multiple genomic regions in Material and methods 6.1.9.
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Figure 4.20: Association of increased TET1-binding with altered gene
expression in Gadd45 TKOs. GO enrichment analysis results for Gadd45 TKO
TET1 up peaks intersecting with Gadd45 TKO (a) up and (b) down DEGs.
Gadd45 TKO up and down DEGs and TET1 up peaks. The large majority of DEGs
did not directly intersect with hypo- or hypermethylated promoters (Figure 4.21a,b)
or gene bodies (Figure 4.21c,d) in Gadd45 TKOs. This suggests that shifts in DNA
methylation on DEG loci likely have only a limited impact on their gene expression
changes. Nevertheless, within the subset of genes that did intersect with altered
methylation, up DEGs (Figure 4.21a,c) were more closely associated with increased
TET1-binding and hypomethylation than down DEGs (Figure 4.21b,d). The
observation of hypomethylation at genes with increased transcription and TET1
occupancy is consistent with TET1’s role as a demethylase involved in gene
activation. Conversely, genes with decreased transcription and increased TET1
binding showed a less pronounced intersection with hypomethylated regions. This
is in line with TET1’s gene-repressive role that functions independent of changes in
DNA methylation. In summary, while differential TET1-binding may contribute to
gene regulatory differences observed in Gadd45 TKOs, its impact likely occurs

largely independent of altered DNA methylation at these specific loci.

4.2.7 Gadd45 TKO mESCs show dysregulated enhancer epigenomes

This laboratory has previously shown GADD45a to be involved in the demethylation
of enhancers in mouse embryonic fibroblast (MEF) cells (Schafer et al., 2018).
H3K4me1 and H3K27ac are known as enhancer-defining histone marks (Cheng et

al., 2014; S. Fu et al., 2018). H3K4me1 marks both active and poised enhancers
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Figure 4.21: Intersection of Gadd45 TKO DEGs with TET1 up peaks and
regions of differential methylation. Intersection of Gadd45 TKO (a) up and (b)
down DEGs with TET1 up peaks, hypermethylated and hypomethylated
promoters. Intersection of Gadd45 TKO (c) up and (d) down DEGs with TET1 up
peaks, hypermethylated and hypomethylated gene bodies. Differentially
methylated promoters and gene bodies were obtained by Yulia Kargapolova via
Infinium Mouse Methylation BeadChip. Details on intersections of multiple
genomic regions in Material and methods 6.1.9.
(Kubo et al., 2024), whereas H3K27ac distinguishes active from poised enhancers
by its exclusive presence in the former (Creyghton et al., 2010). To investigate a
possible role of GADD45 family proteins in writing or erasure of histone marks with
functions in active enhancers, CUT&Tag experiments for H3K4me1 and H3K27ac

were performed in WT and Gadd45 TKO mESCs by Rintu Umesh.

| called a total of 20,655 H3K4me1 consensus peaks in WT mESCs. Despite being
known as a classical enhancer mark, most H3K4me1 peaks in the WT consensus
peaks localized to promoters, with distal intergenic regions being only the second
most common genomic feature (Figure 4.22a,b). Enhancers are typically in
intergenic regions or intronic (Panigrahi & O'Malley, 2021). Differential comparison
revealed 2,341 peaks with significantly increased and 2,817 peaks with significantly
decreased H3K4me1 occupancy in Gadd45 TKO mESCs (FDR < 0.05). While the
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Figure 4.22: H3K4me1 CUT&Tag analysis of Gadd45 TKO mESCs. (a)
Relative genomic feature distribution of WT consensus H3K4me1 peaks
(H3K4me1 WT) for reference and Gadd45 TKO up (H3K4me1 up) and down
regulated (H3K4me1 down) peaks. (b) Absolute genomic feature distribution for
up and down H3K4me1 peaks. (¢) GO enrichment analysis of up regulated
H3K4me1 peaks. (d) Intersection of differential H3K4me1 peaks with DEGs in
Gadd45 TKO mESCs. DEGs were extended 3kb upstream to include promoter
regions in the overlap analysis. Details on intersections of multiple genomic
regions in Material and methods 6.1.9.
feature distribution of peaks with decreased H3K4me1 occupancy was comparable
to that of WT consensus peaks, H3K4me1 up peaks tended to localize rather to
promoter regions (Figure 4.22a). GO enrichment analysis of nearby genes did not
reveal any enriched terms for decreased H3K4me1 peaks, but up H3K4me1 peaks
showed an enrichment for development-related terms (Figure 4.22c). Gadd45 TKO
up DEGs intersected well with increased H3K4me1 occupancy, whereas down

DEGs intersected with decreased H3K4me1 occupancy (Figure 4.22d).
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For H3K27ac CUT&Tag, | called 12,423 consensus peaks in WT mESCs. 2,650
peaks had significantly increased and 1,221 peaks had significantly decreased
H3K27ac occupancy in Gadd45 TKO mESCs (FDR < 0.05). Similar to the H3K4me1
CUT&Tag experiment, most WT H3K27ac as well as differential H3K27ac peaks in
Gadd45 TKO mESCs localized to promoters or distal intergenic regions (Figure
4.23a,b). Peaks with increased H3K27ac occupancy were enriched in blood vessel
and prostate gland related terms (Figure 4.23c), while GO enrichment analysis in
H3K27ac peaks with decreased occupancy did not result in enriched GO terms.
Genes with increased expression in Gadd45 TKO mESCs intersected well with
H3K27ac up peaks, and genes with decreased expression had a high overlap with
H3K27ac down peaks (Figure 4.23d).

To specifically test whether active enhancers are affected by differential DNA
methylation in Gadd45 TKO mESCs, | obtained a dataset in which active mESC
enhancers were mapped genome-wide by formaldehyde-assisted isolation of
regulatory elements coupled with self-transcribing active regulatory region
sequencing (FAIRE-STARR-seq) (Glaser et al., 2021). Intersection of this active
enhancer dataset with differentially methylated tiles from the Infinium Mouse
Methylation BeadChip indicated that more than 10% of active enhancer regions in
Gadd45 TKOs are hypomethylated (Figure 4.24b), whereas an intersection with
hypermethylated tiles was observed to a lesser extent (Figure 4.24a). Heatmaps of
the TET1, H3K4me1, H3K27ac CUT&Tag and spKAS-seq data in Gadd45 TKO
mESC centered to the active enhancers showed an increased TET1, spKAS-seq
and H3K4me1 and a decreased H3K27ac signal at these enhancers (Figure 4.25a).
Occupancy signal profiles of the same datasets indicated weakly elevated TET1
and spKAS-seq signal at active enhancer regions with unchanged or decreased
DNA methylation levels (Figure 4.25b). Moreover, H3K4me1 levels were globally
increased at active enhancers, irrespective of DNA methylation changes (Figure
4.25b). H3K27ac levels were decreased at hypermethylated and unchanged active
enhancers (Figure 4.25b). These data suggest that Gadd45 proteins may play a
broader role in shaping the mESC enhancer chromatin landscape, extending
beyond their previously described function in DNA demethylation of enhancers
(Schule et al., 2019).
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Figure 4.23: H3K27ac CUT&Tag analysis of Gadd45 TKO mESCs. (a) Relative
genomic feature distribution of WT consensus H3K27ac peaks (H3K27ac WT) for
reference and Gadd45 TKO up (H3K27ac up) and down regulated (H3K27ac
down) peaks. (b) Absolute genomic feature distribution for up and down H3K27ac
peaks. (¢) GO enrichment analysis of up regulated H3K27ac peaks. (d)
Intersection of differential H3K27ac peaks with DEGs in Gadd45 TKO mESCs.
DEGs were extended 3kb upstream to include promoter regions in the overlap
analysis. Details on intersections of multiple genomic regions in Material and
methods 6.1.9.
Taken together, these results indicate weakly elevated TET1 binding and
hypomethylation at active enhancers in Gadd45 TKOs. It remains unclear whether
the observed mild increase in TET1-binding to demethylated active enhancers is
sufficient to be the cause for their demethylation. Furthermore, Gadd45 TKO
mESCs exhibit globally increased H3K4me1 levels and decreased H3K27ac levels
at active enhancers, with the latter predominantly occurring at hypermethylated

active enhancers or active enhancers with unchanged DNA methylation. It remains
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Figure 4.24: Active enhancers have increased hypomethylation in Gadd45
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obtained from a published dataset, where Glaser et al. (2021) mapped active

mESC enhancers by FAIRE-STARR-seq. Differentially methylated tiles were

obtained by Yulia Kargapolova via Infinium Mouse Methylation BeadChip.

unclear whether the increased H3K4me1 levels, regardless of methylation status,
and the decreased H3K27ac levels at hypermethylated or unchanged active
enhancers are a direct result of a gene regulatory role of GADD45 proteins.

However, the site-specific nature of the latter makes it more likely to be associated

with such a role.
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Figure 4.25: Enhancer chromatin is altered in Gadd45 TKO mESCs. (a) Mean
normalized signal with genomic heatmap for TET1, H3K4me1 and H3K27ac
CUT&Tag signal for WT and Gadd45 TKO mESCs at active enhancer loci. (b) Mean
normalized signal for TET1, H3K4me1 and H3K27ac CUT&Tag signal for WT and
Gadd45 TKO at active enhancer loci that are hypermethylated, unchanged or
hypomethylated in Gadd45 TKOs. Active enhancers regions were obtained from a
published dataset, where Glaser et al. (2021) mapped active mESC enhancers by
FAIRE-STARR-seq. Enhancer methylation status in Gadd45 TKOs was obtained
by intersection with Infinium Mouse Methylation BeadChip data by Yulia
Kargapolova.
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4.3 Discussion

4.3.1 Comparison of R-loop mapping methods

To make an informed decision for an R-loop mapping method to be used to compare
R-loop levels in Gadd45 TKO versus WT mESC:s, | first compared different stranded

and non-stranded R-loop mapping methods with each other.

The 47,354 and 36,919 peaks | called for S9.6 CUT&Tag and HBD CUT&Tag,
respectively are in the range of typically obtained peak numbers for R-loop mapping
methods which lie roughly between 14,000 (Chen et al., 2019) to 70,000 (Sanz et
al., 2016). Meanwhile, the 12,492 ecRNH CUT&Tag peaks | called are slightly below
the lower end of that range. The large intersection between peaks called for the
CUT&Tag-based methods and their lower intersection with the S9.6 antibody-based
DRIP-seq peaks hinted at a strong bias introduced by usage of the CUT&Tag
protocol rather than the antibody that determines its target. Moreover, the peak
distribution plot showed a general promoter bias of all CUT&Tag based methods,
whereas DRIP-seq also generates a substantial number of peaks that localize to
genes’ 3’ regions. Since both, S9.6 CUT&Tag as well as DRIP-seq rely on usage of
the S9.6 antibody, | expected that out of the three CUT&Tag based methods, results
generated from S9.6 CUT&Tag would have the highest similarity to DRIP-seq.
Interestingly, among all methods tested, the HBD CUT&Tag protocol demonstrated
the largest overlap with DRIP-seq in terms of absolute peak numbers. The present
experiment was performed without replicates and samples might be subject to
fluctuations in quality of the results that cannot be judged with confidence without
repeating the experiments. Nevertheless, a possible explanation is that out of S9.6
antibody, HBD and ecRNH, HBD best captures R-loops in genic 3’ regions,
indicated by a slight increase in peak numbers in genic 3’ regions visible in Figure
4.8b These may intersect with genic 3’ peaks captured by DRIP-seq. At the same
time, this 3’ bias is not reflected in the feature distribution analyses (Figure 4.8c,d),
possibly since 3' R-loops of one gene can overlap with promoter or 5' R-loops of
neighboring genes. As peaks are exclusively assigned to a single feature category
and promoters or 5' regions are prioritized in such assignments, the contribution of

3' R-loops may be underrepresented in the distribution plots.

49



Next, | compared the strand-specific R-loop mapping methods spKAS-seq,
stranded DRIP-seq (strDRIP-seq) with sonication and nuclease S1 treatment
(Soni./S1) and strDRIP-seq with restriction enzyme digestion and nuclease S1
treatment (RE/S1). The 19,967 spKAS-seq peaks as well as the 39,880 strDRIP-
seq (RE/S1) peaks | called are in the expected range of 14,000 (Chen et al., 2019)
to 70,000 (Sanz et al., 2016) peaks, while the 100,703 peaks | obtained for strDRIP-
seq (Soni./S1) are above that range, hinting at possible false positive peaks.
strDRIP-seq (Soni./S1) had the clearest strand-separation of the three methods.
However, due to the fact that called peaks often covered whole genes from start to
end and mean peak sizes were roughly 4-fold higher than the mean peak sizes of
the other methods, | reasoned that the method may be detecting short-lived R-loops
that are a byproduct of the transcription process. While spKAS-seq and strDRIP-
seq (RE/S1) mostly produced non-intersecting peaks, feature distribution indicated
that spKAS-seq peaks mostly localized to promoters, while strDRIP-seq (RE/S1)

largely localized to genic regions.

In summary, the choice of an R-loop mapping method considerably impacts the
information provided when conducting such experiments. Differences between the
methods particularly affect information on the strandedness of an R-loop as well as
the ability of mapping R-loops in different genomic features. Such differences in R-
loop mapping capabilities for R-loops residing in different genomic features have
been observed in previous studies (Chédin et al., 2021). GADD45a was previously
shown to bind an antisense promoter R-loop and positively regulate transcription of
a nearby gene after inducing DNA demethylation (Arab et al., 2019). While thus far
unreported in literature, such a process may also impact the transcription of the
RNA forming the GADD45a-bound R-loop and thus impact R-loop levels. In this
case, it is crucial to obtain information on R-loop strandedness, as GADD45a may
specifically bind promoter antisense R-loops, which could be challenging to
differentiate from nearby sense promoter R-loops in non-stranded R-loop mapping
methods, where they may appear as a single peak. Given the advantage of
obtaining strand-specific R-loop information, the observation that spKAS-seq
effectively captures promoter-associated R-loops, it was decided to proceed with

spKAS-seq for a WT versus Gadd45 TKO comparison.
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4.3.2 Selection of Gadd45 TKO mutant mESC clones for experiments

Karyotyping analysis in Gadd45 TKO clone set 2 showed that all Gadd45 TKO
clones were affected by chromosome 8 trisomy. All of these clones were generated
from a single parental Gadd45g SKO clone that was previously picked and likely
propagated the trisomy to all Gadd45 TKO clones. Gadd45 TKO clone set 3 WT
and Gadd45 TKO clones were generated from clones of two different parental
origins, respectively. All WT clones generated from parental clone WT_Par7 were
affected by chromosome 14-loss and thus removed, leaving four clones with
parental WT_Par2 origin: WT1_Par2, WT3_Par2, WT4_Par2, WT5_ Par2. For
Gadd45 TKO genotype, two out of three clones with ParSKO19 parental origin had
to be removed due to visible Gadd45a expression and visual abnormalities. For
Gadd45 TKO clones of ParSKO50 origin, one clone was removed due to abnormal
Gadd45b 3'UTR up regulation Moreover, all Gadd45 TKO clones made from
ParSKOS50 turned out to suffer from chromosome Y-loss. Figure 4.26 illustrates the
structure and location of protein coding genes on the mouse Y chromosome with
indicates parts lost in Gadd45 TKO ParSKO50 clones. Most protein coding genes,
including the “sex switch” gene Sry are located on the short arm of chromosome Y.
WGS data indicated that the short arm and the pseudoautosomal region (PAR) were
not affected by the chromosome Y loss. Interestingly, both of these two regions are
known to be potential crossover recombination regions i.e. capable of crossover
with the X chromosome (Decarpentrie et al.,, 2016). Thus, an unsuccessful

crossover event might have led to the loss of the remaining chromosome Y regions.

Sry holds particular significance as it is considered to be the defining gene of the Y
chromosome (Bilen et al., 2013; Westemeier-Rice et al., 2024) and determinant of
male somatic development (Koopman et al., 2016). Sry is the only Y chromosome
gene necessary and on its own sufficient for healthy male somatic development
(Koopman et al., 2016). Ensuring the presence of Sry is thus critical to avoid
potential confounding effects during cardiac differentiation experiments. This is
particularly important as the loss of chromosome Y has been implicated in
cardiovascular diseases and heart failure (Sano et al., 2022). While Sano et al.
(2022) have not linked these effects to particular genes on chromosome Y, these

effects are unlikely to be caused by genes contained within the region lost in
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ParSKO50 clones, as these genes are thus far only reported to function in
spermatogenesis (Subrini & Turner, 2021). After confirmation of the presence of the
important region containing the Sry gene in the three Gadd45 TKO clones with
ParSKOS0 origin and due to the availability of one Gadd45 TKO clone originating
from ParSKO19 without the chromosomal abnormality, it was decided to proceed
with  experiments using Gadd45 TKO clones TKO271_ParSKO19,
TKO81_ParSKO50, TKO83_ParSKO50 and TKO330_ParSKO50.

A publication investigating publicly available mESC RNA-seq datasets lists for
common chromosomal aberrations found four aberrations to be common in mESC
cultures: chromosome 8 and chromosome 11 trisomy as well as loss of
chromosome 10gB and chromosome 14qC-14qE (Ben-David & Benvenisty, 2012).
Interestingly, | detected two out of these among the analyzed clones. The
pervasiveness of such chromosomal abnormalities among the analyzed clones
highlights the chromosomal fragility of mESC cell lines and the importance of
karyotyping analyses in cell lines. Their oversight can influence comparisons, such
as WT versus mutant analyses as a confounding effect and potentially lead to

incorrect conclusions.
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Figure 4.26: Structure and protein coding genes of the mouse Y chromosome.
The specific chromosome Y region undergoing partial loss in ParSKO50 Gadd45
TKO clones is indicated. Figure adapted from (Subrini & Turner, 2021) licensed
under CC BY 4.0 (https://creativecommons.org/licenses/by/4.0/).
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4.3.3 Transcriptional dysregulation in Gadd45 TKO mESCs is associated
with cardiac differentiation defects

Previous Gadd45 knockout clones established in our laboratory from Gadd45 TKO
clone set 1 were only found to contain 38 up and 97 down DEGs, respectively
(Schule et al.,, 2019). These mutants were later suspected to be hypomorphs
(internal lab communication), which was likely the cause for the relatively low
number of affected genes. In contrast, the newly generated Gadd45 TKO mutants
in Gadd45 TKO clone set 3 displayed substantial perturbations in gene expression,

with 1,056 genes up regulated and 936 down regulated.

In the Gadd45 TKO mutants from Gadd45 TKO clone set 3, up regulated genes
were notably enriched in pathways related to mitochondrial energy metabolism and
neurodegenerative diseases, such as Parkinson’s and Alzheimer’'s disease.
GADDA45 family proteins have previously been implicated in neurological disorders
(Huang et al., 2024), including the neurodegenerative diseases Parkinson’s (Yang
et al., 2016) and Alzheimer’s disease (Torp et al., 1998). Down regulated genes
were associated with processes in heart development, epithelial cell differentiation,
and the MAPK, FoxO, and p53 signaling pathways. These three signaling pathways
are well-known for their interactions with GADDA45 family proteins (Carter & Brunet,
2007; Jung et al., 2013; Yin et al., 2004). Moreover, GADD45b has been shown to
negatively regulate JNK pathway-induced cardiac hypertrophy (Wang et al., 2008),
while GADD45g is a suspected player in outflow tract development (Zhang et al.,
2024) and known to induce cardiomyocyte death in the left ventricular reverse
remodeling process (lwahana et al., 2020; Lucas et al., 2015). Left ventricular
reverse remodeling is a therapeutic goal for patients treated for cardiomyopathy
(Verdonschot et al., 2018). The consistency between overrepresented functions of
DEGs in Gadd45 TKO mutants and established literature strengthens the validity of
these knockouts as a reliable model for studying the function of GADD45 family
proteins. Interestingly, the volcano plot in Figure 4.14a showed the gene Sfmbt2 to
be the second strongest deregulated gene by FDR after Gadd45a itself. The Sfmbt2
gene encodes a polycomb group protein and contains one of the largest microRNA
(miRNA) clusters in the rodent genome (Inoue et al., 2017). miRNAs miR-669a and
miR-669q were previously shown to prevent skeletal muscle differentiation in

postnatal cardiac progenitor cells (Crippa et al., 2011). The observed enrichment
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for heart development-related genes among the down DEGs as well as the cardiac
differentiation defects observed in vitro may thus be a downstream effect of
transcriptional down regulation of the miRNA cluster in Sfmbt2, resulting in aberrant

skeletal muscle differentiation.

It should also be noted that three out of four Gadd45 TKO mutants, all derived from
the same parental clone, displayed a loss of chromosome Y, one of the four most
common chromosomal aberrations in mMESC cultures. Given that this loss occurred
only in clones originating from the same parental source, it is likely unrelated to the
absence of GADD45 family proteins. Despite confirming that the most relevant
regions of chromosome Y are intact, it cannot be fully ruled out that this loss
generally impacted the differential expression analysis between WT and Gadd45
TKO mESCs. Notably, a link has been established between hematopoietic Y
chromosome-loss in men and an increased risk of cardiac fibrosis and heart failure
(Sano et al., 2022). Nevertheless, visual confirmation of deregulated heart
development genes along with consistent defects in cardiac differentiation in all
Gadd45 TKO clones, suggest that these phenotypes are not related to the observed

chromosome Y-loss.

4.3.4 Epigenomic profiling of Gadd45 TKO mESCs

In collaboration with Gaurav Joshi and Khelifa Arab, | attempted to map GADD45a’s
mESC chromatin binding sites through multiple ChiP-seq and CUT&Tag
experiments, all of which were thus far unsuccessful (not shown). This can indicate
a weak or transient binding of GADD45a, a localization to chromatin regions that
are difficult to capture or no direct chromatin binding of GADD45a in mESCs.
Epigenomic profiling sequencing experiments indicated that GADD45 TKO mESC
chromatin has considerably differential open chromatin and R-loop levels if
compared with WT clones. | could, however, not directly link a majority of these

chromatin changes to differential gene expression by intersection analysis.

While this laboratory was thus far unable to show a direct interaction of GADD45
family proteins and TET1 in mESCs (not shown), sequencing analyses indicated a

substantial overlap of sites with increased TET1-binding with both, up and down
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DEGs in Gadd45 TKOs. | observed more than 6,000 sites with increased TET1-
binding that largely occupy promoters. Intersection between these sites and
Gadd45 TKO DEGs was substantial and a GO enrichment analysis on intersecting
genes resulted in similar GO terms as the GO enrichment analysis for the DEGs
alone. The substantial overlap may hint at a regulatory role for TET1, though it might
also be a consequence of the overall high prevalence of sites with increased TET1
occupancy. Nevertheless, the substantial increase in TET1 binding observed,
coupled with the relatively few lost TET1 peaks in Gadd45 TKO mESCs, argues
against a model in which GADDA45 primarily functions to recruit TET1 as proposed
in Arab et al. (2019).

The chromatin modifications H3K4me1 and H3K27ac, which are known as classical
enhancer modifications showed substantial perturbations in Gadd45 TKO mESCs.
In my analysis, most of these marks localized to promoters. Despite being known
as active enhancer-specific or even active enhancer-defining, these marks have
been reported to also occur in active promoters (Cheng et al., 2014; S. Fu et al.,
2018). Moreover, it was previously reported that immunoprecipitation experiments
co-immunoprecipitate interacting chromatin regions, such as enhancers and
promoters, and can thus result in peaks associated with both, enhancers and their
target promoter regions (lbn-Salem & Andrade-Navarro, 2019). Likewise, the
experiments conducted in this study may have been influenced by a similar
phenomenon. For both of these activating histone modifications, their increased
presence in Gadd45 TKO mESCs substantially coincided with increased gene
expression and their decreased presence coincided with down regulation of genes.
Differential presence of these marks either in promoters, or incorrectly associated
with promoters due to proximity with the enhancers regulating them, may thus
partially be responsible for differential regulation of genes in Gadd45 TKOs. An in
depth-investigation of active mESC enhancers indicated increased TET1 and R-
loop levels in Gadd45 TKOs, specifically at enhancers with decreased methylation.
This may suggest that, as a consequence of increased TET-binding, enhancers are
hypomethylated, resulting in increased transcription of eRNAs at enhancer regions.
Both, H3K4me1 and H3K27ac, had substantial differential active enhancer
occupancy in Gadd45 TKOs. While H3K4me1 occupancy was globally increased at

active enhancers, a decreased H3K27ac occupancy was predominantly observed
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at hypermethylated active enhancers or active enhancers with unchanged DNA
methylation. The globally elevated H3K4me1 levels at active enhancer loci in
Gadd45 TKO mESCs suggest that site-specific regulation of this histone mark
through differential GADD45-binding is unlikely. The decreased H3K27ac levels
observed specifically at hypermethylated or unchanged active enhancers, on the
other hand, are due to their more site-specific nature, more likely to be associated
with such a role of GADD45 family proteins. In summary, GADD45 proteins may
regulate enhancer chromatin by different mechanisms: (1) by inhibition of TET1-
binding and thus prevention of demethylation and R-loop formation and (2) by

facilitating acetylation of H3K27 and negatively regulating DNA methylation.

4.3.5 Towards a model for GADD45-mediated gene regulation

The currently available data is insufficient to confidently support a distinct model of
GADD45-mediated gene regulation. However, taken together, the sequencing
experiment results suggest a function of one or more GADD45 family proteins in
modulating enhancer chromatin. In Schafer et al. (2018), this laboratory reported a
role of GADD45a in the direct binding to and demethylation of C/EBP binding-
dependent enhancers in mouse embryonic fibroblasts (MEFs). Similarly, the data
analyzed in this thesis suggests a role for GADD45 in the modulation chromatin
marks in mESC enhancers (Figure 4.27). Belonging to a ribosomal protein group,
GADDA45 proteins are known to be RNA-binding (Sytnikova et al., 2011) and may
thus bind the eRNAs transcribed from enhancers. Moreover, a potential role of
GADD45a involving its direct binding to eRNAs, where it is embedded within a
dense assembly of proteins positioned between promoters and enhancers, may
account for the difficulty in detecting GADD45a in protein-chromatin interaction-
mapping methods. After eRNA-binding, GADD45 may inhibit R-loop formation of
eRNAs and directly, or indirectly via cofactors, inhibit gene repressive TET1-binding
and lead to activation of heart development genes. Meanwhile, in Gadd45 TKO
cells, due to the lack of GADD45’s presence in enhancers, TET-binding is not
inhibited, leading to excessive TET1-binding. TET1 may then demethylate
enhancers, leading to increased enhancer R-loop-formation and repression of heart

development genes.
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Figure 4.27: Model for the GADD45-mediated regulation of heart
development gene expression. (Left) In WT cells, (1) GADD45 binds to
enhancers in eRNAs, (2) inhibits promoter-binding of TET1, possibly via co-
factors, and (3) keeps heart development genes active. (Right) In Gadd45 TKO
mESCs, (1) enhancers are not GADD45a-bound, thus (2) TET1 can bind to
interacting promoters and (3) heart development genes are repressed due to
excessive R-loop formation by eRNAs. Created with BioRender.com.

Of note, this model does not explain the observed decrease in H3K27ac at
hypermethylated Gadd45 TKO mESC enhancers. This observation may be
explained by an alternative mechanism, in which GADDA45 recruits C/EBP to a
different subset of enhancers, thereby increasing H3K27ac levels and activating
genes. In Gadd45 TKOs, C/EBP may not be recruited to these enhancers,
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preventing their H3K27ac-modification. As a result, gene activation is impaired, and

the associated genes fail to be properly expressed.

Several sequencing methods could be employed to test predictions of these models
on a genome-wide scale. GADD45a-binding to (€)RNAs can be tested by RNA
immunoprecipitation sequencing (RIP-seq) or cross-linking immunoprecipitation
(CLIP)-based methods. Impaired or altered chromatin-chromatin interactions can
be tested by high-throughput chromosome conformation capture (Hi-C) and

comparable methods.
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4.4 Supplementary material
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Supplementary Figure 4.1: All except for one Gadd45 TKO clone set 3 TKO
clones have a successfully knocked out Gadd45a coding sequence. Tracks

show RNA-seq signal at the Gadd45a locus.
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signal at the Gadd45b locus.
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Supplementary Figure 4.4: Heart development genes are consistently down
regulated in all Gadd45 TKO clones. Tracks show RNA-seq signal in WT and
Gadd45 TKO clones for selected genes Tek, Vcan and Foxp1, all of which have
known functions in heart development (Wilsbacher & McNally, 2016).
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5 Part |l: Development of methods to study repetitive
DNA elements

5.1 Introduction

Repetitive DNA elements (or repeats) are patterns of nucleic acids occurring in
multiple copies in the genome (Liao et al., 2023). In both, eukaryotes and
prokaryotes, repeats cover a significant portion of genomes, and can be classified
into two types based on the arrangement of the repeating units (Liao et al., 2023):
Tandem repeats (or satellite repeats) and interspersed repeats (or transposons)
(Figure 5.1). Tandem repeats are composed of highly similar DNA sequences
repeated directly adjacent to each other (Trigiante et al., 2021). Interspersed
repeats, on the other hand, are DNA sequences that can be found in multiple highly
similar copies in distinct genomic loci as a result of their viral DNA-like ability to

spread across the genome. (Genovese et al., 2018).

5' 3'
Chromosome A 3.| - 11 D ) | ol
\ Tandem repeat

Interspersed repeat
X o I
A 5'

Chromosome B :. |

Figure 5.1: The two types of genomic repeats. Interspersed repeats consist of
repeat units that are distributed across the genome, whereas tandem repeats are
composed of repeat units directly adjacent to each other.

5.1.1 Tandem repeats

Tandem repeats (or satellite repeats) are patterns of nucleotides repeated
numerous times in a head-to-tail manner (Eslami Rasekh et al., 2021). They are
highly polymorphic and have been shown to occur in both prokaryotic and
eukaryotic genomes (Liao et al., 2023). By the length of the repeat units forming the
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repeat, tandem repeats can be further divided into different categories. While there
is no scientific consensus on an exact categorization of tandem repeats, | will
adhere to the definitions outlined in Eslami Rasekh et al. (2021): Short tandem
repeats (STRs) (or microsatellites) are composed of repeat units shorter than seven
bp, minisatellites consist of units of 7 to several hundred bp, and macrosatellites

have hundreds to thousands of bp long repeat units (Figure 5.2).

Repetitive DNA

Tandem repeats Interspersed repeats
(satellite repeats) (transposons)

e e

Short tandem repeats
; tellit P Minisatellites||Macrosatellites RNA transposons DNA transposons
(microsatellites) (Class | transposons)||(Class I transposons)
<T7bp repeat units 7 to hundreds|| hundreds to Copy-and-paste Cut-and-paste
of bp long thousands of |linsertion mechanism||insertion mechanism
repeat units || bp long repeat
units

Figure 5.2: Repetitive DNA classification. Subclasses of DNA repeats with their
distinguishing characteristics.

Due to their high copy number and exceptionally high mutation rate, STRs are of
particular interest to biological and medical research (Liao et al., 2023). The majority
of STR mutations result in a variation in the copy number of the repeat unit with
multiple mechanisms contributing to STR length alterations (Verbiest et al., 2023).
Out of these, the majority of alterations are thought to be a consequence of “strand
slippage”, where misalignment of DNA strands during DNA replication can lead to
stepwise repeat expansions (Verbiest et al., 2023). Such repeat expansions can
affect both, somatic or germline cells, both of which can have deleterious
consequences with the latter having the potential to affect offspring (Arning &
Nguyen, 2021). STRs can be transcribed and produce a class of RNAs termed short
tandem repeat-enriched RNA (strRNA) (Yap et al., 2018).

There is currently also no scientific consensus on the nomenclature of tandem
repeats. Thus, for instance, the telomeric repeat (5.. TTAGGGTTAGGGTTA...3)
could be described to be comprised of 5-TTAGGG-3, 5-TAGGGT-3,
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5-AGGGTT-3’, 5-GGGTTA-3, 5-GGTTAG-3’ or 5-GGGTTA-3’ hexanucleotide
repeat units. Indeed, different studies refer to the repeat unit of telomeric repeats as
5-AGGGTT-3" (Cysewski & Czelen, 2009), 5-TTAGGG-3'(Hinchie et al., 2024) or
5-GGGTTA-3’ (Shiekh et al., 2022). In the scope of this work, | will be referring to
tandem repeats by the lexicographically minimal string rotation of their repeat unit
(i.e. the alphabetically first option). | would thus refer to the repeat unit of telomeric
repeat as 5-AGGGTT-3'.

5.1.2 Telomeric repeats and telomere maintenance

Telomeres are the genomic regions at the ends of linear chromosomes and, in
vertebrates, consist of several kilobases of 5-AGGGTT-3’ tandem repeats (Casari
et al., 2022). In conjunction with the shelterin protein complex, the telomeric repeats
form a protective cap that shields chromosome ends from DNA repair proteins,

preventing telomere fusions and genome instability (Mir et al., 2020).

Due to the inability of DNA polymerases to replicate linear DNA in full-length, each
cell division leads to the loss of a short terminal telomeric sequence (Rossiello et
al., 2022). This “end replication problem” implies a shortening of the telomeres as a
function of age, a process that in some cells, e.g. germ cells, is counteracted by a
reverse transcriptase called telomerase (Mir et al., 2020). In most somatic cells or
due to disease, telomerase activity can be silenced or be less efficient, and upon
reaching a critical telomere length, affected cells undergo cell death or become
senescent (Mir et al., 2020). Short telomeres have been linked to age-related
degenerative diseases, such as Alzheimer’'s disease or cardiovascular disorders
and other diseases. In contrast, long telomeres are possibly associated with risks
for several cancers (Mangaonkar & Patnaik, 2018; Vaiserman & Krasnienkov,
2020). While the links between shortened telomeres and diseases are often
correlation-based and not necessarily causative (Rossiello et al., 2022), achieving
telomere maintenance via telomerase expression or by recombination-based
alternative lengthening of telomeres (ALT) has been shown to be a critical step in
tumorigenesis (Lee et al., 2021). The subtelomeric regions upstream of the
telomeres can initiate transcription via RNA Polymerase Il, resulting in transcripts

between 100nt and more than 9kb long transcripts termed Telomeric Repeat-
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containing RNA (TERRA) that can thus contain large stretches of telomeric repeats
(Chebly et al., 2022). Their proposed role as a negative regulator of telomerase
remains so far unclear (Chebly et al., 2022). The mechanisms involved in telomere
maintenance are subject to ongoing investigation and of particular interest to the

fields of aging and cancer research.

5.1.3 Interspersed repeats

The discovery of interspersed repeats (or transposons) was first reported by
Barbara McClintock in the early 1950s (McClintock, 1950). Interspersed repeats are
selfish genetic elements that attempt to increase their copy numbers by novel
integration into the host genome and can be divided into two groups: RNA
transposons (or Class | transposons) and DNA transposons (or Class Il
transposons) (Mufoz-Lépez & Garcia-Pérez, 2010) (Figure 5.2). RNA transposons
employ a so-called “copy-and-paste” insertion mechanism where RNA transposons
are first transcribed from their host locus into RNA and translated into proteins, one
of which is usually a reverse transcriptase (Bourque et al., 2018). The newly
synthesized proteins then bind back to the transposon RNA, forming
ribonucleoproteins (RNPs) that can reverse transcribe the RNA molecule into
complementary DNA (cDNA) (Bourque et al., 2018). Subsequently, the cDNA can
be inserted into a different locus within the host genome, completing the insertion
cycle (Bourque et al., 2018). DNA transposons on the other hand work via a “cut-
and-paste” insertion mechanism (Wells & Feschotte, 2020). Here, transposon
genes are excised from their locus and inserted into a different genomic locus using
a transposase enzyme that is encoded within some DNA transposons (Wells &
Feschotte, 2020). Both human and mouse DNA transposons lack active
transposases, hence DNA transposons are considered to be evolutionary remnants

in these species (Liao et al., 2023).
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5.1.4 Long-interspersed nuclear elements-1 (LINE1s)

Comprising ~17% of the human genome, LINE1 RNA transposons are considered
to be the most representative class of all transposons (Bodak et al., 2014). In fact,
all RNA transposons combined make up ~42% of the human genome, whereas all
DNA transposons account for 3% (Bodak et al., 2014). Full-length (i.e. non-
truncated) LINE1s are 6-7kb long elements with a 5’-untranslated region (5’UTR),
an internal promoter, two open reading frames (ORFs) that code for the proteins
ORF1p and ORF2p, as well a 3’-untranslated region (3’'UTR) terminating in a
poly(A) tail (Boissinot & Sookdeo, 2016). ORF1p is a 40 kDa protein thought to
function as an RNA chaperone for the LINE1 parent RNA (Sil et al., 2023) whereas
ORF2p is a 150 kDa protein responsible for the insertion of the LINE1 cDNA into
the genome via its DNA endonuclease and reverse transcriptase functions (Goodier
et al., 2007).

In principle, LINE1 cDNA can integrate into protein coding sequences of genes or
in their regulatory elements, leading to mutated proteins, aberrant splicing events
and gene misregulation (Zhang et al., 2020). Other than being implicated in cancer,
LINE1s are known to play roles in metabolic, neuronal and autoimmune disorders
(Zhang et al., 2020). Cells thus silence LINE1 expression by epigenetic
mechanisms, most notably DNA methylation. (Lanciano et al., 2024). Abnormal
epigenetic repression of LINE1s can lead to an increase in their transcription levels,
a known hallmark of many cancer types (Perkio et al., 2024). Sexton and Han (2019)
list 26 currently known evolutionary LINE1 subfamilies in human. Out of these, only
the most recent LINE1 subfamily L1HS remains fully retrotransposition-competent
(Mir et al., 2015). The exact mechanism governing the LINE1 life cycle from
transcription to integration is incompletely understood. (Baldwin et al., 2024;
Mendez-Dorantes & Burns, 2023; Warkocki, 2023).

5.1.5 Biochemical assays to quantify repetitive sequences

Quantifying and comparing the expression level of repetitive elements, the extent to
which a modification is present on repetitive DNA or RNA, or the copy number of a

repeat in a genome can be a crucial method to understand a repeat’s function or
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the mechanism that regulates it. Biochemical assays for such analyses are direct,
often highly specific and sensitive (Freen-van Heeren, 2021; Wang et al., 2013).
Due to the absence of a sequencing step, they do not require expensive sequencing

experiments with complex computational analyses.

Quantitative polymerase chain reaction (QPCR) is a cost effective, fast, sensitive
and relatively high-throughput method that can be applied to compare levels of
nucleic acid sequences in different samples (Petit-Marty et al., 2023). qPCR
measures the amount of the PCR product present during a given PCR cycle using
fluorescence and relies on target sequence-specific PCR primers (Petit-Marty et al.,
2023). qPCR can also be applied as reverse transcription quantitative real-time
PCR (RT-gPCR) to reverse-transcribed cellular RNA for comparison of RNA levels
or after RNA enrichment, e.g. via immunoprecipitation, to study the presence of a
target modification or protein, hereafter targets, on RNA (Martindale et al., 2020).
Moreover, qPCR can be performed on DNA to compare levels of genomic DNA
sequence content or after DNA or chromatin enrichment to study the presence of
targets on DNA (Solomon et al., 2021). Quantitative fluorescent in situ hybridization
(Q-FISH) is a fluorescent in situ hybridization (FISH)-based method to visualize and
quantify the presence of a target nucleic acid sequence of interest in cells (Poon &
Lansdorp, 2001). For this, fluorescently labeled peptide nucleic acid (PNA) probes
complementary to a sequence of interest are used to bind to the target sequence
and are subsequently visualized using a fluorescence microscope. This approach
can be combined with flow cytometry (Flow-FISH) to measure the emitted signal in
cell populations (Poon & Lansdorp, 2001). Both, Q-FISH and Flow-FISH are
commonly used to study telomere lengths by probing for 5-AGGGTT-3’ repeats (Yu
et al., 2024) but can be adapted to other repeats.

Multiple additional methods have been developed for the quantification and
comparison of repetitive sequences (Yu et al., 2024). Similar to the previously
mentioned approaches, they commonly rely on primers or probes specific to the
repeats of interest. Since repetitive loci, by their very definition, are identical or
highly similar to adjacent or distant loci, it can be difficult and often impossible to
design PCR primers or oligonucleotide probes that are specific to a single repetitive
region of interest. Nonetheless, it is in some cases possible to design primers or

probes with a high specificity to target (sub)families of repeats of interest,
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distinguishing them from other (sub)families. This is, however, a difficult process,
as the amplification of unintended targets, that can share a high degree of
homology, must be minimized. Moreover, such purely biochemical assays do not
provide a genome-wide picture on a studied aspect, such as RNA expression, as
they rely on specifically designed primers or oligonucleotides that only targets
sequences of interest. Conversely, unbiased approaches that provide genome-wide
pictures on repetitive and non-repetitive genomic elements generally require

sequencing with advanced in silico analysis.

5.1.6 Studying repetitive sequences using sequencing approaches

Sequencing-based approaches, with the exception of targeted sequencing,
commonly provide genome-wide pictures on gene expression, binding sites of a
target of interest or the genome of an organism. Such approaches can also be used

to specifically study repetitive elements.

Transcriptome sequencing technologies, such as RNA-seq or nascent RNA
sequencing methods, can be used to identify and compare RNA expression
(Gondane & Itkonen, 2023). These approaches produce quantitative amounts of
sequencing reads for detected RNAs in cells’ transcriptomes. While mostly used for
the study of expression of annotated genes, such analyses can be adapted to study
the expression of repetitive elements. For transposons, transcription into RNA is the
first step of their life cycle, and therefore an essential prerequisite for RNP formation
and retrotransposition. Hence, measuring transposon RNA levels is crucial to study
their activity. Meanwhile, for tandem repeats, expression is rarely studied, with the
exception of the short tandem repeat RNA (strRNA) TERRA. For other strRNAs,
there is only rather recent evidence showing that these repeats can play functional
roles (Ninomiya & Hirose, 2020; Yap et al., 2018).

Epigenetic marks as well as proteins attached to DNA or chromatin can have
transcriptionally activating or repressing effects, whereas RNA modifications are
known to modulate the stability of RNA molecules. Moreover, epigenetic marks on
DNA or RNA can affect the affinity for nucleic acid binding proteins. Epigenetic
profiling sequencing methods, such as ChiIP-seq, DIP-seq, RNA
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immunoprecipitation sequencing (RIP-seq) and others are commonly used to
determine the localization of epigenetic marks, proteins or other targets on nucleic
acid molecules (Chen, 2019). Such methods are commonly enrichment-based, i.e.
loci of interaction produce an increased amount of sequencing reads that can be
detected. Other than that, there are chemical conversion-based methods that, for
instance, use bisulfite or pyridine borane treatment, which results in the specific
conversion of either modified or unmodified bases that can be detected with base-
resolution (Dai et al., 2024; Liu & Song, 2022). Likewise, such methods can be used
to study targets of interest on RNAs transcribed from repetitive loci or on genomic

loci containing repetitive elements to study their epigenetic regulation.

Whole-genome sequencing (WGS) is a DNA sequencing technique where the entire
DNA in a sample of cells is read via sequencing and is commonly used for the
detection of mutations, structural variations, karyotyping, or for genome assemblies
(Ekblom & Wolf, 2014; Mareschal et al., 2021; Qin, 2019; Wheeler et al., 2022). In
the study of repetitive sequences, such datasets can be used to detect differential
telomere lengths, loci of tandem repeat expansion or novel integration sites of
transposons (Bahlo et al., 2018; Lee et al., 2017; Savage et al., 2022).

Transcriptomics sequencing technologies, most notably RNA-seq, as well as WGS
can be performed using either short-read or long-read, whereas read enrichment-
based or chemical conversion-based epigenetic profiling techniques are currently
only established using short-reads. Nevertheless, Oxford Nanopore-based PCR
amplification-free RNA-seq or WGS datasets can be utilized for modification calling
with base-resolution by applying accordingly pre-trained basecalling models (Wang
et al., 2024; White & Hesselberth, 2022). Till date, however, few modifications can
be reliably detected in practice using such models and enrichment-based and
chemical conversion-based short-read sequencing techniques for epigenomic
profiling remain the standard choice for such analyses. Likewise, short-read
sequencing continues to be widely used for RNA-seq and WGS due to its superior
basecalling accuracy. This advantage of short-reads does, however, come at the

cost of challenges in the analysis of repetitive regions.
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5.1.7 Challenges in the analysis of repetitive regions in enrichment-based
short-read sequencing data

Standard analysis pipelines for the detection of differential expression of RNA or
pipelines for the mapping or detection of differential presence of proteins and
modifications on nucleic acid sequences by enrichment-based short-read
experiments commonly rely on the accurate mapping of short-reads to reference
genomes. After read mapping, normalized read numbers overlapping with
annotated genes or de novo detected enrichment of reads called as peaks can be
compared between different samples to detect differential expression or differential
binding. While this approach mostly works well for non-repetitive regions, read

mapping can be challenging for reads originating from repetitive loci (Figure 5.3).

Repeats are by their very definition composed of copies of sequences that are either
directly adjacent to each other in the case of tandem repeats or in distant loci across
the genome in the case of interspersed repeats. Moreover, different tandem repeats
with a fully or partially identical sequence can often also be found at different
genomic loci. Therefore, reads originating from repetitive loci can often not be
uniquely assigned to a single genomic locus and are thus flagged as multimappers
(or multimapping reads) by read mapping software. An additional source of error
can stem from unmapped reads, i.e. reads that cannot be at all assigned to the
reference genome. Different genomic regions are prone to produce reads that
cannot be assigned: (1) Low-quality and variable genomic regions such as
centromeres or telomeres are often hard-masked, i.e. replaced with stretches of Ns
in reference genomes, (2) regions that are misrepresented due to genome
assembly errors, and (3) regions subject to inter-individual variation, such as the
HTT gene in the human genome that varies in the number of 5-AGC-3’ repeat unit

copies in different individuals.

Due to the challenges associated with the analysis of repeats in enrichment-based

short-read sequencing data, appropriate strategies are required.
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Figure 5.3: lllustration of common challenges in read mapping for the analysis
of DNA repeats in short-read sequencing data. Hard-masked regions, reference
genome assembly errors and inter-individual variation can be summarized as
discrepancies between the genome of the sequenced sample and the reference
genome.

5.1.8 Bioinformatics approaches for quantification-based tandem repeat
analyses and their limitations

If a standard-type mapping-based analysis pipeline for the detection of enriched
short-reads is employed, most of the previously discussed sources responsible for
the generation of unmapped reads cannot be easily addressed. There are, however,
methods to deal with multi-mapping reads (Deschamps-Francoeur et al., 2020): (1)
Alignments of multimapping reads can be removed or ignored in the post mapping
analysis. While this reduces the effect of reads of uncertain origin in downstream
analyses, it leads to an underestimation of some repeats, potentially leading to false
negatives in differential comparisons. (2) Multimapping read alignments can be
retained in the sequencing data and thus, a read might be counted multiple times.
This leads to a systematic overestimation of reads originating from repetitive
elements and thus in downstream analyses to an overlooking of regions with
differential coverage or in an overestimation of sites with differential coverage, if few

sites of strong differential coverage sufficiently multimap to other (normally non-
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differential) sites that can then pass thresholds to be called differential. (3) Counts
of alignments of multimapping reads can be equally split across all mapping loci,
ensuring that each read is counted only once. This, however, dilutes the effect of a
differential locus between all valid alignments. (4) Other advanced methods attempt
to estimate expected read coverage for multimapping loci from the coverage of
surrounding regions or uniquely mapped reads and distribute multimappers
accordingly. While the aforementioned methods offer a variety of ways to deal with
multimapping reads and the choice of a suited method can substantially increase
the accuracy of downstream analyses, none of them offers an ideal solution for the
accurate comparison of multimapping reads. Researchers have thus come up with
specialized solutions for the analysis of tandem repeat enrichment in sequencing
data.

RepEnrich (Criscione et al., 2014) was developed for repeat enrichment analysis of
sequencing data, such as RNA-seq or ChlP-seq, and makes use of reference
genomes plus a corresponding user-supplied repeat annotation, such as

RepeatMasker (http://www.repeatmasker.org). After read mapping, uniquely

mapping reads are counted individually per repeat family whereas for multimappers,
RepEnrich attempts a mapping to pseudogenomes that consist of a concatenation
of all annotated repeats of each repeat subfamily annotation plus their flanking
regions and spacer sequences. For reads that multimap between different repeat
families, fractional counting is applied. Last, a counts table containing read counts
for each repeat subfamily is produced and provided as an output. Repeat read
counts can then be normalized using read count normalization strategies, such as
DESeq2 (Love et al., 2014) or edgeR (Robinson et al., 2010) and repeat families
with significantly differential read counts can be identified. Building upon RepEnrich
and other bioinformatics innovations, RepEnTools (Choudalakis et al., 2024) was
recently published. Similar to RepEnrich, RepEnTools aligns reads to a reference
and counts repeats per annotated repeat family. For multimappers, one optimal
alignment is randomly chosen and counted once. Finally, reads are normalized and
enrichments can be detected. Both, RepEnrich and RepEnTools effectively address
the problem with multimappers and are capable of detecting read enrichment for
annotated repeats, including many tandem repeats and interspersed repeats.

However, they do not address the previously discussed read mapping issues due
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to discrepancies between the sequenced sample and the reference genomes, as
both rely on read mapping to a linear reference genome. Moreover, RepEnrich

development appears to be deprecated. (hitps://github.com/nerettilab/RepEnrich2).

Both RepEnrich as well as RepEnTools should, in principle, be able to detect
enriched reads at telomeres as long as an appropriate genome and repeat
annotation that include non-masked telomeres are used. The human telomere-to-
telomere (T2T) genome, which includes telomeric sequences, is a recent
development (Nurk et al., 2022) and has not yet been widely adopted as a standard

reference. A mouse T2T genome has thus far not been published.

Different tools have been developed for the comparison of total telomere lengths
between different samples of WGS data. Such tools rely on the identification and
quantification of reads of apparent telomeric origin. TelSeq estimates telomere
length by counting reads containing at least k (default: 7) 5-AGGGTT-3’ repeat units
and inserting the counts into an equation that estimates telomere length using these
counts (Ding et al., 2014). Computel quantifies reads of apparent telomeric origin
by first creating an index for and mapping reads to a telomeric pseudogenome
(Nersisyan & Arakelyan, 2015). Read counts are subsequently inserted in an
equation that estimates telomere length from these counts (Nersisyan & Arakelyan,
2015). Telomerecat (Farmery et al., 2018) and TelomereHunter (Feuerbach et al.,
2019) combine information from mapped paired-end reads in subtelomeric regions,
singleton reads, where only one of two mates maps, telomere-subtelomere junction-
spanning reads and unmapped telomeric repeats identified via their 5-AGGGTT-3’
content to estimate telomere length. TelSeq, Computel, Telomerecat and
TelomereHunter are all limited to the single use of comparing telomere content and

do not support any other repeat quantifications.

5.1.9 Aim

My aim was to overcome some of the challenges in the study of tandem repeats by
developing a Bioinformatics application that can faithfully detect and quantify
tandem repeat enrichment in one group of short-read sequencing samples over
another. In principle, such a program could be useful for e.g. relative comparison of

estimated telomere length from WGS samples or the detection of tandem repeat-
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binding targets of interest in ChlP-seq, CUT&Tag and other enrichment-based
sequencing methods. In addition, | aimed to develop and apply a workflow to design
a set of PCR primers that can discriminate between different subfamilies of LINE1
retrotransposons. Such primers could be useful to study LINE1 subfamily-specific

expression or subfamily-specific targets on LINE1 sequences.
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5.2 Results

5.2.1 Development of a bioinformatics application for de novo detection of
enriched tandem repeat content

| developed counTR, a read mapping-free and highly parallelizable method to
quantify tandem repeat enrichment without prior knowledge in quantitative
sequencing data. counTR’s basic rationale is outlined in Figure 5.4. In brief, counTR
searches tandem repeats in raw reads using Phobos (Mayer et al., 2010). Detected
tandem repeat-containing reads are grouped and quantified for each sample of
interest and a read count matrix is produced. Downstream analysis of the read count
matrix can be performed via standard read count normalization and differential
analysis methods, such as DeSeq2 (Love et al., 2014), edgeR (Robinson et al.,
2010), and limma-voom (Law et al., 2014). The analysis results in the reporting of
statistically overrepresented or underrepresented tandem repeats in one sample
group over another. Thus, by applying counTR, the user is able to detect differential
tandem repeat content between groups of sequencing samples, completely
independent of read mapping. By additionally grouping the repeats by length or
perfection before counting, differences in quantities of imperfect or differently sized

tandem repeats can be studied.

Figure 5.5 outlines the detailed program architecture and computational workflow of
a counTR analysis. processrepeats is counTR’s primary function and designed to
run efficiently on high performance computing (HPC) clusters with many CPU cores,
but also on workstation computers. After receiving a sequencing sample as input
data, all processing is carried out in the RAM, thereby minimizing 1/O operations to
only input and output files and avoiding time-consuming writing to storage devices.
The program reads the input file in chunks of n lines, and each chunk is submitted
to a parallel process as soon as it is read, until all of m parallel processes are busy.
This design should theoretically lead to an almost linear reduction of the
processrepeats’ runtime with increasing numbers of CPU cores, making it well-
suited to run on HPC clusters with many CPU cores. The sequencing data chunks

of n lines length are first piped into Phobos, which scans each read for tandem

76



Sequencing data

>read 1
AATAATATAATAATTAAATAATAATAACA
>read 2
CTGAAAGAGGGAACTTCACTGGGATCAGA
>read 3
ATCAAGATGAAAGGACAGTGCATTGATCA
>read 4
AAAAAGAAAAAAAATAAAAAAAAAACAAA

De novo search,

counTR group & count
tandem repeats

Count matrix

Repeat Exp 1 Exp 2 Ctrl_1 Ctrl_2
A <perfection:[100,100] length:[0,15]> 46394 57182 49341 53410
A <perfection:[100,100] length:[16,inf]> 319 419 31 24
A <perfection:[0,100] length:[0,15]> 42921 58288 41341 43703
A <perfection:[0,100] length:[16,inf]> 250 343 53 13
AAT <perfection:[100,100] length:[0,15]> 3412 2981 2440 292
AAT <perfection:[100,100] length:[16,inf]> 7640 6902 5512 3722
AAT <perfection:[0,100] length:[0,15]> 46394 57182 49341 47791
AAT <perfection:[0,100] length:[16,inf]> 19384 16195 21110 23262
edgeR / Normalization &
DESeq2 / differential
limma -voom analysis

Differential tandem repeat content

Figure 5.4: Basic rationale of a counTR analysis. Tandem repeats are de novo
detected from raw reads, optionally grouped by length or repeat perfection, and
counted. A count matrix containing repeat counts for each sample count is
generated. The counts are then normalized by edgeR, DESeqg2 or limma-voom
and significantly differential tandem repeat content between different conditions
is detected.
repeats and reports them along with various other statistics, such as repeat length
and perfection. Next, repeats are filtered, grouped and counted group-wise
depending on user-supplied parameters. By default, a detected repeat’s group is
identical to its detected repeat unit, e.g. all 5-AGGGTT-3’ repeat counts are
reported in the “AGGGTT” group. Users can decide to additionally group repeats by
length or perfection, e.g. “AGGGTT <perfection:[0,100) length:(80,100]>” (square
or round brackets correspond to mathematical interval notation) or to group repeats

with their reverse complement (Table 5.1). In the latter case, 5-AGGGTT-3’ repeats
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counTR processrepeats

[T 1 4 nlines
JFASTA /:
] or /I — / /
| FASTQ / i /
(N ! I o B

Phobos

Tandem repeats (per read)

l i l Filter & group
Filtered & grouped tandem repeats (per read)

Continuously

updated Tandem repeat

counts
|

Continuously l Written when
written function completes DEseq2 /
[ 1 /| counTR ST edgeR /
/ Repeat /I / Counts / summarizecounts / Count /’ limma-voom
[ info / table /' “Merge counts / matrix / Normalization &
4'_ ______ / [ ,,,,,, /’ tables of samples L ______ I Differential analysis

Figure 5.5: Detailed computational workflow of counTR. counTR’s
processrepeats function is run using FASTA or FASTQ files as input. The input
file is read successively in chunks of n (user defined) lines, out of which m (user
defined) are simultaneously processed in separate parallel processes. Initially, a
chunk is internally converted into a modified FASTA file that is stored in the RAM
and piped into Phobos, which detects tandem repeats contained within the reads.
Resulting detected tandem repeats are grouped and optionally filtered. Detailed
information on every detected repeat can be continuously written to a repeat info
file. Simultaneously, an internal repeat counts list is continuously updated with the
detected repeats of each chunk. Upon completion, the repeat counts list can be
written to a counts table file. counTR summarizecounts can then be used to merge
repeat counts tables of multiple samples into a count matrix, which can be used
for read count normalization and differential analysis via DESeq2, edgeR or
limma-voom.

that would normally be grouped into the “AGGGTT” group, would be grouped and
counted together with 5-AACCCT-3" repeats in the “AACCCT” group, since
“AACCCT” comes alphabetically first. This function is useful in the analysis of non-
stranded sequencing data, such as typical WGS or ChlP-seq experiments, where
due to the lack of strand-specific enrichment, it is usually appropriate to summarize
counts of repeats and their reverse complements. Detected repeats can also be
written, along with detailed statistics on each repeat, to a continuously written repeat
info file. Meanwhile, counts for each repeat group are continuously tracked in an
internal repeat counts list that, upon completion of all chunks, is written to a repeat
counts file. Repeat counts files of multiple samples are then merged into a count

matrix via counTR summarizecounts. This step is necessary to add repeats that
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Table 5.1: counTR processrepeats parameters

Parameter
inputpath
outputdirectory
phobospath
outputprefix

outputtype

processes

grouping

groupingmotif

minperfection
maxperfection
minrepeatlength
maxrepeatlength

minunitsize
maxunitsize

mincopynumber
maxcopynumber

multirepreads

readwhitelist
readblacklist

readchunksize

addphobosarguments

Description

Path to sequencing data file in fasta(.gz) or fastq(.gz) format.

Directory where the output will be written to.

Path to Phobos executable.

Prefix of output files, prefix will be taken from input file, if not set (default:
None)

Output to generate, countstable.txt (c), repeatinfo.txt (i),
repeatinfo.txt.gz (g), concatenate the letters for multiple outputs, e.g. ci
(countstable.ixt and repeatinfo.txt) (default: c)

Number of parallel processes to be used, to automatically set to
maximum number of available logical cores, use 'auto' (default: auto)
Repeat grouping settings, example: ‘perfection:[0,100)[100,100]
length:[0,30)[30,inf]' (note the single quotation marks), if 'None', repeats
will be only grouped by their motif (default: None)

Motif to report for grouping, report the detected motif as is (detected),
its reverse complement (rc), or combine forward and reverse
complement (combine), all motifs are reported as their lexicographically
minimal string rotation (default: detected)')

Minimum perfection of a repeat to be considered (default: 0)

Maximum perfection of a repeat to be considered (default: 100)
Minimum repeat region length for a repeat to be considered (default: 0)
Maximum repeat region length for a repeat to be considered (for infinite,
set value to: inf) (default: inf)

Minimum repeat unit size for a repeat to be considered (default: 0)
Maximum repeat unit size for a repeat to be considered (for infinite, set
value to: inf) (default: inf)

Minimum number of repeat unit copies in a repeat for a repeat to be
considered (default: 0)

Maximum number of repeat unit copies in a repeat for a repeat to be
considered (for infinite, set value to inf) (default: inf)

Which repeat to consider in case of reads with multiple repeats (after
other filters have been applied), either all (consider all repeats for each
read), none (ignore multi repeat reads), longest (only consider the
longest repeat) or unique_longest (for each unique repeat unit, only
consider the longest) (default: all)

Path to list of read names that will not be filtered out, the rest is filtered
(default: None)

Path to list of read names that will be filtered out, the rest is kept
(default: None)

Approximate number of lines that are analyzed at once in a (parallel)
process (default: 50000)

Add arguments to the default Phobos call (which is run with: --
outputFormat 1 --reportUnit 1 --printRepeatSegMode 2)

Example: '--indelScore -4;--mismatchScore -5' (note the single
quotation marks). This will run Phobos with: --outputFormat 1 --
reportUnit 1 --printRepeatSegMode 2 --indelScore -4 --mismatchScore
-5 and thus change the parameters Phobos uses to align detected
repeats to ideal repeats

Warning: This command changes the way Phobos generates its output

before it is passed to counTR and can result in unexpected behaviour,
use with caution (default: None)
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have not been detected in all samples as zero counts to the remaining samples.
The count matrix can then be subjected to read count normalization and differential
analysis. All available parameters for counTR’s processrepeats and

summarizecounts functions are listed in Table 5.1 and Table 5.2, respectively.

Table 5.2: counTR summarizecounts parameters

Parameter Description

outpulffile path to output count matrix

inputpaths countstable.txt files to be summarized into a count matrix

samplenames list of sample names to be used in the resulting header in the same order as input

files. If not set, input file names will be used (default: None)

While RepEnrich (Criscione et al., 2014) and RepEnTools (Choudalakis et al., 2024)
detect both tandem and interspersed repeat enrichment through mapping-based
approaches, counTR adopts a mapping-free design specialized for the detection of
enriched tandem repeats. This approach makes counTR unsuitable for the analysis
of interspersed repeats but enables it to detect and count tandem repeats divergent
from reference genomes. Moreover, counTR can group tandem repeats by length
or perfection, thereby revealing enrichment signatures within specific tandem repeat
subpopulations. Key differences between counTR, RepEnrich and RepEnTools are
summarized in Table 5.3, though the comparison does not include counTR’s
extended functionality including detailed per-repeat statistics, allowing for advanced

analyses.

Table 5.3: Feature comparison between counTR, RepEnrich and RepEnTools.

counTR RepEnrich  RepEnTools
(this work)  (Criscione et (Choudalakis
al., 2014) et al., 2024)

Detects tandem repeat enrichment yes yes yes
Detects interspersed repeat enrichment no yes yes
Detects telomeric repeat enrichment yes Reference Reference
genome- genome-
dependent dependent
Reference genome- and repeat annotation-free yes no no
Counts tandem repeat-containing reads yes no no
divergent from reference genomes
Subgroup tandem repeats (e.g. by perfection) yes no no
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5.2.2 counTR efficiently scales with increasing CPU core numbers

To benchmark counTR’s multi-core scalability, | ran counTR on a representative
ChIP-seq sample on an HPC cluster in separate runs with exponentially doubling
CPU cores and measured the run times. As evident in Figure 5.6, a doubling of CPU
cores corresponds to approximately a halving of program run time, indicating a
linear scalability with respect to the number of CPU cores utilized. counTR’s
summarizecounts function was not benchmarked as it only combines the counts
tables produced by processrepeats into a count matrix and thus usually completes

within seconds.
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Figure 5.6: counTR run time scales efficiently with increasing number of CPU
cores. counTR’s processrepeats function’s run time for a standard ChlP-seq
sample of 28.6M 126bp reads using an HPC cluster. The function was run
separately with 1, 2, 4, 8, 16, 32 and 64 CPU cores.
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5.2.3 Detection of differential telomeric repeat content in simulated and
experimental WGS data

To benchmark counTR’s ability to detect differential tandem repeat content, |
simulated triplicates of WGS short-reads for human chromosome 4, as well as
scenarios where this chromosome is expanded by 10 kb of telomeric repeats or 10
kb of non-repetitive sequence. In brief, | first extracted chromosome 4 of the T2T-
CHM13v2.0 assembly (T2T-chr4) and created modified versions of it where |
expanded each chromosome end with either 5 kb of perfect telomeric repeats (T2T-
chr4Atelo) or genomic sequence extracted from the human DNAJA1 gene (T2T-
chrdADNAJA1) (Figure 5.7a). Using T2T-chr4, T2T-chr4Atelo and T2T-
chrdADNAJA1 as templates, | simulated 4M WGS reads per reference genome and
performed a counTR analysis, where | compared T2T-chr4Atelo and T2T-
chr4dADNAJA1 to T2T-chr4. Only the T2T-chr4Atelo versus T2T-chr4, but not the
T2T-chrdADNAJA1 versus T2T-chr4 comparison shows a statically significant
differential repeat, namely the telomeric repeat (Figure 5.7b,c). Figure 5.7d shows
the quantification of normalized telomeric repeat content for all three samples.
There is no significant difference in telomeric repeat content between T2T-chr4 and
T2T-chrdADNAJA1, whereas T2T-chr4Atelo shows the expected 3-fold increase in
comparison to T2T-chr4 (Figure 5.7d).

Telomerecat and TelSeq are programs that estimate the combined length of all
telomeres in a WGS sample. In Farmery et al. (2018), Telomerecat’'s authors
compared the performance of their program to the performance of TelSeq. For this,
they used a publicly available dataset published in Cai et al. (2014). Here, the
authors performed WGS on in vivo mesenchymal stem cells (MSCs) extracted from
a bone marrow donor, and on 1x, 8x, and 13x passaged MSCs as well as on
induced pluripotent stem cells (iPSCs) generated from 1x passaged MSCs (Cai et
al., 2014) (Figure 5.8a). MSCs contain no or only low levels of telomerase and
therefore undergo telomere shortening with increasing passage numbers
(Simonsen et al., 2002; Zimmermann et al., 2003), whereas iPSCs have restored
telomerase activity and can thus be expected to have longer telomeres (Ma et al.,
2023). Figure 5.8b and Figure 5.8c were taken from Farmery et al. (2018) and show
Telomerecat’s and TelSeq’s telomere length estimations for aforementioned MSC

samples. The authors demonstrated that their tool Telomerecat outperforms TelSeq
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Figure 5.7: counTR detects differential telomeric repeat content in simulated
WGS data. (a) Triplicates of WGS reads were simulated using chromosome 4 of
the T2T-CHM13v2.0 assembly (T2T-chr4), a modified version where both
telomeres were expanded by 5kb of perfect telomeric repeat sequence (T2T-
chr4Atelo), and a modified version where both telomeres were expanded by the
first 5kb of the human DNAJA71 gene or its reverse complement (T2T-
chrdADNAJAT) as illustrated. | ran counTR and plotted the differential tandem
repeat content (b) in T2T-chr4Atelo versus T2T-chr4 and (c¢) in T2T-
chrdADNAJA1 versus T2T-chr4 (Light blue: n.s. and below FC cutoff, violet: n.s.
and above FC cutoff, green: significant and below FC cutoff, red: significant and
above FC cutoff, FDR cutoff: 0.05, FC cutoff: 0.5). (d) Quantification of normalized
telomeric repeat content for T2T-chr4, T2T-chr4Atelo and T2T-chrdADNAJAT.
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Figure 5.8: counTR accurately quantifies telomere length dynamics. (a)
Experiment design for the WGS data generated by Cai et al. (2014), (b)
Telomerecat and (c) TelSeq telomere length quantification for in vivo, once (P1),
8-times (P8), and 13-times (P13) passaged MSCs as and iPSCs (iPSC1 and
iPSC2) for the WGS data generated by Cai et al. (2014). (d) Telomere content
quantification for the same samples by counTR analysis. (e) counTR analysis with
separation of reads with perfect or imperfect telomeric repeats. Panels b and ¢
adapted from Farmery et al. (2018) licensed under CC BY 4.0
(https://creativecommons.org/licenses/by/4.0/).
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in the detection of the expected telomere dynamics of shortening telomeres with
increasing passage numbers and increased telomere lengths in iPSCs (Figure
5.8b,c). | performed a counTR analysis using the same dataset and observed the
expected telomere dynamics in all samples without exception (Figure 5.8d), while
Telomerecat failed to detect the expectedly longer telomeres in the in vivo MSCs
versus 1x passaged MSCs (Figure 5.8b). Moreover, counTR has the ability to

separate repeats based on repeat perfection. Figure 5.8e shows the results for the
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same dataset with separation of perfect and imperfect telomeric repeats in the
102bp reads. Both, perfect and imperfect telomeric repeat content drop with
increasing passaging numbers and increase upon iPSC derivation (Figure 5.8e).
Interestingly, the fraction of perfect telomeric repeat content increased both, with
increasing passaging numbers, as well as after iPSC derivation (Figure 5.8e). This
may suggest that (1) telomere portions that are the product of telomerase elongation
have on average lower repeat complexity than native telomeric repeats formed
during replication and (2) telomeric repeats towards the chromosome end have

higher repeat complexity that is lost upon telomere shortening.

5.2.4 counTR detects telomere-binding of ADAR1 using cortical mouse
neuron ChlIP-seq data

To demonstrate that counTR can also be effectively applied to ChlP-seq and
comparable data and, | investigated its ability to detect protein binding to tandem
repeats. For this purpose, | focused on ADAR1, a protein with known roles in
genome stability and regulation at telomeres, as a case study. The p110 isoform of
ADAR1 has been shown to regulate R-loop formation at telomeres of cancer cell
lines (Shiromoto et al., 2021). However, it has thus far not been demonstrated
whether any of ADAR1’s two isoforms, ADAR1 p110 or p150, possess the ability to

directly bind to telomeres.

Marshall et al. (2020) generated an ADAR1 p150 ChlP-seq dataset from active and
quiescent cortical mouse neurons derived from fear-conditioned mice that
underwent either fear extinction training or were part of a control group. counTR
analysis of quiescent neurons from the control group showed an enrichment of
telomeric repeats over input control, for perfect and imperfect telomeric repeats of
different lengths (Figure 5.9). Interestingly, among the analyzed tandem repeats,
imperfect telomeric repeats spanning large portions of reads (“AACCCT
<perfection:[0.0,100.0) length:(80.0,inf]>”") were the only repeats to show
statistically significant positive enrichment under an FDR cutoff of 0.01. This
suggests that ADAR1 may specifically bind to telomeric repeats containing

imperfections. Moreover, differential telomere-binding of ADAR1 between quiescent
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or active neurons of fear extinction-trained or control group mice was also tested

but did not yield statistically significant differences (not shown).

4 - AACCCT <perfection:[g.0,100.0) length:[80.0,inf]>
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Figure 5.9: counTR analysis finds enriched telomeric repeats in ADAR1 ChlIP-
seq data from cortical mouse neurons. Volcano plot depicting ADAR1 ChIP-seq
counTR analysis results of 126bp reads of mouse cortical neurons versus input
control. Telomeric repeat counts are labeled with repeat perfection and length.
Dashed line indicates FDR cutoff of 0.01.

5.2.5 Design and validation of human LINE1 subfamily-discriminating PCR
primers

In order to study the expression of LINE1s or their enrichment in
immunoprecipitation experiments with the help of qPCR experiments, primers
targeting LINE1s are required. Since only the evolutionarily most recent LINE1
subfamily L1HS is retrotransposition-competent in humans (Beck et al., 2010) and
evolutionary older LINE1 subfamilies are mostly considered to be DNA fossils
(Wagstaff et al., 2018), it can be crucial to differentiate between families of different
age. Thus, | developed a workflow to design LINE1 primers with a LINE1 subfamily-

specific amplification preference (Figure 5.10, Material and methods 6.1.10) and
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1. Obtain consensus sequences for target and closely related LINE1 subfamilies I UCSC REPEAT BROWSER I

2. Perform multiple sequence alignment using consensus sequences S !

3. Find up to ~200bp long regions where flanking ends contain subfamily-discriminating bases @ JalVIeW

1031
1160

L1PA4 954 AAA - -
L1PA5 949
L1PA6 935

1153
1148
1159

L1HS 832 ABA -
L1PA3 961 AAA - -

AAA G
AAABBAATABCATICAACARICAACAAAAA

Consensus

GAAAGGAATAGCATCAACATCAACAAAAAGGACATCCACACCAAAAACCCATCTGTACGTCA AAAGCTGGATGGAGAATGACTTTGACGAGTTG

4. Primer design using identified regions as target sequences, keep primer candidates where both, < eurofins

forward and reverse primers, overlap target subfamily-discriminating bases ) senomics
PCR Primer Design Tool

UNIVERSITY OF CALIFORNIA

5. Simulate PCR using newly designed primer candidates and human genome (hg38)
In-silico PCR

6. Convert predicted primer candidate PCR target regions to BED file format using custom script

7. Obtain repeat annotation for human genome (hg38) C Is B

RepeatMasker
8. Intersect predicted PCR targets for each primer candidate with repeat annotation, filter for primer
candidates with high target subfamily-specificity

bedtools

>bedtools intersect -a L1HS_primer_candidate_in-silico_PCR.bed -b hg38_repeatMasker.bed -wb |
awk {print $7}' | sort | uniq -c
291 L1HS

39 L1PA2
1 L1PA3
1 L1PA7

9. Perform amplicon sequencing using resulting primers

Figure 5.10: Steps taken to design LINE1 subfamily-discriminating PCR

primers. Used programs and resources in each step are indicated with their

respective logos.
attempted to design primers specific to LINE1 regions matching genomic DNA and
mature mRNA regions for subfamilies L1HS, L1PA3, L1PA4, L1PA5, L1PA16 and
L1PA17. In brief, | obtained consensus sequences for the LINE1 subfamilies
between which | planned to distinguish, performed a multiple sequence alignment
and manually inspected resulting alignments for regions up to ~200bp that, near
both ends, contain subfamily-discriminating mutations and attempted to design
primers that overlap both ends. When such primers could successfully be designed,

| performed in silico PCR to predict loci of amplification and intersected them with
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annotated repeats. If the loci largely overlapped with one LINE1 subfamily of

interest, the primers were kept as candidate primers.

For each primer candidate, Amitava Basu (this lab) amplified human genomic DNA
from human liver cells and ran the samples on an agarose gel, which produced
specific products in the expected size range of roughly 200bp for each primer
(Figure 5.11a), and subjected the samples to amplicon sequencing. All primer
candidates except for Primer 5 turned out to primarily amplify LINE1 sequences
(Figure 5.11b). While the results indicate that none of the primers is specific to a
single LINE1 subfamily, primers 1, 2, 3, 6 and 7 predominantly amplified amplicons
of either a single or two closely related families to more than ~65% and primer 4
amplifies subfamilies L1PA2, L1PA3, L1PA4, L1PA5 and L1PA6 to 10.1 — 22.7%
each (Figure 5.11b). Amitava Basu performed RNA extraction on human liver
samples and performed RT-gPCR to measure family-specific LINE1 expression
using the primer candidates. The results showed a nearly absent signal for primer
7 and a relatively low signal for primers 1 and 6, whereas Primers 2, 3 and 4 showed
comparably high signal (Figure 5.11c). Resulting LINE1 subfamily-specific primer
sequences together with intended target regions experimentally determined target

regions are listed in Table 5.4.
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Figure 5.11: Newly designed primers discriminate between human LINE1
families. (a) PCR amplification was performed under standard conditions on human
liver genomic DNA using the newly designed primers. Agarose gel showing
amplification products with each individual primer. (b) Amplicon sequencing was
performed on PCR products. Bar chart indicates percentage of all amplified
fragments that map to LINE1 and non-LINE1 loci. (¢) Primers were used to quantify
LINE1 expression by RT-gPCR on human liver. Plot depicts measured relative
expression normalized to GAPDH.
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Table 5.4: LINE1 subfamily-discriminating primers.

Primer name

Primer 1 (F)
Primer 1 (R)
Primer 2 (F)
Primer 2 (R)
Primer 3 (F)
Primer 3 (R)
Primer 4 (F)
Primer 4 (R)
Primer 5 (F)
Primer 5 (R)
Primer 6 (F)
Primer 6 (R)
Primer 7 (F)
Primer 7 (R)

Intended target

L1HS (5'UTR)
L1HS (ORF1)
L1PA3 (ORF1)
L1PA3 (ORF2)
L1PA4 (ORF1)
L1PA4 (ORF1)
L1PA5 (5UTR)
L1PA5 (ORF1)
L1PA16 (ORF2)
L1PA16 (ORF2)
L1PA16 (ORF2)
L1PA16 (ORF2)
L1PA17 (ORF2)
L1PA17 (ORF2)

BN~ —

Observed target
subfamily(ies)
L1HS, L1PA2
L1PA2, L1PA3

L1PA4, L1PA5

L1PA2, L1PA3, L1PA4,

L1PA5, L1PAG

L1PA16

L1PA17

%GC

50.0
40.9
50.0
50.0
55.0
52.4
52.6
455
50.0
50.0
40.0
45.0
45.0
40.0

Tm

50.5
50.7
50.2
51.6
54.6
53.8
51.7
51.2
60.9
62.8
571
58.6
60.0
56.9

Primer sequence

GACATCTACACCGAAAACCC
TCGTCAAAATCATTCTCCATCC
ACCAGCCACTGCAAAATC
CCAATTTGCCAGTCTGTGTC
ATGCACAAGCCTCAGTAGCC
TCCATTCTCCCCGTCACTTTC
TCCACACCAAAACCCCATC
CTCGTCAAAGTCATTCTCCATC
CCCTCAACAAACTAGGCATC
CTTCCAGCTTTTGCCCATTC
GACAAAGGTGACATTACAAC
CTTGGGAGATTGTGTGTTTC
AGAATGAAACTGGACCCCTA
GTCCAGAAGAGTATTTCCTA

%GC: Percent GC content, Tm: Melting temperature, F: Forward primer, R: Reverse

primer
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5.3 Discussion

5.3.1 counTRis a novel approach to detect differential tandem repeat content
in short-read sequencing data

| developed counTR, a novel alignment-free approach to detect enriched tandem
repeat content in short-read sequencing data. In brief, counTR works alignment-
free by de novo identifying tandem repeats inside reads produced via short-read
sequencing experiments. Then, similar to RepEnrich (Criscione et al., 2014),
detected tandem repeats are counted per repeat unit, which can optionally be
grouped by repeat length and perfection. The resulting counts table can be
normalized via established read count normalization methods and used for
differential tandem repeat content analysis. This method can be suitable for different
applications. Here, | explored its applicability to telomere length comparison and the

detection of enriched tandem repeats in enrichment-based sequencing data.

Bioinformatics analyses are often carried out on HPC clusters containing hundreds
or thousands of CPU cores and even contemporary standard workstation
computers often contain between 4 and 8 CPU cores. Hence, it is crucial for well-
designed programs that handle relatively large datasets, such as sequencing data,
to make efficient use of these hardware resources and optimize run times. |
implemented counTR’s processrepeats function in a manner that instantly
parallelizes downstream operations after a chunk of an input file has been read
(Figure 5.5). Hence, a roughly linear scalability of the program’s run time with
increasing amounts of CPU cores can be expected. Indeed, separate counTR
processrepeats runs with doubling CPU core numbers on the same representative
ChIP-seq sample showed a near linear decrease in run time (Figure 5.6). It should,
however, be noted that after a certain increase in CPU core numbers the run time
performance can be expected to stagnate and potentially even worsen. This is
expected to happen as soon as the parallelized functions processing the reads
finish faster than a chunk of reads can be read from the input file, leading to idle
CPU cores. This can, in turn, be counteracted by reducing the readchunksize
parameter that controls the number of reads that are read at a time to enter parallel

processing (Table 5.1).
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5.3.2 Caveats in the usage of counTR and future directions

While counTR is a fast and effective approach for the unbiased detection of tandem
repeat-enrichment in short-read sequencing data, users should still be aware of its

limits.

Due to lack of read-mapping step filtering reads to the sequenced organism of
interest, counTR is unable to discern the origin of reads. Thus, to prevent an
overestimation of repeat counts, contamination of the sequenced samples should
be ruled out prior analysis. This can, for instance, be accomplished in a
complimentary mapping-based analysis with FASTQ Screen (Wingett & Andrews,
2018). Sequencing protocols often contain a PCR step to generate sufficient
amounts of DNA for sequencing. This step may amplify certain fragments more than
others and thus introduce a bias that cannot be addressed by counTR. Such biases
can be prevented if sequencing is performed with either PCR-free protocols or reads
are tagged with unique molecular identifiers (UMIs) before sequencing (Y. Fu et al.,
2018; Smith et al., 2014). Such UMIs can be used to distinguish PCR duplicates
from identical biologically meaningful reads and thus reduce PCR duplicate reads
to a single read. However, the use of PCR-free protocols or UMIs is not always
feasible and the decision to use such methods needs to be taken prior sequencing,
thus many already publicly available sequencing datasets do not employ these
strategies. The problem of a PCR duplicate bias in a counTR analysis is comparable
to the bias introduced by PCR duplicates in conventional RNA-seq analyses, where
their removal is generally considered to do more harm than good due to the removal
of biologically meaningful reads (Parekh et al., 2016). Similarly, for counTR
analyses, it is advisable to follow standard RNA-seq practices by ignoring PCR
duplicate biases as long as PCR duplicate levels are not unusually high. Moreover,
unlike RepEnrich or RepEnTools, which can perform differential analysis of all
annotated repeats (Choudalakis et al., 2024; Criscione et al., 2014), counTR is
limited to tandem repeats. Furthermore, counTR relies on Phobos, which is licensed
under a non-open license and is only free of charge for academic use, while for
commercial use a Phobos license is required. As for future directions, | have thus
far not sufficiently explored counTR’s applicability to single-cell or long-read

sequencing data, to which it may be adapted.
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5.3.3 counTR detects differential telomeric repeat content in WGS data
analysis

Differences in telomere length between different WGS samples are reflected in
differential telomeric repeat-containing read content. Thus, counTR’s ability to
compare tandem repeat content between different short-read sequencing data
samples can be utilized to estimate a relative change in telomere length if applied

specifically to the telomeric repeat in WGS data samples.

By benchmarking counTR’s performance on simulated WGS samples, | found that
it can reliably identify variations in telomere length. It should be noted, however, that
the variability in repeat content among simulated replicates may be lower than in
real data, potentially inflating counTR’s apparent accuracy. A counTR analysis on
telomeric repeats in WGS data of MSC samples with increasing passaging numbers
and two iPSC-converted samples showed that counTR is able to reproduce the
expected pattern of increasingly shortened telomeres as an effect of increasing
passage numbers as well as extended telomeres in iPSC converted cells. Under
the assumption that the telomeres of the sequenced samples indeed reflect the
expected pattern, counTR outperforms TelSeq and Telomerecat, tools specifically

designed to estimate telomere lengths.

5.3.4 Telomere shortening leads to an irreversible loss of mean telomeric
repeat complexity

Unlike TelSeq and Telomerecat, to which | compared counTR in the previous
chapter, counTR can incorporate repeat perfection into telomeric repeat content
analysis. In my analysis, | split counting of telomeric repeat containing reads in a
binary manner - in perfect and imperfect ones. It should be noted that for repeats
that surpass the read length, such as the telomeric repeat, the relationship between
detected imperfect and perfect repeats is impacted by the read length. The longer
the read length, the higher the probability to detect an imperfection inside of a read,
labeling the whole repeat imperfect. Despite this dependency on read length, the
perfection metric can be used to make quantitative comparisons between samples

of identical read length. The fraction of perfect telomeric repeats was generally
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slightly higher than that of imperfect ones for the 102bp long reads. Interestingly,
this fraction increased both, upon telomere shortening due to cell passaging as well
as after telomere lengthening via telomerase in iPSCs. This observation can be
explained by assuming (1) that the telomeres in in vivo MSCs are largely the result
of DNA replication by DNA polymerases, rather than telomerase (Maestroni et al.,
2017) and (2) the hypothesis that said telomeres are composed of telomeric repeats
that become increasingly imperfect towards the direction of the chromosome ends
(Figure 5.12). Upon telomere shortening, these less perfect repeat sections may get
lost, thereby increasing the fraction of perfect telomeric repeats. Meanwhile,
telomere lengthening via telomerase can restore telomere length, but may fail to
restore the less perfection sections originally replicated by DNA polymerase-

mediated DNA replication.

I e N

Telomere Iengthi

Repeat
Perfection

v

in vivo MSC |

P1 MSC |

P8 MSC |

P13 MSC |
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Perfection
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Telomere length |
iPSCs | | |

Telomerase

Figure 5.12: Hypothesis explaining the observed telomere dynamics in
passaged and iPSC-converted MSCs. Telomeres are represented as bars with
the right side of each bar representing the telomere end that at same time forms the
end of the chromosome.
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Telomere-shortening is an established hallmark of cellular aging and cultivation
passaging can be regarded as a model system for the study of aging-related
telomere attrition (Pilbauerova et al., 2021). The hypothesis can therefore be
expanded to in vivo cellular aging which might lead to a loss of more complex
telomeric repeat sections that cannot be restored via telomerase activity.
Researchers are experimenting with telomerase overexpression as a means to
combat aging and disease (Bernardes de Jesus & Blasco, 2013; El Mai et al., 2023).
2023). To my best knowledge, the metric of genomic repeat perfection has largely
eluded the attention of researchers. Comparing attributes of rather perfect
telomerase-lengthened telomeric repeats to more complex telomeric repeats that
resemble DNA polymerase replicated telomeric repeats could thus be interesting
for telomere-related studies in the field of aging research.

5.3.5 ADAR1 binds telomeres in cortical mouse neurons

In Shiromoto et al. (2021), the authors showed that ADAR1’s p110 isoform regulates
the formation of R-loops as well as the genome stability at telomeres in human
cancer cell lines by editing A-C mismatches in DNA:RNA hybrids to I-C pairs. These
R-loops are thought to be formed by the telomeric repeat-containing RNA (TERRA)
that is transcribed from telomeric and subtelomeric regions and associates with the
telomeres (Shiromoto et al., 2021). It was thus far, however, not shown whether any
of ADAR1 isoforms can directly bind to telomeres. Marshall et al. (2020) generated
an ADAR1 p150 ChIP-seq dataset in cortical mouse neurons. The authors had
observed an increase of ADAR1 p150 binding to Z-DNA during fear extinction
learning and knockdown of ADAR1 p150 led to an inhibition of fear extinction
memory formation, whereas reintroduction of the protein rescued these effects
(Marshall et al., 2020). | performed a counTR analysis on the same data to detect
whether ADAR1 p150 can bind to telomeres in mouse neurons. Analysis of
quiescent neurons from the control group resulted in the detection of significantly
enriched imperfect telomeric repeats in the ADAR1 p150 ChIP-seq over input
control, indicating direct binding of ADAR1 p150 to such imperfect telomeric
repeats. Taken together with ADAR1 p110’s reported activity on telomeres in

human cancer cells (Shiromoto et al., 2021), it can be hypothesized that telomere-
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binding of ADAR1 is conserved across species, tissues and ADAR1’s p110 and
p150 isoforms. At the same time, the results demonstrate that counTR can be

successfully applied to detect tandem repeat occupancy of ChiP-seq targets.

5.3.6 Newly designed primers successfully discriminate between LINE1
subfamilies

| developed and applied a workflow to design subfamily-discriminating LINE1 PCR
primers. By analysis of amplicon sequencing data generated using these primers, |
showed that five out of seven primers (primers 1,2,3 and 6,7) amplified fragments
of one or two LINE1 subfamilies to at least 65%. These primers can thus be used
to specifically measure qPCR signals for these subfamilies. One primer (primer 5)
turned out to amplify mostly non-LINE1 sequences and one primer (primer 4) turned
out to have an amplification pattern that is rather balanced between LINE1
subfamilies L1PA2-L1PAG6. The history of Old World primates is considered to have
started about 21-25 million years ago and is associated with L1PA5-L1PA6
distribution (Khan et al., 2006; Protasova et al., 2021) whereas the earlier
subfamilies L1PA2-L1PA5 and the recent L1HS subfamily amplified during the
period of ape evolution (Mathews et al., 2003). Primer 4 could thus be used for a
combined PCR amplification that is mostly exclusive to all LINE1 subfamilies that
amplified exclusively after the evolutionary split into Old World primates, minus the
most recent and only still retrotransposition-competent subfamily L1HS (Mathews
et al., 2003).

The newly designed primers were then used to measure subfamily-specific LINE1
RNA expression. Subfamilies L1PA2-6 turned out to exhibit comparably high
amounts of expression, whereas the combined expression for LIHS/L1PA2 and the
expression of L1PA16 was roughly 6-fold lower. Meanwhile, L1PA17 expression
was not measurable. The observation that the most recent LINE1 subfamily L1HS
had lower expression levels than the older L1PA2-L1PA6 subfamilies is at first
glance unexpected, but can be explained by differences in copy number. Each
LINE1 subfamily within the L1PA2-L1PA6 group has approximately 4,000-12,000
copies, whereas L1HS comprises roughly 1,600 copies (Jiang et al., 2021; Khan et

al., 2006). The mean expression levels of individual LINE1 loci are thus likely
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comparable between L1HS and L1PA2-L1PA6 subfamilies and total RNA of the
members of the latter group might only be higher due to increased copy numbers.
Meanwhile, L1PA16 and L1PA17 are estimated to be present in around 9400 and
3300 copies, respectively (Khan et al., 2006). Thus, even if accounted for copy
numbers, these much older subfamilies appear to be expressed to a lower degree,
likely due to accumulation of mutations in regulatory elements. While elements
belonging to the L1PA2-L1PA6 subfamilies can be expressed and are regulated by
DNA-binding Kruppel-associated box domain-containing zinc finger proteins
(KRAB-ZFPs) and KRAB-associated protein 1 (KAP1) (Castro-Diaz et al., 2014;
Jacobs et al., 2014), their expression levels have to the best of my knowledge not

been compared with each other, to L1HS or to other human LINE1 subfamilies.

97



6 Material and methods

6.1.1 Computational resources

All analyses were carried out either on an Ubuntu 18.04 LTS 64-bit workstation PC
with an Intel Core i7-8650U CPU and 16GB of RAM or on an Ubuntu 22.04 LTS 64-
bit HPC cluster running the SLURM workload manager consisting of 3 compute
nodes with up to 128 Intel Xeon Gold 6252 cores and 2 TB of RAM.

6.1.2 Thesis writing

This thesis was written in Microsoft Word from Microsoft Office Professional Plus
2021. EndNote v.21 21.4.0.18113 was used as a citation manager. ChatGPT 40

and o1-preview (https://chatgpt.com/) were used to assist with the wording of

individual sentences and smaller sections.

6.1.3 Chromosome copy number comparison using WGS data

Initial analysis was performed using NGSpipe2go’s ChlP-seq pipeline

(https://github.com/imbforge/NGSpipe2go) up until read mapping. Raw read quality
was assessed with FASTQC v.0.11.9

(https://www.bioinformatics.babraham.ac.uk/projects/fastac/) and reads were

subsequently mapped to the mm10 mouse reference genome using Bowtie v.2.4.5

(http://bowtie-bio.sourceforge.net/bowtie2) with options “--very-sensitive --end-to-

end --fr --maxins 1000”. Duplicate reads were removed using MarkDuplicates of

Picard v.2.20 (https://broadinstitute.github.io/picard/). Per chromosome read

numbers were obtained using idxstats from Samtools v.1.1.0 and used to calculate

per chromosome RPKM values.

GADD45 clone set 2: For each of the two pooled WGS samples, each
chromosome’s RPKM value was normalized to the median RPKM value of all of the
sample’s chromosomes. Normalized RPKM values for the pooled Gadd45 TKO

clone sample were then divided by the normalized RPKM values for the WT sample.
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GADDA45 clone set 3: For each chromosome, the median RPKM value out of all
samples was calculated. For each sample, each chromosome’s RPKM was then

divided by this sample-wide per chromosome median RPKM.

6.1.4 RNA-seq analysis

Analysis was performed using NGSpipe2go’'s RNA-seq pipeline

(https://github.com/imbforge/NGSpipe2go). Raw read quality was checked using
FASTQC v.0.11.9 (https://www.bioinformatics.babraham.ac.uk/projects/fastqc/)

and reads were aligned to the mm10 mouse reference genome via STAR v.2.7.10a

(https://github.com/alexdobin/STAR), secondary read alignments were removed

with Samtools v.1.1.0 (http://www.htslib.org). Reads were counted per gene using

Subread featureCounts v.2.0.0 (https://subread.sourceforge.net) with stranded
parameter “-s 2” and GENCODE GRCm38.p4 gene annotation. DEGs were
identified in R v.3.1.4 using DESeq2 v.1.34.0
(https://bioconductor.org/packages/release/bioc/html/DESeg2.html) with

independent gene filtering and without LFC shrinkage at a 0.01 FDR cutoff. GO term
analysis of DEGs was conducted via  ClusterProfiler v.4.8.2

(https://bioconductor.org/packages/release/bioc/html/clusterProfiler.html) using

only genes previously statistically tested for differential expression as universe.

6.1.5 ATAC-seq and CUT&Tag analyses

Analyses were performed using NGSpipe2go’s ChlP-seq pipeline
(https://github.com/imbforge/NGSpipe2go). Raw read quality was assessed with

FASTQC v.0.11.9 (https://www.bioinformatics.babraham.ac.uk/projects/fastgc/)

and reads were subsequently mapped to the mm10 mouse reference genome using

Bowtie v.2.4.5 (http://bowtie-bio.sourceforge.net/bowtie2) with options “--very-

sensitive --end-to-end --fr --maxins 1000”. Duplicate reads were removed using
MarkDuplicates of Picard v.2.20 (https://broadinstitute.github.io/picard/). Peak
caling was performed with MACS2 v.2.1.2 (https://github.com/macs3-

project/MACS) and options “--bw 200 --keep-dup auto --broad --format BAMPE”
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against IgG samples for CxT experiments and without control for ATAC-seq.
Differential peaks were identified in R v.3.1.4 using the DiffBind package v.3.4.0

(https://bioconductor.org/packages/release/bioc/html/DiffBind.html) without control

sample subtraction. For ATAC-seq, peaks were re-centered +-100bp around
consensus summits, while for CxT experiments, re-centering was kept at the default
+-200bp. Significantly differential peaks were identified at a 0.05 FDR cutoff. Motif
analysis on differential ATAC-seq peaks was performed using HOMER v4.10

(http://homer.ucsd.edu/homer/motif/).

6.1.6 DRIP-seq analysis

Sequencing data was obtained from NCBI's SRA repository under accession
number SRR2075686. Single-end reads were mapped to the mm10 mouse

reference genome using Bowtie v.2.4.5 (http://bowtie-bio.sourceforge.net/bowtie2)

with option “--very-sensitive”. Peak calling was performed with MACS2 v.2.1.2

(https://github.com/macs3-project/MACS) and option “--format BAM” without control

sample. Peaks with up to 300bp distance from each other were merged using

bedtools merge (https://bedtools.readthedocs.io/).

6.1.7 strDRIP-seq analysis

Initial analysis was performed using NGSpipe2go’s ChlP-seq pipeline
(https://github.com/imbforge/NGSpipe2go) up until read mapping. Read quality of

the raw single-end reads was assessed with FASTQC v.0.11.9

(https://www.bioinformatics.babraham.ac.uk/projects/fastqc/) and reads were

subsequently mapped to the mm10 mouse reference genome using Bowtie v.2.4.5

(http://bowtie-bio.sourceforge.net/bowtie2) with options “--very-sensitive --end-to-

end --fr --maxins 1000”. Duplicate reads were removed using MarkDuplicates of

Picard v.2.20 (https://broadinstitute.github.io/picard/). Plus and minus strand reads

were extracted using the “samtools view” command of Samtools v.1.10 with

parameters “-F 16" and “-f 16“, respectively. Peaks were called separately for the
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plus and minus strand using MACS2 v.2.2.6 (https://github.com/macs3-

project/MACS) and options “—format BAM --nomodel”.

6.1.8 spKAS-seq analysis

Paired-end reads were adapter trimmed using Trim Galore v. 0.6.10

(https://www.bioinformatics.babraham.ac.uk/projects/trim_galore/) and aligned to

the mm10 genome using Bowtie v.2.5.1 (http://bowtie-bio.sourceforge.net/bowtie?).
Plus strand read pairs were extracted using the “samtools view” command of
Samtools v.1.16.1 with parameters “-b -f 146“ and “-b -f 98“ and merged with
“samtools merge“-b -f 146“. Minus strand read pairs were processed analogously,
but with “samtools view” parameters “-b -f 130" and “-b -f 66“ before merging. Peaks
were called separately for the plus and minus strand using MACS2 v.2.2.6
(https://github.com/macs3-project/MACS) and option "—format BAMPE”. Differential

peaks were called using a customized DiffBind script using DiffBind package v.3.4.0

(https://bioconductor.org/packages/release/bioc/html/DiffBind.html). The script runs

the DiffBind “count” function separately for peaks on the plus and minus strand, then

merges the data into a single object before performing differential analysis.

6.1.9 Intersection of genomic regions

Venn diagrams displaying intersection of genomic regions were created using the
findOverlapsOfPeaks function of the ChlPpeakAnno v3.6.5 package with default
settings. Note that such venn diagram-based illustrations of intersecting genomic
loci in multiple datasets can lead to unexpected results, such as intersections
between regions with increased and decreased binding. This can happen if, for

example, up and down peaks both intersect with a single peak in a third dataset.

6.1.10 Design of human LINE1 subfamily-discriminating PCR primers

Consensus sequences for LINE1 subfamilies L1HS, L1PA3, L1PA4, L1PAS5,
L1PA6, L1PA15, L1PA16 and L1PA17 were obtained from the UCSC Repeat

101



Browser (Fernandes et al., 2020). Multiple sequence alignments (MSAs) were
performed using Clustal Omega via the EMBL-EBI Job Dispatcher (Madeira et al.,
2024) for L1HS, L1PA3, L1PA4, L1PA5, L1PA6 and L1PA14, L1PA15, L1PA16,
L1PA17, respectively. Both MSAs were visually inspected for regions of up to
~200bp length that contained LINE1 subfamily-discriminating bases for families of
interest at both ends. For such regions, primer design was attempted using Eurofins
Genomics' PCR Primer Design Tool

(https://eurofinsgenomics.eu/en/ecom/tools/pcr-primer-design) such that both

primer pairs overlapped with the respective bases. For regions, for which such
candidate primers could be designed successfully, in silico PCR

(https://genome.ucsc.edu/cgi-bin/hgPcr) was performed using the GRCh38/hg38

genome. Output containing predicted in silico PCR amplified loci was converted to
bed file format using a custom script and then intersected with annotated repeats in

the hg38 4.0.5 RepeatMasker annotation (https://www.repeatmasker.org/fag.html).

If the loci largely overlapped with one LINE1 subfamily of interest, primers with the

according sequence were ordered for experimental validation.

6.1.11 Validation LINE1 subfamily-discriminating PCR primers

Amplicon sequencing was performed on PCR products generated using the
primers. Raw read qualty was assesed with FASTQC v.0.11.8

(https://www.bioinformatics.babraham.ac.uk/projects/fastqc/) and reads were

subsequently mapped to the hg38 human reference genome using Bowtie v.2.3.4

(http://bowtie-bio.sourceforge.net/bowtie2) with options “--very-sensitive --end-to-

end --fr --maxins 1000”. Read counting was performed using Subread

featureCounts v.2.0.0 (https://subread.sourceforge.net/). All properly paired reads

that overlapped with either a LINE1 family or non-LINE1 genomic loci were counted.

Multi-mappers were counted once as long as they only map to a single family.
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6.1.12 counTR implementation, usage and program availability

counTR is written in Python (tested on Python 3.9.7) using only standard Python
libraries that come preinstalled with a default Python installation. Detection of

tandem repeat containing reads relies on Phobos (https://www.ruhr-uni-

bochum.de/spezzoo/cm/cm_phobos _download.htm) (Mayer, 2010) (tested using

phobos_64_libstc++6 of the phobos-v3.3.12-linux package). At the time of writing,
counTR only supports POSIX operating systems and was tested on Ubuntu 18.04
LTS 64-bit and Ubuntu 22.04 LTS 64-bit. counTR is available under

https://qgithub.com/mmisak/counTR and licensed under the GPL 3.0 license.

6.1.13 Benchmark of counTR’s scalability in multicore CPU environments

counTR was run with parameters “--grouping ‘perfection:[0,100)[100,100]
length:[0,40),[40,80),[80,inf]' --outputtype ¢’ on a HPC with 1, 2, 4, 8, 16, 32, 64
CPU cores and a constant 200GB of RAM on the FASTQ file available from NCBI's
SRA repository under accession number SRR9140841.

6.1.14 Telomere expansion WGS simulation

The FASTA file for the human T2T-CHM13v2.0 genome was obtained from NCBI
(https://www.ncbi.nim.nih.gov/datasets/genome/GCF 009914755.1). For T2T-
chr4, chromosome 4 of the genome assembly was extracted. For T2T-chr4Atelo
and T2T-chr4ADNAJA1, T2T-chr4 was expanded at both ends using the cat
command available in POSIX systems as illustrated in Figure 5.7a. In brief, for T2T-
chrdAtelo, 5kb of perfect AACCCT tandem repeat was added before the start of
T2T-chr4 and 5kb of perfect AGGGTT to its end. For T2T-chrdADNAJA1, the first
5kb of the 5' end of the human DNAJA1 gene was extracted and appended to the

end of T2T-chr4. The same extracted sequence was reverse complemented and
added before the start of the sequence. For short-read WGS simulation, wgsim (part
of samtools 1.10) was run three times using parameters “-1 150 -2 150 -r 0 -R 0 -X
0 -e 0 -N 4000000” to generate triplicates of 4M 150bp paired-end short-read

samples. counTR processrepeats was run for all R1 files of the simulated short-read
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sequencing with parameters: “--grouping 'length:[0,40),[40,100),[100,inf]' --
outputtype c --groupingmotif combine”. Downstream analysis was performed using

edgeR as described below.

6.1.15 Telomere length dynamics analysis

Sequencing data for in vivo MSCs, passaged MSCs as well as MSC-derived iPSCs
was obtained from NCBI’'s SRA repository under accession number SRP032359.

13

counTR processrepeats was run for each sample’s R1 file with parameters “--
groupingmotif combine --outputtype c’ and either “--grouping
'perfection:[0,100)[100,100] length:[0,40),[40,80),[80,inf]” or “--grouping
'length:[0,40),[40,80),[80,inf]” to perform runs with or without perfection grouping,
respectively. Downstream analysis was performed using edgeR as described

below.

6.1.16 ADAR1 ChIP-seq analysis in mouse cortical tissue

All ADAR1 ChIP-seq data as well as the corresponding input sample were obtained
from the NCBI SRA repository under accession number SRP199704. counTR
processrepeats was run for R1 files of each sample with parameters “--grouping
'perfection:[0,100)[100,100] length:[0,40),[40,80),[80,inf] --outputtype c --
groupingmotif combine”. Downstream analysis was performed using edgeR as

described below.

6.1.17 edgeR downstream analysis of counTR output

Downstream analysis was performed using edgeR v.3.42.4

(https://bioconductor.org/packages/release/bioc/html/edgeR.html), repeats with

fewer than 0.1 CPM were removed from the analysis, normalization factors were
calculated using the TMM method and the robust dispersion estimation function

estimateGLMRobustDisp was used, read counts were finally CPM normalized
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before a general linear model was fit using the gimFit function and differential repeat

counts were detected using the gImLRT function.
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8 List of Acronyms

5caC 5-carboxylcytosine

5fC 5-formylcytosine

5hmC 5-hydroxymethylicytosine

5mC 5-methylicytosine

A adenine

ADAR1 adenosine deaminase acting on RNA 1

ALT alternative lengthening of telomeres

AP-2 activating enhancer binding protein 2

AQR aquarius intron-binding spliceosomal factor

ATAC-seq assay for transposase-accessible chromatin with high-throughput
sequencing

C cytosine

Cas9 clustered regularly interspaced short palindromic repeats-
associated protein 9

CDK cyclin-dependent kinase

cDNA complementary DNA

cGAS cyclic guanosine monophosphate—adenosine monophosphate
synthase

ChIP-qPCR  chromatin immunoprecipitation quantitative polymerase chain
reaction

ChIP-seq chromatin immunoprecipitation sequencing

CpG cytosine(-phosphate-)guanine

CPM counts per million

CPU central processing unit

CRISPR clustered regularly interspaced short palindromic repeats

CTCF CCCTC binding factor

CUT&Tag cleavage under targets and tagmentation sequencing

DEG differentially expressed gene

DIP-seq DNA immunoprecipitation sequencing

DNA deoxyribonucleic acid

DNAJA1 DnaJ heat shock protein family (Hsp40) Member A1

DNMT1 deoxyribonucleic acid methyltransferase

DNMT DNA methyltransferase

DRIP-seq DNA-RNA immunoprecipitation sequencing

eRNA enhancer ribonucleic acid

ESC embryonic stem cell

ESRR estrogen-related receptor

FACS fluorescence-activated cell sorting

FC fold change

FDR false discovery rate

FISH fluorescent in situ hybridization

Flow-FISH fluorescent in situ hybridization with flow cytometry

FoxO forkhead box protein O

G guanine
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GADD45

GADDA45 protein family The growth arrest and DNA damage-
inducible 45

GADD45a growth arrest and DNA damage-inducible alpha
GADDA45b growth arrest and DNA damage-inducible beta
GADDA45¢g growth arrest and DNA damage-inducible gamma
GAPDH glyceraldehyde-3-phosphate dehydrogenase
GB gigabyte

GO gene ontology

GPL GNU General Public License

HBD hybrid-binding protein domain

HEK293T human embryonic kidney 293T cells

HPC high performance computing

HTT huntingtin

IgG immunoglobulin G

IMB Institute of Molecular Biology

IPP International PhD Programme

110 input/output

iPSC induced pluripotent stem cell

JNK Jun N-terminal kinase

KAP1 Krippel-associated box-associated protein 1
kb kilobases

kDA kilodalton

KEGG Kyoto Encyclopedia of Genes and Genomes
KLF Krippel-like factor

KLF4 Krippel-like factor 4

KRAB-ZFPs Krippel-associated box domain-containing zinc finger proteins
LFC logarithmic fold change

LINE1 long interspersed nuclear element-1

LTS long-term support

M million

MAP mitogen-activated protein

MAPK mitogen-activated protein kinase

MAPKKK mitogen-activated protein kinase kinase kinase
Mb megabases

MEF mouse embryonic fibroblast

MEKK4 mitogen-activated protein kinase kinase kinase 4
mESC mouse embryonic stem cell

MKK7 mitogen-activated protein kinase kinase 7
mRNA messenger ribonucleic acid

MSA multiple sequence alignment

MSC mesenchymal stem cell

NCBI National Center for Biotechnology Information
NR2F2 nuclear receptor subfamily 2 group F member 2
NR4A1 nuclear receptor subfamily 4 group A member 1
ORF open reading frame

PAR pseudoautosomal region

PC personal computer

PC1/2 principal component 1/2
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PCR

polymerase chain reaction

PhD doctor of philosophy

PNA peptide nucleic acid

POSIX portable operating system interface

PRC2 polycomb repressive complex 2

Q-FISH quantitative fluorescent in situ hybridization

qPCR quantitative PCR

R-ChIP R-loop chromatin immunoprecipitation

RAM random access memory

RE restriction enzyme

RIP-seq ribonucleic acid immunoprecipitation sequencing

RNA ribonucleic acid

RNA-seq ribonucleic acid sequencing

RNase ribonuclease

RNH ribonuclease H1

RNPs ribonucleoproteins

RPKM reads per kilobase per million mapped reads

rRNA ribosomal ribonucleic acid

RT-gPCR reverse transcription quantitative real-time polymerase chain
reaction

S$1 nuclease S1

SETX probable helicase senataxin

SKO single knockout

SLURM simple Linux utility for resource management

Soni. sonication

SRA sequence read archive

ssDNA single-stranded DNA

STR short tandem repeat

strDRIP-seq strand-specific DNA-RNA immunoprecipitation sequencing

T thymine

T2T telomere-to-telomere

TARID transcription factor 21 antisense ribonucleic acid inducing
promoter demethylation

B terabyte

TCF21 transcription factor 21

TEAD TEA domain family transcription factor

TERRA telomeric repeat-containing ribonucleic acid

TET ten-eleven translocation methylcytosine dioxygenase

TET1 ten-eleven translocation methylcytosine dioxygenase 1

TKO triple knockout

TMM trimmed mean of M values

TOP1 topoisomerase |

TOP2 topoisomerase I

TOP3B topoisomerase type |l beta

TSS transcription start site

TTS transcription termination site

UCSC University of California, Santa Cruz

UMI unique molecular identifier
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unpubl. unpublished

UTR untranslated region

VNTR variable number tandem repeat
WGS whole genome sequencing

WT wild-type
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